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CHAPTER 1

Introduction 
 

“The brain weighs only three pounds, yet it is the most complex  
object in the solar system.” 

Michio Kaku 
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Human behavior can be seen as a sequence of infinite possible steps. Each sensation 

triggers a thought or a movement, which in turn provokes further behaviors and 

mental states, and continues to do so. This sequence of events is terribly complex and 

ambiguous, as it is unclear where one sensation or action stops and the next one begins. 

At the center of it all is the brain, which has the extraordinary capacity to collect the 

massive amount of input from the outside world, interpret them, and give rise to the 

appropriate behavior. This has wondered the human race for ages, and the more we learn 

about it, the more wonderful it seems. This thesis examines a small but crucial part of 

this wonder: How is brain activity organized such that it can respond dynamically to an 

infinite set of inputs?

The anatomy of the brain

The brain is the centralized part of the nervous system, and connects with the rest of the 

body through the peripheral nervous system. The peripheral nervous system receives 

input from the bodily senses, like touch, proprioception, and heat, and delivers it to the 

brain (figure 1A). In the opposite direction, it carries regulatory signals from the brain 

to the rest of the body, for example to control its muscles. In general, the regions in one 

hemisphere of the brain control (in case of movement) or process (in case of perceptual 

input) the opposite side of the body.

 
Figure 1 | The anatomy of the brain. A) Photograph of the medial part of the brain, with labels 
for the different structures of the central nervous system. B) Photograph of the lateral surface 
of the brain, with labels for the lobes of the brain and for the primary visual cortex (V1). Insert: 
schematic division of the four lobes over one hemisphere. Adapted from Noback (2005).

 

Many of the life-sustaining functions rely on the evolutionary older parts of the brain (e.g. 

spinal cord, cerebellum). Higher-order brain functions that are typical for our behavior in 
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everyday life depend mostly on the outer layer of the brain: the neocortex (Kandel et 

al., 2000). This is the part of the brain that is exceptionally well developed in humans, 

which makes that we excel in higher-order functions like reasoning, language, planning, 

and complex perception. It is therefore the focus of many neuroscientific endeavors, 

including this thesis.

Hierarchical organization of the cortex

The neocortex consists of many specialized functional regions, which carry out specific 

types of information processing (i.e. functional hierarchy). For example, the brain region 

specialized in vision lies in the back of the brain, in the occipital lobe (figure 1B). Every 

region is structured according to an organizational hierarchy, from individual cells to 

cortical columns to brain areas (Sejnowski, 1988). Subregions are made up of functional 

units that carry out a specific information-processing task and transfer it to one or more 

units further up the functional hierarchy. For example, in vision a retinal image enters 

the cortex in the primary visual cortex, or V1. V1 is organized as a topographical map: 

sets of functional units in V1, structured as columns, correspond to a specific location 

on the eye’s retina, of only 0.01-1.5 mm in size (Kandel et al., 2000). Each functional 

unit in a column only responds to local contrast differences in the visual stimulus (Hubel 

and Wiesel, 1962). For example, if you look at a black square on a white background, 

the strongest contrast is at the edges of the square. The functional units in the cortical 

columns that correspond to the orientation of the squares’ edges on the retina will be 

most active.

The visual areas that are more towards the front of the brain are higher up in the visual 

hierarchy (e.g. V2, V3, etc.). The functional units in these areas are more specialized and 

receive input from lower areas like V1 (i.e. a bottom-up brain process). Thus, the higher up 

in the hierarchy, the more different parts of the visual field, and different aspects of vision 

(e.g. movement, color, complex shapes, etc.), converge and are combined into complex 

shapes and forms, subserved by bottom-up brain signaling. The higher hierarchical 

regions exert control over the lower ones by top-down signals, for example in order to 

verify the input or selectively enhance certain processes (Engel et al., 2001).

Neurons communicate through electrical signals

The brain’s functional units are composed of neurons (figure 2). Neurons come in 

different types and forms, but have the same general make-up and mechanism. Neurons 

communicate by means of action potentials, rapid changes in the cell membrane’s 

electrical potential that cascade from the cell body through the axon. The axon branches 

off and connects with the dendrites of other neurons at the synapse, which is where 

the signal transmission between neurons takes place. The pre-synaptic neuron releases 
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neurochemicals into the synapse, which affect the post-synaptic neuron by producing 

a post-synaptic potential (PSP). These can be excitatory (EPSP), making the membrane 

potential more positive, or inhibitory (IPSP), making the membrane potential more 

negative. When the accumulation of all EPSPs and IPSPs at the cell body crosses a certain 

threshold, an action potential is fired. 

 

 
Figure 2 | The anatomy of a typical neuron. Adapted from 
Bear et al. (2015).

Cognitive electrophysiology

The electrical activity from the brain can be directly recorded from outside the brain with 

electroencephalography (EEG) or magnetoencephalography (MEG, see Box 1; Baillet, 

2017; Hämäläinen et al., 1993). With these techniques, it is possible to record brain activity 

of large groups of neurons on a fast time scale (on the order of ms). Typically, a researcher 

studies the brain activity in response to the occurrence of a stimulus, like a sound or an 

image, or in response to a movement. The resulting neural activity can be subdivided 

in two types: evoked activity and induced activity (figure 3). Evoked activity is time-

locked to the event and is usually referred to as the event-related potential (ERP) or field 

(ERF) for EEG and MEG, respectively. These are rather static and specific to the stimulus. 

Every time you would see the same image or hear the same sound, it would result in a 

very similar evoked response, more or less like a signature. However, every single ERP 

is buried in noise, making it difficult to observe the signature. Therefore, researchers 

usually repeat trials many (sometimes hundreds of) times. The evoked response to the 

same event is then averaged over trials, taking advantage of the fact that noise tends to 

cancel out.

cell body

axon

dendrites
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Figure 3 | Schematic of the difference between evoked and induced evoked responses. Evoked 
activity is time-locked to stimulus onset and can benefit from trial-averaging. Induced activity 
is jittered over trials with respect to a specific latency, and cancels out when the response is 
averaged over trials. Adapted from Bertrand et al. (2001).

 

Induced activity is not time-locked; it is initiated by an event, but not tightly coupled to it. 

In particular, the timing of the induced response is variable over trials. The consequence 

is that induced activity tends to cancel out when trials are averaged (figure 3; Tallon-

Baudry and Bertrand, 1999). Therefore, induced activity requires more sophisticated 

analysis methods, which estimate the amount of energy (i.e. power) that is contained in 

a specific frequency and time window. Power is a strictly positive quantity and thus does 

not average out over trials. The induced response is the result of neural oscillations, the 

phenomenon of rhythmic synchronous activity amongst neurons, which is analogous to 

the following example. Imagine sitting in the theater and just having seen a beautiful 

play. The actors come up the stage one more time and receive an immense applause. 

It starts with a chaotic eruption of noise, where each person applauds in their own 

rhythm. However, gradually the rhythms line up and everybody is clapping at the same 

time. Nobody in the theater leads this rhythm, yet everyone participates. Induced brain 

activity is much like this: the activity of whole groups of neurons fall into a spontaneous 

rhythm, without there being a leader. Oscillations can be present at different frequencies, 

and may become stronger or weaker in response to an event like the presentation of an 

image or a sound (Tallon-Baudry and Bertrand, 1999). 

Classes of neural oscillations support distinct cognitive functions

Based on the changes in the strength of neural oscillations in particular frequencies 

during cognitive tasks, they are thought to reflect specific brain processes (Buzsáki, 

2006). The most well-known is the alpha rhythm (8-13 Hz), which marked the discovery 

of neural oscillations in 1924 (Berger, 1929). Alpha power (i.e. the strength of the alpha 

rhythm) in the visual parts of the brain increases when subjects close their eyes, and 

decreases again when the eyes are opened. At first, it was thought to reflect the activity 
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BOX 1 | Recording brain activity with EEG and MEG 

Human brain activity can be recorded directly and non-invasively with EEG and MEG. These 
techniques are very similar and rely on the changes in neurons’ membrane potentials. The 
potential of a single neuron is too small to record outside the brain, but the activity of large groups 
(tens of thousands) of neurons sums up and can be measured if particular conditions are met: 

1)  Neighboring neurons must have the same orientation. The direction of the current running 
through the neurons must be similar in order to not cancel each other out. 

2)  Changes in membrane potentials amongst neighboring neurons must occur at the same time. 
In order to add up the currents that flow through the neurons, there must be temporal overlap 
in their occurrence. 

These requirements are only fulfilled in pyramidal neurons, one of the principal neurons in 
the cortex. In contrast to most types, this type of neuron has one principal dendrite (the apical 
dendrite) which receives most of the input (figure 4A). Apical dendrites of neighboring pyramidal 
neurons have the same orientation (figure 4B), and PSPs live long enough (20 ms) to enable 
temporal overlap. While action potentials are stronger, they are too short-lived (1-2 ms) and axons 

are not oriented as similarly.

 

Figure 4 | PSPs in pyramidal neurons sum up to a measurable brain potential (EEG) and 
magnetic field (MEG). A) PSPs in the apical dendrite (intracellular current) create a magnetic 
field around it that can be measured with MEG. Extracellular currents restore the electrical 
balance and are measurable at the scalp with EEG. B) Neighboring pyramidal have a similar 
orientation. When they are activated at the same time, electrical potentials and magnetic 
fields add up. Adapted from Baillet (2017).

The potential differences created by PSPs spread through the brain and to the scalp. There, they 
can be recorded by holding electrodes against the scalp. In EEG, up to 256-electrode systems are 
used. The PSPs also create a magnetic field around the apical dendrite, which too sum up over 
neighboring pyramidal neurons. These are recorded with MEG, by placing magnetic sensors close 
to the head. MEG does not require contact with the scalp because magnetic fields do not need a 
medium to travel through (just like electric fencing only gives a shock when you touch it, whereas 
you can feel the pull of a fridge magnet already if you get close to a metal surface). This is one of 
the advantages of MEG over EEG, because the magnetic signal is much less distorted by the thick 
skull. In EEG this distortion leads to more blurred and less accurate measurements. This makes 

MEG more accurate in determining the source of the recorded signal in the brain.

intracellular current

extracellular current

apical dendrites

magnetic induction

basal dendrites

A B
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 of the visual cortex in a resting state. Nowadays it is thought to be involved in active 

inhibition of task-irrelevant brain processes, the distribution of neural resources and 

coordination of activity ( Jensen and Mazaheri, 2010). 

The slightly slower theta rhythm (4-8 Hz) is involved in memory and navigation in 

subcortical structures as well as the neocortex (Buzsáki and Moser, 2013). In addition, 

it has functional overlap with alpha oscillations. However, whereas the alpha rhythm 

is mostly observed in the posterior part of the brain, the theta rhythm appears more 

frontally. There, it is involved in cognitive control and error processing (Cavanagh and 

Frank, 2014). The even slower delta rhythm (0.5-4 Hz) is mostly associated with sleep 

and its different stages. It is also involved in decision-making and signal detection during 

wakefulness (Başar-Eroglu et al., 1992).

The beta rhythm (15-30 Hz) is known to be involved in higher level cognition like 

language (Weiss and Mueller, 2012), but it is mostly associated with movement and 

muscle contractions (Salmelin and Hari, 1994). Beta power in sensorimotor areas of the 

cortex is increased when a movement has to be suppressed, and is reduced prior to and 

during movement (Engel and Fries, 2010). It has been proposed to signal the status of the 

sensorimotor system according to current behavioral goals, thus to increase when the 

current status is to be maintained, and to decrease when a change is expected.

Lastly, the gamma rhythm (30-100 Hz) is associated with many different cognitive 

functions, from stimulus binding (i.e. “binding” several parts or features of an object 

into one single percept; Eckhorn et al. (1988)) to memory ( Jensen and Lisman, 1996), 

attention (Taylor et al., 2005) and consciousness (Herrmann et al., 2010). In recent years 

it has been hypothesized that its function is to facilitate neural processing in general 

(Fries, 2015), which is why it is associated with so many cognitive functions.

Oscillatory synchrony influences brain processing

Knowing that activity in a distinct frequency band is modulated by particular cognitive 

tasks does not provide a complete picture of their physiological function (i.e. in terms of 

how the brain processes information). One of the leading ideas is that neural oscillations 

enable the brain to be flexible (Bonnefond et al., 2017; Fries, 2015; Jensen and Mazaheri, 

2010). Once the brain receives input (be it a sound, image or pressure on the skin), the 

path this signal takes through the brain in order to be processed is limited by the physical 

connections between neurons (i.e. the anatomical connectivity). Supposedly, this path 

can be affected without changing the anatomical connectivity, but by changing how well 

brain regions are tuned to each other. The chance that pre-synaptic action potentials are 

followed by action potentials in a post-synaptic neural population is restricted, because 



Introduction 19

a single PSP only has a small effect on the neuron’s membrane potential. However, this 

probability can be magnified if the action potentials reach the post-synaptic population 

1) in a concentrated time window and 2) at a moment when the post-synaptic neurons 

are all in a highly excitable state. Neural oscillations could provide such “window of 

opportunity” and enable to change the effective transmission of a neural signal (i.e. 

effective connectivity) by adjusting the synchronization within and between neural 

populations (Bonnefond et al., 2017; Fries, 2015; Varela et al., 2001).

Evidence in favor of this framework gives insight into the role different frequency bands 

could play in neural processing (Bastos et al., 2015; Michalareas et al., 2016; Ni et al., 

2016; Popov et al., 2017; van Kerkoerle et al., 2014). In particular, there is a distinction 

between the low (0.5-30 Hz) and high (30-100 Hz) frequencies. High frequency gamma 

band oscillations primarily support bottom-up brain processes, from lower to higher 

nodes in the functional hierarchy. Low frequencies mediate processing in the top-

down direction, providing feedback to lower hierarchical nodes, and modulating their 

processes (Bastos et al., 2015; Michalareas et al., 2016; van Kerkoerle et al., 2014), see 

figure 5. However, many questions remain. It is unclear what the role is of variability 

in the exact frequencies that are involved in particular cognitive tasks or between 

subjects, how neural oscillations interact on the network level, and which brain areas 

drive oscillatory synchrony. In short, it is still unclear how neural oscillations affect local 

processing and behavior and whether this is utilized by the brain.

 

 
Figure 5 | An example framework demonstrating how neural oscillations could change 
effective transmission. Active processing is supported by high frequencies, which is modulated 
by low frequency rhythms. Synchrony between A and C (i.e. alignment of windows for active 
processing) enables effective transmission of neural signals. Transmission from B to C is 
ineffective because it occurs at phases where active processing in C is inhibited. Adapted from 
(Bonnefond et al., 2017).
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Thesis outline

This thesis investigates oscillatory synchrony in the healthy human brain. It focuses on 

the visual and motor domains because these have a long history as a topic of investigation 

and can be manipulated and controlled fairly well. Similarly, the experimental tasks used 

in this thesis were designed to target basic cognitive functions (e.g. “push the button 

when you see something move on the computer screen”) in order to optimize the 

probability that the results can be generalized to other cognitive domains. The aim is 

therefore to learn more about the general principles of neural processing, in particular: 

how does oscillatory synchrony affect neural processing and behavior?

In Chapter 2, I investigate the functional role of gamma oscillations on subsequent 

neural processing. A (spontaneous) relative increase in gamma power is known to 

subsequently facilitate behavioral performance in a wide variety of tasks (Hanslmayr et 

al., 2007; Hoogenboom et al., 2010; Linkenkaer-Hansen, 2004; Makeig and Jung, 1996). 

In this study, we used a speeded response task, in which a similar effect was found: 

increased gamma power before a behaviorally relevant stimulus led to faster responses 

to that stimulus. Importantly, we found that on trials where gamma power was relatively 

high, the amplitude of the ERF in the visual cortex was high as well. The ERF amplitude 

also correlated with reaction times. This suggests that gamma oscillations enhance 

the response of the visual cortex to new, relevant input, thus leading to more efficient 

downstream processing which results in faster responses.

In Chapter 3, I further investigate the role of oscillatory synchrony for subsequent neural 

processing, but on a network level. In some experiments, the behavioral performance on 

a trial depends not only on the condition of the current trial, but also on the condition 

of the previous trial. We investigate whether these sequential dependency effects could 

be caused by a difference in the functional state of the task-relevant network at the start 

of a trial (e.g. as a consequence of the previous trial). Both local changes in oscillatory 

synchrony (i.e. spectral power) and long-range changes in oscillatory synchrony (i.e. 

coherence) were studied, but we found no significant effect.

Chapter 4 remains in the domain of visual processing, but shifts the focus from the 

strength of cortical synchronization to its phase. (Visual) perception has long been 

thought to be continuous, but recent evidence suggests that it is discrete, modulated 

by periodic attentional sampling (Busch et al., 2009; Helfrich et al., 2018; VanRullen, 

2016). We investigated whether periodic fluctuations in attention affect the input gain 

of incoming stimuli, i.e. whether the strength of the stimulus’ representation in brain 

activity shows periodic fluctuations, by testing whether the performance of decoding 

stimulus orientation is modulated by phase. We found preliminary evidence that this is 
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indeed the case: visual representations are modulated by the theta and alpha phase from 

areas in the fronto-parietal attention network.

In Chapter 5, I focused on tool development. Neuroimaging research involves complex, 

large scale analyses, which often means researchers programming scripts to build an 

analysis pipeline. These analysis pipelines generally have low transparency and are 

difficult to reproduce because the quality, readability and general applicability of the 

scripts is highly dependent on individual coding style and expertise. We developed 

a functionality as part of the FieldTrip toolbox, which can be used to create a fully 

reproducible analysis pipeline based on the individual users’ code with minimal effort. 

The reproducible pipeline can be generated with one click on the button and it makes 

it easier to share reproducible analysis pipelines independent of the researcher’s 

coding style and expertise. This functionality aims to improve the reproducibility and 

transparency of analysis pipelines, thus enhancing the robustness of science.

Finally, Chapter 6 concludes with a summary of the thesis’ results, and contains a general 

discussion of its implications and suggestions for further research.
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Abstract

The efficiency of neuronal information transfer in activated brain networks may affect 

behavioral performance. Gamma-band synchronization has been proposed to be a 

mechanism that facilitates neuronal processing of behaviorally relevant stimuli. In line 

with this, it has been shown that strong gamma-band activity in visual cortical areas 

leads to faster responses to a visual go cue. We investigated whether there are directly 

observable consequences of trial-by-trial fluctuations in non-invasively observed gamma-

band activity on the neuronal response. Specifically, we hypothesized that the amplitude 

of the visual evoked response to a go cue can be predicted by gamma power in the visual 

system, in the window preceding the evoked response. Thirty-three human subjects (22 

female) performed a visual speeded response task while their magnetoencephalogram 

(MEG) was recorded. The participants had to respond to a pattern reversal of a concentric 

moving grating. We estimated single trial stimulus-induced visual cortical gamma power, 

and correlated this with the estimated single trial amplitude of the most prominent 

event-related field (ERF) peak within the first 100 ms after the pattern reversal. In 

parieto-occipital cortical areas, the amplitude of the ERF correlated positively with 

gamma power, and correlated negatively with reaction times. No effects were observed 

for the alpha and beta frequency bands, despite clear stimulus onset induced modulation 

at those frequencies. These results support a mechanistic model, in which gamma-band 

synchronization enhances the neuronal gain to relevant visual input, thus leading to 

more efficient downstream processing and to faster responses.
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1 | Introduction

Mesoscopic and macroscopic electrophysiological signals, as measured invasively as 

local field potentials (LFPs) or non-invasively as the magneto/electroencephalogram 

(MEG/EEG), can often be characterized by rhythmic activity patterns in a broad range 

of frequencies (Buzsáki and Draguhn, 2004).  Experimentally, distinct frequency bands 

have been implicated in various cognitive processes. For instance, cortical gamma-band 

activity (30-90 Hz) has been associated with attention (Fries et al., 2001; Taylor et al., 

2005; Tiitinen et al., 1993), memory (Carr et al., 2012; Jensen and Lisman, 1996) and 

perception (Gray and Singer, 1989; Llinas et al., 1994). Gamma rhythms result from a 

balanced interplay between neuronal excitation and inhibition. Fast-spiking interneurons 

bring about the inhibition of the excitatory drive within a population. Once the inhibition 

fades off, the excitatory drive activates pyramidal cells and in turn, excites the feedback 

loop of fast-spiking interneurons.  This interaction synchronizes the IPSPs in pyramidal 

neurons and generates gamma rhythms at the population level (Buzsáki and Wang, 

2012). Fries (2015) proposed that this mechanism functions to synchronize inputs down 

the processing hierarchy, thereby making communication between neuronal groups 

more effective. 

Given its putative mechanistic role in affecting the outcome of cortical computations, 

gamma-band synchronization has become a popular neural substrate to quantify 

in relation to behavior during cognitive experiments. This has led to evidence for a 

relationship between gamma-band synchronization and behavior, both in humans and 

other mammals. Multiple studies have found a larger pre-stimulus gamma power for 

perceived versus unperceived stimuli (Hanslmayr et al., 2007; Linkenkaer-Hansen, 2004; 

Makeig and Jung, 1996; Wyart and Tallon-Baudry, 2008), and strong gamma power in 

visual areas leads to faster responses to a visual go cue (Womelsdorf et al., 2006; Koch et 

al., 2009; Hoogenboom et al., 2010). These results are in line with the idea that gamma-

band synchronization facilitates stimulus processing, and more specifically, they suggest 

a behavioral relevance of the strength of gamma-band synchronization in task-relevant 

areas. 

Although the relation between the amplitude of the gamma rhythm and behavior has 

been established, relatively little is known about how gamma-band synchronization in 

sensory cortical areas affects the chain of neuronal events, leading to an eventual effect 

on behavior. One way to investigate this would be to relate trial-by-trial fluctuations 

of the gamma amplitude and/or phase, estimated at the moment of task-relevant 

stimulus onset, with the transient event-related response to this stimulus. Most studies 

investigating the mechanisms of gamma-band facilitation used invasive recording 

techniques, and focused on the relevance of the gamma phase (Cardin et al., 2009; 
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Fries et al., 2001; Ni et al., 2016). Ni et al (2016) show, at the mesoscopic scale of LFPs 

and multiunit activity, that gamma-band oscillations lead to rhythmic fluctuations in 

neuronal gain, such that inputs at phases of high gain elicit stronger multiunit activity. 

In the present research, we investigated the effect of trial-by-trial fluctuations in MEG-

derived gamma-band activity on stimulus-evoked activity. Using a visual stimulation 

paradigm that is known to robustly induce gamma-band activity in early visual cortical 

areas, we instructed participants to respond as fast as possible to an unpredictable 

salient change in a moving grating. We hypothesized that intrinsic variability in 

gamma power reflects variability in the efficiency of information transfer in the visual 

processing stream, which would manifest itself as correlated amplitude variability of 

the early evoked responses. More salient activation in sensory areas would in turn lead 

to enhanced processing in downstream areas, eventually causing a faster behavioral 

response.

2 | Material and Methods

2.1 | Subjects

33 healthy volunteers, of which 22 females and 11 males, participated in the study. Their 

age range was 18-63 years (mean ± SD: 27 ± 10 years). The age range in the participants 

is large, but this is due to a few outliers in age. In fact, 28 out of 32 participants in the 

analyses were in the age range of 18-27. The age of the rest of the participants was: 34, 

43, 59 and 63. All subjects had normal or corrected-to-normal vision, and all subjects 

gave written informed consent according to the Declaration of Helsinki. The study was 

approved by the local ethics committee (CMO region Arnhem/Nijmegen). One subject 

was excluded from analysis due to a technical error, which corrupted one of the data files.
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2.2 | Experimental Design

 

 
 

 
Figure 1 | Task time-line. Each trial starts with a 1.0 second blink period, followed by a variable 
baseline period (1.5-2.0 s). A concentric drifting grating is presented for 1.0-3.0 seconds, after 
which a stimulus reversal occurs. The grating continues drifting for 0.75 seconds, until the end 
of the trial, during which a response has to be made.

  
2.2.1 | Stimuli

The experimental task was programmed in MATLAB (R2012b, Mathworks, RRID: 

SCR_001622) using Psychophysics Toolbox (Brainard and Vision, 1997), RRID: 

SCR_002881). All stimuli were presented against a gray background. A fixation dot was 

present throughout the experiment, the color of which indicated when the participant 

was allowed to blink with their eyes (green for blinking, red for not blinking). A concentric 

sinusoidal grating was presented at 100% black/white contrast and was tapered towards 

the edges with a Hanning mask, such that edge effects were excluded (see figure 1). The 

grating was present at the center of the screen, with a visual angle of 7.1°, 2 sinusoidal 

cycles per degree and a contraction speed of 2 cycles per second.

2.2.2 | Experimental equipment

Stimuli were presented by back-projection onto a semi translucent screen (width 48 

cm) by an PROPixx projector with a refresh rate of 120 Hz and a resolution of 1920 x 

1080 pixels. Subjects were seated at a distance of 76 cm from the projection screen in 

Baseline

Blink period
1.0 s

1.5-2.0 s
1.0-3.0 s

0.75 s
Pattern reversal

Grating 
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a magnetically shielded room. MEG was recorded throughout the experiment with a 

275-channel axial gradiometer CTF MEG system at a sampling rate of 1200 Hz. In addition, 

subject’s gaze direction and pupil size were continuously recorded using an SR Research 

Eyelink 1000 eye-tracking device (RRID: SCR_009602). Head position was monitored in 

real-time during the experiment by using head-positioning coils at the nasion and left 

and right ear canals of the subject (Stolk et al., 2013). When head position deviated more 

than 5 mm from the position at the start of the experiment, subjects readjusted to the 

original position. Behavioral responses during the MEG session were recorded using a 

fiber optic response pad (FORP).

In addition to the MEG recording, anatomical T1 scans of the brain were acquired with 

a 3T Siemens MRI system (Siemens, Erlangen, Germany). In order for co-registration 

of the MEG and MRI datasets, the scalp surface was mapped using a Polhemus 3D 

electromagnetic tracking device (Polhemus, Colchester, Vermont, USA).

2.2.3 | Procedure

Subjects were instructed to keep fixation at the fixation dot throughout the experiment 

(see figure 1). The fixation dot was colored red most of the time, but turned green during 

the eye-blink period. After a 1.0 second eye-blink period and a 1.5-2.0 second baseline 

window, a contracting grating was presented at the center of the screen. The grating 

contracted for 1.0-3.0 seconds, after which a pattern reversal of the stimulus occurred. 

This functioned as a go cue. Participants had to respond as fast and as accurately as 

possible to the go cue by pressing a button with the right index finger. Responses had to 

be made within 700 ms. Ten percent of the trials were catch trials, in which no stimulus 

change occurred. After the stimulus change the grating continued to contract for another 

750 ms, until the end of the trial. There was no feedback of task performance, but 

participants were trained before the experiment to make sure they understood the task. 

Participants completed a maximum of thirteen blocks, each consisting of forty trials, or 

until one hour had passed. In between blocks there was a self-paced break, if needed 

followed by repositioning of the subject to the original position (see 2.2.2. Experimental 

Equipment). In total, participants completed between 400 and 520 trials. 

2.3 | Data Analysis

2.3.1 | MEG preprocessing

The MEG data was preprocessed offline in MATLAB (2015b, Mathworks, RRID: 

SCR_001622) using FieldTrip toolbox (Oostenveld et al., 2011), RRID:SCR_004849) and 

custom written code. First, excessively noisy channels and trials were removed from 
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the data by visual inspection. Additionally, trials with squid jumps or muscle artifacts 

were removed from the data. Eyetracker data was visually inspected to discard trials 

with eye blinks within the latency window of interest, and trials where the gaze direction 

exceeded 5 degrees from the fixation dot were removed as well. 

The data were demeaned, and high pass filtered at 1 Hz using a finite impulse response 

windowed sinc (FIRWS; Widmann, 2006) filter. Power line interference (50 Hz) and its 

harmonics were removed using a discrete Fourier transform (DFT) filter. Further, signals 

relating to cardiac activity or eye blinks and eye movements were identified and removed 

from the data using independent component analysis (ICA). Lastly, the trials of interest 

were defined as those where a stimulus change was present and where a behavioral 

response was made within 700 ms of that event.

Eye tracker data were sampled at 1000 Hz, resampled at 1200 Hz and saved as separate 

channels in the MEG data. Gaze direction was transformed from onscreen x- and 

y-coordinates into visual angle relative to the fixation cross. Pupil diameter had arbitrary 

units but mapped linearly to physical units (Hayes and Petrov, 2016).

2.3.2 | MRI processing

MRI data were co-registered to the MEG-based coordinate system using the head-

positioning coils and the digitized scalp surface. Using SPM8 (Penny et al., 2011) we 

created volume conduction models of the head, and individual meshes of dipole 

positions, consisting of a cortically constrained surface-based mesh with 15,784 dipole 

locations. These meshes were created using Freesurfer (RRID: SCR_001847) and HCP 

workbench (RRID: SCR_008750). The dipole positions were used for the identification 

of a virtual channel with the strongest gamma-band response or low frequency response 

(see 2.3.5. Single-trial power), and evoked responses were modeled on a parcellated 

version of this mesh. The vertices were grouped into 374 parcels based on a refined 

version of the Conte69 atlas (Van Essen et al., 2012) in order to reduce the dimensionality 

of the data (similar to Schoffelen et al., 2017). Forward models were computed using 

single-shell volume conductor models that were derived from individual structural MR 

images (Nolte, 2003).

2.3.3 | Time-frequency analysis

Time-resolved spectral power was estimated for low (2-30 Hz) and high (28-100 Hz) 

frequencies after padding the data with zeros to six seconds. For low frequencies, a 

Hanning tapered 500 ms sliding time window was used in steps of 50 ms, with 2 Hz 

resolution. High frequency power was estimated using a DPSS multi-taper approach with 
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a sliding time window of 250 ms and steps of 50 ms, 4 Hz resolution and 8 Hz smoothing. 

Time-frequency activity was expressed relative to a baseline, defined as [-1.0 -0.25] 

seconds, time locked to stimulus onset. For initial exploration, spectral decomposition 

was performed on synthetic planar gradient data (Bastiaansen and Knösche, 2000), 

and combined into a single spectrum per sensor. This way, power spectra could easily be 

averaged across subjects for visualization purposes.

2.3.4 | Peak frequency

Subject-specific gamma power was estimated on the individualized gamma peak 

frequency. In order to estimate peak frequencies, the power spectrum after stimulus 

onset was contrasted with the pre-stimulus baseline. First, trials were separated 

into baseline and stimulus presentation epochs, where the first 400 ms of stimulus 

presentation were discarded in order to prevent spectral effects of evoked activity. 

Next, trial epochs were cut into 500 ms snippets, with fifty percent overlap. Spectral 

power was then estimated on these snippets in the 30-90 Hz range, after tapering with a 

Hanning window.  Finally, the gamma peak frequency was determined at the maximum 

power ratio of stimulus presentation over baseline period, averaged over occipital MEG 

channels. A similar approach was used for low frequencies, in the 2-30 Hz range, but here 

the negative peak (i.e. showing the largest power reduction from baseline) was used.

2.3.5 | Single-trial power

To get an optimal estimate of single-trial gamma power, we created subject-specific 

virtual channels, using a DICS beamformer (Gross et al., 2001), scanning the cortically 

constrained mesh of dipole positions. The 750 ms of data before the stimulus change 

were used to ensure the best signal-to-noise ratio, while at the same time ensuring that 

the estimate of gamma-band activity was as little as possible affected by evoked activity. 

These 750 ms epochs were padded with zeros to one second, and a multi-taper Fast 

Fourier transform (FFT) with 8 Hz spectral smoothing was applied to these data. The 

same was done for a 750 ms baseline window. Spatial filters were created for each of the 

dipole locations, using the cross-spectral density estimated from the concatenated data, 

at the subject-specific peak frequencies, and a regularization of 5% of the mean sensor-

level power. Next, the virtual channel was selected as the dipole location that showed the 

largest increase in gamma power, relative to baseline (i.e. the dipole location with the 

highest t-value resulting from a T-test).

Next, the single-trial gamma power was estimated on these virtual channels, in the 

200 ms just before the ERF window (see 2.3.6. Single-trial event-related responses; the 

window in which power was estimated ended 20 ms before the manually picked ERF 
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latency peak), using a spatial filter with fixed dipole orientation, optimized for this time 

window. Spectral smoothing was adapted to the bandwidth of the induced gamma-band 

response (with a minimum of 10 Hz), which was determined by visual inspection of the 

time-frequency spectrum. 

To estimate single-trial power estimates for the alpha-beta band, a similar procedure 

was used. The cross-spectral density matrix was estimated at individual peak-frequency 

with 2 Hz smoothing, based on the 750 ms before the stimulus change. Since the induced 

low frequency response was a power decrease relative to baseline, the dipole location 

that showed the largest decrease was selected as the virtual channel. Power values were 

computed on these virtual channels, on subject’s peak frequencies, with 2.5 Hz spectral 

smoothing and in the window of 400 ms before the ERF window.

2.3.6 | Single-trial event-related responses

The event-related response to the stimulus change was modelled using a Linearly 

Constrained Minimum Variance (LCMV) beamformer on the cortically-constrained 

meshes of dipole positions, followed by a parcellation based on an anatomical atlas 

(see 2.3.2. MRI preprocessing). Data, time locked to stimulus change, were selected and 

baseline corrected based on 100 ms prior to the change. For each anatomical parcel, 

the source time courses of the dipoles belonging to this parcel were concatenated, 

and subjected to a principal component analysis (PCA). The first spatial component 

that explained most variance in the signal was used as a representation of single-trial 

activity for this parcel. In order to account for the beamformer’s depth bias, the data 

were normalized by an estimate of the noise using the covariance matrix of the 200 ms 

prior to the go cue. The resulting time courses were low-pass filtered at 30 Hz using a 

finite impulse response (FIR) windowed sync function. The data were filtered from right 

to left, to avoid leakage of pre-change signal into the post-change estimates. Next, the 

amplitudes of the single-trial visual evoked responses were estimated in a time window 

showing the most prominent peak in the trial averaged ERF, in the first 100ms after 

stimulus change, on a subjects-by-subject basis. These windows were manually defined 

by visual inspection of the source-level activity time courses. 

2.3.7 | Correlation of single-trial power and ERF amplitude

Correlations between ERF amplitude, alpha-beta power and gamma power, and response 

speed, and between gamma power, response speed and trial length were computed at 

the single-subject level using Spearman’s rank correlation coefficient. We also computed 

partial correlations between alpha-beta/gamma power and response speed, each time 

accounting for trial length and power values in the other frequency band. Additionally, 
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we computed partial correlations between gamma power and ERF amplitude, accounting 

for pupil diameter and gaze direction. 

2.3.8 | Statistical analysis

The correlation between alpha-beta power and gamma power, response speed and trial 

length was statistically evaluated using a parametric t-test (against 0) on the distribution 

of correlation coefficients over subjects (alpha = 0.05).

Statistical significance of the correlation between alpha-beta/gamma power and ERF 

amplitude, and between ERF amplitude and reaction times was assessed using non-

parametric permutation tests (based on 10000 permutations) combined with spatial 

clustering for family-wise error control (Maris and Oostenveld, 2007). Under the null 

hypothesis of no systematic relationship across participants between gamma power and 

the ERF amplitude, we created a reference distribution of the group-level t-statistic of 

the correlation against zero, using sign swapping of the correlation for random subsets 

of subjects. Spatially adjacent parcels with t-values corresponding to a nominal alpha 

threshold of 0.05 (0.01 for the correlation between ERF amplitude and RT) were grouped 

into clusters, and cluster-level statistics were computed as the sum of t-values within 

a cluster. The null-hypothesis was rejected if the maximum cluster-level statistic in the 

observed data was in the positive tail of the permutation distribution of cluster-level 

statistics for the correlation between ERF amplitude and gamma power, and in the 

negative tail for the correlation between alpha-beta power and ERF amplitude, and 

between ERF amplitude and reaction times, at a level of <0.05 one-sided.

3 | Results

Out of the 400-520 completed trials per subject, on average fifty of them were catch 

trials, i.e. these trials did not require a response. Overall, the subjects performed with 

a mean accuracy of 94% (SD = 5.8%). Excluding catch trials and trials with artifacts or 

excessive eye movements, on average 339 trials per subject (SD = 61) were considered for 

further analysis. Of this pool, the mean performance rate was 94% (SD = 5.5%) and the 

mean reaction time over subjects was 371 ms (SD = 56 ms).

3.1 |  Stimulus protocol leads to reliable stimulus-induced changes 
in gamma power and visual event-related responses

The contracting grating stimuli used here are known to robustly induce gamma-band 

synchronization (Hoogenboom et al., 2006; Swettenham et al., 2009; Van Pelt and 
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Fries, 2013). In order to verify the spectral characteristics of the stimulus-onset induced 

neuronal response, we conducted a time-frequency analysis at the channel-level. We 

contrasted spectral power after stimulus onset with the average spectrum in the baseline 

window. Figure 2 shows the average spectral power for all subjects in the gamma-

frequency range (30-90 Hz). As expected, it was highest in occipital channels and it 

remained high throughout the whole stimulus presentation. Sources of the activity were 

localized to early visual areas (see figure 2e). In order to assess the gamma power increase 

quantitatively we estimated the power increase from baseline at the individual gamma 

peak frequency (figure 2d) and at the occipital channel that showed maximal increase. 

Over subjects, gamma power increased on average with 124% (mean, SD = 124%) during 

stimulation (figure 2d, right). Besides a gamma-band increase, a decrease in power was 

generally observed in the alpha/low beta band (8-20 Hz). This phenomenon presented 

itself mainly in occipital channels, and was also strongest in occipital source parcels (see 

figure 3). 

In addition to the stimulus inducing a robust gamma-band response, the stimulus change 

caused an event-related field (ERF). Figure 4a shows the ERF of an example subject over 

trials, together with the topography of the trial average of the P100 response in figure 4c. 

The signal-to-noise ratio (SNR) of the evoked response is relatively poor at the single-trial 

level. Also, the spatial topography was variable over subjects (data not shown). In order 

to reduce the spatial variability over subjects and to boost the SNR, all further analyses 

were conducted on the source level. Figure 4b shows a superior SNR for single trials on 

the source level compared to the channel level, together with the source topography in 

figure 4d. Despite the large variability of the response evoked by the stimulus change and 

the percentage increase in induced gamma, all subjects did show the neuronal response 

that was expected. 

3.2 | Pre-stimulus gamma power correlates with reaction times

In order to evaluate the effect of pre-stimulus gamma power on behavior, we calculated 

the correlation between reaction times and the gamma power preceding the stimulus 

change. Gamma power was estimated on a virtual channel in source space. There was 

a relatively weak but highly significant, negative correlation of -0.072 (SD = 0.064, t(31) 

= -6.3, p = 5.1*10-7), which is in line with previous research (Hoogenboom et al., 2010a; 

Womelsdorf et al., 2006). For illustration purposes, figure 5 shows the spatial distribution 

of the correlation between gamma power and reaction times as the average spearman 

correlation over subjects. This correlation is specific to posterior cortex, and highest in 

occipital areas.
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Figure 2 | Stimulus induces strong gamma synchronization. A) Group-average time-frequency 
spectrum. Gamma (50-70 Hz) power peaks right after stimulus onset and is sustained 
throughout stimulus presentation. B) Topography of the stimulus-induced gamma-band 
activity. Circles reflect selected channels, shown in A. C) Power spectrum in the gamma band 
relative to pre-stimulus baseline. Stimulus-induced power was estimated on a window 400 
ms post stimulus onset until stimulus reversal. Individual (gray line) and group-average (black 
line) power spectra on the channel level. D) Left: gamma peak frequencies. Generally, peak 
frequencies were in the 40-70 Hz range. Right: power changes (right) at individual gamma 
peak frequencies. Power changes were highly variable. Small circles (dots) represent individual 
subjects; open circles indicate outliers, which fall outside 1.5 times the interquartile range, 
from the 25th and 75th percentiles. E) Source level activity of induced gamma the group average 
t-value. Induced gamma activity was strongest in occipital regions. Black spheres indicate 
location of virtual gamma channel for individual subjects.

 

One potential factor that might explain the correlation between gamma power 

and reaction times is stimulus jitter (i.e., the time between stimulus onset and the 

stimulus change). Stimulus jitter was uniformly distributed, and by consequence the 

instantaneous probability of a reversal event (hazard rate) increased over time. There 

could be a common dependence of gamma power and reaction times on stimulus 

expectancy. In order to investigate this possibility, we computed partial correlations 

between reaction time, gamma power and stimulus jitter, each time accounting for the 
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third variable. Since we also found a stimulus-induced power reduction in the alpha-

beta band, there is also a possibility that the correlation between gamma power and 

reaction times is actually caused by a common dependence on power in this frequency 

band. Therefore, we also partialled out power in the alpha-beta band. Reaction times 

correlated negatively with both gamma power (M = -0.068, t(31) = -6.1, p = 8.9 * 10-7, 

uncorrected) and stimulus jitter (M = -0.17, t(31) = -7.0, p = 6.9 * 10-8, uncorrected), but 

there was no correlation between gamma power and stimulus jitter (t(31) = 0.85, p = 

0.40, uncorrected). Additionally, no significant correlation was found between reaction 

times and low frequency power when accounting for gamma power and stimulus jitter 

(t(31) = 1.1, p= 0.27, uncorrected), nor between low frequency power and gamma power 

(t(31) = 0.03, p = 0.97, uncorrected). These results indicate that the correlation between 

gamma power and reaction times is not likely to be the result of a build-up in expectancy, 

nor a result of power correlations between frequency bands. Further, there is no effect of 

low frequency power on reaction times, above and beyond the effect of gamma.

 

 

 
Figure 3 | Stimulus induces desynchronization in alpha-beta band (8-20 Hz). Similar to figure 2 
but for low frequencies. Power in de alpha and low beta range decreased after stimulus onset, 
which was strongest in occipital parts of the cortex.
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3.3 | Pre-stimulus gamma power predicts ERF amplitude

Considering the vast amount of variability in the evoked response over subjects at the 

channel level, and the low signal-to-noise ratio of single trial event-related responses, 

we estimated the single trial responses to the stimulus change at the source-level, before 

quantifying the relation between gamma power and ERF amplitude. The time courses 

of the evoked response were projected into source space with an LCMV beamformer 

and combined into parcels according to an anatomical brain atlas (Van Essen et al., 

2012). The relation between gamma power and the ERF was quantified as a Spearman 

rank correlation at the single subject level and can be seen in figure 6. Group statistical 

evaluation showed that the correlation differed significantly from zero (M = 0.025, 

p=0.021, nonparametric permutation test, corrected). This difference was supported by 

a cluster of positive correlation in source parcels in occipital and parietal areas (figure 

6a), supporting the hypothesis that increased gamma power leads to an increased 

amplitude of the stimulus-evoked transient. However, a spurious correlation between 

the variables of interest might have resulted from the common influence of a third 

variable. Specifically, gaze direction and arousal could have a similar effect on gamma 

power and ERF amplitude. The subject’s gaze direction might affect the exact part of the 

visual cortex that is activated by the stimulus. Further, the amount of light entering the 

eye is affected by pupil dilation and might affect cortical activation as well. In order to 

account for these possibilities, we recomputed the correlation, now accounting for gaze 

direction and pupil diameter. The correlation between gamma power and ERF amplitude 

remained significant (M = 0.024, p = 0.029, nonparametric permutation test, corrected), 

indicating that this effect was not purely caused by gaze direction or pupil diameter.

To investigate whether the effect found was specific to the gamma band, we correlated 

alpha-beta power with ERF amplitude. In addition to a gamma power increase, the 

stimulation used in this experiment also induced an alpha-beta power decrease. Conform 

this decrease, if any, a negative correlation was expected between low frequency power 

and ERF amplitude. This correlation was not significant at the group level (p = 0.66, 

nonparametric permutation test, corrected). Taken together, these results suggest that 

the correlation between ongoing oscillatory activity and ERF amplitude are specific to the 

gamma band.
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Figure 4 | Signal-to-noise ratio of evoked activity is higher at the source level than at the channel 
level. A-B: single-trial time courses of evoked activity for the channel/parcel depicted in C/D, for 
a representative subject. C-D: topography of the P100 (depicted in A/B), evoked by the stimulus 
change.

According to our hypothesis, an increase in ERF amplitude as a consequence of high 

gamma power is an intermediate neuronal correlate that subserves the shortening 

of reaction times. This would imply that the amplitude of the ERF also correlates with 

reaction times. To investigate this, we correlated ERF amplitude with reaction times 

(figure 7b). This correlation was significantly lower than zero (M = -0.027, p=0.037, 

nonparametric permutation test, corrected), indicating that a higher amplitude of early 

evoked activity leads to a faster behavioral response. The cluster that contributed to this 

significant difference predominantly consisted of source parcels belonging to the visual 

cortex of the left hemisphere (figure 7a), conform our hypothesis. 
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Figure 5 | Reaction times correlate negatively with gamma power. The color scale indicates the 
average Spearman correlation over subjects for each dipole location. The correlation between 
gamma power and reaction times is specific to posterior cortex, predominantly occipital areas. 

 
 

 

 
Figure 6 | Occipital gamma power correlates with ERF amplitude. A) Group statistic of the 
correlation between gamma power and ERF amplitude. B) boxplot (left) of correlation 
values and individual correlations (right) in increasing order of raw correlation value. Raw 
correlations in black, corresponding partial correlations in grey. For each subject, correlations 
were averaged over those parcels belonging to the largest spatial cluster.
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Figure 7 | ERF amplitude in occipital cortex correlates with reaction times. A) Group statistic 
of the correlation between ERF amplitude and reaction times. B) boxplot (left) of correlation 
values and individual correlations (right). For each subject, correlations were averaged over 
those parcels belonging to the largest spatial cluster.

4 | Discussion

In this experiment, we investigated the neuronal consequences of trial-by-trial variability 

in induced gamma-band activity, using a visual stimulus change detection paradigm. We 

hypothesized that higher gamma power before a go cue would facilitate the efficiency 

of the processing of the response cue, leading to a more strongly synchronized response 

in early visual areas, as reflected by higher early latency ERF amplitudes. In turn, the 

increased processing efficiency would lead to a faster behavioral response. 

We computed single trial estimates of gamma power in visual areas, in the time 

window just prior to the stimulus change, and replicated the finding that higher gamma 

amplitude leads to faster reaction times in response to the go cue (Hoogenboom et al., 

2010). Moreover, we correlated the single-trial gamma power with the amplitude of early 

latency source-reconstructed event-related activity, and observed a significant group-

level effect, where the early latency event-related response in parieto-occipital areas 

correlated positively with pre-stimulus gamma power. In turn, the amplitude of event-

related response in visual areas correlated negatively with reaction times. These findings 

are consistent with the hypothesis that strong local gamma-band synchronization 

facilitates the neuronal response to a change in the stimulus, which eventually leads to 

improved behavioral performance.

Here, the effect of oscillatory activity on the subsequent neuronal response was 

specific to the gamma band. We also analyzed the effect of alpha/beta activity on the 

event-related response, since activity in these frequency bands was also prominently 

modulated by the onset of the visual stimulus. In contrast to the gamma band, we did not 
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observe a significant association between trial-by-trial power fluctuations in these lower 

frequencies, and trial-by-trial fluctuations in the event-related response, and response 

speed. 

Although Hoogenboom et al. (2010) did not specifically investigate the relation between 

gamma-band activity and the ERF, the authors did quantify the relation between ERF 

amplitude and reaction times, and found no significant effect. This latter null-finding is 

in contrast with our analysis of the current data. Most likely this discrepancy is due to the 

fact that the aforementioned study used a temporally ill-defined stimulus change (change 

in drift speed). This did not elicit prominent evoked activity and thus prohibited the 

reliable estimation of evoked activity. In contrast, we used a pattern reversal as stimulus 

change, precisely because this is known to elicit prominent evoked activity (Barnikol et 

al., 2006; Di Russo et al., 2005; Nakamura et al., 1997; Perfetti et al., 2007). Because of 

this, we were able to reliably estimate the amplitude of early visual components on single 

trials and demonstrate a positive correlation between gamma power and ERF amplitude, 

and a negative correlation between ERF amplitude and reaction times, in support of our 

hypothesis.

One possible concern that might confound a mechanistic interpretation of the relation 

between gamma-band activity, response speed, and the event-related transients could 

be a latent variable that correlates with these measures, causing spurious, indirect 

correlations. Specifically, the time interval between a warning cue and an upcoming 

stimulus is well known to be a determinant of response speed (Beck et al., 2014; 

Schoffelen et al., 2005), and temporally better predictable stimuli are associated with 

higher amplitudes in early components of evoked activity (Dassanayake et al., 2016; 

Doherty, 2005; Lange et al., 2006). Additionally, the hazard rate has been shown to 

correlate with spectral characteristics in alpha/beta and gamma band, (Rohenkohl and 

Nobre, 2011; Rolke and Hofmann, 2007; Schoffelen et al., 2005; Tsunoda and Kakei, 

2008) and low frequency spectral responses have been shown to be anti-correlated with 

high frequency responses (Hoogenboom et al., 2006; Scheeringa et al., 2011; Spaak et al., 

2012; Womelsdorf et al., 2006). Therefore, variability in the low frequency response, and/

or stimulus expectancy might be a common determinant for gamma power and response 

speed. We checked for these possibilities by estimating the partial correlation between 

gamma power and reaction time, controlling for differences in stimulus expectancy and 

power in low frequencies. The partial correlations were still significant, and specifically 

there was no additional effect of low frequency power on reaction times. This further 

corroborates the absence of a trial-by-trial effect of low frequency alpha/beta activity 

on the ERF amplitude. These results highlight the relevance and uniqueness of gamma 

power in behavior, and are in support of a model in which gamma-band activity 

modulates neuronal processing in order to affect behavior.
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Another variable that might cause spurious correlations between gamma power and 

ERF amplitude is arousal. Arousal is known to enhance both gamma-band (Balconi and 

Lucchiari, 2008) and evoked activity (Eason et al., 1969), and to shorten reaction times 

(Eason et al., 1969). Thus, fluctuations in arousal could potentially similarly affect both 

gamma power and ERF amplitude. We accounted for this possibility, by recomputing the 

correlations, taking into account pupil diameter as a proxy for arousal (Bradley et al., 

2008). In addition, in this control analysis we also accounted for gaze direction, since 

pupil diameter estimates are confounded by gaze direction (Hayes and Petrov, 2016). 

Further, although we a priori excluded from the analysis those trials, where gaze direction 

deviated from central fixation by more than 5 degrees of visual angle, fluctuations in the 

gaze direction affect the retinal image and thus the cortical activation. Accounting for 

pupil size and gaze direction, the correlation between gamma power and ERF amplitude 

remained significant.  An additional proxy for the level of arousal could have been the 

time from the start of the experiment. Since the experiment was long and monotonous, 

the subject’s engagement could have gradually decreased, possibly leading to an increase 

in reaction times late as compared to early in the experiment. However, the correlation 

between trial number and reaction time was negative (M = -0.05, p = 0.043, t(31) = -2.1, 

uncorrected). This suggests that, if anything, participants became overall faster during 

the course of the experiment, and that arousal, at least as indicated by changes in RT, did 

not systematically decrease over time.

Even though to our knowledge there is no further literature supporting a correlation 

between reaction times and the amplitude of early visual evoked components, 

correlations have been found with their peak latency (Gerson et al., 2005; Kammer et 

al., 1999). In contrast to the current experiment, where the stimulus was constant in 

every trial and we made use of the natural variations in the physiological and behavioral 

response, these studies manipulated either luminance or natural scenes in order to do 

so. Disregarding the source of variation in the physiological and the behavioral response, 

it is conceivable that pre-stimulus change gamma-band activity might also affect the 

latency of the evoked response in addition to its amplitude, and the combination of both 

ultimately affects behavior. This is beyond the scope of the current study, but would be an 

interesting topic in future research.

Our main effect is in contrast to Privman et al. (2011). The authors used a repetition 

suppression paradigm, and found a reduction in ERP power in higher order visual 

areas as a function of gamma power in response to the second stimulus. The authors 

hypothesized that the gamma-band activity caused by the first stimulus might be 

sustained after its offset and disrupts synchronization of the neural population, selective 

for the second incoming stimulus. Thus, their findings might be specific to the simulation 

protocol used, which is further supported by the finding that the repetition suppression 
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effect is largest when the stimuli are more similar, leading to larger overlapping neuronal 

representations (Grill-Spector et al., 2006). 

In this study, we used non-invasive MEG recordings in human participants. In contrast to 

invasive recordings, MEG lacks the high spatial resolution and high signal-to-noise ratio 

to allow for a detailed functional and spatial interpretation of our findings. In contrast 

to the present findings, recent work using invasive data from macaques and cats (Ni 

et al., 2016), showed that the gain of the multiunit response in primary visual cortex 

is dependent on the gamma phase of the local field potential.  However, the authors 

did not investigate the functional relevance of gamma amplitude, nor did we study 

gamma phase. Still, their results and our results are not contradictive: the amount of 

synchronization on the one hand, reflected by gamma power, and high excitability 

phases on the other hand, might both contribute to enhanced neuronal gain.

In addition to the relatively limited spatial resolution, the high spatiotemporal variability 

in the response across subjects did not allow for a consistent assignment of even the early 

ERF components to a specific subregion in the visual system. The amplitude of the ERF 

was estimated as the most prominent peak within the first 100 ms after the go cue, which 

in terms of latency is well beyond the first geniculate input into primary visual cortex 

and might even reflect extrastriate activity, and thus likely reflects a more widespread 

activation of several cortical areas. Despite this limitation, our findings indicate that 

gamma-band activity increases the neuronal gain to new visual input. In addition, the fact 

that this effect can be shown at the spatial scale at which MEG operates, provides further 

justification to use gamma-band responses as a physiologically and mechanistically 

inspired dependent variable in non-invasive human cognitive neuroscience experiments.
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Abstract

Rhythmic brain activity may reflect a functional mechanism that facilitates cortical 

processing and dynamic interareal interactions and thereby give rise to complex 

behavior. Using magnetoencephalography (MEG), we investigated rhythmic brain 

activity in a brain-wide network and their relation to behavior, while human subjects 

executed a variant of the Simon task, a simple stimulus-response task with well-studied 

behavioral effects. We hypothesized that the faster reaction times (RT) on stimulus-

response congruent versus incongruent trials are associated with oscillatory power 

changes, reflecting a change in local cortical activation. Additionally, we hypothesized 

that the faster reaction times for trials following instances with the same stimulus-

response contingency (the so-called Gratton effect) is related to contingency-induced 

changes in the state of the network, as measured by differences in local spectral power 

and interareal phase coherence. This would be achieved by temporarily upregulating 

the connectivity strength between behaviorally relevant network nodes. We identified 

regions-of-interest that differed in local synchrony during the response phase of the 

Simon task. Within this network, spectral power in none of the nodes in either of the 

studied frequencies was significantly different in the pre-cue window of the subsequent 

trial. Nor was there a significant difference in coherence between the task-relevant nodes 

that could explain the superior behavioral performance after compatible consecutive 

trials.
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1 | Introduction

The brain is a complex organ that allows an organism to respond dynamically to an 

infinite set of inputs. In this context, the brain is considered to consist of a network of 

functionally specific units that dynamically interact to give rise to perception, cognition, 

and behavior. Rhythmic brain activity, a ubiquitous feature of neuronal activity, may 

provide a functional mechanism that facilitate these dynamic interareal interactions. 

Experimentally, rhythmic activity has been implicated in many cognitive tasks, where 

different frequency bands facilitate specific functions. It is thought that this characteristic 

is one of the main building blocks of brain signaling, but the interactions between 

different cortical areas and frequency bands is poorly understood.

In recent years, several studies found evidence for opposing propagation directions 

for oscillations in the high and low frequency bands. Gamma oscillations (30-90 Hz) 

have been found to propagate in a feedforward direction, transmitting sensory signals. 

Lower frequencies, mostly in alpha (8-12 Hz) and beta (12-30 Hz) bands, propagate in 

the feedback direction and mediate feedforward signaling. For example, van Kerkoerle 

and colleagues (2014) found that microstimulation in monkey area V1 elicited gamma 

oscillations in area V4, a higher level visual area. Moreover, stimulation in area V4 

induced alpha oscillations in area V1. Studies using frequency-specific measures of 

directed influences found similar results (Bastos et al., 2015; Michalareas et al., 2016; 

Richter et al., 2017). In addition, gamma oscillations are thought to reflect high neuronal 

excitability (Fries, 2015; Schroeder and Lakatos, 2009), and brain regions exhibiting 

high gamma activity have been found to positively affect stimulus processing, and with 

that, behavioral performance (van Es and Schoffelen, 2019). On the other hand, alpha 

oscillations have been associated with inhibition of task-irrelevant regions ( Jensen and 

Mazaheri, 2010), are especially apparent in (visual) spatial attention tasks (Bauer et al., 

2014; Doesburg et al., 2016; Lobier et al., 2018), and have been shown to modulate the 

amplitude of gamma oscillations (Roux et al., 2013; Spaak et al., 2012). Beta oscillations 

are thought to have similar top-down functions, mostly in the sensorimotor domain 

(Engel and Fries, 2010). Taken together, increased gamma activity during an experiment 

is often interpreted as increased active processing of the task, while alpha and beta 

mediate this activity, and suppress irrelevant processing.

Yet, the understanding of functional interactions between brain areas and the role played 

by specific frequencies is incomplete. Many informative insights have been obtained from 

animal studies (Bastos et al., 2015; Richter et al., 2017; van Kerkoerle et al., 2014), which 

may not generalize to humans. Supporting evidence from human studies is limited, and 

confined to specific cognitive tasks (Popov et al., 2018; Schoffelen et al., 2017). Moreover, 

the human literature is often obtained from patient populations (Canolty et al., 2006). 
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In the current study, we focus on changes in local oscillatory activity and long-range 

synchrony (i.e. power and coherence, respectively) in a brain-wide network involving 

the visuo-motor and attentional domains. We investigated whether these neuronal 

measures relate to subsequent behavior. Our intention was to investigate whether the 

state of a task-relevant brain network, both in terms of local oscillatory activity and of 

long-range synchronization, is directly related to behavioral efficiency, as indicated by 

the response speed during a variant of the Simon task. Subjects were required to make 

a speeded response with either the left or right hand after the onset of a visual response 

cue indicating which response to make. The classical Simon effect is characterized by 

differences in behavioral performance between stimulus-response congruent (i.e. 

instructive stimulus and instructed response are on the same hand side), and stimulus-

response incongruent trials (Simon and Rudell, 1967). Interestingly, the Simon task 

effect size is susceptible to sequential dependencies, which is known as the congruency 

sequence effect or Gratton effect (Gratton et al., 1992). In short, the Gratton effect reflects 

an interaction of the behavioral benefit of stimulus-response congruency of a given trial, 

based on the stimulus-response congruency of the directly preceding trial (Gratton et 

al., 1992; Stürmer et al., 2002), leading to relatively faster reaction times on a trial with 

the same congruency as the preceding trial. We hypothesize that the neural basis for 

the Gratton effect may manifest itself in the period after the completion of the previous 

trial, before the presentation of the next stimulus. Specifically, the communication-

through-coherence (CTC) hypothesis states that efficient neuronal communication relies 

on synchronization (Fries, 2015) in a network of behaviorally relevant brain areas. Faster 

responses might not only result from more efficient local information processing, but 

also from more efficient information transfer between brain areas. Therefore, optimal 

performance might be achieved when connections between task-relevant areas 

are more strongly synchronized at the moment at which new stimulus information 

becomes available. We hypothesize that the Gratton effect might be in part explained 

by modulations in interareal synchronization induced by the stimulus-response 

contingency of the previous trial. Specifically, a stimulus-response congruent trial would 

temporarily bias cortical synchronization towards stronger intrahemispheric visual to 

motor connections, thus facilitating faster responses upon subsequent congruent trials. 

Likewise, a stimulus-response incongruent trial would temporarily bias towards stronger 

interhemispheric visual to motor connections, thus facilitating less slow responses upon 

subsequent incongruent trials.
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2 | Material and Methods

2.1 | Subjects

19 healthy volunteers participated in this study, of which 6 male and 13 female. Their age 

range was 18-35 (mean ± SD: 22 ± 4.5). All subjects had normal or corrected-to-normal 

vision, and all gave written informed consent according to the declaration of Helsinki. 

This study was approved by the local ethics committee (University of Glasgow, Faculty 

of Information and Mathematical Sciences) and conform to the Declaration of Helsinki.

2.2 | Experimental design

2.2.1 | Stimuli

The experiment was performed using Presentation® software (Neurobehavioral Systems, 

Inc., Berkeley, CA, www.neurobs.com; RRID SCR_002521). Throughout the experiment, a 

white, Gaussian blurred fixation dot was presented in the center of the screen against a 

black background (figure 1). After a 1.5 s baseline period, two white dots were presented 

bilaterally at equidistance from the fixation dot for 1-1.5 s, which functioned as warning 

cues. The response cues could either be both full circles, or one full and one half circle, in 

which case the half circle could surround the left or right part of either warning cue. Four 

of these response cue – warning cue combinations were presented before returning to 

the black background with only the fixation dot.

2.2.2 | Experimental equipment

Brain signals were recorded with a 248 magnetometer 4D-Neuroimaging MAGNES 3600 

WH MEG system, sampling at 1017 Hz, with online 0.1 Hz high-pass filtering. The MEG 

system was situated in a magnetically shielded room. Head position was assessed via five 

coils attached to the subject’s head. In order to co-register the MEG and MRI data, the 

scalp surface was digitized (FASTRAK®, Polhemus Inc., VT, USA), together with the five 

head position coils and three anatomical landmarks (nasion, left, and right pre-auricular 

points). Stimuli were presented through a DLP projector (PT-D7700E-K, Panasonic) 

situated outside the magnetically shielded room, onto a projection screen via a mirror 

inside the room. Additionally, anatomical T1-weighted MRI scans of the brain were 

acquired with a 3T Siemens MRI system (Siemens, Erlangen, Germany). 
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2.2.3 |   Procedure

Subjects were instructed to fixate their gaze on the fixation dot in the center of the screen 

(see figure 1). Every four trials were preceded by a baseline window, in which only the 

fixation dot was present. Then, two warning cues appeared on either hemifield for 1-1.5 

seconds, after which two response cues were presented, one in each visual hemifield. 

This is a modification of the classical Simon-task paradigm, in which just a single response 

cue is presented in one of the hemifields. Our stimulus presentation scheme required 

active processing in both visual cortical hemispheres, and the stimuli were designed to 

be very similar to one another, to ensure low-level visual processing to be as similar as 

possible across conditions. The response cues instructed the subject how to respond: if 

both response cues were full Gaussian blurred circles, no response was required (neutral 

condition, N). Alternatively, one of the response cues consisted of a full circle, while the 

other was a half circle. If the half circle was present on the left (right) side of the warning 

cue, the subject had to respond with a left (right) hand button press. Trials in which the 

response hand was on the same side as the warning cue are considered congruent; trials 

in which there is a mismatch between the informative hemifield and the response hand 

are incongruent. All five conditions (neutral, and left/right hand congruent/incongruent) 

had 168 trials, making a total of 840 trials, presented in random order. In addition, a 

4.5-minute empty room recording was acquired.

 

 
Figure 1 | Task time line. A baseline period (1.5 s) was presented preceding every four trials, 
consisting of a fixation dot on a black background. The warning cue (1-1.5 s, jittered) preceded 
one of five different response cues. Displayed here: left response congruent, neutral and right 
response incongruent. Other response cues were left response incongruent or right response 
congruent. The response cue remained on the screen until a response was made.

 
2.3 | Data analysis

All data were analyzed in MATLAB 2017b (Mathworks, RRID SCR_001622) using FieldTrip 

Toolbox (Oostenveld et al., 2011; RRID SCR_004849) and custom written code. All results 

left response congruent neutral right response incongruent

4x

visual baseline 1.5 s

warning cue 1-1.5 s

go cue until response 
(median 576 ms)



Investigating the effects of pre-stimulus cortical oscillatory activity on behavior 51

were visualized using Matlab or FieldTrip plotting functions, the RainCloud plots tool 

(Allen et al., 2019), and the circularGraph tool (Kassebaum, 2019). All experimental data 

and analysis scripts can be accessed from the Donders Repository (http://hdl.handle.

net/11633/aabghkjl).

2.3.1 | MEG preprocessing

Power line interference at 50 Hz (with 0.2 Hz bandwidth) and its harmonics were removed 

from the data with a discrete Fourier transform (DFT) filter. To allow for the monitoring of 

the head position of the subject, the head localization coils were continuously activated 

throughout the measurement with a strong sinusoidal signal at 160 Hz. This signal was 

recorded along with the MEG, and regressed out of the MEG signals. Segments of the 

data containing SQUID jump artifacts or eye blink artifacts were identified and removed 

from the data. Ambient noise was reduced by regressing out the signals recorded by 

a set of reference sensors, located in the top of the MEG dewar. Lastly, the data were 

resampled to 300 Hz. 

Additionally, the 4.5-minute empty room MEG recording was preprocessed as follows. 

The data were cut up in 2-second snippets with 50 % overlap, and demeaned. Excessively 

noisy snippets were removed from the data based on the variance. Then, the data were 

resampled to 300 Hz.

2.3.2 | MRI preprocessing

MRI data were co-registered to the MEG coordinate system using the co-registration 

information from the digitized head surface. For each subject, a 3D source model with 

an approximate 4 mm resolution was created with SPM8 (Penny et al., 2011), leading to 

37,173 dipole locations inside the brain compartment. Additionally, volume conduction 

models were created using a single shell model of the inner surface of the skull (Nolte, 

2003).

2.3.3 | Data stratification

Before the spectral analysis of the post-cue window, the data were stratified for data 

length and reaction times. Since power is positively biased by the number of samples, 

conditions with overall more samples (i.e. containing trials with larger reaction times) 

are confounded. First, the number of trials were equalized across conditions, and the 

remaining trials were matched for number of samples, cutting off the end of the trials 

with more samples. This operation ensured the same amount of data in each condition 

per contrast. However, this caused the data to be potentially confounded by latency: trials 
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with higher RTs could have the same spectral characteristics as low RT trials, but later in 

time. Untimely cutting off these trials could abolish these spectral effects and confound 

the contrast. Therefore, trials from congruent and incongruent trials were removed 

at random until their distributions of RTs were equal, ensuring an overall comparable 

timing over conditions.

2.3.4 | Spectral analysis

Time-resolved spectral power was estimated in order to define frequency bands of 

interest. This was done separately for low (2.5-40 Hz) and high (32-100 Hz) frequencies. 

The data were first padded to 4.0 s. For low frequencies, a Hanning tapered 400 ms 

sliding time window was used every 50 ms, from 500 ms before until 600 ms after 

stimulus onset, with 2.5 Hz resolution. For high frequencies, power was estimated using 

a DPSS multi-taper approach, with a sliding time window of 250 ms and steps of 50 ms, 

8 Hz smoothing and a resolution of 4 Hz.  Time-frequency data was expressed relative 

to a baseline, which was defined as [-0.5 -0.2] s relative to stimulus onset. Spectral 

decomposition was performed on synthetic planar gradient data (Bastiaansen and 

Knösche, 2000) and combined into a single spectrum per sensor.

Source-projected spectral analysis was performed in six frequency bands defined 

according to the frequencies implicated in the contract described above: theta, alpha, 

beta and three frequency bands in the gamma range (see table 1). Spectral estimates 

of center frequencies were averaged within frequency bands. A 500 ms time window 

was selected (200-700 ms post-response-cue onset or until a response was made, or 

500-0 ms pre-response-cue onset) and the data were detrended and zero padded to 2 

s. Spectral analysis was performed at the particular frequency bins with the respective 

smoothing parameter (table 1), using Fast Fourier Transform (FFT) and DPSS multitapers 

in order to get the desired spectral smoothing. Because of the short time window in the 

post-cue time interval, theta and alpha power in this window could not be estimated with 

the desired smoothing (data segments were mostly below 500 ms), and was therefore 

estimated with 4 Hz smoothing in all trials. For the analysis in the pre-cue window, trials 

that were preceded by a baseline were removed from the data, because the baseline 

interval potentially dilutes potential congruency sequence effects.

The empty room data were processed similarly, and were used for spatial pre-whitening 

of the frequency data. This reduces the influence of background interference in source 

reconstruction (Sekihara et al., 2006).
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Table 1 | Definition of frequency bands, with the corresponding frequency bins used for 
estimation, and desired spectral smoothing. For the gamma bands, power was estimated at 
two center frequencies, and later averaged.

Frequency band Frequency range (Hz) Center frequencies (Hz) Smoothing (Hz)

theta 4-8 6 2 (or 4 for post- 
response cue)

alpha 8-12 10 2 (or 4 for post- 
response-cue)

beta 14-30 22 8

low gamma 30-50 38, 42 8, 8

mid-range gamma 50-70 58, 62 8, 8

high gamma 70-90 78, 82 8, 8

 
2.3.5 | Source reconstruction

Spectral power at the source level was estimated with dynamic imaging of coherence 

sources (DICS) beamforming. Pre-whitened frequency data was concatenated 

over conditions, and in case the window of interest was after response-cue onset, 

concatenated over pre- and post-cue windows. In case the window of interest was the 

pre-response-cue window, only the pre-cue data were concatenated. A common spatial 

filter was estimated for every source location, using a beamformer with fixed dipole 

orientation, and a regularization parameter of 100% of the mean sensor level spectral 

power. The common spatial filter was subsequently used to estimate power for each 

condition separately. 

2.3.6 | Definition of ROIs

After statistical evaluation of the power difference between congruent and incongruent 

trials in the post-cue window, regions of interest (ROI, see table 2) were defined based 

on this effect. These regions were defined in order to reduce the search space in later 

analyses (power and coherence effects in the pre-cue window). ROIs were defined as 

dipolar point estimates, separately for each frequency band that showed a post-cue 

power effect, even if multiple frequency bands showed an effect in the same brain 

area. Presumably, these frequency-specific ROIs within the same brain area increased 

sensitivity for further analyses. 
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2.3.7 | Coherence

Coherence was computed only for the pre-cue data, between the 17 previously defined, 

frequency specific ROIs, and separately for congruent and incongruent trials. First, the 

cross-spectral density (CSD) was estimated at the sensor level, based on the spectral 

analysis described before (see 2.3.3). The source level CSD for all ROI dipole pairs was 

computed by combining the dipoles’ common spatial filters with the channel level CSD. 

From this, coherence between ROIs was computed, using the standard formula for the 

coherence coefficient:

coherencea,b =       
 |csda,b|

          
,

where powa  and powb refer to the ROI specific power estimates (Bastos and Schoffelen, 

2016).

Coherence was computed for all combinations of ROIs in which in at least one of them 

a post-cue power effect was present (e.g. if two ROIs were defined based on the power 

effect in two gamma bands, coherence between them would only be estimated in those 

frequency bands). Additionally, connections between ROIs in the same brain area (e.g. 

between alpha ROI and gamma ROI, both in contralateral occipital cortex) were excluded, 

resulting in a total of 215 frequency specific connections of interest.

2.3.8 | Single-trial analysis

The whole brain, pre cue power analysis and the confound of response repetition in the 

Gratton effect pointed to a role of low gamma bad power in the sensorimotor cortex for 

the Gratton effect. In order to test whether pre-cue gamma power in sensorimotor areas 

correlated with reaction times, single-trial power was estimated at the locations with the 

highest positive/negative T-value in that area, based on the pre-cue whole brain power 

analysis. Spatial filters that were retrieved from source reconstruction (see 2.3.5) were 

multiplied with the Fourier coefficients in order to compute single-trial power. These 

power values were averaged over the frequencies within the low gamma band (38 and 

42 Hz), correlated with reaction times, and subjected to a dependent samples T-test a the 

group level, contrasting the correlations to zero.

√powa × powb
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2.4 | Statistical analysis

2.4.1 | Behavior

The effect of stimulus response congruency on the current trial’s reaction time (RT) 

was estimated with a two-tailed T-test. The effect size was defined as the behavioral 

advantage of congruent over incongruent trials in terms of seconds and percentages. 

The effect of the congruency of the previous trial on the reaction time of the current trial 

was assessed with a two-way repeated measures ANOVA with two factors: congruency 

on the previous, and on the current trial. Congruency on the previous trial had three 

levels (congruent, incongruent, and neutral). Congruency on the current trial had only 

two levels (congruent and incongruent), since neutral trials did not require a response. 

Subsequently, partial eta squared was calculated to function as the estimated effect size. 

2.4.2 | Spectral Power 

From the single-trial source level spectral power, robust estimates of the condition-

specific means and pooled variances were computed. Specifically, we computed a 

trimmed mean across trials, using a percentage of 20% trimming, and a 20% winsorized 

variance (Wilcox, 2011). This procedure yields more robust estimates when the data 

are not normally distributed, or when the data in the to-be-contrasted conditions have 

unequal sample sizes or variance. Sample means were converted to Z-scores, by means of 

normalization with the pooled standard deviation, to account for overall signal difference 

across subjects. This procedure was repeated for each frequency, and done separately 

for left hand and right hand response trials. Left hand and right hand responses were 

pooled by flipping the hemispheres of right hand response trials over the sagittal plane, 

and averaging the normalized sample means. Next, first level condition estimates were 

averaged within frequency bands (see table 1).

The normalized sample means were compared across conditions using a nonparametric 

permutation test with 10,000 permutations, permuting the condition labels of the 

individual subjects’ condition specific averages, and using the dependent samples Yuen-

Welch T-statistic as test statistic. In this case, the subject with the most extreme value in 

either tail of the distribution of that source location was excluded before calculating the 

sample’s mean and variance. This step was done to account for overall signal differences 

across subjects. For the post-cue contrast, permutation testing was combined with 

spatial clustering for family-wise error control (Maris and Oostenveld, 2007). Adjacent 

dipole locations with T-values corresponding to a nominal threshold of 0.05 were 

grouped into clusters and their T-values were summed. The null-hypothesis was rejected 
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if the maximum cluster statistic in the observed data was in either tail of the permutation 

distribution (with the critical alpha (0.05) Bonferroni corrected for six frequencies). 

For the pre-cue contrast, 17 tests were carried out, one for each ROI in a specific frequency 

(see table 2). These tests evaluated if there was a consistent difference in the pre-cue 

window between trials preceded by congruent versus incongruent trials. The critical 

alpha level was Bonferroni corrected for multiple comparisons. Additionally, all effect 

size estimates are based on absolute power. For the post-cue window, the estimated 

effect size was based on the average effect size within the cluster that most contributed 

to the significant effect. 

2.4.3 | Coherence

Coherence in congruent and incongruent trials were contrasted using a dependent 

samples Yuen-Welch T-statistic (as described above), and subjected to nonparametric 

statistics with 20,000 permutations. This was done separately for all 215 possible 

combinations of ROIs in a specific frequency band, and the critical alpha level was 

Bonferroni corrected for the number of comparisons.

2.4.4 | Post-hoc Bayesian statistics

Some of the results showed potentially interesting tendencies without being supported 

by statistics. In order to quantify the evidence for H1 over H0, we computed post hoc 

Bayes factors (BF) based on the variable/cluster that resulted from the (cluster-based) 

permutation test, using flat priors (Lee and Wagenmakers, 2013). 

3 | Results

All nineteen subjects understood the task and performed well during the task. The 

average performance rate over subjects was 97% (SD = 3.0%) and the mean reaction 

time on correct trials was 651 ms (SD = 86.0 ms). Of all trials, on average 32 trials (SD = 

24.5) contained artifacts in the MEG data and were removed from subsequent analyses.

3.1 |  Subjects respond faster when the previous trial was of the 
same congruency

The task was designed in order to elicit two well-known psychological effects: the Simon 

effect and the Gratton effect. The Simon effect presents itself as a difference in reaction 

times or performance when the instruction stimulus and the instructed response are on 
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the same side, compared to when they are on opposite sides (Simon and Rudell, 1967). 

The current task presented a response cue for either left or right hand response in either 

left or right hemifield (and a non-informative stimulus in the opposite hemifield), and is 

thus expected to show a similar effect. Subjects were on average 44.4 ms (SD = 47.1 ms) 

faster on congruent trials (mean ± SD = 629 ± 81.4 ms) than on incongruent trials (mean 

± SD = 674 ± 96.9 ms), t(18) = -4.12, p=0.00065 (see figure 2a), which confirms the effect. 

The other expected effect is a congruency sequence effect, also known as the Gratton 

effect: the difference in behavioral performance for compatible versus incompatible 

sequential trials (i.e. of the same or different congruency), which is also present in 

Simon experiments (Notebaert et al., 2001). We tested whether the Gratton effect was 

induced by the task by testing the effect of stimulus congruency of the current trial on 

RTs, conditioned on the previous trial. Reaction times were lower when the current trial 

was preceded by a trial of the same congruency (F(2,18) = 54.6, p = 1.25e-11, η2 = 0.049; see 

figure 2b), e.g. subjects responded faster on congruent trials when the previous trial was 

also congruent, rather than incongruent, and vice versa. Interestingly, when a trial was 

preceded by a neutral trial, reaction times were in between reaction time of compatible 

and incompatible trials. 

 

 
 

 
Figure 2 | Reaction times differ based on stimulus-response congruency. A) Subjects respond 
faster on congruent than incongruent trials. B) Subjects respond faster when the previous and 
current trial are compatible. Graphs show probability density, box plots denote median, 1st 
and 3rd quartiles and 1.5 times the interquartile range (IQR). Dots correspond to data points of 
individual subjects.
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network nodes for successful completion of the task were identified by investigating 

spectral power differences between congruent and incongruent trials, in the time 

window from response cue onset until the response. These resulted in a number of 

regions of interest (ROIs) that informed subsequent investigation of the Gratton effect. 

Spectral power in these ROIs, and coherence between them, were computed in the 500 

ms time window before the onset of the response cue. These measures are assumed to 

reflect the state of the task relevant network, right before the informative response cue 

is presented. These neural states are hypothesized to affect the efficiency of task relevant 

processing in the subsequent task stage, thereby inducing the observed behavioral 

differences.

 

 
Figure 3 | Group average time-frequency representations of task-induced changes, showing 
the relative power increase from the target stimulus, for selected MEG sensors (dots in 
topographical plots on the right). The topographies correspond to the time window after target 
stimulus onset in the following frequency bands: A) theta (4-8 Hz), B) alpha (8-12 Hz), C) beta 
(14-30 Hz), D) low gamma (30-50 Hz), E) mid-range gamma (50-70 Hz), and F) high gamma 
(70-90 Hz).
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3.2 |  The Simon effect is associated with differences in local 
neuronal oscillatory activity in the visuo-motor network

We presumed that the behavioral advantage for congruent over incongruent trials can 

be (partially) explained by differences in neural oscillatory activity related to response 

selection and initiation. First, in order to find which frequencies were implicated by 

the task, sensor level time-frequency representations (TFR) were computed (figure 3). 

These were baseline corrected with the period before stimulus onset (i.e. during the 

warning cue). This contrast was not of particular interest in subsequent analyses, but 

was purely used to inform about the frequencies implicated in the current task. In the 

lower frequencies, the contrast revealed a relative spectral increase in the theta band 

in mid-central MEG sensors (A), an alpha band decrease in posterior sensors (B) and a 

beta band decrease in mid-central channels (C). In the higher frequencies, there was a 

relative increase in the gamma range (30-90 Hz) in multiple groups of sensors and in 

different sub-bands. These sub-gamma bands showed spatial and spectral overlap, but 

were dominated by lower frequencies in posterior sensors (D), and higher frequencies 

in central sensors (F). Some posterior sensors also showed a broad-band power 

increase (E). In order to be maximally sensitive to different effects in the gamma band, 

we distinguished three sub-bands: low gamma (30-50 Hz), mid-range gamma (50-70 

Hz), and high gamma (70-90 Hz). Further, note that the time window after cue onset 

is relatively short, and that the temporal dynamics of the spectral changes are limited. 

Therefore, subsequent analyses ignored the temporal dimension of spectral changes.

Next, differences in oscillatory activity between congruent and incongruent trials 

was tested by contrasting spectral power at the source level, between congruent and 

incongruent trials in the six frequency bands defined on the basis of the sensor level 

contrast with the warning cue. For each subject we computed the difference in power 

between congruent and incongruent trials, separately for left and right handed 

responses. In order to increase statistical sensitivity, contrasts for left and right-handed 

responses were pooled after mirroring the spatial patterns of spectral power changes for 

right hand response trials in the sagittal plane, thus focusing on consistently lateralized 

responses. The resulting power differences (and all subsequent results) are therefore 

reported as ipsi- or contralateral to the response hand, and results are displayed as if all 

trials required a left hand response.

One potential confound for the contrast between congruent and incongruent trials is the 

overall higher reaction times for incongruent trials. Spectral power was estimated in the 

window from 200 ms to 700 ms after the response cue, or until a response was made. 

Power is not stationary within this window, and changes over time as a function of the 

neural process. Since incongruent trials were associated with longer RTs, the spectral 
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changes likely arise later in time as well. If the analysis window captures different stages 

of the neural process depending on RT, this would lead to biased power estimates. 

Additionally, power in incongruent trials was estimated on larger time windows on 

average (because of longer RTs), leading to more accurate power estimates.  In order to 

account for confound of reaction time, the analysis above was executed after stratifying 

conditions for data length and reaction times (see Methods 2.3.3).

 

 

 
Figure 4 | Spectral power differences in the post-cue window between congruent and 
incongruent trials, pooled across conditions. Data are presented as if requiring a left-hand 
response (i.e. right-hand response data were mirror flipped before pooling). The data were 
stratified on RT and data length before spectral analysis. Spectral differences are lateralized, 
and in opposite direction for low (alpha, beta) and high (gamma) frequency bands. Color 
values indicate T-values at the group level (values smaller than 30% of the maximum values 
are masked); p-values are not corrected for multiple frequencies and the Bayes factor (BF) 
quantifies the evidence for H1 over H0 for the largest cluster (see 2.4.4).
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gamma (p = 0.018, nonparametric permutation, corrected; BF = 45), and high gamma 

(p = 0.022, nonparametric permutation, corrected; BF = 7.6). The T-values of these 

contrasts are displayed in figure 4, and are qualitatively similar when the same analysis 

is done without stratifying the data (figure S1). The beta power effect is most clear in 

the sensorimotor cortex, where the effect is lateralized. It further extends to ipsilateral 

parietal and occipital cortex. In the cluster that lead to rejection of the null-hypothesis, 

power values were on average 4.3 % higher (SD = 2.6 %) in congruent trials compared 

to incongruent trials. The effects in the gamma range were also lateralized, generally in 

the opposite direction than the beta effect. Mid-range gamma was strongest in occipital 

cortex, with on average 3.5 % (SD = 2.4 %) higher power values in contralateral occipital 

cortex for congruent trials. The power effect in high gamma was present throughout the 

contralateral cortex, including sensorimotor, parietal and occipital cortex. On average, 

power values in the largest positive clusters were 3.6 % (SD = 3.3 %) higher in congruent 

trials.

In the frequency bands where the power difference was not significant (after correction); 

some interesting tendencies were visible. While these were not statistically supported, 

some patterns looked too promising to discard them right away. Instead, we computed 

the Bayes factor post hoc for the variable/cluster that lead to the acceptance of the null 

hypothesis, so that we could quantify the evidence in favor of the null hypothesis. This 

showed that for all tests in figure 4, there was moderate to very strong evidence for H1, 

also for those tests that were not significant. In the theta band (p = 0.17, nonparametric 

permutation test, uncorrected; BF = 54), congruent trials showed less power along the 

midline in frontal cortex. This might be related to processing conflicts (Cavanagh and 

Frank, 2014), which are especially present in incongruent trials. The power contrast in 

the alpha band (p = 0.71, nonparametric permutation test, uncorrected; BF = 7.7) showed 

lateralization in occipital cortex, notably in the opposite direction than the effects in 

gamma band, as is often seen in this brain area (Bauer et al., 2014; Jensen and Mazaheri, 

2010). Lastly, the trend in the low gamma range (p = 0.02, nonparametric permutation 

test, uncorrected; BF = 30) was strongest in temporal cortex, but was present in small 

clusters throughout the cortex. It was the only frequency band that did not look 

qualitatively similar when the analysis was done without stratification of the data (figure 

S1), which make this result difficult to interpret.

Based on these observations, regions of interest (ROIs) were defined for further analyses. 

ROIs were considered in the three frequency bands in which a statistically significant 

post-cue power effect was present (beta, mid-range gamma, and high gamma). 

Additionally, ROIs in the theta and alpha bands were defined, despite the absence of a 

significant effect. In light of the literature (see Discussion), the trends present in these 

data point towards a possible involvement in the current task. Furthermore, possibly 
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these trends did not reach significance because of the insensitivity of the current analysis 

in these frequency bands (see Methods 2.3.4 and Discussion). In total, seventeen ROIs 

were defined in specific frequency bands, as summarized in table 2.

Table 2 | Locations of regions of interest per frequency. The MNI coordinates are given for 
trials that required a left hand response; for trials that required right hand response, these 
coordinates were mirrored in the sagittal plane.

Frequency band Region Hemisphere (relative 
to response hand)

MNI coordinates (mm)

theta frontal midline       2        28       36

alpha occipital ipsi    -22    -100        -4

contra     18       -92         4

beta occipital ipsi    -38       -92         8

parietal ipsi    -14       -92       48

sensorimotor ipsi    -42       -40       60

contra     50       -24       56

mid-range gamma occipital ipsi    -34       -92         4

contra     30     -100         4

parietal contra     30       -88       44

sensorimotor ipsi    -42       -52       68

contra     62       -32       44

high gamma occipital ipsi    -22     -100       12

contra     30       -92       40

parietal ipsi    -26       -76       64

contra     26       -60       80

sensorimotor contra     42       -32       68

3.3 |  Differences in oscillatory activity after congruent or 
incongruent trials only affect subsequent processing of 
identical trials

We presumed that the nodes identified in the post-cue window are generally important 

for task-relevant processing. Since there is a behavioral congruency sequence effect, 

it could be that activity in these task-relevant nodes, or connectivity between them, is 

adjusted according to the stimulus-contingency of a given trial, in order to rebalance 

the state of the network for optimal performance in the next trial. For example, after 

a congruent trial, functional connectivity within hemispheres would increase, at the 
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cost of interhemispheric connectivity, essentially preparing the network for an efficient 

response in another congruent trial. The opposite is expected after an incongruent trial, 

where the task-relevant network would be prepared for another trial in which efficient 

interhemispheric information transfer is required. In order to test whether spectral 

power differed between conditions at trial onset (i.e. depending on the contingency of 

the preceding trial), power was estimated in the ROIs in the 500 ms time window before 

the onset of the next trial. Just as in the previous analysis, left and right hand response 

trials were pooled, and the congruency effect was tested statistically, conditioned on 

the previous trial. There was no consistent effect in either of the ROIs in any frequency 

(figure 5). The largest difference was present in the alpha band, in the occipital ROI, 

ipsilateral to the response (p = 0.0038, nonparametric permutation test, uncorrected; 

BF = 0.71). Here, power was higher after a congruent versus an incongruent trial. This 

difference was in the opposite direction in the hemisphere contralateral to the response, 

and these lateralized differences were reversed in the mid-range and high gamma bands. 

However, the Bayes factors (BF) that were computed post hoc revealed that there was 

still anecdotal to moderate evidence in favor of H0. In order to make sure that these 

non-significant findings were not a result of poorly defined ROIs, we also conducted 

a whole brain analysis, similar to the analysis in the post-cue window (figure 6). No 

statistically significant effect was present in any of the frequencies there either. There 

was a trend of higher theta power in ipsilateral parietal cortex and higher beta power in 

the mid-central area for incongruent trials in the whole brain analysis, with Bayes factors 

suggesting moderate evidence for H1, but these were not studied in the ROI analysis. 

Another trend was visible in the alpha band in both the ROI and whole brain analyses, 

similar to the results in the post cue window: more alpha power in ipsilateral occipital 

cortex after a congruent trial, and less power on the contralateral counterpart. The same 

trend was present in the mid-range gamma band, but in the opposite direction. While 

these tendencies both point towards activation of the visual areas that received the 

informative stimulus in the previous trial, and inhibition of the areas that received the 

uninformative stimulus, the post hoc computed Bayes factors showed that there was 

only anecdotal evidence for H1. Lastly, a trend was present in the low gamma band, with 

strong evidence for H1 as revealed by the post hoc Bayesian analysis. There was less 

power in ipsilateral parietal and sensorimotor cortices for congruent trials, and more 

power in the contralateral counterparts. This trend is not comparable to the contrast in 

the response window (figures 3 and S1), where the results were inconsistent for stratified 

and non-stratified data. However, it does suggest more excitation in the motor cortex 

that was responsible for the action in the previous trial, and less in the motor cortex that 

had to be suppressed. This would indicate a behavioral benefit if the next trial required 

the same response, instead of a compatible response. 
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Post-hoc behavioral analysis (figure S2) revealed that the Gratton effect is present if two 

sequential trials required the same response (F(1,18) = 79.4, p = 5.11-8, η2 = 0.27), but not 

when they required a different response (F(1,18) = 2.33, p = 0.14, η2 = 0.0025). It is therefore 

possible that the Gratton effect observed in our data is a consequence of trial repetition 

(i.e. two sequential trials are of the exact same type), rather than trial contingency. This 

opens up the possibility that the level of excitation in the motor cortex contralateral 

to the response hand, and/or the level of inhibition ipsilateral to the response hand 

determine the sequential trial effects in behavioral performance. However, there was 

no single-trial correlation of reaction times with power in the low gamma band in either 

ipsi- or contralateral sensorimotor areas (ipsilateral: t(18) = -0.13, p=0.90; contralateral: 

t(18) = 0.42, p=0.68).

 
Figure 5 | Contrast of power in congruent versus incongruent trials in the pre-cue window, in 
selected ROIs. There was no significant difference between congruent and incongruent trials in 
any of the ROIs. Graphs show probability density, box plots denote median, 1st and 3rd quartiles 
and 1.5 times the interquartile range (IQR). Dots correspond to data points of individual 
subjects. p-values are not corrected for multiple comparisons; the Bayes factor (BF) quantifies 
the evidence for H1 over H0 (see 2.4.4). 
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Figure 6 | Whole brain spectral power differences in the pre-cue window between previous 
congruent and previous incongruent trials, requiring a left hand response. None of the 
frequency bands was significantly different. Color values indicate T-values at the group level 
(values smaller than 30% of the maximum values are masked); p-values are not corrected for 
multiple frequencies and the Bayes factor (BF) quantifies the evidence for H1 over H0 for the 
largest cluster (see 2.4.4).

 
3.4 |  Differential interhemispheric connectivity might alter 
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odds with the resulting behavior, where the response time is affected by the condition 

of the previous trial (i.e. Gratton effect). However, local neuronal oscillatory activity 

does not represent the entire state of the network. Functional connectivity between 

network nodes, as indexed by phase synchrony, can potentially play a role in bringing 
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be present at the start of the next trial, and thus benefit trials that require the same 

network nodes to communicate (compatible), relative to two sequential trials where this 

is not true (incompatible). Because incongruent trials require cross-talk between the 

hemispheres, and congruent trials presumably do not, we expect that at a particular (as 

of yet, unknown) processing stage, neural information flow diverts to the downstream 

network node in the opposite hemisphere in incongruent trials. In particular, specific 

intra-hemispheric connections are thought to be stronger after congruent trials, whereas 

specific inter-hemispheric connections are thought to be stronger after incongruent 

trials. Because it is unknown at which stage the neural information flow crosses the 

midline, we considered all intra- and inter-hemispheric connections.

In order to test this, we computed coherence between all pairs of ROIs in the pre-cue 

window. This was done for the five frequency bands used before, and separately for 

previously congruent and previously incongruent trials. Excluding connections that were 

not of interest (see Methods 2.3.7.), 215 connections were tested. None of them survived 

Bonferroni correction. Figure 7 depicts those connections with a p-value smaller than 

0.05 before correction (see figure S3 for the remaining connections). Interestingly, most 

of these connections are interhemispheric and are stronger after incongruent trials. 

This could indicate that performance on incongruent trials increases when succeeding 

another incongruent trial, due to increased interhemispheric synchrony. Especially the 

beta-band coherence between parietal regions of the two hemispheres is noteworthy, 

considering it had the lowest p-value (p = 0.0019, nonparametric permutation test, 

uncorrected) and a post hoc computed Bayes factor of 54, suggesting very strong 

evidence for H1.

 

 
Figure 7 | Coherence in the task-relevant network for all connections with p<0.05 (uncorrected; 
connections with p<0.005 are denoted with an asterisk). The relative difference in coherence 
for previous congruent versus previous incongruent trials in the pre-cue window. Solid lines 
indicate group average, with the thickness of the lines proportional to the ratio between 
coherence in congruent and incongruent trials; transparent lines indicate standard deviation. 
Red (blue) denotes larger (smaller) coherence for previous congruent versus incongruent. ipsi: 
ipsilateral to cued response hand; contra: contralateral to cued response hand. 
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4 | Discussion

In this work, we investigated local oscillatory activity and long range functional 

interactions between brain areas in various frequency bands, while subjects were 

engaged in a Simon task. We hypothesized that the behavioral difference for stimulus-

response congruent and incongruent trials (i.e. faster reaction times on congruent 

trials) is correlated to differences in cortical power. Furthermore, we hypothesized that 

the relative behavioral benefit for trials following instances with the same stimulus-

response contingency (i.e. the Gratton effect) is related to contingency-induced changes 

in the state of the network, by temporarily upregulating the connectivity strength 

between behaviorally relevant network nodes. We identified regions-of-interest in the 

sensorimotor, visual, and attention-related areas that differed in local oscillatory activity 

(i.e. spectral power) during the response phase of the Simon task. Within this network, 

using rigorous statistical procedures, spectral power in none of the nodes in either of the 

studied frequencies was significantly different in the pre-cue window of the subsequent 

trial. Nor was there a significant difference in coherence between the task-relevant nodes 

that could explain the superior performance after compatible consecutive trials. 

The task we used in this experiment is not a standard Simon task. The original Simon 

task presented an auditory response instruction (left/right hand response) to either 

ear (Simon and Rudell, 1967). The current experiment was in the visual domain, and 

presented stimuli in both hemifields for each trial. Thus, the subject had to process both 

stimuli in order to identify the stimulus containing the response instruction, requiring 

engagement of bilateral early visual areas. Additionally, we included neutral trials, thus 

explicitly requiring the processing of both stimuli before a response decision could be 

made. These modifications to the original Simon task made the task more difficult, which 

is supported by longer RTs: the original study reported mean reaction times in the order 

of 400 ms, while on this task the average RT was 651 ms. The introduction of two visual 

stimuli with very similar low level features on each trial ensured that any differences 

between trials would unlikely be the result of trivial differences in the response of visual 

areas to low level stimulus characteristics.

We observed statistically significant power differences between congruent and 

incongruent trials in beta, mid-gamma and high gamma bands. The contrasts in theta 

and alpha band were not significant, despite the presence of clear trends that met our 

expectations. One reason why these two contrasts might not have survived statistical 

testing is the insensitivity of the analysis to low frequencies. Reaction times were still 

generally low, leading to short time windows on which power could be estimated. 

Consequently, spectral smoothing in low frequencies was higher than desired (4 Hz 

instead of 2 Hz). This lead to spectral leakage from frequencies outside of the frequency 
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bands of interest that could have compromised sensitivity to the effects. Although no 

strong claims about the theta/alpha band could be made, we could interpret the trends 

in the data nonetheless.

The trend in the theta band was strongest in the mid-frontal region of the brain, where 

theta power was higher during incongruent trials than during congruent trials. Increases 

in frontal theta power are often observed during response conflict, likely reflecting the 

need for more cognitive control. In line with this, is has already been shown that power 

in a Simon task is higher for incongruent than congruent trials (Cohen and Ridderinkhof, 

2013; Nigbur et al., 2011), and higher for incongruent trials following incongruent, rather 

than congruent trials (Pastötter et al., 2013).

Alpha power, likely reflecting inhibition, was reduced in the occipital cortex contralateral 

to the informative stimulus, and enhanced ipsilateral to the informative stimulus. This 

pattern is often observed in visual spatial attention tasks (Bauer et al., 2014; Jensen 

and Mazaheri, 2010; Thut et al., 2006). Whereas most spatial attention tasks cue the 

subject on which hemifield should be attended before the presentation of the relevant 

stimulus, in the current experiment the warning cue did not contain spatial information. 

All warning cues were also designed to be similar in their low-level visual features. 

This lateralization is probably top-down in nature and instantiates after at least partial 

processing of the stimuli, since it cannot be elicited by attentional preparation and it is 

unlikely to be stimulus-induced.

Beta desynchronization is classically observed in sensorimotor cortex during movement 

execution (Neuper et al., 2006; Pfurtscheller, 1981; Pfurtscheller and Lopes da Silva, 

1999), and the movement duration is shorter with larger desynchronization (Heinrichs-

Graham and Wilson, 2016). Increases in beta synchronization have been observed if a 

prepared movement is terminated, for example in Go/No-go tasks (Alegre et al., 2004; 

Zhang et al., 2008). In the current study, congruent trials, relative to incongruent trials, 

showed lower beta power in the hemisphere contralateral to the cued response hand 

and higher beta power in the ipsilateral hemisphere. Faster reaction times for congruent 

compared to incongruent trials are in line with the larger beta desynchronization in 

the ipsilateral sensorimotor cortex. Additionally, higher beta power in the ipsilateral 

hemisphere suggests superior inhibition of the incorrect motor response in congruent 

trials.

Just like the occipital alpha lateralization, the occipital gamma lateralization (in the 

opposite direction compared to alpha) is unlikely to be stimulus-induced. Still, it is 

unlikely that this lateralization (or the one in alpha band) is related to the behavioral 

difference in congruent and incongruent trials. Namely, the lateralization was present in 
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both congruent and incongruent trials, but in opposite directions (data not shown). This 

is unsurprising because the informative stimulus is also present in opposite hemifields 

for these trial conditions. These results do therefore not point to a difference in visual 

processing between congruent and incongruent trials per se, but rather indicate that 

visual processing of the relevant stimulus is upregulated immediately after identification 

of its relevance. Similarly, processing of the irrelevant stimulus is immediately 

downregulated.

Further, gamma power was also lateralized in sensorimotor cortex, in the same direction 

as in occipital cortex, but mainly in the high gamma range (70-90 Hz). Sensorimotor 

gamma synchronization in this frequency range is reported to have a prokinetic role 

(Seeber et al., 2015), and gamma synchronization accompanies beta desynchronization 

upon sensorimotor activation (Crone, 1998). The power lateralization in sensorimotor 

cortex in opposite directions for beta and gamma therefore provides reinforcing evidence 

for enhanced sensorimotor activation of the correct motor response in congruent trials, 

and enhanced inhibition of the incorrect motor response.

Taken together, the rich pattern of spectral differences in the response window of the 

Simon task mainly point functional differences in the response preparation and execution 

that benefit congruent over incongruent trials. This is supported by stronger activation 

of the sensorimotor area responsible for the correct response, and stronger inhibition for 

sensorimotor area responsible for the incorrect response. These findings fit well with the 

widely accepted cognitive theory that attributes the Simon effect to differences in spatial 

coding in the response selection phase (Hommel, 2011).

In addition to the Simon effect, the task used here elicited a sequential dependency 

effect, or Gratton effect. Subjects responded faster on trials that were compatible with 

the condition of the previous trial. Therefore, the stimulus-response contingency induces 

a specific change in the neuronal state that influences the behavior in the subsequent 

trial. We hypothesized that this neuronal state is reflected in the local and/or long-range 

synchronization of the network. In short, areas and functional connections that were 

required for a trial of one condition are strengthened through synchronization, hereby 

affecting the initial network state at the start of the next trial and improving performance 

for a trial of the same condition. We found no significant differences in power at the start 

of a next trial. However, there were trends of higher ipsilateral theta power in parietal 

cortex and higher midcentral beta power, after incongruent trials.

Even if the lateralization in excitation and inhibition in sensorimotor areas in the low 

gamma bandpersisted after the previous trial, it is unlikely that this could elicit the 

difference in performance as seen in the Gratton effect. If gamma power reflects a 
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difference in excitation, it would likely only benefit trials that require the same response. 

This interpretation is supported by behavior: the Gratton effect was only present in 

trials that required the same response, and trivially had the instructive stimulus in the 

same hemifield. For example, if a congruent, left-hand response trial was preceded by a 

congruent, right-hand response trial, performance was as good as when it was preceded 

by an incongruent, right-hand response trial. This puts the origin of the Gratton effect in 

question, which has occurred before in the literature (see Hommel, 2011). Many reports 

saw the Gratton effect disappear when accounting for full repetitions of trial condition 

(Puccioni and Vallesi, 2012; Schmidt and De Houwer, 2011). Thus, the Gratton might not 

instantiate because of contingency effects, but because of increased performance after 

stimulus-response repetitions. According to a cognitive theory by Hommel (1998), this 

might be due to stimulus-response binding in episodic memory. The trends in the current 

data hint in an alternative direction: differential excitability in visual and motor cortical 

areas affect subsequent processing. There was no correlation between pre-cue gamma 

power in sensorimotor areas and reaction times though, possibly because the analysis 

did not take baseline gamma power into account. The lack of significant effects make 

our alternative explanation for the Gratton effect merely speculation, and overall the 

results remain inconclusive. Possibly, cognitive control has alternative consequences on 

visuo-motor processing, as suggested by Pastötter et al. (2013). They specifically studied 

the oscillatory correlates of cognitive control in a response-priming task and found that 

reaction times were lower on incongruent trials with higher midfrontal theta power in 

the response period. Moreover, they found higher ipsilateral parietal theta power and 

midcentral beta power after incongruent trials, a trend that was also present in our 

data. Pastötter and colleagues found that in subjects where this effect was stronger, the 

weaker was the effect in midfrontal theta power during the response phase, although the 

mechanism behind this remains unknown. It is unclear why the pre-cue effects in theta 

and beta bands were not significant in the current study. Pastötter et al. used a different 

task, but it is not likely that their task induced a greater need for cognitive control: 

reaction times in the current experiment were generally higher, and had a greater effect 

of condition. If anything, this task was more difficult and if cognitive control is the key 

factor, it was higher in our task, reflected by reaction times. However, it could be that the 

theta power estimates were unreliable because of the short time window between the 

response cue and the behavioral response. This is a consequence of the study design, 

which was designed to have a high number of trials with a short duration, and to focus 

mainly on differences in the visuomotor network.

The indefinite conclusions drawn from the power results could have been cleared up 

by investigating the connectivity between network nodes. There was a tendency of 

higher beta band coherence between ipsilateral and contralateral parietal cortex after 

an incongruent versus a congruent trial. This could reflect increased communication 
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for conflict resolution between network nodes important in motor planning. In general, 

most connections with a p < 0.05 were interhemispheric connections, and were stronger 

after incongruent trials, which we hypothesized. We did however, find no trends in the 

theta band or in any connections with the midfrontal cortex, despite theta’s implication 

in pre-cue power (Pastötter et al., 2013) and during trial processing of a Simon task 

(Cohen and Ridderinkhof, 2013). Even though some interesting trends were present in 

the coherence analyses, they too remain inconclusive. This be due to too conservative 

correction for multiple comparisons, and perhaps the pre-defined ROIs were sub-ideal. 

For example, the trends in pre-cue power in the ipsilateral parietal theta power and 

midcentral beta power were not further investigated in a coherence analysis. Most likely, 

the presumption that the key differences in post-trial processing between congruent and 

incongruent trials take place in the same network nodes that show the largest differences 

in trial processing was too constraining. 

In conclusion, we found differences in the spectral neural response of congruent and 

incongruent trials in a Simon task, most notably related to motor planning and execution, 

and possibly cognitive control. The observed trends in beta and theta band power after 

trial offset are in line with the literature that predict a role for cognitive control that 

affects processing of the subsequent trial. On the other hand, the trends in gamma band 

point to a role in motor planning and execution, which would only benefit subsequent 

trials if they were of the same type, and is supported by behavior. It is therefore unclear 

to what extent control and response planning can account for congruency sequence 

effects, and whether this reflects conflict adaptation to begin with. Further research 

should therefore focus on the origins of the Gratton effect in order to constrain analyses 

into the underlying mechanisms of sequential dependency effects.
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Supplemental information

 

 
Figure S1 | Spectral power differences in the post-cue window between congruent and 
incongruent trials, without stratification for data length and reaction times. Data are presented 
as if requiring a left-hand response (i.e. right-hand response data were mirror flipped before 
pooling). Spectral differences are lateralized, and in opposite direction for low (alpha, beta) 
and high (gamma) frequency bands. Color values indicate T-values at the group level (values 
smaller than 30% of the maximum values are masked); p-values are not corrected for multiple 
frequencies.
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Figure S2 | The Gratton effect is only present when two sequential trials require the same 
response. Graphs show probability density, box plots denote median, 1st and 3rd quartiles and 
1.5 times the interquartile range (IQR). Dots correspond to data points of individual subjects.

 

 
 

 
Figure S3 | Coherence in the task-relevant network for all connections with p>0.05 
(uncorrected). The relative difference in coherence for previous congruent versus previous 
incongruent trials in the pre-cue window. Solid lines indicate group average, with the thickness 
of the lines proportional to the ratio between coherence in congruent and incongruent trials; 
transparent lines indicate standard deviation. Red (blue) denotes larger (smaller) coherence 
for previous congruent versus incongruent. Ipsi: ipsilateral to cued response hand; contra: 
contralateral to cued response hand.
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Abstract

Sustained attention has long been thought to benefit perception in a continuous 

fashion, but recent evidence suggests that it affects perception in a discrete, rhythmic 

way. Periodic fluctuations in behavioral performance over time, and modulations of 

behavioral performance by the phase of spontaneous oscillatory brain activity point 

to an attentional sampling rate in the theta or alpha frequency range. We investigated 

whether such discrete sampling by attention is reflected in periodic fluctuations in the 

decodability of visual stimulus orientation from magnetoencephalographic (MEG) brain 

signals. 

In this exploratory study, human subjects attended one of two grating stimuli while 

MEG was being recorded. We assessed the strength of the visual representation of the 

attended stimulus using a support vector machine (SVM) to decode the orientation of 

the grating (clockwise vs. counterclockwise) from the MEG signal. We tested whether 

decoder performance depended on the theta/alpha phase of local brain activity. While 

the phase of ongoing activity in visual cortex did not modulate decoding performance, 

theta/alpha phase of activity in the FEF and parietal cortex, contralateral to the attended 

stimulus did modulate decoding performance. These findings suggest that phasic 

modulations of visual stimulus representations in the brain are caused by frequency-

specific top-down activity in the fronto-parietal attention network.
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1 | Introduction

The ability to efficiently respond to the environment according to current behavioral 

goals relies on the process of attention to prioritize information. The brain has a limited 

processing capacity and therefore, external stimuli and internal mental states compete 

for cognitive resources, for example by focusing on a specific location in space. According 

to our subjective experiences, this struggle happens continuously: you can be so focused 

on a traffic light in order to hit the gas the moment it turns green, that you are totally 

oblivious to an acquaintance who waves at you from the sidewalk. We seem to attend to 

stimuli in a continuous fashion, but recent evidence suggests that, instead, our attention 

waxes and wanes in discrete, periodic cycles. 

Early indications of discrete sampling come from psychophysical experiments, showing 

that there are limitations on the number of temporal events one can perceive per unit 

of time. It turns out that when visual flashes are presented to a subject at a constant 

rate, the subject can only account for a maximum of 10-12 items/second, even when the 

presentation rate is higher (White and Harter, 1969). In another experiment, reaction 

time distributions were found to be multi-modal, with ~100 ms in between the peaks, 

indicating a periodicity of about 10 Hz (Venables, 1960). Given that attention has a 

facilitating effect on perception (Hawkins et al., 1990), the rhythmicity in reaction times 

suggests that attention might be discrete and rhythmic.

More recently, neuroscientific experiments have linked the rhythmic modulation of 

behavior to brain activity, in particular to rhythmic synchronization of cortical excitability 

in relation to visual attention. For example, Busch et al. (2009) found that the detection 

of a near-threshold stimulus was related to the phase of spontaneous rhythmic activity in 

the theta/alpha band (7-10 Hz) just before stimulus onset. In a similar experiment, Busch 

and VanRullen (2010) later found that this effect was only present when the subject 

actively attended the near-threshold stimulus. Thus, according to these studies the phase 

of the theta/alpha rhythm is inherently related to fluctuations in visual attention and, 

with that, behavior. Helfrich et al. (2018) pinpointed these top-down modulatory effects 

to the fronto-parietal attention network, specifically the frontal eye fields (FEF), the 

intraparietal sulcus (IPS), and inferior and superior parietal regions. 

The behavioral evidence that suggests that visual perception might inherently be 

discrete is thus supported by neural evidence that ascribes these effects to the phase 

of spontaneous activity. However, it remains unclear why visual attention is so strongly 

related to theta/alpha activity. According to theoretical accounts of visual processing 

and attention ( Jensen et al., 2014; Klimesch, 2012), these rhythms prioritize input by 

inhibiting neural processing. In short, neuronal firing is inhibited at oscillatory peaks, but 
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once inhibition ramps down (i.e. in the downgoing flank and trough of the oscillation), 

visual representations will activate according to their excitability. We investigated 

whether a discrete sampling of attention affects the input gain of incoming stimuli, 

i.e. whether the strength of a stimulus’ representation in brain activity shows periodic 

fluctuations. 

Developments in the analysis of neuroimaging data have resulted in the ability to 

decode mental states from non-invasive measurements (Haynes and Rees, 2006). This 

has been particularly successful in the visual domain in both fMRI and M/EEG (van de 

Nieuwenhuijzen et al., 2013; Zafar et al., 2015). The high temporal resolution of M/EEG 

enables us to ask questions about the temporal evolution of visual presentations using 

multivariate pattern analysis (MVPA; Cichy et al., 2015; Pantazis et al., 2018; Ramkumar et 

al., 2013). In order to investigate whether the strength of visual representations in brain 

activity shows periodic fluctuations, in this exploratory study we decoded visual stimulus 

information from MEG activity as a function of instantaneous phase of the ongoing 

activity. Human subjects participated in a spatial attention task while MEG was being 

recorded. The visual stimuli consisted of oriented gratings, with two possible orientations. 

If the representations of these stimuli are activated only in distinct time windows as a 

result of discrete attentional sampling, we expect the decoding performance to fluctuate 

accordingly, with a dependency on the theta/alpha phase. Because early visual cortex 

is most sensitive to oriented gratings (Hubel and Wiesel, 1962), this modulating signal 

was expected to be present there. Alternatively, the modulatory signal could come from  

the fronto-parietal attention network, given its putative role in attention (Buschman 

and Kastner, 2015) and evidence that points to this network in the phasic modulation of 

behavior (Busch et al., 2009; Helfrich et al., 2018).

2 | Methods

2.1 | Subjects

10 healthy volunteers participated in this study, of which 3 male and 7 female. Their age 

range was 19-27 (mean ± SD: 24 ± 2.3). All subjects had normal or corrected-to-normal 

vision, and all gave written informed consent according to the declaration of Helsinki. 

This study was approved by the local ethics committee (CMO region Arnhem/Nijmegen) 

and conformed to the Declaration of Helsinki.
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2.2 | Experimental design

2.2.1 | Stimuli

The experimental task was programmed in MATLAB (R2013a, Mathworks, RRID: 

SCR_001622) using Psychophysics Toolbox (Brainard and Vision, 1997), RRID: 

SCR_002881). All stimuli were presented against a black background (figure 1). A fixation 

cross (1.8 visual degrees (°)) was presented for a baseline period (800 ms), after which 

one of the horizontal arms widened to act as spatial cue (800 ms). Then two sinusoidal 

gratings (3.2°) appeared on the lower part of the screen, one in either hemifield. The 

gratings were drifting upwards (1.33 cycle per degree, drift rate 1 Hz) and could be 

oriented clockwise (CW, 45°) or counter-clockwise (CCW, 135°). After a variable stimulus 

duration (0.5-1.5 s) one of the gratings rotated clockwise or counterclockwise with a 

variable rotation angle. The gratings then remained drifting for 100 ms, after which a 

question mark was presented to indicate the response window (max. 1200 ms).

2.2.2 | Experimental equipment

Stimuli were presented by back-projection onto a semi translucent screen (width 48 cm) 

by an Eiki LC-XL100L projector with a refresh rate of 60 Hz and a resolution of 1024 x 

768 pixels. Subjects were seated at a distance of ~76 cm from the projection screen in 

a magnetically shielded room. MEG was recorded throughout the experiment with a 

275-channel axial gradiometer CTF MEG system at a sampling rate of 1200 Hz. In addition, 

subject's gaze direction and pupil size were continuously recorded using an SR Research 

Eyelink 1000 eye-tracking device (RRID: SCR_009602) at 1000 Hz and resampled to 

1200 Hz. This resulted in three extra channels that were saved together with the MEG 

data: the horizontal and vertical gaze position and pupil diameter. 

Head position was monitored in real-time during the experiment by using head-

positioning coils at the nasion and left and right ear canals of the subject (Stolk et al., 

2013). Subjects were adjusted to the starting position of the first session at the start of 

a next session. Additionally, subjects readjusted to the original position when the head 

position deviated more than 5 mm from it. Behavioral responses during the MEG session 

were recorded using a fiber optic response pad (FORP). In addition to the MEG recording, 

anatomical T1 scans of the brain were acquired with one of the 1.5/3 T Siemens MRI 

systems present at the facility (Siemens, Erlangen, Germany). In order for co-registration 

of the MEG and MRI datasets, the scalp surface was mapped using a Polhemus 3D 

electromagnetic tracking device (Polhemus, Colchester, Vermont, USA).
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2.2.3 | Procedure

The experiment contained three 1-hour MEG sessions per subject. Each session 

consisted of a maximum of 10 blocks of 80 trials or until the end of the session, with 

a self-determined break in between the blocks. Subjects were instructed to keep their 

head as still as possible and, preferably, to blink at the end of every trial (see figure 1 

for trial timeline). Subjects had to fixate at the fixation cross at all times and pay covert 

attention to the cued grating, instructed by the fat arm of the fixation cue. Both gratings 

could either have a clockwise or counterclockwise orientation and were presented for 

either 0.5 (10%), 1.0 (80%), or 1.5 (10%) seconds. Only the 1s trials were of interest, the 

other timings functioned to exclude the possibility that the subject would adapt their 

attention only after a fixed period following the stimulus onset. Then one of the gratings 

(cued grating in 80% of 1-second trials) rotated either clockwise or counterclockwise. 

The amount of rotation was adjusted online throughout the experiment such that the 

performance level would be at 80% for all validly cued, 1-second trials, and was initiated 

at 1.5°. Subjects had to indicate the rotation direction with a button press of the index 

finger (CW: right index finger; CCW: left index finger). If the subject was too slow (i.e. 

slower than 1200 ms) the question mark in the response window turned red for 100 

ms, and a new trial was initiated. All trials were counterbalanced regarding grating 

orientation, cue validity, and stimulus presentation time, and trial order was randomly 

permuted per session.

 

 
 

 
Figure 1 | Trial timeline. Subjects had to look at the center of a fixation cross throughout the 
trial. After a baseline period, a spatial cue appeared, indicating the target hemifield for covert 
visuospatial attention. Then two oriented, drifting gratings were presented, after which the 
rotation direction of one of them had to be indicated with a button press. Semi-transparent 
arrows in the gratings indicate direction of movement of the drifting grating.
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2.3 | Data analysis

All analyses of MEG data were executed in MATLAB (2018b, Mathworks, RRID: 

SCR_001622) using the FieldTrip toolbox (Oostenveld et al., 2011) and custom-written 

code. Anatomical T1-scans were processed with FreeSurfer (RRID: SCR_001847) and 

HCP’s Connectome Workbench (RRID: SCR_008750), and MATLAB.

2.3.1 | MEG preprocessing

MEG data were preprocessed for each session separately. First, excessively noisy 

channels and trials were removed from the data by visual inspection, including trials 

containing SQUID jumps and muscle artifacts. Similarly, eye-tracking data were inspected 

to remove trials containing eye blinks or saccades in the period [-1, 1] seconds relative to 

stimulus onset. The data were then demeaned and high pass filtered at 0.1 Hz using a 

finite impulse response windowed sinc (FIRWS; Widmann, 2006) filter. Additionally, line 

interference at 50 Hz was removed using a discrete Fourier transform (DFT) filter, as well 

as its harmonics at 100 and 150 Hz. Signals related to cardiac activity or eye movements 

were manually identified and removed using independent component analysis (ICA) and 

visual inspection. This was done prior to the removal of trials containing residual eye 

movements and blinks. Finally, the data were downsampled to 200 Hz. For all further 

analyses only trials were used with a valid cue, a correct response, and of a duration of 1 

second (stimulus onset to stimulus change).

2.3.2 | MRI preprocessing

MRI data were co-registered to the CTF coordinate system using the head-positioning 

coils and the digitized scalp surface. Volume conduction models of the head were 

created using a segmentation of the anatomical image, with SPM8 (Penny et al., 2011). 

Freesurfer and Connectome Workbench were used to construct source models, with 

dipole positions positioned on a cortically constrained surface, containing 15,684 dipole 

locations. Subsequently, forward models were computed from individuals’ structural MR 

images using a single-shell volume conduction model.

2.3.3 | Time-frequency analysis

Time-frequency resolved power was estimated for initial exploration of the data. This 

was done separately for low (2-30 Hz) and high (30-80 Hz) frequencies. First, the data 

were transformed to synthetic planar gradients (Bastiaansen and Knösche, 2000) and 

padded to 4 s. For low frequencies, a Hanning tapered sliding time window of 500 ms 

was slid over these data in steps of 100 ms, from -1.0 to 1.0 s relative to stimulus onset, 
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resulting in a frequency resolution of 2 Hz. For high frequencies, DPSS multi-tapers were 

used with a sliding time window equal to five cycles for each frequency and 50 ms steps, 

4 Hz frequency resolution and frequency specific smoothing (20 % of the frequency 

value). After spectral decomposition synthetic planar gradients were averaged to form a 

single spectrum per sensor.

High frequency time-frequency spectra are plotted relative to the average power in 

the baseline. Low frequency time-frequency spectra are plotted as the Attentional 

Modulation Index (AMI), the relative increase in attend left versus attend right trials:

AMI = 100% *  
Powerattend left - Powerattend right  [1]

 
2.3.4 | Virtual channel of induced gamma band activity

In order to bin data according to phase, a phase-providing signal is required. Since 

gamma power is closely related to active stimulus processing, the location in the brain 

with the maximum gamma power increase can be used as a central location for stimulus 

processing. In order to estimate this location for each subject individually, first the peak 

gamma frequency was estimated. 

A 600 ms window, padded to 1 s, was used to estimate the peak frequency; right before 

stimulus onset for the baseline estimate, and from 400-1000 ms after stimulus onset 

for the stimulus-induced estimate (excluding the ERF in the first 400 ms). Power was 

estimated using a fast Fourier transform (FFT) and a Hanning taper between 30 and 100 

Hz, with a frequency resolution of 1 Hz. The relative power increase from baseline was 

manually inspected in order to select the peak frequency and bandwidth, based on the 

(posterior) channels with the largest increase. 

Another FFT (on the 1 s data) on the subject’s individual gamma peak frequency was 

used to inform a Dynamic Imaging of Coherent Sources (DICS) beamformer (Gross et al., 

2001). The amount of smoothing was tailored to the individual’s bandwidth using DPSS 

tapers. Spatial filters were created for each of the dipole locations in a 3-dimensional 

grid, using the cross-spectral density (CSD) estimated from the baseline and stimulus 

data concatenated, and a regularization of 100% of the mean sensor level power. This 

was done separately for each channel, after which single trial power in source space was 

concatenated over sessions. Next, the two dipole locations were selected, one for each 

hemisphere, that showed the largest increase in gamma power relative to baseline (i.e. 

the dipole location with the highest T-value resulting from a T-test). Spatial filters for 

the time domain were estimated with a Linearly Constrained Minimum Variance (LCMV) 

Powerattend left + Powerattend right
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beamformer for these two locations. First, the time domain data were baseline corrected 

based on the 100 ms before stimulus onset. The data from 100 ms before to 1000 ms 

after stimulus onset were used to estimate the covariance, and spatial filters were 

created using a regularization of 100 % of sensor-level power. 

2.3.5 | Brain-wide cortically constrained anatomical parcels

Source modelling can be used to increase the signal to noise ratio of a particular signal 

of interest and improve spatial consistency over subjects. Without any dimensionality 

reduction, this can lead to an inefficiently large search space. Therefore, brain-wide time 

domain data were first modelled on cortically constrained meshes of dipole positions 

using an LCMV beamformer, and then grouped in 374 parcels based on an anatomical 

atlas (Conte 69 atlas, Van Essen et al., 2012), as described in van Es & Schoffelen (2019). 

This was done separately for each session and concatenated afterwards.

2.3.6 | Phase estimation

Phase time courses were estimated from either the virtual channel based on the location 

of maximum gamma power increase (see 2.3.4) or the anatomically defined cortical 

parcels. The epoched data were padded to 4 s and for each frequency-of-interest a 

Hanning tapered sliding time window was slid over the data with steps of 5 ms. The time 

window was equal to two cycles of the frequency-of-interest. The phase was estimated 

by taking the angle of the Fourier coefficients. 

2.3.7 | Decoding of stimulus orientation

All decoding analyses were done separately for the attend-left, and attend-right 

conditions. The goal of the decoding analysis was to decode the orientation of the 

attended grating (clockwise or counter clockwise) from the MEG or eye tracker data. First, 

the data were selected from 400 to 1000 ms after stimulus onset. The first 400 ms after 

stimulus onset were discarded in order not to be biased by superior decoding during the 

stimulus onset response. All time points of interest (i.e. belonging to a particular phase 

bin, see 2.3.8) were selected and concatenated, such that each time point functioned 

as an observation. In order to increase SNR and assuming that the representation of a 

particular orientation can be generalized over observations, groups of 5 randomly chosen 

observations (i.e. belonging to the same phase bin) without replacement were averaged 

together to create pseudo-trials (Guggenmos et al., 2018). The data were pre-whitened 

and reduced in dimensionality, by applying singular value decomposition (SVD) to the 

demeaned data, and multiplying the channel-level data with those vectors that explain 

at least 99 % of the variance in the data. The trials with different orientations (clockwise/
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counterclockwise) were then split up and equalized in terms of number of observations.  

After this preprocessing, a support vector machine (SVM) with a linear kernel and 5-fold 

cross-validation was used to distinguish between the two stimulus orientations. Note 

that each observation (i.e. trial-time point) was only used for a single pseudo-trial and in 

only one fold.

In order to assess whether we could decode stimulus orientation with above chance 

accuracy, this approach was applied to all data and repeated 100 times, where every 

repetition different subsets of observations were averaged. For an estimate of the null 

distribution of accuracies, condition labels were shuffled before applying the SVM 

classifier.

In case of assessing whether we could decode orientation from the MEG data, all 

data were assigned to the same (phase) bin. In case of assessing phasic modulations 

in decoding performance, the approach above was repeated for each of 18 phase bins 

independently. Within a phase bin, the SVM was repeated 20 times, where every time 

different subsets of observations were averaged. The overall decoding performance 

was the average accuracy over folds and trial-averaging repetitions. A null distribution 

was estimated by circularly shifting the phase time courses of every trial at random 

from anything between -2π and 2π before phase binning the data. This way, the phase 

binning of the raw data was randomized without breaking the temporal (autocorrelation) 

structure within a trial. This was repeated 100 times to create a null distribution.

A similar approach was used in a control analysis that tested whether above chance 

MEG decoding was still possible when taking differences in gaze into account. The data 

were preprocessed as described above and the channels from the eye tracker were 

subsequently used in a 10-fold cross-validation. From the training data in each fold, 

the one trial in each class that was most informative in training the SVM was removed, 

after which another decoding took place. These steps were repeated until orientation 

decoding based on eye tracker data was at chance level (evaluated with a T-test over 10 

folds versus scrambled class labels). When performance was at chance level, the same 

trials (i.e. those that were most discriminative in the eye tracker data) were removed 

from the MEG data. The MEG data were then used in a subsequent decoding, and the 

accuracy was tested against the randomized version with a T-test over 10 folds. 



Phasic modulation of visual representations in sustained attention 85

2.3.8 | Phasic modulation of decoding performance

The dependency of decoding performance on the phase of a particular frequency was 

taken as a measure for the strength of periodic fluctuations of visual representations. For 

this, either the virtual channels based on maximum gamma power increase were used to 

provide the phase time course, or the individual anatomical parcels were used. Based on 

these phase time courses, each data point was assigned to any of 18 equidistant phase 

bins. The decoding approach described above was applied independently for each bin, 

resulting in 18 accuracy scores. To this, a cosine function of one cycle was fitted, with 

amplitude and phase as the two free parameters, estimating the strength of the phasic 

dependence and the optimal decoding phase. This procedure was repeated for every 

frequency of interest, each time using the phase time course of one particular frequency 

to bin the data.

2.3.9 | Phasic modulation of behavioral performance

We assessed whether behavioral performance, as quantified by the reaction time, 

depended on the phase of a particular frequency at the moment of the stimulus change 

(to which the subjects had to respond) occurred. For all 18 phase bins, the reaction times 

of all trials with a phase within a quarter cycle distance to the center phase of that bin 

were averaged. Finally, a cosine function was fitted to the set of average reaction time 

as a function of phase bin, of which the amplitude indicated the strength of the phasic 

modulation. This was done for every frequency of interest, and using every anatomical 

parcel’s time course as a phase-providing signal. In order to create a null distribution of 

cosine fit amplitude scores, the same approach was repeated 100 times after shuffling 

the reaction time over trials.

2.4 | Statistical analysis 

2.4.1 | Decoding of stimulus orientation

The average decoding accuracy over 100 permutations for observed data (i.e. in 

which in every permutation different subsets of trials were averaged to increase SNR) 

was compared with the average decoding accuracy of 100 permutations including 

randomization of class labels. These were subjected to a dependent samples T-test at 

the group level, with an alpha of 0.05, corrected for the number of contrasts (attend left 

trials, attend right trials, decode attended stimulus, decode unattended stimulus).
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2.4.2 | Phasic modulation

The amplitude of the cosine fit for observed data and for the 100 first-level random 

permutations (i.e. in which phase-binning was randomized) were subjected to second-level 

non-parametric permutation tests with clustering across frequencies at the group level 

(based on 1000 permutations; Maris and Oostenveld, 2007). In short, a null distribution 

of amplitudes was created for every frequency by averaging one sample from the first-

level random permutation distribution over subjects. From this distribution a threshold is 

established based on the critical alpha level (0.05). The test statistic (i.e. cosine-fit amplitude) 

of neighboring frequencies that exceed the threshold are clustered and their statistic is 

summed. This is done both for the observed data and for all random permutations. A p-value 

is derived by comparing the largest summed statistic from the observed and random data, 

and counting the occasions in which the observed test statistic was larger than the random 

statistic. In case of testing phasic modulation on brain-parcels, statistics were constricted to 

a total of 36 parcels, spanning the left and right FEF and parietal cortex (figure 2).

 

 
 

 
Figure 2 | The regions of interest for the phasic modulation of decoding performance and 
reaction times included parcels in the left and right FEF and parietal cortex. A: anterior, P: 
posterior, L: left, R: right.

3 | Results

10 human participants were cued to covertly attend to one of the two gratings presented 

in each hemifield, while fixating on a cross in the middle of the projection screen  

(figure 1). The subjects had to indicate the direction of change of the grating’s orientation 

with a button press. The number of completed 1-second trials was 1956 on average (SD 

=18.8). One session from one subject was excluded in its entirety because the behavioral 

performance was at chance level (i.e. 50 %). Invalidly cued trials and trials containing 

artifacts were excluded, and in all remaining trials (mean ± SD = 1420 ± 207) the 

behavioral performance was on average 87% (SD = 3.6 %). The behavioral performance 

in one session of another subject was inflated (~95 %) because of an incorrect setting 

in the experimental procedure. This session is still included and is not believed to have 
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had a profound effect on the results. Excluding incorrect trials, 1235 (SD = 186) trials were 

considered for further analysis.

3.1 | Stimulus-induced power changes

In order to assess whether the experimental manipulation led to expected changes in 

brain activity, we conducted a time-frequency analysis of power in channel space. In the 

low frequency range (1-30 Hz), we expected differences in posterior alpha power (8-13 

Hz) induced by the spatial attention cue. Since alpha power is a proxy for the amount of 

inhibition in a brain region, it is expected to increase in the hemisphere ipsilateral to the 

attended hemifield, and to decrease contralateral to the attended hemifield. Figure 3 shows 

this as the attentional modulation index (AMI, i.e. the relative power difference between 

attend-left and attend-right trials), with B showing the topography of the alpha band, pre-

stimulus onset AMI, and A and C showing the AMI over selected left/right posterior channels 

on the left and right panels, respectively. Indeed, during presentation of the spatial cue (i.e. 

before onset of the grating stimulus), there is a relative increase in ipsilateral alpha power 

with the respect to the cued hemifield and a decrease in contralateral alpha power. 

 

 

 
Figure 3 | Stimulus induced changes. A, C) Spatial cue (presented at -0.8 ms) induced 
attentional modulation in posterior alpha power, as indicated by the attentional modulation 
index (AMI). The AMI over frequency and time was averaged over selected left and right 
posterior MEG sensors, respectively. B) The topography of the AMI in the alpha band, in the 
pre-stimulus onset window. D) The topography of the stimulus induced gamma response; E) 
the time-frequency response, averaged over selected occipital MEG channels.
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Figure 4 | Source of induced gamma activity. Stimulus induced gamma power increase 
originated from occipital areas, mostly in V1-V2, and close to the midline. Maximum power 
increase for all subjects are denoted by white circles.

 

In the high frequency range (30-90 Hz), we observed an increase in band-limited 

gamma power, induced by the grating stimuli (figure 3): a sharp rise in gamma power 

right after stimulus onset in occipital channels (up to 44 ± 45 %; mean ± SD, figure 3D), 

with a sustained power increase of 15 ± 14 % (mean ± SD) after 200 ms in the 45-65 Hz 

band (figure 3E). Source modelling confirmed that the induced gamma power increase 

originated in posterior brain areas, and the maximum induced gamma power was in 

occipital cortex in all subjects (figure 4).

3.2 | Stimulus orientation can be decoded from the MEG signal

The accuracy of decoding stimulus information from the MEG signal is known to be 

largest in the 0 to 250-400 ms interval; i.e. when the event-related fields are strongest 

(ERF; Cichy et al., 2015; Pantazis et al., 2018; Ramkumar et al., 2013). This high decodability 

is most likely due to the stimulus onset locked transients, and therefore could confound 

our analysis of a possible phase modulation of decoding accuracy. For this reason, 

all subsequent decoding analyses excluded data in the time window of the main ERF 

components, and we only used data from interval 400 - 1000 ms after the onset of the 

stimuli. In order to test if these data were usable to test our hypothesis, which would rely 

on subsets of these data, we first decoded the stimulus orientation from the full 600 ms 
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interval. As in all decoding analyses, this was done separately for attend-left and attend-

right trials. We could reliably decode the orientation of the attended stimulus from the 

MEG data (figure 5) with an accuracy of 70 % (SD = 1.8 %) for attend-left trials, which is 

higher than expected by chance (T-test for observed versus shuffled condition labels, 

t(9) = 34.8, p = 6.6 * 10-11). The mean accuracy for attend-right trials was also 70% (SD 

= 1.8 %, t(9) = 34.4, p = 7.3 * 10-11). The orientation of unattended trials could reliably be 

decoded too (unattend-left: accuracy = 70 ± 2.7 %, t(9) = 23.7, p = 2.0 * 10-9; unattend-

right: accuracy = 69 ± 2.1 %, t(9) = 28.8, p = 3.6 * 10-10).

We ascribe these effects to the difference in cortical processing of gratings with different 

orientations. However, an alternative explanation could be subtle, yet systematic 

differences in eye position and/or eye movements between conditions. This is because 

eye movements affect the MEG signal, and above chance decoding could thus be a trivial 

result of eye movements (Thielen et al., 2019). Indeed, we were able to decode stimulus 

orientation with above-chance accuracy from just the eye tracker data (figure 5), but 

the accuracy was much lower than for the MEG data. The average accuracy was 53 % 

for attend-left (SD = 1.8 %, t(9) = 6.0, p = 2.1 * 10-4) and 52 % for attend-right trials (SD 

= 1.3 %, t(9) = 5.6, p = 3.4 * 10-4). This indicates that there is a bias in gaze depending 

on the stimulus orientation. We conducted a control analysis in order to exclude the 

possibility that above chance decoding of MEG data was exclusively a result of either eye 

movement induced artifacts, or because the visual stimulus ended up in different parts 

of the retinotopic visual cortex as a consequence of differences in gaze. We trained an 

SVM to distinguish orientation based on only the eye tracker data and evaluated this at 

the single-subject level. Next, two pseudo-trials (i.e. average of 5 trial-time points, see 

2.3.7), one for each class, with the largest distance from the decision boundary, were 

removed. This was done separately for each fold. After this, the remaining data were 

repartitioned into training/test data. This procedure was repeated until the accuracy over 

ten folds did not surpass chance level 5 times in a row. On average, the percentage of 

pseudo-trials that had to be removed from the data in order for the accuracy to drop to 

chance level was 3.3 % (SD = 2.7 %). The same trials were then discarded from the MEG 

data, which were subsequently used in another decoding analysis. The average decoding 

accuracy from the MEG data remained at 70 % (SD = 2 %) for both attend-left and attend-

right trials, and did not statistically differ from the accuracy level before the removal of 

pseudo-trials. Table 1 in the Supplemental Information lists the decoding performance 

at the single-subject level. These results show that even when discarding the trials that 

are most discriminating based on eye movements, it is still possible to decode stimulus 

orientation from MEG data with high accuracy. This indicates that successful decoding of 

stimulus orientation in our data does not rely on differences in gaze or eye movements. 
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Figure 5 | Stimulus information of the attended stimulus can reliably be decoded from MEG 
data (red) and, to a lesser extent, eye-tracking data (blue). Decoding was done separately for 
attend-left and attend-right trials. Violin plots display the probability density over subjects. 
The horizontal line denotes the group mean and the dots denote the individual subject 
accuracies. The semitransparent gray line shows the empirical chance level.

 
3.3 |  Visual representations are not periodically modulated by 

oscillatory activity in visual cortex

Now that we established that it is possible to decode stimulus orientation information 

from the MEG signal, we can look into fluctuations in decoding accuracy. Specifically, 

we hypothesized that decoding accuracy depends on the theta/alpha phase of ongoing 

activity in relevant brain areas. Specifically, we expected that the phase of brain activity 

in the regions where the stimulus is actively processed would influence decoding 

performance. Since gamma synchronization is a proxy for stimulus processing, we 

used the location of the maximum increase in induced gamma power to provide the 

frequency-specific phase signal that might modulate decoding performance.  All data 

(i.e. from either attend-left or attend-right trials) was binned according to 18 phase bins, 

and the orientation of the attended stimulus was decoded from the MEG data separately 

for each phase bin. This was done independently for frequencies in the theta, alpha, and 

beta band (4-30 Hz), in steps of 1 Hz. Resulting from this analysis were 18 accuracy scores, 

one for each phase bin. A cosine function was fit to these scores to estimate the strength 

of phasic modulation (figure 6A). This was tested against a permutation distribution in 

which the phases within a trial were shifted randomly, whilst keeping the autocorrelation 

structure intact (see 2.3.7). Contrary to our hypothesis, the phasic modulation in the 
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observed data was not significantly larger than that of the permutation distribution. 

The largest effect in attend-left trials was present at 4 Hz, with an average modulation 

strength of 0.98 % (SD = 0.43 %, p = 0.33, uncorrected). There was also a peak at 11 Hz 

(mean ± SD = 0.89 ± 0.52 %, p = 0.15, uncorrected, figure 6B). The largest effect in attend-

right trials was 0.93 % (SD = 0.38 %, p = 0.85, uncorrected) at 9 Hz (figure 6C). Although 

the spectral shape of the modulation depth suggests an effect in the alpha band in both 

conditions, the observed peaks were not statistically significant. 

 

 
Figure 6 | Phasic modulation of decoding performance. A) Schematic of the phasic modulation 
depth, i.e. the amplitude of a cosine fitted to the decoding performance over phase bins. B and 
C) Modulation depth as a function of frequency for attend-left (B) and attend-right (C) trials. 
Observed data in red; random data in grayscale (mean and standard deviation over subjects). 
Individual effect sizes at the spectral peak are shown on the right of the spectrogram, with the 
group average in black.
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3.4 |  Activity in the fronto-parietal network periodically modulates 
visual representations

The previous results hinted at an alpha frequency phasic modulation of decoding 

performance, but the variability over subjects was large and the effects were not 

statistically significant. A possible reason for this is that the phasic modulation was 

estimated, based on the signal phase in visual brain areas, whereas the real modulatory 

signal has a different origin. Some previous reports suggest that the modulatory effect 

of theta/alpha phase on behavior originates from areas in the fronto-parietal attention 

network, especially the frontal eye fields (FEF) and parietal cortex (Busch et al., 2009; 

Helfrich et al., 2018). To investigate this, we performed an additional set of analyses, now 

using as phase-defining signal source reconstructed activity from anatomically defined 

cortical parcels from FEF and parietal cortex, resulting in 36 brain parcels (figure 2) in 

17 frequency bins (4-20 Hz). We explored whether the phase of the signals from these 

parcels and frequencies modulated decoding performance. Thus, the analysis strategy 

used before was now repeated, independently for each parcel and frequency, i.e. the 

phase time course was estimated on a single parcel and used for subsequent binning in 

the decoding procedure. We found that phasic modulation was higher than expected by 

chance in both attend-left and attend-right trials. In attend-left trials, the right FEF most 

contributed to this difference at 17-20 Hz (mean ± SD = 1.0 ± 0.42 %, cluster-corrected 

p = 0.002, figure 7C). Modulation by the right FEF at theta frequency (4 Hz, figure 7A), 

and by the right parietal cortex in the alpha band (8-11 Hz) were also present (figure 

7B). In attend-right trials a cluster in the left FEF at 10-18 Hz mostly contributed to the 

significant difference (mean ± SD = 0.98 ± 0.45, p<0.001, figure 7E). There were also 

consistent effects in the left parietal cortex in the theta band (4 Hz, figure 7D) and alpha 

band (8-13 Hz; figure 7F). The optimal phases for decoding differed between subjects, 

but were to a large part consistent over parcels and frequencies (see figure S2 and S3). 

Note that phase polarities are ambiguous: bimodal distributions with a 180 degree phase 

difference between adjacent parcels can occur due the polarity ambiguity in the principal 

component analysis (PCA) in the construction of parcel time courses (see Methods 

2.3.5). The subjects with the largest modulation effects (figure 7) seem to have a more 

consistent optimal phase within neighboring parcels and frequencies (for example, 

compare the modulation strength of subjects S1 (“good” subject) and S4 (“bad” subject) 

in figure 7D and their phase distributions in figure S3A), which adds to the credibility of 

the modulation effect.
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Figure 7 | Phasic modulation of decoding performance in the fronto-parietal network. The 
phasic modulation in attend-left trials (A-C), and in attend-right trials (D-F) is shown for all 
parcels, but only the parcels in the ROIs were tested statistically (see figure 2) as described 
in 2.4.2. In A the anterior (A) to posterior (P) axis and left (L) and right (R) hemispheres are 
denoted. Spectrograms show the group-average modulation strength in the selected parcel in 
the green circle (red) and the average expected by chance (black). Shading reflects S.D. across 
subjects. Individual effect sizes at the spectral peak are shown on the right of the spectrogram, 
with the group-average in black. 

 
3.5 | Left fronto-parietal areas might modulate reaction times

Having established that the phase of ongoing theta/alpha activity in FEF and parietal 

cortex modulates the strength of cortical stimulus representation, we next investigated 

whether the phase of these signals modulates behavioral performance as well. This has 

been reported in other studies (Helfrich et al., 2018). Specifically, we tested whether the 

phase in these areas at the moment of the stimulus change (i.e. to which subjects had to 

respond) affected reaction times. A cluster-based permutation test within the same ROIs 
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as before revealed no phasic modulation of reaction times: for attend-left trials, p = 0.23 

(corrected); for attend-right trials, p = 0.13 (corrected). However, some interesting trends 

were observed (figure 8). In attend-left trials, the largest effect was present in left FEF 

parcels at the lower end of the alpha band (8 Hz), with a mean modulation strength over 

subjects of 1.1 % (SD = 0.55 %, p = 0.53, uncorrected), with similar trends in right and left 

parietal cortex (see figure S1). In attend-right trials, the largest effect was also present in 

the left FEF at the higher end of the alpha band (13 Hz), with a mean modulation strength 

over subjects of 1.0 % (SD = 0.63 %, p = 0.13, uncorrected). 

Our results show that stimulus information can be decoded with a higher accuracy at 

particular phases of the theta/alpha rhythm in the fronto-parietal network contralateral 

to the attended hemifield. This is consistent with the idea that visual perception is not 

continuous but to some extent discrete. The behavioral relevance of the phase in this 

network could not be confirmed statistically, but trends suggested that there might be a 

modulatory effect on reaction times.

 
Figure 8 | Similar to figure 7, but now showing the phasic modulation of reaction times. The 
group average modulation strength peaks in frontal and parietal areas in the alpha range, with 
a dominance of the left hemisphere in both attend-left and attend-right trials, but was not 
significant.
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4 | Discussion

In this study, we investigated the presence of rhythmicity in visual representations 

during sustained spatial attention. Psychophysical and neural evidence suggest that 

(visual) perception is not continuous but discrete, as a consequence of discrete rhythmic 

attentional sampling. We reasoned that if this is the case, neural representations are 

also expected to fluctuate, i.e. the strength of a neural representation should depend 

on the phase of ongoing activity. This was tested by decoding stimulus orientation 

from human brain signals, as a function of phase of the ongoing activity. We found that 

oscillatory activity in visual cortex does not phasically modulate decoding accuracy. 

However, the frontal eye fields (FEF) and parietal cortex contralateral to the attended 

stimulus did phasically modulate decoding accuracy in the theta and alpha bands. 

The phasic modulation of visual representations is in line with discrete perceptual 

sampling during attention, though it is unclear at which step of visual processing it 

occurs. The behavioral relevance of the phase of ongoing activity in this network was 

not confirmed, but trends in the phasic modulation of reaction times were in line with 

such modulatory effect.

The phasic modulation of decoding performance was mostly present in the theta 

and alpha bands. These effects were band-limited and in no occasion did the effect 

extend to the entire investigated frequency range. This suggests that the above 

chance modulation effects were not a consequence of a bias in the permutation 

test or of other confounding effects. Effects in these frequency bands are also in line 

with the perceptual sampling literature. Busch et al. (2009) showed that the phase 

of the frontal theta/alpha rhythm (6-12 Hz) predicts whether a threshold stimulus is 

perceived or not. Similarly, Fiebelkorn et al. (2018) and Helfrich et al. (2018) showed 

that perceptual outcome depends on the theta phase in the fronto-parietal network 

(including FEF and parietal areas), and that this is accompanied by increases in cortical 

excitability during ‘good’ theta phases. It is not yet clear whether phasic modulation in 

the theta and alpha band reflect the same or different neural processes, but evidence 

from phasic modulation of behavioral performance suggests the presence of either 

rhythm might be task-dependent and rely on the number of objects that have to be 

monitored (Fiebelkorn et al., 2013; Holcombe and Chen, 2013; Landau and Fries, 2012). 

This would mean that the theta and alpha band effects are not necessarily related to 

different processes per se, but rather to temporal limits of attentional selection. The 

spatial locations of the theta/alpha effects slightly differed between attend-left and 

attend-right trials. In attend-left trials, a theta modulation effect was present in the 

FEF and an alpha modulation effect in parietal cortex. In attend-right trials, the theta 

modulation effect was strongest in parietal cortex and the alpha modulation effect 

in parietal cortex and FEF. A previous report on the neural correlates of rhythmicity 
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in behavioral performance also showed variability in the topographical origins of 

the phasic modulation (Helfrich et al., 2018). Possibly, the entire fronto-parietal 

network is involved in the rhythmic nature of sustained attention, but different parts 

of the network have different effects. Fiebelkorn et al. (2018) suggest the FEF might 

specifically be involved in (the attenuation of) exploration of space, while the parietal 

cortex modulates processing at the attended location. In line with this, Gaillard et al. 

(2020) used a cued target-detection task in macaques and showed that the attentional 

spotlight explores space rhythmically, by decoding the location of the attentional 

spotlight from the prefrontal cortex (PFC). 

Future research should thus disentangle the different contributions of the frontal and 

parietal cortex in rhythmic sampling. For example, one could conceive of an experiment 

in which the setup of the Gaillard et al. (2020) are combined with the approach in the 

current study. If it is possible to decode stimulus information and the position of the 

attentional spotlight on the same trial, we would expect both to be modulated by theta/

alpha phase, but they would rely on different origins (e.g. parietal versus prefrontal 

cortex) or have different optimal phases.

We did not observe a phase dependent modulatory effect when using visual cortical 

activity as the phase delivering signal, which is at odds with the previous literature. 

Landau et al. (2015) found that that the sampling of two behaviorally relevant stationary 

grating stimuli occurred at 4 Hz each and that this modulation was present at cortical 

locations with maximal visually induced gamma-band activity. The current study used a 

very similar experimental paradigm (albeit with drifting instead of stationary gratings, 

and a different attentional manipulation), and it is likely that the distributed activity in 

early visual areas played a major part in successfully decoding stimulus orientation. 

Primary visual cortex is most sensitive to local contrast differences like oriented lines 

(Hubel and Wiesel, 1962), and empirical and modelling work from Cichy et al. (2015) 

confirmed it is likely that orientation information is decoded from this region with 

MEG (Stokes et al., 2015). The discrepancy in the locus of the phasic modulatory signal 

requires further investigation. Especially the question whether perceptual sampling 

in visual areas is always under control of the fronto-parietal attention network, or 

whether it can be controlled locally. Some evidence for the former comes from Popov 

et al. (2017), who found that processing in visual cortex (as measured by gamma 

power) was a function of the attentional modulation of posterior alpha power, while 

the latter was Granger caused by the FEF. Activity in the FEF itself was not modulated 

by attention. Consequently, in the current study as well, visual processing might be 

modulated by the FEF without clear changes in spectral power in that region (figure 

2). There are a number of potential reasons why the relationship between theta/

alpha phase and decoding accuracy was not observed from a source in visual cortex. 
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It could be that the induced visual cortical activity reflects multiple generators of 

oscillatory activity with heterogeneous phase relationships (Maris et al., 2016), thus 

prohibiting the estimated phase values to actually reflect the physiologically relevant 

phase. This possible explanation is supported by the presence of multiple generators 

of posterior alpha with different sensitivity to different visual locations (Popov et al., 

2019). Another option is that visual representations might not be modulated in early 

visual cortex, but in downstream visual areas. This is in line with evidence from fMRI 

studies: Sprague and Serences (2013) showed that attention increases the amplitude 

of stimulus representations especially in higher visual areas. Moreover, orientation-

selective representations are not only present in visual areas, but also in parietal and 

frontal areas including the FEF, and these areas are all modulated by attention (Ester et 

al., 2016). 

We did not find any significant modulatory effects of neural oscillatory phase on 

behavior, in contrast earlier findings. Studies relating behavioral performance to 

the phase of ongoing activity typically use binary performance measures, e.g. hits 

versus misses (Busch et al., 2009; Busch and VanRullen, 2010; Fiebelkorn et al., 2018; 

Helfrich et al., 2018). Perhaps modulatory effects in these performance measures can 

be detected with higher sensitivity than a continuous variable like reaction time. Note 

that the strongest (non-significant) effects in behavioral performance were present in 

the FEF and parietal cortex, in the alpha band, which is in line with the origins of the 

modulation effects in decoding performance. It is therefore plausible that the phasic 

modulation of visual representations and behavioral performance are a consequence 

of the same attentional process, but this should be confirmed empirically.

Multivariate pattern analysis (MVPA) has been used before to investigate how neural 

representations might be related to the alpha rhythm (Foster et al., 2017b, 2017a, 

2016; Samaha et al., 2016; van Moorselaar et al., 2018). In those studies, neural 

representations of the locus of spatial attention were decoded from the topographical 

distribution of spectral power. The location could be decoded specifically from alpha 

band power, both during attention selection and working memory (WM) maintenance, 

even when spatial position was irrelevant to the WM task. This shows that there is a 

link between the spatial distribution of alpha band activity and the representation of 

space, and one might ask whether and how this is related to the modulation of neural 

representations by alpha phase in the current study. We also used a covert spatial 

attention task, and the attentional modulation index (AMI) showed a lateralization in 

posterior alpha power as a function of direction of spatial attention (figure 3), which 

confirms a link between alpha activity and the locus of spatial attention. However, 

the stimulus feature (i.e. orientation from the attended stimulus) we decoded from 

the MEG data was independent from its spatial location (i.e. only the orientation of 
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the attended stimuli were compared when the attended stimulus was in the same 

hemifield). In fact, all attend-left and all attend-right trials were analyzed separately in 

order to ensure that decoding of stimulus orientation was not confounded by spatial 

attention. Furthermore, the topographical distribution of alpha activity did not play any 

part in the decoding analysis, since the phase binning was based on a single and the 

same alpha source for both orientations. Therefore, it is unlikely that the representation 

of space in a signature pattern of alpha band activity contributed to, or confounded, the 

phasic modulation of neural representations. 

Recently, a number of studies have demonstrated confounding effects of eye 

movements on decoding performance from M/EEG data (Mostert et al., 2018; Quax 

et al., 2019; Thielen et al., 2019). Because eye movements affect the MEG signals, a 

systematic difference in gaze position between conditions could result in above-

chance decoding performance independent of differences in the true underlying neural 

representation. We found that it is possible to decode stimulus orientation reliably 

from the eye tracker data only, which reinforces this concern. In order to make sure 

that the MEG decoding was not a trivial result of eye movements or gaze position, 

we investigated whether orientation could still be decoded from the MEG data after 

removal of the trials that could distinguish orientation based on gaze. Removal of 

these trials resulted in chance level accuracy based on eye-tracker data, but did not 

affect the accuracy based on MEG data, which remained highly above chance level. 

Another concern could be a contamination of the decoding performance by evoked 

activity. Temporal MEG decoding performance is highest at the peak of evoked activity 

Cichy et al., 2015; Pantazis et al., 2018; Ramkumar et al., 2013). At the same time, these 

peaks trivially have a consistent phase over trials, which could lead to a trivial phasic 

modulation in decoding performance. We ensured that evoked activity did not affect 

estimates of phasic modulation effects in decoding by only using data for the decoding 

analysis after offset of the evoked activity, which was not phase-locked (data not 

shown). 

Overall, this exploratory study shows that visual representations are modulated by the 

phase of ongoing activity. In particular, it indicates that the representation of visual 

input is not constant over time, but depends on the phase of the theta/alpha rhythm 

in the fronto-parietal attention network. Further research should investigate the 

potentially differential roles of the frontal and parietal parts of this network on the one 

hand, and frequencies in the theta and alpha band on the other hand. 
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Supplemental information

 
 

 
Figure S1 | Phasic modulation of behavior in attend-left trials. Similar to figure 8, it displays a 
peak in modulation strength in the alpha band in left and right parietal cortex .
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Figure S2 | Optimal phase for decoding in attend-left trials. Histograms of optimal phases over 
parcels and frequencies that contain the strongest phasic modulation effect. Each subplot 
corresponds to the subplot in figure 7A-C in the same order and subject’s colors are matched 
with the right most panel in those subplots. Note that phase polarities are ambiguous (see 
main text): bimodal distributions with a 180 degree difference suggest similar optimal phases 
of frequencies and parcels. 
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Figure S3 | Optimal phase for decoding in attend-right trials. Histograms of optimal phases 
over parcels and frequencies that contain the strongest phasic modulation effect. Each subplot 
corresponds to the subplot in figure 7D-F in the same order, and subject’s colors are matched 
with the right most panel those subplots. Note that phase polarities are ambiguous (see main 
text): bimodal distributions with a 180 degree difference suggest similar optimal phases of 
frequencies and parcels. 
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Table 1 | Single subject data from the control analysis on decoding on eye-tracker data. The 
most discriminative trials were removed from the eye-tracker data until accuracy was at 
chance level. The same trials were removed from the MEG data and performance with and 
without removal were compared. The columns in the ‘eye-tracker decoding’-field indicate 
average accuracy over 10 folds, before and after removal of the selected trials, and the p-value 
from a T-test of the accuracy relative to the accuracy resulting from shuffled class-labels. The 
columns in the ‘MEG decoding’-field indicate the accuracy before and after removal of the 
selected pseudo-trials, and the p-value is the result from a T-test, comparing the accuracy 
before and after removal of the selected pseudo-trials over folds (i.e. a p-value of >0.05 
indicates no difference in MEG decoding accuracy despite removing the pseudo-trials that 
were furthest away from the decision boundary in the eye-tracking decoding). The last column 
from in both parts indicate the percentage of pseudo-trials that were removed from the data. 
Cells are empty in case performance based on eye-tracking data was already at chance level. 
acc: accuracy; pval: p-value.
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Abstract

The analysis of neuroscientific data typically requires a lengthy and complicated 

sequence of analysis steps, often requiring large amounts of computations, which are 

ideally represented in analysis scripts. These scripts are typically written by researchers 

without formal training in computer science, resulting in the quality, readability and 

general applicability of these analysis scripts to be highly dependent on individual coding 

expertise and style. Even though the computational outcomes and interpretation of 

the results can be correct, the inconsistent style and quality of analysis scripts might 

compromise the reproducibility of obtained results. This paper describes the design 

and implementation of a strategy that allows complete reproduction of MATLAB based 

scripts without extra effort, which is implemented in the FieldTrip toolbox. Starting from 

the researchers’ idiosyncratic pipeline scripts, the implementation allows researchers to 

create standardized analysis pipeline scripts, along with all relevant intermediate data. 

We demonstrate the functionality and validate its effectiveness by applying it to the 

analysis of a recently published MEG study.
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1 | Introduction

Unsound scientific practices have led to a replication crisis in psychological science in 

recent years (Open Science Collaboration, 2015; Simmons et al., 2011), and it is unlikely 

that cognitive neuroscience is an exception (Button et al., 2013; Gilmore et al., 2017; 

Szucs and Ioannidis, 2017). Initiatives to combat this crisis are taking root (Gilmore et 

al., 2017; Gleeson et al., 2017; Zwaan et al., 2017), targeted at increasing robustness of 

results, the amount of published null results, and methodological transparency. This 

has resulted in publications with recommendations for best practices (Gross et al., 2013; 

LeVeque et al., 2012), but these have not yet been universally embraced. Furthermore, 

data analysis is getting so complex that the short methods sections of manuscripts in 

most journals are not able to represent the analysis in sufficient detail, thus hampering 

transparency. Therefore, researchers are increasingly encouraged to share their data and 

analysis pipelines along with their published results (Gleeson et al., 2017).

1.1 | Scientific analysis represented as scripts and pipelines 

The analysis of neuroscientific data typically involves a complicated sequence of steps, 

often requiring large amounts of computations. Each of these steps is based on input 

data, and produces output data, hence these analyses can be conceptualized as pipelines 

through which data “flows”, where each of the stages modifies the data somehow. These 

analysis steps are typically represented as a collection of code in a human-readable 

programming language (source code), in files called scripts. The quality, readability and 

general applicability of the scripts, which are written by individual researchers, is highly 

dependent on individual coding style and expertise. Since the reproducibility of the 

pipeline depends on the quality of the analysis scripts, variability in the latter might 

compromise the reproducibility of obtained results. Furthermore, since scripts might be 

difficult to read, it can be problematic to find (and learn from) the details of the analytical 

procedures applied to the data.

1.2 | Pipeline systems

A number of strategies have been made available to enhance the reproducibility of 

analysis pipelines and scientific results. One option to improve reproducibility is through 

automation using pipeline systems (e.g. Taverna, Galaxy, LONI, PSOM, Nipype, Brainlife; 

(Afgan et al., 2018; Bellec et al., 2012; Gorgolewski et al., 2011; Oinn et al., 2004; Pestilli 

et al., 2017; Rex et al., 2003) or Batch scripts (e.g. SPM’s matlabbatch (The FIL Methods 

Group, 2020)). Generally, these provide the researcher with tools to construct an analysis 

pipeline, manage the execution of the steps in the pipeline and, to a varying degree, 

handle data. Many pipeline systems automatically pass the data from one analysis step 
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to the next, even when these require different analysis software, and some also take care 

of data format conversion if required. Besides providing a better visual and conceptual 

overview of elaborate pipelines and improving the efficiency of the researcher’s 

workflow, pipeline systems improve reproducibility by providing an explicitly specified 

sequence of analysis steps, combined with detailed output logs. 

Some drawbacks of pipeline systems are that they require the researcher to learn how 

the pipeline software works, that the execution requires extra software to be installed 

or that it requires moving the execution from a local computer to an online (cluster or 

cloud-based) system, and that the flexibility of pipeline systems is limited. Data analysis 

strategies can often not be completely translated to fully automatable pipelines, because 

manual intervention and interactive examination of data or intermediate results is 

required. (Although some platforms (e.g. brainlife, Pestilli et al. (2017)) enable interaction, 

while maintaining the advantages of a pipeline system.) Furthermore, the researcher is 

limited to using the tools that are available in a specific pipeline system, or required to 

extend the pipeline system themselves. Moreover, the pipeline system only improves 

reproducibility perfectly when the dependencies of the system, e.g. specific versions of 

external toolboxes, template data, and external (web-based) services, are well defined. 

If the pipeline depends on, or allows the execution of custom analysis steps, thereby 

providing the researcher with maximum flexibility, the source code of those custom 

analysis steps is also required.

1.3 | Version control systems for scripts

If an analysis pipeline depends on custom scripts, it is vital for reproducibility to 

document the version of the code that produced the result. Version Control Systems 

(VCS) can facilitate this, by providing tools to track and control changes made to source 

code (Defaix et al., 2010; Gorgolewski et al., 2016; Haikin, 2004; Spinellis, 2005). 

Especially the Git version control system is increasingly being used in science (Ram, 

2013), which is likely due to GitHub providing an online web platform that gives a 

clear graphical presentation of projects and code, and facilitates collaboration (“social 

coding”) and dissemination. In a VCS, a complete history of the incremental changes 

to the source code is saved, and each revision is given a unique identifier. This enables 

code developers to compare versions and retrace errors, but also for multiple developers 

to contribute to the same project, and merge contributions (Ram, 2013). When using 

a VCS for scientific workflows, these can easily be shared and published. This has the 

potential to increase the reproducibility of a scientific project, but only when a number 

of conditions are met. First, the researcher has to use the VCS tool on their custom code 

actively. Working with VCSs requires training (Spinellis, 2005), and even if a researcher is 

well-trained, they have to commit a new version of the source code after each significant 
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change to the code, ideally including a description of the changes that were made. This 

modus operandi involves extra time investment, and is easily forgotten.

Second, for the pipeline to be reproducible for outside parties, the researcher has to be 

willing to share their analysis workflow. One reason why a researcher might be hesitant 

to do so is that they can feel insecure about their coding style and the quality of the 

code. Low quality code might reflect badly on the quality of their scientific work, and 

hence they might feel obliged to invest extra time to clean up and document their code 

solely for sharing purposes. In our personal experience, it is not uncommon to hear 

from researchers that they will share the code in the future, after it has been cleaned 

up and documented, but that in the end the code never is shared. Training researchers 

in pro-actively writing clean code and documenting it definitely is of help here, and we 

encourage researchers to use experts’ tips and tricks (e.g. Andersen (2018); van Vliet 

(2020)). However, given time constraints, prioritization of other aspects related to the 

research project, or simply the fact that the researcher does not know of the existence 

of such guidelines, it can happen that the researcher decides not to share the scripts at 

all. In a trend we view as positive, journals and publishers are increasingly demanding 

transparency when researchers wish to publish their results, and one of the requirements 

is often to provide access to data and analysis scripts (Van Noorden, 2011). 

Last, the workflow that is tracked in a VCS needs to be executable by other researchers 

on other computers. This can be challenging, especially if the researcher’s scripts depend 

on external toolboxes that by themselves are not tracked by the VCS. Similarly, analysis 

scripts typically depend on a particular organization of the data over directories and sub-

directories, which is unknown to outsiders. Tools to document code dependencies are 

becoming more widely adopted, such as Conda, and Python’s virtualenv, modulefinder, 

and “pip freeze”. Furthermore, the problem of ill-specified data organization can (partly) 

be overcome by recently developed data organization standards such as the Brain 

Imaging Data Structure (BIDS, (Gorgolewski et al., 2016; Niso et al., 2018; Pernet et al., 

2019). 

To summarize, sharing reproducible analysis pipelines based on custom scripts can be 

challenging given the unavailability of the custom code, and because of issues created 

by unknown dependencies on untracked code and data organization. The latter two 

issues might be overcome with platforms such as Code Ocean (Clyburne-Sherin et al., 

2019), which is an open access platform where users can develop their code and run their 

analysis in the same environment, but this still leaves the first issue unscathed.
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1.4 | Literate programming

There are multiple forms of computer programming that lead to different degrees of 

reproducibility. The easiest way of programming is by using read-eval-print loops (REPLs) 

such as the MATLAB command window. These take single user inputs, evaluate them, 

and return the result to the user. Using the command window or interpreter to execute 

REPLs is bad for reproducibility, since the details and sequence of analysis steps is not 

documented. One can improve upon this by saving the code in scripts. It is even better to 

include inline documentation (“comments”) in these scripts, describing the rationale of 

the code. The script then becomes a combination of a programming language targeted 

at a computer, and a documentation language targeted at peers, thereby improving 

the interpretability of the researcher’s code. This is defined as literate programming 

(Knuth, 1992), and it improves the transparency regarding how source code leads 

to results. Toolboxes or packages designed for interactive literate programming are 

available for different scientific programming languages (e.g.  Jupyter, R Markdown, knitr, 

and matlabweb) and allow users to execute pieces of code and look at the results as 

a REPL, while simultaneously encouraging inline documentation, keeping a trace of all 

computational steps, and providing the ability to revisit and share interactive analyses. 

This last option is often even possible on the web without the need to install software 

packages or to download data. Combining REPL with literate programming benefits both 

the reproducibility of single analysis steps, and the transparency of the scientific process. 

However, it has been noted by users of Jupyter Notebooks that the interface becomes less 

manageable as the content grows, which drives users to clean up their notebooks and 

only keep the successful steps (Kery et al., 2018). Additionally, most users only annotate 

their code after writing it, solely when they want to share the code. Consequently, the 

longer, the more sophisticated, and the more interactive an analysis pipeline becomes, 

the less transparent it becomes. Finally, the integration of literate programming REPL 

code with VCSs is not always optimal. 

1.5 | It all takes time

The improvement of reproducibility by the use of pipeline systems, VCSs, or literate 

programming tools relies on the researcher using these tools properly and consistently. 

Moreover, it necessitates extra time investment on the researcher’s part in order to make 

their data and analysis scripts shareable. While we recommend the use of such tools, 

these are not (yet) widely adopted in reality. The tools with the highest chance of adoption 

are usually the ones with the least friction, i.e. the least effort on the researchers’ part. 

Ideally, researchers should be able to transform their (often highly idiosyncratic) analysis 

scripts into a standard pipeline format automatically, allowing exact and transparent 

reproducibility. We have designed and implemented such functionality in the FieldTrip 
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toolbox (Oostenveld et al., 2011), which is one of the most widely used toolboxes for 

MEG and EEG  analysis. Using this new functionality, the data analysis using the FieldTrip 

and MATLAB ecosystem can be made entirely reproducible and transparent with minimal 

additional effort by the researchers. 

1.6 | Our solution

Our goals are to make analyses reproducible, yet require minimal extra time investment 

or training of the researcher. We implemented this in the form of the reproducescript 

functionality. In short: the researcher adds one additional flag to the configuration 

options in each FieldTrip function in the pipeline, which results in the analysis pipeline 

and data dependencies to be exported to a new standardized REPL representation.  We 

minimize the ambiguity in the scripts and corresponding data that are produced with 

reproducescript. By standardizing the coding style used in scripts, researchers do not 

have to worry about the quality of their personal coding style. All the while, the analysis 

flexibility inherent to the FieldTrip toolbox remains, including interactive analysis steps. 

Finally, reproducescript enables the researcher to gradually build up and execute parts 

of their analysis using the approach they are used to, without the need to compile a 

complete pipeline at the start (e.g. preprocessing can be completed before the rest of the 

analysis pipeline is in place).

Specifically, upon the deployment of a processing pipeline (based on an individual script 

or collection of scripts), reproducescript saves all intermediate data from each analysis 

step in one place, according to a uniform file naming scheme and directory structure. 

Intermediate data include the input data to each individual analysis step, as well as the 

output each step generates. Additionally, reproducescript creates a standard-syntax, 

human-readable, executable, MATLAB script that solely relies on the FieldTrip toolbox, 

which, together with the intermediate data, can fully reproduce the entire analysis pipeline 

with one single command or mouse click. Researchers can enable reproducescript with 

one simple configuration option, and can then archive and opt to share the generated, 

uniformly structured, code, instead of (or in addition to) their custom-written code. In 

the rest of this article, we will explain how this functionality is used, and demonstrate its 

ability using examples from published research in which the FieldTrip toolbox was used 

for analysis. Further limitations and considerations will also be discussed.

2 | Reproducescript

To describe the new reproducescript functionality, we will first use it with a simple 

example pipeline for a single-subject analysis with only a few analysis steps. This 
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demonstrates how the functionality works and how it is employed by the researcher. 

Second, we demonstrate its application in a complete pipeline with steps for multiple 

subjects, followed by a group analysis. The original idiosyncratic scripts used in these 

first two examples are clean and transparent, which means they are highly reproducible 

even without the new reproducescript functionality. Thus, they solely function as practical 

demonstrations. As a pipeline becomes more complex, especially when it starts to 

contain various layers of custom functions over FieldTrip functions, the researcher’s 

original code can become opaque. In such cases, the advantage of reproducescript to 

improve reproducibility becomes more apparent. As a final, third, example, we will 

therefore apply it to an already published analysis pipeline that contains such complexity. 

The analysis code and data used in these examples will become publically available at the 

Donders Repository (http://hdl.handle.net/11633/aadijz7q).

2.1 | How it works

EXAMPLE 1: SINGLE-SUBJECT ANALYSIS

Original analysis

To show how the reproducescript functionality works, we apply it to a script from the 

FieldTrip tutorial “Trigger-based trial selection” on the FieldTrip website (http://www.

fieldtriptoolbox.org/tutorial/preprocessing/). The directory tree used in this example 

and the original source code are shown in figure 1 and listing 1, respectively.  The 

reproducescript functionality is initiated by the source code in listing 2, and when applied 

to the original source code (listing 1) it generates the files shown in figure 2 and the code 

shown in listing 3.

 
Figure 1 | File directory tree. In the project folder contains subfolders for example 1 and 2, and 
the folder for the raw data used in both examples. The file analyze.m contains the analysis and 
saves the result in the ‘results’ folder. 
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Listing 1 | Example single-subject analysis using FieldTrip. The script calls two FieldTrip 
functions for extracting epochs (ft_definetrial), and reading in and preprocessing the data (ft_
preprocessing). The data are averaged over trials (ft_timelockanalysis), manually transformed to 
femtoTesla (fT), saved and visualized (ft_topoplotER).

 

A MATLAB analysis script that builds on the FieldTrip toolbox consists of a sequence of calls 

to FieldTrip functions, each of which perform a conceptual step of the analysis. The input to 

such function is a configuration structure (cfg), which specifies the settings and parameters 

used by the function, and a data structure. Data structures are commonly represented in 

memory, but can also be stored on disk. The application of the function’s algorithms on the 

input data generates an output structure. This can serve as input data to the next analysis 

step, or as the final result, in which case results can be visualized using a plotting function. 

In this example, we use the first analysis steps that are used in a typical pipeline. First, 

extraction of epochs of interest is accomplished using ft_definetrial. Its output can be used 

by ft_preprocessing to read the data from disk and do basic preprocessing (figure 1). Finally, 

ft_timelockanalysis computes the average over trials, and ft_topoplotER plots the results.

1 
 

data_dir = '/project/rawdata/'; 1 
results_dir = '/project/example1/analysis/'; 2 
 3 
% extract epochs 4 
cfg = []; 5 
cfg.dataset = fullfile(data_dir, 'Subject01.ds'); 6 
cfg.trialfun = 'ft_trialfun_general'; 7 
cfg.trialdef.eventtype = 'backpanel trigger'; 8 
cfg.trialdef.eventvalue = 3; 9 
cfg.trialdef.prestim = 1; 10 
cfg.trialdef.poststim = 2; 11 
cfg = ft_definetrial(cfg); 12 
 13 
% loading data and basic preprocessing 14 
cfg.channel = {'MEG' 'EOG'}; 15 
cfg.continuous = 'yes'; 16 
dataFIC = ft_preprocessing(cfg); 17 
 18 
% time-lock analysis 19 
cfg = []; 20 
avgFIC = ft_timelockanalysis(cfg, dataFIC); 21 
 22 
% let's make a manual change to the data that is not caputured in the provenance 23 
avgFIC.avg = avgFIC.avg * 1e15; % convert from T to fT 24 
 25 
% save time-locked data 26 
save(fullfile(results_dir, 'timelock.mat'), 'avgFIC') 27 
 28 
% plot the results 29 
cfg = []; 30 
cfg.xlim = [0.3 0.5]; 31 
cfg.layout = 'CTF151_helmet.mat'; 32 
ft_topoplotER(cfg, avgFIC); 33 
 34 
% save the figure 35 
savefig(gcf, fullfile(results_dir, 'topoplot')) 36 
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Both the input and output of FieldTrip functions can be a data structure and/or a cfg 

structure. ft_definetrial only requires a configuration structure to be specified, including 

the directory of the raw data. Its output too, is only a cfg-structure, which among others 

now contains a trl-field with the relevant information for epoching the data. The output 

from ft_preprocessing and ft_timelockanalysis are data structures, executed according to 

the configuration options specified in cfg. The only output from ft_topoplotER is a figure. 

Before calling ft_topoplotER, we changed the units from T to fT. This is usually not done, 

but in this instance serves as an example for how reproducescript handles analysis steps 

outside the FieldTrip ecosystem.

Initialization of reproducescript

 
 

 
Listing 2 | reproducescript is initialized at the top of the analysis script, by specifying the 
directory of the reproducescript folder in ft_default.reproducescript. 

The functionality for reproducibility of analysis pipelines in the FieldTrip ecosystem 

is enabled at the top of a script (listing 2). The user specifies the directory to which the 

standard script and intermediate data are written in the reproducescript field of the global 

ft_default variable. ft_default is the structure in which global configuration defaults are 

stored; it is used throughout all FieldTrip functions and global options are at the start of the 

function merged with the user-supplied options in the cfg structure specific to the function. 

Note that we are additionally specifying ‘ft_default.checksize = inf’, which instructs FieldTrip 

to never remove (large) fields from any cfg-structure, thus ensuring perfect reproducibility. 

We recommend enabling this additional option whenever reproducescript is used.

Reproduced analysis

The reproducescript option is enabled by specifying an output directory in the global 

ft_default variable. FieldTrip functions that are subsequently called will ensure that 

the output directory exists, and will store the relevant files in this directory (figure 2). 

Reproducescript traces the steps to each FieldTrip function call, and recreates human-

 

clear 1 
close all 2 
 3 
global ft_default 4 
ft_default = []; 5 
ft_default.checksize = inf; 6 
 7 
% enable reproducescript 8 
ft_default.reproducescript = '/project/example1/reproduce/'; 9 
 10 
% the original source code from listing 1 goes here. 11 
 12 
% disable reproducescript 13 
ft_default.reproducescript = []; 14 
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readable REPL code from scratch (script.m, listing 3). At the same time, the input data 

to a function and the output data it generates are copied and given a unique identifier 

(i.e. filenames). Pointers to these identifiers end up in the standardized script (listing 3), 

as cfg.inputfile and cfg.outputfile. This means that no input or output data structures as 

they normally appear in the MATLAB workspace appear in the standardized script; these 

are all handled using data on disk corresponding with cfg.inputfile and cfg.outputfile. In 

the case of ft_definetrial these are absent because the input and output of ft_definetrial 

are only cfg structures, not data structures. Similarly, if the function’s output is a figure 

(e.g. in ft_topoplotER) the figure is also directly saved to disk, in .png (bitmap) and .fig 

(MATLAB figure) formats.

Note that the fields from the cfg input to ft_definetrial are repeated as input to ft_

preprocessing because the configuration in the original script was not emptied (listing 1, line 

15). There are also additional fields created by ft_definetrial. If these fields exceed a certain 

printed size, which would make them unwieldy to include inline in a script (e.g. cfg.trl, which 

normally consists of a Ntrials*3 matrix specifying the relevant sections of the data on disk), 

these too are saved on disk instead of being printed in the standardized script. One last thing 

that should stand out is the comment in listing 3, line 44: “a new input variable is entering 

the pipeline here: ...”. This points to the mat-file subsequently specified in cfg.inputfile to 

ft_topoplotER. The data structure in this file was not originally created by a FieldTrip function 

but comes from another source: in this case it originates from the unit conversion from T to 

fT (listing 1, line 25). Thus, this comment puts an emphasis on the fact that a data structure 

with unknown provenance enters the pipeline. All analysis steps that do not use FieldTrip 

functions will create such comments and save the data structure. Importantly, the pipeline 

thus remains reproducible without relying on external code (see Discussion). 

 

 
Figure 2 | reproducescript creates the ‘reproduce’ folder and its contents: input and output data 
files with unique file identifiers, a MATLAB script, and a hashes data file. See text for further 
explanation. 
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Listing 3 | reproducescript example script. This script is generated by reproducescript when 
listing 1 and 2 are combined and executed. 

 

Finally, the reproduce folder contains a file named hashes.mat. This is a file containing 

MD5 hashes for bookkeeping all input and output files. It allows reproducescript to match 

up the output files of any one step to the input files of any subsequent step. For example, 

the output data from ft_preprocessing is used as input to ft_timelockanalysis, which means 

that the data structure only needs to be stored once and  “…_ft_timelockanalysis_input_

timelock.mat” does not have to be saved to disk.  If the output data from one function 

and the input data to the next function are slightly different, they are both saved under 

%% 1 
 2 
cfg = []; 3 
cfg.dataset = '/project/rawdata/Subject01.ds'; 4 
cfg.trialfun = 'ft_trialfun_general'; 5 
cfg.trialdef.eventtype = 'backpanel trigger'; 6 
cfg.trialdef.eventvalue = 3; 7 
cfg.trialdef.prestim = 1; 8 
cfg.trialdef.poststim = 2; 9 
cfg = ft_definetrial(cfg); 10 
 11 
%% 12 
 13 
cfg = []; 14 
cfg.dataset = '/project/rawdata/Subject01.ds'; 15 
cfg.trialfun = 'ft_trialfun_general'; 16 
cfg.trialdef.eventtype = 'backpanel trigger'; 17 
cfg.trialdef.eventvalue = 3; 18 
cfg.trialdef.prestim = 1; 19 
cfg.trialdef.poststim = 2; 20 
cfg.inputfile = {}; 21 
cfg.datafile = '/project/rawdata/Subject01.ds/Subject01.meg4'; 22 
cfg.headerfile = '/project/rawdata/Subject01.ds/Subject01.res4'; 23 
cfg.dataformat = 'ctf_meg4'; 24 
cfg.headerformat = 'ctf_res4'; 25 
cfg.trl = '/project/example1/reproduce/20200324T110323_ft_preprocessing_largecfginput_trl.mat'; 26 
cfg.outputfile = { '/project/example1/reproduce/20200324T110323_ft_preprocessing_output_data.mat' }; 27 
cfg.channel = {'MEG', 'EOG'}; 28 
cfg.continuous = 'yes'; 29 
ft_preprocessing(cfg); 30 
 31 
%%  32 
 33 
cfg = []; 34 
cfg.inputfile = { '/project/example1/reproduce/20200324T110323_ft_preprocessing_output_data 35 
_ft_preprocessing_output_data.mat' }; 36 
cfg.outputfile = { '/project/example1/reproduce/20200324T110329_ft_preprocessing_output_data 37 
_ft_timelockanalysis_output_timelock.mat' }; 38 
ft_timelockanalysis(cfg); 39 
 40 
%% 41 
 42 
% a new input variable is entering the pipeline here: 43 
/project/example1/reproduce/ft_topoplotER_20200324T110330_input_varargin_1.mat 44 
 45 
cfg = []; 46 
cfg.xlim = [0.3 0.5]; 47 
cfg.layout = 'CTF151_helmet.mat'; 48 
cfg.inputfile = {  49 
 '/project/example1/reproduce/ft_topoplotER_20200324T110330_input_varargin_1.mat' }; 50 
cfg.outputfile = '/project/example1/reproduce/20200324T110338_ft_topoplotER_output'; 51 
figure; 52 
ft_topoplotER(cfg)53 
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different file names. This happens when the researcher modified the data using custom 

code (as in the example when converting channel units). The hashes.mat file furthermore 

allows any researcher to check the integrity of all the intermediate and final result files of 

the pipeline.

EXAMPLE 2: GROUP ANALYSIS

The previous example contained only a few analysis steps in a single subject. More 

realistic data analysis pipelines consist of many more steps and the same (or similar) 

pipelines are used for multiple subjects. In this section, we will show how the 

reproducescript functionality applies in such a case.

 
 

 
Figure 3 | File directory tree for group study example. The main folder ‘example2’ contains 
scripts with source code and subject-specific analysis details, and separate folders for the 
results of each subject and the group results for the original analysis (result_*). 
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Listing 4 | The entire group analysis can be executed from this master script.

The analysis example follows the strategy outlined in Oostenveld (2016) and starts 

with a single subject analysis pipeline that is repeated for four subjects. The directory 

is structured as depicted in figure 3. After the single-subject analysis, all single-subject 

results are used in a group analysis. The single-subject and group analyses are executed 

from the master script analyze.m (listing 4), which is the control script from which 

the relevant analysis scripts and functions are called. The master script relies on two 

functions: doSingleSubjectAnalysis and doGroupAnalysis, which are each stored in separate 

m-files. The original source code for these scripts can be found in Appendices Ia (single 

subject analysis) and IIa (group analysis). 

Initialization of reproducescript

The ft_default variable is initialized at the top of analyze.m. Because we do not yet specify 

ft_default.reproducescript, reproducescript is not yet initiated. This is done in the loop just 

before doSingleSubjectAnalysis, and just before doGroupAnalysis by specifying unique 

directories (listing 5). In fact, reproducescript can be stopped and restarted between 

different subjects, or even in between analysis steps, which is especially convenient in 

long analysis pipelines or pipelines that require many resources and that the researcher 

rather splits up in separate pipelines. 

clear 1 
close all 2 
 3 
subjlist = { 4 
  'Subject01' 5 
  'Subject02' 6 
  'Subject03' 7 
  'Subject04' 8 
  }; 9 
 10 
%% Loop single-subject analysis over subjects 11 
for i=1:numel(subjlist) 12 
  subj = subjlist{i}; 13 
  doSingleSubjectAnalysis(subj); 14 
end 15 
 16 
%% Group analysis 17 
doGroupAnalysis(subjlist)18 
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Listing 5 | The master script from example 2 (listing 4), but now including the initialization of 
reproducescript.

 
Reproduced analysis

The file directory tree (figure 4) and the initialization of reproducescript (listing 5) show 

that there is a specific folder devoted to the reproducescript content of each subject, and 

one for the group analysis. Thus, upon execution of the master script in listing 5, folders 

are created for each of the subjects, and for the group analysis. These all contain the 

intermediate data, a standardized script, and a hashes.mat file for the bookkeeping. The 

reproducescript standardized scripts for the single-subject analysis and group analysis 

can be found in appendix Ib and IIb, respectively.

clear 1 
close all 2 
 3 
% initialize ft_default variable 4 
global ft_default 5 
ft_default = []; 6 
ft_default.checksize = inf; 7 
 8 
subjlist = { 9 
  'Subject01' 10 
  'Subject02' 11 
  'Subject03' 12 
  'Subject04' 13 
  }; 14 
 15 
%% Loop single-subject analysis over subjects 16 
for i=1:numel(subjlist) 17 
  subj = subjlist{i}; 18 
  % initiate reproducescript 19 
  ft_default.reproducescript = ['reproduce_' subj]; 20 
  doSingleSubjectAnalysis(subj); 21 
  ft_default.reproducescript = []; % disable 22 
end 23 
 24 
%% Group analysis 25 
% initiate reproducescript 26 
ft_default.reproducescript = 'reproduce_Group';  27 
doGroupAnalysis(subjlist); 28 
ft_default.reproducescript = []; % disable29 
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Figure 4 | A ‘reproduce_*’ folder is created for the reproduction of each single-subject analysis, 
and for the group analysis, containing the relevant (intermediate) data, standardized script, 
and hashes file for that analysis.

 
2.2 | Reproducescript in practice

In order to show that the reproducescript functionality can indeed fully reproduce 

real-world pipelines with a single button click, we applied it to a previously published 

study that was published independent from the research carried out in our own lab. The 

analysis pipeline in question was described in Andersen (2018) and published in a special 

issue on group analyses on MEG data.
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EXAMPLE 3: APPLICATION TO PUBLISHED DATASET

The analysis pipeline in Andersen (2018) is well-documented and itself a good 

demonstration of a reproducible analysis pipeline in the FieldTrip ecosystem. 

Nevertheless, it consists of a complex set of 10 analysis scripts and 46 functions, which, 

without the extensive documentation provided by the author, would be challenging to 

reuse and reproduce the results. This makes it particularly suited to demonstrate the 

effectiveness and simplicity of reproducescript.

Andersen describes an analysis pipeline from raw single-subject MEG data to group-level 

statistics in source space. Each of the custom-written scripts has a purpose (figure 5), but 

multiple analysis steps in separate functions are required for the purpose of one script 

(see figure 6 for the full analysis pipeline), creating a complex hierarchy of scripts and 

functions

 

 
Figure 5 | The purpose of each original script, reproduced from Andersen (2018).
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Figure 6 | The full analysis pipeline (reproduced with permission from Andersen (2018)) does 
not linearly map onto one custom-written script or function. 

 

To keep the computational time and storage requirements low, we applied the full 

analysis pipeline to two subjects only. The pipeline was ran with reproducescript enabled, 

and thus created the original results, and also the code and intermediate data with which 
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it should be able to reproduce the results, had the original scripts not been available. 

Both the original source code from Andersen and the standardized scripts generated by 

reproducescript are available on GitHub (https://github.com/matsvanes/reproducescript). 

To confirm that reproducescript indeed resulted in a reproducible analysis pipeline, 

the newly formed standardized script was executed, and its results were compared 

qualitatively (figures) and quantitatively (data) with the original results. 

Even though the original source code from Andersen is organized clearly and is 

accompanied by extensive documentation, it did take some effort to get the analysis 

pipeline up and running. Besides changing the relevant directories in the analysis scripts, 

the initial executions of the pipeline resulted in unexpected errors. This illustrates that 

even the cleanest analysis pipelines might not be easily reproducible. After all errors 

were resolved, the pipeline was executed with reproducescript enabled, similarly to the 

group study in the example above (see the superscript in listing 6). 

The resulting data that was produced by the original pipeline applied to the two subjects 

amounted to roughly 25 GB of data (± 12 GB per subject and 1 GB for group analysis) 

and a similar amount in the figures. The reason that the figures make up a lot of data is 

that they are saved both as .png and as .fig files. The .png files are small because they 

only contain pixel values of the image, while .fig files contain the complete data that was 

plotted (in compressed format), and thus they get large. 

Because reproducescript saves all intermediate data, the total amount of data was higher: 

140 GB (± 64 GB per subject and 12 GB for group analysis), and 18 GB of figures. If we 

extrapolate these numbers to the entire group study (e.g. 20 subjects) and save figures 

as png, the original pipeline would result in ± 240 GB of data, and the reproducescript 

version in roughly 1300 GB, or 5.4 times the disk space requirements of the original 

pipeline. Note that this is an example and by no means a rule of thumb. The amount of 

data produced by reproducescript will vary between pipelines and completely depends 

on the amount of FieldTrip calls. The reproducescript pipeline will amount to more data 

than the original in almost all cases, because all intermediate data is saved, which is 

typically not done in original analysis scripts.

The reproducescript analysis pipeline was executed without further problems and without 

the need for debugging. We asserted whether this pipeline produced the same results as 

the original pipeline. In the group analysis, the last analysis step comprises a statistical 

comparison between two conditions, using ft_ frequencystatistics and ft_sourcestatistics. 

The results from both pipelines were numerically identical. Even if a FieldTrip function 

relies on random numbers (e.g. for the initialization of an ICA algorithm, or for a random 

permutation in statistics), numerically identical numbers can be acquired: if a FieldTrip 
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function uses random numbers, reproducescript saves the state of the random number 

generator in the standardized script. This allows the exact numerical results to be 

obtained from the reproducescript pipeline. However, this behavior might not always be 

expected, especially when subjective interactive analysis steps are part of the pipeline. 

For example, during preprocessing a researcher can visually select particular trials and/

or channels with artifacts and reject them from the data. However, a different researcher 

might apply other criteria and thus remove other pieces of data as artifacts. Therefore, 

it is not always expected (or desired) to get numerically identical results from the 

reproduced pipeline (see Discussion). 

The comparison between the original pipeline and the reproduced pipeline revealed 

a few more caveats. First, only analysis steps that were conducted in the FieldTrip 

ecosystem can be reproduced, since source code outside of the FieldTrip ecosystem is 

not tracked by reproducescript. In the current example, Andersen used several standard 

MATLAB plotting functions for visualization of the results, which were not reproduced by 

the reproducescript pipeline. This can especially be problematic when the analysis steps 

that take place outside the FieldTrip ecosystem are the last steps in the pipeline. There are 

options to work around this issue. For example, the user can provide extra documentation 

in the standardized script, describing how the figures can be reproduced manually. The 

same holds for transformations of the data outside the FieldTrip ecosystem. Instead of 

writing comments in the standardized script after running the analysis pipeline, the 

researcher could also use ft_annotate in the original code after using a function outside 

the FieldTrip ecosystem. This returns the same output data as the user has provided as 

input, but allows the researcher to add comments to that data structure (which then 

become part of the provenance that is stored in the data structure). Another option is to 

embed non-FieldTrip code into a copy of ft_examplefunction, which contains all essential 

FieldTrip bookkeeping functions, and thereby wrap the original custom code in a new 

FieldTrip function. Both these options require extra time investment of the researcher. 

Therefore, the more the pipeline relies on functions within the FieldTrip ecosystem, the 

less work it is to make the pipeline reproducible and transparent. 

Second, even if the pipeline exclusively uses FieldTrip functions, some FieldTrip functions 

evaluate custom-written code. For example, a user can specify custom code to select 

trial epochs in ft_definetrial (i.e. cfg.trialfun). If this code is not shared, this particular 

analysis step could not be re-executed, but since intermediate results are stored as well 

(in the example of cfg.trialfun, cfg.trl is stored), it is possible to skip a particular step and 

continue with the rest of the pipeline.
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Listing 6 | Master script for running the pipeline of Andersen (2018) with reproducescript 
enabled. This master script was not explicitly part of the source code shared by Andersen, but 
was created based on the documentation.

clear 1 
close all 2 
 3 
global ft_default 4 
ft_default = []; 5 
ft_default.checksize = inf; 6 
 7 
%% Single subject analysis 8 
datainfo; 9 
for do_subject = 1:numel(all_subjects) 10 
   11 
  %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 12 
  % enable reproducescript 13 
  ft_default.reproducescript = [home_dir, sprintf('reproduce%02d/', do_subject)]; 14 
  %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 15 
   16 
  % Create all relevant directories where all data and all figures will be 17 
  % saved 18 
  create_MEG_BIDS_data_structure 19 
   20 
  % Go from raw MEG data to a time-frequency representation 21 
  sensor_space_analysis 22 
   23 
  % Go from raw MRI data to a volume conductor and a forward model 24 
  mr_preprocessing 25 
   26 
  % Extract fourier transforms and do beamformer source reconstructions 27 
  source_space_analysis 28 
   29 
  %%%%%%%%%%%% 30 
  % plotting % 31 
  %%%%%%%%%%%% 32 
  % Plot all steps in the sensor space analysis 33 
  plot_sensor_space 34 
   35 
  % Plot all steps in the MR processing 36 
  plot_processed_mr 37 
   38 
  % Plot all steps in the source space analysis 39 
  plot_source_space 40 
   41 
  %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 42 
  % disable reproducescript 43 
  ft_default.reproducescript = []; 44 
  %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 45 
end 46 
 47 
%% Group analysis 48 
 49 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 50 
% enable reproducescript 51 
ft_default.reproducescript = [home_dir, 'reproduce_group']; 52 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 53 
 54 
% Do grand averages across subjects for both sensor and source spaces 55 
grand_averages 56 
 57 
% Do statistics on time-frequency representations and beamformer source 58 
% reconstructions 59 
statistics 60 
 61 
% Plot grand averages in both the sensor and source spaces, with and 62 
% without statistical masking 63 
plot_grand_averages 64 
 65 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 66 
% disable reproducescript 67 
ft_default.reproducescript = []; 68 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%69 
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3 | Discussion

Neuroimaging research is relying more and more on complex computational analysis 

pipelines. Furthermore, there are strong motivations to improve the reproducibility 

of neuroimaging results. Published results can in part be verified by reproducing the 

analysis pipeline that produced them. 

We presented the design and implementation of new functionality that can help 

individual researchers to generate an analysis pipeline that is generic, reproducible, 

and can be shared easily, while requiring only minimal effort on the researcher’s part. 

The functionality, termed reproducescript, has just been released (May 2020) as part of 

the FieldTrip toolbox. It generates a standardized executable script from the original 

researcher’s source code, which can be complex, complicated, and/or of variable quality. 

By providing this tool, we hope to encourage researchers to share their analysis pipelines 

and corresponding data more commonly. 

We verified the effectiveness of reproducescript by applying it to a published analysis 

pipeline (Andersen, 2018). The example we applied it to is already a good example of 

a reproducible analysis pipeline, but contains a hierarchy of custom written scripts and 

functions on top of the FieldTrip toolbox. We re-executed the original published pipeline 

with reproducescript enabled, and found that the generated, standard-format, code was 

able to reproduce the original results faithfully.  

3.1 |  reproducescript reproduces analysis pipeline efficiently and 
transparently

The reproducible analysis pipeline was easy to execute and did not require debugging. 

The results of the reproduced pipeline were numerically identical to those of the original 

pipeline, which is a demonstration of the robustness of reproducescript. This is not to 

say that numerical identity should always be the goal of reproduction efforts. Instead of 

asking “did this code with these exact parameters return these exact numerical results” 

it sometimes is more insightful to show that an analysis pipeline will return the same 

qualitative results, independent of arbitrary choices in preprocessing and the state 

of random number generators. With reproducescript, both are possible. If numerical 

reproduction is required, choices in interactive analysis steps can be based on the 

researcher’s documentation if provided, obtained from the input- and output- files of 

the interactive step. Otherwise, the interactive step can simply be skipped (i.e. the input- 

and output- data that are generated by the first run of the original pipeline are trivially 

identical to the original results). If only qualitative reproduction is desired, the state 

of the random number generator can be removed from the reproduced script (i.e. cfg.

randomseed) and the researcher can run the entire pipeline. 
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In addition to providing quantitative or qualitative reproducibility for an analysis 

pipeline, reproducescript ensures that all analysis steps remain transparent: every 

individual analysis step is interpretable, and even though the standardized script might 

become large, the complete pipeline can easily be explored using a standard text editor 

or the visualization tools on GitHub, or visualized with ft_analysispipeline. 

3.2 | Limitations of reproducescript

One drawback is that this is all limited to analysis steps that rely on functions within the 

FieldTrip ecosystem. Manual source code, or code that uses default MATLAB functions, 

are not tracked by reproducescript and those steps will therefore not be represented in 

the standardized script. This means that the transparency of those particular analysis 

steps is limited, and it is up to the researcher to provide documentation about what 

transformations of the data are applied in those steps. If a large part of the analysis 

pipeline does not use FieldTrip functionality, the benefits of reproducescript will be 

limited. Therefore, this functionality is mostly targeted at researchers who do not use 

a lot of custom written code or external toolboxes, with the important exception that 

custom control structures and functions wrapping FieldTrip functionality are tracked. 

As in the real-life example we presented here, reproducescript will faithfully track any 

custom functions, loops, etc. written by the researcher that internally make use of 

FieldTrip functionality; and, in fact, we would recommend researchers to use such 

control structures when building their analysis pipelines. Researchers who tend to use 

large amounts of custom written code to do actual analysis work (as opposed to merely 

structuring the flow of the code) are probably also those with more expertise in writing 

and documenting source code, and are therefore already better equipped to produce a 

reproducible analysis pipeline or adapt their code such that it becomes part of FieldTrip’s 

provenance (i.e. by building it into ft_examplefunction). 

3.3 | Conclusion

In conclusion, we believe to have provided researchers with a tool to easily share 

complete analysis pipelines that use the FieldTrip toolbox. This tool is not meant to 

replace already existing solutions, like pipeline systems, version control systems and 

literate programming, which we think have a great value. However, in certain cases, 

these tools are limited in their functionality (e.g. the rigidity of pipeline systems) or 

they require a lot of time investment (learning to use version control systems or writing 

analysis code in a literate programming style). While reproducescript is limited in its use 

for those researchers whose analysis pipelines rely largely on custom written algorithms 

or external toolboxes, it can be of great use for those researchers that mostly or even 

exclusively use FieldTrip. reproducescript can be used flexibly, and it can reproduce results 
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both quantitatively and qualitatively, all the while keeping the pipeline transparent and 

intuitive. All of this can be done without much effort by either the researcher providing 

the pipeline or the researcher executing it. By making it easier for researchers to share 

their reproducible analysis pipeline, we hope this functionality will help to make science 

more robust and transparent.
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Appendix

Appendix Ia: Group study – single subject analysis 
Appendix Ia lists the (hand-written) code used in the single-subject analysis of 

example 2 in the main text.

function doSingleSubjectAnalysis(subj) 1 
 2 
% the details of each subject are in separate files 3 
% details_Subject01.m 4 
% details_Subject02.m 5 
% details_Subject03.m 6 
% details_Subject04.m 7 
 8 
fprintf('evaluating single subject analysis for %s\n', subj); 9 
eval(['details_' subj]); 10 
 11 
% this is for artifact detection 12 
interactive = false; 13 
 14 
%% 15 
 16 
cfg = []; 17 
cfg.dataset = fullfile(datadir, filename); 18 
cfg.trialfun = 'ft_trialfun_general'; 19 
cfg.trialdef.eventtype = 'backpanel trigger'; 20 
cfg.trialdef.eventvalue = [triggerFIC triggerIC triggerFC]; 21 
cfg.trialdef.prestim = 1; 22 
cfg.trialdef.poststim = 2; 23 
cfg = ft_definetrial(cfg); 24 
 25 
% the EOG channel has a different name in the different datasets 26 
cfg.channel = {'MEG' eogchannel}; 27 
cfg.continuous = 'yes'; 28 
data = ft_preprocessing(cfg); 29 
 30 
%% 31 
 32 
if interactive 33 
  % visually identify the artifacts  34 
  cfg = []; 35 
  cfg.channel = eogchannel; 36 
  cfg.method = 'channel'; 37 
  dummy1 = ft_rejectvisual(cfg, data); 38 
 39 
  cfg = []; 40 
  cfg.channel = 'MEG'; 41 
  cfg.method = 'summary'; 42 
  dummy2 = ft_rejectvisual(cfg, data); 43 
   44 
  % combine the artifacts that have been detected 45 
  artifact = [ 46 
    dummy1.cfg.artfctdef.channel.artifact 47 
    dummy2.cfg.artfctdef.summary.artifact 48 
    ]; 49 
   50 
  % print them and copy them to the subject details file 51 
  disp(artifact); 52 
   53 
  % use the MATLAB debugger to wait on this line 54 
  disp('please copy these artifacts to the subject details file'); 55 
  keyboard 56 
end 57 
 58 
% remove the artifacts that were previously detected 59 
cfg = []; 60 
cfg.artfctdef.visual.artifact = artifact; 61 
data_clean = ft_rejectartifact(cfg, data); 62 
 63 
%% 64 
 65 
cfg = []; 66 
cfg.trials = data_clean.trialinfo==triggerFIC; 67 
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avgFIC = ft_timelockanalysis(cfg, data_clean); 68 
 69 
cfg.trials = data_clean.trialinfo==triggerFC; 70 
avgFC = ft_timelockanalysis(cfg, data_clean); 71 
 72 
cfg.trials = data_clean.trialinfo==triggerIC; 73 
avgIC = ft_timelockanalysis(cfg, data_clean); 74 
 75 
%% 76 
 77 
cfg = []; 78 
cfg.showlabels = 'no'; 79 
cfg.fontsize = 6; 80 
cfg.layout = 'CTF151_helmet.mat'; 81 
cfg.baseline = [-0.2 0]; 82 
cfg.xlim = [-0.2 1.0]; 83 
cfg.ylim = [-3e-13 3e-13]; 84 
ft_multiplotER(cfg, avgFC, avgIC, avgFIC); 85 
 86 
%% 87 
 88 
cfg = []; 89 
cfg.feedback = 'yes'; 90 
cfg.method = 'template'; 91 
cfg.neighbours = ft_prepare_neighbours(cfg, avgFIC); 92 
cfg.planarmethod = 'sincos'; 93 
avgFICplanar = ft_megplanar(cfg, avgFIC); 94 
avgFCplanar = ft_megplanar(cfg, avgFC); 95 
avgICplanar = ft_megplanar(cfg, avgIC); 96 
 97 
%% 98 
 99 
cfg = []; 100 
avgFICplanarComb = ft_combineplanar(cfg, avgFICplanar); 101 
avgFCplanarComb  = ft_combineplanar(cfg, avgFCplanar); 102 
avgICplanarComb  = ft_combineplanar(cfg, avgICplanar); 103 
 104 
%% 105 
 106 
cfg = []; 107 
cfg.xlim = [0.3 0.5]; 108 
cfg.zlim = 'maxmin'; 109 
cfg.colorbar = 'yes'; 110 
cfg.layout = 'CTF151_helmet.mat'; 111 
subplot(2,3,1); ft_topoplotER(cfg, avgFIC) 112 
subplot(2,3,2); ft_topoplotER(cfg, avgFC) 113 
subplot(2,3,3); ft_topoplotER(cfg, avgIC) 114 
 115 
cfg.zlim = 'maxabs'; 116 
cfg.layout = 'CTF151_helmet.mat'; 117 
subplot(2,3,4); ft_topoplotER(cfg, avgFICplanarComb) 118 
subplot(2,3,5); ft_topoplotER(cfg, avgFCplanarComb) 119 
subplot(2,3,6); ft_topoplotER(cfg, avgICplanarComb) 120 
 121 
%% 122 
 123 
% save the results to disk 124 
outputdir = ['result_' subj]; 125 
mkdir(outputdir) 126 
save(fullfile(outputdir, 'avgFIC'), 'avgFIC'); 127 
save(fullfile(outputdir, 'avgFC'),  'avgFC'); 128 
save(fullfile(outputdir, 'avgIC'),  'avgIC'); 129 
save(fullfile(outputdir, 'avgFICplanarComb'), 'avgFICplanarComb'); 130 
save(fullfile(outputdir, 'avgFCplanarComb'),  'avgFCplanarComb'); 131 
save(fullfile(outputdir, 'avgICplanarComb'),  'avgICplanarComb');132 
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Appendix Ib: Group study – single subject analysis (reproducescript) 
Appendix Ib lists the code for the single-subject analysis produced by reproducescript 

after running example 2 from the main text . It is the reproducescript  counterpart of 

the source code in Appendix Ia. 

 1 
%% 2 
 3 
cfg = []; 4 
cfg.dataset = '../rawdata/Subject01.ds'; 5 
cfg.trialfun = 'ft_trialfun_general'; 6 
cfg.trialdef.eventtype = 'backpanel trigger'; 7 
cfg.trialdef.eventvalue = [3 5 9]; 8 
cfg.trialdef.prestim = 1; 9 
cfg.trialdef.poststim = 2; 10 
cfg = ft_definetrial(cfg); 11 
 12 
%% 13 
 14 
cfg = []; 15 
cfg.dataset = '../rawdata/Subject01.ds'; 16 
cfg.trialfun = 'ft_trialfun_general'; 17 
cfg.trialdef.eventtype = 'backpanel trigger'; 18 
cfg.trialdef.eventvalue = [3 5 9]; 19 
cfg.trialdef.prestim = 1; 20 
cfg.trialdef.poststim = 2; 21 
cfg.datafile = '../rawdata/Subject01.ds/Subject01.meg4'; 22 
cfg.headerfile = '../rawdata/Subject01.ds/Subject01.res4'; 23 
cfg.dataformat = 'ctf_meg4'; 24 
cfg.headerformat = 'ctf_res4'; 25 
cfg.trl = 'reproduce_Subject01/20200324T121352_ft_preprocessing_largecfginput_trl.mat'; 26 
cfg.outputfile = { 'reproduce_Subject01/20200207T134115_ft_preprocessing_output_data.mat' }; 27 
cfg.channel = {'MEG', 'EOG'}; 28 
cfg.continuous = 'yes'; 29 
ft_preprocessing(cfg); 30 
 31 
%% 32 
 33 
cfg = []; 34 
cfg.artfctdef.visual.artifact = [8101 9000; 35 
68401 69300; 36 
99001 99900; 37 
... 38 
228601 229500]; 39 
cfg.inputfile = { 'reproduce_Subject01/20200324T121352_ft_preprocessing_output_data.mat' }; 40 
cfg.outputfile = { 'reproduce_Subject01/20200324T121401_ft_rejectartifact_output_data.mat' }; 41 
ft_rejectartifact(cfg); 42 
 43 
%% 44 
 45 
cfg = []; 46 
cfg.trials = logical([true false ... false]).'; 47 
cfg.inputfile = { 'reproduce_Subject01/20200324T121401_ft_rejectartifact_output_data.mat' }; 48 
cfg.outputfile = { 'reproduce_Subject01/20200324T121408_ft_timelockanalysis_output_timelock.mat' }; 49 
ft_timelockanalysis(cfg); 50 
 51 
%% 52 
 53 
cfg = []; 54 
cfg.trials = logical([false false ... false]).'; 55 
cfg.inputfile = { 'reproduce_Subject01/20200324T121401_ft_rejectartifact_output_data.mat' }; 56 
cfg.outputfile = { 'reproduce_Subject01/20200324T121412_ft_timelockanalysis_output_timelock.mat' }; 57 
ft_timelockanalysis(cfg); 58 
 59 
%% 60 
 61 
cfg = []; 62 
cfg.trials = logical([false true ... true]).'; 63 
cfg.inputfile = { 'reproduce_Subject01/20200324T121401_ft_rejectartifact_output_data.mat' }; 64 
cfg.outputfile = { 'reproduce_Subject01/20200324T121415_ft_timelockanalysis_output_timelock.mat' }; 65 
ft_timelockanalysis(cfg); 66 
 67 
%% 68 
 69 
cfg = []; 70 
cfg.showlabels = 'no'; 71 
cfg.fontsize = 6; 72 
cfg.layout = 'CTF151_helmet.mat'; 73 
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cfg.baseline = [-0.2 0]; 74 
cfg.xlim = [-0.2 1]; 75 
cfg.ylim = [-3e-13 3e-13]; 76 
cfg.inputfile = { 77 
 'reproduce_Subject01/20200207T134136_ft_timelockanalysis_output_timelock.mat', 78 
'reproduce_Subject01/20200207T134140_ft_timelockanalysis_output_timelock.mat', 79 
'reproduce_Subject01/20200207T134132_ft_timelockanalysis_output_timelock.mat' 80 
}; 81 
cfg.outputfile = 'reproduce_Subject01/20200207T134149_ft_multiplotER_output'; 82 
figure; 83 
ft_multiplotER(cfg); 84 
 85 
%% 86 
 87 
cfg = []; 88 
cfg.feedback = 'yes'; 89 
cfg.method = 'template'; 90 
cfg.neighbours = 'reproduce_Subject01/20200324T121445_ft_megplanar_largecfginput_neighbours.mat'; 91 
cfg.planarmethod = 'sincos'; 92 
cfg.inputfile = { 'reproduce_Subject01/20200324T121408_ft_timelockanalysis_output_timelock.mat' }; 93 
cfg.outputfile = { 'reproduce_Subject01/20200324T121445_ft_megplanar_output_data.mat' }; 94 
ft_megplanar(cfg); 95 
 96 
%% 97 
 98 
cfg = []; 99 
cfg.feedback = 'yes'; 100 
cfg.method = 'template'; 101 
cfg.neighbours = 'reproduce_Subject01/20200324T121445_ft_megplanar_largecfginput_neighbours.mat'; 102 
cfg.planarmethod = 'sincos'; 103 
cfg.inputfile = { 'reproduce_Subject01/20200324T121412_ft_timelockanalysis_output_timelock.mat' }; 104 
cfg.outputfile = { 'reproduce_Subject01/20200324T121447_ft_megplanar_output_data.mat' }; 105 
ft_megplanar(cfg); 106 
 107 
%% 108 
 109 
cfg = []; 110 
cfg.feedback = 'yes'; 111 
cfg.method = 'template'; 112 
cfg.neighbours = 'reproduce_Subject01/20200324T121445_ft_megplanar_largecfginput_neighbours.mat'; 113 
cfg.planarmethod = 'sincos'; 114 
cfg.inputfile = { 'reproduce_Subject01/20200324T121415_ft_timelockanalysis_output_timelock.mat' }; 115 
cfg.outputfile = { 'reproduce_Subject01/20200324T121450_ft_megplanar_output_data.mat' }; 116 
ft_megplanar(cfg); 117 
 118 
%% 119 
 120 
cfg = []; 121 
cfg.inputfile = { 'reproduce_Subject01/20200324T121445_ft_megplanar_output_data.mat' }; 122 
cfg.outputfile = { 'reproduce_Subject01/20200324T121453_ft_combineplanar_output_data.mat' }; 123 
ft_combineplanar(cfg); 124 
 125 
%% 126 
 127 
cfg = []; 128 
cfg.inputfile = { 'reproduce_Subject01/20200324T121447_ft_megplanar_output_data.mat' }; 129 
cfg.outputfile = { 'reproduce_Subject01/20200324T121455_ft_combineplanar_output_data.mat' }; 130 
ft_combineplanar(cfg); 131 
 132 
%% 133 
 134 
cfg = []; 135 
cfg.inputfile = { 'reproduce_Subject01/20200324T121450_ft_megplanar_output_data.mat' }; 136 
cfg.outputfile = { 'reproduce_Subject01/20200324T121457_ft_combineplanar_output_data.mat' }; 137 
ft_combineplanar(cfg); 138 
 139 
%% 140 
 141 
cfg = []; 142 
cfg.xlim = [0.3 0.5]; 143 
cfg.zlim = 'maxmin'; 144 
cfg.colorbar = 'yes'; 145 
cfg.layout = 'CTF151_helmet.mat'; 146 
cfg.inputfile = { 'reproduce_Subject01/20200324T121408_ft_timelockanalysis_output_timelock.mat' }; 147 
cfg.outputfile = 'reproduce_Subject01/20200324T121502_ft_topoplotER_output'; 148 
figure; 149 
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ft_topoplotER(cfg); 150 
 151 
%% 152 
 153 
cfg = []; 154 
cfg.xlim = [0.3 0.5]; 155 
cfg.zlim = 'maxmin'; 156 
cfg.colorbar = 'yes'; 157 
cfg.layout = 'CTF151_helmet.mat'; 158 
cfg.inputfile = { 'reproduce_Subject01/20200324T121412_ft_timelockanalysis_output_timelock.mat' }; 159 
cfg.outputfile = 'reproduce_Subject01/20200324T121508_ft_topoplotER_output'; 160 
figure; 161 
ft_topoplotER(cfg); 162 
 163 
%% 164 
 165 
cfg = []; 166 
cfg.xlim = [0.3 0.5]; 167 
cfg.zlim = 'maxmin'; 168 
cfg.colorbar = 'yes'; 169 
cfg.layout = 'CTF151_helmet.mat'; 170 
cfg.inputfile = { 'reproduce_Subject01/20200324T121415_ft_timelockanalysis_output_timelock.mat' }; 171 
cfg.outputfile = 'reproduce_Subject01/20200324T121513_ft_topoplotER_output'; 172 
figure; 173 
ft_topoplotER(cfg); 174 
 175 
%% 176 
 177 
cfg = []; 178 
cfg.xlim = [0.3 0.5]; 179 
cfg.zlim = 'maxabs'; 180 
cfg.colorbar = 'yes'; 181 
cfg.layout = 'CTF151_helmet.mat'; 182 
cfg.inputfile = { 'reproduce_Subject01/20200324T121453_ft_combineplanar_output_data.mat' }; 183 
cfg.outputfile = 'reproduce_Subject01/20200324T121518_ft_topoplotER_output'; 184 
figure; 185 
ft_topoplotER(cfg); 186 
 187 
%% 188 
 189 
cfg = []; 190 
cfg.xlim = [0.3 0.5]; 191 
cfg.zlim = 'maxabs'; 192 
cfg.colorbar = 'yes'; 193 
cfg.layout = 'CTF151_helmet.mat'; 194 
cfg.inputfile = { 'reproduce_Subject01/20200324T121455_ft_combineplanar_output_data.mat' }; 195 
cfg.outputfile = 'reproduce_Subject01/20200324T121525_ft_topoplotER_output'; 196 
figure; 197 
ft_topoplotER(cfg); 198 
 199 
%% 200 
 201 
cfg = []; 202 
cfg.xlim = [0.3 0.5]; 203 
cfg.zlim = 'maxabs'; 204 
cfg.colorbar = 'yes'; 205 
cfg.layout = 'CTF151_helmet.mat'; 206 
cfg.inputfile = { 'reproduce_Subject01/20200324T121457_ft_combineplanar_output_data.mat' }; 207 
cfg.outputfile = 'reproduce_Subject01/20200324T121533_ft_topoplotER_output'; 208 
figure; 209 
ft_topoplotER(cfg);210 
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Appendix IIa: Group study – group analysis 
Appendix IIa lists the (hand-written) code used in the group analysis of example 2 in 

the main text. 

function doGroupAnalysis(allsubj) 1 
 2 
avgFIC = cell(size(allsubj)); 3 
avgFC  = cell(size(allsubj)); 4 
avgIC  = cell(size(allsubj)); 5 
 6 
% load the results from disk 7 
for i=1:numel(allsubj) 8 
  subj = allsubj{i}; 9 
  fprintf('loading data for subject %s\n', subj); 10 
 11 
  inputdir = ['result_' subj]; 12 
  tmp = load(fullfile(inputdir, 'avgFIC')); avgFIC{i} = tmp.avgFIC; 13 
  tmp = load(fullfile(inputdir, 'avgFC'));  avgFC{i}  = tmp.avgFC; 14 
  tmp = load(fullfile(inputdir, 'avgIC'));  avgIC{i}  = tmp.avgIC; 15 
  clear tmp 16 
end 17 
 18 
%% 19 
 20 
cfg = []; 21 
cfg.showlabels = 'no'; 22 
cfg.fontsize = 6; 23 
cfg.layout = 'CTF151_helmet.mat'; 24 
cfg.baseline = [-0.2 0]; 25 
cfg.xlim = [-0.2 1.0]; 26 
cfg.ylim = [-3e-13 3e-13]; 27 
figure 28 
ft_multiplotER(cfg, avgFIC{:}); 29 
title('Fully incongruent condition'); 30 
 31 
figure 32 
ft_multiplotER(cfg, avgFC{:}); 33 
title('Fully congruent condition'); 34 
 35 
figure 36 
ft_multiplotER(cfg, avgIC{:}); 37 
title('Initially congruent condition'); 38 
 39 
%% 40 
 41 
avgFICvsFC = cell(size(allsubj)); 42 
for i=1:numel(allsubj) 43 
  cfg = []; 44 
  cfg.parameter = 'avg'; 45 
  cfg.operation = 'x1-x2'; 46 
  avgFICvsFC{i} = ft_math(cfg, avgFIC{i}, avgFC{i}); 47 
end 48 
 49 
cfg = []; 50 
cfg.showlabels = 'no'; 51 
cfg.fontsize = 6; 52 
cfg.layout = 'CTF151_helmet.mat'; 53 
cfg.baseline = [-0.2 0]; 54 
cfg.xlim = [-0.2 1.0]; 55 
cfg.ylim = [-3e-13 3e-13]; 56 
ft_multiplotER(cfg, avgFICvsFC{:}); 57 
title('FIC minus FC'); 58 
 59 
%% 60 
 61 
% let's make a manual change to the data that is not caputured in the provenance 62 
for i=1:numel(allsubj) 63 
  avgFIC{i}.avg = avgFIC{i}.avg * 1e15; % convert from T to fT 64 
  avgFC{i}.avg  = avgFC{i}.avg  * 1e15; % convert from T to fT 65 
  avgIC{i}.avg  = avgIC{i}.avg  * 1e15; % convert from T to fT 66 
end 67 
 68 
%% 69 
 70 
cfg = []; 71 
grandavgFIC = ft_timelockgrandaverage(cfg, avgFIC{:}); 72 
grandavgFC  = ft_timelockgrandaverage(cfg, avgFC{:}); 73 
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grandavgIC  = ft_timelockgrandaverage(cfg, avgIC{:}); 74 
 75 
%% 76 
 77 
% save the results to disk 78 
outputdir = 'result_Group'; 79 
mkdir(outputdir) 80 
save(fullfile(outputdir, 'grandavgFIC'), 'grandavgFIC'); 81 
save(fullfile(outputdir, 'grandavgFC'),  'grandavgFC'); 82 
save(fullfile(outputdir, 'grandavgIC'),  'grandavgIC');83 
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Appendix IIb: Group study – group analysis (reproducescript) 
Appendix IIb lists the code for the group analysis produced by reproducescript after 

running example 2 from the main text. It is the reproducescript counterpart of the 

source code Appendix IIa. 

 1 
%% 2 
 3 
% a new input variable is entering the pipeline here: 4 
ft_multiplotER_20200207T135012_input_varargin_1.mat 5 
% a new input variable is entering the pipeline here: 6 
ft_multiplotER_20200207T135012_input_varargin_2.mat 7 
% a new input variable is entering the pipeline here: 8 
ft_multiplotER_20200207T135012_input_varargin_3.mat 9 
% a new input variable is entering the pipeline here: 10 
ft_multiplotER_20200207T135012_input_varargin_4.mat 11 
 12 
cfg = []; 13 
cfg.showlabels = 'no'; 14 
cfg.fontsize = 6; 15 
cfg.layout = 'CTF151_helmet.mat'; 16 
cfg.baseline = [-0.2 0]; 17 
cfg.xlim = [-0.2 1]; 18 
cfg.ylim = [-3e-13 3e-13]; 19 
cfg.inputfile = { 20 
 'reproduce_Group/ft_multiplotER_20200324T125927_input_varargin_1.mat', 21 
'reproduce_Group/ft_multiplotER_20200324T125927_input_varargin_2.mat', 22 
'reproduce_Group/ft_multiplotER_20200324T125927_input_varargin_3.mat', 23 
'reproduce_Group/ft_multiplotER_20200207T135012_input_varargin_4.mat' 24 
}; 25 
cfg.outputfile = 'reproduce_Group/20200207T135023_ft_multiplotER_output'; 26 
figure; 27 
ft_multiplotER(cfg); 28 
 29 
%% 30 
 31 
% a new input variable is entering the pipeline here: 32 
ft_multiplotER_20200207T135039_input_varargin_1.mat 33 
% a new input variable is entering the pipeline here: 34 
ft_multiplotER_20200207T135039_input_varargin_2.mat 35 
% a new input variable is entering the pipeline here: 36 
ft_multiplotER_20200207T135039_input_varargin_3.mat 37 
% a new input variable is entering the pipeline here: 38 
ft_multiplotER_20200207T135039_input_varargin_4.mat 39 
 40 
cfg = []; 41 
cfg.showlabels = 'no'; 42 
cfg.fontsize = 6; 43 
cfg.layout = 'CTF151_helmet.mat'; 44 
cfg.baseline = [-0.2 0]; 45 
cfg.xlim = [-0.2 1]; 46 
cfg.ylim = [-3e-13 3e-13]; 47 
cfg.inputfile = { 48 
 'reproduce_Group/ft_multiplotER_20200207T135039_input_varargin_1.mat', 49 
'reproduce_Group/ft_multiplotER_20200207T135039_input_varargin_2.mat', 50 
'reproduce_Group/ft_multiplotER_20200207T135039_input_varargin_3.mat', 51 
'reproduce_Group/ft_multiplotER_20200207T135039_input_varargin_4.mat' 52 
}; 53 
cfg.outputfile = 'reproduce_Group/20200207T135050_ft_multiplotER_output'; 54 
figure; 55 
ft_multiplotER(cfg); 56 
 57 
%% 58 
 59 
% a new input variable is entering the pipeline here: 60 
ft_multiplotER_20200207T135106_input_varargin_1.mat 61 
% a new input variable is entering the pipeline here: 62 
ft_multiplotER_20200207T135106_input_varargin_2.mat 63 
% a new input variable is entering the pipeline here: 64 
ft_multiplotER_20200207T135106_input_varargin_3.mat 65 
% a new input variable is entering the pipeline here: 66 
ft_multiplotER_20200207T135106_input_varargin_4.mat 67 
 68 
cfg = []; 69 
cfg.showlabels = 'no'; 70 
cfg.fontsize = 6; 71 
cfg.layout = 'CTF151_helmet.mat'; 72 
cfg.baseline = [-0.2 0]; 73 
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cfg.xlim = [-0.2 1]; 74 
cfg.ylim = [-3e-13 3e-13]; 75 
cfg.inputfile = { 76 
 'reproduce_Group/ft_multiplotER_20200207T135106_input_varargin_1.mat', 77 
'reproduce_Group/ft_multiplotER_20200207T135106_input_varargin_2.mat', 78 
'reproduce_Group/ft_multiplotER_20200207T135106_input_varargin_3.mat', 79 
'reproduce_Group/ft_multiplotER_20200207T135106_input_varargin_4.mat' 80 
}; 81 
cfg.outputfile = 'reproduce_Group/20200207T135118_ft_multiplotER_output'; 82 
figure; 83 
ft_multiplotER(cfg); 84 
 85 
%% 86 
 87 
cfg = []; 88 
cfg.parameter = 'avg'; 89 
cfg.operation = 'x1-x2'; 90 
cfg.inputfile = { 91 
 'reproduce_Group/ft_multiplotER_20200207T135012_input_varargin_1.mat', 92 
'reproduce_Group/ft_multiplotER_20200207T135039_input_varargin_1.mat' 93 
}; 94 
cfg.outputfile = { 'reproduce_Group/20200207T135136_ft_math_output_data.mat' }; 95 
ft_math(cfg); 96 
 97 
%% 98 
 99 
cfg = []; 100 
cfg.parameter = 'avg'; 101 
cfg.operation = 'x1-x2'; 102 
cfg.inputfile = { 103 
 'reproduce_Group/ft_multiplotER_20200207T135012_input_varargin_2.mat', 104 
'reproduce_Group/ft_multiplotER_20200207T135039_input_varargin_2.mat' 105 
}; 106 
cfg.outputfile = { 'reproduce_Group/20200207T135141_ft_math_output_data.mat' }; 107 
ft_math(cfg); 108 
 109 
%% 110 
 111 
cfg = []; 112 
cfg.parameter = 'avg'; 113 
cfg.operation = 'x1-x2'; 114 
cfg.inputfile = { 115 
 'reproduce_Group/ft_multiplotER_20200207T135012_input_varargin_3.mat', 116 
'reproduce_Group/ft_multiplotER_20200207T135039_input_varargin_3.mat' 117 
}; 118 
cfg.outputfile = { 'reproduce_Group/20200207T135146_ft_math_output_data.mat' }; 119 
ft_math(cfg); 120 
 121 
%% 122 
 123 
cfg = []; 124 
cfg.parameter = 'avg'; 125 
cfg.operation = 'x1-x2'; 126 
cfg.inputfile = { 127 
 'reproduce_Group/ft_multiplotER_20200207T135012_input_varargin_4.mat', 128 
'reproduce_Group/ft_multiplotER_20200207T135039_input_varargin_4.mat' 129 
}; 130 
cfg.outputfile = { 'reproduce_Group/20200207T135150_ft_math_output_data.mat' }; 131 
ft_math(cfg); 132 
 133 
%% 134 
 135 
cfg = []; 136 
cfg.showlabels = 'no'; 137 
cfg.fontsize = 6; 138 
cfg.layout = 'CTF151_helmet.mat'; 139 
cfg.baseline = [-0.2 0]; 140 
cfg.xlim = [-0.2 1]; 141 
cfg.ylim = [-3e-13 3e-13]; 142 
cfg.inputfile = { 143 
 'reproduce_Group/20200207T135136_ft_math_output_data.mat', 144 
'reproduce_Group/20200207T135141_ft_math_output_data.mat', 145 
'reproduce_Group/20200207T135146_ft_math_output_data.mat', 146 
'reproduce_Group/20200207T135150_ft_math_output_data.mat' 147 
}; 148 
cfg.outputfile = 'reproduce_Group/20200207T135203_ft_multiplotER_output'; 149 
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figure; 150 
ft_multiplotER(cfg); 151 
 152 
%% 153 
 154 
% a new input variable is entering the pipeline here: 155 
ft_timelockgrandaverage_20200207T135218_input_varargin_1.mat 156 
% a new input variable is entering the pipeline here: 157 
ft_timelockgrandaverage_20200207T135218_input_varargin_2.mat 158 
% a new input variable is entering the pipeline here: 159 
ft_timelockgrandaverage_20200207T135218_input_varargin_3.mat 160 
% a new input variable is entering the pipeline here: 161 
ft_timelockgrandaverage_20200207T135218_input_varargin_4.mat 162 
 163 
cfg = []; 164 
cfg.inputfile = { 165 
 'reproduce_Group/ft_timelockgrandaverage_20200207T135218_input_varargin_1.mat', 166 
'reproduce_Group/ft_timelockgrandaverage_20200207T135218_input_varargin_2.mat', 167 
'reproduce_Group/ft_timelockgrandaverage_20200207T135218_input_varargin_3.mat', 168 
'reproduce_Group/ft_timelockgrandaverage_20200207T135218_input_varargin_4.mat' 169 
}; 170 
cfg.outputfile = { 'reproduce_Group/20200207T135221_ft_timelockgrandaverage_output_grandavg.mat' }; 171 
ft_timelockgrandaverage(cfg); 172 
 173 
%% 174 
 175 
% a new input variable is entering the pipeline here: 176 
ft_timelockgrandaverage_20200207T135223_input_varargin_1.mat 177 
% a new input variable is entering the pipeline here: 178 
ft_timelockgrandaverage_20200207T135223_input_varargin_2.mat 179 
% a new input variable is entering the pipeline here: 180 
ft_timelockgrandaverage_20200207T135223_input_varargin_3.mat 181 
% a new input variable is entering the pipeline here: 182 
ft_timelockgrandaverage_20200207T135223_input_varargin_4.mat 183 
 184 
cfg = []; 185 
cfg.inputfile = { 186 
 'reproduce_Group/ft_timelockgrandaverage_20200207T135223_input_varargin_1.mat', 187 
'reproduce_Group/ft_timelockgrandaverage_20200207T135223_input_varargin_2.mat', 188 
'reproduce_Group/ft_timelockgrandaverage_20200207T135223_input_varargin_3.mat', 189 
'reproduce_Group/ft_timelockgrandaverage_20200207T135223_input_varargin_4.mat' 190 
}; 191 
cfg.outputfile = { 'reproduce_Group/20200207T135226_ft_timelockgrandaverage_output_grandavg.mat' }; 192 
ft_timelockgrandaverage(cfg); 193 
 194 
%% 195 
 196 
% a new input variable is entering the pipeline here: 197 
ft_timelockgrandaverage_20200207T135228_input_varargin_1.mat 198 
% a new input variable is entering the pipeline here: 199 
ft_timelockgrandaverage_20200207T135228_input_varargin_2.mat 200 
% a new input variable is entering the pipeline here: 201 
ft_timelockgrandaverage_20200207T135228_input_varargin_3.mat 202 
% a new input variable is entering the pipeline here: 203 
ft_timelockgrandaverage_20200207T135228_input_varargin_4.mat 204 
 205 
cfg = []; 206 
cfg.inputfile = { 207 
 'reproduce_Group/ft_timelockgrandaverage_20200207T135228_input_varargin_1.mat', 208 
'reproduce_Group/ft_timelockgrandaverage_20200207T135228_input_varargin_2.mat', 209 
'reproduce_Group/ft_timelockgrandaverage_20200207T135228_input_varargin_3.mat', 210 
'reproduce_Group/ft_timelockgrandaverage_20200207T135228_input_varargin_4.mat' 211 
}; 212 
cfg.outputfile = { 'reproduce_Group/20200207T135231_ft_timelockgrandaverage_output_grandavg.mat' }; 213 
ft_timelockgrandaverage(cfg);214 







CHAPTER 6

General Discussion 
 

“There is no scientific study more vital to man than the study of his own 
brain. Our entire view of the universe depends on it” 

Francis Crick
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The brain is capable of processing an immense stream of information every second, 

thereby responding adequately to the environment according to the current set of 

behavioral goals. This is not a straightforward operation, and it has puzzled the human 

race for ages as to how it can accomplish this. One of the mechanisms through which the 

brain might be so efficient and respond dynamically to an infinite possibility of inputs is 

through the organization of brain activity by neural oscillations. Neural oscillations can 

provide a mechanism for changing the effective connectivity between neural populations 

without changing the anatomical structure. This mechanism relies on fluctuations 

in neural populations’ excitability and synchronization between them in order for 

the sending population to transmit signals at so-called “windows of opportunity”, i.e. 

the phase at which the transmitted signal has a high probability of leading to action 

potentials in the receiving population. In this thesis, I aimed to clarify how oscillatory 

synchrony affects neural processing and behavior. In this chapter, I will summarize the 

findings of this thesis and provide a general discussion.

Summary of findings

In Chapter 2, I investigated the effect of gamma band synchronization on local 

stimulus-related neural processing. A larger increase in gamma power in response to 

a visual stimulus is known to lead to faster responses (Hoogenboom et al., 2010). The 

mechanism behind this relationship was unclear. We hypothesized that an increase in 

gamma power signifies a more synchronized state of neural populations in early visual 

cortex, which is able to process new incoming input more effectively. A stronger neural 

representation of the input would then lead to a faster behavioral response down the 

line. This hypothesis was tested in an MEG experiment. Human subjects were asked to 

attend to a visual stimulus and to respond to a stimulus change as fast as possible. We 

confirmed a positive relationship between gamma power in early visual cortex right 

before the stimulus change, and the speed of the response to the change. Importantly, 

we also showed that the amplitude of the evoked response that was elicited by the 

stimulus change is associated with higher pre-change gamma power. In turn, we also 

found that the amplitude of the evoked response positively correlated with response 

speed. These results suggested that a better representation of an incoming stimulus is 

caused by increased synchronization in the gamma band of the local neural population, 

and that this subsequently leads to faster responses.

I investigated the role of oscillatory synchrony on neural processing and behavior in 

a brain-wide network and in multiple frequency bands in Chapter 3. The presence of 

conflicts in stimulus-response contingency (e.g. in a Simon task) is not only known to 

impair behavioral performance on the trial in question, but also to carry over and affect 



144 Chapter 6

performance on the subsequent trial (Gratton et al., 1992). We aimed to characterize 

the frequency bands and brain areas that were behaviorally relevant in a version of the 

Simon task, and then study whether differential activity based on the contingency type 

was present after trial offset, consequently changing the network state and subsequent 

stimulus processing in the next trial. We found a complex set of behaviorally relevant 

neural correlates in visual, parietal and sensorimotor areas, with in general opposite 

effects for low frequencies (i.e. theta, alpha, and beta) versus high frequencies (i.e. 

gamma). We did not find any evidence for a difference in power or coherence that 

suggested that neural processing of the subsequent trial was affected. The trends in the 

data hinted at the possibility that if such effects were existent, they would likely be a 

consequence of trial repetition instead of trial contingency. A subsequent behavioral 

analysis supported this explanation.

In Chapter 4, I explored whether neural representations of behaviorally relevant stimuli 

are affected by the phase of ongoing activity. Both behavioral and neural evidence 

suggests sensory information is processed discontinuously as a consequence of discrete 

attentional sampling (Busch et al., 2009; White and Harter, 1969). We expected that if 

this were true, the representation of sensory stimuli would also be discontinuous, and 

would be modulated by the phase of ongoing activity in the theta or alpha range. In a 

visual MEG experiment, we presented subjects with two grating stimuli that could both 

have two distinct orientations, and of which one had to be attended. We were able to 

decode the orientation of either attended or unattended stimulus based on neural data, 

and found that the phase of ongoing activity in the fronto-parietal attention network 

affected the accuracy by which we could do so. These results suggested that the theta/

alpha phase in frontal eye field (FEF) and parietal cortex contralateral to the attended 

stimulus modulate the neural representation of sensory input, and thus support the 

account of discrete attentional sampling. 

In Chapter 5, I demonstrated a new tool that can help researchers in their efforts to share 

their data and analysis pipelines in order to increase transparency and reproducibility. 

The scientific community is faced with an ongoing crisis that shows scientific results 

are difficult or impossible to replicate or reproduce. Part of this can be assigned to the 

increasing complexity of data analysis pipelines, and the lack of transparency of the 

methods that were used to generate results. These issues can partly be resolved by 

publicly sharing the data and analysis code, but doing this in way that it can be used by 

other researchers requires skill and commitment, and is not yet standard. We aimed to 

improve this by demonstrating a new tool that can recreate an entire analysis pipeline 

and the intermediate data from the custom-written analysis code that is often chaotic 

and ambiguous. This tool is part of the FieldTrip toolbox, which is used by thousands 

of scientists all over the world. We showed that the tool could effectively reproduce an 
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entire analysis pipeline without much effort, facilitating the process of sharing analysis 

pipelines and thereby improving transparency and reproducibility. 

Discussion

The overarching goal of this thesis was to investigate whether oscillatory activity 

mechanistically affects the outcome of neural processing in terms of stimulus-evoked 

activity and behavior. While the experiments mostly implicated the visual and motor 

systems, and the attention network, the experimental tasks were designed to have a 

limited dependence on higher cognitive functions. Because of this, presumably our 

findings can be generalized to other cognitive domains and reflect general principles 

of the role of oscillatory synchrony in neural processing. While the generalizability of 

neural mechanisms was not studied directly in this thesis, there are some indications that 

findings might generalize to some extent. 

In Chapter 2, I showed that an increase in gamma power induced a stronger visual 

evoked field in response to a visual stimulus, which in turn lead to reduced reaction 

times. Similar relationships between gamma power and behavioral performance have 

been observed in other species, tasks and sensory domains. For example, a correlation 

between gamma band activity induced by visual stimulation, and the speed of response 

has also been observed in monkeys (Womelsdorf et al., 2006). The probability of 

conscious awareness of a stimulus is higher on trials with higher (pre-stimulus) gamma 

power in the auditory domain (Makeig and Jung, 1996), and the visual domain in humans 

(Aru and Bachmann, 2009; Summerfield et al., 2002) and cats (Fries et al., 1997). Similar 

results exist in the somatosensory domain (Meador et al., 2002; for a review, see Rieder 

et al., 2011). The mechanism in which gamma synchronization enhances event-related 

activity and thereby improves behavior could very well generalize to all these studies and 

possibly to other cognitive domains. This is also in line with the large body of evidence 

that supports the positive effect of gamma synchronization on neural communication 

in general (Börgers and Kopell, 2008; Fries et al., 2001; Gielen et al., 2010; Ni et al., 

2016; Tiesinga et al., 2004, see also Fries, 2009). Moreover, this work justifies the use 

of gamma-band responses as measured with noninvasive methods as a physiologically 

and mechanistically inspired dependent variable in noninvasive human cognitive 

neuroscience experiments.

In Chapter 3, I related neuronal synchrony in a brain-wide network to behavior during 

simple stimulus-response mapping. The experimental task induced two well-known 

behavioral effects: the Simon effect (i.e. a difference in reaction times for stimulus 

response (SR-) congruent and SR-incongruent trials) and the Gratton effect (i.e. a 
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modulation of the Simon effect by the congruency sequence over trials). These effects 

indicate that different trials (i.e. congruent versus incongruent in the Simon effect and 

compatible versus incompatible sequential trials in the Gratton effect) are processed 

distinctly. While controlling for differences in reaction times, we found a set of brain areas 

that showed differences in spectral power during the response window that were related 

to the Simon effect. Because we controlled for reaction times, theses spectral differences 

could not be explained by trivial differences in the timing of the motor response, and 

thus reflect a genuine difference in processing the different trial types. There was a 

lateralization in alpha and gamma band power in visual areas, with a gamma power 

increase in the hemisphere contralateral to the informative stimulus and a decrease in 

the ipsilateral hemisphere, and vice versa for alpha power. Opposing effects of gamma/

alpha band activity have been observed elsewhere as well (Buffalo et al., 2011; Fries, 2001; 

Marshall et al., 2015). In contrast to those earlier findings, which mostly used experiments 

with an experimental manipulation of attention, our experiment did not allow for the 

anticipation of the location of the behaviorally relevant stimulus. This suggested that 

the effects in the alpha and gamma band were elicited after initial processing of both the 

behaviorally irrelevant and relevant stimulus. Still, these lateralized differences between 

congruent and incongruent trials were more likely to be caused by the informative 

stimulus being in opposite hemifields rather than a difference in processing of congruent 

versus incongruent trials. Namely, the lateralization was present in both congruent and 

incongruent trials, but in opposite directions. The informative stimulus was always in 

opposite hemifields for congruent and incongruent trials, and was accompanied by a 

gamma power increase/alpha power decrease in the contralateral hemisphere, and vice 

versa in the ipsilateral hemisphere. Thus, these results indicated that visual processing 

of the relevant stimulus is always upregulated immediately after identification of its 

relevance, and always downregulated after identification of its irrelevance. Power 

lateralization in sensorimotor areas in the beta and gamma frequency bands was more 

likely to reflect a true difference in processing of congruent and incongruent trials.  These 

power differences were present while still controlling for reaction times and despite the 

fact that both congruent and incongruent trials required the same behavioral response. 

The indication that differential processing in sensorimotor areas is involved in the 

Simon effect is also in line with cognitive theories of the effect that ascribe it to overlap 

in the neural representations of perceived events (e.g. the stimuli) and the response 

(Hommel, 2011). Thus, representations of stimuli in the left hemifield and left responses 

are physically overlapping, meaning that activation of a stimulus representation 

automatically activates the overlapping response representation. 

Next to the Simon effect, we investigated oscillatory effects associated with the Gratton 

effect. Although no effects were statistically significant, trends in the data pointed 

towards lateralized spectral differences in the visual and sensorimotor regions in the 
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alpha and gamma band. However, considering the role of alpha and gamma power in 

cortical excitability, such lateralized differences would only enhance processing of the 

exact same trial type (e.g. two subsequent congruent left hand response trials). It would 

not generalize to the trial of the same contingency but requiring a different response 

(e.g. a congruent left hand response trial followed by a congruent right hand response 

trial). These potential differences in the processing of compatible versus incompatible 

trials were thus confounded by stimulus-response repetitions, which was confirmed in a 

behavioral analysis where the Gratton effect disappeared when controlling for response 

repetitions. This is possibly related to a similar cognitive theory as the Simon effect, by 

Hommel (1998). Namely, the episodic memory of the previous trial could interfere with 

the neural representation of the current trial, which would only occur when the current 

and previous trial only share one feature (i.e. either stimulus location or action), but not 

zero or both features. Note that this explanation is mere speculation, and was not in 

any way suggested by our data. Even when the Gratton effect is not a true effect of the 

congruency sequence, oscillatory differences might play a role in the mechanism that 

leads to behavioral differences. A coherence analysis could not confirm this, as there 

were no connections with a statistical significant difference in coherence between 

congruent and incongruent trials. Yet, this is probably related to the conservative 

multiple comparison correction, which pushed nominally significant effects over the 

statistical threshold, and to the dilution of any effects for not focusing on trial repetitions 

in this analysis.

In Chapter 4, I showed that visual representations are modulated by the theta/alpha 

phase of ongoing activity in the fronto-parietal attention network. Although a behavioral 

consequence of this effect was not confirmed in this study, such effects on behavior 

have been found before (Busch et al., 2009; Busch and VanRullen, 2010; Fiebelkorn et 

al., 2018; Helfrich et al., 2018; Landau and Fries, 2012; Mathewson et al., 2009) and are 

believed to be mediated by phasic modulation of visual representations. Further support 

for periodic perceptual sensitivity (i.e. perceptual cycles) comes from causal relationships 

between the timing or phase of noninvasive brain stimulation and behavior, in both the 

visual (Dugue et al., 2011) and auditory domain (Neuling et al., 2012). Periodic perceptual 

sensitivity is believed to arise from intrinsically discrete attentional sampling (VanRullen, 

2016), which periodically facilitates perception. Thus on average, perception is improved 

by attention, but in real time, this facilitation occurs periodically. This explains the 

absence of perceptual cycles for unattended stimuli (Busch and VanRullen, 2010). The 

dependence of perceptual cycles on attention is further supported by the role of the 

fronto-parietal attention network in this process, as shown in Chapter 4; Fiebelkorn et al. 

(2018) and Helfrich et al. (2018). Most studies found the frequency of perceptual cycles 

to be in the theta-alpha range. Alpha-band effects mostly implicate occipital channels, 

and might relate more directly to sensory aspects of visual perception, as opposed to 
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visual attention (see VanRullen, 2016). Alpha oscillations reflect functional inhibition, 

supported by numerous studies that showed alpha activity decreases in engaged regions, 

and increases in disengaged regions ( Jensen and Mazaheri, 2010). In the context of 

perceptual cycles, alpha oscillations offer a potential mechanism for discrete attentional 

sampling by producing pulses of inhibition and thus limiting neural processing to 

the phases of low inhibition. In these limited time windows, neural representations 

would be stronger, possibly through enhanced neuronal gain by increased gamma 

synchronization, which we showed reduces reaction times (Chapter 2). While alpha 

power did not modulate reaction times in Chapter 2, it could be that alpha phase did, 

such that alpha oscillations controlled the amount of gamma synchronization through 

pulsed inhibition, which in turn modulated reaction times. This is in line with studies 

demonstrating that gamma band synchronization is modulated by alpha phase (Osipova 

et al., 2008; Voytek, 2010). Pulsed inhibition is not necessarily bound to the alpha band, 

and aforementioned modulations of gamma band activity are present in relation to theta 

phase as well (Landau et al., 2015), moreover, in that particular study theta phase also 

had a direct effect on behavioral performance. Potentially, pulsed inhibition can thus 

phasically modulate neural representations beyond sensory processing during sustained 

attention, though perhaps relying on other modulatory brain regions. 

In Chapter 5, I demonstrated a tool for generating reproducible analysis pipelines. The 

tool is limited to the ecosystem of the FieldTrip toolbox; however, even if FieldTrip is only 

used for part of the analysis it can already help to improve reproducibility. Moreover, 

the reproducescript tool has to potential to be extended to custom written code and 

external toolboxes in MATLAB if they incorporate a few essential FieldTrip functions 

that track its provenance. The tool also sets an example for alternative platforms as to 

how reproducibility can be improved. While there are more tools and recommendations 

for improving reproducibility (Defaix et al., 2010; Gleeson et al., 2017; Gorgolewski 

and Poldrack, 2016; Gross et al., 2013; Knuth, 1992; LeVeque et al., 2012), adoption of 

these tools generally require a significant time investment. For example, version control 

systems (VCS) like Git require skill training and its usefulness depends on the consistency 

of the commits and the clarity of the commit messages (Ermolayev et al., 2014). Similarly, 

the benefits of literate programming (i.e. adding in-line documentation to the source 

code) depends on the quality of the code and documentation, which again is related to 

skill training and time investment. reproducescript can be used with little effort and no 

extra skill training. As researchers are more incentivized to share their data and analysis 

pipelines, and the tools to share it at high quality become more common and easier to 

use, reproducibility will improve. 
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Future directions

A number of questions arise from the findings presented in this thesis. Additionally, some 

observations lead to specific recommendations for future work.

The classification of neural oscillations into a functional taxonomy of frequency 

bands stems from pragmatic clinical considerations (Buzsáki, 2006). However, such 

clear-cut boundaries prove to be too restrictive when studying their cognitive-neural 

functions. For example, there can be large variability in peak frequency and bandwidth 

within frequency bands over subjects (Cecere et al., 2015; Hoogenboom et al., 2006; 

Muthukumaraswamy et al., 2010) and tasks (Haegens et al., 2014; Van Pelt and Fries, 

2013). Furthermore, the definition of specific frequency ranges in the literature is 

variable, and there is ambiguity in the (mechanistic) functions that are ascribed to the 

different frequency bands (Bonnefond and Jensen, 2015; Michalareas et al., 2016; Richter 

et al., 2017; van Kerkoerle et al., 2014) and vice versa (Lasztóczi and Klausberger, 2014; 

Roopun et al., 2006). These challenges also surface in this thesis. In Chapter 2, there 

was large variability in gamma peak frequency and bandwidth. In Chapter 3, there was 

functional overlap between alpha and beta frequencies, and a functional distinction 

between frequencies within the classical gamma band range. In Chapter 4, both theta 

and alpha frequencies were involved in the modulation of visual representations. 

Referring to the beta band or the gamma band might therefore misrepresent reality and 

funnel the discussion on oscillatory mechanisms into the wrong (simplistic) direction. 

In order to gain insights into the functions and mechanisms of neural oscillations, it is 

important to look beyond the borders of the taxonomy of frequency bands and try to 

relate the actual frequencies involved in particular cognitive tasks to experimental and 

structural parameters. It is likely that network geometry and cognitive time constants 

affect which frequencies are utilized by the brain (Buzsáki et al., 2004; Buzsáki and 

Draguhn, 2004; Tallon-Baudry, 2009; von Stein and Sarnthein, 2000). There is ample 

evidence that high frequency oscillations are limited by local network characteristics that 

break down at larger distances (for a review, see Buzsáki and Wang, 2012), and that low 

frequencies rely on larger (thalamo-cortical) networks (Bourgeois et al., 2020; Hughes et 

al., 2004; Jackson et al., 2002; Lopes da Silva et al., 1973; Saalmann et al., 2012). However, 

it is unclear how these network limitations affect the exact frequencies (i.e. within a 

frequency range) that are implicated in particular cognitive tasks or individuals. In order 

to investigate the relevance of exact frequencies, one can conceive of experiments that 

systematically change the cognitive time constant (i.e. temporal limits in doing a task) 

required for successful completion of a cognitive task. Or one can change the network 

geometry by systematically building up task complexity (e.g. involving more brain areas 

with higher task complexity; von Stein and Sarnthein, 2000). 
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However, building up task complexity comes with challenges. The more sophisticated 

experimental designs become, and the more complex the cognitive functions involved 

to solve them are, the increasingly subtle the effects likely are (Button et al., 2013). 

Moreover, these subtle effects arguably become more difficult to study with non-invasive 

recordings since they likely pertain to sophisticated changes in the patterns of action 

potentials, while only population activity can be recorded. The difficulty of studying more 

complex cognitive phenomena also became apparent in this thesis. In Chapter 2, we 

used an experimental design that specifically targeted local neural processing in early 

visual cortex. In Chapter 3, we studied a large neural network in a more complicated 

experimental paradigm that most likely also recruited higher cognitive functions (e.g. 

cognitive control). Even after the search space was reduced to a limited number of 

task-relevant brain areas, and frequencies were combined into a few frequency bands, 

the search space was still large for conventional statistical methods. Consequently, in 

conservatively controlling the false alarm rate we might have buried true effects in the 

noise. Moreover, methods often suffer from biases and interpretational pitfalls, especially 

methods that focus on phase relationships (Aru et al., 2015; Bastos and Schoffelen, 2016; 

Buzsáki and Schomburg, 2015; Cohen and Gulbinaite, 2017; Jensen et al., 2016; Jones, 

2016; Palva et al., 2018; van Diepen and Mazaheri, 2018; van Driel et al., 2019, 2015). 

Thus, studying larger neural networks and more subtle effects requires improvements in 

the quality of analysis methods to overcome biases and improve sensitivity. Considering 

current statistical power generally is already low (Button et al., 2013; Szucs and Ioannidis, 

2017), it also requires more refined experimental designs, more transparent methods and 

larger sample sizes (Button et al., 2013).

With the right set of analysis methods, we can start studying larger networks and 

interactions between neural correlates. For example, Chapter 2 showed that gamma 

power modulates subsequent neural responses and impact behavior. Yet, other research 

suggests that the phase of the gamma rhythm has similar modulatory effects (Ni et al., 

2016). Moreover, power and frequency are linked and can change rapidly from cycle 

to cycle (Atallah and Scanziani, 2009; Nelli et al., 2017). It is unclear how these rapid 

changes interact with trial-by-trial effects, let alone how they relate to cross-frequency 

interactions. In order to work towards a coherent and generalized understanding of 

neural processing, the relative contribution of various types of effects (e.g. rapid non-

stationarities, trial-to-trial variability, and cross-frequency interactions) on cognitive 

phenomena should be studied.

As mentioned before, highly complex phenomena go hand in hand with more subtle 

effects. Consequently, there is more freedom in theoretical and computational models 

to make sense of the data and come up with potential mechanisms behind cognitive 

phenomena. One example is the large body of research that links particular frequency 
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bands to specific cognitive functions, which does not paint a clear and unambiguous 

picture of their respective mechanistic functions. Another example is the overlap in 

neural representation of stimulus features and action in Chapter 3, which supposedly 

could account for the absence of the Gratton effect when accounting for trial repetition. 

While there might be merit in this model, the relationship with the results that we 

found was purely speculative. In order to select the hypotheses with the highest 

potential for general scientific progress, it is therefore increasingly important to validate 

(interpretations of) results by reproducibility and replicability efforts (Zwaan et al., 2017). 

In Chapter 5, I focused on the former by providing a tool to increase transparency of 

the methods and data, which can also be used to investigate the robustness of results 

to different analytic decisions or software (LeBel et al., 2018). Just as important is 

replication, which can be incentivized for example by adopting it as a standard part of a 

Ph.D. project (Kochari and Ostarek, 2018; Schönbrodt and Heene, 2015) or by allocating 

funding specifically for replication projects (NWO, 2016), and by generally increasing the 

reward for replication studies (Romero, 2017).

Concluding remarks

The brain can dynamically respond to an infinite possibility of inputs without changing 

its anatomical structure. Functional connectivity between brain areas is modulated by 

oscillatory synchrony, which can coordinate neural communication in order to make 

it effective where appropriate. In this thesis, I investigated how oscillatory activity 

affects subsequent processing and shapes behavior. I demonstrated that the strength 

of the gamma rhythm is proportional to the neuronal gain to relevant visual input, 

which increases behavioral efficiency. This supports the proposed function of the 

gamma rhythm to make neural communication more effective. I have also provided 

evidence that suggests neuronal gain to visual input might be modulated by the theta/

alpha phase of ongoing activity in the fronto-parietal network. This showed that visual 

representations are inflected by discrete attentional sampling. I have also showed that 

the neural correlates of the behavioral congruency sequence effect are different from the 

congruency effect, and that the former might be confounded. Lastly, I have demonstrated 

a tool that can easily reproduce analysis pipelines in order to encourage sharing of 

analysis scripts and the corresponding data. This can help to improve transparency 

and reproducibility of analysis pipelines, and thus represents a step towards increased 

robustness of science.
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Summary

Human behavior can be seen as a sequence of infinite possible steps. Each sensation 

triggers a thought or a movement, which in turn provokes further behaviors and 

mental states, and continues to do so. This sequence of events is terribly complex and 

ambiguous, as it is unclear where one sensation or action stops and the next one begins. 

At the center of it all is the brain, which has the extraordinary capacity to collect the 

massive amount of input from the outside world, interpret them, and give rise to the 

appropriate behavior. This has wondered the human race for ages, and the more we learn 

about it, the more wonderful it seems. This thesis examines a small but crucial part of 

this wonder: How is brain activity organized such that it can respond dynamically to an 

infinite set of inputs?

In Chapter 1 I introduce the subject based on the general anatomy and physiology of the 

brain. The brain consists of different parts, of which the cerebral cortex is evolutionarily 

the youngest. The cerebral cortex is responsible for many of the functions typical of 

everyday behavior, and is exceptionally well developed in humans. To this we owe our 

superior skills of language, planning, and complex perception. It is therefore unsurprising 

that most neuronal brain cells, or neurons, are located in the cerebral cortex. Neurons 

are connected to each other and communicate (among other things) by means of 

small electrical pulses. A pulse from a single neuron is sent to all neurons to which it 

is connected. Depending on the type of sending neuron, the pulse creates a positive or 

negative current in the receiving neuron. If the electrical balance rises above a certain 

threshold due to the sum of all incoming electrical currents, the neuron in turn sends a 

pulse to the next neurons.

Although the electrical activity of individual neurons is too small to measure outside the 

head, the combined activity of hundreds of thousands of neurons can be measured. This 

is done by applying electrodes to the scalp and is called electroencephalography (EEG). 

Since electric currents are accompanied by magnetic fields, changes in the magnetic field 

can also be measured outside the head. This is called magneto-encephalography (MEG) 

and does not require the sensors to touch the head, because measuring magnetic fields 

can be done from a small distance. This technique is central to this thesis.

In brain research an experiment is normally designed such that it optimally isolates a 

certain brain process. For example, if one is interested in how the brain processes 

visual information, brain activity is measured while a subject is looking at images. The 

complexity of the experimental design (e.g. the amount of information in one image) 

then depends on which part of the brain process can be studied. Because brain activity is 

so difficult to measure and contains a lot of noise, a single image is often displayed dozens 
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or even hundreds of times. By averaging the brain activity of all trials (= repetitions) 

afterwards, a “signature” of activity can be determined, specific to that image. Apart from 

this stimulus-related brain activity, another interesting phenomenon exists: so-called 

brain waves, or neural oscillations. Imagine giving the cast another round of applause 

at the end of a theater performance. At first everyone in the audience claps at their own 

rhythm, but gradually everyone starts clapping synchronously. No one in the theater 

leads this rhythm, but everyone joins in. Brain waves are created by a similar process: the 

electrical activity of neurons synchronizes spontaneously in a certain rhythm. 

Brain waves occur in different rhythms, where brain activity fluctuates between 1 and 100 

Hz (vibrations per second, see figure below). These rhythms are categorized according 

to their occurrence in specific brain processes, and are indicated by a Greek letter. For 

example, alpha oscillations (8-13 Hz) seem to have something to do with suppressing 

brain processes that are irrelevant at that moment. Namely, alpha activity is strongly 

present in visual brain areas when someone has closed their eyes; in this situation no 

visual information needs to be processed and visual processes can be inhibited to save 

energy.  

  

Why brain waves are so abundant and what their function is, is still relatively unknown. 

One of the most prominent ideas is that brain waves allow the brain to react dynamically. 

A brain process depends on the route a brain signal takes through the network of neurons, 

and this depends on the physical connections between neurons. To change a certain 

behavior, it would be very inefficient to have to update these physical connections each 

time. In theory, brain waves could cause brain areas to be more or less in sync with each 

other. The electrical balance of brain areas that need to communicate with each other 

then fluctuate synchronously in a certain rhythm. This increases the chance that neurons 

on the receiving side also transmit another pulse. It therefore increases the effective 

transmission of a brain signal. 

There is already quite some evidence for this theory. In particular, it seems that brain 

waves above 30 Hz mainly play a role in the transmission of sensory information to 

higher order brain regions. The lower frequencies play a stronger role in controlling 

and modulating these processes, for instance through feedback to lower areas in the 
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hierarchy. An example: if you are looking for your keys, high frequencies would play 

a role in passing on everything you see: your bag, glasses and wallet, while the lower 

frequencies pass on how the object you are searching looks. 

There are still many open questions about how brainwaves work. It is unclear what the 

role is of brainwaves of specific frequencies, how brainwaves of different frequencies 

interact, and which brain regions control this. The rest of this dissertation studies how 

brain waves influence local brain activity, and whether this has an effect on behavior. 

It focuses mainly on the visual and motor domain because they have a long history of 

research and can be manipulated and controlled quite well.

In Chapter 2, I investigate the functional role of high-frequency gamma oscillations (30-

100 Hz) on the neural processing of a new stimulus (e.g. an image). As mentioned earlier, 

these high-frequency brain waves are associated with the efficient processing of sensory 

input. We have shown that the strength of the neural "signature" of the presented image 

correlates with the strength of gamma oscillations in visual brain regions. This suggests 

that these brain regions communicate more effectively when their activity synchronizes 

at this high gamma frequency. Next, we showed that the stronger presence of the neural 

"signature" leads to a faster response to the image. These results provide insight into the 

importance and functioning of gamma oscillations in brain processes, and their influence 

on behavior.

In Chapter 3 I continue my research into the effects that brain waves have on brain 

activity, but in a more complex system. Here I investigate how brain waves of different 

frequencies interact in a brain network that encompasses a large part of the brain. For 

this I used an experimental task in which a conflict is provoked between the stimulus and 

the expected response. For example, when you quickly have to name the color in which 

the word "blue" is printed (i.e.: red), you are worse at this than when the color of the ink 

matches the word or when the ink color is neutral. We used a similar task, in which an 

arrow to the left or right is shown in either the left or right side of the computer screen. 

Although only the direction of the arrow commands a left or right hand response, there 

is a tendency to choose the side where the arrow is displayed (the left or right side of the 

computer screen). This again causes conflict. The interesting thing is that the presence 

or absence of conflict in one trial affects how well you perform in the next. For example, 

subjects perform better on a conflict-trial if the previous trial also contained a conflict. 

Based on this phenomenon we investigated whether the brain process in one trial might 

be transferred to the next trial. This could have a negative consequence if the next trial 

suddenly does not contain a conflict.
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In this study we investigated different measures that quantify how strong synchronization 

between neurons is, both within one brain region and between different brain regions. 

None of these measures appeared to be related to the transmission of conflict in 

subsequent trials. However, we found indications that the phenomenon of conflict 

transmission is not so much due to bias about the presence of conflict, but bias about the 

requested response (e.g., after a trial in which the left was the correct response, another 

response with left is expected in the next trial).

Chapter 4 remains in the realm of visual perception, but shifts the focus from the 

strength of brain waves to their phase. The phase of an oscillation indicates the 

timing of the wave with respect to, for example, the peak or the trough (see the figure 

above). For example, a new stimulus can enter the brain at the moment that the alpha 

oscillation is exactly halfway from the peak to the trough. A number of experiments in 

recent years have shown that specifically the phase of the theta (4-8 Hz) and alpha (8-

13 Hz) oscillations have a special influence on how a stimulus is processed. Although 

subjectively our visual perception appears to be continuous, these experiments suggest 

otherwise. Visual perception would be more similar to how a video camera records video, 

i.e. at a certain frame rate. This frame rate seems to be related to the phase of theta 

and alpha oscillations. In order to investigate whether the information the brain has 

about the environment fluctuates with the same rhythm, I have used algorithms that can 

distinguish between images based on brain activity. These algorithms learn to recognize 

the pattern of the neural "signature" that belongs to one image, and the signature that 

belongs to the other image. Based on the brain activity, it can then predict at any time 

which image the subject is looking at. I have investigated whether the accuracy of this 

prediction depends on the phase of theta and alpha oscillations. We found evidence that 

visual information in the brain does indeed fluctuate with these rhythms, and that this is 

probably controlled by brain areas that are important in dividing attention. This suggests 

that our perception depends on the amount of attention, which fluctuates with a rhythm 

of 4-13 Hz. From this experiment, however, it did not resolve the role of specific brain 

areas within the attention network, on which the exact fluctuation frequency depends, 

and what consequences this phenomenon has on behavior.

In Chapter 5 I focused on the development of tools for data analysis. The type of research 

described in this thesis involves complex, large-scale analyses. These analyses often 

include complex algorithms programmed in scripts by the researcher. In this way, long 

analysis pipelines are created, which are generally not very transparent and difficult to 

reproduce. This is because the quality, readability and applicability of the scripts strongly 

depends on the individual coding style and expertise. We have developed a functionality 

as part of a widely used analysis package that can be used to create a fully reproducible 

analysis pipeline based on the code of the individual user with minimal effort. With this 
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tool, the researcher can easily transform her own analysis scripts, that are of varying 

quality, into a reproducible analysis chain. The aim of this functionality is to improve the 

reproducibility and transparency of analyses and thus increase the robustness of science. 

This chapter shows both the operation of this program and its application to a complete 

analysis pipeline written by someone else. Since we could successfully reproduce this 

pipeline, it is an encouragement to fellow researchers to use our tool and to publicly 

share the details of their analysis pipeline.

Chapter 6 concludes with a summary of the results of the thesis and contains a general 

discussion of its implications, together with suggestions for further research. In particular, 

I address the question to what extent the results in this dissertation can be generalized to 

general principles about how the brain works. Although the results are based on specific 

experiments in a lab setting, predictions can be made about the generalization of the 

results using parallels in the available literature. For example, in Chapter 2 I showed 

that the neural "signature" of new visual input is stronger when the activity in visual 

brain areas synchronizes in the gamma frequency, and therefore the response to this 

stimulus is faster. The presence of gamma oscillations in chapters 3 and 4 also point 

in the direction of a facilitating role, and similar correlations between the strength of 

gamma oscillations and behavior exist in other modalities (touch, hearing) and species 

(monkeys, cats). It is therefore plausible that the mechanism behind the facilitating 

effect of gamma oscillations (through the amplification of the neural "signature") and its 

function in neural processing are similar too.  

In the lower frequencies the different results fit in a coherent picture as well. The decrease 

of alpha oscillations during active processing of new input, as seen in chapters 2 and 3, 

corresponds to the predicted suppressive role of this signal. Possibly, this suppression 

is not continuous but rhythmic, just like the visual perception in Chapter 4. During the 

phase of the alpha oscillation where the suppression is minimal, the new input could be 

processed and depend on the presence of gamma oscillations. 

I finish with my vision on this field of research, and I make recommendations for future 

research. I emphasize that neuroscience is becoming increasingly complex, partly 

because we continue to study previous simplifications. For example: the division of 

brain waves into different categories on the basis of frequency (with corresponding 

Greek letters) according to their occurrence at different phenomena does not explain 

the existence of these categories, or the variability within them. In order to be able 

to investigate questions about increasingly subtle phenomena, new, robust analysis 

techniques will have to be developed. And in order to monitor the validity of the research, 

transparency and reproducibility will have to be improved, which Chapter 5 has already 

attempted to help with.
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Nederlandse samenvatting

Menselijk gedrag kan worden gezien als een opeenvolging van een overvloed aan 

mogelijke stappen. Elke sensatie zet een gedachte of een beweging in gang, die op 

haar beurt weer verdere gedragingen en mentale staten uitlokt. Deze opeenvolging van 

gebeurtenissen is vreselijk complex en dubbelzinnig, omdat het onduidelijk is waar de 

ene sensatie of actie stopt en de volgende begint. De bron van dit alles is het brein, dat het 

buitengewone vermogen heeft om de enorme hoeveelheid input van de buitenwereld 

te verzamelen, te interpreteren, en het gepaste gedrag tot uiting te brengen. Hierover 

heeft de mensheid zich al eeuwenlang verwonderd, en hoe meer we erover leren, hoe 

wonderbaarlijker het lijkt. Dit proefschrift onderzoekt een klein maar cruciaal onderdeel 

van dit wonder: Hoe is de hersenactiviteit zo georganiseerd, dat het dynamisch kan 

reageren op een onvoorstelbare hoeveelheid mogelijke inputs?

In Hoofdstuk 1 introduceer ik het onderwerp aan de hand van de algemene anatomie 

en fysiologie van de hersenen. De hersenen bestaan uit verschillende delen, waarvan 

de hersenschors evolutionair gezien het jongst is. De hersenschors is verantwoordelijk 

voor veel van de functies die typisch zijn voor het dagelijks gedrag, en is uitzonderlijk 

goed ontwikkeld bij mensen. Hieraan hebben wij onze superieure vaardigheden als 

taal, planning, en complexe perceptie te danken. De meeste neuronale hersencellen, 

ofwel neuronen, bevinden zich dan ook in de hersenschors. Neuronen staan met elkaar 

in verbinding en communiceren (onder andere) aan de hand van kleine elektrische 

pulsen. Een puls van één enkel neuron wordt verstuurd naar alle neuronen waarmee 

het verbonden is. Afhankelijk van het soort neuron dat de puls verstuurd, zorgt de puls 

voor een positieve ofwel negatieve stroom in het ontvangende neuron. Als de elektrische 

balans boven een bepaalde drempel komt door de som van alle inkomende elektrische 

stromen, geeft het neuron op haar beurt een impuls af naar de volgende neuronen.

Hoewel de elektrische activiteit van individuele neuronen te klein is om buiten het hoofd 

te meten, kan de gecombineerde activiteit van honderdduizenden neuronen wel worden 

gemeten. Dit wordt gedaan door elektrodes op de hoofdhuid te plakken en heet elektro-

encefalografie (EEG). Aangezien elektrische stromen gepaard gaan met magnetische 

velden, kunnen ook veranderingen in het magnetisch veld gemeten worden buiten het 

hoofd. Dit heet magneto-encefalografie (MEG) en hierbij hoeven de sensoren niet op het 

hoofd geplakt te worden, omdat het meten van magnetische velden kan zonder direct 

contact. Deze techniek staat centraal in dit proefschrift.

In hersenonderzoek wordt normaliter een experiment bedacht dat zo goed mogelijk 

een bepaald hersenproces isoleert. Als men bijvoorbeeld geïnteresseerd is in hoe de 

hersenen visuele informatie verwerken, wordt de hersenactiviteit gemeten terwijl een 
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proefpersoon naar afbeeldingen kijkt. De complexiteit van het experimenteel ontwerp 

(bijvoorbeeld de hoeveelheid informatie in één afbeelding) hangt dan samen met welk 

onderdeel van het hersenproces in kaart gebracht kan worden. Omdat de hersenactiviteit 

zo moeilijk meetbaar is en veel ruis bevat, wordt één enkele afbeelding vaak tientallen 

of wel honderden keren vertoond. Door achteraf de hersenactiviteit van alle trials (= 

herhalingen) te middelen, kan een soort handtekening van activiteit bepaald worden, 

specifiek voor die afbeelding. Buiten deze stimulus-gerelateerde hersenactiviteit bestaat 

er nog een ander interessant fenomeen: de zogenaamde hersengolven, ofwel neurale 

oscillaties. Beeld je in dat je aan het eind van een theatervoorstelling de cast nog éénmaal 

een applaus geeft. In eerste instantie klapt iedereen in de zaal in haar eigen ritme, maar 

langzamerhand gaat iedereen synchroon klappen. Niemand in de zaal leidt dit ritme, 

maar iedereen doet eraan mee. Hersengolven ontstaan door een vergelijkbaar proces: de 

elektrische activiteit van neuronen synchroniseert spontaan in een bepaald ritme. 

Hersengolven komen voor in verschillende ritmes, waarbij de hersenactiviteit fluctueert 

tussen de 1 en 100 Hz (trillingen per seconde, zie onderstaand figuur). Deze ritmes zijn 

gecategoriseerd op basis van hun voorkomen bij specifieke hersenprocessen, en worden 

aangeduid met een Griekse letter. Zo lijken alfa oscillaties (8-13 Hz) iets te maken te 

hebben met het onderdrukken van hersenprocessen die op dat moment irrelevant zijn. 

Alfa-activiteit is bijvoorbeeld sterk aanwezig in visuele hersengebieden als iemand de 

ogen gesloten heeft; er hoeft dan geen visuele informatie verwerkt te worden en visuele 

processen kunnen geremd worden om energie te besparen. 

 

Waarom hersengolven zo veel voorkomen en wat hun functie is, is nog relatief onbekend. 

Een van de meest vooraanstaande ideeën is dat hersengolven ervoor zorgen dat de 

hersenen dynamisch kunnen reageren. Een hersenproces is afhankelijk van de route 

die een hersensignaal neemt door het netwerk van neuronen, en dit is afhankelijk van 

de fysieke connecties tussen neuronen. Om een bepaald gedrag te veranderen zou het 

erg inefficiënt zijn om telkens deze fysieke connecties bij te moeten werken. In theorie 

zouden hersengolven ervoor kunnen zorgen dat hersengebieden meer of minder op 

elkaar zijn afgestemd. De elektrische balans van hersengebieden die met elkaar moeten 

communiceren fluctueren dan synchroon met elkaar in een bepaald ritme. Dit vergroot 

de kans dat neuronen aan de ontvangende kant zelf ook weer een puls doorgeven. Het 

vergroot dus de effectieve overdracht van een hersensignaal. 

één trilling
0.1 seconde

10 Hz

fase

sterkte



Nederlandse samenvatting 179

Er is inmiddels al het een aan ander aan bewijs voor deze theorie. Het lijkt er met name 

op dat hersengolven boven de 30 Hz voornamelijk een rol spelen in het doorgeven van 

zintuiglijke informatie naar hogere orde hersengebieden. De lagere frequenties spelen 

een sterkere rol in het controleren en moduleren van deze processen, bijvoorbeeld door 

terugkoppelingen naar lagere gebieden in de hiërarchie. Een voorbeeld: als je op zoek 

bent naar je sleutels, zouden hoge frequenties een rol spelen in het doorgeven van alles 

wat je ziet: je tas, bril en portemonnee, terwijl de lagere frequenties doorgeven hoe 

datgene waar je naar zoekt er uit ziet. 

Er zijn nog veel open vragen over de werking van hersengolven. Het is onduidelijk wat de 

rol is van hersengolven met specifieke frequenties, hoe hersengolven van verschillende 

frequenties interacties aangaan, en welke hersengebieden dit controleren. De rest van 

dit proefschrift onderzoekt hoe hersengolven de lokale hersenactiviteit beïnvloeden, 

en of dit een effect heeft op het gedrag. Het richt zich voornamelijk op het visuele en 

het motorische domein omdat deze een lange geschiedenis hebben als onderwerp van 

onderzoek en vrij goed gemanipuleerd en gecontroleerd kunnen worden. 

In Hoofdstuk 2 onderzoek ik de functionele rol van hoogfrequente gamma oscillaties 

(30-100 Hz) op de neurale verwerking van een nieuwe stimulus (bijvoorbeeld een 

afbeelding). Zoals eerder al genoemd, worden deze hoogfrequente hersengolven 

in verband gebracht met de efficiënte verwerking van zintuiglijke input. Wij hebben 

aangetoond dat de sterkte van de neurale “handtekening” van een getoonde afbeelding 

correleert met de sterkte van gamma oscillaties in visuele hersengebieden. Dit 

suggereert dat deze hersengebieden beter met elkaar communiceren wanneer hun 

activiteit synchroniseert in deze hoge gamma frequentie. Vervolgens hebben we laten 

zien dat de sterkere aanwezigheid van de neurale “handtekening” leidt tot een snellere 

reactie op de afbeelding. Deze resultaten geven inzicht in het belang en de werking van 

gamma oscillaties in hersenprocessen, en de invloed daarvan op gedrag.

In Hoofdstuk 3 vervolg ik mijn onderzoek naar de invloed van hersengolven op de 

hersenactiviteit, maar dan in een complexer systeem. Hier probeer ik in kaart te brengen 

hoe hersengolven van verschillende frequenties interacteren in een hersennetwerk 

dat een groot gedeelte van het brein omvat. Hiervoor heb ik gebruik gemaakt van een 

experimentele taak waarin een conflict wordt uitgelokt tussen de stimulus en de respons 

die daarbij verwacht wordt. Bijvoorbeeld, als je zo snel mogelijk de kleur moet noemen 

waarin het woord “blauw” gedrukt is (dus: rood), ben je hier slechter in dan wanneer 

de kleur inkt overeenkomt met het woord of wanneer deze neutraal is. Wij hebben 

gebruik gemaakt van een soortgelijke taak, waarin een pijl naar links of rechts in ofwel 

de linker- of rechterkant van het computerscherm getoond wordt. Hoewel alleen de 

richting van de pijl opdracht geeft tot een response met de linker- of rechterhand, is er 
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een neiging om de kant te kiezen waar de pijl getoond wordt (de linker- of rechterkant 

van het computerscherm). Dit zorgt wederom voor conflict. Het interessante is dat de 

aan- of afwezigheid van conflict in de ene trial beïnvloedt hoe goed je presteert in de 

volgende trial. Proefpersonen presteren bijvoorbeeld beter op een conflict-trial als de 

voorafgaande trial ook een conflict bevatte. Aan de hand van dit fenomeen hebben 

wij onderzocht of het hersenproces in de ene trial wellicht wordt overgedragen op de 

volgende trial. Dit zou de boel in de war kunnen schoppen als de volgende trial dan 

ineens geen conflict bevat.

In deze studie zijn verschillende maten onderzocht die kwantificeren hoe sterk 

de synchronisatie tussen neuronen is, zowel binnen één hersengebied als tussen 

verschillende hersengebieden. Geen enkele van deze maten bleek in verband te staan met 

de overdracht van conflict op volgende trials. We hebben echter aanwijzingen gevonden 

dat het fenomeen van conflictoverdracht niet zo zeer komt door vooringenomenheid 

over de aanwezigheid van conflict, maar in plaats daarvan vooringenomenheid over de 

gevraagde respons (bijvoorbeeld: na een trial waarbij links de juiste respons was, wordt 

op de volgende trial wederom een respons met links verwacht).

Hoofdstuk 4 blijft in het domein van de visuele perceptie, maar verschuift de focus van 

de sterkte van hersengolven naar de fase ervan. De fase van een oscillatie geeft de timing 

van de golf aan ten opzichte van bijvoorbeeld de piek of het dal (zie het voorgaande figuur). 

Een nieuwe stimulus kan bijvoorbeeld de hersenen binnenkomen op het moment dat de 

alfa oscillatie precies halverwege van de piek naar het dal is. Een aantal experimenten in 

de afgelopen jaren hebben laten zien dat specifiek de fase van de thèta (4-8 Hz) en alfa 

(8-13 Hz) oscillaties een bijzondere invloed hebben op hoe de stimulus verwerkt wordt. 

Hoewel het subjectief gezien lijkt alsof onze visuele waarneming continu is, suggereren 

deze experimenten iets anders. Visuele waarneming zou meer overeenkomen met hoe 

een videocamera video’s opneemt, namelijk met een bepaalde ‘frame rate’. Deze frame 

rate lijkt samen te hangen met de fase van thèta en alfa oscillaties. Om te onderzoeken of 

de informatie die het brein heeft over de omgeving fluctueert met eenzelfde ritme, heb 

ik gebruik gemaakt van algoritmes die onderscheid kunnen maken tussen afbeeldingen 

op basis van de hersenactiviteit. Deze algoritmes leren het patroon te herkennen van de 

neurale “handtekening” die bij de ene afbeelding hoort, en de handtekening die bij de 

andere afbeelding hoort. Op basis van de hersenactiviteit kan het vervolgens op ieder 

moment voorspellen naar welke afbeelding de proefpersoon kijkt. Ik heb onderzocht of 

de accuraatheid van deze voorspelling afhangt van de fase van thèta en alfa oscillaties. 

We hebben bewijs gevonden dat visuele informatie in het brein inderdaad fluctueert 

met deze ritmes, en dat dit waarschijnlijk gecontroleerd wordt door hersengebieden die 

belangrijk zijn in het verdelen van aandacht. Dit suggereert dat onze perceptie afhangt 

van de mate van aandacht, die fluctueert met een ritme van 4-13 Hz. Uit dit experiment is 
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echter nog niet duidelijk geworden wat de rol van specifieke hersengebieden binnen het 

aandachts-netwerk precies is, waarvan de precieze fluctuatie frequentie van afhangt, en 

wat voor consequenties dit fenomeen heeft op het gedrag.

In Hoofdstuk 5 heb ik me gericht op de ontwikkeling van instrumenten voor data-analyse. 

Het soort onderzoek dat in dit proefschrift beschreven staat omvat complexe, grootschalige 

analyses. Deze analyses omvatten vaak complexe algoritmes die door de onderzoeker 

worden geprogrammeerd in scripts. Op deze manier worden lange analyse-ketens 

gemaakt, welke over het algemeen weinig transparant en moeilijk te reproduceren zijn. 

Dit komt doordat de kwaliteit, leesbaarheid en toepasbaarheid van de scripts sterk afhangt 

van de individuele codeerstijl en expertise. We hebben een functionaliteit ontwikkeld als 

onderdeel van een veelgebruikt analysepakket dat gebruikt kan worden om met minimale 

inspanning een volledig reproduceerbare analyse-keten te maken op basis van de code 

van de individuele gebruikers. De onderzoeker kan met dit programma haar eigen analyse 

scripts van wisselende kwaliteit makkelijk omtoveren tot een reproduceerbare analyse-

keten. Deze functionaliteit heeft als doel de reproduceerbaarheid en transparantie van 

analyses te verbeteren en zo de robuustheid van de wetenschap te vergroten. Dit hoofdstuk 

laat zowel de werking van dit programma zien, als de toepassing op een complete analyse-

keten die door iemand anders geschreven was. Het succes hiervan is een aanmoediging 

naar collega-onderzoekers om ons instrument in gebruik te nemen en de details van hun 

analyse-ketens op deze manier openbaar te maken.

Hoofdstuk 6 sluit af met een samenvatting van de resultaten van het proefschrift en 

bevat een algemene discussie over de implicaties en suggesties voor verder onderzoek. 

Met name ga ik in op de vraag in hoeverre de resultaten in dit proefschrift gegeneraliseerd 

kunnen worden naar algemene principes over hoe het brein werkt. Hoewel de resultaten 

gebaseerd zijn op specifieke experimenten in een lab-setting, kunnen voorspellingen 

gemaakt worden over de generalisatie van de resultaten aan de hand van parallellen 

in de beschikbare literatuur. Zo liet ik in Hoofdstuk 2 bijvoorbeeld zien dat de neurale 

“handtekening” van nieuwe visuele input sterker is als de activiteit in visuele 

hersengebieden synchroniseert in de gamma frequentie, en dat de reactie op deze 

stimulus daardoor sneller is. De aanwezigheid van gamma oscillaties in hoofdstukken 

3 en 4 wijzen ook in de richting van een faciliterende rol, en vergelijkbare correlaties 

tussen de sterkte van gamma oscillaties en gedrag bestaan in andere modaliteiten (tast, 

gehoor) en diersoorten (apen, katten). Het is dus aannemelijk dat de functie en het 

mechanisme achter de faciliterende werking van gamma oscillaties (door de versterking 

van de neurale “handtekening”) ook overeenkomen.  

Ook in de lagere frequenties passen de verschillende resultaten in een coherent plaatje. 

De afname van alfa oscillaties bij actieve verwerking van nieuwe input, zoals gezien 
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in hoofdstukken 2 en 3, komt overeen met de voorspelde onderdrukkende rol hiervan. 

Mogelijk is deze onderdrukking niet continu maar ritmisch, net als de visuele perceptie 

in Hoofdstuk 4. Tijdens de fase van de alfa oscillatie waar de onderdrukking minimaal is, 

zou de nieuwe input wel verwerkt kunnen worden en afhangen van de aanwezigheid van 

gamma oscillaties. 

Ik eindig met mijn visie op het onderzoeksveld, waarin ik aanbevelingen maak voor 

toekomstige onderzoeken. Ik benadruk dat de studie van de hersenen alsmaar 

complexer wordt, mede doordat we eerdere simplificaties verder bestuderen. 

Bijvoorbeeld: de opdeling van hersengolven in verschillende categorieën op basis van 

frequentie (met bijbehorende Griekse letters) aan de hand van hun voorkomen bij 

verschillende fenomenen geeft geen verklaring voor het bestaan van deze categorieën, 

of de variabiliteit hierbinnen. Om vraagstukken over alsmaar subtielere fenomenen te 

kunnen onderzoeken zullen nieuwe, robuuste analysetechnieken ontwikkeld dienen 

te worden. En om de validiteit van het onderzoek te bewaken, zal de transparantie en 

reproduceerbaarheid moeten verbeteren, waartoe Hoofdstuk 5 al een poging heeft 

gedaan. 
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biology, physics, psycholinguistics, psychology, behavioral science, medicine and related 

disciplines. Selective admission and assessment centers guarantee the enrolment of the 

best and most motivated students.

The DGCN tracks the career of PhD graduates carefully. More than 50% of PhD alumni 

show a continuation in academia with postdoc positions at top institutes worldwide, 

e.g. Stanford University, University of Oxford, University of Cambridge, UCL London, 

MPI Leipzig, Hanyang University in South Korea, NTNU Norway, University of Illinois, 

North Western University, Northeastern University in Boston, ETH Zürich, University of 

Vienna etc. Positions outside academia spread among the following sectors: specialists 

in a medical environment, mainly in genetics, geriatrics, psychiatry and neurology. 

Specialists in a psychological environment, e.g. as specialist in neuropsychology, 

psychological diagnostics or therapy. Positions in higher education as coordinators or 

lecturers. A smaller percentage enters business as research consultants, analysts or head 

of research and development. Fewer graduates stay in a research environment as lab 

coordinators, technical support or policy advisors. Upcoming possibilities are positions in 

the IT sector and management position in pharmaceutical industry. In general, the PhDs 

graduates almost invariably continue with high-quality positions that play an important 

role in our knowledge economy.

For more information on the DGCN as well as past and upcoming defenses please visit:

http://www.ru.nl/donders/graduate-school/phd/
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