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Abstract

This thesis explored the relationship between electrical and metabolic aspects of
brain functioning in health and disease, measured with QEEG and NIRS, in order to
evaluate its clinical potential. First the limitations of NIRS were investigated,
depicting its susceptibility to different types of motion artefacts and the inability
of the CBSI-method to remove them from resting state data. Furthermore, the
quality of the NIRS signals was poor in a significant portion of the investigated

sample, reducing clinical potential.

Different analysis methods were used to explore both EEG and NIRS, and their
coupling in an eyes open eyes closed paradigm in healthy participants. It could be
reproduced that during eyes closed blocks less HbO, (p = 0.000), more Hbb (p =
0.008), and more alpha activity (p = 0.000) was present compared to eyes open
blocks. Furthermore, dynamic cross correlation analysis reproduced a positive
correlation between alpha and Hbb (r: 0.457 and 0.337) and a negative correlation
between alpha and HbO, (r: -0.380 and -0.366) with a delayed hemodynamic
response (7 to 8s). This was only possible when removing all questionable and
physiological illogical data, suggesting that an 8s hemodynamic delay might not be
the golden standard. Also the inability of the cross correlation to take non-linear

relationships into account may distort outcomes.

Therefore, In chapter 5 non-linear aspects of the relationship were evaluated by
introducing the measure of relative cross mutual information. A newly suggested
approach and the most valuable contribution of the thesis since it broadens

knowledge in the fields of EEG, NIRS and general time series analysis.

Data of two stroke patients then showed differences from the healthy group
between the coupling of EEG and NIRS. The differences in long range temporal
correlations (p= 0.000 for both cases), entropy (p< 0.040 and p =0.000), and
relative cross mutual information (p < 0.003 and p < 0.013) provide the proof of
principle that these measures may have clinical utility. Even though more research

is necessary before widespread clinical use becomes possible.
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Chapter 1: Introduction

In the introduction of this thesis the framework is laid out of the principles that will
be used to investigate the relationship between brain activity on a
electrophysiological level and its vascular metabolic aspects. Hereto a short
introduction is given to the fields of (quantitative) EEG, near-infrared
spectroscopy, and their combined use. An understanding of the basics of these
fields is necessary in the upcoming chapters in which cortical oxygenation
modulation, the modulation of electrical oscillations and how they influence each
other will be explored. At first this is done in a sample of healthy volunteers. After
that the results obtained in the healthy sample will be compared to results of two
stroke patients. As stroke is caused by a disruption of the blood flow, changes in
brain activity as well as changes in the influence of the electrical activity upon

oxygenation parameters and vice versa are expected.

1.1 Introduction and rationale

It has been established that worldwide, over one third of all people will meet the
criteria for a psychopathology once in their lifetime (Organization, 2000). The
largest share of psychopathologies are accounted for by anxiety disorders
followed by mood disorders (Demyttenaere et al., 2013). However, 4 out of 5
people suffering from psychopathologies are not provided with the appropriate

healthcare (Demyttenaere et al., 2013).

The advances in neuroscience over the last few decades have pointed towards the
finding that psychopathologies are often accompanied by changes in brain
function (e.g (Miguel-Hidalgo, 2013, Whitfield-Gabrieli and Ford, 2012)). Different
disorders represent themselves as different patterns of brain activity and
biomarkers based on brain activity are currently being researched for a variety of
psychopathologies (Dominguez et al., 2013, Tregellas et al., 2014, Yener and
Basar, 2012). However, despite the increased knowledge on the relationship
between changes in brain function and mental disorders the use of measures of

brain activity in general healthcare is still very limited.



Measurements of brain are usually only performed in case of evident brain
trauma for example in head injury or stroke (Fazekas et al., 2009). Although
measurements of brain activity that are well performed, together with
behavioural measurements will create better insight into the mechanisms
underpinning neuropsychological diseases (Buckholtz and Meyer-Lindenberg,
2012, Kloppel et al., 2012, Coburn et al., 2006), and make it easier for a clinician to
unravel and categorize the problems that need to be addressed. The right use of
brain measurements can not only aid in the diagnoses of a variety of
neuropsychological disorders, it can also be used to design more targeted and
effective forms of therapy (Howland et al., 2011). These therapies could alter
brain activity in order to treat complaints on the behavioural level at the source
and would therefore offer more long-lasting solutions than interventions that only
target the behavioural level (Bersani et al., 2013, Egner et al., 2004, Howland et
al., 2011). Furthermore, the periodic use of brain measurements could shed light
on the progress a patient is making and therefore provide guidelines for when to

change interventions.

In order for these advances in neuroscience to become available to the broad
public, brain measurements should be implemented in early lines of health care.
For instance in the general practitioner’s (GP) office and with psychologists. In
doing so, it is of extreme importance that measurement methods are used which
are easily implemented in everyday clinical use and are relatively low-cost.
Furthermore, measurement paradigms should be used that are easily
implemented with all patients and data processing and analysis should be

automated to ensure fast and reliable outcomes.

In this chapter two methods will be introduced that could offer such a clinical
advantage. The first one, electroencephalography is able to measure brain activity
on an electrophysiological level (Teplan, 2002) and the second, near infrared
spectroscopy provides information on a vascular metabolic level (Obrig and
Villringer, 2003). Both measurements separately are able to give information on
brain functioning. However, multimodal use of the two could reveal the
symbioses between neural and metabolic aspects of brain functioning which
might increase the ability of differentiating between different disorders.

Furthermore it could provide great insight into brain functioning in general.



Therefore the goal of this thesis is to explore the relationship between electrical
and metabolic aspects of brain functioning in order to reveal its exiting
opportunities in understanding brain functioning in health and disease. Before
this link can be made, a basic understanding of these methods and their
limitations as well as an introduction to the limited amount of multimodal studies

that have been carried out so far is essential.

1.2 Measuring brain activity

In order to disentangle the relationship between brain and behaviour an initial
exploration of current ways of measuring brain activity is required. And even
though it is not the scope of this thesis to give a detailed explanation of brain
anatomy, it is important to know what is being measured. The brain is considered
to be the conductor of the body’s orchestra and the behaviour it performs.
Scientific research has linked different brain areas to different behaviours and
tasks and it is mainly the neocortex, the outer shell of the brain that has evolved
last in the evolution of man, that holds the code to behaviour (Rakic, 2009). For
example the occipital cortex processes visual information and the central cortex is
responsible for movement and bodily sensation (Bear et al., 2007). The neocortex
is made up out of billions of neurons, arranged in layers and columns that hold
the neural code (Rakic, 2009). Whereas previously it was thought that the brain
operated in a fashion in which areas were isolated to a specific task, more recent
research indicates that behaviour is an interplay of different neural networks that
are active during information processing of specific tasks but these networks also
display activity during rest (Raichle et al., 2001, Beckmann et al., 2005, Buckner,
2012). To date different methods of measuring brain activity have contributed to
our understanding of human behaviour but also to the neurobiological substrates
of many brain disorders (Irani et al., 2007). All methods have different advantages
and limitations. In general, two groups can be distinguished, direct and indirect

measurements (Bear et al., 2007).

1.2.1 Direct measurements
Direct measurements measure directly the summation of neural function, for

example magnetic encephalography (MEG) (Hari and Salmelin, 2012), electro
encephalography (EEG) (Teplan, 2002) and event related potentials (ERP) (Tzovara

et al., 2012). These methods measure the electromagnetic activity of the brain in



milliseconds with a high temporal resolution. However, due to the spatial
smearing caused by the skull and the difficulty of localizing activated sources
because of multiple dipole fitting solutions the spatial resolution of these

methods is limited (Bear et al., 2007, Irani et al., 2007).

1.2.2 Indirect measurements

Indirect brain imaging methods measure the hemodynamic and metabolic
changes associated with the neuronal activity. Examples of indirect
measurements are positron emission tomography (PET) (Portnow et al., 2013),
single photon emission computed tomography (SPECT) (Warwick, 2004),
functional magnetic resonance imaging (fMRI) (Chen and Li, 2012) and near
infrared spectroscopy (NIRS) (Obrig and Villringer, 2003). In general indirect
measures have a high spatial resolution but limited temporal resolution. Further
limitations of indirect measures are that the measurements are associated with
neuronal activity through a poorly understood neurovascular coupling function
(Bear et al., 2007, Irani et al., 2007). Furthermore, PET and SPECT cannot perform
continuous or repeated measures because of the radioactive isotopes that are
necessary to perform the measurements. The use of radioactive isotopes also

limits the use of PET and SPECT in children (Irani et al., 2007).

1.2.3 Multimodal imaging

Simultaneous use of methods from both direct and indirect measurements would
help to obtain a clearer picture of brain functioning since in one measurement
information from electrical aspects of brain functioning can be linked to metabolic
aspects. In the literature this is referred to as multimodal imaging. In deciding
what measurements are suitable for combined use several aspects have to be
taken into account. For instance, technological aspects like the amount of noise
that one measurement adds to the other and if it is possible to place the
equipment of two devices on one subject without inducing too much discomfort.
The combination of any direct measurement together with fMRI is challenging
because no metals can be used around the fMRI scanner (Irani et al., 2007).
Furthermore, in investigating neuropsychological disorders it is desirable to use
modalities which can be easily implemented in the clinic and therefore need to be
portable and low-cost. Measurements that could meet these needs are EEG and

NIRS (Arenth et al., 2007, Irani et al., 2007). Both NIRS and EEG are non-invasive,
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safe, portable and low cost methods which can be integrated with other

technologies (Arenth et al., 2007, Irani et al., 2007).

1.3 The principles of (Q)EEG

EEG is the classical method of recording brain rhythms. The earliest work on EEG
was performed by the English physiologist Richard Caton in 1875 when he made
electrical recordings of canine and rabbit brains (Caton, 1875). The first human
EEG was described by the Austrian psychiatrist Hans Berger in 1929. Between
1929 and 1938 he published fourteen reports on human EEG and its relation to
cognition and neurological disturbances (Berger, 1969 a-n). To date a multitude of

available EEG devices exists. For several examples see figure 1.1.

Figure 1.1 Examples of EEG devices and electrodes. A broad variety of EEG device exists
ranging in size and number of possible measurement channels as depicted in the upper
row of the figure. Also the way electrodes are configured on the head varies greatly. In the
lower row depicted from left to right a high density 128 channel configuration, a s19
channel cap, a rigid helmet like structure as well as the use of loose electrodes over areas

of interest is shown.



1.3.1 Neuronal activity

Billions of neurons make up the human cortex. All neurons have a membrane
around them which has a resting potential because of the ions that are present
within and outside the neuron. In its resting state more Na" and CI ions are
outside the neuron than inside and more K" ions and negatively charged protein
ions are inside the neuron than outside. This creates a steady resting potential of
about -70 millivolts (mV) (Pinel, 2003). Neurons communicate with each other by
firing. When firing occurs, neurotransmitters are released into the synaptic clefts
and react with the receptors present on surrounding neurons. They can either
depolarize the receptive membrane, in which the resting potential is decreased,
or hyperpolarize it, in which the potential is increased. As the neurotransmitters
cause the membrane of surrounding neurons to reach a potential of about -65 mV
an action potential is generated. An action potential is a short shift in membrane
potential from -70 mV to +50 mV which causes the neuron to fire an electrical
signal along its dendrite, which causes the surrounding neurons to secrete
neurotransmitters and fire as well or stop to fire (Pinel, 2003). Because of the
cooperation of electrical spikes and the chemical neurotransmitters neural activity
is an electrochemical process (Gazzaniga et al., 2002). There are a number of
neurotransmitters, of which GABA and glutamate are part of fast reacting
transmitting systems and acetylcholine, dopamine and, serotonin are examples of
more slow reacting neurotransmitters (McCormick et al.,, 1993). The interplay
between the different neurotransmitters determines the amplitude and the
duration of the postsynaptic potentials as well as it regulates the spatial and
temporal pattern of activation (McCormick et al., 1993). However, it is not the
purpose of this thesis to establish the electrochemical interplay of neurons.
Although, it is essential to the knowledge of the registration of EEG that the
summation of electrical changes within and outside large groups of neurons

makes up the EEG recorded at the scalp (Buzsaki et al., 2012).

1.3.2 EEG

Originally it was thought that the changes in voltage that were measured with EEG
originated from the currents that flow during synaptic excitations of the dendrites
of many pyramidal neurons in the cerebral cortex (Teplan, 2002). A plausible
explanation, considering the pyramidal neurons make up 80 % of the brain’s mass

and are perpendicular aligned to the pia mater, directly below the skull, where



the electric potential is passed on to the scalp where it can be measured (Bear et
al., 2007, Kaiser, 2005). However, more recent EEG research in which also
measurements directly from the cortex as well as from within the brain have been
taken into account, has shown that electric currents from all excitable membranes
contribute to the extracellular voltage that is picked up with EEG (Buzsaki et al.,
2012). The largest contribution is made by synaptic activity, but also action
potentials, after potentials, fluctuations in glia, Ca** spikes, and intrinsic cellular
changes in voltage contribute to the extracellular voltage. It depends on the
spatial alignment of neurons and the temporal synchrony whether extracellular
fields are picked up (Buzsaki et al., 2012). The influence of the activity of only one
neuron on the extracellular voltage is so faint that after passing through several
layers of tissue including the meninges, spinal fluid, bones of the skull and skin, it
cannot be detected by the electrodes anymore (Bear et al., 2007, Kaiser, 2005). In
the cortex however, the dendrites of the neurons lie parallel to each other and
the incoming input is perpendicularly aligned to the dendrites which creates the
right prerequisites for the synchronous electrical activity to be superpositioned,

leading to large electrical fields in the cortex (Buzsdki et al., 2012).

Furthermore, the detection of the signal strongly depends on the synchronicity of
the firing neurons. Synchrony is often brought about through network oscillation
(Buzsaki et al., 2012). The more synchronized the neurons fire, the higher the
amplitude of the waves in the EEG signal are and the more rhythmic the EEG
signal appears (Bear et al.,, 2007). The synchronous firing of different neural
networks explains why different brain states are associated with very different
patterns and magnitudes of extracellular voltages (Buzsaki et al., 2012). Negative
and positive potentials cancel each other out so that we only detect the

difference in valance (Kaiser, 2005).

In general EEG is only able to register cortical activity (Kaiser, 2005). And due to
the spatial smearing of the electrical current by brain tissue and the fluids,
meninges, skull and skin surrounding the brain, also known as volume conduction,
the activity picked up by an electrode never represents the activity directly under
that electrode (Buzsaki et al., 2012). Although, in the beginning of the 90’s
developments in signal analysis have made it possible to deduce from

multichannel measurements where oscillations originate, which also allows the



targeting of deeper lying structures, and has resulted in the method called low
resolution electrical tomography (LORETA) (Pascual-Marqui et al., 1994). LORETA
uses the cortical registrations from all electrodes used during the measurement to
generate a linear solution to the inverse problem which is plotted on a structural
MRI brain image. The method was further developed over the next decade into
standardized or sLORETA which claims to have zero localisation error (Pascual-
Marqui et al., 2002) and has been used quite often in psychological research to
link behaviour to brain areas (Saletu et al., 2010, Broyd et al., 2011). However, a
potential drawback of sSLORETA and therefore a need of caution in its use is that
the algorithm source localization is inconsistent with smaller waves and can
therefore generate very misleading results (Kobayashi et al., 2005). Throughout
this thesis LORETA will not be used as it is not the source localization of brain
activity that is of interest here, rather the dynamic interplay between electrical

and metabolic activity.

For regular, cortical EEG measurements, at least two electrodes are needed
because a change in voltage corresponding to the difference in potential between
the recording and the reference electrode is measured (Gazzaniga et al., 2002).
The electrodes are placed on the scalp with conductive paste to ensure a low
resistance connection. Different regions of the brain can be assessed by choosing
appropriate electrode sites (Bear et al., 2007). An international system for
electrode placement is developed by Jasper (1958) which is called the 10-20
system and makes it possible for researchers to know underlying brain areas
(figure 1.2). The 10-20 system uses relative distances to ensure correct placement

in all head sizes.

Figure 1.2 The electrode positions of the 10-20 system as developed by Jasper.



1.3.3 From EEG to QEEG

In classical EEG, as developed by Berger, the EEG signal is analyzed qualitatively.
Qualitative analysis entails the characterizing of the EEG signal in a general way in
which parts of the trace are divided into categories. This is still common in
neurology and in sleep studies (Kaiser, 2005). This visual analysis of the ink written
EEG by a qualified electroencephalographer remains the gold standard and is the
first step in any quantitative EEG (QEEG) analysis (Coburn et al., 2006). In
guantitative analysis mathematical and statistical analyses are performed on the
EEG to quantify its features. These outcomes are more commonly used in
psychological research. The EEG is evaluated in terms of period, amplitude, phase
relations, morphology (waveform), topology, abundance, reactivity and variability
of these parameters (Kaiser, 2005). The best known method to quantify the EEG is

by means of a Fast Fourier Transform (Coburn et al., 2006).

1.3.4 Fast Fourier Transform

The quantitative analysis of EEG started in 1932 when the researcher Dietsch
applied Fourier analysis to seven records of EEG (Dietsch, 1932). A Fast Fourier
Transform (FFT) converts the time domain EEG record, in which voltage is plotted
against time, into a frequency domain, in which magnitude or power is plotted
against frequency (Coburn et al., 2006). The height or intensity of a waveform, its
magnitude, is computed in micro Volts (uV) for each frequency. Frequency
analysis, like FFT, involves the selection of elementary shapes or frequencies
(waveforms) which are added together like weights on a scale until their total
matches the patterns under investigation (see figure 1.3) (Kaiser, 2005). Since the
1960’s the FFT has been used widely by researchers but it is only recently that the
FFT is also employed by clinical EEG laboratories (Coburn et al., 2006). Because of
its accuracy the FFT is the most used analysis technique in QEEG to date (Kaiser,
2005). Unlike with other methods, formula’s for computing spectral analysis with
FFT are rarely reported. However, the algorithms can be found in the original

research article of Cooley and Tukey (1965).
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Figure 1.3 Fast Fourier Transform decomposing principle. Decomposing two seconds of
impure (multiple frequency) wave form that consists of the same three frequencies. The
only difference between segments is the magnitude of the 2 and 11 Hz contributions

(Kaiser, 2005).

1.3.5 QEEG bands

The separate frequencies obtained in the spectral analysis are accumulated into
frequency bands to correspond to the visual rhythms that are categorized by their
frequency range. The EEG is generally divided into five frequency bands which are
named after a Greek letter: delta, theta, alpha, beta and gamma (Stern, 2001).
Different waves and waveforms are analyzed by the accumulation of narrow or

wider frequency bands (Kaiser, 2005).

Delta activity oscillates between 0.5 and 4 Hz'. In healthy people delta activity is
mostly seen during deep sleep, called slow wave sleep (lber, 2007). When
neuronal damage has occurred, often delta activity is displayed over the damaged
area as seen in stroke (Finnigan et al., 2004) or with brain tumours (Selvam and
Shenbagadevi, 2011). It is also known that delta activity is the predominant
activity of babies in their first two years of life (Stern, 2001). Often delta waves are

displayed in large amplitudes (Bear et al., 2007).

! The different frequency ranges adopted in this paragraph are those reported in Stern
(2001). In the EEG literature these ranges are not absolute and the exact boundaries vary
slightly.
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Activity between 4 and 8 Hz is called theta activity. It is related to hypnagogic
imagery and REM sleep (Bodizs et al., 2008), problem solving (She et al., 2012),
attention and then namely a drop of attention during mental fatigue (Wascher et
al., 2013) and occurs during mind wandering (Braboszcz and Delorme, 2011). The
fact that sometimes the increase in theta activity is seen during heightened
cognitive demands (She et al., 2012) and other times during decreased attention
and mind wandering (Wascher et al., 2013, Braboszcz and Delorme, 2011) leads
researchers to believe that the very same frequency range can express two types

of processes (Stern, 2001).

Alpha waves are brain waves in the 8 to 12 Hz frequency and represent the idling
state of the brain (Kaiser, 2005). This relates them to relaxation and the absence
of cognitive processing (Stern, 2001). However, it has also proven to be related to
active inhibition of other brain areas (Klimesch et al., 2007). Berger was the first
one to describe the phenomenon “alpha blocking”, an abrupt suspension of alpha
activity when an individual opens his or her eyes (Berger, 1969). This blocking
also occurs when people are asked to perform a cognitive assignment, or pay
attention to objects in the environment (Stern, 2001, Kaiser, 2005). The alpha
blocking phenomenon has been referred to in the literature as event related
desynchronisation (ERD) (Pfurtscheller et al., 1994). Similarly the occurrence of
alpha over the occipital cortex upon closing the eyes has been referred to as event

related synchronisation (ERS) (Pfurtscheller, 1992).

Brain waves in the 18-30 Hz frequency range are called beta waves. The waves are
high in frequency and low in amplitude. Beta waves are visible in the EEG when a
person is alert (Stern, 2001). The beta waves often are subdivided into low beta-
wave activity or beta 1 activity, ranging from 12-20 Hz, and high beta-wave
activity or beta 2, ranging from 20-32 Hz. It is believed that the betal activity
could be the idling state of the motor control system (Engel and Fries, 2010). The
reason for suggesting betal activity as idling rhythm for the motor system is the
occurrence of this frequency during rest and its ERD when movement is initiated
together with an increase when doing steady state contractions (Engel and Fries,
2010). Beta activity is also found to increase generally when top down cognitive

information processing is warranted and therefore thought to be related to the
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focussing on a task which enables someone to ignore task irrelevant stimuli

(Okazaki et al., 2008, Iversen et al., 2009).

Gamma waves oscillate between 30 and 70 Hz and are related to the brain’s
ability to put a variety of stimuli in a coherent whole (the so called binding
problem (Rolls and Deco, 2006, Body and De Rosa, 2007, Colzato et al., 2007)) but
there is a lot of uncertainty still regarding this frequency waves (Cotillon-Williams
and Edeline, 2004, Palanca and DeAngelis, 2005, Rauschenberger and Yantis,
2006). Fries (2009) argues that gamma synchronization is needed whenever
cortical computation occurs. In line with that Merker (2013) suggests that no
typical functional role should be dedicated to gamma activity, but that it should
be regarded as a state of physiological activation. A summary of the categorized

brain waves is given in table 1.1.

Brainwave | Frequency range | Function

Delta 0,5-4Hz Deep sleep, brain lesion, babies

Theta 4-8Hz REM sleep, problem solving, drop of

attention, mind wandering

Alpha 8-12Hz Idling state, absence of cognition, active
inhibition
Beta 18-30Hz Idling state motor system, top down cognitive

processing, attention focus

Gamma 30-70Hz Binding problem, physiological activation

Table 1.1 The different frequency bands with their range and function.

1.3.6 Advantages and limitations

The normal or healthy (Q)EEG profiles are well established and consistent among
individuals. Furthermore, (Q)EEG test-retest stability is remarkably high, even over
longer time periods (Gudmundsson et al., 2007, Salinsky et al., 1991, Kondacs and
Szabo, 1999). Therefore (Q)EEG can also aid in detecting abnormalities, and assist
a physician in making a diagnosis (Gazzaniga et al., 2002, Coburn et al., 2006). This
makes it likely that QEEG will emerge as a mainstay of neurology, sleep medicine,
as well as psychiatry and psychology (Kaiser, 2005). Additional advantages of

QEEG are the direct quality of the measurement, the high temporal resolution in
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the millisecond range which is comparable to cortical and thalamic cell firing
rates, and the painless and non-invasive use (Kaiser, 2005, Coburn et al., 2006).
Also, the method relatively inexpensive and portable, all advantageous for clinical

use (Coburn et al., 2006).

A disadvantage of (Q)EEG is that it needs to measure a tiny bodily signal that
travels through different layers of tissue before it is picked up. This makes it
necessary to ensure a good signal-to-noise ratio. Furthermore, one needs to be
aware of the possible noise that is easily induced upon the signal. These features
are well studied and documented (for an example see (Krauss et al., 2006)). Also,
EEG has low spatial resolution due to the smearing of the signal caused by the
skull. However, with the expanding number of electrodes available (up to 512) the

spatial resolution has improved remarkably (Coburn et al., 2006).

1.4 The principles of NIRS

The methodology of NIRS embarks upon the optical properties of brain tissue and
is therefore an optical imaging method (Boas et al., 2004). It was first described by
JObsis (1977) who used light in the near infrared range to monitor in vivo the
redox behaviour of cytochrome c oxidase. This led to the finding that skin and
bone is translucent to light in the near-infrared range and that it is possible to

reach brain tissue noninvasively.

The functional state of tissue can influence its optical properties. Other factors
that influence tissue’s optical properties are changes in blood level as well as
electrochemical activity (lrani et al., 2007). These changes in optical properties
can then be used to measure physiological changes with near-infrared light

(Jobsis, 1977).

1.4.1 Neurovascular coupling

In order to comprehend the principles of NIRS it is necessary to understand the
principles of neurovascular coupling which are schematically represented in figure
1.5 to some extent. Neuronal activity is fuelled by glucose metabolism and oxygen
(Cauli and Hamel, 2010). For these sources to arrive at the neurons the cerebral

blood stream is used (figure 1.4). The blood supply to the brain comes from two
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pairs of cranial arteries that branch out at the base of the brain to form separate
circles for the forebrain and the hindbrain, connected by the circle of Willis as
safety net whenever blockage in one of the two circles occurs (Bear et al., 2007).
The posterior and anterior circulation branch into smaller pial arteries and
arterioles that branch out over the surface of the brain. These give rise to
arterioles that reach the neurons and glial cells and subdivide into an extensive

and distributed network of capillaries that provide the neural system with oxygen

and glucose (Ward, 2013).
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Figure 1.4 The cerebral vascular network. The lower panel shows the major arteries that
are responsible for the blood supply to the brain. The upper panel shows a model of all

cerebral arteries, demonstrating its density.

This cerebral vascular network uses control mechanisms to match the cerebral
blood flow (CBF) with the local energy demands. In short, regulatory processes
arise through the interactions between neurons, glia, and vascular cells (Ward,

2013). When neuronal activity increases, the glucose and oxygen consumption
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from the local capillary bed increases as well. Because of the increased
consumption, the amount of glucose and oxygen in the capillary bed decreases
which stimulates the brain to increase local vasodilation. This increases local CBF
and cerebral blood volume (CBV) (Irani et al., 2007). A process which is termed
functional hyperaemia and is one of the key roles of neurovascular coupling
(Ward, 2013, Cauli and Hamel, 2010). On the other hand is this control
mechanism also capable of inducing vasoconstriction, which reduces CBF.
Together, the vasodilaton and —constriction are responsible for generating the
appropriate blood flow conditions that are required for optimal metabolic
functioning of the neural networks (Ward, 2013). This makes sure that
autoregulation is provided. The second key role of neurovascular coupling is to
support the brain’s ability to maintain the necessary homeostatic blood pressure

during periods of changing blood flow (Ward, 2013).

This allows the assessment of two physiological responses using optical imaging
techniques. The first being a slow response occurring over several seconds when
the increased CBF carries both glucose and oxygen bound to haemoglobin (Hb) to
the active brain area. The increased oxygen that is carried to the area exceeds the
rate at which the oxygen is used by the neurons, resulting in elevated blood
oxygenation in the active area. The second is a fast response that occurs when the
initial increase in neural activity results in an increase of blood deoxygenation.
This happens when the neurons use the present oxygen to metabolize glucose
before the bloodstream is able to increase the amount of oxygen delivered to the
brain area which takes several seconds (lrani et al., 2007). Because oxygenated
haemoglobin (HbO,) and deoxygenated haemoglobin (HHb) have characteristic
optical properties in the near-infrared light range, it is possible to measure their
concentration changes with optical imaging methods like NIRS (Boas et al., 2004,

Irani et al., 2007).
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Figure. 1.5 Schematic representation of neurovascular coupling.

However, this depiction may be somewhat simplistic. The mechanisms underlying
neurovascular coupling have been studied for over a century, and multiple factors
have show to play a role in this intricate process (Girouard and ladecola, 2006).
And although intuitively appealing, a direct link between energy state and blood
flow is not universally accepted, which leaves the physiological basis for
neurovascular coupling uncertain (Cauli and Hamel, 2010). Neither the acute
demand for glucose, nor the demand for oxygen primarily, fully justifies the
hemodynamic response (Girouard and ladecola, 2006, Cauli and Hamel, 2010). For
a recent review on advances in neurovascular coupling research see (Howarth,
2014). Despite these limitations, fMRI, PET and NIRS research embarks upon
changes in hemodynamic signals and uses it to infer claims about neural activity in
various pathologies ((Chen and Li, 2012, Girouard and ladecola, 2006, Portnow et
al., 2013, Obrig and Villringer, 2003). A point which will be addressed further in

paragraph 1.5.

1.4.2 NIRS

To measure the concentration changes in HbO, and HHb, NIRS uses near-infrared
light in the range between 700-1000 nm. Most biological tissue is transparent to
light at these wavelengths because a relatively small amount of this light is
absorbed by Hb and water (Irani et al., 2007). The chromophores HbO, and HHb
which are present in the blood reflect specific and different wavelengths in this

range. The spectral band at which HbO, and HHb reflect near-infrared light is
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called the optical window and is visualized in figure 1.6 (Jobsis, 1977).
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Figure 1.6 (adopted from Phan & Bullen (2010)) The optical window into the human body.

At frequencies between 700 and 900 nm (near infrared range) the chromophores
oxygenated haemoglobin (HbO,) and deoxygenated haemoglobin (HHb) reflect specific
and different wavelengths. Furthermore, the reflection of water (H,0) is minimal in this

range, causing little distortion.

During a NIRS measurement near-infrared light, either through light emitting
diodes (LEDs) or through fibre optical bundles, is shone upon the head by means
of a transmitter called an optode (Irani et al., 2007). The photons that are leaving
the optode pass through the skin, skull and several cm of brain tissue where they
are either absorbed, reflected or scattered by the HbO, and HHb chromophores
(Ferrari et al., 2004). Because the quantity of photons that leave the optode is
relatively predictable and the photons follow a banana-shaped path back to the
surface of the skull, they can be measured by the use of photo detectors placed
alongside the transmitter (Ferrari et al., 2004, Irani et al., 2007). Due to the
scattering a photo detector placed 2-7 cm away from the optode can collect light
after it has passed through the tissue (Irani et al., 2007). The dept that is reached
by the light is approximately half the source-detector distance (Strangman et al.,
2002). Changes in the chromophore concentrations cause changes in the reflected
light intensity and are quantified using the modified Beer-Lambert law (Delpy et
al., 1988).
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1.4.3 The Beer-Lambert law
The Beer-Lambert law relates the absorption of light to the properties of the
material through which the light is travelling. When the change in absorption is

global throughout a medium, then the modified Beer-Lambert law is written as:
0D(A) = pa(D) LLppr(d)
= |emvo, () [HbO,) + ey (A)  [HHD]| L £pr(2)

In this equation OD(A) is the change in optical density measured at a given
wavelength, u,(4) is the corresponding change in tissue absorption, L is the
separation between the source and the detector, and £ pp is the differential path
length factor (DPF) (Delpy et al., 1988). The differential path length factor corrects
for the increased distance that the light travels from the transmitter to the
detector because of scattering and absorption. The change in absorption is
related to the changes in chromophore concentrations of oxygenated
haemoglobin A [HbO,] and deoxygenated haemoglobin A [HHb] by the

wavelength dependent extinction coefficients ey, (1) and eyyp, (1).

From measurements of O0D(A) at two wavelengths, the concentration changes

are given by:
[HHD] = eubo, (A2)Bua (A1) — enpo, (A1)Auq (A7)
EYbb (/11)81.”,02 (/12) — gHbOZ (Al)‘SHHb (/12)
[HbO,] = €nnp (A1) Bug(A2) — ennp (A2) A1t (A1)

€Hbb (/11)£Hb02 (A2) — €Hbo, (A1) ennp (A2)

When the change in absorption is not global, the modified Beer-Lambert law can

be rewritten as:

0MD=LZMWMNmﬂD

N
=L SHbo (1) [HDbOy] + eypp (4) [HHD] ]fppm(l)
-1

i

Where £ppr ; (1) is the partial path length factor (PPF) through a region of uniform
absorption change. A sum is made over N regions of uniform absorption change.

In the case of brain activation the measured change in optical density is best
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analysed with a PPF, because of the focal nature of the brain activation. However,
accurate estimation of the PPF is not feasible because it requires knowledge of
the position and spatial extent of the local absorption change as well as the
optical properties of the surrounding tissue. Therefore, the DPF is used in most
analyses (Strangman et al., 2003). The DPF is however thought to vary with age
and therefore it is recommended to measure it in every subject before
commencing the measurement if possible (Duncan et al.,, 1996, Bonnéry et al.,
2012). Erroneous choice of DPF can result in errors in the estimated concentration
changes influencing research outcomes which is referred to as crosstalk

(Strangman et al., 2003, Umeyama and Yamada, 2009).

1.4.4 Equipment

In order to calculate the concentration changes in HbO, and HHb the NIRS
equipment has to measure the change in optical density at, at least, two
wavelengths. To do so, different types of NIRS equipment and devices are
commercially available (for a recent overview see (Ferrari and Quaresima, 2012)).
An overview of several commercially available devices is shown in figure 1.7. Each
device has different characteristics which can be divided into three groups:
photometers, oximeters and imagers. All photometers use single distance
continuous waves (CW) (Ferrari et al., 2004). CW systems apply light at a constant
amplitude and are only capable of measuring changes in the HbO, and HHb when
a known DPF is included to calculate the path length of the travelled light (Ferrari
et al., 2004, Irani et al.,, 2007, Ghosh et al.,, 2012). Photometers measure the
changes in HbO, and HHb very accurately but they cannot measure tissue HbO,
saturation due to the fact that no absolute values of HbO, and HHb can be given

(Ferrari et al., 2004).

Spatially resolved spectroscopy (SRS), time-resolved spectroscopy (TRS) and phase
modulation spectroscopy (PMS) can calculate tissue HbO, saturation. The SRS
technique is used often in oximeters, however not all commercially available
devices disclose the algorithms used to derive haemoglobin concentrations
(Ghosh et al., 2012). Occasionally the techniques of PMS and TRS are used in
oximeters as well but it is more common for TRS and PMS to be seen in imagers
(Ferrari et al., 2004). With PMS and TRS it is possible to calculate optical

absorption and scattering (Ghosh et al., 2012). Imagers use multiple channels to
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perform the measurement. This allows the generation of images of a larger brain
area with a higher temporal resolution (up to 10 Hz) (Ferrari et al., 2004). The
results from this type of device however, are still under dispute, since the lack of
path length determination limits the accuracy of the results (Ferrari et al., 2004).
The different devices vary in technological complexity and therefore also costs
starting with CW-technology and then proceeding to SRS and further to TRS and
PMS technology (Ferrari and Quaresima, 2012). The device used by the Oxford
Brookes research group and throughout this thesis is a single distance, continuous
wave photometer, OXYMON Mk Il (Artinis Medical Systems, Zetten, the
Netherlands).

Figure 1.7 Examples of NIRS devices and sensors. Also for NIRS different sized devices are
available ranging from large, whole headed devices as shown on the right bottom, to more
easily transportable devices with less channels as shown on the left, to small sized devices
that can be carried in a backpack and used for motion studies as shown in the middle. Also
sensor configurations come in a broad variety. The top panel shows from right to left the
configuration of separate optodes in a headband, the use of optodes prefixed in a
headband, an optode cap, and a helmet configured with spring loaded optodes with

integrated EEG sensors.
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1.4.5 Advantages and limitations

Besides the afore mentioned trouble in estimating DPF and related crosstalk
issues that cause the HbO, concentration to be mistaken for Hbb and vice versa
(Strangman et al., 2003, Umeyama and Yamada, 2009), there are some limitations
to the use of NIRS. Compared to other indirect measurements NIRS has a fairly
limited spatial resolution. This limitation exists because the near-infrared light
only penetrates the brain tissue to the extent of a few cm. Therefore only cortical
activation can be measured and no deeper lying structures are reached (Arenth et
al., 2007). Since the light has to penetrate the skin skull and several layers of extra
cerebral matter before it reaches the region of interest, attenuation of the light
occurs which makes the measurement less accurate (Boas et al., 2004). Other
limitations arise in the use of cranial reference points. Since NIRS is a fairly young
technique no standard has been developed in its application. Often the 10-20
system used in EEG is also used in NIRS to determine the location on the head

(Irani et al., 2007).

Additional to the lack of standardization in optode placement, no consensus is
reached about standardizing NIRS analysis. This leads to different streams in NIRS
research in which both techniques seen in EEG as well as techniques seen in fMRI
analysis are explored. Furthermore, it is hard to compare NIRS data between
studies because of the use of different systems, different cranial reference points
and even different wavelengths to measure the concentration changes in HbO,
and HHb. Also the signal to noise ratio decreases among different subjects
because of skin and hair pigmentation and it is difficult to obtain absolute
baseline concentrations of HbO, and HHb (Arenth et al.,, 2007). As such, the
technology is still in its infancy compared to more established techniques such as
fMRI (Irani et al., 2007). However, there are also advantages in NIRS which make it

more attractive for clinical use than other methodologies.

NIRS makes use of non-ionizing light sources, which do not build up more energy
in the brain than happens on a sunny day (Arenth et al., 2007). Unlike PET and
SPECT measurements, NIRS is not harmful to tissue and it is non-invasive (Boas et

al., 2004). Therefore, it is also safe to use repeated measures designs.
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Furthermore, unlike fMRI, it is safe to use NIRS with patients that have plates, pins
or other metallic implants (Arenth et al., 2007) which is impossible in fMRI.
Because of the simplicity of the equipment the manufacturing costs are not as
high as they are for other imaging equipment, which makes it more appealing to
use more often in the same patient. In line with that, the small size of the
equipment allows the NIRS system to be used at a doctor’s office, at bedside and
even at home as a monitoring device (Ferrari et al., 2004). Also the size and
configuration makes a NIRS device more patient friendly and less intimidating as
for example a fMRI scanner. In a fMRI scanner another drawback are the loud
noises and the inability to move. NIRS systems are quiet and are robust to
movement which makes it very appropriate to use during “real life” tasks (Arenth

et al., 2007).

1.5 Multimodal use of QEEG and NIRS

From the preceding paragraphs we have learned that (Q)EEG and NIRS measure
very different modalities of brain functioning. Whereas EEG is able to measure
global patterns of electrical brain activity linked to the activation of neuronal
networks NIRS provides information on local changes in cortical oxygenation. In
paragraph 1.4.1 it was already mentioned that the process of neurovascular
coupling is not fully unravelled yet and that a direct link between energy state and
blood flow is not universally accepted, which leaves the physiological basis for
neurovascular coupling uncertain (Cauli and Hamel, 2010). Therefore, when NIRS
is used as a single research modality it is possible that faulty inferences are made
about brain functioning. However, despite the fact that we do not fully
understand this neurovascular coupling, gathering information on both an
electrical as well as an hemodynamic parameter in a clinical setting will provide us
with more information about brain functioning, and could therefore aid in
differentiating different pathologies better than the use of one modality can. It is
not only the use of two separate modalities that can be of interest here but it is
also its shared information content that as a separate variable could increase

sensitivity and specificity in differentiating clinically relevant brain states.

The number of studies combining both measurement modalities in the

investigation of human brain functioning has increased over the last decade,
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affirming its feasibility. Although, the number of studies that actually aim at

linking parameters from both modalities is still limited.

One of the research areas that has been using simultaneous monitoring, is the
surgical field (Toet et al., 2005, Moritz et al., 2007), as well as neonatology (for a
review see (Toet and Lemmers, 2009)). By monitoring both electrical as well as
hemodynamic parameters during for instance cardiac surgery, or in premature
infants, one is able to detect problems in blood supply to the brain and possible
neurological distress instantly. These studies, however, as vital as they are when
brain monitoring under critical care is investigated, use the measurement

modalities separately and do not investigate an underlying coupling.

Another aspect that has been studied since concomitant application became
available is brain oxygenation during seizures and epileptiform discharges. Results
in this area suggest that this approach can detect changes during absences or
seizures (Buchheim et al., 2004, Machado et al., 2011), predict when an absence
or seizure occurs (Roche-Labarbe et al., 2008, 2010), and predict the response to
anti-epileptic medication (Arca Diaz et al., 2006). However, electrical changes
seen during seizures and absences are many times larger than the changes seen in
the EEG during rest or any task for that matter. Therefore findings in epilepsy

research may be very different from non-epileptic brains.

Studies that do try to link parameters from the electrical field to parameters in the
hemodynamic field vary greatly in the subject of interest. They range from
investigating sustained attention (Butti et al., 2006) to the effects of mental stress
and relaxation (Ishii et al., 2008) to the mechanisms of sensory gating (Ehlis et al.,
2009). Brummer et al. (2011) as well as Smith et al. (2013) even investigated what
happens to brain activity measured with combined EEG and NIRS when changes in
gravity are involved. It has to be said though that results of the gravity studies are
not conclusive yet as the induction of hypergravity by a human centrifuge or the
induction of weightlessness during a parabolic flight brings about technological

challenges in the actual measurements.

An area of study which deserves special attention from a clinical point of view is

brain-computer interface (BCl) research. A BCI correlates brain activity with
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external devices in order to communicate or gain control over them (Pfurtscheller
et al., 2010, Khan et al., 2014). Due to the intended clinical use the set-ups need
to be low cost, quick, and accurate and are therefore often realized with limited
sensors (Pfurtscheller et al., 2010). Recently the field has moved towards the use
of hybrid BCI’s in which more than one input is used simultaneously in order to
enhance system performance or to be able to increase the number of commands
(Pfurtscheller et al., 2010). The combination of EEG and NIRS in hybrid BCls is
made more often now. For example, Fazli et al. (2012) showed in a motor
paradigm that adding NIRS measurements to an EEG based BCl improved
classification in over 90% of the measurements and enhanced performance by
5%. Another method that is used in hybrid BCI research is the use of the NIRS
signals as a switch in order to investigate whether movement or movement
imagery is present. When the switch indicates the presence of movement related
activity, the EEG signals over the motor cortex classify the type of activity which
was demonstrated to be useful also in self paced as opposed to cued paradigms
(Koo et al., 2014). Khan et al. (2014) used additional NIRS measurements over the
prefrontal cortex to increase the number of classifiers with two in addition to the
two classifiers that were generated from motor areas with EEG. Which is a
different desired goal to be obtained by the use of hybrid interfaces. Besides
motor paradigms, visual paradigms are also often investigated in BCl research.
Tomita et al. (2014) used visual evoked potentials as classifiers. A downside in
using visual evoked potentials is that during periods of rest often send out signals
that the user did not intend to convey (called false positives). By using NIRS signals
over the visual cortex to determine whether a user is in a communication or rest
mode reduced the number of false positives ranging from 53% to 85%. The
improvements listed above obtained by the use of a multimodal system with
limited sensors in generating accurate predictions about states of brain activity is
especially promising in clinical use. Not only for communication but also for

classifying different pathologies.

The aforementioned studies illustrate the diversity of options that can be
explored with multimodal brain measurements. As an additional research area
the investigation of the symbioses between electrical and metabolic parameters
during a resting state should be mentioned. Roche-Labarbe et al. (2007)

investigated whether changes in the concentration of cerebral HbO,, HHb and
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total Hb were related to the occurrence of spontaneous bursts of electrical
activity in premature infants. There seemed to be a relationship that was different
for the 6 healthy babies than was found for the 4 neurologically distressed babies
that were investigated. However, it is not established yet if relationships that

occur in premature infants can be extrapolated to an adult human brain.

Moosmann et al. (2003) were one of the first to investigate the relationship
between the occurrence of alpha wave activity and Hbb in the occipital cortex of
healthy adults in an eyes open, eyes closed paradigm. They report a positive
cross-correlation between alpha  wave activity and Hbb in which the
hemodynamic parameter has a delay of approximately 8 seconds. Koch et al.
(2008) investigated a special feature within the alpha band, the alpha peak
frequency. They reported that in individuals who display an alpha peak that is
higher in frequency, a smaller alpha magnitude is found and a smaller response in
oxygenation is seen than is in subjects that show an alpha peak lower in
frequency. In this research a paradigm with visual stimulation was used. As
indicated in paragraph 1.3.5 the phenomenon of alpha blocking upon opening the
eyes, also known as ERD is a well know response that is found in all people and is
strongest over the occipital cortex (Pfurtscheller et al., 1994). Therefore this basic
brain response is an viable paradigm for investigating the difference between two
different brain states. Furthermore, the ease with which the two different brain
states can be summoned creates great prerequisites for use with broad patient
populations including children and cognitively challenged patients. However the

exact functioning in healthy people should be established first.

1.6 Conclusion

To sum up the rationale laid out in this first chapter it can be said that
psychopathologies are common in more than one in every three people. Of all
people experiencing a psychopathology worldwide four out of five people do not
receive appropriate health care. Since it is known that different
(psycho)pathologies display different patterns of brain activity, the embedding of
brain measurements in early lines of healthcare could reduce this number. People
could be diagnosed better and faster, and brain measurements could be used to

evaluate treatment options and treatment outcomes. In order to be able to
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embed brain measurements in these early lines of healthcare easy to apply, low
cost methods should be used of which EEG and NIRS seem to meet these criteria.
The use of these methods would create insight in the electrical brain activity as
well as the hemodynamic activity. Furthermore, the synchronous, multimodal use
of the two might provide additional information that increases sensitivity and

specificity in detecting different patterns of brain activity.

Multimodal research, especially the BCl research has shown that the use of both
EEG and NIRS increases the accuracy of identifying brain states with limited sensor
set-up which may apply to the classification of pathology related brain states as
well. In order to investigate this potential further, the exploration of resting state
parameters seems extremely valuable for clinical use. Especially the difference
between eyes open and eyes closed states over the occipital cortex and its related
ERD in the alpha band would be a good starting point due to the ease with which

it can be induced in a broad patient spectrum.

The goal of this thesis is to explore the relationship between electrical and
metabolic aspects of brain functioning with EEG and NIRS in order to reveal its
exiting opportunities in understanding brain functioning in health and disease.
Before this research can be started the limitations of the NIRS equipment will be
explored first. This will be done in a pilot study that will address the robustness of

the NIRS measurement to artefacts which will be described in chapter 2.

Before patient populations can be investigated it is important to have an
understanding of the differences between resting brain states in healthy subjects.
Therefore, this will be addressed first, continuing the work of Moosmann et al.
(2003) with special focus on the alpha band and its relation to HbO, and Hbb
parameters. This relationship will be investigated in a stepwise fashion, moving
from the static analysis of blocks (chapter 3), towards analysis of timing aspects
(chapter 4), towards the analysis of both linear and nonlinear aspects of the

relationship (chapter 5).

Then a pathology is selected in which we are absolutely sure that changes are
seen in both the electrical and hemodynamic domain as well as in the

neurovascular coupling, stroke (Girouard and ladecola, 2006, Blicher et al., 2012,
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Ayata, 2013, Finnigan and van Putten, 2013). If no differences can be found
between stroke patients as opposed towards healthy brains, the movement of the
research towards the more subtle differences seen in psychopathologies might
seem still far away. This will be done by describing two case studies of stroke
patients in which the same eyes open eyes shut paradigm is carried out in chapter
6. The data from these measurements are analysed with the same methods as are
described in chapters 3 through 5 in order to investigate differences between
healthy brains and brains post stroke. In chapter 7 a general conclusion of the
findings in this thesis is given. Furthermore, implications for clinical use will be
raised together with the proposal of future paths of research in order to stimulate

the research in this accelerating area of neuroscience.
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Chapter 2: Assessment of robustness to artefacts of

Near-Infrared Spectroscopy

In this chapter the robustness to artefacts in NIRS measurements will be
evaluated. Hereto a paradigm is chosen in which tasks are performed that are
known to induce artefacts in EEG measurements. Several methods have been
proposed to eliminate artefacts. The performance of one of these methods, the
correlation based signal improvement method, will be evaluated in this chapter as

well.

2.1 Introduction

As introduced in the previous chapter, NIRS measurements meet several
requirements that make it a good candidate for broad clinical application (Arenth
et al., 2007, Irani et al., 2007). One argument that is often used to emphasize the
role of NIRS in measuring real life paradigms is its robustness to motion artefacts
(Arenth et al., 2007). However, motion artefacts can indeed influence NIRS signals
(Izzetoglu et al., 2005, Huppert et al., 2009, Cui et al., 2010). Papers that consider
artefacts in the NIRS signal often focus on physiological noise caused by the
cardiac cycle and the respiratory system or on cross talk and separability (Nolte et
al., 1998, Boas et al., 2004, Uludag et al., 2004b). Cross talk was briefly mentioned
in chapter 1 and occurs due to erroneous choice of the DPF that is used in
obtaining concentration changes of HbO, and Hbb by the modified Beer-Lambert
law (Strangman et al., 2003). Cross talk can lead the HbO, signal to mimic the Hbb
response and vice versa, causing the magnitude and the time course of the Hb
concentration to be influenced (Uludag et al., 2004b). Separability is different
from cross talk and describes the difficulty in separating HbO, and Hbb
concentrations due to the wave lengths used and the amount of physical noise

that is present in the system (Uludag et al., 2004b).

The occurrence of motion artefacts is thought to arise from a change in optical
coupling of the optode and the scalp, either by a shift of detectors or by blood
moving away or towards the region of interest (lzzetoglu et al., 2005, Cooper et

al., 2012, Brigadoi et al., 2014). Izzetoglu et al. (2010, 2005) specifically describe
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this phenomenon in head movements. However, this is not the only situation in
which motion artefacts can occur. Bodily movements, eye movements or even
muscle tension may distort the collected signal and all are likely to occur during
testing, especially when real life paradigms or clinical populations are examined.
The impact of these factors on the signal has not fully been described yet but
could lead to false interpretation in a clinical setting. A substantial body of
literature describes the influence of motion and muscle artefacts in the acquired
signal in similar methods, such as EEG, which is also non-invasive and makes use
of sensors on the head. Every EEG book is equipped with a chapter that describes
pitfalls during EEG measurements and the reader is provided with a collection of
signals that can help recognize typical artefacts caused by eye movements, muscle
movements and motion artefacts (for an example see (Krauss et al., 2006)). Since
this kind of literature is limited for NIRS measurements, the first aim of this study
was investigating the effects of a variety of movements that can occur during a
NIRS measurement on the acquired signal. Secondly, it would be helpful to know
whether these possible motion artefacts could be removed from the data by
filtering. In order to find out, one first should be aware of all types of noise NIRS
measurements are susceptible to and what methods are currently used to filter

these.

In general three types of noise can be distinguished in NIRS measurements:
instrument noise, physiological noise, and experimental error (Huppert et al.,,
2009, Cui et al., 2010). Instrument noise is induced by hardware components and
is usually high in frequency (Huppert et al., 2009). Different sources of
physiological noise can be defined. Cardiac pulsation is a source of noise that
arises around 1 Hz and is seen mainly on the arterial side (Nolte et al., 1998, Boas
et al., 2004, Zhang et al., 2005, Huppert et al., 2009). Respiration also can cause
slow drifting noise in NIRS measurements (Boas et al., 2004, Zhang et al., 2007a,
Zhang et al., 2007b, Huppert et al., 2009). Noise caused by respiratory signals is
primarily seen on the venous side, due to changes in intra-thoracic pressure,
which affect the rate of venous return (Zhang et al., 2005). Blood pressure
changes can cause noise in the frequency domain between 0.08 and 0.012 Hz
(Boas et al., 2004, Zhang et al., 2007a, Zhang et al., 2007b, Zhang et al., 2009,
Huppert et al., 2009). As with cardiac pulsations this is also primarily an arterial

effect, and has different components: intrinsic blood pressure variation, variation
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coupled to heart rate, Mayer waves, low frequency oscillations (LFOs), very low
frequency oscillation (VLFOs), and vasomotor waves (Zhang et al., 2007a, Zhang et
al., 2007b, Zhang et al., 2009, Zhang et al., 2005). Noise caused by experimental
error includes motion artefacts and noise caused by non-compliance with the

experimental paradigm by the subject (Huppert et al., 2009, Cui et al., 2010).

Different ways of filtering these types of noise have been described in the
scientific literature. For instrument noise usually low pass filtering will suffice,
since this type of noise is high in frequency and the target frequency in NIRS
measurements is in the low frequency domain (Huppert et al.,, 2009).
Physiological noise is harder to filter since it arises in the low frequency domain.
This type of noise can be filtered based on the approximated frequency content,
spatial covariance, or subtraction by measuring the same physiology away from
the functional signal either by using an additional channel with a short source
detector separation or another direct extra-cranial measurement (Huppert et al.,
2009, Zhang et al., 2009). Adaptive filtering, wavelet filtering, and principal
component analysis (PCA) from baseline data are methods that can also be used
to filter physiological noise from NIRS measurements (Huppert et al., 2009, Zhang
et al.,, 2007a, Zhang et al., 2007b, Zhang et al.,, 2009). Along with spline
interpolation and Kalman filtering the same methods have been used to filter
motion artefacts (Huppert et al., 2009, Scholkmann et al., 2010, Cooper et al.,
2012, Brigadoi et al., 2014). However, these methods have been reported to be
only partly effective in filtering motion artefacts (Huppert et al., 2009). A
challenge in determining this efficacy is that often the knowledge of the true form
of the original (noise-free) signal lacks which is necessary to quantify

improvement (Sweeney et al., 2012).

Sweeney et al. (2012) proposed an elegant method to measure two signals with
two detectors in close proximity from the same source in which only in one
detector motion artefacts were induced by gently pulling the optic fibre. The
occurrence of the artefact in only this detector and not in the other or in the
source was monitored by means of accelerometers. In their method two signals
arise; 1. a motion artefact contaminated signal and 2. a noise free “ground truth”
signal. This signal pair can then be used to test the efficacy of artefact removal

methods by comparing the correlation between both signals and the signal-to-
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noise ratio (SNR). With this method they showed that adaptive filtering and
Kalman filtering improved the correlation by 68.22% and 66.5% respectively, as
well as it improved SNR by 5 dB or more in both. The overall correlation between
the filtered signal and the “ground truth” signal did not exceed 0.71 for epochs

with motion artefacts and 0.77 for non affected epochs (Sweeney et al., 2012).

Adaptive filtering relies on the measured signal of a second pair of optodes with
has a close source-detector separation which allows the measurement of
hemodynamic changes in layers more superficial than the cortex. This
measurement is then used as reference channel for the adaptive filter which
subtracts the reference signal from the signal of interest (Zhang et al., 20073,
Zhang et al.,, 2007b, Zhang et al., 2009). The other methods can be applied
without the use of an additional optode pair. For example, wavelet filtering.
Wavelet filtering transforms the obtained NIRS time series into the wavelet
domain by use of a general discrete wavelet transformation (for an example see
(Cooper et al., 2012)). The wavelet coefficients are assumed to have a Gaussian
probability distribution which leads the contributions of noise to appear as
outliers. These outliers are then removed and the time series are rebuilt with an

inverse wavelet transformation (Cooper et al., 2012, Brigadoi et al., 2014).

Similarly, PCA relies on the different properties of the actual signal and the
artefact. PCA transforms a NIRS measurement in N linearly uncorrelated
components which are ordered by the amount of variance they add to the signal.
It is assumed that the variance that is added by noise is greater than the amount
of variance that is added by the NIRS signal. Therefore, removing these
components that have the highest contribution to the variance results in the
removal of the noise (Zhang et al., 2005, Cooper et al., 2012, Brigadoi et al., 2014).
Depending on the type of artefact, components adding up to 80% and sometimes
even 97% of the total variance are removed. By increasing this percentage one
should be aware of the risk of removing the response of interest though (Brigadoi

et al., 2014).

The spline interpolation method as described by Scholkman et al. (2010) first uses
the motion detection algorithm available in the open source data analysis package

Homer2 (Huppert et al., 2009). It then models the motion artefact and subtracts it
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from the signal of interest only in the signal in which it is detected. After that, it
applies a reconstruction on the signal to correct for the shift from baseline of the
signal that can occur due to the artefact (Scholkmann et al., 2010). In modelling
the artefact an interpolation parameter (p_Spline) of 0.99 is recommended by

Scholkman et al. (2010) for removing motion artefacts.

Like the spline interpolation method, Kalman filtering, is also an approach that is
used on a channel by channel basis and is described in detail by Izzetoglu et al.
(2010). The procedure uses previous points measured to predict future points and
their uncertainty. The newly measured point is then used to update and correct
the prediction that again is used on upcoming points. A least squares method is

then used to estimate the actual signal in the noisy signal (Izzetoglu et al., 2010).

Recently a new method of motion artefact reduction, the correlation based signal
improvement (CBSI) method, has been proposed for NIRS experimental noise. The
method suggests, as brain activation causes HbO, and Hbb to be negatively
correlated close to -1, that an artefact will move this correlation away from -1 as
changes in HbO, and Hbb will not be physiologically related. This finding can be
used to both detect artefacts and to improve signal quality (Cui et al., 2010). A
more detailed explanation is given in the method section. CBSI has been shown to
be effective in improving signal quality of measurements contaminated by motion
artefacts caused by head movements (Cui et al., 2010) and jaw movements due to
speech (Brigadoi et al., 2014), but as yet has not been used to detect or reduce
other movements and experimental noise. So second to testing the susceptibility
of the NIRS measurements to a variety of movements that can occur when
subjects are sitting in an upright position, this study explores whether artefacts
can be detected by another, more objective method than visual inspection.
Furthermore, if artefacts are found it is investigated whether these can be filtered

based on the CBSI method.

2.2 Methods

2.2.1 Equipment
After giving informed consent, 5 male students (mean age: 25.6, SD: 3,5, range 21-

30) participated in this study, that was approved by the University ethics
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committee (070300) in accordance with the standards of the Declaration of
Helsinki. For recording use was made of an OXYMON Mk IIl continuous wave
device (Artinis B.V. Zetten, the Netherlands) (figure 2.1). The OXYMON Mk Il uses
two wavelengths of near infrared light that is shone through the transmitters and
carried by the 315 cm long optical fibres towards the angular optode. The optodes
were screwed in an optode holder. In order to ensure a good connection between
the optodes and the skin, the optodes sticked out from the optode holder and
the optode holder was tightly secured on the head with help of Velcro straps. The
transmitters were equipped with semiconductor, pulsed laser diodes, which used
nominal wavelengths of 855 and 780 nm. The detectors were avalanche photo
diodes which had a special optic filter to filter out daylight. The signal from the
detector was fed back to the OXYMON Mk Il by optic fibres again. The signal was
sampled at 25 Hz without use of any filters and then visualized with the Oxysoft
software package (Artinis B.V. Zetten, the Netherlands) as relative changes in
HbO, and Hbb concentration changes based on the modified Beer-Lambert law as
described in chapter 1. A high sample frequency and no filters were chosen to

allow the artefacts to be observed in their most original state.

Figure 2.1 The OXYMON Mk Il and its angular optodes screwed into an optode holder. The
optode holder is held in place with help of Velcro straps. The optodes slightly stick out of

the holder in order to get good optical fibre-skin contact.
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In order to minimize additional artefacts arising from optode placement upon
hair, measurements in this chapter were performed on the left and right
prefrontal cortex, locations Fpl and Fp2 of the 10-20 system for electrode
placement respectively (Jasper, 1958). On both locations one transmitter and one
receiver were used for recording NIRS signals with an inter optode distance of 35

mm (figure 2.2).

Figure 2.2. The 10-20 system for electrodes placement with in red and blue the placement
of the optodes shown with respect to the left prefrontal (Fp1) and right prefrontal (Fp2)
location. The transmitters are represented by the red colour, the receivers by the blue

colour. In this set-up two channels are measured labelled Fp1 and Fp2.

2.2.2 Paradigm

The participants were seated in a comfortable chair facing a blank computer
screen. The procedures were explained and the equipment was mounted on the
head with help of optode holders and Velcro straps. The experimenter sat next to
the participant to instruct him during the experiment. This included indicating
when the tasks started and stopped. These time points were marked in the
measurement. Furthermore, the experimenter closely observed the measurement
trace as well as the participant during the data collection in order to note if the
subject complied with the experimental paradigm. These notes were used to
exclude tasks if they were performed incorrectly. In total sixteen tasks were
performed which were divided into four categories: eye movements, muscle

activation, talking & breathing, and movement (Table 2.1).
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Category Task

Eye Movements Blinking

Lateral eye movements (eyes open)

Lateral eye movements (eyes closed)

Vertical eye movements (eyes closed)

Muscle activation Jaw clenching

Chewing

Continuous frowning

Intermittent frowning

O| 0 N| oo | | Wl N =

Continuous shrug

[EY
o

Intermittent shrug

[y
[N

Talking & Breathing | Count to ten aloud

[E
N

3x deep in- and exhale

[E
w

Movement Head flexion and extension

=
o

Lateral head movements

[EE
%]

Back extension

16 Moving the cables attached to the optodes

Table 2.1. The tasks, task order, and the categories they belong to. In total 16 tasks were

performed.

All tasks were chosen based on conditions that are known to induce artefacts in
EEG signals (Krauss et al., 2006). The tasks are described in detail below. Each task
was carried out for a block of ten seconds. Resting periods of at least ten seconds
were situated between the tasks in which the subjects were required to sit still
and focus on a blank computer screen to allow the NIRS signal to return to
baseline. All task blocks were only performed once and every participant
performed the tasks in identical order. Before the tasks started, an eyes open,

resting state baseline period of 10 seconds was recorded.

2.2.2.1 Eye movements
The block of eye movement related tasks consisted of 4 tasks: blinking, lateral eye
movements in an eyes open condition, lateral eye movements in an eyes closed

condition, and vertical eye movements in an eyes closed condition. Participants
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were instructed to execute all eye movements in a consistent and regular way at a
pace that was comfortable to them. For blinking this was approximately at a rate
of 2 Hz and all other eye movement tasks were carried out at a speed around 1
Hz.
2.2.2.2 Muscle activation

The following tasks made up the muscle activation category: jaw clenching,
chewing, continuous frowning, intermittent frowning, continuous shrug, and
intermittent shrug. For the jaw clenching task, continuous frowning, and
continuous shrug, the participants had to perform the task at a strength that was
consistent for 10 seconds and that avoided additional trembling or movement of
the head. Chewing was performed without food or gum at a rate that was
comfortable to the participant equating to approximately 1 Hz. The intermittent
frowning and intermittent shrug tasks were carried out at a rate that was
comfortable to the participant at the same strength at which the continuous
frown and continuous shrug tasks were executed. These tasks were carried out at

approximately 0.5 Hz.

2.2.2.3 Talking & breathing
In the talking and breathing block 2 tasks were performed. The first task was
counting to ten aloud along with the second-hand of a watch that was displayed
in front of the participant to make sure the talking task lasted for 10 seconds.
During the breathing task the participants were instructed to in- and exhale 3

times slowly and deeply through the nose.

2.2.2.4 Movement
The category movement consisted of 4 tasks: head flexion and extension, lateral
head movements, back extension, and moving the cables attached to the
optodes. The latter task was carried out by the experimenter and the participants
were instructed to sit very still. The experimenter held the 4 optic fibres in one
hand approximately 50 cm away from the participant’s head and moved them
repeatedly 20 cm left and right from their original position. During head flexion
and extension the participants were instructed to move their heads forward and
backward approximately 50% of their maximum movement range at a rate that
was comfortable to them but not too fast, equating to approximately 0.5 Hz. This

instruction was also given in the lateral head movement task, but the participants
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were required to move their heads repeatedly from left to right while they kept
facing the computer screen. During the back extension task the participants had

to sit up from the position they were currently sitting in.

2.2.3 Data processing

The flow of the data processing is depicted in figure 2.3. The Oxysoft software
transformed the data into graphs displaying the concentration changes of HbO,
and Hbb (Cope and Delpy, 1988; Delpy et al., 1988) and exported the unfiltered
changes in HbO, and Hbb concentration as two separate time series per

measurement.

All measurements were then split into files that just contained one task. The
separate tasks were configured in 20 second files in which the first 5 seconds
presented the baseline period before the task, second 5 until 15 contained the
task and the last 5 seconds entailed the signal returning to baseline. These graphs

were plotted for both the Fp1 and the Fp2 channel for every task.

These graphs were evaluated by means of visual inspection and by means of the
running correlation. Next the data were filtered and evaluated using visual
inspection and the contrast-to-noise ratio (CNR). After that the CBSI-filter was
applied after which the last evaluation step was carried out. All filtering and

evaluation steps are explained in detail below.
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Data recording

1l

Segmenting task blocks
and plotting HbO; and Hbb graphs

Visual Inspection { Running Correlation

Detrending, FFT-filter,
and plotting HbO; and Hbb graphs

Contrast-to-noise
Visual Inspection Ratio

Sel

CBSl-filter,
and plotting HbO; and Hbb graphs

~
Contrast-to-noise
Visual Inspection Ratio
"y

Legend

HbO,: oxygenated haemoglobin

Hbb: deoxygenated haemoglobin

FFT: Fast Fourier Transform

CBSI: Correlation based signal improvement

Figure 2.3. Data processing flow. The blocks displayed in blue are the steps in which the
data is processed. The blocks displayed in green are the steps at which the data is

evaluated.
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2.2.4 Data filtering
The data were filtered in two steps. First the data were detrended and band pass
filtered to remove slow drift and instrumental noise in the signal. The detrending

was performed according to the following formula:
t
(b—a)

In which y(t) is the detrended signal, x(t) is the original signal of which the linear

trend (x(b) - x(a)) * (

1
y(®) = x(6) = (x(b) — x(a)) * ( —3)

t
(b-a)

interval of the signal. The band pass filter was a Fourier filter (FFT-filter) with the

- %) is subtracted. The terms a and b specify the

borders set at 0.01 and 0.5 Hz. This means that from the entire signal a spectrum
was obtained with an FFT. From this spectrum all frequencies below 0.01 and
above 0.5 Hz were deleted and the signal was rebuilt by means of an inverse-FFT..
This filter was chosen because it produced the most stable results with no
distortion of the used time series of HbO, and Hbb. For both the detrending as
well as the FFT filtering use was made of LabVIEW analysis tools which delivered
new time series after processing. The graphs of the filtered HbO, and Hbb traces

were again plotted.

As a second step the FFT-filtered signals were then filtered according to the CBSI
procedure as described by Cui et al. (2010) reprogrammed in LabVIEW and again
plotted. This procedure assumes that the time series of HbO, (x) and Hbb (y)
consist of the following parameters:

x =xo+ aF + Noise

y =Yo+ F + Noise
In these equations xg and y, are the artefact free HbO, and Hbb concentrations
that are sought. F is the motion artefact, which has identical effects on both HbO,
and Hbb when the weighing factor « is used for HbO,. The Noise term is the high
frequency noise that is filtered by the FFT filter in the previous step. Two
assumptions are posed by Cui et al. (2010). First, x, and 1y, are negatively
correlated close to -1 and second, the true signal x, and the artefact term F are
uncorrelated close to 0. Furthermore, the a term can be found by dividing the

standard deviations of the measured x and y signals:
std (x)
a =
std (y)
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By solving the following equations the artefact free HbO, and Hbb signal can then

be recovered:

1
xo = 5 (x = ay)

1
Yo= —— Xo

a
2.2.5 Data evaluation

At three different stages of data processing the plotted HbO, and Hbb graphs
were evaluated. The first evaluation moment was after data collection in which
the data were still unfiltered. All tasks were screened for artefacts by two
methods in order to determine whether the movements chosen for the tasks
resulted in artefacts in the data. The first method was visual inspection of the

graphs.

During visual inspection the baseline period and task period (artefact) were
compared to see if there were changes present in the task period that were not
present during baseline that were larger than the changes caused by the pulsation
of the heart. In doing so, the onset, duration and morphology of the artefacts
could be established which then could be related to the task performed. Since the
subjects were only performing the movement they were instructed to and the
measurements were not taking place on the motor cortex, any change in the
signal from baseline was unexpected and likely to be an artefact originating from
the task performed. Measurements in which the task period was marked as being
different from the baseline, but the pattern was similar to patterns seen during
brain activation or deactivation were not marked as artefacts. A brain activation
pattern was defined as an increase in HbO, together with a decrease in Hbb and a
pattern of deactivation was defined as an decrease in HbO, combined with an

increase in Hbb.

The second method was the running correlation (RC) method as described by Cui
et al. (2010) which was also reprogrammed in LabVIEW. Cui et al. (2010) argue
that HbO, and Hbb are negatively correlated during activation with a correlation
value close to -1. When the data are contaminated by noise the correlation moves

away from -1, becoming more positive. The RC calculates the correlation between
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the HbO, and Hbb time series at each time point. The RC at time point t is defined
as the correlation between segments of HbO, and Hbb in the time window
between t-w and t+w where w is half the window size. Cui et al. (2010) have
established w=>50, except at the beginning and the end of the signal, where the
half window size is adjusted so that the segment is symmetric around time point t.

An example of the RC graph is given in figure 2.4.

The average RC was calculated for the baseline period and the task period for
every task. Then the average RC during the baseline was subtracted from the
average RC during the task. A positive outcome of this subtraction indicated an
increase of the RC during the task and was therefore considered an indication of
noise. Since the values of the RC can range from -1 to 1 and difference values
were calculated from averages from the baseline period and the task period it was

decided that an increase of 0.1 would be considered as an indication for artefacts.

.’“‘
Running Correlation 0, 50 Plot0 -

15-

1-
0,5-
0-

0,5-

Correlation Ceefficiant

-1-]

R e e oo o [ o [
30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 59 60
Time

Figure 2.4. An example of the running correlation. In this example the RC is calculated
between 30 seconds of the HbO, and Hbb time series. The y-axis represents the correlation

coefficient at every given time point on the x-axis.

The second evaluation step was after FFT-filtering and the third after CBSI-
filtering. Here the first method was visual inspection again which was used to
determine whether the artefacts found in the unfiltered data were eliminated. To
evaluate the effectiveness of the CBSI-filtering the RC could not be used because
after CBSI-filtering the data have a perfect correlation of -1. Therefore, the
contrast-to-noise ratio (CNR) was used in evaluation step 2 and 3 as objective
method for evaluating signal improvement. The CNR can be used to quantify the
signal-to-noise ratio (Zhang et al., 2005). It calculates the amplitude difference

between the signal during the task and the signal during rest, divided by the
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pooled standard deviation. Larger CNR indicates that the ratio of task related

signal to noise is larger.

mean(dur) — mean(pre
CNR = (dur) (pre)

\/ var(dur) — var(pre)
In this equation dur means during the task and pre means in the rest period
before the task. In this research 0-5 seconds before task onset was used as pre
value and because of a possible delayed hemodynamic response, the interval 5-10
seconds after task onset was used as dur value. The difference in CNR before and
after CBSI filtering was calculated in order to objectify the performance of the
filter. Cui et al. (2010) reported a mean increase in CNR of 0.80 for HbO, signals
and a mean increase of 0.89 for Hbb signals in their research that aimed at
removing head movements. Therefore, increases in CNR reaching these values

were considered as good signal improvement.

2.3 Results

Because one subject failed to perform the back extension task, and the other
subjects showed much variability in the way the task was performed, and no
subjects continued the task for 10 seconds, this task was not considered in the
analyses. Furthermore, during the continuous frowning task the Fp2 channel of
subject 4 had to be eliminated because the signal quality was so poor that no
cardiac response could be detected. For the intermittent frowning task data from
the Fp2 channel of subject 1 and both channels of subject 3 were not taken into
account during the analyses because there seemed to be artefacts in the baseline
period that made a correct interpretation of the artefacts during the task not
possible. From the data of the lateral head movement task subject 5 was also
eliminated because of artefacts in the baseline period. In the unfiltered data of
the other tasks the cardiac pulsations were clearly visible in both the HbO, and
Hbb graphs as regular, arcade shaped waves around 1 Hz. Furthermore, the visible
artefacts were more pronounced in the HbO, trace compared to the Hbb trace. In
table 2.2 the number of participants that remains for each task and channel is

summarized.
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Task

N left
prefrontal

cortex (Fpl)

N right
prefrontal

cortex (Fp2)

Blinking

Lateral eye movements (eyes open)

Lateral eye movements (eyes closed)

Vertical eye movements (eyes closed)

Jaw clenching

Chewing

Continuous frowning

Intermittent frowning

O| 0 N| oo | | Wl N =

Continuous shrug

[EY
o

Intermittent shrug

[y
[N

Count to ten aloud

[E
N

3x deep in- and exhale

[E
w

Head flexion and extension

=
o

Lateral head movements

[EE
%]

Back extension

o| | O Ly »nf »ry Ly | »r| L~y »| L~ L U

16

Moving the cables attached to the optodes

5

vl o | | i 1y L~y L W| | »if »O| L~ | G

Table 2.2 Summary of the number of participants (N) for each channel in every task.

2.3.1 Task related findings —unfiltered data-

2.3.1.1 Eye Movements

Eye movements produced limited artefacts. During blinking 3 out of 5 subjects

showed no artefacts in their signal. A profile that would have been seen during

activation (an increase in HbO, and a decrease in Hbb) was apparent in 1

participant. The last participant did show an artefact during blinking that was

characterized as a decrease in both HbO, and Hbb. The task in which lateral eye

movements were made with open eyes caused artefacts in 2 out of 5 subjects and

were characterized by peaks in the signal either at task onset or halfway during

the task. The signals of the 3 other subjects were not influenced by the task. The

lateral eye movements performed with closed eyes caused only an artefact in 1

43




participant in one channel and was characterized by a sudden drop in HbO, as
well as Hbb. The signals of 3 other participants were not influenced by the task
and the last subject showed a pattern of activation during the task. The other task
with closed eyes, in which eye movements were made vertically, showed clear
peaks in 1 participant in both HbO, and Hbb (figure 2.5a) and another participant
only showed peaks (less obvious) in Hbb. The signals of 1 subject were not

affected by this task and the 2 others showed a pattern that looked like activation.

2.3.1.2 Muscle Activation
In 2 subjects the jaw clenching task resulted in a pattern of deactivation in the
form of an increase in the Hbb signal and a decrease in the HbO, signal, with a
delayed onset in respect to the onset of the task (figure 2.5b). The other 3
subjects did not show differences between the baseline and the task. During
chewing 1 participant showed an activation pattern, 2 subjects were not affected
by the task and the other 2 showed artefacts. In 1 subject this artefact was
characterized by a peak at the end of the task and in the other subject the artefact
manifested itself as a decrease in both HbO, as Hbb. During the continuous
frowning task as well as the intermittent frowning task the start and stop of a
frown was accompanied by a sudden shift in both signals in all subjects (figure
2.5c). The magnitude of this response differed between subjects. The continuous
shrug task resulted in a pattern that looked like activation in 2 participants, in a
pattern that looked like deactivation in 2 other subjects (figure 2.5d) and the last
participant showed a peak in both HbO, and Hbb at the onset of the task. The
intermittent shrug task showed peak-like artefacts in 3 participants, showed an

activation pattern in 1 subject and did not affect the last subject.

2.3.1.3 Talking & Breathing
The counting did not result in any artefacts in 2 out of 5 subjects. In 1 subject a
pattern was seen that looked like deactivation. In 1 participant both HbO, and
Hbb decreased in both channels during the task and in the last participant a
pattern of activation was seen that ended with a large peak at the end of the task.
The breathing resulted in artefacts in all participants but the artefacts were quite
variable. In 3 subjects peaks were observed in one or two channels, and in one of
these participants the peaks in Hbb were opposite in direction to the peaks seen

in HbO, (figure 2.5e). In 1 subject the onset of the task was marked with an
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increase in both HbO, and Hbb followed by a decrease in both during the task. In
another subject the onset was marked with a decrease in both traces at the onset

of the task followed by an increase, immediately followed by a decrease.

2.3.1.4 Movement
The head flexion and extension task resulted in peak-like artefacts in all subjects.
The peaks were different in amplitude and number between subjects and in 4
subjects these peaks occurred in opposite direction for HbO, and Hbb on one
location. The other peaks were similar in direction for HbO, and Hbb. During the
lateral head movement task the same peak-like artefacts were observed as during
the head flexion and extension task in 4 subjects. During this task the peaks were
opposite in direction between HbO, and Hbb for one channel in 2 subjects. A
typical example of the peaks observed during head movements is presented in
figure 2.5f. Movement of the optode cables resulted in peaks as well as shifts in
the signals, similar to the head movement artefacts and frowning artefacts
respectively. A summary of the amount of artefacts that was found based on

visual inspection is given in table 2.3.
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Figure 2.5a-f The most characteristic artefacts are displayed in this figure for one
measurement location at a time. Panel a shows artefacts arising during vertical eye
movements with closed eyes. Panel b shows artefacts that occur during jaw clenching.
Panel ¢ shows artefacts the occur during the continuous frown condition. Panel d shows
the artefact occurring during the continuous shrug. Panel e shows artefacts that arise
during deep in and exhaling. And panel f shows artefacts that occur during head
movements. In each of the six panels a-f the deoxygenated haemoglobin (HHb) and
oxygenated haemoglobin (HbO,) signals are depicted in blue and red respectively. One unit
on the x-axis represents 1 second. One unit one the y-axis represents 2 uM. The first green

vertical line indicates the start of the task, the second one the end. Note the continuous
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2.3.2 Running Correlation

For the eye movement category, the RC of the unfiltered data indicated that
artefacts were present in 30% of the measurements. For muscle activation the RC
showed that in the unfiltered data 38% of the measurements had artefacts and
62% did not. The talking and breathing tasks resulted into artefacts for 25% of the
unfiltered measurements and in the movement category this percentage was

61%.

2.3.3 Visual inspection vs. Running correlation

When the percentages of measurements marked as having artefacts by visual
inspection are compared with the percentage marked by the RC there is only
agreement for the muscle activation category. In the eye category movement the
estimated percentage of artefacts is overestimated by the RC and underestimated
for the categories talking and breathing, and movement (table 2.3).

Next it was determined if visual inspection and the RC method marked the same
signals as having artefacts. If patterns of activation and deactivation are not
considered as artefacts there was an agreement between the visual inspection
and the RC of 73% in the eye movement. In 10% of the measurements the visual
inspection indicated there was an artefact present but the RC did not detect it,
and in 17% of the measurements the RC detected an artefact that was not marked
in visual inspection. For the muscle activation category there was an agreement
between the visual inspection and the RC in 76% of cases. In 14% of the
measurements the visual inspection detected an artefact where the RC did not
and in 9% the detected artefact by the RC was not seen in visual inspection.
The methods agree to a similar extent in the talking and breathing category, with
an agreement of 75%. In the other 25% of the measurements the visual inspection
method detected an artefact that was not marked as an artefact by the RC. In the
last category, movement, the agreement between the two methods is lowest with
an agreement of 64%. The measurements that disagree (35%) are accounted for

by a detection by the visual inspection method that was not marked by the RC.
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Visual RC Agreement between

inspection visual inspection and RC
Eye movement HbO, 20% 30% 73%
Eye movement Hbb 20%
Muscle activation HbO, 40% 38.2% 76%

Muscle activation Hbb 36.4%

Talking & breathing HbO, | 50% 25% 75%

Talking & breathing Hbb | 45%

Movement HbO, 92.9% 60.7% 64%

Movement Hbb 89.3%

Table 2.3 Summary of the amount of artefacts found. The amount of artefacts are
expressed as percentages for the two methods visual inspection and running correlation
(RC), as well as their agreement. For all tasks the amount of artefacts is given separately
for the oxygenated haemoglobin (HbO,) and deoxygenated haemoglobin (Hbb) seperately
for the visual inspection method. Since the RC uses both signals to determine if there is an

artefact, here only one percentage is given.

2.3.4 Signal improvement after filtering

Two filtering steps were conducted in order to improve signal quality. First the
signals were detrended and band pass filtered to eliminate drift and high
frequency instrument noise. The second filtering step was CBSI-filtering. It was
determined visually if the artefacts that were present in the unfiltered data were
eliminated by the filtering. Hereto the same visual inspection procedure was
adopted as described above. The previously found amount of artefacts was set at
100% and compared to the amount of artefacts found after filtering. The
effectiveness of the filtering procedure was also evaluated by the CNR. The CNR
before CBSI-filtering was subtracted from the CNR after CBSI-filtering. Since an
increase in CNR means the signal is less noise, a positive number is expected when
the filtering is successful in increasing signal quality. An overview of these findings

is presented in table 2.4.

Visual inspection indicated that only in the eye movement category filtering was
beneficial for some signals. In the muscle activation and movement category even
more signals seemed contaminated by artefacts after filtering. This was caused by

measurements that only showed an artefact in either the HbO, or Hbb trace. After
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CBSI filtering the artefact from the affected signal was mirrored in the other

signal. In figure 2.6 an example is given, of a head motion artefact that is not

filtered successfully.
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Figure 2.6. An example of ineffective filtering of a motion artefact caused by head
movement. The Hbb graphs are displayed in blue and the HbO, graphs in red. Pane al
shows the unfiltered graphs. Panel b the detrended, band pass filtered (between 0.01 and
0.5 Hz) graphs. Note that the artefact falls within the pass band. Panel ¢ shows the
correlation based signal improvement (CBSI) filtered graphs. Also after this step the peaks

that appear during the task are not eliminated.

Also the CNR changes show a decrease in signal quality after filtering for 3 out of 4
conditions instead of an increase. Only in the muscle activation category was an
improvement of the signal seen. If only CNR changes in signals that were affected
by artefacts (since some were not) were taken into account, the signal
improvement of the muscle activation category became less obvious and for all

other categories the findings did not change.
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Category Artefacts after filtering | CNR change CNR change

(% based on visual all signals artefact signals
inspection)
Eye movements | 88.2% -0.22 -0.60

(-5.79..7.14) (-5.79 .. 2.69)

Muscle 114.3% 0.45 0.05
activation (-7.54 ..6.71) (-7.54 ..6.71)
Talking & 100% -0.42 -0.15
breathing (-8.8..5.5) (-8.8..5.5)
Movement 105.8% -0.45 -0.42

(-5.24..7.34) | (-5.24..7.34)

Table 2.4: Summary of signal improvement after filtering. Signal improvement was
evaluated with visual inspection and by the contrast-to-noise ratio (CNR). The percentage
that is given for visual inspection is the percentage that remained after filtering compared
to the amount of artefacts that was found before filtering. A percentage lower than 100%
indicates an improvement, a percentage above 100% indicates a worsening. The average
CNR is displayed. A positive value indicates an improvement in signal quality a negative
value a decrease in quality. For the CNR the minimum and maximum value found in the

sample is displayed between brackets.

2.7 Discussion

The research conducted in this chapter sought to answer two questions. Do eye
movement, muscle activation, talking, breathing and head motion, that can easily
occur during a measurement, cause detectable artefacts in NIRS signals? And if so,
is the CBSI method effective in eliminating these artefacts? Here it was
established that the investigated movements can cause artefacts in NIRS
measurements. Furthermore, it appeared that using the CBSI-filter does not lead
to signal improvement in the majority of the investigated artefacts in this

research.

The unfiltered data were judged on morphology by visual inspection and the
increase in RC was used as a more objective indication of the presence of a
possible artefact. This showed that in all task categories artefacts can be an issue.

Based on morphology, different types of artefacts can be distinguished, starting
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with a fast response and a sudden shift. Artefacts belonging to the fast response
class showed peaks in the NIRS signal that can be directly linked to the occurrence
of movements made by the subject. Fast response artefacts were mainly present
during the head movement tasks and the task in which the optode cables were
moved. In one subject this artefact was also seen during vertical eye movements.
The origin of this type of artefact is thought to be found in a change in optical
coupling of the optode onto the scalp (lzzetoglu et al., 2005, Cooper et al., 2012,
Brigadoi et al., 2014). If the optode is placed tightly onto the head, movement of
the cables could lead to slight tilting of the optode, which causes the transmitter
to illuminate a brain area adjacent to the original region of interest for a brief
period of time (without the receivers collecting ambient light). Movements of the
head also can lead blood to be moving away or towards the area under
investigation, which causes the concentrations of Hbb and HbO, to change
(Izzetoglu et al., 2005). A sudden shift in either the Hbb or HbO, signal was mainly
observed in all subjects in the two frowning tasks as well as in some subjects
during the task in which the optode cables were moved. This type of artefact can
also originate from a change in optical coupling of the optode onto the scalp
(Izzetoglu et al., 2005, Cooper et al., 2012, Brigadoi et al., 2014). Possibly the
optode itself shifts either caused by the underlying muscle or the movement of

the cable.

A potential third class can be distinguished based on morphology which is the
slow response. Several tasks in the eye movement category, the muscle activation
category and the talking and breathing category showed a pattern that looks like
that seen during brain activation or during deactivation (an increase in HbO,
accompanied by a decrease in Hbb and vice versa respectively). Often this
response is delayed with respect to the onset of the task. Brigadoi et al., (2014)
describe a similar kind of artefact which in their research was related to jaw
movements due to speech, necessary for the task under investigation. Different
from the study of Brigadoi et al. (2014), the current study lacked a tasks in which
brain activation or brain deactivation is expected. Therefore this class of response
needs some further attention. A possible explanation are changes in blood
oxygenation of superficial muscles. This makes this type of “artefact” the most
dangerous in terms of misinterpretation of data because the morphology is

difficult to distinguish from an actual physiological brain response. However, since
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brain activation or deactivation during the tasks cannot be excluded, these
responses were not considered artefacts in this chapter. The frontal cortex could
have been activated by the processing of the instructions that were given to the
participant at the start of the task. Similarly, a pattern of brain deactivation could
be caused by the absence of processing by the frontal cortex while participants

were executing fairly boring tasks.

The final class would be the artefacts that occur due to cardio respiratory activity
which have been described in the literature before (Boas et al., 2004). In this
study the in- and exhaling task showed artefacts that fall within this category.
Therefore, interpretation of NIRS signals during tasks in the breathing pattern of

subjects is altered should be interpreted with caution.

Although the focus of this chapter is on motion artefacts, awareness needs to be
raised with regards to artefacts that arise from physiology based systemic
artefacts. Due to the sensitivity of NIRS to changes in the superficial layers of the
head like the skin and skull, these systemic changes caused by cardiac activity,
respiration, changes in blood pressure, skin conductance, body temperature or
any other autonomic regulated process, contaminate NIRS results and can be
mistaken for cerebral responses (Gagnon et al.,, 2012, Kirilina et al., 2012).
Especially since autonomic changes easily occur during many research paradigms
in which cognitive or emotional processing is warranted which couples the
systemic artefacts to the functional evoked response (Kirilina et al., 2012).
However, it is not only during tasks that this type of artefact plays a role. During
resting state analysis the same autonomic changes in superficial layers can distort
the signal of interest (Tong et al., 2013) This type of artefact might therefore
interchangeable with the slow response class of artefacts described above which

mimics brain activity but originates elsewhere.

In a multimodal NIRS and fMRI study Kirilina et al. (2012) showed that the
systemic artefacts found in the NIRS signals co-localized with veins draining the
scalp. They were able to filter these artefacts by using the fMRI signal as a
regressor, but that is not feasible for many NIRS studies. The approach that is
suggested most often is to use an optode pair with a short distance to measure

the systemic artefacts in the superficial head layers and use that in order to clean
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the signal from the normal distanced optode pair (Zhang et al., 2007a, Zhang et
al., 2007b, Zhang et al., 2009). However, it has been reported that the systemic
artefacts occur inhomogeneous across the surface of the scalp (Gagnon et al.,
2012, Kirilina et al., 2012). Gagnon et al. (2012) even showed that the short
separation channel must be no further away from the channel of interest as 1.5
cm in order to be able to generate improvements of practical use. Once the
distance reaches 2 cm only mild or negligible improvements were found. This
means that for every measurement channel a separate short distance channel is
needed, which is not feasible in all research paradigms due to the limited
availability of NIRS channels and the rigidity of optode configurations in some

systems.

In this chapter it was evaluated whether the RC was capable of reliably detecting
the presence of motion artefacts. It was shown that in approximately 75% of the
measurements visual inspection and RC, methods agree whether or not an
artefact is present. When only the RC is used, an overestimation on eye
movement artefacts and an underestimation in talking and breathing and
movement artefacts can occur. Some artefacts cause the HbO, and Hbb signals to
move in opposite directions, pushing the correlation between them to be more
negative and as such, the RC will not mark the measurement as having artefacts.
Therefore an element of visual inspection of the data can never be omitted and

this emphasizes the importance of guidelines for recognizing different artefacts.

Artefacts that arise from a change in optical coupling could possibly be prevented
by improving this coupling. Recently, two modifications to the optodes have been
proposed that aim at improving the optical coupling. The first proposal consisted
of a brush-fibre optode that could be mounted on commercially available optodes
(Khan et al.,, 2012). The brush-fibre optodes pierce through dense hair more
easily, ensuring a better coupling. Furthermore, the authors established in their
own research that the set-up time decreased by a factor three and the signal-to-
noise ratio improved up to ten times (Khan et al., 2012). The reduction in motion
artefacts was unfortunately not investigated. Yucel et al., (2014) did research the
reduction in motion artefacts since they are interested in using their solution in
epilepsy patients during seizures. They propose the use of a prism based fibre,

which is smaller than a regular optode. The small optode can then be fixated on

60



the head by means of a piece of gauze soaked in collodion (a clinical adhesive
used in the field of EEG). In their tests a reduction of motion artefacts of 90% was
found compared to regular measurement set-ups (Yucel et al., 2014). Alongside
this reduction in artefacts an increase in signal-to-noise ratio of 3 to 6 times was

reported.

The second question, whether the CBSI method was effective in eliminating the
observed artefacts was investigated by two methods as well. First, visual
inspection was used again to decide if the artefacts had diminished, and as a more
objective measure for signal quality the CNR was calculated. From visual
inspection the proposed filtering method hardly seemed useful in eliminating
artefacts. Artefacts that influenced the HbO, and Hbb signal in opposite directions
were not detected by the RC and not influenced by the CBSI at all. Furthermore,
artefacts that only occurred in the HbO, or Hbb signal were transferred to the
other modality by the CBSI. Peak-like artefacts did sometimes decrease in
magnitude but the most concerning aspect was that the CBSI changed the signal
in terms of direction of response and timing for nearly all artefacts that were
analyzed. Also, the CNR only showed a moderate improvement in signal quality
for the muscle activation category. Cui et al. (2010) reported signal improvement
after CBSI filtering in all measurements and improvement was largest in signals
which had more artefacts. The only category that showed an increase in CNR (the
muscle activation category) showed an average improvement of 0.30 which far

from the average improvement of 0.85 reported by Cui et al. (2010).

A reason for the different findings in this study and the study performed by Cui et
al. (2010) could be the differences in research paradigm. Cui et al. (2010) used a
paradigm in which the artefacts were induced while performing a task (finger
tapping) that is known to induce a brain response. The current research was
conducted without an additional paradigm known to cause a response and
therefore the artefacts are induced upon baseline activity. The RC and CBSI have
been modelled by use of the Balloon model, which has been reported as having a
good correspondence with experimental measures of HbO, and Hbb (Buxton et
al., 1998). Furthermore, it was reported by Cui et al. (2010) that the close to -1
correlation between HbO, and Hbb was strongest during activation and becomes

less negative during the plateau period. Since no activation paradigm was used in
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this study it is likely that the RC and CBSI methods are not the optimal choice for
noise reduction when trying to eliminate artefacts from baseline or resting state

data.

Furthermore, the method was originally designed to filter head movements (Cui
et al., 2010). As reported in this chapter and also by Brigadoi et al (2014) different
types of motion artefacts exist. Their shapes, frequency content, timing and
amplitude can vary greatly. Furthermore, some motion artefacts can be much
harder to recognize due to a coupling with the actual hemodynamic response
under investigation (Brigadoi et al., 2014). Therefore caution is warranted in the
selection of methods for artefact detection and removal. Different types of

artefacts might be better treated with different methods of analysis.

Brigadoi et al. (2014) investigated the CBSI method alongside other approaches in
a linguistic paradigm that resulted in an artefact caused by the jaw induced by the
vocal response. This caused the artefact to be coupled to the hemodynamic
response under investigation. In this paradigm, where the linguistic task also
caused a response, the method was capable of improving the measured signals.
However, they do raise the very important issue that the CBSI method makes
assumptions that are not always met. The most important assumption is that
HbO, and Hbb are always positively correlated during an artefact, which is also
contradicted by multiple examples in this chapter (e.g. see figure 2.5 and 2.6).
Furthermore, it is assumed that the ratio between HbO, and Hbb has a constant
value during both time periods with and without artefacts present. When this
seems to change, it will have a tremendous effect on the results of the CBSI
method, compromising interpretation. As a second drawback they emphasize the
recovery of the Hbb signal from the HbO, signal (Brigadoi et al., 2014). In doing so,
the Hbb response is not linked anymore to the acquired data and especially when
studying pathologies this rigid relationship between HbO, and Hbb is not always
maintained, leading to false interpretation again (Brigadoi et al., 2014). Brigadoi et
al. (2014) report wavelet analysis to have better capability in distinguishing the
actual NIRS response from noise in their paradigm. However, this again requires

an actual response to be present which was not the case in this chapter.
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2.8 Conclusion

This chapter demonstrates and reconfirms that motion artefacts can easily be
induced in NIRS measurements. Different types of motion artefacts exist, some
easier recognized than others. The RC over or underestimates motion artefacts
depending on the type of artefact and should therefore never be the sole method
for artefact detection. Visual inspection and knowledge about the different
artefacts is essential in valid NIRS analysis, especially because some artefacts fall
within the frequencies of interest. Furthermore, CBSI filtering was ineffective for
filtering motion artefacts from resting state data and generated heightened
conditions of false interpretation. In EEG the research in automated artefact
removal has been researched for longer and is therefore better justified (Daly et
al., 2013, Iriarte et al., 2003). This is not the case for NIRS. Methods that have
proven ready to use in EEG are not as effective in NIRS, possibly due to multitude
of factors that contribute to the artefact and the overlap with systemic physiology

(Brigadoi et al., 2014, Sweeney et al., 2012).

This should be kept in mind in designing studies and clinical measurement
protocols. Especially in real life studies and exercise studies, the motion artefacts
as well as the artefacts caused by systemic changes will have greater influence
and should be interpreted with extreme caution. Therefore, it is of great
importance that researchers or clinicians working with NIRS are trained in the
recognition of artefacts. Correct recognition of the artefacts is the first step in
prevention and ultimately elimination of artefacts, which will lead to reliable
interpretation of NIRS measurements. Before measurements are interpreted,
prevention can be found in methods that enhance optode scalp coupling.
Furthermore, considering the difficulty of detecting motion artefacts, it could be
helpful to videotape the participant during the measurements or to monitor
motion in some way. This allows for an opportunity to re-evaluate the

participants’ behaviour when a possible artefact is seen during offline analysis.

The occurrence of motion artefacts in NIRS as well as the occurrence of systemic

physiological artefacts and the difficulties in recognizing them and filtering them

may delay the introduction of NIRS as an easy to use, valid, and reliable measure
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of optical brain activity in the general clinic. Hereto, more research should be

devoted to overcome these issues and to generate easy to apply solutions.
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Chapter 3: Exploring brain activity with simultaneous
EEG and NIRS measurements in eyes open and eyes

closed blocks using static analysis techniques

Resting brain activity has been found to be an important stepping stone for brain
functioning in general. From a clinical perspective brain activity at rest provides
great perspective for diagnostic purposes. The aim of this chapter was to
investigate the feasibility of conducting measurements of both the electrical
activity of the brain as well as its metabolic activity. This was done in a paradigm
in which the visual cortex of healthy subjects was investigated both with eyes
open and eyes closed. The electrical as well as the hemodynamic measures are
explored separately as well as combined. In order to examine the interaction
between electrical and hemodynamic activity this chapter is limited to the use of a

static correlation analysis.

3.1 Introduction

3.1.1 Investigating resting state activity

Since 1995 a steady increase in the number of resting state functional
neuroimaging studies has been witnessed (Cole et al., 2010). In classical fMRI
research subjects are measured under different conditions. A baseline
measurement either with open or closed eyes is carried out and subjects are
required to perform a task in the scanner, or are presented with a stimulus.
Subsequently, the pattern of brain activity during the baseline condition is
subtracted from the pattern seen during the task, leaving a profile of regions
active during and therefore involved in the execution of the task. However, this
approach led researchers to bump into the phenomenon of task related decreases
of activity in particular regions of the brain, indicating that the brain is more active
in these regions during rest than during task performance (Raichle et al., 2001,
Greicius et al., 2003). Interestingly, while different tasks cause activity in different
brain areas, the areas in which decreased activity is seen during task performance
appeared to be largely task independent as it was seen in a wide variety of tasks
(Raichle et al., 2001). This led to the believe that the brain had a baseline mode of

functioning referred to as the Default Mode Network, which was investigated by
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Raichle et al. (2001) by means of the oxygen extraction factor (OEF) determined
from PET measurements and showed to include among others the brain areas
MPFC and the posterior cingulate and precuneus. Greicius et al. (2003) used
functional connectivity analysis on resting state fMRI data in order to reveal the
default mode network. Hereby they provided evidence that a cohesive, tonically
active network indeed exists and showed that this default mode network was
most active during rest and minimally disrupted by sensory processing tasks with
limited cognitive demand. They also found evidence for an inhibitory interaction
between activated regions and regions of the default mode network by
establishing an inverse correlation between the default mode network and brain

regions that were activated during task performance.

The idea that the brain is active during rest is not new. Already in 1929, the
inventor of the EEG Hans Berger indicated that even when doing nothing the brain
still showed spontaneous oscillatory activity (Berger, 1929). This notion is
supported by the fact that at rest the brain consumes 20% of the bodies oxygen
while only accounting for 2% of the body weight (Raichle et al., 2001, Fox and
Raichle, 2007). Moreover, when performing a task, the oxygen demand of the
brain does not increase by more than 5% in relation to this resting state
consumption (Fox and Raichle, 2007, Raichle, 2010). So this spontaneous neural
signalling during rest, that cannot be attributed to specific inputs or outputs and
therefore represents neural signalling that is intrinsically generated by the brain,

has to be important for brain functioning in general (Fox and Raichle, 2007).

The default mode network however, does not resemble the only brain areas that
are active during resting conditions. In 1995 Biswal et al. showed that
spontaneous fluctuations of the BOLD signal in the left somatomotor cortex were
specifically correlated with spontaneous fluctuations in the right somatomotor
cortex and with medial motor areas without overt motor behaviour being present.
By means of functional connectivity analysis this finding was replicated several
times and more networks were indicated. Generally it appeared that the regions
that are similarly modulated by various task-paradigms are also correlated in their
spontaneous BOLD activity (Fox and Raichle, 2007, Smith et al., 2009). These
networks are referred to as resting state networks (RSNs) or intrinsic connectivity

networks (ICNs) (Beckmann et al., 2005, Buckner, 2012). RSNs have spatially
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similar characteristics between subjects and are seen in BOLD fluctuations
between 0.01 and 0.1 Hz (Beckmann et al., 2005, Smith et al., 2009). Different
networks that have opposing functionality also are anti-correlated in their
spontaneous BOLD activity (Fox and Raichle, 2007). The notion that the
spontaneous variations of BOLD activity remain present during task performance
might be the explanation of the intra individual differences that are seen during
event-related BOLD measurements. It might even be contributing to the inter-trial

variability in human behaviour (Fox and Raichle, 2007).

This makes resting state activity a very important area of study. The relationship
between brain and behaviour and especially the possible explanation of
differences in behaviour could have a huge added value in the investigation of
pathologies that are currently diagnosed based on behavioural criteria. This
currently includes all psychopathologies that are described in the DSM-IV-TR
(Association, 2000). The study of resting state activity could give insight into
markers which can be an objective aid for diagnosis (Khamsi, 2012). Investigating
resting state activity is also very practical. Since there is no task involved, patients
that have difficulty performing certain tasks do not have to be excluded anymore.
This makes it easier to study infants, children, sedated subjects or subjects with
severe cognitive or physical impairments (Cole et al., 2010). Furthermore, the
different networks can be assessed in one scanning session relieving the burden
for the patient during testing (Smith et al., 2009). In different pathologies already
disturbances in the correlation structure of the different networks have been
found. These include Alzheimer’'s disease, multiple sclerosis, depression,
schizophrenia, ADHD, autism, epilepsy, and spatial neglect following stroke (Fox
and Raichle, 2007, Pievani et al., 2011, Buckner, 2012). In depression for example,
a diminished connectivity between one area of the default mode network and
areas that regulate emotions is found (Raichle, 2010). Besides diagnostic
information it might also be possible to obtain prognostic information and obtain
more insight into disease causes and treatment strategies (Raichle, 2010).
However, when considering the option to implement measures of resting state
brain activity in clinical practice, using fMRI might be not the most practical
approach. Using a technology like near- infrared spectroscopy (NIRS) could be a
preferable option since it is lightweight, portable, inexpensive to purchase and

use compared to fMRI, and can be used at the bedside making it suitable for all
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lines of healthcare (Lu et al., 2010, Mesquita et al., 2010). As yet, NIRS has not
been used on a regular basis to investigate the brain in a resting state. Over the
last 5 years a hand full of studies have been conducted in which the NIRS
technology, either with or without supporting neuroimaging techniques like fMRI
and EEG, has been investigated for potential use in researching RSNs (for
examples see (Lu et al., 2010, Mesquita et al., 2010, Sasai et al., 2011, Sasai et al.,
2012, White et al., 2009, Zhang et al., 2010). The results seem promising although
more research needs to be conducted before connectivity analysis of resting state

NIRS data can be implemented as a clinically valuable tool.

From that perspective one should note that it is not just connectivity that can be
derived from resting state and tell something valuable about brain functioning or
distinguish between pathologies. The field of quantitative EEG (QEEG), which uses
profiles of frequency bands, has proven on many occasions that patterns of brain
activity seen in psychopathologies can be differentiated from patterns of brain
activity in healthy people (for a review see (Coburn et al., 2006). Furthermore,
different patterns of brain activity are seen in different psychopathologies. In
ADHD for example an increased theta/beta ratio is a marker that distinguishes
children who have or do not have the disorder with a sensitivity and specificity of
respectively 86% and 98% (Monastra et al., 1999). In depression the frontal alpha
asymmetry in which higher amplitudes of alpha wave activity are displayed in left
frontal brain areas compared to right frontal areas is the distinguishing pattern
(Davidson, 1992, Davidson, 1998, Putnam and McSweeney, 2008). Findings like
this make (Q)EEG suitable for investigating brain function and developing

biomarkers based on brain activity.

As with NIRS, EEG (or QEEG) has the advantage of being low cost and portable
makes it highly suitable for clinical use (Kaiser, 2005). Especially the combined use
of EEG and NIRS in investigating brain activity at rest could create more insight in
the underlying mechanism of neural activity and energy metabolism. In order to
determine failing aspects in this symbioses in (psycho)pathologies, one first
should have insight in the neural vs. oxygenation relationship in healthy working

brains.

When resting state activity is considered, researchers adopt different protocols.
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For some it is evident that resting state activity should be measured in a condition
in which the eyes are closed. Others also speak of resting state activity when the
subject is doing nothing with eyes open. From EEG research we know that during
a resting state condition with closed eyes alpha wave activity occurs over the
occipital cortex. Upon opening the eyes this alpha wave subsides due to the visual
input the occipital cortex has to process (Pfurtscheller et al., 1994). Moosmann et
al. (2003) investigated changes in the occipital EEG alpha rhythm upon opening
and closing of the eyes together with changes in fMRI and NIRS. In their study the
combination of alpha and Hbb (N=4) resulted in a strong positive correlation at a
delay of about 8 seconds. As an extension of their work and in an attempt to
better understand the coupling between EEG measures and oxygenation
parameters during resting state, this chapter will explore the difference in resting
state activity of the occipital (visual) cortex between eyes open (EO) and eyes
closed (EC) in a sample of 38 healthy adults. Changes in alpha wave activity are

compared to changes in HbO, as well as Hbb concentrations.

3.1.2 Investigating the QEEG

When investigating the brain’s underlying mechanisms of functioning and possible
symbioses between direct electrical activity and indirect metabolic activity,
limiting the investigation to one parameter in the electrical domain, could be
insufficient. As was pointed out in chapter one, quantitative EEG (QEEG) research
usually investigates multiple frequency bands (Kaiser, 2005). Therefore the alpha
band is not the sole band that is investigated in research regarding either EO or EC
resting state activity. Changes in other bands have been reported as well. For
example, Barry et al. (2007) have reported average changes in frequency bands
between EO and an EC resting conditions in adults in which they found that during
EC conditions delta, theta, alpha and beta activity were generally higher
compared to EO conditions. The only exception here was the beta activity (which
they defined between 13.5 and 25 Hz), that did show an increase upon opening
the eyes in the frontal region despite the fact that the general pattern showed a
decrease during EO conditions. The findings on delta, theta are perfectly in line
with previous research that has coupled delta and theta activity to attention and
alertness (De Gennaro et al., 2007, Braboszcz and Delorme, 2011). When a
subject’s attention or alertness decreases, for example when the mind wanders

from a task that was assigned or because of sleepiness, the magnitude of the
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delta and theta bands increases. Since the mere action of opening the eyes
increases a subject’s alertness, it is expected that the opening of the eyes also
causes the delta and theta activity to subside. The changes in alpha activity are
also straightforward. An increase in alpha wave activity has been described as the
idling state of the brain (Kaiser, 2005), which would be seen upon closing the
eyes. The findings of Barry et al. (2007), on the beta activity, are actually more
unexpected as the beta activity of the neocortex has been related to top-down
cognitive processing (Okazaki et al., 2008, Iversen et al., 2009). Therefore in this
chapter it is assumed that that when the eyes are opened and the visual cortex
starts to process information, the beta activity will go up instead of down. These
hypotheses will be investigated in this chapter when the differences between
blocks of EO and EC are compared for the delta, theta, alpha, betal and beta2

frequency bands.

3.1.3 The alpha peak frequency as a measure of general brain functioning

Within the alpha band a separate parameter can be found that can be important
in revealing aspects of general brain functioning, the alpha peak frequency (APF).
The reason why it is assumed that it gives information about general brain
functioning is threefold. First, the APF increases in frequency when a brain
matures. As early as the 1930s it has been described that as a person increases in
age, this is accompanied by an increase in fast wave brain activity and a decrease
in slow wave activity (Smith, 1938, Lindsley, 1939). Together with this increase in
faster activity with age, a change in mean frequency can be observed. In
adolescents and adults the brain’s stationary rhythm of oscillation lies in the alpha
band, usually around 10 Hz, and is visible as a distinguishing peak in the spectrum.
In children this peak is slower and increases in frequency until puberty (Bazanova
and Vernon, 2013). If children display a peak at a slower frequency for too long,
when the dominant slow frequencies are not replaced with the faster frequencies,
their EEG is characterized as having a maturational lag (Clarke et al., 2002). The
maturational lag often is accompanied by difficulties in reading and writing
abilities (Harmony et al., 1995, Becerra et al., 2006). This is in line with reports
that couple the frequency of the APF to speed of information processing
(Klimesch et al., 1996), cognitive performance (Grandy et al.,, 2013a), memory

performance (Klimesch et al., 1993, Richard Clark et al., 2004) and even
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intelligence (Grandy et al., 2013b) which all become better with higher frequency
of the APF.

This link of the APF with cognitive abilities is the second clue for a role in general
brain functioning. As an example Klimesch et al. (1993) have found that in an age
matched sample, subjects that perform better on a memory task display an APF
that is 1 Hz higher than the APF of subjects that perform less well. Along with the
other evidence, this gives rise to the notion that when the APF could be
influenced or trained to reach a higher frequency this would positively influence
information processing speed and cognitive performance. In order to test this,
Klimesch et al. (2003) stimulated the individual APF with repetitive transcranial
magnetic stimulation (rTMS) during a resting condition in two groups and
measured the improvement on a mental rotation task. In the first group the APF
was stimulated 1Hz above the individual APF and in the control group the APF was
stimulated 3 Hz under the individual APF or at 20 Hz (beta frequency). They found
that only in the individual APF +1 group the accuracy of the mental rotation task
increased. The very same task was used by Hanselmayr et al. (2005) however, the
method chosen to influence APF was neurofeedback in which the goal was to
increase upper alpha power (individual APF + 2 Hz). The control group had to
decrease their theta power (individual APF -6 Hz). The subjects that were able to
enhance their upper alpha during the neurofeedback sessions were the only ones

who increased their performance on the mental rotation task.

The third and last reason why APF could be linked to general brain functioning can
be found in the field of brain deterioration. While the APF increases when people
mature, the APF is also known to drop again as we get older. Bazanova and
Vernon (2013) report this drop to commence after 40 years of age. Duffy et al.
(1984) report the frequency of the APF to be stable between 30 and 50 years of
age and found a drop in APF in the age group between 60 and 80 years of age
(Klimesch, 1999). A linear relationship between APF and age (in the 20 to 70 year
old band) which can be summarized in the formula APF = 11.95 — 0.053 X age
is even reported (Richard Clark et al., 2004). So despite the lack of agreement on
the exact onset, research agrees that when the brain ages the APF decreases
again. The decrease in APF is also seen, independent of age, when people suffer

from different forms of dementia, like Alzheimer’s disease (Moretti et al., 2004,
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Chen et al., 2013) but also immediately after stroke (Jordan, 2004). The decline in
cognitive abilities that is reported with progressing age and in the aforementioned
pathologies is again a feature that is congruent with the relationship that is found

between APF and cognition.

Because the APF is a key feature in the spectrum and can give us so much
information on brain functioning, the APF will be explored in this chapter as well.
Since the participants are healthy adults, the focus of this investigation will lie in
the stability of the APF. Supposedly the APF is stable across hemispheres and
between eyes open and eyes closed conditions (Grandy et al., 2013b). Therefore it
is hypothesized in this chapter that no differences will be discovered between
eyes open and eyes closed conditions and that no changes will be seen over the

time course of the measurement conducted in this study.

3.1.4 Investigating NIRS time series

In EEG and QEEG it is very common to use spectral analysis to determine the
oscillations that are present within a signal. It is the way the spectral bands
described above are found and the analysis that is needed to find the APF. For
EEG, Klimesch (1999) defines an oscillatory component by the presence of
rhythmic activity in the EEG, which is manifested by a peak in spectral analysis. In
essence spectral analysis is not limited to EEG. It can be conducted on any time
series that contains oscillations. As such, it is used to break down music but also in
other neuroscientific measurements like MEG spectral analysis is common (for a
review see (Hari and Salmelin, 2012)). In research that investigates brain activity
by NIRS, spectral analysis of the obtained time series of concentration changes, is
less common. Usually the key features of interest are the concentration changes
of HbO, and Hbb between a baseline and a task and the NIRS technique is used to
obtain an image of these changes (for a review see (Obrig and Villringer, 2003)).
However, spectral analysis in NIRS time series can give valuable information. It is
an important tool in defining noise. As is pointed out in chapter two, instrument
noise is defined as noise high in frequency whereas physiological noise like heart
rate and respiration are in the low frequency domain and much more in the part
of the spectrum where the changes of interest are expected (Boas et al., 2004,
Huppert et al., 2009). Furthermore, resting state research has reported the

occurrence of slow oscillations in fMRI BOLD as well as NIRS signals that can be
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interconnected in resting state networks (Fox and Raichle, 2007, Lu et al., 2010,
Sasai et al., 2011). Therefore, in this study a spectral analysis will be applied to the
HbO, and the Hbb time series in order to determine whether oscillatory
properties can be found in these signals over the O1 and 02 location. Naturally
the more common concentration changes in HbO, and Hbb between EO and EC
blocks will be investigated as well. As clarified in chapter one, an increase in
neural activity is fuelled by glucose and oxygen metabolism (Irani et al., 2007).
Therefore, a brain region that is more active is expected to show higher
concentrations of HbO, and lower concentrations of Hbb. Over the visual cortex
this was also found by Moosman et al. (2003) who reported an increase in HbO,
concentrations with closed eyes and a decrease in Hbb when the eyes were open.
This leads to the hypotheses for the study in this chapter that during EO blocks
the concentrations of HbO, and Hbb are respectively higher and lower when

compared to EC blocks.

3.1.5 A summary of the investigated hypotheses

In this chapter a study will be conducted in a sample of 38 healthy adults under
eyes open and eyes closed conditions. Various aspects of the EEG and NIRS
measurements over the occipital cortex will be explored. First, a static analysis will
be performed on the EEG frequency bands delta, theta, alpha, beta 1 and beta 2
in order to determine whether there are differences between the EC and EO
blocks. The hypothesis being that slower frequency bands (delta, theta and alpha)
are higher during EC conditions whereas the faster bands (beta 1 and beta 2) are
lower compared to EO conditions. Second, the APF will be determined and it will
be investigated whether there are changes between the EC and EO blocks.
Hypothesized is that this measure is stable between conditions and over time.
Third, the differences between blocks in HbO, and Hbb concentration will be
analyzed. It is expected that during EC conditions the concentration of Hbb will be
higher compared to EO conditions. For HbO, concentrations the opposite is
expected and higher HbO, concentrations should be found during EO blocks.
Fourth, a spectral analysis will be used on the HbO, and Hbb time series in order
to investigate potential rhythmical oscillations. No hypothesis is formulated for
this exploration. Last, the changes in alpha activity will be correlated against the

changes in Hbb and HbO, in order to reveal underlying relationships. For this
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analysis it is expected that alpha activity correlates positively with Hbb

concentrations and negatively with HbO, concentrations.

3.2 Methods

3.2.1 Subjects

In this study 38 subjects (21 female) were measured with EEG and NIRS
simultaneously. In the original dataset 43 subjects were measured. However, the
data of 5 subjects had to be discarded on inspection of data due to poor signals
and high levels of noise. The mean age of the remaining population was 37.74
years (range 19-60). The exploratory nature of this research entailed the
uncontrolled recruitment of subjects for this study, therefore no age restrictions

other than over 18 years of age were applied.

Participants visited the laboratory on a single occasion. The testing procedures
were explained and participants were offered the opportunity to ask questions
before signing consent. The study was approved by the University ethics
committee (070300) in accordance with the standards of the Declaration of
Helsinki. A questionnaire was presented to the participants before testing, ruling
out any neurological, psychopathological or vascular disease as well as the use of
any medication that might affect the EEG or NIRS activity. After completing the
questionnaire the measuring equipment was mounted on the head and

participants were seated comfortably in front of a computer screen.

3.2.2 Paradigm

The testing paradigm constituted of a 5 minute measurement in which the
subjects were asked to open and close their eyes and maintain this position for 30
second episodes. Two paradigms were evenly distributed between the subjects.
Paradigm A started with an episode of eyes open as displayed in figure 3.1,
paradigm B started with eyes closed and can therefore be seen as the reverse of

paradigm A.
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Figure 3.1 The experimental paradigm (paradigm A). Episodes with eyes open are indicated
with a light blue colour and the letters EO, eyes closed episodes are indicated with the

letters EC and a dark blue colour.

During the episodes in which the eyes were open subjects observed a “test
screen” picture on a computer screen (figure 3.2). This picture was chosen to

ensure a controlled visual stimulation task among all subjects.

Figure 3.2 The test screen picture that was presented to the subjects on the computer

screen in the eyes open blocks.

3.2.3 Equipment

EEG and NIRS measurements were performed simultaneously over the 01 and 02
location of the 10-20 EEG locations system (Jasper, 1958) as depicted in figure 3.3
with the reference electrode placed at the vertex (Cz). EEG was recorded with a
BIMEC (Maastricht Instruments B.V. Maastricht, the Netherlands). The BIMEC is a
universal biopotential amplifier that is able to record signals between -1000 and
+1000 mV. A 20-bit AD-conversion is used to digitize the analogue input signals. In
order to measure EEG a gain of 200 and a sample frequency of 250 Hz was used.
The data were filtered by a 4™ order Butterworth high pass and low pass filter
embedded in the amplifier with their cut off values set at 0.5 and 50 Hz and their
roll off values being -24dB. Additionally the amplifier was equipped with a 50 Hz

notch filter. Last a 7" order Butterworth low pass filter with a cut off value of 32
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Hz and a roll off value of -42 dB was embedded in the data acquisition software
(BMC Acquisition Software, Biometrisch Centrum B.V., Gulpen) ensuring clean
data between 0.5 and 32 Hz, the bandwidth of interest. The NIRS measurements
were conducted with one transmitter and one receiver over both locations
(OXYMON Mk I, Artinis B.V. Zetten, the Netherlands) (figure 3.3). The
transmitters were equipped with semiconductor, pulsed laser diodes, which used
nominal wavelengths of 855 and 780 nm. The detectors were avalanche photo
diodes which had a special optic filter to filter out daylight. The signal was
sampled at 25 Hz. Sampling at 25 Hz is quite high for NIRS measurements, but
since multimodal measurements were conducted, sample frequencies for both
modalities were chosen in a way that allows easier comparison in a later stage of

data processing.

Figure 3.3 The electrode and optode positioning in the 10-20 system for electrode
positioning. On the left hand side a schematic representation is shown. The electrodes are
represented as black dots, whereas the transmitters and receivers are depicted in red and
blue dots respectively. On the right hand side, one of the subjects demonstrates the
electrode and optode positioning in which the upper picture shows the electrodes and the
lower picture shows how the optode holder is placed over the electrodes and secured with

a Velcro strap.
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3.2.4 Experimental procedure

A schematic representation of the experimental setup is provided in figure 3.4.
The participants were seated in a comfortable chair on approximately 1 m
distance from a computer screen. This screen was attached to the laptop of the
experimenter in order to display the test screen (figure 3.2). First the Cz, 01 and
02 positions were determined according to the 10-20 EEG locations system
(Jasper, 1958) by means of a measuring tape and a dermographic pencil. The skin
on these locations was gently abraded with a cotton tip soaked in NuPrep (D.O.
Weaver & Co, Aurora, USA). The residual NuPrep was removed from the skin with
a cotton pad and the Ag/AgCl electrodes (cable length 1 m) were attached to the
scalp by means of Ten20 conductive paste (D.O. Weaver & Co, Aurora, USA).
Impedances were measured and ensured to be below 10 kQ. The EEG amplifier
was attached to the laptop that also displayed the picture on the computer

screen.

The optodes were then placed over the electrodes on the O1 and 02 locations
(figure 3.3) by means of optode holders. The optode holders allowed the
transmitter and the receiver to be securely screwed into place at an inter optode
distance of 35 mm. The optode holders were fastened with help of Velcro straps
after ensuring as little hair as possible was between the optode and the scalp.
When necessary the hair was pushed aside with help of the back of a cotton tip. In
order to reduce the amount of noise from movement the optic fibres, the 315 cm
long fibres were led away from the subject by hanging them from a hat stand.
From here the optic fibres were led to the OXYMON Mk Ill. This device was
attached to a second laptop, operated by the experimenter. After checking the
signal quality on both devices, the paradigm was started. The entire paradigm was
measured as one measurement that lasted 5 minutes. Every switch from EO to EC
and vice versa was indicated by a marker which was registered by both laptops.
The experimenter was facing the subject constantly sideways in order instruct the

subject and to verify compliance to the paradigm.
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Figure 3.4 Schematic representation of the experimental setup. The participant (A) is
guided by the experimenter (B) while watching the computer screen (C). The computer
screen and the EEG device (D) are attached to laptop 1 (F) and the NIRS device (E) is
attached to laptop 2 (G). The hat stand (H) leads the optodes (I) towards the NIRS device.

The electrodes (J) are attached to the EEG device.

3.2.5 Data analysis
3.2.5.1 Spectrum content EEG

In order to calculate the shares of delta, theta, alpha, beta 1 and beta 2 activity in
the EEG data, the Fourier Transform was used. The specific waves were defined in
the spectrum as follows: delta 0.5-3.5 Hz, theta 3.5-7.5 Hz, alpha 7.5-12 Hz, betal
15-20 Hz, beta2 20-32 Hz. The spectrum content was calculated over the second
half of every block for both locations and every participant separately. Hereto the
FFT was calculated over the entire 15 seconds of data at once, resulting in a
magnitude spectrum with 0.5 Hz bins as provided by the BMC Acquisition
Software that is used together with the BIMEC. Examples of spectral plots are
given in figure 3.7. In order to obtain the magnitude for a given frequency band of
this block of data, the magnitudes in uV of all 0.5 Hz bins falling in the range of the
given frequency bands were added up. The alpha magnitude for instance was
found by adding the magnitudes of the bins at 7.5, 8.0, 8.5, 9.0, 9.5, 10.0, 10.5,
11.0, 11.5 and 12.0 Hz. The second halves of the blocks were chosen because in a
later phase of the data analysis the EEG data are going to be linked to the NIRS
data. As the hemodynamic response that is measured by NIRS is known to have a
delay (Moosmann et al., 2003), discarding the first half of every block (15s) avoids
transient features in the data and it is ensured that a more representative profile
of brain activity is given. The values that are analysed are absolute values from the
magnitudes of the frequency bands. Absolute rather than relative EEG values are

chosen because when changes in relative values are seen, it does not necessarily

78



mean that a change is seen in that band alone because it can also arise from a

change in the other bands (Barry et al., 2007).

Comparisons between eyes open and eyes closed blocks are made by means of a
repeated measures ANOVA for every frequency band separately. The analysis has
two within-subject factors, the first being “block” which has 5 levels (block 1,
block 2, block 3, block 4, and block 5) and the second factor being “condition”

which has 2 levels (eyes open, eyes closed).

Block | EEG O1 EEG 02 Alpha O1 | Alpha 02 | NIRSO1 | NIRS 02
EO1 - - - - 2,20,33 | 26,33
EO2 3, 20, 24, | 24 3, 20, 24, | 24 2,20,33 | 26,33
39,42 39
EO3 - - - - 2,20,33 | 26,33
EO4 - - - - 2,20,33 | 26,33
EO5 - 12 - - 2,20,33 | 26,33
EC1 3,4,12, - 37 - 2,20,33 | 26,33
13, 20, 24,
37
EC2 5,12, 13, | - - - 2,20,33 |9,26,33
24, 37,39
EC3 3, 24,37 3, 4, 12, - 37 2,20,33 |9,26,33
13, 15, 20,
24,25, 37,
39,42
EC4 3,13,37 3 37 - 2,20,33 | 26,33
EC5 3,37 3, 4, 24,37 4,37 2,20,33 | 26,33
37

Table 3.1 Summary of the outlying data for the EEG, the alpha band used for alpha peak
frequency (APF) analysis and the NIRS measurements. For every measurement location,
left visual cortex (01) and right visual cortex (02), the outliers were evaluated separately.
The different blocks for eyes open (EQ) and eyes closed (EC) are displayed in the rows. For
each block the subject numbers of the participants that showed outlying data are reported

in the cells.

79



Before statistical comparison of the blocks was initiated, the data were checked
on outliers. Hereto the skewness and kurtosis of the obtained magnitudes were
analysed (Howell, 2011). If the group value per frequency band did not fall within
the -2 to 2 range, the histogram plot was inspected to determine the outlying
subject. The EEG data of this subject were then explored in order to identify
whether the signal was noisy and needed to be excluded. After exclusion the
analysis cycle was repeated until skewness and kurtosis were within the accepted

range. The eliminated blocks for every subject are displayed in table 3.1.

3.2.5.2 Alpha peak frequency
The APF was determined for every subject separately for both the O1 and 02
location for every second half of each block (similar to the procedure with the
frequency bands). This was done by searching the interval from 7.5 to 12.0 Hz in
0.5 Hz steps for the frequency range with the highest power. From the outlier
analysis it was determined which subjects showed outlying values in the alpha
band due to artefacts (table 3.1). In order to avoid a distortion of the APF from

these artefacts these blocks of data were also omitted in the APF analysis.

Since the APF was determined in 0.5 Hz steps, the resolution of the findings is not
a continuous but an interval variable. Besides, the values that are found during a
procedure like this will not have a normal distribution. Therefore, it would be
inappropriate to use a repeated ANOVA analysis as was used in the frequency
band analysis. To investigate whether the APF was in fact stable between
measurements the nonparametric counterpart of the ANOVA analysis was chosen
and performed separately on the data of the O1 and 02 location; Friedman’s test.
As Friedman’s test tests the hypothesis that all measurements originate from the
same population, all 10 blocks are tested in one analysis. In order to investigate
whether there were differences between the blocks from one condition, separate
Friedman tests were also performed on the 5 blocks measured with eyes open

and the 5 blocks measured with eyes shut for both the O1 and the 02 location.

Next to the establishment of the APF it was investigated whether there were
differences in the way the APF presented itself in the spectrum. Hereto, the width
of the APF was determined by considering the first and last bins that belonged to

the alpha peak and were distinctive from the background of the spectrum. For this
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aspect the entire 5 min interval was evaluated separately for the O1 and 02

location.

3.2.5.3 NIRS concentration changes
The raw NIRS data were transformed into graphs displaying the concentration
changes of HbO, and Hbb (Cope and Delpy, 1988, Delpy et al., 1988). As described
in chapter 2, these time series were detrended and next band pass filtered to
remove slow drift and instrumental noise in the signal. The detrending was

performed according to the following formula:

() = %O — (x(B) = (@) * s~

= _— —_ E3 —_— -

y X X x(a ((b ~ ) 2)

In which y(t) is the detrended signal, x(t) is the original signal of which the linear
trend (x(b) — x(a)) * (ﬁ — %) is subtracted. The terms a and b specify the

interval of the signal. The band pass filter was a Fourier filter with the borders set

at 0.01 and 0.5 Hz.

Next, the average concentration of HbO, as well as Hbb was calculated over the
second half of every block for every participant on both locations. Only the second
halves were taken into account because of the delay of the hemodynamic
response, this way transient features were avoided and it was ensured that steady
state values were taken into account (Uludag et al., 2004a). Then the data were
checked for outliers using the same procedure as described above. Data from
subjects that displayed outliers due to noise were subsequently removed before
statistical analysis was undertaken (table 3.1). The statistical comparisons
between eyes open and eyes closed blocks was done in a similar fashion as was
done for the EEG frequency bands. A repeated measures ANOVA with two within-
subject factors, “block” (5 levels) and “condition” (2 levels) was conducted

separately for the HbO, and Hbb concentrations.

3.2.5.3 Spectrum content NIRS
Before the spectral analysis was undertaken, it was evaluated whether the HbO,
and Hbb time series displayed good or poor signal quality. Signal quality was
evaluated based on the paradigm induced response that was seen and the
strength of this response. When a strong response was seen in all repeats, strong

meaning a change of 2 SDs or more from baseline, the quality was marked as
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“good”. When the concentration change showed a response that was faint for
some repeats or inconsistent, the signal was marked as “medium”. When no
response (under 2 SD change from baseline) or only noise was observed, the
quality was marked as “bad”. “Good-medium” or “medium-bad” qualifications
were given to signals that fell in between two other qualifications. These
qualifications were then used to divide the sample in a good-quality and a poor-
quality group which were used in later stages of analysis to verify whether certain
results are influenced by signal quality. All signals that were marked as “good”,
“good-medium”, or “medium” were taken together in the good-quality group and
the “medium-bad” and “bad” classifications were taken together in the poor-

quality group.

In order to investigate the spectrum of the NIRS signals a Fourier analysis was
applied. The spectrum that was given had a resolution of 0.05 Hz which is more
precise then the previously reported EEG spectrum. This was chosen mainly
because the analysis was explorative and because the range that was explored is
much smaller than it is for EEG (0.01-0.5 Hz vs. 0.5-32 Hz). Peaks that occurred in
this spectrum were noted down for HbO, and Hbb for every location (01 and 02)
separately. Then it was evaluated whether the peaks that were observed were
common between subjects and whether a difference between the good-quality

group and the bad-quality group was seen.

3.2.5.5 Correlating EEG and NIRS
Last a correlation analysis was performed in order to establish possible
correlations between the alpha activity and HbO, or Hbb concentrations. For the
correlation analysis, the data from the second halves of the blocks was used as
well, with the outlying data removed (N=31 for O1, N=32 for 02). The data from
the eyes open blocks were averaged together for every subject as well as the data
from the eyes closed blocks per location before Pearson Correlations were

determined.

3.3 Results

3.3.1 Spectrum content EEG
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The repeated measures ANOVA's revealed that for all frequency bands, except
theta, there was a significant main effect for condition on both the O1 and 02
locations. The results are summarized in table 3.2 and figure 3.5.
In the EO condition there was significantly more delta activity present (O1
p=0.000, 02 p=0.000). In the EC condition the amounts of alpha (01 p=0.000, 02
p=0.000), betal (O1 p=0.000, 02 p=0.000) and beta2 activity were increased
compared to the eyes open condition. For the beta 2 activity additionally a
significant interaction effect (Block x Condition) was observed on both the 01
(p=0.005) and 02 (p=0.023) location indicating that the difference between both

conditions increases over time (Fig. 3.6).
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Figure 3.5 EEG frequency band results. The difference between the amount of activity in
eyes open (EO) and eyes closed (EC) conditions with their standard deviations are
displayed. The difference in theta activity was not significant for both the left visual cortex
(01) and right visual cortex (02). Differences marked with an asterisk (*) indicate a

significance with a p value < 0.001.
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01 Effect F - value p-value | partialn’> | Correction
Delta Main, block (3.003, 84.094) 0.808 0.011 yes
0.325
Main, condition* | (1,28) 23.122 0.000 0.452 no
Interaction (4,112) 0.692 0.599 0.024 no
Theta Main, block (2.939, 82.286) 0.423 0.033 yes
0.941
Main, condition (1,28) 0.680 0.417 0.024 no
Interaction (3.020, 84.567) | 0.446 0.031 yes
0.898
Alpha Main, block (4,112) 1.203 0.314 0.041 no
Main, condition* (1,28) 29.323 0.000 0.512 no
Interaction (2.840, 79.516) 0.858 0.009 yes
0.240
Beta 1 | Main, block (4,112)0.235 0.918 0.008 no
Main, condition* (1,28) 35.761 0.000 0.561 no
Interaction (4,112) 1.007 0.407 0.035 no
Beta 2 | Main, block (2.567, 71.867) 0.215 0.052 yes
1.547
Main, condition* (1,28) 29.722 0.000 0.515 no
Interaction* (4,112) 3.995 0.005 0.125 no
HbO, Main, block (2.366, 80.442) | 0.073 0.070 yes
2.576
Main, condition* (1,34) 25.211 0.000 0.426 no
Interaction (2.547, 86.601) | 0.076 0.068 yes
2.474
Hbb Main, block (2.561, 87.070) 0.682 0.013 yes
0.458
Main, condition* (1,34) 18.482 0.000 0.352 no
Interaction (2.001, 68.025) 0.276 0.037 yes
1.312
02 Effect F - value p-value | partialn’> | Correction
Delta Main, block (3.163, 85.400) 0.679 0.019 yes
0.520
Main, condition* (1,27) 30.200 0.000 0.528 no
Interaction (4,108) 0.411 0.800 0.015 no
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Theta | Main, block (2.840, 76.672) | 0.537 0.026 yes
0.718
Main, condition (1,27) 1.977 0.171 0.068 no
Interaction (2.892, 78.080) | 0.251 0.049 yes
1.395
Alpha Main, block (4,108) 0.843 0.501 0.030 no
Main, condition* | (1,27) 33.696 0.000 0.555 no
Interaction (4,108) 0.532 0.712 0.019 no
Beta 1 | Main, block (2.880, 77.750) 0.844 0.010 yes
0.264
Main, condition* (1,27) 30.836 0.000 0.533 no
Interaction (4,108) 0.391 0.815 0.014 no
Beta 2 | Main, block (4,108) 1.220 0.306 0.043 no
Main, condition* (1,27) 34.626 0.000 0.562 no
Interaction* (4,108) 2.961 0.023 0.099 no
HbO, Main, block (2.582, 87.775) 0.069 0.070 yes
2.563
Main, condition* (1,34) 16.821 0.000 0.331 no
Interaction (2.447, 83.186) | 0.533 0.020 yes
0.689
Hbb Main, block (2.070, 70.392) 0.166 0.051 yes
1.835
Main, condition* (1,34) 7.857 0.008 0.188 no
Interaction (2.210, 75.140) 0.784 0.008 yes
0.272

Table 3.2 Details of the repeated measures ANOVAs that were performed on the different
frequency bands within the EEG and the oxygenated haemoglobin (HbO,) as well as the
deoxygenated haemoglobin (Hbb) concentrations from the NIRS data. The upper part of
the table displays the results from the left visual cortex (01) and the lower part the right

visual cortex (02). Effects marked with an asterisk (*) are effects that were significant.
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Figure 3.6 The significant interaction effect that was found for the beta 2 activity on both
the left (0O1) and right visual cortex (02). The left panel displays the activity measured on
the O1 location the right panel the O2 location. The dark grey line indicates the eyes open
(EO) condition whereas the light grey line represents the eyes closed (EC) condition. As

time increases, the lines move further apart.

3.3.2 Alpha peak frequency

Friedman’s test revealed that the APF varied significantly between the different
blocks when all ten blocks were taken into account; O1: x*(9, N=33) = 28.034, p =
0.001, 02: x*(9, N=35) = 27.995, p = 0.001. When evaluating the results within the
separate conditions, eyes open and eyes closed, the overall variations seemed
due to differences between the conditions rather than differences within the
conditions. For the O1 location the EO blocks show variation in APF between the
different blocks: x*(9, N=34) = 12.000, p = 0.017. In the EC blocks however, there is
no significant variation visible: x*(9, N=37) = 5.088, p = 0.278. On the 02 location
no significant variation is seen in either condition separately: EO: x*(4, N=37) =

9.208, p = 0.056, EC; X*(4, N=36) = 2.418, p = 0.659.

In order to support the claim that a significant variation is seen between the two
conditions, the average APF of EO and EC was calculated per person for both 01
and 02 and a Wilcoxon signed ranks test was used to investigate differences. This
also showed a significant difference for both O1 and 02 between the conditions
EO and EC in which it appears that the APF is lower during the EC blocks; O1 (z =
2.622, N-Ties= 19, p = 0,009), 02 (z = 2.618, N-Ties= 22, p = 0,009). When the
individual subjects are examined however, it appears that these results occur
because of a limited number of subjects and that these subjects do not show a

drop on every transition from EO to EC as detailed below.

For the O1 location 33 subjects remained in the sample after outlier correction,
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with 10 blocks in the paradigm, 5 comparisons per subject are made, giving 165
comparisons in total. Of the 33 subjects, 18 showed no variation of the APF. In the
remaining sample of 15 subjects, 3 showed a lower APF in all EC blocks and 10
others showed lower APF in some EC blocks. The remaining subjects even showed
higher APF in some EC blocks. How much this change was both in positive and
negative directions is summarized in table 3.3a. Out of the 165 comparisons that
are made only 38 show a lower APF in an EC block is. When changes are found
however, they are often 1.0 Hz in size or larger. For the 02 location the summary
of results can be found in table 3.3b which are quite similar. On this location 35
subjects remained in the sample after outlier correction which leads to a total
number of 175 comparisons. Out of 35 subjects, 15 showed a stable APF over all
blocks. Out of the remaining 20 subjects, 2 participants showed a lower APF in all
EC blocks and 14 showed a lower APF in some EC blocks. The remaining 4
participants even showed a higher APF in some EC blocks, and one of them
showed this in all EC blocks. So out of 175 comparisons only 42 give rise to a lower

APF in an EC block. Again, changes were often 1.0 Hz in size or larger.

A. 01 Stable 05Hz |10Hz |1.5Hz 2.0Hz Total
Stable 118 - - - - 118
EC lower - 9 14 10 5 38
EC higher - 2 5 1 1 9
Total 118 8 19 11 6 165

B. 02 Stable 0.5Hz | 1.0Hz | 1.5Hz | 2.0Hz | 2.5 Hz | Total
Stable 122 - - - - - 122
EC lower - 11 16 9 2 4 42
EC higher - - 7 2 2 - 11
Total 122 11 23 11 4 4 175

Table 3.3 Results of the individual alpha peak frequency comparisons, split in 0.5Hz step
changes. In total 165 comparisons are made for the location over the left visual cortex (0O1)
which are displayed in the upper part of the table and 175 for the location over the right
visual cortex (02) which is displayed in the lower part of the table. This difference was due

to outliers.
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When investigating differences in the presentation of the APF in the spectrum a
distinction into four different types of peaks could be made (figure 3.7): A. a
narrow base and a low magnitude peak, B. a wide base and a low magnitude
peak, C. a narrow base and a high magnitude peak, and D. a wide base and a high
magnitude peak. When a higher magnitude of the APF is seen the base of the

peak was automatically wider.
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Figure 3.7. The four different types of APF. A: Narrow base, low magnitude, B: Wide base,

low magnitude, C: Narrow base, high magnitude, D: Wide base, high magnitude. The x-
and y-axis values of the four displayed spectra are kept constant, the horizontal axis
displays the frequency from 0 on the left up until 35 on the right, the vertical axis displays
the magnitude of the bins ranging from 0 uV at the base to 10 uV at the top. The bins have

a resolution of 0.5 Hz, so each bin indicates an increment of 0.5 Hz on the horizontal axis.

3.3.3 NIRS concentration changes

The repeated measures ANOVAs revealed that for the HbO, as well as the Hbb
concentrations there was a significant main effect for condition on both the 01
and 02 locations. The results are summarized in table 3.2 and figure 3.8.
In the EO conditions the concentration HbO, was significantly higher compared to
the EC conditions (01 p=0.000, 02 p=0.000). In the EC conditions the
concentration Hbb was significantly higher compared to EO conditions (01
p=0.000, 02 p=0.008). No significant main effects were found for block, neither

could significant interaction effects be found.
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Figure 3.8 NIRS concentrations results. The differences in concentration between eyes open
(EO) and eyes closed (EC) conditions with their standard deviations are displayed for the
oxygenated haemoglobin (HbO,) and deoxygenated haemoglobin (Hbb) concentration
changes on both the left (O1) and right visual cortex (02). Differences marked with an

asterisk (*) indicate a significance with a p value < 0.01.

3.3.4 Spectrum content NIRS

The quality of the time series displaying the concentration changes was
categorized into 5 categories: good, good-medium, medium, medium-bad and
bad, as detailed in paragraph 3.2.4.3. In doing so the data of all subjects were
considered, also the data that had been marked as outlier previously. These
categories were then merged into two larger categories containing good-quality
signals and poor-quality signals (table 3.4). This revealed that a large portion of
the sample (between a half and two thirds) was classified as poor-quality data. It
was seen that the signal quality obtained on O1 was slightly higher than it was on

02.

HbO, O1 Hbb O1 HbO, 02 Hbb 02
N (total) 36 35 34 34
N (good-quality) 17 15 14 13
N (poor-quality) 19 20 20 21

Table 3.4 The number of subjects (N) that fall into each quality category for the time series
measured over the left (0O1) and right visual cortex (02) for both the oxygenated

haemoglobin (HbO,) and deoxygenated haemoglobin (Hbb) concentration changes.
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When the spectra were observed as well, it appeared that 2 subjects in the HbO,
time series of the O1 location, 3 subjects in the Hbb time series of the O1 location
and 4 subjects on both the HbO, and Hbb time series of the 02 location showed
spectra that displayed white noise. White noise is defined as random peaks
through the entire spectrum. These subjects were left out of the sample in this

analysis (as is already visible in table 3.4).

An average of three peaks was seen per subject (minimum 1, maximum 5). Six
separate categories of peaks could be defined with higher magnitudes seen in
lower frequencies. A summary of the peaks and their occurrence is given in table
3.5, an example of a NIRS time series with the corresponding spectrum is given in

figure 3.9.

Peak HbO, 01 Hbb 01 HbO, 02 Hbb 02

fmq UEHCV Ntutal Ngund Npuur Ntotal Nguud Npum Nlulal Ngoud Npoor Ntutal Nguod Npuor

0.01-0.02 .34/2 17/0 | 17/2 | 35/0 | 15/0 | 20/0 | 34/0 | 14/0 | 20/0 | 34/0 | 13/0 | 21/0

0.025-0.04 | 19/17 | 8/9 11/8 | 17/18 | 7/8 10/10 | 16/18 | 8/6 10/10 | 16/18 | 9/4 7/14

0.045-0.06 | 25/11 | 14/3 | 11/8 | 22/13 | 14/1 | 8/12 | 16/18 | 6/8 10/10 | 19/15 | 8/5 11/10

0.065-0.085 | 15/21 | 9/8 6/13 | 10/25 | 2/13 | 8/12 | 15/19 | 7/7 8/12 | 9/25 | 5/8 4/17

0.09-0.11 9/27 | 5/12 | 4/15 | 3/32 | 1/14 | 2/18 | 7/27 | 4/10 | 3/17 | 7/27 | 2/11 | 5/16

>0.11 1/35 | 0/17 | 1/18 | 2/33 | 0/15 | 2/18 | 1/33 | 0/14 | 1/19 | 1/33 | 0/13 | 1/20

Table 3.5. The number of subjects (N) that show peaks in various frequencies in ratios x/y,
the x determining the number of subjects that do display a peak and the y determining the
number of subjects that do not display it. The total N (displayed in the column Ntotal) is
split up into good signal quality (displayed in the column Ngood) and poor signal quality
(displayed in the column Npoor) for both the oxygenated haemoglobin concentration
(HbO,) and the deoxygenated haemoglobin concentration (Hbb) on the left (O1) and right

visual cortex (02).
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Figure 3.9 A NIRS spectrum. The 5 minute time series of the HbO, signal from subject 6 is
shown in the upper panel. The lower panel shows the corresponding spectrum between
0.01 and 0.5 Hz. Three different peaks are seen at 0.015 Hz, 0.06 Hz and 0.08 Hz

respectively.

First of all a peak in nearly all subjects was observed between 0.01-0.02 Hz. The
two subjects that failed to display a peak here were both classified as having poor
signal quality. Furthermore, a peak was observed between 0.025 and 0.04 Hz in
nearly half of the subjects. On the O1 location a difference between the group
with good and poor quality signals was not really seen whereas on the 02 location
the ratios between subjects that did and did not show this peak displayed more

subjects with good quality signals showing this peak.

A larger portion of subjects (nearly two third of the sample on 01 and half the
sample on 02) displayed a peak in their spectrum between 0.045 and 0.06 Hz.
This peak does seem to occur more often in higher quality data compared to

poor-quality data.

One third of the sample displayed a peak in the spectrum between 0.065 and
0.085 Hz. Fewer peaks were seen in the 0.09-0.11 range with less than a quarter
of the sample showing them. These two categories do have in common that no
consistent difference was seen between the occurrence of these peaks and the

quality of the obtained signals.

The last class of peaks were peaks that have a frequency larger than 0.11 Hz. This
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was only seen in a limited number of subjects (3 on O1 and 1 on 02) and all

subjects showed poor signal quality.

The spectral bands that were defined for the EEG signals were analyzed by means
of an ANOVA for differences between the eyes open and eyes closed blocks. Since
only the last 15 seconds of each block were considered in the analysis (to avoid
transient features) it does not make sense to perform this analysis on the NIRS
peaks that are defined here as well. The peaks indicate slow wave changes
between 0.6 and 6.6 times per minute. This is too slow to base solid conclusions

on when only 15 seconds of data are evaluated per block.

3.3.5 Correlating EEG and NIRS
The correlation analysis revealed no significant and only weak correlations
between alpha magnitude and concentrations of either Hbb or HbO, (table 3.6).

Generally this correlation was higher during the eyes closed blocks.

Eyes Open Eyes Closed

Pearson’s r p-value Pearson’sr p-value
Alpha x HbO, 01 | 0.054 0.774 0.278 0.130
Alpha x Hbb 01 0.136 0.467 0.190 0.307
Alpha x HbO, 02 | 0.077 0.676 0.185 0.310
Alpha x Hbb 02 0.032 0.864 0.077 0.677

Table 3.6. Pearson correlations and their p-values for relationships between alpha
magnitude and concentrations of oxygenated (HbO,) and deoxygenated haemoglobin
(Hbb). For measurements over the left visual cortex (O1) 31 subjects remained in the
sample after outlier correction and 32 for the right visual cortex (02). All correlation are

weak and do not approach significance.

3.4 Discussion

The main goal of this chapter was investigating the possibility of simultaneously
measuring neuronal (EEG) and metabolic (NIRS) resting state activity. The
examination of the separate signals was highly exploratory in nature in order to
determine possible parameters that can reveal the relationship between electrical

and hemodynamic aspects of brain functioning. These will be addressed in
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upcoming chapters. A short summary of the results will be given after which it will

be discussed how these results could align with pointers for future research.

First, a static analysis was performed for the EEG frequency bands delta, theta,
alpha, beta 1 and beta 2 in order to determine whether there were differences
between the EC and EO blocks. It was hypothesized that slower frequency bands
(delta, theta and alpha) would be higher during EC conditions whereas the faster
bands (beta 1 and beta 2) would be lower compared to EO conditions. Contrary to
the hypotheses, this analysis resulted in the finding that delta activity was higher
during EO blocks, theta activity did not differ and alpha, beta 1 and beta 2 activity
were higher in EC blocks. Furthermore, the interaction effect for the beta2 activity
indicated that the difference in this band got larger over time. Second, the APF
was determined and it was analyzed whether changes between the measuring
conditions occurred. As it was expected that this measure would be stable, it was
surprising that the analysis showed significant differences between conditions.
Even though this finding was due to a relatively small portion of the sample. As
expected, was the APF stable between blocks of the same condition. Third,
differences in HbO, and Hbb concentrations between EO and EC conditions were
analysed. This showed, as expected, that upon closing the eyes the HbO,
concentration significantly diminishes and the Hbb concentration significantly
heightens and vice versa. These results confirm the hypothesis that during a
resting condition with closed eyes the brain activity of the occipital cortex is

significantly different from a resting condition with open eyes.

Furthermore, the HbO, and Hbb time series were investigated by means of
spectral analysis in order to reveal possible rhythmical oscillations. The first thing
that was noticed was the large portion of data (over one third of the sample) that
was classified as low quality data while only four subjects were classified as
showing white noise. Six separate categories of peaks were defined in the low
frequency part of the spectrum. Finally, in order to replicate the results found by
Moosmann et al. (2003) a correlation analysis was conducted between averages
of alpha wave activity and concentrations of HbO2 and Hbb. These correlations
were low and did not approach significance. Possible causes for this discrepancy

are mentioned below.
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3.4.1 Spectrum content EEG

A significant main effect for four out of five frequency bands was found. During
the EO condition more delta activity was present. During the EC condition alpha,
beta 1 and beta 2 activity were higher. No significant differences were found
between conditions for the theta activity. Furthermore a significant interaction
effect was found for the beta 2 activity, indicating an increase of the difference

between conditions over time.

As described earlier, Barry et al. (2007) found that when EO conditions are
compared to EC conditions it appears that all frequency bands have higher power
in the EC condition. This was not replicated in this chapter. A difference in delta
activity results could be due to eye blinking. Eye blinking occurs only in EO
conditions. The large potential that originates at the front of the head travels by
volume conduction towards the back of the skull where the measuring electrodes
are positioned. The reference electrode is placed on the Cz location and therefore
this potential reaches the reference electrode sooner than the measuring
electrodes, causing the common mode rejection to be unable to filter out this
wave. Because of the volume conduction the potential has decreased in
amplitude, causing this wave to be harder to detect while inspecting the EEG
signal. However, it still heightens the delta frequency band. A filtering procedure
in which these sections of data are omitted could solve this. A disadvantage of
doing so will be found when the timing aspects of the EEG signal plays a role in
the analysis. Furthermore, relating the origin of the enhanced delta activity in EO
conditions to eye blinking in this study is speculative. The channels in which the
eye blinks are most pronounced (frontal leads) are not co-registered to check for

a possible mirrored artefact on occipital leads.

A reason that could lead to higher beta values during EC blocks is that drowsiness
and sleepiness may have played a role. Participants often reported to be very
relaxed during the paradigm and one subject admitted that he had trouble staying
awake. It has been published that even in sleep stage Il people can report to be
awake and characteristic features in this sleep stage are beta spindles (Carskadon
and Dement, 1994). This also could explain the finding that the differences
between conditions got larger over time, as drowsiness increased during the

paradigm and it would take less time for the beta spindles to occur (Carskadon
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and Dement, 1994). For this reason there are limitations to extending resting

state measures for too long, especially in a clinical setting.

For the theta band no significant difference was found. This deviation from the
results indicated by Barry et al. (2007) could be due to a different methodology as
their study chose to report differences in power rather than differences in
magnitude as was done in this chapter. As power is the squared magnitude of a
frequency band, differences that exist between conditions become more
pronounced. However, as figure 3.4 shows, the small, non-significant difference
that is found for theta indicates a higher magnitude in the EO condition rather

than the EC condition.

As such, the question arises whether a plain analysis of frequency bands is the
most appropriate analysis for QEEG profiles. From a historical perspective the
QEEG bands have been defined based on waveforms that were visually
recognizable (Berger, 1969a). This is the reason why the characteristic sinusoidal
wave is called alpha, it was recognized first. So when an FFT is performed and an
analysis is conducted that only considers values of the QEEG, it is possible that
waves are defined that are not actually present. This is due to the way the FFT
works; It describes the EEG time series based on sine and cosine waves, and sums
as many as are needed together to obtain a resemblance of the signal (Kaiser,
2005). However, not all wave shapes are best described by a summation of
different sine and cosine waves and thus this causes values to arise that are not
actually present. This is a general deviation that is known to occur when the FFT is
used and a reason why some researchers prefer wavelet analysis (Schwilden,
2006). Furthermore, the use of the FFT causes a correlation to arise between the
different waves. Especially when the waves that occur in the EEG have a
frequency that occurs on the edges of the frequency band range. A wave that has
a frequency of around 7.5 Hz will influence both the height of the theta and the
alpha band. For this reason it might be better to look for peaks in the entire

spectrum that differentiate themselves from the background activity.

3.4.2 Alpha peak frequency
The best known peak that distinguishes itself from the background spectrum is

the APF. Unexpectedly it was found that the APF differed between EO and EC
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blocks, whereas it has been reported to remain stable (Grandy et al., 2013b). As
pointed out in the previous paragraph, when using FFT if a wave falls in between
two defined bins it will influence both. Since the spectrum was divided in 0.5 Hz
bins, this is a feature that could have caused variation between the two blocks.
However, this cannot explain why some subjects showed large shifts (1.5-2.5 Hz)
between both conditions. Together with the striking observation that it is a
relatively small subgroup of the participants that caused the results to reach
significance (only 3 out of 33 subjects showed this systematically, and 10 others

sometimes), an explanation might need to be sought elsewhere.

A potential explanation is an age related difference. As it is known that the APF
decreases with age (Kopruner et al.,, 1984, Bazanova and Vernon, 2013) the
difference between EO and EC conditions might be age related as well. However,
even though age varied greatly in the investigated sample, subjects of different

ages showed a decrease.

It has been reported in the literature that there is a small percentage of people
that show an APF below the traditional alpha band (Klimesch et al., 1993, Richard
Clark et al., 2004). This was not the case in this study. However, three subjects
displayed a double peak of which the lower one was lying just outside the defined
alpha spectrum or at the lower boundary (< 7.5 Hz). When the EEG signal was
inspected in all three cases theta shaped waves were present together with the
alpha waves. Therefore in all cases the higher peak was chosen as APF. This again
illustrates the importance of checking the measured signal and having knowledge
of it besides being able to handle and manipulate the data that come from the

spectra.

Furthermore, the differences in width of the APF base could have played a role.
Wider peaks most likely show more variation in which bin is the highest at certain
time points than small peaks do. In the 4 types of APF that were found, two have
a wide base. Additionally, when a higher magnitude of the APF is seen, the base of
the peak is automatically wider. However, the people that displayed an APF with a
wider base were not always the ones that showed a change from EO to EC. To
illustrate this with an example, both subject 3 and 20 showed a wide base APF but

only subject 3 showed a large shift between EO and EC while the alpha peak of
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subject 20 was stable. So where the type (base and height) of the APF might play a

role at some level it is not the missing link in the results that were obtained here.

Another possibility could be the methodological approach. Different approaches
are described in the literature to determine APF. Lansbergen et al. (2011) report a
method of defining APF in which during an EC condition a spectrum and peak are
defined from which the spectrum found during the EO condition is subtracted in
order to see where the largest alpha suppression is. Furthermore, when between
different electrodes no differences larger than 0.5 Hz are found the electrodes of
the O and P locations are pooled together. By adopting this approach differences
between EC and EO are cancelled out and are unreported. From a methodological
point of view it might therefore be best to not only distinct the APF based on
visual inspection of the spectra and the signal, but to test statistically whether
such a peak is actually different from the background of the spectrum. Hereby

one should take into account the actual signal to noise ratio of the EEG itself.

Additionally there is the possibility of a functional explanation. As having a higher
APF has been coupled to faster speed of information processing (Klimesch et al.,
1996), better cognitive performance (Grandy et al.,, 2013a), better memory
performance (Klimesch et al.,, 1993, Richard Clark et al., 2004) and higher
intelligence (Grandy et al.,, 2013b) the toning down of the APF during EC
conditions could be an indication that the brain is switching to a state in which
information processing is altered to a slower level. Since cognitive performance
and intelligence was not measured in the current research it is impossible to verify
whether changes in these parameters between subjects caused the differences.
From the point of view where the brain adapts to circumstances in which a more

functional energy distribution is adopted this might make sense.

3.4.3 NIRS concentration changes

For the concentration changes in HbO, and Hbb between EO and EC blocks it was
found that during EO blocks the HbO, concentration is higher and the Hbb
concentration is lower. For the EC blocks these findings are reversed. These
results align with reports stating that when the brain gets more active, the CBF is
increased and more glucose and oxygen bound to haemoglobin is delivered to

that brain area (lrani et al., 2007). The visual cortex is processing more
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information in an eyes open state as opposed to an eyes closed state, after all. An
increase of Hbb concentrations in EC blocks and a decrease in EO blocks was also
reported by Moosmann et al. (2003). Note that the concentration changes in this
chapter refer to changes in the average of the second half of every block to

correct for differences in timing between EEG and NIRS parameters.

3.4.4 Spectrum content NIRS

The quality labelling of the Hbb and HbO, signals showed that a large portion of
the NIRS data (between a half and two thirds) was labelled as poor quality data.
This does not comply with the number of outliers that were found before the
ANOVA analyses were conducted (3 on each location). When the entire time
series are evaluated, the signal to noise component becomes more important. A
possible reason could be that the sensitivity to detect hemodynamic responses is
not always optimal in NIRS measurements. A recent study by Biallas et al. (2012)
showed that in NIRS measurements conducted with a CW device, depending on
the data cleaning algorithms chosen, the sensitivity of NIRS measurements varies
between 40 and 55.2 %. This is in line with the amount of bad quality data
detected here. This quality labelling also showed that that the measurements on
01 were slightly better in quality than those on O2. Possibly this is caused by the
fact that the human brain is slightly rotated which causes the distance from the
optode to the neocortex to be a little larger for the 02 location than for the O1
location (Toronov et al., 2007). If NIRS is going to be of any added clinical value
the quality of the signals needs to increase, either by improving the optodes or

optode holders or by means of signal cleaning processes.

The spectral analyses of the HbO, and Hbb time series showed that all oscillations
that are found are within the part of the spectrum that is investigated during
resting state network (RSN) analysis. Five of the six peaks that were identified fell
between 0.01 and 0.11 Hz. The sixth peak was larger than 0.11 Hz but only seen in
a few subjects of whom all received a bad signal quality label, which makes it

likely to be related to noise.

In RSN analysis of NIRS signals often a range between 0.009 and 0.1 Hz is used
(Tong and Frederick, 2010, Zhang et al., 2010, Sasai et al., 2011). This is quite a

wide range when in this study 5 different peaks could be distinguished within this

98



range. However, the origin of the first peak (0.01-0.02 Hz) could possibly be
related to the border of the Fourier filter being set at 0.01 Hz or occur because the
NIRS signals have an offset. Furthermore, it is likely that the peaks seen in the
second range (0.025-0.04 Hz) are related to the task, since an event occurring

every 30 seconds would appear in the spectrum as a peak at 0.033 Hz.

The third category of peaks (0.045-0.06 Hz) most likely finds its origin to be
coupled to heart rate variability (HRV). Whereas the exact frequency of the heart
rhythm (around 1 Hz) is filtered from the signal in an early stage of signal
processing, a variation in the timing from beat to beat exists for every person. The
fluctuation of this HRV is also visible in the spectrum. From HRV a high frequency
and a low frequency component can be derived. The centre of the low frequency
component fluctuates between 0.04 and 0.13 Hz (Malliani et al.,, 1991). The
variation of this component could be the reason why it is visible in a large portion

of the subjects but not all.

The fourth (0.065-0.085 Hz) and fifth peak (0.09-0.11 Hz) are possibly caused by
blood pressure changes. In chapter 2 it has already been described that blood
pressure changes can cause noise in the frequency domain between 0.08 and 0.12
Hz (Boas et al., 2004, Huppert et al., 2009, Zhang et al., 2007a, 2007b, 2009). This
could either be caused by intrinsic blood pressure variation, variation coupled to
heart rate, Mayer waves, low frequency oscillations (LFOs), very low frequency
oscillation (VLFOs), and vasomotor waves (Zhang et al., 2005, 2007a, 2007b, 2009)
as well as HRV (Malliani et al., 1991).

This would lead one to argue that all peaks have a noise component in them and
are therefore not related to an underlying physiological brain response. However,
Pfurtscheller et al. (2012) have shown that prefrontal oscillations in NIRS
measurements between 0.007 and 0.13 Hz were coupled to alpha or beta waves
in the EEG and that in these cases no coupling to blood pressure existed. It might
thus be too easy to dismiss the peaks found as noise. For future research it is
therefore desirable to co-register variations in blood pressure and respiratory rate
with an external measurement in order to entangle these noise features. Within
this sample there does not seem to be an oscillation that is found in all subjects,

as APF is for the EEG.
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3.4.5 Correlating EEG and NIRS

No significant correlations could be found between average alpha activity and
concentrations of HbO2 or Hbb over EO and EC blocks. This occurred despite the
fact that the separate measurement modalities did show differences between
conditions suggesting a potential positive correlation between alpha activity and
Hbb and a negative correlation between alpha activity and HbO2. The correlations
that were found were stronger during eyes closed though which could be due to a

more stable measurement during EC conditions.

Koch et al. (2008, 2006) as well as Moosmann et al. (2003) did find an inverse
relationship between alpha activity and the hemodynamic response. The most
plausible explanation for this difference is a methodological one. In terms of
analysis this study is limited by the static nature of all analyses performed. Since
only average values of blocks are considered, nothing can be said about changes
that occur over time. This could be the most important reason that the correlation
analysis did not lead to significant results: only average values over all EO blocks
and average values over all EC blocks were used. When entire time courses would
have been considered in a cross correlation analysis like Moosmann et al. (2003)
used, or use was made of the running correlation as described by Cui et al. (2010)
a more adequate result could have been obtained, with additionally an indication
of time lag between the investigated parameters. This approach will be adopted

in follow-up research.

Another possible explanation of the lack of statistical coupling between the
electrical and hemodynamic parameters may be that still a controversy exists
whether optical changes due to neuronal changes that are seen in vitro and
during invasive measurements can be detected non-invasively by NIRS in human
adults (Steinbrink et al., 2000, Wolf et al., 2003, Franceschini and Boas, 2004,
Steinbrink et al., 2005, Medvedev et al., 2008, Gratton and Fabiani, 2010, Tse et
al., 2010, Biallas et al.,, 2012). Biallas et al. (2012) tested the sensitivity and
reproducibility in 15 subjects of combined NIRS and EEG measures over the visual
cortex during visual stimulation. Different from the paradigm chosen in this
chapter the electrical parameter that was focused on was the visual evoked

potential, which is a specific wave caused by visual stimulation as opposed to
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changes in background activity. As reported in the previous paragraph the
sensitivity of NIRS to detect hemodynamic changes was between 40 and 55.2 %
additionally the reproducibility within a subject was low. For EEG both the
sensitivity of the visual evoked potential as well as the reproducibility was higher,
being 86.4 % and 57.1 %. When using the visual evoked potential no optical neural
signal was detected (Biallas et al., 2012). However, the authors chose to measure
NIRS over the O1 location while measuring EEG over Oz. Since NIRS
measurements are very localised the measuring of two different locations may
have contributed to the lack of neuronal coupling in this research. Furthermore,
the choice of changes in background activity may lead to very different results

which reinforces the choice of looking at changes within the alpha band.

3.4.6 Additional methodological issues

Some methodological points of this study need to be addressed. First of all, in
order to investigate resting state activity this study chose to pair eyes closed
resting state activity with a condition in which subjects were observing a static
picture of a test screen. During other studies in which resting conditions with eyes
closed and eyes open are investigated often a fixation cross is used in the eyes
open condition instead of the currently used stimulus of the test screen. This
might have been leaning too much towards a visual task and could have caused
the differences between eyes open and eyes closed to be larger than they would
have been without this stimulus. However, studies investigating eyes open versus
eyes closed conditions in dark rooms in order to minimize visual stimulation
during the eyes open condition have shown similar results for the alpha wave

activity and Hbb responses (Moosmann et al., 2003).

Secondly, this study chose to use very few restrictions on the age of the
participants. The only condition was that every participant had to be between the
ages of 18 and 60. This resulted in an age range from 19-60 which is quite large.
However, using a broad age range allows a study to have an exploratory nature,
this was also the reason for including both male and female participants. The
decision to start at 18 was that this study intended to investigate the relationship
between neuronal brain activity and metabolic activity in adults. The cut-off point
of 60 years of age was made based on the fact that from the 5™ decade onwards

the brain starts to exhibit shrinkage of the white matter volume and a significant
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change of basal metabolism is found from 70 years of age onwards (Raz and
Rodrigue, 2006). Ultimately, this approach led to the inclusion of 38 participants
and provided the research with an ecologically valid sample to test a new
paradigm which will be expanded over the upcoming chapters. Especially since a
link is made to the brain during pathology in chapter 6 this ecological validity in

studying healthy brains needs to be emphasized.

Furthermore, in this study a setup with two channels for EEG and two channels for
NIRS was used. Using a minimal setup allows a study to test a model or hypothesis
without burdening the participants greatly. When results are found in an
exploratory study with a minimal setup, this model can be expanded and fine-
tuned by using a more precise set-up or moving to other brain areas. Besides that,
using more channels eventually also allows different types of analysis to be

conducted such as connectivity analysis to investigate resting state networks.

The practical side of doing multiple channel measurements needs to be addressed
though. While measuring over 40 people with use of two modalities it became
apparent that getting a clear signal is not always easy. The EEG signals are not the
delaying factor, although in bald people it is tough to get impedances to fall below
10 kQ, and in people with very short hair the hair sometimes pushes the electrode
away from the scalp. However, because the optode holder is secured over the
electrodes, mostly this prevents shifting and it holds the electrodes nice in place
as well. The NIRS measurements are more difficult. With some people it seems
impossible to get a good response on both channels, which will increase when
more channels are added to the experimental setup. It seems that in dark haired
subjects, even though the hair often could be pushed away from to area under
investigation, yield bad signals more often. A distinction between long haired and
short haired subjects could not be made. The setting up of the equipment, even
though small in number of electrodes and channels therefore took up the larger
share of the experimental time, which bored participants. Especially when moving
toward investigating subjects with any pathology one cannot expect full
cooperation or attention during the following experiment which makes me
reluctant to expand to more channel measurements. Only when a quicker way of
setting up can be found, possibly with alterations to the optodes and preparation

times can be reduced this will be feasible. The paradigm was easy to comply with
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for all subjects in the age range. Therefore | would not expect difficulties with the

paradigm when expanding the research group in terms of age or pathology.

3.5 Conclusion

Even though methodological issues can be raised in this study, the data that were
obtained in a large and variable population in terms of age and sex were of high
enough quality to establish that it is feasible to use EEG and NIRS measurements
simultaneously in resting state conditions. Especially when it is kept in mind that
clinical feasibility is warranted when applications are considered in which these
brain measurements during resting state conditions can aid in diagnostic and
prognostic procedures, although multiple channel measurements may be difficult
at this stage. It was also established that the states of eyes open and eyes closed
are significantly different. In terms of EEG the alpha band will remain the selected
feature of which the coupling with the hemodynamic parameters will be sought.
The main reason for doing so is the fact that the alpha peak is the only peak that
stands out from the background spectrum. Furthermore, the variability between
the APF that was found in this study will have little influence when the whole
alpha band is chosen since it falls within this range. Besides that, the other
frequency bands did not display changes similar to those reported before or as

hypothesized.

The NIRS parameters that will be chosen will be the HbO, and Hbb
concentrations. The spectral investigation did not reveal a feature similar to the
APF which is present in all subjects. Therefore the entire range of 0.01-0.5 Hz will
be analyzed in upcoming chapters. Besides that, the quality check of the NIRS data
revealed a large portion of poor quality data, which is a point that needs to be
addressed before the method can be transferred to the clinic. The largest
methodological drawback in this exploratory chapter was the static method of
analysing brain activity. Since the brain is active all the time, the aspect of time
might be a missing link in unravelling the brain’s symbioses between electrical and
metabolic activity. Therefore, upcoming chapters will move towards dynamic

analysis methods.
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Chapter 4: Exploring the dynamics of EEG and NIRS

signals in an eyes open- eyes closed paradigm

In the previous chapter changes in the brain’s electric and hemodynamic activity
over the visual cortex were investigated with static analysis in a block eyes
open/eyes shut design. Subsequently, alpha magnitude was correlated against the
changes in hemodynamic parameters in a static fashion. This investigation found
no clear relationship in brain measures. Limiting an investigation to the use of
static changes, limits understanding of the brain dynamics and the underlying
mechanisms. Therefore, the aim of this chapter was to move towards a more

dynamic method for analyzing brain activity.

4.1 Introduction

4.1.1 The brain as a dynamic system

The course of analysis as undertaken in chapter 3 leans entirely on finding
differences between blocks. And while this is quite common in neuroscience and
generates findings that lead to new, testable hypotheses, it omits the important
fact that the brain is a dynamic system (McKenna et al., 1994, Fox et al., 2005). A
biological dynamic system is a self organizing system that is continuously adaptive
on all levels in order to maintain homeostasis despite the ever changing
influences both from inside and outside (Friston, 2010). When an approach is
adopted that explores changes over time, the dynamics of the brain as a biological

system can be respected, and its functioning better understood.

Friston (2010) argues in his review that the free energy principle has common
ground with some of the current key theories about global brain functioning since
they all centre around the theme “optimization”. Basically the free energy
principle says that for a biological system to be able to maintain homeostasis, it
needs to function within predefined physiological bounds. This can only be
achieved when the element of “surprise” (an improbable outcome or state the
brain is in) is avoided. The free energy element is the upper bound on surprise.
Since a system does not know whether a state is surprising it does not know how

to avoid it, but when free energy is minimized, the surprise element is minimized
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implicitly as well. Since free energy is a function of sensory states and a
recognition density (a probability distribution of the causes for these sensory
states) and this is internally encoded in the brain, it is possible to evaluate the free
energy. Now the system can change the free energy (and therefore limit the
surprise) by either changing the sensory input by acting on the world, or by
changing the recognition density, by changing the internal state. How this exactly
relates to the current views on brain functioning falls beyond the scope of this
chapter but can be found in the review by Friston (2010). Elements from
biological, dynamic systems that do need additional attention are “scale

invariance” and “self-organized criticality”.

Scale-invariance or fractality is the property of many systems to display the same
feature over several scales of magnification both in space and time (Bullmore et
al., 2009). Scale-invariance is seen in many (biological) systems. For example,
when the lungs are examined and one zooms in several times, the same tree like
branching structure can be observed. This also holds true for the coastline of
Norway, which shows interruptions by fjords, but at a closer look these
interruptions themselves are interrupted by fjordlets (Bullmore et al., 2009).
These examples illustrate fractality in space. However, when time series like for
instance EEG are considered it is possible to explain fractality over time as well.
When an EEG signal is considered, and a 10 second interval is observed, it is
visible that the signal fluctuates around the nil-line and that it is made up of
different kinds of waves (large, small, large waves with small waves on top etc.).
When a 5 second interval is examined this picture does not change, and even at a
smaller interval of 2.5 seconds this property will hold (figure 4.1). And it is not
just within seconds that this scale-invariance is seen. In early EEG work it has been
documented that rhythmical changes occur during the course of the day due to
the circadian rhythm and ultradian rhythms (that represent fluctuations within

the circadian rhythm) but also over seasons (Machleidt and Gutjahr, 1984).
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Figure 4.1 Fracta/ify of an EEG time ‘course. In panel A ‘the 10 seconds of EEG is disp/ayed.‘

The signal varies around the nil-line and is made up out of different waveforms. In panel B
the same signal is displayed, but only 5 seconds are visible and in panel C only 2.5 seconds
are displayed. The properties of fluctuation around the nil-line and consisting out of

different waveforms, remain unchanged despite the change in time.

The definition of Linkenkaer-Hansen et al. (2001) for scale-invariance, or scale-
free behaviour as they call it, states that no characteristic scales dominate the
dynamics of the underlying process. From a spectrum perspective, this would
mean that no specific frequency would be visible in the spectrum. However, as
was demonstrated in chapter 3, human EEG usually displays a peak frequency
within the alpha range (the APF). When the specific peaks that are seen in the EEG
are investigated further, it becomes clear that these separate peaks display scale-
invariance (Linkenkaer-Hansen et al., 2001). The power of the alpha band varies
on different time-scales in a healthy brain and this changes in pathologies such as
depression (Leistedt et al., 2007) and schizophrenia (Nikulin et al., 2012). For NIRS,

scale-invariant properties have not been described in the literature to date.

When a specific wave displays scale-invariance and responds in different time
domains, more often than not long range correlations in space and time are
observed (Bullmore et al., 2009). These long range correlations make sure that a
change in a small unit of the system can be communicated quickly throughout the
entire brain (Haimovici et al., 2013). The long range correlations are known to
display power law behaviour. Power law behaviour occurs in many dynamic
systems, for instance avalanches or forest fires, and tells us that massive forest

fires occur less often than smaller ones (Bullmore et al., 2009). The relationship
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between the occurrence of a forest fire and the size of it can be expressed by a
straight line on a log-log scale (a power law). Power law behaviour as well as scale
invariance are properties of a self organised critical (SOC) system, which is

detailed below.

SOC was first explained by Per Bak and collegues (1987) and is easiest explained
by their sand pile model. In this model sand grains are randomly dropped onto a
grid. This causes a pile of sand with a certain slope to arise. By randomly dropping
additional sand grains on the pile the pile grows and the slope changes. At a
certain point the sand pile is in a critical state and when a new grain of sand is
added either nothing happens or the sand starts to slide and affects a lot of
neighbouring sand grains. The sand slides again display power law behaviour with
regards to their magnitude. This sand pile model illustrates that a SOC system (a
pile of sand in a critical state) emerges spontaneously from the random
interactions between the agents in the system (the sand grains) and that changes
in the system are caused by the addition of energy to the system (adding sand
grains causes sand slides). SOC can also be found in the dynamic properties of
electrical brain activity (Linkenkaer-Hansen et al., 2001, R Chialvo, 2004, 2006,
Bullmore et al., 2009).

When it is assumed that in a resting state the brain is in a state of SOC, the alpha
band also should display its markers, namely that of power law behaviour. This
will be investigated in this chapter. Many forms of analyzing time series and brain
dynamics exist (Cold and Cold, 2007, Michel and Murray, 2012). The analysis that
will be explored here is the long range temporal correlation (LRTC) which gives a
number for the slope of the straight line in the power law (Linkenkaer-Hansen et
al., 2001). In EEG research the use of LRTC has revealed its value in differentiating
pathology from health and is therefore an interesting approach worthy of
investigation (Linkenkaer-Hansen et al., 2005, Montez et al., 2009, Nikulin et al.,
2012). First it will be investigated whether a straight line (a power law) can be
found for changes in the magnitude of the alpha band over time and if so what
the slope of this line is. The higher the steepness of the slope, the larger the
amount of energy that evaporates from the system and the shorter in time the
correlations are. The less steep the slope is, the longer is the memory trail and

therefore it is easier it is to determine how the system will behave. Then it will be
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investigated whether this power law behaviour and its slope is specific for the
alpha band by scrambling the order of the occurrence of the waves in surrogate
signals. Furthermore it will be investigated whether the NIRS parameters HbO,
and Hbb display power law behaviour. As was argued in chapter 3, the spectral
analysis did not reveal individual peaks like the APF that is seen in the EEG.
Therefore the whole frequency range of these parameters (0.01-0.5 Hz) will be

considered.

4.1.2 Investigating dynamic relationships

In the previous chapter the correlation analysis between the electrical and
hemodynamic modality, was static with block averages correlated against each
other. When it is assumed that the brain operates as a dynamic system it might be
more appropriate to analyse the relationship between electrical and metabolic
features in a dynamic fashion a well. Several analysis techniques exist to
investigate the correlation between two time series. In chapter 2 use was made of
the running correlation (RC) (Cui et al., 2010) to investigate noise in the NIRS
signals. It would be possible to use the RC in the current paradigm to correlate the
alpha fluctuations with the HbO, and Hbb time series separately. Since it is
suspected that the NIRS signal will correlate at a delay of around 8 seconds
(Moosmann et al., 2003) the window of the RC would need to be adjusted in
order to capture this. However, no matter how large the window is made, it slides
as fast along signal x as it moves along signal y, so the optimal match will possibly
never be made. Therefore, it would make more sense to use a correlation analysis
method that uses a time lag on one signal like the cross correlation method (Box
et al., 2013), which was also the analysis method of choice by Moosman et al.

(2003).

To summarize, the dynamics of the alpha band will be explored in order to
determine whether there is power law behaviour by means of long range
temporal correlation (LRTC) analysis. NIRS time series will also be analysed to
explore if these show power law behaviour too. Finally, the correlation between
the fluctuations of the alpha band and fluctuations in HbO, and Hbb concentration

over time will be investigated by means of cross correlation analysis.
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4.2 Methods

4.2.1 Subjects

In this chapter the data from the same group of participants were used as in the
previous chapter. This means that there were 38 subjects in the sample (21
female) and the age range was 19-60 years (mean 37.74, SD 13,30). All
participants volunteered to participate in this research and signed a consent form
after the testing procedures were explained to them. They also completed a
guestionnaire before testing procedures commenced in order to rule out
neurological, psychopathological or vascular disease. Medication that could

possibly affect brain activity was also an exclusion criterion.

4.2.2 Paradigm and Equipment
The paradigm used is similar as is reported in chapter 3, paragraph 3.2.2 and a

schematic representation of it can be found in figure 3.1.

4.2.3 Equipment
A description of the EEG and NIRS amplifiers can be found in paragraph 3.2.3 of
the previous chapter. The electrode and optode positioning is clarified and

illustrated in figure 3.3.

4.2.4 Data Analysis
4.2.4.1 Fluctuation of Alpha power

In order to determine the fluctuation of the alpha power over time, the alpha
envelope was calculated by performing a Short-Time Fourier Transform (STFT)
over the entire 5 minute measurement. The parameters of the STFT were set to 5
data point time steps, 1000 frequency bins, a rectangular window with a length of
250 samples, and a power spectrum was used during the analysis. These
parameters were chosen as they generate stable results for EEG measurements
collected with a sample frequency of 250Hz (as stated in personal communication
by Bjorn Criits, PhD student at Imperial College London, August 14" 2012). The
power (uV?) of the 7.5 — 12 Hz alpha band was plotted and saved in a new time
series with a sample frequency of 50 Hz. An example of the alpha envelope is

presented in figure 4.2.

109



0.12 -

0.10 -

Figure 4.2 A simplified illustration of the retrieval of the alpha envelope. 1. The EEG trace
from the O1 location is plotted. In this example 5 seconds of EEG is shown 2. The alpha
band between 7.5 and 12 Hz is selected and it is determined what the alpha amplitude is
at every time point. Shown by the bold white line. 3. The alpha amplitude at every time
point is plotted in a new time series. Here shown for the entire 5 minute measurement,
representing the alpha envelope. A clear distinction can be seen between blocks of eyes
open and eyes closed data in which the eyes closed blocks show enhanced alpha

amplitudes.

For the alpha envelope of each subject for both hemispheres it was determined
whether a good or a poor response was seen in a similar fashion to the quality
check that was performed on the NIRS signals in chapter 3. The quality of the
response was again defined as whether a response was seen that followed the
paradigm. When a strong response (2 SD or larger change from baseline) was seen
in all repeats (5 out of 5), the quality was marked as “good”. When a response
was faint for some repeats or inconsistent (2 or 3 out of 5), the signal was marked
as “medium”. When no response (under 2 SD change from baseline) or only noise
was observed, the quality was marked as “bad”. “Good-medium” or “medium-
bad” qualifications were given to signals that fell in between two other
qualifications. These labels were used to divide the group into a good-quality and
a poor-quality group. All signals that were marked as “good”, “good-medium”, or
“medium” were taken together in the good-quality group and the “medium-bad”

and “bad” classifications were taken together in the poor-quality group.
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4.2.4.2 LRTC analysis
A Fourier Transform was then performed on the alpha envelope, the HbO, time
series and the Hbb time series. This FFT was plotted on a log-log scale in order to
determine whether long range temporal correlations (LRTC) were found as a
prerequisite of scale-invariant behaviour (figure 4.5). Hereto a rectangular
window was used and the lower and upper bound of the frequency range of the
log-log plot were set to 0.1 and 10 respectively. Which again were chosen because
of their stability of the results (as stated in personal communication by Bjorn
Crits, PhD student at Imperial College London, August 14" 2012). Then it was
determined whether the plot showed a straight line and if so, what the slope of

this line was for both the 01 and 02 location.

Simultaneously, for each signal that was used for LRTC analysis, a surrogate signal
was created in which the phases of the waves were mixed. By doing so the time
series differ from the original while the spectra remain unchanged (Linkenkaer-
Hansen et al., 2001). An FFT was performed on the surrogate signal and plotted
on a log-log scale. This plot was evaluated for a straightness of the line and its
slope is determined. Subsequently, a Wilcoxon signed ranks test was performed
to investigate whether differences existed between the measured data and the
surrogate data. Then this test was repeated on the good quality and poor quality

data group separately to investigate possible differences between these groups.

4.2.4.3 Correlating EEG and NIRS over time
In order to investigate the coupling of the electrical brain activity and the
hemodynamic response, the time series of the alpha envelope obtained for LRTC
analysis was correlated against the concentration changes in the HbO, time series
as well as the Hbb time series. Important in correlating two time series is that they
move at similar time steps. The alpha envelope that was extracted from the EEG
had a sample frequency of 50 Hz. Since the NIRS time series were sampled at 25
Hz, the alpha envelope had to be down sampled to 25 Hz. This was done by

omitting every second data point from the alpha envelope sequence.

The two signals were then correlated against each other by means of a cross
correlation function (CCF). The CCF plots a graph of the linear correlation between

the two time series at different lags. Since a delay of around 8 seconds was

111



expected, the signals were analyzed for all lags between -10 to 10 seconds (-250
to 250 samples) in which the signal containing the hemodynamic information was
the lagged time series. The height of the maximal (or minimal) correlation (or anti-
correlation) and its accompanying time lag was obtained for all subjects. Then it
was investigated whether signal quality influenced either correlation strength or
timing by first omitting the signals that had received a bad quality label and
second by also omitting physiological illogical data. Physiological illogical data
were defined as data showing a negative and therefore unexpected time delay
between the signals, indicating that changes in the hemodynamic parameter

precede changes in electrical activity.

4.3 Results

4.3.1 Scale-invariance of Alpha power

As previously performed with the NIRS signals in chapter 3, the quality of the
alpha response was evaluated. The quality labels that were used consisted out of
5 categories: good, good-medium, medium, medium-bad and bad. These
categories were merged into a good-quality and a poor quality group. Table 4.1
shows the number of good-quality and poor-quality signals and shows that 26 out
of 38 subjects (68,4%) had good signal quality. When the quality of a signal was

good for the O1 location it was also good for the 02 location.

Alpha 01 Alpha 02
N (total) 38 38
N (good-quality) | 26 26
N (poor-quality) 12 12

Table 4.1. The number of subjects (N) that fall into each quality category for the alpha

envelope on both the left occipital (01) and right occipital (02) location.

112



01
log(f)
Figure 4.3. Long range temporal correlation (LRTC) slopes. The upper panel shows the LRTC

graph of subject 15 in which the dip around log(f) = 1.0 is visible. The lower panel shows
the LRTC graph of subject 18 who shows an artefact in every transition from EC to EO and

vice versa.

Subsequently it was investigated whether the LRTC plot resulted into a straight
line. A typical example of a LRTC plot in this study is illustrated in figure 4.3 (upper
panel, subject 15) along with an atypical response of subject 18 who showed an
artefact in the EEG every time the switch was made from eyes open to eyes closed
and vice versa (lower panel). In the typical response, all subjects showed a dip in
their LRTC slope at log (frequency) = 1.0. This dip can be explained by the way the
paradigm was set up. Every 30 seconds the subjects change conditions (EO to EC
and EC to EO) leading the amplitude of the alpha activity to be modulated,
increasing when eyes were closed and decreasing when eyes were opened. This
caused a slow wave at the transit phases within the alpha envelope which appears
as a peak around 0.01 Hz in the spectrum that was obtained when the FFT is
performed on the alpha envelope and causes the dip at 0.1 on a log scale in the
otherwise straight line. Because the paradigm can explain this peak it is safe to
conclude that the lines obtained for the subjects in this study are straight lines.

The plots did show jitter which increases towards the end of the tail. However,
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this is common in LRTC plots (Linkenkaer-Hansen et al., 2001). The lower panel of
figure 4.3 shows that when large artefacts are present in the signal, the LRTC plot

is also affected and will show multiple dips in the slope.

The linear slopes of the LRTC analysis were all negative and ranged from -3.18 to -
1.41 for the O1 location and from -3.13 to -1.53 for the O2 location. In figure 4.4
an example of the difference between the alpha envelope and the accompanying
surrogate signal is displayed. The original and surrogate signal have an identical
spectrum, however these time series are created to have no temporal
correlations (Linkenkaer-Hansen et al., 2001). The linear slopes of the obtained
surrogate signals ranged from -2.93 to -1.35 for the O1 location and from -3.02 to
-1.39 for the 02 locations. The Wilcoxon signed ranks test showed that the linear
slopes of the surrogate data were significantly different from the slopes of the
LRTC from the original alpha envelope data for both the O1 (z = 4.967, N-Ties = 38,
p = 0.000) and the 02 (z = 4.713, N-Ties = 36, p = 0.000) location. Indicating that

the original data resulted in steeper linear slopes than the surrogate data.

10 10 160
time
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Figure 4.4. The alpha envelope and its surrogt;t‘rr;t signal. In the upper panel the original
alpha envelope from the O1 location of subject 15 is displayed and in the lower panel its
surrogate signal in which the phases of the waves are shuffled. A surrogate signal has a
spectrum that is identical to the spectrum of the original signal but has no temporal

correlations.

When the tests were repeated for the good-quality sample and the bad quality

sample separately the difference between original and surrogate data remained
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intact. In the good-quality group (N= 26) the slopes of the original data were
steeper for the O1 (z = 4.000, N-Ties = 26, p = 0.000) and the 02 (z = 3.780, N-Ties
=25, p = 0.000) location. And in the bad-quality group (N=12) this finding was also
true for both locations, O1 (z=3.059, N-Ties =12, p =0.002) O2 (z = 2.845, N-Ties
=11, p = 0.000).

A difference that was found between the good-quality and the poor-quality
sample was the value of the slope. The good-quality sample had an average slope
for O1 of -2.60 (range —3.19 tot -1.71) and for O2 of -2.66 (range -3.13 to -1.96).
Whereas the bad-quality sample has an average slope for 01 of -1.80 (range —2.30
tot -1.41) and for 02 of -1.85 (range -2.15 to -1.53). This showed that the slope
becomes less steep when the data do not show the expected response upon the

opening and closing of the eyes.

4.3.2 Scale-invariance of NIRS parameters

Since no distinguishing peak could be found in the spectral analysis of the NIRS
time series in the previous chapter, the entire 0.01-0.5 Hz part was used for the
LRTC analysis. The analysis parameters were adjusted for NIRS signals to: 5 second
time steps, 1000 frequency bins, a window length of 25 samples with no
predefined shape, and again a power spectrum was used. The example in figure
4.4 shows that the analysis does not yield a straight line on the log-log scale in
step 5. This possibly occurs because of the large changes that are seen in the Hbb
(and HbO,) concentration due to the paradigm. As figure 4.5 shows on the right
hand column, even when the phases of the signal are shifted in the surrogate
signal, the slow wave underlying the paradigm remains recognizable and results in
a nearly similar envelope. Since this was something that was found in both Hbb
and HbO, time series and for all subjects it was decided not to continue the LRTC

analysis for the NIRS signals.

115



“ap 00

5
gl

Figure 4.5. Long range temporal correlation (LRTC) analysis on a deoxygenated

haemoglobin time series. The left hand column depicts all steps undertaken in the LTRC
analysis: 1. The measured signal is plotted, 2. The short time Fourier transform (STFT) is
depicted in colour, more red indicates a higher intensity, 3. The selected frequency band (in
this case 0.01-0.5 Hz) is plotted in a new time series (the envelope), 4. A fast Fourier
transform (FFT) of the envelope is made, 5. The FFT is plotted on a log-log scale. The right

hand column shows the same steps for the surrogate signal.

4.3.3 Correlating EEG and NIRS over time

An example of the alpha envelope along with the obtained Hbb and HbO, time
series is from the O1 location of subject 3 is illustrated in figure 4.6. The
correlation analysis between the fluctuation of the alpha band (the alpha
envelope) and the Hbb and HbO, fluctuations yielded the following results. When
all subjects (N=38) were considered in the analysis, a negative correlation (-0.171)
for the alpha envelope and the HbO, concentration changes was found on the O1
location with an average delay of 2.79 seconds. For the alpha envelope and the
Hbb concentration changes on this location, a positive correlation (0.183) was
found with an average delay of 1.94 seconds. On the 02 location a similar
correlation pattern was found. Here a negative correlation (-0.120) for the alpha
envelope and the HbO, time series and a positive correlation (0.104) for the alpha

envelope and the Hbb signal was seen. The delay however was different from the
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O1 location with an average delay of 0.50 seconds for the Hbb trace and a
negative delay of -0.08 seconds for the HbO, signal. The average correlations,

delays and the standard deviations are summarized in table 4.2 A.
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Figure 4.6. The alpha envelope with the accompanying Hbb and HbO, time series from

subject 3 on the O1 location.

The quality labels that were given to the separate signals were then used to split
the data. All data that received a “bad” quality label were excluded from the
sample and the analysis was run again to investigate differences in correlation
strength and timing. These results are also visible in table 4.2 (section B). After the
data were cleaned, around one quarter of the sample was left. In this sample,
stronger average correlations in the left hemisphere (alpha x HbO, = -0.276; alpha
x Hbb = 0.403) were found that had a larger average delay of the hemodynamic
response (HbO,: 5.03 s, Hbb: 5.01 s). The average correlations in the right
hemisphere also increased but not as much as they did in the left hemisphere
(alpha x HbO, = -0.153; alpha x Hbb = 0.251). Furthermore, the time delay of the
hemodynamic response that increased to 5 seconds in the left hemisphere was

smaller in the right hemisphere (HbO,: 0.19 s, Hbb: 3.24 s).
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When the subjects were evaluated on an individual level, it became apparent that
there was large inter-individual variation in the correlation data. Some subjects
even showed a physiologically unexpected response, namely a negative delay
value often accompanied by a change in sign of the correlation value. When these
subjects were excluded from the sample as well (table 4.2 C), less subjects
remained but correlation strengths increased to moderate levels (O1:alpha x HbO,
= -0.380; alpha x Hbb = 0.457, O2: alpha x HbO, = -0.366; alpha x Hbb = 0.337).
And the delay time varied between 7 and 8 seconds (O1: HbO,: 8.01 s, Hbb: 7.08

s; 02: HbO,: 7.07 s, Hbb: 7.69 s).

A 01 alpha x 01 alpha x 02 alpha x 02 alpha x
HbO, N=38 Hbb N=38 HbO,N=38 Hbb N=38
Correlation | -0.171 (0.257) | 0.183(0.324) | -0.120 (0.202) | 0.104 (0.201)
Delay (s) 2.79 (6.07) 1.94 (5.72) 0.50 (7.08) -0.08 (6.90)
B 01 alpha x 01 alpha x 02 alpha x 02 alpha x
HbO, N=11 Hbb N=10 HbO, N=9 Hbb N=9
Correlation | -0.276 (0.263) | 0.403 (0.272) | -0.153(0.293) | 0.251 (0.198)
Delay (s) 5.03 (6.78) 5.01(5.21) 0.19 (7.40) 3.24 (7.05)
C 01 alpha x 01 alpha x 02 alpha x 02 alpha x
HbO, N=9 Hbb N=8 HbO, N=4 Hbb N=6
Correlation | -0.380 (0.137) | 0.457(0.143) | -0.366 (0.140) | 0.337 (0.093)
Delay (s) 8.01(1.50) 7.08 (3.15) 7.07 (3.01) 7.69(2.11)

Table 4.2. Group averages of the highest correlation values and their shift in time domain.
The standard deviation is presented between brackets. A positive value for delay portraits
the number of seconds that the hemodynamic response is slower. Section A displays the
values that are obtained for the entire sample. Section B contains the values obtained after
the data that was not of high enough quality was eliminated. Section C contains the results
after the omission of the bad quality as well as the physiologically unexpected signals.
Legend: N= number of subjects, O1= left visual cortex, O2= right visual cortex, HbO,=

oxygenated haemoglobin, Hbb= deoxygenated haemoglobin.

4.4 Discussion

In this chapter it was tested whether the alpha band as well as the HbO, and Hbb
time series displayed features of scale-invariance indicated by power-law

behaviour, both properties of SOC systems. First, the dynamics of the alpha band
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was investigated with LRTC analysis and revealed that after removal of the dip
caused by the paradigm, power law behaviour was present and this was
statistically different for actual signals compared to surrogate signals. When the
quality of the signals was taken into account it appeared that the good quality
signals showed significantly steeper power law slopes. Secondly, the same
analysis was performed on the time series of the HbO, and Hbb concentration.
Here no power law could be found which was potentially due to the underlying
paradigm of eyes open eyes shut that was used during data collection which
caused an underlying slow oscillation to be present. Finally, the correlation
between the fluctuations of the alpha band and fluctuations in HbO, and Hbb
concentration were investigated in which the hemodynamic signal was lagged as
opposed to the alpha envelope. This analysis yielded higher correlations than
were found in chapter 3, especially when the data were cleaned from bad quality

data and physiologically illogical data.

4.4.1 Scale invariance of alpha power

Quality labels were assigned to the responses seen in the alpha envelope. For
both the O1 and 02 locations 68,4% was graded as having a good quality.
Compared to the NIRS time series, described in chapter 3, the quality of the EEG
signals was much better even though it is a method that is known to be prone to

artefacts (for artefact examples see e.g. (Krauss et al., 2006)).

When the LRTC analysis was then performed and these data were compared to
the surrogate data it appeared that the surrogate data were significantly
different. This is a similar finding as was reported by Linkenkaer-Hansen et al.
(2001). The finding indicates that there is a temporal effect that is caused by the
sequence of the waves that are present within the alpha envelope. This sequence
tells something about the scalability of the system within the, for this research,

defined parameters.

This finding remained true when the sample was split up in a good-quality and a
bad-quality group. A difference that did show up because of this quality division
was that the steepness of the slope appeared to be higher in the good-quality
sample. The higher the steepness of the LRTC slope is, the larger is the amount of

energy is that evaporates from the system (Linkenkaer-Hansen et al., 2001). This
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finding can be explained well by the paradigm that is used. As it is known that
upon closing the eyes the amount of alpha activity increases and the alpha activity
subsides when the eyes are opened and it is also known that the good-quality
group is defined based on the presence of this finding, this is the subsample in this
research that shows a large difference in the amount of alpha activity present
every 30 seconds. Because this fluctuation is so large, it creates a slow wave,
which causes a higher amplitude in the first peak of the spectrum (low frequency),

which in turn causes the slope to be steeper.

4.4.2 Scale invariance of NIRS parameters

As shown in the results (figure 4.5) the attempt to analyze the entire band
resulted in a plot that was so distorted by the paradigm performed, that a straight
line could not be obtained. The switching form EC to OE and vice versa cause a
slow wave throughout the time series. Even when the data were shuffled for the
surrogate condition, this slow wave remained present, causing the data to look
almost similar. The spectrum of this slow wave cause 1 large peak which
transferred to an arch when plotted on a log-log scale. Therefore it was chosen

not to continue this analysis on the NIRS signals in this study.

When in future studies scale-invariance of NIRS parameters will be explored one
might want to choose to analyse steady measurements of eyes open and eyes
closed data separately. This will allow removal of the additional wave that occurs
from having a subject change conditions multiple times. From a SOC point of view
one could say that every time the eyes are opened or shut energy is added to the
system. Therefore, it is recommended to perform this kind of analysis on resting
state data with either eyes open or eyes shut separately. When it is found that
brain activity measured with EEG and metabolic activity measured with NIRS are
coupled it is expected that both modalities will show SOC and power law
behaviour. According to the features of SOC, a system anticipates on all levels and
time scales (Bak et al., 1987). The hypothesis is that if anticipation on one of these
levels is failing disease occurs. That is why these types of analysis could have a
great clinical advantage and why this is an aspect that needs to be addressed in

future research.
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4.4.3 Correlating EEG and NIRS over time

In chapter 3 the investigation for the coupling of alpha and Hbb and HbO, started
with a correlation analysis of block averages. This analysis led to weak, none
significant results. In this chapter a more dynamic approach was adopted by
performing a cross-correlation analysis in which the alpha envelope was
correlated both with Hbb concentration changes and HbO, concentration
changes. The positive correlation of alpha magnitude and Hbb concentration as
well as the negative correlation of alpha magnitude and HbO, concentration was
confirmed in this investigation. Albeit with correlations of moderate strength. The
stepwise approach of using all data and eliminating first bad quality data and later
on physiologically illogical or unexpected data illustrated that in a clean dataset
similar results can be obtained as reported in previous research even with similar

time delays for the hemodynamic signals (e.g. (Moosmann et al., 2003)).

However, the fact remains that there is a lot of inter-individual variation in the
correlations and direction of correlation that is found. And while it seems
physiologically illogical that a change in oxygenation would precede the
occurrence of alpha waves it might not be that uncommon. Pfurtscheller et al.
(2012) found in a resting state that hemodynamic signals, measured with NIRS on
the frontal cortex, coupled with alpha or beta waves measured at the central
cortex for periods of 100 s. In six out of nine subjects, the slow wave oscillations in
HbO, concentration preceded the changes in EEG frequency bands by 3.7 s.
The hemodynamic signal preceding the EEG signal was for some subjects the only
deviant finding. Therefore, it might be worth to be more open-minded to the
possibility that the coupling between electrical and hemodynamic features does
not always need to mean that the hemodynamic signal is the delayed signal.
Especially when resting state data are considered. In determining RSNs the
primary focus lies on the LFOs and VLFOs (Beckmann et al., 2005, Smith et al.,
2009). Assuming that these slow oscillations carry further than the faster changes
in EEG do, it might be worth considering that it are the slow, larger waves that
determine and therefore “drive” the brain state. Which would mean that the EEG
can be the “follower” in this symbioses. A finding that should be further

investigated.
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A different possibility as to why the correlations that are found between the
electrical and hemodynamic signals are only of moderate strength is that the
wrong electrical parameter is being investigated. Besides correlations between
hemodynamic signals and alpha waves, also correlations with beta waves have
been found (Pfurtscheller et al., 2012). Furthermore, it has been assumed that
possible relationships might be found between higher frequency EEG like gamma
activity (60-100 Hz) and hemodynamic parameters (Koch et al., 2009). However,
while other spectral peaks surely deserve attention in future research the
uniqueness of the alpha peak, especially in relationship with an EO EC paradigm,

cannot be dismissed with only moderate correlations.

When it is assumed that the brain as a dynamic system is a SOC system and obeys
power law behaviour, it is likely that besides linear correlations, non-linear
relationships exist as well. Therefore, a possible reason that the correlations
found in the sample are not that strong is that the cross correlation analysis only
takes into account linear correlations. In order to investigate this a method is
needed that analysis both linear and non-linear correlations while taking into
account the slower fluctuating oxygenation changes as opposed to the faster
moving electrical brain activity responses. A method that seems to be a good
candidate in doing so is Mutual Information analysis which will be explained in the

next chapter.

4.5 Conclusion

In this chapter a beginning is made in the field of analysing dynamics of brain
activity when both electrical and hemodynamic measurement methods are used.
When the understanding of the relationship between these modalities is strived
for, the movement towards dynamic analysis is a logical step. While the analysis
of the separate methods that are illustrated in this chapter show that difficulties
in applying dynamical analyses exist, the necessity of exploring this in future
research does not diminish. The path that will be adopted in this thesis revolves
around a better understanding of the relationship between the NIRS and EEG data
with special focus on the alpha band, the Hbb concentration and the HbO,
concentration that have been explored previously. Therefore, the following

chapter will be centred around exploring the relationship between the signals and
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will utilise Mutual Information analysis and its potential to analyse linear as well

as nonlinear relationship between signals from different modalities.
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Chapter 5: Introducing relative cross mutual
information, a new non-linear analysis for coupling

between NIRS and EEG

This chapter will focus on one type of dynamic analysis that is capable to look at
relationships within one signal, between two signals but also between two signals
of different modalities. Mutual information analysis. Mutual information (M)
analysis takes into account linear as well as nonlinear aspects within time series
and might therefore be a perfect asset to investigate the relationship between the
electrical and hemodynamic aspects of brain functioning. However, there are two
challenges with M. The first one being the selection of the appropriate bin size for
the analysis and the second one being the difficulty in the interpretation of the
values. Therefore, after the introduction of MI, this chapter will elaborate on how
an appropriate bin size can be established. Then, relative MI will be introduced as
a transformation of Ml results based on the individually used data per analysis.

Increasing the ease of comparing results.

5.1 Introduction

Mutual information (MI) was first introduced by Claude Shannon in 1948, an
electrical engineer at Bell Telephone laboratories, as part of classical information
theory (Shannon, 1948, Walters-Williams J., 2009). Shannon set out to
mathematically quantify the statistical nature of “lost” information in telephone
line signals. Hereby the central problem was that a message selected at one point
needed to be reproduced at another and that the system would need to make a
selection out of a set of possible messages (Shannon, 1948). A few of his
suggested principles need clarification before Ml and its implications for brain

research can be addressed. The first one being entropy.

Entropy is the amount of information or uncertainty that an event (for instance
values in a signal) contains and it is calculated from the probability of that event.
Usually a logarithmic base is used to calculate entropy so it can be expressed in

bits. The average entropy H, of an event is calculated as follows:
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n
H=—K§Zmbgm
i=1

In this formula, K is a positive constant (this amounts to a choice of a unit of
measure), p; is the probability of a system being in state i of its phase space

(Shannon, 1948).

Calculating the entropy of a signal can be illustrated with an example® in which
signal X will be used (table 5.1 and figure 5.1). Signal X consist out of 8 numbers
that range between 1 and 4. The average entropy of signal X, H(X), can be
calculated by summing the probability of occurrence of each event (value) that is
in this signal. In signal X four events occur; event x = 1 occurs 1 out of 8 times,
event x = 2 occurs 4 out of 8 times, event x = 3 occurs 1 out of 8 times, and
event x = 4 occurs 2 out of 8 times. Filling out these probabilities in the formula

leads to the following result:

HOO == ) plx=xD-logsp({x = x)

x€{1,2,3,4}
= —p(1) -logz p(1) — p(2) - logz p(2) — p(3) - logy p(3) — p(4) - log, p(4)
_ 1l 1 41 4 1l 1 21 2
= —pglogapg—pglog:pg—pg-log,pg—pg-logpg
—1 3+1 1+1 3+1 2
8 2 8 4
_3+1+3+1
8 2 8 2
T4
t |1 2 3 4 5 6 7 8
X |2 1 2 4 2 2 3 4

Table 5.1 Signal X. The upper row t denotes the time steps and the lower row denotes the
value of signal X at that time point. This signal is used to calculate average entropy from
which is done by summing the probability of occurrence of each event (value) in the signal.

The values of the signal are also plotted in figure 5.1.

2
All courtesy goes to A. Sipers (Zuyd University/ Maastricht University, department of knowledge engineering),
who used this example to explain entropy more clearly to me.
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Figure 5.1 The plotted values of signal X. At every time point the value of the signal is

expressed with a red square.

Entropy has a few properties that are important. First of all, it is always a positive
number, unless we know what the outcome of an event will be for sure. In that
case H = 0. Second, the maximum entropy value is reached when all probabilities
of an event are equally likely to occur and this depends on the number of
possibilities, n (max H = log, n). As a consequence this means that maximum

entropy means maximum uncertainty and minimal predictability (Shannon, 1948).

As the example above shows, this formula was designed to handle one variable.
When there are two events X and Y (or two signals) one can calculate separately
the entropy for both signals (H(X) and H(Y)), but it is also possible to calculate
the joint entropy H(X,Y).

HOY) = = p(i,) logp(.))
Lj

While filling out the probabilities in the joint entropy equation, imagine a signal
like in table 5.1 that has an additional signal Y below it. The probabilities that
need to be addressed are then the possible pairs of both signals (x,y) that can
occur on the 8 points in time. If events x and y are totally independent their
joined entropy will be equal to the sum of the individual entropies. In any other

case, the joint entropy is smaller (Shannon, 1948).
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The last type of entropy that needs to be addressed is called conditional entropy.

Shannon defines the conditional entropy of y, Hx(Y) as the average of the
entropy of y for each value of x, weighted according to the probability of getting

that x:
Hy (V) = = " p(i,) logpi())
ij

Which can also be defined in terms of how much entropy y has remaining if the
value of a second random variable x is known and be written as H(X|Y) (Walters-

Williams J., 2009).

Figure 5.2 explains how these three forms of entropy relate to each other and to
MI. To start with, entropy the information or uncertainty within every event (or
signal) is represented by a cloud for each signal H(X) and H(Y). When the events
(or signals) are completely independent from each other the clouds are separate
and Ml equals 0. When signal X and Y are dependent the clouds (partly) overlap.
Both clouds together define the joint entropy of the events, H(X,Y). The joint
entropy can also be calculated by adding the entropy of event x to the conditional
entropy of y once x is known H(X,Y) = H(X) + H(Y|X) (Shannon, 1948,
Walters-Williams J., 2009). Similarly, conditional entropy can be found by
subtracting the entropy from the known variable from the joint entropy
H(Y|X) =H(X,Y) — H(X) (Shannon, 1948, Walters-Williams J., 2009). The
uncertainty of y is never increased by knowledge of x. It will be decreased unless
x and y are independent events, in which case it is not changed (Shannon, 1948).
When then the two events are believed to be signals that are communicated from
a sender to a receiver, these signals can be communicated separately. By doing so
the entropy or uncertainty is as large as the two separate clouds. However, when
the signals are sent in pairs, the entropy of the two separate clouds decreases
with the Mutual Information of the two signals MI(X,Y):
MIX,Y)=HX)+HY)—-HX,Y)

The MI can also be found by deducting the conditional entropy of x once y is
known from the entropy of eventx, MI(X,Y) = H(X) — H(X|Y), and by
deducting the conditional entropy of y once x is known from the entropy of

eventy, MI(X,Y) = H(Y) — H(Y|X) (Ramanand et al., 2010).
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Figure 5.2 (adapted from (Harrison et al., 2006)). The relationships that exist between the
different forms of entropy (entropy H(X) and H(Y), joint entropy H(X,Y), conditional
entropy H(X|Y) and H(Y|X)) and how mutual information (M1(X,Y)) can be deduced

from them.

In essence, MI measures the mutual dependence of two variables. It can tell how
much uncertainty is lost once one variable is known, and therefore it gives an
indication of how much information event y can give about event x (Walters-
Williams J., 2009). Since it measures linear and non-linear dependencies between
two variables, Ml is often regarded as the nonlinear equivalent of the correlation

function that was used in chapter 4 (Alonso et al., 2010, Ramanand et al., 2010).

Ml is a symmetric function so the amount of information event y can give about
event x is the same as the amount of information event x can give about event y,
MI(X,Y) = MI(Y,X). Furthermore, Ml is always a non-negative between X and Y
(the uncertainty of X cannot be increased by knowing of Y), MI(X,Y) = 0. And
last, the information the variables contain about each other cannot be greater
than the information the variables contain about themselves (the entropy),
MI(X,Y) < H(X) and MI(X,Y) < H(Y) (Walters-Williams J., 2009). The higher
the value of the Ml, the more information the two variables contain about each

other.

When the Ml is applied to two different time series it is often referred to as Cross
Mutual Information (CMI). Often this function is also lagged in time to be able to
determine the predictability of x once y is known (Jeong et al., 2001, Ramanand
et al., 2010). When the Ml is applied to just one time series, that time series is

also lagged in time against itself. In this circumstance it is referred to as Auto
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Mutual Information (AMI) and it tells something about the predictability of the

signal given past measurements (Jeong et al., 2001, Ramanand et al., 2010).

5.1.1 Mutual information in EEG research

The use of MI analysis has become an appealing tool in neuroscience. When the
Ml is applied to two EEG signals, it gives a quantitative measure of dynamic,
functional coupling between them (Jeong et al., 2001, Alonso et al.,, 2010).
Especially the estimation of statistical dependencies without assumptions about
the distribution of the data (whether this is linear or not) is a great asset, as well
as the stability of the measure with large data sets (Ramanand et al., 2010). Ml
has been applied to the entire EEG spectrum, but also in narrow band analysis in
which one band is inspected on two locations or when one band is inspected

together with another (Ramanand et al., 2010).

Jeong et al. (2001) used Ml in the analysis of Alzheimer’s patients to explore the
information transfer across brain regions. They found that, compared to age-
matched controls, Alzheimer’s patients show a functional problem in long-
distance connections. Recently it was also found that the inter-hemispheric and
right-hemisphere Ml is lowered in patients with multiple sclerosis (Lenne et al.,
2013). Another neurological population that was investigated with Ml analysis on
EEG signals was a group of Parkinson’s patients on and off L-dopa medication
(Palmer et al., 2010). Also the effects on short time coupling of medicinal
substances in healthy volunteers were assessed by means of Ml (Alonso et al.,
2010). Furthermore, Ml has been used to study the EEG after sleep deprivation
(Na et al., 2006) and to quantify differences in between sleep stages in both
young (Xu et al., 1997) and middle-aged and elderly subjects (Ramanand et al.,
2010). These examples illustrate the use of MI analysis of EEG data with clinical
perspective. A flag that is raised while performing Ml analysis to investigate
functional coupling of neural data is that the information transfer needs to be
understood in a statistical sense. The linear and non-linear coupling that might be
found cannot reveal the exact mechanisms or structural pathways that underlie

this statistical coupling (Jeong et al., 2001, Alonso et al., 2010).
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5.1.2 Mutual information in NIRS research

To the best of my knowledge, MI analysis in research conducted with NIRS has
only been carried out once. Herff et al. (2012) investigated the potential use of
speech in a brain computer interface that uses NIRS measurements. Use was
made of three speaking modes; audible speech, silent speech, and imagined
speech, distinctive Hbb and HbO, responses were registered for each condition,
called the training data. Subsequently, the brain computer interface used Ml to
classify in which class the data that were measured would fall. Differences
between either task condition or pauses could be classified with an accuracy
between 69 and 88%, and differences between tasks could be classified with an
accuracy between 61 and 80% (Herff et al., 2012). This is a very different approach
than the approaches that are described for EEG analysis and illustrates the

diversity in potential use Ml analysis has.

When other measures of hemodynamic activity are considered, like fMRI, Ml is
found to be a technique that is used more often recently, but still not as often as
it is in EEG research. One of the first applications of Ml in fMRI was performed by
Kim et al., (1999). They propose to use Ml on the slices obtained as anatomic
dataset as reference to slices obtained during the task to set a threshold for
motion correction. Later on the technique also proved useful for assessing the
connectivity between brain regions, or clusters of brain regions during rest
(Salvador et al., 2007) or during a task (Hinrichs et al., 2006). But also timing
aspects of information processing in the brain have been investigated. Fuhrmann-
Alpert et al. (2008) used Ml to identify the latency of the BOLD response in which
the highest information content for an audio-visual stimulus was seen compared
to purely auditory or purely visual stimuli. And even more recently an approach of
MI maps was suggested to unravel regionally specific effects in fMRI data

(Gémez-Verdejo et al., 2012).

5.1.3 Mutual information in combined electrical and hemodynamic research

With the variety of possibilities the MI analysis possesses it does not come as a
surprise that possibilities are sought to use it to link electrical and hemodynamic
activity. Especially because it has been postulated that the more information two
signals contain about each other (high MI) the higher chances are that the two

signals are biologically related (Palmer et al., 2010). Since this assumption already
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exists for electrical and hemodynamic activity, the Ml appears an elegant method
to illuminate linear and nonlinear dependencies between both modalities.
Another reason for the increase in popularity of Ml to analyse signals from two
different modalities is that Ml uses the probability distributions of the dataset
rather than actual data. Therefore, it is not restricted by assumptions of the

distributions of the datasets used (Ramanand et al., 2010).

Ostwald et al. (2010, 2011, 2012) have used MI analysis on simultaneously
acquired EEG and fMRI signals to investigate the visual response upon
checkerboard stimulation, to investigate the effects of checkerboard stimulation
upon the coupling between low resolution electromagnetic tomography (LORETA)
derived from EEG and fMRI, and explored how these analysis can be used to
investigate the neural underpinnings of perceptual decisions. Other researchers
used Ml on concurrent EEG and fMRI in order to map hemodynamic changes
related to interictal epileptic discharges in the EEG (Caballero-Gaudes et al.,

2012).

Studies that have sought to link EEG activity with fMRI data usually model the
fMRI data based on the EEG. MI analysis treats both modalities symmetrically and
does not need an a priori model of the hemodynamic function). Together with its
ability to assess both the linear as well as the nonlinear aspects of the
dependency (Alonso et al., 2010, Ramanand et al., 2010), these are great
advantages on current analysis techniques. In this chapter the first attempt will be
made to use MI analysis to investigate the coupling between EEG alpha wave
activity and Hbb and HbO,concentration changes. However, two challenges in Ml
analysis exist. First, the probability distribution needs to be determined

adequately, and second the obtained Ml values need to be interpreted correctly.

5.2 Determining the number of bins

The first difficulty that arises when performing MI analysis is estimating the
probability distributions needed to calculate the entropies (Ramanand et al.,
2010). A method that is often used to estimate probability distributions is referred

to as the histogram method, which uses bins.
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In this chapter the probability distributions of NIRS and EEG time series need to
be estimated. The histogram method divides the amplitude of the time series into
partitions (figure 5.3) or bins. The probability distribution can then be obtained by
calculating the ratio of the number of data points that fall within each bin N;

divided by the total number of samples in the time series N: p; = % (Thakor and

Tong, 2004).
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Figure 5.3 The partitioning of the amplitude of an EEG time series into bins. To illustrate
the concept these 5 seconds of EEG from the left visual cortex of subject 3 (uV range + and
— 50) are partitioned into 24 equal sized bins. The 0-line is indicated with a black line and

also indicative of a partitioning between two bins.

The number of bins that is chosen for the analysis needs to approach the average
probability adequately. When larger (and therefore fewer) bins are chosen to
determine the entropy of each signal, more data points fall within each bin and
the average probability per signal is more accurate. However, the estimate of the
joint probability will be too flat, causing the Ml to be underestimated. When
smaller (more) bins are chosen, the fluctuations in the joint probability
distribution over short distances are followed better, but when these fluctuations
are due to a smaller sample size the Ml is overestimated (Fraser and Swinney,
1986). The first objective therefore is determining an appropriate amount of bins
for the current EEG-NIRS dataset. Hereto three approaches are adopted: 1.
Investigate current literature, 2. Investigate the distribution of the dataset, 3. Test

the analysis by use of dummy data.

5.2.1 Investigate current literature

Since MI analysis has not been conducted before to investigate concurrent EEG
and NIRS data, no literature is available to illustrate the choice of the appropriate
number of bins. Ml analysis has only been performed once on NIRS data and this
study used a kernel density estimation with Parzen window approach (for
explanation see (Parzen, 1962)) to estimate the probability distribution (Herff et

al., 2012). Therefore, the appropriate binning method was sought in EEG research.
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The EEG literature revealed that the underlying theory of how to decide the
number of bins is scarce. Some studies even fail to mention the amount of bins
used (Abasolo et al., 2007, Hornero et al., 2009). Often studies only report the use
of the histogram method and state how many bins were used. The most studies
use 64 bins of which most (but not all) of these studies use datasets of 4096 data
points (Jeong et al., 2001, Na et al., 2002, 2006, Min et al., 2003, Jin et al., 2006,
Escudero et al.,, 2008, Lee et al., 2011). Teplan et al. (2006) use 295 bins with
87000 data points and state as a rule that the number of bins is equal to the
square root of the number of data points. When this rule is applied to a dataset of
4096 data points (V4096 = 64) it is revealed that 64 bins would indeed be

advised.

Another rule for calculating the amount of bins to be used is given by David et al.
(2004) and states that the number of bins used to estimate the probability density
is the number just below In N /In 2 in which N is again defined as the amount of
data points in the dataset. This leads to the use of fewer bins as was shown by
Abasolo et al. (2008) who adopted this approach and used 12 bins for 4096 data
points. Even fewer bins, namely 8, were preferred by Alonso et al. (2007, 2010)
and Luo and Sajda (2009). The latter study ranged the amount of bins from 6 to 12

but did not find much differences between the options so decided to go with 8.

A study that systematically researched different amounts of bins (8,16,32,64 and
128) with different types of signals (synthetic signals as well as surface EEG and
intracranial EEG) argued that 32 bins generated the most accurate outcome for
AMI analysis (Escudero et al., 2009). Other numbers that have been found in the
literature were 16 bins with approximately 4000 data points (Jin et al., 2010,
Ramanand et al., 2010), 50 bins with 500 data points (Lu et al., 2011), and 20 bins
while investigating a motor task (number of data points unknown) (Wang et al.,

2009, Palmer et al., 2010).

Due to the inconsistency that exists, the use of only the alpha band in this chapter
and the additional use of NIRS data it was empirically tested in a random subject
what number of bins would be most appropriate. First, 64 bins were used since

most EEG studies use this number of bins. Second, the rule by Teplan et al. (2006)
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was explored. When the 5 min time series are analysed by MI similarly as was
done in chapter 4 with the CC analysis, all time series consist of 7500 data points.
Fed into the formula this results into \/m 87 bins. As a third option
the rule of David et al. (2004) was investigated: In 7500/In2 = 12,87, which

suggested to use 12 bins. The results of this test are summarized in table 5.2.

Bins | Alpha- HbO, O1 | Alpha-Hbb O1 Alpha- HbO, 02 | Alpha-Hbb 02
12 | 0.18 0.25 0.10 0.12
64 | 0.69 0.77 0.55 0.52
87 |0.90 0.98 0.73 0.68

Table 5.2 Exploration of different bin sizes on data of subject 3. Values that are reported
are the average cross mutual information (CMI) values of all values found between time
shifts of -10 and +10 seconds. Legend: O1= left visual cortex, O2= right visual cortex, HbO,=

oxygenated haemoglobin, Hbb= deoxygenated haemoglobin.

The results suggest that the more bins are used, the higher the MI values get.
Furthermore, when the time point at which the highest MI was found is
considered as well it was found that this value was stable for 87 and 64 bins, but
shifted to higher time delays with 12 bins for this subject. Whereas this shift is 0.5
seconds on the O1 location, the O2 location even shows a shift of 2.5 seconds.
These results illustrate that bin size matters but are inconclusive in determining

which bin size would be more adequate.

5.2.2 Investigate the distribution of the dataset

To solve the binning problem, help was sought in the department of mathematics
of Imperial College London. Prof. Henrik Jeldthoft Jensen and Dr. Fatimah Abdul
Razak explained a two step procedure. First, the data are normalized based on the
standard score and subsequently all data is plotted in a single histogram. The
number of bins that makes the histogram look smooth and normally distributed is
the number that is chosen for the Ml analysis. The normalizing of the data assures
that the binning range is uniform. Furthermore, since the changes in amplitude of
the time series are the property of interest (resulting in magnitude changes for
the EEG signals and concentration changes for the NIRS signals), normalizing the

data corrects for possible inherently high values.
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The alpha time series as well as the HbO,and Hbb time series were normalized
individually for both measurement locations (01 and 02) by subtracting the
distribution’s mean (u) from every data point and dividing the outcome by the
standard deviation of the distribution (o), resulting in z-scores (Moore et al.,

2012): z = =2,
o

The data from all participants, from both locations and from all three
measurements parameters (alpha, HbO,, and Hbb) were placed into one file and a
histogram was created in SpSS with several numbers of bins (figure 5.4). The three
possibilities that were suggested from the literature 64, 87 and 12 were
investigated first. The different plots showed that too few bins (12) did not
present a normal curve and that a larger number of bins increased the
smoothness of the histogram (64). Using too many bins (87) resulted in a skewed
curve. Because the 64 binned plot was a little skewed as well, lower bin numbers

were investigated subsequently.
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Figure 5.4 Histograms of different bin sizes. The black curve indicates the normal curve. On

2000000 3000000

the x-axis the z-scores are displayed, on the y-axis the frequency a data point falls within a
bin is displayed. The different pictures show that with more bins the normal curve is

followed smoother, too many bins however, show a skewed peak with increased kurtosis.
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Since 29.4 units were found in the data (range -5.7 to 23.7) 29 and 30 bins were
also explored. As is visible in figure 5.4, 30 bins resulted in a better fit than 29
bins. Therefore, as a last step the possibilities between 30 and 64 bins were tested
in increments of 2 bins to explore the best match, which was found in 50 bins.
However, just like the histogram created with 64 bins, despite the increased

smoothness, some skewness was detected.

5.2.3 Test the analysis by use of dummy data

Signal Alpha z-scored HbO, z-scored Hbb z-scored
min -1.8609 -4.8202 -5.7401
max 23.2967 4.6466 4.8330

Table 5.3 The ranges of the z-scores for each measure based on the experimental data of
all participants. Dummy data were randomly generated within the ranges specified in the

table. Legend: HbO,= oxygenated haemoglobin, Hbb= deoxygenated haemoglobin.

In order to verify that the chosen bin number was correct, dummy data were
used. Dummy data were randomly created to be independent, had similar length
as the actual time series (7500 data points), and were generated within the ranges
of each used parameter (table 5.3). After the time series were generated, Ml
analysis was performed in which bin sizes were varied for each analysis. Since the
dummy data were generated to be independent, the optimal bin size would result

in an Ml that approaches 0 (Shannon, 1948, Walters-Williams J., 2009).

The results of the MI analysis are summarized in table 5.4. The investigation
started with 64 bins as this was the number of bins that was most reported in EEG
research. This was followed by the reasonably good fits of 50 bins and 30 bins
from the histogram method. When these results did not lead to outcomes of zero,
the smaller size of 12 was also tested. As seen in paragraph 5.2.1, the use of less
bins leads to smaller numbers of MI. To test whether the results kept decreasing
or whether there was an optimum all smaller bin sizes were tested as well. This
showed MI values only were zero with the dummy data when 1 bin was used.
With 3 or 4 bins, results in which the first three decimals were zero were obtained

though.
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Bins | Alpha-HbO, 01 | Alpha-Hbb O1 Alpha-HbO, 02 | Alpha-Hbb 02
64 | 0.46 0.46 0.46 0.46

50 |0.26 0.26 0.26 0.26

30 | 0.084 0.085 0.084 0.084

12 | 0.011 0.011 0.011 0.011

3 0.0004 0.0004 0.0004 0.0004

1 0 0 0 0

Table 5.4 Exploration of different bin sizes in independent dummy data. Values that are
reported are the average cross mutual information (CMI) values of all values found
between time shifts of -10 and +10 seconds. Legend:01= left visual cortex, O2= right visual

cortex HbO,= oxygenated haemoglobin, Hbb= deoxygenated haemoglobin.

5.2.4 Discussion on the number of bins

Fraser and Swinney already pointed out in 1986 that the number of bins that are
chosen to perform MI analysis can influence the results. This was enforced by
Escudero et al. (2009) for the use of Ml analysis in biomedical signals. When the
binning is too fine or too coarse the results are biased. In this section three
methods were explored to investigate the appropriate amount of bins for the
current data set. The first method was an investigation of the current literature.
This search is however, impaired by the deficit of literature that is available on Ml
analysis in NIRS or concurrent EEG and NIRS research. In the EEG literature often
64 bins are used but the underlying theory is left unreported. The rules of thumb
that are provided by David et al. (2004) and Teplan et al. (2006) were tested on a
random subject and showed that the fewer bins were used, the lower Ml results
were. This finding was accompanied by a shift in time when maximal Ml was
reached when a lower bin size was used, leading to the conclusion that different

bin sizes can lead to different results.

Secondly, upon advice from Dr. Fatimah Abdul Razak, the data distribution of the
normalized data was inspected for various bin sizes. In this approach the optimal
bin size would lead to a normally distributed histogram which is smooth as well.
This approach showed that more bins leads to a more smoothly defined
histogram. However, there seems to be an optimum because when the bin size is

increased too far, the histogram becomes more skewed. A downside of this
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method is that it is still a rather arbitrary choice to say which histogram is

preferred.

As a last option, it was tried to determine the right bin size by using the properties
of the analysis itself. When independent time series are analyzed Ml should be
zero. So independent dummy data generated within the range of the actual data
were used to explore different bin sizes. Unfortunately, this did not lead to the
results hoped for. When using the options suggested by the histogram method,
the results did not approach zero. When much smaller bin sizes were used the
results did lean towards zero. However, these were bin sizes that were smaller
than the ones reported in the literature and the histogram method displayed that

a small amount of bins is an inappropriate fit.

5.2.5 Conclusion on the number of bins

A choice upon a bin number needed to be made however to be able to continue
the analysis. This choice was 30 bins. In this choice the normally distributed shape
of the histogram was taken into account with a compromise on the smoothness.
The second factor that contributed to this choice were the results from the
dummy data. The MI analysis on dummy data performed with 30 bins was the
only option that shows results < 0.1 while still displaying a normally distributed
histogram. The fact that independent time series generate results in the Ml
analysis that are > 0 is a factor that will be taken into account in the interpretation

of the results.

5.3 Ml in an eyes open eyes closed paradigm

In this chapter Ml analysis is performed as an extension of the analyses that have
been performed so far on the dataset that was used in chapters 3 and 4. In order
to be able to compare the results of this analysis to the cross-correlation analysis

that has been performed in chapter 4, a similar approach is adopted.

A difference between MI analysis and CC analysis, other than the nonlinear
relationships that can only be investigated by Ml analysis, is the interpretation of
the results. The results of CC analysis always range from -1 to 1, indicating

anything in a range from a perfect anti-correlation to a perfect correlation
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(Howell, 2011). The result obtained with MI analysis, always ranges between 0
and a positive number (Walters-Williams J., 2009). Therefore the direction of the
relationship cannot be interpreted directly from the results. Furthermore, no
other guidelines for interpretation are given than the higher the Ml value, the
higher the mutual dependence of the two signals is (Walters-Williams J., 2009).
The Venn diagram displayed in figure 5.2 shows the relationships that exist
between the different forms of entropy and the MI. The more radical situations
of independent signals and maximal dependent signals are illustrated the Venn

diagrams in figure 5.5.

The left sided Venn diagram shows that theoretically independent signals would
yield an Ml of 0, similar to what was reported by Shannon (1948). However, the
findings in paragraph 5.2 showed that when bins are used to determine the
entropies needed for MI analysis, independent signals do not yield a value of 0.
The right sided Venn diagram shows that maximum dependence between two
signals results in @ maximum MI. And that this maximum Ml is equal to the
smallest entropy of the two signals that are used for analysis. Knowledge of these

properties can aid in the interpretation of the results.

HX,Y)

HQO)

MI(X,Y) =0

H(Y)
= H(Y|X)

Figure 5.5 Venn diagrams for independent and maximal dependent signals. The left hand
side Venn diagram displays the relationship between the different forms of entropy for a
situation in which the two signals that are used are completely independent. The right
hand side Venn diagram displays this relationship when maximal dependency exists
between two signals. Legend: H(X) and H(Y)= entropy, H(X,Y)= joint entropy, H(X|Y)
and H(Y|X) = conditional entropy, MI(X,Y) = mutual information

Here a proposition is made for a transformation of the Ml values based on the

properties of the signals and parameters that are used in the MI analysis. This

transformation will be referred to as relative Ml (Ml,):
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_ (MI(X' Y) - MI(Xdummy' Ydummy))
(H (X or Y) — MI (Xdummy’ Ydummy))

x 100

rel

For each signal that is used in the MI analysis (x and y) a dummy signal is
generated randomly with values that fall within the range of the actual signal
(Xaummy and Yaummy)- Since the dummy signals are generated randomly they will
be independent. MI is then calculated over Xxgummy and Ygummy
(MI(Xqummy» Yaummy)) Using the same bin size as is used to calculate MI(X,Y).
This creates a new O-threshold. Then for each signal that is used in the Ml analysis
(x and y) the entropy is calculated (H(X) and H(Y)). From these two entropy
values it is determined which is lowest for this is the maximum value that can be
reached by the MI analysis. In order to calculate M1, the new O-threshold is
deducted from the actual Ml value and from the smaller entropy. Then this new
Ml value is divided by the new entropy and multiplied by 100. By doing so, the
initial M| value that is found can be related to the minimum and maximum
possible MI, expressing the dependency of a signal in a percentage. This approach

will be adopted here.

5.3.1 Methods

5.3.1.1 Subjects
Since the MI analysis is an extension of the previously performed analysis the
group of participants is similar to the group described in chapters 3 and 4. The
group exists out of 38 participants (21 female) with an age range of 19-60 years
(mean 37.74, SD 13,30). All subjects volunteered to participate, and signed
informed consent. The study was approved by the University ethics committee

(070300).

5.3.1.2 Paradigm
During the experimental session of each participant concurrent EEG and NIRS
measurements were taken from the visual cortex during 5 minutes. Hereto,
recordings from both the left and right hemisphere were taken approximately
over 01 and 02 locations of the 10-20 EEG locations system (Jasper, 1958).
Subjects were asked to sit comfortably in front of a computer screen that
displayed a picture of a “test screen” (figure 3.2). Every 30 seconds the

participants were asked to change from eyes open to eyes shut and vice versa (a
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schematic view of the paradigm is displayed in figure 3.1). Half of the participants

started the measurement with closed eyes, the other half with their eyes open.

5.3.1.3 Equipment
The specifications of the EEG equipment (Bimec, Maastricht Instruments B.V.
Maastricht, the Netherlands) and the NIRS equipment (OXYMON Mk IIl, Artinis
B.V. Zetten, the Netherlands) and electrode as well as optode configurations are

described in paragraph 3.2.3.

5.3.1.4 Data analysis
In chapter 4 it was shown that subject 18 showed artefacts in the alpha envelope
on every transition from EC to EO and from EO to EC and that these artefacts
influenced the dynamics of the signal. Therefore, it was decided to exclude

subject 18 from the Ml analysis, leaving 37 subjects in the sample.

For both locations (O1 and 02) the CMI was determined for the normalized 5
minute time series of the down sampled alpha envelope and the HbO,
concentration change as well as the alpha envelope and the Hbb concentration
change. As explained in chapter 4, the alpha envelope contains the changes in
magnitude over time of the alpha frequency band (7.5-12 Hz). This time series is
down sampled to 25 Hz in order to match the sample frequency of the HbO, and
Hbb time series. By doing so each time series has the same number of data points
and the possible time shifts of either signal in relation to the other can be

observed more adequately.

CMI was calculated by means of a LabVIEW application programmed as element
of the BrainMarker EXG analysis software (BrainMarker B.V., Gulpen the
Netherlands). This application plots a graph of the CMI value of the chosen signals
at different time lags (figure 5.6). Similar to the CCF used in chapter 4, the signals
were analyzed for all lags between -10 to 10 seconds. For all signals, 30 bins were
used to estimate the probability densities. From the plot it was then determined
at what time shift maximum CMI was reached. Both the CMI value as well as the
time shift were noted for each pair of signals. Since the calculation of CMI for time

series of 7500 data points and 30 bins has a long calculation time, it was chosen
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only to plot the CMI values in a resolution of 0.5 s. This decreases the accuracy of

the time shift to some extent, but speeds up analysis time.

CrossMutuallnformation Plotd |,",

0,7

02-
-ld,UU -9,‘00 -8,‘00 -?,‘00 -6,‘00 -5,‘00 -4,‘00 -3,‘00 -ZIUU -1,‘00 0,60 1,60 2,60 3,60 4,(‘]0 5,60 6,60 ?,60 8,(‘]0 9,(‘]0 10,‘00
tau

Figure 5.6 A cross mutual information (CMI) plot (subject 3, left occipital cortex, Alpha —
oxygenated haemoglobin, 30 bins). On the x-axis the time steps that are analysed are
displayed (tau), in this case 10 seconds back and 10 seconds ahead. This plot shows that
the maximum CMl| is reached at 8.5s and the CMI value is 0.65.

Then for each signal the range (min-max) was determined and a dummy signal
was randomly generated within this specified range consisting out of 7500 data
points. For each signal pair used in the CMI analysis the CMI analysis was repeated
with the dummy counterparts. In this analysis similar settings were used.
Separately, for every genuine signal the entropy was calculated according to the
following formula:
HOO == > p(lx =) log; p(lx = x})
x€{1,2,3,..,30}

Here, also 30 bins were used to bin the signal. The width of the bins is determined
by the range of the signal. Here, p({x = x}) is the probability that a data point
(x) falls within a predefined bin (x). For each signal pair used in the CMI analysis

it was determined which signal had the lowest entropy.

The lowest entropy, the CMI of the dummy signals and the CMI of the genuine

signals were then used to calculate relative CMI for each signal pair:
(CMI(X: Y) — CMI (Xdummy' Ydummy))

CMl,o =
e (H (X or Y) — CMI (Xdummy' Ydummy))

x 100

Once all 37 data sets were analyzed it was investigated whether the values that
were found were influenced by the signal quality that was established in chapters
3 and 4. Furthermore by means of paired t-tests and Wilcoxon signed ranks tests

it was evaluated whether outcomes differed between hemispheres. It was also
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tested with similar tests whether the comparisons between alpha envelope and
HbO, concentrations and alpha envelope and Hbb concentration changes were

different.

5.3.2 Results

In order to calculate relative CMI the entropy of each signal used had to be
calculated in order to determine which of the two signals of each pair displayed
lowest entropy. The entropy on its own is an indication of the amount of
information or the uncertainty that is contained in that signal (Shannon, 1948).
The higher the entropy, the more uncertainty a signal contains which decreases
predictability. When the entropies of the alpha envelopes and the NIRS signals
were compared in this dataset it was shown that the entropy of the alpha
envelope was lower than the NIRS entropies and therefore more predictable
(averages displayed in table 5.5). Interestingly, the variability between subjects
was larger for the alpha envelope compared to the NIRS signals as is visible in the
higher SDs and ranges. No significant differences between right and left
hemisphere were detected by means of a paired samples t-test for all measuring
modalities. A significant difference was found though between the entropies of
the HbO, and Hbb concentrations on the same location (O1: t=2.036, df=36,
p=0.045; 02 t=3.076, df=36, p=0.004). Since higher entropy values were found for
the HbO, concentrations, this difference indicates that the Hbb signals have

higher predictability.

Entropy | AlphaO1 | Alpha0O2 | HbO, 01 | HbO,02 | Hbb O1 Hbb 02
Average | 2.91 2.93 431 4.26 4.22 4.14

SD 0.60 0.59 0.25 0.30 0.28 0.30
Range 1.3-3.85 1.69-3.92 3.52-4.70 | 3.43-4.73 | 3.47-4.66 | 3.23—4.59

Table 5.5 The average entropies for all signal modalities with their standard deviation (SD)
and range. Legend: O1= left visual cortex, O2= right visual cortex, HbO,= oxygenated

haemoglobin, Hbb= deoxygenated haemoglobin.

The CMlI, analysis between the alpha envelope and the HbO, as well as the Hbb
concentration changes led to the following results, which are summarized in table
5.6A. When all subjects participate in the analysis it was found that on the O1

location on average 7.57 % dependency existed between the alpha envelope and
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the HbO, concentration. On average this dependency was highest with a time
shift of 3.03s. For the alpha envelope and the Hbb concentration the average
dependency was a little higher, 8.12%, as was the time delay, 3.32s. For the 02
location, on average lower dependencies and time delays were found. Here the
dependency between the alpha envelope and the HbO, concentration was 6.50%
with a time delay of 2.05s and the dependency between alpha and the Hbb
concentration was 5.83% with a time delay of 2.05s. A Wilcoxon signed ranks test
revealed that this difference between the left and right hemisphere was only
significant for the dependency of the alpha envelope and the Hbb concentration
changes (z= 2.384, N-ties= 37, p= 0.017). Differences between dependencies on

the same location were not significant.

Similar to the procedure that was adopted with the CCF analysis it was
investigated whether data quality influenced the obtained results. All data that
received a bad quality label in chapter 3 or 4 were excluded from the sample and
the analysis was repeated (results are summarized in table 5.6B). This led to
higher dependencies. On the O1 location the average dependency between the
alpha envelope and the HbO, concentration changes was now 12.86% with an
average time delay of 5.05s. The average dependency between alpha and Hbb
concentration changes even reached 15.06% and had an average delay in reaching
maximum CMI of 4.6s. For the 02 location the dependency values remained lower
than for the O1 location. Here an average dependency of 10.32% was found for
the alpha envelope and HbO, time series and 9.42% for the alpha envelope and
the Hbb time series. Time delays were also lower compared to the O1 location,
2.78s and 1.5s respectively, with the latter one even being lower than was found
when no data was excluded. Wilcoxon signed ranks tests were used to evaluate
whether differences between left and right and differences between analyses
over the same location were significant. It needs to be noted though that not for
every subject that is left in the sample all comparisons could be performed
because of missing data. Similar to the previous analysis, only the dependency of
the alpha envelope and the Hbb concentration was significantly different between

left and right (z=2.028, N-ties= 7, p= 0.043).

As a last step the data showing a physiologically unexpected response (a negative

delay of the hemodynamic data) were deleted from the sample. This resulted in
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further increases of the dependencies between the signals as well as increases in
timing of the delay (table 5.6C). In the analysis of the alpha envelope together
with the HbO, concentration changes on the O1 location the average dependency
was 14.28%, and maximum dependency was reached on average after 6.39s.
When on the same location the alpha envelope was analyzed together with Hbb
concentration changes a dependency of 15.51% was found and on average the
maximum dependency was reached after 6.5s. For the O2 locations the average
dependency values were slightly lower again (alpha envelope and HbO,: 12.93%;
alpha envelope and Hbb: 11.76%). However, the average time it takes to reach
maximum dependency was longer for the 02 location (7.6s for alpha and HbO,;
and 7.0s for alpha and Hbb). Since only 3 pairs remained in the sample for

statistical testing of differences between left and right these results are

unreported.
A 01 alpha x 01 alpha x 02 alpha x 02 alpha x
HbO, N=37 Hbb N=37 HbO, N=37 Hbb N=37
CMl,e (%) | 7.57 (5.16) 8.12 (6.52) 6.50 (4.89) 5.83(3.96)
Delay (s) 3.03 (6.15) 3.32(5.80) 2.05 (6.30) 2.05 (6.63)
B 01 alpha x 01 alpha x 02 alpha x 02 alpha x
HbO, N=11 Hbb N=10 HbO, N=9 Hbb N=9
CMl,e (%) | 12.86 (5.53) 15.06 (6.60) 10.32 (6.94) 9.42 (4.99)
Delay (s) 5.05 (3.32) 4.6 (4.29) 2.78 (5.94) 1.5(7.39)
C 01 alpha x 01 alpha x 02 alpha x 02 alpha x
HbO, N=9 Hbb N=8 HbO, N=5 Hbb N=5
CMle (%) | 14.28 (4.99) 15.51 (6.48) 12.93 (8.60) 11.76 (5.39)
Delay (s) 6.39 (1.61) 6.5 (1.73) 7.6 (2.16) 7.0 (3.82)

Table 5.6. Group averages of the highest relative cross mutual information (CMirel
expressed as a percentage) values and their shift in time domain. The standard deviation is
presented between brackets. Section A displays the values that are obtained for the entire
sample. Section B contains the values obtained after the data that was not of high enough
quality was eliminated. Section C contains the results after the omission of the bad quality
as well as the physiologically unexpected signals. Legend: N= number of subjects, O1= left
visual cortex, O2= right visual cortex, HbO,= oxygenated haemoglobin, Hbb= deoxygenated

haemoglobin.
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5.4 Discussion

In this chapter a method for evaluating the underlying coupling of the time series
of the alpha envelope and the HbO, concentration changes as well as the Hbb
concentration changes was presented. This method was derived from the
information theoretic framework of Shannon (1948). To my knowledge, similar
analyses have not been conducted on EEG and NIRS signals together yet. Two key
aspects of performing this analysis in a meaningful way were highlighted in this
chapter. The first one being the choice of the amount of bins to estimate the
probability distributions based on the provided dataset. The second being the
transformation of the obtained CMI values into relative CMI values based on the

data to be analysed.

5.4.1 Choosing the appropriate bin size

Deciding upon the correct bin size when conducting analyses of measures derived
from the information theoretic framework is an important first step. Lower bin
numbers can lead to an underestimation of the MI, while higher bin numbers can
lead to overestimation (Fraser and Swinney, 1986, Escudero et al., 2009). The
differences in results were also found in this study when different bin sizes were
applied to the data from the same subject, showing that the more bins were used,
the higher MI values got. Furthermore, the choice of bins influenced the time

point at which maximum Ml was reached for this subject.

The method proposed here, first normalizes the data and then joins all data in one
distribution. The number of bins that is chosen depends on whether the
appearance of the distribution is normal and smooth. Simultaneously, this choice
is guided by the analysis of dummy data, which are generated randomly in the
same range as the experimental data so two signals are independent. The analysis
of the independent data needs to approach zero. The choice in this study was 30

bins and a value of the dummy data of > 0.90.

A factor that strengthened this decision was that when the value of the dummy
data was used as a threshold to determine whether two signals were independent
all Ml values found in the 30 bin analysis were higher than this threshold. This is

expected since the EEG and NIRS data were measured over the same location
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during the same paradigm and some form of coupling was determined already in
chapter 4. When this was explored for the threshold of the 64 bin analyses (0.46)
it was found that over half the subjects showed Ml values below this threshold,
suggesting that lower dependency between the EEG and NIRS data existed than it

did for independent data (data unreported).

This method of deciding bin size has the advantage that it is easily understood and
applied, however the choice of bin size remains somewhat arbitrary and the
wrong choice leads to biased results. Other methods besides histogram binning
exist for estimating the probability distributions needed for estimating MIl. Among
these are both parametric and non-parametric methods of estimation. The pros
and cons of a number of these methods are reviewed by Walters-Williams J
(2009). A further in depth discussion falls beyond the scope of this thesis but

could be conducted in future research.

5.4.2 Relative Cross Mutual Information

As an extension of the exploration of the relationship between the changes in
alpha magnitude and the HbO, and Hbb concentration changes that was carried
out in chapters 3 and 4, the analysis of relative CMI was performed in this
chapter. As expected, it was found that there was a mutual dependence both
when alpha magnitude and HbO, were considered as well as when alpha
magnitude and Hbb were evaluated. Similar to the findings with the CCF analysis
in chapter 4, the strength of this dependency increased when bad quality data
were removed, and even a further increase was seen when physiologically illogical
data were removed. This was also true for the time point on which maximum
CMl,¢ was reached. For the CCF analysis this timing was between 7 and 8 seconds
for all comparisons made. With the CMl,, these values were a bit lower, between
6 and 7.5 seconds. In the CCF analysis the timing could be established with a
resolution of 0.04 s. In order to speed up analysis time for the CMl, analysis the
resolution was brought back to 0.5 s which could be an explanation for this
difference. Another difference that was found between the different analyses was
that not the exact same subjects that presented the physiological response in
which a negative delay was seen. This finding could be due to the fact that the
CMl, takes into account both linear and nonlinear relationships (Alonso et al.,

2010, Ramanand et al., 2010). The additional nonlinear findings in coupling could
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possibly result in a shift in time of maximum CMl,,. Different from the CCF
analysis it was also investigated whether there were statistical differences in the
obtained CMl, values and the timing, between hemispheres as well as
differences between alpha envelope and HbO, concentrations and alpha envelope
and Hbb concentrations within the same hemisphere. When the whole sample
was investigated it was shown that there was a significant difference between the
left and right hemisphere for the dependency between the alpha envelope and
the Hbb concentrations. Suggesting a stronger dependency in the left
hemisphere. This was the only significant difference that was found. This finding
remained when the bad quality data were removed from the sample. When also
the physiological illogical data were removed only 3 pairs remained for statistical
testing so these results were omitted. A reason for this finding was already briefly
highlighted in chapter 3 when it was found that on the location measured over
the right hemisphere more bad quality data was found. The human brain is
positioned slightly rotated in the skull (Toronov et al., 2007). This causes the
neocortex to be a little further away from the optode on the right side of the
hindbrain compared to the left side of the hindbrain (for the frontal cortex this is
the other way around). Since the difference between left and right remains when
the bad quality data are removed another factor that possibly contributes to this
difference is the amplitude of the Hbb signal. Compared to the HbO, signal, the
Hbb signal showed smaller fluctuations in this data set. A standard feature of NIRS
measurements is that during brain activation a response of two to three times the
magnitude is seen in HbO, compared to Hbb (Ferrari et al., 2004). This smaller
signal to noise ratio combined with the rotation of the brain could explain why
this left-right difference is seen for the Hbb concentrations but not for the HbO,

concentrations.

MI has been used previously to establish the dependency between EEG and fMRI
data. Ostwald et al. (2010) used high and low contrast checkerboard stimulation
in order to determine the dependency of the P100 peak of the visual evoked
potential from a single electrode and the hemodynamic response under the area
surrounding the electrode of the occipital cortex. However, the Ml values that
were found were low and mostly not significantly different from zero. In a follow-
up study a different approach was adopted and MI was calculated over LORETA

(low resolution electromagnetic tomography) and fMRI during a similar paradigm
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Ostwald et al. (2011). In this study also the change in EEG alpha power to the
stimulus of the checkerboard was considered. Again no dependency was found
between the measurement modalities. A reason for the inconsistency with the
current data, is that Ostwald et al. (2010) calculated Ml over extracted features of
both the EEG and fMRI data like peak amplitude and latency to a single stimulus.
In doing so the time frame that is observed is small (1s for EEG and max 15s for
fMRI) compared to the 5 min dataset that was analyzed in the current study. So to
increase the number of data points (or time) that is used for Ml analysis could
have an advantage. Another advantage of simultaneously analysing NIRS and EEG
data over the simultaneous analysis of fMRI and EEG data is that the EEG signal
loses information due to the noise caused by the scanner and the subsequent
data cleaning algorithms (Ostwald et al., 2010). The imposed noise and the
necessity of cleaning the EEG time series extensively could also have confounded
the information needed for the source localization algorithms. With the
simultaneous use of NIRS and EEG this is less of an issue since the modalities do

not impose noise onto one another.

A challenge with any Ml analysis is the interpretation of the values. The higher the
Ml value between two signals is, the higher is their mutual dependence (Walters-
Williams J., 2009). However, when the minimum and maximum possible value of
the CMI are omitted this number has little meaning. Furthermore, it even
becomes hard to compare results between subjects, because the maximum CMI
value can have inter subject variation. In order to tackle this problem relative CMI
was proposed in this chapter. The CMl, transforms the obtained CMI values to
relative values based on the minimum and maximum possible values derived from
the experimental data. By doing so, the obtained CMI can be expressed as a
percentage. This makes sure that not only results can be compared between
subjects, it allows the comparison of different brain regions, different
measurement modalities, different clinical samples, and different points in time. It
basically allows for the comparison of virtually anything because the values are
corrected for the data that is used. This creates a great clinical advantage. The
only potential drawback would be if the CMl, does not increase linearly.
However, as Shannon (1948) points out in his framework of information theory,
choosing a logarithmic base to compute entropy and MI causes parameters of

importance to engineering, like time, bandwidth and number of relays to vary
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linearly with the logarithm of the number of possibilities. Closely related to this it
complies with people’s intuitive feelings that two punch cards hold twice as much
information as one punch card does (Shannon, 1948). Therefore, here the
assumption is made that a CMl, value of 20% expresses a dependency which is
twice as high as 10%. It also has to be noted that the bin size needs to be
evaluated for each new dataset that is analyzed. In this study use was made of the
alpha envelope only. When a broader EEG spectrum or a different frequency band
is used the most appropriate bin size might be different. Therefore, clinically
speaking, it would be beneficial to automate the processes described in this
chapter in order to obtain a method of analysis that is less prone to arbitrary
choices. In this automation process the generation of the dummy signals and
thresholds for calculating CMl, should be the first step which can be performed
hidden in the program before the entropy of the signals as well as the CMl,
between the signals is given as a result both in number and in graph. Together
with a database of representative data for healthy and pathological conditions
clinicians would be able to interpret outcomes in a much more intuitive way to
asses changes in the relationship between electrical and hemodynamic
parameters in patients without the need to have in depth knowledge about the
information theoretic framework. Furthermore, researchers from different fields
could use the automated analysis in order to provide and expand the database for
multimodal analysis but also for example to do connectivity analysis within one

measurement modality between different brain locations.

However, something that CMI or CMl,, is unable to do is to tell something about
the direction of the dependency. The interpretation of the time point of when
CMlI,, reaches a maximum when one of the signals is lagged in time is only a
rough estimate. By doing so, the assumption is made that when the NIRS signal is
the lagged signal and the maximum CMl,, is reached after 6 to 7.5 s that this is
because the hemodynamic response to neural activation takes several seconds,
even though considerable variation is seen between subjects and brain regions
(Handwerker et al., 2004). Based on this finding, subjects that showed a negative
delay of the NIRS signal were excluded in the last step of the analysis because this
indicated a physiologically illogical finding. However, as mentioned in the
discussion of chapter 4 a lot of variation existed in the timing of the maximum

CCF. This was also the case when the timing was considered for the CMl,,. A
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possibility exists that in some cases the changes in blood oxygenation parameters
precede the changes in electrical activity with a physiologically sound reason.
Similar to the study of Pfurtscheller et al. (2012) that indicated that in 2/3" of the
sample the slow waves seen in the HbO, preceded the waves in the EEG when
HbO, at the frontal cortex and alpha and beta waves at the central cortex were

found to be coupled.

There are measures derived from classical M| that are able to illuminate the
direction of dependency between two parameters. Examples of these are Transfer
Entropy and Mutual Information from mixed embedding. Transfer entropy (TE)
measures the direction of information transfer between coupled dynamic systems
and is explained in full by Schreiber (2000). Feas and Nollo (2013) however, point
out in their research that TE is unable to specifically define the time lag needed in
order to evaluate the timing of information transfer. They propose a modification
of the TE that makes this possible (Faes and Nollo, 2013). Mutual Information
from mixed embedding (MIME) and partial MIME are measures of directional
coupling as well (Kugiumtzis, 2013). The exact functioning and application of these
methods could be investigated further in future research on the coupling of EEG

and NIRS parameters.

5.4.3 Entropy as a meaningful measure

Since the CMl, transformation corrects Ml values based on the experimental data
that is used, the entropy of all signals needed to be calculated. Entropy provides
information on the amount of uncertainty in a signal, or in reverse, its
predictability (Shannon, 1948). Higher entropy expresses higher uncertainty and
therefore lower predictability. In the current dataset it was found that the alpha
envelope yields smaller entropies and therefore higher predictability than either
NIRS signal. The variety between subjects is larger though in the alpha entropy
than it was for the NIRS entropies. Furthermore, it was established that when
HbO, and Hbb concentrations were compared, the Hbb concentrations showed
lower entropy and therefore higher predictability than the entropy of the HbO,
concentrations. This finding is an important one when signals derived from NIRS
measurements are evaluated as a whole instead of just the activation period.
During an activation period it is after all assumed that the signal containing the

HbO, changes and the signal containing the Hbb changes are anti-correlated close
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to -1 (Cui et al., 2010). When this is the case, the predictability of both signals and
therefore their entropy should be nearly equal. When the entire time series are
considered in the analysis or during resting state, it is not only the activation
period anymore that is contained in the signal. In this chapter it was shown that
the information content of the HbO, and Hbb concentration changes are different
in essence in which the Hbb signal has higher predictability This is an argument
that enforces the view within the NIRS community to report both parameters in
any NIRS research (as witnessed at the 2010 fNIRS conference in Boston).
Furthermore, it complies with expectancy. Hbb concentration changes occur due
to brain activation and are therefore quite straightforward, when neural activity
increases, the Hbb concentration decreases and this decrease is tightly coupled to
changes seen in the fMRI’s BOLD response (Obrig and Villringer, 2003). The HbO,
concentration changes however, are susceptible to more factors than brain
activation like the regional CBF, changes in blood pressure, and increases in skin
blood volume (Obrig and Villringer, 2003). Together with the two to threefold
magnitude changes compared to Hbb changes (Ferrari et al., 2004) this leads to
more components that influence the signal, which could increase the amount of

uncertainty of the signal.

Knowing the entropy of brain activity can have a clinical advantage as well. For
instance during epileptic seizures the EEG changes and displays more regular
waves. Using entropy to detect changes in the EEG’s predictability it was found
that this measure had a sensitivity of 97% in discriminating EEG segments with
and without seizures (Sakkalis et al., 2013). Gao and Hu (2013) used the measure
of entropy together with several other measures to propose a real-time
monitoring algorithm that is a candidate to monitor epileptic seizures in a clinical
setting. However, it are not only neurological diseases that can benefit from the
analysis of entropy. It has been shown that the EEG of people suffering from
alcohol dependency displays, among other measures, lower entropy than the EEG
of healthy people (Acharya et al., 2012). Furthermore, Takahashi et al. (2010)
showed that patients suffering from schizophrenia showed less predictable EEG
(estimated by entropy) in anterior brain areas compared to healthy people. When
antipsychotic medication was administered, it was shown that this predictability
normalized even though spectral changes could not be observed. Therefore,

calculating the entropy of different signals, measurement modalities and
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measurement locations, and how this entropy changes over time could potentially
help to increase sensitivity and specificity of markers derived from brain activity

as well as provide information about treatment effects.

5.5 Conclusion

This chapter showed that applying a method of data analysis derived from
classical information theory as proposed by Shannon (1948) is feasible in
analysing simultaneously acquired EEG and NIRS signals. Besides demonstrating
this feasibility for the first time, the chapter illustrates how an appropriate bin size
can be obtained needed for this analysis. It provides the reader with tools to
transform the obtained results into CMl, values that simplify interpretation and
comparison of results. Furthermore it was highlighted that besides information on
the M, calculating a quantitative measure of predictability of a signal (entropy)
could have a clinical advantage as well. Future research should be directed at
validating the clinical advantage in using these measures of entropy and CMl,, to
improve the sensitivity and specificity of diagnostics performed based on brain
measurements as well as the guidance of treatment choice and treatment
evaluation. In doing so providing clinicians and researchers with an automated

unified analysis program would be beneficial.
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Chapter 6: Simultaneous EEG and NIRS measurements

explored in two cases of stroke

In the preceding chapters different forms of analysing brain activity have been
explored to shed light on the information that can be extracted from individual
measures of electrical and hemodynamic activity as well as the relationship
between the two in a sample of healthy people. A pathology that is most likely to
display a disturbance in the symbioses between electrical and hemodynamic
activity is stroke. Therefore in this chapter two stroke cases will be used to

illustrate possible dysfunction in this symbioses.

6.1 Introduction

The explorations that have been conducted so far in this thesis are all related to
the functioning of the brain in an eyes open eyes closed paradigm in healthy
people. Once a sense of a normal pattern of activation has been obtained and
how the measures relate to each other, this exploration can be taken to the next
step. Here it is explored how the parameters of brain activation and the
dependency of electrical related parameters and hemodynamic parameters

change in pathology.

As explained in chapter 1, the cerebral vascular network provides the neurons
with oxygen and glucose and matches the CBF with the specific, local energy
demands (Ward, 2013). The process of neurovascular coupling, in which
vasoconstriction and —dilation give rise to functional hyperaemia and make sure
that homeostatic blood pressure is maintained during periods of changing blood
flow is a complicated one (Girouard and ladecola, 2006, Cauli and Hamel, 2010,
Ward, 2013, Howarth, 2014). Neurovascular coupling is, among other diseases,
disrupted in stroke (Girouard and ladecola, 2006, Blicher et al., 2012, Ayata,
2013). Stroke is a disruption to the cerebral blood supply and mostly occurs
because of a vascular rupture or a blockage of an artery which causes the
surrounding tissue or tissue that is prevented from blood to be damaged or die.

According to the World Health Organisation stroke is worldwide the second
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leading cause of death and the first leading cause of disability. The probability of a
first stroke is 1.6 per 1000 (WHO).

Due to the disruption of the CBF the homeostasis is disrupted as well, causing a
disturbance to the delivery of nutrients to the neural cells, impairing the removal
of potential harmful by-products of cerebral metabolism, and potentially leading
to brain dysfunction (Girouard and ladecola, 2006). Another mechanism that
could be responsible for a disruption in neurovascular coupling after stroke is
caused by spreading depolarization (or spreading depression) which is common in
migraine, but also visible after stroke (Ayata, 2013). Blicher et al. (2012)
demonstrated that chronic stroke patients showed other changes in BOLD
response compared to healthy people elicited by a motor task, ranging from
positive, to negative, to absent changes in hemodynamics, while increases in CBF
and CBV due to the task were present. This could be due to the fact that in stroke,
baseline CBF and CBV as well as impaired vascular reserve capacity alters
hemodynamic changes (Mandell et al., 2008). As a consequence of these changes
in hemodynamics, neural activity is not necessarily coupled to regional CBF and
CBV changes to the same degree as in healthy subjects (Blicher et al., 2012). In
order to gain insight in both the neural and hemodynamic changes after stroke
the multimodal approach of combining EEG and NIRS as discussed throughout this

thesis would be helpful.

Since NIRS has advantages of being relatively low cost and it is capable of bedside
monitoring of brain oxygenation, one would expect NIRS to have found its way
into clinical neurology 35 years after its discovery by Jobsis (1977). However,
possibly due to the difficulties in comparing research from different groups and
the number of parameters that are suggested to hold promise in differentiating
health and disease this is not quite the case (Obrig, 2013). Clinical use is made of
NIRS in the operating room to monitor possible ischemia during cardiac and
carotid artery surgery as well as in neonatology (Obrig and Steinbrink, 2011).
However, continuous monitoring of brain oxygenation with NIRS during the
subacute phase just after diagnosis and during initial treatment of stroke also has
promising potential (Obrig, 2013). Monitoring of this kind could help detecting
delayed ischemia in the stroke unit. Quantitative EEG possesses similar
advantages in bedside monitoring and has been used more often than NIRS to

show changes directly after stroke. Due to ischemic stroke a diminishing of the
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beta activity can occur, followed by a slowing of the alpha peak and lastly
enhanced delta activity is found (Jordan, 2004). The occurrence of this enhanced
delta activity correlates with the site of the lesion and puts QEEG forward as an
aid to localising the lesion (Finnigan et al., 2004). Also measures obtained from
the QEEG have shown to have predictive value of the patient’s outcome. Here one
of the strongest predictors is the change in delta power in the (sub)acute phase
which has been shown to correlate well with the National Institute of Health
Stroke Scale (Finnigan et al., 2004). The reduction of delta wave activity over the
site of the lesion also correlates with the amount of language recovery (Meinzer
et al., 2004). For short term outcome the reactivity of the theta and alpha band
can also be a good indicator when the QEEG is made within the first 24 hours
(Cuspineda et al., 2007). Therefore, it has been suggested that the delta-alpha-
ratio could be used as an appropriate index of outcome, since this index 48h post
stroke shows significant correlations with the National Institute of Health Stroke
Scale scores at 30 days as well as other functional outcome measures (Finnigan et
al., 2004, Leon-Carrion et al., 2009). In addition to the delta-alpha-ratio, the brain
symmetry index (BSl) in which asymmetries between homologous pairs of
electrodes are computed, has also been found to correlate with stroke outcome
and to have predictive value for disability (Finnigan and van Putten, 2013). In this
case higher asymmetry scores indicates worse outcome. Evidence shows that
recovery depends on the involvement of areas unaffected by stroke, either
proximal to the damaged areas or in contra lateral homologues (Eliassen et al.,

2008).

During the rehabilitation phase, possible differences in hemodynamic functioning
can be investigated by assessing the responsiveness to established tasks (Obrig,
2013). This is of course also true for EEG. The eyes open, eyes shut response of
the visual cortex which has been described throughout this thesis is one of these
established tasks. Differences in the expected response can be observed as a
primary indication of altered brain function. Besides that, also two aspects of
functional reorganization can be assessed: 1) the recruitment of additional
cortical areas during the task, not seen in healthy subjects, and 2) lateralization in
cases where this applies (like unilateral motor control or language ) (Obrig, 2013).
For example, hand movement and gait studies with NIRS have shown that initially

post stroke, activity is measured over both hemispheres (Kato et al., 2002), but as
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rehabilitation continues this activation becomes unilateral or asymmetric (Miyai
et al., 2003, Takeda et al., 2007). Furthermore, EEG signal synchrony between the
medial and lateral motor areas was found to be greater in stroke patients than in

healthy people but this difference diminished with recovery (Strens et al., 2004).

Other investigations could rely on findings from resting state measurements. For
EEG, the parameters obtained in the (sub)acute phase, like delta power, delta-
alpha ratio and BSI can be monitored in follow-up measurements to see if the
patient is getting better or worse (Finnigan and van Putten, 2013). A resting state
NIRS study found that the group of patients that had had a cerebral infarction at
least 12 months prior to the measurements, had lower amplitudes of LFQO’s
compared to a healthy sample, which was assumed to be related to a diminishing

of the vasodilation capabilities (Li et al., 2010).

So by regularly using brain measures from diagnosis onwards throughout
intervention or rehabilitation clinicians would be able to get a quality monitoring
system that has the ability to assess the severity of the stroke as well as an
indication of the magnitude of the recovery or possible treatment outcome. The
concurrent measurement of EEG and NIRS in stroke patients has, as yet, not been
described in the literature. In this chapter the brain activity of two stroke patients
will be explored in order to reveal how their brain activity in the electrical and
hemodynamic domain as well as the dependency between both is different from

the outcomes that have been found in earlier chapters of this thesis.

6.2 Method

6.2.1 Participants and paradigm

The data for this study were provided by the Biometrical Centre in Gulpen, the
Netherlands. The therapist conducting the measurements was certified according
to the Dutch Ministry of Health, Welfare and Sports (BIG-registered) and its
ethical terms and regulations apply. Two stroke patients came to the Biometrical
Centre in order to obtain a clearer picture of their brain activity. The participants
signed consent that their anonymous data could be used for scientific purposes.
The patients underwent simultaneous measurements of EEG and NIRS over the

01 and the 02 locations of the visual cortex. The first patient was a female in her
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early thirties. The other patient was a male is his late fifties. The Dutch version of
the Barthel Index was administered prior to the measurement in order to obtain
insight in the degree of normal functioning in everyday life (de Haan et al., 1993).
The paradigm used was similar to the paradigm described in paragraphs 3.2.2 and
4.2.2. which meant that 5 minutes of brain activity was registered in an upright
position and every 30 seconds the participants were asked to change from eyes

closed to eyes open and vice versa.

6.2.2 Equipment and data analysis
The equipment used for conducting the measurements was also similar to the
equipment used to measure the healthy population (a description of the EEG and

NIRS amplifier can be found in paragraphs 3.2.3 and 4.2.3).

First the static measures of the frequency bands (paragraph 3.2.4.1) were
investigated together with the changes in HbO, and Hbb concentrations
(paragraph 3.2.4.3). Hereto average amounts of delta (0.5-3.5 Hz), theta (3.5-7.5
Hz), alpha (7.5-12 Hz), betal (15-20 Hz) and beta2 (20-32 Hz) activity as well as
HbO, and Hbb were calculated for the last halves of every block. All obtained
measures were tested for normality by means of the Kolmogorov-Smirnov test.
When normality was assumed, a one-sample t-test was conducted in order to
determine whether the obtained result for the stroke patient was different from
the healthy sample. When the assumption of normality was violated a one-sample

Wilcoxon signed ranks test was used to investigate possible differences.

Then the APF was explored for each block (paragraph 3.2.4.2) and it was
determined whether a difference with the healthy sample was seen. When a
structural difference in APF was found, an individual alpha band was determined
with the individual APF based in the centre. All following tests were then
performed on the original alpha band as well as the individual alpha band. When
it was found that the faster wave activity was hardly seen anymore and the most
prominent activity was seen in the delta band due to the severity of the stroke, all
following analyses were also conducted on the delta frequency band (0.5-3.5 Hz).

The alpha envelope was calculated and assessed on quality (paragraph 4.2.4.1).
This quality check was also performed for the HbO, and Hbb time series

(paragraph 3.2.4.3). After that the nonlinear measurement LRTC was used on the
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alpha envelope to investigate possible changes in EEG dynamics in stroke
(paragraph 4.2.4.2). The LRTC value was compared to the LRTC values of the norm
group as well as to a subset of surrogate data obtained from the alpha envelope
of the stroke patient. When the data was found to be normally distributed a one-
sample t-test was used for this comparison, otherwise the nonparametric

equivalent, the one-sample Wilcoxon signed ranks, was performed.

Then the information or uncertainty in each time series for alpha, HbO,, and Hbb
was investigated by means of the entropy measure (paragraph 5.3.1.4). For the
estimation of the entropies 30 bins were used. These outcomes were also
compared to the outcomes obtained in the healthy sample by means of the one-

sample t-test or its nonparametric equivalent.

As a last analysis the CCF (paragraph 4.2.4.3) of alpha and HbO, and alpha Hbb
and its non-linear counterpart CMl, (30 bins) (paragraph 5.3.1.4) were explored
to see whether differences in the electrical versus the hemodynamic relationship
exist for stroke patients compared to healthy subjects. This was again done by

means of a one-sample t-test or a one-sample Wilcoxon signed ranks.

6.3 Results

6.3.1 Case 1

The female patient described in this case suffered from a CVA in the right
hemisphere when she was in her childhood. Since then she has gone through
extensive rehabilitation. At the time of the measurement she was in her early
thirties. The score on the Barthel Index was 20, which is the maximum score and

an indication that she is able to function independently (Appendix C1).

6.3.1.1 Static EEG frequency measures
When the averages of the last half for each block were considered for every
frequency band it appeared that during EC conditions each band displayed higher
magnitudes compared to EO conditions. An exception to this rule was the delta
activity which showed this pattern less distinctively. Another finding was that over
the 5 minute measurement all values seemed to increase slightly. These findings

were similar for the O1 and the 02 location (figure 6.1).
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Figure 6.1 The EEG fluctuations of each frequency band for both the left occipital (01,
upper panel) and right occipital (02, lower panel) locations. The average magnitudes per

last half of the block are plotted.

In the norm group higher values during EC conditions were only found for the
alpha, betal and beta2 bands. The difference in theta activity was not different
between conditions and within the delta band higher values during EO conditions
were found. The deviances from the healthy sample in direction of change were
therefore mainly seen in the delta and theta band. When the obtained values
were compared to values found in the norm group by means of a one sample t-
test it was found that this patient showed significantly higher values in all

frequency bands in every block on both measurement locations except for the
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delta activity in block 2 with eyes opened on the O1 location. All p-values were

highly significant (a summary of all results can be found in Appendix A).

6.3.1.2 Static NIRS measures
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Figure 6.2 The fluctuations of oxygenated haemoglobin (HbO, and deoxygenated
haemoglobin (Hbb) concentrations on both the left occipital (O1, upper panel) and right
occipital (02, lower panel) locations. The average concentration changes of the last half of

each block are plotted.

Whereas a pattern in which higher values of HbO, concentrations during EO
blocks and higher values of Hbb concentration was expected, the results for this
patient were more diverse and sometimes even reversed (figure 6.2). On the 01

location the first two minutes showed a reversed pattern in which the HbO,
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concentration increased upon closing the eyes and the Hbb concentration
decreased upon closing the eyes and vice versa. In the third and fourth minute the
pattern changed and an expected pattern was shown. The fifth minute however,
showed a reversed pattern again. When the concentrations were tested against
the concentrations found in the healthy population only significant differences
were found during the EO blocks. The findings indicated that during blocks EO1,
EO2, and EOS5 (the reversed blocks) a significant lower concentration HbO, and a
significant higher concentration Hbb was found. During the EO3 and EO4 blocks
the concentration HbO, remained significantly lower than that of the healthy
population whereas the Hbb concentration was not significantly different

anymore (Appendix A, table A3).

On the 02 location it were the first two minutes that an expected response was
seen for the HbO, concentration, for the Hbb concentration this was only the first
three blocks (1.5 min). After that, the response changed to a reversed response.
The one sample t-tests for the 02 location revealed that all measurements taken
from this location were significantly different from the measurements in the
healthy group in which in all blocks a higher concentration HbO, was registered

and a lower Hbb concentration (Appendix A, table A4).

6.3.1.3 Alpha Peak Frequency
During the first two minutes a stable APF of 10.5 Hz was observed in every
selected block on both the 01 and 02 location. In the last three minutes however,
a drop in the APF was seen only in the EO conditions in which the APF ranged
between 7.5 and 8.5 Hz. This was a significant drop and especially striking since
the drop that was seen in a subsample of the healthy population only showed a

lower APF during EC conditions.

6.3.1.4 Time series quality labels
When the quality of the alpha envelope as well as the filtered HbO, and Hbb time
series was evaluated as was done with the healthy sample it became apparent
that the alpha response was clearly visible on both locations. The response seen in
both NIRS signals got a medium or a medium-bad quality label in which the 01
location showed a better response than the O2 location (the direction of the

response was not evaluated here).
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6.3.1.5 Long range temporal correlations

t df Sig (two | Mean Tested Group
tailed) dif. value mean

Alpha 01 | 4.708 37 .000* .3743 -2.7190 | -2.3446
Surrogate | 18.106 19 .000* .1607 -2.7190 | -2.5583
01
Alpha 02 4.737 37 .000* .3597 -2.7615 -2.4018
group
Surrogate | 2.343 19 .030* .0193 -2.7615 -2.7421
02

Table 6.1 The difference in long range temporal correlation (LRTC) slope. Results from the
one samples t-test, testing differences between the stroke case and the healthy sample as
well as it is tested against surrogate data on both the left (01) and right (02) occipital

cortex. Significant results are indicated with an asterisk.

The LRTC of the alpha envelope was calculated for both locations and tested
against the values that were found in the healthy sample as well as it was tested
against 20 surrogate signals that were obtained by shifting the phases of the
original alpha envelope (table 6.1). These tests showed that the alpha envelope
was significantly different from the healthy sample and that it was also different
from its own surrogate data. In all comparisons lower values were found which

indicate a steeper slope.

6.3.1.6 Entropy
Next the entropy of the alpha envelopes, the HbO,, and the Hbb time series were
investigated. Equal to the findings in the healthy sample, lower entropy was found
for the alpha envelope compared to the entropy of the NIRS signals. However,
when the entropies were compared to the entropies found in the healthy sample
it was found that the entropies of the alpha envelopes were significantly higher
and the entropies of the HbO, time series were significantly lower (table 6.2). The
entropy of the Hbb time series was also significantly lower on the O1 location, but

did not reach significance on the 02 location.
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t df Sig (two | Mean Tested Group
tailed) dif. value mean

Alpha 01 -6.278 36 .000* -.61757 | 3.53 2.9124
Alpha 02 -9.945 36 .000* -96135 | 3.89 2.9286
HbO, 01 2.722 36 .010* 11108 4.2 4.3111
HbO, 02 7.787 36 .000* .35757 3.9 4.2576
Hbb 01 2.128 36 .040* .09676 4.13 4.2268
Hbb 02 -1.058 36 .297 -05162 | 4.19 4.1384

Table 6.2 The difference in entropy. The results from the one samples t-test, testing
differences between the stroke case and the healthy sample. Significant results are
indicated with an asterisk. Legend: O1= left visual cortex, O2= right visual cortex, HbO,=

oxygenated haemoglobin, Hbb= deoxygenated haemoglobin.

6.3.1.7 Correlation and dependency between modalities
First the CCF was calculated for the pairs alpha with HbO, and alpha with Hbb to
obtain insight in the linear correlation (figure 6.3). Then the nonlinear counterpart

CMl, was calculated (figure 6.4).

Despite the functions being similar on the O1 and 02 locations, the CCF analysis
showed higher correlation strength on the O1 location. Here the alpha x HbO,
had a maximum correlation value of 0.289 whereas this value only reached 0.099
on the 02 location. For the alpha x Hbb analysis a maximum correlation was found
with a value of -0.358 on the O1 location and -0.207 on the O2 location. This could
be due to the better signal quality that was registered for the NIRS signals on the
01 location. All correlations were above the confidence interval of 95%. The
direction of the correlation is unexpected and therefore caused the results to be
different from the healthy sample (an overview of these results is given in table

A5 in Appendix A).

All comparisons showed a maximum correlation at a negative time lag (01 alpha x
HbO,: lag -176 (-7.04s); alpha x Hbb: lag -175 (-7s); 02 alpha x HbO,: lag -209 (-
8.365s); alpha x Hbb: lag -188 (-7.52s)). This is an indication that the changes in the

hemodynamic parameters preceded the changes in alpha response.
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When the CMl,, was used to analyse the time series, the difference between the
01 and 02 location was not present anymore. The maximum CMl, for the alpha x
HbO, pair was 5.7151 on the O1 location and 6.7262 on the 02 location. For the
alpha x Hbb pair the O1 location showed a maximum CMl, of 6.8215 and the 02
location 6.9890. CMl,, was found to be lower than it is for the healthy sample.
When this was statistically tested against the data from the healthy sample that
had the bad signals removed only the comparisons obtained on the O1 side were

significantly lower (table 6.3).

When the timing of the maximum CMI, value was considered it appeared that
the timing was found to be different from the CCF analysis except for O1 alpha x
HbO, (01 alpha x HbO,: -7.0s; alpha x Hbb: 9s; 02 alpha x HbO,: -6s; alpha x Hbb: -
1.5s). The maximum dependency value of alpha x Hbb on the O1 location had
switched to a positive value which indicated that changes in the alpha signal
precede the hemodynamic signal. Furthermore, the negative lags that were found
on the 02 location became less negative indicating a smaller delay in

responsiveness of the alpha signal to the hemodynamic signal.

t df Sig (two | Mean Tested Group
tailed) | dif. value mean

Alpha x 4.282 10 .002* 7.14125 | 5.7151 12.8564
HbO, 01
Alpha x 3.946 9 .003* 8.23652 | 6.8215 15.0580
Hbb 01
Alpha x 1.637 9 136 3.59178 | 6.7262 10.3180
HbO, 02
Alpha x 1.463 8 181 2.43548 | 6.98900 | 9.4244
Hbb 02

Table 6.3 The difference in relative cross mutual information (CMlrel). The results from the
one samples t-test of the stroke case tested against the healthy sample that has the
qualitatively bad data removed. Significant results are indicated with an asterisk. Legend:
O1= left visual cortex, O2= right visual cortex, HbO,= oxygenated haemoglobin, Hbb=

deoxygenated haemoglobin.
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Figure 6.3a The cross correlation function (CCF) for the pairs alpha x HbO, (upper panel)
and alpha x Hbb (lower panel) for the O1 location. The hemodynamic signal is the signal
that is lagged +10 and -10 seconds. The two horizontal lines above and below the nil line
indicate the 95% confidence interval. Legend: O1= left visual cortex, HbO,= oxygenated

haemoglobin, Hbb= deoxygenated haemoglobin.
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Figure 6.3b The cross correlation function (CCF) for the pairs alpha x HbO, (upper panel)
and alpha x Hbb (lower panel) for the O2 location. The hemodynamic signal is the signal
that is lagged +10 and -10 seconds. The two horizontal lines above and below the nil line
indicate the 95% confidence interval. Legend: O2= right visual cortex, HbO,= oxygenated

haemoglobin, Hbb= deoxygenated haemoglobin.
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Alpha x HbO2 O1

Figure 6.4 The cross mutual information (CMI) for the pairs alpha x HbO, and alpha x Hbb
for both the O1 and 02 location. The hemodynamic signal is the signal that is lagged +10
and -10 seconds. Legend: O1= left visual cortex, O2= right visual cortex, HbO,= oxygenated

haemoglobin, Hbb= deoxygenated haemoglobin.

6.3.2 Case 2

The second patient was a male in his late fifties. This patient had suffered multiple
strokes. As a consequence of the severity, vision and mobility were highly
impaired as indicated by the score on the Barthel Index (Appendix C2). This score
was 1, which is an indication this patient cannot function independent and is in
need of help. The time between his last stroke and the measurements was >12

months.
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6.3.2.1 Static EEG frequency measures
A striking observation in the EEG was that the delta band was the only band that
showed a consistent change between conditions in which the magnitude was
always higher in the EC condition compared to the EO condition. All other
frequency bands hardly changed or showed inconsistent changes (figure 6.5). The
average magnitudes for each block and frequency band were compared to the
results obtained in the healthy sample by means of a one sample t-test. The
results of all comparisons can be found in appendix B (table B1 and B2). Out of all
50 comparisons that were made on the O1 location a significant difference was
found in 36 blocks. On the 02 location 39 blocks out of 50 showed statistically
significant differences. The delta band showed lower magnitudes than it did for
healthy population in the EO conditions and higher magnitude in the EC
conditions. For the O1 location in the blocks EO1 and EO5 this difference failed to
reach statistical significance. For the 02 location the lower delta values during EO
blocks and higher delta values during EC blocks were only seen in the last three
minutes of the measurement. Blocks EC1, EO2 and EC2 failed to reach statistical
significance and in these EC blocks the direction of the difference was not

confirmed.

The theta activity appeared to be constantly higher in this patient compared to
the healthy sample on both locations with the exception of block EC2 on the 02
location. This was the only block on this location that also did not show a
statistical significant difference. For the O1 location the higher theta magnitude

was not significant for the blocks EC2, EC3, and EOA4.

All alpha blocks showed a statistically significant difference from the healthy
population which is possibly due to the lack of responsiveness of the alpha band
to the paradigm. It was found that in all but one comparison (EO2 0O1) the
magnitude of the alpha activity was significantly higher during EO conditions and
significantly lower during EC conditions. In the EO2 block on the O1 location the

alpha magnitude was lower than found in the healthy sample.

For the beta 1 activity, all comparisons that were significantly different from the
healthy sample showed a lower magnitude. This included all blocks on the 02

location and all but the EO1 and EO2 block on the O1 location. The differences
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found in beta2 magnitude were mostly not significantly different from the healthy
group. Both on the O1 and 02 locations only 3 out of 10 blocks were different.
These were for the 01 location EO2, EC3, and EC4 and for the O2 location EC1,
EC2, and EC4 in which during EC blocks a lower beta2 magnitude was registered

and in the EO block a higher beta2 magnitude.
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Figure 6.5 The EEG fluctuations of each separate frequency band for both the left occipital
(01, upper panel) and right occipital (02, lower panel) locations. Only the average

magnitudes per last half of the block are plotted.

6.3.2.2 Static NIRS measures
The changes in HbO, and Hbb concentrations differed from the expected findings

as well. A visual interpretation of the findings is presented in figure 6.6. Firstly, the
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signals on the O1 and the 02 location were very different from one other. The
signal that showed the largest response on the O1 location was the Hbb signal
whereas usually a larger response in HbO, is seen. This response followed the
expected pattern of increase in concentration in EC blocks and decrease in EO
blocks nicely. The HbO, response was much smaller and followed the shape of the
Hbb concentration changes the first 3 minutes, while opposite changes were
expected. This opposite reactivity occurred in blocks EO4, EC4 and EO5, but block
EC5 showed a similar response to the HbO, signal again. On the 02 location an
opposite reactivity between HbO, and Hbb was seen and as expected the HbO,
signal showed the largest reactivity. However, in the first 5 blocks (2.5 minutes) a
reversed activation response was seen, which switched to an expected response
in blocks 6 through 9. The last block showed a reversed response again. The part
of the measurement that showed the expected response was also the part that

showed the largest differences between the sequential blocks.

When the results were compared to the healthy sample, different findings
occurred on both locations. On the O1 location it was found that all but three
blocks constantly displayed statistical significant differences from the healthy
sample. The findings indicated lower HbO, concentrations and higher Hbb
concentrations during both EO and EC blocks. The only blocks that failed to reach
significance were the EC2, EC3 and EC4 blocks for the HbO, concentration. For the
02 location fewer blocks reached statistical significance, 12 out of 20 (the
exceptions were: HbO,: EC2; Hbb: EC1, EO2, EC2, EQ3, EO4, EC4, EC5). The blocks
that did display significant differences showed a similar pattern as was seen on
the O1 location with lower HbO, concentrations and higher Hbb concentration in
both EO and EC blocks. A summary of all comparisons and their p-values can be

found in Appendix B (table B3 and B4).
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Figure 6.6 The fluctuations of oxygenated haemoglobin (HbO,) and deoxygenated
haemoglobin (Hbb) concentrations on both the left occipital (01, left panel) and right
occipital (02, right panel) locations. Only the average concentration changes of the last

half of each block are plotted.

6.3.2.3 Alpha Peak Frequency
When the spectrum of the EEG was inspected to determine the APF it appeared
that in all blocks either the 7.0, 7.5, or 8.0 Hz bin showed a distinctive peak in the
spectrum. The base of the APF was quite wide. Since a peak at 7.0 Hz falls just
outside the alpha band it was chosen for further analyses to include an individual
alpha band which was based on an APF of 7.5Hz. This individual alpha band was

defined between 5 and 9.5 Hz. Since it was also noted in paragraph 6.3.2.1 that
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the delta band seemed to be the only band that displayed reactivity towards the
eyes open eyes shut paradigm it was decided to include the delta band in the

upcoming analyses.

6.3.2.4 Time series quality labels
When the quality of the alpha envelope, the individual alpha envelope and the
delta envelope as well as the filtered HbO, and Hbb time series was evaluated,
both the alpha envelope and the individual alpha envelope showed no response.
The delta envelope did display a medium response that became stronger as the
protocol progressed. The NIRS signals were all qualified as medium-good with the
exception of the HbO, time series on the O1 location which was qualified as

medium-bad.

6.3.2.5 Long range temporal correlations
The LRTC of the alpha envelope, the individual alpha envelope and the delta
envelope were calculated for both locations and tested against the values of the
alpha envelope that were found in the healthy sample. The obtained values were
also tested against 20 surrogate signals that were obtained by shifting the phases
of the original signals (table 6.4). When the predefined alpha band was analysed a
significant difference from the healthy sample was found on both locations
indicating a slope that was less steep in the stroke case. On the O1 location this
slope was not significantly different from the obtained surrogate data.
When the individual alpha band was analysed, the slopes became steeper and the
01 location was no longer different from the healthy sample and is different again
from its surrogate data. However, the 02 location still showed a slope that is
significantly less steep than was found in healthy people and this slope was not

different from its surrogate data.

The delta envelope showed a pattern that was in accordance with the alpha
envelope of the healthy sample. No significant differences were found here and
the slopes of the delta envelope were different from their surrogate data. The
difference between the slopes of the delta envelopes and the surrogate data was

that the actual slopes were found to be steeper.
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t df Sig (two | Mean Tested Group
tailed) | dif. value mean

Alpha0O1 -4.91 37 .000* -.3913 -1.9534 | -2.3446
Surrogate O1 | 1.595 19 127 .0167 -1.9534 | -1.9367
Alpha02 -7.722 37 .000* -.5863 -1.8155 | -2.4018
Surrogate O2 | -8.089 19 .000* -.0726 -1.8155 | -1.8881
Individual -1.463 37 152 -.1163 -2.2283 | -2.3446
Alpha 01
Individual 4.204 19 .000* .04889 | -2.2283 | -2.1794
Surrogate O1
Individual -2.841 37 .007* -.2157 -2.1861 | -2.4018
Alpha 02
Individual .343 19 .735 .0044 -2.1861 | -2.1816
Surrogate 02
Delta O1 0.940 37 .353 0.0748 -2.4194 | -2.3446
Surrogate O1 | 10.027 19 .000* 0.1258 -2.4194 | -2.2936
Delta 02 1.484 37 .146 0.1127 -2.5145 | -2.4018
Surrogate 02 | 13.871 19 .000* 0.1564 | -2.5145 | -2.3581

Table 6.4 The difference in long range temporal correlation (LRTC) slope. Results from the
one samples t-test, testing differences between the stroke case and the healthy sample as
well as it is tested against surrogate data on both the left (O1) and right (02) occipital

cortex. Significant results are indicated with an asterisk.

6.3.2.6 Entropy
For the alpha envelope, the individual alpha envelope, the delta envelope and the
HbO, time series as well as the Hbb time series the entropy was calculated and
compared to the alpha, HbO, and Hbb entropies that were found in the healthy
group. The results are summarized in table 6.5. Both the alpha envelope and the
individual alpha envelope were statistically different from the healthy group.
These time series showed higher entropy. When the delta envelope was
compared to the alpha envelope of the healthy sample, no differences were
found on the O1 location. On the 02 location the entropy was higher. For the NIRS
time series only a significant difference was found on the O1 location which

indicated again higher entropy than was found in the healthy group.
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t df Sig (two | Mean Tested Group
tailed) | dif. value mean

Alpha 01 -8.616 36 .000* -.84757 | 3.76 2.9124
Alpha 02 -7.876 36 .000* -76135 | 3.69 2.9286
Individual -10.344 | 36 .000* - 3.93 2.9124
Alpha 01 1.01757
Individual -9.635 36 .000* -93135 | 3.86 2.9286
Alpha 02
Delta O1 .940 36 .354 .09243 2.82 2.9124
Delta 02 -4.152 36 .000* -40135 | 3.33 2.9286
HbO, 01 -5.364 36 .000* -.21892 | 4.53 4.3111
HbO, 02 .818 36 419 .03757 | 4.22 4.2576
Hbb 01 -3.590 36 .001* -16324 | 4.39 4.2268
Hbb 02 -.033 36 .974 -.00162 | 4.14 4.1384

Table 6.5 The difference in entropy. The results from the one samples t-test, testing the
difference in entropy against the healthy sample. Significant results are indicated with an
asterisk. Legend: O1= left visual cortex, O2= right visual cortex, HbO,= oxygenated

haemoglobin, Hbb= deoxygenated haemoglobin.

6.3.2.7 Correlation between modalities
The linear correlation between the electrical activity and the two NIRS
concentration changes was investigated with the CCF analysis for the alpha signal
(figure 6.7) the individual alpha signal (figure 6.8) and the delta signal (figure 6.9).
The 01 and the 02 locations showed different patterns regardless of the electrical
parameter that is investigated. All correlation values that were found, regardless
of electrical parameter that was investigated showed values above the 95%

confidence interval.

When the alpha band was correlated against the HbO, concentration changes a
positive maximum correlation of 0.161 was found on the O1 location and a
negative maximum correlation of -0.095 was found on the O2 location. For the
analysis in which alpha was correlated against the Hbb concentration changes the
O1 location showed a maximum negative correlation of -0.085 and the 02 a
maximum positive correlation of 0.067. On the O1 location this pattern was

reversed from the expected activation pattern. Significant differences from the
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healthy sample were found on the O1 location due to this reversed pattern (all
results are summarized in table B5 in Appendix B). When timing was considered,
only for the correlation between alpha and HbO, on the 01 location the timing of
the maximum correlation was found at a negative time lag (lag -72 (-2.88s)). The
other comparisons showed a maximum value at a positive time lag (O1 alpha x
Hbb: lag 118 (4.72s); 02 alpha x HbO,: lag 45 (1.80s); alpha x Hbb: lag 42 (1.68s)).
When the individual alpha band was used for the analysis the maximum
correlations on the O1 location both became positive with values for individual
alpha with HbO, of 0.081 and with Hbb of 0.099. The correlation between
individual alpha and HbO, was again statistically different from the healthy
sample due to the reversed correlation. On the 02 location individual alpha with
HbO, showed a maximum negative correlation of -0.118 and individual alpha with
Hbb a maximum positive correlation of 0.089. And even though the correlation
strengths were weak, the use of the individual alpha band increased the
correlations on the 02 location. In this analysis all correlations reached their
maximum at a positive time lag indicating that changes in the individual alpha
band preceded the changes seen in the NIRS response (01 individual alpha x
HbO,: lag 65 (2.60s); individual alpha x Hbb: lag 153 (6.12s); 02 individual alpha x
HbO,: lag 94 (3.76s); individual alpha x Hbb: lag 108 (4.32s)).

The highest correlation values were found when the delta band was used as the
electrical parameter. The direction of the correlation as well as the timing show
findings in 3 out of 4 comparisons that are similar to the alpha findings in healthy
brains (delta x Hbb O1: 0.266, lag 80 (3.2s); delta x HbO, 02: -0.191, lag 129
(5.16s); and delta x Hbb 02: 0.129, lag 126 (5,04s)). Only the correlation between
delta and HbO, on the O1 location showed a reversed pattern in which the
highest correlation was reached at a negative time lag (-207 (-8.24s)) and showed
a positive correlation of 0.119. When these findings were tested against the
findings in alpha correlation with the NIRS parameters in the healthy sample and
all bad quality data were left in the analysis a difference was found for the
correlation and timing of the delta x HbO, on the O1 and the 02 location as well
as the timing of the highest correlation between delta and Hbb on the 02 location
(see table B5 in Appendix B). However when all bad quality data were removed
from the sample, the only significant differences that remained were the

correlation value and timing of the delta x HbO, on the O1 location (table 6.6).
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These results are summarized also for the other electrical parameters in Appendix

B, table B6).
t df Sig (two | Mean Tested Group
tailed) | dif. value mean
Delta x -4.971 10 .001* -.39455 | 0.119 -.27555
HbO, O1
Timing Delta | 6.506 10 .000* 332.636 | -207 125.64
x HbO, O1
Delta x 1.597 9 .145 .13740 0.266 0.403
Hbb 01
Timing Delta | 1.097 9 .301 45.200 80 125.20
x Hbb O1
Delta x .248 9 .810 .0220 -0.191 -0.169
HbO, 02
Timing Delta | -1.653 9 133 -99.800 | 129 29.2
x HbO, 02
Delta x 1.847 8 .102 12211 0.129 0.251
Hbb 02
Timing Delta | -.764 8 467 -44.889 | 126 81.11
x Hbb 02

Table 6.6. Results from the one sample t-test of the cross-correlation analyses for both the
correlation value and the time point at which the highest correlation was found for the
delta correlated against the hemodynamic parameters compared with the alpha
correlations with the hemodynamic parameters in the healthy group. Significant results
are indicated with an asterisk. Legend: Ol1= left visual cortex, O2= right visual cortex,

HbO,= oxygenated haemoglobin, Hbb= deoxygenated haemoglobin.
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Figure 6.7a The cross correlation function (CCF) for the pairs alpha x HbO, (upper panel)
and alpha x Hbb (lower panel) for the O1 location. The hemodynamic signal is the signal
that is lagged +10 and -10 seconds. The two horizontal lines above and below the nil line
indicate the 95% confidence interval. Legend: O1= left visual cortex, HbO,= oxygenated

haemoglobin, Hbb= deoxygenated haemoglobin.
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Figure 6.7b The cross correlation function (CCF) for the pairs alpha x HbO, (upper panel)
and alpha x Hbb (lower panel) for the O2 location. The hemodynamic signal is the signal
that is lagged +10 and -10 seconds. The two horizontal lines above and below the nil line
indicate the 95% confidence interval. Legend: O2= right visual cortex, HbO,= oxygenated

haemoglobin, Hbb= deoxygenated haemoglobin.
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Figure 6.8a The cross correlation function (CCF) for the pairs individual alpha x HbO,
(upper panel) and individual alpha x Hbb (lower panel) for the O1 location. The
hemodynamic signal is the signal that is lagged +10 and -10 seconds. The two horizontal
lines above and below the nil line indicate the 95% confidence interval. Legend: O1= left

visual cortex, HbO,= oxygenated haemoglobin, Hbb= deoxygenated haemoglobin.
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Figure 6.8b The cross correlation function (CCF) for the pairs individual alpha x HbO,
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visual cortex, HbO,= oxygenated haemoglobin, Hbb= deoxygenated haemoglobin.
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Figure 6.9a The cross correlation function (CCF) for the pairs delta x HbO, (upper panel)
and delta x Hbb (lower panel) for the O1 location. The hemodynamic signal is the signal
that is lagged +10 and -10 seconds. The two horizontal lines above and below the nil line
indicate the 95% confidence interval. Legend: O1= left visual cortex, HbO,= oxygenated

haemoglobin, Hbb= deoxygenated haemoglobin.
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Figure 6.9b The cross correlation function (CCF) for the pairs delta x HbO, (upper panel)
and delta x Hbb (lower panel) for the O2 location. The hemodynamic signal is the signal
that is lagged +10 and -10 seconds. The two horizontal lines above and below the nil line
indicate the 95% confidence interval. Legend: O2= right visual cortex, HbO,= oxygenated

haemoglobin, Hbb= deoxygenated haemoglobin.
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6.3.2.8 Dependency between modalities
The nonlinear counterpart of the CCF analysis, the CMl, values were also
calculated for the alpha signal paired with the NIRS concentrations (figure 6.10),
the individual alpha signal paired with the NIRS concentrations (figure 6.11) and
the delta signal paired with the NIRS concentrations (figure 6.12). All maximum
CMl, values that were found are low. The maximum CMl,, for the alpha x HbO,
pair was 3.7520 on the 01 location and 3.4942 on the 02 location. For the alpha x
Hbb pair the 01 location showed a maximum CMlI, of 4.2437 and the O2 location
was 3.2169. The values were found to be slightly higher for 3 pairs when the
individual alpha was used (individual alpha x HbO,: O1 4.3162; 02 4.4468 ;
individual alpha x Hbb: 01 3.8212; 02 4.4215). These values increased for three
pairs even further when the delta band was used as electrical parameter (delta x
HbO,: 01 6.4327; 02 5.1432 ; individual alpha x Hbb: O1 3.5088; 02 5.1140).
When one sample t-tests were conducted to see whether there were differences
between the patient data and the data from the healthy group which had the bad
quality data removed, the patient values were all significantly lower regardless of

the electrical parameter under investigation (table 6.6).

When the timing was considered, different time points were found to give a
maximum CMl, value when the alpha analyses were compared to the individual
alpha analyses or the delta analyses. This was also true for the comparison with
the CCF timing. However, because of the oscillating nature of the CMl, graphs the
timing of the maximum CMI,, value seemed to occur quite randomly and possibly

not too much weight should be allocated to it.
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Alpha x HbO2 O1

Figure 6.10 The cross mutual information (CMI) for the pairs alpha x HbO, and alpha x Hbb
for both the 01 and O2 location. The hemodynamic signal is the signal that is lagged +10
and -10 seconds. Legend: O1= left visual cortex, O2= right visual cortex, HbO,= oxygenated

haemoglobin, Hbb= deoxygenated haemoglobin.
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Figure 6.11 The cross mutual information (CMI) for the pairs individual alpha x HbO, and
individual alpha x Hbb for both the O1 and O2 location. The hemodynamic signal is the
signal that is lagged +10 and -10 seconds. Legend: O1= left visual cortex, O2= right visual

cortex, HbO,= oxygenated haemoglobin, Hbb= deoxygenated haemoglobin.
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Delta x HbO2 O1

Figure 6.12 The cross mutual information (CMlI) for the pairs delta x HbO, and delta x Hbb
for both the 01 and 02 location. The hemodynamic signal is the signal that is lagged +10
and -10 seconds. Legend: O1= left visual cortex, O2= right visual cortex, HbO,= oxygenated

haemoglobin, Hbb= deoxygenated haemoglobin.
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t df Sig (two Mean dif. | Tested Group
tailed) value mean

Alpha x 5.459 | 10 .000* 9.10432 3.7520 12.8564
HbO, O1
Alpha x 5.181 | 9 .001* 10.81426 4.2437 15.0580
Hbb O1
Alpha x 3.109 |9 .013* 6.82382 3.494 10.3180
HbO, 02
Alpha x 3.730 | 8 .006* 6.20758 3.2169 9.4244
Hbb 02
Individual Alpha | 5.121 | 10 .000* 8.54019 4.3162 12.8564
x HbO, 01
Individual Alpha | 5.384 | 9 .000* 11.23684 3.8212 15.0580
x Hbb 01
Individual Alpha | 2.675 | 9 .025%* 5.87120 4.4468 10.3180
x HbO, 02
Individual Alpha | 3.006 | 8 .017* 5.00295 4.4215 9.4244
x Hbb 02
Delta x HbO, 01 | 3.852 | 10 .003* 6.42366 6.4327 12.8564
Deltax HbbO1 | 5.534 |9 .000* 11.54920 3.5088 15.0580
Delta x HbO, 02 | 2.358 | 9 .043* 5.17480 5.1432 10.3180
Deltax Hbb 02 | 2.590 | 8 .032* 4.31044 5.1140 9.4244

Table 6.7 The difference in relative cross mutual information (CMirel). Results from the one
samples t-test testing the difference between the stroke patient and the healthy sample
which has the bad quality data removed. Significant results are indicated with an asterisk.
Legend: O1= left visual cortex, O2= right visual cortex, HbO,= oxygenated haemoglobin,

Hbb= deoxygenated haemoglobin.

6.4 Discussion

In this chapter the measurements that were used to investigate the brain activity
of healthy individuals throughout this thesis were used to investigate possible
changes in brain function in two cases of patients who had suffered a stroke. It
became evident that the static analyses on the individual measures, the dynamic
analyses, as well as the findings of the combined measurement modalities

seemed to indicate differences between stroke and the healthy individuals.
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Investigation of the combined NIRS and EEG activity never has been described

before and is therefore an exciting new finding.

The cases that were described are very different in nature. Not only was there a
difference in sex, there was also a difference in stroke onset (childhood vs.
adulthood) and ability (no impairment vs. extreme impairment). Adults do not
recover after stroke as well as children and are usually left with more deficits
(Popa-Wagner et al., 2007), which was a distinction that was seen here. However,
the patient in which childhood stroke had occurred had gone through a recovery
period expanding over two decades. The fact that the second patient had suffered
multiple strokes also indicated a more severe case. Because of this, two ends of
the stroke spectrum could be investigated, the end in which patients seem to
function independently after recovery and the end in which extreme impairment

occurs. Both ends display differences from healthy working brains.

6.4.1 Casel

The findings in the static analysis of the EEG indicated an expected response as is
reported in the literature to the opening and closing of the eyes in which an
elevation in all bands during EC blocks is seen (Barry et al., 2007). In the healthy
sample this was not entirely the case (possible reasons for this deviance are
reported in paragraph 3.4.1). However, the differences that were found between
this patient and the healthy sample were that an elevated magnitude in all bands
during all blocks was seen. A higher magnitude of the QEEG bands, and therefore
higher amplitude of the registered EEG could be an indication that more neurons

are firing in synchrony (Bear et al., 2007).

The NIRS response did show more diversity than the EEG response and the
expected response to the task was sometimes reversed. On the O1 location a
lower HbO, concentration was registered during EO blocks. On the O2 location
consistently a higher HbO, and lower Hbb concentration was registered compared
to the healthy sample. The stroke had occurred in the right hemisphere which
possibly could explain differences between hemispheres and the switches during
the task. A reversed response in which an increase of Hbb concentration during a
simple motor task was observed in patients 5 months post stroke has been

reported before (Nakamura et al., 2010). However, in this case 22 years have gone
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by and it is unknown whether this is still seen after so many years. In order to
explain these findings better it would be helpful to know the exact stroke location
and additionally have access to the findings of a recent cerebral angiogram which
could reveal any structural changes in vasculature and cerebral blood flow.
The APF at first did not show differences and was 10.5 Hz. However, in the last
three minutes a drop in APF only during the EO blocks was seen. Interestingly, the
02 location showed a reversed pattern of oxygenation during these minutes in
which a decrease in HbO, was observed. A decrease in APF has been described in
stroke due to the loss of blood supply (Finnigan and van Putten, 2013). So perhaps
on a smaller scale, a decrease in oxygenation can also result in a reversible drop in
APF. It does not explain though why this drop occurs on both locations while the

decrease in oxygenation is only structurally seen on the 02 location.

The occurrence of long temporal correlations (LRTC) was investigated and in line
with the healthy sample. LRTCs could be observed in the alpha envelope of this
patient. However, the slopes that were found were all significantly steeper for this
patient. In chapter 4 it was explained that the steeper the slope of the power law
is, the more quickly the energy evaporates from the system and the shorter the in
time the correlations are (Linkenkaer-Hansen et al., 2001). In this patient, despite
more synchronous oscillations of the neurons, the correlations over time were
shorter than was observed in the healthy sample. The different findings in entropy
for the alpha band (higher entropy) also indicate that more uncertainty and
therefore less predictability is seen (Shannon, 1948). For the NIRS signals on the
other hand a lower entropy was observed which in turn indicates that the
oxygenation changes are more predictable then in healthy brains.

When the linear correlations between alpha and the NIRS signals were explored it
was found that the highest correlations were in the opposite direction as was
seen in the healthy group and that the highest correlations were found at
negative time lags indicating that a change in the hemodynamic parameter
preceded changes in alpha activity. When the nonlinear CMl, analysis was used it
was found that all dependencies were lower than were seen in the healthy
sample. However, only the dependencies on the O1 location reached a statistical
significant difference. Since evidence shows that recovery depends on the
involvement of areas unaffected by stroke, either proximal to the damaged areas

or in contra lateral homologues (Eliassen et al., 2008) a lower dependency
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between hemodynamic and electrical parameters after stroke can be expected
due to this structural or functional reorganization. It would therefore be of great
added value to take more measuring locations into account in order to see
whether higher dependencies are found in proximal areas. When nonlinear
aspects of the relationship are taken into account it appears that the timing of the
maximum dependency can switch from negative to positive or become less
negative. This could be due to the nonlinear aspects, but it also could be an
indication that when the question of timing is posed in order to find out what
signal is leading the changes another method would be more appropriate. In
paragraph 5.4.2 already the Transfer Entropy (TE) and Mutual Information from
mixed embedding (MIME) were suggested to hold potential in answering this

question (Faes and Nollo, 2013, Kugiumtzis, 2013).

6.4.2 Case 2

The findings in the EEG for the second patient were striking mainly because hardly
any reactivity was seen to the opening and closing of the eyes, except in the delta
band. Jordan et al. (2004) have described that following stroke first the fast wave
activity diminishes followed by a decrease of the APF and that as a last phase
primarily delta activity occurs. In their review, Finnigan and Van Putten (2013) add
to that that the delta band can be used to predict treatment outcome and that
more delta indicates worse outcome. This seems to be true for this case, in which

extensive impairment is seen.

Interestingly, the NIRS parameters did show reactivity to the task. This reactivity
was, just as in case 1 sometimes as expected during activation and sometimes
reversed. On the O1 location the Hbb concentration changes were larger than the
HbO, changes and the two signals did not always follow an opposite pattern.
When compared to the healthy sample usually on O1 lower HbO, was found with
higher Hbb during both EO and EC blocks. When differences are seen on the 02
location again lower HbO, and higher Hbb concentrations are reported. As is
mentioned above, it would help a great deal in explaining these findings when the
exact stroke locations were known and data from a cerebral angiogram was
available. Because of the lack of neuronal response the lower HbO, and higher

Hbb concentrations it is hypothesized here that changes in vascular structure have
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occurred that have lower perfusion as a consequence. When a lower perfusion is

seen this can result in an increase of Hbb concentrations (Murata et al., 2006).

In line with the EEG changes after stroke that are described by Jordan et al. (2004)
also a lower APF was registered during all blocks. This led to the creation of an
additional individual alpha band. However, this individual band also was
irresponsive to the paradigm. Because the delta band was the only band that was
responsive this band was also analyzed in the dynamic analyses and the analyses

of both measuring modalities simultaneously.

When LRTCs were investigated for the three electrical parameters it appeared
that both the alpha and individual alpha showed differences from the healthy
sample. However, in both parameters it occurred that the slope found in the
original band was not different from its surrogate data. Surrogate data are
created to have no temporal correlations (Linkenkaer-Hansen et al., 2001). When
no differences are found between the recorded signal and the surrogate signals
this is an indication that no temporal correlations exist in the original signal. For
depression it has been reported that long-range temporal correlations of the
theta band measured with MEG were absent in patients but prominent in healthy
controls (Linkenkaer-Hansen et al., 2005). The magnitude of these correlations
correlated with the severity of the depression. As is seen in depression the
absence of LRTCs in the alpha band in stroke could be indicative for severity of
pathology or neural distress. Albeit a strong hypothesis based on one case. When
the LRTCs were investigated for the delta band and compared to the slopes for
the healthy sample no differences were found anymore between stroke and
health or between original and surrogate data.

All electrical signals indicated to have higher entropy and therefore lower
predictability than was found in the healthy sample, except for the delta band on
the O1 location which did not show a difference with the alpha entropy of the
healthy group. For the NIRS signals only a difference was found for the O1
location in which the patient showed higher entropy as well. In the first case a
lower entropy for the NIRS signals was found. This might be due to the location of
the lesion but is unfortunately a question that cannot be answered now.
The linear correlations between the alpha and the hemodynamic parameters

were low and sometimes reversed from what was expected. A slight increase was
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seen when the individual alpha band was used, and the use of the delta band
even increased the maximum correlations further. When this was tested against
the healthy sample the delta band was the only band that showed no differences
from the healthy group in 3 out of 4 correlations. The correlation that did show a

difference was caused by the reversed pattern in the delta x HbO, comparison.

When the delta band was analysed as if it were the alpha band the preceding
analyses showed that fewer differences could be found from the healthy sample.
This could be an indication that the central oscillating rhythm of this patients
brain is the delta band instead of the alpha band as is usually seen. However, to
test this claim the changes in delta band and correlation analyses should also have
been carried out for the healthy group. Especially because it has been reported
that out of 20 QEEG measures, the delta power measure has the strongest
correlation with regional CBF (Tolonen and Sulg, 1981). This correlation however,
was reported to be negative whereas the alpha correlation in was reported to be
positive. Since in this case the delta activity seems to behave like the alpha activity

this would be a very interesting parameter for future research.

When the nonlinear CMl,, was used to investigate the dependencies it appeared
that all were very low. Also the dependencies of the delta band and the NIRS
parameters were significantly lower than seen in healthy brains. This is very
interesting since for the previous measures, the use of the delta band seemed to
normalize the results. This could be an indication the using the CMI,, as additional
parameter in investigating brain function in terms of the dependency between
EEG and NIRS could contribute significantly in differentiating health from
pathology. Similar to the first case, changes in timing were observed that

potentially better could be investigated with other measures.

However, caution is warranted in the interpretation of the results of this subject.
The fact that results were obtained during the measurements in this subject that
showed differences from the healthy group may not only originate from the
multiple strokes, but may also have to do with the visual impairments afterwards.
After all the measurements were conducted over the O1 and O2 locations that

correspond with the visual cortex (Jasper, 1958).
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The study of Moosmann et al. (2003) showed that alpha activity over the occipital
cortex was shown to be positively cross-correlated with the Hbb component of
simultaneous NIRS measurements. This study was performed in a block design
switching from eyes open to eyes closed and vice versa, while healthy subjects
were sitting in a completely dark room with their eyes additionally shielded by an
eye mask. This generates the believe that it is not necessarily the sight component
of the eyes open eyes shut paradigm that induces the changes in brain activity
that are responsible for the underlying physiological relationship between alpha
activity and NIRS parameters. However, it has been reported that when this visual
impairment or blindness is innate this causes remarkable plastic changes in both
function and structure (Hawellek et al., 2013). For example, the visual cortex
tends to be smaller, but nonetheless the metabolic demands seem heightened
compared to visually able humans (De Volder et al., 1997). Furthermore a
decrease in alpha wave activity over the occipital areas is also observed (Kriegseis
et al., 2006). Nonetheless it has been reported that a distinctive peak can still be
found in the spectrum in the alpha to beta range of innate blind people as well as
this is found in healthy people (Hawellek et al., 2013). If these findings are also
true in acquired blindness, as is the case with subject 2, is describe less coherently
and less extensively. Findings that would apply to this particular subject are even
more complicated by the fact that the visual impairments are due to the stroke,
and that it was unrecorded where the lesion sites of the different strokes were. A
study of Wang et al. (2012) in stroke patients with hemianopia, which affects
multiple visual functions, showed during resting state EEG it is the left primary
visual cortex of the stroke patients that shows diminished activity compared to
healthy controls. This seems to be compensated with increased activity in the
more temporal and frontally located brain regions compared to healthy controls
as well as increased activity in the right associative visual cortex. If these results

apply to the case under investigation remains debatable.

6.4.3 A future for multimodal imaging in stroke research

The finding that differences exist between stroke patients in both electrical and
hemodynamic parameters as well as in their coupling compared to healthy subject
is not surprising. As mentioned in the introduction it is known that neurovascular
coupling is disrupted in stroke (Girouard and ladecola, 2006, Blicher et al., 2012,

Ayata, 2013). In focal ischemia, the greatest reduction in blood flow is seen in the
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center of the affected area which is termed ischemic core. At the periphery, or the
ischemic penumbra, the reduction in blood flow is less pronounced (Girouard and
ladecola, 2006). Since the ischemic penumbra has less severe hypoperfusion,
impaired neuronal activity is seen but it does not necessarily lead to neuronal
damage, given that therapeutic intervention is administered within the correct
time window (Canazza et al., 2014). The ischemia causes vasoparalysis in the
cerebral circulation which in turn impairs the reactivity to stimuli displaying itself
as decreased functional activation which causes smaller increases is CBF (Girouard
and ladecola, 2006). In fMRI research it is then sometimes observed that the
BOLD response is undetected. However, BOLD responses in positive direction as
well as negative direction have also been described (Blicher et al., 2012). Sakatani
et al. (2007) demonstrated in their combined fMRI- NIRS research that often a lack
of BOLD response exists because during activation an increase in Hbb is seen,
leading to false interpretations of fMRI research in stroke. However, BOLD
activation patterns obtained with fMRI after stroke are closely related with
aspects of impairment (Stinear and Ward, 2013).

As stated before an increase in Hbb concentration during activation is seen more
often after stroke (Nakamura et al., 2010). But that is not the only finding from
NIRS research. Li et al. (2010)have reported a reduction in spontaneous NIRS
oscillations in the frontal cortex in stroke patients which could be due to
increased stiffness in the arterial vessels. This could originate from underlying
artherosclerosis, which causes ~25% of all ischemic strokes (Mustanoja et al.,
2011). The accompanying changes in CBV lead to the fact that neural activity is
not necessarily coupled to regional CBF and CBV changes to the same degree as in
healthy subjects (Blicher et al., 2012). Given the complexity of the neurovascular
coupling, the still unknown variables, and the great variability between stroke
patients it therefore makes sense to investigate functional impairments with
multimodal neuroimaging as proposed in this chapter. Furthermore, the shift to
functional connectivity studies may provide the opportunity to investigate
whether or how surviving tissue is working and what mechanisms of
reorganization and recovery are used (Carter et al.,, 2012, Stinear and Ward,

2013).
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6.5 Conclusion

The investigation of simultaneous measurements of EEG and NIRS and different
ways of analysing the data throughout this thesis has mainly been a proof of
principle. In this chapter the first indication is given that differences can be found
between health and pathology when using the combined measurements and that
potentially the CMl,, can contribute in differentiating health from pathology.
Therefore it is proposed that the measures that are described in this thesis are
firstly explored further before they are used as markers and implemented as
clinical evaluation tools. The emphasis in this research should go out to the

multimodal use of EEG and NIRS as well as connectivity research.

The largest drawback in the analysis of these case studies was the lack of data on
lesion sites and any additional structural scans or angiograms. These could help
greatly in explaining results and differences between the two cases. Then the
number of measurement locations should be expanded in order to investigate
proximal areas, connections to proximal areas and to investigate differences and
connectivity between hemispheres on more locations. As Finnigan and Van Putten
(2013) point out in their review the brain symmetry index is one of the
parameters that is found to correlate well with recovery outcome. This index too
needs to be investigated with more than 2 measurement locations. Next the
timing issue for the CCF and CMl, would need to be addressed in order to
address the question of which parameter drives the other or whether perhaps this

changes when different oscillations are investigated.

Furthermore it should be investigated whether all suggested parameters hold
promise as additional parameters to standard investigation in increasing
sensitivity and specificity in differentiating health and disease. Preferably a model
would be developed in which the contribution of each measure in differentiating
healthy brains from pathologies and pathologies from other pathologies could be
analysed. In this model several aspects should be addressed: 1. Which parameters
are helpful in diagnosis; 2. Which parameters are helpful in determining progress;
3. Which parameters are helpful in predicting treatment outcome; 4. Which

parameters are helpful in predicting treatment response?
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These questions are of major importance in clinical use and if they can be
answered by an objective brain measurement it holds great promise for future

healthcare.
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Chapter 7: General thoughts and conclusions

The aim of this thesis was to explore the use of combined EEG and NIRS
measurements in order to enlighten brain function. Hereto different forms of
analysis techniques were used to investigate the modalities separately as well as
their combined features in an eyes open, eyes closed paradigm. The general
conclusions and thoughts that can be derived from the body of work carried out in
this thesis is discussed in this final chapter. Together with pointers and directions
for future research, this chapter gives an analytical summary of the work

conducted so far and the potential for transfer to clinical implementation.

7.1 Summary of work

Brain measurements could provide clinicians with a lot of additional, mostly
objective information about the functioning of both healthy brains and the brain
during pathology. By implementing brain measurements as a standard way of care
into the clinic one could find aid in the process of diagnosis of several pathologies,
as well as get help in deciding treatment and evaluating treatment progress. This
will benefit patients as they will be diagnosed faster and more accurately and can
be offered better tailored care. Several different modalities of brain
measurements are available on the market today. However, for brain
measurements to be able to implemented in general lines of healthcare,
outpatient clinics as well as small individual health practices the methods chosen
to objectify brain functioning would benefit from being portable, low cost, and

the ability to do bedside monitoring.

When investigating brain functioning by performing brain measurements two
different modalities can contribute to our understanding; electrical neuronal
activity, and hemodynamic activity. Both observations can provide information
about brain function and dysfunction. However, a third, additional factor could
increase our knowledge of pathology even further, the relationship between

electrical and hemodynamic activity or its shared information content.

In chapter 1 it was pointed out that the measurement of electrical activity by

(quantitative) EEG and the recording of changes in hemodynamic activity by NIRS
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seem to possess qualities for clinical use. When additionally a paradigm is used
which leads to minimal patient exclusion, like measuring resting state activity, or
use an easy, standardized task in order to measure different brain states (like
measurements with eyes open and eyes closed) the use in all layers of the clinical

field is highly promising.

For this reason the aim of this thesis was to explore the use of combined EEG and
NIRS measurements. Different approaches of analysing the methods separately as
well as combined were investigated to see whether more information could be
gained on different brain states. In order to do so, the well established paradigm
of opening and closing the eyes while measuring the visual cortex was used. After
the different approaches of analysis, described in chapters 3, 4 and 5 were
investigated in healthy brains, chapter 6 started the exploration of these different
measures in two cases of stroke. The pathology of stroke was chosen because it is
known to display disturbances in the electrical brain activity, in the hemodynamic
brain activity, but also in the neurovascular coupling (Girouard and ladecola, 2006,
Blicher et al., 2012, Ayata, 2013, Finnigan and van Putten, 2013). If no differences
can be found between healthy brains and brains of stroke patients in the
measurement parameters used, the differentiation between more subtle
differences in brain functioning in other pathologies like psychopathologies will be

too farfetched. This will lead broad clinical application to be put off.

Before the exploration was commenced, a pilot study on the robustness of NIRS
measurements was conducted (chapter 2). EEG methods are sensitive to noise
and different kinds of artefacts in EEG traces are described in every basic EEG
atlas (Krauss et al., 2006). For NIRS the quality of its robustness to artefacts and
therefore its ecological validity in measuring real life paradigms is often
emphasized (Arenth et al., 2007). However, more published evidence becomes
available of the susceptibility to artefacts in NIRS measurements (see chapter 2).
Therefore the goal of the pilot study was to investigate different common
movements during a paradigm in which subjects were sitting in an upright
position while measuring NIRS from the frontal cortex. The frontal cortex rather
than the occipital cortex was used in order to limit additional measurement issues
arising from hair blocking the optodes. A suggestion of a method to remove

artefacts from experimental NIRS data, the CBSI method (Cui et al., 2010) was
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tested for its effectiveness towards potential artefacts and the running correlation
was evaluated in its application to detect artefacts. This pilot study led to the
conclusion that motion artefacts easily arise during testing, are very variable in
their morphology and expression between subjects, and that they are hard to
recognise especially when only automated artefact detection is used. Some
artefacts need additional attention like the “slow response” artefact, which is a
type of artefact that mimics a response expected during brain activation and can
therefore easily be missed. Besides, motion artefacts are not the only artefacts
that arise during NIRS measurements. Artefacts that arise due to physiology based
systemic responses are often coupled to the research paradigm and are therefore
hard to entangle from the response of interest (Gagnon et al., 2012, Kirilina et al.,
2012). Furthermore, it was established that the proposed CBSI method did not
improve signal quality when artefacts were induced upon brain activity measured
in resting state and sometimes even led to a distortion or switch of the actual
response. The findings in this chapter are quite important to researchers and
clinicians using NIRS. Since the robustness of NIRS to artefacts is often
emphasized in the literature, the potential threat of artefacts and incorrect ways
of repressing them might be lost, leading to false interpretations. Based on this
pilot, it was decided that all measurements that were conducted afterwards
needed to be in an upright sitting position in which the participants were
instructed to sit very still in order to register as little artefacts as possible so the
only filtering options that were used were a detrending of the signal along with a

band pass filter between 0.01 and 0.5 Hz.

The data from the healthy group was collected to investigate the eyes open eyes
shut response on the visual cortex and was used in chapters 3, 4 and 5 in order to
explore different analysis techniques. In chapter 3, first the general accepted
methods of analysing static differences between blocks as well as spectral analysis
were used in order to determine differences between the activity seen in blocks
measured with eyes open and blocks measured with eyes closed. Differences
between blocks were found and generally confirmed earlier research findings
indicating a more active visual cortex during eyes open conditions visible in a
repression of alpha wave activity and an increase in HbO, while Hbb diminished.
However, when the correlation between alpha activity and NIRS concentrations

was analyzed in a static way the expected positive and negative correlations could
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not be confirmed. This could be due to the static nature of the analysis in this
chapter. But another reason may be that still a controversy exists whether optical
changes due to neuronal changes that are seen in vitro and during invasive
measurements can be detected non-invasively by NIRS in human adults
(Steinbrink et al., 2000, Wolf et al., 2003, Franceschini and Boas, 2004, Steinbrink
et al., 2005, Medvedev et al., 2008, Gratton and Fabiani, 2010, Tse et al., 2010,
Biallas et al., 2012). Where Biallas et al. (2012) emphasize the moderate ability of
CW NIRS measures to detect hemodynamic changes (40 to 55.2 %) together with
a low within subject reproducibility. If this is an accurate representation the use of
NIRS to investigate brain activity as well as its use together with EEG in a clinical

setting becomes drastically less appealing.

In chapter 4 an introduction to a dynamic way of analysing brain activity was given
which potentially suits the data better since a brain behaves as a dynamical
system (McKenna et al., 1994, Fox et al., 2005). A dynamic measure that could be
useful in doing so is the analysis of long range temporal correlations. These were
found to exist within the alpha oscillations of the participants and differed
between participants with good and bad quality data. Unfortunately, the
registered NIRS signal and the chosen paradigm were not appropriate for
detecting LRTCs in NIRS signals. This chapter also expressed a dynamic approach
to analyse the correlation between alpha wave activity and HbO, as well as Hbb
concentration changes by means of cross correlation analysis. The results of
previous research in which a positive correlation between alpha activity and Hbb
concentrations and a negative correlation between alpha activity and HbO,
concentrations was found in which a delay in response of the hemodynamic signal
was seen of around 8 seconds (Moosmann et al., 2003) could only be established
when all data of questionable quality as well as physiological illogical data were
removed. The most important finding of this replication is that it could only be
obtained by excluding a major part of the investigated population. Since inter
individual differences are found to occur within the largest part of the
investigated population, this emphasizes that the suggested model of an 8 second
delayed hemodynamic response with respect to the electrical response might not
be the “golden standard”. In some cases, perhaps it indeed is the change in
electrical activity that requires an adapted hemodynamic response and causes

this response to be delayed with regard to the electrical changes. However, the
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opposite could be argued for as well; when an increased or restricted supply of
oxygen causes the electrical activity to change. The first (Moosmann et al., 2003)
as well as the latter (Pfurtscheller et al.,, 2012) has been proposed already in

previous research.

Cross correlation analysis can only give insight in linear relationships between two
signals. In order to illuminate knowledge on nonlinear relationships as well, the
use of Mutual Information (Ml) analysis was explored in chapter 5. The use of Ml
analysis has not been conducted on NIRS measurements before and therefore has
never been used to analyse possible dependencies of EEG and NIRS parameters. A
few challenges had to be overcome before this could be initiated, the first being
the choice of appropriate bin sizes. Chapter 5 therefore provides a guideline
showing how to choose an appropriate bin size, which has not been described
detailed in previous research before. The second challenge was the challenge of
interpreting the obtained results and comparing them between subjects. In order
to make this process easier the transformation of cross mutual information (CMI)
into relative CMI (CMl,) was invented and explained in this chapter as well. This
chapter is therefore extremely valuable for this thesis. It provides a newly
suggested method of how EEG and NIRS measurements can be analysed
simultaneously creating value for both EEG and NIRS. Furthermore, it broadens
use of methodology derived from information theoretical measures making it
applicable to any research field that uses these measures. The transformation
towards CMl,, required the separate calculation of the entropy or information
content of each signal. This showed that the information content of HbO, and Hbb
signals was significantly different from each other which helps the discussion in
the field of NIRS research that will enable researchers to report on both measures
when reporting results and not restrict the results to the use of the Hbb
parameter alone, which is often done as this is the parameter that is supposed to

correlate well with fMRI findings.

As a final study, all measures that were used in chapters 3, 4 and 5 were used to
analyze the data collected from the same eyes open, eyes closed paradigm as
used before in two stroke patients. A pathology that is known to display changes
in electrical brain activity, hemodynamic brain activity and the neurovascular

coupling (Girouard and ladecola, 2006, Blicher et al., 2012, Ayata, 2013, Finnigan
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and van Putten, 2013). The cases of stroke described in chapter 6 were two cases
at opposite ends of the stroke spectrum. The analysis revealed that changes in
brain activity in the separate modalities as well as the combined analyses were
found. Because the cases were very different from each other, the differences
found in the separate measurement modalities were different as well. Caution is
warranted though with the results of the second case, because due to the
multiple strokes this person was left blind which might distort the results. And
even though a response in brain activity from eyes open to eyes closed is seen
when subjects are completely shielded from visual input (Moosmann et al., 2003),
the blindness itself may have caused plastic changes in both function and

structure in the visual cortex (Hawellek et al., 2013).

In the independent functioning stroke patient, similar responses in the EEG were
seen as were reported in the literature, but all bands had higher magnitudes
during all conditions than seen in the healthy sample. The stroke patient with
large disability showed hardly a response in all EEG bands except for delta. The
responses seen in hemodynamic parameters were variable, but the striking
observation occurred that even though in the second patient hardly an EEG
response was seen, a response was present in the NIRS signals. The differences in
dynamics investigated with the LRTC and entropy showed in the first patient
shorter correlations in time, while a lack of difference between the surrogate
signals in the second patient even indicated no long range correlations at all. The
entropy of the alpha band was found to be higher in both patients, indicating
lower predictability than seen in healthy brains. For the NIRS parameters different
results between both patients were obtained in which the first patient showed
NIRS signals with higher predictability than the healthy participants and the
second patient lower predictability when a difference was found. Also differences
in the coupling of EEG and NIRS parameters were found in both patients when
compared to the healthy group. Especially the difference in relative cross mutual
information which was found to be significantly lower for both patients, provides
the proof of principle that the analysis of the combined EEG and NIRS measures
can have added clinical value. Therefore this chapter can be considered the most
important chapter of the thesis. It provides the proof of concept for transfer to

other pathologies as well as a transfer to the clinic.
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7.2 Readiness to transfer to clinical use

As described in chapter 6 the results found in this thesis are first of all a starting
point for future research and a proof of principle that the used measurements will
be able to tell something about brain functioning in health and in pathology.
Possible future research paths are shortly mentioned in the next paragraph while

this paragraph will address the issue of transfer to the clinic.

Based on the findings within this thesis the actual transfer of multimodal brain
measurements with EEG and NIRS to broad clinical use is still a long journey away.
To start off with, the susceptibility of NIRS measurements to a wide variety of
motion artefacts and physiological systemic artefacts is something that needs to
be resolved. Especially because artefacts appear hard to be detected and
proposed filtering methods produce variable results in filtering these artefacts. In
determining the efficacy of filtering often the knowledge of the true form of the
original (noise-free) signal lacks which is necessary to quantify improvement
(Sweeney et al., 2012). Other methods use second measurement modalities like
fMRI to regress artefacts out (Kirilina et al., 2012) or use a short distance channel
(Zzhang et al., 2009, Zhang et al., 2007a, Zhang et al., 2007b). However, Gagnon et
al. (2012) showed that for every measurement channel the short distance channel
cannot be further away than 1.5 cm which basically means that the number of
channels which needs to be used increases drastically. The use of additional fMRI
measurements or multiple additional channels just to correct for possible
artefacts is not desirable in a clinical environment. Especially because in a clinical
setting fast, reliable, and low-cost measurements are needed with limited setup

time.

A second issue is the measurement quality of the NIRS technology. In chapter 3 it
was shown that between half and two-thirds of the NIRS data that were measured
in the healthy group were data of questionable quality. This is in line with the
sensitivity of NIRS to actual hemodynamic changes of 40 to 55.2 % that has been
reported before (Biallas et al., 2012). For a measurement to have a clinically
added value it needs to be possible to get an adequate and accurate registry in
nearly all patients. Currently this is not the case. Of course, use was made of just

one system for this thesis and the possibility exists that systems which are capable
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of delivering higher quality signals are available. However, a lot can be gained on
the technical side of the measurement, both in optode positioning comfort and
signal quality. In these investigations and improvements thought should be
granted to the issue of hair obstructing the light, leading to bad signal quality
especially in dark pigmented hair. A start already has been made in these
improvements by the suggestion of the brush optode (Khan et al., 2012) as well as
the collodion fixed micro-optode (Yucel et al., 2014) that were briefly mentioned

in chapter 2.

Furthermore, the possibilities for the combined use of EEG and NIRS needs to be
expanded. Surely the correlation or shared information content between the two
measurements is not the only parameter that could be useful in investigating
brain function. Other factors can be deduced and used to differentiate a healthy
functioning brain from a brain during pathology and even between different
pathologies. In doing so, the developments and findings in hybrid EEG and NIRS
BCl research could be extremely valuable. Whereas BCl research aims at
classifying ongoing brain states for communication or the control of external
devices (Pfurtscheller et al., 2010), the classification of brain states to differentiate
pathologies might not be all that different. Therefore, we can learn from these
ongoing studies, especially the research stream that uses NIRS measurement to
improve EEG classification (Pfurtscheller et al., 2010, Fazli et al., 2012). Fazli et al.
(2012) showed in their research that EEG features are earlier classifiable than
NIRS parameters and also have higher classification accuracy. However, when
both measures are used the overall accuracy of classification improves and for
subjects that showed poor EEG classification these improvements could be
extensive. This is a promising result when broad clinical use is in order because
when these methods are brought to the clinic it are single patients that need to
be diagnosed. The averaging of group results is not of interest to a single patient
that just needs to obtain the right diagnosis and the correct treatment in order to

feel better soon.

Besides the technological issues, and the expanding of the parameters from dual
measurements that can be considered, the proof of principle needs to be
expanded to multiple measurement channels and other brain areas. Preferably,

global, whole headed measurements should be possible with the ease of short
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preparation and measurement time. This way the functioning of the whole brain
can be evaluated from just one measurement. Short preparation time will reduce
discomfort for the patient as well as it will save time for the clinician which in
acute situations can be life saving. When measuring from more sites also the
connectivity measures can be researched which in their turn also can contribute
to a more sensitive and specific classification (Fox and Raichle, 2007, Raichle,

2010, Buckner, 2012). This will be further highlighted in paragraph 7.3.

Furthermore, an appropriate software package needs to become available in
which the outcomes of a number of measures can be given to the clinician
without the need for this person to be an expert on the measurement and its
interpretation. However, a flag should be raised for the automation of results and
the blind reliance on the analysis techniques used though. Once a algorithm is
used to analyze brain activity a result will always be obtained despite the
reliability of the measurement. This occurs in different techniques. For example
LORETA in which a deeper lying source for the brain activity observed over the
scalp is always generated despite the possibility of multiple dipole fitting solutions
or local field potentials that originate strictly cortical or even the influence of
noise (Buzsaki et al., 2012). These results are then erroneously coupled to tasks
under investigation leading to papers arguing that different, specific brain areas
are involved in the pathology or the information processing of the stimulus under
investigation (Cannon, 2012). LORETA is not the only technique in which this
occurs. Probably the best known example is the study in which a dead salmon is
scanned in an fMRI session in which the salmon was shown pictures of human
interactions in social situations. Upon analyzing the results voxels appeared active
in the dead fish’s brain region which could be interpreted as the active processing
of the stimuli by the fish (Bennett et al., 2009). A finding that is physically
impossible. The authors use this example to raise awareness for a well developed
methodological and statistical sense in researchers and clinicians using these
methods when inferring conclusions about obtained results. Knowledge that may
lack when automated analysis is offered to a broader, less experienced scope of
users and which therefore will increase the risk of wrong conclusions based on the
gathered data. Nevertheless, some sort of automation of data analysis with an

additional reliability check will be a prerequisite in order to transfer multimodal
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brain measurements to a broad clinical field, making it accessible for the broad

public.

7.3 Future research

Clearly more research and development lies ahead before the simultaneous use of
EEG and NIRS measurements is ready to be transferred to the clinic. With this

thesis as a starting point several suggestions are given for future research.

Especially for the NIRS community it would be helpful if a NIRS atlas was devised
that illustrates, just like EEG atlases do, basic knowledge about NIRS signals. For
example what aspects of the signal are normal, but that also describes:

e how to recognise different types of artefacts.

e what types of filtering exist and what the pros and cons of the different
options are.

e what patterns can be expected in healthy brains during rest and due to
tasks which are easy to implement, like opening and closing of eyes,
cognitive tasks or simple hand movement paradigms and how these
responses are known to be different in all kinds of neurological- or
psychopathologies.

e analysis guidelines in the form of a Standard Operating Procedure (SOP)
which would benefit this area of research very much in creating unity in

the research findings.

Next to the development of guidelines for basic analysis, the use of dynamic
analyses for the NIRS signals should be investigated further since this is still
unexplored territory. A starting point of the analysis of dependency between
electrical and hemodynamic signals is already given in this thesis along with
guidelines of how to perform the analysis. Additional attention should be directed
though to the part of the dependency in which is determined which signal drives
the other and in what kind of situations a switch of driver and follower occurs.
Once this is established in healthy functioning brains we might discover that it is
the rigidity in switching from driver to follower of either modality that is an

underlying cause of pathology.
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This thesis illustrated the proof of principle of the added value of combined brain
measurements by means of analysing the pathology of stroke. Other pathologies
are at least as interesting to study and should be studied before the majority of
patients can benefit from brain measurements. For instance the pathology of
depression has shown to express more alpha activity over the left frontal cortex
and sometimes the right parietal cortex (Debener et al., 2000). It would be
extremely interesting to find out if these findings go accompanied by changes in
dependency between alpha activity and NIRS parameters or whether this is only
the case when late onset depression is diagnosed which seems to go accompanied
by changes in cerebrovascular function (Motomura et al., 2002). Another way to
study how this dependency between alpha activity and NIRS parameters changes
is by introducing a substance which is known to alter both (or one of the two)
signals. A good candidate for the dependency studied in this thesis would be
caffeine. Caffeine has been shown to alter alpha activity (Barry et al., 2008) as well
as oxygenation parameters (Liu et al., 2004). Studies on popular stimulants as
caffeine could then be followed by studies investigating psychiatric drugs that are
often prescribed to patients, such as methylphenidate in ADHD or SSRI’s (selective
serotonin reuptake inhibitors) in depression. These studies could be helpful in
determining whether certain substances are wise to prescribe when a change in

the dependency between electrical and hemodynamic activity is found.

As a last suggestion the investigation of resting state networks could be
conducted for the combination of EEG and NIRS. The steady rise in the number of
resting state functional neuroimaging studies is a serious indication that the
importance of the functioning of the brain at rest is being recognised and used to
explore brain function (Cole et al., 2010). Breakthroughs in this research have
been the discovery of the default mode network (Raichle et al., 2001, Greicius et
al., 2003), and resting state networks (Beckmann et al., 2005, Buckner, 2012). The
presence of these networks has been established in PET and fMRI first (Raichle et
al., 2001, Greicius et al., 2003), but can also be identified with EEG (Buzsaki and
Draguhn, 2004, Mantini et al., 2007) and NIRS (Lu et al., 2010, Mesquita et al.,
2010). Furthermore, differences in connectivity of these networks have been
indicated in various pathologies, ranging from neurological (Vecchio et al., 2012,

Diessen et al., 2013) to psychological pathologies (Karbasforoushan and
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Woodward, 2012, Wang and Lagopoulos, 2012, Vargas et al., 2013). Therefore
added analysis of functional resting state networks could create more insight in
the brain behaviour relationship and help distinguishing different pathologies with
a higher sensitivity and specificity. Additionally, the use of the resting state as
measurement condition will include the broadest scope of patients since most of

them are able to rest for several minutes.

In short, the path into the clinic seems a long route. And many ways can be
thought of which could move the field of combined EEG and NIRS measurements
forward. Nevertheless, once the these steps forward are being made the scope of
clinical utility will be endless. The non-invasive objectifying of complaints can be
done in all age groups, especially when a resting state measure will suffice. It will
allow faster and more accurate diagnosis in neurology, but also in
psychopathology an area that is currently underserved. Furthermore, it can aid in
choosing the right treatment especially when pharmacological studies are
included. Besides, the use of regular, multimodal brain measurements in the
objective monitoring of a patients progress will allow clinicians to adjust their
treatment plans in time. So to conclude, the advances in non-invasive multimodal
brain measurements will benefit clinical issues and lead to exiting new findings

which will benefit patients. But the quest has just begun.
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Appendices

Appendix A
t df Sig (two | Mean Tested Group
tailed) dif. value mean
DeltaEO1 | -2.164 38 .037* -1.2359 | 14.7 13.464
Theta EO1 | -25,593 | 38 .000* -9.9000 | 21.10 11.200
AlphaEO1 |-19.490 | 38 .000* -10.2923 | 21.40 11.108
BetalEO1 | -19.137 | 38 .000* -5.8077 | 12.20 6.392
Beta2EO1 | -13.890 | 38 .000* -5.9359 | 13.7 7.764
DeltaEC1 -11.434 | 31 .000* -4.1875 | 14.5 10.312
Theta EC1 | -20.795 | 31 .000* -9.6469 | 20.0 10.353
AlphaEC1 | -9.034 31 .000* -21.1625 | 43.4 22.238
BetalEC1 | -8.838 31 .000* -5.0344 | 13.7 8.666
Beta2EC1 | -13.986 | 31 .000* -6.8344 | 15.5 8.666
DeltaE02 | -1.162 33 .254 -.6176 13.8 13.182
Theta EO2 | -14.357 | 33 .000* -6.2529 | 16.9 10.647
AlphaEO2 | -20.020 | 33 .000* -9.5118 | 20.1 15.588
BetalEO2 | -14.538 | 33 .000* -4.3265 | 10.4 6.074
Beta2EO2 | -17.115 | 33 .000* -5.7353 | 13.1 7.365
DeltakEC2 -16.577 32 .000* -7.1515 18.1 10.948
Theta EC2 | -20.490 32 .000* -14.7152 | 26 11.285
AlphaEC2 | -11.985 | 32 .000* -32.2333 | 57.7 25.467
BetalEC2 | -14.811 | 32 .000* -8.0455 | 16.9 8.855
Beta2EC2 | -16.417 | 32 .000* -8.0424 | 17.2 9.158
DeltaEO3 | -6.030 38 .000* -3.3026 | 16.3 12.997
Theta EO3 | -24.140 | 38 .000* -9.2667 | 20.1 10.833
AlphakEO3 | -24.201 | 38 .000* -13.9462 | 25.1 11.154
BetalEO3 | -27.244 | 38 .000* -6.8923 | 13.1 6.308
Beta2EO3 | -14.500 | 38 .000* -6.2564 | 14.1 7.844
DeltaEC3 -3.878 35 .000* -2.5917 | 14.5 11.908
Theta EC3 | -19.847 | 35 .000* -13.3806 | 24.4 11.019
AlphaEC3 | -15.021 | 35 .000* -35.7917 | 59.1 23.308
BetalEC3 | -15.741 | 35 .000* -8.1250 | 16.8 8.675
Beta2EC3 | -14.529 | 35 .000* -7.2222 | 16.3 9.078
DeltatO4 | -3.877 38 .000* -2.5179 | 15.9 13.382
Theta EO4 | -21.300 | 38 .000* -8.100 18.9 10.800
AlphaEO4 | -19.308 | 38 .000* -13.3154 | 25.0 11.685
BetalEO4 | -29.768 | 38 .000* -8.1744 | 14.5 6.326
Beta2EO4 | -20.770 | 38 .000* -8.3923 | 16.0 7.608
DeltaEC4 -12.817 | 35 .000* -6.7667 | 18.2 11.433
Theta EC4 | -32.380 | 35 .000* -19.7528 | 31.0 11.247
AlphakEC4 | -11.858 | 35 .000* -28.4500 | 53.1 24.650
BetalEC4 | -19.153 | 35 .000* -10.0333 | 18.8 8.767
Beta2EC4 | -21.905 | 35 .000* -9.2722 | 18.2 8.928
DeltaEO5 | -8.924 38 .000* -4.8487 | 18.0 13.151
Theta EO5 | -30.954 | 38 .000* -13.1692 | 23.8 10.631
AlphakEO5 | -33.355 | 38 .000* -18.8974 | 29.9 11.003
BetalEO5 | -29.616 | 38 .000* -7.8359 | 14.1 6.264
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Beta2EO5 | -27.568 | 38 .000* -10.9385 | 18.4 7.462
DeltaEC5 -9.987 36 .000* -6.5568 | 18.1 11.543
Theta EC5 | -25.138 | 36 .000* -15.5136 | 26.6 11.086
AlphakEC5 | -13.294 | 36 .000* -30.3108 | 54.1 23.789
BetalEC5 | -21.457 | 36 .000* -10.7919 | 19.2 8.408
Beta2EC5 | -21.512 | 36 .000* -8.9568 | 17.9 8.943

Table Al. Results from the one sample t-tests of all frequency bands on the left occipital
(01) location for all eyes open (EO) and eyes closed (EC) blocks. Significant results are

indicated with an asterisk.

t df Sig (two | Mean Tested Group
tailed) dif. value mean
DeltaEO1 -3.674 38 .001* -2.0692 15.3 13.231
Theta EO1 | -26.559 38 .000* -10.9410 | 21.8 10.859
AlphaEO1 | -25.494 38 .000* -13.6487 | 24.4 10.751
BetalEOl1l | -31.858 38 .000* -7.6667 13.8 6.133
Beta2EO1l | -22.986 38 .000* -7.9615 15.3 7.338
DeltakEC1 -4.895 38 .000* -4.4821 16.9 14.418
Theta EC1 | -16.579 38 .000* -12.4821 | 24.0 11.518
AlphaEC1 -10.490 38 .000* -34.0718 | 61.4 27.328
BetalEC1 -16.360 38 .000* -8.8333 17.9 9.067
Beta2EC1 -27.465 38 .000* -11.4231 | 20.1 8.677
DeltaEO2 -4.584 37 .000* -2.4500 154 12.950
Theta EO2 | -18.821 37 .000* -8.4526 19.2 10.747
AlphaEO2 | -18.138 37 .000* -13.0711 | 24.6 11.529
BetalEO2 | -20.121 37 .000* -5.4895 11.6 6.111
Beta2EO2 | -22.450 37 .000* -7.1895 14.6 7.411
DeltaEC2 -7.138 38 .000* -6.8615 19.6 12.738
Theta EC2 | -20.616 38 .000* -17.2923 | 29.3 12.008
AlphaEC2 -13.737 38 .000* -43.422 70.7 27.626
BetalEC2 -20.455 38 .000* -11-5462 | 20.8 9.254
Beta2EC2 -30.653 38 .000* -11.9897 | 21.1 9.110
DeltaEO3 -8.105 38 .000* -4.3615 17.30 12.938
Theta EO3 | -27.519 38 .000* -11.6051 | 22.2 10.595
AlphaEO3 | -27.593 38 .000* -17.0692 | 28.0 10.931
BetalEO3 | -37.480 38 .000* -8.5769 14.8 6.223
Beta2EO3 | -21.588 38 .000* -7.6641 15.0 7.336
DeltakEC3 -24.386 27 .000* -7.0750 16.9 9.825
Theta EC3 | -69.093 27 .000* -20.6893 | 29.6 8.911
AlphaEC3 -29.198 27 .000* -54.1500 | 73.5 19.350
BetalEC3 -22.739 27 .000* -11.7714 | 19.7 7.929
Beta2EC3 -31.093 27 .000* -13.5036 | 21.8 8.296
DeltaEO4 -5.802 38 .000* -3.8308 17.1 13.269
Theta EO4 | -27.624 38 .000* -11.0564 | 21.6 10.544
AlphakEO4 | -25.580 38 .000* -18.1974 | 29.7 11.503
BetalEO4 | -37.308 38 .000* -9.5564 15.8 6.244
Beta2EO4 | -30.370 38 .000* -9.8897 17.1 7.210
DeltakEC4 -9.658 37 .000* -8.0789 20.3 12.221
Theta EC4 | -34.246 37 .000* -24.8132 | 36.6 11.787
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AlphakEC4 | -14.459 | 37 .000* -43.9132 | 71.0 27.087
BetalEC4 | -21.411 | 37 .000* -12.0289 | 21.0 8.971
Beta2EC4 | -36.228 | 37 .000* -14.4974 | 23.4 8.903
DeltaEO5 | -12.563 | 37 .000* -6.3816 | 18.9 12.518
Theta EO5 | -43.158 | 37 .000* -16.0289 | 26.2 10.171
AlphaEO5 | -38.761 | 37 .000* -22.3395 | 33.1 10.761
BetalEO5 | -41.012 | 37 .000* -10.5474 | 16.6 6.053
Beta2EO5 | -38.144 | 37 .000* -12.2105 | 19.4 7.189
DeltaEC5 -19.797 | 34 .000* -10.5886 | 21.1 10.511
Theta EC5 | -40.674 | 34 .000* -22.1743 | 32.6 10.426
AlphakC5 | -18.064 | 34 .000* -40.7600 | 63.9 23.140
BetalEC5 | -29.428 | 34 .000* -15.6886 | 24.2 8.511
Beta2EC5 | -32.259 | 34 .000* -13.5657 | 22.5 8.934

Table A2. Results from the one sample t-tests of all frequency bands on the right occipital
(02) location for all eyes open (EQ) and eyes closed (EC) blocks. Significant results are
indicated with an asterisk.

t df Sig (two | Mean Tested Group

tailed) dif. value mean

HbO,EO1 | 2.800 34 .008* 0.3105 0.0692 0.3796
Hbb EO1 | -2.162 34 .038* -.2048 0.0037 -0.2011
HbO,EC1 | .983 34 .333 .1155 0.1086 0.2240
Hbb EC1 | -.928 34 .360 -0.8437 | -0.0184 | -0.1028
HbO,EOQ2 | 3.360 34 .002* .3893 0.0404 0.4297
Hbb EO2 | -2.344 34 .025% -.2281 0.0086 -.2196
HbO,EC2 | .328 34 .745 .0345 0.0707 0.1052
Hbb EC2 | -.769 34 447 -.0702 -0.0029 | -0.0731
HbO,EOQ3 | 2.744 34 .010* 3227 0.0987 0.4214
Hbb EO3 | -1.932 34 .062 -.1860 -0.0126 | -0.1986
HbO,EC3 | .378 34 .708 .0398 0.0644 .01041
Hbb EC3 | -.892 34 .379 -.0831 -0.0078 | -0.0909
HbO,EOQ4 | 2.727 34 .010* .2846 0.1056 0.3902
Hbb EO4 | -1.670 34 104 -.1586 -0.0346 | -0.1932
HbO,EC4 | .641 34 .526 .0646 0.0295 0.0941
Hbb EC4 |-1.171 34 .250 -.1033 0.0132 -0.0901
HbO,EQ5 | 4.225 34 .000* 4391 -0.029 0.4099
Hbb EO5 | -2.260 34 .030* -.2095 -0.0079 | -0.2174
HbO,EC5 | -.474 34 .638 -.0523 0.2231 0.1708
Hbb EC5 | -.278 34 .783 -.0236 -0.0461 | -0.0698

Table A3. Results from the one sample t-test of the oxygenated haemoglobin (HbO,) and
deoxygenated haemoglobin (Hbb) concentrations on the left occipital cortex (01) for all
eyes open (EO) and eyes closed (EC) blocks. Significant results are indicated with an
asterisk.

t df Sig (two | Mean Tested Group

tailed) dif. value mean

HbO,EO1 | -5.863 35 .000* -1.1866 | 1.7290 .5424
Hbb EO1 | 4.548 35 .000* .6163 -1.0161 | -.3998
HbO,EC1 | -5.677 35 .000* -1.1358 1.4819 0.3461
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Hbb EC1 4.926 35 .000* .6661 -0.9595 | -0.2934
HbO,EO2 | -5.158 35 .000* -1.0903 | 1.5900 0.4997
Hbb EO2 | 4.561 35 .000* .6454 -1.0165 | -0.3741
HbO,EC2 | -8.207 34 .000* -1.3978 | 1.5702 0.1724
Hbb EC2 6.141 34 .000* .8152 -1.0516 | -0.2364
HbO,EO3 | -3.467 35 .001* -.7471 1.2864 0.5393
Hbb EO3 | 2.650 35 .012* .3829 -0.7889 | -0.4061
HbO,EC3 | -8.749 34 .000* -1.3572 | 1.5380 0.1808
Hbb EC3 5.741 34 .000* .7101 -0.9646 | -0.2544
HbO,EO4 | -3.870 35 .000* - 7778 1.3693 0.5915
Hbb EO4 | 3.067 35 .004* 0.4401 -0.8710 | -0.4309
HbO,EC4 | -6.611 35 .000* -1.2313 | 1.5053 0.2740
Hbb EC4 5.335 35 .000* .6802 -0.9970 | -0.3168
HbO,EOS5 | -3.338 35 .002* -.7011 1.2958 0.5947
Hbb EO5 | 3.329 35 .002* 0.4706 -0.8986 | -0.4280
HbO,EC5 | -5.943 35 .000* -1.1371 | 1.4440 0.3070
Hbb EC5 5.012 35 .000* 0.6516 -0.9285 | -0.2769

Table A4. Results from the one sample t-test of the oxygenated haemoglobin (HbO,) and
deoxygenated haemoglobin (Hbb) concentrations on the right occipital cortex (02) for all
eyes open (EO) and eyes closed (EC) blocks. Significant results are indicated with an

asterisk.
t df Sig (two | Mean Tested Group
tailed) | dif. value mean

Alpha x -11.011 | 37 .000* -.4597 0.289 -.1707
HbO, O1
Timing Alpha | 9.989 37 .000* 245.816 | -176 69.82
x HbO, 01
Alpha x 10.281 37 .000* .5407 -0.358 0.183
Hbb 01
Timing Alpha | 9.630 37 .000* 223.421 | -175 48.42
x Hbb O1
Alpha x -6.654 37 .000* -.2186 0.099 -.1196
HbO, 02
Timing Alpha | 7.716 37 .000* 221.421 | -209 12.42
x HbO, 02
Alpha x 9.523 37 .000* .3105 -0.207 0.1035
Hbb 02
Timing Alpha | 6.648 37 .000* 186.079 | -188 -1.92
x Hbb 02

Table A5. Results from the one sample t-test of the cross correlation analyses for both the

correlation value and the time point at which the highest correlation was found. Significant

results are indicated with an asterisk. Legend: O1= left visual cortex, O2= right visual
cortex, HbO,= oxygenated haemoglobin, Hbb= deoxygenated haemoglobin.
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Appendix B

t df Sig (two | Mean Tested Group
tailed) dif. value mean
DeltaEO1 1.163 38 .252 .6641 12.8 13.464
Theta EO1 | -6.98 38 .000* -2.7000 | 13.9 11.200
AlphakEO1 | -10.022 | 38 .000* -5.2923 | 16.4 11.108
BetalEO1 | .963 38 342 .2923 6.10 6.392
Beta2EO1 | -1.722 38 .093 -.7359 8.5 7.764
DeltaEC1 -14.984 | 31 .000* -5.4875 | 15.8 10.312
Theta EC1 | -8.508 31 .000* -3.9469 | 14.3 10.353
AlphaEC1 | 2.108 31 .043* 4.9375 17.3 22.238
BetalEC1 | 5.206 31 .000* 2.9656 5.7 8.666
Beta2EC1 | .544 31 .591 .2656 8.4 8.666
DeltaE02 | 2.788 33 .009* 1.4824 11.7 13.182
Theta EO2 | -4.484 33 .000* -1.9529 | 12.6 10.647
AlphaEO2 | -8.865 33 .000* -4.2118 | 14.8 15.588
BetalEO2 | -.089 33 .930 -.0265 6.1 6.074
Beta2EO2 | -3.388 33 .002* -1.1353 | 8.5 7.365
DeltaEC2 -2.206 32 .035%* -.9515 11.9 10.948
Theta EC2 | -.717 32 478 -.5152 11.8 11.285
AlphaEC2 4.226 32 .000* 11.3667 | 14.1 25.467
BetalEC2 | 6.176 32 .000* 3.3545 5.5 8.855
Beta2EC2 | .730 32 471 .3576 8.8 9.158
DeltaEO3 | 4.012 38 .000* 2.1974 10.8 12.997
Theta EO3 | -3.039 38 .004* -1.1667 | 12.0 10.833
AlphaEO3 | -7.195 38 .000* -4.1462 | 15.3 11.154
BetalEO3 | 4.774 38 .000* 1.2077 5.1 6.308
Beta2EO3 | -1.058 38 279 -.4564 8.3 7.844
DeltakEC3 -6.571 35 .000* -4.3917 | 16.3 11.908
Theta EC3 | -1.306 35 .200 -.8806 11.9 11.019
AlphakC3 | 2.773 35 .009* 6.6083 16.7 23.308
BetalEC3 | 5.957 35 .000* 3.0750 5.6 8.675
Beta2EC3 | 3.375 35 .002* 1.6778 7.4 9.078
DeltaEO4 | 5.978 38 .000* 3.8821 9.5 13.382
Theta EO4 | -1.578 38 123 -.6000 11.4 10.800
AlphakO4 | -2.197 38 .034%* -1.5154 13.2 11.685
BetalEO4 | 2.278 38 .028* .6256 5.7 6.326
Beta2EO4 | -.971 38 .338 -.3923 8 7.608
DeltaEC4 -10.165 | 35 .000* -5.3667 | 16.8 11.433
Theta EC4 | -3.201 35 .003* -1.9528 | 13.2 11.247
AlphakC4 | 3.230 35 .003* 7.7500 16.9 24.650
BetalEC4 | 6.618 35 .000* 3.4667 5.3 8.767
Beta2EC4 | 4.318 35 .000* 1.8278 7.1 8.928
DeltaEO5 1.935 38 .060 1.0513 12.1 13.151
Theta EO5 | -3.688 38 .001* -1.5692 | 12.2 10.631
AlphaEO5 | -9.703 38 .000* -5.4974 | 16.5 11.003
BetalEO5 | 3.266 38 .002* .8641 5.4 6.264
Beta2EO5 | -.601 38 551 -.2385 7.7 7.462
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DeltaEC5 -5.821 36 .000* -3.8568 | 15.4 11.543
Theta EC5 | -5.045 36 .000* -3.1135 | 14.2 11.086
AlphakC5 | 2.495 36 .017* 5.6892 18.1 23.789
BetalEC5 | 3.993 36 .000* 2.0081 6.4 8.408
Beta2EC5 | -.376 36 .709 -.1568 9.1 8.943

Table B1. Results from the one sample t-tests of all frequency bands on the left occipital
(01) location for all eyes open (EO) and eyes closed (EC) blocks. Significant results are

indicated with an asterisk.

t df Sig (two | Mean Tested Group
tailed) dif. value mean
DeltaEO1 | 2.896 38 .006* 1.6308 11.6 13.231
Theta EO1 | -8.353 38 .000* -3.4410 | 14.3 10.859
AlphakEO1 | -6.255 38 .000* -3.3487 | 14.1 10.751
BetalEO1 | 3.463 38 .001* .8333 5.3 6.133
Beta2EO1 | -.755 38 .455 -2.615 7.6 7.338
DeltaEC1 -1.946 38 .059 -1.7821 | 14.2 14.418
Theta EC1 | -3.297 38 .002* -2.4821 | 14.0 11.518
AlphakC1 | 3.734 38 .001* 12.1282 | 15.2 27.328
BetalEC1 | 7.717 38 .000* 4.1667 4.9 9.067
Beta2EC1 | 3.791 38 .001* 1.5769 7.1 8.677
DeltaE02 | 1.777 37 .084 .9500 12.0 12.950
Theta EO2 | -8.356 37 .000* -3.7526 | 14.5 10.747
AlphakEO2 | -4.262 37 .000* -3.0711 | 14.6 11.529
BetalEO2 | 2.604 37 .013* .7105 5.4 6.111
Beta2EO2 | 0.970 37 .339 .3105 7.1 7.411
DeltaEC2 .664 38 511 .6385 12.1 12.738
Theta EC2 | .725 38 473 .6077 11.4 12.008
AlphakC2 | 4.760 38 .000* 14.9256 | 12.7 27.626
BetalEC2 | 7.713 38 .000* 4.3538 4.9 9.254
Beta2EC2 | 3.094 38 .004* 1.2103 7.9 9.110
DeltaEO3 | 5.646 38 .000* 3.0385 9.9 12.938
Theta EO3 | -3.332 38 .002* -1.4051 | 12.0 10.595
AlphaEO3 | -3.668 38 .001* -2.2692 | 13.2 10.931
BetalEO3 | 7.530 38 .000* 1.7231 4.5 6.223
Beta2EO3 | -1.871 38 .069 -.6641 8.0 7.336
DeltakEC3 -21.284 | 27 .000* -6.1750 | 16.0 9.825
Theta EC3 | -5.975 27 .000* -1.7893 | 10.7 8.911
AlphaEC3 | 2.993 27 .006* 5.5500 13.8 19.350
BetalEC3 | 5.464 27 .000* 2.8286 5.1 7.929
Beta2EC3 | 1.604 27 .120 .6964 7.6 8.296
DeltaEO4 | 6.315 38 .000* 4.1692 9.1 13.269
Theta EO4 | -3.389 38 .002* -1.3564 | 11.9 10.544
AlphakEO4 | -2.808 38 .008* -1.9974 | 13.5 11.503
BetalEO4 | 4.074 38 .000* 1.0436 5.2 6.244
Beta2EO4 | -1.197 38 .239 -.3987 7.6 7.210
DeltakEC4 -6.191 37 .000* -5.1789 17.4 12.221
Theta EC4 | -2.916 37 .006* -2.1132 | 13.9 11.787
AlphakC4 4.177 37 .000* 12.6868 | 14.4 27.087
BetalEC4 7.424 37 .000* 41711 4.8 8.971
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Beta2EC4 | 3.755 37 .001* 1.5026 7.4 8.903
DeltaEO5 | 3.580 37 .001* 1.8184 10.7 12.518
Theta EO5 | -5.732 37 .000* -2.1289 | 12.3 10.171
AlphaEO5 | -6.141 37 .000* -3.5395 | 14.3 10.761
BetalEO5 | 3.704 37 .001* .9526 5.1 6.053
Beta2EO5 | -.345 37 .732 -.1105 7.3 7.189
DeltaEC5 -7.831 34 .000* -4.1886 | 14.7 10.511
Theta EC5 | -5.639 34 .000* -3.0743 | 13.5 10.426
AlphakC5 | 3.076 34 .004* 6.9400 16.2 23.140
BetalEC5 | 4.336 34 .000* 2.3114 6.2 8.511
Beta2EC5 | -1.821 34 .077 -.7657 9.7 8.934

Table B2. Results from the one sample t-tests of all frequency bands on the right occipital
(02) location for all eyes open (EO) and eyes closed (EC) blocks. Significant results are
indicated with an asterisk.

t df Sig (two | Mean Tested Group

tailed) dif. value mean

HbO,EO1 | 4.894 34 .000* .5427 -0.1631 | 0.3796
Hbb EO1 | -9.075 34 .000* -.8596 0.6584 -0.2011
HbO,EC1 | 2.519 34 .017%* .2960 -0.0719 | 0.2240
Hbb EC1 |-16.405 | 34 .000* -1.4923 | 1.389 -0.1028
HbO,EOQ2 | 4.915 34 .000* .5695 -0.1398 | 0.4297
Hbb EO2 |-11.680 | 34 .000* -1.1369 | 0.9174 -.2196
HbO,EC2 | .514 34 0.611 .0541 0.0511 0.1052
Hbb EC2 |-11.345 | 34 .000* -1.0435 | 0.9705 -0.0731
HbO,EO3 | 4.486 34 .000* .5275 -0.1061 | 0.4214
Hbb EO3 |-10.873 | 34 .000* -1.0464 | 0.8478 -0.1986
HbO,EC3 | 1.240 34 0.223 .1305 -0.0263 | .01041
Hbb EC3 |-13.355 | 34 .000* -1.2446 | 1.1537 -0.0909
HbO,EOQ4 | 3.983 34 .000* 4158 -0.0255 | 0.3902
Hbb EO4 | -9.485 34 .000* -.9007 0.7075 -0.1932
HbO,EC4 | 2.253 34 .031* 2270 -0.1329 | 0.0941
Hbb EC4 |-17.646 | 34 .000* -1.5566 | 1.4665 -0.0901
HbO,EO5 | 4.809 34 .000* 4999 -0.0899 | 0.4099
Hbb EO5 | -7.899 34 .000* -.7322 0.5148 -0.2174
HbO,EC5 | -.223 34 .825 -.0247 0.1955 0.1708
Hbb EC5 |-15.954 | 34 .000* -1.3575 | 1.2877 -0.0698

Table B3. Results from the one sample t-test of the oxygenated haemoglobin (HbO,) and
deoxygenated haemoglobin (Hbb) concentrations on the left occipital cortex (01) for all
eyes open (EO) and eyes closed (EC) blocks. Significant results are indicated with an
asterisk.

t df Sig (two | Mean Tested Group

tailed) dif. value mean

HbO,EO1 | 4.611 35 .000* 9331 -0.3908 | .5424
Hbb EO1 |-2.291 35 .028* -.3105 -0.0893 | -.3998
HbO,EC1 | 2.089 35 .044%* 4180 -0.0719 | 0.3461
Hbb EC1 | -.816 35 420 -.1103 -0.1831 | -0.2934
HbO,EO2 | 3.765 35 .001* .7959 -0.2961 | 0.4997
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Hbb EO2 | -1.609 35 117 -.2277 -0.1464 | -0.3741
HbO,EC2 | 1.786 34 .083 3041 -0.1317 | 0.1724
Hbb EC2 -.405 34 .688 -.0538 -0.1826 | -0.2364
HbO,EO3 | 3.707 35 .001* .7987 -0.2594 | 0.5393
Hbb EO3 | -1.553 35 .130 -.2243 -0.1818 | -0.4061
HbO,EC3 | 5.123 34 .000* .7947 -0.6139 | 0.1808
Hbb EC3 -2.311 34 .027* -.2859 0.0314 -0.2544
HbO,EO4 | 3.102 35 .004* .6233 -0.0318 | 0.5915
Hbb EO4 | -1.209 35 .235 -.1735 -0.2574 | -0.4309
HbO,EC4 | 4.667 35 .000* .8692 -0.5952 | 0.2740
Hbb EC4 -1.989 35 .055 -.2536 -0.0632 | -0.3168
HbO,EOS5 | 4.324 35 .000* .9080 -0.3133 | 0.5947
Hbb EO5 | -2.462 35 .019* -.3480 -0.0800 | -0.4280
HbO,EC5 | 2.696 35 .011* .5159 -0.2089 | 0.3070
Hbb EC5 .215 35 831 -.2793 -0.3048 | -0.2769

Table B4. Results from the one sample t-test of the oxygenated haemoglobin (HbO,) and
deoxygenated haemoglobin (Hbb) concentrations on the right occipital cortex (02) for all
eyes open (EO) and eyes closed (EC) blocks. Significant results are indicated with an
asterisk.

t df Sig (two Mean Tested | Group
tailed) dif. value mean

Alpha x HbO, 01 | -7.945 | 37 .000* -3317 | 0.161 -0.1707
Timing Alpha x 5.763 37 .000* 141.816 | -72 69.82
HbO, O1
Alpha x Hbb 01 | 5.090 37 .000* 2677 -0.085 0.1827
Timing Alpha x -2.999 |37 .005* -69.579 | 118 48.42
Hbb 01
Alpha x HbO, 02 | -.748 37 .459 -.02455 | -0.095 -0.1196
Timing Alpha x -1.135 | 37 .264 -32.579 | 45 12.42
HbO, 02
Alphax Hbb 02 | 1.119 37 270 .0365 0.067 0.1035
Timing Alpha x -1.569 | 37 .125 -43.921 | 42 -1.92
Hbb 02
Individual Alpha | -6.029 | 37 .000* 2517 0.081 -0.1707
x HbO, 01
Timing 0196 37 .846 4.816 65 69.82
Individual Alpha
x HbO, 01
Individual Alpha | 1.592 37 .120 .0837 0.099 0.1827
x Hbb O1
Timing -4.508 | 37 .000* - 153 48.42
Individual Alpha 104.579
x Hbb O1
Individual Alpha | -.047 37 .963 -.068 -0.118 -0.1196
x HbO, 02
Timing -2.843 | 37 .007* -81.579 | 94 12.42
Individual Alpha
x HbO, 02
Individual Alpha | .445 37 .659 .0145 0.089 0.1035
x Hbb 02
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Timing -3.927 | 37 .000* - 108 -1.92
Individual Alpha 109.921

x Hbb 02

Deltax HbO, 01 | -6.939 | 37 .000* -.28974 | 0.119 -0.1707
Timing Delta x 11.249 | 37 .000* 276.816 | -207 69.82
HbO, O1

Deltax Hbb O1 | -1.584 | 37 122 -.08329 | 0.266 0.1827
Timing Delta x -1.361 | 37 .182 -31.579 | 80 48.42
Hbb O1

Delta x HbO, 02 | 2.175 37 .036* .07145 | -0.191 | -0.1196
Timing Delta x -4.062 | 37 .000 - 129 12.42
HbO, 02 116.579

Deltax Hbb 02 | -.782 37 439 -.0255 | 0.129 0.1035
Timing Delta x -4,570 | 37 .000* - 126 -1.92
Hbb 02 127,921

Table B5. Results from the one sample t-test of the cross correlation analyses for both the
correlation value and the time point at which the highest correlation was found. The entire
healthy sample is evaluated. Significant results are indicated with an asterisk. Legend: O1=
left visual cortex, O2= right visual cortex, HbO,= oxygenated haemoglobin, Hbb=
deoxygenated haemoglobin.

t df Sig (two | Mean Tested Group
tailed) dif. value mean

Alpha x HbO, 01 | -5.500 | 10 .000* -.43655 | 0.161 -.27555
Timing Alpha x 3.866 10 .003* 197.636 | -72 125.64
HbO, 01
Alphax Hbb 01 | 5.678 9 .000* .48840 | -0.085 0.403
Timing Alpha x .175 9 .865 7.200 118 125.20
Hbb 01
Alpha x HbO, 02 | -.838 9 427 -.07400 | -0.095 -0.169
Timing Alpha x -.262 9 799 -15.800 | 45 29.2
HbO, 02
Alpha x Hbb 02 | 2.785 8 .024* .18411 | 0.067 0.251
Timing Alpha x .665 8 524 -96.42 42 81.11
Hbb 02
Individual Alpha | -4.492 | 10 .001* -.35655 | 0.081 -.27555
x HbO, 01
Timing 1.186 10 .263 60.636 | 65 125.64
Individual Alpha
x HbO, 01
Individual Alpha | 3.539 9 .006* .30440 | 0.099 0.403
x Hbb 01
Timing -.675 9 .517 -27.800 | 153 125.20
Individual Alpha
x Hbb 01
Individual Alpha | -.574 9 .580 -.0510 -0.118 -0.169
x HbO, 02
Timing -1.073 |9 311 -64.800 | 94 29.2
Individual Alpha
x HbO, 02
Individual Alpha | 2.452 8 .040* 1621 0.089 0.251
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x Hbb 02

Timing -.458 8 .659 -26.889 | 108 81.11
Individual Alpha

x Hbb 02

Deltax HbO, 01 | -4.971 | 10 .001* -.39455 | 0.119 -.27555
Timing Delta x 6.506 10 .000* 332.636 | -207 125.64
HbO, O1

Deltax Hbb O1 | 1.597 9 .145 .13740 | 0.266 0.403
Timing Delta x 1.097 9 .301 45.200 | 80 125.20
Hbb O1

Delta x HbO, 02 | .248 9 .810 .0220 -0.191 -0.169
Timing Delta x -1.653 |9 133 -99.800 | 129 29.2
HbO, 02

Deltax Hbb 02 | 1.847 8 .102 12211 | 0.129 0.251
Timing Delta x -.764 8 467 -44.889 | 126 81.11
Hbb 02

Table B6. Results from the one sample t-test of the cross-correlation analyses for both the
correlation value and the time point at which the highest correlation was found. Bad data
are removed from the healthy sample. Significant results are indicated with an asterisk.
Legend: O1= left visual cortex, O2= right visual cortex, HbO,= oxygenated haemoglobin,
Hbb= deoxygenated haemoglobin.
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Appendix C1

The filled out Barthel Index for the patient discussed under case 1. The original
research data were documented in Dutch. In order to make the given answers on
the Dutch scale more insightful, the answers were projected on the English
version of the scale.

Barthel Index of Activities of Daily Living

Instructions: Choose the scoring point for the statement that most closely corresponds to the patient's current
level of ability for each of the following 10 items. Record actual, not potential, functioning. Information can be
obtained from the patient's self-report, from a separate party who is familiar with the patient's abilities (such as a
relative), or from observation. Refer to the Guidelines section on the following page for detailed information on
scoring and interpretation.

The Barthel Index

Bowels Transfer
0 = incontinent (or needs to be given enemata) 0 = unable — no sitting balance
1 = occasional accident (oncefweek) 1 = major help (one or two people, physical), can sit
2 = continent 2 = minor help (verbal or physical)
Patient’s Score: 2 3 = independent
Patient's Score:
Eladder
0 = incontinent, or catheterized and unable to manage Mobility
1 = occasional accident (max. once per 24 hours) 0 = immobile
2 = continent (for over 7 days) 1 = wheelchair independent, including corners, etc.
Patient's Score: 2 2 = walks with help of one person (verbal or physical)
3 = independent (but may use any aid, e.g., stick)
Grooming Patient's Score: 3
0 = needs help with personal care
1 = independent face/hairfteeth/shaving (implements Dressing
provided) 0 = dependent
Patient's Score: 1 1 = needs help, but can do about half unaided
- 2 = independent (including buttons, zips, laces, etc.)
Toilet use Patient's Score:
0 = dependent
1 = needs some help, but can do something alone Stairs
2 = independent (on and off, dressing, wiping) 0 = unable
Patienf's Score: 2 1 = needs help (verbal, physical, carrying aid)
- 2 = independent up and down
Feeding Patient's Score: 2
0 = unable
1 = needs help cutting, spreading butter, etc. Bathing
2 = independent (food provided within reach) 0 = dependent
Patient's Score: 2 1 = independent (or in shower)
Patient's Score:
Total Score: 20
(Collin et al., 1988)
Scoring:

Sum the patient’s scores for each item. Total possible scores range from 0 — 20, with lower scores indicating
increased disability. If used to measure improvement after rehabilitation, changes of more than two points in the
total score reflect a probable genuine change, and change on one item from fully dependent to independent is also
likely to be reliable.

220



Appendix C2

The filled out Barthel Index for the patient discussed under case 2. The original
research data were documented in Dutch. In order to make the given answers on
the Dutch scale more insightful, the answers were projected on the English
version of the scale.

Barthel Index of Activities of Daily Living

Instructions: Choose the scoring point for the statement that most closely corresponds to the patient's current
level of ability for each of the following 10 items. Record actual, not potential, functioning. Information can be
obtained from the patient's self-report, from a separate party who is familiar with the patient's abilities (such as a
relative), or from observation. Refer to the Guidelines section on the following page for detailed information on
scoring and interpretation.

The Barthel Index

Bowels Transfer
0 = incontinent (or needs to be given enemata) 0 = unable — no sitting balance
1 = occasional accident (oncefweek) 1 = major help (one or two people, physical), can sit
2 = continent 2 = minor help (verbal or physical)
Patient's Score: 0 3 = independent
Patient's Score:
Eladder
0 = incontinent, or catheterized and unable to manage Mobility
1 = occasional accident (max. once per 24 hours) 0 = immobile
2 = continent (for over 7 days) 1 = wheelchair independent, including corners, etc.
Patient's Score: 0 2 = walks with help of one person (verbal or physical)
3 = independent (but may use any aid, e.g., stick)
Grooming Patient's Score: 0
0 = needs help with personal care
1 = independent face/hairfteeth/shaving (implements Dressing
provided) 0 = dependent
Patient's Score: 0 1 = needs help, but can do about half unaided
- 2 = independent (including buttons, zips, laces, etc.)
Toilet use Patient's Score:
0 = dependent
1 = needs some help, but can do something alone Stairs
2 = independent (on and off, dressing, wiping) 0 = unable
Patienf's Score: 0 1 = needs help (verbal, physical, carrying aid)
- 2 = independent up and down
Feeding Patient's Score: 0
0 = unable
1 = needs help cutting, spreading butter, etc. Bathing
2 = independent (food provided within reach) 0 = dependent
Patient's Score: 0 1 = independent (or in shower)
Patient's Score:
Total Score: 1
(Collin et al., 1988)
Scoring:

Sum the patient’s scores for each item. Total possible scores range from 0 — 20, with lower scores indicating
increased disability. If used to measure improvement after rehabilitation, changes of more than two points in the
total score reflect a probable genuine change, and change on one item from fully dependent to independent is also
likely to be reliable.
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