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Abstract

In the present dissertation a relatively new correction procedure for the removal
of ocular artifacts is evaluated: Independent Component Analysis (ICA). ICA is
a procedure historically developed for the solution of the Blind Source Separa-
tion (BSS) problem, i.e. the recovery of the sources of a mixed signal. In more
general terms, any multivariate problem that deals with the recovering of latent
variables from a set of observed variables can be viewed from the point of BSS.
Independent Component Analysis, Principal Component Analysis, as well as Fac-
tor Analysis are special approaches for the solution of the BSS problem. In the
first empirical part of the present dissertation ICA is compared to a classical well
established algorithm derived from regression analysis and it is shown that ICA is
indeed a powerful tool for removing ocular artifacts, at least eye blinks. The next
chapter consists of the comparison of several well established ICA algorithms,
since up to now only few have found their way into psychophysiological research
and fewer have been evaluated systematically with respect to parameters of in-
terest for psychophysiology.

Another point is a problem resulting from the sophisticated data processing
that is necessary for using ICA as a tool for artifact correction. Only few, rather
complicated, approaches exist for the automation of ICA which are not easy to
conduct for the user. Thus, it is not surprising that they still haven’t found their
way into practice. As a consequence ICA is less conducted than it would be advis-
able. Thus, a procedure is desirable that provides a reliable and easy to implement
solution. Chapter 4 is an attempt to develop such a procedure.

Finally, in an excursus to error-related EEG-activity, it is demonstrated, that ICA
can be utilized from the opposite analysis direction: not as an artifact removal pro-
cedure, but rather as a technique providing further insight into the EEG-dynamics
of error processing.
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1 Introduction

Tu as voulu de l’algèbre, et tu en
auras jusqu’au menton!

Jules Verne, (1828 - 1905)

In psychophysiological research artifacts represent a serious problem. Espe-
cially in the context of EEG-research very small signals have to be recorded.
Hence, a strong amplification is necessary that amplifies the artifacts as well.
However, due to modern amplifier techniques most of the possible physical arti-
facts (like line noise) have been considerably reduced in recent years.

Another class of artifacts, i.e. biological artifacts, are produced by the organism
itself. These are much harder to control. Typical are artifacts resulting from
muscular activity, heart beat activity or activity resulting from ocular artifacts.
However, in some context the so defined “artifacts” may serve as an information
source as well. Hence, depending on the research question the occurrence of such
an artifact (like eyeblinks) is desirable, since it represents the dependent variable
in that case. This dichotomy is especially true for eyeblinks. They do not represent
only one of the largest artifact sources in research using EEG acquisition, but also
a valuable dependent variable. This is the case for example in emotion (Waters
et al., 2005) or in clinical research. At first glance it seems not quite interesting
to concern oneself with eyeblinks for most research questions.

However, a close look to the (neuro-)physiology of eyeblinks shows that they
do not solely represent a trivial epiphenomenon of physiological processes. The
modulation of eyeblink frequency and amplitude, the startle reflex, the increased
blink rate during cognitive demanding tasks (Schandry, 1998) or its role with
respect to visual perception (Bristow et al., 2005) stipulate that the modulation of
blinks depends on a complex interaction of several neural networks (Morcuende
et al., 2002). For example one can blink spontaneously, twinkle voluntarily or
close the eyes voluntarily. In clinical research the blink may serve as an indicator
of pathological processes, e.g. blepharospasm (Kikkawa et al., 2002).

1.1 Ocular artifacts

1.1.1 Eyeblinks

Basically, three types of eyeblinks can be distinguished: reflex, voluntary, and
spontaneous eyeblinks (Stern et al., 1984). They can be functionally classified

1



1 Introduction

into endogenous and exogenous eyeblinks. Endogenous eyeblinks occur with-
out observable provocation, whereas exogenous blinks are caused by external
provocation (Stern et al., 1984). The blink rate may vary strong inter- and intra-
individually. This is reflected by the fact that different studies find different blink
rates. On average, the blink rate varies between 17 and 32 blinks per minute
(Schandry, 1998).

This shows that the blink and its frequency depends on a number of factors,
i.e. environmental factors (e.g. air humidity) but also individual differences (e.g.
amount of lachrymal fluid or personality traits). The blink rate is also a correlate
of the startle reflex and can also serve as an indicator of activation (Schandry,
1998). It increases during cognitive demanding tasks, e.g. mental arithmetic, and
varies with emotional states like anger or surprise (Schandry, 1998). A decrease
of blink rate can be expected during tasks requiring visual attention to relevant
stimuli. Hence, the blink is an interesting indicator in research questions concern-
ing information processing: Pivik and Dykman (2004) could show that endogenous
blinks are regulated by the type of stimulus presentation, the cognitive load and
the demands on the reaction.

But also in the clinical context the blink serves as an important indicator. Tay-
lor et al. (1999) showed that the blink rate and dopamine level of MPTP-treated
monkeys are positively correlated. Earlier studies already showed that the fre-
quency of spontaneous blinks of primates can be modulated by manipulation of
the dopamine level (e.g. Carsten, 1983).

In humans the blink rate is also altered in some psychiatric diseases corre-
sponding with a dopaminergic dysfunction. For example patients suffering from
Morbus Parkinson show a decreased blink rate. This decrease is positively corre-
lated with the severity of the disease (Karsen et al., 1984). In psychic diseases like
panic disorder the blink rate for patients is higher than for control subjects, irre-
spective of the experimental condition (Kojima et al., 2002). In earlier studies it
was shown that blink rate increases if participants are confronted with potentially
threatening stimuli (Weiner and Conception, 1975).

1.1.2 Neurophysiology of eye-movements

The movement of the eye-lids is made possible by several skeletal muscles (figure
1.1). The opening of the eyelid is mainly conducted by the levator palpabrae
superioris muscle (LPS), the lower lid retractors and the Müller-muscle (MM).
The LPS is innerved by the superior part of the oculomotor nerve. In addition,
the LPS is anatomical closely connected to the superior rectus muscle. This leads
to the effect that the upper lids generally follow the bulbi in the direction of the
gaze. Both muscles (LPS, MM) contract whereas looking upwards and relax when
looking downwards. The Müller muscle plays a minor part at the opening of the
eye. The main receptor type is α2. As regards the LPS β1 is supposed to be the
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1 Introduction

Figure 1.1: Anatomy of the eye muscles (figure from Alm and Kaufman (2002), p.19)

main receptor type. It is supposed that these adrenergic receptors play a role
in the tonic eye-lid position at different activation states, i.e. those at which the
catecholamine level is increased (Esmaeli-Gutstein et al., 1999). Lid-closure and
the eye-blink are induced by the M. orbicularis oculi, which is innerved by the N.
facialis. It is also involved in the mechanism which transports the lachrymal fluid.

The reflectory eyeblink is mainly induced by any kind of sensory stimulation (or
conditioning, Schandry, 1998), for example auditory or visual stimuli, but also
tactile irritations of the cornea. Reflectory blinking is modulated by simple neural
networks and carried out very fast. Those networks receive afferent trigeminal
influences, but also some from the N. facialis as well as efferent influences by a
polysynaptic circuit in the brain stem. Additionally, for stimulus-related eye-lid
reactions, cortical (pre-motoric) and sub-cortical connections play a role. Here,
the upper hill of the Lamina quadrigemina plays an important role: it is involved
in fast eye movements and it is a center of optokinetic reflexes (saccades). In
addition there exist afferences from the retina and the visual cortex (lid-closure
reflex) as well as from the Colliculus inferior and the auditory cortex (movement
towards a sound source). Also, there exist efferences from the Nucleus N. ocu-
lomotorius, which has its roots between the Colliculi superiores. There exist two
types of cell types: a magnocellular portion which is involved in somatosensoric
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1 Introduction

processing and a parvocellular portion which contributes to the viscero-moto ac-
tivity of the eye. The magnocellular portion is organized somatotopical with re-
spect to the eye muscles (Hirsch, 2004). Voluntary eye-blinks and those induced
by unexpected or threatening objects are rather cortically modulated, whereas
stimulus-related reaction (e.g. the blink induced by blinding light) are modulated
rather subcortically.

Further, several types of eye movements can be distinguished:

1. Saccadic eye movements are fast movements (approximately 1/50 to 1/10 of
a second) of the eye from one fixation point to the next.

2. Smooth movements can be compensatory and pursuit movements. Pursuit
movements occur, when a moving object is fixated and followed by the eye.
Compensatory movements are to correct the body or head tilt to maintain
upright view of the visual field.

3. Nystagmoid movements are oscillations of that occur if the eye defects or the
visual field prevents adequate fixation or the vestibular system is impaired
(e.g. by CNS impairments or impairments of the inner ear)

4. Rapid Eye Movements (REM) during sleep

1.1.3 Eyeblinks in the artifact view

Like already stated, psychophysiological research requires the acquisition of small
signals. Hence, a big problem in this research area is the sensitivity of these sig-
nals for artifacts. Despite the reduction of technical artifacts in the recent years,
the impact of biological artifacts still represents a considerable problem. Espe-
cially in the acquisition of the electroencephalogram (EEG) they play an important
role, since the recorded signal is, compared to other biosignals, very low. The sig-
nal of interest is up to about 1000 times smaller than for example the signal of the
electrocardiogram (Schandry, 1998).

One of greatest nuisances are those artifacts resulting from oculomotor activity.
These artifacts are almost inevitable because subjects cannot well control spon-
taneous eye movements, such as blinks. Further, the instruction to inhibit eye
movements or blinks may seriously distort brain activity (Verleger, 1991). Another
frequently occurring artifact type are muscle artifacts. Those can be identified by
their high amplitude and their high frequency (> 50 Hz) (Davidson et al., 2000).
Though muscle artifacts might be removed by adequate low-pass filtering there
is muscle activity consisting of activity even in the alpha range (Davidson et al.,
2000). However, even though this might not play an important role in many anal-
yses, it has to be kept in mind that following filtering one cannot be sure that all
activity corresponding with muscle activity has been removed. With respect to the
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1 Introduction

complex physiology of the eyeblink, where several muscle groups are involved, it
becomes clear that the eyeblink artifact is not solely generated by the often cited
dipole (compare Berg and Scherg, 1994). However, the largest impact is in fact
contributed by this dipole (Picton et al., 2000).

As regards voluntary eyeblinks it is possible that additional muscle groups are
co-activated. Hence, the EEG might be triply contaminated in certain sense: By
the corneo-retinal dipole potential, by corresponding muscle activity and by activ-
ity arising from cortical areas involved in voluntary eye movement.

During eye movements or eyeblinks strongly modulated electrical activity (po-
tentials) can be recorded from electrodes positioned around the eyes (i.e. if
recording the electrooculogram, EOG). These potentials represent a massive arti-
fact source, since they propagate across the scalp and distort the EEG-recording.

Unfortunately, from the perspective of the EEG researcher, eye movements are
inevitable. And, as already stipulated, the instruction to avoid them introduces a
secondary task and may distort EEG activity as well (Verleger, 1991). However,
several eye movements like saccades, smooth following movements and vestibu-
lar reflex movements can be classified. These movements generate differential
electrical potentials interfering with the EEG in a typical manner. But what are
the origins of these electrical potentials?

The eye can be considered as a large electrical dipole (Gratton, 1998). This
dipole emerges from the different loading of cornea (positive) and retina (nega-
tive) This results in a differential impact of the different ocular artifact types on
the EEG, since the dipole is affected in different ways. Thus, eye movements like
saccades contribute in another way to the contamination like eyeblinks do. The
eyeblink artifact is most possibly generated by the physical characteristics of the
eye-eyelid system: the eyelid serves as a type of sliding electrode. This sliding
electrode connects the scalp with the frontal positively loaded pole of the bulbi
(Picton et al., 2000)(Figure 1.2). This leads to the typical positive excursion in the
electrical activity of the frontal electrodes.

The different generators for eye movements and blinks lead to different electri-
cal fields on the surface of the head (i.e. scalp) (Overton and Shagass, 1969). The
strongest interference can be found at electrode positions close to the eyes. The
impact decreases from frontal to occipital positions. But the impact of eyeblinks,
vertical and horizontal eye movements not only differs with respect to amplitude
and duration, they propagate differentially across the scalp (Gratton, 1998). This
is due to several factors.

First, a change of the orientation of the bulbus (i.e. dipole) plays an important
role. Eye movements can be described in terms of a combination of rotations on
the vertical and horizontal axis. Each of this combination has a different impact
on the electrical field on the scalp. Vertical eye movements have a strong im-
pact on the sagittal axis of the scalp, whereas horizontal movements have their
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1 Introduction

Figure 1.2: Electrical fields of the eye. (Figure from Iwasaki et al. (2005))

strongest impact on the transversal axis (Gratton, 1998). This influence is rela-
tively constant given that both bulbi are oriented relatively parallel to each other.
In conditions requiring vergence movements (e.g. during changes in viewing dis-
tance) the contribution of each bulbus has to be reconsidered separately (Gratton,
1998).

Second, the position of the EEG electrodes plays an important role. It is obvious
that the gradient of electrical loadings is larger at frontal positions compared to
occipital positions (Gratton, 1998). In addition the different types of eye move-
ments and blinks produce quite a different impact with respect to the absolute
voltage change at different electrode positions. For example vertical saccades can
be characterized by quick rotation of the bulbi and concomitant movements of the
eyelids (Iwasaki et al., 2005). Finally, even in physiological terms spontaneous
and voluntary eyeblinks are clearly distinguishable. During voluntary eyeblinks
additional ocular muscles are co-activated. Further during blinking eye move-
ments are possible which differ between voluntary and spontaneous blinks. Dur-
ing spontaneous eyeblinks the bulbi rotate downwards and to the center (Iwasaki
et al., 2005), whereas slow, forced eye closure provokes the Bell-phenomenon, a
slow rotation upwards (Iwasaki et al., 2005). This affects the propagation of the
electrical field resulting from those eye movements (Gratton, 1998). Also, it might
be possible that there exist differences between conscious and unconscious eye
movements (Gratton, 1998). Furthermore, the propagation of the eye movement
potentials differs during closed vs. open eyes. The following section section aims
to provide an overview how researchers commonly cope with this artifact type.
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1 Introduction

1.2 State-of-the-art of correction procedures

Two principal strategies are available for coping with ocular artifacts. First, EEG
segments with ocular artifacts can be omitted. This is problematic for several rea-
sons. EEG segments with artifacts and hence ocular activity may be cognitively
different from segments without such activity. For example, oculomotor activity is
often reduced in states of high mental workload or fatigue. Hence the "cleaned"
EEG may be biased to that states. Second, the amount of EEG-activity can be re-
stricted, so one cannot afford to omit parts of the EEG. For example, complex tasks
comprehend many different conditions. Thus, the amount of segments related to
each condition is relatively small. Moreover, when studying error-related brain ac-
tivity, there are usually fewer EEG segments available for averaging event-related
potentials (ERPs) after errors (Falkenstein et al., 1991, 2000) compared to correct
trials.

The second strategy is to use methods to correct the EEG for ocular artifacts. In
general regression procedures and component approaches can be distinguished.

1.2.1 Regression procedures

Regression procedures can be divided into time-domain approaches (TDA) and
frequency-domain approaches (FDA). The TDA makes some simple assumptions.
It is assumed, that the EOG propagates linearly across the scalp. This propaga-
tion is independent of the frequency of the signal. Further it is assumed that the
electrodes used for the acquisition of the EOG register mainly electrical activity
generated by the eye. If these assumptions hold this EOG-activity can be esti-
mated by linear regression analysis and subtracted. In contrast, the FDA assumes
that the linear propagation of the EOG-signal is modulated by the frequency of
the EEG (e.g. Gasser et al., 1985).

In TDA (e.g. Gratton et al., 1983) propagation factors are linear estimated.
These propagation factors describe the fraction of one or several EOG-channels
in each EEG-channel. The correction is done by subtraction of the portion of the
EEG weighted by the propagation factor (i.e. blink related activity).

One problem with this subtraction procedure is that the EEG not only consists of
EOG-activity but also vice versa. Therefore it seems plausible, that by the correc-
tion cerebral activity is removed as well (Wallstrom et al., 2004). This would make
the interpretation of the event-related potential more complicated. It was pro-
posed to filter the EOG prior to regression analysis with a non-linear high-pass to
bypass this problem. This should remove the EEG-activity from the EOG in order
to improve the estimation of the EOG-related activity. However, one drawback is
that the EOG also acquires muscle-activity from the eye-muscles, which may con-
sist of frequencies even in the alpha-range of EEG-activity (Davidson et al., 2000).
Hence, the filtered EOG probably does not consist of EEG-activity anymore, but
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1 Introduction

the possibility remains that the frontal EEG is still contaminated by activity arising
from the eye- or face musculature.

In summary it can be stated that regression procedures depend on having a
good “regressor”. But in the case of the bidirectional influence of EEG and EOG-
signals this question cannot clearly be answered. The algorithm of Gratton, Coles
and Donchin is a typical, and perhaps the most utilzed algorithm in that field and
is a good example how regression procedures work.

Gratton, Coles and Donchin: EMCP

The eye-movement correction procedure (EMCP) by Gratton et al. (1983) is a typ-
ical regression-based procedure of the TDA which is still used commonly in psy-
chophysiological research dealing with the analysis of event- or response related
EEG-activity. The basic model of the TDA is:

EEGn
t = tEEGn

t + βnEOGt (1.1)

with
EEGn

t =Measured EEG at electrode n at time-point t
tEEGn

t =“True” (i.e. unknown) EEG at electrode n at time-point t
βn=Proportion of the EOG at channel n (i.e. propagation factor)
EOGt=Measured EOG at time-point t.
The equation represents a multiple regression model in which the EOG-signals
represent the predictors. The model can be extended to any number of EOG-
channels. The goal of the approach is to determine propagation factors for the
estimation of the influence of the EOG to the EEG. A special feature of EMCP
is that the data have to be available in a segmented form.1 This is founded in
the theoretical assumptions of EMCP and in the resulting calculation procedure
(Gratton et al., 1983).

Conduction of EMCP

To clarify the conduction of EMCP (figure 1.3), the description is limited to only
two electrodes: one EEG-electrode and one EOG-electrode. Gratton et al. (1989)
have extended the procedure to a simultaneous multiple regression analysis. This
procedure permits the correction of vertical, as well as horizontal eye-movements.
During the conduction of this procedure the weighted EOG-channels are simulta-
neously subtracted from the EEG.

However, in the simple case of only one EOG and one EEG channel the cor-
rection is done for each data segment and only for those segments in which an

1Segments: Data segments which are defined by a time window generated relatively to an exper-
imental event. These segments can be stimulus- or response related
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1 Introduction

eye-blink was detected. This detection is conducted by the use of a threshold algo-
rithm. A blink is defined if at time-point t the EOG-signal exceeds a defined crite-
rion for a duration of 20ms ((EOGt − EOGt−10) ... (EOGt + EOGt+10) ≥ criterion).2

For the estimation of the propagation factors initially an average3 across the
segmented raw data is calculated. This average represents an estimate of the

Figure 1.3: Schematic illustration of EMCP. Figure from the original paper (Gratton et al., 1983)

stimulus- or response related activity at the electrode. At the next step this aver-
age is subtracted from each segment (“trial by trial subtraction”). This is done in
order to prevent the event-related activity from contributing to the estimation of
the propagation factor. The raw average subtraction is conducted separately for
the EEG and the EOG. Subsequently, a linear regression is conducted for this data
between the EOG and the EEG (equation C24). The resulting propagation factor
P (this is K in figure 1.3) is used to correct the raw data by the calculation:

EEGclean = EEGraw − P (EOGraw) (1.2)

The correction is conducted separately for eye-blinks and eye-movements. Finally,
the average of the corrected raw data yields the artifact-free event-related poten-
tial (figure 1.3).

2The threshold for the criterion is not described in the original article.
3Average: calculation of the average activity across all segments
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1.2.2 Component approaches

Component based approaches differ fundamentally from regression based ap-
proaches. Their goal is the decomposition of EEG and EOG into spatial and
temporal distinguishable components. Following the identification of components
representing artifacts the EEG is reconstructed without them. The best known
procedure is principle component analysis (PCA, e.g. Lins et al., 1993).

Another PCA approach is the correction by the use of a dipole model (Berg and
Scherg, 1994). This multiple source eye correction procedure (MSEC) subtracts
source signals which realize eye activity by a dipole model from the EEG.

MSEC leads in most cases to good results (Berg and Scherg, 1994), but the
a priory assumption that the source vectors are orthogonal does not implicate,
that the sources are really independent of each other. At this point we come to
another component procedure, which is the main topic of the present dissertation:
Independent Component Analysis (ICA). This procedure is an approach for the
solution of the Blind Source Separation (BSS) problem. It promises to bycome the
restrictions of other common correction procedures.

With respect to the EEG it is assumed that the observed EEG signals represent
a linear mixture of unknown sources in the cortex. In other terms: the signals
of spatially distinct sources are mixed on their way to the scalp where they are
recorded. Since mixture and sources are unknown, this problem can be defined
in terms of blind source separation. The basic assumption is that the sources are
spatially independent from each other, whereas the mixing is not. This is neuro-
anatomical plausible: cortical areas are spatially and neuroanatomically distin-
guishable but they correlate in their flow of information (Makeig et al., 2004a). If
this presumption holds it is possible do derive eyeblink components from the EEG
and to remove them.

It has to be stipulated that ICA must not be confused with PCA, which assumes
uncorrelated components. ICA has a much stronger criterion: it postulates sta-
tistical independence of the sources. This leads to fundamental mathematical
differences. PCA makes use of second order statistics (i.e. variances and covari-
ances), whereas ICA makes use of higher order statistics (e.g. kurtosis, mutual
information). For PCA this means that the estimated components are uncorre-
lated, whereas for ICA the components are not only uncorrelated, but also statis-
tical independent of each other (see also section 1.3.1). For example the infomax
algorithm (Bell and Sejnowski, 1995) maximizes the joint entropy of the distribu-
tion (of a neural processor) to minimize the mutual information of the estimated
components. Jung et al. (2000) could show that ICA is able to extract artifact
components and to “rescue” event-related potentials, even if each EEG segment
is contaminated by some kind of artifact. The practical use is not restricted to ba-
sic research questions: it is relevant for clinical purposes, too. Here, depending
on the disease pattern, it can result in strong artifacts in the EEG if the partic-
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ipants can hardly control for eyeblinks or other movements. The next chapter
introduces into the basic concepts of ICA and provides an overview of how ICA is
conducted and how it is applicable in research making use of EEG-acquisition.

1.3 Independent Component Analysis

An introductory example

The most comprehensive example for the utilization of ICA is the cocktail-party
phenomenon. For our hearing sense it appears to be a quite simple task to dif-
ferentiate between several acoustic sources. But in a more technical sense, this
is a quite complicated problem. For example consider two people talking in a
room into which it is not possible to view into. Additionally there are two micro-
phones in the room, by which the speech signals are recorded. By hearing to the
recorded signals it appears quite simple for us to separate the two speakers from
each other, though it becomes harder if there are many more speakers. In fact
the difficulty to separate the two speakers depends on the degree of the mixing
process. Now assume, that there are many other sounds, now the discrimination
becomes quite harder, since all the signals become “mixed”. If we would only plot
the electrical signals generated by the acquisition hardware, one could not sep-
arate the different voice sources at all. This is the problem commonly described
as “Blind Source Separation” (BSS) in signal processing.

1.3.1 Basic concepts

This section will introduce into the basic concepts which are necessary to look
behind ICA and BSS. The focus is on measures of information theory, since they
are not common knowledge which is provided in education of psychological meth-
ods and statistics courses. Subsequently the problem of BSS and its relation to
psychophysiological research is described in more detail.

Statistical independence

Statistical independence is the basic presupposition about the sources which are
to be estimated. Statistical independence can be derived from the algebra of
conditional probabilities (Lehmann, 2002). The probability P that an event E1

occurs given event E2 is:

P (E1|E2) =
P (E1 ∩ E2)

P (E2)
(1.3)
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Whereas P (E1 ∩ E2) = Probability of joint occurrence. Thus, the probability of
joint occurrence is given by transposition:

P (E1 ∩ E2) = P (E1|E2) · P (E2) (1.4)

The conditional probability P (E1|E2) gives the probable variation of the the proba-
bility P (E1) if event two E2 is given, too. Both events are independent from each
other if the probability for the occurrence of E1 is not varied by the occurrence of
E2. Hence,

P (E1|E2) = P (E1) (1.5)

If equation 1.4 is plugged in equation 1.5 the central theorem of independence is
derived:

P (E1|E2) = P (E1) · P (E2) (1.6)

This theorem can be applied to the probability distributions of random variables.
The event is now the probability for the occurrence of a value of variable x or y.
With this independence can be described by the probability density function (pdf ).
Thus, p(x, y) is the joint pdf of x and y. p1(x) is the pdf of solely occurring x:

p1(x) =

∫
p(x, y) dy (1.7)

Analogous to equation 1.6 x and y are only independent if their joint pdf is fac-
torisable:

p(x, y) = p(x)p(y) (1.8)

Accordingly, independence can be defined by replacing the pdf in equation 1.8 by
the cumulative distribution functions, which also have to be factorisable:

E {g(h)h(y)} = E {g(x)}E {h(y)} (1.9)

Here, g(x) and h(y) are any absolutely integrable function of x und y. Hence,
statistical independence is a much more powerful criterion than decorrelation,
which is only a special case of 1.9. In that case g(x) and h(y) are linear functions,
and only if the variables are normally distributed (Gaussian) independence and a
zero correlation mean the same (Hyvärinen et al., 2001). Hereby it is imperative
that two Gaussian variables are independent of each other if the expected product
equals to the product of the expected values:

E(xy) = E(x)E(y) (1.10)

By this the covariance,

Cov(xy) = E(xy)− E(x)E(y) (1.11)
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and hence correlation becomes zero

rxy =
Cov(xy)√

V ar(x)V ar(y)
(1.12)

Since
E(xy)− E(x)E(y) = 0

because
E(xy) = E(x)E(y)

That a zero correlation does not necessary imply independence can be clarified
by an example of Stone (2002): Let two variables x and y be defined by x = sin(z)

and y = cos(z) with z = 0 : 0.1 : 1440. In that case x and are y not correlated
(figure 1.4a ) If the variables are squared (x2 = sin(z)2; y2 = cos(z)2) this leads
to a negative correlation of x2 and y2 (figure 1.4b). Hence, despite the fact that
x and y are uncorrelated, the knowledge of a value of x2 yields information about
y2 and vice versa. Thus, strictly speaking, if two signals are uncorrelated then

Figure 1.4: Uncorrelated variables not being independent (figure modified from Stone (2002))

the first central moment (i.e. expected value) of their joint pdf equals to the
product of the first central moment of their marginal pdf. (equ. 1.10). Two signals
are independent, if the central moment E(xpyq) of their joint pdf is equal to the
product E(xp)E(yq) for all positive integer values of p and q

E(xpyq) = E(xp)E(yq)

In summary it can be stated that independence is the prerequisite for uncorre-
lated variables. Indeed, independence implicates uncorrelatedness, but the re-
verse is not imperative. In this respect the criterion of statistical independence
as assumed for ICA, is a stronger one than orthogonality like with PCA. At this
point we might return to the initial example for the solution of the cocktail-party
phenomenon. If two people or more are talking simultaneously in a room, the
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knowledge of one signal provides no information about the values of the other
signal, at least in a physical consideration. Our speech perception is easily able
to solve the blind source separation problem. However, though the sources might
correlate in their flow of information (i.e. after all the people are talking to each
other), their spatial localizations are distinct. Hence, in terms of BSS statistical
independence means spatial and temporal independence. It should be stated that
PCA, as well as ICA are methods for conducting Blind Source Separation. They
differ with respect to their mathematical preliminaries. PCA uses second order
statistics, and assumes the sources to be orthogonal, whereas ICA assumes that
the sources are statistical independent not only in terms of second order statis-
tics, but also in higher order statistics. Hence, ICA can be regarded as a exten-
sion of PCA, or some kind of factor analysis with oblique rotation. At this point
the strength of ICA becomes clear: ICA uses higher order statistics and does not
require any more presumptions than statistical independence, and that the source
are not normally distributed. This will be clarified in section 1.3.2. The following
subsection introduces into the statistical moments which are often used for con-
ducting ICA, to provide an overview and to stress the difference between ICA and
classical multivariate approaches.

Kurtosis

Kurtosis is the classical measure which is used as a contrast criterion in ICA. Kur-
tosis measures the “not-gaussianity” of a distribution (Hyvärinen and Oja, 2000).
It is the fourth central moment µ4 and describes the concavity of a distribution. If
a random variable x is centered (i.e. has zero mean) Kurtosis is defined by:

kurt(x) = β2(x) =
µ4(x)

σ4(x)
(1.13)

A distribution with β2 = 0 is called mesokurtic (e.g. the gaussian distribution).
If β2 > 0 it is leptokurtic (“supergauss”), if β2 < 0 it is platykurtic.(“subgauss”).
The shape of a leptokurtic distribution is rather peaky compared to a gaussian
distribution, whereas a platykurtic distribution is rather flat compared to a gaus-
sian distribution (figure 1.5). Kurtosis is used for example in fastICA as contrast
criterion (i.e. a measure of non-gaussianity).

Information

Information has been first defined by Shannon (1948) within the framework of
information theory. It describes the information content of a random variable. In
this context information means the opposite of ambiguity. For example, if an ex-
periment is conducted the result is a priori unclear (i.e. ambiguous). A posteriori
this unambiguity is removed. What is interesting at that point is the degree of
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Figure 1.5: Examples: pdfs with varying kurtosis

information gain by conduction of the experiment. In terms of information the-
ory this means that the higher information gain, the more outcomes are possible.
Thereby the gain does not only depend on the number of possible outcomes, but
also on their probabilities.

I(xi) = −log2(P (xi)) (1.14)

The measure for information is often described in bits. The measure for the in-
formation content (I) of a value x of a variable X is defined by values which are
possible for X (x1...xn) and for the according probabilities for the occurrence of
the values (P (x1...P (xn)).

Entropy

Entropy describes the average information of a data source or signal. xi represent
the data points:

H(X) = E(H(xi)) = −
∑

P (xi)logP (xi) (1.15)

If the entropy becomes maximal, all values of that variable have the same prob-
ability. If an event occurs, this uncertainty will be reduced, i.e. this means that
this provides information (Lehmann, 2002). Hence entropy is a measure for the
information of a given probability distribution.

Negentropy

Negentropy is another contrast criterion or measure for non-normality. It de-
scribes the term “negative entropy”. Negentropy is zero for a gaussian distributed
variable and increases with growing deviation from a gaussian distribution (Hyväri-
nen et al., 2001):

J(x) = H(xgauss)−H(x) (1.16)
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Joint entropy

The joint entropy of two variables X and Y with the joint probability density p(x, y)

and the marginal densities p(x) and p(y) is defined by:

H(X, Y ) = −
∑
i

∑
j

p(xi, yj)log p(xi, yj) (1.17)

Joint entropy describes the entropy of their pairing (X, Y ). If X and Y are inde-
pendent, then their joint entropy is given the sum of their individual entropies.

Conditional Entropy

Conditional entropy is a measure for the entropy of X given Y (or vice versa).

H(X|Y ) = −
∑
i

∑
j

p(xi, yj)log2p(xi|yj) (1.18)

In other terms: H(X|Y ) = H(X, Y )−H(Y )

Kullback-Leibler Distance and transinformation (mutual information)

The Kullback-Leibler Distance measures the distance of two probability density
functions. It is defined by

KL(p, q) =
∑
xεX

p(x)log2
p(x)

q(x)
(1.19)

Where p and q are two pdf .
A special case is transinformation or mutual information, which is relevant for the
infomax algorithm. The mutual information I of two variables with the joint pdf
p(x, y) and the marginal densities p(x) and p(y) is defined by:

I(X, Y ) =
∑
i

∑
j

p(xi, yj)log
p(xi, yj)

p(xi)p(yj)
(1.20)

In other terms: I(X, Y ) = H(X) +H(Y )−H(X, Y )

These measures and their interrelation are essential for information theory and

source separation: The transinformation of a given array of observed variables
increases with growing mixing of the sources, since they increasingly share infor-
mation. Hence transinformation is also a measure for quantifying statistical inde-
pendence by means of a contrast criterion. This contrast criterion is to be mini-
mized. The problem of source separation is now defined: Find a de-mixing matrix,
that minimizes the transinformation of the estimated sources. The next subsection
will describe that problem more precise and will integrate the described measure
of this subsection.
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1.3.2 Blind source separation (BSS)

The problem of blind source separation (Jutten and Hérault, 1991) is a fundamen-
tal question in multivariate statistical data analysis. If a couple of signals x (e.g.
EEG, speech signals) is recorded, it may be of interest to know the underlying
sources s, which are often unknown. Assuming that the observed signals are a
mixture of these sources the model can be defined in statistical terms or terms of
factor analysis by a model for “latent variables”. In more mathematical terms this
means that we observe N linear mixings x1, ...xN of N independent components:

xi = ai1s1 + ai2s2 + ...+ aiNsN (1.21)

Thereby aiN are any coefficients, which describe the representation. In matrix-
algebraic terms: 

x1

x2

.

.

.

xN

 = A



s1

s2

.

.

.

sN

 (1.22)

in short:
x = As

This is the basic ICA-model. It describes that the observed data x are generated by
a process that mixes the unknown components s. These independent components
are latent variables, which cannot be directly observed and the mixing matrix is
unknown, too. The only known data are the observed data x1−N . This is why this
model refers to “blind source separation”. Hence the goal of the analysis is to
estimate A, as well as s. Some premises are necessary to solve this problem. The
first and fundamental assumption is that the underlying sources are statistically
independent of each other. Secondly, the sources must not be gaussian. Thirdly,
the unknown mixing matrix is quadratic (Hyvärinen et al., 2001). After estimation
of the de-mixing matrixW , the independent components can be derived by a linear
transformation in which the observed variables are pre-multiplied by W .4

u = W−1x (1.23)

Figure1.6 summarizes the basic ICA-model. The goal of ICA is to choose W in
such a way, that the estimated sources u (i.e. components) are as independent as
possible. Additionally, the mixing matrix must been chosen in way, that W · A = I

(I = identity matrix) and W = A−1. There exist several solutions to estimate

4Note that W is an estimation of A−1
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Figure 1.6: Basic ICA-Model (s=sources/components, x=observed values, u=estimated sources)

W . The choice of an algorithm depends on how statistical independence is to
be quantified. Hence these algorithms use different contrast functions which are
to be minimized to reach statistical independence. Some examples for contrast
functions are (Ziehe, 1998):

• Correlation (second order statistics)

• Higher order statistics (e.g. kurtosis)

• Fourth order cumulants

• Transinformation or Entropy

Each of these contrast functions leads to another algorithm. In general two strate-
gies can be distinguished for minimization (Ziehe, 1998):

1. Solution of an eigenvalue problem

2. Iterative solution by gradient ascent

In summary these algorithms differ with respect to their contrast function and
strategy for its minimization. However, there exist several strategies for Blind
Source Separation. ICA is only one approach for that purpose. Other approaches
are:

• Projection pursuit

• Complexity pursuit

• Gradient ascent

• Principal Components Analysis or Factor Analysis (FA)
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Projection pursuit seeks to find projections of multidimensional data (Friedman
and Tukey, 1974). These projections can be used for optimal visualization of the
data (Hyvärinen et al., 2001). For clarifying this, remember the basic assumptions
of ICA/BSS: signal mixtures tend to have (more) gaussian probability density func-
tions (pdfs) and source signals tend to have (more) non-gaussian pdfs (than signal
mixtures). Now each source signal can be extracted from a set of mixtures by
taking the inner product of a weight vector and those signal mixtures where this
inner product provides an orthogonal projection of the signal mixtures such that
each extracted signal has a pdf which is as non-gaussian as possible. Usually it is
assumed that the source signals are super-gaussian, i.e. they are highly kurtotic.
This search is referred to as projection pursuit (Stone, 2004). The most explicit
difference to ICA is that the sources are estimated one by one, whereas ICA ex-
tracts the signals simultaneously.
Complexity pursuit can be derived from the basic assumption in BSS that if
there exists a given set of source signals, a mixture of those signals is usually
more complex than the simplest (or least complex) of its constituent source sig-
nals (Stone, 2004). This complexity conjecture provides the basis for separating
signal mixtures into independent components by seeking the least complex signal
that can be obtained from that mixture. Thus, complexity pursuit is some kind
of projection pursuit, but with the extension that information-theoretic measures
of complexity are used. For example Stone describes an algorithm based on Kol-
mogorov complexity (Stone, 2004)
Gradient ascent is not a measure that has to be quantified for estimating inde-
pendence of the components. Gradient ascent is a strategy for maximizing those
measures. For example if a measure for independence reaches a maximum dur-
ing iteration (i.e. it does not become large in subsequent steps of an algorithm),
it is likely that these sources are independent. Since searching for such maxima
becomes very complex and time consuming if conducted by exhaustive search, a
more effective strategy is desirable. Such a strategy is gradient ascent. A detailed
introduction can be found in Stone (2004).
PCA and FA can be viewed as solutions for the same problem like ICA, though
the terminology is different.5 The main differences between PCA and ICA is that
the signals in PCA are uncorrelated while those in ICA are statistically indepen-
dent. The factors in FA might be uncorrelated or not (if being oblique rotated).
PCA maximizes second order statistics (e.g. variance), whereas ICA maximizes
higher order statistics (e.g. kurtosis). The classical factor analysis model differs
to some degree from both ICA and PCA. In PCA and ICA, as described herein a
noiseless model is assumed, i.e. the data (x) can be completely explained by the

5Historically in FA one seeks for latent variables(i.e. factors), in PCA for principal components
and in ICA for independent components
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components (s) and the mixture (A):

x = As

In FA model additional noise (e) is assumed:

x = As+ e

This noise is associated with each mixture, i.e. specific for it. One example is
a signal recorded at one EEG electrode (this is the mixed signal). In terms of
ICA and PCA this signal can be completely explained by underlying components
which project to this electrode position. In FA it is assumed that there are factors
projecting to the electrode, but there is also noise (or whatever) present, which is
specific for that electrode (may be a slight corrosion). Another difference is that in
FA it is often assumed that there exist fewer components than variables. Following
an oblique rotation these factors are correlated and thus the interdependency of
the factors can be described. This is fundamentally different to ICA, that assumes
the components to be spatially (in spatial ICA) or temporally (in temporal ICA like
infomax) independent.

1.3.3 ICA: Basic conduction

A first step is the centering of the data. This means that the vector mean is
subtracted from each vector (in EEG the channel mean accordingly). Hence the
vectors or variables are centered, i.e. have a mean of zero. Subsequently the in-
tercorrelations of the variables are removed and their variance is scaled to iden-
tity by whitening. This is usually done by eigenvalue decomposition (EVD) of the
covariance matrix:

E
{
xxt
}

= EDET (1.24)

E is the orthogonal matrix of eigenvectors of E {xxt} and D is the diagonal matrix
of its eigenvalues, D = diag(d1...dN). Whitening can now be conducted by the
transformation:

x̃ = ED1/2ETx (1.25)

By this the mixing matrix A is transformed into a new one Ã. Equation 1.22 yields:

x̃ = ED1/2ETAs = Ãs (1.26)

The utility of this transformation is that the new mixing matrix Ã is now orthogo-
nal. This reduces the number of parameters which are to be estimated (Hyvärinen
et al., 2001). Another advantage is that it is now possible to reduce the dimension-
ality of the data in order to estimate fewer components than given by the observed
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data. While with “normal” whitening all eigenvalues are used, in dimension reduc-
tion only a predefined subset (e.g. Kaiser-criterion or a scree-plot) of eigenvalues
is used. By this the data are projected in a lower dimensional subspace. This is a
typical procedure which is often used in principle component analysis (PCA).

It can be very useful to conduct a PCA for dimensionality reduction prior to ICA.
For example there may be fewer components than sensors. In that case the basic
ICA-model does not hold anymore (Hyvärinen et al., 2001). Several algorithms and
techniques have been developed to overcome this problem (overcomplete learn-
ing, e.g. Lewicki and Sejnowski, 1998; Hyvärinen et al., 1999; Lee et al., 1999c;
Lewicki and Sejnowski, 2000; Hyvärinen and Inki, 2001). A more simple solution
is to project the data into a lower dimensional subspace by PCA (Hyvärinen et al.,
2001). However, this leads to the problem of the adequate choice of components
to retain (Hyvärinen et al., 2001). PCA can be used to reduce the dimension-
ality in order to yield a projection of the data for which the assumption holds
again. But this approach may suffer from several problems. First, PCA may not
yield an adequate projection. PCA works good if having a low signal-to-noise ratio
(Hyvärinen et al., 2001). Secondly, in practice it is difficult to decide how many
principle components should be extracted by PCA. This might be done by prior
knowledge about the underlying model of the data, which can be of rather subjec-
tive nature. Hyvärinen proposes to use procedures which are common in classical
factor analysis. For example to define a cut-off for the variance explained by the
components, or the use of scree-plots. One could decide to choose the number of
principle components in a way that 90 % of variance is explained by the remaining
principle components. Following this preprocessing (centering, whitening and/or
PCA) ICA can be conducted.

1.3.4 ICA as a tool for modelling EEG data

ICA represents far more than a “simple” correction procedure. ICA might be used
to describe the temporal dynamics of distinct processes (Makeig et al., 2004a).
Hence, it might be used as a method for the linear decomposition of data into
components with spatially fixed topographies. Every component carries as much
information as possible with respect to the recorded data (Makeig et al., 2004a).
In analogy to the initial example of the cocktail-party phenomenon the question
is how the recorded EEG is constituted by hypothetically existing components. In
other terms: The activity recorded by the EEG is generated by a mixing process
of latent, unknown factors (Fig.1.7). Since these are unknown this is exactly the
problem of blind source separation, i.e. a problem which is suited for ICA. ICA
is able to separate multivariate data into spatially fixed and temporally indepen-
dent components (Jung et al., 2001b) without making any a priori assumptions
about the dynamics or spatial structure of the involved components. Thus, ICA
can be viewed as a type of exploratory factor analysis. Makeig at al. argue that
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because of the temporal independence of those estimated components, it would
be plausible that these components represent physiological separable structures.
Hence, ICA is able to separate the EEG into physiological and functional distinct
sources(Makeig et al., 2004a). Thus, the application of ICA on the EEG is jus-

Figure 1.7: The relation of BSS and EEG (Figure modified from Cichocki (2004))

tified by the assumption that the EEG signals represent a summation of linearly
mixed component activations. These components are generated by spatially fixed
networks in the cortex or by extra-cortical sources (e.g. activity resulting from
muscle tensions or other artifacts). Another assumption is that this propagation
of this activity is not affected by significant time lags (Jung et al., 2001b).

The application of ICA is not restricted to continuous EEG data. It can be
applied to concatenated single-trial segments of experimental conditions as well
(Makeig et al., 2004a). With respect to EEG decomposition the rows of the data
matrix represent the EEG-channels (x1..N ) and the columns represent time points.
Now ICA finds a de-mixing matrix W that separates the EEG-data into their (esti-
mated) independent components (u = Wx). In u the rows represent the temporal
devolution of activity of the estimated components. The columns in the inverse
of the mixing matrix W−1 represent the relative projections of the corresponding
component to each electrode. Thus, these columns represent the scalp topogra-
phies that in turn provide information about their physiological origins (by dipole
modeling). Hence ICA might also provide a solution for the inverse problem in
EEG analysis. In ICA this problem is split into two questions: Firstly, what gen-
erates the EEG/ERP and secondly where in the brain does his take place. This
modeling is the logical consequence of the fact that temporal ICA assumes tem-
poral independent but spatially fixed components.

However, at this point of analysis (derivation of the de-mixing matrix) it is pos-
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Figure 1.8: Example for an ICA decomposition (figure from Jung et al. (2001b))

sible to reconstruct the prior recorded data by the linear transformation

x = W−1u (1.27)

This transformation might be used to gain basically two informations:

1. It can be tested which components contribute mostly to the recorded ERP.
For example by calculating the variance explained by a specific component
in the ERP or by investigating the time course of such a backprojected com-
ponent relative to some interesting event.

2. Obviously, this backprojection might be used to correct the EEG for artifacts:
The artifactual components are omitted in the backprojection (i.e. by setting
those components to zero)

The next paragraph describes the artifact correction procedure by use of ICA in
detail.

Artifact correction by ICA

Since ICA decomposes the EEG into its components this should also work with
respect to the separation of neural activity and artifact activity. Already Vigário
et al. (1996); Vigário (1997) and Jung et al. (2000) could show that ICA is able to
separate the EEG efficiently into eyeblink, muscle and cardiovascular artifacts.

However, the application of ICA to EEG-data is not trivial. Wallstrom et al.
discovered that fastICA might result in spectral distortions, i.e. by artificially low-
ering the power of certain frequencies (Wallstrom et al., 2004). But is has to be
stipulated, that each algorithm requires specific conditions. With respect to fas-
tICA exist several options to conduct the algorithm as regards the chosen contrast
crition (g in terms of infomax, appendix B) or the type of extraction (parallel ex-
traction of ICs or projection pursuit). However, if using parallel extraction and
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hyperbolic tangent (tanh) as contrast criterion Hyvärinen et al. (2001) has mathe-
matically proven that fastICA leads to the same results like infomax as described
by Bell and Sejnowski (1995).

However, one problem with ICA is that we do not know the number of underlying
sources. They have to be estimated. If ICA is applied to underdetermined data, i.e.
if there are fewer sources than channels, some the sources are likely separated
into several components. Of course, this might happen with ocular artifacts as
well. Also, it has been kept in mind, that the ICA procedure described herein is
temporal ICA. Temporal ICA decomposes the signals into temporally independent
components, hence it is possible, that one single structure might produce distinct
activations. These might me decomposed into several components. In summary
there exist two possible cases:

1. false positive decomposition (fewer sources than channels)

2. and correct positive decomposition (one source is correctly decomposed into
temporally independent components)

This is not unambiguously to solve. Thus in the present work it is proposed to
remove only components for artifact correction, which are undoubtedly identified
as artifacts. Chapter 2 will show that this type of correction is still superior to
common regression analysis for blink correction.

However, now consider ICA has been conducted on an EEG data set and several
components are derived. Now the problem arises, how artifactual components
should be classified. ICA might well decompose the eyeblink or eye movements
into several components. This is quite plausible since there exist

1. several types of eye movements and blinks and

2. several eye muscles contribute to the different type of eyeblinks

Several strategies exist for the solution of that problem. If manual identification
of blink or other artifact components is desired, several features of the extracted
components can be used. One approach might be to identify eyeblinks by their
topography (i.e. projection of ICs to the scalp) or their temporal devolution. Blink
components show a maximum projection to the most frontal electrode sites and
an analogous temporal devolution of the signal like the vertical EOG at blink time
(e.g. Jung et al., 2000; Lee, 1998). Further, the topographies of the components
might be taken into consideration. Components corresponding with eyeblinks
show typical projection pattern to frontal and periocular electrode positions.

Another possibility is frequency analysis. Blink artifacts have a high spectral
power in the low frequency range. Also artifacts show a typical deviation of their
pdf from normality (Delorme et al., 2007).
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Joyce et al. (2004) suggest to solve the problem of artifact detection by using
regression measures to estimate the interdependency between EOG and ICs. An-
other promising approach is the use of cluster analysis to group artifact and neu-
ral components (e.g. Nicolaou and Nasuto, 2007). Figure 1.9 shows how artifact
correction by ICA is basically conducted. The figure clarifies the backprojection,
i.e. reconstruction of the EEG with non-artifactual components.

Finally another possibility to gain additional information about the origin of the
derived components is dipole estimation of the scalp topographies analogues to
ERP dipole localization (e.g. BESA, Scherg, 1990).

After identification of artifact components the EEG might be relatively easy
“cleaned” by a simple transformation 1.27. An ingenious enrichment of data anal-

Figure 1.9: Artifact correction by ICA (figure from Jung et al. (2001b))

ysis in EEG research is the use of so called ERP-images (Jung et al., 2001a). This
technique is a powerful tool for exploratory data analysis in single-trial EEG anal-
ysis. It provides insight into single-trial dynamics of data since with this tech-
nique it is possible to visualize clearly the variability in latencies and amplitudes
of single-trial event-related activity.

However, artifact correction by ICA is not restricted to eyeblink removal (though
standing in the focus of the present work). ICA provides the possibility to remove
other artifact sources as well (e.g. eye movements, alpha-activity, muscular arti-
facts, line noise) (Lee, 1998).

Artifact sensitivity

Disappointingly, there exists no general advice how to process data if using ICA
as an artifact removal tool. This is due to the fact, that the proceeding depends on
the data. The choice of an adequate algorithm depends on the statistical features
of the assumed sources and especially on data quality. This is especially the case
for ICA algorithms often used in EEG related research, like infomax or fastICA.
They assume a noise free data model (x = Ws). However, it has been shown that
they may yield sufficient results (Debener et al., 2005a; Delorme et al., 2007; Jung
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et al., 2000, 2001a; Makeig et al., 1996, 2004b, 1999a). However, as regards bad
data for ICA holds the same as for exploratory factor analysis: it can not be used
to rescue bad data of bad designed experiments (Tabachnick and Fidell, 2001).
Thus, for ICA holds: “garbage in, garbage out”. The reason for that is, that ICA is
a statistical procedure maximizing information. If the data consist much random
noise any algorithm depending on the noiseless ICA model will fail. Thus, the
more random noise,6 the worse the decomposition. Thus, ICA is sensitive for ran-
dom noise. What follows is that if there are many repeatedly occurring artifacts
present, ICA focuses on them, since they carry most of the information. Thus, the
opposite of that is desirable: many neural sources and few artifact sources. In
that case ICA obviously focuses on the neural sources. This appears trivial, since
this is also true for any other psychophysiological method (like averaging), but
it might be seductive to try to “rescue” data by ICA. For example, one has bad
and noisy data of 30 channel, runs ICA and gains only two neural sources and 28
artifact sources. Then 28 components are removed and everything “looks nice”.
It is obvious that this appears to be some kind of monkey business, since firstly it
is unplausible that are only exist two neural sources and secondly, it is very likely
that the decomposition failed, because the weaker sources are drowned under
the massive artifact sources. Consider for example not all rare occuring artifacts
have been removed. In this case ICA will assume one component for each arti-
fact! Hence, these “artifact” components will very likely consist of neural activity
since the decomposition will have failed. This is due to the fact that since ICA
is a statistical procedure, it desires sources repeatedly showing activity, i.e. the
probability for observing special data points should be high (information is linked
to probability). Thus if the data contains sporadic occurring events (like sporadic
occurring artifacts) ICA will not yield a stable decomposition of those artifact (or
whatever) sources and will possibly realign these activity in every run to a differ-
ent component.

However, in the EEG community it has up to now not been systematically tested
if there are more appropriate algorithms, especially for the case of present gaus-
sian noise.7 In practice small deviations from gaussianity are negligible, but in
applied mathematics already exist algorithms for the solution of that problem
(Hyvärinen, 1998). They should be taken into consideration in the future.

The last paragraph of this section provides a short “tutorial” on data processing
(i.e. EEG), that is a summary of literatur sources (e.g. Debener et al., 2005a;
Delorme et al., 2007; Jung et al., 1998b, 2000, 2001a; Makeig et al., 1996, 2004b,
1997; Delorme et al., 2004) and personal experience during preparation of the
present work in the last year.

6Noise means non-systematically occuring activity in the observed signal
7gaussian noise: a random process being independent of the data, i.e. an artifact showing a

gaussian distribution
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Short tutorial on ICA with EEG data

The preprocessing is an essential step prior ICA, since it might influence the re-
sults remarkably (with respect or artifact processing).

• Initially it has to be assured, that there was recorded a sufficient amount
of data, that should be, like in all multivariate data reduction procedures, a
multiple of the number of variables, i.e. channels.

• The most important point is the removal of sporadically occurring artifacts,
in order to yield a stable decomposition (see also paragraph 1.3.4).

• Thirdly, linear trends, i.e. strong drifts in the data should be removed, since
the common ICA model assumes stationary data. This removal can be made
by adequate high pass filtering. A low pass filter might be useful if one is not
quite interested in high frequency components. However, strong lowpass
filtering might lead to a loss of valuable information.

• Another preprocessing step, that is not necessary but useful if making use of
software with extensive working memory demands (like Matlab) is to reduce
the sampling rate by downsampling. This will also result in a remarkable
increase of processing speed.

• Finally another preprocessing step might be dimensionality reduction by
principal components analysis, which is advisable if fewer components than
channels are expected (see section 1.3.3 and Hyvärinen et al., 2001).

Now, ICA can be conducted. Depending on the components of interest, ICA can
be conducted on continuous data, but also on concatenated single-trial segments
of interesting experimental conditions. Here it should be assured that there are
no large offsets present between the segments, since these represent artifacts for
ICA.

The only further restriction is that ICA should be conducted on the same sub-
ject’s data and within the same recording session. If ICA is run on data of two
independent conducted recording sessions it might be possible that the electrode
cap is not exactly at the same position like before (for example if first experiment
is conducted on the first day of an experiment and than a second one a day later).
This violates the assumption of stationary data.

1.4 Summary

The main conclusion of this section is that the EEG not only consists of potentials
emerging from cortical activity. It consists of manifold artifacts of other origins.
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Hence, the recorded EEG is the result of a complex mixing process, i.e. a crossfire
of physiological and non-physiological sources.

Several approaches exist with respect to the correct the eyeblink artifacts in the
EEG. The most important procedures are regression procedures and component
based approaches. Regression procedure attempt to estimate the impact of the
EOG to the EEG by means of regression analysis. One state-of-the-art procedure
is the eye-movement-correction procedure developed by Gratton et al. (1983). In
terms of classical test theory is assumed that the EOG represents an unbiased ap-
proximation of the true eye activity. In that case the dependency of EEG and EOG
can be estimated by simple linear regression. One drawback of this approach is
that the EEG not only consists of EOG-activity but also vice versa (Hagemann and
Naumann, 2001). Hence it is feasible that with the EOG correction cerebral ac-
tivity is also removed or at least reduced, or, what would be even worse, distorted
(Wallstrom et al., 2004).

Component based approaches assume that ocular and cortical activity is gen-
erated by decomposable independent components. For this decomposition exist
several methods. These are based on different assumptions resulting in different
mathematical models and algorithms. One “new rival” is independent component
analysis (ICA), a special type of factor analysis for the solution of the blind source
separation (BSS) problem.

The general model of ICA is that the observed signals are constituted by lin-
early mixed sources. These are unknown and mutually statistically independent.
Since mixture and sources are unknown, the inverse of the mixing matrix, i.e. the
demixing matrix has to be estimated blindly in order to yield the desired indepen-
dent components. The separation is usually done by minimizing a cost function
that enforces statistical independence.

Thus ICA must not be confused with principal component analysis (PCA). PCA
leads to independent components only under the assumption of multivariate nor-
mality of the input data. PCA leads to de-correlated, orthogonal components us-
ing second order statistics (variance maximization), whereas ICA removes also
higher order dependencies. ICA represents a powerful method for decomposition
of multivariate data into independent components based on only a few assump-
tions about the underlying factors generating a present data structure. Concern-
ing the EEG, it is assumed that the recorded EEG signal is a linear mixture of
unknown sources. Because the sources and therefore the mixture are unknown,
they need to be estimated. The basic assumption of ICA, that the sources are sta-
tistically independent whereas the mixture is not, is neuroanatomically and neu-
rophysiologically plausible, since cortical (and other) areas are spatially distinct
and generate a specific activation, but they correlate in their flow of information.
(Makeig et al., 2004a). To conduct ICA a couple of solutions exist.
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1.5 Objectives

ICA is still a “new guy in town”. Though there exist already a couple of studies
dealing with the application of ICA as a tool for artifact correction, a lot of work
still has to be done to clarify if ICA is really a valuable tool for psychophysiological
data analysis. An increasing amount of studies already use ICA for artifact cor-
rection. However, this is quite surprising since no study investigated systemati-
cally whether ICA is really superior to classical methods, neither which algorithm
might be most appropriate for EEG data. Regarding the last point there exist
mostly statements like:“In our experience (!) we found infomax to lead to plausi-
ble results [...], because it yields dipole like scalp topographies ”. It appears that
something becomes common knowledge what has not been systematically tested
yet. However, in applied mathematics exist dozens of algorithms that have been
shown to lead to better results than fastICA, SOBI, JADE or infomax (e.g. Krish-
naveni et al., 2005). Since these algorithms might be fitted to special applications
these results might not hold for EEG data. Thus, the first two objectives of the
present work with respect to the correction of blink artifacts can be clearly stated:

• Does the ICA procedure yield an improved correction compared to a “state-
of-the art” procedure like the EMCP from Gratton, Coles, & Donchin?

• Do different ICA algorithms provide comparable results, or is one algorithm
superior to others?

However, assuming that these two questions can be answered, a serious problem
remains: Since ICA is some kind of exploratory factor analysis, the solution is
ambiguous and requires a huge amount of time and considerable expertise. Thus,
this correction approach appears to be of subjective nature. Objective criteria are
desirable, which can be used to automate the procedure to provide a more user
friendly application of ICA for artifact removal, at least for the correction of ocular
artifacts. Thus, the third objective is to derive an easily implementable and valid
automated ICA-based procedure for removing blink artifacts.

In the next chapter the first objective is addressed. Does ICA yield an approved
correction compared to a state-of-the-art correction procedure?
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Short recapitulation

Psychophysiological research requires the acquisition of small signals. Hence a
big problem in this research area is the sensitivity of these signals for artifacts.
Despite the reduction of technical artifacts in the recent years, the impact of
biological artifacts still represents a considerable problem. Especially in the ac-
quisition of the electroencephalogram (EEG) they play an important role, since
the recorded signal is, compared to other biosignals, very low. One of great-
est nuisances are those artifacts resulting from oculomotor activity. These arti-
facts are almost inevitable because subjects cannot well control spontaneous eye
movements, such as blinks. Further, the instruction to inhibit eye movements or
blinks may seriously distort brain activity (Verleger, 1991). Several methods have
been developed to cope with the problem of ocular artifacts. The most popular
approach is the correction of ocular artifacts by means of regression analysis.

A more recent method is Independent Component Analysis (ICA), which is an
approach for the solution of the blind source separation (BSS) problem. It is not
only a correction procedure, but a more general approach for multivariate data
analysis. The general model of ICA is that the observed signals x are constituted
by linearly mixed (A) sources s (x = As). These are unknown and mutually statis-
tically independent. Since mixture and sources are unknown, the the de-mixing
matrix has to be estimated blindly. This leads to a solution u = Wx, where u are
the estimated sources. The estimation of W is based on minimizing a cost func-
tion that enforces statistical independence. Following decomposition artifactual
components are removed and the remaining components are projected to a now
lower dimensional subspace in order to yield the artifact-free data set.

2.1 Objectives

Several studies have compared different methods with respect to their perfor-
mance in artifact correction. However, only few attempts have been made to com-
pare the different correction procedures concerning their impact on the event-
related-potential directly.

The present study investigated to what extent the EEG was still contaminated by
eye blink related activity after application of two different artifact correction pro-
cedures. Since it is an open discussion which procedure is appropriate in general
for the correction of ocular artifacts, two widely used approaches with different
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theoretical background were chosen to investigate former question. The regres-
sion based approach (EMCP, Gratton et al., 1983), can be viewed as a classical well
established algorithm. It was conducted with (EMCPs) and without raw average
subtraction (EMCP ws), since omitting the subtraction is the classical regression
approach. It is likely to yield different results as the EMCPs. The component
based approach was the extended infomax algorithm for Independent Component
Analysis. To investigate the remaining artifact activity in the EEG subsequent
correction, the EEG-data was time-locked to blinks, because this approach high-
lights even very small residual artifacts. Also in real experimental situations some
subjects tend to blink time-locked to events, hence the approach is also realistic.

The present study only dealt with spontaneous eyeblinks, since with the ap-
proach of blink time locked data it is possible to derive a good estimate of blink-
related activity only. Hence the derived blink-related potential is not contaminated
by processes resulting from some kind of experimental paradigm (i.e. stimuli or
responses). A problem that arises is the choice of an adequate measure to es-
timate the residual impact of the blink artifact to the EEG. However, linear re-
gression requires linear dependent and normally distributed data, which may not
always be the case in EEG and EOG data. As already mentioned blink-time locked
averages for each correction procedure were calculated. Unlike Berg (1986) not
only ERPs (i.e .the residual activity at blink-time) were compared across meth-
ods, but also the mutual information of blink-locked data of the vertical EOG and
relevant EEG-channels. This approach was chosen to quantify if the corrected
EEG still contains information due to eyeblink activity. Compared to second order
statistics (like covariance and hence correlation) mutual information is a more
sensitive measure for the statistical independence oft two random variables. It
is a more general measure for estimating not only linear dependencies, but also
dependencies of higher order. Further it is independent of the distribution of both
tested variables, in contrast to correlation, which requires the variables to be
gaussian if their independence is to be tested. However, for EEG data it has not
yet been systematically tested whether the distributions of the values in the single
channels are always gaussian. In case of non-gaussian distributions correlation,
and validation by linear regression, are not appropriate measures of indepen-
dence, i.e. the contribution of the eyeblink to the corrected EEG.

It is assumed that after correcting the EEG it should share less information
with the EOG than the raw uncorrected EEG data, since the removed blink sig-
nal carries most of the mutual information in blink-time locked data. Also, less
blink-related EEG activity, i.e. transient(s) showing a similar time-course as the
eye blink data, should be visible at the selected electrode positions. In sum-
mary, mutual information and blink-related activity was used to asses residual
blink-related activity after application of different correction procedures on real
data. The applied procedures were EMCP with raw average subtraction (EMCPs),
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EMCP without raw average subtraction (EMCP w/s) and an algorithm for Indepen-
dent Component Analysis (extended infomax). Additionally, simulated data were
contaminated with eye blink artifacts and subsequently corrected to assess the
residual activity remaining following correction.

2.2 Methods

2.2.1 Subjects

Seventeen subjects (10 females) aged from 19 to 30 years (m=22.7, s=3.6) par-
ticipated in the study. Participants were undergraduate students who received
course credits for their participation. All participants were right-handed and gave
informed consent before participation. Participants had normal or corrected to
normal vision. The data of one participant had to be rejected because of too many
non-ocular artifacts.

2.2.2 Stimuli and procedure

Participants sat in a light and sound dimmed room with faradayan isolation on an
ergonomic office chair which was adjustable in height and inclination of seat and
backrest. The distance of participant and monitor was about one meter. Their task
was simply to focus a white fixation cross. This was necessary in order to minimize
eye-movements; furthermore this is a common procedure in experiments in which
the EEG is acquired during a reaction-time task. The participants were instructed
not to move if possible; they were not instructed to avoid eyeblinks. After ten
minutes the EEG acquisition was stopped. The fixation cross was presented on a
standard CRT monitor (100 Hz).

2.2.3 EEG-recording

EEG was recorded from 57 channels relative to average reference using a Quick-
Amp 72 (Brain Products). Channels (FPz, FP1, FP2, AFz, AF7, AF3, AF4, AF8,
Fz, F7, F3, F4, F8, FCz, FT9, FC5, FC3, FC1, FC2, FC4, FC6, FT1, T7, C5, C3,
C1, C2, C4, C6, T8, CPz, CP5, CP3, CP1, CP2, CP4, CP6, Pz, P7, P3, P1, P2, P4,
P8, Oz, PO9, PO7, PO3, PO4, PO8, PO1, Oz, O1, O2, I1, I2, Cz) were positioned
following the 10-20-system Jasper (1958). Additional electrodes were positioned
at the mastoids (M1, M2) and four electrodes were used to record the electroocu-
logram (EOG) from positions below (IO2) and above the right eye (SO2) and from
the outer canthi (LO1, LO2). Impedances were kept below 10 kΩ. Sampling rate
was 500 Hz (no highpass, lowpass 135 Hz).
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2.2.4 Analysis

Preprocessing

Data analysis was conducted offline using the Brain Vision Analyser software
(v1.05, Brain Products) for preprocessing and implementation of the eye move-
ment correction procedure (EMCP, Gratton et al., 1983). Matlab (The Mathworks)
and EEGLAB 5.03 (Delorme and Makeig, 2004) were used for further process-
ing and ICA. Statistical analysis was made with GNU R (R Development Core
Team, 2005) After importing the data into the Vision Analyzer software, raw data
were band-pass filtered (0.5-30 Hz) using a phase-shift free butterworth filter (12
dB/Octave). Subsequently a threshold algorithm was conducted to detect eye-
blinks.1. Following this the data were segmented time-locked to the maximum
blink excursion (-800: 1000 ms) and a baseline correction was made (-800:-500
ms). Finally, the continuous raw data were cleaned from occasional non blink-
related artifacts by visual inspection.

Ocular correction

Regression analysis For the calculation of the EMCP vertical and horizontal
EOG (SO2, IO2, LO1, LO2) were used and the regression was calculated with
(EMCPs) and without raw average subtraction (EMCP w/s). For the simulated
data only the simulated vertical EOG channel was used since only blinks were
simulated.

Independent Component Analysis For the ICA procedure the filtered contin-
uous raw data and blink-related uncorrected segments were exported to EEGLAB.
ICA was conducted using extended infomax (Bell and Sejnowski, 1995; Lee et al.,
1999b; Amari, 1998) as implemented in EEGLAB (default parameters, except:
maximum number of iterations=800) and the derived weight matrices (i.e. un-
mixing matrices, W) were applied to the blink-time locked data. All data (EEG
and EOG) were included in ICA. Subsequently the derived independent compo-
nents were clustered (k-means) using their topography and blink-time-locked av-
erages of activity. Two main clusters (i.e. components accounting for blink-and
EEG-activity) were assumed and defined for clustering. Components representing
blink artifacts were identified by visual inspection of component activations, pro-
jections of the components to the scalp (inverse weight matrix for the component)
and by the variance accounted for (e.g. Jung et al., 2000; Debener et al., 2005b)in
the time window from -50 to 50 ms around the maximum blink excursion. It was

1Blink detection algorithm: locating all time-points in the vertical EOG-signal (vEOG = (|SO2 +
IO2|)/2) with the signal exceeding a criterion of 50 µV during 200 ms. Subsenquently location
of the local maximum within this time-range. Confirmation of visual inspection
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assumed that independent components accounting for blink artifacts show the
typical blink-like time-course and topography and account for the most variance
in the EEG data in the time window from -50 to 50 ms around the maximum blink
excursion. Finally, the components representing blink artifacts were removed and
the remaining independent components projected back.

2.2.5 artifact processing

Prior removal of blink components a semi-automated artifact rejection procedure
was applied as implemented in EEGLAB Delorme et al. (2007) to remove residual
artifacts not detected by visual inspection. These procedures are highly efficient
in detecting linear trends and improbable data segments Delorme et al. (2007).
From the EMCP-corrected data the same segments were removed as from the
ICA-corrected data. Hence the segments used for further averaging and statistical
analysis were the same for both procedures.

2.2.6 Dependent variables

Mutual information

For each subject mean mutual information was calculated between the uncor-
rected vertical EOG and each predefined corrected EEG-channel (FPz, FCz, C3,
C4, PO7, PO8, Pz, Oz). These channels were chosen because they are the most
frequently used channels for EEG research, and because they cover the nearest
and most remote scalp positions relative to the eyes. Also the mean mutual infor-
mation of the uncorrected vertical EOG and the uncorrected EEG-channels was
calculated.

Residual activity

The residual transient activity (Berg, 1986) in the time window from 200-300 ms
after the blink maximum was detected by a peak detection algorithm.

2.2.7 Statistics

Initially an overall factorial analysis of variance with repeated measures was cal-
culated for the mean mutual information. Factors were electrode position (FPz,
FCz, C3, C4, PO7, PO8, Pz, Oz) and correction procedure (EMCPs, EMCP w/s,
extended infomax, raw data). One dependent variable was the mean mutual infor-
mation for each uncorrected vertical EOG and corrected EEG-channel pair. For
the raw data the uncorrected EEG and uncorrected vertical EOG pairs were used.
Two factorial analyses with repeated measures were calculated to compare both
regression variants with extended infomax.
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Finally paired t-tests were conducted with respect to residual activity which
hypothetically occurs in the time window from 200-300 ms after the blink max-
imum (Berg, 1986). Greenhouse-Geisser adjustment to the degrees of freedom
was performed for effects with df > 1. In that case Greenhouse-Geisser epsilon,
uncorrected F-values, and corrected p-values are reported.

2.2.8 Simulation

For simulation of eyeblinks in EEG-data two models were used. The first model
simulated blinks by means of linear regression, and the second model simulated
blinks by a component model. For both simulations the same data pool as in
the real data analysis was used. One problem with the simulation of eyeblinks
is the choice of an appropriate model for construction. Since it is not desirable
to favor a particular correction by the type of calculations that are necessary for
the simulation, blinks were both realized by a component model (i.e. assuming a
linear mixture of statistically independent components) and a propagation model
(i.e. adding blinks to clean data by linear regression). Both types of simulated data
were analysed with respect to the correlation between clean, uncontaminated
data and corrected data.

Propagation model

For the propagation model one subject was chosen randomly. From this subject
the vertical EOG and eight randomly chosen channels were used for simulation.
As first step, eyeblinks were detected by a threshold algorithm, and the vertical
EOG was averaged time-locked to the maximum blink excursion to receive a blink
template (temp). Subsequently eight random numbers in the range from −1.0 : 1.0

were defined as propagation factors (p). The propagation factor for the vertical
EOG channel (channel 9, Figure 2.1, lower panel) was set to one. This yields a ver-
tical EOG-channel showing typical blink artifacts. Next, the channels were man-
ually cleaned from real eye blink activity. This was done by manually inspecting
and removing all time points of blink activity. This dataset was now contaminated
with eyeblinks by calculating back the eye blink by linear regression. This was
done by multiplying the propagation factors (p) with the blink template (temp) and
adding it to the cleaned EEG for each channel c and time point t:

blinkc,t = EEGc,t + (tempt · pc)

This procedure simulates eyeblinks with almost identical amplitude and duration.
However, in real data spontaneous eyeblink amplitudes usually vary due to factors
like eye dryness, fatigue, or cognitive load. Hence for a more realistic simulation
a second regression simulation was conducted in which the simulated blinks had a
randomly varying amplitude. This was realized by randomly enhancing the activity
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in the blink template in a range between 70 and 280 µV . These values were
chosen since they resemble the variation in the real data (average blink amplitude
real data: 215.28 µV ; s=40.29).

Component model

The component based simulation was conducted in several steps. Here also 10
channels were simulated. At first a subset of nine subjects was chosen randomly
without replacement from the 17 subjects. For simulation of cerebral sources,
from each of eight subjects one former derived independent component activation
was chosen randomly. For simulation of a blink source the component resembling
a typical blink artifact was chosen from the remaining subject.(cerebral, blink)
were now mixed by a random square matrix (i.e. backprojection, the blink com-
ponent was projected to one channel with a mixing coefficient of .95, this results
in a channel representing a vertical EOG channel, figure 2.1, upper panel, Matrix
O). To receive blink free reference data, the component representing the eyeblink
artifact was set to zero according to the procedure described in the introduction
(figure 2.1, upper panel, Matrix M). For each simulation 50 eyeblinks were simu-
lated (average blink amplitude: 228.25 µV ; s=83,76). Both data sets consisted of
105 data points, respectively. Finally both correction procedures were applied to
the simulations and the clean, blink-free data was compared with the corrected
data. Here the same measures were calculated as with the real data: The ERPs
were time-locked to the maximum blink excursion, and the correlation between
clean, uncontaminated data and corrected data was estimated (after normaliza-
tion of the data).

2.3 Results

2.3.1 Real data

The mean blink rate of the participants was 4.19/min (s = 3.89). The average
blink amplitude was 215.28 µV (s=40.29). The blink amplitude and its vari-
ance correlated significantly with the mean mutual information prior to correction
(r = .71; p < .01 and r = .65; p < .01 respectively). Independent Component Analy-
sis revealed, for every participant, blink related components showing the typical
time-course and projection to frontal electrode positions of blink related activ-
ity which is observable in the uncorrected EEG (figure 2.2). For every subject
a full dimensional ICA decomposition was conducted (i.e. without PCA prepro-
cessing). The k-means procedure as implemented in EEGLAB clustered the com-
ponents clearly into blink components and other activity. On average the blink
components accounted for 99.58 % variance in the time window from -50 to 50
ms around the maximum blink excursion. For one subject ICA yielded two blink
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Figure 2.1: The basic simulation procedur. Upper panel: Realization of a component model. Matrix M represents a
simulation of the data set as if it were free from ocular artifacts, Matrix O represents a simulation of a blink
contaminated data set. Lower panel: Propagation models (contant and varying blink amplitudes)

37



2 Evaluation of common correction procedures

related components (Figure 2.2).

Figure 2.2: Right below: Grand average of activation of the blink-components projected back to FPz. Top: Scalp topogra-
phies of the blink components (ic) for each subject (s). Note that ICA revealed for one subject (s6) two blink
related components. The colour-map legend does not contain values since the ICA topographies represent
arbitrary values.

Mean mutual information

With respect to the mutual information the overall repeated measures ANOVA
with the factors correction procedure (extended infomax, EMCPs, EMCP w/s, raw
data) and electrode (FPz, FCz, C3, C4, PO7, PO8, Pz, Oz) revealed a main ef-
fect of procedure (F (3, 45) = 191.95; p < .001; ε = .72), a main effect of electrode
(F (7, 105) = 3.91; p = .006; ε = 0.61) and an interaction of procedure and electrode
(F (21, 315) = 5.58; p < .001; ε = .249). The contrast of extended infomax vs. EMCPs
revealed a significant main effect (F (1, 15) = 13.248; p = .002), showing that mu-
tual information was higher for EMCPs than for infomax. There was no significant
effect of electrode position (F (7, 105) = 1.269; p = .294; ε = .51) nor a significant
interaction of procedure and electrode position(F (7, 105) = 2.39; p = .07; ε = .52).
The contrast extended infomax vs. EMCP w/s revealed a significant main effect
of procedure (F (1, 15) = 11.75; p = .004) showing that the mean mutual informa-
tion was higher for infomax than for EMCP w/s, and a significant interaction of
procedure and electrode position (F (7, 105) = 4.01; p = .005; ε = .6), showing that
the effect of procedure varied with the electrode position, being higher at frontal
positions and lower at occipital positions (figure 2.3). The effect of electrode posi-
tion showed a tendency to significance (F (7, 105) = 2.59; p = .06; ε = .491). Further
the mean mutual information was significantly lower after EMCP w/s than after
EMCPs (F (1, 15) = 26.59; p < .001). There was no significant effect of electrode po-
sition (F (7, 105) = 1.13; p = .35; ε = .74) or interaction of procedure and electrode
position (F (7, 105) = .32; p = .82; ε = .44). In summary the mean mutual informa-
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tion of vertical (uncorrected) EOG and corrected EEG-channels was significant
lower after application of extended infomax and EMCP w/s than after EMCPs (fig-
ure 2.3). Further it differed significantly between extended infomax and EMCP
w/s. Finally, mutual information varied with electrode position, being larger at
frontal and occipital positions, and smaller at more central and lateral positions
(figure 2.3).

Figure 2.3: Mutual information (1 nat ≈ .44 1
log2

bit) is highest for uncorrected data, lower for EMCPs, and lowest for
Infomax and EMCP w/s corrected data. Infomax=extended infomax.

Residual activity

A blink-related positivity was observable (figure 2.4), peaking at about 250 ms
after the blink maximum. This positivity was observable after application of either
correction procedure (infomax: t(15) = 8.62; p < .001; EMCP w/s: t(15) = 7.08; p <

.001; EMCPs: t(15) = 7.20; p < .001). It did not differ significantly between the
different correction procedures (F (2, 30) = 1.34; p = .27; ε = .57).
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Figure 2.4: Upper figure: Grand averages of activation (µV ) of data corrected by Infomax, EMCPs and EMCP w/s. Lower
figure: Topographic maps (spherical spline interpolation) of the activation subsequent correction at the time
point of maximum blink excursion (0 ms) and 250 ms after it. Infomax=extended infomax. vEOG = (|SO2 −
IO2|)/2

Figure 2.4 shows the blink-related potentials and the corresponding topographic
maps. The topographic maps support the results of the mean mutual information
analysis, revealing residual positive activation at the former blink-maximum after
either correction procedure.

40



2 Evaluation of common correction procedures

2.3.2 Simulated Data

The results indicate a differential impact of the tested procedures on the simulated
and real data. With respect to the eyeblinks simulated by the component model,
the results are almost in line with those from the real data. The residual activity at
the former maximum blink excursion was largest for the data corrected by EMCPs,
while ICA-corrected data as well as data corrected by EMCP w/s resemble almost
perfectly the time course of the clean uncontaminated data. Figure2.5 shows
the blink-time locked averages for the clean (i.e. uncontaminated) data and data
corrected by extended infomax, EMCPs and EMCP w/s.

Figure 2.5: Averages time-locked to the maximum blink excursion (x-axis: time (ms); y-axis: µV ). Only two channels are
plotted (left and right column respectively). Red lines: clean, uncontaminated data; Blue lines: corrected data.
Note the difference in the scaling for the EMCPs-corrected data. Also note that the real names (like "‘FCz"’)
are not informative, since they don’t have spatial information. The reason is that the components were selected
randomly for the mixing, as well as the values for the mixing matrix.

This is supported by the correlations between the clean, uncontaminated data
and corrected data (figure 2.6). As regards the data contaminated by the propaga-
tion model, the results show that the residual activity at the blink time maximum
was larger for both EMCP procedures than for ICA-corrected data. ICA corrected
data resemble almost perfectly the time course of the clean uncontaminated data.
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Figure 2.6: The figure shows the correlation between clean, uncontaminated data channels and corrected data channels
for each type of simulation.

This pattern was present in simulated blinks with randomly varying amplitude
(figure 2.7, a) and in blinks with constant amplitude (figure 2.7, b). The former
revealed remarkable residual activity for the data corrected with EMCP w/s.

(a) Propagation model with randomly varying

blink amplitude

(b) Propagation model with constant blink ampli-

tude

Figure 2.7: Averages time-locked to the maximum blink excursion (x-axis: time (ms); y-axis: µV ). Only two channels are
plotted (left and right column respectively). Red lines: clean, uncontaminated data; Blue lines: corrected
data. Note the difference in the scaling for the EMCPs-corrected data. Also note that the channels for the
propagation model have been chosen randomly, as well as the propagation factors used for simulation of blinks.
Hence the real names (like "‘FCz"’) are not informative, since they don’t have spatial information anymore.

With respect to the correlation between corrected and clean data this data pat-
tern was also present: It was largest ICA corrected data, smaller for EMCP w/s
and even smaller for EMCPs (figure 2.6).
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2.4 Discussion

The present study shows that after application of methods for the correction of
ocular artifacts there still remains activity at the time point of the eyeblink artifact
in real data. This activity shows an occipital topography that peaks at about 250
ms after the blink maximum excursion. This result replicates the findings of Berg
(1986). The residual cannot simply be explained by some kind of overcorrection by
the correction procedure, since it remains after application of either procedure,
and it is not visible in the simulated data. Further mutual information of vertical
EOG and EEG as well as the residual activity at the maximum blink excursion
shows differential effects with respect to the applied correction procedure and
electrode site. These effects were also present in the simulated data.

2.4.1 Real data

With respect to the mean mutual information extended infomax and the regression
approach without raw average subtraction (EMCP w/s) yielded almost the same
results. However, though there was a significant difference between extended in-
fomax and EMCP w/s. But though this difference was statistically significant, the
difference was, in terms of absolute values (figure 2.3 & 2.4 , suppl. Animation
1), quite marginal. It could be interpreted as a result of the different number of
eyeblinks of the subjects. Since ICA is a statistical procedure, it requires a source
to show frequent activation, if should be reliably extracted. An alternate interpre-
tation could be that EMCP w/s lead to an overcorrection of frontal and occipital
channels. Another possibility is that extended infomax only removed the pure
blink activity, while there remained activity accounting for muscle or vertical eye
movements accompanying the reopening of the eye. This would increase the diffi-
culty to identify components accounting for ocular artifacts of this type, since only
blinks are unambiguously identifiable. For the regression approach with raw aver-
age subtraction (EMCPs) the residual mean mutual information was higher, and it
was highest for uncorrected data. After application of EMCPs the blink-related av-
erages and topographic maps of the activity at the former blink maximum showed
large residual activity. Interestingly, for one subject ICA yielded two components
accounting for blink activity (Figure 2.2, s6). This indicates that under certain
circumstances ICA might result in a higher dimensional decomposition for a com-
ponent in the EEG as predicted. This has to be object of further investigations.
Following either correction procedure a large positivity in the time-window at
about 250 ms after blink maximum was observable. This replicates the findings of
Berg (1986). He suggested that this residual has physiological origins and results
from the re-opening of the eye, that induces a strong change of the visual input
and hence a visual evoked ERP. As a conclusion, this residual should be taken into
account if the EEG is corrected by any kind of correction algorithm. In further
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studies it should be investigated to what extent this residual contributes to the
estimated ERP, and whether it can be removed by ICA as well.

2.4.2 Simulated data

Correlation and residual activity varied differentially between the different correc-
tion procedures. For ICA the procedure yielded the same results for both models
(i.e. propagation model, component model): It showed almost the same resid-
ual activity like the uncontaminated clean simulation data. Also the corrected
data correlated highly with the clean uncontaminated data. This was also true for
EMCP w/s. However, this was not the case for EMCPs. Correlation (fiigure 2.6)
and residual activity (figures 2.5, 2.7) were always higher than for ICA and EMCP
w/s and EMCPs.

In the case of a constant blink amplitude EMCPs seemed to fail, since the blink-
related average still showed the same time-course of activity as the uncorrected
data. The correction was better for the component model, and also if the blink
amplitude varied. This was the case either for the component model and one
propagation model. EMCP w/s showed comparable results to ICA, if a component
model was assumed and if the blink amplitude did not vary strongly in the prop-
agation model. However, with varying simulated blink amplitude even EMCP w/s
was slightly inferior to ICA.

Finally, following correction by either correction procedure there was no posi-
tivity following the blink maximum. This indicates indeed that this potential is a
physiological potential resulting from the re-opening of the eye.

The results may be due to the fact that if the blinks do not vary in their ampli-
tude and duration, the vertical EOG at blink time point represents a good estimate
of the "true" blink signal. If they vary, the estimation by linear regression can be a
rather imprecise approximation. This may be an explanation why EMCP w/s and
ICA lead to analogous results in the real data: Spontaneous blinks usually do not
vary strongly in amplitude and duration, As a consequence the regression error
is small. Hence, the question arises which simulation represents an appropriate
model. With respect to the data of the present study it seems as if the compo-
nent model fitted better, since the results of the correction procedures was quite
analogous for simulated and real data.

In summary the data simulations support the findings in the real data. The
impact of the ICA procedure was equivalent in the propagation model as well as
in the component model. In both cases the ICA-corrected data resembled almost
perfectly the time course of the clean uncontaminated data. This was not the case
for EMCP-corrected data. While a large residual activity appeared in both models
(i.e. blinks realized by a component model and those constructed by a propagation
model) the simulations reveal also, that the residual varies with the variation of
the blink amplitude.
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Interestingly the results for the mean mutual information correspond with the
results of the simulation. This supports the idea that mutual information can be
used as an evaluation criterion. Its advantage is the independence of the distribu-
tion parameters of the electrical activity of EEG and EOG. It may be argued that
the paradigm of blink-time-locked data is artificial. However, in EEG experiments
participants often blink in a regular pace shortly after a response or a stimulus.
Further the blink rate varies with different cognitive or activation states and be-
tween participants. Based on the data of the present study, it could be stated that
the conduction of EMCPs is always obsolete, but this conclusion cannot be gener-
alized. The present study did not test the impact of either correction procedure
on other event-related potentials. Here, one question is, what happens if EMCP
w/s is applied to data in which eyeblinks occur temporally close to event-related
potentials. This is why Gratton et al. (1983) developed the procedure with raw av-
erage subtraction: it should avoid the distortion of the ERP by subtraction of the
ERP prior calculation of the propagation factors. In conclusion it seems, as if there
were optimal conditions for both options for calculating the EMCP. However, it is
desirable that a correction procedure should produce adequate results irrespec-
tive of blink rate, time-course, or time-point of blinks relative to the experimental
event or reaction. Hence further investigation is necessary (e.g. by variation of
blink frequency, blink-time point) to disentangle the "optimal" conditions for each
of the two variants.

The researcher has hence to decide which regression approach is the adequate
solution for his data. The data structure, e.g. the relation of blinks to events, may
be different across subjects and conditions, hence different regression procedures
may be adequate for different subjects and conditions. This raises the problem
of the appropriateness of conducting two different correction procedures within
one analysis framework. This can only be approved if both procedures lead to
mathematical equivalent results.

In contrast to the regression approach used in the present study, ICA has the
advantage that only few assumptions about the underlying structure of the data
have to be made (Hyvärinen et al., 2001). Regardless of the blink structure, ICA
seemed to yield almost perfect correction, which is a strong argument for conduct-
ing ICA. However, there are also some drawbacks concerning the computation of
ICA. On the technical side, compared to regression procedures, the computational
load is very high. Depending on hardware, data length, and number of channels,
the computational time is certainly much longer than for regression analysis. Also
there are some mathematical constraints to the application of ICA. The sources
are assumed to be statistically independent. This means, in terms of EEG, that
it is assumed that spatially static sources generate temporally dissociable time-
courses of activation. However, neural networks are often overlapping, but they
might generate different patterns of activations. Thus, with EEG data temporal
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ICA is mostly conducted. Further, ICA requires at least as many simultaneously
recorded signal mixtures (e.g. sensors) as there are signal sources (e.g. voices,
neural networks). Third, there must not be more than one gaussian source. And
finally, the influence of random noise has to be kept as low as possible, since
the basic ICA model, which is also assumed by infomax, assumes no noise. For
data with additional noise other algorithms have been developed (e.g. Hyvärinen,
1999). Also a minimum of data points is required to estimate a stable (i.e. reliable)
decomposition. Since ICA is a statistical procedure it is sensitive to random noise.
If there are only few artifacts of one kind it is possible that the decomposition fails.
This is what is indicated by the significant difference between extended infomax
and EMCP w/s. Hence it follows, what sounds at first glance counterintuitive, that
the decomposition is the better, the higher the number of blink artifacts.

Finally there are many possible solutions (i.e. algorithms) for the BSS problem;
the choice of an algorithm depends on the data and the assumptions about its un-
derlying factors. Up to now it has not been tested systematically which algorithm
may be the most appropriate one for EEG data. Another drawback is that the
identification of blink-components is usually done by visual inspection, i.e. it may
suffer from a subjective bias. However, in the present study the blink components
were not only identified by visual inspection, but by cluster analysis and the per-
cent of variance the components accounted for in a defined time-window around
the maximum blink excursion. The blink-components, that showed blink-like to-
pographies and time-courses, accounted for about 99 % of variance. Further the
k-means procedure was able to combine these components into one cluster.

2.4.3 Conclusion

In conclusion the results show that extended infomax and EMCP w/s may lead to
an almost analogous impact on mutual information of vertical EOG and EEG chan-
nels as well as the residual activity that remains at blink time maximum. However,
while the optimum use of EMCP appears to depend on the variance of blink ac-
tivity, ICA is independent of a certain data structure and, what is more important,
it is not restricted to the removal of blink artifacts. It provides a general frame-
work for artifact removal and analysis of EEG-data. Furthermore, what is most
important, the performance of ICA seems to be independent of the model that is
assumed about the generation or propagation of the eyeblink signal. Another im-
portant result is the late blink related positivity that was observable after either
correction procedure.

Another important point is that for EMCP the quality of correction depended on
the EMCP variant used and the structure of the data, whereas ICA always yielded
almost perfect correction.

However, the present results cannot be extended as a general conclusion against
regression based approaches. It has to be stated that a limitation of the study is
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the restriction to eyeblinks. Further investigations are necessary with respect to
vertical and horizontal eye movements. There are several regression methods that
have been shown to lead good results (e.g. Croft and Barry, 2002, 2000, 1998a,b;
Croft et al., 2005). However, aim of the present study was not to evaluate re-
gression procedures in general, but rather to evaluate the impact of the EOG on
the EEG after correction with two common used procedures. Nevertheless, fur-
ther research is necessary to evaluate systematically the performance of different
correction procedures (i.e. component models, regression approaches), since the
discussion about that topic has not been settled.

Another constraint, however, is the residual activity after the blink maximum: If
only components accounting for blink activity are subtracted, there might remain
activity in the EEG that is blink related and therefore can be defined as artifac-
tual. Hence, the correction of ocular artifacts with ICA should not focus solely on
components accounting for eyeblinks or horizontal eye movements. ICA, because
of its power in the decomposition of multivariate data, may be a suitable tool to
remove the mentioned positivity as well. This has to be topic of further investi-
gations, since it is an important issue: If conducting ICA it might be (e.g. due
to data quality or violating the basic assumptions of ICA) that activity temporally
correlated with the blink component is removed as well since the decomposition
might not have been perfect. However, the present results indicate indeed that
ICA decomposes a pure “blink signal” which is independent of the residual, since
the residual does not occur in the corrected simulation data.

Here further investigation is necessary to reveal the components corresponding
with ocular artifacts. Also more detailed investigations of the dynamics of differ-
ent kinds of ocular activity are necessary. Spontaneous, voluntary and reflectory
eyeblinks differ in their neural sources and the factors inducing them (Alm and
Kaufman, 2002) , for example activation, cognitive load, intention, physical irri-
tation or pathological reasons (e.g. blepharospasm). ICA may be a powerful tool
to disentangle the different sources in those different blink conditions. It cannot
simply be regarded as a correction procedure. Because the components account-
ing for artifacts and those accounting for neural activity are independent of each
other, a correction of the EEG would be obsolete, if the focus was on the functional
significance of the derived independent components.

Finally, one conclusion is that ICA is a powerful tool for the correction of blink
artifacts. However, there exist several possible algorithms for conduction of ICA.
The performance of these algorithms has yet systematically to be tested. Also
previous studies have shown that besides EMCP, there exist a couple of powerful
regression based and component based correction procedures. Here a system-
atic re-evaluation is necessary to evaluate the gain of new (i.e. ICA) correction
procedures.

At this point the question arises if there exist differences between ICA algo-
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rithms. This was the second objection formulated at the end of the introduction
(section 1.5). The following chapter compares different ICA algorithms and is
intended to provide a help for the practitioner to decide for one algorithm.
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Up to now a couple of algorithms for the conduction of ICA have been developed.
However, only few have found their way into psychophysiological research. Many
algorithms are based on the same basic ICA model described in section 1.3 in
chapter 1. In general they differ with respect to the ideas about how the data are
generated, or with respect to the assumed relation of the estimated components
to each other. Thus different algorithms depending on different contrast criteria
exist. For example the TDSEP (Temporal Decorrelation source SEParation Ziehe
and Müller, 1998) and SOBI (Second-Order Blind Identification Belouchrani et al.,
1997) algorithms take the temporal structure of the data into account and thus
the autocorrelation properties of the data. This is not the case for INFOMAX
(INFOrmation MAXimization Bell and Sejnowski, 1995) or fastICA (Hyvärinen and
Oja, 1997). Because of the amount of different algorithms and preliminaries for
them, it is quite hard for the “non-mathematician” to choose the most appropriate
algorithm.

Further, some algorithms are computationally enormous extensive (e.g. RADI-
CAL, Robust Accurate Direct Independent Components Analysis aLgorithm, Miller
and Fisher, 2003). However, one reason for the marginal use of the full spec-
trum of ICA-algorithms for psychophysiological research may be that the results
of some algorithms have a high “eye validity”. For example the conduction of
infomax yields components that can be modeled by a dipole model analogous to
EEG data (Makeig et al., 1996, 2004a). Though there exists much work on the
performance of ICA-algorithms, only few studies deal with the quality of EEG de-
composition by different ICA algorithms (e.g. Delorme et al., 2007; Romero et al.,
2008).

For example Krishnaveni et al. (2005) evaluated several ICA algorithms with
respect to the remaining mutual information between the estimated sources. They
found RADICAL to yield the best results, i.e. yielded components being more
independent in terms of mutual information than the other tested algorithms (e.g.
TDSEP). However, they conducted ICA only on very short data sets (5 sec, 33
channels, 128 Hz), which are probably far to short to yield stable decompositions.
Further, in ICA the problem of overlearning plays a considerable role: the number
of sources recorded by any subset of detectors (i.e. electrodes in case of EEG
recordings), must be less than or equal to the number of detectors in that subset1.
ICA will fail on any part of the data that is overcomplete (Brown et al., 2001).

ICA cannot separate two sources that are recorded by one detector if their activ-

1Assuming that these sources are not recorded by any other detectors

49



3 Evaluation of ICA algorithms

ity is not recorded by other detectors (Brown et al., 2001). However, this situation
might occur in real applications like EEG recordings. The results of Krishnaveni
et al. (2005) can not be generalized because of their special application. With re-
spect to their evaluation it might be possible that the results reverse with longer
data sets. Also the measure of mutual information is not quite informative for
the psychophysiologist as used in context of their study. For the EEG researcher
desiring an artifact correction it is of more interest, how good the EEG is cor-
rected at least, and not if the components are independent. Thus it is desirable to
provide information about correction performance rather than for decomposition
performance.

Vigário et al. (1996) were one of the first to evaluate ICA with respect to its per-
formance in the correction of ocular artifacts. In their work they could show that
ICA is able to isolate pure eye activity in the EEG recordings. In their data simula-
tions fastICA (Hyvärinen and Oja, 1997) was able to estimate almost perfectly the
sources generated and mixed for the simulation. This was true for the temporal
structure (i.e. time courses) as well as for the statistical parameters (kurtosis and
distribution). PCA was only able to separate slightly gaussian sources whereas
ICA was even able to separate even these, since a slight deviance from normality
is sufficient for a decomposition. This does not hold for PCA (Vigário, 1997).

Interestingly, a systematic evaluation of different algorithms with respect to the
standards that are interesting for EEG related research has not been conducted
very often. Most studies in the field “evaluation of ICA with respect to perfor-
mance in ocular artifact removal” provide only quite indirect measures or show
only figures of corrected continuous data, which is not sufficient to qunatify the
performance (e.g. Lee et al., 1999b). Thus in the present study interdependencies
of clean and corrected data are assessed with simulated data.

However, since only few algorithms have found their way in to psychophysiolog-
ical research, it is desirable to know which algorithm performs best in the removal
of common artifacts. For this purpose simulated data were generated analogous
to the component simulation procedure in the first experiment. This type of sim-
ulation allows the evaluation of the procedures in a case where the ground truth,
i.e. the true underlying factors, is known. Hence it can be systematically tested,
which decomposition result is closest to the original data.

In the present study five widely used ICA algorithms were tested. These were
extended INFOMAX (Bell and Sejnowski, 1995; Lee et al., 1999a), fastICA (Hyväri-
nen and Oja, 1997), SOBI (Belouchrani et al., 1997), TDSEP (Ziehe and Müller,
1998) and JADE (Joint Approximate Diagonalization of Eigen-matrices Cardoso
and Souloumiac, 1993; Cardoso, 1999). The decomposition was conducted with
combined real and simulated data, and the correlation between corrected data
and clean uncontaminated data was estimated following normalisation of the data.
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3.1 Objectives

A main goal was to estimate which algorithm provides the best solution for the
basic ICA assumption of a linear mixing of non-Gaussian, statistically independent
sources, that are realistic (i.e. empirical) simulations of neural generators. For
this purpose estimated independent components of different subjects were mixed
together with artificial generated artifact sources (i.e. eye blinks, muscle and
physical artifacts, Gaussian noise). This type of simulation has the advantage that
the former components are exactly known. Hence the objective can be formulated
straight forward:

• Which algorithm leads to the smallest error?

• Do the algorithms differ with respect to the decomposition of different source
types?

3.2 Methods

From the experiment described in the previous chapter six subjects were selected
randomly. From each subject one independent component was chosen randomly,
and selected if the distribution was not Gaussian (i.e. super-, or subgaussian).
Physical artifacts were generated according to a modified procedure of the one
described by Delorme et al. (2007). The time courses of activation for the eye
blink artifact were generated by band pass filtering (1-3 Hz, IIR, infinite impulse
response) of random noise. From this time series positive excursions were de-
tected and added in quasi-random time distance to a zero-activation time series.
This should simulate a pure blink signal. Accordingly, a muscle artifact component
was generated (20-60 Hz). The line-noise component was generated by band-pass
filtering (45-55 Hz) of a random noise time series of the same duration. In ad-
dition a broken electrode was simulated. The eye blink artifact was projected to
six electrodes. The physical artifact was only projected to one electrode and the
muscle artifact was projected to three electrode positions (figure 3.1,b). The clean
uncontaminated data was constructed by excluding artifactual components in the
projection. The projection procedure used is identical with the described back-
projection described in the first chapter. Infomax was conducted using extended
infomax. FastICA was conducted using simultaneous extraction of sources and
with the hyperbolic tangent (tanh) as contrast criterion since it has been shown
that this is equivalent to information maximization (Hyvärinen et al., 2001), but
being faster. All other algorithms were conducted using the implemented default
parameters suggested by the authors.

51



3 Evaluation of ICA algorithms

(a) Simulated sources

(b) Sources projected back

Figure 3.1: The signals of the simulated sources (a) are not scaled to a certain measure, since the activity of the components
consists of arbitrary values. In opposite the components projected back (b) represent values in µV . The
scaling is not consistent for plotting purposes. Shown are only the first 2000 data points. In appendix D.1 the
corresponding mixing matrix (i.e. A) is provided.
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3.3 Results

As can be seen in figures 3.2 to 3.4 the results of the decompositions do not
differ substantially. However, it appears as if the algorithms are suited to different
kind of artifacts and sources. The correction appeared to be best for fastICA and
TDSEP (fig. 3.2): the corrected data correspond almost perfectly with the clean
uncontaminated data. The reason for that becomes clear when having a closer
look at the results of the decomposition (appendix D.2). Both algorithms modelled
almost perfectly the artifact sources.

(a) TDSEP (b) SOBI

Figure 3.2: Clean uncontaminated data (black lines) vs. ICA corrected data (red lines)
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(a) Infomax (b) fastICA

Figure 3.3: Clean uncontaminated data (black lines) vs. ICA corrected data (red lines)

(a) JADE

Figure 3.4: Clean uncontaminated data (black lines) vs. ICA corrected data (red lines)

In opposite the other algorithms performed slightly poorer with respect to ar-
tifact modeling. However, they modelled better the more "physiological" com-
ponents. This becomes clearer if having a look at the correlations between cor-
rected data and clean data, and the correlations between simulated sources and
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estimated sources (figure 3.5)

(a) Correlation of corrected data and clean data (b) Correlation of simulated sources and estimated

ICs

Figure 3.5: The left boxplots show the parameters of the correlations between clean data and data corrected by the dif-
ferent ICA-algorithms (a). Note the small range for TDSEP and SOBI, indicating precise estimation of artifact
components. Right plot (b): correlations between simulated sources and the estimated independent compo-
nents. Note the now reversed picture: The range for SOBI and TDSEP is now in opposite to figure a.

The correlations indicate that despite the fact that the range of correlations
between estimated sources and “true” sources is quite large for TDSEP and SOBI,
the correlation between corrected and clean data is quite small, i.e. uniformly
high. However, which components were modeled best by each algorithm? For
this a look at the percent of shared variance between the estimated and true
sources provides further insights:

fastICA INFOMAX JADE SOBI TDSEP

pv(IC1,S1) 99.94 99.97 99.96 1 1
pv(IC2,S2) 96.78 95.47 96.36 50.65 27.37
pv(IC3,S3) 97.82 98.16 97.78 59.54 34.17
pv(IC4,S4) 98.11 99.21 99.38 98.25 98.13
pv(IC5,S5) 99.50 99.72 99.55 95.81 95.06
pv(IC6,S6) 99.79 99.52 98.66 99.98 99.98
pv(IC7,S7) 99.84 99.28 98.12 1 1
pv(IC8,S8) 98.98 98.82 97.81 99.89 99.89

Table 3.1: Percent of variance (pv) shared between estimated and true sources. IC=estimated source; S=true
source; The highest value(s) for each row are highlighted. Values rounded to the second decimal place. Note
that ICs and true sources have been matched, i.e. the numbers of the ICs do not correspond with the ones in
the appendix.

The artifact sources (S1,S6,S7,S8) are slightly better modelled by TDSEP and
SOBI. On the other hand their performance with S2 to S5 is considerable poor
compared to fastICA, INFOMAX and JADE.
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3.4 Discussion

The simulation results show that the tested algorithms did not differ substantially
with respect to artifact correction. The correlations between simulated clean data
and corrected data was remarkably high for all algorithms. When having a look
at the correlation between the neural sources and the decomposed neural compo-
nents, it seems as if information based algorithms (INFOMAX, fastICA, JADE) are
better fitted to the modelling of neural sources than artifact sources. Thus, the
choice of an algorithm depends on the application purpose.

But why is the difference in artifact correction for some channels so large be-
tween the algorithms? This is due to the fact, that the artifacts used explain very
much variance (or information) in the data. Thus, in practice even a slightly bet-
ter modeling of the artifact sources might yield a considerable difference in the
performance of artifact correction. Thus, it seems advisable in the evaluation of
the performance of ICA-correction, not only to have a look at the decomposition
quality (i.e. by measuring the independence of the components), but also to utilize
simulation in order to compare clean uncontaminated data with corrected data.

A possible caveat for conducting ICA with EEG data is that the solution may be,
depending on the signal-to-noise ration quite ambiguous. Also, when conducting
ICA one assumes that the signals which are acquired at the scalp, consist of ALL
signals generated by the cortex. But this is hardly the case in reality. Is is ques-
tionable if the data quality in EEG-acquisition is always that good. For example
subjects differ substantially with respect to the thickness of the skull or the skin.
Also two cortex areas generating signals can subtract each other if they have op-
posite loadings. Also it is often argued, that the basic ICA model (i.e. more sources
than sensors) holds for EEG, but it has to be stated that if ICA should extract all
sources, they must show reliable, i.e. statistical stable activations. Of course if
we assume that cortex areas do “their job”, this should be the case, but why does
ICA not always lead to a high number of meaningful components? The answer to
this question might depend on the amount and quality of the data. With respect
to data quality, the results of the present study indicate that some algorithms ap-
pear to model better artifact components, other appear to model better neural
processes. This fact depends on the distribution of the estimated sources. Thus,
the decision for the utilization of an algorithm depends on the application: does
the researcher want to conduct artifact or correction or is he/she more interested
in exploratory independent component analysis of neural sources?

One strength of ICA is certainly its use for artifact processing: artifacts are
in statistical means, strong signals, carrying much information, i.e. show a high
autocorrelation compared to neural activity. Because of this ICA might focus on
them. Hence, it is possible that some algorithms for ICA are more powerful for
artifact processing than for modeling neural sources. Another point is, that the
true distribution of neural signal in the human brain are unknown. It can be shown
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that ICA decomposition is best for non-Gaussian data since that is one preliminary
for ICA. However, different algorithms having different mathematical preliminar-
ies are related to different applications. The fastICA and TDSEP algorithms have
been shown to decompose almost perfectly multivariate data, but up to now it
has not been systematically tested whether they are fitted to the decomposition of
neural sources. However, the present simulations replicate the finding that ICA
is able to separate almost perfectly a linear multivariate data mixing. If one as-
sumes (and accepts) that the signals recorded by the EEG represent linear mixed
sources it is obvious that ICA provides a powerful tool for the decomposition of
EEG data. However, a high data quality is crucial for conducting ICA. This holds
for the artifacts as well as for the estimated neural sources. As a final conclusion
can be stated that all algorithms do not differ substantially if conducted appro-
priately. The choice of an algorithm and the adequate parameters depends on
the application. If artifact correction is the goal, algorithms taking the temporal
structure (SOBI, TDSEP) into account seem to be better suited.

However, up to this point it has been demonstrated by the studies in the former
chapters that ICA is (a) a powerful tool for the correction of blink artifacts, regard-
less of presumptions and blink structure and (b) that the choice of the algorithm
depends on the application. What is still lacking is simple approach which sup-
ports the application of ICA with respect to the removal of ocular artifacts. The
final chapter contains a proposal for a simple approach, which can be relatively
easy implemented by the practitioner.
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The former chapters dealt with the evaluation of some common algorithms for
ICA. It was shown that ICA is indeed a valuable tool for artifact removal. However,
it has also become clear that the conduction of ICA is far from being trivial. An
often criticized point at ICA is the dependency of the correction by the subjective
choice of what represents an artifact and what not. However, a couple of work
already exists dealing with the automation of the ICA correction procedure.

Nevertheless only few reports deal with the development of a simple procedure,
that automates the process of eye blink detection and removal. Though ICA is well
suited for revealing the spatial and temporal dynamics of electroencephalographic
data, it has some drawbacks with respect to the computational load and the diffi-
culty to obtain measures that can be used for automation of the rejection process.
Most attempts to do so have been rather complicated procedures. Though these
are quite effective, they appear not to be quite “consumer friendly” and they con-
sist of several analysis steps. For example the semi-automatic procedure proposed
by Jung et al. (2000) requires manual (i.e. visual) inspection of the automated con-
ducted ICA. The selection of the artifactual components depends on the choice of
the user. Thus, not only a high expertise in signal processing is necessary, it is
also quite time-consuming. In sum, though the procedure is appealing, since ar-
tifactual components appear to have a high eye-validity, the disadvantage of the
procedure is, that its quality of correction depends partly on subjective parame-
ters (e.g. fatigue: after hours of screening component activations the sensitivity
might remarkably decrease). The advantage of the procedure is, that the combi-
nation of several parameters of the components (i.g. topographic maps, frequency
analysis) might yield, if conducted by an experienced user, a high precision. How-
ever, because of the subjectivity of this type of approach automation procedures
are highly desirable, that allow users not being familiar with all details of ICA to
conduct a reliable artifacts correction in the EEG.

Within the existing studies about automation procedures the dominant proce-
dures depend on feature detection and clustering (e.g. Joyce et al., 2004; Jung
et al., 2000; LeVan et al., 2006; Li et al., 2006; Nicolaou and Nasuto, 2007; Teixeira
et al., 2006). Typical are approaches utilizing clustering approaches. These are
often combined with template matching. With this approach calibration trials are
necessary to extract unique artifact components that are subsequently compared
with components derived from the main experiment. For example Li et al. (2006)
proposed a clustering approach in that the pattern of the scalp topographies of
the derived independent components was used to identify ocular artifacts. Nico-
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laou and Nasuto (2007) also proposed a clustering algorithm (lagged auto-mutual
information clustering, LAMIC) that clusters the estimated components (ICA by
TDSEP Ziehe and Müller, 1998) together with ocular reference signals into clus-
ters corresponding to cerebral and non-cerebral activity.

Another approach assumes that artifactual components and hence components
representing ocular artifacts differ substantially in their statistical parameters
(e.g. Ghandeharion and Erfanian, 2006). Therefore statistical moments like kur-
tosis or skewness are calculated. If they exceed a predefined threshold for a
component, these components are rejected. Another approach is to relate the de-
rived independent components to the recorded EOG (e.g. Joyce et al., 2004). With
this approach the mathematical preliminaries of a certain algorithm (i.e. SOBI)
are used to detect components likely representing activity arising from ocular
sources.

The method of Joyce et al. (2004) uses SOBI (Second Order Blind Identification
Belouchrani et al., 1997) for separation of the recordings obtained via EEG and
EOG. Their automatic detection and removal procedure of ocular artifacts can
shortly be described as follows:

• Initially SOBI is conducted with the complete data including EEG and EOG
channels.

• Then the sign in the EEG channels is reversed, and SOBI applied again.
The signs of the independent components that reverse their sign also, are
marked for removal.

• The components from the first step are correlated with the EOG channels
to identify components that do not invert in the previous step. Components
with a correlation >.3 are marked.

• To ensure that the flagged components are not due to high frequency frontal
brain activity the marked components are filtered. The authors suggest that
if the the root-mean-square of the derivative of the ICs is low (<.2) then the
ICs do not contain high-frequency cerebral activity and hence are further
taken into consideration for removal.

• The corrected data is reconstructed by backprojection of the remaining com-
ponents.

Joyce et al. (2004) could show that this procedure appears to yields reliable re-
sults, at least if conducted with SOBI. It is an open question whether this proce-
dure works with any kind of ICA-algorithm. One main disadvantage of the proce-
dure is that the method relies on an inversion step which is specific to the way that
ocular artifacts propagate on the scalp. However, firstly not all artifact types prop-
agate the same way and it is doubtful whether this step will work well for other

59



4 Automation of artifact removal by ICA

artifacts also. Also the inversion step assumes that artifacts resulting from ocular
artifacts always lead to a "flip" in the sign of the derived independent component
activity. In addition, the algorithm requires a certain electrode setup (upper and
lower vertical EOG, i.e SO1 and SO2), to yield reliable results.

Another point is if ICA always yields a reliable decomposition, i.e. if the de-
composition of “ocular” and “neural” sources is always perfect. Therefore, if an
artifact correction of EEG data is desirable, it seems advisable to remove only
components unambiguously and reliably representing “ocular” components.

Hence, in the following a simple approach is proposed that combines a linear
regression measure with the advantages of ICA. With this procedure at least one
vertical EOG electrode is deireable. If these are not present it would even also
work if the corresponding artifact activity could be detected in any scalp elec-
trode.

4.1 Implementation of a simple procedure

The correction is conducted in several steps:

Preprocessing The first step is to prune the data (EOG as well as EEG channels)
from occasionally occurring artifacts. At the next step ICA is conducted by any
desired algorithm. ICA is conducted with all data (EEG and EOG).

Blink detection Subsequently, eye blinks are detected by any desirable blink
detection procedure. In the present study a simple threshold algorithm was con-
ducted. By this algorithm a blink marker was set to the blink maximum in the
EEG and EOG data if if the vertical EOG (vEOG = (SO1 − SO2)/2) signal ex-
ceeded a threshold criterion for a duration of >200. Within this time window
(tthreshold + 200ms) the local maximum was searched and the blink marker set. At
the next step the same time points were marked in the derived activations of the
independent components.

Merging Subsequently, the time window around -100 up to 100 ms around each
blink maximum was selected in the vertical EOG and concatenated. This results in
a vector of blink-time locked EOG-activity. Now, the corresponding time segments
were selected and concatenated from the derived independent component activa-
tions. This resulted in a matrix containing only independent component activity
in the time window of blink occurrence.

Detection of blink components and correction Following that the shared
percent of variance of each component (c) and the vertical EOG (vEOG) at the
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blink time-point was estimated by calculation of the coefficient of determination
(d) between each component and the vertical EOG

d =
Cov(c, vEOG)2

V ar(c) · V ar(vEOG)

The next step was to flag components accounting for more than 20% of variance
in the vertical EOG at blink time-point.1 Finally, the flagged components were
removed by backpojection of non-blink-related components. Appendix A provides
the Matlab implementation of this procedure.2 Figure 4.1 summarizes the de-
scribed procedure.

Figure 4.1: Key steps of the suggested correction algorithm.

4.2 Testing of the procedure

The procedure was applied to 32 datasets of two different independent experi-
ments.

1. Modified flanker task The subjects had to respond to the direction (left,
right) of an arrow occurring in the center of the screen with a button press
of corresponding index finger (left and right thumb respectively). This arrow
was accompanied by two distracting arrows above and below. There were
compatible and incompatible condition (i.e. with distracting arrows point-
ing to the same or opposite direction respectively). The EEG was recorded
from 32 electrode sites with a sampling rate of 500 Hz (no filter) and a Cz-
reference. The EOG was recorded from positions above and below both eyes
(SO1,SO2,IO1,IO2) and from the outer canthi (LO1, LO2) with the same ref-
erence like the EEG. Data was preprocessed by a 0.5 Hz highpass and a 25
Hz lowpass filter.

2. Mental rotation task The second experiment was a modified mental rota-
tion task. To the subjects a letter (either F or R) was presented in the center

1This threshold should be adapted empirically to the present data. It fitted well in all tested data
sets of the author. However, with other data, other thresholds might be more suitable.

2The script works only with a present EEGLAB installation. Since it was scripted for the needs of
the present study it might be not bug free for other applications and installations.
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of the screen. The latter was either present normally, rotated be some de-
gree, mirrored or mirrored and rotated. Subjects had to indicate with a
button press whether the letter was presented mirrored or not. The EEG
was recorded unipolar from 63 electrode sites. The EOG was recorded from
positions above and below both the right eye (SO2,IO2) and from the outer
canthi (LO1, LO2) with the same reference (average reference) like the EEG.

In the further processing of the data manual artifact rejection was conducted
to remove sporadically occurring artifacts. Subsequently extended infomax was
conducted for each data set with the complete data (EEG and EOG) respectively.
Following conduction of ICA by means of infomax the proposed algorithm was
applied to the EEG data and derived components. Initially the blink components
were classified manually according to the procedure described in section 1.3.4 to
provide the possibility to compare those components with the ones identified by
the proposed algorithm. At the next step the algorithm was conducted with the
data and the percent of correct classified components was derived. This could
simply be done by comparing the manually identified components with the auto-
matically identified components.

4.3 Results

The algorithm had a sensitivity of 100%, i.e. the procedure correctly identified
each blink artifact. Figure 4.2 shows all the blink components of every subject in
the first experiment. All blink components explained more than 80 % variance of
the signal at blink-time point. However, for half of subjects (n/2=8) the algorithm
detected more than one blink component (figure 4.2). The decomposition of the
data of the second experiment revealed a comparable, but qualitatively somewhat
different data pattern. Here, only in three cases the decomposition yielded more
than one blink component (figure 4.3). Also, the difference between the variance
explained by the blink related components and components accounting for other
activity is much larger than in the first experiment.
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Figure 4.2: Blink-ICs of the first experiment. Note the for the chosen threshold of 20 % variance the algorithm detected
for some subjects more than one blink related component. On the left the activations of the blink related ICs
are plotted. Note that the scaling of ICs is arbitrary and does not consit of microvolt information. This can be
achieved by backprojection. The right panel shows the percent of variance for each component and subject.
Note the large difference between the blink IC components and other components.
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Figure 4.3: Blink-ICs of the second experiment. Note that for the chosen threshold of 20 % variance the algorithm detected
for some subjects more than one blink related component. Left panel: activations of the blink related ICs. Note
that the scaling of ICs is arbitrary and does not consist of microvolt information. This can be achieved by
backprojection. Right panel: percent of variance for each component and subject. Note the large difference
between the blink-related ICs and other components
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4.4 Discussion

The proposed procedure is an easy to implement and reliable approach for the
identification of blink artifacts. For each subject the procedure identified clearly
a blink component. The results of the first experiment (chapter 2) indicate that the
removal of the blink component alone is sufficient to lead to a better, or at least
equivalent, correction than the tested classical regression approach. However, it
may be that there are additional types of eye movements present in the data. To
bypass this problem, the approach proposed herein could be relatively easy ex-
tended to other artifact types. The only challenge is the algorithmic identification
of the artifacts. However, this could be conducted by some pattern recognition al-
gorithm, analogously to the blink detection. For example an increase in the power
of high frequency bands indicates muscle artifacts. Thus these data segments
could be merged as within the proposed procedure and the components could be
identified by the same procedure.

Another advantage is that this procedure does not require calibration data. At
least it requires one vertical EOG channel in order to record vertical eye move-
ments. If the correction of horizontal eye movements is also desired, an additional
horizontal EOG electrode is necessary. Also, the procedure will work with every
type of ICA algorithm, since only linear interdependencies between components
and EEG data are calculated. The polarity of components or EEG activity does
not matter in that case since the correlation is squared to yield the coefficient of
determination. Further the procedure identifies only components unambiguously
representing the desired artifact type, at least eye blink components. Here one
disadvantage becomes clear: it may not identify “weaker” activity related to ocu-
lar artifacts. However, this might be not a large disadvantage in practice. This is
due to two reasons. Firstly, as can be seen from the first experiment, the results
of the correction are better than regression, even if only the blink component is
removed (chapter 2 and Hoffmann and Falkenstein, 2008). Secondly, it cannot
be assured that the decomposition is always perfect. It is not unlikely that neural
components are slightly contaminated by artifact activity and vice versa. Thus, as
is the case if one is only interested in neural components, only “strong” compo-
nents, i.e. those explaining much variance on the event of interest (in that case
blinking) should be taken into consideration. It is obvious, that if the analysis goal
of a study is averaging, i.e. the analysis of event-related potentials (ERPs) the
small residual ocular activity will be averaged to zero due to classical test theory.
However, the results of Hoffmann and Falkenstein (2008) indicate that ICA might
well isolate pure eye-blink activity.

Finally, the procedure shares one disadvantage with other artifact correction
procedures: “garbage-in produces garbage-out”. For estimating the artifact com-
ponents, a clean acquisition is necessary, which is a bit paradox, but in line with
regression procedures. If the “true” blink activity (or whatever) should be esti-
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mated, a sufficient amount of data is necessary to yield a stable decomposition.
This is also true for regression approaches: they might fail if there are too few
blinks since this results in a large variability in the data and thus the estimation
the propagation factors could fail. However, it is likely that ICA might reveal other
blink related components. For example the blink related positivity already Berg
(Berg, 1986) described and that was replicated in the present work (chapter 2).
If ICA is able to model this potential, it could be removed as well. This would be
desirable since it might be that this residual biases the event-related potential.
Thus, even if the main artifact is removed, a systematic error might remain. It
has to be systematically tested whether this is the case. Astonishingly, despite the
important work of Berg, there has not been much effort in the literature to do so.

However, the results show that the decomposition may lead to quite different
results. In the first experiment of the present study there were on average more
components identified that accounted for eye blink related activity. This might
have several reasons. The most simple explanation is that in the first experiment
more eye movements are present than in the second experiment. However, this
argument is not convincing if having a look at the topographies of the derived
components. Most of them show the typical blink like pattern. Also, the automa-
tion procedure takes only into account time points in the data where blinks are
present. Thus, eye movements (e.g. horizontal eye movements) are not taken into
account and therefore are not detected.

An alternative explanation is that in the first experiment overcomplete learning
has occurred. This means that in the first experiment with fewer channels than in
the second one more data sources are consistently active than sensors (i.e. EEG
electrodes) are present. Hence the ICA algorithm forces the data into a far too
low dimensional space. Thus, though the derived components are independent,
they consist of information of each other. Thus the decomposition has failed to
some degree. This problem seemed not to occur on the second experiment, since
here the blink artifact was fitted in most cases with one component.

However, there exist another alternative, more trivial, explanation: in the data
several distinct ocular artifact sources are present. This is highly plausible for two
reasons: the flanker task may have induced very small additional eye movements
(in which direction ever). Also, as has also been described in the introductory
chapter, many complex processes contribute to the execution of eye blinks (e.g.
muscle activity, vergence movements, neural sources). Thus, if there are more
eye movements, there is much more variance or information present in the data
accounting for this activity. Further, it might well be that in the rotation task the
blink rate is much lower than in the flanker task, because of a higher cognitive
load.

In summary, the reasons for the difference in the amount of components de-
rived are multi-factorial ; hence this problem cannot be resolved by the present
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work. For its solution a complex simulation would be necessary, modeling elec-
trode number, distribution of sources, eye movement rate, or shape of artifacts.
This goes far beyond the rationale of the present study.

However, what the results clearly show is that the algorithm reliably detects
the blink artifact. It does not miss a single blink component. Since the amount of
components depends on the chosen threshold, it seems advisable to conduct the
algorithm semi-automated if choosing a low threshold, and automatically if choos-
ing a higher threshold (e.g. 50 %). It has to be stated hat the power of the pro-
cedure depends on the quality of feature detection (in this case blink detection).
The method chosen in the present work is only a quite imprecise approach (de-
tection by threshold). With this probablys other artifacts are erroneously defined
as blink artifacts. Also the threshold might differ considerable inter-individually.
Thus a better approach would be some pattern recognition algorithm (e.g. by
neural networks). This could be topic of further developments.

67



5 Excursus: ICA as a tool for separating

error-related potentials

Up to this point ICA has been utilized as a tool for modeling artifact sources. But
the approach conducted for cleaning the recorded EEG from artifact sources can
also be used for modeling the neural sources as artifact free as possible. As al-
ready stated in the initial chaptes, the recorded EEG can be viewed as the output
from a mixing process, which can be described in terms of blind sources sepa-
ration. Thus, the signal is the product of underlying latant variables, i.e. compo-
nents. It has to be stipulated, that in the present context the term “components” is
only interpreted in terms of factor analysis. This is completely different from the
view in traditional EEG-analysis. Here, the terms “potential” and “component” are
exchangeable. Thus, here a P300 is a component. From the view of ICA, the P300
is not a component, but rather a reflection of the components constituting it. For
example Makeig et al. (2004b) decomposed the P300 and could show that the it
summed distinct contributions from several classes of frontal, parietal, and occip-
ital processes (i.e. components). In the recent literature ICA has been shown as a
fruitful approach for modeling such dynamics. In research dealing with response
monitoring, ICA has also been successfully conducted with EEG-data, acquired
during typical speeded response tasks in which errors are easily provoked, and
a typical event-related potential, the Ne (Falkenstein et al., 1991), is provoked.
Debener et al. (2005b) could show by means of ICA and single-trial analysis, that
on the single-trial level this potential is systematically related to response times
in the subsequent trial, thereby reflecting immediate behavioral adjustments of a
cognitive performance monitoring system. The excursus provided in the following
is an example for the utility of ICA for analyzing event- or response related EEGs.

5.1 State-of-the-art

The efficiency in monitoring action and adapting to erroneous operations is a
unique human ability. Already Rabbitt (1966) showed that participants in reac-
tion time tasks immediately notice their erroneous reaction and initiate adaptive
strategies like corrective movements, decrease of response time in subsequent
trials (“post-error slowing”) and the reduction of error probability in subsequent
trials. From these strategies an adaptive system for the control and monitoring of
(re-)actions was inferred. The first evidence for a neural correlate of such a system
came from EEG studies. Errors in simple reaction choice task (“slips”) provoke a
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typical event-related potential (ERP): the “error negativity” (Ne Falkenstein et al.,
1990) or “error-related negativity” (ERN Gehring et al., 1993). The maximum
negative deflection of the Ne occurs about 60ms following an erroneous response
at medial fronto-central electrode positions (FCz). It is possible that the Ne is not
constituted by a unitary source but rather reflects a compound of several CNS
processes. This is supported by the observation that the major sources of the Ne
are located in the anterior cingulum (ACC) and/or the supplemental motor cortex
(SMA) (Dehaene S, 1994; Ullsperger and von Cramon, 2001; Vidal et al., 2000).
Furthermore, in studies utilizing intracranial recordings (Brázdil et al., 2002) or
fMRT (O’Connell et al., 2007) additional sources of the Ne could be described.
However, beside of its physiological origins there exist several hypotheses with
respect to its functional significance.

The “mismatch hypothesis” (Falkenstein et al., 1990, 1991, 2000; Gehring et al.,
1993; Scheffers et al., 1996) assumes that the neural representations of the initi-
ated and demanded reaction are compared. As a consequence of a mismatch be-
tween both representations the Ne is elicited. Holroyd and Coles (2002) proposed
an extension of this hypothesis assuming a general Ne activation if the outcome
of an event is worse than expected. In this model the signal initiates remedial
actions, i.e. measures are taken to control and avoid errors. Another theory, the
“conflict hypothesis” (Botvinick et al., 2001; Carter et al., 1998; van Veen and
Carter, 2002) assumes that the Ne results from a conflict of representations of
responses that overlap in time.

However, there exists some agreement between the different positions, that the
essential functional relevance of the Ne may be the initiation of control following
or during an erroneous action (Ridderinkhof et al., 2004). This control obviously
affects post-error trials (Debener et al., 2005b; Rabbitt, 1966) which stresses the
role of the Ne for short-term response control. It is not entirely clear whether the
amplitude or latency of the Ne reflect a correlate of such a control. The data of
Gehring et al. (1993) and Debener et al. (2005b) suggest that the Ne-amplitude
corresponds to a certain degree with the strength of control in subsequent re-
actions. However, Hajcak et al. (2003) did not find such relation for the Ne but
for the error positivity (Pe), which is an error specific potential with a parietal
maximum. As to on-line control, Gehring et al. (1993) showed an inverse relation-
ship between the force of the actual erroneous key press and the amplitude of the
Ne. More recently Masaki H (2004) found an earlier and smaller Ne in subliminal
compared to full errors. This was supported by the findings of Carbonnell and
Falkenstein (2006) who found the Ne to start and peak earlier for partial than full
errors, whereas the amplitude was the same for both. Taken together these find-
ings indicate a relevance at least of the Ne-latency not only for short-term control,
but even for online-control, i.e. control over the current response: in conditions
with partial errors (possibly inhibited errors) the Ne occurs very early and hence
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inhibits the errorneous tendency so it keeps subliminal. A certain methodological
problem in those studies is that the Ne was measured in the averages, which may
induce variance due to different latency jitter in the different conditions.

In the present study the control issue should be addressed by focusing on error
correction. More specifically Ne differences between corrected (more control)
and uncorrected errors (less control) should be assessed, using single-trial analy-
sis in order to avoid the above-mentioned problems. Assuming short-term control
the Ne should be larger or occur earlier for corrected than for uncorrected errors.

The issue of the functional relevance of the Ne is complicated by the fact that
also following correct responses a negativity occurs: the „correct response neg-
ativity“ (CRN) or Nc (Vidal et al., 2000; Yordanova et al., 2004). It is unclear
whether Ne and Nc are reflections of distinct processes or rather the same pro-
cess which is larger in erroneous responses (Vidal et al., 2000). Bartholow et al.
(2005) showed that the Nc is larger following unexpected stimuli. Thus they re-
late the Nc to strategic control. Since the Ne reacted in a similar manner as the
Nc to a violation of expectation the Bartholow et al. data support the idea of a
common process.

The results of Band and Kok (2000) as well as Falkenstein (2004) indicate that
the Ne-amplitude is smaller and its latency longer in more difficult asks. In con-
trast, the Nc was constant across conditions. Thus in very difficult tasks Ne and
Nc were more similar in amplitude and latency than in easy tasks. This could be
interpreted in two ways: The Nc occurs in correct trials as well as in erroneous
trials, while the Ne is only elicited in error trials. Thus the Nc is included in
the Ne during erroneous trials and occurs isolated (without Ne) in correct trials
Falkenstein (2004); Yordanova et al. (2004). The Nc has a constant amplitude ir-
respective of task difficulty, while the Ne is attenuated in the more difficult tasks.
An alternate interpretation is that the process reflected in Ne and Nc is simply
larger in erroneous trials (Ne) than in error trials (Nc) (Vidal et al., 2000) and that
this enlargement is being attenuated in a more difficult task.

These two models should be tested by the present study. For this purpose In-
dependent Component Analysis (Comon, 1994) was conducted in order to decom-
pose the Ne in possible independent components.

In the present study temporal ICA was conducted to disentangle the latent com-
ponents constituting the signal mixture denoted as Ne/Nc. For this purpose hy-
pothetical occurring error-specific IC-components should be identified and their
variation with response correctness and type of task should be compared with the
variation of the raw post-response ERP.

Hence, the hypotheses of the present study can be shaped straightforward: The
two-component hypothesis would predict an error-specific component showing no
activity in the post-response ERPs of the correct trials and showing much activity
(i.e. explaining much variance) in the post-response ERPs of erroneous trials,
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whereas another correct-response specific component would the same activation
(i.e. explaining much variance) in the post-response ERPs of correct an errorneous
trial’s ERPs. In other words: ICA should extract two independent components
showing activation corresponding with erroneous and correct trials.

On the other hand the one-component hypothesis would assume that it is still
present in correct trials, simply showing a smaller amplitude. In this case only one
component shows consistent activation, i.e. explains most of the variance in both
errors and correct responses. The more recent literature (Debener et al., 2005b)
reported only one component in a flanker task showing the typical time course of
activation, topography, source and error dependent variation of the Ne. However,
those studies solely used the flanker task, which is very easy and might consti-
tute a special case because errors are induced by the flankers which are mapped
directly to the incorrect response. Hence, in our study we used the flanker task
and an additional task with more indirect S-R relation, namely a mental rotation
task. One possible confound is that the flanker task may induce a speed strat-
egy whereas the rotation task may induce an accuracy strategy. Hence, possible
task effects may be rather strategy effects. To control for this we varied speed-
accuracy trade-off in both tasks. This was achieved with separate groups of sub-
jects (accuracy-instructed vs. speed-instructed), since strategies may be rather
fixed and cannot be easily changed in within-subject designs.

A final issue addressed in the present study is the whether Ne or Nc are only
response-related components or are also elicited by the stimuli. Already Coles
et al. (2001) mentioned the possibility of a stimulus-related part in the Ne. This
influence could be particularly strong in tasks with direct S-R-relation such as the
flanker task, which is very frequently used in Ne research. This problem was ad-
dressed in the present study by introducing the second task with very indirect S-R
mapping, and by analyzing single trials and sorting them by RT. For this purposes
(ERP-images) as implemented in EEGLAB (Delorme and Makeig, 2004; Makeig
et al., 2004a; Jung et al., 2001a,b) were utilized.

5.2 Methods

5.2.1 Participants

A sample of 20 healthy young subjects participated (11 women). Subjects were
aged between 21 and 27 year (mean=23.8; sd=1.9) and gave written informed
consent prior to participation. Subjects received 10,- Euro/h payment for partic-
ipation. The study was conducted according to the code of ethics of the World
Medical Association (Declaration of Helsinki) and was proofed by the local ethics
committee.
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5.2.2 General procedure and experimental design

Participants were seated in an ergonomic seat in front of a 19”-CRT monitor (100
Hz). Responses were given by a button press of the left or right thumb. The
experiment consisted of two tasks each consisting of eight blocks (one training
block). Each block consisted of 80 trials. Following each block a break of 20
sec was provided. After half of the experimental blocks a break of 120 seconds
was provided. The experiment consisted of a mixed 2 (group) x 2 (task) design
with the between subjects factor group (accuracy vs. speed instruction) and the
within subjects factor task (flanker vs. rotation). The design was fully balanced
with respect to group, sequence of tasks, and response side for mirrored / non-
mirrored letters.

5.2.3 Tasks

The first task was a modified flanker task (Kopp et al., 1996). In the center of
the screen an arrowhead indicated the button which had to be pressed. Hence
the stimulus-response mapping was very direct in the flanker task. This arrow-
head was accompanied by two distracting arrowheads below and above which
appeared 100 ms prior to target occurrence which is known to induce maximal
distraction (Wascher et al., 1999; Willemssen et al., 2004). These flankers could
be congruent (pointing to the same direction) or incongruent (opposite direction).
The occurrence of congruent and incongruent flankers was equiprobable.

The second task was a mental rotation task modified for ERP measurement to
yield a comparable time line and workflow for the participants during conduction
of the experiment. One out of two letters (F,R) was presented to the participants.
This letter was either rotated, mirrored across the main axis or both. Subjects
had to indicate with a left or right button press of the corresponding thumb if
the letter was mirrored or not . The letters were rotated by 0◦, 45◦,135◦, 225◦or
315◦. The 20 possible stimuli (5x2x2) were presented in random order. Thus,
the rotation task was not only much more difficult than the flanker task, it also
differs with respect to the degree of stimulus-response mapping, which was quite
indirect in the rotation task.

In both tasks the subjects received post-response feedback indicating whether
they responded fast enough or too fast / too slow. The feedback consisted of two
pictographs. If the participants responded fast enough a yellow pictograph of
smiling face (“smiley”) appeared in the center of the screen. A red angry looking
pictograph appeared if they responded too fast or too slow. The deadline for the
feedback was adapted blockwise. If the error rate in one block (80 trials) was
below eight percent, the deadline was decreased adding one standard deviation
to the mean RT in the previous block. If the error rate was above 12 % the deadline
increased by adding four standard deviations to the mean RT of the previous block.

72



5 Excursus: ICA as a tool for separating error-related potentials

5.2.4 EEG-recording and pre-processing

EEG was recorded unipolar from 63-electrodes (FPz, FP1, FP2, AFz, AF7, AF3,
AF4, AF8, Fz, F7, F3, F4, F8, FCz, FT7, FC5, FC3, FC1, FC2, FC4, FC6, FT8, T7,
C5, C3, Cz, C1, C2, C4, C6, T8, TP7, TP8, CPz, CP5, CP3, CP1, CP2, CP4, CP6,
Pz, P7, P3, P1, P2, P4, P8, POz, PO9, PO7, PO3, PO4, PO8, PO10, Oz, O1, O2,
M1, M2) with a sampling rate of 500 Hz. The EOG was recorded from the outer
canthi and from above and below the right eye (SO2, IO2, LO1, LO2). Data were
re-referenced off-line relative to average reference. Initially data were manually
cleaned from artifacts. Data was filtered offline using a short non-linear FIR filter
(highpass 0.5 Hz, lowpass 25 Hz).

5.2.5 Independent Component Analysis

ICA was conducted with the unsegmented raw data with extended infomax (Bell
and Sejnowski, 1995; Amari, 1998; Lee et al., 1999a). Following this, artifact
correction was conducted using the derived independent components, i.e. by re-
moving sporadically occurring artifactual activity in the continuous independent
component activations. This approach has been shown to be powerful with re-
spect to artifact detection Delorme et al. (2007). Subsequently a second ICA
(extended infomax) was conducted on the so pruned data set. The next analy-
sis step was a dipole analysis to model the derived components by a spherical
3-d model. All components that could not be located within the cortex, as well as
artifactual components (eye movements, blinks, muscle artifact) were removed,
i.e. the data were cleaned by backprojection of the remaining components to
the scalp (Jung et al., 2000). Subsequently, response-related (-200: 500ms) and
stimulus-related (-500:1500ms) segments were extracted. For detecting the com-
ponent accounting for the Ne activity being specific for error trials the mutual
variance between each component and the Ne in the corresponding time window
(20-150ms post-response in the response-related ERP) was calculated. This was
done by estimating the percent of variance the components accounted for in the
difference wave between correct and error trials in the critical time window of
Ne occurrence (EEGLAB function difftopo()). For the resulting components dipole
analysis was conducted. For the further analysis, the component explaining most
variance in the Ne time window, showing a comparable topography and having
a corresponding dipole localization was projected back to the scalp, and single-
trial peak detection (see below) was conducted. To model the neural source of
the remaining components the grand average IC-topography was analyses by uti-
lization of the DIPIFIT plug-in in EEGLAB. This plug-in can be utilized to model
neural sources of independent component scalp topographies by means of source
localization by fitting an equivalent current dipole model using a non-linear opti-
mization technique (Scherg, 1990) and a 4-shell spherical model (Kavanagh et al.,
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1978).

5.2.6 Single-trial Analysis

For quantification of the Ne-amplitude the average single-trial amplitude of the
Ne-IC was computed. The single-trial peaks were quantified by the difference
between the most positive peak in the time-window -80:0 ms prior to response on-
set and the most negative deflection in the post-response time-window 0:150 ms.
Subsequently the average single-trial amplitude for every subject and condition
was calculated. For linking behavioral data to the single-trial peaks, the RTs of the
corresponding trials were collected. Since with solely analyzing response locked
averages it cannot be assured that the collected peaks are response specific and
not stimulus driven, ERP-images (Makeig et al., 1996; Jung et al., 2001a,b) were
generated to evaluate the Ne-IC activation on a single trial level. For these ERP-
images the single trials of all subjects were normalized and sorted by reaction
time.

5.2.7 Statistical Analysis

Error rates were analyzed by a repeated measures MANOVA with the within sub-
jects factor task (flanker, rotation) and the between subjects factor group (speed
instruction, accuracy instruction).

The reaction times (RTs) were analyzed by means of repeated measures MANOVA
(Wilks test statistic) with the within subject factors task (flanker, rotation) and re-
sponse (error, correct) and the between subjects factor group (speed instruction,
accuracy instruction). Subsequently multiple comparisons (t-tests, Bonferroni ad-
justed) were conducted. The significance level was set to .05.

The average Ne-IC single-trial amplitudes were also analyzed by means of re-
peated measures MANOVA (Wilks test statistic) with the within subject factors
task (flanker, rotation) and response (error, correct) and the between subjects
factor group (speed instruction, accuracy instruction ). The flanker task was an-
alyzed also separately by repeated measures MANOVA with the within subjects
factor response (error incompatible, correct compatible, correct incompatible)
and the between subjects factor group (S, A). Here, also multiple comparisons
were conducted analously to the RT data. Effect sizes are reported by means of
Wilks λ (MANOVA) and Cohen’s d (Cohen, 1988). For all statistical analyses GNU
R was used (R Development Core Team, 2005). For analyses of the EEG and ICA
data EEGLAB (Delorme and Makeig, 2004) and Matlab™were used.
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5.3 Results

5.3.1 Behavioral data

Neither error rate or reaction time did differ significantly between the speed and
the accuracy instructed group (error rate: F(1,18)=1.74, p=.20, λ= .91; reaction
time: F(1,18)= 3.627, p=.07, λ=.83). Significantly less errors were committed
in the flanker task (13.87 %) than in the rotation task (17.67 %) (F(1,18)=4.53,
p=.04, λ =.79), even though the effect was not very large as indicated by Wilk’sλ
=.79. The reaction times (RTs) were significantly faster for the flanker task (246
ms) than for the rotation task ( 464 ms) (Figure 5.1, F(1,18)=79.27, p<.001, λ
=.185). In general, RTs were faster for incorrect than for correct responses (Fig-
ure 5.1, F(1,18)=48.93, p<.001,λ =.269). Moreover there was a significant inter-
action of task and response (Figure 5.1, F(1,18)=26.29, p<.001, λ =.406). Multi-
ple comparisons by means of t-tests (one sided) revealed that for the flanker task
the RTs were faster for incorrect (246 ms) than for correct responses (318 ms;
Figure 5.1; t(19)=-19.58, p<.001, d=3.31). This was not the case for the rotation
task (464 vs. 473 ms; Figure 5.1, t(19)=-0.78, p=1, d=.91). Further, RTs were
longer for incorrect responses in the rotation task than in the flanker task (Figure
5.1, t(19)=8.30, p<.001, d=2.32). This was also true for the correct responses,
being larger in the rotation task (Figure 5.1, t(19)=8.57, p<.001, d=1.91).

Figure 5.1: RTs in the flanker and rotation task Participants responded signifikantly faster in the flanker task. Here
their responses were faster in erroneous responses than in correct ones. This was not true for the rotation
task: correct and erroneous responses did not differ substantially
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5.3.2 EEG data and ICA

Independent component analysis revealed, in line with the one component model,
for every participant one component explaining most of the variance in the criti-
cal time window of the Ne (appendix E). This was true for both flanker task and
rotation task. In the critical Ne window this component accounted for about 80.75
% of variance in the flanker task, and accounted for 64.36 % in the rotation task.
Dipole modeling revealed virtually the same source locations for the average com-
ponent topographies of both tasks, although ICA was conducted for both tasks
separately (Figure 5.2 d)

The dipole position as well as the topography of this component was consistent
with those estimated for the Ne in previous studies , i.e. showing a fronto-central
topography and a position that fit well in the anterior cingulum (Flanker task:
Talairach coordinates (Tal(x,y,z)= –2,15,15; residual variance (r.v.)= 2.97 %; Rota-
tion task: Tal(x,y,z)=-2,10,21; r.v.=6.37 %).

There were no other components that showed consistent activation across sub-
jects for the difference signals (correct, error) across subjects. The component
(called Ne-IC) was projected back to the scalp for each participant, the resulting
EEG consisted only of the component which was assumed to reflect the Ne/ERN
activity. For this the analysis of the Ne-IC, parameterised at FCz (by means of de-
tecting and averaging the single-trials ERPs) revealed a significant main effect of
task (F(1,18)=27.601, p<.001, λ= .395), response (F(1,18)=119.891, p<.001, λ=
.131), and a significant interaction of task and response (F(1,18)=37.726, p<.001,
λ = .323). Multiple comparisons by means of t-tests (one sided) revealed for
the flanker task that the mean amplitude of the Ne-IC was more negative for
incorrect than for correct responses (t(19)=-11.19, p<.001, d=2.5). The same
was true for the rotation task (t(19)=-5.73, p>.001, d=1.29). The smaller effect
sizes (d) indicate that the correctness effect is much smaller for the rotation task
than for the flanker task. The Ne-IC amplitude for incorrect responses was sig-
nificantly less negative in the rotation task than in the flanker task (t(19)=5.82,
p<. 001, d=1.29), whereas the Ne-IC for correct trials showed no task difference
(t(19)=1.29, p=.21,d=.21). Figure 5.2a provides the corresponding response-
locked grand averages for the Ne-IC projected back to FCz.

Comparing the backprojected Ne-IC to the standard Grand Averages reveals a
comparable pattern, which supports the assumption that the derived component
indeed constitutes the ERPs denoted as Ne/Nc (appendix E). Additionally, trials
in which responses were corrected were compared with trials with uncorrected
responses. For the flanker task the Ne-IC amplitude did not differ significantly
between corrected and uncorrected errors (t=1.09, p=.86, d=.24), but its latency
was significantly shorter for corrected than for uncorrected (Figure 5.2b; mean
difference: 22.6 ms; t(19)= -6.3957, p<.001, d=1.41). For the rotation task too
few errors were corrected to provide the opportunity for statistical analyses.

76



5 Excursus: ICA as a tool for separating error-related potentials

Figure 5.2: Results of the Ne-Decomposition a.) Response related (t=0 ms) grand averages of the Ne-IC projected back
to FCz for both groups. Solid lines: flanker task; dashed lines: rotation task; red: errors; black: correct. b.)
Response related (t=0 ms) grand averages of the Ne-IC projected back to FCz for corrected and uncorrected
errors in the flanker task. c.) Stimulus locked ERP-images for each task and response (error, correct) collapsed
across both groups. The solid vertical line at time point zero indicates the stimulus. The other right hand
sinoid line indicates the response. The trials were sorted with respect to the response time, i.e. from lowest
to highest. All data were normalized for plotting. d.) Upper panel: Grand average topographic map of the
derived Ne-IC for both tasks. The lower panel shows the dipole solutions for both topographies (Flanker
task: Talairach coordinates (Tal(x,y,z))= –2,15,15; residual variance (r.v.)= 2.97 %; Rotation task: Tal(x,y,z)=-
2,10,21; r.v.=6.37 %) (flanker=green; rotation=blue). Note that ICA was conducted for both tasks separately,
but yielding virtually the same results.

Since in the statistics for the flanker task incompatible and compatible trials are
pooled a second MANOVA for repeated measures with the factor response (error
incompatible, correct incompatible, correct compatible) and the between factor
group (S,A) was conducted in order to exclude that the amplitude variation is due
to compatibility and not due to errors. Here only errors after incompatible stimuli
were taken into account, since there were too few errors after compatible stim-
uli. The results show a significant effect of the factor response (F(2,17)=76.56,
p>.001, λ =.1). Multiple comparisons (one-sided t-tests) of the response (cor-
rect/incorrect) showed that the amplitude of the Ne-IC was significantly more
negative for incompatible errors than for incompatible correct responses (t(19)=-
9.16, p<.001, d=2.05). The same was true for the difference between incompati-
ble errors and compatible correct responses (t(19)=-10.97, p<.001, d=4.45). The
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difference between correct compatible and correct incompatible was not signifi-
cant (t(19)=-.77, p=.45, d=.18).

The ERP-images indicate that the observed Ne-IC consistently followed the in-
correct response. This was true for both, flanker and rotation task, respectively
(Figure 5.2c). Interestingly, there was also activity of the Ne-IC that was stimulus-
locked. This was very small and hardly visible in the rotation task, but well visible
in the flanker task.

To exclude that the difference between both tasks is due to speed-accuracy
trade-off correlations between mean reaction times and mean backprojected Ne-
NC amplitudes were calculated for each task and response type (error, correct),
revealing that there was no significant correlation except for correct responses in
the flanker task (r=.5, t(18)= 2.46, p= 0.02).

5.4 Discussion

The present study aimed to test the hypothesis that Ne and Nc might reflect the
same neural process. The decomposition of the EEG data revealed for each task
(rotation, flanker) the same error-related independent component. The results
are in line with previous results of Debener et al. (2005b) and Vidal et al. (2000).
In line with Debener ICA revealed only one component accounting for the major
portion of variance in the critical post-response time window of the Ne/Nc. Thus
in further analysis this component was projected back to the scalp and further an-
alyzed with respect to the initially formulated hypotheses (Ne-IC). As predicted by
Falkenstein (2004) the amplitude of the Ne-IC was significantly smaller in the dif-
ficult task (i.e. task with weaker stimulus-response mapping, rotation task) than
in the flanker task. Also its amplitude was significantly larger in incorrect trials
than in correct trials. The amplitude of the Ne-IC did not vary between correct
responses of both tasks. Dipole analysis revealed that the components extracted
independently from both tasks could be located at almost the same position in the
anterior cingulum (ACC). Also both components showed the similar pattern with
respect to topography and reaction to correct and incorrect responses. This is
supported by the strong response locking as revealed by means of ERP-images.
Thus, our data support the one-component hypothesis, i.e. that Ne and Nc reflect
the same process. However, the present analysis can also be interpreted in an-
other way: The Ne-IC is not only present in errorneous trials, but also in correct
trials. This does not foreclose the possibility, that the amplitude difference in the
raw EEG between Ne and Nc is due to other components not captured by the
present analysis. However, this has to be topic of further research. To test this
hypothesis a detailed analysis of the components contributing to the raw correct
and erorneous response EEG would be necessary.

However, the ERP-images also indicate that the difference in amplitude between
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flanker and rotation task is not due to a jitter of the Ne-IC. Also the method used
for estimating the average Ne-IC response prevents such a jitter artifact, since
the single-trial amplitudes were collected and subsequently averaged.

Interestingly the two instruction groups (speed, accuracy emphasis) did not
differ with respect to Ne-IC amplitude. This is a quite important result since the
task was adaptively programmed (i.e. increasing the deadline if too many errors
occurred and decreasing the deadline if too few errors occurred), and participants
were forced to produce comparable error rates and response times, irrespective
of the instruction. Hence, any differences between both groups would be only due
to instruction.

However, there were no differences in the Ne-IC amplitude or latency for the
different instructions nor a significant interaction of instruction and task. Thus the
difference in amplitude between flanker and rotation task is not due to the possi-
bility that in both tasks the participants apply different strategies (e.g. speed with
the flanker task, and accuracy with the rotation task). Our results suggest that
the frequently-found amplitude effects on the Ne in the literature due to speed
vs. accuracy instructions Gehring et al. (1993) or time pressure manipulations
Falkenstein et al. (1990) are not reflecting true variation of the Ne at the single
trials level. Rather they are probably due to differences in error rate, namely less
errors in accuracy/ low time pressure conditions. A lower number of error epochs
should lead to less smearing and hence causes larger amplitudes of the average
Ne. Hence, further Ne studies should either try to equalize Ne amplitudes across
conditions or use single trial measures. It might well be that the difference be-
tween rotation task and flanker is because of a speed accuracy trade-off (SAT).
However, the response times did not differ significantly between correct and er-
roneous responses (fig. 1) for the rotation task. Anyhow, when having a look at the
ERP-images it becomes clear that the activity of this component does not vary with
response time within this task, but between correct and erroneous responses. In
the flanker task the response times for correct and incorrect responses do differ,
but the pattern in the ERP-images is comparable to the rotation task. Hence we
conclude that RT difference between incorrect and correct responses is not the
crucial factors that influences the difference of the Ne-IC.

Another point is, that for the difference signals (error, correct) only one compo-
nent showed consistent activity across subjects (for the critical post response time
window from 0:100 ms). This supports the hypothesis of Vidal et al. (2000) that
Ne and Nc are likely generated by the same neural process. Indeed, in the ERP-
images of both tasks clearly a slight activation of the Ne-IC is visible in correct
responses. Most interestingly, there is also considerable stimulus-locked negative
activity of the Ne-IC in correct trials. For the flanker task this activity occurs at
the same time-point as within the erroneous responses. This is due to the fact
that those responses are much faster. Also, the variability of RTs is considerable
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low in the flanker task, compared to the rotation task. Hence, with the flanker
task it is not clear whether this negative activation is stimulus or rather response
related. Hence, for further investigation, it appears advisable, always to show
single-trial activity, since this fact is camouflaged by the classical ERP methodol-
ogy. ERPs only roughly allow a decision about stimulus or response relation by
comparing stimulus and response related averages. If the potential is larger for
the stimulus-related average, one could conclude that the potential is stimulus-
related. However, even though this appears plausible it can only be proved by
single trial analysis. For the rotation task the picture becomes quite clearer. Here
the response locking of the component that was assumed to explain the Ne-activity
was seen much clearer than in the flanker task. In addition the mean activity of
that Ne-IC was much lower in the rotation task than in the flanker task.

In summary, the results indicate that for both, correct and incorrect responses,
the same process is active, as reflected in the Ne-IC. This process is not only
sensitive for errors, but also to task type (i.e. stimulus response mapping), and
possibly to task difficulty. But what could be the functional significance of such a
process?

It is clear that both tasks are completely different. The flanker task induces a
very strong stimulus response mapping (Wascher et al., 1999; Willemssen et al.,
2004) and the response, irrespective of being correct or not, is highly automated,
since the mapping (arrowheads towards the response site) is obvious for the par-
ticipants. Hence, the response times are much faster than in the rotation task.
In this task, the stimulus responses mapping is not so strong, since it has to be
learned just prior beginning of the task. However, there still occurs error re-
sponse related activity, which is nevertheless quite smaller than in the flanker
task. But is this error related “Ne-IC” activity really error specific? Or rather
some kind of conflict? In that case one would predict, that the activity is larger
in trials in which the response was corrected, hence producing strong overlap
of response activations and hence conflict. However, Carbonnell and Falkenstein
(2006) showed that there is no such a relation: the Ne did not differ between
partial and full errors and hence degrees of conflict. Instead, their results indi-
cated that the Ne occurred earlier for partial than for full errors. This finding
implicates rather some kind of control process than a process reflecting conflict.
Indeed, in the present study the amplitude of the Ne-IC did not differ between
corrected and uncorrected errors in the flanker task, but it peaked significantly
earlier for corrected than for uncorrected errors, which is a replication of Fiehler
et al. (2005) who showed that the Ne amplitude did not differ, but the latency
between corrected and uncorrected errors. In sum the present data add further
evidence to the assumption that the Ne reflects or induces on-line response con-
trol, and that the latency, rather than the amplitude of the response locked Ne,
is the critical factor for the effectiveness of this control. This process is strongly
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attenuated in correct trials and in difficult tasks. In correct trials less control is
necessary because the response turns out to become a correct one. In contrast,
when incorrect activity is present, the Ne is elicited in an atempt to exert on-line
control. In difficult tasks, the template for a correct response is weaker, hence
on-line control should be weaker as well.

Unexpectedly, a remarkable stimulus locking of the derived Ne-IC occurred in
correct trials for both tasks. This is surprising, since ICA should separate the
signals into temporal independent components. Hence, we expected the derived
Ne-IC to be strictly response locked. Here it might be argued, that simply the
decomposition failed. But this is rather improbable, since, as can be seen in the
ERP-images, the stimulus locked activity is observable across all subjects. Fur-
thermore, it appears at least for the rotation task as if the stimulus locked ac-
tivity is much stronger in trials in which the reaction time for correct response
was shorter, compared to trials with a longer reaction time. What would be the
function of such process? Assuming on-line control as functional correlate of the
Ne the stimulus-locked Ne activity suggests that online response control is ex-
erted immediately after the detection of the flanker in order to inhibit premature
flanker-driven responses. From a methodological point of view the present study
shows that ICA is useful for disentangling the dynamics of response monitoring
in EEG recordings. Hence, the derived Ne-component can now be utilized for
precise hypothesis testing.
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Short recapitulation

Aim of the present dissertation was to evaluate whether Independent Compo-
nent Analysis (ICA) represents be a practicable alternative to classical correction
procedures and how ICA might be implemented in an automated correction pro-
cedure for ocular artifacts. Here, the goal was to develop a procedure that is easy
to implement and is more comprehensive while providing a reliable solution. In
chapter 2 it was shown that ICA leads to an adequate correction of eye blink ar-
tifacts anyway. This was not the case for the tested regression approach. Here,
the correlation and mutual information between corrected EEG and uncorrected
EOG depended on the type of simulation and, more important, on the structure
of the data.

In chapter 3 five widely used ICA algorithms (extended INFOMAX, fastICA,
SOBI, TDSEP and JADE) were tested with respect to the decomposition of a mix-
ing of different sources (artifactual and non-artifactual). The results indicate that
algorithms taking into account the temporal structure of the data (TDSEP, SOBI)
are better suited to correct for artifacts, whereas the other algorithms seemed to
be better suited for the decomposition of “neural” activity.

Finally, a simple approach was suggested allowing a reliable detection and re-
moval of blink artifacts (chapter 4). The main intention with the proposal of that
method was to show that though ICA is complex it can be relatively easy utilized
to remove artifacts. However, this approach has to be enhanced (see discussion
below). At the time-point of completion of this doctoral thesis several tools have
been implemented in some software packages which point in the direction like
the proposed method. Thus, it appears only a question of time since ICA becomes
a standard method for artifact correction

In the excursus it was demonstrated that is not only practicable for removing
artifacts: It might well be used to test specific hypotheses concerning the com-
ponent structure of ERPs. The hypothesis was tested whether Ne and Nc might
represent reflections of the same process. ICA yielded one component accounting
for most of the variance in erroneous and correct responses, respectively. This is
a result which goes in line with a variety of empirical evidence (see chapter 5 for
details)
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In summary, it can be stated that ICA is more powerful than classical regression
based approaches (at least the ones tested herein). It was shown that following
correction corrected EEG and uncorrected EOG shared on average less informa-
tion following ICA than following regression.

A statement that often occurs in that context is: “That this is not surprising,
since ICA is a method for de-correlating data.”

This is only half of the truth. The extracted components (or factors) are uncorre-
lated, but this has not to be the case for the backprojected data. Here, corrected
EEG and uncorrected EOG will only be less correlated if the removed component
(the blink component) explained much variance (or information) in the data at
all. It has to be stipulated, that this is also the case with regression approaches.
The propagation factor is often estimated by least squares minimization (e.g. in
EMCP). But the propagation factor can also be described by means of regression.
Here the propagation factor is nothing else but the slope β in the linear function

Y = βX + α

Now β can be estimated by

β =
Cov(x, y)

V ar(x)

In terms of the EEG and EOG relation:

β =
Cov(EOG,EEG)

V ar(EOG)

If this is plugged in the correction function:

EEGcorr = EEGuncorr −
Cov(EOG,EEGuncorr)

V ar(EOG)
EOG

it becomes clear, that the major portion of variance contributed by the EOG is
removed, which will of course reduce the correlation of uncorrected EOG and
corrected EEG, which is:

rEEGcorr,EOGuncorr =
Cov(EEGcorr, EOG)

σ(EEGcorr)σ(EOGuncorr)

Indeed, this had been already shown by Semlitsch et al. (1986, table 4, p. 701).
Their results for the correlation between corrected EEG and uncorrected EOG
for the classical regression without average subtraction are quite in line with the
results of chapter 2. However, the conducted study in this chapter should not be
taken as a general conclusion about regression approaches. Here exist several
methods that were shown to lead to good results (Croft and Barry, 2002, 2000,
1998a,b).

Only few studies investigated the correction ocular artifacts by simulation anal-
yses (e.g Kenemans et al., 1991; Croft and Barry, 1998a). In these studies it was
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not reported whether the blink amplitude was varied, which might indeed play an
important role if applying classical regression (chapter 2; Hoffmann and Falken-
stein, 2008). However, as already discussed in chapter 2 ICA has some not to
be undervalued disadvantages with respect to the practicability compared to re-
gression. Here the main point is that the solution of an Independent Component
Analysis might be quite ambiguous. For example it might be that the decomposi-
tion splits one single source into several components.

Another point is that only few studies deal with the question if the mathematical
preliminaries for conducting linear regression are fulfilled for EEG-data. Almost
every study argues on the base of empirical data or on the base of hypotheses with
respect to physiological plausibility. In linear regression, especially in multiple
regression exist some basic assumptions that have to be met before a conduction
of such an analysis is adequate.

First, the data, i.e. the predictors (i.e. independent variables) must be normally
distributed. Second, there must not exist much multicollinearity between the pre-
dictors, because if yes, any variable added to the equation does not add any addi-
tional information and the regression coefficients cannot be precisely estimated.
Third, the data have to be homoscedastic. As one could easily test not a single as-
sumption is consistently met with physiological, i.e. EEG data. Further, the error
term in regression is often neglected in psychophysiological regression modeling
(e.g. EMCP). Here it is argued, that the error term becomes zero because the
average represents a sufficient estimate of the true value (Gratton et al., 1983).
Astonishingly, only few studies investigated the reliability of the results of regres-
sion correction (e.g. Semlitsch et al., 1986). In psychological testing (according to
classical test theory) a reliability coefficient below .80 is defined as indicating low
reliability. However, in psychophysiological research often reliability coefficients
below that are interpreted as being high reliable. For example, Segalowitz and
Barnes (1993) interpreted a coefficient of .63 for the measurement of the P300 as
“ a reliable measure”. However, this reliability coefficient indicates that only 40
% of variance in the data are due to the P300. This is far below the standards for
psychological testing. Of course such a correlation becomes significant for group
comparisons given a sufficient sample size.

However, the conducted studies show that ICA is indeed not only a powerful pro-
cedure. It can be relatively easily combined with classical regression measures to
implement a feasible method for correction blink artifacts. Despite its drawbacks
(time consuming analysis, requiring high expertise, artifact sensitivity), ICA has
the advantage that only few assumptions about the underlying component struc-
ture have to be made, except a few mathematical ones which are not as restrictive
like the ones for regression analysis. But these advantages hold also if ICA is com-
pared to PCA. PCA finds independent components, if the sources are assumed to
be gaussian distributed and to be orthogonal. However, this might not always be
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the case in reality. It can be proofed by the central limit theorem, that a mixing
of non-gaussian components is always more gaussian than the single component
(Hyvärinen et al., 2001). However, it has been shown that ICA is able to effi-
ciently separate components having only a slight deviance from normality, but
being more efficient if the deviance is larger. This can be proofed in mathematical
terms (Hyvärinen et al., 2001) but was also shown by recent simulation studies
(Neumann et al., 2008). Thus the application of ICA is suited to a broader range
of problems than PCA.

In fact ICA has been shown mathematically, as well as empirically to be highly
efficient in separating multivariate data. However, it is an open debate whether
ICA is able to model neurophysiological data. Up to now there is a growing liter-
ature utilizing ICA as a tool for disentangling the spatial and temporal dynamics
of not only EEG data (Jung et al., 2001a,b; Makeig et al., 1996, 1999b), but also
of fMRI data (McKeown et al., 1998a,b,c; Esposito et al., 2002; Liao et al., 2005;
McKeown et al., 2003; Liao et al., 2006). With respect to both application fields
ICA was either investigated with respect to its power in artifact processing (Liao
et al., 2006; McKeown et al., 2005, 2003, 2006; Debener et al., 2007; Hoffmann
and Falkenstein, 2008; Romo-Vazquez et al., 2007; Teixeira et al., 2006; Vigário,
1997) or with respect to investigate the component structure and functional sig-
nificance of EEG/ERP measures. For example Makeig et al. (2002) investigated by
means of ICA, whether the averaged electrical responses recorded from the scalp
result from stimulus-evoked brain events or stimulus-induced changes in ongoing
brain dynamics. They showed in a visual selective attention task, that nontarget
event-related potentials were mainly generated by partial stimulus-induced phase
resetting of multiple electroencephalographic processes. (Debener et al., 2005a)
utilized ICA for investigating the origins of P3(a).

In another study they could show that the single-trial error-related negativity of
the EEG was systematically related to behavior in the subsequent trial, thereby re-
flecting immediate behavioral adjustments of a cognitive performance monitoring
system (Debener et al., 2005b). Since, they utilized simultaneous EEG and fMRI
recording, they could show a strong coupling of the derived component activity
and fMRI activity in the rostral cingulate zone, i.e. it predicted the fMRI activity
in this area (Debener et al., 2005b). Thus, ICA might well open the door to the
inverse problem in electroencephalographic recordings.

However, one major argument against ICA is that we do not know the true
distribution of neural signal in the human brain, and thus the assumption of
non-gaussian components cannot be assessed. However, this is only partly true.
Firstly, there exist studies with intracranial recordings (e.g. Jung et al., 1998a;
Kobayashi et al., 2001) that showed that ICA decomposition reveal relatively ex-
actly the time courses of the recorded brain areas. Secondly, it is not tue that
ICA assumes exactly non-gaussian data. As already stated slight deviation from
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gaussianity are sufficient. Thirdly, in introductions to ICA it is often stated that
ICA assumes noise free data (Stone, 2002). In fact, there exist ICA algorithms for
noisy data (Hyvärinen, 1999; Ikeda, 2000; Ikeda and Toyama, 2000; Valpola and
Pajunen, 2000).

In summary it can be stated that ICA represents a plausible solution for the
decomposition of EEG data if the corresponding preliminaries are fulfilled. How-
ever, this holds for other approaches as well, but in case of ICA these preliminar-
ies are rather general assumption (e.g. non-normality, statistical independence).
Thus they hold for a much wider range of applications than other approaches,
like regression or PCA. However, one disadvantage of ICA is (as is with other ap-
proaches) the sensitivity for random noise, or more strictly speaking, sporadically
occurring artifacts. Also, it might be that the decomposition might not be reliable
because of poor data quality. Thus, in studies conducting ICA the reliability of
the measures should be reported. At least, the statistical stability of the effects of
any treatment in an experimental setting on the derived independent components
should be reported. For example by iteratively running an algorithm and report-
ing the correlations among the solutions. For this purpose exists an approach and
a corresponding software package (ICASSO, Himberg and Hyvärinen, 2003; Him-
berg et al., 2004). With this approach it is possible to evaluate ICA decompositions
by means of exploratory data analysis and bootstrap methods.

With respect to the proposed automation procedure, it is obvious, that the per-
formance of this simple algorithm depends on the performance of the detection
algorithm for the artifact type which is desired to be removed. However, even with
the simple approach utilized in the present work it was possible to detect all rel-
evant components. Other algorithms, which are quite more sophisticated, might
well be lead to better results, but the have the problem, that each analysis step
requires complicated mathematical operations, which themselves require specific
preliminaries. For example approaches utilizing k-means clustering, or unsuper-
vised learning would require from the user to specify the number of cluster to
be computed. Thus, the user has to specify a model about the cluster structure.
It is obvious, that in the case of EEG data, the amount of cluster within the in-
dependent components (e.g. artifact vs. non-artifact) might differ substantially
between subjects and electrode settings. Thus, the choice of the number of clus-
tesr appears subjective. However, there exist promising approaches, for example
the clustering approach of Nicolaou and Nasuto (2007). These authors utilize in-
formation measures to combine independent components into clusters. However,
their approach has to be further evaluated, since it is not clear whether it works
well only with very artificial data, or even simulations.

The advantage of the proposed procedure is that the amount of components
accepted as an artifacts depends on the liberality of the user. For example, if one
decides to accept a threshold of 20% explained variance by the artifact, he/she will
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gain much more components than with a threshold of 80%. If the decomposition
did not work well, this might indeed be a good choice. However, a conservative
choice (e.g. 80%) still provides an adequate artifact correction, as can be seen in
chapter 2.

However, though there remain ambiguous components, the effect appears to be
negligible. Chapter 3 shows that for some ICA algorithms (especially for SOBI
and TDSEP), the correlation between corrected and clean uncontaminated data
is 1.0. One disadvantage of the procedure is, that it is not advisable to conduct
the algorithm fully automated across several subjects. This is due to the fact, that
the blink amplitude and duration might substantially vary across subjects. Hence,
for every subject a different threshold and portion of variance explained by the
blink component might be suitable. A solution for this problem might be to de-
velop or utilize a reliable pattern recognition algorithm, which is able to detect
the artifact (i.e. eye blink) very reliable. In summary, since ICA might well yield
several components accounting for the searched artifact type, it appears advis-
able to be quite conservative with respect to the components to be removed. As
already described, also in this case, the correction is comparable or even superior
to classical approaches.

But how could such a pattern recognition algorithm look like? One approach
could be some kind of template matching. With this template matching a template
(e.g. a typical blink component) is compared by some mathematical operation
(clustering, correlation, or whatever) with the derived independent components
and the one matching best the template are identified as artifact and removed
(e.g. Li et al., 2006). However, this approach appears appealing, but has some
drawbacks. For example the approach of Li et al. (2006) utilized typical scalp
topographies which are compared with the derived independent components. This
appears logical, but what if a component has a comparable topography to an eye
blink, but a different time course or a different spatial origin? It might well be that
different processes might yield similar projection in terms of scalp topography.
Hence, it is likely, that this approach might well lead to a certain degree of false
detection. Further it is restricted to a special class of artifacts, which show a
unique projection to the scalp.

A possible solution for that problem has recently been proposed by Frank and
Frishkoff (2007). Their APECS (Automated Protocol for Evaluation of Electro-
magnetic Component Separation) is an extention of the procedure described in
chapter 4. They combined the herein proposed procedure with the approach of
Joyce et al. (2004). Shortly desribed, the

“Extracted components were assumed to contain blink activity if corre-
lation of their spatial projectors to a predefined blink template exceeded
some threshold, and if polarity inverted above and below the eyes.” (Frank
and Frishkoff, 2007)
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With this procedure it appears possible to test reliably a variety of ICA algo-
rithms with respect to their performace in the correction of ouclar artifacts. How-
ever, the advantage of the proposed procedure in the present dissertation is, that
if applied in a conservative way (i.e. by choosing a conservative/high threshold for
the shared variance) it removes only artifacts which can be unambigeously iden-
tyfied as blink artifacts. This is a good choice if assuming that the decomposition
for the remaining artifacts was not perfect, thus they contain still activity from
other, possibly neural, sources.

In summary the present disseration replicates and stipulates that

1. ICA is a powerful approach for artifact correction, whose preliminaries are
not as strict as with standard regression approaches.

2. ICA can be relatively easy implemented as artifact correction preocedure in
standard ERP analysis.

3. The choice of the ICA algorithm depends on the application.

4. ICA can be utilized as a tool for testing specific hypotheses about the tempo-
ral dynamics of event-related EEG activity as well.

The last point is not new. As shown in chapter 5 and by several papers which
were recently published (e.g. Jung et al., 2001a,b; Makeig et al., 1996, 1999b;
Debener et al., 2005b) ICA is not only able to prune EEG and fMRI-data from ar-
tifact sources. ICA can also be utilized to model sources generating the observed
EEG signal as well. Especially if conducting single-trial analysis, ICA is useful to
achieve an optimized signal-to-noise ratio. By this single-trial measures (for ex-
ample inter-trial coherence) can be relatively easily and most important, reliably
captured. Further more, ICA can indeed be utilized to test specific hypotheses
like the two component hypothesis of Ne generation in chapter 5. But what is the
advantage of ICA compared to the analysis of event-related potentials? In fact it
appears as if the results of the decompositon of the Ne do not differ substantially
from the analysis of the Ne ERP. So what is the gain of this approach?

The main advantage is that the ICA decompositions yields a clean represen-
tation of the relevant process. However, it has yet to be tested, whether the
amplitude effects in other paradigms are due to this Ne-IC, or if they are a re-
sults of additional processes which contribute to the Ne/Nc amplitude. It is an
often found result, that the Ne is reduced in some CNS-deseases, for example
Huntington’s desease (Beste et al., 2006) or Parkinson’s desease (Stemmer et al.,
2007) and there exist differential effects in elderly subjects (Eppinger et al., 2008;
Pietschmann et al., 2008). However, that Nc and Ne are different processes can-
not be derived from the ERP-method. The ERP is in terms of signal processing a
signal mixture. Thus, the amplitude of an ERP is not a results of a single neural
network. It is modulated by a wide network of cortical patches. For a detailed
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discussion of that topic see Makeig and Onton (2009). They introduce a new view
of EEG-dynamics that goes far beyond the ERP-theory, which is compared to ICA
quite limited.

With respect to the generation of Ne/Nc recent fMRT results stipulate that point
of view. Several brain areas contribute to the processing of errors and correct
trials in choice reaction tasks (e.g. Brázdil et al., 2002; O’Connell et al., 2007).
Since ERPs and fMRT each alone do not provide a solution of the inverse problem,
a combination of both by means of ICA and combined EEG and fMRT acquisition
would yield further insight. This was recently well done by Debener et al. (2005b).
However, their study was focussed on the predictive validity of the single-trial
Ne(-IC). Now it would be interesting to go further and test which components
contribute to the amplitude differences of the Nc in different conditions of one
task, across several tasks, and across several groups, if there are any.

In sum, ICA is far more than an artifact processing tool. It might well open the
door to new models of EEG dynamics.
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Appendix

A Matlab implementation of the ICA automation procedure

0001 function [EEG,V,blinktopo,svar]=blinkdt(EEG,veog,rm,pl,thresh,confirm)
0002 %==========================================================================
0003 %
0004 %
0005 % function [EEGOUT,V,blinktopo,svar]=blinkdt(EEGIN,veog,rm,pl,thresh,confirm)
0006 % searches for blink components after application of ICA in EEGLAB,
0007 % plots and removes them if desired. Uses some code of pop_subcomp().
0008 % Requires EEGLAB.
0009 % -------------------------------------------------------------------------
0010 % INPUT:
0011 % EEG -> EEGLAB data structure
0012 % veog -> vertical EOG channel (preferably above the eye or
0013 % something like (SO1-SO2)/2
0014 % heog -> horizontal EOG [LO1,LO2]
0015 % rm -> remove blink comps automaticly (1=yes, 0=no)
0016 % plot -> plot blink component (1=on, 0=off)
0017 % thresh -> threshold for blink detection in veog channel
0018 % confirm -> asks if blink should be removed (1=confirmation on, 0=off)
0019 %
0020 % OUTPUT:
0021 % EEG -> (blink corrected) EEG structure
0022 % V -> Index of blink component(s)
0023 % blinktopo -> icawinv of blink, can be used for topoplot()
0024 % svar -> shared variance of veog and ICs at blink-time
0025 %
0026 % Sven Hoffmann 11/02/2007
0027 %==========================================================================
0028
0029 if nargin < 4
0030 error(’Not enough input arguments.’);
0031 end
0032
0033 if isempty(EEG.icaweights)
0034 error(’Run ICA first!’)
0035 end;
0036 TMPEEG=EEG;
0037 % Reshape epoched data for further processing
0038 if EEG.trials > 1 % Epoched data
0039 EEG.data = reshape(EEG.data, [EEG.nbchan EEG.pnts * EEG.trials]);
0040 else % Continuous data
0041 EEG.data = EEG.data;
0042 end
0043
0044 % Blink Detection (i.e. threshold for blinkdetection)
0045 if nargin<5
0046 [I,J,K] = find(EEG.data(veog,:)>50);%find indices of Voltage>50$ (default)
0047 else
0048 if thresh>max(EEG.data(veog,:));
0049 error(’Threshold > max(data) !!!’);
0050 else
0051 [I,J,K] = find(EEG.data(veog,:)>thresh);%find indices of Voltage>thresh
0052 end;
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0053 end;
0054
0055 % find indices of blink range
0056 j=zeros(1,length(J)-1);
0057 for ind1=2:length(J)
0058 j(1,ind1)=J(1,ind1)-J(1,ind1-1);
0059 end;
0060
0061 %find ˜blinkstart in j
0062 blinkm=find(j>1);
0063 blinks=J(1,[1 blinkm]);
0064
0065 %find maximum blink excursion
0066 bmax=[];
0067 for in=1:length(blinks)
0068 [I J]=max(EEG.data(veog,blinks(in):blinks(in)+100));
0069 if isempty([I J])
0070 error(’Threshold to high or low: try to in-/ or decrease !!!’);
0071 end;
0072 bmax(1,in)=J+blinks(in);
0073 end;
0074
0075 % Compute ic activations
0076 [activations] = icaact(EEG.data,EEG.icaweights*EEG.icasphere,0);
0077
0078 %blink veog (corresponding to -100:+100 around blink maximum)
0079 eog=[];
0080 for ind=1:length(bmax);
0081 eog(ind,:)=EEG.data(veog,bmax(1,ind)-100:bmax(1,ind)+100);
0082 end;
0083 [xeog yeog]=size(eog);
0084 verteog=reshape(eog’, [1 xeog*yeog]);
0085
0086 %blink ic-activations (corresponding to -100:+100 around blink maximum)
0087 vact=[];
0088 for act=1:size(EEG.icaweights,1);
0089 for ind=1:length(bmax);
0090 vact(act,:,ind)=activations(act,bmax(1,ind)-100:bmax(1,ind)+100);
0091 end;
0092 end;
0093 [xact yact zact]=size(vact);
0094 vertact=reshape(vact, [xact yact*zact]);
0095
0096 %correlations
0097 [corr,indx,indy,corrs]=matcorr(verteog,vertact);
0098
0099 % variance of the corresponding EEG.data and EEG.icaact (coefficient of
0100 % determination)
0101 eogvar=corrs.*corrs;
0102
0103 % Search for blink components;
0104 % Search within ppvaf
0105 [R,V]=find(eogvar>0.20); %find and check how many vars > 20%
0106 if length(V)<2
0107 [R,V]=find(eogvar==max(eogvar));%if there is only on IC/EOG
0108 end;
0109 V=unique(V);
0110 [l b]=size(V);
0111
0112 comptp=V;
0113
0114 %Plot blink components
0115 scrsz = [0 0 1280 1024];
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0116
0117 if isequal(pl,1)%&&length(V)==1;%if plot option is "on" and only one blink
0118 % component is detected
0119 if TMPEEG.trials > 1 %if data is segmented
0120 activations=reshape(activations,[size(activations,1) TMPEEG.pnts ...
0121 TMPEEG.trials]);
0122 avblink=mean(activations(V,:,:),3);
0123 blinkproj = icaproj(reshape(TMPEEG.data, [TMPEEG.nbchan ...
0124 TMPEEG.pnts*TMPEEG.trials]),...
0125 TMPEEG.icaweights,V,0,veog);
0126 blinkproj= reshape(blinkproj, [1 TMPEEG.pnts TMPEEG.trials]);
0127
0128 % plots blinktopo(IC),erp of blink-component, erp of vEOG, erp of
0129 % backprojectedb link-component (""),time limits are those of data epochs
0130 figure(’Position’,[100 100 scrsz(3)/1.5 scrsz(4)/2]);
0131 sbplot(2,2,1);plot(TMPEEG.times,avblink, ’r’);xlabel(’times’);...
0132 ylabel(’activations’);...
0133 title(’blink-ic’);xlim([min(TMPEEG.times) max(TMPEEG.times)]);
0134 sbplot(2,2,2);plot(TMPEEG.times,mean(TMPEEG.data(veog,:,:),3), ...
0135 ’g’,TMPEEG.times,...
0136 mean(blinkproj(1,:,:),3),’k’,’LineWidth’,2);xlim([min(TMPEEG.times)...
0137 max(TMPEEG.times)]);...
0138 xlabel(’times’);ylabel(’Voltage’);title(’vEOG & blink ic(s)’);...
0139 legend(’vertical EOG’,’backproj IC(s)’);
0140 sbplot(2,2,3);bar(eogvar.*100);axis([0 size(EEG.icawinv,2) 0 100]);...
0141 xlabel(’Independent Components’);ylabel(’% of variance’);...
0142 title(’vertical EOG: % variance explained by ICs’);
0143 sbplot(2,2,4);pop_topoplot(EEG,0, comptp , EEG.setname,0, ...
0144 ’electrodes’, ’off’, ’masksurf’, ’on’,’style’,’map’,...
0145 ’whitebk’,’on’,’shading’,’interp’); %blink topo
0146 else
0147 vertact=reshape(vact, [xact yact zact]);
0148 %back projected blink ic to vEOG channel
0149 [blinkproj] = icaproj(reshape(TMPEEG.data, [TMPEEG.nbchan ...
0150 TMPEEG.pnts*TMPEEG.trials]),TMPEEG.icaweights,comptp,0,veog);
0151 proj=[];
0152 for ind=1:length(bmax);
0153 proj(ind,:)=blinkproj(1,bmax(1,ind)-100:bmax(1,ind)+100);
0154 end;
0155 % plots blinktopo(IC), erp of blink-component (-200:200 ms around
0156 % blink maximum), erp of vEOG (""), erp of backprojected
0157 % blink-component (""),
0158 figure(’Position’,[100 100 scrsz(3)/1.5 scrsz(4)/2]);
0159 sbplot(2,2,1);plot([-100:(1000/TMPEEG.srate):100],...
0160 mean(vertact(V,:,:),3),...
0161 ’r’,’LineWidth’,2);xlabel(’times’);ylabel(’activations’);...
0162 title(’blink-ic’);
0163 sbplot(2,2,2);bar(eogvar.*100);axis([0 size(TMPEEG.icawinv,2) 0 100]);...
0164 xlabel(’Independent Components’);ylabel(’% of variance’);...
0165 title(’vertical EOG (blink-timepoint): % variance explained by ICs’);
0166 sbplot(2,2,3);pop_topoplot(EEG,0, comptp , EEG.setname,0, ...
0167 ’electrodes’, ’off’,...
0168 ’masksurf’, ’on’); %blink topo
0169 end;
0170 end;
0171
0172 % blinktopo (just for output)
0173 if nargout>2
0174 blinktopo=EEG.icawinv(:,V);
0175 end;
0176 if nargout>3
0177 svar=eogvar’;
0178 end;
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0179
0180 % Remove blink components*
0181 if isequal(rm,1)
0182 EEG.icaact = icaact(EEG.data,EEG.icaweights*EEG.icasphere,0);
0183 component_keep = setdiff(1:size(EEG.icaweights,1), comptp);
0184 compproj = EEG.icawinv(:, component_keep)*reshape(EEG.icaact(component_keep,:),...
0185 length(component_keep), EEG.pnts*EEG.trials);
0186 compproj = reshape(compproj, EEG.nbchan, EEG.pnts, EEG.trials);
0187 EEG.data = compproj;
0188 EEG.setname = [ EEG.setname ’ blink pruned’];
0189 EEG.icaact = [];
0190 EEG.icawinv = EEG.icawinv(:,setdiff(1:size(EEG.icaweights,1), comptp));
0191 EEG.icaweights = EEG.icaweights(setdiff(1:size(EEG.icaweights,1),comptp),:);
0192 EEG=eeg_checkset(EEG);
0193 end;
0194
0195 % Confirmation dialog
0196 if nargin>5&&isequal(confirm,1)
0197 disp(’ ’);
0198 disp(’ ’);
0199 disp(’Press key to continue...’);
0200 pause;
0201 close;
0202 disp(’ ’);
0203 disp(’ ’);
0204 disp(’What would you like to do?’);
0205 disp(’ ’);
0206 disp(’ 1 = reject blink’);
0207 disp(’ 2 = do nothing’);
0208 disp(’ ’);
0209 rej = input(’-> ’);
0210 % remove blinks if desired (some code from pop_subcomp)
0211 if isequal(rej,1)
0212 EEG.icaact = icaact(EEG.data,EEG.icaweights*EEG.icasphere,0);
0213 component_keep = setdiff(1:size(EEG.icaweights,1), comptp);
0214 compproj = EEG.icawinv(:, component_keep)*reshape(EEG.icaact(component_keep,:),...
0215 length(component_keep), EEG.pnts*EEG.trials);
0216 compproj = reshape(compproj, EEG.nbchan, EEG.pnts, EEG.trials);
0217 EEG.data = compproj;
0218 EEG.setname = [ EEG.setname ’ blink pruned’];
0219 EEG.icaact = [];
0220 EEG.icawinv = EEG.icawinv(:,setdiff(1:size(EEG.icaweights,1), comptp));
0221 EEG.icaweights = EEG.icaweights(setdiff(1:size(EEG.icaweights,1),comptp),:);
0222 EEG=eeg_checkset(EEG);
0223 end;
0224 elseif nargin<4&&isequal(rm,1)
0225 EEG.icaact = icaact(EEG.data,EEG.icaweights*EEG.icasphere,0);
0226 component_keep = setdiff(1:size(EEG.icaweights,1), comptp);
0227 compproj = EEG.icawinv(:, component_keep)*reshape(EEG.icaact(component_keep,:),...
0228 length(component_keep), EEG.pnts*EEG.trials);
0229 compproj = reshape(compproj, EEG.nbchan, EEG.pnts, EEG.trials);
0230 EEG.data = compproj;
0231 EEG.setname = [ EEG.setname ’ blink pruned’];
0232 EEG.icaact = [];
0233 EEG.icawinv = EEG.icawinv(:,setdiff(1:size(EEG.icaweights,1), comptp));
0234 EEG.icaweights = EEG.icaweights(setdiff(1:size(EEG.icaweights,1),comptp),:);
0235 EEG=eeg_checkset(EEG);
0236 end;
0237return;
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B The infomax algorithm

The algorithm maximizes the information transfer in a neural network. By this
the mutual information of the output of the network is being minimized. This
optimization is been made by synaptic weights and a non-linear logistic transfer
function

y = g(u), with u = Wx+ w0; w0 → error term; g(u) = (1 + e−u)−1.

For clarification let’s consider a neural network with two input signals (s1; s2) and
two output signals (y1; y2). The joint entropy of the output is defined by:

H(y1, y2) = H(y1) +H(y2)− I(y1, y2) (B1)

The mutual information I(y1, y2) can only be minimized by maximizing the joint
entropy. By this the marginal entropies H(y1) und H(y2) are maximized, and the
mutual information minimized. The maximum of the joint entropy is reached, if
the mutual information is approximatedly zero. This can be extended to N outputs
by:

H(y1, ..., yN) = H(y1) + ...+H(yN)− I(y1, ...yN) (B2)

If the mutual information equals to zero I(y1, ..., yN) = 0, the joint entropy equals
to the sum of the marginal entropies:

H(y1, ..., yN) = H(y1) + ...+H(yN) (B3)

The maximum of H(y1, ..., yN) is reached, if the mutual information of the random
variables y1, ..., yN becomes zero and their distribution uniform. The maximization
of the joint entropy is conducted by a fixed logistic non-linear function yi = gi(ui)

and the synaptic weights. This corresponds with the assumption that the sources
which are to be estimated have a super-gaussian distribution and that their peaks
lie over the mean (Lee, 1998). Hence, the weights remain to be adapted.
This can be achieved by the maximization of the joint entropy to W : The joint
entropy of the output of a neural network is

H(y1, ..., yN) = H(y1) + ...+H(yN)− I(y1, ...yN) (B4)

Here, H(yi) are the marginal entropies of the outputs and I(y1, ..., yN) is their
mutual information. Every marginal entropy can be expressed by:

H(yi) = −E {log p(yi} (B5)

During progress of the algorithm the distributions of the output and the estimated
sources shall be related to each other. In other terms: The non-linear function
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shall be “matched” to the expected distribution of the input by the learning rule.
This “non-linear matching” can be described by the absolute value of the deriva-
tive to ui (these are the estimated sources).

p(yi) =
p(ui)∣∣∣ ∂yi

∂ui

∣∣∣ (B6)

Applying this to equation B5 yields:

H(yi) = −E

log p(ui)∣∣∣ ∂yi

∂ui

∣∣∣
 (B7)

Now equation B3 can be retyped:

H(x) = −E

log p(u1)∣∣∣ ∂y1∂u1

∣∣∣
+ ...− E

log p(uN)∣∣∣ ∂yN

∂uN

∣∣∣
− I(y) (B8)

H(y) = −
N∑
i=1

E

log p(ui)∣∣∣∂xi

∂ui

∣∣∣
− I(y) (B9)

At this point the joint entropy can be derived:

∂H(y)

∂W
=

∂

∂W
(−I(y))− ∂

∂W

N∑
i=1

E

log p(ui)∣∣∣ ∂yi

∂ui

∣∣∣
 . (B10)

The maximum of the joint entropy can be found by the derivative from H(y) to W

∂H(y)

∂W
=

∂

∂W
(−E {log |J |}) (B11)

The non-linear “matching” between the distributions of the output of the network
and the input can be described by means of the Jacobi-matrix:

p(y) =
p(x)

|J(x)|
(B12)

|J | is the absolute magnitude of the Jakobi-matrix of the transformation from x to
y. This magnitude is the determinant of the matrix of the partial derivatives:

J(x) = det


∂y1
∂x1

. . . ∂y1
∂xn

...
...

∂yn

∂x1
. . . ∂yn

∂xn

 (B13)
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Now ln |J | is maximized. The learning rule is now:

∆W ∝
[
W T

]−1
+ (1− 2y)xT (B14)

∆w0 ∝ 1− 2y (B15)

x, y, wound 1 are vectors (1-> vector of ones) and W is a matrix. This is the basic
learning rule by (Bell and Sejnowski, 1995). For a proof have a look at this work.
(Amari et al., 1996) have extended the algorithm by the natural gradient to speed
up the computation.

C Derivation of EMCP

In the following section the alorithm of Gratton, Coles and Donchin is derived ac-
cording to the original article from 1983. Some denotations have been changed
for clarifying purposes.

Between every electrode pair (EOG and EEG) it is possible to derive in every
epoch, at every time point t a voltage Vt. This voltage can be described in terms
of classical test theory: The voltage Vt is constituted additively by the true value
of the event related potential at time point t (EKPt), the ratio of signals which are
generated by the potential drift at the bulbus (At), and a ratio of electrical activity
which is nor event-related or generated by the eye (Rt):

Vt = EKPt + At +Rt (C16)

Additionally E(Rt) = 0. According to the additivity of means it follows for C16:

V t = E (Vt) = EKPt + At (C17)

thus V t = mean of the sample and At = mean ofAt. Also it can be assumed that
E (At) 6= 0. Thus At is an artefact and fortunately a value of the EOG weighted by
P . The goal of the procedure is to estimate the propagation factor P .

At = P (EOGt) (C18)

EOGt = vakue of the signal at the periocular electrodes at time point t
P= constant (propagation factor P which describes the ratio of the EOG-signal at
Vt
The propagation factor can be used to correct Vt by removing At. Since At is
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unknown some preassumptions are necessary to solve the problem:
The EOG is constituted by two components

EOGt = EMRt + EMNt (C19)

EMRt = Voltage which generated by an eye-movement, which is provocated by a
temporal related event.
EMNt = Voltage at time point t which is not temporal related to the event.
Additionally it is assumed that the expected value of EMNt is zero. If C19 is
plugged in C18, and subsequently this term in C16 one derives:

Vt = EKPt + P (EMRt + EMNt) +Rt (C20)

It follows that

E(Vt) = ERPt + P (EMRt) (C21)

Since E(EMNt) = 0 and E(Rt) = 0. Now assume that V t (mean value across the n
epochs) is an estimation of E(Vt). Than it follows from C21 und C20:

Vt − V t = P (EMRt) +Rt (C22)

Now C22 and C19 yield

Vt − V t = P (EOGt − EMRt) +Rt (C23)

Since EMRt can be estimated by the average of the EOGt (as well as theERPt by
V t) it results:

Vt − V t = P
(
EOGt − EOGt

)
+Rt (C24)

Gratton et al. argue that all elements in equation C23, except P and Rt are given
by the data. Since E(Rt) = 0 P can be simply estimated by the least squares
method.
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D Supplemental material for chapter 3

D.1 The mixing matrix of the data simulation

s1 s2 s3 s4 s5 s6 s7 s8

ch1 0.425 0.576 0.513 0.889 0.364 0.434 0 0.3
ch2 0.752 0.923 0.932 0.803 0.124 0.389 0 0.723
ch3 0.2 0.962 0.055 0.709 0.441 0.583 0 0.346
ch4 0 0.999 0.34 0.137 0.462 0.562 0 0.314
ch5 0 0.972 0.854 0.686 0.256 0.648 0 0.193
ch6 0 0.363 0.079 0.239 0.085 0.025 1 0.662
ch7 0 0.546 0.556 0.141 0.182 0.036 0 0.273
ch8 0 0.293 0.36 0.785 0.592 0.627 0 0.462

Rows: channels (ch#) to which the components were projected. Columns: the
corresponding component (s). Note that the values are arbitrary and rounded. A
zero indicates that the component was not projected to the corresponding chan-
nel. All other values are generated by random (Matlab rand() command). Except
the ones. Here the artifact was projected completely.
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D.2 Decomposition of the data simulation

Decomposition of the data simulation in chapter 3 by the five ICA-algorithms.
Note that the components are not in the same order for each algorithm. This is
due to the property of ICA not to sort the components by variance explained. In
addition, the initial mixing matrix for the iteration process is chosen by random.
Thus the resulting components might be sorted in an different order in every
run of the algorithm. In that ICA is in opposite to PCA, where components are
automatically sorted by their variance they account for. Also note the flip of the
sign in the blink component of SOBI. This does not matter since the sign at the
scalp is recontructed by backprojection.

Figure D1: JADE
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Figure D2: INFOMAX
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Figure D3: fastICA

117



Appendix

Figure D4: TDSEP
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Figure D5: SOBI
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E ERPs and Independent Components derived in chapter 5

Figure E6: Ne-ERP of the rotation and flanker tasks for both instructions: “Press as fast as possible” (Speed) and “Be as
precise as possible” (Accuracy)
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Figure E7: Topographic maps of the derived Ne-IC of the flanker task

Figure E8: Topographic maps of the derived Ne-IC of the rotation task
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