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Summary: 
Anatomical and hemodynamic correlates of healthy human brain rhythms 

By 

Russell Butler 

Programmes de Sciences des Radiations et Imagerie Biomédicale 

 

Thesis presented to the Faculté de médecine et des Sciences de la Santé in order to obtain a 

Doctorate of Philosophy (Ph.D.) in Sciences des Radiations et Imagerie Biomédicale from the 

Faculté de Médecine et des Sciences de la Santé, Université de Sherbrooke, 

Sherbrooke, Québec, Canada, J1H 5N4 

 

Rhythmic activity of neuronal populations in cerebral cortex can be measured non-invasively using 
electroencephalography (EEG). Typically, when a human subject sits quietly at rest their EEG 
power spectrum is dominated by a low frequency, high amplitude rhythm known as the alpha 
rhythm (8-16 Hz). When the subject attends to a visual stimulus, the alpha rhythm is suppressed, 
and a high frequency lower amplitude rhythm known as the gamma rhythm (30-90 Hz) emerges. 
Both alpha and gamma rhythms have been intensely studied for the past two decades, but many 
questions remain. This thesis will seek to address two basic questions about the alpha and gamma 
rhythms measured in the healthy human brain using EEG: 1) how does individual variability in 
alpha and gamma rhythm amplitude relate to individual variability in cortical and head anatomy, 
and 2) what is the relationship between healthy human brain rhythms and hemodynamic activity, 
ie, can fluctuations in the electrical rhythms of the brain be used to predict subsequent changes 
in cerebral blood flow measured using blood oxygen level dependent functional magnetic 
resonance imaging (BOLD FMRI)? To address question 1, both EEG and BOLD FMRI recordings 
have been performed in 42 healthy human subjects, and the amplitude of each subject’s EEG 
alpha and gamma rhythm was compared to anatomical features of their brain/head measured 
using T1-weighted MRI imaging. It was found that distance from active cortical tissue to EEG 
electrode is the best predictor of inter-individual variability in high frequency (gamma) brain 
rhythm – people whose brain is further from their scalp exhibit lower amplitude gamma rhythm 
fluctuations. To address question 2, a variety of visual stimulus patterns were designed based on 
the literature, to control alpha and gamma rhythms. BOLD FMRI measurements were then taken 
in response to the same stimuli, and it was found that the gamma rhythm does not always predict 
BOLD FMRI responses, in particular, stimuli that suppress neuronal synchrony while maintaining 
a high action potential firing rate are best at dissociating EEG gamma rhythm from BOLD FMRI. 
Overall, this research has improved our understanding of inter-individual variability in human 
brain rhythms, and the relationship of these rhythms to hemodynamic activity. 
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Résumé 
Corrélats anatomiques et hémodynamiques des rythmes sains du cerveau humain 

Par 

Russell Butler 

Programmes de Sciences des Radiations et Imagerie Biomédicale 

 

Thèse présentée à la Faculté de Médecine et des Sciences de la Santé en vue de l’obtention du 

diplôme de Philosophiae Doctor (Ph.D.) en Sciences des Radiations et Imagerie Biomédicale 

Faculté de médecine et des Sciences de la Santé, Université de Sherbrooke, 

Sherbrooke, Québec, Canada, J1H 5N4 

 

L'activité rythmique des populations neuronales dans le cortex cérébral peut être mesurée de 
manière non invasive par électroencéphalographie (EEG). Généralement, lorsqu'un sujet humain 
est tranquillement assis au repos, son spectre de puissance EEG est dominé par un rythme de 
basse fréquence et de grande amplitude connu sous le nom de rythme alpha (8-16 Hz). Lorsque 
le sujet est exposé à un stimulus visuel, le rythme alpha est supprimé au profit d’un rythme de 
haute fréquence et d'amplitude inférieure, connue sous le nom de rythme gamma (30-90 Hz). 
Les rythmes alpha et gamma ont été beaucoup étudiés au cours des deux dernières décennies, 
mais de nombreuses questions demeurent. Cette thèse cherchera à répondre à deux questions 
fondamentales sur les rythmes alpha et gamma mesurés dans le cerveau humain sain en 
utilisant l'EEG : 1) comment la variabilité individuelle de l'amplitude du rythme alpha et gamma 
est-elle liée à la variabilité individuelle de l'anatomie corticale et de la tête, et 2) quelle est la 
relation entre les rythmes cérébraux sains de l’humain et l’activité hémodynamique, c’est-à-dire, 
peut-on utiliser les fluctuations des rythmes électriques cérébraux pour prédire les 
modifications ultérieures du débit sanguin cérébral mesuré à l’aide de l’imagerie par résonance 
magnétique fonctionnelle en fonction du niveau d’oxygène dans le sang (BOLD FMRI) ? Pour 
répondre à la question 1, des enregistrements EEG et du BOLD FMRI ont été réalisés chez 42 
sujets humains en bonne santé, et l’amplitude du rythme EEG alpha et gamma de chaque sujet a 
été comparée aux caractéristiques anatomiques de leur cerveau / tête mesurées par imagerie 
IRM pondérée en T1. Il a été constaté que la distance entre le tissu cortical actif et l'électrode 
EEG est le meilleur prédicteur de la variabilité interindividuelle du rythme cérébral à haute 
fréquence (gamma) - les individus dont le cerveau est le plus éloigné de leur cuir chevelu sont 
ceux qui présentent le moins de fluctuations d'amplitude du rythme gamma. Pour répondre à la 
question 2, une variété de modèles de stimuli visuels a été conçue en s’appuyant sur la 
littérature afin de contrôler les rythmes alpha et gamma. Les mesures du BOLD FMRI ont ensuite 
été prises en réponse aux mêmes stimuli et il a été constaté que le rythme gamma ne prédisait 
pas toujours les réponses du BOLD FMRI, particulièrement en ce qui concerne les stimuli qui 
suppriment la synchronisation neuronale tout en maintenant un taux de déclenchement élevé 
du potentiel d'action qui sont les meilleurs pour dissocier le rythme gamma en EEG du BOLD 
FMRI. Globalement, ces recherches ont amélioré notre compréhension de la variabilité 
interindividuelle des rythmes cérébraux chez l’humain et de la relation entre ces rythmes et 
l’activité hémodynamique. 
 
Mots-clés: IRM, BOLD, IRMF, EEG, Neurovasculaire, Anatomie du Cerveau 
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1 – Introduction 
 

1.1 General Introduction 
 

1.1.1 Non-invasive Brain Signals 
The human brain contains between 86 and 100 billion neurons, each with hundreds or thousands 

of connections to other neurons (Williams and Herrup 1988). Today, non-invasive measurement 

techniques fall far short of capturing this complexity, providing only a rudimentary viewpoint on 

human brain activity. The most widely used non-invasive measurement technique for direct 

recording of electrical human brain activity is the electroencephalogram (EEG), which uses 

recording sites on the scalp to measure changes in electrical potential over time. EEG provides a 

window into the human brain, but the signals obtained using EEG are low spatial resolution, poorly 

understood measures of human brain activity. Despite this, signal processing techniques reveal 

striking similarities between scalp EEG measured in humans and much more spatially precise local 

field potential (LFP) recordings using invasive microelectrodes in nonhuman primates (NHPs), 

giving us confidence that EEG is a reliable index of human brain activity (Figure 1.01), albeit a low 

spatial resolution and poorly understood one.  

 

Figure 1.01 – Human and Macaque monkey neurophysiological response to similar stimuli. 

Time-frequency decomposition from a large grating stimulus in human (left) and monkey (right). 

The human data was acquired using scalp EEG, the monkey data was acquired using intracranial 

microelectrode. Note the similarity between the two signals. Reproduced from (Murty et al. 2018) 

under the Creative Commons Attribution 4.0 International License.  

 

This thesis attempts to improve our understanding of the human EEG signal through comparing 

the EEG rhythms measured on the scalp with hemodynamic changes using BOLD FMRI, and 

anatomical differences across individuals measured using T1-weighted MRI. The hope is that 

through an improved understanding of how non-invasively measured EEG rhythms relate to brain 
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structure and hemodynamics, we will broaden the scope and clarify the interpretation of EEG 

signals measured in health and disease.  

 

Due to the fact that EEG is measured from the surface of the scalp, 20-30 mm distant from the 

closest source of neuronal activity, interpreting inter-individual differences in healthy human EEG 

signals is difficult. Does a reduced EEG signal in one person indicate less brain activity, or simply a 

thicker skull or less conductive scalp? These questions, while fundamental to the understanding 

of EEG measurements in health and disease, remain largely unanswered (Figure 1.02).  

 

 

Figure 1.02 - EEG response to the same stimulus in two healthy humans. Subject 21 (left) and 

subject 16 (right) from a group of healthy humans. Note how both subjects have normal 

anatomical structure and hemodynamic responses (green), but subject 16 lacks any discernable 

gamma activity while subject 21 presents a powerful gamma response.  

 

The other major technique to be discussed is Blood Oxygen Level Dependent Functional Magnetic 

Resonance Imaging (BOLD FMRI), which tracks relative changes in ratio of 

oxyhemoglobin/deoxyhemoglobin within the venous vasculature across the entire brain, typically 

at a resolution of 1-3 mm (Figure 1.03). Fluctuations in the BOLD FMRI signal are thought to 

indirectly reflect changes in neural activity (Shmuel et al. 2004; Goense and Logothetis 2008b). 

BOLD FMRI has risen steadily in popularity over the past two decades, and is now the main 

workhorse of functional human brain imaging efforts.  

 

The relationship between BOLD FMRI and EEG remains ill-defined and elusive. Some studies claim 

that BOLD FMRI is a poor index of neuronal activity (Muthukumaraswamy and Singh 2009; 

Swettenham et al. 2013) while others claim the opposite (Niessing et al. 2005a; Scheeringa et al. 

2011). Hence, BOLD FMRI is an extremely powerful tool for probing human brain activity non-

invasively, but much work remains in order to better understand the link between neuronal 

activity and BOLD FMRI. This thesis will investigate neurovascular coupling of brain rhythms to 
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cerebral blood flow (CBF) by comparing EEG and BOLD measurements in healthy humans to 

advance our understanding of the human brain in health and disease.  

 

Figure 1.03 - High resolution BOLD image. The time series (bottom) represents the activity 

within a single voxel in visual cortex over 10 minutes. Note the repetitive peaks in the time series, 

corresponding to visual stimulus presentation.  
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1.2.1 Visual cortex  
 

The human brain is dominated by the cerebral cortex, a tissue with an average thickness of only 

2mm, but if completely spread out, its surface would cover an area roughly 2000 cm2. Even more 

impressive than its size is the number of cells in the cortex, under every square millimeter reside 

roughly 105 neurons, for a total of around 1011 neurons in the cortex alone, and the number of 

synaptic connections is orders of magnitude greater still. In short, the human cerebral cortex is 

the most complex structure known to man. Much of the work done on unravelling the complexity 

of cerebral cortex has focused on sensory areas, or parts of the cortex whose function is to process 

sensory stimuli from the outside world. In particular, the visual cortex is an ideal system to study 

cortical function, due to its large size, encompassing the entire posterior segment of the brain, 

and also the ease with which experimental manipulations can be designed to stimulate the visual 

cortex through visual stimulation of the eyes. Primate visual cortex is hierarchically organized, 

with low-level areas representing simple features and higher areas representing more complex 

aspects of the visual world. Vast inter-individual differences exist across a healthy population in 

visual cortex, and these differences are thought to be related to perception, cognition, and 

reaction time. For example, primary visual cortex (V1) size varies from 2200mm2 to 3400mm2, and 

individual with larger visual cortex experience stronger Ponzo and Ebbinghaus illusions (Kanai and 

Rees 2011).  

 

The position occupied by V1 in the visual pathway is illustrated in Figure 1.04. The main 

components of the pathways from the outside world to V1 are the retinae, the lateral geniculate 

nuclei (LGN), and V1. Roughly 1 million optic nerve fibers travel from each eye through the optic 

chiasm to the LGN. Half of the fibers from each eye cross over to the other side of the brain at the 

optic chiasm, while the other half remain uncrossed. This crossing occurs so that the left LGN 

receives input from the right visual field, and vice versa. The LGN is a one synapse connection 

from retina to V1, and is traditionally thought of as a relay station between the retina and V1.  
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Figure 1.04 - Visual system. Diagram of the retino-geniculo-cortical pathway in a higher mammal. 

Brain viewed from below. Right halves of retina shown in black, projecting to left hemisphere, left 

halves of retina shown in white, projecting to right hemisphere.  Reproduced from (“Ferrier lecture 

- Functional architecture of macaque monkey visual cortex” 1977) with permission from the Royal 

Society U.K.  

 

While all neurons in the visual cortex are concerned primarily with vision, they cluster together 

according to their physiological properties (Hubel and Wiesel 1968). In fact, visual cortical tissue 

can be classified not only based on morphology, but also based on functional response properties 

to external stimuli. V1 can be said to have two main functions – first, the input from LGN is 

rearranged in such a way as to make V1 cells responsive to short line segments of a specific 

orientation, termed ‘orientation selectivity’. Second, V1 is the first point in the retina – LGN – V1 

pathway where inputs from two separate eyes synapse onto a single cell in the brain.  

 

The activity of retinal, LGN, and V1 neurons can be understood using the concept of a ‘receptive 

field’, (Figure 1.05). In the retina, retinal ganglion cells (RGC) respond most strongly to roughly 

circular points of light of a certain size, and the response can be either an increase or decrease in 

firing rate of the RGC (KUFFLER 1953). Therefore, RGCs are sensitive to light impinging on specific 

clusters of photoreceptors in the retina, while light impinging on the surrounding photoreceptors 

has the opposite effect (Figure 2, receptive field). RGC receptive fields have circular symmetry, 

and hence respond equally well to lines of any orientation. In V1, due to the convergence of many 

RGC cell receptive fields on a single V1 neuron, we find neurons with orientation specificity, 
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meaning that the neuron possesses a rectangular receptive field, and responds to a specifically 

orientated stationary or moving straight line segment (Hubel and Wiesel 1968).  

A moving line, swept across the V1 neuron’s rectangular receptive field at the preferred 

orientation, is typically more effective in evoking a discharge than a non-moving line. It was 

originally thought that all possible orientations are represented roughly equally in V1, but recent 

findings have unveiled significant orientation anisotropies, with a cardinal preponderance overall 

(Chapman and Bonhoeffer 1998; Li 2003), which is to say, more V1 neurons prefer vertical and 

horizontal orientations than oblique orientations.  

 

 

 

Figure 1.05 - Receptive fields. A) center-surround receptive field of typical on-center retinal 

ganglion cell (RGC). The diagram represents a small portion of the visual field, in primates, the 

diameter of the receptive field is roughly 1 visual degree or 0.3 mm on the retina. Shining light on 

the center region increases the firing rate of RGC, shining a light on the surround reduces the firing 

rate. B) Receptive field of complex cell in striate cortex. Axes represent vertical (V) and horizontal 

(H) meridian of visual field, crossing at gaze center F. The cell in this example responds strongly to 

a thin line at the appropriate orientation. Reproduced from (“Ferrier lecture - Functional 

architecture of macaque monkey visual cortex” 1977) with permission from the Royal Society U.K.  

 

The processing of visual information in V1 proceeds in a hierarchical manner, at least four distinct 

levels in the hierarchy are recognized, containing 4 distinct cell types 1) circularly symmetric 2) 

simple 3) complex and 4) hypercomplex. Circularly symmetric cells are similar to RGCs, responding 

strongly to circular points of light on the retina. A simple cell responds to an optimally oriented 

line in some narrowly defined position within the visual field. Complex cells also respond to 

optimally oriented lines, but are less sensitive to the exact spatial position of the line within the 
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visual field. Finally, hypercomplex cells are similar to complex cells, but are also sensitive to the 

length of the optimally oriented line stimulus.  

 

The V1 processing hierarchy is understood in terms of a feed forward network with each higher 

layer receiving inputs from many cells in the layer below. For example, a simple cell receives inputs 

from many circularly symmetric cells (which form a line), while a complex cell receives inputs from 

many simple cells (sensitive to orientation at specific regions of visual field). Orientation specificity 

occurs in specific clusters of V1, termed ‘columns’, and cells within columns are always sensitive 

to the same line orientation (Hubel and Wiesel 1974) (Figure 3). Indeed, inserting an electrode 

tangentially into V1 and tracking orientation selectivity as the electrode is pushed further into V1 

reveals an orderly shift in orientation preference depending on the tangential position of the 

electrode. Inserting an electrode perpendicularly to the cortical surface, however, reveals the 

same pattern of orientation selectivity throughout the entire depth of cortex. A 180° shift in 

orientation takes place over roughly 1 mm tangential distance across the cortex, and the width of 

a cortical column is roughly 20-50um (Hubel and Wiesel 1968) (Figure 1.06).  

 

 

 

Figure 1.06 – Orientation columns. A) Orientation columns in cat cerebral cortex, color coded 

according to preferred orientation. Reproduced from (Obermayer and Blasdel 1993) with 

permission from The Journal of Neuroscience 1993. B) Orientation tuning as a function of electrode 

track distance for tangentially inserted electrode in visual cortex. Note how the orientation 

preference measured by the electrode changes as a function of tangential distance.  Reproduced 

from (“Ferrier lecture - Functional architecture of macaque monkey visual cortex” 1977) with 

permission from the Royal Society U.K. 
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Morphologically, V1 is typically divided into six layers on the basis of histology data, with every 

layer receiving a unique pattern of inputs and emitting a distinct set of axonal projections to other 

layers and brain structures (Self et al. 2013) (Figure 1.07). More superficial layers are those closer 

to the pial surface, while deeper layers are closer to the white matter. Layer 4 is in the middle. 

While role of the different layers in cortical processing is still poorly understood, it is known that 

V1 receives feedforward input from LGN that terminates primarily in layer 4. There are horizontal 

connections between the different cortical columns at all layers but terminating predominantly in 

upper layer 4 and the superficial layers, and there are feedback connections from higher order 

visual areas, which avoid layer 4 and terminate primarily in layers 1 and 5. When examining 

neuronal responses time locked to visual input, the shortest latencies always occur in input layers 

4 and 6, with longer latencies in layer 5 and the superficial layers (Self et al. 2013). The receptive 

field tuning properties mentioned earlier reflect what is known as feedforward processing, but 

additional modulations occur in V1, evoked by the horizontal and feedback connections. The 

second visual area to receive visual input is called V2, with a response latency only 10 ms greater 

than that of V1 (45 ms vs 35 ms) (Lamme, Supèr, et al. 1998). The role of these higher order visual 

areas (V3, and V4 in addition to V2) in modulating activity within V1 can be tested by inactivating 

the higher order areas while measuring from V1. It was shown that stimuli presented to both 

center and surround of a V1 cell evoked a larger response when V2 was inactivated (Sandell and 

Schiller 1982), indicating that feedback connections from V2 play a role in the suppressing effect 

of a V1 receptive field’s surround, thereby sculpting receptive field properties. Feedback on V1 

from even higher areas such as MT also exist. Cooling of area MT reduces response strengths in 

V1 and reduces the inhibitory effects of moving surround stimuli (Lamme, Supèr, et al. 1998).  

 

 

Figure 1.07 – Layers and hierarchy in visual cortex. Cross section through monkey striate cortex 

showing conventional layering designations. Reproduced from (“Ferrier lecture - Functional 

architecture of macaque monkey visual cortex” 1977) with permission from the Royal Society U.K. 
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B) Selected human-macaque homologous visual areas displayed on flat cortical maps. Black sites 

indicate injection site of retrograde tracer to map feedback connections. Reproduced from 

(Michalareas et al. 2016) with permission from Elsevier.  

 

1.2.2 Physiology of EEG 
 

Neuronal activity in the cortical layers gives rise to transmembrane currents that can be measured 

in the extracellular medium. The synaptic transmembrane current is the major source of the 

extracellular signal, but other sources, including Na+ and Ca2+ spikes can also shape the 

extracellular field (Buzsáki et al. 2012a). The current sources and sinks form dipoles or higher-

order n-poles (Nunez and Srinivasan 2006a). All currents in the brain superimpose to yield an 

electric potential (Ve) at any given point in space, with respect to a reference potential. Ve can be 

measured at high temporal resolution using extracellularly placed electrodes, and these 

measurements can be used to interpret neuronal activity.  

 

Ve when measured from the scalp is known as EEG, when measured from the cortical surface 

ECOG, and when measured from intracranial electrodes, LFP (Figure 1.08). Synaptic activity is the 

most important source of extracellular current flow for distal measurements such as ECOG and 

EEG. This is due to the fact that currents from many extracellular compartments must overlap in 

time to induce a measurable signal at distance, and this overlap is more easily achieved by slower 

events such as synaptic currents, than for sharper events such as action potentials which are less 

likely to overlap temporally (Nunez and Srinivasan 2006a).  

 

Neurons in the layers of cerebral cortex can be modeled as dipolar or higher order current sources. 

This is due to the spatial arrangement of their dendrites and soma, which form a tree-like 

structure with an electrically conducting interior surrounded by an insulating membrane. This 

membrane is studded with thousands of synapses that allow the transfer of Na+ or Ca2+ ions into 

the cell, increasing the membrane potential and giving rise to an extracellular current sink. This 

inflow of current is balanced by a passive return current mediated by ionic pumps in the cell 

membrane (which is metabolically expensive), giving rise to an extracellular source forming a 

dipole or higher order n-pole, depending on the relative locations of the sink and source. The 

contribution of a dipole to Ve is proportional to 1/r2, due to the first order cancellation of the two 

opposing charges comprising the dipole.  
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Figure 1.08 – Different modalities for different scales of measurement. A) Simultaneous 

recorded LFP traces from superficial and deep layers of motor cortex in anaesthetized cat as well 

as intracellular trace from layer 5 neuron.  Note the alternation of hyperpolarization and 

depolarization of the layer 5 neuron and corresponding changes in LFP. B) 5 seconds of slow waves 

recorded by scalp EEG, LFP, and depth electrode in different cortical areas. Reproduced from 

(Buzsáki et al. 2012b) with permission from Springer Nature.  

 

In a cytoarchitecturally regular structure such as mammalian cerebral cortex, the synaptic activity 

of pyramidal cells make the largest contribution to Ve (Figure 1.09). This is due to several factors 

1) pyramidal cells are the most populous cell type 2) pyramidal cells have long and thick apical 

dendrites that generate strong dipoles along the somatodendritic axis which gives rise to an open 

field 3) pyramidal cells are aligned in an orderly fashion perpendicular to the cortical surface, 

allowing the activity from multiple cells to sum in Ve. The macro-scale curvature of mammalian 

cortex is also important for Ve, areas such as a sulcus where apical dendrites from one cortical 

bank oppose apical dendrites on the adjacent bank results in effective cancellation at the level of 

Ve. The orientation of the dipole axis with respect to the measurement location is also important 

(Figure 1.09).   

 

In addition to the geometry of cortex, temporal properties of neuronal activity are also important 

in determining Ve. In general, lower frequency membrane currents are associated to higher 

amplitude Ve, indeed, there exists a 1/f scaling for amplitude of Ve, where f is temporal frequency 

of the LFP signal (Miller et al. 2009a). This scaling is attributed to low-pass frequency filtering 

property of dendrites which affects frequencies as low as 10 Hz for the pyramidal neurons used 

in modeling studies (Lindén et al. 2010). Other factors such as network mechanisms also play a 

role in the 1/f scaling of Ve amplitude. The low frequency nature of the Ve power spectrum can 

also be explained by the number of neurons that can contribute to Ve at a given time – less 
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neurons can contribute for a shorter time window, while for longer time windows, more neurons 

can contribute to Ve, increasing the amplitude of Ve at lower frequencies (Buzsáki et al. 2012b).       

  

 
 

Figure 1.09 –Biophysics of EEG. A) Synaptic action at membrane surfaces caused by inhibitory 

and excitatory postsynaptic potentials (IPSP, EPSP) creates balanced local current sources and 

sinks. B) The current dipole consists of source and sink separated by distance d. Current lines 

(solid) and equipotential boundary (dashed) for dipole in infinite saltwater tank. The equation to 

the right provides a reasonable approximation for potential generated by source-sink 

configuration in (A) for the case of a homogenous isotropic volume. Large distances from 

measurement location to dipole results in widely spaced current lines and lower current density. 

Reproduced from (Nunez and Srinivasan 2006a) with permission from Oxford University Press.  

 

Ve, when measured from the scalp using EEG, is highly dependent on volume conduction. The 

intervening tissues from dipole source to scalp electrode can be modeled as layered media 

distinctly separated into two or more sub-regions having different conductivities σ1, σ2, σ3, etc. 

The skull, scalp, gray matter, white matter, blood, and cerebrospinal fluid (CSF) all have different 

conductivities, and the skull itself is a 3-layered structure with the middle layer substantially more 

conductive than the outer layers. Due to the fact that electrical current follows the path of least 
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resistance in an inhomogenous medium, the interpretation of Ve at the scalp is complicated 

relative to Ve measured directly within the brain. In general however, if the brain to skull 

conductivity ratio is high, Ve measured outside the head using surface electrodes will be lower 

(Nunez and Srinivasan 2006a). Weaker scalp signals can therefore be interpreted as less 

conductive head tissue. Loss in signal amplitude can also occur when distributed sources are active 

simultaneously, such as the case across a large swathe of cortical V1 in response to a full field 

visual stimulus. While EEG is less sensitive to source orientation than magnetoencephalography 

(MEG) (Lutkenhoner 1998), cancellation between simultaneously active sources still occurs due 

to superposition of electric fields. This reduces the signal to noise ratio of sources, resulting in a 

scalp measurement (EEG) that is sensitive to the geometry of the underlying cortical folds (Irimia 

et al. 2012a). Source localization seeks to account for all these effects (distance from dipole, 

volume conduction, cortical folding) through use of the forward model (Figure 1.10). (Gramfort 

et al. 2010).  

 

 

Figure 1.10 – Gross anatomy and EEG. A) Cortical sources modeled as dipole layers in cortical 

fissures and sulci, EEG is sensitive to gyral crowns (region a-b, d-e, g-h, j-k). Reproduced from 

(Nunez and Srinivasan 2006a) with permission from Oxford University Press. B) Segmentation of 

human head into six different tissue types: scalp (with electrodes), skull, cerebro-spinal fluid, gray 

matter, white matter, and air cavitites. Reproduced from (Huang et al. 2016) under the Creative 

Commons Attribution License.  
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1.2.3 EEG confounds and data processing 
 

Due to the 1/f nature of Ve, high frequency (40 Hz+) neural activity is weak at large distances, such 

as in the case of an EEG recording. Unfortunately, the spectral band of muscle activity is also in 

this range (20-300 Hz), and experiments using paralysis of head and neck muscles reveal that 

muscle artifacts account for over 90% of the high frequency content of resting state EEG activity 

(Figure 1.11) (Whitham et al. 2007). The high frequency content of EEG became of interest due to 

work showing stimulation of brainstem reticular formation leads to suppression of slow EEG 

rhythms and emergence of low-voltage fast waves (Moruzzi and Magoun 1949). Further work 

revealed more specific activations such as the 50 Hz oscillation in human V1 during visual 

stimulation (Chatrian et al. 1960) and influential work suggesting these frequencies play an 

important signal processing role in the brain (Gray et al. 1990). However, the diversity of the 

muscular system in the face and neck ensures that without proper signal processing techniques 

many muscles will contaminate EEG including the masseter muscle, involved in chewing peaks in 

amplitude at 50-60 Hz, the frontalis, involved in brow control at 30-40 Hz, and a 40-80 Hz 

bandwidth for temporal muscles (O’Donnell et al. 1974).  

 

 
 

Figure 1.11 – Muscular contamination of high frequency EEG. A) Scalp topography pre and 

post paralysis of neck and face muscles illustrating strong contribution of EMG to spectral power 

in scalp electrodes during eyes-closed task. Reproduced from (Whitham et al. 2007) with 

permission from Elsevier. B) Typical MEG source-level time frequency response of single 
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participant to a grating stimulus, white noise has been added to the channel prior to computation 

resulting in clear attenuation of the high frequency response. Baseline spectra shows high 

frequency MEG is easily affected by noise. Reproduced from (Muthukumaraswamy 2013) under 

the Creative Commons Attribution License.  

 

 

Muscular (and other) contamination necessitates advanced signal processing to separate 

neuronal signals of interest from physiological artifacts in the EEG signal. The most popular 

method is Independent Component Analysis or ICA, a technique pioneered by Terrence Sejnowski 

(Jung et al. 1997) used to separate independent sources linearly mixed in several sensors. ICA 

when applied to EEG involves several pre-processing steps in order to obtain more physiologically 

plausible components. First, the data is high pass filtered to remove frequencies below 1 Hz 

(Winkler et al. 2015). This is done in order to remove large portions of variance from the data 

which are not related to the neural signal of interest, as well as increase independence between 

sources by removing the slowly changing trends. After high pass filtering, the data is whitened, 

decorrelating the EEG channels. ICA then works in the following way: 

 

We start by assuming we measure a mixture (Y) of two signals (S): 

 

Y1 = a11S1 + a12S2 

Y2 = a21S1 + a22S2 

 

We would like to obtain S1 as a function of the mixtures Y1 and Y2. Therefore, we would like to 

construct the matrix b such that S1 = b11Y1 + b12Y2.  

 

The fundamental assumption that allows ICA to work is that S1 and S2 are independent of one 

another. Based on this assumption, the values of b can be found through gradient descent 

optimization with kurtosis as the cost function.  Kurtosis is used as the cost function due to the 

fact that a signal with a high kurtosis distribution is less Gaussian than a signal with a low kurtosis 

distribution. By the Central Limit Theorem, the distribution of the sum of two independent signals 

is more Gaussian than either signal alone, therefore by deriving values for b that maximize the 

non-Gaussianity (kurtosis) of S1 and S2, ICA is able to extract independent components from a 

mixed signal.  
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Figure 1.12 – Independent Component Analysis. A) Outline of problem for ICA. Independent 

neuronal modulators cause spatially distributed activity in cortex, measured with an array of scalp 

electrodes, each electrode records a linear combination of Independent modulator signal.  

Reproduced from (Onton and Makeig 2009) (Open Access). B) Two independent components from 

a healthy human EEG subject recording, scalp maps (top) and time series reveal physiologically 

plausible weight maps and temporal activity.  

 

ICA decomposes channel-based EEG signals into independent components, in the ideal case, each 

component represents a specific type of physiological artifact or neuronal source. In practice, ICA 

maps 64 electrodes (assuming a 64 channel EEG cap) to 64 maximally independent sources, 

ranking the sources in terms of their variance explained in the raw signal. Using these sources, the 

researcher must then select which components to retain and which to subtract from the raw 

signal, a time consuming and subjective procedure. One method to automatically select 



16 
 

components is using the stimulus design. If the stimulus design for the experiment is known, ICA 

components can be selected/rejected based on their correlation to external stimuli, for instance, 

a ‘neuronal response function’ (NRF) can be defined based on established time-frequency 

signature of visual cortex activity to a stimulus and used to rank ICA components based on their 

NRF similarity (Figure 1.13). All EEG analysis presented in this work relies on the extraction of 3-5 

components per subject based on the NRF.  

 

Figure 1.13 - Neuronal response function. Created by averaging narrow band ICA components 

across all subjects (n=24), the neuronal response function (NRF) characterizes frequency specific 

modulation for a given stimulus. The NRF can be used to rank ICA components according to their 

correlation.  

 

Using ICA, it is possible to extract signals from EEG recordings that are similar in spectral content 

to those obtained from LFP recordings in macaque monkeys exposed to the same stimulus (Fries 

et al. 2008a; Murty et al. 2018). This is a promising result, indicating that non-invasive studies 

using EEG can answer many of the same questions that invasive electrophysiology in experimental 

animals seek to address.  

 

EEG also has its limitations however. For example, studies using ECOG (Bartoli et al. 2019), LFP 

(Ray and Maunsell 2010), and MEG (Kupers et al. 2015) have all reported distinct high frequency 

activity of a broadband nature likely due to neuronal spiking in higher (100+ Hz) frequencies, while 

broadband high frequency activity of neuronal origin has yet to be commonly observed in the EEG 

signal (but see (Onton and Makeig 2009)). This is in large part due to the increased muscular 

contamination of EEG signals relative to LFP, ECOG, or even MEG (Muthukumaraswamy 2013), 

and more advanced signal processing algorithms (other than ICA) or better recording equipment 
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to reduce scalp-electrode impedance are clearly needed to extract these sensitive high frequency 

fluctuations from the EEG signal.  

 

1.2.4 Gamma rhythm 
 

One of the most commonly observed and widely debated rhythms in the EEG signal is the gamma 

rhythm or gamma oscillation. Cortical gamma oscillations (30-90 Hz) are associated to increases 

in focused attention and external sensory drive. Gamma oscillations are generated by 

synchronous activity of fast-spiking inhibitory interneurons, producing synchrony across a neural 

ensemble through limiting the time window for effective excitation (Figure 1.14). Networks of 

fast-spiking inhibitory cells provide large, synchronous inhibitory postsynaptic potentials to local 

excitatory neurons (Hasenstaub et al. 2005), which is sufficient to induce oscillations in the gamma 

range (30-90 Hz) that are regulated by fast excitatory feedback from pyramidal cell neurons 

(Whittington et al. 1997). This can be seen from in-vivo cortical recordings showing that sensory-

evoked gamma oscillations in the LFP are phase-locked to the firing of excitatory pyramidal cells, 

indicating entrainment of excitatory neurons to rhythmic inhibitory activity (Gray and Singer 

1989). Cortical gamma oscillations appear to be a fundamental mode of neuronal activity. They 

are ubiquitous across phyla from insects (Stopfer et al. 1997) to humans (Fries et al. 2008a), across 

cortical regions from motor (Murthy and Fetz 1992) to parietal (Pesaran et al. 2002) to visual 

cortex (Fries et al. 2007), and across a range of tasks including working memory (Pesaran et al. 

2002) and attentional selection (Fries 2001).  

 

 
 

Figure 1.14 - Mechanisms of gamma rhythm generation. Simplified representation of laminar 

structure of feedforward pathway in V1. Thalamic inputs project to E and I cells in layer 4, which 

excite more superficial layers 2 and 3. In both layers, there are inhibitory (I) and excitatory (E) 
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neurons with reciprocal projections. The pyramidal-interneuron gamma (PING) mechanism 

proposes a synchronous volley of excitation from feedforward pathway is necessary to elicit 

synchronous volley from I cells. The frequency of the oscillation is determined by the time of 

recovery of E cells from reciprocal I cell inhibition. Reproduced from (Tiesinga and Sejnowski 2009) 

with permission from Elsevier. 

 

Multiple hypotheses about the function of cortical gamma rhythms exist. 1) The binding by 

synchronization hypothesis (Singer and Gray 1995) states that neurons forming an assembly to 

perform a distinct function are bound together by synchronization of their action potentials, 

facilitated by refinement of intra and inter-areal connections through experience. The gamma 

rhythm, which synchronizes pyramidal cell firing across large areas, could be the mechanism by 

which V1 groups features of the visual world possibly allowing for faster object recognition. 2) 

Others believe that the gamma cycle serves to convert the excitatory input to pyramidal cells into 

a temporal code, whereby the amplitude of excitation is recoded in the time of occurrence of 

output spikes relative to the gamma cycle, with stronger inputs leading to earlier responses. 

Gamma oscillations in V1 would thus convert amplitude to phase, and pyramidal cells discharging 

early in the gamma cycle would silence those receiving less excitation, creating a winner-take-all 

situation in response to V1 input enabling fast processing and readout of stimuli (Fries et al. 2007). 

For either of these hypotheses to be accurate, ie, for the gamma cycle to function as a temporal 

reference signal in the brain, the phase and frequency of gamma bursts must be conserved over 

time (autocoherence).  

 

This was found not to be the case, in fact, LFP recordings in Old World monkeys showed chance 

level autocoherence in gamma bursting activity within V1, being statistically indistinguishable 

from filtered noise (Burns et al. 2011). This lack of temporal structure provides evidence for a third 

hypothesis, that gamma activity is simply filtered noise output of recurrent interactions in V1 that 

serve no additional function (Kang et al. 2010). According to this theory, the resonant frequency 

or peak gamma frequency of excitatory-inhibitory interactions in V1 depends on the amount of 

cortical feedback, for example, in the case of large visual stimuli, the resonant frequency would 

shift downwards due to increased feedback over a wider cortical area.  

 

Recent work from multiple labs indicates a role for gamma in indexing feedforward activity from 

the visual outside world, to higher order visual processing (Figure 1.15) (Bastos et al. 2014; van 

Kerkoerle et al. 2014; Michalareas et al. 2016). MEG experiments using granger causality to 

investigate directed influences between V1 and higher cortical areas, combined with homologous 

connectivity maps derived from tract tracing in macaque show that influences along feedforward 

projections predominate in the gamma band (Michalareas et al. 2016). Another study using 
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laminar electrodes revealed gamma waves are initiated in input layer 4 of V1, and propagate to 

deep and superficial layers (van Kerkoerle et al. 2014).  

 

Figure 1.15 – Feedforward and feedback in visual cortex. A) Schematic representation of 

Granger causality between layers for gamma and alpha rhythms. Thicker arrows indicate stronger 

Granger causality. Reproduced from (van Kerkoerle et al. 2014) with permission from National 

Academy of Sciences (Copywrite 2014). B) Coherence and Granger causality influence spectra 

between higher order area DP and V1. Feedforward between areas occurs in the gamma band, 

feedback in the alpha band. Reproduced from (Bastos et al. 2014) with permission from Elsevier.  

 

Whatever the function of gamma, it is clearly dissociable from multi-unit spiking activity (MUA) in 

stimulus response properties in V1, and understanding the spatial extent of gamma and its 

relationship to MUA is critical for interpreting this signal. This can be addressed by simultaneously 

recording both gamma LFP and spiking using microelectrode arrays implanted in macaque V1. 

One such experiment revealed that the spatial extent of gamma and its relationship to spiking 

activity was stimulus dependent (Jia et al. 2011). Small gratings, and those masked with noise 

induced a broadband increase in spectral power, this broadband signal was similarly tuned to 

spiking activity and had a limited spatial coherence. Larger gratings however elicited a distinct 

gamma rhythm with a pronounced spectral peak at 40 Hz, coherent across large areas of V1 (up 

to and exceeding 10mm) (Figure 1.16).  
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Figure 1.16 – Flexible relationship of gamma LFP to spiking. A) Normalized firing rate (dashed) 

and gamma power (solid) as a function of stimulus size. Large gratings also resulted in spatially 

correlated orientation tuning in the gamma range. B) Correlation across all sites between spiking 

and gamma (solid) and between gamma and gamma (dashed) as a function of stimulus size. Note 

how inter-site gamma is more correlated for larger gratings. Reproduced from (Jia et al. 2011) with 

permission from The Journal of Neuroscience 2011.  

 

Fascinatingly, averaging LFP signals across recordings sites several millimeters apart revealed a 

global tuning preference in the gamma range of V1 (Figure 1.17). Termed ‘global gamma’, this 

signal had strong spatial and temporal frequency tuning preferences, responding most strongly 

from 2.5 cycles/degree gratings drifting at 2 cycles/second. Orientation tuning preferences of 

global gamma were also stimulus dependent and distinct from local MUA (Figure 1.17), gratings 

with low noise levels dissociated MUA orientation tuning preferences from global gamma, while 

more randomized gratings suppressed global gamma, and orientation tuning more closely 

matched that of local MUA (Zhou et al. 2008; Jia et al. 2011). The orientation tuning preference 

of global gamma was also adaptable. Adaptation, or the decreased response to the same stimulus 

over multiple repetitions, is well known to reduce the responsivity of cortical neurons whose 

preferences match the adapter, but have little effect on cells with offset preferences (Kohn 2007). 

This provides evidence towards the hypothesis that global gamma magnifies a bias in the neuronal 

representation of orientation. The global nature of the adaptive gamma rhythm suggests an 

additional spatially extensive mechanism that coordinates or drives inhibitory network activity. 
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The mechanism that gives rise to global gamma could be feedback connections extending over 

large areas also thought to contribute to the surround suppression recruited by large stimuli 

(Angelucci and Bressloff 2006). Another possible mechanism is the emergence of global gamma 

through coordination of local generators by long-range lateral connections, or gap-junction 

coupling among inhibitory neurons (Tiesinga and Sejnowski 2009).  

 

One thing is certain, that any mechanism contributing to emergence of global gamma must be 

more effective for some stimuli than others. The fact that global gamma emerges strongly in the 

presence of non-randomized gratings and is suppressed by spatial randomization of the grating 

(Zhou et al. 2008; Jia et al. 2011) suggests a larger role for the local generator mechanism rather 

than feedback connection mechanism, and the fact that global gamma is stronger for large rather 

than small gratings (Jia et al. 2013) may simply be due to a larger cortical area being activated 

(rather than increased feedback due to larger stimulus).  

 

 
 

Figure 1.17 – Global gamma LFP. A) The global gamma LFP. LFP averaged across 31 sites in a 

single implant, large gratings (top) induced spatially extensive rhythm evident through averaging 

while small gratings did not (bottom). B) MUA and gamma orientation tuning distributions. MUA 

tuning followed a uniform distribution while gamma tuning clustered around a specific 

orientation.  Reproduced with permission from (Jia et al. 2011) with permission from The Journal 

of Neuroscience 2011.  

 

It is clear from the above studies that LFP recordings in the gamma range have two distinct 

components with very different stimulus response properties (Figure 1.18). One is a narrow band, 



22 
 

spatially coherent rhythm with very specific and spatially extensive (global) stimulus tuning 

preference that is distinct from MUA. The other is a broadband signal sharing stimulus tuning 

preferences with MUA such as local orientation preference. These two components have been 

clearly dissociated in a recent ECOG and LFP studies (Ray and Maunsell 2011a; Hermes, Miller, et 

al. 2014; Bartoli et al. 2019), and, based on the spectral profile of narrow-band and broadband 

gamma, EEG is clearly more sensitive to narrow-band gamma (Fries et al. 2008a; Scheeringa et al. 

2011; Perry et al. 2013). Therefore, it seems reasonable to assume that gamma activity measured 

from the scalp is predominantly sensitive to the global gamma LFP mentioned in (Jia et al. 2011), 

rather than the broadband component. This is supported by the fact that, due to its distance from 

the source, EEG is sensitive primarily to synchronized synaptic activity with the possibility to sum 

at a distance, which would be the case for a spatially extensive rhythm such as global gamma and 

less so for broadband gamma (but see (Kupers et al. 2015) where specific denoising techniques 

reveal broadband gamma using MEG). This has several implications for studies using EEG to 

investigate gamma activity.  

 

 

Figure 1.18 – Broadband and narrowband gamma. A) Mean group ECOG task selectivity 

spectrogram for gratings vs image categories. Note the sustained narrowband gamma for Gratings 

and more broadband gamma for Categories. B) Mean group amplitude responses for narrow and 

broadband gamma during early and late time windows. Reproduced from (Bartoli et al. 2019) with 

permission from the authors (preprint journal).  
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First, EEG visual cortex gamma can only be dissociated from background muscular artifacts when 

a strong, sustained stimulus is used, due to the fact that 1) 90% of electrical activity in the gamma 

range is generated by head/neck muscles (Whitham et al. 2007), 2) micro-saccades (and possibly 

other micro-movements) are time locked to visual stimulus presentation (Keren et al. 2010) but 

can be avoided by removing the first 500 ms of each trial and 3) the poor SNR of EEG necessitates 

a great number of trials (usually 100+ per stimulus type), so obtaining quality gamma band signals 

using EEG requires both a clean baseline and stimulus induced period. If a strong, sustained visual 

stimulus is used, however, gamma band activity can serve as a sensitive and remarkably consistent 

marker of subject specific neuronal activity (Muthukumaraswamy et al. 2010a; Gaetz et al. 2012).  

 

The second implication is, due to the fact that EEG gamma is difficult to disentangle from 

confounding factors such as muscular artifacts, gamma signals acquired in the resting state from 

clinical populations should be interpreted with caution. For example, multiple studies have 

reported increased baseline/resting state gamma band amplitude in autism relative to healthy 

controls (Orekhova et al. 2007; van Diessen et al. 2015; Ethridge et al. 2017), but other studies 

using strong, sustained visual stimuli show reduced responses in autism vs control (Sun et al. 2012; 

Simon and Wallace 2016a). This suggests that studies reporting increased gamma power in 

baseline gamma may be confounded by muscular artifacts. Other studies investigating peak 

frequency rather than amplitude have reported increased peak frequency in autism vs healthy 

controls (Dickinson et al. 2015a), which may be a more robust measure of gamma measured 

through EEG, as peak frequency can be estimated robustly even in the presence of noise artifacts 

(Magazzini et al. 2016).  

 

Finally, despite its limitations the presence of a sustained narrowband gamma response in 

response to visual gratings in scalp EEG has generated much excitement, and is perhaps the most 

sensitive direct measure of neuronal activity that can be acquired in humans non-invasively. 

Consequently, there is great interest in exploring possible anatomical/neurochemical correlates 

of scalp gamma, in particular GABA concentration (Muthukumaraswamy et al. 2009) (but see 

(Cousijn et al. 2014a)), GABA receptor density (Kujala et al. 2015a), cortical surface area 

(Schwarzkopf et al. 2012), cortical thickness (Gaetz et al. 2012) and sex (van Pelt et al. 2018) have 

all been linked to gamma peak frequency/amplitude (Figure 1.19).  
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Figure 1.19 - Correlations from different studies on gamma vs structure. A) Gamma peak 

frequency vs V1 surface area. Reproduced from (Schwarzkopf et al. 2012) with permission from 

The Journal of Neuroscience 2012. B) Gamma peak frequency vs GABA concentrations in V1. 

Reproduced from (Muthukumaraswamy et al. 2009) with permission from the National Academy 

of Science (Copywrite 2012). C) Gamma peak frequency vs V1 surface area. Reproduced from 

(Robson et al. 2015a) with permission from John Wiley and Sons. D) Gamma peak frequency vs 

GABA concentrations in V1. Note how some studies show significant correlations while others 

show no correlations for the exact same metrics. Reproduced from (Cousijn et al. 2014b) with 

permission from the National Academy of Science (Copywrite 2014).  
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1.2.5 Alpha Rhythm 
 

The alpha rhythm (Figure 1.20) (7-13 Hz) is the longest studied brain rhythm, discovered nearly 

100 years ago by Hans Berger in the mid 1920’s with the invention of EEG (Berger 1929), but its 

physiology remains poorly understood. Alpha oscillations are prominent in EEG during relaxed 

wakefulness, and thought to be fundamental for top-down cognitive processes (von Stein and 

Sarnthein 2000; Ito et al. 2005) such as working memory, attention (Saalmann et al. 2012), 

perception (Samaha and Postle 2015), and feedback inhibition (Jensen and Mazaheri 2010).  

 
 

Figure 1.20 – Alpha Rhythm. Time series taken from posterior EEG electrode over occipital lobe 

during the eyes closed resting state condition. Note the prominent oscillation at 1.5 seconds, each 

wave lasts approximately 100 ms for a temporal frequency of ~10 Hz.  

 

Two hypotheses about the generation of alpha in cortex exist 1) cortical alpha is driven by thalamic 

pacemaker (Hughes et al. 2011; Vijayan and Kopell 2012) such as pulvinar or LGN and 2) alpha 

arises predominantly through intra-cortical interactions, via infragranular layers driven by layer 5 

pyramidal cells (Silva et al. 1991; van Kerkoerle et al. 2014; Mejias et al. 2016).  

 

Recent invasive results in humans (Halgren, Devinsky, et al. 2017) supports the second viewpoint, 

that cortical alpha arises predominantly through intra-cortical interactions and thalamus plays a 

more limited role. This study employed both ECOG and depth electrodes to study spontaneous 

alpha activity in humans, showing that alpha oscillations propagate as travelling waves from 

anterosuperior cortex towards posteroinferior areas (Figure 1.21) and similar results have been 

found in macaques (Nagasaka et al. 2011). To determine if the thalamus was involved in 

coordination of these traveling alpha wave, simultaneous depth recordings were also performed 

in the cortex and pulvinar nucleus of the thalamus of human patients. Surprisingly, alpha was 

much more prevalent in the cortex than thalamus of these depth recordings, and the peak 

frequency could sometimes differ from cortex to thalamus (Halgren, Devinsky, et al. 2017), 

suggesting a very limited role for the thalamus in generating cortical alpha. However, 

thalamocortical coherence spectra often exhibited robust alpha peaks, indicating functional 

coupling between alpha in thalamus and cortex. To examine whether cortical alpha was driven by 
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thalamic firing or vice versa, broadband gamma power, which provides an index for MUA (as 

discussed earlier) was extracted from depth electrodes in both thalamus and cortex. Thalamic 

alpha was rarely synchronous with broadband gamma power and instead predominantly 

synchronous with cortical gamma, indicating that thalamic alpha was driven by cortical firing, and 

not the other way around (Halgren, Devinsky, et al. 2017).  

 

 

 

Figure 1.21 – Antero-posterior propagation of Alpha waves.  ECOG recording during period of 

high alpha activity reveals an antero-posterior direction for the propagation of alpha waves, 

visible through the increased phase offset in the more posterior channels relative to anterior 

channels. Reproduced from (Halgren, Ulbert, et al. 2017) under the CCBY-NC-ND 4.0 license (Non-

Commerical Creative Commons).  

 

The layered structure of the cortex is thought to be important in generation of the alpha rhythm, 

this can be investigated using laminar electrodes to record current source density (CSD) and MUA 

across gray matter layers. The CSD is important because it allows for measurement of a volume-

conduction free measure of local transmembrane currents surrounding the laminar probe 

(Nicholson and Freeman 1975), isolating activity in the different cortical layers. This analysis has 

revealed that alpha band power is strongest in the superficial layers 1-3 (Halgren, Devinsky, et al. 

2017). Furthermore, CSD recordings have shown a succession of sinks starting in layers 1,2 and 5 

and propagating towards layer 4 throughout the alpha cycle (van Kerkoerle et al. 2014). MUA in 

layers 1, 2, and 5 also precedes MUA in layer 4 for all frequencies between 5 and 15 Hz, indicating 

that alpha waves are initiated in layers 1, 2 and 5 and propagate towards layer 4, opposite the 

direction of gamma waves.  

 

In addition to the propagation from superficial/deep layers 1, 2 and 5 to layer 4, there is also a 

phase lag from V1 to V4 in the alpha range (Castelo-Branco et al. 1998; von Stein et al. 2000; Ito 
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et al. 2005). This implies that alpha oscillations start in higher order cortical areas such as V4 and 

then propagate to lower areas such as V1. This can be demonstrated using microstimulation in V1 

and downstream V4 while simultaneously recording from both sites (van Kerkoerle et al. 2014). 

Microstimulation in V1 produced gamma oscillations in V4, but had little effect on V4 alpha power. 

Microstimulation in V4, however led to increases in V1 alpha power and a suppression of gamma 

power, providing further evidence that alpha waves travel in the feedback direction. The V4 

microstimulation effects were also stimulus dependent: a task involving segregation of figure from 

background revealed that V4 microstimulation led to maximal increases in V1 alpha when the 

receptive field of the neurons in the stimulated area fell on the background of the stimulus. Thus, 

V1 neurons are particularly susceptible to V4 feedback effects when their receptive field falls on 

the background of an image, reinforcing the role of alpha in attention and feedback inhibition. 

Alternatively, recent evidence supports a more important role for subcortical nuclei in the 

generation of scalp alpha, showing that electrophysiological activity in deep brain structures can 

be measured directly using scalp EEG (Seeber et al. 2019). 

 

Inter-individual variability in the alpha rhythm remains an area of active research. Age-related 

changes in alpha have been reported, with decreases in peak frequency (Knyazeva et al. 2018) 

over the lifespan, reduced connectivity of inter-hemispheric alpha sources associated to mild 

cognitive impairment (MCI) (Babiloni et al. 2018), and larger event-related alpha 

desynchronization in the motor cortex associated to cortical thinning in healthy aging (Provencher 

et al. 2016a). Differences in white matter connectivity or anisotropy (Valdés-Hernández et al. 

2010) are also though to play a role in determining inter-individual alpha, due to the fact that 

alpha reflects inter-areal directed influences from higher order cortical areas onto V1 

(Michalareas et al. 2016) (but see (Renauld et al. 2016)). 
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1.3 Neurovascular coupling 
 

1.3.1 Principles of Neurovascular Coupling 
 

The brain consumes large amounts of energy but lacks the capacity for local energy storage, 

meaning that it must continuously receive the substrates for metabolism (primarily oxygen and 

glucose) through the vascular system. Due to its functional compartmentalization, which leads to 

regionally diverse energy requirements, it is imperative that blood arrives at the correct area of 

the brain at the correct time. Complete blockage of cerebral arteries or heart failure leads to brain 

death within minutes, and chronic brain injury can also occur due to partial reduction in blood 

flow (Iadecola 2013). Due to the critical nature of timing and supply of energy to the brain, there 

is tremendous interest in understanding how the brain regulates its own blood supply, for the 

purposes of understanding diseases thought to be due to deficiencies in supply. Also, due to the 

fact that the timing of blood flow to the brain is so critical, regional changes in cerebral blood flow 

(CBF) provide a window on brain function (Roy and Sherrington 1890).  

 

Early on, it became apparent that the blood supply to the brain was not simply driven by passive 

circulation, but rather, neuronal activity was driving changes in CBF. As early as 1880, it was 

observed that somatic, mental, or emotional stimuli induce changes in cerebral volume 

attributable to increases in hemodynamic supply (Mosso 1882). However, these ideas were 

forgotten and did not re-emerge until the late 1930s, when it was demonstrated that visual 

stimulation to a cat increased the temperature in visual cortex (a proxy for CBF) (Schmidt 1938). 

Around the same time, vascular density was found to be correlated to regional levels of energy 

consumption and functional activity, and sustained increases in neural activity lead to local 

increases in vascular density (CRAIGIE 1945), demonstrating a more prolonged influence of neural 

activity on the blood supply. The first quantitative measure of local CBF changes in humans were 

obtained in 1978 using intracarotid injection of radioactive tracers and external detection by a 

gamma camera (Lassen et al. 1978). This lead to the development of positron emission 

tomography and the eventual emergence of MRI based techniques such as the blood oxygen level 

dependent signal (BOLD) which will be discussed in further detail later.  

 

The understanding of coupling between neuronal activity and blood supply to the brain has 

evolved, and the concept of the neurovascular unit (NVU) has emerged. Instead of considering 

the brain cells and blood vessels as distinct entities, the NVU emphasizes the symbiotic 

relationship between brain cells and cerebral blood vessels, focusing on their developmental, 

structural, and functional interdependence in health and disease.  
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To understand the NVU, the structure of the cerebrovasculature must be described (Figure 1.22). 

The cerebrovascular network is vast and complex, with a variable association between neurons 

and vessels. The surface of the brain is covered in pial arteries and arterioles (Blinder et al. 2013), 

which are richly innervated by nerve fibers originating from autonomic and sensory nerve centers, 

and expressing a wide variety of neurotransmitters and neuropeptides (Hamel 2006). The pial 

vessels are also enveloped in layers of smooth muscle cells, that eventually become a single, 

thinner layer as the arterioles penetrate into the cortical depth (Roggendorf and Cervos-Navarro 

1977). As the arterioles penetrate deeper into the cortex, the smooth muscle cell layer thins and 

becomes discontinuous, replaced by astrocytic endfeet which encase the arteriole (Roggendorf 

and Cervos-Navarro 1977). Within the cortex, penetrating arterioles transition into cerebral 

capillaries and smooth muscle cells are replaced by pericytes and mural cells as well as astrocytic 

endfeet (Damisah et al. 2017). 

 

 

 

Figure 1.22 – The cerebrovasculature. A) The internal carotid enters the skull merging with 

branches of cerebral arteries to form the circle of Willis at base of brain. The middle cerebral 

artery (MCA) branches off to supply a large territory of cortex, giving rise to pial arteries and 

arterioles running along the surface of the brain forming a heavily interconnected network giving 

rise to penetrating arterioles. B) Close up view of pial arteriole giving rise to penetrating arteriole. 

Pial arterioles have thick smooth muscle cell coating, and are densely innervated by peripheral 

nerve fibers (Cranial and sensory ganglia). Penetrating arterioles within the cortex are surrounded 

by perivascular space several cell types. Reproduced from (Iadecola 2017) with permission from 

Elsevier 2017. 
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Blood flow is higher in brain areas with higher energy utilization (gray matter) and lower in areas 

with lower energy utilization (white matter). Functional hyperemia refers to the phenomenon 

whereby increases in neural activity lead to increase in CBF within a spatially restricted area 

(Chaigneau et al. 2003). Two neurovascular coupling models exist for how blood flow to the brain 

is regulated, 1) the feedback model and 2) the feedforward model. The feedback model states 

that CBF is driven by the accumulation of by-products of metabolism such as adenosine, CO2, H+, 

and lactate, which are known to be potent vasodilators (Ko et al. 1990). The feedforward model 

states that CBF is not driven by tissue metabolic state, but rather, neurovascular signaling 

pathways resulting in the release of vasoactive by-products of synaptic activity such as K+, nitric 

oxide, and prostanoids (Attwell et al. 2010). These models are not mutually exclusive, in fact, the 

feedforward mechanism may trigger the initial exaggerated flow response driven by vasoactive 

signaling, with feedback mechanisms in place to further regulate CBF in according to metabolic 

needs of the tissue. (Figure 1.23).  

 

 
 

Figure 1.23 – Feedforward and feedback neurovascular signaling. Feedforward signaling 

occurs due to synaptic activity which activates post-synaptic glutamate receptors (GluRs), which 

activate calcium dependent signaling pathways resulting in the release of vasoactive factors 

driving local vascular response. Feedback signaling results from a reduction in tissue oxygen 

caused by increased energy consumption, leading to accumulation of vasoactive metabolic by-

products driving a secondary vascular response. Reproduced from (Iadecola 2017) with 

permission from Elsevier 2017. 

 

Several cell types are involved in the initiation and maintenance of a CBF response in the brain. 

The neurons initiate the signaling cascade through glutamatergic synaptic activity which activates 

NMDA and AMPA receptors, increasing intracellular Ca2+ and activating Ca2+ dependent enzymes 
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which lead to the production of vasodilators NO and prostanoid (Lecrux and Hamel 2016). 

Extracellular glutamate also triggers Ca2+ increases in astrocytes resulting in the production of 

additional vasoactive agents such as adenosine and ATP (Mishra et al. 2016). Both excitatory and 

inhibitory cells are thought to contribute to NVC. Excitatory pyramidal cells in rat barrel cortex 

contribute to the vascular response through prostaglandin E2 (Lecrux and Hamel 2016), and 

increasing evidence suggests inhibitory GABAergic interneurons are critical for NVC, for example, 

optogenetic activation of GABAergic interneurons increases CBF even when excitatory 

glutamatergic activity is pharmacologically blocked (Anenberg et al. 2015), although the 

mechanisms remain unclear. CBF is also thought to be highly dependent on brain state through 

neuromodulation. Projections from the subcortical nuclei such as the locus coeruleus, and raphe 

nucleus extend to the neocortex and often terminate on astrocytic endfeet close to cerebral 

microvessels, exerting a powerful influence on CBF (Toussay et al. 2013).  

 

The astrocytes are well positioned to link neural activity to CBF, due to their close association to 

both neuronal synapses and local microvessels (Paulson and Newman 1987). As mentioned, 

increases in astrocytic Ca2+ modulates microvascular diameter, constricting or dilating the vessels 

depending on several factors such as oxygen levels (Gordon et al. 2008), resting vascular tone 

(Blanco et al. 2008), and extracellular K+ (Girouard et al. 2010). Recent data also suggest that the 

role of astrocytes in NVC is restricted to capillaries, while arterioles respond to a distinct pathway 

mediated by NMDA receptors and neuronal nitric oxide production (Mishra et al. 2016).  

 

The endothelial cells also play a crucial role in NVC, regulating the coordinated dilation of 

downstream and upstream vessels. This acts to increase flow while avoiding “blood steal” from 

other connected vascular regions (Segal 2015).  For example, the pial arterioles play an important 

role in flow control, and for activity deep in the cortex to modulate the diameter of pial arterioles, 

the vascular response generated in the activated area must be conducted retrogradely upstream, 

to engage the larger pial arteries and increase CBF (Segal 2015). Importantly, there appears to be 

a layer specific pattern of vascular activation in the cortex during somatosensory activation, with 

vascular responses first observed in cortical layer 4 and then propagating to the more superficial 

layers (Uhlirova et al. 2016). Endothelial propagation of vasomotor signals occurs through two 

components 1) a fast component mediated by electrical coupling across endothelial cells and 2) a 

slower component mediated by Ca2+ waves triggering the endothelial release of vasodilators 

(Tallini et al. 2007).  

 

The three cell types mentioned previously (neurons, astrocytes, and endothelial cells) ultimately 

engage the smooth muscle cells to induce vasodilation and reduce vascular resistance, thereby 

increasing CBF. The smooth muscle cells constrict and relax in response to the wide variety of 

vasoactive agents released by neurons, astrocytes, and endothelial cells. At the capillary level, 
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smooth muscle cells are replaced by pericytes, which also have an important role in maintaining 

the blood brain barrier. Measurements of pressure gradients across vascular segments in cat 

neocortex indicate that 39% of flow resistance occurs upstream of pial arteries, 21% occurs across 

the pial microcirculation, and 40% occurs downstream of the pial arteries, in the arterioles and 

capillaries of the cortex (Stromberg and Fox 1972). Therefore, minimal changes in diameters of 

local microvasculature of the cortex could result in large changes in CBF with little change in 

diameter in the upstream vessels (Giller et al. 1993).  
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1.3.2: BOLD FMRI 
 

Ogawa showed in 1990 in-vivo images of brain microvasculature where endogenous blood oxygen 

changes induced by anesthetics and inhaled gas mixtures could be measured using blood oxygen 

level dependent (BOLD) magnetic resonance imaging (MRI) (Figure 1.24) (Ogawa et al. 1990). 

Later experiments established task dependent endogenous BOLD signal changes of 4.3% 

(Bandettini et al. 1992) and a new field of brain imaging was born, which is today the de facto 

method for measuring functional changes in human brain activity, with the major application 

being in basic neuroscience, but increasing use in the study of disease and clinical populations as 

well.  

 

 

 

Figure 1.24 – Effect of blood CO2 level on BOLD contrast. A) Coronal slice image from rat 

showing BOLD contrast under urethane anaesthesia inhaling a 100% oxygen gas. B) The same 

brain, but with 90% oxygen and 10% CO2 inhalation. The arrow points to the sagittal sinus with 

higher image intensity relative to (A), indicating increased blood oxygenation. Reproduced from 

Ogawa et al 1990 with permission from National Academy of Sciences (1990).   

 

While BOLD changes occur primarily in venous vessels, BOLD is closely linked to CBF, which is a 

measure of delivery of arterial blood. During brain activation, dilation of blood vessels results in 

an increase in CBF, due to reduced pressure which allows for increased flow (GRUBB et al. 1974). 

While the primary purpose of CBF and the vascular system is to deliver the substrates for 

metabolism to metabolically active tissue, the relationship between CBF and metabolic demand 

is not simple. Oxygen metabolism, or cerebral metabolic rate of O2 (CMRO2) was shown early on 

to be decoupled from CBF (Fox and Raichle 1986), with larger changes in CBF than CMRO2 in 

response to functional brain activation. This implies that the fraction of oxygen extracted per mL 

of blood is less during functional hyperaemia, changing the O2 saturation of hemoglobin. This 

mismatch between CBF and CMRO2 is the physiological foundation of task-induced BOLD 
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changes, typically CBF is larger than CMRO2 by a factor of 2 or 3 (Roland et al. 1989). The reason 

for the increase in CBF being so much larger than increases in CMRO2 is still a matter of debate, 

but one possible explanation is that it allows O2 concentration in tissue to be preserved. 

Hemoglobin increases the O2 carrying capacity of blood by a factor of 30-50, effectively increasing 

O2 solubility in water to the same level as CO2. When oxygenated hemoglobin reaches the 

capillaries O2 is released, diffusing outwards to the mitochondria of neighbouring cells. Due to 

the fact that average capillary O2 concentration lies between arterial and venous O2 

concentration, venous O2 concentration must be raised to increase local capillary O2 

concentration and allow for increased diffusion of O2 to metabolically active cells. This implies 

that CBF not only delivers O2 to the capillary bed but also provides a way to modulate the O2 

diffusion gradient in the capillaries through large increases relative to CMRO2 (Buxton and Frank 

1997).  

 

The magnetic susceptibility depends on deoxyhemoglobin (dHb) content. Fully oxygenated blood 

has similar susceptibility as other brain tissues, but due to the fact that deoxyhemoglobin is a 

paramagnetic molecule, the susceptibility of venous blood increases magnetic field distortions 

around venous vessels decreasing the local T2* weighted magnetic resonance (MR) signal (Figure 

1.25). The susceptibility change from increased oxygenation in blood during functional 

hyperaemia is on the order of 0.01ppm (Weisskoff and Kiihne 1992), resulting in maximum field 

offsets of approximately 0.06ppm (Buxton 2002). This has an effect on MR image contrast due to 

the phenomenon of T2* relaxation. T2 is a time constant specific to a given tissue type describing 

the transverse relaxation time of the tissue. T2* refers to the apparent transverse relaxation time, 

which is always smaller than T2. The source of T2* is twofold: 1) spin-spin relaxation process and 

2) magnetic field inhomogeneity, which gives rise to a range of precession rates within a given 

tissue, rather than a single uniform precession rate for the tissue (Figure 1.25). This results in 

dephasing of the local precession vectors and a reduction in net magnetization resulting from 

destructive interference. Static T2* effects can be corrected for using techniques such as the 

inversion pulse in a spin echo experiment (Hahn 1950). The BOLD effect is most pronounced in 

larger pial vessels on gradient recalled echo (GRE) images, indicating that increases in BOLD image 

intensity are primarily the result of increases in the local value of T2* (Duong et al. 2003). At 3 

Tesla, the local T2* values in the brain are in the range of 40-60 ms, so in order to maximize the 

functional contrast during BOLD acquisition, echo time (TE), or the interval from excitation pulse 

to image acquisition is in the range of 40-60 ms.  
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Figure 1.25 – Mechanism of BOLD. A) Magnetic field inhomogeneity induced by paramagnetic 

deoxyhemoglobin within venous vessel leads to B) broader phase distribution of spins and weaker 

T2* weighted signal. Reproduced from (Buxton 2002) with permission from Cambridge University 

Press.  

 

Single shot echo planar imaging (EPI) is the most common way to acquire BOLD images of the 

human brain. EPI decreases acquisition time by collecting data corresponding to more than one 

phase-encoding step from each excitation by oscillating the gradients so rapidly that sufficient 

gradient echoes are created to allow measurement of all the phase-encoding steps required for 

an image. Acquisition time can also be decreased through use of arrays of multiple receiver coils 

for parallel imaging such as the case of SENSE encoding (Pruessmann et al. 1999) and 

simultaneous multi-slice imaging (Setsompop et al. 2012). Using these advances, recent 

experiments have demonstrated the capability of BOLD to map ocular dominance columns in 

visual cortex at high spatiotemporal resolution (repetition time (TR) of 3 seconds, 0.5 mm isotropic 

voxel size, 180x160x60 image dimension) (Feinberg et al. 2018) and more developments are sure 

to follow. Higher field systems such as 7 Tesla are also becoming more common. This increases 

the fractional signal changes that are measurable with BOLD, because a larger magnetic field 

creates larger magnetization within a body, which in turn increases the local field gradients 

induced by magnetic susceptibility differences due to dHb. However, while high field experiments 

increase the SNR of BOLD experiments, inhomogeneities due to air-tissue interfaces are also 

increased, resulting in worse distortions at high field.  

 

The fundamental challenge in the analysis of images acquired during FMRI experiments is to 

identify voxels that show signal changes varying with brain state, which is typically determined 

through some type of external stimulus. Advances in data modeling have the potential to greatly 

increase the ability to detect neuronal activations measured through FMRI. Statistical parametric 
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mapping refers to the construction of spatially extended statistical processes to test hypotheses 

about regionally specific events in FMRI. Statistical parametric maps (SPMs) are images with voxel 

values that have, under the null hypothesis, a known distribution approximation. Under this 

assumption, one proceeds by analyzing each voxel separately using any univariate statistical 

parametric test, producing an image which can be interpreted by referring to the probabilistic 

behavior of stationary Gaussian fields (Adler 2010). Functional activations occur in regionally 

specific effects which manifest in the SPM as regionally specific effects (Friston et al. 1994). 

Statistical parametric mapping represents a convergence of two earlier ideas 1) change 

distribution analysis and 2) significance probability mapping. Change distribution analysis was 

pioneered for use in positron emission tomography (PET) analysis, providing a mathematical 

underpinning for the subtraction technique (Fox and Mintun 1989). Parametric designs employ 

an external stimulus which is then correlated with physiological responses in the brain (measured 

through FMRI) to produce an SPM of the significance of the test statistic used (usually a correlation 

coefficient).   

 

The general linear model (GLM) is used to model the BOLD response at a given voxel xij,  

 

xij = gi1ß 1j + gi2 ß2j + … giKß Kj + eij    (1) 

 

where j refers to the voxel and I refers to the observation (scan). The GLM assumes the errors (e) 

are independent and identically distributed normally, or in other words, an equal error variance 

(σj
2) across conditions and subjects. ßkj are K unknown parameters for each voxel j. The coefficients 

gik are explanatory variables relating to the conditions under which scan i was made, and can be 

of two sorts 1) a covariate such as global CBF, time, motion, etc, in which case the equation is a 

multivariate regression mode or 2) dummy variables taking integer values to indicate factor level 

such as condition, subject under which BOLD was measured. The matrix form of the GLM is as 

follows: 

 

X = Gß + e 

 

Where X is a BOLD data matrix with elements xij, X has one column for each voxel j and one row 

for each scan (TR). G is comprised of coefficients gik and called the design matrix, having one row 

for each scan and one column for each covariate. ß is the parameter matrix, or output, with each 

ßj being column vectors of parameters for voxel j. e is a matrix of normally distributed error terms. 

The output ß can be estimated (b) using least squares as follows: 

 

GTGb = GTX, if G is of full rank, GTG is invertible, and the least square estimate is given by: 
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b = (GTG)-1GTX 

 

These simple equations can be used to implement a wide range of statistical analyses. The 

simplest and most common application of the GLM is to produce a SPM of correlation coefficients, 

typically Pearson’s r value, from a single stimulus design time series. In this case, b is a row vector 

of r values (one for each voxel) and the design matrix G is a column vector of 0s and 1s, 

representing the stimulus design (Figure 1.26).  

 

 
 

Figure 1.26 – Application of the GLM to localize brain function. A) The canonical hemodynamic 

response function (HRF). B) Stimulus design time series for rapid event-related design and C) 

slower block design. D) Resulting correlation map obtained after correlating each voxel with an 

HRF-convolved stimulus design time series for task involving visual cortex, displayed on inflated 

cortical surface.  

 

This type of task-based analysis emphasizes a localizationist view of brain function, typically 

revealing only a handful of activated regions in response to a given task/stimulation. This is due 

to the fact that in block design type experiments, the design matrix G is convolved with a canonical 

hemodynamic response function (HRF) to model dynamic hemodynamic onset/offset effects 

(Buxton et al. 1998). Recent work has uncovered that 95% of the brain can respond to a simple 
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visual task, if the criteria for ‘response’ is extended beyond the canonical HRF (Gonzalez-Castillo 

et al. 2012).  

 

The most direct way to measure CBF is by injecting microspheres into the arteries, such that the 

microspheres are large enough to pass through the arterioles but become trapped in the 

capillaries. The number of microspheres that become stuck in the capillary bed is then an 

indication of CBF to that region. The technique of arterial spin labeling (ASL) is conceptually similar 

to the microsphere approach, except instead of injecting microspheres, a 180° radiofrequency 

(RF) inversion pulse flips the magnetization of water in arterial blood at the level of the carotid, 

tagging it. The tagged blood is then allowed to reach the imaging slice of interest, which is acquired 

and compared to a control image acquired without tagging. The inflowing inverted spins to the 

imaging slice during tag acquisition reduces total tissue magnetization, lowering image intensity. 

The control minus tag difference thus gives a measure of CBF (Figure 1.27).  

 

 

 

Figure 1.27 – Arterial spin labeling. A) Interleaved control (blue) and tag (orange) time series 

from a single voxel. B) Control minus tag subtraction time series, C) Mean of all control minus tag 

subtraction values in each voxel.  

 

BOLD signal changes can also be quantified through percent change or in conjunction with ASL 

using the Davis model. The Davis model relates percent changes in BOLD with fractional changes 

in CBF to obtain fractional changes in oxygen metabolism (CMRO2) (Figure 1.28) (Davis et al. 

1998). 
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Figure 1.28 - CMRO2 calculation. Where alpha is the Grubb coefficient set to 0.2 (Chen and Pike 

2009), beta which reflects deoxyhemoglobin concentration was set to 1.3 (Mark et al. 2011), and 

M represents maximum BOLD signal change, or 6% at 3 Tesla (Gauthier et al. 2011).  

 

Motion correction is an important issue in FMRI analysis, similar to muscular artifacts in EEG 

analysis, as even the slightest motions induce significant artifacts potentially of greater magnitude 

that BOLD signal changes, and different sub-populations, such as mild cognitive impairment vs 

healthy age-matched controls, tend to differ in motion severity. Rigid body motion correction is 

one of the first steps in any BOLD analysis pipeline, using a 6 degrees-of-freedom image intensity-

based affine registration algorithm (Jenkinson et al. 2012). Another important step is bandpass 

filtering, as the majority of physiologically relevant signal content is contained within the 0.01-

0.08 Hz frequency band of BOLD signal. Low frequency signal drifts, if not filtered out prior to GLM 

analysis, can confuse the estimation of Pearson’s r value yielding misleading SPMs. More advance, 

multi-variate techniques such as spatial ICA are also being used to separate physiological and 

scanner noise from BOLD fluctuations induced by neuronal activity (Jenkinson et al. 2012). 

Specialized acquisition protocols employing multiple echo times per volume are under 

development to further separate BOLD from physiological artifacts (Kundu et al. 2012) and 

enhance detectability across groups and experimental conditions. 
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1.3.3 Gamma-BOLD coupling  
 

Neural activity provokes a CBF response directly and through astrocytic control (Attwell and 

Iadecola 2002). The energy budget of the brain must account for several expenses including 

pre/postsynaptic terminal activity (Jueptner and Weiller 1995). In primates, energy needed to 

reverse ion fluxes due to postsynaptic responses is the dominant consumer with 74% of the 

energy budget (Attwell and Laughlin 2001), while in rodents only 34% goes towards postsynaptic 

responses, due to the larger number of synapses per cell in primates (Wong-Riley 1989).  

 

The gamma rhythm is thought to arise due to trains of inhibitory postsynaptic events in pyramidal 

cells and fast spiking interneurons (Whittington et al. 2011). When these events are synchronous, 

they become visible in neurophysiological preparations such as LFP and even EEG/MEG recordings 

due to temporal overlap (Fries et al. 2008a). Early experiments showed a tight relationship 

between gamma and BOLD in response to visual stimulation of the anesthetized macaque (Figure 

1.29) (Logothetis et al. 2001) which was later corroborated using awake recordings (Goense and 

Logothetis 2008a), optical recordings (Niessing et al. 2005b), resting state recordings (Magri et al. 

2012a), and in awake humans using simultaneous EEG-BOLD (Scheeringa et al. 2011, 2016). This 

mounting evidence makes sense in light of the mechanisms of gamma generation and energy 

demand (trains of postsynaptic events are highly metabolically demanding), which led to 

hypotheses about a causal role for gamma in driving NVC. However, stimulus manipulations in 

humans are able to dissociate gamma and BOLD (Figure 1.29) (Muthukumaraswamy and Singh 

2008a, 2009; Winawer et al. 2013; Hermes et al. 2017), pointing to a more correlative role for 

gamma NVC.  
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Figure 1.29 – Gamma vs BOLD coupling and uncoupling. A) Average MUA, gamma LFP (20-60 

Hz), and BOLD time courses from visual ROI showing that MUA returns rapidly to baseline while 

gamma LFP remains elevated for stimulus duration, suggesting a sustained driving mechanism 

linking gamma LFP rather than MUA to BOLD. The ‘nMod’ band refers to the mid-gamma range, 

or 40-60 Hz. Black line = MUA/nMod, red = BOLD, dashed red = HRF-convolved MUA/nMod. 

Reproduced from (Logothetis et al. 2001) with permission from Springer Nature 2001. B) MEG and 

BOLD measures during visual stimulus manipulation showing that both gamma and BOLD were 

sensitive to contrast, but only gamma was sensitive to spatial frequency, resulting in functional 

decoupling of the two signals. Reproduced from (Muthukumaraswamy and Singh 2009) with 

permission from John Wiley and Sons 2008.  

 

It is unsurprising that gamma oscillations are linked to BOLD much of the time, as they are a near-

ubiquitous feature of neuronal population activity in mammalian cortex, in particular for active 

sensory processes involving attention (Tiitinen et al. 1993). Attention demanding tasks which give 

rise to gamma tend to require more energy. However, functional decoupling of gamma and BOLD 

suggests that gamma BOLD coupling may not be causal, which is to say, while synchronized 

synaptic events that give rise to gamma are metabolically demanding in their own right, the 

narrow band, oscillatory nature of the gamma rhythm does not play a key role in inducing a 

hemodynamic response. CBF continues in brain states such as sleep (Horovitz et al. 2008) or 

relaxed wakefulness, where gamma (in the classical sense of a sustained narrowband rhythm) is 

largely absent due to decreased sensory input. Furthermore, stimuli such as randomized gratings, 

which yield large spiking responses in the brain despite a lack of gamma (Zhou et al. 2008; Jia et 

al. 2013) indicate that gamma is not a prerequisite for attentive sensory processing, merely a 

correlate, in fact, the presence of sustained narrow band gamma oscillation in human ECOG can 

be predicted based on spatial structure of the visual stimulus alone (Hermes et al. 2019), with 
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many stimulus types yielding no such signal. Based on this, some propose that BOLD is more linked 

to the broadband component of neural activity (Manning et al. 2009; Scholvinck et al. 2010; 

Winawer et al. 2013) which reflects increased MUA (Ray and Maunsell 2011b; Hermes, Kay, et al. 

2014; Bartoli et al. 2019).  

 

In most cases increases in gamma will be followed shortly by increased CBF, however, gamma 

oscillations are not a necessary nor sufficient condition for increases in CBF to the brain. For 

example, using recent work showing how stimuli which increase MUA but not gamma also give 

rise to robust BOLD responses (Zhou et al. 2008; Jia et al. 2011), one could imagine a case where 

a low spatial frequency grating was replaced with a high spatial frequency grating, inducing a 

strong gamma rhythm while CBF remains unchanged (Figure 1.30).  

 

 

 
 

Figure 1.30 – Spatiotemporal frequency tuning of BOLD and gamma band MEG responses 

compared in primary visual cortex. BOLD FMRI responses are insensitive to changes in spatial 

frequency, with no significant difference from high to low spatial frequency, while MEG gamma 

responses are highly sensitive to spatial frequency, with 60% decreases due to decreased spatial 

frequency.  
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Therefore, while CBF and gamma tend to increase together under similar conditions such as 

enhanced sensory or attentional demand, sustained gamma oscillations are a result primarily of 

the timing of postsynaptic events, and CBF is sensitive to the integrated totality of synaptic current 

flow, as powering the ionic pumps is the largest energy demand in the brain (Attwell and Laughlin 

2001; Harris et al. 2012). Gamma and CBF are therefore sensitive to different components of 

neural activity, limiting the causal influence of gamma on CBF. 

 

It should not be forgotten that many studies show BOLD is better matched to gamma LFP than 

neuronal firing rates (Logothetis et al. 2001; Nir et al. 2007; Shmuel and Leopold 2008). It is 

therefore possible that the synchronicity of postsynaptic activity during the gamma cycle may play 

a special role in driving CBF, perhaps due to the simultaneous release of vasoactive substances 

such as NO and prostanoid, increasing the SNR of the NVC signal. In that sense, it is possible that 

the vascular response is sensitive to the timing of synaptic events as well as the overall magnitude 

(in accordance with the feedforward hypothesis of NVC).  

 

1.3.4 Alpha-BOLD coupling 
  

The role of alpha oscillations in NVC is less studied than that of gamma. Increased alpha power in 

visual cortex is associated to feedback processes important for blocking out irrelevant stimuli (Self 

et al. 2013; van Kerkoerle et al. 2014), therefore, increased alpha may signify reduced metabolic 

demand. This is the case for numerous experiments combining simultaneous alpha-BOLD 

recordings, in humans (Goldman et al. 2002; Gonçalves et al. 2006; Laufs et al. 2006; de Munck et 

al. 2007a; Ritter et al. 2009; Scheeringa et al. 2011, 2016; Lewis et al. 2018; Mullinger et al. n.d.) 

and in non-human primates (Magri et al. 2012b), all of which show an inverse relationship 

between alpha power and BOLD (Figure 1.31). Multiple studies have found positive alpha-BOLD 

coupling in thalamic nuclei and negative alpha-BOLD coupling in occipital cortex during resting 

state simultaneous EEG-BOLD experiments (Gonçalves et al. 2006; de Munck et al. 2007b; Tyvaert 

et al. 2008) 
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Figure 1.31 - Laminar specific alpha-BOLD and gamma-BOLD coupling. Frequency (x-axis) by 

laminar depth (y-axis) representation of relationship (T-value) between trial-by trial variation in 

BOLD and EEG power, for 3 separate visual areas and their combined average (V1+V2+V3). Note 

the inverse relationship between alpha and BOLD. Reproduced from (Scheeringa et al. 2016) with 

permission from the National Academy of Sciences Copyright (2016).  

 

The propagation of the alpha rhythm in the posterior part of human brain proceeds from higher 

order parietal cortex down to lower order primary visual cortex, in the feedback direction 

(Halgren, Ulbert, et al. 2017). At the laminar scale, alpha also propagates in the feedback direction, 

from superficial layers 1 and 2 to granular layer 4 (van Kerkoerle et al. 2014). Neurovascular 

signaling propagates in the opposite direction, with dilations beginning in the capillaries of 

granular layer 4 and then propagating to the pial arterioles through upstream dilation (Uhlirova 

et al. 2016). Based on this, it is conceivable that alpha oscillations play a role in funneling blood 

supply away from areas of cortex that are not experiencing high metabolic demand, although the 

mechanism through which alpha oscillations are linked to vascular dilations is unclear. Sustained 

negative BOLD responses associated to reductions in blood flow and decreases in oxygen 

consumption can be induced using partial visual field stimulation (Shmuel et al. 2002) and this 

negative BOLD response has been associated to decreases in neuronal activity (both LFP and MUA) 

below baseline (Shmuel et al. 2006a). The inhibition-timing hypothesis of alpha function (Klimesch 

et al. 2007) postulates that increases in alpha reflect top-down inhibitory control processes to 

control the level of depolarization in membrane potential of masses of neurons in cortex. This 

work builds on the communication through coherence hypothesis (Fries 2005) which proposes a 

more general role for oscillations in modulating rhythmic excitability producing selective temporal 
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windows for communication (Figure 1.32). Strong alpha oscillations may therefore serve to limit 

the excitability window of cortical neurons, reducing their overall activity and energy 

consumption, explaining the inverse relationship between alpha power and BOLD.     

 

 
 

Figure 1.32 - Theory of how oscillations modulate spiking in cortex. A) Red and green neuronal 

groups exhibit coherent excitability fluctuations, and their spikes are synchronized. Black neuronal 

group is not coherent with red and green, therefore communication between black and red/green 

is shut down. B) Membrane potentials during combined injection of sinusoidal current and 

electrical stimulation of one afferent axon. The timing of the axon stimulation was varied such 

that the synaptic input arrived at recorded neuron either precisely at the excitability peak, or 

shortly before/after. Note how the injected current limits the temporal window for which axonal 

stimulation can elicit a spike. Reproduced from (Fries 2005) with permission from Elsevier).   
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2 – Proposed Approach 
 

2.1 Defining the Problem 
 

A slew of non-invasive neuroimaging modalities currently exist, some quite old (EEG, first 

measured in 1928), and some relatively young (BOLD FMRI, first measured in 1990). Both EEG and 

BOLD are rich sources of brain imaging data, and combining the two modalities may yield more 

insights than either alone. The modalities are complementary in the sense that they are sensitive 

to different aspects of human brain activity. EEG with its high temporal resolution can be used to 

investigate the role of different brain rhythms in NVC, while BOLD is a hemodynamic measure 

with high spatial resolution, and can be used both to obtain indices of hemodynamic response 

strength as well as define precise regions of interest (ROIs) to use as ground truth in EEG 

experiments.  

 

The problem can be stated as follows: EEG and BOLD are widely used, but poorly understood. To 

better understand these two modalities, we must acquire EEG/BOLD datasets from the same 

group of subjects, and examine how different indices of neural and hemodynamic activity 

obtained from the modalities relate to one another. For example, do stimuli that induce strong 

BOLD responses, also induce strong gamma responses? Do individuals who exhibit large stimulus 

driven decreases in baseline alpha band activity also exhibit higher CBF than individuals with weak 

changes in alpha? Does inter-individual variability in gamma amplitude depend on anatomical 

factors such as distance, and how can we use BOLD to better understand this variability in inter-

individual EEG signal strength?   

 

2.2 Objectives 
 

Broadly, the objectives of this thesis are two-fold. The first objective, loosely defined as EEG-BOLD 

coupling, is meant to address the frequency specific relationship between brain rhythms 

measured using EEG, and subsequent changes in brain hemodynamics measured using BOLD 

FMRI. The first article presented in this thesis, Article 1, deals with a very specific case wherein 

gamma band activity and BOLD can be dissociated using visual stimulus manipulation. This study 

was performed to resolve a discrepancy in the existent literature, with previous work showing 

either a tight relationship between gamma power and BOLD, or no relationship between gamma 

power and BOLD. The fourth article presented in the thesis, Article 4, presents a more general 

examination of EEG-BOLD coupling, considering multiple frequency bands (alpha and gamma) and 

shows how in certain circumstances (low contrast vs high contrast stimuli), the BOLD signal is 

driven by changes in either feedforward (gamma) or feedback (alpha) activity.  
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Objective 2, presented in the second article, Article 2, draws on data collected from experiments 

in articles 1, 3 and 4. These data provide a moderate sized (n=42) database of healthy humans 

with both EEG and BOLD data acquired in all subjects. Using this database, inter-individual 

variability in stimulus induced gamma/alpha band amplitude can be compared to a variety of 

hemodynamic and anatomical parameters measured using BOLD and anatomical T1 weighted 

images, to investigate the source of inter-individual variability in EEG signal strength. Explaining 

inter-individual variability in EEG amplitude will be of value in both the clinic and basic research, 

and may explain why certain sub-populations such as autistic/schizophrenic groups exhibit 

reduced or altered EEG signal amplitude. Article 3, a methods article detailing 

acquisition/processing pipelines for obtaining highly precise and accurate EEG electrode locations 

during simultaneous EEG-FMRI, is used towards Objective 2, providing additional subjects (n=8) 

and precisely measured EEG electrode locations for computing distance between scalp and cortex.  

 

2.2.1 Objective 1: Gamma and Alpha Rhythms vs BOLD FMRI 
 

Determine under what circumstances BOLD and gamma can be dissociated. Use neuronal network 

models to simulate gamma band activity, and determine features of the underlying neuronal 

population activity that produces circumstances under which BOLD and gamma are dissociated. 

Object 1 part 2: Independent contributions of feedforward and feedback to BOLD. Determine to 

what extent the feedforward (indexed by gamma rhythm) and feedback (indexed by alpha 

rhythm) activity influences NVC in human visual cortex. Both feedforward and feedback are 

metabolically demanding, but no study has yet disentangled their independent contributions to 

BOLD. Is the BOLD signal magnitude more reflective of feedback from higher areas, feedforward 

from driving input, or a mixture of both? Use specially designed visual stimuli to dissociate the 

relative magnitude of feedforward and feedback, and observe the effects on the BOLD signal.  

 

2.2.2. Objective 2: Anatomical Basis of Inter-individual EEG Variability 
 

Determine the anatomical basis of inter-individual variability in the healthy human EEG alpha and 

gamma amplitude responses. Which anatomical variables (skull/scalp thickness, cortical 

curvature, etc) best predict an individual’s EEG amplitude using BOLD as a ground truth for 

functional localization. Answer the question: why do some healthy individuals exhibit no 

observable gamma band response to a visual stimulus, when others exhibit increases of up to 

200-300%?  
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3 - Article 1 

Decorrelated Input Dissociates Narrow Band Gamma 

Power and BOLD in Human Visual Cortex 
 

Authors of Article: Russell Butler, Pierre-Michel Bernier, Jeremie Lefebvre, Guillaume Gilbert, 

Kevin Whittingstall 

 

Status of Article: Published, Journal of Neuroscience 2017 

 

Abstract  

Although Functional Magnetic Resonance imaging (FMRI) using the blood-oxygen-level-

dependent (BOLD) contrast is widely used for non-invasively mapping hemodynamic brain activity 

in humans, its exact link to underlying neural processing is poorly understood.  While some studies 

have reported that BOLD signals measured in visual cortex are tightly linked to neural activity in 

the narrow band gamma (NBG) range, others have found a weak correlation between the two.  

To elucidate the mechanisms behind these conflicting findings, we hypothesized that BOLD 

reflects the strength of synaptic inputs to cortex whereas NBG is more dependent on how well 

these inputs are correlated.  To test this, we measured NBG, BOLD and cerebral blood flow (CBF) 

responses to stimuli that either correlate or decorrelate neural activity in human visual cortex.  

Next, we simulated a recurrent network model of excitatory and inhibitory neurons that 

reproduced in detail the experimental NBG and BOLD data.  Results show that the visually-evoked 

BOLD response was solely predicted by the sum of local inputs whereas NBG was critically 

dependent on how well these inputs were correlated.  In summary, the NBG-BOLD relationship 

strongly depends on the nature of sensory input to cortex:  stimuli that increase the number of 

correlated inputs to visual cortex will increase NBG and BOLD in a similar manner, while stimuli 

that increase the number of decorrelated inputs will dissociate the two.  The NBG-BOLD 

relationship is therefore not fixed, but is rather highly dependent on input correlations that are 

both stimulus- and state-dependent.   

 

Significance Statement  

It is widely believed that gamma oscillations in cortex are tightly linked to local hemodynamic 

activity.  Here, we present experimental evidence showing how a stimulus can increase local blood 

flow to the brain despite suppressing gamma power.  Moreover, using a sophisticated model of 

cortical neurons, it is proposed that this occurs when synaptic input to cortex is strong yet 

decorrelated.  Since input correlations are largely determined by the state of the brain, our results 



49 
 

demonstrate that the relationship between gamma and local hemodynamic is not fixed, but 

rather context dependent.  This likely explains why certain neurodevelopmental disorders are 

characterized by weak gamma activity despite showing normal blood flow.   

 

3.1 Introduction  
 

Functional Magnetic Resonance Imaging (fMRI) using the blood-oxygen-level-dependent (BOLD) 

contrast has become the de facto imaging modality for measuring human brain function (Friston 

2009), though its exact relationship with underlying neural activity as measured with local field 

potentials (LFP) and electroencephalography (EEG) is unclear.  A general assumption is that the 

stimulus-evoked BOLD and EEG response better reflects the input and local processing of cortical 

neurons rather than their spiking output (Logothetis 2008; Whittingstall and Logothetis 2009a; 

Buzsáki et al. 2012a).  As a result, changes in the magnitude of a stimulus-evoked BOLD response 

should be approximately proportional to changes observed in the EEG.  Support for this comes 

from studies showing that the amplitude of both BOLD and EEG/LFP narrow band gamma band 

(NBG) potentials increase in a similar fashion with stimulus contrast (Niessing et al. 2005a; Koch 

et al. 2009), possibly due to the high energy demand of initiating and maintaining gamma 

oscillations(Galow et al. 2014).  However, other studies in humans have shown that BOLD 

responses in visual cortex are insensitive to large changes in NBG(Muthukumaraswamy and Singh 

2009; Swettenham et al. 2013) and that certain types of visual stimuli (e.g. noise patterns ) do not 

elicit NBG(Hermes et al. 2015a) despite being clearly perceivable to the subject and yielding a 

robust hemodynamic response (Grill-Spector et al. 1998; Kayser et al. 2004).  This raises the 

question of why might certain stimuli co-modulate NBG and BOLD in a similar fashion while others 

dissociate them(Bartolo et al. 2011).   

 

EEG integrates the electrical activity over several millions of neurons.  As a result, the magnitude 

of the response is highly dependent on the degree to which inputs to neurons are 

correlated(Lindén et al. 2011; Reimann et al. 2013; Musall et al. 2014).  This is especially important 

when interpreting NBG given that the frequency and amplitude of gamma oscillations depend on 

the interaction between excitatory (E) and inhibitory (I) neurons(Atallah and Scanziani 2009).  

When inputs are spatially decorrelated (i.e., inputs to different cells are of different strengths), 

the E-I balance becomes locally perturbed yielding a wide range of oscillation frequencies across 

the population(Wang and Buzsáki 1996; Buzsáki and Wang 2012), which, when spatially 

integrated (as scalp EEG does), results in a broad EEG spectral profile without a prominent gamma 

peak.  Therefore, the lack of a stimulus-induced NBG response may not reflect a lack of input to 

neurons, but rather a lack of correlated input.  The BOLD response on the other hand is thought 

to reflect the metabolic burden associated with integrating and processing synaptic 
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inputs(Logothetis 2008), though whether or not BOLD is altered by changes in input correlations 

is largely unexplored. 

 

Assuming that BOLD and NBG are separately dependent on input strength and correlation, 

respectively, we here hypothesized that stimuli that increase the correlated drive to visual cortex 

will increase NBG and BOLD in a similar manner whereas stimuli that solely alter input correlations 

will dissociate the two.  To test this, subjects viewed a grating with three different levels of 

Michelson contrast (MC) and spatial randomization (SR), the latter of which has been shown to 

decorrelate V1 neurons(Zhou et al. 2008) without altering their overall output rates(Jia et al. 

2013), thus making it an ideal stimulus for testing this hypothesis.  We then combined the 

stimulus-evoked NBG, BOLD and CBF responses with the output from a model E-I circuit fed with 

the same stimuli.  The results show that NBG is more dependent on input correlations whereas 

BOLD better represents the net sum of inputs, regardless whether they are correlated or not.  This 

demonstrates that NBG is not an accurate marker of BOLD and explains why certain stimuli can 

illicit large BOLD/CBF responses despite yielding little to no NBG.   

 

3.2 Materials and Methods 
 

3.2.1 Subjects and stimuli 
 

The study was conducted over separate EEG, fMRI and ASL sessions.   A total of 22 subjects 

participated in the study (9 female, no psychiatric or neurologic symptoms at the time of scanning 

or in the past) according to the guidelines of the Internal Review Board of the Centre Hospitalier 

Universitaire de Sherbrooke (CHUS).  All stimuli were generated using Psychophysics 

Toolbox(BRAINARD 1997) and presented on a gray background with luminance equal to the mean 

luminance of the stimulus (figure 1a, top). The parameters of the unperturbed grating: a spatial 

frequency of 3 cycles/degree, a temporal frequency of 6 cycles/second, drifting from right to left 

within a 7 degree circular aperture placed in the center of the subject’s visual field.  The Michelson 

contrast (MC) was adjusted (100%, 33% and 5%) by narrowing the luminance range of the 

unperturbed grating while keeping mean luminance constant and equal to the background 

luminance.  Spatial randomization (SR) of the unperturbed grating was accomplished by spatial 

swapping of grating patches(Zhou et al. 2008). Briefly, grating patches (0.15 x 0.15o) were 

randomly selected and swapped with other randomly selected regions, until a desired percentage 

of the grating was randomized (for this study, SR levels were 10% and 60%) without changing MC 

(Sun et al. 2015).   
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3.2.2 FMRI acquisition & analysis   
 

Whole brain volumes were acquired on a 3T MRI scanner (Ingenia, Philips Healthcare, Best, 

Netherlands) using a 32-channel head coil for reception and the following parameters: 

TR/TE=2000/30 ms, flip angle=70deg, FOV=224x224x136.5 mm and voxel size=3.5 mm isotropic.  

Stimuli were projected from an MRI compatible monitor (resolution=800x600pixels, frame 

rate=75 Hz) to a mirror positioned above the subject’s face. Stimulus presentation was divided 

into 9 separate 8.5 minute acquisition intervals, with acquisition halting for approximately 1 

minute between intervals in order to converse with the subject.  A T1-weighted image 

(TR/TE=7.9/3.5 ms, flip angle=8deg, FOV=240x240x150mm, voxel size=1 mm isotropic) was 

acquired following the fMRI acquisition.  Stimuli were presented at a rate of one stimulus per 16 

seconds in which the grating was present for 2 seconds. Each of the five stimuli types was 

presented 5 times per 8.5-minute interval in a pseudo random order, for a total of 270 

presentations (45 per stimulus type). Subjects were instructed to maintain fixation on a central 

crosshair for the duration of each 8.5 minute interval and withhold blinks from periods during or 

directly following the stimulus presentation, as indicated by the color of the central fixation point 

(red for periods -4:10 seconds relative to stimulus onset, black for periods later than 10 seconds 

following stimulus onset).  All fMRI processing was done using AFNI(Cox 1996), FSL(Jenkinson et 

al. 2012) and custom written Matlab (Mathworks) scripts. fMRI images were motion 

corrected(Jenkinson et al. 2002) for both intra and inter scan movements.  Images were then 

concatenated across the 9 sessions, and Independent component analysis (ICA) using 

MELODIC(Beckmann and Smith 2004) was employed to generate 150 ICs.  The time course from 

each component was correlated with a stimulus-convolved (using default values in spm_hrf.m) 

response and components with a robust and statistically significant (r>0.25, p<0.00001, 

Bonferroni corrected) correlation were selected for further analysis and averaged (typically 1-3 

components per subject). Stimulus-related BOLD magnitude was calculated on a single trial basis 

at each time point from 0-16 seconds relative to stimulus onset by subtraction of the baseline 

(t=0s) from the value at that point.  To create group average maps and perform voxel-based 

analysis, images were non-linearly warped to a standardized atlas (MNI152) using ANTS(Avants et 

al. 2011). 

 

3.2.3 CBF acquisition & analysis  
 

8 subjects who participated in the fMRI experiment also participated in an ASL experiment.  To 

measure cerebral blood flow (CBF), a 20 sec. on-off block design was employed, over 3 stimulus 

types (5% MC, 100% MC, 60% SR) using sequentially interleaved CBF and BOLD acquisitions where 

three 8.5 minute CBF blocks were interleaved with three 8.5 minute BOLD acquisitions, for an 

experiment lasting 50 minutes. To estimate relative CBF changes, a pCASL sequence with 
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background suppression was employed with a labeling slab at the base of the cerebellum. Imaging 

was performed with a label duration of 1650 ms and post label delay of 1600 ms, using a 2D multi-

slice EPI readout with TR/TE of 4000/14 ms. 18 contiguous 4 mm thick slices were acquired with 

3x3 mm in-plane resolution and an axial field-of-view of 240x240mm. At each time point, the 

labeled image was subtracted from the control image, yielding an effective temporal resolution 

of 8000 ms. 60 label/control pairs were acquired.  Each subject’s ASL and BOLD volumes were 

registered to the first volume from the first BOLD scan after applying motion correction to all 

BOLD images. Functional ROIs were defined separately for BOLD and ASL experiments by 

correlation using the standard HRF-convolution approach. To ensure that the BOLD-ASL 

comparison was not biased by ROI size/location, the two correlation maps (one for ASL, one for 

BOLD) were averaged, and a single ROI was created for both modalities by thresholding the 

averaged maps at r>0.35. BOLD and ASL time series were then averaged across voxels within this 

ROI, and baseline normalized by the averaged 8 seconds preceding the stimulus onset.  Stimulus-

induced changes were defined as (stimulus-baseline)/baseline for BOLD, and stimulus/baseline 

for ASL, giving the % change and fractional change respectively.  ICA was not used in the analysis 

of the ASL/BOLD data because BOLD % change must be in a pre-specified range (typically between 

1-10%) for realistic CMRO2 estimation via the Davis model(Davis et al. 1998), and % change values 

from ICA time courses were well outside this range. 

  

3.2.4 EEG acquisition & analysis  
 

Scalp signals were acquired on a 64 channel EEG system (Brain Products). Subjects were 

comfortably seated in a standard office chair as stimuli were presented on a CRT monitor 

(resolution=800*600 pixels, frame rate=85 Hz). The stimulus presentation sessions were of similar 

length to the BOLD sessions, with stimulus presentation broken up into 9 separate 8.5-minute 

intervals, halting acquisition for approximately 1 minute between intervals in order to converse 

with the subject and verify signal quality. The stimuli were presented at a rate of 1 stimulus every 

5 seconds, and each of the 6 stimulus types were presented 135 times in a pseudo random 

fashion, for a total of 810 trials per subject. Each trial began with a fixation point color change 

from black to red, followed 0.5-1 seconds later (pseudo-random jitter) by stimulus onset. The 

drifting grating was visible for 2 seconds as in the fMRI experiment, and subjects were instructed 

to maintain fixation for an additional 0.5 seconds following stimulus offset before the crosshair 

changed back from red to black, commencing the 2 second rest period. Each 8.5 minute 

acquisition interval contained five 8 second rest periods, spaced every two minutes, during which 

subjects were permitted to blink repeatedly and make small postural adjustments in an effort to 

confine large scale myogenic activity to times during which the stimulus was not being presented.  

All EEG data processing was done using eeglab(Delorme and Makeig 2004) v10.0 and custom built 

Matlab scripts.  Data sets were down sampled to 256 Hz, and electrodes with poor signal were 
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interpolated. EEG sessions were concatenated into a continuous 90 minute data set; bandpass 

filtered between 1-120 Hz and decomposed using ICA. A novel method of automatic ICA 

component selection was devised to remove the need for selection by visual inspection: First, a 

template neuronal response function (NRF) was defined by filtering scalp space posterior 

electrodes (all PO, P, and O sites) in the 10-25 Hz and 40-110 Hz range and taking the grand 

average across all subjects (this range was chosen as it encompassed most significant stimulus 

induced activity). This yielded two template time courses, one for the lower and one for the higher 

frequencies. ICA components were then filtered in the same two frequency ranges and rectified. 

The rectified, filtered time series of each component was epoched and correlated on a single trial 

basis with a NRF in the same frequency range. Components were then sorted according to their 

correlation (Pearson’s r) with the NRF, and the top 2 components from each subject were 

selected. Stimulus trials were then epoched from [-0.85:2.85s] relative to stimulus onset, and 

baseline corrected event-related spectral perturbation (ERSP) was estimated in single trials and 

averaged across the top two components.  EEG modulation at each frequency was averaged over 

the [500-2000 ms] time range.  

 

3.2.5 Model network 
 

The model used corresponds to a spiking Wilson-Cowan network of gamma activity(Brunel and 

Wang 2003; Wallace et al. 2011; Jadi and Sejnowski 2014).  The network consists of 

interconnected populations of excitatory and inhibitory Poisson neurons with binary states: when 

a neuron 𝑗 is active at time t, its spiking activity 𝑋𝑗(𝑡) is set to 1, and set to 0 otherwise. The 

neurons individual firing rates obey 𝑟𝑒,𝑖
𝑗

= 𝛽𝑒,𝑖
𝑗

𝑓(𝑢𝑒,𝑖
𝑗

), for some gain 𝛽 and where 𝑓 is the neurons 

response function. The membrane potential proxies 𝑢𝑒,𝑖
𝑗

 obey the set of dynamical equations 

 

𝛼𝑒,𝑖
−1�̇�𝑒,𝑖

𝑗
= 𝑔𝑒,𝑖𝑢𝑒,𝑖

𝑗
+ 𝐼𝑒,𝑖

𝑗
 

 

The presynaptic excitatory and inhibitory inputs correspond to sums of  afferent, recurrent and 

feedback contributions i.e. 𝐼𝑒
𝑗

= 𝐼𝑜,𝑒
𝑗

+ 𝐼𝑓𝑒𝑒𝑑𝑏𝑎𝑐𝑘,𝑒
𝑗

+ 𝑤𝑒𝑒 𝑁𝑒
−1 ∑ 𝑋𝑒

𝑘(𝑡)𝑘 + 𝑤𝑖𝑒𝑁𝑖
−1 ∑ 𝑋𝑖

𝑘(𝑡)𝑘 +

√2𝐷𝜉𝑒
𝑗(𝑡) and 𝐼𝑖

𝑗
= 𝐼𝑜,𝑖

𝑗
+ 𝑤𝑒𝑖 𝑁𝑒

−1 ∑ 𝑋𝑒
𝑘(𝑡)𝑘 + 𝑤𝑖𝑖𝑁𝑖

−1 ∑ 𝑋𝑖
𝑘(𝑡)𝑘 + √2𝐷𝜉𝑖

𝑗(𝑡), where the 𝑤𝑛𝑚 

are synaptic weights, 𝐼𝑜,{𝑒,𝑖}
𝑗

 are bias currents and where 𝜉𝑒,𝑖
𝑗

(𝑡) are independent, zero-mean white 

noise processes. Excitatory neurons are further driven by a feedback input 𝐼𝑓𝑒𝑒𝑑𝑏𝑎𝑐𝑘,𝑒
𝑗

=

𝐺𝑁𝑒
−2 ∑ 𝑋𝑒

𝑗
(𝑡)𝑋𝑒

𝑘(𝑡)𝑘 , through which coincident spiking triggers an inhibitory feedback response. 

The network is sparse with connection probability 0.8; inhibitory synapses can reach out to all 

neurons, while excitatory synapses are only permitted to connect to the 50 closest neighbors.  
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Model parameter values are listed in Table 1.  The network global EEG signal was computed using 

a weighted average of the individual potentials i.e. 

 

𝐸𝐸𝐺 =  𝑁𝑒
−1 ∑ 𝑢𝑒

𝑘(𝑡)

𝑘

+ 𝑁𝑖
−1 ∑ 𝑢𝑖

𝑘(𝑡)

𝑘

 

 

To simulate the effects of MC, excitatory neurons were subjected to an additional contrast 

dependent input 𝐶𝑗. For a chosen level of spatial randomization 𝑆𝑅 = [0,1], a number 𝑆𝑅 ∙ 𝑁𝑒  of 

excitatory neurons had their contrast dependent input perturbed by some random amount i.e.  

𝐶𝑗 = 𝐶𝑚𝑒𝑎𝑛 + 𝜂𝑆𝑅
𝑗

, where 𝜂𝑆𝑅
𝑗

 are zero mean random perturbations representing localized 

random changes in contrast. Yet, throughout, the network average contrast-dependent input 

remained constant i.e. < 𝐶𝑗 >= 𝐶𝑚𝑒𝑎𝑛.  For clarity, we refer to input contrast dependent changes 

(MC) and input correlation dependent changes (SR) as Im and Isc, respectively.  In this respect, a 

low Isc value reflects the scenario whereby cortical neurons receive different input strengths, i.e. 

spatially decorrelated input (as opposed to different input timings, i.e. desynchronized input, 

which was not studied here).  This approach was meant to reproduce the so-called ‘dark 

dominance’ of V1 neurons whose response to dark stimuli (on gray background) is relatively larger 

than to white stimuli compared to corresponding onset latency differences (Yeh et al. 2009; Xing 

et al. 2010, 2014).  

 

3.2.6 Model Validation   
 

In total, we simulated a total of 2450 possible <Im, Isc> combinations, each yielding a distinct EEG 

signal.  From this, we only focused on the simulated signals that best matched the experimental 

EEG data in each of the 5 stimulus conditions.  To do so, a two-step approach was employed:  First, 

the power spectrum of each simulated EEG signal was correlated with each of the 5 experimental 

EEG power spectra shown in figure 2a-b, and only the top 2% were retained (representing ~13 

<Im, Isc> combinations per stimulus condition).  While this first step ensured that only simulated 

data with spectral peaks matching the experimental data were kept, it did not ensure that their 

amplitudes necessarily matched those observed across stimulus conditions.  For this, we 

employed a second step whereby the mean power in the NBG (60-70 Hz) range was computed 

and only the simulated NBG values falling within 1 standard deviation (SD) of the experimental 

data were retained.  In summary, this two-step procedure ensured that the only <Im, Isc> 

combinations kept for further analysis closely matched the experimental data in both spectral 

shape and amplitude.   

 

3.2.7 GLM Analysis   
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To quantify the contributions of Im and Isc to the experimental data, both were used as regressors 

in a general linear model (GLM): 

 

𝑁𝐵𝐺𝑒𝑥𝑝 = 𝛽1𝐼𝑚 + 𝛽2𝐼𝑠𝑐 + 𝜀 

𝐵𝑂𝐿𝐷𝑒𝑥𝑝 = 𝛽1𝐼𝑚 +  𝛽2𝐼𝑠𝑐 + 𝜀 

 

where NBGexp and BOLDexp represent the group average experimental values while Im and Isc 

represent the simulation values.  This was carried out in two steps:  First, the average <Im,Isc> 

values were used and the goodness-of-fit (R2) was computed.  Next, all possible <Im,Isc> 

combinations were used, yielding several R2 values per stimulus condition.  This process was 

repeated after randomly shuffling the experimental and simulated data.       

 

3.2.8 Statistical procedures  
 

All error bars represent the standard error of the mean. Statistical significance of differences 

between stimulus types in single subjects was assessed with the independent samples two-tailed 

t-test (Matlab’s ttest2). Statistical significance of difference between stimuli types in group-

averaged data was assessed with the paired sample two-tailed t-test (Matlab’s ttest).  

Table 1 – Model parameters used for simulations 

 

Symbol Definition Value 

𝑁𝑒  Number of excitatory neurons 800 

𝑁𝑖  Number of Inhibitory neurons 200 

𝜌 Connection probability 0.8 

𝑓 Response function (1 + exp[−𝜖𝑢])−1 

𝜖 Response gain 25 

𝛽𝑒 Firing rate gain of excitatory cells 1 𝑠−1 

𝛽𝑖 Firing rate gain of inhibitory cells 2 𝑠−1 

𝛼𝑒 Membrane time scale of excitatory population 10 ms 

𝛼𝑒 Membrane time scale of inhibitory population 5 ms 

𝑔𝑒 Excitatory membrane leak constant -0.65 

𝑔𝑖 Inhibitory membrane leak constant -0.65 

𝑤𝑒𝑒 Synaptic gain 𝑒 → 𝑒 26.0 

𝑤𝑒𝑖 Synaptic gain 𝑒 → 𝑖 26.0 

𝑤𝑖𝑒 Synaptic gain 𝑖 → 𝑒 -32.0 

𝑤𝑖𝑖  Synaptic gain 𝑖 → 𝑖 -1.5 

𝐺 Feedback gain -5 

𝐼𝑜,𝑒 Bias potential Excitatory cells 0.0 
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𝐼𝑜,𝑖 Bias potential Inhibitory cells -0.2 

D Noise intensity 0.0015 

3.3 Results 
   

3.3.1 NBG and BOLD responses to changes in MC and SR 
 

A qualitative overview of the group-average EEG and BOLD results are shown in figure 3.1.  

Presentation of a high-contrast grating (figure 3.1a, middle) induced a sustained increase in NBG 

power over posterior/occipital electrodes (figure 3.1b, middle) as well as a BOLD signal increase 

within striate cortex (figure 3.1c, middle).  To quantify this, statistical analysis of the EEG spectral 

profile revealed that only a  

narrow band of frequencies in the gamma range (60-71 Hz) were significantly modulated in both 

MC and SR stimulus conditions (p<0.05, FDR).  This band is highlighted in figure 3.2a,c and for the 

remainder of this work, NBG refers to the average power in the 60-71 Hz range.  As expected, 

decreasing the gratings Michelson Contrast (MC) significantly decreased both NBG power (figure 

3.2a) and BOLD response magnitude in primary visual cortex (figure 2b).  On the other hand, 

perturbing the gratings spatial structure (spatial randomization, SR) decreased NBG power (figure 

3.2c) but slightly increased the BOLD response (figure 3.2d).  In summary, these results show that 

NBG and BOLD are associated during changes in MC, though dissociated during changes in SR 

(figure 3.2e).  The latter was also evident in single-subject analysis (figure 3.2f).   
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Figure 3.1 - Qualitative overview of EEG and BOLD responses to visual stimulation. Five visual 

stimulus types: from left to right, 5% MC, 33% MC, 100% MC, 10% SR, and 60% SR and 

corresponding group-average (n = 22) of the (a) EEG time frequency decomposition, (b) NBG (60–

70 Hz) scalp topography, and (c) BOLD response maps overlaid on a T1-weighted anatomical 

template (for visual purposes only, values <±0.5% are masked out). Both NBG and BOLD tend to 

increase with MC but become dissociated with SR. Examples of stimulus-evoked (d) EEG and (e) 

V1 BOLD signals from 3 subjects and stimulus conditions. The same trend is observed for both 

“strong” (Subjects S4 and S5) and “weak” (Subject S8) NBG responders. 
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Figure 3.2 - Quantitative analysis of EEG and BOLD responses to MC and SR. Group-average 

(n = 22) EEG and BOLD modulation for different MC (a, b) and SR (c, d) levels. a, c, Highlighted area 

represents the represents the frequency range (60–70 Hz) where EEG modulation is statistically 

significant (p < 0.05, FDR) in both MC and SR conditions. e, Summary of NBG and BOLD response 

magnitude (averaged within highlighted areas in a–d across all stimulus types). *Significant 

difference (p < 0.01) relative to 100% MC. Error bars indicate SEM. f, Each dot indicates the mean 

NBG and BOLD modulation at SR 60% (relative to MC 100%) from a single participant (22 subjects 

in total). Subject-to-subject variations in NBG and BOLD were not significantly correlated (p > 

0.05). 
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3.3.2 Decoupling of NBG and energy metabolism 
 

The above results clearly demonstrate that SR suppresses NBG despite increasing BOLD.  This 

suggests that stimuli that yield weak NBG responses may nonetheless be highly metabolically 

expensive.  To confirm this, we used arterial spin labeling (ASL) to measure CBF and estimate 

cerebral metabolic rate of oxygen (CMRO2) at 5% MC, 100%MC and 60% SR.  These results were 

in agreement with the BOLD results, demonstrating that SR indeed substantially increased both 

CBF and CMRO2 (Figure 3.3a-b) despite suppressing NBG.  

 

 

Figure 3.3 - Control CBF and CMRO2 measurements. Group-average (n = 8) BOLD, CBF, and 

CMRO2 results. A) Like BOLD, 60% SR (red curve) yielded a stronger CBF response compared with 

100% MC (black curve) and 5% MC (blue curve). B) CMRO2 estimation based on the Davis model 

using M = 0.1, α = 0.25, and β = 1.5. 

 

 

 

3.3.3 Modeling the NBG-BOLD relationship 
 

When reducing MC, NBG power and peak frequency decreased in a similar fashion (figure 3.1, 

3.2a).  On the other hand, SR appeared to suppress NBG while broadening its spectral profile 

(figure 3.1, 3.2b).  This strongly suggests that the NBG results obtained during MC and SR are 

mediated by different neural mechanisms.  To test this, we simulated the effects of MC and SR on 

NBG by varying both the magnitude (Im) and spatial correlation (Isc) of synaptic inputs to a network 

of cortical neurons (see methods, figure 3.4a-b and Table 1).  As expected (see methods), the 

simulated NBG (NBGsim) matched in detail the experimental NBG (NBGexp, figure 3.4c), 

demonstrating that the <Im, Isc> values used in the simulation (figure 3.4d) faithfully reproduced 

the experimental EEG data.  With increasing MC, both Im and Isc increased (figure 3.4d).  However, 
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when SR was increased, Im continued to increase whereas Isc was significantly suppressed.  This is 

because NBGexp was not only weak during SR, but also spectrally broad, as is typically observed 

during periods of strong, asynchronous input(Miller et al. 2009b).  Across all five stimulus 

conditions, NBGexp better followed Isc while the experimental BOLD results (BOLDexp) better 

tracked Im.  To quantify this, both Im and Isc were used as regressors in a general linear model 

(GLM).  The GLM reproduced both NBGexp and BOLDexp (figure 3.4e), though with different 

contributions from Im and Isc.  Again, NBGexp was more dependent on Isc while BOLDexp was 

dominated by Im (figure 3.4f) and F-testing further showed that the Isc regressor added significant 

information to the NBGexp (p=0.03) but not the BOLDexp (p=0.71).  In summary, these modeling 

results reveal two important aspects regarding the experimental NBG and BOLD data:  First, they 

confirm that NBG is more sensitive to changes in Isc whereas BOLD is more sensitive to changes in 

Im.  Second, they indicate that MC and SR are indeed mediated by different neural mechanisms:  

Increasing MC increases the number of correlated inputs to visual cortex whereas increasing SR 

increases the number of decorrelated inputs.  As a result, the NBG-BOLD association during MC 

can be attributed to an increase in correlated drive whereas their dissociation during SR is due to 

an increase in decorrelated drive. 
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Figure 3.4 - Simulations of NBG as a function of input magnitude (Im) and spatial correlation 

(Isc). a, The network consists of reciprocally connected excitatory (E) and inhibitory (I) spiking 

neurons driven by inputs with different levels of magnitude (Im) and spatial correlations (Isc). A 

feedback pathway (G), representing recurrent inputs from higher cortical areas, further shapes 

the responses of the excitatory population. b, An example simulated EEG response to different 

(Im, Isc) combinations. Red squares represent a patch of neurons receiving spatially correlated (e.g., 

MC 100%) or decorrelated (e.g., SR 10%) input. Gray time courses represent the corresponding 

simulated EEG signal. For MC 100% (left), input is strong (average Im = 0.3) and spatially correlated 

(Isc = 0.6), thus yielding a robust and sustained NBG response (NBGsim). However, when input 

strength is left unchanged (average Im = 0.3) although input correlations are reduced (Isc = 0.2), 

NBGsim is suppressed, similar to that observed during SR 10%. c, Summary of the simulated data 

used in this study. For each stimulus condition, the spectral profile of the simulated EEG signal 

(gray line) and corresponding average power in the 60–70 Hz range (gray dots) closely match the 

experimental observations (NBGexp). d, Im and Isc values underlying the NBGsim results shown in c. 

The SR 10% and SR 60% are best characterized as an increase in decorrelated inputs relative to 

MC 100%. e, Fit of NBGexp and BOLDexp data using Im and Isc as regressors in a GLM. f, Quantitative 

summary of GLM fits (R2). Dashed line indicates the mean R2 value obtained when using shuffled 

data. The NBGexp fit is increased when adding Isc in the GLM, whereas the same has little effect on 

the BOLDexp fit. 

 

3.3.4 Cortical origin of NBG-BOLD dissociation 
 

The modelling results presented thus far suggest that SR boosts the number of decorrelated inputs 

to primary visual cortex.  In an attempt to localize the origin of these additional inputs, we 

compared whole-brain BOLD responses during MC100% with MC5% (Figure 3.5a).  Voxel-wise 

statistical testing revealed that the BOLD response in voxels covering a large swath of the visual 

cortex and lateral geniculate nucleus (LGN) was stronger during MC100% (p<<0.01, cluster 

corrected).  When comparing MC100% and SR60% on the other hand, no differences in LGN were 

detected despite large differences in visual cortex (Figure 3.5b).  To further explore this, we next 

examined the temporal profile of the NBG response in the same conditions.  Compared to 

MC100%, MC5% was smaller in both the early (0-400 ms) and late (1000-1400 ms) phases of the 

NBG response (Figure 3.5c).  Conversely, SR60% was smaller only in the late phase (Figure 3.5d).  

Taken together, the spatial and temporal analysis of the BOLD and NBG response, respectively, 

suggest that the boost of inputs to V1 observed during SR cannot be solely due to increased 

activation of early thalamo-cortical circuits.   
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Figure 3.5 - Spatial and temporal analysis of BOLD and NBG responses, respectively. Spatial 

analysis of BOLD response magnitude for (a) MC 100% > MC 5% and (b) SR 60% > MC 100% (n = 

22). In both cases, red areas represent areas where the effect was statistically significant (p ≪ 

0.01, cluster corrected for a minimum 200 voxels). Compared with MC 5%, MC 100% yields a 

stronger BOLD response near LGN (yellow arrow), whereas no differences are observed during SR 

60%. A slight decrease in extrastriate cortex was observed during SR 60% (blue voxels). c, During 

MC 100% (black curve), NBG (averaged over group) was significantly stronger than MC 5% (blue 

curve) in both the early (t1: 0–0.4 s) and late (t2: 1.0–1.4 s) phases of the response (transparent 

gray bars). d, On the other hand, compared with SR 60%, only the late phase of the NBG response 

is significantly different. **p < 0.01. Thick black line indicates the period when the visual stimulus 

was presented. 
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3.4 Discussion  
 

Studies in animal models have reported a tight link between gamma-band LFP and BOLD signals 

(Logothetis 2002; Shmuel et al. 2006b; Goense and Logothetis 2008a; Maier et al. 2008; Magri et 

al. 2012c), particularly in the NBG range(Niessing et al. 2005a).  In this study, we sought to identify 

the neural mechanisms underlying NBG and BOLD responses in human visual cortex.  The main 

findings are two-fold:  First, we show that certain stimuli can substantially increase BOLD and 

metabolic activity in visual cortex despite almost completely suppressing NBG.  Second, we show 

that NBG is critically dependent on synaptic input correlations whereas BOLD magnitude better 

reflects the net sum of these inputs, regardless whether they are correlated or not.  These results 

show that NBG and BOLD are sensitive to entirely different aspects of synaptic input and, as a 

result, can easily be dissociated.  

 

3.4.1 Experimental Results 
 

When increasing stimulus contrast (condition MC), NBG and BOLD responses were tightly linked 

though on the other hand, increasing stimulus spatial randomization (condition SR) suppressed 

NBG despite further increasing BOLD, CBF and CMRO2.  This provides, to our knowledge, the first 

evidence demonstrating how stimulus manipulations that progressively reduce NBG can also 

increase regional CBF and energy metabolism in the same subjects.  Importantly, the NBG 

responses (magnitude and peak frequency) described here are similar to those reported in 

anesthetized macaque V1 using the same stimulus (Jia et al. 2013), indicating that our results 

cannot be explained by artifacts associated with eye movements(Yuval-Greenberg et al. 2008; 

Winawer et al. 2015).  In summary, the experimental results confirm that neuronal processes that 

actively suppress NBG are highly metabolically demanding.  In the following section, we describe 

what these mechanisms consist of.     

 

3.4.2 Modeling Results 
 

The main goal of this study was to explain how a clear and perceivable stimulus can elicit a large 

vascular response while almost completely suppressing NBG oscillations in visual cortex.  For this, 

we simulated how changes in input strength and spatial correlation to a population of cortical 

neurons affect NBG and BOLD activity.  These results showed that the NBG response across all 

stimuli could be modeled as a linear combination of both input strength and correlation, with the 

latter being the better predictor.  Specifically, increasing MC increased the number of correlated 

inputs whereas increases in SR increased the number of spatially decorrelated inputs to visual 

cortex.  The weak NBG response observed during SR is thus likely due to the fact that strong, 

heterogeneous drive to neurons induces frequency dispersion across the population(Wang and 
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Buzsáki 1996; Buzsáki and Wang 2012), which, when spatially integrated (as scalp EEG does), 

results in a broad EEG spectral profile without a prominent Gamma peak (as observed during SR).  

This provides further evidence that the absence of a strong NBG peak in humans does not 

necessarily imply a lack of input to visual cortex, but rather a lack of correlated input.  This is 

similar to studies showing that the spatial reach of the LFP is largely determined by the correlation 

rather than the strength of synaptic input(Lindén et al. 2011) and that NBG is a poor predictor of 

spiking (Ray and Maunsell 2011a; Jia et al. 2013).  

 

The BOLD results on the other hand were almost entirely explained by the overall strength of 

input to visual cortex, regardless whether it was correlated or not.  This is due to the fact that 

integrating synaptic inputs is an energetically expensive process (Harris et al. 2012; Niven 2016) 

requiring subsequent vessel dilation in order to increase CBF.  Moreover, the SR levels used in our 

study have been shown to have little to no effect on V1 spike rates(Zhou et al. 2008; Jia et al. 

2013), reinforcing the notion that BOLD is more dependent on the input and local processing of 

neurons rather than their output.  However, it should be noted that a recent study also showed 

that SR of natural scenes does not modulate spiking in anesthesized macaques, though it strongly 

increases it in the awake state (Froudarakis et al. 2014), perhaps due to increased input from 

higher visual areas.  As our measurements were made in alert humans, we therefore cannot rule 

out that the BOLD increase observed during SR is related to both synaptic input and spiking 

output.  Future experiments comparing neural and vascular based measures in anesthetized and 

behaving animals are needed to further investigate this.  

 

Overall, our study demonstrates that stimuli and/or cognitive tasks that increase the correlated 

drive to cortex will enhance NBG and BOLD in a relatively similar manner while those that increase 

the number of decorrelated inputs will dissociate the two. As the level of synaptic input 

correlations can change depending on the stimulus and state of the brain, we conclude that the 

NBG-BOLD relationship is not a static nor fixed quantity and urge caution when interpreting 

neurovascular coupling in humans(Nunez and Silberstein 2000).   

 

3.4.2 Decorrelated Input to cortex: Effects of low- vs high-level processing 
 

A significant finding from our study is that SR increases the decorrelated drive to visual cortex.  

But what is the source of this additional input?  We speculate that it is not purely thalamic in origin 

since our fMRI results showed that SR had no significant effect on thalamic BOLD responses and 

NBG differences associated with SR were most prominent in the late phase of the stimulus 

response.  Together, these findings point to SR having a stronger effect on cortico-cortical rather 

than early thalamo-cortical processing, though the reasons for this are unclear.  One possibility 

that SR increases the subject’s attentional focus, which in turn recruits higher-visual areas that 
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send strong, desynchronized feedback input to V1(Murray et al. 2002), thus increasing its local 

metabolic burden while suppressing NBG.  This would agree with studies showing how increasing 

attentional load reduces NBG and spike correlations while increasing BOLD in V1 (Chalk et al. 2010; 

Watanabe et al. 2011; Herrero et al. 2013).  Given all of these previous results, visual stimuli that 

amplify the V1 BOLD response while actively suppressing NBG likely reflects changes in 

neuromodulatory feedback from higher visual areas rather than changes in feed-forward thalamic 

input.  This may also in part explain why certain neurodevelopmental disorders are characterized 

by reduced NBG despite showing essentially normal or even increased hemodynamic 

responsiveness to basic visual stimulation(Hadjikhani et al. 2004; Snijders et al. 2013; Schwarzkopf 

et al. 2014).      

 

3.4.4 Distinct role of NBG vs. Alpha/Beta activity 
 

Rather than using a traditional gamma range, we focused on a narrow band of frequencies as they 

were the only ones significantly modulated in both stimulus conditions.  Aside from NBG however, 

other frequency ranges are likely also involved in regulating BOLD in other brain regions.  In our 

study, alpha/beta oscillations were strongly modulated by MC, though not SR. This is similar to 

the BOLD responses observed in LGN, suggesting that alpha/beta and NBG may represent distinct 

channels of thalamocortical signal propagation(Bastos et al. 2014; Schmiedt et al. 2014; van 

Kerkoerle et al. 2014).  Furthermore, our results further indicate that SR also increased broadband 

(40-120 Hz) EEG power in a manner similar to BOLD, though this effect did not reach statistical 

significance, nor was this observed in our modeling results (data not shown).  Further 

improvements in EEG denoising or modifications to our model(Miller et al. 2009b) may help better 

assess the potential link between broadband EEG and BOLD(Winawer et al. 2013).  Our results 

therefore further support the view that the BOLD response cannot be exclusively tied to a single, 

narrow EEG frequency range (Kilner et al. 2005; Magri et al. 2012c). 

 

3.5 Conclusion 
 

In this study, we show that the NBG-BOLD relationship is variable because of their respective 

sensitivities to vastly different aspects of cortical input: the magnitude of an evoked-BOLD 

response is best predicted by the sum of incoming synaptic inputs whereas NBG magnitude is 

more dependent on the correlation of these inputs.  This provides new insights as to why certain 

stimuli, cognitive tasks and brain disorders can be characterized by weak NBG yet robust BOLD 

activity.  We suggest that future experiments purposely designed to dissociate EEG and BOLD will 

be useful in isolating the role input correlations play on cognitive processing.     
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4 - Article 2 

Cortical Distance, Not Cancellation, Dominates Inter-

Subject EEG Gamma Rhythm Amplitude 
 

Authors of Article: Russell Butler, Pierre-Michel Bernier, Gregory W Mierzwinski, Maxime 

Descoteaux, Guillaume Gilbert, Kevin Whittingstall 

 

Status of Article: Published, NeuroImage 2019 

 

Abstract:  

The neurophysiological response to visual stimulation in both humans and animals is 

characterized by an increase in high frequency amplitude peaking in the gamma range (40-100 

Hz) and a suppression of low frequency amplitude peaking in the alpha range (10-16 Hz). Due to 

the large number of studies linking amplitude and peak frequency to perception and neurological 

disorders, there is great interest in understanding the basis of inter-subject variability in gamma 

and alpha responses. To address this, we measured gamma and alpha amplitude and peak 

frequency of response to visual stimulation in 42 healthy humans. Using FMRI to delineate active 

cortical tissue in the same subjects, we correlated these neurophysiological metrics with two 

structural metrics: distance from active cortex to electrode, and dipole cancellation over active 

cortex. We find that distance strongly predicted inter-subject gamma amplitude, but had little 

effect on alpha amplitude, while cancellation had little effect on gamma or alpha amplitude. 

Neither alpha peak frequency nor gamma peak frequency correlated with our structural metrics. 

These results suggest that inter-subject variability in gamma amplitude may reflect gross 

morphology rather than neurophysiological variability, and should be interpreted with caution, 

while peak frequency may serve as a more sensitive metric of differences in neuronal activity 

across subjects.  

 

4.1 Introduction:  
 

Electroencephalography (EEG) measures fluctuations in electrical potential on the surface of the 

scalp (Nunez and Srinivasan 2006a). These fluctuations often occur in narrowly defined frequency 

ranges which has led to the classification of spectrally distinct brain rhythms (Buzsáki et al. 2012c) 

such as the alpha (10-16 Hz) and gamma bands(40-100 Hz). Despite the nearly 100 year history of 

EEG, much remains to be understood about the biophysical and anatomical basis of the brain 

rhythms observed from the surface of the scalp (Cohen 2017). It is typically assumed that these 
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rhythms arise from synaptic currents along the soma and dendrites of pyramidal cell neurons, 

resulting in the formation of electrical dipoles in an open field arrangement which, when the 

neural activity is synchronous, allows a signal to be detected on the scalp (Murakami and Okada 

2006; Ahlfors et al. 2010; Irimia et al. 2012b; Musall et al. 2014). Assuming a quasi-static 

approximation of Maxwell’s equations, dipole-based surface potentials are based on two 

important variables: 1) the distance and 2) the orientation of the dipole with respect to the 

measurement location. Consequently, the amplitude of an EEG rhythm should decrease with 

increasing distance and dipole cancellation (i.e. due to cortical folding) while peak frequency 

should be unaffected. However, while the dipole model serves as the basis for a large body of 

literature attempting to relate scalp potentials to cortical activity (Gramfort et al. 2010; Buzsáki 

et al. 2012c), to date no study has empirically examined the degree to which these variables 

(distance and orientation) affect inter-individual differences in human brain activity. Might certain 

individuals with more tightly folded cortices, or cortices further from the scalp exhibit different 

EEG spectral signatures? Simulation studies have shown that cortical depth and not orientation is 

the main factor comprising sensitivity of MEG (Hillebrand and Barnes 2002), but how these 

findings generalize to frequency specific EEG signals is unknown. In theory, cancellation due to 

simultaneously active, oppositely oriented dipoles has a strong effect on both MEG and EEG (Lin 

et al. n.d.; Ahlfors et al. 2010) but to our knowledge this has not been investigated empirically to 

date.  

 

Many studies have reported that visually induced EEG responses in aging or neurologically 

impaired populations is significantly altered (Coppola et al. 2007; Spencer et al. 2008; Sun et al. 

2012; Tan et al. 2013; Dickinson et al. 2015b, 2016; Peiker et al. 2015; Simon and Wallace 2016b). 

Since many of these patients also show morphological alterations in brain structure, it is possible 

that these structural differences are the main driver behind the appearance of ‘abnormal’ activity 

measured at the scalp. This is supported by the fact that inter-subject variability in healthy 

subjects is large despite the gamma rhythm’s stability within individuals across both hours and 

days (Muthukumaraswamy et al. 2010b) as well as in identical twins which points to a strong 

genetic basis for inter-individual differences in the gamma peak frequency (van Pelt et al. 2012). 

Some studies have investigated the role of factors such as the surface area, thickness, volume and 

GABA concentration in primary visual cortex (V1) with mixed results (Muthukumaraswamy et al. 

2009; Schwarzkopf et al. 2012; Cousijn et al. 2014b; Kujala et al. 2015b; Robson et al. 2015b; 

Provencher et al. 2016b). No study, to our knowledge, has directly quantified the role of dipole 

distance and cortical cancellation, which could be major determinants of the EEG scalp potential.  

 

To address this, we employed a multi-modal imaging approach, using FMRI to localize subject 

specific activations, structural MRI to obtain cortical and head morphology, and EEG to measure 

the neurophysiological response. We then compared our subject specific FMRI-constrained 
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morphology metrics with EEG responses in the same group of healthy humans. Based on the 

traditional mechanisms underlying the dipole model, we hypothesized that gamma and alpha 

amplitude would be equally (inversely) correlated to distance and cortical cancellation, whereas 

peak frequency would be unaffected by these structural metrics. We should note that in our 

cancellation index, we considered only cancellation amongst dipoles normal to the cortical 

surface, we did not consider the dipole orientation relative to the electrode, therefore these 

results should  generalize to both EEG and MEG despite the fact that these two modalities are 

more sensitive to radial and tangential dipoles respectively (Cohen et al. 1990). 

 

4.2 Materials and Methods 
 

4.2.1 Subjects 
 

Informed consent was obtained according to the guidelines of the Internal Review Board of the 

Centre Hospitalier Universitaire de Sherbrooke. A total of 42 subjects were acquired, (n=24 in 

group 1, n=8 in group 2, n=10 in group 3) over three separate experimental paradigms; groups 

1&3 were acquired during separate EEG and FMRI sessions, while group 2 was acquired during a 

simultaneous EEG-FMRI session. No psychiatric or neurologic symptoms were present in any 

subjects at the time of scanning or in the past, and all subjects had normal or corrected to normal 

vision.  

 

4.2.2 Stimulus construction and presentation 
 

 All stimuli were generated and presented using Psychophysics Toolbox (Brainard 1997). Subjects 

were required to fixate on a central crosshair for the duration of the experiment. For group 1, all 

stimuli were variations of a drifting sinusoidal grating with the following parameters: spatial 

frequency 3 cycles/degree, temporal frequency 6 cycles/second, drifting from right to left within 

a 7-degree circular aperture in the center of the subject’s visual field. Six separate grating patterns 

(Figure 4.1A) were used to induce a wide range of gamma responses (Hermes, Miller, et al. 2014; 

Hermes et al. 2015b): 1) 100% contrast (described above), 2) 10% random, 3) 60% random, 4) 

plaid, 5) 33% contrast, and 6) 5% contrast. Further details on stimulus construction are also 

available in a previous publication (Butler, Bernier, et al. 2017b). For group 2, stimuli were full 

field (Figure 4.1B) and grating patterns were 1) 0% random (equivalent to 100% contrast), 2) 10% 

random, and 3) 100% random. For group 3, stimuli were 7-degree aperture, 100% contrast 

gratings (Figure 4.1C), and instead of drifting from right to left, were rotated around the fixation 

point in either clockwise or counter-clockwise directions, at 2.6°/second. Group 1 EEG signals 

were acquired outside the scanner with stimuli presented on a CRT monitor (800x600 pixels, 

frame rate = 85 Hz) at a rate of 1 stimulus every 5 seconds (2 second stimulus duration, 3 second 
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ISI), each of the 6 stimulus types was presented 135 times (810 trials per subject). For group 2 

simultaneous EEG-FMRI experiment within the scanner stimuli were projected from an MRI-

compatible monitor (800x600 pixels, frame rate 75 Hz) to a mirror positioned above the subject’s 

face attached to the head coil, at a rate of 1 stimulus every 10 seconds (5 second stimulus 

duration, 5 second ISI) for a total of 96 trials (32 trials/stimulus type). Group 3 EEG was acquired 

with the same setup as group 1 (outside the scanner), but with a stimulus duration of 18 seconds 

(for one full grating rotation), an ISI of 5 seconds, and 15 trials/stimulus type. Group 1&3 visual 

FMRI experiments were conducted in the same scanner setup as group 2, but with 45 

trials/stimulus type (270 trials per subject), 2 second stimulus duration and 14 second ISI (group 

1) (Figure 4.1D), and an alternating 10 second on/off visual grating block design over the course 

of 8 minutes (group 3).    

 

4.2.3 MRI acquisition and preprocessing 
 

Acquisition: Whole brain BOLD FMRI volumes were acquired on a 3T MRI scanner (Ingenia, Philips 

Healthcare) using a 32 channel head coil for reception. The FMRI sequence differed slightly 

between groups. Group 1 (n=24) sequence parameters: TR/TE = 2000/30 ms, flip angle=70°, 

FOV=224x224x136.5mm, voxel size = 3.5 mm isotropic, no multiband acceleration. Group 2 (n=8) 

sequence parameters: TR/TE = 693/30 ms, flip angle=50°, FOV=240X240X123.75mm, voxel 

size=3.75 mm isotropic, multiband acceleration factor 3. Group 3 (n=10) sequence parameters: 

TR/TE = 680/30 ms, flip angle=52°, FOV=240x240x126mm, voxel size=3 mm isotropic, multiband 

acceleration factor=6. An anatomical T1-weighted 3D gradient-echo image (TR/TE=7.9/3.5 ms, flip 

angle = 8°, FOV=240x240x150mm, voxel size = 1 mm isotropic) was acquired following FMRI 

acquisition sessions for all groups.   

 

4.2.4 EEG recording and preprocessing  
 

Groups 1&3 (n=24, n=10, non-simultaneous acquisition) EEG recording: Scalp signals were 

acquired on a 64 channel EEG actiCap system (Brain Products) sampling at 500 Hz referenced from 

electrode Fz according to the 10-20 system. The experimenter positioned the cap according to the 

following anatomical landmarks: electrode Oz directly superior to the inion, and the midpoint 

between electrodes Cz and reference on the apex of the head.  

Preprocessing: Poorly connected electrodes were isolated using visual inspection of the raw 

electrode time series, and interpolated using spherical interpolation (Delorme and Makeig 2004). 

To maximize the signal to noise ratio (SNR) of the EEG response, temporal independent 

component analysis (ICA) (Delorme and Makeig 2004) was performed on each subject separately 

after applying a 1-120 Hz bandpass filter, resulting in 64 components per subject. To isolate ICA 

components of neural activity in visual cortex and remove ICA components of 
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ocular/muscular/other origin, the following procedure was applied: First, a neuronal response 

function (NRF) was defined by hand-picking in each subject the top ICA component whose event-

related spectral perturbation (ERSP) most strongly resembled narrow band gamma and alpha 

induced activity seen in previous macaque and human studies (Fries et al. 2008b). This 

component’s scalp weight map always resembled a dipole restricted to posterior channels. Upon 

selecting this single component in each subject, the ERSP from this component was averaged 

across all subjects, to form a “template” NRF. The NRF was then averaged across both gamma (40-

100 Hz) and alpha (10-16 HZ) to form two separate time series. These two separate time series 

from the NRF were then correlated with single trial alpha and gamma time series amplitude 

respectively, from each ICA component separately, and components were sorted according to 

their mean single trial correlation to the NRF (after averaging the alpha and gamma correlations 

together). Correlations with the NRF were performed on a single trial basis and then averaged in 

order to filter out bad components with large, broadband gamma activity in a few trials due to 

muscle or jaw movements (Muthukumaraswamy 2013). Upon sorting each subject’s 64 

components according to NRF correlation, the top 5 components in each subject were selected 

for further analysis and projected back to channel level. On average, selecting for the top 5 neural 

components in each subject retained ~25% of the variance relative to the raw data.  

Group 2 (n=8) EEG recording: Scalp signals were acquired on a 64 channel MR-compatible EEG 

cap (Brain Products) sampling at 5000 Hz (high sampling rate in order to later remove MRI induced 

gradient artifacts) referenced from electrode Fz according to the 10-20 system. The cap was 

positioned according to the same anatomical landmarks as in Groups 1&3, by the same 

experimenter, and electrodes were later precisely localized inside the scanner using an ultra-short 

echo time (UTE) sequence (Butler, Gilbert, et al. 2017) which is capable of directly imaging the 

plastic materials of the EEG cap. Preprocessing was identical to that described for Groups 1&3.  

 

4.2.5 Analysis  
 

Alpha and gamma amplitude: After ICA denoising and back projection to channel level, EEG 

amplitude was defined at each channel separately for each subject and stimulus type by the 

following procedure: scalp signals were filtered into 2 separate bands, 1) alpha (10-16 Hz) and 2) 

gamma (40-100 Hz) and rectified (Hari and Salmelin 1997). Each band was then epoched according 

to stimulus onset, and amplitude (in units of micro-volts) was defined at each electrode and each 

band by subtracting mean of baseline (-1 to 0 seconds) from mean of stimulus duration (2 seconds 

for group 1, 5 seconds for group 2, 18 seconds for group 3) and then averaging across trials. A 

single gamma and alpha amplitude value was obtained for each subject by averaging amplitude 

over all posterior electrodes (Figure 4.1A, 4.1B, 4.1C) and stimulus types. Left/right hemisphere 

amplitude values were also obtained by averaging across left/right electrodes respectively.  
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Gamma peak frequency: Gamma peak frequency was defined at the ICA component level rather 

than the channel level (Muthukumaraswamy et al. 2009; Schwarzkopf et al. 2012). Event-related 

spectral perturbation (ERSP) (Figure 4.1A, 4.1B, 4.1C, Figure 4.5A, 4.5B, 4.5C) was computed on 

the ICA component time series by computing log power in partially overlapping 250 ms Hanning 

windows (Delorme and Makeig 2004) at 200 equally spaced time points for each ICA gamma 

component, then subtracting the baseline (-1000 to 0 ms) to yield a decibel (dB) value at each 

time-frequency bin. For each subject, the ERSP was then averaged across ICA components (5 per 

subject), stimulus types, and stimulus duration. The initial 500 ms was not included in peak 

frequency estimation to avoid stimulus onset effects, ensuring that these measurements include 

only the peak during the sustained narrow-band gamma response. The gamma peak frequency 

for each subject was then defined simply as the frequency band between 40 Hz and 100 Hz with 

the highest amplitude.  

 

FMRI regions of interest: An FMRI region of interest (ROI) was defined in each subject separately 

by convolving the stimulus design time series with a hemodynamic response function (HRF) 

(Friston et al. 1994) and correlating the HRF-convolved time series with the FMRI signal in each 

voxel (Figure 4.1D). Correlation maps were then aligned to each subject’s anatomical T1 (1 mm 

isotropic) (Jenkinson et al. 2012), where all subsequent analysis was performed (Figure 4.1E). 

Binary regions of interest (ROIs) were defined in each subject by sorting the correlation values 

from highest to lowest, and setting the top 10000 correlated voxels to one, and all other voxels to 

zero (in T1 space, where each voxel was 1 mm isotropic) – this procedure resulted in the same 

ROI volume in each subject. This ensures that each subject’s activation center of mass 

approximation was based on the same volume ROI.  

 

Distance from active cortex to electrode: distance was defined at each electrode as the Euclidean 

distance from the three-dimensional center of mass of each subject’s visually induced FMRI ROI 

to the electrode location (Figure 4.1F). To obtain a single distance measure in each subject, 

distance values between electrode and FMRI ROI center of mass were averaged across all 

posterior electrodes (P, PO, and O). Separate left/right hemisphere to left/right occipital electrode 

distances were also obtained in each subject, by masking the FMRI ROI with left/right hemisphere 

gray matter masks obtained from Freesurfer, and repeating the above procedure. In group 2, 

distances were accurate to within 1 mm (Butler, Gilbert, et al. 2017) as the electrodes were 

imaged directly within the scanner using a UTE MRI sequence. In groups 1&3, locations were not 

measured directly but instead obtained by the following procedure: UTE localized coordinates 

from each subject in group 2 were mapped to the MNI152 anatomical template (Evans et al. 2012) 

based on a 12 DOF affine transform from each subject’s T1 (Jenkinson et al. 2012). Group 2 

coordinates were then averaged across all subjects in MNI space, to create an average electrode 

coordinate template in the MNI152. The electrode coordinate template was then mapped to each 
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subject in groups 1&3, again using a 12 DOF affine transform based on the T1 (Figure 4.5D). 

Correlating the distance from electrode to FMRI ROI obtained using the ground truth (UTE) and 

atlas-based (MNI152) coordinates revealed that the atlas-based coordinates were an excellent 

approximation of the true electrode to FMRI ROI distance (Figure 4.5E).  

 

Skull/scalp distance: distance from active cortex to electrode was divided into two segments 

based on anatomical boundaries 1) the distance from FMRI ROI center of mass in each hemisphere 

to the inner skull boundary and 2) the distance from the inner skull boundary to the outer scalp 

tissue directly beneath the electrode. The inner skull and outer scalp boundaries were obtained 

using FSL’s BET command (Jenkinson et al. 2012) with each subject’s T1 image as input. A 

schematic illustrating these distances is provided in Figure 4.3A (created using the Fibernavigator 

visualization software) (Chamberland et al. 2015).  

 

Cancellation Index: The cancellation index (I0) was defined as in Irimia et al. (Irimia et al. 2012b) 

with increasing values of I0 indicating greater cancellation of normal surface vectors. Normal 

vectors were obtained by intersecting the Freesurfer white matter surface normals with each 

subject’s FMRI ROI mask. Briefly, cancellation was computed by summing the normal vectors 

across the FMRI ROI into a single vector and then summing the magnitude of this vector’s x, y, and 

z components, and subtracting this value from 1, details in (Irimia et al. 2012b). Higher values of 

I0 indicate greater cancellation. Also, as I0 increases systematically with the number of normal 

vectors used in the calculation, we constrained the number of normal vectors to be the same in 

each subject (top 2000 normal vectors with highest activation) and we obtained similar results 

when using a range of normal vectors across the entire FMRI ROI (see Figure 4.6F). 

 

Source Localization: EEG Source-localization was carried out using the Brainstorm software (Tadel 

et al. 2011). The minimum norm source estimate (MNE) technique was used. Sources were 

modelled as unconstrained dipoles (with identity noise) within a 3 shell spherical head model 

based on subject specific T1 images, and reconstructed to a 8mm3 grid. The source time-series 

was epoched and the same procedure used to obtain alpha and gamma amplitude at the 

electrode level was applied to each source voxel to obtain source amplitude estimates. The source 

grid was aligned and up-sampled to the anatomical T1 for visualization and analysis of source and 

FMRI activation overlap. Source amplitude was defined in each subject as the mean task-baseline 

(see alpha and gamma amplitude above) across the 10000 up-sampled (1 mm isotropic) source 

voxels with highest amplitude difference from task to baseline.  

 

Pooling of subjects and hemispheres:  Subjects from all 3 groups were pooled into a single group 

by z-score normalization of gamma amplitude and structural metrics within each group 

separately. This was done to generalize our results across all subjects in addition to reporting 
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correlation values in each separate group (see Figure 4.6). Furthermore, distance and cancellation 

were computed for each hemisphere (left/right) separately, and compared to scalp gamma 

amplitude in left/right electrodes separately effectively doubling the number of points in each 

scatter plot from n=42 to n=84. This provided more realistic distance and cancellation (I0) 

estimates, as the center of mass of FMRI ROI was pulled towards the midline when using both 

hemispheres together to compute center of mass. When considering the two hemispheres 

separately the center of mass for left/right hemisphere FMRI ROI was in gray matter, as expected. 

Regardless of the exact method for computing center of mass (two hemispheres separately, or 

both hemispheres together) or pooling of subjects (correlating across the 3 groups separately, or 

pooling all subjects using z-scores) similar results were achieved (Figure 4.6). All correlations, 

unless otherwise specified, were carried out using Spearman’s Rho.  

 

4.3 Results 
 

4.3.1 Narrow band gamma (NBG) is observable in all 3 groups:  
 

Despite the wide range of grating parameters used, grand average stimulus-induced changes for 

groups 1, 2, and 3 revealed a strong gamma peak in all groups (Figure 4.1A, 4.1B, 4.1C) along with 

significant inter-subject variability in both gamma and alpha frequency bands. Scalp maps 

revealed stimulus induced gamma and alpha changes restricted to occipital and parietal 

electrodes overlying visual cortex (Figure 4.1A, 4.1B, 4.1C). Grand average (n=42) FMRI correlation 

map revealed that activity from all stimuli was constrained to the primary visual areas of the 

occipital pole (Figure 4.1E).  
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Figure 4.1 – Three groups (n=42) EEG and BOLD results.  A) Group 1 stimuli (top), group average 

event-related spectral perturbation (ERSP) in units of decibels (dB) (middle left), single subjects 

and group average across time (middle right), and group average scalp topography in units of 

micro-volts for stimulus induced alpha changes (task minus baseline) (bottom left) and gamma 

changes (bottom right). B) Same as (A), but for group 2 (n=8) which was acquired during a 

simultaneous EEG-FMRI session. C) Same as (A) but for group 3 (n=10). Stimulus was a more 

prolonged (18 second trials) rotating high contrast grating, either clockwise (stim 1) or counter-

clockwise (stim 2). D) Schematic showing how the functional magnetic resonance (FMRI) region 

of interest (ROI) was obtained in a single subject – stimulus design time series (blue bars) was 

convolved with a canonical hemodynamic response function (HRF) and correlated with BOLD time 

series (red trace) in each voxel, correlation maps were then thresholded to yield a binary ROI in 

each subject (red overlay). E) Grand average FMRI ROI across all subjects (n=42) showing left/right 

hemispheres from the lateral (top) and medial (bottom) view. F) Schematic showing electrode 

locations (green) relative to the FMRI ROI (purple) in a single subject. Distance was defined at each 

electrode as the Euclidean distance between the electrode location and the center of mass of 

FMRI ROI in either hemisphere. See Figure 4.5D for analysis of distance obtained using precise 

electrode coordinates from the UTE image obtained during the simultaneous EEG-FMRI 

experiment vs distance obtained using average electrode coordinates mapped from the MNI 

template.  
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4.3.2 Inter-subject EEG amplitude is consistent across stimulus types 
 

Subjects who were high amplitude responders to stimulus 1 (high contrast drifting grating for 

group 1&2, clockwise rotating grating for group 3) also responded strongly to stimulus 2 

(randomized gratings for group 1&2, or counter-clockwise rotating grating for group 3) in both the 

gamma range (Figure 4.2A, rho=0.68, p<0.0001) and alpha range (Figure 4.2B, rho=0.86, 

p<0.0001), justifying the pooling across stimulus types when comparing EEG amplitude with 

anatomical structure. The same effect was observed when computing the correlations using raw 

micro-volt values across each group separately (Figure 4.2C, Figure 4.2D). However, subjects with 

strong alpha responses were not necessarily strong gamma responders to the same stimulus 

(Figure 4.2E, p=0.365, see separate groups in Figure 4.2G). Gamma peak frequency was not 

correlated with gamma amplitude (Figure 4.2F, p=0.21, see separate groups in Figure 4.2H). An 

example ERSP from two subjects is shown in Figure 4.2I-J:  note how subject 21 is a relatively 

strong gamma and weak alpha responder while subject 16 is a strong alpha, weak gamma 

responder.  
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Figure 4.2 – Consistency of inter-subject EEG amplitude across stimulus types. A) Inter-

stimulus scalp gamma amplitude correlation across all subjects (pooled using z-score method). 

Subjects who responded strongly to stimulus 1 also responded strongly to stimulus 2 (see Figure 

1 for definition of stimulus 1&2 in the separate groups). B) Same as (A) but for scalp alpha 

amplitude. C) Same as (A), but correlations were computed across each group separately, using 

the raw micro-volt values obtained on the scalp. D) Same as (C), but for scalp alpha amplitude. E) 

Gamma vs alpha amplitude correlation across all subjects (pooled using z-score method). Strong 

alpha band responders were not necessarily strong gamma band responders. F) Gamma 
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amplitude vs gamma peak frequency correlation across all subjects. No consistent relationship 

between gamma amplitude and peak frequency. G) Same as (E), but correlations computed across 

each group separately using raw micro-volt values obtained at the scalp. H) Same as (F) but 

correlations computed across each group separately using raw micro-volt values. I) Subject 21 

from group 1 ERSP response to all stimuli (see Supplementary 1 for all subjects). This subject 

responded strongly to all stimuli in the gamma range, and only moderately in the alpha range. J) 

Same as (I) but for subject 16. This subject responded poorly to all stimuli in the gamma range, 

and strongly in the alpha range.  

 

4.3.3 Distance predicts gamma but not alpha amplitude across subjects 
 

The above results suggest that there may exist a common anatomical factor underlying EEG 

amplitude variability in healthy subjects. We first examined the effects of distance (Figure 4.3A). 

Pooling all subjects and hemispheres and correlating distance with gamma amplitude revealed a 

highly significant inverse relationship (Figure 4.3B, rho=-0.42, p<0.0001), however distance did 

not explain inter-subject alpha amplitude variability (Figure 4.6A, p=0.27). To ensure this result 

was not driven by potential biases in our FMRI ROI estimate, and investigate the contribution of 

different tissue types to the distance correlation, we further separated the distance into two 

components: 1) brain to skull distance (Figure 4.3C) and 2) skull to scalp distance (Figure 4.3D).  

While both components showed a significant inverse relationship with gamma amplitude, it was 

skull to scalp distance (rho=-0.47, p<0.0001) that correlated best. Alpha amplitude did not 

correlate with brain to skull (Figure 4.6A, p=0.82) or skull to scalp (Figure 4.6A, p=0.3). The 

distance vs gamma/alpha correlations for each group and hemisphere separately are similar to 

the pooled results, and are shown in Figure 4.6B-C. 
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Figure 4.3 – Distance and cancellation correlations with gamma amplitude. A) Schematic 

showing the different distance metrics used, based on the FMRI ROI center of mass (right 

hemisphere only) as starting point. As noted in methods, brain (which refers to the FMRI ROI 

center of mass) to scalp electrode distance was split into two parts 1) brain to inner skull and 2) 

inner skull to scalp. B) Brain to scalp (electrode) distance vs scalp gamma amplitude (pooled across 

all subjects and both hemispheres using the z-score method, for a total of 84 data points – 42 

subjects, 2 hemispheres/subject). Mean gamma amplitude over left/right electrodes was 

matched with mean distance from those electrodes to left/right hemisphere FMRI ROI center of 

mass respectively. C) Brain to inner skull distance vs scalp gamma amplitude (pooled as in (B)). 

The brain to inner skull distance is composed of a mix of gray/white matter and cerebrospinal fluid 

(CSF). D) Inner skull to scalp distance vs scalp gamma amplitude (pooled as in (B)).  The inner skull 

to scalp distance is composed of a mix of bone, skin, and fat. E) Schematic from a single subject 

showing how cortical cancellation (I0) was defined. The y-component of the white matter normal 

vectors is shown here (x and z components not shown), blue implies the normal vector points 

from anterior to posterior direction, red implies the normal vector points from posterior to 

anterior direction, green implies it has no preference in the y-direction. F) Cortical cancellation (I0) 

vs gamma amplitude measured at the scalp. I0 was computed in left/right hemisphere separately 

for each subject, and matched to gamma amplitude averaged across left/right occipital electrodes 

in that subject. G) Distance (averaged across both hemispheres) vs gamma peak frequency (a 

single gamma peak frequency was defined in each subject, rather than a separate peak frequency 

for each hemisphere). H) Same as (G) but for I0 vs gamma peak frequency. I) Distance (averaged 

across both hemispheres) vs I0 (averaged across both hemispheres).  

 

4.3.4 Cancellation is a poorer predictor of gamma amplitude than distance  
 

Correlating the cancellation index (I0) (Figure 4.3E) with amplitude revealed a weak but significant 

inverse relationship with scalp gamma amplitude (Figure 4.3F, rho=-0.32, p=0.003) and no 

relationship to scalp alpha amplitude (Figure 4.6E, p=0.95). I0 vs gamma/alpha amplitude 

correlations for each group separately were similar to the pooled results, shown in Figure 4.6E. 

We also examined the I0 vs EEG amplitude correlation as a function of frequency from 1-100 Hz, 

and as a function of the number of normal vectors considered in the I0 computation, showing a 

trend for positive I0 vs EEG correlations in the lower frequencies (10-20 Hz) and an inverse 

correlation in the higher frequencies (40+ Hz) (Figure 4.6F, uncorrected p-values). 

Peak Frequency does not correlate with distance or cancellation: Neither distance (Figure 4.3G, 

p=0.92) nor I0 (Figure 4.3F, p=0.73) correlated with gamma peak frequency, and results were 

similar when considering the 3 groups separately (Figure 4.6G).  
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4.3.5 I0 and distance are only loosely correlated 
 

Subjects with larger FMRI ROI to electrode distances did not necessarily exhibit higher I0 (Figure 

4.3G, rho=0.27, p=0.08), indicating that our anatomical metrics (I0 and distance) were 

independent of one another.  

 

4.3.6 Sex differences in anatomy but not FMRI correlation strength recapitulate sex differences in 

gamma amplitude 
 

A significant sex difference in scalp EEG gamma amplitude was observed, with females exhibiting 

higher amplitude (Figure 4.4A, p=0.013). This sex difference was recapitulated by differences in 

distance, with females exhibiting significantly shorter distances from FMRI ROI to electrode 

(Figure 4.4B, p<0.001), and to a lesser extent I0 (Figure 4.4C, p=0.024) but not functional (FMRI) 

correlation strength (Figure 4.4D, p=0.424). Sex difference analysis was restricted to the larger 

group (group 1, n=24) due to the fact that the groups were not perfectly balanced according to 

sex, and different stimuli were used for each group, but similar results were obtained when 

pooling across all subjects using z-scores (data not shown).  

 

4.3.7 Effects of source localization on sex differences and distance correlation 
 

MNE source estimates based on a 3-shell sphere (Figure 4.4E) revealed a strong, significant 

correlation between scalp gamma amplitude and source gamma amplitude (Figure 4.4F, rho=0.86, 

p<0.0001). However, the distance vs gamma amplitude correlation was attenuated at the source 

level (Figure 4.4G) (p=0.005 at the source level vs p<0.0001 at the scalp level), and sex differences 

in gamma amplitude were also reduced at the source level (Figure 4.4H) (p=0.04 at the source 

level, p=0.01 at the scalp level).  



83 
 

 
 

Figure 4.4 – Sex difference and source localization analysis. A) Male vs female scalp gamma 

amplitude. Group 1 only was used for the sex difference comparison, as the number of 

male/female in each group was not perfectly balanced, and the groups used different stimuli. B) 

Male vs female distance (Group 1 only). C) Same as (B) but for I0. D) Same as (B) but for FMRI 

correlation strength (defined as the mean correlation coefficient within the binary FMRI ROI). E) 

Schematic showing the outer sphere and brain surface used in the 3-shell sphere MNE source 

modeling (Brainstorm). F) Source gamma amplitude vs scalp gamma amplitude (pooled across all 

subjects (n=42) and hemispheres (2) using z-score method). G) Distance vs source gamma 

amplitude (pooled across all subjects (n=42) and hemispheres (2) using z-score method). H) Male 

vs female source gamma amplitude (Group 1 only (n=24, 14 male, 10 female)).  

 

 

 

 



84 
 

4.4 Discussion: 
 

The objective of this study was to determine the extent to which variability in gross head/brain 

morphology across subjects predicts variability in neurophysiological responses to visual 

stimulation measured using EEG. Previous works have focused on morphological metrics such as 

cortical thickness (Provencher et al. 2016b; van Pelt et al. 2018), surface area (Schwarzkopf et al. 

2012), or neurochemical metrics such as GABA concentration (Muthukumaraswamy et al. 2009; 

Kujala et al. 2015a), and simulation studies have investigated the effects of source distance and 

orientation (Hillebrand and Barnes 2002) on MEG signals, while our study is the first to empirically 

examine the effects of distance and cancellation on experimental human EEG signals.  

 

In our first set of results (Figure 1, Supplementary 1) we show that while on average our grating 

stimuli elicit strong narrow band alpha and gamma responses in all 3 groups, there is a great deal 

of inter-subject variability, especially in the gamma range. Interestingly, subjects who responded 

strongly to one type of stimulus also responded strongly to other stimuli, in both alpha and gamma 

range. However, there was no consistent relationship between alpha and gamma scalp amplitude 

(strong alpha responders were not necessarily strong gamma responders), and a similar result has 

been reported in 97 MEG subjects (Shaw et al. 2017a).  

 

The scalp potential equation governing EEG signal amplitude (Nunez and Srinivasan 2006b) 

contains two variables that we were able to approximate using our methods: distance 

(approximated using Euclidean distance from FMRI ROI centroid to electrode) and dipole angle 

(approximated using cancellation index I0). We noted an inverse correlation between distance and 

gamma amplitude; subjects with shorter distances were also higher amplitude gamma 

responders. This shows that differences in non-invasively measured gamma amplitude across 

subjects, while perhaps related to differences in recurrent and intrinsic connections between 

pyramidal and inhibitory cells (Shaw et al. 2017b), are also driven by additional measures such as 

Euclidean distance between cortex and scalp. Interestingly, this distance relationship was not 

present in the alpha band. We attribute this to two possible factors 1) alpha amplitude was an 

order of magnitude higher than gamma amplitude. Background noise due to changes in 

impedance or muscular activity may thus be relatively higher in the gamma range, and small 

changes in distance would have a stronger effect on gamma signal to noise ratio (SNR) than alpha 

SNR, therefore gamma would be more sensitive to distance than alpha. This may also explain why 

some subjects were non-responders in the gamma range, but responded in the alpha range. 

Alternatively, 2) alpha and gamma in response to our task may originate from different areas, and 

the FMRI ROI may be a better representation of local gamma activity. While gamma has been 

linked to feedforward neural activity (Bastos et al. 2014) which is tightly co-localized to blood 

oxygen level dependent FMRI (Goense and Logothetis 2008a), the spatial origin of our alpha 
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responses remains less well understood and may not match the centroid of FMRI activation as 

closely as gamma. Source amplitude was also found to be dependent on distance (Figure 4.4G), 

although the effect was much weaker than the correlation between sensor level (scalp) gamma 

amplitude and distance. This suggests that source localization may help to mitigate the effects of 

distance on inter-subject gamma amplitude.  

It may seem puzzling that while the electric potential of a dipole falls off due to distance according 

to the inverse-squared law (Nunez and Srinivasan 2006c), our inter-subject distance vs gamma 

relationship was linear (Figure 4.3A, 4.3B, 4.3C). However, the inter-subject distance range was 

only 40-60mm, on average (Supplementary 2B-C). The linear shape of the distance vs gamma 

correlation can therefore likely be attributed to the relatively narrow range of distances across 

subjects when examining posterior electrodes only.  

 

In addition to distance, we also quantified the extent to which the cancellation index (I0) was 

correlated to both alpha and gamma amplitude across subjects. I0 had a much weaker effect on 

gamma amplitude than distance. This finding was unexpected given the long-held belief that the 

relative orientation of dipoles perpendicular to the cortical surface strongly affects EEG signal 

strength due to dipole cancellation (Ahlfors et al. 2010; Irimia et al. 2012b). The source of this 

result is unclear, but could be due to the following: First, recent experimental and theoretical 

studies have reported that monopoles make an unexpectedly strong contribution to extracellular 

voltage measurements (Destexhe and Bedard 2012; Riera et al. 2012) which would suggest that 

cortical orientation may not play as big a role as expected. Second, the variability in I0 across our 

subjects was relatively small (~5%) compared to ISVGA (~100%). Finally, despite the fact that we 

computed cancellation in each hemispheres separately, I0 remains a global curvature metric that 

does not take into account the distance between opposing dipoles. It is unreasonable to expect 

dipoles 20 mm apart to cancel equally with dipoles 2 mm apart, although the I0 calculation makes 

this assumption. A different cancellation metric which takes into account the distance between 

opposing dipoles may yield a better prediction of EEG amplitude. Nevertheless, our results are in 

line with simulation studies (Whittingstall et al. 2003) showing that source depth – not orientation 

– is the main determinant of the surface EEG signal.  

 

Peak frequency was unrelated to any of the structural parameters (distance, cancellation). This 

result is unsurprising, as invasive studies have also found no consistent relationship between peak 

frequency and amplitude in non-human primate responses to similar stimuli (Jia et al. 2013). This 

provides further evidence that peak frequency is independent of macroscopic anatomical brain 

features and hence may serve as a more easily interpreted biomarker of functional processing in 

studies of neurodegeneration, cognitive disorders, or perceptual processing. Alternatively, new 

metrics which track EEG signal propagation along white matter pathways (Deslauriers-Gauthier et 

al. 2017) could also be of use. 
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Contrary to a previous study investigating sex differences in gamma amplitude using MEG (van 

Pelt et al. 2018), we found significant sex differences in our scalp EEG measurements, with females 

exhibiting higher amplitude scalp gamma than males. The disparity between our EEG results and 

the MEG results of Van Pelt et al may be due to the fact that, while both magnetic and electrical 

fields decay inversely with the square of the distance, EEG signals are more sensitive to tissue 

anisotropies (Wolters et al. 2006), which may be larger in subjects with larger heads. 

 

Finally, this study focused mainly on the underlying differences in gross morphology which may 

bias EEG results, but did not discuss when correcting for these differences may be necessary. 

Distance effects have been noted in several neurological disorders including increased head size 

in autism (Lainhart et al. 2006) which could lead to larger cortex-electrode distances, and cortical 

folding abnormalities in autism which lead to increased cortical depth vs typically developing 

controls (Nordahl et al. 2007). While the results presented here do not rule out amplitude as a 

useful marker of inter-subject differences in neural activity, we recommend caution when 

interpreting differences in scalp amplitude across subjects and populations. Ideally, cortical/head 

morphology would always be included as a co-variate when examining differences in non-invasive 

electrophysiological signal amplitude across populations. When such data (i.e. T1 images) are not 

available, source amplitude (obtained via solving the inverse problem) can partially account for 

these distance effects.  
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Figure 4.5 – Article 2 Supplementary 1. A) Single subject time frequency and BOLD correlation 

map from group 1 (n=24). B) Same as (A) but for group 2 (n=8). C) Same as (A) but for group 3 

(n=10). D) Brain surface showing electrode locations obtained using UTE sequence (red) and 

mapped from UTE sequence to template brain (green) in a single subject. E) Correlation between 

distances obtained using electrodes from UTE sequence and distance obtained using electrodes 

from template.  



89 
 

 



90 
 

Figure 4.6 – Article 2 Supplementary 2. A) Alpha vs distance for pooled group analysis (n=42) B) 

Gamma vs distance in single group analysis. C) Alpha vs distance for single group analysis. D) 

Gamma vs cancellation for single group analysis. E) Alpha vs cancellation for pooled group analysis 

and single group analysis. F) Cancellation as a function of number of dipoles included (left), and 

cancellation vs all frequencies for pooled group analysis correlation (middle) and p-values (right). 

G) Distance vs peak frequency (left), cancellation vs peak frequency (middle), distance vs 

cancellation (right), all for single group analysis.  
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Abstract 

The growing popularity of simultaneous electroencephalography (EEG) and functional magnetic 

resonance imaging (fMRI) opens up the possibility of imaging EEG electrodes while the subject is 

in the scanner. Such information could be useful for improving the fusion of EEG-fMRI datasets. 

Here, we report for the first time how an ultra-short echo time (UTE) MR sequence can image the 

materials of an MR-compatible EEG cap, finding that electrodes and some parts of the wiring are 

visible in a high resolution UTE. Using these images, we developed a segmentation procedure to 

obtain electrode coordinates based on voxel intensity from the raw UTE, using hand labeled 

coordinates as the starting point. We were able to visualize and segment 95% of EEG electrodes 

to sub- mm precision using a short (3.5 minute) UTE sequence.  We provide scripts and template 

images so this approach can now be easily implemented to obtain precise, subject-specific EEG 

electrode positions while adding minimal acquisition time to the simultaneous EEG-fMRI protocol.      

 

5.1 Introduction 
 

Electroencephalography (EEG) measures the electrical potential generated by a large number of 

pyramidal neurons orientated perpendicular to the cerebral cortex via electrodes placed on the 

surface of the scalp (Murakami and Okada 2006; Nunez and Srinivasan 2006a; Whittingstall and 

Logothetis 2009b; Musall et al. 2014). Electrodes are typically fixed within a flexible cap such that 

their position on the scalp is assumed to cover the same brain areas regardless of inter-subject 

variations in head size and shape. As a result, spatial and temporal analysis of EEG signals are often 

carried out assuming approximate electrode positions derived from anatomical landmarks 

(JASPER 1958). However, accurate electrode position is important for localizing EEG sources 

(Akalin Acar and Makeig, 2013; Dalal et al., 2014, Khosla et al., 1999), may prove useful in 

explaining inter-subject variability (Atcherson et al., 2007) and investigating EEG structure-

function relationships (Ahlfors et al. 2010; Irimia et al. 2012b). Consequently, a variety of 
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equipment exists for the purpose of acquiring electrode positions during EEG experiments. 

Examples are recently developed optical digitization methods such as fringe projection 

(FaceSCAN3D, 3D-Shape GmbH, Erlangen, Germany), and electromagnetic digitization methods 

such as Fastrak (Polhemus Inc., Colchester, VT, USA). These methods are able to resolve electrode 

positions, but come at the cost of both additional hardware, and additional setup time to the 

experimental protocol, as well as variability in the measurements themselves (Koessler et al. 

2007). 

 

As an alternative, simultaneous EEG-FMRI experiments may open up the possibility to visualize 

electrodes at high resolution in minimal experimental time using MRI-derived measures. At 

present, at least two methods that take advantage of this exist, with the first relying on the design 

of a new EEG electrode made from materials visible on routine clinical sequences (T1 weighted 

images) (Koessler et al. 2008), and the second making use of gel artifacts, also visible on  T1 

weighted images (de Munck et al. 2012). These methods obtain proxies of electrode position, but 

as they depend on additional hardware or the presence of gel, may not be applicable across all 

EEG-FMRI setups. In most cases, MR-compatible EEG caps consist of ring or pin electrodes 

embedded within a polycarbonate housing, joined to a wire coated in UV-acrylate. Given their 

short T2 relaxation time, these materials are invisible on routine clinical images, though some may 

be visualized using ultra-short echo time (UTE) sequences [Springer et al, 2008]. We therefore 

hypothesized that imaging the EEG cap with UTE would allow us to localize EEG electrodes without 

the use of additional hardware, in a consistent manner across subjects. Conveniently, UTE is a 

low-flip angle gradient-echo sequence, which leads to a specific absorption rate and RF duty cycle 

that are very comparable to ones obtained for a typical 3D T1-weighted gradient-echo acquisition, 

making the UTE sequence safe for use with an EEG cap.   

 

5.2 Methods 
 

5.2.1 Subjects and EEG equipment 
 

 The UTE images were acquired as part of a larger study over 14 healthy participants between 20 

and 30 years of age (11 males, no psychiatric or neurologic symptoms at the time of scanning or 

in the past), and the experiment took place according to the guidelines of the Internal Review 

Board of the Centre Hospitalier Universitaire de Sherbrooke. A 63 channel MR compatible cap 

(Brain Products, Gilching, Germany) was used for all subjects in the experiment. The cap was 

positioned roughly according to anatomical landmarks (electrode Oz directly superior to inion, 

and the midpoint between CZ and Reference on apex of head), but no specific measurements 

were taken to ensure cap placement.  
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5.2.2 UTE and T1 sequence parameters 
 

All experiments were performed on a clinical 3T system (Ingenia, Philips Healthcare, Best, the 

Netherlands), using a 32-channel head coil for signal reception and the integrated 2-channel body 

coil for transmission. Ultra-short echo-time (UTE) imaging was performed using an axial 3D radial 

stack-of-stars sequence with parameters: repetition time (TR) = 8 ms, echo time (TE) = 0.14 ms, 

flip angle = 10 degrees, field-of-view (FoV) = 240  mm x 240  mm x 170 mm, spatial resolution = 2  

mm x 2  mm x 2 mm, acquisition time = 3min29sec. To evaluate the impact of spatial resolution 

on electrode visualization, the same sequence was also repeated on one subject with isotropic 

spatial resolutions of 3  mm (acquisition time = 1min33sec), 2.5  mm (acquisition time = 

2min14sec) and 1.5  mm (acquisition time = 6min11sec).  An axial anatomical 3D T1-weighted 

gradient-echo sequence was also performed with parameters: TR = 7.9 ms, TE = 3.5 ms, inversion 

time (TI) = 950 ms, flip angle = 8 degrees, FoV = 240  mm x 240  mm x 150 mm, spatial resolution 

= 1  mm x 1  mm x 1 mm, SENSE factor =2.4, acquisition time = 6min01sec.   

 

5.2.3 Scalp segmentation  
 

To visualize all electrodes from the cap in a single image, and enable fast hand labeling of 

electrode positions, we made use of the scalp pancake projection (de Munck et al. 2012) which 

first requires a binary head mask to define voxels at the surface of the head. The image contrast 

obtained from a UTE sequence is not common in neuroimaging studies, and segmenting the scalp 

from the UTE presents several challenges, including sensitivity to other materials such as the 

pillow or earmuffs, and sensitivity to the electrodes themselves (Figure 5.1Ai-iv). Due to these 

UTE-specific peculiarities, and the need for tight head mask alignment at the edge of the skull in 

the single subject, standard skull stripping using active contours, or sphere/head model based 

methods were not sufficient for our purposes. Instead, an in-house processing pipeline based on 

image registration was developed to segment the head from the UTE. First, a template UTE was 

created by aligning each subject’s UTE to a single representative subject using a 12 DOF affine 

transformation, and then averaging across all subjects. The template UTE was then manually 

segmented, to create a binary head mask of the template. The goal was then to apply each 

subject’s inverse affine transformation to the template head mask, yielding head masks in native 

space. However, simply applying each subject’s inverse affine transform to the template head 

mask did not account for nonlinear irregularities in skull shape, so to better register the template 

head mask to each individual subject, a nonlinear transformation using FNIRT (Jenkinson et al. 

2012) of the gradient native space UTE (Figure 5.1B) to the gradient affine-transformed UTE was 

obtained for each subject, to obtain tighter registration at the edge of the skull (Figure 5.1C, 5.1D). 

The gradient UTE image, rather than the raw intensity UTE was used to derive the nonlinear 

transformation, as it resulted in a clearer separation between the skull and electrodes, ensuring 
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that the nonlinear transform did not smear the electrodes into the skull during the 

transformation. The inverse of this transformation, concatenated with the inverse affine 

transform, was then applied to the template head mask, to yield a native space head mask for 

each subject. Figure 5.1D shows that the head mask was tightly aligned to the scalp in the single 

subject, with electrodes visible in the space outside the head mask, which is crucial for the 

subsequent segmentation and hand labeling procedures. This is in comparison to the affine-only 

alignment in Figure 5.1C, where the affine registration does not fully account for subject specific 

skull irregularities.  
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Figure 5.1 – Raw data and scalp segmentation procedure. (A) Surface view of raw UTE at 

different intensity thresholds: images obtained from thresholding the raw UTE and visualizing as 

a surface. In i), the pillow and earmuffs are visible, increasing the threshold removes the earmuffs 

in ii) but leaves the pillow and reveals many electrodes, in iii) despite the higher threshold the 

pillow still remains, but most electrodes can now be visualized on the scalp, in iv) the highest 

threshold an artifact is visible as a dark spot on the top of the head, possibly due to the bundled 

EEG wiring which is pressed against the cap in that spot. (B) Registration pipeline: a flow chart of 

the steps necessary to obtain a tight alignment between the head mask and the raw UTE. Native 

UTEs (i) from all subjects are aligned to a common space with an affine transform, and averaged 

to create a UTE template (ii), and the gradient of the template is computed (iv). Each subject’s 

native space UTE gradient is then computed (iii), and aligned using a nonlinear transformation to 

the template gradient (iv). Finally, for each subject the template head mask (vi) is returned to 

native space using the inverse of the affine + nonlinear transform (v). (C) Gradient UTE (subject 

5): an axial slice of a gradient UTE in a single subject, which was used to derive the nonlinear 

transformation to the UTE template gradient using fnirt. The separation between electrode and 

skull is evident in the posterior electrodes. (C) Affinely registered mask: Applying the inverse of 

the original affine registration from template UTE to native space UTE yielded head masks that 

were not entirely accurate at the edge of the skull. While for most purposes this type of head 

mask would suffice, our pancake projection, and segmentation procedure both relied on the 

assumption that the voxels outside the head were made up of either air or electrode, so for our 

purposes this was not sufficient. (E) Nonlinearly registered mask: using fnirt, a tighter registration 

at the edge of skull was obtained in the single subject head masks, in comparison to C). 

 

5.2.4 Hand labeling 
 

Each subject’s native space head mask was dilated six times with a neighbourhood size of 1mm, 

to create 6 concentric layers surrounding the head (Figure 5.2A). Each layer was projected to the 

pancake view, using a transformation similar to that described in (de Munck et al. 2012). The 

pancaked layers were averaged in increments of 2 mm to produce an RGB scalp pancake (red=0-

2mm, green=2-4mm, blue=4-6 mm from scalp, Figure 5.2B). The different physical components of 

each electrode could then be visualized on the RGB pancake, due to their unique distances from 

the surface of the scalp (Figure 5.2B), schematically represented in the electrode profile (Figure 

5.2C). The RGB pancake was used to heuristically guide the hand labeling procedure (Figure 5.2D), 

whereby a crosshair was centered over the poly-carbonate housing (red in the depth color coded 

electrode, Figure 5.2E) and the location was marked with a single mouse click in Matlab 

(MathWorks).  

https://www.sciencedirect.com/topics/neuroscience/dna-template
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Figure 5.2 – Electrode Pancake. (A) RGB layers: an axial slice depicting the 3 layers from which 

the RGB pancake is formed, these layers were created by dilation of the native space head mask 

in Figure 5.1D. (B) RGB pancake: taken from a single representative subject, the pancake is 

obtained by averaging image intensity in 3 separate scalp layers and combining them to form a 3 

channel RGB image. The bright white spot in the upper left is a vitamin E gel capsule, to distinguish 

right from left (capsule was on the right side of the subject’s head). (C) Electrode profile: a 

photograph of an electrode similar to those used in the experiment on the cap, with depth color 

coding (the surface of the head is assumed to lie at 0 mm). The polycarbonate housing is primarily 

in the 0–2  mm (red). (D) Hand labeled RGB pancake: 65 electrodes have been marked by the hand 

labeling procedure. The yellow dot shows the region of the image on which the user clicked. Note 

that while the cap had 63 measurement electrodes, the reference (REF) and ground (GND) 

electrodes were also labeled. (E) Placement of hand-labeled point: schematic of the cursor 

placement in the hand-labeling procedure, the cursor is placed over the polycarbonate housing, 

which is usually red on the RGB pancake, and the position is marked with a single click of the 

mouse. 

 

5.2.5 T1 gel artifacts 
 

To reproduce the work of de Munck, for comparison with our own method, we also obtained the 

T1 gel artifact pancakes using the same head mask and pancake transformation, but instead of 

using voxels 1-6 mm outside the head to form the pancake, voxels comprising the 1-2 mm of skin 

just beneath the head mask were found to yield the strongest gel artifacts. 

 

5.2.6 Electrode segmentation 
 

While the hand-labeled coordinates provide a rough estimate of EEG electrode location, the final 

coordinates were still subject to variability due to human error in the labeling process, as well as 

small shifts introduced by the inverse transformation from 2d pancake space to 3d MRI space. To 

address this, we developed a segmentation procedure to obtain positions based directly on UTE 

image intensity in 3d MRI space, and reduce variability due to hand labeling.  

 

First, pancake space hand labeled coordinates were transformed to 3d MRI coordinates using the 

inverse of the pancake projection. Each 3d hand labeled coordinate was then used to define a 

20x20x20 mm cube (Figure 5.3A) within which the segmentation space was restricted for that 

electrode. Each cube was assumed to contain a single electrode, simplifying the segmentation 

problem. The cubes were masked by a 1 mm dilated head mask (intersections with the mask were 

set to 0, all other voxels were unchanged), to remove residual bits of skull intensity from the cube, 

in the case of imperfections in the original head mask. The remaining voxels in each cube were 

https://www.sciencedirect.com/science/article/pii/S0165027016302953#fig0005
https://www.sciencedirect.com/topics/neuroscience/vitamin-e
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then assumed to be either air voxels or voxels containing electrode materials visible on the UTE. 

As each electrode was roughly 100 voxels in size at the 1 mm isotropic resolution of our up-

sampled images (Figure 5.3B), the top 100 highest intensity voxels in each cube were set to 1, and 

the remaining voxels were set to 0 (Figure 5.3C). This procedure resulted in a localized cluster of 

voxels in each cube which in most cases resembled the electrode’s physical shape. The center of 

mass of this segment (Figure 5.3D) was defined as the final electrode coordinate, which is in many 

cases several  mm from the initial hand labeled coordinate as can be seen from Figure 5.3D, 

showing the importance of this segmentation step. 

 

5.2.7 Segmentation variability 
 

To demonstrate that the segmented electrodes were independent of variability in the hand 

labeling process, we simulated hand-labeling variability by randomizing each electrode’s initial 

hand labeled coordinate 30 times on the surface of the scalp through a random +/- 3  mm offset 

to each (X, Y) coordinate in the pancake image. The coordinates were randomized in 2d pancake 

space rather than 3d MRI space, to restrict the coordinate to the surface of the head mask. Five 

of the thirty randomized hand-labeled coordinates from a single subject are displayed (Figure 

5.3E), to show qualitatively the coordinate offset produced on the surface of the scalp by the 

randomization procedure. The variability introduced by this procedure was quantified by first 

calculating the standard deviation along the X, Y and Z axes separately across the 30 randomized 

positions at each electrode, averaging the X, Y, Z standard deviations, and then averaging across 

subjects, this final measure of variability we refer to as the mean std. This randomization 

procedure resulted in a mean std of 1-2 mm at each electrode (Figure 5.3F) in 3d MRI space (the 

mean std was assumed to approximate the variability due to 30 different hand labeling runs). The 

goal of the segmentation procedure was to reduce the mean std to zero, which would indicate 

that despite small random offsets in initial hand labeled coordinates, and consequently, the voxels 

comprising each cube, the same voxels are consistently isolated, and consequently, the same 

center of mass for each electrode.  
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Figure 5.3 – Electrode segmentation procedure. (A) Hand labeled points and surrounding 

cubes: Each pink dot is a hand labeled point after inverse pancake projection (from 2d pancake 

space to 3d MRI space). The translucent cubes surrounding the pink dots are the 20 × 20 × 20  mm 

voxel neighbourhood to which the segmentation space was restricted for each electrode. (B) 

Approximate size of electrode: Each electrode is roughly 10 × 10  mm across the head of the 

polycarbonate housing, motivating the 100 voxel segmentation in C). (C) Top 100 voxels in each 
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cube: Blue clusters are the top 100 voxels isolated in each cube, roughly resembling the shape of 

an EEG electrode. As can be seen by the position of the pink dot relative to the blue cluster, the 

hand labeled coordinate was not always in the same place relative to the electrode, presumably 

due to both hand labeling variability, and errors introduced by the inverse projection from 2d 

pancake space to 3d MRI space. (D) Center of mass of segmentation (yellow points): The yellow 

points show the final coordinate for each electrode, obtained by taking the center of mass of the 

blue electrode segment. This procedure should isolate the same point on each electrode, as 

opposed to the hand-labeled coordinates (pink) which vary relative to the position of the 

electrode segment. (E) Example of 5 randomized coordinates: illustrating the amount of variability 

introduced by the hand-labeling randomization procedure. Points from only 5/20 permutations 

are displayed, for clarity. (F) Mean std after randomization procedure: the scalp topography of 

the mean std, showing the artificial variability introduced to each electrode’s position by the 

randomization procedure, which is supposed to simulate random error due to hand labeling. 

 

5.3 Results 
 

5.3.1 UTE vs gel artifacts 
 

The T1 (Figure 5.4A) and UTE (Figure 5.4B) pancakes from 14 subjects are displayed for 

comparison. Overall, many gel artifacts were indeed visible in the T1 images, though varied in 

intensity from subject to subject, possibly due to differences in skin/hair properties or amount of 

gel applied. On the other hand, UTE images consistently yielded clear electrode visualization 

across subjects. This is especially evident in subjects such as S5 and S7, where most electrodes are 

again clearly visible in the UTE, though not in the T1. The blank spot in the middle of several images 

such as S1 and S7 is due to the field of view of the image not encompassing the entire head, as 

the T1 was not originally intended for the purpose of capturing gel artifacts, so no special care 

was taken to ensure the field of view encompassed the entire head.  
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Figure 5.4 – UTE vs T1 gel artifacts. (A) T1 gel artifacts: all subjects (n = 14) are displayed. In 

several subjects (S1, S6, S7, S8, S14) the field of view of the T1 was slightly too low to obtain the 

entire scalp. While T1 gel artifacts are visible across all subjects, they range in intensity from 

subject to subject, to the extent that many electrodes are not visible in some subjects such as S5. 

(B) RGB pancakes based on UTE: Unlike the T1 gel artifacts, the RGB pancakes are consistent 

across subjects, due to the fact that UTE images the cap directly, and the same cap was used in all 

experiments. Note the blue spots at the back of most pancakes, which are due to the pillow at the 

back of each subject’s head.  

 

5.3.2 Effects of spatial resolution 
 

At higher resolutions (1.5mm3, ~6 minutes) more details from the cap begin to emerge, with wires 

leading away from the electrodes becoming visible (figure 5.5A, red circles).  At larger voxel size 

(3mm3 isotropic, 1.5 minutes), top midline electrodes become more difficult to discern (Figure 

5.5D). It appears that a short UTE sequence (93 seconds) is sufficient to visualize most EEG 

electrodes, while higher resolution acquisitions allow for clearer visualization of the separate 

electrode components and electrodes on the top of the head. 
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Figure 5.5 – Effects of spatial resolution on pancake. (A) 1 5  mm isotropic (6 min, 11 s): 

pancake obtained from a higher resolution UTE. The different components are clearly 

distinguished in the frontal electrodes, as well as the wires leading away from some electrodes 

(red circles). (B) 2  mm isotropic (3 min 29 s): pancake at the resolution used for all 14 subjects. 

Less detail than in (A), but still sufficient to resolve all electrodes and differentiate between 

different electrode components. (C) 2.5  mm isotropic (2 min, 14 s): all electrodes are still visible, 

but the central electrodes begin to be harder to pinpoint by eye. (D) 3  mm isotropic (1 min, 33 s): 

some of the central electrodes are no longer seen at this lower resolution, but many border 

electrodes can still be seen. (E) Electrode from cap used in experiment with ruler overlayed: the 

electrode ring is 12  mm in diameter, the smallest component (with the FT10 label) is 3  mm in 

diameter, suggesting that resolutions below 1.5  mm are unlikely to result in more accurate 

segmentations.  
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5.3.3 Segmentation variability 
 

Variability due to hand labeling (quantified through mean std) was assessed by re-running the 

segmentation procedure 30 times after adding a random +/- 3 mm X, Y offset to each pancake 

coordinate. The center of mass of the final segmentation was compared across 30 sets of 

randomized coordinates, Figure 5.6A shows the mean std in electrode position before running the 

segmentation, and 5.6B shows the mean std after segmentation. As can be seen, with the 

exception of some top midline electrodes (CZ, C2, P1) and border temporal electrodes (TP9, TP10), 

the mean std was reduced to values below 1mm. Figure 5.6C shows the consistency across 

subjects, or the proportion of subjects for which each electrode’s mean std was below 0.5 mm 

across post segmentation coordinate permutations. In the electrodes for which sub- mm precision 

was not obtained (C1, CZ, C2, and others) this appears to be due to the weaker image intensity in 

the top electrodes as opposed to other electrodes such as those on the side of the head (Figure 

5.6D), the reason for this difference in intensity is uncertain, but may be due to the electrode 

wiring which forms a bundle leading out of the MRI head cage, and is pressed against the top of 

the head due to the arrangement of the cap beneath the head coil. In other electrodes such as 

TP9 and TP10, the lower proportion is due to the field of view of the UTE not capturing the 

electrodes at the base of the head in some subjects and probably not related to signal quality.  
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Figure 5.6 – Precision and reproducibility of electrode segmentation. (A) Mean std before 

segmentation: To obtain this map, the standard deviation across 20 random permutations of the 

hand labeled coordinates was computed at each electrode, and averaged across subjects. Larger 

values are observed in parietal and frontal electrodes, due to the nature of the coordinate 

transformation involved in the pancake projection. (B) Mean std after segmentation: this topoplot 

illustrates how the variability across random coordinate permutations can be eliminated in the 

majority of electrodes with the segmentation procedure, which suggests that the same cluster is 

isolated across random permutations, regardless of the exact position of the hand-labeled 

coordinate. Large variability is probably due to either proximity to the ears as in TP9 and TP10, or 

weaker electrode intensity at the top of the head. (C) Proportion mean std <0.5 mm: topoplot 

showing the proportion of subjects for which the std at each electrode was less than 0.5  mm over 

20 random permutations. Electrodes with values of 1 are considered to have been accurately 

segmented in all 14 subjects. The 100% consistency across subjects at many electrodes supports 

the ability of the UTE to resolve electrode locations in a subject independent fashion. (D) Surface 

showing weaker top electrodes: electrodes at the top of the head appeared of lower intensity 

than electrodes on the top of the head, compared to the background. The reason for this is 

unknown but may be due to the bundled electrode wiring which is pressed against the top of the 

head due to the arrangement of the subject within the scanner. 
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5.4 Discussion 
 

Here, we have applied a UTE sequence to image the electrode components of an EEG cap. We 

then developed a procedure to segment electrodes, showing that variability due to hand labeling 

can be largely eliminated by this segmentation step, providing user-independent electrode 

locations based directly on UTE image intensity. To our knowledge, this is the first segmentation 

of EEG electrodes using MRI or any other method. An open source implementation of this pipeline 

is available here: https://github.com/russellu/ute_git, along with the template UTE and template 

head mask necessary for the registration based head segmentation.  

 

In Figure 5.4, we have used single subjects to show how the UTE sequence compares to the T1 gel 

artifacts observed by de Munck et al, as we also acquired a T1 in our protocol. It is clear from 

these images that the UTE sequence and the T1 gel artifacts provide complementary information. 

This is supported by the fact that UTE pancakes were obtained by averaging voxels outside the 

head mask, while T1 gel artifacts were obtained by averaging the image intensity in the 2 mm of 

skin inside the head mask. This suggests that the T1 gel artifacts may be due to an MR signal loss, 

caused by dephasing of spins under the gel-skin interface, while on the UTE, electrodes show up 

as an MR signal increase due to the sensitivity of UTE to polymers composing the electrodes. As 

to which method more accurately pinpoints the area of the scalp over which the electrode 

integrates cortical activity, i.e. the location of contact between scalp and electrode, remains 

unclear without an external gold standard reference. It is possible that the dephasing effects 

revealed by the T1 gel artifacts provide a more accurate measure of this parameter, as they can 

be expected to vary with the amount and location of gel, while the UTE is sensitive mainly to the 

electrodes themselves. However, from a visual inspection it seems doubtful that it would be 

possible to segment the T1 gel artifacts in the same manner as was done with the UTE. It is 

possible that due to the complementary nature of the T1 gel artifact and UTE electrode intensities, 

the images could be used together to first localize the electrode using UTE, and then approximate 

gel-skin contact area using the gel artifact beneath the electrode. Further experiments on the 

effects of gel quantity and scalp properties would be necessary to determine this.  

 

Figure 5.5 shows that most electrodes can be visualized in less than 2 minutes acquisition time 

with a 3 mm isotropic sequence, but we suggest keeping the voxel size at 2.5 mm or below, at the 

penalty of a slightly longer acquisition time. We make this recommendation due to the fact that 

at lower resolutions, it becomes more difficult to differentiate the physical components of each 

electrode and the central electrodes, which could result in a less accurate hand labeling and/or 

segmentation. We also noticed at higher resolution (1.5mm) that more details from the cap 

became visible, opening up the possibility for direct visualization of EEG hardware within the MRI, 

which could aid efforts to quantify the effects of EEG hardware on the MR signal (Mullinger et al. 
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2008). More tests at higher resolution are needed to determine the limits of UTE in resolving EEG 

hardware.  

 

Figure 5.6 shows effects of the randomized coordinate offset procedure on the center of mass of 

the final segmentation. We show that after segmentation, only a few electrodes have greater than 

1 mm segmentation variability despite an original 1.5 mm variability due to the randomization 

procedure used to simulate hand-labeling, and many electrodes have mean std approaching 0, 

suggesting identical voxels were isolated across all 30 permutations. We therefore consider the 

automatic segmentation a crucial step in obtaining reproducible final electrode coordinates. 

However, in a few electrodes variability was as high as 2 mm after the automatic segmentation 

(Figure 5.6B), which is worse than the 1.5 mm variability introduced by the +/- 3 mm random 

offset. This is due to the image intensity in electrodes at the top of the head being weaker (Figure 

5.6D), which results in an inconsistent segmentation, as shifting the segmentation neighbourhood 

results in different voxels being isolated. We therefore suggest if the variability after segmentation 

at any electrode exceeds 1mm, the original hand-labeled coordinate could be used instead of the 

center of mass of the segmentation. Further work is required to improve the segmentation 

procedure, so that the mean std approaches zero at all electrodes.   

 

If one wishes to save time, and is not concerned with sub- mm precision, one way to incorporate 

the UTE into simultaneous EEG-FMRI protocols could be to use the low resolution UTE (Figure 

5.5D) which takes only 93 seconds, as a survey, in place of the original survey scan, which itself is 

on the order of 30-45 seconds. While the performance of the segmentation procedure on the 3 

mm isotropic UTE may not be as high as on the 2 mm isotropic images, the image is still of 

sufficient quality to allow for hand labeling of electrode coordinates in the majority of electrodes 

(Figure 5.5D). Incorporating the UTE as a survey in this manner would then only add around 45 

seconds to the overall experiment duration, taking into account the time needed for the original 

survey. 

 

Assuming standard space electrode positions and ignoring differences due to head size and shape 

results in variability of 3-12 mm at each electrode (Atcherson et al. 2007); it has been shown that 

errors of this magnitude or even smaller can significantly degrade beamformer performance 

(Dalal et al. 2014). Here we have localized electrodes with sub- mm precision, which should 

significantly enhance SNR of functional studies combining simultaneous EEG-FMRI 

measurements.  
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5.5 Conclusion 
We have used a UTE sequence to obtain whole-head images of subjects during simultaneous EEG-

FMRI experiments, showing that UTE is capable of imaging EEG electrodes directly. We then 

developed a processing pipeline to label and segment these electrodes with minimal user 

intervention, showing that the majority of electrodes can be segmented to sub- mm precision. 

The method requires no additional hardware, and adds at most 3.5 minutes to the experiment, 

which should make it a rapid and easily applicable way to improve the spatial precision of EEG-

FMRI.  
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Abstract: BOLD orientation tuning varies with contrast, preferring oblique over cardinal 

orientations at high contrast, and vertical over oblique/horizontal orientations at low contrast. 

However, the neurophysiological basis for contrast dependent BOLD orientation tuning has yet to 

be investigated. To resolve this, in healthy humans we mapped BOLD orientation preferences to 

full field grating stimuli, and compared the tuning curves to frequency specific EEG responses to 

the same stimuli. We find that at high contrast (100%), gamma (25-60 Hz) orientation tuning 

closely matches that of BOLD, while at low contrast (5%), alpha (10-16 Hz) tuning curves better 

match BOLD orientation tuning. These results provide the neurophysiological basis of contrast 

dependent BOLD orientation tuning; when gamma power is low or non-existent, BOLD tuning 

follows alpha tuning, but when gamma power is high, BOLD tuning shifts to match gamma tuning. 

We take this as further evidence that BOLD is responsive to both internally generated feedback 

activity as well as externally driven feedforward activity, indeed, in the absence of strong 

feedforward activity, BOLD will be driven solely by neuronal activity giving rise to feedback 

rhythms (alpha).  

6.1 Introduction 
 

Blood oxygen level-dependent (BOLD) functional magnetic resonance imaging (fMRI) is now the 

leading research tool used for measuring and localizing cognitive processing in the human brain 

(Friston 2009).  Changes in the BOLD signal are indirectly related to the activity of neurons via 

neurovascular coupling.  Briefly, the high metabolic demand of neuronal tissue, coupled with its 

relatively low energy storage capacity, requires that increases in neuronal activation are quickly 

matched with increased cerebral blood flow (CBF) to ensure efficient supply of oxygen and glucose 

to the tissue.  CBF increases are disproportionally large relative to metabolism(Fox et al. 1988), 

giving rise to a positive BOLD response.  For this reason, changes in the BOLD signal are generally 

interpreted as mirroring changes in neural activity.  
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However, even in ‘low-level’ brain areas such as primary visual cortex (V1), neurophysiology 

results obtained in animals are often not observed in human BOLD imaging.  For instance, 

neuronal spiking responses plateaus at ~50% contrast whereas BOLD continues to increase up to 

100% contrast(Geisler and Albrecht 1997; Boynton 2011; Liang et al. 2013).  In addition, decades 

of research has found that a neurons orientation preference is contrast invariant (Finn et al. 2007; 

Nowak and Barone 2009; Sadagopan and Ferster 2012; Priebe 2016), yet BOLD reveals that V1 

orientation tuning is highly dependent on contrast (Maloney and Clifford 2015). Orientation 

anisotropies are classified according to attenuated neuronal response for a given orientation, for 

example, the oblique effect, whereby perceptually there is greater sensitivity to cardinal 

orientations than oblique orientations (Appelle 1972). Another classic example is the horizontal 

effect (Hansen and Essock 2004; Haun and Essock 2010) where increased perceptual thresholds 

are observed for horizontal gratings. The neuronal underpinnings of the oblique effect have been 

proposed to lie in the greater proportion of cells tuned to cardinal than oblique orientations 

(Mansfield 1974; De Valois et al. 1982). This is thought to arise in development, due to the 

preponderance of cardinal orientations in natural scenes (Girshick et al. 2011). More recently, 

however, non-invasive methodologies in humans have accumulated evidence for an inverse-

oblique effect (a larger response to oblique than cardinal orientations) using MEG (Koelewijn et 

al. 2011a; Pantazis et al. 2017) and BOLD FMRI (Mannion et al. 2010; Swisher et al. 2010; 

McDonald et al. 2012). Perceptually, the inverse-oblique effect has been observed in visual tasks 

involving discrimination of global structure such as glass patterns (Wilson and Wilkinson 1998; 

Wilson et al. 2001). The fact that such fundamental properties of visual processing vary depending 

on the methodology employed, raises critical questions regarding the interpretation of the V1 

BOLD response:  Why does the BOLD exhibit an inverse-oblique effect at high contrast, and 

horizontal effect at low contrast, behaving so differently from what is expected from traditional 

visual neuroscience experiments?  

 

One suggestion is that V1 is not purely a sensory area that integrates feedforward (FF) visual input 

from the outside world, but in addition accumulates internally generated feedback (FB) signals 

involved in higher cognitive function(Muckli 2010).  Anatomy alone would seem to indicate the 

latter:  V1 receives considerably more FB and lateral input than FF thalamic afferents (Budd 1998; 

Douglas and Martin 2007) and much of this FB originates from higher-order visual and even 

certain non-visual areas(Rockland and Van Hoesen n.d.; Angelucci et al. 2002; Kobayashi and 

Amaral 2003, 2007; Mejias et al. 2016), the latter of which receive little to no direct input from 

the lateral geniculate nuclei (Alvarez et al. 2015; Arrigo et al. 2016; Lambert et al. 2017).  

Moreover, thalamic FF input is largely limited to the granular layers of V1 whereas FB input from 

distant cortical areas targets both the superficial and deep layers.  Put otherwise, FB input targets 

over twice as many neurons and glia compared to FF (Giannaris and Rosene 2012), indicating that 

the metabolic burden of integrating and processing non-retinal, FB input is significant and likely 
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to have an effect on hemodynamic-based measures (such as fMRI).  Conversely,  sub-threshold FB 

input may overall have negligible effects on the spiking activity of V1 neurons(Nassi et al. 2013) 

due to proportional changes in excitation-inhibition balance(Logothetis 2008).  As a result, FB 

likely plays a major role in shaping the V1 BOLD response to basic visual stimuli, though traditional 

fMRI (i.e. ~3mm3 resolution) alone cannot differentiate between FF and FB input, and as it stands, 

their respective contributions to BOLD is unknown.  More specifically, how would BOLD respond 

if the ratio of FF to FB inputs were to change?   

 

One way to address this is by combining BOLD with other measures that are sensitive to changes 

in FF and FB activity.  Recent studies have shown that LFP/MEG signals in the gamma and alpha 

range reflect FF and FB synaptic activity, respectively (Buffalo et al. 2011; Bastos et al. 2014; van 

Kerkoerle et al. 2014; Mejias et al. 2016; Michalareas et al. 2016).  This, coupled with the finding 

that the effects of FB are strongest for stimuli of low saliency, (Hupé et al. 1998), suggest that a 

contrast-mediated dissociation of gamma and alpha signals could help in isolating the relative 

contributions of FF and FB to the BOLD signal.  To address this, we leveraged a recent finding in 

humans showing that V1-BOLD orientation tuning changes as a function of stimulus contrast, with 

an inverse-oblique effect at high contrast, and a horizontal effect at low contrast(Maloney and 

Clifford 2015).  Using a similar experimental setup, we first replicated the fMRI results by showing 

that BOLD orientation profile indeed shifted from an inverse-oblique effect at high contrast to a 

horizontal effect at low contrast.  Next, we recorded EEG in the same participants and found that 

gamma and alpha power was largely contrast invariant yet displayed unique orientation 

preferences:  gamma responses were maximal for oblique orientations, while alpha responses 

were strongest for vertical.  This shows that the contrast-related shift in BOLD orientation 

preference arises due to a corresponding shift in FF/FB input magnitude.  All together, we found 

that during visual stimulation, V1 BOLD responses are better related to FB activity rather than FF.  

This suggests that even basic functional properties of V1, such as orientation preference, are 

tightly controlled by contextual FB, which varies from subject to subject.   

 

6.2 Materials and Methods  
 

6.2.1 Subjects  
 

EEG and FMRI experiments were carried out in separate sessions, in two groups of subjects (n=13, 

5 female and n=14, 5 female respectively). Informed consent was obtained according to the 

guidelines of the Internal Review Board of the Centre Hospitalier Universitaire de Sherbrooke. Of 

the 14 subjects present in the FMRI experiment, there was an overlap of 7 who also took part in 

the EEG experiment. All subjects were neurologically normal, university age (20-30), and were 

financially compensated in Canadian dollars for their participation in the experiment.  
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6.2.2 Stimulus construction and presentation 
 

Grating stimuli were generated using PsychoPhysics Toolbox (BRAINARD 1997) and presented on 

a gray background with luminance equal to mean luminance of the stimulus. Subjects were 

required to fixate on a central red crosshair (radius=0.2°) for the duration of the experiment. The 

grating stimulus (Figure 6.5A) was sinusoidal (spatial frequency=3cycles/°) with an aperture radius 

of 7°. In the EEG experiment, the grating was rotated both clockwise and counter-clockwise: half 

the trials began at 90° (vertical) and rotated clockwise for 18 seconds at 22.5°/second until 

reaching -45° (for a 405° rotation in 18 seconds) while the other half of trials began at 45° and 

rotated counter-clockwise, also at 22.5°/second and ending at 90° for another 405° rotation in 18 

seconds. To minimize hemodynamic onset effects the BOLD experiment employed a slightly 

longer temporal design: the grating always began at 90° (vertical) and rotated continuously 

clockwise at 6°/second for 8 minutes, completing 8 full 360° rotations in 8 minutes. To remove 

hemodynamic onset effects, the first rotation was excluded from analysis.  

 

Five contrast levels were tested in the EEG experiment (100%, 50%, 25%, 15% and 5%) (Figure 

6.5B) while in the FMRI experiment only 2 contrast levels were tested (100%, 5%) due to limited 

scan time. In the EEG experiment, subjects were seated comfortably in a standard office chair 

observing the red fixation point at eye level on a CRT monitor (resolution=800x600, framerate=85 

Hz) while in the FMRI experiment subjects were supine, observing an MR-compatible monitor 

(resolution=800x600, framerate=75 Hz) fixating on a mirror positioned above the subject’s face 

attached to the head coil.  

 

6.2.3 MRI acquisition 
 

Blood oxygen level dependent (BOLD) images were acquired on a 3T Philips Ingenia with the 

following parameters: TR/TE = 680/30 ms, flip angle=50deg, FOV=240X240X123.75 mm, voxel 

size=3 mm isotropic, multiband acceleration factor 6. An anatomical T1-weighted 3D gradient-

echo image (TR/TE=7.9/3.5 ms, flip angle = 8deg, FOV=240x240x150 mm, voxel size = 1 mm 

isotropic) was acquired following FMRI acquisition.   

 

6.2.4 FMRI processing 
 

Raw BOLD images were motion corrected and EPI distortion corrected, (Jenkinson et al. 2012) 

then bandpass filtered (Cox 1996) from 0.01 to 1 Hz, no spatial smoothing was performed. To 

isolate voxels within the fovea of primary visual cortex, an additional four-minute FMRI scan of 

alternating foveal and peripheral stimulation was also performed, and the time series from each 



114 
 

voxel in this scan was correlated with a hemodynamic response function (HRF) convolved ideal 

time series. The top 100 voxels from the foveal correlation map were isolated, and the time series 

from the orientation tuning experiments was averaged across these voxels to yield a mean time 

course for each orientation tuning run (100% contrast and 5% contrast). This time course 

contained 8 complete continuous rotation cycles of the grating; the first cycle was discarded to 

remove onset effects, and cycles 2-8 were averaged to yield a mean orientation tuning curve in 

each subject, one for each contrast level. The BOLD orientation tuning curve was then shifted 

forward 4.5 seconds relative to the stimulus phase to account for the hemodynamic delay (Magri 

et al. 2012b), and up-sampled from a vector length of 89 (60 second full rotation at 680 ms TR) to 

a vector length of 360, yielding a single BOLD amplitude value for each orientation. Angles 1-180 

were averaged with 181-360, to yield a single 180 point BOLD orientation tuning curve for each 

contrast level, in each subject.  

 

6.2.5 EEG acquisition and processing 
 

Scalp signals were acquired on a 64 channel EEG actiCap (Brain Products) sampling at 500 Hz 

referenced from electrode Fz according to the 10-20 system. The cap was positioned by the 

experimenter with electrode Oz directly superior to the inion, and the apex of the head between 

electrodes Cz and Reference (Butler, Gilbert, et al. 2017). Poorly connected electrodes were 

isolated using visual inspection of the raw electrode time series, and interpolated using spherical 

interpolation (Delorme and Makeig 2004). Independent component analysis (ICA) was performed 

after removing very low frequencies (<1 Hz). ICA component time series were epoched, and log 

power event-related spectral perturbation (ERSP) was computed from -2 to 20 seconds relative 

to stimulus onset in 1000 separate Hanning windows of 250 ms window length, in 60 evenly 

spaced bands from 1-120 Hz. Power in each window was normalized by subtracting mean log 

power from -2000-0 ms at each frequency. Visual responsiveness of neuronal ICA components 

was sorted automatically by correlating each component’s single trial stimulus-induced time 

series with a canonical neuronal response function (NRF) (Figure 6.5C), and the top 5 most 

correlated components in each subject were retained, and their ERSP averaged. The time axis of 

each subject’s average ERSP was then converted to an orientation (deg°) axis by averaging, for 

each orientation, power at all time points for which that orientation was present, and orientations 

from 1-180 and 181-360 were averaged together, as with the BOLD.  

 

6.2.6 Peak frequency estimation 
 

Peak frequency was estimated by cross correlating mid and low gamma ranges with a Gaussian 

envelope of full width half maximum (FWHM) of 18 Hz and 9 Hz respectively, then isolating the 
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frequency with the highest correlation. The FWHM values were empirical, based on the average 

across all contrast of gamma peak FWHM at the low/mid gamma.   

 

 

6.2.7 Eye tracking 
 

Pupil diameter was acquired with the Pupil Labs open-source eye-tracker (Kassner et al. 2014) in 

two subjects using a using a sampling rate of 120 Hz. The same 5 contrast levels were tested, with 

the same stimulus timing (18 seconds on, 6 seconds off, clockwise and counter-clockwise 

rotations), 30 trials per trigger type, for a total of 60 trials per contrast level (30 clockwise + 30 

counter-clockwise). Pupil diameters were epoched and corrected for uneven sampling rate 

(Mierzwinski 2018). Pupil diameter percent change (%change) was computed by subtracting the 

baseline diameter (-2 to 0 seconds relative to stimulus onset) from the task diameter, and then 

dividing this value by baseline diameter (Figure 6.6A). Single trial pupil diameter was binned 

according to orientation, and, due to onset effects, the first 5 seconds of stimulus time were 

ignored.  

 

6.2.8 Statistical comparisons 
 

Discrete orientations were defined by averaging in bins of 10° width centered around the 

following orientations: oblique=45°, 135°, cardinal = 90°, 180°, vertical=90°, horizontal=180° 

(Supplementary 1F). EEG power was averaged in 3 major bands: mid gamma (40-70 Hz), low 

gamma (25-35 Hz) and alpha (12-18 Hz). For some figures, mid gamma and high gamma were 

pooled (as indicated). All statistical tests were carried out at the subject level, all error bars 

indicate standard error of mean (n=13 for EEG, n=14 for FMRI). Spearman’s rho was used in all 

correlations. Paired t-tests were used to compare EEG power/BOLD across orientations.  

 

6.3 Results 
 

6.3.1 Effects of contrast on frequency specific EEG power 
 

Group average ERSP for all orientation and contrast levels are shown in Figure 6.1a.  When 

averaging across all orientations, three distinct peaks were visible: an alpha peak at ~13 Hz, a low 

gamma peak at ~28 Hz, and a mid-gamma peak at ~50 Hz. Spatial maps of the mid-gamma and 

alpha responses show that both responses where strongest over occipital electrodes (Figure 6.1b, 

6.1c), yet displayed dramatically different contrast dependencies. Note how the alpha response 

at 50% contrast was indistinguishable from that at 5% contrast despite the large corresponding 

differences in gamma power and pupil diameter (Figure 6.6B), suggesting that the contributions 
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of alpha and gamma to the total neuronal response is contrast-dependent. Monotonic amplitude 

decreases from 100% contrast to all other contrast levels were noted in both the mid- and low- 

gamma ranges, but not in the alpha range (Figure 6.1E), and only the mid gamma peak frequency 

showed contrast sensitivity (Figure 6.1F). Given the similar response amplitude profiles of the mid- 

and -low gamma ranges, the two were pooled together for subsequent analysis. To quantify 

differences in alpha and gamma contrast dependency, we isolated all frequencies whose stimulus-

induced response was greater than zero in each stimulus condition (Figure 6.1G) and computed 

the fraction occupied in the alpha and gamma (Figure 6.1H).  These results confirmed that the 

relative contribution of gamma and alpha to the total neuronal response was indeed contrast 

dependent:  At high contrast, gamma represented ~80% of the total spectral power, whereas 

alpha dominated at low contrast (Figure 6.1I).   
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Figure 6.1  - Effects of contrast on frequency specific EEG power. A) orientation tuning curves 

from 0-180° for five different contrast levels, accompanying scalp maps averaged across all 

orientations are shown below for both gamma (B) and alpha frequencies (C). D) Power spectrum 

for all contrast levels averaged across all orientations. E) Significant monotonically descending 

changes in mid gamma and low ga mm due to contrast, but no clear pattern in alpha. F) 

Significantly monotonically descending peak frequency in mid gamma due to contrast, but no 

changes in low gamma or alpha peak frequency. G) Orientation by frequency maps showing 

significant changes as a function of contrast. H) Proportion of significant changes in gamma vs 

alpha as a function of contrast. I) FF/FB ratio as a function of contrast, obtained by dividing FF by 

FB from (H).  

 

6.3.2 Frequency specific EEG orientation tuning 
 

Group average orientation tuning curves for each contrast level are shown in Figure 6.2, revealing 

distinct orientation preferences for gamma (Figure 6.2A) and alpha (Figure 6.2B). Average tuning 

curves across all contrast levels are shown in Figure 6.2C. Gamma responses were strongest for 

oblique orientations (45, 135) whereas alpha desynchronization was strongest for vertical 

orientations (~90) suggesting that the different frequency bands exhibit distinct, yet contrast-

invariant, orientation preferences. To verify this, we pooled contrast values at each orientation 

and performed t-tests at all frequencies to test for both the inverse-oblique effect (oblique minus 

cardinal) and horizontal effect (vertical minus horizontal). These t-tests reveal an inverse-oblique 

effect in the gamma range, and a horizontal effect in the alpha range (Figure 6.2D), when pooling 

across all contrasts. We then isolated these effects at highest (100%) and lowest (5%) contrast 

levels, showing that the inverse-oblique effect in gamma was strongest at 100% contrast (Figure 

6.2E), and the horizontal effect in alpha was strongest at 5% contrast (Figure 6.2F).   
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Figure 6.2 – Frequency specific EEG orientation tuning. A) Gamma orientation tuning as a 

function of contrast. B) same as (A) but for alpha. C) Gamma and alpha orientation tuning 

averaged across all contrast levels. D) Inverse-oblique and horizontal effects in EEG as a function 

of frequency. E) Inverse-oblique effect is strongest in gamma at high contrast. F) horizontal effect 

is strongest in alpha at low contrast.  
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6.3.3 Replication of contrast dependent BOLD orientation tuning 
 

To replicate the results of Clifford et al demonstrating contrast dependent BOLD orientation 

tuning, we performed BOLD orientation tuning experiments at the lowest (5%) and highest (100%) 

contrast levels, using the same stimulus as for the EEG experiments.  These contrast levels were 

chosen based on the EEG findings showing that the inverse-oblique effect in gamma and 

horizontal effect in alpha was strongest at 100% and 5% contrast, respectively. We first examined 

BOLD orientation tuning in a large visual ROI defined by all voxels responding to a foveal stimulus 

of the same size as the orientation stimulus aperture (Figure 6.3A).  As reported in Clifford et al, 

we also observed distinct BOLD tuning curves at high and low contrast, shifting from an inverse-

oblique effect at high contrast (Figure 6.3B), to a horizontal effect at low contrast (Figure 6.3C). 

To examine the spatial pattern of these effects, we performed voxel-specific analysis for oblique 

minus cardinal and vertical minus horizontal (Figure 6.3D), revealing hierarchical structure in BOLD 

orientation selectivity. This was confirmed using an atlas-based approach, showing the inverse-

oblique effect was restricted to V1, while the horizontal effect was widespread and especially 

strong in the lateral occipital cortex (Figure 6.3E).         
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Figure 6.3 – Replication of contrast dependent BOLD orientation tuning. A) Contrast 

dependent BOLD orientation tuning, taken from a foveal mask defined by foveal stimulation of 

V1. B) Inverse-oblique effect in BOLD at high contrast (matching gamma). C) Horizontal effect in 

BOLD at both low and high contrast (matching alpha). D) Spatial distribution of inverse-oblique 

and horizontal effects in BOLD at low and high contrast. E) Visual ROI based analysis of inverse-

oblique and horizontal effects in BOLD.  
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6.3.4 Neurophysiological basis of contrast dependent BOLD orientation tuning 
 

The above results suggest that gamma orientation tuning only matches the BOLD at high contrast, 

while at low contrast, BOLD better resembles the alpha tuning profile. To test this, we first 

compared EEG orientation preference to the BOLD response from the same large ROI described 

above. Gamma preferences matched BOLD at 100% contrast (Figure 6.4A, rho=0.89) but less well 

at 5% contrast (Figure 6.4B. rho=0.31), while alpha matched BOLD poorly at 100% contrast (Figure 

6.4C, rho=0.19) but closely at 5% contrast (Figure 6.4D, rho=-0.73). Correlating EEG tuning at each 

frequency separately with BOLD at 5% and 100% contrast (Figure 6.4E) revealed a similar story, 

with 100% contrast BOLD orientation tuning variance best explained by gamma and 5% contrast 

BOLD orientation tuning variance best explained by alpha (Figure 6.4F). Next, we investigated how 

this relationship varied across the visual hierarchy. Voxel-specific correlations between EEG and 

BOLD tuning curves at 100% contrast revealed that the vast-majority of voxels exhibiting a strong 

Gamma-BOLD link (r>0.6) were largely restricted to areas V1/V2 (Figure 6.4G).  On the other hand, 

equivalent alpha-BOLD correlations (r>0.6) at 5% contrast were localized in higher-visual areas, 

namely area hV4 and LOC (Figure 6.4G). This was confirmed using the atlas based approach, with 

nearly half the voxels in V1 showing high correlations to gamma at high contrast (Figure 6.4H, top 

left) and a high proportions of voxels in V2,V3, hv4, and LO showing high correlation with alpha at 

low contrast (Figure 6.4H, bottom right).  
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Figure 6.4 – Neurophysiological basis of contrast dependent BOLD orientation tuning. A, B, 

C, D) EEG and BOLD tuning curve correlations at low and high contrast. Gamma matches BOLD 

best at high contrast, while alpha matches BOLD best at low contrast. E) EEG-BOLD tuning curve 

correlation for 100% (red) and 5% (blue) contrast. F) %variance explained in BOLD orientation 

tuning as a function of frequency specific EEG orientation tuning. G) Spatial topography of EEG-

BOLD tuning correlation at 100% (left) and 5% (right) contrast. BOLD matches gamma in V1 at high 

contrast, BOLD matches alpha in extrastriate at 5% contrast. H) Visual ROI analysis showing 

proportion of voxels in each ROI with a significant correlation to gamma (left) and alpha (right) at 

100% contrast (top) and 5% contrast (bottom).  

 

6.4 Discussion 
 

In lower sensory systems, feedforward (FF) processing transmits signals from the external world 

into the cortex, whereas feedback (FB) pathways convey contextual modulation from higher areas 

(Muckli 2010; Bastos et al. 2012; Muckli and Petro 2013; Park and Friston 2013; van Kerkoerle et 

al. 2014).  Using an experimental protocol that dissociates the two, we find that the stimulus-

induced BOLD V1 response is dominated by FB activity. 

 

The first main finding of this study is that alpha and gamma rhythms can be fully dissociated by 

changing stimulus contrast.  In line with several previous studies in humans and animal models, 

we observed that gamma power varied monotonically with contrast (Henrie and Shapley 2005; 

Jia et al. 2013; Hadjipapas et al. 2015) whereas the alpha band displayed little to no contrast 

sensitivity (Henrie and Shapley 2005).  For example, reducing stimulus contrast by a factor of 10 

(50%5%) effectively abolished all gamma activity despite having virtually no effect on the alpha 

response.  As a result, alpha power dominated the total neural response at low contrast, a finding 

that is consistent with previous work showing that FB input to V1 is indeed strongest for stimuli 

of low-saliency(Hupé et al. 1998).  Lastly, rather than exhibiting the typical luminance-induced 

constriction, our pupillometry measures revealed that the pupil remained slightly dilated during 

low-contrast (5%) stimuli.  This agrees with previous work(Ajasse et al. 2018), and again supports 

that notion that the low-contrast, stimulus-induced alpha response measured over occipital sites 

is not entirely driven by retinal input to visual cortex, but rather due to internally generated top-

down signals from higher cortical areas (Poulet and Petersen 2008; Ben-Simon et al. 2013). 

 

The second main finding is that gamma and alpha have unique orientation preferences, both of 

which are largely contrast-invariant.  The inverse-oblique effect in gamma is in-line with previous 

human MEG studies (Koelewijn et al. 2011b; Pantazis et al. 2017), while the horizontal effect in 

alpha to our knowledge, has yet to be reported in humans.  The reason behind unique orientation 

preferences for gamma and alpha is unclear, though several lines of evidence again point to the 
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distinct roles of FF and FB processing.  First, narrow band gamma signals measured with EEG/LFP 

are not necessarily correlated to V1 spiking output (Whittingstall and Logothetis 2009a; Ray and 

Maunsell 2011a; Jia et al. 2013) but rather by the strength and synchronization of cortical inputs 

(Lindén et al. 2011; Musall et al. 2014; Butler, Bernier, et al. 2017a).  Therefore, the robust gamma 

inverse-oblique effect observed at high contrast is most likely the result of strong, synchronized 

FF inputs to V1.  This would agree with studies in mice showing that both thalamic boutons and 

neurons in the main thalamorecipient layer 4, like gamma, prefer non-cardinal orientations (Sun 

et al. 2016).  On the other hand, FB boutons in V1, like alpha, largely prefer vertical orientations 

(Marques et al. 2018), suggesting that the strong desynchronization of alpha signals for low 

contrast vertical stimuli likely reflects decorrelated FB input to V1.         

 

Together, these results build on previous studies and support the idea that visually-induced 

gamma and alpha EEG signals measured in humans are valid indices of bottom-up FF and top-

down FB synaptic activity, respectively (Buffalo et al. 2011; Bastos et al. 2014; van Kerkoerle et al. 

2014; Mejias et al. 2016; Michalareas et al. 2016). 

 

Next, using a slightly different visual stimulus, we reproduced the fMRI findings of (Maloney and 

Clifford 2015): BOLD responses at 100% contrast were highest for oblique orientations, though 

shifted to a vertical preference at 5% contrast.  In addition, we found that voxels whose 

orientation profile matched gamma at high-contrast and alpha at low contrast were largely limited 

to foveal V1.  Our results suggest that the contrast dependent orientation tuning preferences in 

the BOLD signal is due to stimulus-specific changes in the FF-FB ratio:  High contrast gratings 

induce disproportionally large FF input, tuning the BOLD signal more to the metabolic burden of 

processing FF inputs while in the low contrast condition, the V1 BOLD signal is dominated by FB 

inputs. These results have three important implications regarding the generalized interpretation 

of BOLD signals measured in early visual cortex.   

 

First, although it is commonly assumed that BOLD reflects neural activity in the gamma range 

(Ojemann et al. 2013), our study provides further compelling evidence that the BOLD response is 

not exclusively tied to neural activity within a single frequency band, but rather exhibits a flexible 

relationship with several bands (Scheeringa et al. 2011; Magri et al. 2012b).  Different bands 

reflect different neuronal processes (FF vs. FB) and possibly different cell types each of which can 

change depending on the stimulus, brain state and location.   

 

The second implication is based on our observation that the BOLD response in early visual cortex 

is principally shaped by top-down FB influence, rather than bottom-up FF input.  FB is generally 

thought to provide more input to V1 compared to FF thalamic afferents (Budd 1998; Douglas and 

Martin 2007):  FB projections predominantly target the deep and superficial layers of V1 while 
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avoiding the middle FF input layer(Felleman and Van Essen 1991) and originate from nearby visual 

areas (e.g. V2-V4) as well as distant non-visual areas including parrahippocampal gyrus and 

inferotemporal cortex(Rockland and Van Hoesen n.d.; Kobayashi and Amaral 2003, 2007; 

Clavagnier et al. 2004; Whittingstall et al. 2014; Mejias et al. 2016).  Put otherwise, FB projections 

to V1 target over twice as many neurons and glia compared to FF (Giannaris and Rosene 2012), 

indicating that the metabolic burden of integrating and processing even weak FB input is likely to 

increase hemodynamic measures.  Indeed, general anesthesia, which has been shown to 

selectively disrupt FB while leaving FF intact (Lamme, Zipser, et al. 1998; Wollstadt et al. 2017), 

largely supresses hemodynamic measures such as BOLD and CBF(Qiu et al. 2008) while having 

little to no effect on spike rates(Pisauro et al. 2013).  The latter is most likely due to the fact that 

FB can have both faciliatory and inhibitory effects on V1 (Nassi et al. 2013).  In addition, the main 

determinant of a cortical neurons response to thalamic input is not in its strength, but rather in 

its synchrony(Alonso et al. 1996; Bruno and Sakmann 2006).  Hemodynamic measures such as 

BOLD are relatively insensitive to changes in the latter(Butler, Bernier, et al. 2017a), again 

highlighting how fMRI measures in V1 are more likely shaped by the numerous FB rather than a 

few, albeit synchronized, FF inputs it receives.  Taken together, our results provide direct 

experimental evidence that synaptic activity produced by FB input is clearly visible with fMRI but 

difficult to observe in the spiking output of cortical neurons (Logothetis 2008).  This likely explains 

why classic neurophysiology results obtained in anesthetized preparations, such as contrast-

invariant orientation tuning(Geisler and Albrecht 1997) and contrast-saturation, are not observed 

in human fMRI.  As it stands, the source of this FB cannot be unambiguously delineated from the 

current study.  At low-contrast, we found that alpha orientation profile closely matched the BOLD 

in both striate and extrastriate areas (V3, V4, LOC), indicative of both proximal and distal FB 

contributions.  The latter may reflect that fact that such stimuli are more difficult to evaluate than 

high contrast stimuli and thus may encourage subjects to pay more attention(Lee and Maunsell 

2010), thus leading to top-down attentional modulation of V1(Thiele and Bellgrove 2018).  

Assuming this was also the case for our subjects, our results suggest that attention (low-contrast 

stimuli) increases vertical BOLD responses, but decreases those at horizontal.  This is in-line with 

the study by Liu et al. (Liu et al. 2007), who found that attending to a horizontal grating decreased 

the V1 BOLD response.   

 

In summary, FB signals are generally referred to as providing contextual information to visual 

stimuli that FF alone cannot.  Our results go beyond this by showing that even basic features of 

visual coding such as orientation preference, are heavily influenced by FB.   
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6.5 Conclusion  
 

Contrast dependence of BOLD orientation tuning arises due to the different orientation tuning 

curves of feedback and feedforward neuronal populations; at low contrast, with limited 

feedforward activity, alpha tuning drive the BOLD response, while at high contrast, with strong 

feedforward activity, gamma tuning drives the BOLD response.  
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Figure 6.5 – Stimuli and EEG orientation tuning analysis. A) Example of four different 

orientations used in the experiment (grating slowly rotated from 0-360°, and highest and lowest 

contrast levels (100% and 5%). B) NRF response to rotating grating. C) Clockwise and counter-

clockwise grating trials were pooled to yield frequency specific power as a function of orientation, 

which was then averaged from 0-180° and 181-360° to produce a frequency specific EEG 

orientation tuning matrix.  
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Figure 6.6 – Eyetracking results. A) Example of a single eye during eye-tracking experiment. B) 

Pupil dilation %change timecourse as a function of different contrast levels and rotation direction 

(clockwise vs counter-clockwise). C) Dilations as a function of contrast. D) No orientation specific 

effects were observed in the pupil diameter data.  
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7 – Discussion 
 

7.1 Contributions of the Thesis 
 

The work contained within this thesis has contributed to the field of neuroimaging by improving 

our understanding of how brain rhythms measured using EEG relate to underlying hemodynamic 

activity and anatomical factors such as cortical curvature and distance from cortex to scalp.  

 

The first primary question this work address is the relationship between gamma band activity and 

the BOLD signal. The ubiquity of BOLD in contemporary efforts to map human brain function, 

especially with the emergence of resting state networks (Horovitz et al. 2008), highlights the need 

for improved understanding of the neurophysiological underpinnings of BOLD, and the 

relationship between neuronal oscillations and hemodynamic activity. The work presented in 

Article 1 demonstrates a mechanism whereby the hemodynamic supply to the brain measured 

through BOLD, and the amplitude of neuronal activity, measured through EEG gamma rhythms, 

are dissociable. The Article 1 finding that neuronal synchrony is the mechanism whereby BOLD 

and gamma are dissociated is a contribution that ties together many disparate findings in a 

conflicted literature, with some arguing that no consistent relationship exists between BOLD and 

gamma (Muthukumaraswamy and Singh 2008b; Swettenham et al. 2013), while others claim that 

BOLD and gamma go together at all times(Logothetis 2002; Niessing et al. 2005b; Goense and 

Logothetis 2008b; Scheeringa et al. 2011). The work presented in Article 1 is a fundamental 

contribution to the role of neuronal oscillations in neurovascular coupling, challenging the long 

held assumption that narrow band oscillations in a specific frequency range have a special role to 

play in driving hemodynamic supply. Instead, this article support emerging literature linking 

broadband neural activity to BOLD (Winawer et al. 2013; Hermes et al. 2017). The work does not 

discount the role of oscillations in shaping a vascular response, but instead, shows how 

narrowband oscillations specific to a certain frequency range can be abolished with little change 

in hemodynamic activity. It is still conceivable that oscillations in the gamma or alpha range do 

play some special role in regulating CBF, perhaps through a more synchronized release of 

vasoactive substances (gamma) or rhythmic inhibition of vasoactive substance release (alpha).  

 

The work also addresses neurovascular coupling in the context of orientation tuning in Article 4. 

This article shows for the first time distinct, contrast invariant orientation tuning preferences for 

gamma and alpha, while reproducing a striking BOLD result demonstrating contrast-dependent 

orientation tuning (Maloney and Clifford 2015). The work in Article 4 is important for several 

reasons. First, the work resolves the discrepancy between the results of (Maloney and Clifford 

2015) who show contrast-dependent orientation tuning in V1, and years of neurophysiology 
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research showing contrast-invariant orientation tuning in V1 (Finn et al. 2007; Nowak and Barone 

2009; Sadagopan and Ferster 2012). The reasons these two results can exist simultaneously is due 

to the fact that BOLD can be seen as proxy for CBF, and the relation between CBF and various 

aspects of neuronal activity is unclear. Studies using microelectrode penetrations to establish 

contrast-invariant orientation tuning in V1 were using spiking responses as their primary measure 

of neuronal activity, missing large portions of the neurophysiological response. Using EEG, we 

show that the relative contribution of alpha and gamma to the orientation tuning profile changes 

as a function of contrast, and this change, coupled with distinct gamma/alpha orientation tuning 

preferences, explains contrast-dependent BOLD orientation tuning. At low contrast, BOLD is 

sensitive primarily to alpha, while at high contrast, BOLD is sensitive to a mixture of gamma and 

alpha. Second, the work builds on that of (Scheeringa et al. 2011) where it was found that alpha 

and gamma contribute independently to BOLD. Article 4 of this thesis extends this finding by 

showing specific circumstances under which alpha contributes more strongly to BOLD than 

gamma (low contrast) and where gamma contributes more strongly to BOLD (high contrast). In 

doing so our understanding of the relationship of BOLD to feedforward and feedback processing 

in V1 has improved – BOLD is more sensitive to feedback under conditions of low sensory 

stimulation.  

 

One of the most interesting questions the work addresses is the fact that certain individuals, 

otherwise normal in brain function and structure, have a complete lack of gamma band response 

to a large, high contrast visual grating stimulus, whereas other individuals exhibit 200-300% 

increases in visually induced gamma power. This puzzle of the “gamma band non-responder” has 

been around ever since EEG gamma signal measurements were first taken in the healthy 

population, in the mid-2000s. The work contained in Article 2 shows, for the first time, that 

individuals exhibiting lower or non-existent gamma band responses are more likely to exhibit 

larger cortex to scalp distances, in particular, the distance comprising skull and scalp. The work 

also shows that a second contributing factor may be the cancellation profile of visual cortex; 

individuals with greater cancellation across neighbouring dipoles also exhibit lower gamma 

amplitude (Article 2). Thus, while the visually induced gamma band response remains an exquisite 

non-invasive marker of neural activity in humans, its raw amplitude cannot simply taken as an 

index of underlying neuronal population response strength or synchronization at the subject level. 

The importance of this finding is highlighted by the fact that many studies seek to interpret the 

amplitude of the EEG gamma band response, both in health and disease (Sun et al. 2012; Brunet 

et al. 2013, 2014; Campbell et al. 2014; Perry et al. 2014; Balz et al. 2016; van Pelt et al. 2018).  

 

The fact that gamma band amplitude correlates inversely with both distance and cancellation is 

unsurprising, based on the nature of EEG (Nunez and Srinivasan 2006a), according to the theory 

of electrical fields in biological tissue, anatomical factors should affect all frequency bands. Alpha 
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power was not significantly correlated with distance or curvature, raising questions for future 

research. One possible reason for the lack of correlation between alpha and distance/curvature is 

that alpha is more related to feedback than feedforward processing in the brain, whereas gamma 

indexes feedforward. Therefore, if each subject is given the same stimulus, differences in 

feedforward (gamma) responses across individuals would depend more heavily on anatomy, due 

to the fact that each subject receives the same feedforward inputs from the outside world, ie, the 

input to the system is controlled, which maximizes differences due to the system itself (anatomy). 

Feedback (alpha), on the other hand, has the potential to be more dependent on the individual 

experience, and attentional state at the time of the stimulus, these factors could reduce variability 

due solely to anatomy in the alpha band.  

 

Another potential explanation for the lack of distance/cancellation correlation with alpha across 

subjects involves SNR constraints. The gamma band is much higher frequency and hence lower 

amplitude than alpha. Assuming broadband contamination of the EEG power spectrum due to 

muscular and/or poor impedance artifacts, neuronal signals in the gamma band are relatively 

much weaker than those in the alpha band, due to the 1/fn (where n=1.5-2) nature of the 

neurophysiological frequency spectrum (Buzsáki et al. 2012b). Gamma is hence much weaker than 

alpha relative to background noise, and small changes in distance/cancellation have a 

disproportionally large impact on the SNR of the gamma rhythm relative to alpha. This causes 

gamma to be more sensitive to distance and cancellation, as relatively small changes in distance 

have a proportionally larger impact on SNR of low amplitude signals (gamma).   

 

Finally, the work in Article 3 provides a useful tool for researchers using simultaneous EEG-FMRI 

to investigate the brain. The Article shows how a UTE image of EEG electrodes can be acquired in 

as little as 3 minutes, yielding electrode locations with <1 mm precision to improve co-registration 

of source EEG with BOLD. This should aid in the accuracy of source reconstructions (Beltrachini et 

al. 2011) and future investigations of NVC at the source level.  
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7.2 Future Directions 
 

Future experiments stemming from this work could go in several directions. Some specific 

questions that emerge from the findings presented above are as follows: 

 

7.2.1 Further questions with respect to anatomical correlates of EEG 
 

1) What is the anatomical basis of the inter-subject alpha rhythm amplitude and peak frequency? 

The alpha rhythm did not correlate significantly with distance or cancellation, but considerable 

inter-subject variability exists. Other anatomical factors may be important, such as white matter 

connectivity, or fiber tract length (Chamberland et al. 2015; Renauld et al. 2016; Deslauriers-

Gauthier et al. 2017). Alpha is the most prominent and well-studied rhythm in EEG, and 

understanding its anatomical basis is of high interest. Future investigations into this problem could 

first use simultaneous EEG-FMRI to define brain areas where spontaneous coupling exists 

between alpha amplitude and BOLD, and then use diffusion weighted imaging to examine the 

connections between these regions. Laminar interactions may also be important for determining 

alpha amplitude/peak frequency, and high resolution anatomical images of laminar connectivity 

or the diffusion MRI profile of cortical laminae may be of use here.  

 

2) What explains the other ~65% of the variance in inter-subject EEG gamma rhythm amplitude? 

The highest correlations obtained here between gamma and distance/curvature were ~0.5 and 

~0.3 respectively, together explaining roughly 35% of the variance in inter-subject gamma rhythm 

amplitude. Another recent study (Shaw et al. 2017b) used dynamic causal modeling estimate the 

strength of inhibitory gain control in V1 and account for roughly 40% of the variance in inter-

subject gamma amplitude. Clearly, many factors both at the level of gross anatomy as well as 

cortical circuit connectivity play a role in determining gamma amplitude, and the relative 

contributions of all these factors should be parsed out in greater detail.    

 

3) Are there any reproducible structural correlates of inter-subject gamma peak frequency? 

Multiple studies now have reported a range of correlates for inter-subject gamma peak frequency 

(Muthukumaraswamy et al. 2009; Schwarzkopf et al. 2012; Dickinson et al. 2015a; Kujala et al. 

2015a), but these results suffer from a lack of reproducibility. Furthermore, gamma peak 

frequency is malleable, changing with stimulus size and contrast, and dissociable from gamma 

amplitude (Jia et al. 2013). More studies examining anatomical correlates of gamma peak 

frequency are needed, as well as studies examining the relationship of gamma peak to inhibitory 

measures derived through TMS or perceptual self-reporting. Gamma peak frequency is also 

sometimes split into two distinct peaks depending on the stimulus (Murty et al. 2018) and the 

functional relevance of the ‘double peak’ is currently unknown.  
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4) What are the limits of EEG/MEG in predicting anatomy? Recent work has shown that high 

quality retinotopic maps can be obtained using MEG (Nasiotis et al. 2017), therefore, non-invasive 

electrophysiological measures, given enough SNR, may have a much higher spatial resolution than 

previously assumed. However, the inferior bank of V1 was not mapped in (Nasiotis et al. 2017), 

indicating that the EEG/MEG retinotopic response yields information on cortical structure 

(subjects whose retinotopic maps are more clearly delineated may differ structurally). Dual 

MEG/EEG recordings could be performed in the same subjects under retinotopic mapping stimuli, 

and obtained responses compared with ‘ground truth’ BOLD retinotopic maps and intervening 

tissue layers obtained with a T1/T2 MRI image. This would allow for direct comparison of EEG and 

MEG in a highly controlled experiment with ground truth available, to investigate the differences 

in source localization accuracy and role of forward modeling in determining EEG/MEG responses 

in the brain. Source localization efforts could be informed based on these results, to improve the 

estimate of neural amplitude given a scalp recording and anatomical T1 image.  

 

5) Linearity of frequency specific response as a function of input amplitude and spatial 

configuration: Preliminary results (not shown) indicate that visual stimuli with stronger contrast 

induce greater gamma amplitude, but little change in alpha amplitude (from 5% to 100% contrast, 

alpha magnitude is the same). This indicates that alpha is an ‘all-or-none’ phenomenon while 

gamma is more linear. However, alpha is linear in other ways, for example, the alpha response to 

a single quadrant is less than the alpha response to a full field. Therefore, neural frequency bands 

show feature specific linearities which could give information on their function. The alpha 

oscillation, which increases with a lack of input (eyes closed) serves as an ‘all or nothing’ feedback 

mask to restrict the timing of excitatory firing (Fries 2005; Klimesch et al. 2007), is stronger at a 

distance measured with EEG when all retinotopic areas are activated by a full field stimulus. The 

gamma rhythm is stronger when the stimulus is stronger not just larger, because gamma indexes 

feedforward tonic mode thalamic input to layer 4 which is proportional to stimulus strength 

(Sherman and Guillery 2002).  

 

7.2.2 Further questions with respect to neurovascular coupling 
 

1) Laminar and hierarchical basis of gamma/alpha vs BOLD coupling. Recent work has begun to 

uncover the laminar origins of frequency specific EEG-BOLD coupling (Scheeringa et al. 2016), but 

these experiments were performed at 3T and using a limited stimulus (one contrast level only). 

Higher field acquisitions with more interesting stimuli could provide the first non-invasive 

evidence for the role of alpha and gamma in directed influences of human visual processing. 

Following from Article 4, the next logical step is to perform the same experiments but using 

laminar BOLD or VASO to examine contrast dependent orientation tuning across the cortical 
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layers. Perhaps cortical layer 4 maintains contrast-invariant orientation tuning following gamma, 

and cortical layers 1,2, and 5 also maintain contrast invariant orientation tuning following alpha. 

The contrast dependent BOLD orientation tuning obtained at larger voxel sizes (2-3 mm isotropic) 

could be shown to result from partial volume effects when averaging across cortical laminae. If 

true, this finding could revolutionize our understanding of visual processing, since established 

results from the 1960s (Hubel and Wiesel 1968) predict consistent orientation tuning profiles 

across the laminae, however, the microelectrodes used in these experiments (high impedance 

tungsten electrodes) are not sensitive to gamma, alpha, or BOLD.  

 

2) Investigate further how global gamma relates to low spatial frequency BOLD orientation tuning. 

Recent work has established using multi-scale pattern analysis that orientation tuning in humans 

has a low spatial frequency or global component (Swisher et al. 2010). This low spatial frequency 

component of BOLD orientation tuning seems to mirror the preferences of global gamma 

measured through EEG (oblique preference). An improved understanding of how global gamma 

relates to hemodynamic activity or even coordinates hemodynamic responses across large 

swathes of cortical tissue could shed light on the functional significance of global gamma, and 

coherent large-scale brain rhythms in general.  

 

3) Although not directly related to the work presented here, large scale databases such as the 

human connectome project (HCP) now exist, with high quality multi-modal acquisitions from 

hundreds of subjects. In particular, HCP has a dataset of 90 individuals with both MEG and BOLD 

acquisitions in all subjects. This dataset could be used to establish correlations between BOLD 

resting state networks (RSNs) and MEG source connectivity, to examine further the 

neurophysiological basis of BOLD resting state. Furthermore, some investigators now claim that 

MEG source connectivity recapitulates BOLD RSNs (Brookes et al. 2011), and this theory could be 

put to the test using HCP databases (subjects with stronger MEG RSNs should also have stronger 

BOLD RSNs, and vice versa).  

 

4) The roles of feedback neural activity in BOLD RSN and stimulus induced activity. As mentioned 

in the introduction, two theories of NVC exist, the 1) feedforward and 2) feedback theories, 

proposing that 1) changes in CBF arise due to direct communication between neurons and vessels 

through release of vasoactive substance, or 2) accumulation of by-products of metabolism such 

as CO2 triggers CBF increases. The original models formulated to explain the BOLD response 

(Buxton et al. 1998) were used in the context of stimulus-induced activity, where large changes in 

CBF occurred due to sudden increases in neuronal activity through sensory stimulation. Recently, 

with the emergence of RSNs as important features of the BOLD signal, the balloon model may be 

less relevant. Unpublished results using dynamic SWI acquisition during this PhD seem to indicate 

that RSNs are not recoverable using multiple lower resolution SWI acquired in sequence, while 



136 
 

stimulus induced activations are. This may indicate that the stimulus induced and RSN network 

fluctuations in BOLD signal arise due to different NVC mechanisms, which deserves further 

investigation.  

 

7.2.3 Other experiments 
 

Alpha-gamma relationships: most stimuli used throughout the thesis had opposite effects on 

alpha and gamma – visual stimulation was typically accompanied by increases in gamma and 

decreases in alpha. This would suggest that these two rhythms are complementary or inversely 

correlated. However, it may be possible to design stimuli or experimental paradigms such as 

attention allocation experiments to increase both gamma and alpha in the same region. If so, 

studying BOLD responses to these paradigms could be of great interest in unraveling the 

independent contributions of alpha/gamma to BOLD.  

 

Broadband gamma and EEG: only one study has thus far reported broadband stimulus induced 

gamma activity in EEG of neurophysiological origin (Onton and Makeig 2009). However, this type 

of activity is commonly observed in ECOG and LFP recordings, and may serve as an index of spiking 

activity in V1. The problem with obtaining this signal in EEG is muscular contamination. ICA was 

an important step towards improving the SNR of high frequency EEG recordings, but further 

advances in denoising technique may allow us to extract even more sensitive measures of neural 

activity from EEG, such as broadband gamma. Therefore, future work could focus on developing 

improvements to ICA for domain specific applications such as high frequency EEG. 

  

Other physiological correlates of brain rhythms: EEG gamma and alpha rhythms provide non-

invasive insight into human brain activity, but their functional relevance remains a matter of 

debate. One way to shed light on this issue would be to perform spontaneous recordings of EEG 

with physiological measures such as pupil diameter, heart/breathing rate, skin impedance, and 

muscular tone. This type of experiment would help determine to what extent the brain rhythms 

control/are controlled by other bodily processes. Simple experiments, such as paralysation of 

head and neck muscles (Whitham et al. 2007) or simultaneous eyetracking-EEG (Keren et al. 2010) 

have revealed important confounds in EEG that are still underestimated. In particular, the spectral 

overlap of alpha rhythm with motion-induced ballistocardiogram artifact during simultaneous 

EEG-FMRI deserves further investigation, as many alpha-BOLD studies may be reporting 

artefactual coupling due to cardiac contamination.  

 

EEG ICA component reproducibility: ICA assumes a mixture of independent underlying sources 

that can be linearly mapped to electrode time series using a set of weights. Despite the success of 

ICA in EEG analysis over the past decades, little work has been done to investigate the 
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neurophysiological basis of these underlying sources, which reproduce across different subjects, 

subject timing, and experimental conditions. For example, running ICA on most quietly resting 

subjects will reveal reproducible anterior, central, parietal, and occipital components, each with 

distinct spectral signature and scalp weight map. Presumably, these components represent 

distinct neuronal generators coordinating synchronized activity across wide cortical areas. These 

components should be studied in more detail, to assess their reproducibility, functional relevance, 

and relationship to other markers such as BOLD RSNs, anatomical structure, and physiological 

variables.  
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8 – Conclusion 
 

This thesis has improved our understanding of why the gamma rhythm amplitude varies across a 

healthy population, finding strong, inverse correlations between gamma amplitude and brain to 

scalp distance. In particular, individuals with thick scalp/skull layers and a highly curved cortex, 

will exhibit lower amplitude gamma rhythms in their EEG. Furthermore, the thesis has resolved 

the gamma vs BOLD debate, showing that while gamma and BOLD can be correlated in some 

instances, specific stimuli which decrease spatial correlation of neuronal activity will squash 

gamma power while still eliciting a robust BOLD response, thus gamma rhythm amplitude does 

not drive BOLD activity directly.  
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[1] Butler, R., Bernier, P.-M., Lefebvre, J., Gilbert, G. & Whittingstall, K. Decorrelated Input 

Dissociates Narrow Band γ Power and BOLD in Human Visual Cortex. J. Neurosci. 37, (2017). 

 

[2] Butler, R., Gilbert, G., Descoteaux, M., Bernier, P.-M. & Whittingstall, K. Application of polymer 

sensitive MRI sequence to localization of EEG electrodes. J. Neurosci. Methods 278, 36–45 (2017). 

 

[3] Butler, R., Bernier, PM., Mierzwinski, G., Descoteaux, M., Gilbert, G., Whittingstall, K. Cortical 

Distance, not Cancellation, Dominates Inter-Subject EEG Gamma Rhythm Amplitude. NeuroImage 

192 156-165 (2019) 

 

11.2 Co-Authored Articles 
 

11.2.1 Submitted 
 

[1] Bachatene, L., Butler, R., Gilbert, G., Whittingstall, K. Transient Ocular Deprivation Increases V1 

Response to Visual Stimulation and Population Receptive Field Size. Cerebral Cortex (CerCor-2018-

00988) (Submitted September 2018) 

 

[2] Deslauriers-Gauthier, S., Lina, JM., Butler, R., Whittingstall, K., Bernier, PM., Deriche, R., 

Descoteaux, M. White Matter Information Flow Mapping from Diffusion MRI and EEG. 

NeuroImage (NIMG-18-1685) (Submitted June 2018) 
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11.3 International Presentations 
 

11.3.1 Oral Presentations 
 

[1] Butler, R., Gilbert, G., Whittingstall, K. Ultra-Short Echo Time Sequence for Electrode Locations 

in Simultaneous EEG-FMRI. ISMRM 2016 Annual Meeting (Singapore) 

 

11.3.2 Poster Presentations 
 

[1] Butler, R., Bernier, PM., Whittingstall, K. Simple Stimulus Manipulation Decouples Gamma 

Power and BOLD in Human V1. OHBM 2015 Annual Meeting (Honolulu, Hawaii) 

 

[2] Butler, R., Bernier, PM., Gilbert, G., Descoteaux, M., Whittingstall, K., Quality of Single Trial and 

Subject Specific EEG Alpha/Beta and Gamma Power Acquired Simultaneously with Multi-band 

BOLD OHBM 2016 Annual Meeting (Geneva, Switzerland)  

 

[3] Butler, R., Bernier, PM., Mierzwinski, G., Gilbert, Guillaume., Descoteaux, M., Whittingstall, K. 

Inter-subject Variability in Healthy Human EEG Gamma Power is Explained Primarily by Distance 

from Cortex to Electrode, and Cortical Dipole Cancellation Index. OHBM 2017 Annual Meeting 

(Vancouver, Canada)  

 

[4] Butler, R., Bernier, PM., Gilbert, G., Descoteaux, M., Whittingstall, K. Voxel-wise Simultaneous 

EEG-BOLD Correlations Reveal State and Area Dependent Neurovascular Coupling in Human. 

OHBM. 2017 Annual Meeting (Vancouver, Canada) 

 

 [5] Butler, R., Bernier, PM., Gilbert, G., Descoteaux, M., Whittingstall, K. Effects of EEG Motion 

Censoring and BOLD Global Signal Regression on EEG-FMRI Cross-correlation OHBM 2018 Annual 

Meeting (Singapore)  

 

[6] Butler, R., Bernier, PM., Gilbert, G., Descoteaux, M., Whittingstall, K. Retinotopic and 

Orientation Tuning of EEG Alpha/Beta and Gamma Frequencies and their Relationship to BOLD 

FMRI. OHBM 2018 Annual Meeting (Singapore)  

 

[7] Butler, R., Gilbert, G., Descoteaux, M., Bernier, PM., Whittingstall, K., BOLD Hemodynamic 

Response Function Varies as a Function of both Brain State and Brain Region. ISMRM 2018 Annual 

Meeting (Paris, France) - accepted but did not attend. 
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[8] Butler, R., Bernier, PM., Gilbert, G., Descoteaux, M., Whittingstall, K. Frequency Specific 

Retinotopic and Orientation Tuning and Relationship to Hemodynamic Responses in Healthy 

Human V1. Society for Neuroscience (SFN) Annual Meeting (San Diego) November 2018.  

 

[9] Butler, R., Bernier, PM., Gilbert, G., Mierzwinski, G., Descoteaux, M., Whittingstall, K. Effects 

of Distance and Cancellation on inter-subject EEG Gamma Rhythm Amplitude. OHBM 2019 Annual 

Meeting (Rome) June 2019.  
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