
Saskia Kathi Nagel 
 
 

Coherence of human EEG Signals during crossmodal 
integration of natural stimuli 

 

 
 

 
 
 

PICS 
 
Publications of the Institute of Cognitive Science 

 
Volume 09-2006 

 
 
 



 
 
 
 
 
 
 
 
 
 
 
 
 
ISSN:    1610-5389 
 
Series title:   PICS 
    Publications of the Institute of Cognitive Science 
 
Volume:    09-2006 
 
Place of publication:  Osnabrück, Germany 
 
Date:    April 2006 
 
Editors:    Kai-Uwe Kühnberger 
    Peter König 
    Petra Ludewig 
 
Cover design:   Thorsten Hinrichs 
 
 
 
 
 
 
 
 
 
 
 

     
© Institute of Cognitive Science 



1

Contents

Abstract ______________________________________________________________________3
Introduction __________________________________________________________________4

Which stimuli? _____________________________________________________________________ 7

Which methodological approach? ______________________________________________________ 8

Which analytical tools? ______________________________________________________________ 9

Hypotheses_______________________________________________________________________ 10

Methods_____________________________________________________________________12
Participants______________________________________________________________________ 12

Stimuli__________________________________________________________________________ 12

Experimental Paradigm____________________________________________________________ 16

Data Acquisition__________________________________________________________________ 17

Experimental Set-up ______________________________________________________________ 18

Preprocessing ____________________________________________________________________ 19
Independent Component Analysis___________________________________________________________ 20

Frequency Analysis _______________________________________________________________ 23

Power Spectral Density Analysis_____________________________________________________ 24

Coherence _______________________________________________________________________ 25
Excursus: Visualization of coherences _______________________________________________________ 27

Results______________________________________________________________________29
Independent Component Analysis ___________________________________________________ 30

Frequency Analysis _______________________________________________________________ 34

Power Analysis ___________________________________________________________________ 35

Coherence Analysis _______________________________________________________________ 39

Discussion___________________________________________________________________48
Evaluation and Discussion of the Present Set-Up _______________________________________ 49

Definition of Frequency Ranges _____________________________________________________ 51

Spatial Scale _____________________________________________________________________ 51

Timescale _______________________________________________________________________ 52

Extension to Cross-frequency Analysis________________________________________________ 53

Alternatives to Coherence Measurements _____________________________________________ 54

Adequacy of ICA in Coherence Analysis ______________________________________________ 56

Extension to Analysis of the Source Space _____________________________________________ 58

Proposal for a Future Experimental Design - Cross-Modal Integration in Perception of
Camouflage Pictures __________________________________________________________60



2

Acknowledgements ____________________________________________________________63
References___________________________________________________________________64
Appendix ____________________________________________________________________72

Channel Layout __________________________________________________________________ 72

Form to Obtain Informed Consent ___________________________________________________ 73

Files in Presentation_______________________________________________________________ 74

m-files – Some Exemplary Functions in Matlab Used in Data Analysis______________________ 79

Installation of an EEG-laboratory at the Department of Neurobiopsychology ________________ 84

Procedure in an EEG Experiment ___________________________________________________ 88



3

Abstract

Information about our environment is provided by different sensory modalities and must be
integrated continuously and rapidly to obtain a unified representation of an object or an event. As
a means for this integration, communication between different cortical areas has been proposed.
This communication is realized by the synchronous oscillatory activity of neuronal assemblies,
i.e. by temporal coding. By now, synchronization has been shown mainly within unimodal areas,
and usually artifical stimuli are employed. Recently, studies were also able to demonstrate
synchronization between distant cortical areas in animals and humans. We investigate how
natural stimuli in multimodal perception are processed.

In the present study, we employ bimodal visual-auditory stimuli of natural scenes with
animals. Stimuli were presented lateralized: Animals on pictures were presented to the right or
left hemifield, sounds were provided via earphones to the right or left ear. Experimental
conditions comprised congruent bimodal stimuli and incongruent bimodal stimuli. Subjects had
to indicate by button-press whether the animal was on the right or left side of the natural scene, or
whether there was no animal present in the visual scene. Neuronal activity was measured with
electroencephalography to allow high temporal resolution to reveal synchronization effects.

To investigate the communication between areas, analysis focused on differences in
coherence for the different experimental conditions within different frequency bands. Before,
Independent Component Analysis (ICA) was performed for artifact rejection, and power spectral
density was investigated. The power analysis did not reveal condition-related effects, except a
stimulus-induced decrease in power for the lower frequency bands and an increase in power for
the gamma frequency band. The inspection of selected pairs of electrodes revealed that activity
varied tremendously with time across a trial. Coherence was observed as intermittent between
pairs of electrodes, and it showed high variability seemingly unrelated to behavior. There was no
evidence for a sustained commonality of synchronization following stimulus presentation. Thus,
the present visual-auditory integration task cannot provide evidence for enhancement of interarea
oscillations in congruent stimulus conditions.

However, the results do not allow for far-reaching inferences concerning processing of
cross-modal natural stimuli: There are drawbacks in the experimental design of this pilot study,
which was designed to fathom ground for further studies in the field. I discuss methodological
considerations like different measurements for coherence, the method of ICA, and extensions in
the analysis to cross-frequency analysis and source localization measurements. Thereupon, the
discussion and evaluation of the results include a proposal for a future research project aiming at
the same underlying question on the role of oscillatory synchronous activity in multimodal
processing with a modified set-up.
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Introduction

Being at the coastline means enjoying a multitude of impressions like hearing the rushing of the

waves, seeing the play of colors of water and sky, smelling the salty air, and feeling the wind. All

these impressions come together and are processed as one complex, unified event.

To receive the amazing unity of perception we experience at each point in time, a

synthesis of information from numerous neural assemblies, functionally specific and

anatomically distinct, must take place. This includes of course the integration of several stimulus

features belonging to different sensory modalities. The underlying mechanisms are still not well

understood. Research predominantly focused on neuronal response properties and not so much on

how neurons communicate. However, the communication of neuronal assemblies, which is

mediated by the functional mechanism of binding, is crucial for numerous behavioral states.

If two processes occur in very different places in the brain, how do they get bound to a

single event? And how can the coupling of neuronal assemblies give rise to complex cognitive

functioning? One possibility would be that there is another area responsible for synthesis, a kind

of ‘binding area’ receiving input from all other areas and leading to the unified perception.

Theories proposing the creation of “cardinal” cells or areas representing combinations of signals

are not plausible considering combinatorics. Another, physiologically more plausible, possibility

is that the firing patterns of the neuronal assemblies work in such a sophisticated way that one

can find the neural coding underlying perception within the temporal dynamics. As a pioneer,

von der Malsburg (1981, 1999) proposed an account on dynamical control allowing high

flexibility in neuronal networks. Subsequently, other authors (Engel et al., 1991, Gray, 1999,

Singer, 1999) extended his initial idea of temporal correlation to theories proposing that

synchronous activity represents the process of feature binding.

More than 50 years ago, Hebb (1949) introduced cell assemblies as basic building blocks

for integration. He suggested the formation of assemblies of cells whose synaptic relations are

always then strengthened when the cells are activated synchronously. This enables

communication between distinct functional brain areas. More recently, there is empirical

evidence for the strengthening of connections following repeated synchronous oscillations

(Ahissar et al., 1992), and for the functional significance of this synaptic strengthening (Singer &

Gray, 1995). Following this paradigm, it has been suggested that interarea oscillations reflect a
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particular performance – such as face perception (Rodriguez et al., 1999), and associative

learning (Miltner et al., 1999).

A general finding is that cortical neurons can operate in different ways to be sensitive to

the presence of correlations in their inputs. The difference crucially depends on timing, in this

case on the particular duration of the interval over which they sum up incoming synaptic

potentials. If the interval is about as long as the mean interspike interval or longer, neurons act as

temporal integrators, summing up and averaging many inputs to generate an action potential. If

the integration interval is shorter than the interspike interval, neurons can act as coincidence

detectors, being sensitive to the arrival of spikes from two or more inputs within a short time

window. These neurons relay synchronized input. König et al. (1996) argue that coincidence

detection, rather than temporal integration, is the prevalent operation mode of cortical neurons.

Shadlen and Movshon (1999) doubt exactly this idea and the empirical evidence for it. However,

I assume that their proposal (including higher level analyses of features and identity processing in

parietal areas) can in fact be integrated into a framework which proposes that it is the temporal

code based on synchrony which allows for binding.

Coincidence detection allows neurons to be especially sensitive to temporal input patterns.

Clusters of synapses that interact with each other can amplify the response to simultaneous

activation. Such interactions can be boosted by voltage-dependent channels. Integration depends

crucially on the balance between the strength of inhibitory and excitatory inputs. Input

fluctuations have strong effects on balanced neurons, creating rich dynamics in networks of such

neurons. Further, cortical synchronous activity can be generated intrinsically and regulated by

neuromodulators that can cause switching between oscillatory frequencies. Such changes in

correlated activity might reflect changes in the functional connectivity of a circuit.

It is one question how the response of a neuron depends on its excitatory and inhibitory inputs; it

is another - though related – question how temporally correlated neuronal activity governs

behavior. It is thus interesting in how far a temporal coding scheme might reflect depending

coding, and in how far a rate-coding scheme might reflect independent coding of assemblies.

There is an ongoing dispute on the prevailing mode of information coding in the brain:

The question debated is whether the neuronal coding is realized by synchronization and

desynchronization of cell assemblies, or by localized changes of mean spike firing rates (Shadlen

& Movshon, 1999). The present study aims at finding evidence for the first approach. Measuring

coherences in EEG allows the analysis of coding of frequencies. A differentiation of changes in
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coherence and local spectral power changes in relation to the task should help to argue for the

role of interarea synchrony. That is, it is sought-after whether synchronous activity, assessed by

measurement of coherence, can be shown to have functional relevance. The question of concern

is whether synchrony of EEG in different regions can give evidence on how states of

interdependency change over time, and how these states are linked to behavior.

Neurons, which have different selectivity but fire synchronously, might refer to the same

object and bind its features to one unified perception. Based on numerous pioneering studies in

cat visual cortex (Gray & Singer 1989, Singer et al. 1990, Singer et al. 1997, Gray, 1999; for a

review see Engel et al., 1991 and Engel et al., 2001) supporting a temporal binding mechanism,

there is now wide consent that it is this mechanism of synchronization, which is of great

importance for sensory integration. Nevertheless, for a review of critical voices on the hypothesis

of temporal binding, see Shadlen and Movshon (1999). Integration takes place in distributed

assemblies whose relations can best be tagged by oscillatory synchrony. Temporal correlation is

assumed to be a mechanism for binding leading to a global integration. It is oscillatory synchrony

that establishes dynamic links between areas. This large-scale integration, i.e. integration over

more than 1 cm, has a fairly well understood anatomical basis: Different areas of the cerebral

cortex are highly interconnected by mainly bi-directional pathways (Fellemann & vanEssen,

1991). Axonal pathways may also be related subcortically. Cortical areas thus have the potential

to rearrange quickly in relation to each other even across hemispheres. Consequently,

synchronization of distant brain areas is able to provide the basis for an integration of different

stimulus features, which are processed in distinct areas.

One neuronal assembly can influence another neuronal group by modulation of firing rate

or by internal synchronization. It has been hypothesized that this temporal precise oscillatory

synchronization might be a mechanism to regulate the overall flow of information in the brain

(Salinas & Sejnowski, 2001). Bressler and Kelso (2001) propose a general approach based on

coordination dynamics to study how interactions of distinct cortical areas can give rise to

complex real-time cognitive functioning. Informed by information theoretical concepts, it is

supposed that the coordination of cortical areas is organized by metastable dynamics allowing

coherent functioning and fluid changes. Their proposal is well supported by experimental data

and can be applied to interarea processes, in which I am interested within the present study.

Extending the investigation of synchonization processes to information-theoretical approaches

thus is of interest in further research (VanRullen and Thorpe, 2001, Tononi et al. 1998).
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How to investigate best the complex interaction of neuronal assemblies during the processing

of information we encounter in daily life? To do so, one has to consider the stimulus properties,

the methodological approach on how to access data about the ongoing processing, and finally the

analytical tools on how to study the data.

Which stimuli?

Previous studies using cross-modal stimuli from the auditory and the visual domain most often

used artificial stimuli in at least one modality. It is common to most experiments to take artificial

shapes (bars, dots, Light Emitting Diodes etc.) as visual stimuli. McDonald et al. (2000) use

Light Emitting Diodes as visual stimuli and pink noise as sounds in a spatial cueing experiment.

However, it is questionable whether it is cross-modal integration taking place in such a set-up or

rather orienting effects towards the highly salient features. Generally speaking, the argument for

using artificial stimuli is that it allows for controlling various features of the stimuli, as they are

mathematically well defined. However, artificial stimuli are in contrast with the natural situations

encountered by our brains in everyday life. Natural stimuli – on the other hand - are highly

complex, and processing of these can possibly not be derived from the processing of bars and

gratings. The aim of the present study is to investigate cross-modal integration as it takes place in

everyday life, rather than establishing laboratory conditions already in the stimuli.

Just as it makes sense to take natural scenes instead of artificial stimuli, it is reasonable to

study the integration of several sensory systems instead of employing an isolated unimodal set-

up. In the perception of real-world objects, one must integrate several stimulus features belonging

to different sensory modalities. As we continuously receive multimodal stimulation of our senses

instead of being confronted with isolated input in a single modality, research should also focus on

the processing of complex sensory input.

In consequence, the design of the stimuli used in the present study is inspired by a number

of studies, leading to natural scene images including embedded animals and the corresponding

sounds: First, the basic stimuli of natural scenes are provided by Einhäuser and König (2003) and

studied extensively in Kayser et al. (2003). Second, Sheinberg and Logothetis (2001) investigated

visual neurons in monkeys in the course of exploring complex scenes. They embedded target

stimuli in natural scenes and examined the activity of stimulus-selective cells during visual search

and the time targets were fixated. Third, Molholm et al. (2004) performed a study on multimodal
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processing. They looked at the combined influence of visual and auditory inputs upon object

identification, which were pictures (line drawings) and vocalizations of animals. By now,

multisensory integration in the visual-auditory domain has been most extensively studied in

speech perception, focussing on coherence of lip area and acoustic signal. However, one has to

notice that speech events are inherently asynchronous because their onsets do not precisely co-

occur as the visual signal usually precedes the auditory signal (van Wassenhove et al., 2005). For

a study on the role of timing in cross-modal paradigms which reveals distortions in perceived

stimulus duration see Tse et al (2004). In the present study, I will investigate the influences of

complex, natural auditory stimuli on overt attention in seeing natural scenes. That is, I present

complex, natural stimuli in both modalities.

The cortex needs to integrate signals from several numbers of functionally specialized

assemblies of neurons. These assemblies are distributed over many brain regions. Even though

neuronal groups are widely separated, they can interact with each other, and actually it is their

main occupation to interact. For multimodal binding, it is necessary to have successful

communication between areas processing visual input and areas processing auditory input.

Multimodal stimuli are thus exceedingly suitable to study interaction of spatially distinct

neuronal assemblies. Further, if the synchronization of activity reflects a binding mechanism, this

synchronization should be enhanced when a coherent percept is created as reaction to a stimulus

presented. This effect has been found in gamma band activity in previous animal studies with

coherent moving patterns (Müller et al., 1997), and in visual discrimination tasks (Tallon-Baudry

et al., 1996). This study investigates brain connectivity in a multimodal task and aims at finding

effects in coherence between the relevant areas.

Which methodological approach?

Regarding the specific role of temporal dynamics, it is more than reasonable to benefit from the

method of EEG. If one aims to study the functional relationship between cortical areas, the

temporal co-activation of areas needs to be inspected in the most precise way possible. Studying

integrative processes must be done with a focus on the temporal dynamics in the millisecond

range of the neural networks involved. Oscillations in the EEG signal reflect oscillatory

synchrony. This synchrony between neuronal assemblies can be detected at widely separated

pairs of electrodes.
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The potential to measure synchrony cannot be exactly explained by the anatomical sources, as

currents are transferred to the scalp via volume conduction, and this smears them. Nevertheless,

oscillations measured at the scalp level are assumed to reflect neural cooperativity in cognitive

processes.

Which analytical tools?

It has been suggested (Makeig et al., 2004) to understand most EEG features as time-frequency

perturbations of the underlying field potential processes. This is why I follow an analytical

approach aiming at time-frequency processes. The basic analytical procedure looks as follows: At

first, the necessary preprocessing including noise reduction, and artifact removal based on an

Independent Component Analysis (ICA) is done. Following, I will investigate task-related

spectral modulations of the frequencies. To do so, I take the epoched data and minimize spectral

leakage by windowing. Power spectra are determined by using the Fast Fourier Transformation,

and changes in the frequency power spectrum of the EEG time-coupled to an event are averaged

to get the Event-Related Spectral Perturbation (ERSP). Then, I compute the coherence of all 128

electrodes for all possible electrode pairs based on different kinds of transformations. Synchrony

of brain areas can be measured with numerous different techniques usually exploiting the EEG

spectrum (Schack et al., 2002). Coherence measurements have been shown to be useful to

investigate interaction effects, especially regarding large-scale integration (Hummel & Gerloff,

2005). Coherence gives information on the degree of dependency between two signals recorded

at different sites in the frequency domain. It does not make assumptions about phase relationship

between raw signals. This is in contrast to cross-correlation measurements in the time domain

that investigates the time lag between processes (Roelfsema et al., 1997). In this paper I will

analyze the cortico-cortical coherence because it is a straightforward process to form dynamical

connections between cell assemblies.

Previous studies employing various methods have given evidence for the functional

significance of cortical interarea processing. Common patterns of increased coherence have been

seen independent of modality (von Stein et al., 1999). Further, synchrony in the gamma

frequency range increases with the presentation of coherent objects (Rodriguez et al., 1999). A

direct correlation between perception of a visual stimulus and synchronization between distinct

brain areas in a binocular rivalry task has been revealed by means of coherence measurements

(Srinivasan et al., 1999). The analysis has – besides the preprocessing steps and investigation of



10

power spectral density – a focus on coherence analysis, as coherence is a well-known mechanism

of efficient interaction. Whereas power at a given electrode reflects locally synchronized activity,

coherence between distinct electrodes represents synchronization between brain areas.

How is the synchronous firing generated that should be investigated? The neuronal basis

underlying coherence is not very well understood, especially when one considers that axonal

conduction is rather slow (20 ms for 1 cm) (Traub et al., 1996). However, as mechanism leading

to coherence it is assumed that it might involve a special class of pyramidal cells mainly found in

cortical layer III, so-called “chattering cells”. Gray and McCormick (1996) suggest that these

specialized cells act as pacemakers of coherent gamma-band synchronization by recruiting cell

populations into synchronous firing assemblies. Pointing in a similar direction, Traub et al.

(1996) propose a model on how interconnections of networks generate coherent oscillations:

Their model is based on the assumption that rapid repeated excitation of inhibitory interneurons

leads to generation of synchronized gamma oscillations, and that attenuation of pyramidal cells

by interneurons leads to a loss of synchronization. Besides reports on the cortical origin of

oscillatory firing, Castelo-Branco et al. (1998) report two interacting mechanisms responsible for

different frequency ranges: a) a transient feedforward synchronization to high-frequency retinal

oscillations, and b) a sustained synchronization in higher frequencies accounted for by

intracortical mechanisms.

Hypotheses

Based on previous findings and general assumptions on synchronization processes and

coherence, I will search for common patterns of activations in visual and auditory cortex

following congruent stimuli in comparison to incongruent stimuli. That is, I will try to find

interregional coherent oscillations, as high coherence between brain areas might hint at an

increased functional interplay between the underlying assemblies. More specifically, I have the

following hypotheses:

• I expect to find differences in the power spectral density as well as in the coherence

measurements between the different conditions. Thus, I assume to find significant differences

between congruent and incongruent conditions, i.e. between conditions where the visual and
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the auditory stimuli are at the same side and the conditions where the visual and auditory

stimuli are at different sides.

• Furthermore, I design the experiment such that I hypothesize to find differences between the

experimental conditions and the control conditions, which are either only visual or only

auditory. Thus, there should be stronger coherence for congruent or incongruent conditions

compared to the control conditions.

• As a general assumption for EEG data series, I expect to find a decrease in power for higher

frequency bands (beta and gamma) compared to power in low frequency bands (theta and

alpha).

• Based on previous findings (Tallon-Baudry et al., 1999) I expect to find an increase in

coherence in the gamma frequency band after stimulus onset.

• Further, there should be a lateralization effect as stimuli are presented in the right or left

hemifield and to the right or left ear, respectively.

• After extracting regions of interest, i.e. regions for visual processing (in the occipital areas)

and regions for auditory processing (in the temporal areas), I assume to find coherence

between visual and auditory areas: This coherence as indicator for interaction processes

should be stronger for the congruent conditions compared to the incongruent conditions.

• Concerning effects of coherence between hemispheres, I assume to find stronger

interhemispheric coherence for the incongruent conditions compared to congruent conditions.

Building on the theoretical assumptions and findings on synchrony, cross-modal processing, and

the results of coherence measurements, I motivate the current study. With this, I hope to

contribute to reveal the neuronal mechanisms of integration, which leads to the generation of

coherent multimodal scenes.

This study was planned as a pilot study, which should fathom the ground on which further

studies in the field of multimodal processing of natural stimuli employing EEG can build on. The

process of evaluating a pilot study includes reflection of stimuli, critical investigation of the

paradigm, as well as potential reconsiderations of methods of analysis employed. That is why the

present discussion contains a proposal for a follow-up study, which again aims at multimodal

interaction in the processing of natural stimuli, but uses different stimuli and a modified set-up as

well.
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Methods

Participants

Seven healthy right-handed subjects, all students of the University of Hamburg (5 male, aged 20 -

30, mean: 23.71 years) participated in the study.1 The Edinburgh Handedness Inventory

(Oldfield, 1971) was employed to assess handedness. Vision was tested by a standard visual test.

A hearing test performed by each subject confirmed less than 30 db hearing loss. Subjects got a

short introduction to the method of EEG, and they were informed about their rights. Written

informed consent was obtained from each of them. The study is in accordance with the principles

of the Declaration of Helsinki.

Stimuli

Visual stimuli: The present study uses natural scene pictures with animals pasted into them as

visual stimuli. As fixation point a white cross in the center was used. Ten selected pictures of

natural scenes provided by Einhäuser and König (2003) were used. The natural scenes depicted

open landscapes, forests or lakes (Figure 1). It was ensured that all pictures had the same mean

grey value.

Figure 1: Examples for natural scene stimuli.

                                                  
1 As a part of my Master thesis, I was committed to build up an EEG laboratory in the department of
neurobiopsychology in the Institute of Cognitive Science at the my home university in Osnabrück. For
details on construction and details see the Appendix, page 80ff. The study presented here was conducted
at the University Hospital in Hamburg-Eppendorf as the laboratory in Osnabrück was not yet functional.
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The pictures had a resolution of 1024 x 768 pixels and were converted to 8-bit grayscale using

the Matlab function rgb2gray (see Einhäuser & König, 2003). Additionally, ten images of

animals (size: approx. 15000 square pixels) with different grey values were cut such that the

animal could be pasted without background onto the natural scene images. Animals were a cat, a

bird, a deer, a dog, a frog, a snake, a squirrel, a tiger, and a wild boar (Figure 2).

Figure 2: The animals, which were used for the natural scene stimuli.

The animals were randomly located on twenty possible positions on each of the ten natural scene

images. Visual stimuli in this way were designed similar to those used by Li et al. (2002) and

Sheinberg and Logothetis (2001). To avoid one animal being linked to a certain position within

the natural scenes as well as a certain position of an animal being linked to one natural scene, I

used a particular combination of animals and natural scenes: The ten different animals occupied

each of the ten possible positions on one natural scene image. Further, each animal was located in

each image such that it occupied different positions in all 10 natural scene images. To keep the

animals lateralized, it was ensured that no animal was located within the central 2° of visual

angle (Figure 3).
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Figure 3: All possible locations for the animals within the natural scenes. No animal is located within the
central 2° of visual angle to allow for lateralization.

In sum, 110 different visual stimuli were used: 100 different combinations of natural scenes and

animals, where 50 images had an animal on the left side, and 50 images had an animal on the

right side (Figure 4). Additionally, the ten original natural scene images without animal were

used for the control condition. All images had a fixation point in the center. Pictures were saved

as bitmap images with a size of 1024x768 pixels.

      

Figure 4: Three examples of the visual stimuli: The left image depicts a frog at the left side, the image in
the centre depicts a deer at the right side, and the right image shows a robin at the right side. Natural
scenes surround all animals.

Auditory stimuli: Auditory stimuli consisted of animal sounds corresponding to the ten animals,

which were selected for the visual stimuli. Sounds were saved as wave files. Matlab 6.5 (The

Math Works, Inc. Natick, MA, USA) was used to shorten or lengthen the wave files to a length of

6s. At first, all wave files were transformed to a common format of 44 kHz and 16 bit with usage

of WaveLab 5 (Steinberg). For each sound a corresponding noisy sound was generated: Only one

channel (the left one) of the original stereo sound file was used, and it was transformed in the

frequency domain using Fast Fourier Transformation. The procedure to achieve the noisy sound

was as follows: Changing the angles changed the phase of the sound components. A random

sequence with values between 0 and 1 was generated for half of the number of original angles,

and these values were multiplied by 2*pi. Then, pi was subtracted such that values between

minus pi and pi were obtained as the first half of the new angles. The corresponding negative

values in the inverse order formed the second half of the new angels. With this procedure the

mean and standard deviation of the signal stayed the same as it was in the original animal sound
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file. Just the phase was changed such that the resulting noisy sound did not allow discriminating

the underlying animal sound any longer. For each animal sound these two types of sound files

were combined in two ways: The animal sound was used as the left channel and the

corresponding noisy animal sound as the right channel of the stereo file (‘sound left’) or vice

versa (‘sound right’). In addition, for the control condition an empty sound file was generated

(‘no sound’).

The final bimodal stimuli were designed similar to the ones used by Molholm et al.

(2004). Visual and auditory stimuli were combined to one multimodal stimulus (‘combined

stimulus’) in various ways. Combinations lead to four experimental conditions. As control

conditions there were a purely visual condition consisting of the visual stimulus and a ‘no sound’

sound file, and a condition in which no animal is seen in the natural scene but the auditory

information is given. Consequently, there are the following 6 conditions:

Congruent conditions:

‘animal left and sound left’ (‘congruent left’)

 ‘animal right and sound right’ (‘congruent right’)

Incongruent conditions:

‘animal left and sound right’ (‘incongruent left’)

‘animal right and sound left’ (‘incongruent right’).

Control conditions:

‘animal only’

‘sound only’

This results in 200 stimuli: 50 different stimuli were obtained for each of the four conditions by

combining all animal images (left and right) with all sound files (left and right).

For each of the control conditions, only 10 different stimuli were designed in order to keep the

number of experimental and control conditions relatively balanced. As not all possible

combinations of visual and auditory stimuli could be used for these conditions they were selected

randomly. Randomizations were done using Matlab 7.0.

The resulting different types of ‘combined stimuli’ were divided into three blocks. Each

block consisted of 60 stimuli. 40 stimuli were selected from the four experimental conditions. 20

stimuli were taken from the control conditions: Ten stimuli from the ‘animal only’ out of which
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five had an animal at the left side, five at the right side, and ten stimuli from the ‘sound only’

condition were selected, out of which five had the sound at the right channel and five at the left

channel. This selection should achieve a high balance. Three blocks consisting of 60 bimodal

stimuli each were chosen as having an adequate length for an EEG study. The whole experiment

should not last too long as the preparation for the recording including the mounting of the

electrodes already takes around 30 minutes. By having a relatively short experiment I aimed to

avoid exhaustion effects of the subjects.

Experimental Paradigm

The experiment started with various tests: Subjects completed the Edinburgh Handedness

Inventory. They have done a visual test and a hearing test to make sure that they in fact receive

the stimulation adequately. Additionally, they filled in a questionnaire on their health state and

drug usage. Further, the subjects received detailed information about the course of the experiment

and gave their written informed consent to participate in the study.

Then, all 128 electrodes were mounted on the subject’s head. Finally, the subject was seated in a

comfortable chair in an electrically shielded chamber in front of a shielded monitor. Here the

impedances were reduced. The subject was familiarized with the button box, which was used to

capture subject responses and send the trigger. Further, the subject was provided with the

earphones for the auditory stimulation. Subjects could see their EEG and recognize effects of

muscle movement and eyeblinks. This step had a special purpose: By letting the subject see the

actual waves, instructions on how to behave during the experiment became more

comprehensable. They were asked to keep head and eye movements to a minimum, while

maintaining central fixation.

The experimenter left the recording chamber and closed the door to get maximal noise-free

recording. During the experiment the experimenter could see the subject with a camera, and

subject and experimenter could communicate by an intercom system if necessary. The study

started with a short instruction on the screen, which should remind the subject of the course of the

experiment. As soon as the subject finished reading the instruction, he or she started the

experiment by a button press. The ‘combined stimulus’, i.e. the simultaneous presentation of an

image and a sound, was displayed for 6 sec. After these 6 sec, the subject saw a black screen with

arrows to the left and to the right. The task was to decide whether the animal on the previously
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seen image has been on the left side or on the right side. The subject was advised to press the

corresponding button. To reduce effects of the readiness potential, the assignment from side of

the animal and corresponding button was changed in each block. (That is, in one block, the

animal on the left side requires a left button press; in the next block, the animal on the left side

required a right button press.) If there was no animal present in the previously seen image,

subjects pressed the left and the right button simultaneously. Immediately after the button press a

new trial started with the presentation of a bimodal stimulus (Figure 5).

The experiment consisted of four blocks: These were the three previously planned ones plus one

additional repetition, which showed to be useful in case of technical problems or insufficient data

quality. After each block there was a break introduced by a display on the screen. The chamber

was opened, and the break was used to actively relax. After 2 minutes, the next block started with

the instruction again.

     

    

       ☛ 6s   ☛     6s

Figure 5: Experimental set-up: Each block starts with an instruction. The trial starts with a 6 second
bimodal stimulation followed by a decision screen. With the subject’s button press the next trial starts
again with the bimodal presentation. The whole session contained 4 blocks à 60 trials. Hands represent
button presses of the subject. Loudspeakers represent auditory stimulation.

Data Acquisition

EEG data was derived from 128 electrodes mounted on the head with an EEG recording cap. The

tip of the nose served as reference. The electrodes were sintered Ag/AgCl ring electrodes.

Impedance was kept below 10kOhm – it was controlled between all blocks and after the

Instruction

   Decision
  <   ---   >
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recording to make sure that it never exceeded the threshold of 10kOhm. EOGs were recorded

from the left and the right eye with electrodes mounted below the eyes.

Recording was done with a sampling rate of 500 Hz. A bandpass filter with 1 Hz low cutoff

frequency and 250 Hz high cutoff frequency was applied. Data was recorded in continuous mode.

Because of several uncertainties concerning the hardware, I had problems with the sound

channels, which finally lead me to discard three subjects, as I could not be sure that they got the

adequate stimulation. I could solve the problem immediately after realizing that there were cables

mounted in a misleading way.

Experimental Set-up

The study was conducted at the Institute for Neurophysiology in the University Hospital

Hamburg-Eppendorf under Prof. Andreas K. Engel in the laboratory of Dr. Stefan Debener.

The experiment took place in a completely shielded chamber, which is free from electrical and

acoustical background noise. The subject is seated in a comfortable experimental chair in the

isolated and light-dimmed chamber, 2m away from the CRT. Remarkably, the monitor is

mounted outside the chamber such that it is isolated and no high-frequency noise can enter the

chamber. The subject sitting in the chair watches the monitor through a transparent wall.

The 128 electrodes are located on the head via the EasyCap, which is fixed with a chin

belt. Electrode locations were according to an electrode arrangement system based on the

international 10% -20% system (Figure 1a (Appendix)).

The electrodes are connected to four BrainAmps Amplifiers (for 32 channels each) from

BrainProducts. The amplifiers are connected to a recording computer (running Windows XP) in a

control room via twin optical fiber. Recording was done with the Software BrainVision Recorder

(version 1.02.0001) that allows ongoing online investigation during the whole experiment. The

experimenter controls simultaneously the stimulation procedure and the recording process.

Stimulation is performed via a separated stimulus PC using Windows 98 and running the

stimulation software (Presentation, Neurobehavioral Systems, version 9.12). It presents the

stimuli accurately in time with sub-millisecond temporal precision on a monitor. Sounds are

provided via foam protected air-tube insert earphones (EARTONE, Aearo Company,

Indianapolis, USA).
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The amplifier allows for 16-bit trigger input which synchronizes the EEG signals with the

stimulation units. Triggers are implemented for stimulus onset for each condition, for button

presses of the decision task, and for special activities by the experimenter. It was ensured that the

delay of the trigger was minimal (<0.5 ms). These signals are stored in the data file as coded

markers, and are later presented for data analysis. Triggers for stimuli and responses are sent to

the recording PC via a parallel port (Figure 6).

                                             Stimulation

Recording

           Triggering

      Analysis

Figure 6: This schema depicts the set-up. Bimodal stimuli are presented to the subject with the
Presentation software (version 9.12) via a monitor (upper left) and earphones. The monitor is connected to
four 32-channel BrainAmps amplifier via optical fibre trigger cable (lower left). 128 electrodes are
mounted on the subject’s head via EasyCap (upper right). Electrodes are connected to the amplifier. The
amplifier is connected to the recording PC, which acquires data using the software BrainVision recorder
(version 1.02.0001) (lower right). Recording was done with a sampling rate of 500 Hz. Low cutoff
frequency was 1 Hz and high cutoff frequency was 250 Hz. Data was recorded in continuous mode.

Preprocessing

All data analysis was done using Matlab 7.0 (The Math Works, Inc. Natick, MA, USA

R14, Service Pack 1), and the interactive Matlab toolbox EEGLAB 4.512 (Delorme & Makeig,

2004).

In a first step the continuous EEG data was down-sampled to 250 Hz. The first important

preprocessing step is artifact rejection: A precise interpretation of EEG data is - besides the

general problem of signal mixing caused by volume conduction - compromised by technical and

biological artifacts recorded by the electrodes indiscriminately like the cortical potentials. Severe



20

contaminations by signals not resulting from brain activity are a serious problem for EEG

analysis. Eye movements, eye blinks, muscle artifacts, as well as heart noise need to be controlled

and accurately separated from the neural activity. Atypical unique artifacts as well as drifts have

been determined manually and removed. This was important as Independent Component

Analysis (ICA) - that was performed afterwards - deals well only with repeatedly occurring

artifacts. Independent components resulting from the process of ICA tend to concentrate artifacts.

Thus, bad epochs can be more easily detected using independent components’ activities.

In the vicinity of the eyes at anterior scalp regions, potentials of ocular activity mix with

potentials from brain activity. Eye blink artifacts resulting from rapid movements of the eyelid

cause a characteristic short (200-400 ms) high amplitude (800 microVolt) peak. Eye movement

artifacts resulting from a rotation of the eyeball have lower amplitude and longer duration and

can be detected because of a characteristic pattern (cf. Hagemann & Naumann, 2001, Jung et al.,

2000). Muscle artifacts show a broad high spectral amplitude at high frequencies (40-100 Hz and

more), and their spectrum often shows exponential decrease. These components have been

extracted out of the overall activity and removed after careful inspection.

The next step is to extract the experimental and control conditions. Relying on the trigger

signals, the whole datasets were separated into epochs. I understand epochs as continuous data

time series of about 6 seconds. These time series are appended trialwise such that I can actually

work on the conditions separately. A trial is the single stimulus combination presented to the

subject and the subject’s response.

Independent Component Analysis

EEG analysis faces the problem of contaminated signals, which are a barrier for a sound data

analysis in neurophysiology. The problem to solve in artifact rejection is to separate n statistically

independent inputs which have been mixed linearly in n output channels. This separation should

be achieved without further knowledge about their distribution or dynamics. Artifacts might have

technical sources (like 50 Hz line noise) or might be biological like eye blinks, eye movements,

heartbeat, or muscle movements. A common way to remove them is by means of thresholding.

However, discarding any data whose amplitude exceeds a threshold leads to a tremendous loss of

information, which is in the signal nevertheless – just masked by the artifact. This is why ICA is

a reasonable choice as it allows separating components, which represent artifacts from those,
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which represent valuable data. An EEG electrode acts as a spatial filter of cortical field dynamics

– the method of ICA goes on with linear spatial filtering.

There is a step in preprocessing, which is done by most ICA algorithms before the actual

analysis is performed: All correlations in the data are removed, such that the data has zero-mean

and unit-variance – the data is “whitened” or “sphered”. Whitening means that an observed

variable x is linearly transformed to a variable y such that y = T*x,  (T is the  (n x n)-dimensional

whitening matrix). The covariance matrix of y equals unity. A random zero-mean vector x is said

to be white if its autocorrelation matrix is the identity matrix. If one chooses T such that the

autocorrelation matrix becomes the identity matrix one can be sure that the components of the

whitened vectors x are mutually uncorrelated and have unit variance. This is a linear change of

the coordinates of the mixed data, which is done to get a diagonal covariance matrix, with all

diagonal elements being equal. Having this prerequisite, ICA only rotates the resulting matrix.

In the implementation provided by EEGLAB that is used here, it is also possible to simply

initialize the weight matrix to the sphering matrix and thus circumenvent the sphering process

prior to training. I have performed both possibilities for comparison but did not detect a

difference.

ICA is a special form of blind source separation, as it tries to reconstruct the original sources

from a given superposition without using additional information about time course or spectra. It

is also blind towards information on head-geometry and electrode locations. To put it in a

nutshell, ICA finds a matrix that decomposes, or linearly unmixes, multi-channel scalp data into

the sum of temporally independent and spatially fixed components. That is, it finds a framework

in which the data projections have minimal temporal overlap. The mathematical core idea is to

minimize mutual information among data projections. In comparison to principal component

analysis (PCA), which gives an orthogonal decomposition to explain the maximum amount of

variance of the projected data by reducing the dimensionality of the data, ICA seeks for a set of

independent components. „Independent“ is meant in the statistical sense such that two

components are independent if any knowledge about one component does not imply anything

about the other. The independence condition is stronger than a condition for uncorrelatedness.

For a detailed survey on ICA in data analysis, see Hyvärinen (1999).
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There are some underlying assumptions one should be aware of when applying ICA: The time

series recorded by the EEG scalp electrodes are assumed to be spatially stable mixtures of

activities of temporally independent sources.

In the EEG frequency range, the mixing of brain fields at the scalp electrodes is basically linear.

Even when the skull attenuates brain potentials strongly, and low-pass filters them spatially, this

does not affect the linear summation of potentials from the brain and artifactual sources at the

scalp electrodes.

In practice, it is important to have sufficient data points to allow for the temporal independence of

the underlying sources. The number of required time points is about several times the square of

the number of channels. Finding n stable components when having n channels requires more than

k*n^2 data sample points for each channel, with n^2 being the number of weights in the unmixing

matrix and k being a multiplier. In general, the number of channels should be higher than the

number of expected components.

The extended infomax algorithm applied in the present analysis is an extension of the infomax

algorithm proposed by Bell and Sejnowksi (1995). The extended version is able to cope with sub-

Gaussian source distributions. The classical algorithm fails to separate sub-Gaussian sources, i.e.

sources with a negative kurtosis (normalized 4th order cumulant) having flatter distributions than

Gaussians. Sources with uniform distributions are sub-Gaussian, sinusoids have bimodal

distributions, and their kurtosis is negative as well. In this algorithm an estimate of the kurtosis is

run on the activation waveforms in each training block. Note that rhythmic activity may pose a

problem for ICA as pure oscillations have negative kurtosis, but come in bursts. Thus, kurtosis

might turn in positive values and become even zero which would lead to an interpretation as

Gaussian. (For a detailed discussion, see Vigario et al., 2000).

The main idea for the learning process is to optimize a cost-function which measures the

degree of statistical independence among the signal components. In practice, the learning rule can

be used to detect and remove stereotypical artifacts like eye movements, muscle movements, and

also line noise from EEG recordings. In particular, the 50-Hz line noise signal has a sub-Gaussian

distribution and can be separated cleanly into one component by the algorithm (as demonstrated

in Jung et al., 1999, 2000). However, there was no line noise in the present study thanks to the

favorable experimental conditions.ICA has been shown to detect, separate and remove activity in
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EEG records from a variety of artificial sources. In doing linear decomposition and maximizing

the mutual independence of sources, it leads to better results than regression methods that most

often subtract a portion of relevant EEG-data together with the detected artifact. Although the

independence criterion is difficult to justify, ICA has shown to very reliably analyze the

distribution of artifacts.

EEGLAB contains the automated version runica() and also the binary version binica(), which

allows up to 12 times faster computation. Both versions were applied in the present analysis. I

performed ICA at least two times to be able to evaluate the stability of decomposition. Further,

ICA was computed again for the already decomposed data to compare the resulting components.

Performing ICA a second time on the data might improve the quality of the decomposition by

revealing more independent components accounting for neural, as opposed to mixed artifactual

activity. In another step, I also computed the independent components for all datasets with

binica() and included a preprocessing step minimizing the dimensionality by PCA at least to the

rank of the input data.

After having performed the ICA on the original dataset (without epochs extracted) for two

subjects, in the following, I decided running the ICA for each condition separately. This is faster,

and the decompositions did not show great differences at least for my purposes. However, a

general advice for the usage of ICA is: Better use all the data available to perform ICA

decomposition and then study the components that vary between experimental conditions. This is

because ICA returns clearer components as the amount of data increases. In the present study I

have done the ICA primarily for artifact rejection, that is why the analysis performed on epoched

data is justified. For further analysis and modelling, I would suggest to run ICA on the whole

dataset, before epoching the data.

Frequency Analysis

I follow von Stein et al. (1999) in the separation of the whole range of frequencies in different

frequency bands: I differentiate theta (4-7 Hz), alpha (8-12 Hz), beta1 (13-18 Hz), beta2 (19-24

Hz), gamma1 (24-34 Hz), and gamma2 (35-70 Hz). In addition to their differentiation, I separate

two gamma bands to get a more fine-grained analysis in this frequency range. Further, in the
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analysis I will most often collapse beta1 and beta2 to one unified beta band, as both bands did not

seem significantly different.

Power Spectral Density Analysis

Oscillatory parts in the EEG signal often show changes in power in response to an experimental

event. These signals need not to be phase-locked such that they are often not seen in event-related

averages. To visualize power changes, which are event-related, spectral analysis is one of the

standard methods used for a quantification of the EEG. The power spectral density (power

spectrum) informs about the frequency content of the signal. More specifically, it gives the

distribution of the squared amplitude of different frequency components.

I computed time-varying amplitude spectra for each channel using sinusoidal wavelets with an

increasing number of cycles with frequencies of 50% overlapping data epochs. Data was

smoothed using a Hanning window aiming at minimizing leakage, and it was zero-padded before.

The feature of using sinusoidal wavelets has been shown (Makeig, 1993) to allow for good

frequency resolution especially at high frequencies. For comparison reasons, I also applied Fast

Fourier Transformations, also zero-padded and Hanning-windowed. Fourier transformation

decomposes the time series signals into the cosine component of the signal as the real component

and the sine component of the signal as the imaginary component for each frequency. Hence, for

any given frequency, there is a vector that represents the signal component at that particular

frequency. The resulting spectra are converted to a logarithmic scale. The log spectrum for each

session is normalized separately for each of the frequency bins by subtracting the session mean.

Makeig (1993) suggests a measure of the average dynamic changes in amplitude of the

EEG frequency spectrum as a function of time relative to an experimental event. The Event-

Related Spectral Perturbation (ERSP) measures the average time course of relative changes in the

EEG amplitude spectrum induced by the experimental events. To get the ERSP, the baseline

spectra are calculated from the EEG immediately preceding each event. Then, the epoch is

divided into brief, overlapping data windows and a Fast Fourier Transformation is done.

Following, the spectral transforms of the epochs are normalized by dividing by their mean

baseline spectra. The result is a deviation (in the following plotted logarithmically) from epoch-

mean (or baseline period-mean) power at each frequency:
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Here |.| stands for the complex norm.

Where n is the number of trials, Fk(f, t) is the spectral estimate of trial k at frequency f at time t.

Additionally, the event-related coherence  - Inter-Trial Coherence (ITC) - is computed.

This frequency domain measurement is called 'phase-locking factor' by Tallon-Baudry et al.

(1996). It takes a measure between 1 and 0, where 0 indicates absence of synchronization

between data and time-locking events, and 1 indicates perfect synchronization. The phase

coherence between the data time series and the time-locking event time series is computed as

follows:

The data was not normally distributed as revealed by the Lilliefors test. Thus, all

significance tests have been done by the Wilcoxon-ranksum-test: In the analysis, I compared the

power in the frequency bands within conditions. Next, I compared the power between conditions

for all frequency bands. For the analysis I merely used the data between one second before

stimulus onset until 3 seconds after stimulus onset. However, this constriction was done only

after I have seen that there are no differences concerning my purposes in comparison to taking

the whole 6-second-window.

Coherence

It is assumed that large-scale integration like in visual-auditory integration is performed by

synchronization among neuronal assemblies within different frequency ranges. Synchronization

should be understood as adjustment of the rhythms of two or more oscillators based on a coupling

mechanism. It is now desirable to quantify whether there is a consistent relationship between two

signals. Coherence is an indicator of functional connectivity between such assemblies, and it

represents the correlation or predictable relationship between signals or spectra observed at

different moments in time.

When two oscillators synchronize one can observe that their phases are adjusted to each other

while the amplitudes remain constant. This phase adjustment can be detected by a coherence

measurement. Computing coherence provides a good means to estimate the stability of phase-
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coupling - it makes assumptions about the phase angle. Coherence values are in a range between

0 and 1. A value of 1 is maximal synchronous change, a value of 0 denotes no relationship.

Stabilization of the variance in the coherence data is necessary before statistical comparison. It is

done by transformation by the arc hyperbolic tangent which has large effects with coherences

>0.6. The stabilization leads to transformed coherences greater than 1.

Coherence of two signals is the spectral cross-correlation normalized by their power. It is defined

as the absolute square of the cross-spectrum normalized by the auto-spectra. The equation is an

extension of Pearson’s correlation coefficient to complex number pairs measuring to which

extend two samples are linearly related. Coherence is normalized by the power of a specific

frequency band – thus, it should be independent of the amplitude of oscillations in the signals. I

investigated two kinds of coherences, for both of which I need to compute auto-spectra as well as

cross-spectra: The first one is coherence on phase as it is proposed by Delorme and Makeig

(2004): The coherence between two zero-mean stationary random processes xa (t) and xb (t), at

frequency f, is defined as:

n is the number of trials, * denotes the complex conjugation. Fk (f, t)  represents the spectral

estimates for a trial k, at time t and frequency f, for signal a and b respectively. That is, one

multiplies the Fourier transform of one signal with the complex conjugate of another signal and

gets the cross-power spectrum which is then normalized. Calculating phase synchronization

should thus avoid influences of amplitude change over simple epochs.

Secondly, I also computed the traditional coherence measure, which is implemented as

mscohere() in Matlab. The squared magnitude coherence provides a bounded measure of linear

association between the two series, taking on a value of 1 for perfect linear relationship and a

value of 0 if the series are uncorrelated. It is necessary to estimate the magnitude squared

coherence Cxy of the given input signals x and y:

The coherence is an estimation function of the power spectral density of x (Pxx) and y (Pyy), and

the cross power spectral density of x and y (Pxy). Note that x and y must be the same length.
The built-in Matlab function mscohere() uses windows with 50% overlap. Each section is
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windowed with a Hamming window.

The difference between the two measures lies in the normalization process: While the

normalization is done for each trial individually in the coherence on phase, which is the version

implemented in EEGLAB, the traditional coherence measure normalizes over the averaged trials.

Doing normalization as late as possible is well-founded, but on the other hand, the former

procedure can handle artifacts better as one single trial does not contribute so much to the overall

result. It is reasonable to check for the relation of power and correlation between signals before

deciding when to normalize and correct for power. This means to compute for each single trial

the correlation of pairwise electrodes and compare these values to the power. Depending on the

resulting relationship, one can decide with justification on when to normalize. Even if this

possibility was recognized, it was not applied in the present analysis.

Lachaux et al. (1999) stress that it is a disadvantage to use magnitude squared coherence as it

a) can only be applied to stationary signals and b) does not quantify phase relationships.

Alternatively, they propose a quantification of the transient phase-locking which separates phase

and amplitude components and thus prevents from the pitfalls traditional measurements fall into.

To give consideration to those arguments I looked at different measurements of

coherence. In all cases for the coherence analysis, I used overlapping windows to achieve higher

temporal resolution. For each condition, coherence was computed separately for all frequency

bands. Analysis was done for all pairs of electrodes: i.e. 128*128 pairs (for one triangular matrix)

which is 8128 comparisons, as the coherences for an electrode with itself is 1 by definition and

thus need not be computed.

Excursus: Visualization of coherences

Useful visualizations for coherences are rare. However, the amount of information that is

embedded in a 128*128 coherence matrix is overwhelming. Finding a way to assess this

information is a great help for data analysis and evaluation. Nolte et al. (2004) propose a solution

to the problem of comfortable access to the data, which allows looking at all connections between

locations in one single plot. By modifications and adapting their method to my configuration and

data, I reached a visualization, which showed to be an enormous help in the visual inspection of

the data.
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The figure of an exemplary head shows coherence of all recorded electrodes in the alpha band

directly after stimulus onset. The resulting plots are read in the following way:

Figure 7: Coherences are depicted at a given frequency (here alpha) at a given time (here directly after
stimulus onset). Strong coherence with all neighboring electrodes can be observed as a reddish ring
around the black dot, which is consistent with a uniform distribution of independent sources in the brain.

The single large circle represents the whole scalp. The small circles are located at all electrode

positions distributed over the whole head, and they also represent within themselves the whole

scalp. There is a small black dot within each small circle, which marks the electrode position. The

circles contain the coherence values of the particular electrode with all other electrodes. That is, a

small circle contains the whole information of its particular row in the 128*128 coherence matrix.

To get the final plot, locations of electrodes need to be computed: To avoid overlapping

circles, the locations are slightly shifted by a transformation process also provided by Nolte et al.

(2004): They assume a strong repulsive force for the short range to avoid overlap and a weak

long-range force to keep the circles together. These forces attract the circles to the overall center.

Stepwise the electrodes are then moved until a satisfactory solution is found (Figure 8). Important

to note is that it is only the small circles that undergo the transformation process but not the
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locations within these small circles. For further convenience parameters that can be changed are

resolution, head-position, and the scale of the colormap.

Figure 8: Locations are shifted slightly such that there is no overlap, and all electrode positions can be
inspected completely.

Results

Results are shown for four subjects (3 male, aged 20-27, mean 23.25 years). Due to technical

problems the other subjects’ data recording could not be adequately controlled. Even if it would

make sense to seek for cross-subject comparison, I do not average over subjects as the results

show a very high variance between subjects. An average would thus not be justified.

I always analysed all 128 channels but did additional investigations on channels, which are

primarily interesting for visual and auditory processing. Thus, I considered the following regions

of interest: occipital left (22, 112, 113, 125), occipital right (21, 110, 111, 124), temporal left (24,

100, 116, 117, 124), and temporal right (19, 96, 106, 107, 122) (Figure 9 and Figure 1a). These

are the channels, which are also further analysed as “areas” or regions – for the power analysis as

well as for the coherence analysis. Similarly, Hummel and Gerloff (2005) define electrode pairs

of interest.

Accordingly, I have done data analysis for regions of interest as well as for the whole 128-

channel set-up to investigate effects all over the scalp. Especially for the coherence measurement
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it was useful to inspect all channels, as I could find tendencies for particularly high coherence in

central and frontal areas, which were not primarily assumed to be regions of interest.

Figure 9: Electrode locations for the 128 channels. Regions of interest in occipital and temporal areas are
marked in green. For another illustration see Figure 1a in the Appendix.

Independent Component Analysis

First, I removed irregular noise following visual inspection. After having removed non-

stereotypical artifacts, I aimed at getting the independent components of the data. Most often, the

first components (usually 1-2) were eye blink components and thus could easily be removed. In

one subject, I also found artifacts of lateralized eye movements (Figure 10), which could be seen

already in the raw data.

 

Figure 10: Components received by performing Independent Component Analysis. The left component
represents a lateralized eye movement; the right one is a typical component representing an eye blink.
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When runica() was not applicable, the reason could be that the weight matrix was not invertible

because of the dimensionality of the data. To cope with this problem, I beforehand reduced the

number of matrix dimensions by applying a Principal Component Analysis (PCA).

Each time, a second ICA was computed to see whether the components were reproducible. This

was the case for all results, except one dataset. In this particular case, I repeated the ICA two

more times to be sure which results to take for further processing.

Figure 11: The figure shows component contributions, which are provided by the ICA. Components are
ordered in decreasing order of variance accounted for by their projections onto the scalp. The first two
components and the fifth one represent eye movements, the third component is an indicator for an eye
blink artifact. These components are removed with the assumption that they are independent representing
pure artifacts.
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The whole analysis of the components was based on visual inspection of the component maps as

well as the activity power spectra of the components. After the visual inspection of all

components, artifactual components are removed. It is a matter of interpretation and experience

which components to remove. Brain-related components should show dipole-like scalp maps,

typical EEG spectra, and regular ERP images. That is why I inspected the component properties

like scalp topography, component activity, and power spectrum carefully (Figure 12). To be sure

not to remove valuable data, I just rejected those components, which were clear artifacts. Most

often these were eye movement, eye blinks, and muscle artifacts. For example, in the above-

presented case (Figure 11) I rejected components 1, 2, 3 and 5.

Figure 12: The figure provides an overview on one component’s properties: The upper left plot depicts the
scalp topography indicating strong involvement of the left occipital area. The upper right plot shows the
activity over trials. The blue trace below the activity shows the average of the single-trial activity, which is
the Event Related Potential (ERP). The EEG spectrum depicted in the lower panel indicates a small peak
in the alpha band.

The resulting noise-free data was very suitable for further processing (Figure 13).
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Figure 13: Comparison of the raw data before and after artifact removal based on ICA. The plots depict a
section containing 12 representative channels over 5 seconds. The prominent eye blink artifacts, which are
predominant in the upper plot, disappear after the components representing them have been removed. The
lower plot depicts the same channels without the artifactual components.

In the following, I investigated the components by visual inspection to see whether I could

extract information on coherences out of them. This would be useful, as this data would not be

affected by volume conduction. Even though independent components are supposed to be

independent over the time range of the data, they may indeed become partially synchronized in

specific frequency bands. However, the cross-coherences I analyzed did not lead to a

recognizable effect (Figure 14). The reason for this however might be that I was not able to

define which components are responsible for which functional aspect. Thus, I set aside this way

of analysis and computed the coherences on the channel data instead.



34

Figure 14: An exemplary plot of component cross-coherence. The two c!o!m!p!o!n!e!n!t!s under investigation are
depicted in their scalp topographies in the middle left and right plots. They do not become! !s!y!n!c!h!r!o!n!i!z!e!d!.!
!T!h!e! !u!p!p!e!r! !p!a!n!e!l! !s!h!o!w!s! !t!h!e! !c!o!h!e!r!e!n!c!e! !m!a!g!n!i!t!u!d!e! !(!b!e!t!w!e!e!n! !0! !a!n!d! !1!,! !1! !r!e!p!r!e!s!e!n!t!i!n!g! !t!w!o! !p!e!r!f!e!c!t!l!y!
!s!y!n!c!h!r!o!n!i!z!e!d! !s!i!g!n!a!l!s!, 0 indicating complete uncorrelatedness)!.! The upper left marginal panel shows mean
coherence during the baseline period. The horizontal panel under the coherence magnitude plot indicates
the maximum (green) and minimum (blue) coherence values across all frequencies. T!h!e! !l!o!w!e!r! !p!a!n!e!l!
!i!n!d!i!c!a!t!e!s! !t!h!e! !p!h!a!s!e! !d!i!f!f!e!r!e!n!c!e! !b!e!t!w!e!e!n! !t!h!e! !t!w!o! !s!i!g!n!a!l!s! !a!t! !t!i!m!e!-!f!r!e!q!u!e!n!c!y! !p!o!i!n!t!s! !w!h!e!r!e! the !c!r!o!s!s-c!o!h!e!r!e!n!c!e!
!m!a!g!n!i!t!u!d!e! !(!i!n! !t!h!e! !upper! !p!a!n!e!l!)! !i!s! !s!i!g!n!i!f!i!c!a!n!t!.! !Here!, and in all investigated cases,! !t!h!e! !t!w!o! !c!o!m!p!o!n!e!n!t!s! !do
not give evidence for !s!y!n!c!h!r!o!n!i!zation.!

�
Frequency Analysis

Different analyses make different assumptions about which frequencies are to be collapsed in so-

called frequency bands. Before working with these bands, I investigated what happens in the

frequency bins to see whether I can average over these bins without loosing too much

information. Thus, I looked at each single frequency bin and checked for significant differences. I

looked at 2 Hz steps for all frequencies between 2 and 45. I compared the results of time-

frequency analysis based on single frequencies with those obtained from the frequency bands

proposed by von Stein et al. (1999). Each of the relevant channels (i.e. occipital and temporal,

both left and right) was considered. I found a high variation within the gamma2 frequency band

only for one channel (96, temporal right). This channel for unknown reasons always showed very

high coherence (> 0.85) with all other channels. However, for all other channels I could not see

high variances between the frequencies within one band.  Therefore, I conclude that averaging in

bands is legitimate for the present data. Nevertheless, I assume that it is reasonable to do an
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analysis based on objective and functional criteria as proposed for the gamma-band by Siegel and

König (2003).

Power Analysis

Power spectral density was computed by the EEGLAB Function timef(), which measures the

mean log change in the baseline EEG power, which is the Event-Related Spectral Perturbation

(ERSP) (Makeig, 1993). First, the power spectrum is computed over a sliding latency window,

and then the average over trials is taken. Then, the spectral estimates are computed. I compared

the spectra from fixed-window, zero-padded Fast Fourier Transformation and zero-padded

wavelet Discrete Fourier Transformation, both Hanning tapered. I could not find visible

differences in the resulting power density spectra. In the following, I will present the results of

the wavelet-based analysis.

To get an impression on the distribution of power, I first studied the power spectra for all

conditions and investigated the topographic distribution (Figure 15). Most often, there was an

increase of power in the alpha range. At the same time, concerning the topography, there was no

consistent finding on the spatial distribution of power.

Figure 15: The plot shows the channel spectra and the associated topographical maps. Each colored trace
depicts the mean log power spectrum of each single electrode for all frequencies. There is a peak of power
spectral density at about 10 Hz. The scalp maps show the distributions of power for the respective
frequencies. From left to right, the scalp maps represent frequencies out of the theta, alpha, beta and
gamma frequency band.
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The next step in the spectral analysis is the comparison of power between frequencies within

conditions. That is, to get information about the frequency content of the signal related to the

properties of the experimental condition. The data was not normally distributed as given by the

Lilliefors test (alpha = 0.05). Thus, I performed the Wilcoxon-ranksum-test at the 0.05

significance level to check whether the medians of two distributions are equal.

In all cases the ranksum-test gave evidence that the frequencies in the theta range and in the alpha

range as well as alpha and beta1 have equal distributions. For all other frequency bands the null

hypothesis was rejected and thus concluded that the data stems from distributions with different

medians. The neighboring frequency bands (theta and alpha, alpha and beta1) have similar

contributions to the whole signal, which is a common finding in EEG studies (Niedermeyer & da

Silva, 2004).

Next, I compared the power between conditions: There are no consistent results – neither within

one subject between conditions, nor between subjects within conditions. What can be seen in

most cases is an increase in gamma with stimulus onset, and at the same time a decrease in alpha.

However, there are also exceptions for some channels for this general tendency. That is, the

conditions are not reflected in the power spectra.

When looking at the time scale, there is another general finding: After stimulus onset (between 0

and 0.2 seconds) there is a decrease in theta, alpha, and most often also in beta. Simultaneously,

there is a sudden increase in power in the gamma frequency band. The frequencies embraced in

the beta band sometimes tend to be more closely related to the lower frequency bands, sometimes

to the higher frequency bands (Figure 16). Often, after about 2 sec, there is an increase in theta

and alpha again.
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Figure 16: Event-Related Spectral Perturbation (ERSP) over time for a contralateral temporal channel for
all frequency bands. Stimulus onset is between 5 and 6, according to the time windows. Very similar
results were obtained for occipital channels and for ipsilateral channels as well.

Further, I investigated the power spectra in different time resolution. That is, I looked at very

small time steps (20ms windows), larger steps (100ms windows), and even larger windows

(200ms). I compared the different resolutions for the frequency bands to be sure that the effects

were not due to too low time resolution. Even if one can of course investigate the development in

a more fine-grained manner, there were no differences in the overall tendencies (Figure 17).

Figure 17: ERSP for all frequency bands within a region of interest (here the right temporal area in a
‘congruent left’ condition. The plots depict the different time resolution: The left picture shows
development over time for 200 ms steps, the right picture shows the same condition with a higher time
resolution of 20 ms steps.
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In sum, I can find an early decrease in theta and alpha power. That is, there is a stimulus-induced

desynchronization, i.e. power suppression in the theta and alpha band. In the gamma band and in

the high beta band there is a stimulus-induced synchronization – an increase in power.

Only in some cases, the investigation of changes in the spectral content of the data gave evidence

for effects concerned with the stimulation (Figure 18).

Figure 18: ERSP and Inter Trial Coherence (ITC) for the ‘congruent right’ (animal right and sound right)
condition for a left occipital channel. T!h!e! !upper plot! !s!h!o!w!s! !m!e!a!n! !e!v!e!n!t-!r!e!l!a!t!e!d! !c!h!a!n!g!e!s! !i!n! !s!p!e!c!t!r!a!l! !p!o!w!e!r!
!in dB (!f!r!o!m! !p!r!e-!s!t!i!m!u!l!u!s! !b!a!s!e!l!i!n!e!)! !a!t! !e!a!c!h! !t!i!m!e! !in! !t!h!e! !e!p!o!c!h! !a!n!d! !a!t! !e!a!c!h! !f!r!e!q!u!e!n!c!y!!.! !!There is a! !s!i!g!n!i!f!i!c!a!n!t!
!d!e!c!r!e!a!s!e! !i!n! !p!o!w!e!r! !a!t! !a!b!o!u!t! 250 !m!s! !a!t! !20! H!z !,! !a! !p!o!w!e!r! !i!n!c!r!e!a!s!e! !c!e!n!t!e!r!e!d! !a!t! 40 Hz at about 100 ms, and an
increase about 60 !H!z! !s!t!a!r!t!i!n!g! !a!t! 300 and peaking again at 400 ms!.! !T!h!e! !u!p!p!e!r! !l!e!f!t! !p!a!n!e!l! !s!h!o!w!s! !t!h!e! !!mean
spectrum during baseline period. The panel below the ERSP plot shows the maximum (green) and
minimum (blue) ERSP values in dB relative to the baseline power at each frequency at each time. !T!h!e!
!l!o!w!e!r! !i!m!a!g!e! !s!h!o!w!s! !!t!h!e!! !I!T!C! !a!t! !a!l!l! !f!r!e!q!u!e!n!c!i!e!s over time.! !A! !s!i!g!n!i!f!i!c!a!n!t! !I!T!C! !i!n!d!i!c!a!t!e!s! !t!h!a!t! !t!h!e! !E!E!G! !a!c!t!i!v!i!t!y!
!a!t! !a! !g!i!v!e!n! !t!i!m!e! !a!n!d! !f!r!e!q!u!e!n!c!y! !i!n! !s!i!n!g!l!e! !t!r!i!a!l!s! !b!e!c!o!m!e!s! !p!h!a!s!e-!l!o!c!k!e!d!!.! !H!e!r!e!,! !a! !s!i!g!n!i!f!i!c!a!n!t! !I!T!C! !a!p!p!e!a!r!s!
!around! 3!0! !H!z! around 150 ms. At the same time, there is a power increase in the gamma band which can be
seen in the upper panel.

Furthermore, I investigated the relation between tendencies in power and tendencies in

coherence. This could give hints concerning the question whether large-scale synchonization is

achieved by modulation of oscillations or changes in the power in particular frequency bands. I

checked whether high power could be seen in conditions and frequencies in which there is also

high coherence. This would indicate that the high coherence also has a high power value such

that there is a specific relevance of that frequency. Interestingly, a subject with remarkably high

coherence in the gamma frequency band does not show high power values in the gamma range.
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This is not surprising in itself, as coherence is assumed not to be correlated with power. However,

this finding indicates that the relevance of the gamma coherence is not so high as it seems to be in

the coherence measurements. Concludingly, in comparing power and coherences, I could not see

any relations.

Focussing on the temporal dimension and comparing temporal development in power and

temporal development in coherence did also not show interesting effects.

Coherence Analysis

Significant coherence values are obtained for most electrode pairs for the four conditions as well

as for the control conditions, and further among all frequency bands. Differences between

conditions and between frequency bands therefore should be due to differences in coherence

strength between electrode pairs rather than to significant versus non-significant coherence

values.

Potential differences between the measures of coherence were assessed (see methods). However,

with the data of the present study the two measures did not differ significantly. I compared the

coherences and the significance values and could find only very slight differences. In this section

I will report the data received by the coherence measure that takes the coherence of the phase as

proposed by Delorme and Makeig (2004).

The coherence analysis did not reveal effects supporting the initial hypotheses. I stayed in the

realm of second-order statistics, and within these possibilities I could not find evidence for any of

the expectations. Potential reasons can be found in the discussion. However, I will now present

results of the coherence analysis step by step.

Most evident is the high variance over very short time periods ( > 50ms). The coherence

measure is not stable as in all subjects, in all conditions, and in all frequencies there is a huge

variance over time. This finding renders the whole analysis very difficult, as there appear

completely new distributions in each new time step (be they 200 ms or 20 ms). An example of the

predominant variability over time is given in Figure 19. Even if at one point in time there is an

interesting effect, in most cases, this effect vanishes in the next time step. Further, a tendency

seen in one subject very seldom could be found in another subject in the same or a nearby time

window.
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Thus, visual inspection of all single trials revealed no consistent effects arising from stimulus

onset.

                 

                    

                   

                   

Figure 19: The plots depict coherences distributed over the whole scalp. The visualization employed is
described in the methods. The condition is ‘congruent left’ in the alpha band. The left row show coherence
values -0.0097s, 0.1739s, 0.3575s, 0,5411s, where the stimulus onset is defined as 0, the right row shows
coherence at 0.7246s, 0.9082s, 1.0918s, 1.2754s after stimulus onset. It is evident that coherence shifts
remarkably from one time step to the next.

I looked at time-dependent coherence with different time resolution as already has been seen

analogously in the analysis of power. That is, I inspected very small time steps (20ms windows),

larger steps (100ms windows), and even larger windows (200ms). Investigation did not yield
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different effects even though the higher time resolution showed different characteristics in some

cases. The main analysis was done with time windows of 200ms because of the computing load

in processing the coherence matrices. However, considering the short timerange in which the

overall system re-arranges (Bressler & Kelso, 2001) these timesteps might be too large.

Therefore, I compared the coherence over time within the frequency bands between the different

time resolutions (Figure 20).

Figure 20: Coherence over time for all frequency bands. Coherence values range from 0 to 1 and are
depicted at the y-axis. Analog to Figure 15, the left picture depicts coherence for time steps of 200 ms.
The right picture shows coherence values for time steps of 20 ms, and thus gives a more fine-grained
picture.

Further, inspection of all electrode pairs did not give evidence for a consistent difference in

distributions of coherences between pre- and post-stimulus time windows. However, there is a

development towards overall higher coherence values after stimulus onset, especially in the

gamma frequency band.

An effect that could be found in all subjects is an increase in overall coherence from stimulus

onset until 500 ms after stimulus onset (Figure 21). Overall coherence implies higher coherence

values for the majority of electrode combinations, leading to a strong interconnectivity between

numerous areas. If such an increase could be seen, then it was most dominantly evident in the

gamma band. Increases of coherences in the lower frequency bands, especially theta and alpha,

almost never showed a consistent tendency over time. However, the effect of overall higher

coherence within the lower frequency bands could be seen in some cases. Effect of the stimuli is

again a feature, which could not be shown to be consistent, neither over conditions, nor over
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frequency bands. Distributions were compared using the Kolmogorov-Smirnov test. There is no

clear evidence for a general tendency.

Figure 21: The plot depicts coherence inspected over time after stimulus onset: Coherences are shown for
one subject in the condition ‘incongruent left’ (picture left, sound right) in the gamma band. The time
window centers under investigation are 0.173, 0.357, 0.541.

Another general tendency, which I could find in most conditions, concerns the coherence length:

Coherence lengths tend to be longer for higher frequencies. This effect was especially prominent

in the occipital areas directly following stimulus onset and in some cases in the frontal areas 1

second after stimulus onset (Figure 22). There were no differences between conditions for this

finding.
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Figure 22: Coherences for the different frequency bands in the condition ‘congruent left’ (animal left and
sound left): Upper left panel: theta, upper right panel: alpha, lower left panel: beta, lower right panel:
gamma2. In this case, there is stronger coherence between occipital and temporal areas at the left side for
the theta and alpha frequency band. This is in contrast to the hypotheses. However, for the beta band,
coherence is non-significantly stronger at the left side. Overall coherence is strongest for the gamma
frequency band. This is a typical characteristic for most – but not all – cases.

There is a tendency in the distribution of the frequency bands in the coherence analysis: The

highest coherence values are nearly always found in the gamma frequency band (Figure 22, lower

right plot). This was evident for three subjects in varying intensity. In one subject, coherence

values in the lower frequency bands varied between 0.6 and 0.7, only in the gamma band

coherence was stable about 0.9 for all electrode pairs. That is, there is a strong effect of

coherence in the gamma frequency. However, this finding holds for all conditions for electrodes

over the whole scalp, with only very few exceptions. Consequently, it also does not allow for

inferences on general underlying processes. At the same time, in two subjects, I could also see

tendencies for higher coherence values in the theta and alpha frequency band after stimulus onset.

Accordingly, there is no evidence for a gamma frequency effect in this experimental task (Figure
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23). Still, it might be that different frequency bands carry different steps within the integration

process.

An interesting extension in analysis would thus be a cross-frequency analysis, which might reveal

insights in synchronization effects across frequency bands that might be covert in the data (see in

the discussion).

Figure 23: Coherences for fine temporal resolution for all frequencies. Depicted are coherence
measurements for a right occipital channel (111) and a right temporal channel (107) in the condition
‘congruent left’ (animal picture left and sound left). There is no clear structure, which can be extracted
except the effect of stronger coherences after stimulus onset. In the second plot, only coherences higher
than 0.6 are depicted to see the effects more strongly. There is a desynchronization directly at stimulus
onset (time window from 0.097s – 0.291s) for all frequency bands. Peaks in coherence appear mainly in
the gamma frequency band around 0.5s and around 1.7s.
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Although there is a very high variability already within one condition within a particular

frequency band, I inspected differences between experimental conditions to find evidences for the

hypotheses. Let us take a look at some cases: In the ‘congruent left’ condition (animal picture left

and sound left) there is the strongest coherence in the right temporal areas in the alpha frequency

band. In the ‘congruent right’ condition there is a stronger desynchronization in the left temporal

areas in the alpha band. However, this is again not a finding that is consistent for several subjects.

The effect was an exception rather than a consistent finding. Nevertheless, it rises the question on

whether to inspect for stronger synchronization or rather for desynchronization.

In another subject in the ‘congruent left’ condition, there is a more right-oriented coherence

distribution in the temporal area – but this tendency in turn is only seen in one more subject.

Further, in the ‘congruent right’ condition I could not find the same effect at the left side as I had

expected following the hypotheses. Generally, the comparison between the conditions did not

lead to consistent results: There was no evidence for consistent differences in synchonicity of

neuronal assemblies between different conditions.

Figure 24: This plot shows coherence in the condition ‘congruent left’ directly after stimulus onset in the
alpha frequency range. Remarkably, the coherence between the electrodes right temporal with the
occipital electrodes is stronger than the coherence between left temporal electrodes and the occipital areas.

To compare the experimental conditions with each other and to compare experimental and

control conditions, I measured the differences between them for all subjects in all combinations

of conditions. The following contrasts were computed: The difference between congruent and
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incongruent condition at the same side (‘congruent left/right’ – ‘incongruent left/right’) and the

difference between congruent and incongruent conditions at different sides (‘congruent left/right’

– ‘incongruent right/left’). I compared each experimental condition with each other condition and

visually inspected several time windows for each frequency band. Again, there was extremely

high variability in the results not allowing inferences on general tendencies in processing of the

stimuli. As an example: Whereas in alpha, the control conditions show higher coherence values,

in the other frequency bands the experimental condition shows higher coherence.

As a further processing step, I looked at the effects of congruent versus incongruent

conditions. As contrast, I computed the difference between congruent and incongruent conditions

without regard to the side ([‘congruent left’ +‘congruent right’] – [‘incongruent left’ +

‘incongruent right’]. Further, I compared conditions in which either the visual stimuli were at the

same side (be they congruent or incongruent) or where the auditory stimuli were at the same side,

respectively. Additionally, I took together all experimental conditions to compare bimodal

stimulation, regardless of congruence or lateralization, with unimodal stimulation provided by the

control conditions. In none of these numerous comparisons, I could find consistent evidence for

task-related differences in the oscillatory patterns of the neuronal activity.

As already stated, there was great variability over time. However, averaging over time did also

not provide any hints for an underlying consistent relationship (Figure 25). Likewise, the focus

on the predefined regions of interest as an alternative to the analysis of the whole dataset

including all 128 locations, did not show any particular effects for the areas which are

specifically occupied with the task in the present study, i.e. visual and auditory processing.
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Figure 25: Coherences for the condition ‘congruent right’ – animal on picture and sound are presented to
the right. Coherences are averaged over the whole time range. The plot depicts coherences for a frequency
window in the theta band (window centre at 7.3242 Hz) and for a frequency in the gamma band (window
centre at 41.0156 Hz). Overall coherence is stronger in the gamma frequency, even if the averaging over
time reduces the strength of the effect. Contrasting to the hypotheses there is stronger coherence at the
right side in this case.

Interestingly, often, strong effects appear in the coherences between frontal and temporal areas,

as well as between frontal and central areas (Figure 26). One might well argue about the

functional role of attention possibly leading to this effect, which was again not a consistent

finding.

Figure 26: Coherences in the control condition (‘animal only’) in the theta band, directly after stimulus
onset. Note that the strongest coherence is located central as well as frontal.

To sum up, the desirable effect of a consistent relationship between two signals could not

be found. No differences were found between experimental conditions and control conditions.

High variance is the prevailing feature, which consequently forbids any conclusive statements on
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the underlying processing. The inspection of selected pairs of electrodes revealed that activity

varied tremendously with time across a trial. Coherence was observed as intermittent between

pairs of electrodes. Most noticeable, the various comparisons of the same electrode pair across

time showed high variability seemingly unrelated to behavior. Inspecting all conditions for all

frequency bands at all time windows did not show any consistent effect supporting the

hypotheses. There seems to be no difference concerning the experimental conditions, neither

according to the congruent-incongruent distinction, nor for the lateralization expected. All in all,

there was no evidence for a sustained commonality of synchronization following stimulus

presentation whatsoever.

Discussion

In the following, I will first very briefly sum up the present results. Then, I will critically discuss

the present experimental set-up considering the stimuli and the analytical procedure. From there

on, I discuss a number of alternative methodological approaches that are adequate for the analysis

of data seeking to understand multimodal processing. Finally, I will provide a proposal for a

future project that considers the present results.

In the present visual-auditory integration task, there is no evidence for enhancement of interarea

oscillations in congruent stimulus conditions. Due to the enormous variance between subjects,

conditions, and frequency bands without any visible consistency, the results do not allow

conclusions on the underlying neuronal information processing. Pairs of electrodes show high

variability across trials at the same point in time. I could not find evidence for phase coupling in

any frequency range. However, this might also be due to the very short intervals in which the

coherence varied. Sometimes pairs of electrodes showed high coherence values, while

neighboring electrodes or even electrodes between them showed different features. However, this

was not a consistent finding – most often, neighboring electrodes had similar activities. Despite

extensive search no evidence was found for task related differences; instead a characteristic high

variance was evident for all comparisons done.

! The results of the present study do not allow for far-reaching inferences concerning

processing of cross-modal natural stimuli. As the present data is the result of a pilot study, it

provides multiple motives to develop the underlying, generally attractive and convincing, idea on

the relevance of coherent oscillatory EEG activity in multimodal integration further. It is
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necessary to consider a) the drawbacks of the current experimental paradigm and b) the various

previous evidences for the functional role of synchronous activity in a wide variety of

experiments in animals and humans across modalities and experimental tasks (Engel et al. 1991,

Bressler 1995, Munk et al. 1995, Roelfsema et al. 1997, Singer 1999, Tallon-Baudry & Bertrand

1999, Rodriguez et al. 1999, Klimesch 1999, von Stein et al. 2000, Fries et al. 2001).

Recent studies have given evidence for interarea synchrony in different frequency bands

depending on the task and the area under investigation. Synchronization in the gamma frequency

band has been implicated with binding of the activity of distributed neuronal assemblies to

coherent stimuli. A study by Fries et al. (2001) suggests that synchrony in the gamma band and

desynchronization in lower frequency bands enhance the processing of information in visual

selective attention. Sustained synchrony between distinct extra-striate visual areas in the beta

frequency band has been shown in a visual memory task (Tallon-Baudry et al., 2001). Also, beta

frequencies are assumed to be particularly sensitive to motor activities, and they play an

important role in attentional processes being favorable for long-range interactions (Gross et al.

2004). Memory rehearsal is related to oscillatory synchrony between distinct functional areas.

Memory processes are also reflected by oscillations in the theta frequency band.! !!K!l!i!m!e!s!c!h (1999)!

!d!e!m!o!n!s!t!r!a!t!e!s! !a!n! !i!n!c!r!e!a!s!e! !i!n! !t!h!e!t!a! !b!a!n!d! !p!o!w!e!r! !i!n! !r!e!s!p!o!n!s!e! !t!o! !m!e!m!o!r!y! !d!e!m!a!n!d!s! !c!o!m!p!a!r!a!b!l!e! !t!o! !t!h!e!

!b!e!h!a!v!i!o!u!r! !o!f! !h!i!p!p!o!c!a!m!p!a!l! !t!h!e!t!a! !i!n! !a!n!i!m!a!l!s!.! It is gamma and beta frequencies that are supposed to

be mostly involved in establishing interarea phase synchrony, but often in context with the

contribution of the slower alpha waves. Further, the alpha frequency is known to be sensitive to

modulations in perception and sensory processing. Hummel and Gerloff (2005) could show that

task performance in a visuotactile integration task is directly correlated with the degree of

synchrony in the alpha frequency band. Higher synchrony, assessed by coherence analysis,

determined better performance in the task. The whole range of frequencies has been shown to be

involved in interregional synchronization in tasks that require integration. Thereupon, all

frequencies need to be considered in the analysis – singular and in their interaction.

Evaluation and Discussion of the Present Set-Up

It is reasonable to reconsider working hypotheses, experimental set-up, and stimuli of the current

pilot study. That is why I now first discuss potential challenges resulting from the present study

and after that give a proposal for a future research project aiming at the same underlying question

with a modified set-up.
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A general aspect concerns the very idea of binding. One might be sceptical about the existence of

a binding process in the present paradigm. Seeing an animal and simultaneously hearing the

sound this animal usually produces might not be sufficient for the binding of the features to a

complex object representation. Possibly, the binding must be enforced more strongly, maybe

even rendered behaviorally more relevant, to bring about synchronization effects. However, it

was the original underlying assumption that binding takes place in the current paradigm.

Moreover, there is no clear criterion on what is necessary to provoke real binding by synchrony.

Concerning the stimuli, it is very reasonable to control more reliably for visual lateralization as

well as for auditory lateralization if one aims to investigate lateralization effects. First, having a

visual stimulus for 6 seconds might be too long to allow for a separation necessary for the

lateralization effect. Second, in my set-up, lateralization probably did not take place at all, as

there was a continuous visual input from the background scene. Further, it is possible that by

some pictures emotional valence has been conveyed, e.g. by the tiger and the snake. This might

well lead to emotional effects as well as effects of attention which have not been controlled for in

the present set-up. Further, the animals, which were positioned in the left or right visual field,

which should serve for lateralization, might not be sufficient to allow for a lateralized effect, as I

conclude from the analysis. Concerning the auditory stimuli there is a problem with the

continuity of the sounds: The animals whose sounds were recorded most often produce sounds in

irregular waves, i.e. the dog barks, then there is a short break, and it barks again, the same holds

for the cat, and the tiger. To better control the auditory stimulation, it would be reasonable to

produce continuous sounds. Improvements of the stimuli in both modalities are reasonable.

Concerning the paradigm, the role of working memory needs to be taken in consideration, as

the present study involves a task, which demands keeping in memory the location of the animal

for several seconds. The same holds for attention: Functional variations in gamma activity might

reflect attentional mechanisms (Tallon-Baudry, 2003). Spatial attention has been shown to

modulate gamma oscillations and thus, to have an amplification role for relevant signals (Fries et

al., 2001, Fell et al., 2003). This was not considered in the present paradigm.

Furthermore, during analysis it became evident that there was no clearly defined baseline in my

experimental set-up. As the subject automatically starts the new trial when she presses a button, I

cannot assume a baseline with certainty. The time before stimulus onset, which I consider in my
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epoched data, is probably the time in which the subjects decide. Introducing a timerange, which

serves as baseline, is therefore strongly suggested.

Concerning data-analysis, the present study employed second-order statistics with the analysis

of power spectral density and coherence. Certainly, it is sensible to take into consideration

higher-order statistics additionally. Equally important and very auspicious is the analysis of the

sources and the investigation of the current dipoles to recover cortical sources of the scalp

recorded data. In the following, I will briefly discuss some aspects concerning alternatives in data

analysis.

Definition of Frequency Ranges

There are widely different assumptions about how to define frequency ranges according to

objective criteria. The use of fixed frequency bands as proposed by von Stein et al. (1999) and

employed in this study might not be justified well enough. Von Stein and Sarnthein (2000) give a

review on EEG studies on large-scale integration in different frequency ranges. They suggest a

relationship (more specifically, an inverse correlation) between the spatial scale on which

integration based on synchrony happens and the particular frequency band of the involved

oscillations. Similarly, Siegel and König (2003) found evidence for differences in the functional

role in low- and high-frequency bands. They could show that the frequency of maximal

synchronization is different from the synchronization, which is most specific to the stimulus.

Furthermore, Klimesch (1999) demonstrates for the theta and alpha frequency bands the necessity

to define the bands individually for the subjects according to task demands. In the following, one

should aim at functional and objective criteria for the definition of frequency bands.

Spatial Scale

In addition to frequency-based analysis followed in the present analysis, one might consider the

spatial scale to have a more stable fundament on how to motivate the analysis procedure.

In general, the magnitude of EEG measurements is due to the spatial summation of the current

density which is induced by synchronization of postsynaptic potentials occurring in neuronal

assemblies. According to calculations which are reviewed by Hämäläinen et al. (1993), a typical

size of an assembly must cover at least 40 to 200 mm2 of cortical surface.
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Consequently, Varela et al. (2001) as well as von Stein & Sarnthein (2000) proposed to

differentiate between local synchrony and long-range synchrony: Even though this distinction is

not rigid, as there is also evidence for regional networks (Engel et al., 1991), the distinction helps

to clarify the spatial dispersion of synchronous oscillatory activity. Local integration by tight

interconnectivity occurs on a spatial scale of about 1 cm through monosynaptic connections.

Experimental evidence for this type of synchrony comes from studies in visual cortex and

hippocampus (e.g. Gray, 1999). Local synchrony within one area has shown a sustained time-

course and peaks in different frequencies in different areas (Tallon-Baudry et al., 1999). In

contrast, large-scale synchronization spans distinct brain areas laying several centimeters apart by

polysynaptic pathways (e.g. occipital-frontal). For the regional synchronization there has been

empirical results for dynamic changes in correlation of LFPs between areas in a visuomotor task

(Roelfsema et al., 1997). This provides evidence for large-scale synchrony changes during task

performance.

Concerning conduction time, for local synchronization the delay is about 4-6 ms, for the large-

scale synchronization transmission takes about 8-10 ms and more. This information is useful for

an analysis on data with high temporal resolution and should be considered, especially in relation

to source-analysis.

Timescale

In consequence, the question arises on which timescale coherence occurs in a point-wise

measurement of an electrical field that varies a lot over time. In the present analysis, I

investigated 20 ms time steps and also 200 ms time steps. Previous studies reveal different

information on the time course of synchronization and desynchronization following an event.

Fries et al. (2001) report that synchronization in the gamma range causes spikes to coincide

within 10 ms. Desynchronization in the lower frequency bands might reduce spike coincidences

with 50-100 ms. Coherence episodes have been shown to last about 50-200 milliseconds

(Bressler & Kelso, 2001). This time might be related to the time required for transient

conjunctions between the distributed areas. Further, the dynamic formation of synchronous

networks happens in waves of about 100-300 ms. Generally speaking, it is important to notice

that coherence is transient in nature (Varela et al., 2001). That is the system has metastable

patterns, leading to an ongoing change in coordination between neuronal assemblies. Bressler and

Kelso (2001) assume that the transition from one state in another happens very fast: The system
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remains in one state about 100 ms, then within 25-50 ms new couplings are established. Menon et

al. (1996) made observations suggesting that the duration of correlation episodes range from 50

to 250 ms. Note that they have done spatio-temporal correlation analysis, that is they were able to

investigate each trial individually. However, I assume that the timescale can give evidence for

coherence measurements as well, and that one should be strongly encouraged to investigate time

windows as small as possible.

Extension to Cross-frequency Analysis

Here, I have done calculations of time-invariant spectral functions of second order, i.e. power and

coherence measurements. However, from these it cannot be derived whether there is phase

coupling between frequency bands.

The present results have shown that the oscillatory responses peak at different frequencies

in different areas with varying time-courses. Possibly, the synchrony does not occur solely within

a frequency band but rather occurs between different frequency bands. Synchrony might be

related to some kind of non-linear phase interaction between frequencies. E.g. gamma-band

activity might also reflect changes in harmonics of alpha waves. The detailed relation between

oscillations between assemblies in different frequency bands is not well known by now. To

investigate the possibility of modulations across frequencies, the methodological approach of

cross-frequency analysis by means of bispectral functions of third order could be useful.

Especially for interarea coherence that I am investigating, there is evidence for cross-frequency

phase–coherence. There might be event-related changes in synchronization, which are

functionally related across frequencies. It is of interest for us in how far one frequency band

influences another. Regression analysis for some of my data investigating in how far coherence in

one band is influenced by another (measuring covariance) did not show significant effects.

Recent studies dealt with the question of synchronization of different frequencies by

phase coupling and its functional role. Sarnthein et al. (1998) found synchronization during

working memory activity in the alpha band, as well as enhanced coherence in the gamma range

between prefrontal and posterior association cortex pointing at a phase-coupled theta-gamma

oscillation. Schack et al. (2002), employing a short-term memory task, even showed the

limitations of second-order analyses, which presuppose the independence of oscillations at

different frequencies: They could demonstrate that the gamma frequency band is due to non-
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linear theta-gamma oscillations. With this they could distinguish between primary and derived

activities, which can only be achieved when considering instationarity of signals and

interdependencies between rhythms in different frequencies. Witte and Schack (2003) give an

overview on methodological strategies in phase-coupling analysis. Biamplitudes represent co-

occurences of oscillations, bicoherence as normalization of the biamplitude give evidence for

frequency pairs with phase coupling. Generally speaking, bispectral analysis is a suitable tool to

approach questions concerning relations between two or more rhythms at different frequencies.

If one further aims to look at the time development, one needs time-variant spectral functions,

which consider temporal short-term dynamics. These tools understand a pair of EEG channels as

an instationary signal process, which is two-dimensional. A model with time-dependent

parameters then is a two-dimensional autoregressive moving-average model (ARMA) allowing

approximation of the spectra for momentary time-points, which cannot be achieved by Fourier

transformation. For estimation procedures, see the work of Schack and coworkers (2002, 2003).

For mathematical foundations and detailed investigation of bi-spectrum, bi-amplitude and bi-

coherence, see Nikias and Petropulu (1993).

Alternatives to Coherence Measurements

Concerning the analysis of synchronization processes, it is further reasonable to ask whether

coherence is the right measure. Studying detached phase information in order to detect transient

networks of neural assemblies is surely a justified approach (for an overview see Varela et al.

(2001)). However, how to investigate and measure this information? Phase information concerns

the absolute phase at one point in time, the relative phase of two oscillations at two sites with one

frequency, or with different frequencies and at different sites (Witte & Schack, 2003). Maybe,

one might focus on phase-locking (Lachaux et al., 1999, Le Van Guyen et al, 2001, Tass et al.,

1998): Lachaux et al. (1999) show local field potentials as well as large-scale phase

synchronization in a visual discrimination task and provide a method for quantification of

frequency-specific synchronization. They suggest an analysis of phase synchronization separating

phase and amplitude components. Discarding the effect of amplitude is especially useful when

correlations exist only in timing with independently varying amplitudes. There is an ongoing

debate (Hurtado et al., 2004) on which measurement serves best to capture synchrony effects and

investigate large-scale synchronization.
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General problems related to the application of these analyses to scalp data are still not

solved. Nunez et al. (1999) demonstrate in how far coherence between specific electrode pairs

has shown to be sensitive to method and frequency. Each method for coherence analysis has

some potential sources of error and provides coherence estimates for different neural population

sizes located in different locations. Best, one combines different kinds of estimates to profit most

from the information in the recorded signals, and to avoid the pitfalls of the particular analysis.

As an alternative methodological approach Tallon-Baudry et al. (1998) used time-

frequency analysis with Morlet's wavelets to detect induced epochs of gamma activity that were

not phase-locked to the stimulus onset. The general idea in wavelet analysis is to decompose a

time series in the time and frequency domain simultaneously by convolving the signal with

several filter kernels. By doing so one obtains information on the amplitude of any periodic

signals within the series, and at the same time one can investigate how this amplitude varies over

time. For wavelet transformation the selection of the wavelet is very important. Morlet wavelet is

a locally periodic wavetrain that results from a complex sine wave that is multiplied with a

gaussian envelope. The advantage of this kind of wavelet is that it is very accurate in spectral

localization.

Alternatively, Miltner et al. (1999) report effects of gamma-band coherence which cannot

be obtained by Fast Fourier Transformation or wavelet analysis, but only when using time

varying autoregressive modelling of multivariate time series based on Kalman-filtering. The

Fourier transformation seems to be not sufficiently effective in that kind of analysis because of its

assumption for the signal to be stationary during the whole interval. In contrast, with Kalman

filters one can adaptively estimate autoregressive coefficients which are needed for signal

analysis of non-stationary signals.

Still another approach is the usage of Hilbert transforms to assess phase coupling: It is a

method to estimate a signal's phase by calculating the instantaneous phase and frequency for each

time step. It is similar to Morlet’s wavelet as it informs about energy and phase as functions of

time. Le Van Guyen et al. (2001) demonstrate that wavelet analysis and Hilbert transformation

are fundamentally equivalent methods to study neuroelectrical data. In contrast to the Fourier

transformation, the Hilbert transformation is a transformation within one domain – usually the

time domain. What is the general idea? All negative frequencies of a signal are shifted +90° in

phase, and all positive frequencies get a -90° phase shift. The Hilbert transform is a sort of filter
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changing the phase of the spectral components depending on the sign of their frequency.

Importantly, it only effects the phase of the signal. It has no effect on the amplitude at all. One

uses the so-called analytical signal from the Hilbert transform which can cope with input which is

half in the time-domain and half in the frequency domain. Tass et al. (1998) employed the Hilbert

transform based on a generalized n:m phase delay relationship to calculate the analytic phase.

They used Shannon entropy to devise a nonlinear index of phase synchronization and evaluate

transient coupling between EEG and EMG. Freeman and Rogers (2003) used Hilbert transforms

to examine phase relationships in a visual-auditory discrimination task. Apparently, this

transformation can be well suited for cross-frequency coherence analysis. However, there is a

drawback also in this approach: Some signals of interest may reside within a crowded region of

the frequency domain, and the Hilbert transformation works best with an isolated narrow band

signal. For signals with broad spectra it might give seemingly random variations.

For an informative overview on methodological strategies in the quantification of phase

coupling (1:1 phase coupling, n:m phase coupling, quadratic phase coupling) see Witte and

Schack (2003). Bruns (2004) compares the three classical spectral analysis approaches – Fourier-,

Hilbert- and wavelet transform and argues that they are mathematically equivalent in most cases.

In a similar comparative study Quian Quiroga et al. (2002) show that various synchronization

measures lead to qualitatively similar results – with a proposed higher sensitivity of nonlinear

measures. Hurtado et al. (2004) provide another comparison of methods – phase coherence, phase

difference entropy, and mutual information - to determine phase-locking, and they show that

results in the detection of neural interaction are sensitive to the selected method.

Adequacy of ICA in Coherence Analysis

Another aspect, which deserves discussion, is the adequacy of using ICA when aiming at

coherence analysis. One drawback of ICA’s efficiency is its extreme sensitivity to outliers, which

often can be the leading factors during the search for independent underlying sources. The high

sensitivity to outliers can decrease performance in decomposition tremendously. Further, the

approach can only detect as many sources as there are sensors. Obviously, in such a complex

system as the brain, there are much more sources than sensors. However, on the other hand, what

might be investigated on a macroscopic scale is less detailed as the actual sources. By now, ICA

cannot provide information beyond giving the scalp topographies of the particular independent
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components. Without any doubt, it would be reasonable to try doing coherence analysis on

components. However, how to do the interpretation right is not known reliably yet. There are

some general limits and problems of this kind of decomposition discussed by Müller et al.

(2000). Having only relatively few data points, one faces the so-called “curse of dimensionality“.

This is the tendency of a state space to grow exponentially in its dimension, based on a very slow

convergence of an estimator to the true value of a high dimensional function. Another problem

that might occur concerns rhythmic activity because pure oscillations have negative kurtosis but

might be nevertheless interpreted as Gaussian (see Vigario et al., 2000).

The most pressing difficulty, however, arises from the relationship between brain current

sources and the resulting extracranial electric field, recorded as EEG: Two sensors might actually

not record from different areas but rather from overlapping neural populations whose particular

frequency and phase will determine the amplitude of the resulting signal. One individual neural

source is likely to influence the signal in numerous recording channels. Thus, the measured

synchrony results from volume conduction rather than from the coupling of brain structures.

It needs to be considered that ICA probably cannot find the underlying sources reliably.

As the underlying brain sources are not measured separately, the sensors can only access

superimposed signals. The reason for this is at least twofold: The currents in the neural tissue

need to be related to a reference, which here has been chosen to be the nose tip as a place where

are very low electric potentials. Another, more urgent cause is the matter of volume conduction –

the fact that electric potentials are spread over the whole scalp because of the skull’s low

conductivity – leading to a smearing of the current. High correlation between neighboring

electrodes, especially in high-density recording is the consequence. This might lead to erroneous

information about synchronization. Volume conduction might induce patterns of synchronization,

which do not covary with the experimental events. Interpreting EEG data in terms of between-

area synchronization is thus challenged by artificial synchronization induced by volume

conduction. Hence, one has to differentiate strictly between sensor space and source space.

Menon et al. (1996) demonstrate that spatio-temporal correlations are extremely hard to

detect. They show that spatio-temporal correlations vary significantly with interelectrode

distance. Following, they assume that no currently existing technology is capable to measure

frequency patterns at the scalp with reliability. However, considering that the present study uses

128 channels, spatial resolution is at least improved remarkably in comparison to 32 channel

recordings.
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As soon as one considers that the sources might be somehow coupled, the assumption of

independent sources is no longer met. ICA could be a prey for this pitfall as it assumes that the

source signals are mutually independent, which might not be true for synchronous oscillators.

Extension to Analysis of the Source Space

The dilemma in short: When working with ICA, one assumes that brain networks act

independently. However, this is not true. And it is a particular dilemma when one assumes that

the sources are coupled or become synchronized, as we do when trying to analyze interactions.

Here, the independence criterion seems to be violated. Thus, the problem is that the effects of

mixing do not allow a synchronization analysis, and on the other hand the effects of

synchronization violate the ICA. Meinecke et al. (2005) discuss this dilemma in more detail.

However, there is evidence that synchronization analysis techniques in fact can detect so-called

spurious synchronization, even if they only get the superimposed signals as input.

A general step in analysis, which has been proved to be useful, is “deblurring”, i.e.

increasing the spatial details. This should help to check whether it is really coherence what is

detected. There are several approaches how to do so: One can perform Laplacian derivation,

which reduces spatial blur distortion of scalp-recorded brain potentials due to transmission

through the skull and other tissues. That is, Laplacian derivation further improves dipole source

analysis by reducing the bias caused by distant sources or volume conduction. There is a „local“

Laplacian operation only using the data from the neighboring electrodes for estimation. For the

computing, a balance in all directions is necessary. This is given best by an original symmetric

center-surround configuration of the electrodes, or by adding a system of linear equations as it is

proposed by Gevins (1989). In a „global“ approach one relies on interpolation: Current-source

density analysis basing on spherical spline interpolation algorithms which use Laplacian

derivation can maximize the topographic specificity of the sources. The resulting waveforms out

of the current source density measurements can then be submitted to coherence analysis (Nunez

et al., 1994).

An alternative to the usage of Laplacian derivation to filter out misspecifications is the

blind source separation with Temporal Decorrelation Source Separation (TDSEP) (Müller, 2004;

Meinecke, 2005). The underlying idea is to minimize a cost function describing the time structure

of the sources. This is achieved when decorrelation over time of the estimated sources occurs.

However, the TDSEP cannot separate sources that are correlated over time, which might be a
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problem. Furthermore, one might try to measure relative coherence changes, i.e. the difference

between coherence in the rest condition and coherence in the task condition, rather than absolute

values (Hummel & Gerloff, 2005) – and by doing so circumvent effects of volume conduction

and bias by the reference electrodes.

As a consequence from the previous discussion, I urgently would investigate the source

space and do analysis based on information on the sources. That is, I would try to bridge the gap

between the macroscopic approach of EEG to the underlying neural substrates. Source

localization techniques aim to improve the spatial resolution from a centimeter scale on the scalp

to a millimeter scale on the cortex. Thus, cortical spatiotemporal activities can be investigated

with an improvement in spatial resolution in a noninvasive way.

For an overview on different source localization methods see Yao and Dewald (2005) and

Michel et al. (2004). A common approach – the low resolution brain electromagnetic topography

(LORETA) - is provided by Pascual-Marqui et al. (2002). All approaches to the deconvolution of

the scalp EEG need two models: A head volume conductor model and a source model. The latter

aims at determining which regions of the brain are active, given voltage measurements at the

scalp. This task requires the solution of an inverse problem. That is, given a subset of electric

potentials measured on the surface of the scalp, and knowing the geometry and conductivity

properties within the head, recover and calculate the current sources and potential fields within

brain. A general claim is that there is no unique solution, and solutions do not depend

continuously on the data. Obviously, it is of great importance to be able to rely on the accuracy of

the results. Here, an interesting method might be helpful that assesses accuracy of an estimator by

sampling with replacement from a set of independent trials: One can estimate the confidence of a

source localization by using the nonparametric bootstrap. Repetition of this process and

estimation of parameters from each new bootstrap resample might help to understand the

distribution of the estimator.

Generally, when aiming at the analysis of the source space at least two questions are

faced: The problems of source identification (what are the sources?), and the problem of source

localization (where are the sources?). As seen above, ICA maximizes the joint entropy of the

output channels by performing linear filtering without time delays. By doing so it aims to derive

independent sources from highly correlated scalp EEG signals without considering the locations

or configurations of the source generators. Thus, the ICA separates the problem of source

identification from that of source localization. It would be desirable to develop a decomposition
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algorithm which can deal with constraints on both sides: That is, performing an independent

component analysis decomposition of the input data and an inverse source model decomposition.

Presumably, localizing multiple dipoles independently by performing ICA before doing the

source localization could substantially reduce search complexity.

The overall aim in considering how to do EEG analysis should be to improve the signal

interpretation and the understanding of the complex interaction of a multitude of spatially

distributed neural assemblies. Phase-analysis is an important aspect to reach that goal. However,

also source investigation and even alternative approaches considering non-linear aspects and

information-processing concepts should be taken into account in a detailed analysis. E.g., the

measurement of mutual information is able to detect non-linear correlations between phases.

Further, understanding the mechanisms of synchronous activity might require the combination of

different types of recording such as LFP, EEG and MEG.

Proposal for a Future Experimental Design - Cross-Modal Integration in Perception of
Camouflage Pictures

The underlying idea:

Synchronization should be enhanced when distinct features are bound together compared to when

they stay segregated. Camouflage pictures serve the purpose of investigating binding very well,

as a binding process is essential for the perception of these pictures. We will investigate whether

additional auditory information on the object helps to bind the features to form a unity. As in the

present study we employ natural scenes containing animals as visual stimuli. Stimuli are prepared

to be camouflage-like by increasing contrast and brightness extremely. Animal sounds serve as

auditory stimuli.

Assumptions:

• We aim to enforce subjects to actually use the bimodal input – i.e. to integrate input from

both modalities (c.f. demonstrations of the “redundant target effect” (Miller, 1982, 1991)).

The usage of the additional information and the maximization of entropy can be achieved

when both modalities are considered.
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• We aim at a replication of two previous studies: Tallon-Baudry et al. (1997) and

Rodriguez et al. (1999).

• We combine visual binding (camouflage pictures) and bimodal binding (picture + sound).

• Expectations:

o Coherent stimuli should enhance the recognition process and thus demonstrate the

redundant target effect (Miller, 1982, 1991), (McDonald et al., 2000);

o Find gamma oscillations in electrodes in the visual area (see Tallon-Baudry, 1997)

o Find Event Related Synchronization and Event Related Desynchronization (see

Rodriguez et al., 1999);

o Find evidence for crossmodal integration, possibly between occipital and temporal

areas;

o Find differences between ‘perception’ and ‘no-perception’ condition;

o Find differences between control condition and experimental condition;

o Find effects in the cross-frequency analysis giving further evidence for integration.

• Problem: The question remains whether we get ‘real’ binding. Maybe it is just a

modulation within one modality. This could be a sort of top-down binding taking place

rather than a crossmodal integration. For this, it would be reasonable to have some more

conceptual clarifications: What does it mean to perceive an object as “one”?

We will perform pretests to ensure the adequacy and difficulty of the stimuli. The pretest

procedure serves the following purposes:

• Recognition and identification of sound

• Recognition and identification of pictures

• Effect of mirroring pictures (are they as good as new one?)

• Test how many false positives are produced

Experimental set-up:

Stimuli:

• Visual stimuli: Camouflage pictures (such as the well-known dalmatian dog)

• Auditory stimuli: Animal sounds

• Number of pictures: 120
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• Number of sounds: at least 60

Number of trials: 40 per block; Number of blocks: 3 (4)

Task/Instruction:

“Please try to look at the place of the fixation cross (shown at the beginning) all the time. Find

the animal and identify it if present. Press the button immediately if you are sure that you can see

an animal on the picture. Afterwards, you will be asked whether the animal that you heart

matches the animal you have seen. Indicate by a button press whether there was a match or a

mismatch. After a while, the next trial will follow.”

Set-up:

Conditions:

1. “A Priori”:

a) Congruent Picture and Sound

b) Incongruent Picture and Sound

c) Meaningless Blob Pictures and Random Sound

2. “A Posteriori” (from 1a and 1b):

a) Perceived animal

 i. Without auditory information

 ii.  With auditory information

b) Not perceived animal

+

Animal
Sound

Button
press

2 sec 0.75 sec 5.25 sec Congruent or
Incongruent ?

1 sec

Button
press
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Additional data preprocessing:

• Deblurring

• Normalization of synchronies

Analysis: We aim to investigate the following features based on the above-mentioned conditions

• Enhancement of reaction time (1a vs. 1b)

• Induced Gamma Oscillation before button press (occipital electrodes) (2a)

• Event Related Synchronization and Event Related Desynchronization (2a vs. 2b) before

button press (average coherence of all pairs of electrodes)

• Phase Coherence

o 1a (2a) vs. 1b (2b): We expect stronger coherence in 1a

o 1a (2a) vs. 1c: We expect stronger coherence in 1a

o 1b (2a) vs. 1c: We expect stronger coherence in 1b

o 2a (1a) vs. 2b (1a): We expect stronger coherence in 2a

o 2a (1b) vs. 2b (1b): We expect stronger coherence in 2a

o 2b vs. 1c: We expect similar coherence

• Cross frequency Phase Coherence:

o 2ai vs. 2aii: visible top down influence for 2ai

• Influence of different frequency band coherences on other frequency bands
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Appendix
Channel Layout

Figure 27a: Layout of the 128 channels mounted on the subject’s head via EasyCap.
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Form to Obtain Informed Consent

AUFKLÄRUNGSBOGEN UND EINWILLIGUNGSERKLÄRUNG

für EEG Untersuchungen ohne Geltung des § 40 AMG bzw. des § 17 MPG

Zentrum für Experimentelle Medizin
Institut für Neuropyhsiologie und Pathophysiologie

Universitätsklinikum Hamburg-Eppendorf
Arbeitsbereich EEG / MEG

Ziel der Untersuchung, an der Sie teilnehmen, ist die Erforschung der hirnelektrischen Aktivität
bei der Darbietung visueller und/oder akustischer Reize. Der Versuchsleiter/die Versuchsleiterin
wird Sie gern im Anschluss an die Untersuchung über die inhaltliche Fragestellung aufklären.

Im Rahmen der Untersuchung wird das Elektroenzephalogramm (EEG) aufgezeichnet. Das
EEG ist ein noninvasives, nicht gesundheitsschädliches Verfahren, bei dem Biopotentiale
von der Kopfhaut abgeleitet werden. Dazu werden Sensoren im Kopfbereich angebracht,
die mit einer Leitflüssigkeit  bzw. einem Leitgel (Kaliumchloridlösung) versehen sind. Die
verwendeten Substanzen und Materialien sind hautfreundlich und hypoallergen, dennoch
können vorübergehend leichte Rötungen (Druckstellen) auftreten. Im Anschluss an die
Untersuchung empfehlen wir Ihnen, sich die Haare zu waschen, um die Leitflüssigkeit bzw.
das Leitgel zu entfernen.

Ich habe diesen Aufklärungsbogen gelesen und verstanden und willige in die Teilnahme ein. Mir
ist bekannt, dass ich jederzeit ohne Angabe von Gründen die Untersuchung abbrechen und
meine Einwilligung widerrufen kann. Ich willige außerdem ein, dass meine Daten nur anonym,
also ohne meinen Namen, gespeichert und analysiert werden. Der/die Versuchsleiterin hat
meine Fragen zufriedenstellend beantwortet und mich über den Umfang und Ablauf der
Untersuchung informiert.

Hamburg, den Hamburg, den

______________________________ _______________________________

Versuchsleiter/in   Proband
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Files in Presentation
Experiments in the stimulation software Presentation consist of subunits called scenarios (sce-

files) and programs in the control language (pcl-files). The program files control the scenarios

and use the objects described in the scenario file. As exemplars, here is one pcl-file and one

scenario-file of the present experiment for demonstration:

pcl- file

# crossmodal for all blocks

instructionTrial.present();

# loop over all visual stimuli

loop

   int n = 1

until

   n > graphics.count()

begin

sounds[n].get_wavefile().load();

soundEvent.set_stimulus(sounds[n]);

pict.set_part(1,graphics[n]);

expTrial.present();

respTrial.present();

sounds[n].get_wavefile().unload();

 # Trigger information : Cond TlSl:11, TlSr: 12, TrSl:13, TrSr: 14, Nurtier: 15,Nurton:16

 string x = graphics[n].description();

if x == "con1" then soundEvent.set_port_code(11);

elseif x == "con2" then soundEvent.set_port_code(12);

elseif x == "con3" then soundEvent.set_port_code(13);

elseif x == "con4" then soundEvent.set_port_code(14);
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elseif x == "nurtier" then soundEvent.set_port_code(15);

elseif x == "nurton" then soundEvent.set_port_code(16);

end;

n = n+1;

end;

endTrial.present();

sce-file:

# Crossmodal attention on auditory and visual stimuli

# header containing definitions and assigning values to parameters:

scenario = "Crossmodal1";

scenario_type = trials;

pcl_file = "Crossmodalnew.pcl";

# Trigger

 write_codes       = true;

 pulse_width       = 10;

# Response buttons: 2 for the button box, 1 for the keyboard of the experimenter

active_buttons=3;

button_codes=1,2,3;

# Default settings for screen settings, fonts and colors

screen_height = 768;

screen_width = 1024;

screen_bit_depth = 32;

default_font_size = 24;

default_font = "Times New Roman";

default_text_color = 255, 255, 255;

default_background_color = 0, 0, 0;
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default_trial_duration = forever;

# Sound settings

channels = 2;  # stereo

bits_per_sample = 16;

sampling_rate = 44100;

  #------------------------

# Begin Scenario

begin;

#------------------------

# Define used bitmaps, sounds and text

picture {} default;

# Graphics for block1  (60 stimuli – here are only three stimuli for demonstration)

# definition of scenario objects

array {

    bitmap {filename="ka_01_l.bmp"; description = "con1";};

    bitmap {filename="ro_02_r.bmp"; description = "con3";};

    bitmap {filename="bi_02_k.bmp"; description = "nurton";};

                 }graphics;

# Sounds for block1 (60 stimuli – here are only three stimuli for demonstration)

## definition of scenario objects

array {

sound { wavefile {filename="ka_44_l.wav"; preload = false;}; }sound1;

sound { wavefile {filename="ro_44_l.wav"; preload = false;}; };

sound { wavefile {filename="ka_44_r.wav"; preload = false;}; };

}sounds;

# Texts for "instruction", "pause", "response", "thanks"
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#response:

text{caption = " <-  ->";}respTxt;

# instruction:

text{caption = " Willkommen!\n Dir werden jetzt Bilder gezeigt, auf denen Tiere zu sehen sind.\n In der
Mitte ist ein weifles Kreuz, das Du fixieren sollst.\n Zeitgleich hörst Du Geräusche.\n NACH jedem Bild
entscheidest Du per Knopfdruck,\n auf welcher Seite Du ein Tier gesehen hast.\n . Für ein Tier links
drücke bitte die linke Taste.\n Für ein Tier rechts drücke bitte die rechte Taste.\n Wenn Du kein Tier
gesehen hast, drücke beide Tasten.\n Es wird drei Blöcke mit Bildern geben - \n nach jedem Block kannst
Du eine Pause machen.\n Beachte bitte, dass sich die Antworttasten verändern.\n Wenn Du jetzt bereit
bist, drücke einen Knopf, um zu beginnen. ";}instrTxt;

#thanks – end of experiment

text{caption = " Das Experiment ist beendet.\n Vielen Dank f¸r Deine Teilnahme!";}endTxt;

# Define trials: experiment, response, instruction and end

# Experimental trial:

trial {

     trial_duration= 6000;

     # visual stimuli

       picture {

            # Placeholder defined by PCL

            box{height = 1; width = 1; color = 0,0,0;};

            x = 0; y = 0;

       }pict;

       # auditory stimuli

       stimulus_event {

            sound sound1;

       }soundEvent;

}expTrial;

 # Response trial:

trial {

       trial_type = first_response;

       trial_duration= forever;
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       picture{

            text respTxt;

            x = 0; y = 0;

       };

       time = 0;

       duration = response;

}respTrial;

# Instruction trial:

trial {

       trial_type = first_response;

       trial_duration= forever;

       picture{

            text instrTxt;

            x = 0; y = 0;

       };

       time = 0;

       duration = response;

}instructionTrial;

# End trial:

trial {

       trial_type = first_response;

       trial_duration= forever;
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       picture{

            text endTxt;

            x = 0; y = 0;

       };

       time = 0;

       duration = response;

}endTrial;

m-files – Some Exemplary Functions in Matlab Used in Data Analysis
coherenceonphase

% coherenceonphase
% get coherence on phase with EEGLAB built-in function crossf().
% function computes coherence for given subject for ALL channelcombinations
% i.e. including the ipsilateral occipital channel.

function cohphase = coherenceonphase(vp)

channel1 = [22, 112, 113, 125, 21, 110, 111, 124, 117, 24, 100, 116, 127, 106, 122, 19, 96, 107]  ;
% all relevant occ. and temp. channels:
channel2 = [22, 112, 113, 125, 21, 110, 111, 124, 117, 24, 100, 116, 127, 106, 122, 19, 96, 107]  ;
% order: occleft, occright, templeft, tempright

% for vp=5:6 % say which subjects
for cond = 11:16 % run through all conditions

      display(sprintf('Processing Condition %d',cond));                % where are you?
       setname = sprintf('vp%d_%d_ICA1.set', vp, cond);             % create setname: here for vp4

      [ALLEEG EEG CURRENTSET ALLCOM] = eeglab;         % get variables reserved for eeglab

      EEG = pop_loadset (setname, '/Users/saskia/EEG/Datasets/');    % load the dataset

    for c1 =  1 : length(channel1)  % for each channel do:

    for c2 =  1 : length(channel2)  % for each channel do:

        if channel1(c1) ~= channel2(c2) % but not for the same channel

          display(sprintf('Channels %d with %d',channel1(c1),channel2(c2))); % which channel combination?

          figure % get figure

          [cohphase{c1, c2}, mcohphase{c1, c2}] = pop_crossf( EEG, 1, channel1(c1), channel2(c2), [-1000
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3000], [3         0.5] ,'type', 'phasecoher', 'topovec', [channel1(c1)  channel2(c2)], 'elocs', EEG.chanlocs,
'title','Channel1-channel2 Phase Coherence','padratio', 4);

          %, timesoutphase{c1, c2}, freqsoutphase{c1, c2}

          close all; % I do not want the plots - close them

            end %if
       end %for 1
    end   %for 2

      filename = sprintf('/Users/saskia/EEG/cohphase_%d_%d.mat', vp, cond); % get filename for saving
         save(filename, 'cohphase', 'mcohphase')                     % save with right output variables

end % cond for

getareacoherences

% getareacoherences takes areas of interest and computes coherences:
% General order: occipitla left, occipital, right, temporal left, temporal
% right
% for all frequencies get coherences for occipital left- temporal left etc....
% that is: take areas and compute mean coherences over all possible combinations of channels.

function area = getareacoherences(coh,condition);

% select channels for different conditions (referring to indexes from
% crossfforall[22, 112, 113, 125, 21, 110, 111, 124, 117, 24, 100, 116, 127, 106, 122, 19, 96, 107] )

if condition==11 || condition == 12 % check in which condition you are - here for left
    tchannelsipsi= [10:14];         % get indexing right for temporal channels ipsilateral
    tchannelscontra= [5:9];         %get indexing right for temporal channels contralateral
end
if condition==13 || condition == 14 % the same for the right-conditions
    tchannelsipsi= [5:9];
    tchannelscontra= [10:14];
end

% run through all frequencies and generate the mean of coherences over all
% channelcombinations for each frequency.
% for ipsilateral
otipsi.cohmeans=zeros(31,200); % get structure occipital/temporal for ipsilateral combinations
otipsi.cohvars=zeros(31,200);  % get different fields: mean, variance, max and min of the coherences
otipsi.cohmax=zeros(31,200);
otipsi.cohmin=zeros(31,200);

for f=1:31                      % run through all frequencies (compare with output variable freqsout from
crossfforall)
    meanmat=zeros(20,200);
    count=0;                    % get counter
    for o=1:4                   % loop over occipital channels - which is always only four (as we only look at the
contralateral side)
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        for t=tchannelsipsi     % loop over temporal channels - according to the condition
           count=count+1;
           meanmat(count,:)=coh{o,t}(f,:);  % get coherences out of crossfforall, for all channelcombinations,
for all freqs
        end

    end
    otipsi.cohmeans(f,:)=mean(meanmat); % get content for fields out of meanmat
    otipsi.cohvars(f,:)=var(meanmat);
    otipsi.cohmin(f,:)=min(meanmat);
    otipsi.cohmax(f,:)=max(meanmat);
end

% run through all frequencies and generate the mean of coherences over all
% channelcombinations for each frequency
% for contralateral
otcontra.cohmeans=zeros(31,200);% get structure occipital/temporal for ipsilateral combinations
otcontra.cohvars=zeros(31,200); % get different fields: mean, variance, max and min of the coherences
otcontra.cohmin=zeros(31,200);
otcontra.cohmax=zeros(31,200);

for f=1:31                      % run through all frequencies (compare with output variable freqsout from
crossfforall)
    meanmat=zeros(20,200);
    count=0;                    % get counter
    for o=1:4                   % loop over occipital channels- which is always only four (as we only look at the
contralat. side

        for t=tchannelscontra   % loop over temporal channels - according to the condition
           count=count+1;
           meanmat(count,:)=coh{o,t}(f,:);% get coherences out of crossfforall, for all channelcombinations,
for all freqs
        end

    end
    otcontra.cohmeans(f,:)=mean(meanmat);% get content for fields out of meanmat
    otcontra.cohvars(f,:)=var(meanmat);
    otcontra.cohmin(f,:)=min(meanmat);
    otcontra.cohmax(f,:)=max(meanmat);
end
area.otcontra=otcontra; % get area structure with info for contra and ipsilateral side
area.otipsi=otipsi;

getheadplot

% getheadplot()
% get whole head plots with plot_coherence.m and plottingmainwholeplain.m
% for one subject for all conditions
%*********** Based on visualization developed by Guido Nolte (Nolte et al. 2004)********

function test = getheadplot(data,freqs,times,locs2D)
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test=0; % nothing important - just neede some output!

locs_2D=getLocs(locs2D); % read in locations, can be done separately

clear para;
para.global_size=1;   % change parameters for plot - does not work in all cases - be careful!
para.relative_size=1; %
para.head_right=-.03;
para.scale=[0,1];

plotdata=zeros(size(data,1),size(data,2)); % initialize data

for z=1:size(data,1)                 % for number of rows
    for s=1:size(data,2)             % for number of columns
        if(isempty(data{z,s}))
            plotdata(z,s)=0;
        else
            if(z~=s)                % if not for the diagonal

                      plotdata(z,s)=mean(mean(data{z,s}(freqs,times))); % for given frequency band and time
                else
                plotdata(z,s)=0;             % if same channel= coherence is 1
            end                          % end if
        end % end if
    end % for columns
end     % for rows

h=figure; % get figure
plot_coherence(plotdata,locs_2D,para); % call function to plot with: data, the locations and parameters!

plottingmainwholeplane

% plottingmainwholeplane() for the whole head: gets locations out of channel location file
% reads in coherence values for each electrode and plots the coherence for
% each electrode with all others!
%**** uses plot_coherence.m and locs_2D.m from Guido Nolte (Nolte et al. 2004)********

opengl neverselect; % to avoid problems when plotting

[eloc, labels, theta, radius, indices] = readlocs('128_channel_besa_style.elp', 'filetype','besa', 'format',
{'labels','sph_phi_besa','sph_theta_besa'}); % changed to get locations right

% turn coordinates by 90° - Trick: - get sphere,change locations, get cartesian coordinates again
[t,p,r]=cart2sph(vertcat(eloc.X),vertcat(eloc.Y),vertcat(eloc.Z));
t=t + 0.5*pi;
[x,y,z]=sph2cart(t,p,r);

% para.rot=180;
locs_2D=mk_sensors_plane([x,y,z]); % get locations

data=zeros(size(coh,1),size(coh,2)); % initialize data
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for z=1:size(coh,1)                 % for number of rows
    for s=1:size(coh,2)             % for number of columns
        if(isempty(coh{z,s}))
            data(z,s)=0;
        else
            if(z~=s)
                data(z,s)=mean(mean(coh{z,s}(21:31,8))); % for given frequency band and time
                %data(z,s)=coh{z,s}(30,7); % for given frequency band and time
            else
                data(z,s)=1;             % if same channel= coherence is 1
            end                          % if
        end
    end % for columns
end     % for rows

para.global_size=1; % change parameters for plot - does not work for all cases - be careful!
para.relative_size=1;
para.head_right=-.03;
para.scale=[0,1];

%plot_coherence(data,[ones(size(vertcat(eloc.X),
1),1),vertcat(eloc.X),vertcat(eloc.Y),vertcat(eloc.X),vertcat(eloc.Y)],para)
plot_coherence(data,locs_2D,para); % call function to plot!
%plot_coherence(data,[ones(size(x, 1),1),x,y,x,y],para);
return;
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Installation of an EEG-laboratory at the Department of Neurobiopsychology

As a part of my Master thesis, I was committed to build up an EEG laboratory in the department

of neurobiopsychology in the Institute of Cognitive Science at the University of Osnabrück from

the very first steps. The amplifier – as the core of the equipment - was present, and it gave the

constraints for the further choices on the equipment. The NeuroScan Labs

(http://www.neuro.com/neuroscan/) and Neuromedical Supplies provide a complete combined

hardware and software system for EEG data acquisition and analysis. At least for the acquisition,

we follow the advices from NeuroScan.

For constructing a functional laboratory, we had to decide on the adequate software and on the

whole surrounding equipment including cap, seat, and laboratory material.

The installation of the EEG laboratory turned out to be more complicated than expected due to

hardware problems as well as software compatibility problems. Further, there were uncertainties

with license numbers, which we received completely new only in the very end of our efforts.

Unfortunately, it was not possible to press ahead as fast as desirable with the installation as it was

not in our capacities to solve these problems. They needed to be resolved by several institutions,

which took more time than expected.

This is why after some weeks we decided to get the data for the purpose of my master thesis from

another laboratory. Hence, we started collaboration with the EEG laboratory in the department of

neurophysiology in the University Hospital Hamburg-Eppendorf headed by Prof. Andreas Engel.

The lab, which was very recently established, has extraordinary equipment for EEG studies. The

data I present in this thesis was completely collected in the lab of Dr. Stefan Debener in

Hamburg.

However, the effort to finish the build-up of the EEG laboratory in our own department in

Osnabrück was ongoing. Finally, we now have a functional EEG laboratory, the pre-tests are

being performed, and EEG research can start in the department of neurobiopsychology.

I will now briefly present the main components of our lab and give a motivation for the

decisions being made.

The amplifier:

The amplifier is a NeuroScan 32-channel SynAmps (AC/DC). The system was bought in 1998

for the Institute of Neuroinformatics at the ETH/University Zürich. The SynAmps is a parallel
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signal processing system that performs digitization and online signal processing. The parallel

processing design permits high-speed simultaneous sampling from large electrode arrays,

allowing to measure short latency potentials. SynAmps has an analog and digital circuit which

permits the measurement of slow potential by means of true DC coupling. For the users’s

comfort, SynAmps includes routine laboratory procedures, as a built-in calibration and an

impedance testing circuit.

Prof. König brought the amplifier to Osnabrück from Zurich. At times, we considered as a

potential problem that the hardware was damaged somehow during transportation as the system is

highly sensitive. However, before checking for the hardware, we tried out all possibilities

concerning software problems. For this we got help from a variety of sources, like technical

support services and customer support. In the course of time many compatibility problems raised

and with that long waiting phases to get licence numbers, software locks etc. Finally, all barriers

have been overcome, and the whole system is functional.

Stimulation software:

There are some setting criteria specified for the right choice of the software employed for the

stimulation. Timing is the most important constraint – accurate timing is absolutely necessary for

EEG experiments. It should be ensured that stimulus presentation and triggering have extremely

short delays. The stimulator should not only be able to present visual but also auditory stimuli as

the aim is to have multimodal experimental set-ups. Further, the software should run under

Windows – suiting the existing equipment.

We decide for the open source software Cogent2000 that provides utilities for the manipulation

of graphics, sound, keyboard, mouse, joystick, serial port, parallel port, subject responses, and

physiological monitoring hardware.

Using the Matlab Psychophysics Toolbox or Presentation would have been conceivable as well.

Recording Software:

The acquisition software is the interface to the SynAmps. We found out that we need to use

SCAN version 4.3.1 from Neuroscan Labs as recording software, which is the only system

compatible with Windows XP and the SynAmps amplifier we have. After long and intensive

trials to change everything imaginable in hardware and software, the acquisition finally worked

in combination with the amplifier and the recording PC. The system provides numerous
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recording options, which can be saved such that they can be recalled for each new experiment.

This is useful as it allows the acquisition with the same parameters and various experimental set-

ups.

Analysis software:

We decided to use EEGLAB (version 4.512) - the interactive open source Matlab toolbox for

processing in psychophysiological research.

EEGLAB provides an interactive graphic user interface allowing the user to perform time-

frequency analysis, standard averaging methods, and independent component analysis (ICA).

Besides, the software allows the combination with Matlab, and with this it can extended by

EEGLAB 'plug-in' functions that can be used from the EEGLAB menu.

Cap:

The cap on which the electrodes are mounted is the interface to the human and thus a very

important part in the laboratory. The QuickCap (from Neuromedical Supplies) turned out to be a

not too good choice. However, there are several advantages: The Silver/Silver Chloride

electrodes minimize DC offset potentials and endure stable recording. The highly elastic cap fits

over a range of head sizes and shapes such that we needed only one cap. The electrodes are

carried in a soft rubber holder – which is more comfortable for the wearer. Further, the electrodes

are labeled on the rings, which facilitates the fixation on the right positions.

But there are also numerous disadvantages ruling out the advantages. Moreover, there are

caps on the market which show better practical usage features all in all: The QuickCap has too

small wholes such that application of conductive gel can only be done with needle-like tools.

NeuroScan suggests using blunted needles, which might – even if blunted - easily hurt the

subject. To cope with this problem, I decided to use a syringe added by an intravenous catheter

without the needle, just using the plastic cannula. This allows the application of the electrolyte

gel harmless to the subject.

As abrasive electrolyte conductive gel, we decided for Abralyt 2000 which is a good choice,

having high consistency and at the same time being gently abrasive. Thus, it allows having a one-

step application saving a step when minimizing impedances. Besides, we ordered disinfectants
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(Isopropylalcohol (70%) for degreasing the skin), washers for fixation of the skin electrodes,
cotton wraps and the like.

Further laboratory equipment:

We decided to only leave the stimulation monitor in the room and lead all cables outside. This

should reduce line-noise as much as possible. Similarly, it was made sure that the light-sources

were shielded. A small camera allows observing the subject in the recording room.

Chair:

Finding a comfortable, professional chair for the recording sessions was another task. After

intensive search and comparison between different design models, we decided on a clinical

equipment model, which fits our purpose best. The modular lounger from the Greiner medbest

series ‘multiLine’ fits for different body sizes, and it can be adjusted to the subject’s height. It

allows for continuous adjustment of back and leg rest. The subject can sit laid-back with all

muscles relaxed. Arms lay loosely at the armrest. There is a neck-rest that can be used optionally.

Further, the chair can be mounted in horizontal position such that recording with lying subject is

possible.
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This is a little, very practically oriented guide for the EEG laboratory on how to do an EEG

experiment. It is a collection of experiences and some helpful notes on technical requirements.

Procedure in an EEG Experiment

Complete all pretests:
Vision (also color vision, if necessary)
Hearing (hearing loss < 30 dB),
Handedness

Get the informed consent and provide information on the procedure. Familiarize the subject with
rooms and equipment. If possible, let the subject wash his/her hair intensively with massaging for
blood circulation. Don’t forget to let him/her also wash the forehead.

Fill syringes with abralyt

* Careful and slow drawing - Important: Take care that there are no bubbles at all in the gel!
Syringes must be moved easily – do not use syringes, which are blunt inside. You may deposit
syringes filled with gel in the refrigerator for the next experiment.

Checklist:
Syringes with abralyt

Toothpicks
Tissue
Q-Tips
Alcohol

Tape
Washers
Scissors
Towel

Always follow this rule: Turn ON the SynAmps BEFORE turning on the recording PC !

Attaching the cap

Let the subject seat comfortably – the whole attachment of the electrodes takes a while. During
the whole procedure tell the subject what you are doing.
* Measure head circumference to choose right cap size
* Measure distance nasion-inion
* Fix cap and chin belt
* Check whether FPZ is approximately 4cm above nasion

Inspection: Does the cap seat symmetrically? Is the middle between nasion and inion according
to the cap location?
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Apply electrodes

* Move hair aside with toothpick – do not try too hard and just do 2-3 short moves – this suffices.
*Apply alcohol with Q-tip in a fixed direction. Best go from front to back: Always take new
alcohol on the Q-tip for each electrode, and turn it around at the skin. This should happen fast
because the alcohol volatilises!
* Apply electrolyte gel again in the fixed direction - from front to back. Place syringe directly on
the skin in a vertical direction. Now press and apply the gel while moving out of the electrode
slowly. Do not take too much gel – to avoid the danger of clipping!

Attach EOG-channels and reference

* Clear skin intensively with Abralyt. Soft massaging is good – but do not apply too strongly
* Apply alcohol – Warn the subject: The steam might be awkward
* Fix electrodes filled with Abralyt in the locations VEOG and HEOG (locations are disenfected
and gently massaged with Abralyt before)
* Tape the cables such that vision is not disturbed
* Fix the cables from all electrodes on the shoulder

----- > now move in the recording room <--------------

* Impedance below 10 kiloOhm: (Reach this aim stepwise: first go below 20kOhm, then below
10kOhm)
Massage the gel gently at the skin with the Q-tip or the blunted needle. Stay vertical to the scalp
and turn around the Q-tip/needle. Take care that you do not only move around the hair and hurt
the subject. Note that often impedance gets better after some time by itself just because of the
reaction on the skull.

As soon as the impedances are satisfying, tell the subject what to do and what not to do:
Showing him/ her what happens in case of talking, moving, eye-blinking has a positive effect
on the behavior during the actual experiment!

----  Any questions by the subject? If not - start the experiment  <-------

Cleaning and disinfection of the cap

• Remove all tapes
• Remove all loosely hanging electrodes (EOGs and references)
• Remove entire cap
• Soak 5 minutes in warm water
• Remove electrolyte gel under running water – this needs to be done carefully inside and

outside
• Soak cap in soap for 30 minutes – then wash in warm water
• Deposit cap in disinfection solution (1:4) for 10-15 minutes, then wash it again
• Dry cap
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