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ABSTRACT 

The Independent Component Analysis (ICA) can be applied to data obtained with two 

neuroimaging techniques: electroencephalography (EEG) and functional magnetic resonance 

imaging (fMRI) in order to reveal functionally distinct neural sources. In the present thesis, 

three studies, which focus on this application, are described.  

The aim of the first study was to identify the neural sources, which contribute to the scalp 

event-related potentials (ERPs) evoked by the numerical Stroop task (Beldzik et al., 2014). 

The results of the ICA analysis revealed seven clusters of independent sources contributing to 

the ERPs. As hypothesised two of them contributed to N450, a potential defined as a marker 

of conflict processing. These are the mid-parietal cluster, with source located in posterior 

cingulate cortex (PCC), and the fronto-central cluster, with source located in anterior 

cingulate cortex (ACC), More importantly, the response-locked ERP analyses revealed their 

functional distinction. The PCC was found to be responsible for stimulus evaluation, whereas 

ACC was linked to the response evaluation in the error-likelihood manner.  

The aim of the second study was to investigate the neural networks responsible for 

separate functions in pro-saccadic and anti-saccadic tasks (Domagalik et al., 2012). It was 

achieved by applying ICA to fMRI data obtained from fifteen subjects performing these tasks 

in a block design. The findings provide evidence that volitional eye movements are the result 

of activity and interactions of separate neural networks. The eye fields network, the most and 

equally activated in both tasks, was concluded to be involved in the perception of stimulus 

location, initiation, and successful generation of saccade into the chosen direction. Anti-

saccadic task evoked activity of three other networks: the parieto-medial temporal network 

(PMTN), the executive control network (ECN), and the default mode network (DMN). The 

PMTN was associated with the sensorimotor transformation of the target's location referred to 

as the vector inversion. The ECN was linked to the inhibition, i.e. suppressing automatic 

responses, such as reflexive saccades, whereas the negative activity of DMN was linked with 

higher cognitive demands in anti-saccadic task in comparison to pro-saccades. 
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The following study, conducted on the same datasets, was devoted to investigate some 

inconsistencies in the abovementioned results in comparison to those obtained with traditional 

general linear model (GLM) analysis and reported in the literature. Particularly, the precuneus 

and bilateral parahippocampal cortices were found to be a part of anti-saccadic PMTN 

network, but no previous study using GLM analysis, as well as our calculations, reported such 

activations. In order to explain these inconsistencies, a new supplementary method - the 

contributive sources analysis (CSA) - was introduced, which provides a measure of the 

number and the strength of the neural networks that significantly contribute to brain activation 

or anatomically chosen brain region (Beldzik et al., 2013). CSA was conducted for atlas-

defined precuneus and parahippocampal cortices, which are considered as a part of parieto-

medial temporal pathway. The results showed that the PMTN activity is actually cancelled by 

the DMN and EFN negative activities within these regions. This interesting finding of the 

concurrent and opposite networks’ activities within a single region might be explained by the 

engagement of different populations of neurons.  

In summary, ICA has been successfully applied to EEG and fMRI data in order to 

separate neural sources/networks responsible for distinct cognitive functions. These studies 

highlight the advantages of applying ICA and reveal more insight into the neural processes, 

such as the stimulus and response evaluation, inhibition and vector inversion. 

 

Publications: 

 Beldzik, E., Domagalik, A., Froncisz, W., Marek, T. (2014) Dissociating EEG sources 

linked to stimulus and response evaluation in numerical Stroop task using Independent 

Component Analysis. Clinical Neurophysiology (In Press) 

 Domagalik A., Beldzik E., Fafrowicz M., Oginska H., Marek T. (2012) Neural networks 

related to pro-saccades and anti-saccades revealed by independent component analysis. 

NeuroImage 62 (3), 1325–1333. 

 Beldzik E., Domagalik A., Daselaar S., Fafrowicz M., Froncisz W., Oginska H., Marek T. 

(2013) Contributive sources analysis: A measure of neural networks' contribution to brain 

activations. NeuroImage 76 (1), 304-312. 
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STRESZCZENIE 

 

Pracę doktorską stanowią trzy publikacje w czasopismach o zasięgu międzynarodowym, 

znajdujących się na liście filadelfijskiej. Tematyką wspomnianych publikacji jest ukazanie 

możliwości zastosowania analizy niezależnych składowych (ang. Independent Component 

Analysis - ICA) w odniesieniu do danych zarejestrowanych przy pomocy dwóch technik 

neuroobrazowania: elektroencefalografii (ang. electroencephalography; EEG) oraz 

funkcjonalnego rezonansu magnetycznego (ang. functional magnetic resonance imaging; 

fMRI). ICA to relatywnie nowa metoda analizy danych polegająca na “ślepej separacji 

źródeł” (ang. blind source separation). W wyniku jej zastosowania do danych EEG i fMRI, 

otrzymywane są niezależne źródła, które mogą mieć podłoże neuronalne lub reprezentować 

fizjologiczne artefakty lub szumy. Oddzielenie i zidentyfikowanie neuronalnych źródeł, które 

są odpowiedzialne za różne funkcje poznawcze może pogłębić wiedzę o tych funkcjach. 

Pierwsza z publikacji dotyczy zastosowania metody ICA w odniesieniu do zapisów 

elektronecefalograficznych (Beldzik i in., 2014). Celem badania było zidentyfikowanie 

niezależnych składowych, które przyczyniają się do potencjałów zdarzeniowych (ang. event-

related potentials) wywołanych zadaniem konfliktu numerycznego (ang. numerical Stroop 

task). Zastosowano analizę ICA, która umożliwiła wyróżnienie siedmiu klastrów składających 

się z niezależnych składowych. Zgodnie z postawioną hipotezą, potencjał zdarzeniowy N450, 

określany jako wskaźnik monitorowania konfliktu,  posiada dwa niezależne źródła swojej 

zmienności. Pierwszy z klastrów, śródciemieniowy, ukazał lokalizację dipola w tylnym 

zakręcie obręczy (ang. posterior cingulate cortex - PCC), natomiast drugi z klastrów, 

czołowo-centralny, ukazał lokalizację w przednim zakręcie obręczy (ang. anterior cingulate 

cortex - ACC). Dodatkowa analiza potencjałów zdarzeniowych zsynchronizowanych do 

latencji reakcji ujawniła, że te dwa klastry pełnią różne funkcje poznawcze. Ukazano, że PCC 

odpowiada za ewaluację bodźca a jego aktywność jest zależna od poziomu trudności zadania. 

ACC natomiast odpowiada za ewaluację reakcji i jego aktywność jest zależna od 

prawdopodobieństwa popełnienia błędu. 
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W drugiej publikacji ukazano zastosowanie analizy ICA w odniesieniu do zapisów fMRI 

(Domagalik i in., 2012) . Celem badania było zidentyfikowanie nieznanych dotąd sieci 

neuronalnych odpowiedzialnych za różne funkcje w zadaniach prosakad (tj. przeniesienia 

uwagi i wzroku na peryferyczny bodziec) i antysakad (tj. przeniesienia uwagi i wzroku 

w punkt lustrzanego odbicia). Pierwsza z wyróżnionych sieci, sieć pól wzrokowych (ang. eye 

fields network), jest aktywowana w równym stopniu w zadaniu prosakad jak i antysakad, 

i odpowiada za percepcję położenia bodźca, inicjację i wykonanie sakady w wybranym 

kierunku. Trzy pozostałe sieci są związanie z procesami niezbędnymi przy wykonywaniu 

antysakad. Sieć ciemieniowo-skroniowa (ang. parieto-medial temporal network) jest 

związana jest z przeniesieniem uwagi i wzroku w przeciwną stroną, tj. transformacją 

przestrzenną (ang. vector inversion). Sieć kontroli wykonawczej (ang. executive control 

network) umożliwia hamowanie automatycznych reakcji, takich jak refleksyjne sakady. 

Ostatnia, tzw. sieć stanu bezczynności (ang. default mode network) odpowiedzialna jest za 

realokację zasobów neuronalnych w momentach wysokiego obciążenia poznawczego. 

Trzecia z publikacji stanowi kontynuację opisanego powyżej badania - w pracy podjęto 

próbę wyjaśnienia nieścisłości związanych z tym, czy zakręt przyhipokampowy oraz 

przedklinek są zaangażowane w proces transformacji przestrzennej. W poprzednich 

badaniach, które stosowały tradycyjne techniki analizy danych fMRI, tj. ogólne modele 

liniowe, nie zaobserwowano aktywności tych obszarów. Wyniki analizy ICA wskazują 

natomiast na aktywność tych struktur mózgowych w ramach sieci ciemieniowo-skroniowej. 

W celu wyjaśnienia tych nieścisłości stworzona została nowa uzupełniająca metoda analizy 

danych fMRI (ang. contributive sources analysis - CSA), która pozwala określić ile sieci 

(oraz w jakim stopniu) przyczynia się do aktywności (lub jej braku) określonego obszaru 

mózgu (Beldzik i in., 2013). Dzięki zastosowaniu CSA wykazano, że brak aktywności tych 

obszarów wynika z równoczesnego i przeciwstawnego działania kilku sieci. Wyniki te 

implikują, że sieci mogą „wytłumiać” się nawzajem w wyniku, na przykład, zaangażowania 

różnych populacji neuronów w obrębie jednego obszaru. 

Podsumowując, w pracy tej ukazane zostało sukcesywne wykorzystanie ICA do analizy 

danych EEG i fMRI w celu odseparowania neuronalnych źródeł pełniących odmienne funkcje 

poznawcze. Badania te podkreślają zalety stosowania ICA i dostarczają nowe informacje 

o takich procesach jak ewaluacja bodźca i reakcji, inhibicja lub przestrzenna transformacja. 
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1. Introduction 

Independent Component Analysis (ICA) is a powerful blind source separation technique 

(Lee et al. 1999), which decomposes multivariate signals into additive sources and theirs 

weights. It can be applied to any type of datasets, as far as these datasets are assumed to be 

a mixture of sources, which are mutually independent and have non-Gaussian distributions 

(Hyvärinen and Oja 2000). In this thesis, I would like to present the application of ICA to data 

obtained with two neuroimaging techniques: electroencephalography and functional magnetic 

resonance imaging. 

 

ICA was introduced by Bell and Sejnowski (1995), who aimed at solving algorithmically 

the so-called “cocktail party problem”. Within this problem, a number of simultaneous 

conversations are being recorded by at least the same number of recording devices located at 

different parts of the room. Considering that the sounds are affected by many variables, such 

as the gender of the speaker, the direction from which the sound is coming, the pitch, and the 

rate of speech, it is possible to separate them algorithmically and to solve the cocktail party 

problem. 

 

From the mathematical point of view, ICA is similar to well-known and broadly used 

Principle Component Analysis (PCA), which comprises the linear transformation of the 

observed vector x. If assumed that vector x = [x1, …, xn]T is a mixture of the source vector 

s = [s1, …, sk]T , the transformation is based on the following equation: 

x = As 
 

where A ∈ R: n × k is a mixing matrix of k sources. The blind source separation algorithms 

aim at finding both the mixing matrix A and source vector s in a data-driven fashion. The 

difference between the ICA, PCA, and other blind source methods lies in the parameter that is 

chosen for the algorithm to discriminate the sources. PCA finds sources maximally 

uncorrelated to each other, what is very useful for dimensionality reduction or pattern 

recognition. However, it proved highly inefficient for the cocktail party problem or the 

separation of various empirical sources, which are often orthogonal to each other. 
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Bell and Sejnowski (1995) introduced to the Infomax algorithm, which does not assume 

any particular input distributions, but seek the sources by maximising their entropy. In 

a result, it finds independent components with both cross-correlations and all the higher-order 

moments of the signals equalling zero (Delorme and Makeig 2004). Thus, it was called the 

Independent Component Analysis. The authors showed that ICA successfully separated 

unknown mixtures of up to ten speakers from the ‘cocktail party’. Since their publication, 

thousands1 of researchers developed new algorithms for ICA and reveal more and more areas 

where ICA can be usefully applied. 

 

2. Application of  ICA to EEG data 

It took only a year to apply ICA to electroencephalographic (EEG) data (Jung et al. 

1996). The authors made an assumption that EEG signal is the output of a number of 

statistically independent but spatially fixed potential-generating sources which may either be 

spatially restricted or widely distributed. Based on these assumptions, the ICA technique 

appeared ideally suited for conducting a source separation. This first ICA application to 14-

channel EEG data resulted in promising finding of two separate components with 

characteristic alpha and theta frequencies as well as few components representing 

physiological artifacts. Later, the same research group provided evidence that ICA enables 

removal of a wide variety of physiological artifacts from EEG recordings (Jung et al. 2000), 

such as blinks, saccadic spikes, scalp muscle, or cardiac activity. This effectiveness was 

confirmed with the growing number of the researches using the EEGLab software, i.e. an 

open source toolbox for analysis of single-trial EEG dynamics including independent 

component analysis (Delorme and Makeig 2004). 

 

When applying ICA to the preprocessed EEG data, one needs to set a number of 

components to be revealed. Considering that the Infomax takes temporal dimension of EEG 

data to search for the independence, the possible number of components is the numbers of 

channels. In case of the 64-channel EEG sets or smaller, the researches usually choose 

maximum number, whereas for the dense-arrays EEG the data are reduced to the number 

around 64 using the PCA. In a result of applying ICA, each independent component is 

represented by the topographical map of the weights (the sources) and the time course of their 

                                                           
1 The study of Bell and Sejnowski (1995) was cited 3,318 times according to Web of ScienceTM , 17.09.2014 
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localization indicated that they were generated in the left and right temporal areas, the 

supplementary motor cortex, and the anterior cingulate cortex (ACC), respectively. Moreover, 

ICA can be used to verify whether there are common neural sources of temporally distinct 

ERPs. This approach provided great new insight into the neural substrates of behavioural 

adaptation. Particularly, the neural generator of error-related negativity (ERN), the ACC, was 

also found to be the source of the feedback-related negativity (Gentsch et al. 2009), the 

correct-related negativity (Hoffmann and Falkenstein 2010; Roger et al. 2010) as well as the 

novelty N2 component (Wessel et al. 2012). Together, these findings indicate that the ACC is 

engaged in evaluating the course and outcome of an action by being sensitive to the 

expectancy violations. 

 

The aim of the first study, presented in this thesis, was to identify the neural sources, 

which contribute to the scalp ERPs evoked by the numerical Stroop task (Beldzik et al. 2014). 

The results of the ICA analysis revealed seven clusters of independent sources contributing to 

the ERPs. The mid-parietal cluster, with source located in posterior cingulate cortex (PCC), 

and the fronto-central cluster, with source located in ACC, explained over 80% of the P3b 

potential. The stimulus-locked ERP analysis on their time-courses provided evidence for the 

hypothesised two neural sources contributing to N450, a potential defined as a marker of 

conflict processing (Szűcs and Soltész 2012). More importantly, the response-locked ERP 

analyses revealed their functional distinction. The PCC was found to be responsible for 

stimulus evaluation, which begins around 170 ms before the response and its duration is 

sensitive to task processing demands. The ACC was linked to the response evaluation in the 

error-likelihood manner, what is marked by a negative deflection 70 ms after the response for 

erroneous or high interference trials. Finally, the results revealed that errors in magnitude 

judgment are committed due to insufficient stimuli processing within PCC.  

 

Together, these findings provide new insight into electrophysiological indicators 

observed in numerical Stroop paradigm. The ICA and clustering proved to be reliable and 

effective method for separating neural sources, which are responsible for distinct brain 

functions. 
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3. Application of  ICA to fMRI data 

Very soon after the publication of Infomax algorithm (Bell and Sejnowski 1995), ICA 

was applied also to functional magnetic resonance imaging (fMRI) data. The first report of 

this application was the study by McKeown and Sejnowski (1998). The authors aimed at 

exploring the validity of the ICA assumptions in case of fMRI data; that is, whether the 

underlying components are spatially independent and add linearly. Their assumptions were 

confirmed, thus ICA model was claimed an accurate representation of fMRI data. 

Simultaneously, McKeown and colleagues (1998) reported that ICA appears to be 

a promising tool for exploratory analysis of fMRI data. The authors decomposed fMRI 

datasets, obtained from 4 subjects performing various cognitive tasks in a block design 

fashion, into spatially independent components. They found few components with a time 

course closely matching the time course of 40s alternations between experimental and control 

tasks. Moreover, the regions of maximum activity in these task-related components generally 

overlapped with active regions detected by standard correlational analysis. Other components 

were related to physiological pulsations, head movements, or hardware noise. However, the 

exponential growth in ICA application to fMRI data can be attributed to Vince Calhoun and 

Tulay Adali who created the open source Group ICA Toolbox, which enables conducting this 

analysis in user-friendly manner (Calhoun et al. 2001). 

 

When applying ICA to the preprocessed fMRI data, one can choose whether the 

decomposition will be performed based on spatial or temporal dimension (Calhoun et al. 

2008). Considering highly plausible temporal coherence of many voxels, spatial ICA gained 

more popularity among fMRI researchers. Experimenter must also choose a number of 

components to be obtained. Hundreds of time points enable obtaining hundreds of 

components, thus it is better to find a considered number. Fortunately, this amount can be 

estimated with specific measures, such as minimum description length criteria (Li et al. 2007). 

In result of conducting ICA, each independent component is represented by the 3D brain map 

of the weights (the sources) and the time course of their activity (the mixing matrix). Further, 

both maps and characteristics of the time courses (such as correlation to hypothesised pattern 

of hemodynamic activity) enable identification of artifactual or neurally based components. 

Considering that all activated voxels within a single component show temporally coherent 

activity, a map presenting insulated brain regions can be associated with a network (Biswal et 

al. 1995). 
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As ICA became a tool for investigating neural networks, numerous studies were devoted 

to reveal networks of resting-state spontaneous brain activity and those engaged in various 

cognitive and emotional tasks. Also, large amount of studies focused on the comparison of 

networks in clinical case-control studies. The prominent of these researches was the study by 

Beckmann and colleagues (2005). The authors aimed at characterizing the spatio-temporal 

structure of resting-state data and found several networks with high spatial consistency across 

subjects and close resemblance to discrete cortical functional networks such as visual or 

sensory–motor areas. The implementation of ICA to cognitive experimental data resulted in 

better understanding of many cognitive functions, such as the salience processing and 

executive control (Seeley et al. 2007), language abilities (Tie et al. 2008) or memory retrieval 

(St Jacques et al. 2011). 

 

The aim of the second study, presented in this thesis, was to investigate the neural 

networks responsible for separate functions in pro-saccadic and anti-saccadic tasks 

(Domagalik et al. 2012). It was achieved by applying ICA to fMRI data obtained from fifteen 

subjects performing these tasks in a block design. Our findings provide evidence that 

volitional eye movements are the result of activity and interactions of separate neural 

networks. The eye fields network, the most and equally activated in both tasks, was concluded 

to be involved in the perception of stimulus location, initiation and successful generation of 

saccade into the chosen direction. Anti-saccadic task evoked activity of three other networks: 

the parieto-medial temporal network (PMTN), the executive control network (ECN), and the 

default mode network (DMN). The PMTN was associated with the sensorimotor 

transformation of the target's location referred to as the vector inversion (Munoz and Everling 

2004). The ECN was linked to the inhibition, i.e. suppressing automatic responses, such as 

reflexive saccades, whereas the negative activity of DMN was linked with higher cognitive 

demands in anti-saccadic task in comparison to pro-saccades. 

The following study, conducted on the same datasets, was devoted to investigate some 

inconsistencies in the abovementioned results in comparison to those obtained with traditional 

general linear model (GLM) analysis and reported in the literature (McDowell et al. 2008). 

Particularly, the precuneus and bilateral parahippocampal cortices were found to be a part of 

anti-saccadic PMTN network, but no previous study using GLM analysis reported such 

activations. In order to explain these inconsistencies, a new supplementary method - the 
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contributive sources analysis (CSA) - was introduced, which provides a measure of the 

number and the strength of the neural networks that significantly contribute to brain activation 

or anatomically chosen brain region (Beldzik et al. 2013). The contributive source parameters 

are easily calculated by multiplying the weights extracted from the region-of-interest with the 

beta parameters obtained from the regression analysis performed on particular components’ 

time-course. The sum of these parameters equals to the beta parameter obtained with the 

GLM analysis at a given region-of-interest what has been confirmed in the study with 

experimental data. CSA was conducted for atlas-defined precuneus and parahippocampal 

cortices, which are considered as a part of parieto-medial temporal pathway (Kravitz et al. 

2011). The results showed that the PMTN activity is actually cancelled by the DMN and EFN 

negative activities within these regions. This interesting finding of the concurrent and 

opposite networks’ activities within a single region might be explained by the engagement of 

different populations of neurons. Beside these findings, CSA revealed which brain regions 

play role as key nodes for the networks’ interaction in anti-saccadic task. 

These two studies highlight the advantages of applying ICA to fMRI data. Doing so, one 

can obtain even several neural networks responsible for distinct brain functions and gain more 

insight into the neural basis of cognitive processes. Moreover, the ICA can reveal brain 

activations that were missed when conducting traditional GLM analysis. 

 

4. Advantages and disadvantages of  ICA 

The three studies included in this thesis provided good examples of ICA being 

successfully applied to the EEG and fMRI data in order to obtain separate components 

representing distinct neural functions. However, more advantages can be listed for these 

applications. 

In case of EEG data, statistical testing for the condition-of-interest is performed for 

several clusters instead of for each channel, what gives a reduction in the number of multiple 

comparisons. With growing number of channels on single acquisition set (up to 256), ICA 

may prevent from reporting type II errors. Second, the effects observed on clusters’ ERP refer 

to whole scalp topography. Hence, the source of clustered ERPs can be further estimated 

(Dale and Sereno 1993) and more inferences can be made regarding the nature of the effects. 

Finally, due to the fact that ongoing background activity and extraneous noise are separated 
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from the clusters’ activity, the signal-to-noise ratio of ERPs is improved (Lemm et al. 2006; 

Zeman et al. 2007), what increases a chance of finding an effect of interest.  

 

The disadvantages of ICA application to EEG data is the clustering procedure at the level 

of group analysis. The number of clusters as well as the clusters’ location measurements must 

be chosen arbitrarily by the experimenter. Furthermore, clusters vary in the number of 

independent components assigned to them, what hinder further statistical analysis. One 

suggestion to overcome these limitations was proposed by Wessel and Ullsperger (2011). The 

authors presented an approach to identify components that significantly contribute to a certain 

ERP using clear-cut inferential statistics on both temporal and spatial information. This 

approach promotes greater objectivity of the selection process but it requires specific time-

range as a necessary input. Another solution, proposed to overcome the abovementioned 

limitations, was to perform the group ICA on event-related EEG (Eichele et al. 2011) in the 

similar manner to the group ICA for fMRI data. However, this approach has not yet gain 

considerable interest from the electrophysiologists as it is still a developing tool. 

 

In case of ICA application to fMRI, there are several advantages of this approach. First, 

ICA enables researchers to study functional connectivity between brain regions, what is of 

crucial importance when considering the issue of neural plasticity. Second, in contrast to the 

fixed model-based approaches, ICA results do not rely on poorly defined models, unknown 

timing of neuronal activity or variability of hemodynamic response. They are obtained in a 

data-driven fashion. Finally, there is great data reduction when performing ICA in comparison 

to GLM. Within the latter, regression analysis is conducted on thousands of voxels what 

requires rigorous corrections for multiple comparisons and high probability of type II errors. 

In case of ICA, regression analysis can be performed on limited number of independent 

components, what makes the statistics more conservative. 

 

5. Future directions 

Recent hardware and software developments have made it feasible to acquire EEG and 

fMRI data simultaneously. Considering, that the former has extensive temporal resolution 

whereas the latter has substantial spatial resolution, the two techniques are fully 

complementary and one can greatly benefit from their concurrent recordings. For instance, 

a meaningful study was conducted in order to reveal neural substrate and correlates of alpha 
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frequency band in humans (Goldman et al. 2002). Combining simultaneous event-related 

EEG and fMRI on a single-trial level is also possible and enables neuroscientists to explore 

the dynamics of various cognitive functions (Debener et al. 2006).  

 

However, there is still room for improvement with respect to assessing and unmixing all 

the electrophysiologic and hemodynamic information that is available simultaneously in a 

common data space. This can be obtained by applying joint ICA to ERPs and fMRI data 

obtained in a single experiment (Moosmann et al. 2008). Joint ICA incorporates all available 

time-domain and spatial information and allows achieving spatiotemporal mapping of event 

related responses in a data-driven fashion. It was successfully applied to the concurrently 

recorded ERP and fMRI data with auditory target detection task (Eichele et al. 2008). In 

result, the previously undetected but relevant EEG-fMRI component was identify. Its spatial 

pattern presented a map of activations detected with fMRI, whereas temporal pattern 

presented ERP activity modulated by target predictability.  

 

The studies, presented in this thesis, present the ICA results from the numerical Stroop 

and anti-saccadic tasks but explored with only one neuroimaging technique. Implementing 

these tasks in a simultaneous EEG-fMRI experiments and coupling the components obtained 

with both techniques would be a challenging future direction. 

 

6. Summary 

Independent Component Analysis is a powerful blind source separation technique, which 

decomposes multivariate signals into additive sources and theirs weights. It has been 

successfully applied to EEG and fMRI data in order to separate neural sources/networks 

responsible for distinct cognitive functions. Three recently published studies, which provide a 

good example of such effective separation, were presented in this thesis. The first one 

concerned identification of EEG independent components linked with stimulus and response 

evaluation in numerical Stroop task. The other two concerned obtaining neural networks 

responsible for volitional saccade generation, inhibition, and vector inversion in fMRI study 

with pro- and anti-saccadic tasks. Moreover, a new supplementary method (CSA) was 

introduced, which provides a measure of the number and the strength of the neural networks 

that significantly contribute to the brain activation. Together, these studies highlight the 

advantages of applying ICA and reveal more insight into these neural processes. 
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h i g h l i g h t s

� There are two sources of neural activity contributing to N450 effect.
� Posterior and anterior cingulate cortices’ functions can be linked to stimulus and response evaluation

respectively.
� ERP analysis conducted on clusters of ICs provided more insight than the channels’ ERP analysis.

a b s t r a c t

Objectives: Independent Component Analysis (ICA) is a powerful data-driven technique, which separates
EEG signals into functionally and physiologically distinct source activities. The aim of this study was to
identify the neural sources, which contribute to scalp ERPs including N450.
Methods: Dense-array EEG data were obtained from 20 participants performing numerical Stroop task. By
applying ICA, artifacts were identified and removed. The remaining neural sources underwent clustering
and further clusters’ ERP analysis.
Results: While the traditional channels’ ERP analysis confirmed the occurrence of conflict-related N450
potential, the ICA results revealed two sources contributing to its variance: the mid-parietal cluster with
source estimated in posterior cingulate cortex (PCC) and fronto-central cluster with source in anterior
cingulate cortex (ACC). The former showed increased (prolonged) activity before the response for
cognitively demanding trials, whereas the latter showed negative deflection after the response. PCC
activity was decreased (shortened) before erroneous responses, while ACC showed strong error-related
negativity.
Conclusions: PCC is responsible for stimulus evaluation, while ACC is responsible for evaluating the
action–outcome. Moreover, errors are committed due to insufficient stimuli processing within PCC.
Significance: ICA proved to be reliable and effective method for ERP analysis, which shed new light into
the brain potentials evoked by the numerical Stroop task.
� 2014 International Federation of Clinical Neurophysiology. Published by Elsevier Ireland Ltd. All rights

reserved.

1. Introduction

The numerical Stroop task provides a well-suited model for
investigating two separate cognitive processes: the numerical cog-
nition and executive functions. Within the task, participants are

shown a pair of digits in various physical dimensions and asked
to indicate the digit with greater numerical dimension. The task
is commonly used in the area of educational neuroscience research
(Sz}ucs and Goswami, 2007) and various clinical case–control stud-
ies, for instance those focusing on ADHD (Kaufmann and Nuerk,
2006) or developmental dyscalculia (Szucs et al., 2013). Neural
indicators obtained with this task were used to determine numer-
ical development in young children (Soltész et al., 2011), establish
action profiles of smoking and caffeine drinking (Hasenfratz and
Bättig, 1992), discriminate patients with minimal cognitive
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impairment (Kaufmann et al., 2008) or children with learning dis-
abilities (Liu et al., 2014). Most of the above mentioned studies
used the amplitude of event-related potentials (ERPs) evoked by
numerical Stroop task in order to compare specific case groups
with control group. However, little is still known regarding the
neural basis of those electroencephalographic (EEG) indicators,
such as localization and function of their sources.

The numerical Stroop task introduces two separate conditions
within one set of stimuli. First condition is related to the fact that
digits are presented with a various numerical distance (ND)
between them. Many studies consistently describe a phenomenon
known as the ND effect (Moyer and Landauer, 1967), when it takes
longer to indicate numerically larger digit when the distance
between them is small. The ND effect is a good indicator of elemen-
tary numerical abilities, both at the behavioral and neural level
(Dehaene and Changeux, 1993; Maloney et al., 2010). The func-
tional magnetic resonance imaging (fMRI) and high-density ERP
studies linked the numerical processing mainly with the parietal
areas (Pinel et al., 2001; Kadosh et al., 2005; Kaufmann et al.,
2005). Second condition within the numerical Stroop task is intro-
duced by three levels of congruency: (1) congruent, when the
numerically larger digit is physically larger, (2) neutral, when the
two digits are of equal size, and (3) incongruent, when the numer-
ically larger digit is physically smaller. The incongruent trials
require from participants to ignore the automatically processed,
but task-irrelevant, physical features of the digits (Posner, 1978)
what provides a metric for the stimulus conflict (Kaufmann et al.,
2005; Soltész et al., 2011; Sz}ucs and Soltész, 2012). However, fMRI
and ERP studies are not fully consistent with the particular brain
region engaged in the conflict processing within this task.

The ERPs studies using this task showed that the congruency
condition differentiated the amplitude of P3b (Szucs and Soltész,
2007; Soltész et al., 2011), which is a subcomponent of P300 elic-
ited during task-relevant stimulus processing (Polich, 2007). In
particular, scalp topography of incongruent minus congruent trials
presented a centro-parietal negative polarity about 300–500 ms
after stimulus onset, which was associated to previously described
conflict-related scalp potential called N450 (West, 2003). Besides
numerical Stroop task, N450 is a phenomenon commonly observed
in other versions of this task, i.e. colour-word (Liotti et al., 2000;
West and Alain, 2000; Larson et al., 2009; Killikelly and Sz}ucs,
2013) or emotional Stroop tasks (van Hooff et al., 2008; Zurrón
et al., 2013). Several attempts to localize its source have consis-
tently found that most variance in its topography can be explained
by the equivalent dipoles in the anterior cingulate cortex (ACC)
(Liotti et al., 2000; Hanslmayr et al., 2008; Szucs et al., 2009). In
line with the general knowledge of ACC function (Botvinick et al.,
2004), N450 was defined as a marker of conflict processing
(Sz}ucs and Soltész, 2012).

However, the fMRI studies that implemented numerical Stroop
task, suggest that both frontal and parietal brain regions are
involved in processing conflicting information (Kaufmann et al.,
2005, 2008). Kaufmann and colleagues (2005) found stronger acti-
vation for incongruent trials in comparison to congruent ones in
right parietal lobule extending to the posterior cingulate cortex
(PCC). In line with the previous findings of Bunge and colleagues,
(2002), the authors concluded that the activity of parietal cortex
could be linked to semantic conflict processing. Moreover, N450
is observed within P3b potentials, which appears to originate from
temporal–parietal activity associated with attention and subse-
quent memory processing (Polich, 2007). Indeed, Halgren and
colleagues (1998), in their intracranial EEG study, showed that sev-
eral sources contribute to the P3b, thus there might be more
sources showing N450 beside the one localized in ACC. To date,
no previous EEG study implementing numerical Stroop task
reported a conflict-sensitive source activity in parietal cortex.

There are various computational methods, which enable to sep-
arate EEG sources and estimate their locations (Michel et al., 2004).
A growing interest has been directed towards application of Inde-
pendent Component Analysis (ICA) in order to identify both arti-
factual and neurally generated EEG sources (Delorme and
Makeig, 2004). ICA is a powerful blind source separation technique
(Lee et al., 1999), which decompose multivariate signals into addi-
tive subcomponents that are assumed to be mutually independent
and have non-Gaussian distributions (Hyvärinen and Oja, 2000). In
contrast to Principle Component Analysis finding sources maxi-
mally uncorrelated to each other (a constraint unrealistic for actual
EEG sources), ICA finds components with both cross-correlations
and all the higher-order moments of the signals equaling zero
(for details see Delorme and Makeig, 2004). In case of EEG signals,
resulting independent components (IC) consist of scalp topography
maps and time courses of their activity. Some of the ICs may rep-
resent physiological artifacts, which can be recognized and
removed from the signals without the loss of EEG data. Indeed,
ICA has already proven to be very successful in identifying artifacts,
such as blinks, saccadic spikes, scalp muscle, or cardiac activity
(Jung et al., 2000; Viola et al., 2009).

More importantly, ICA has a great potential in separating
functionally distinct neural sources, which may be responsible
for particular brain function (Makeig et al., 2002; Onton et al.,
2005; Nyström 2008; Kropotov and Ponomarev, 2009; Kropotov
et al., 2011). This can be obtained at the group analysis level with
the clustering procedure. For instance, ICs from all subjects are
grouped with k-means statistics according to their common fea-
tures chosen by an experimenter. Once the IC clustering is
obtained, the ERP analysis can be applied to the ICs time-courses
in a similar manner that to the ‘raw’ channel data. ICA can also
be applied to verify a common source of different activities. Great
examples for this application were two separate studies, interested
in the neural substrates of online response control (Hoffmann and
Falkenstein, 2010; Roger et al., 2010). Both research groups pro-
vided evidence that a strong, negative wave occurring just after
an erroneous response (known as the Error Related Negativity –
ERN) and smaller negative wave occurring after correct response
(known as the Correct-Related Negativity – CRN) can be accounted
for by the same independent component, thus they reflect the
same neural process. Roger and colleagues (2010) found the source
of ERN and CRN activity in the ACC and/or in the Supplementary
Motor Area (SMA). As mentioned, the same brain region is claimed
to be the source of N450 (Szucs et al., 2009). In this study, we
aimed to verify whether N450 and ERN have one common source
activity.

The main goal of our study was to identify the neural sources,
which contribute to the scalp ERPs of the numerical Stroop task.
Traditional ERP analysis was conducted in order to verify the
occurrence of P1, N1 and P3b potentials commonly found in previ-
ous studies implementing this paradigm as well as to confirm the
N450 effect (Szucs et al., 2009; Dai and Feng, 2011; Sz}ucs and
Soltész, 2012). Then, the ICA was used to separate individual EEG
sources, while the k-means statistics was used to group them into
several spatially coherent clusters. We hypothesized that there
would be at least two sources contributing to P3b variance – one
being localized in the ACC, whereas the other in the parietal cortex.
Second, we aimed at verifying which sources show ND effect and/
or conflict-related N450. In order to pursue this objective, ERP
analysis was conducted on the sources activities. This step com-
prised both stimulus-locked and response-locked analyses. With
regard to the stimulus-locked approach, we postulated that there
would be (1) a parietal source showing the ND effect, (2) parietal
and frontal, possibly ACC, sources showing the N450 effect. With
regard to the response-locked data, ACC would also be the source
of ERN.

2 E. Beldzik et al. / Clinical Neurophysiology xxx (2014) xxx–xxx

Please cite this article in press as: Beldzik E et al. Dissociating EEG sources linked to stimulus and response evaluation in numerical Stroop task using
Independent Component Analysis. Clin Neurophysiol (2014), http://dx.doi.org/10.1016/j.clinph.2014.08.009



2. Methods

2.1. Participants

Twenty volunteers participated in this experiment (10 females,
mean age 22.8 ± 1.6 years). Participants met the experiment
requirements: right-handedness, normal or corrected-to-normal
vision, no physical and psychiatric disorders. They were all non-
smokers and drug-free. Participants were informed about the pro-
cedure and goals of the study and have given their written consent.
The study was approved by the Bioethics Commission at the Jagiel-
lonian University. Originally, there were twenty-four participants,
but four subjects were excluded from the analysis due to poor
quality of EEG data (e.g. bad impedance due to dense hair or
extended movements of face muscles).

2.2. Stimuli and task

The numerical Stroop task was prepared and generated using
E-Prime 2.0 (�Psychology Software Tools) and presented on a
17-inch screen located approximately 80 cm from participants’
eyes. In the task, stimuli were two one-digit numbers, which
appeared simultaneously in light gray on a black background.
The stimuli were presented until the response was given but not
longer than 800 ms. Between the trials a fixation point (i.e. hash
symbol, #) was shown, which was preceded and followed by
500 ms of blank screen. Together, average intertrial interval was
2500 ms ranging from 2000 to 2800 ms (varying by 200 ms).

The stimuli were Arabic digits (from 1 to 9) in Arial font of vary-
ing size depending on the condition (see Fig. 1). Subjects were
instructed to press the left/right button with index/middle finger
if the digit on the left/right side had higher magnitude. The numer-
ical distance (ND) condition was assured by the following pairs: 1
2, 2 3, . . ., 7 8, 8 9 (ND1); 1 3, 2 4, . . ., 6 8, 7 9 (ND2); 1 4, 2 5, 3 6, 4 7,
5 8, 6 9 (ND3); 1 5, 2 6, 3 7, 4 8, 5 9 (ND4). There were three con-
gruence conditions: (1) congruent, when the numerically larger
digit was physically larger; (2) neutral, when the two digits were
of the same physical size; (3) incongruent, when the numerically
larger digit was physically smaller. Total number of trials was
270, which were equally distributed between ND and congruency
conditions. In order to control for automatic shifts of attention
due to potential over learned cognitive mappings between num-
bers and visual space (see Trujillo and Schnyer, 2011 for review),
the left/right position of numerically larger digit was balanced
across trials (50% of numerically larger digit for each specific con-
dition, for instance congruent ND1, were on left side, whereas 50%
was on the right side of the fixation location). Stimuli were pre-
sented in a pseudorandom order to avoid carryover effects.

2.3. Behavioral data analysis

Behavioral data was analysed in Statistica 10.0. Accuracy and
reaction times (RT) were analysed by Congruency (congruent, neu-
tral and incongruent) � Numerical Distance (ND4, ND3, ND2, ND1)
repeated measures ANOVAs. A paired t-test was applied to RT of all
correct vs. erroneous trials. All post hoc tests were corrected with
Tukey restriction.

2.4. Data acquisition and decomposition

Dense-array EEG data (HydroCel Geodesic Sensor Net, EGI
System 300; Electrical Geodesic Inc., OR, USA) were collected
from 256 channels (band–pass filtered at 0.01–100 Hz with ver-
tex electrode as a reference) at a sampling rate of 250 Hz and
recorded with NetStation Software (Version 4.5.1, Electrical

Geodesic Inc., OR, USA). All further offline data analyses were con-
ducted with open source EEGLAB toolbox (Delorme and Makeig,
2004; http://sccn.ucsd.edu/eeglab). Data were digitally filtered
to remove frequencies below 1 Hz (IIR filter, ripple amplitude
0.01 dB) and above 48 Hz (as before, 0.0025 dB). Average refer-
ence was recomputed and bad channels were automatically
removed by Kurtosis measures with threshold value of 20 stan-
dard deviations The choice of the threshold was adjusted by
experimenter to ensure that only true outliers (usually 5% of
channels) were automatically removed, for instance electrodes
not adhering to the scalp). Next, continuous data was visually
inspected in order to remove channels or time epochs containing
high amplitude, high-frequency muscle noise and other irregular
artifacts. The removed channels were interpolated.

Due to large number of channels, decomposition of EEG data
with Infomax algorithm was preceded with Principle Component
Analysis. Fifty ICs were obtained and visually inspected for each
subject. Components recognized as blinks, heart rate, saccades,
muscle artifacts, or bad channels, according to the characteristic
spatiotemporal pattern (Jung et al., 2000; Delorme and Makeig,
2004), were removed. Then an equivalent current dipole model
was computed for scalp topographies of each IC using a boundary
element head model (BEM) implemented in the DIPFIT toolbox
(Oostenveld and Oostendorp, 2002). Template channel locations
were manually coregistered with the head model identically for
all subjects. Components with the bilaterally distributed scalp
maps were fit with a bilaterally symmetric dual dipole model. If
the best-fitting single or dual equivalent current dipole model
had more than 15% residual variance from the spherical for-
ward-model scalp projection or they were located outside of the
brain, the components were excluded from the further analysis.
Once all the artifacts (some identified by characteristic high-fre-
quency activity) were removed from the data, second low-pass
filtering (30 Hz) was conducted for the purposes of comparison
with previous experiments implementing the numerical Stroop
task (Szucs et al., 2009; Soltész et al., 2011; Sz}ucs and Soltész,
2012). Finally, epochs were extracted from �100 to 700 ms with
regard to stimulus presentation and from �500 to 300 ms with
regard to reaction occurrence. Both types of ERPs were baseline
corrected from �100 to 0 ms with regard to stimulus onset. The
choice of the prestimulus baseline for response-locked ERPs was
determined by the fact that the responses in numerical Stroop
task occur within the same time range (300–700 ms) as the
effects on ERP amplitudes (Sz}ucs and Soltész, 2012). In such case,
pre-response baseline could considerably reduce the effects.
Finally, epochs were selected for three conditions-of-interest: four
levels of ND, three levels of congruency and two levels of accu-
racy (all erroneous vs. all correct responses).

Fig. 1. Numerical Stroop paradigm. Example stimuli demonstrating four levels of
numerical distance (ND) and three levels of congruency conditions (Cong = con-
gruent trials; Neut = neutral trials; Incong = incongruent trials). Subjects were
instructed to press the left/right button with index/middle finger if the digit on the
left/right side had higher numerical dimension.
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2.5. Channels’ ERP analysis

The overall time course for each condition was illustrated by the
global field power (GFP), which summarizes robust ERP effects
appearing at many channels in a single curve. GFP was obtained
for each condition with The Mass Univariate ERP Toolbox
(Groppe et al., 2011). Effects of stimulus-locked ERP amplitude
were examined for ND and congruency condition by point-by-
point repeated-measures ANOVAs on each electrode. In order to
protect against Type-I errors, multiple channel comparison was
corrected with False Discovery Rate (FDR) method, whilst multiple
time points were corrected by assuring that effects reached signif-
icance (Pcor < 0.05) over a minimum of 5 consecutive sampling
points (i.e. 20 ms interval). For reporting purposes, the overall
effect of each significant interval was verified by running ANOVA
on mean amplitude computed across electrodes and time points
demonstrating point-by-point significance. For these variance
computations, electrodes with negative voltages were inverted
(multiplied by �1) in order to avoid annulations of effects by aver-
aging opposite polarities of electrodes. Effects in response-locked
ERP amplitude were examined analogically to the stimulus-locked;
only here additional condition of correct vs. error was verified.
Note, only fully graded NDs were considered relevant in order to
exclude random effects. Particularly, full gradedness requires that
amplitudes reflect the pattern of magnitude relations
(ND1 < ND2 < ND3 < ND4 or reversed) instead of focusing on
extremes (ND1 vs. ND4).

2.6. Components’ ERP analysis

IC clustering provides an adequate method for estimating the
distributed sources of ERP scalp maps and for exploring the source
dynamics under experimental events and conditions (Makeig and
Onton, 2009). In order to perform clustering, component activity
measures need to be selected for cluster location measurements;
however it is not established, which measures are ideal (Onton
and Makeig, 2006; Onton et al., 2006). In this study, we chose
equivalent dipole locations as a single measure for pre-clustering.
The reasons of this decision are as follows. (1) One goal of this
study is to verify whether there is a parietal conflict-sensitive
source activity. To properly address this goal, we formulated two
research questions: ‘‘Is there an EEG source located in the parietal
cortex? If so, how is its activity affected by the congruency condi-
tion?’’ Clustering with the dipole location measure provides an
answer for the former question without affecting the latter. (2)
The results of the clustering are constant for various ERP analyses,
for instance stimulus-locked and response-locked data, while they
could change when clustered by activity parameters. (3) We
believe that this approach gets the results of the ERP and event-
related fMRI analyses closer, as now they share a line of reasoning,
which is ‘‘what is the activity of this brain region?’’

Thus, three dimensions of dipole localization were used solely
as a metric for the k-means algorithm (the number of clusters
was set to 7 with 3 std. dev.). The IC clustering tools allows by
default to include several components from the same subject in a
given cluster. In order to make an inference about the general pop-
ulation, components from the same subject needs to be merged
before performing the ERP analysis (EEGLAB Tutorial, II, 08. Com-
mand line STUDY functions; http://sccn.ucsd.edu/wiki). To assert
equal contribution of each subject, components from the same
subject were averaged. Then, the clusters’ ERPs underwent point-
by-point repeated-measures ANOVAs for each condition. Since
each cluster comprise only one time-course, FDR correction was
not required. Analogically to channels’ ERP analysis, multiple time
points were corrected by assuring that effects reached significance
(p < 0.05) over a minimum of 5 consecutive sampling points (i.e.

20 ms interval). The overall effect of each significant interval was
verified by running ANOVA on mean amplitude of these time
points, which demonstrated point-by-point significance.

3. Results

3.1. Behavioral results

Subjects committed 3.97 ± 0.62% of erroneous responses.
ANOVA test for the ND condition revealed significant increase of
errors committed on smaller NDs (F(3,57) = 70.12; p < 0.001). Post-
hoc tests indicated errors on ND1 being greater than on rest of
the NDs (p < 0.001) as well as error rates on ND2 being greater than
on ND4 (p < 0.05). Congruency condition differentiated error rates
as well (F(2,38) = 64.69; p < 0.001; Table 1; Fig. 2). Post-hoc tests
showed error rates on incongruent trials being greater than on
neural and congruent ones (p < 0.001). RT measurement revealed
clear ND effect, i.e. longer reactions for smaller distances between

Table 1
Behavioral results.

Type of trial RT [ms] Error rate [%]

ND4 408.33 0.32
ND3 425.40 0.52
ND2 445.63 0.75
ND1 467.66 2.37

Congruent 418.95 0.59
Neutral 423.69 0.55
Incongruent 478.91 2.83

Correct 438.57
Errors 400.55 3.97

Note. RT = reaction time; ND = numerical distance.

Fig. 2. Behavioral results. (A) Reaction times on four types of numerical distance
(ND) (top), three levels of congruency condition (middle) and all erroneous vs. all
correct responses (down). (B) The percent of errors committed on each types of ND
(top) and each congruency trial type (middle).
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the numbers (F(3,57) = 75.89; p < 0.001; Table 1; Fig. 2). In this case,
all post hoc tests were significant (p < 0.001). RT was sensitive to
congruency condition (F(2,38) = 126.18; p < 0.001; Table 1; Fig. 2).
Subjects responded longer on incongruent trials in comparison to

neutral ones as well as congruent trials (post hoc p < 0.001).
Erroneous trials had 38 ms shorter RTs in comparison to correct tri-
als (t(1,19) = 7.12; p < 0.001; Table 1; Fig. 2). There was significant
effect of interaction between ND and congruency conditions

Fig. 3. Channels’ ERP results. (A) Stimulus-locked global field power (GFP) and scalp topography at the peaks for all correct trials (left). GFP under the condition of numerical
distance (ND) and congruency for correct trials (right). (B) Response-locked GFP and scalp topography at the peaks for all correct and erroneous trials (left). GFP under the
condition of numerical distance (ND) and congruency for correct trials (right). Gray shading indicates point-by-point significant F-test between the conditions.
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(F(6,114) = 12.86; p < 0.001) for RT measurements (the incongruent-
ND1 trials had the slowest responses).

The results indicate that no effect of facilitation was observed in
the study. Thus, we shall limit the conclusions based on the con-
gruency condition to the interference process (Szucs and Soltész,
2007).

3.2. Channels’ ERP results

The stimulus-locked GFP for all correct trials was shown on
Fig. 3A (left panel). The topography of these scalp potentials at
the peaks of GFP presented the central negativity with the bilateral
posterior positivity (P1) at 128 ms, which changed to the central
positivity and bilateral posterior negativity (N1) 44 ms later. Then,
a broad P3b was observed from 320 ms until 600 ms after stimulus
onset. Point-by-point ANOVA revealed that P3b was sensitive to
the ND effect as well as congruency effect (Table 2; Fig. 3A, right
panel). The results showed that amplitude of this stimulus-locked
potential was gradually decreased with task difficulty/congruency.
Significant time intervals were presented on the GFP plots by light
gray shadings.

The response-locked GFP for correct and erroneous trials was
shown on Fig. 3B (left panel). The first difference between the
two types of responses were observed at �172 ms before the
response onset (Table 2). Then, a long time interval after the
response differentiated the ERP potentials. While correct trials
showed strong P3b, which peaked after the response, the errone-
ous trials showed ERN, which peaked 68 ms after response onset.
The ERP analysis on correct response-locked trials also revealed

ND and congruency effects (Table 2; Fig. 3B, right panel). ND effect
was observed after the response onset with decreased GFP for
smaller distances. Congruency effect manifested before the onset
(around �200 ms), just before it (around �24 ms) as well as after
it (around 68 ms).

For the purpose of better visualization, these effects were also
presented on three representative channels (Supplementary
Fig. S1).

3.3. IC clustering results

Seven clusters (beside the cluster of outlier components) were
obtained (Table 3; Fig. 4). The first two were the left and right
occipital clusters (Fig. 4A and B) with source estimated in left
and right occipital gyrus, respectively. These clusters showed
strong peaks within P1 and N1 potentials, thus their function can
be linked to the earliest stages of visual processing (Bruchmann
et al., 2010). The mid-parietal cluster (Fig. 4C), which source was
estimated in the PCC, revealed P1 and strong P3b potentials. The
fronto-central cluster (Fig. 4D), which source was estimated in
the dorsal ACC, showed early negativity as well as late prolonged
P3b. In the study by (Onton et al. 2006), analogical clusters were
found in the audiovisual attention-shifting task. By plotting their
activity sorted by RT, the authors showed that these two clusters
peaked after the responses. The mid-parietal and fronto-central
clusters obtained here, showed similar characteristic. Their func-
tions are more extensively discussed later.

Beside these, ICA revealed frontal and two bilateral insular clus-
ters. The frontal cluster (Fig. 4E) showed a source in rostroventral

Table 2
Channels and clusters’ ERP results.

Conditions Channels Mid-parietal cluster Fronto-central cluster

Time range [ms] Nb of electr. Effects Time range [ms] Effects Time range [ms] Effects

Stimulus-locked ERPs
ND 332–480 166 F(3,57) = 14.55; p = 0.001 336–356 F(3,57) = 4.76; p = 0.005 308–432 F(3,45) = 8.34; p = 0.001

572–736 173 F(3,57) = 11.82; p = 0.001 560–732 F(3,57) = 6.65; p = 0.001 628–644 F(3,45) = 3.21; p = 0.032
Congruency 324–512 218 F(2,38) = 28.44; p = 0.001 300–452 F(2,38) = 12.76; p = 0.001 328–460 F(2,30) = 11.98; p = 0.001

564–796 184 F(2,38) = 30.37; p = 0.001 560–736 F(2,38) = 17.97; p = 0.001 596–756 F(2,30) = 7.44; p = 0.002

Response-locked ERPs
ND �212 to �144 F(3,57) = 3.89; p = 0.013

24–96 58 F(3,57) = 8.27; p = 0.001 52–80 F(3,45) = 3.21; p = 0.032
CONGRUENCY �268 to �148 51 F(2,38) = 6.1; p = 0.005 �180 to �152 F(2,38) = 4.19; p = 0.023

�36 to �16 97 F(2,38) = 11.23; p = 0.001 �40 to �20 F(2,38) = 4.35; p = 0.020 �52 to �24 F(2,30) = 8.12; p = 0.002
60–96 112 F(2,38) = 8.56; p = 0.001 52–96 F(2,30) = 6.04; p = 0.006

Correct vs. error �180 to �164 39 F(1,19) = 16.18; p = 0.001 �184 to �92 F(1,19) = 10.26; p = 0.005
32–212 215 F(1,19) = 24.06; p = 0.001 40–144 F(1,16) = 22.81; p = 0.001

Note. ND = numerical distance.

Table 3
ICA clustering results.

Nb Cluster Side Number of Mean of cluster Variance accounted for channels’ ERPs [%]

Subj. IC Region x y z RV[%] P1 N1 P3bstim P3bresp

1 Occipital L 9 10 Superior OG �19.9 �65.5 23.7 5.0 53.7 63.3 24.8 20.2
2 Occipital R 11 15 Superior OG 21.0 �76.4 23.9 4.7 30.0 12.2 21.1 19.6
3 Mid-parietal M 20 30 PCC 3.1 �40.5 42.6 4.0 49.3 4.9 69.5 64.7
4 Fronto-central M 16 19 ACC �0.5 1.1 26.7 4.4 29.2 13.9 26.5 31.0
5 Frontal M 9 11 Rostral ACC �2.5 33.4 �1.0 8.2 �7.1 40.6 5.4 2.4
6 Insular L 5 7 Insula –43.8 –22.8 22.2 4.4 �0.4 11.9 8.9 11.8
7 Insular R 6 9 Insula 57.8 –18.8 11.1 6.2 0.6 7.0 0.1 4.6

Note. Side refers to L = left; R = right; M = middle. ‘Number of Subj’ refers to how many subjects contributed to the cluster, whereas ‘number of IC’ refers to how many
independent components formed the cluster. Mean of the cluster indicates averaged dipole location reported with MNI coordinates (x y z) and its mean residual variance (RV)
from the spherical forward-model scalp projection. Abbreviations of the brain regions are OG = occipital gyrus; PCC = posterior cingulate cortex; ACC = anterior cingulate
cortex. Percent of variance accounted for channels’ the stimulus-locked ERPs includes time ranges of 88–152 ms (P1), 152–208 ms (N1), 260–660 ms (P3b), whereas
response-locked ERPs includes time range �150 to 250 ms (P3bresp).
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ACC. Previous studies have attributed this part of ACC with assess-
ing the salience of emotional and motivational information (Bush
et al., 2000) and the affective evaluation of response outcomes
(Luu et al., 2003). Here, the activity of rostroventral ACC showed
a positive stimulus-locked potential around 240 ms and negative
potential around 150 ms after the response. The former potential

might be associated with the salience of motivational information,
while the latter with the affective evaluation of response. The bilat-
eral insular clusters (Fig. 4F and G) showed neither stimulus- nor
response-locked distinctive ERPs. It is possible that insular activity
has some specific frequency domain (Goldman et al., 2002), which
is not synchronized by the events. Further researches implement-

Fig. 4. Clustering results. From left: sagittal, coronal, and axial view of the dipole locations (mean of the cluster marked in red), mean scalp topography, stimulus-locked ERPs
and response-locked ERPs. R = right; L = left. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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ing ICA and clustering are encouraged to gain more information
regarding the functions of these clusters.

3.4. Comparison of the channels’ and clusters’ potentials

GFP on channels’ ERPs revealed the occurrence of three micro-
states. The first one comprised time range between 88 and
152 ms. The topographical maps in the peak of this range
(Fig. 3A at 128 ms) presented bilateral posterior P1 potential as
well as anterior negativity. There were four clusters contributing
essentially to this activity: left and right occipital, mid-parietal
and fronto-central (Table 3). The two mostly affective clusters
(accounting for 80.1% of the channels’ ERP variance) are presented
on the Fig. 5A. Second microstate comprised time range between
152 and 208 ms. The topographical maps in the peak of this range
(Fig. 3A at 172 ms) presented bilateral posterior N1 as well as fron-
tal positivity. This activity was explained by 85.1% by the two clus-
ters: left occipital and frontal ones (Table 3, Fig. 5B). P3b potential
was observed in the time range between 260 and 640 ms after the
stimulus onset as well as between �150 and 250 ms time-locked
to the response. In both cases, over 80% of variance accounting
for this potential was explained by the mid-parietal and fronto-
central clusters (Table 3, Fig. 5C and D).

3.5. Clusters’ ERP results

The ERP analysis under the conditions-of-interest revealed only
two clusters with significant effects. The remaining clusters prob-
ably had too low sample size, i.e. insufficient numbers of subject,

to reveal an effect, thus we made no inferences based on these neg-
ative findings.

The mid-parietal cluster showed increased amplitude of stimu-
lus-locked P3b for higher NDs and incongruent trials around
350 ms after stimulus onset (Table 2; Fig. 6A). The reversed pattern
was observed for late slow potentials (560–800 ms) for both condi-
tions. The fronto-central cluster showed very similar amplitude
variability for both conditions (Table 2; Fig. 6B). In case of the
response-locked data, ERPs of the mid-parietal cluster revealed
greater amplitude for high interference trials (Table 2; Fig. 7A).
This pattern was observed at the beginning of P3b around
170 ms before the response. Parietal activity at this interval also
showed smaller amplitude on erroneous trials than correct ones.
ERPs of the fronto-central cluster revealed smaller amplitude for
high interference trials around 70 ms after the response onset
(Table 2; Fig. 7B). ACC activity at this interval also showed distinc-
tive ERN on erroneous trials in comparison to correct ones. All
these effects are reported in details in Table 2.

4. Discussion

Tools devoted to the analysis of EEG data are constantly being
developed. Naive interpretation of source activities being directly
below the most affected electrodes fades into obscurity with better
understanding of biophysical facts about volume-conducted corti-
cal field potentials. Instead, scalp topographies of ERPs are assumed
to have one ormore sources, which locationmay be estimated using
various computational methods (Michel et al., 2004). With growing
number of channels on single acquisition set, ICA gives a great
opportunity to decompose the EEG data into functionally indepen-

Fig. 5. Envelopes of the ERPs with two clusters mostly contributing to P3b. (A) Mid-parietal and fronto-central clusters explained 83.4% of variance accounted for the
stimulus-locked P3b measured between 260 and 640 ms. (B) These two clusters explained 81.9% of variance accounted for the response-locked P3b measured between �150
and 250 ms.
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dent signals andperformERP analysis on their time-courses. Several
advantages of this approach can be appointed. First, statistical test-
ing for the condition-of-interest is performed for each cluster of ICs
instead of for each channel, what gives a reduction in the number of
multiple comparisons. Second, the effects observed on clusters’ ERP
refer to whole scalp topography. Hence, the source of cluster can be
estimated (Dale and Sereno, 1993) andmore inferences can bemade
regarding the nature of the effects. Finally, due to the fact that ongo-
ing background activity and extraneous noise are separated from
the clusters’ activity, the signal-to-noise ratio of the ERPs is
improved (Lemm et al., 2006; Zeman et al., 2007), what increases
a chance of finding an effect of interest. The disadvantages of this
approach are the arbitrariness in clustering parameters and the fact
that various number of ICs can be assigned to each cluster, what
may hinder further statistical analysis.

In this study, channels’ ERP results revealed several potentials
usually observed in Stroop task (Szucs et al., 2009; Szucs and
Soltész, 2010). All these potentials were explained by the activity
of at least two sources (Fig. 5). Early visual P1 and N1 were evoked
by sources estimated in bilateral occipital gyrus and PCC. Interest-
ingly, early anterior negativity was evoked by ACC, whereas the fol-
lowing anterior positivity was explained by activity in rostroventral
ACC. Late positive potential, P3b, had two sources contributing to
its variance, PCC and ACC. There was no effect on conditions-of-

interest for the early potentials, thus no valid inferences regarding
their nature can be drawn. However, the results demonstrate the
abovementioned advantages of ICA over traditional ERP analysis:
(1) all characteristic potentials were observed with clusters’ ERPs,
(2) their sources were estimated with qualitative measures of their
contribution. It is also worth mentioning that the ICA results can be
presented fully and clearly in contrast to the traditional ERP results
that need to be presented by partially informative GFP or limited to
selected channels or time ranges.

The numerical Stroop paradigm gives an opportunity to study
both the numerical and stimulus conflict processing. In the study,
the ND condition was introduced with four levels of numerical
dimensions, whereas congruency condition was presented with
three types of stimulus (Fig. 1). Behavioral analysis confirmed that
both conditions resulted in increased RT and error likelihood with
increased task difficulty (Fig. 2). In agreement to previous ERP
studies (Szucs and Soltész, 2007; Soltész et al., 2011; Sz}ucs and
Soltész, 2012), both ND and congruency effects decreased the
amplitude of stimulus-locked P3b onmany channels (Fig. 3A), indi-
cating the occurrence of N450 effect. The ERP analysis on the clus-
ters activities revealed that there are two neural sources, in the PCC
and ACC, contributing to N450 for both conditions (Fig. 6). Thus,
the first two hypotheses were confirmed with additional finding
that ND effect is observed not only in parietal but also in the frontal

Fig. 6. Stimulus-locked clusters’ ERPs. Activity of mid-parietal (A) and fronto-central (B) clusters under the conditions of numerical distance (ND) and congruency. Gray
shading indicates point-by-point significant F-test.
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cortex. These results are consistent with the results from fMRI
studies (Kaufmann et al., 2005), where both frontal and parietal
regions were activated in numerical Stroop task. The authors
showed that these regions were sensitive for both ND and congru-
ency conditions, what is also consistent with our findings. Consid-
ering that the time interval of N450 for the two clusters is highly
similar – ranging from 300 to 450 ms after the stimulus onset,
the stimulus-locked data did not provide the distinction regarding
particular function of these sources.

Makeig and Onton (2009) suggested that the curving post-RT
positive waves of P300 could be more accurately represented by
an ERP average aligned to the subject responses rather than to
stimulus onset. According to the authors, the response-locked
ERP better reflects the abrupt onset, slope, and duration of the
post-motor P300 than the stimulus-aligned ERP. Comparison of
the stimulus- and response-locked P3b found in this study fit to
this description (Fig. 3, left panel). Thus, traditional channels’ ERP
analysis was conducted and revealed novel findings of both

Fig. 7. Response-locked clusters’ ERPs. Activity of mid-parietal (A) and fronto-central (B) clusters under the conditions of numerical distance (ND) and congruency. Gray
shading indicates point-by-point significant F-test.
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conditions affecting the response-locked P3b amplitude (Fig. 3B).
Szusc and colleagues (2012) found no interferences effects in
response-locked ERPs and concluded that this was an additional
argument for N450 being linked to the processing of stimulus,
instead of response, conflict. However, the fact the P3b is aligned
to responses does not imply its association with the response con-
flict. Verleger and colleagues, (2005) conducted an experiment
designed to address this issue and found that P3b reflects a process
that mediates between perceptual analysis and response initiation,
possibly monitoring whether the decision to classify some stimu-
lus is appropriately transformed into action. Channels’ ERP results
obtained in this study revealed that congruency effect manifested
at the beginning of response-locked P3b (around 170 ms before
the reaction) and after the response, what may indicate two pro-
cesses, i.e. conflict sensitive stimulus processing and response eval-
uation, respectively.

More inferences, regarding these effects, were gained from the
ERP analysis on the response-locked source activities (Fig. 7). Both
ND and congruency conditions showed increased amplitude for
more difficult trials around 170 ms before the response in PCC
source activity. In contrast, the two conditions evoked negative
deflection of the ACC source activity around 70 ms after the
response. Additional comparison of the correct vs. erroneous trials
confirmed the last hypothesis of the study. ACC was found as a
source of all ERN variance, while the PCC source activity of errors
in comparison to correct trials revealed decreased amplitude at
the beginning of P3b slope.

In agreement to previous study by Suárez-Pellicioni et al., 2013,
RT of erroneous trials was significantly shorter than RT of correct
trials (Table 1). Importantly, although errors occurred mostly on
high interferences trials, the PCC activity before the reaction for
these trials was decreased, or shortened, whereas correct high
interference trials resulted in increased, or prolonged, activity of
PCC at this time interval. It seems that PCC source activity more
closely tracks RT than the interference or ND effects (compare
Fig. 2A with Fig. 7A). This decrease in amplitude around 170 ms
before the reaction can be interpreted in terms of reduced duration
of P3b, which can be associated with the reduced duration of stim-
ulus evaluation. Indeed, numerous studies have linked the latency
of the P300 component with the processes involved in stimulus
evaluation and categorization (Kutas et al., 1977; McCarthy and
Donchin, 1981; Magliero et al., 1984; Polich, 2007). As stated in
the review by Polich (2007), P300 is a fundamental psychological
event that determines many aspects of cognition as it is observed
in any task that requires stimulus discrimination. In line with this
view, converging results for ND and congruency conditions found
in this study, suggest that this parietal indicator of stimulus evalu-
ation is sensitive to task processing demands, rather than particu-
larly conflict resolution/detection or numerical processing. Our
results indicate that the source of this evaluation is the PCC and
that the duration/strength of its activity until the response deter-
mines the correctness of the stimulus categorisation. This conclu-
sion is supported by the fact that the PCC activity increases with
the automaticity of the task and is thought to be crucial for general
learning process (Luu et al., 2007).

The ACC source activity showed consistent negative deflection
around 70 ms after the response in case of erroneous trials as well
as correct trials with high error likelihood (compare Fig. 2B with
Fig. 7B). In agreement to studies, which showed that there is a
common source of the ERN and CRN variability (Hoffmann and
Falkenstein, 2010; Roger et al., 2010), the negative deflection for
correct trials observed here can be associated with CRN.
Hoffmann and Falkenstein (2010) concluded that these potentials
reflect the same neural process, which is the online response con-
trol. In the study by Ruchsow and colleagues (2002), the authors
provided evidence that ERN mirrors the response evaluation pro-

cesses comparing expected and actual response outcome rather
than response conflict. In the same vein, Luu and Pederson,
(2004) concluded that ACC is involved in the action regulation,
such as monitoring context violation (i.e. expectancy violation)
and monitoring response relative to the context. Our results are
in agreement with these conclusions. It seems that the ACC activity
is sensitive to ‘certainty’ of the response, which decrease with task
difficulty. Thus, our results indicate that the function of this neural
source is to evaluate the response. In the view of the ongoing
debate whether the ACC activity reflects current task demands
(Yeung and Nieuwenhuis, 2009) or the retrospective coding of past
performance as an action–outcome predictor (Brown and Braver,
2005; Alexander and Brown, 2011), our results clearly support
the latter.

Some limitations of this study have to be considered. The mea-
surements of the equivalent dipole locations are only an estimation
of where the source of the cluster might be. Moreover, there is an
issue of EEG scalp topography that the equivalent dipole location
tends to be deeper than the cortical source patch (EEGLab tutorial).
For instance, a recent study by Bonini and colleagues (2014) indi-
cated that the major source of the ERN is the SMA, not ACC. In this
study, the source estimated for the fronto-central cluster was
found to be inferior to SMA, what may be caused by the abovemen-
tioned issue. Thus, the coordinates of the clusters obtained here
need to be taken with approximation. Nevertheless, the findings
provide novel functional distinction between ERPs evoked by
numerical Stroop task. Research using this task to evaluate neural
markers for numerical development in young children or various
clinical cases could benefit from conducting ICA and clustering
analyses in order to gain more specificity of the markers and made
conclusions that are more informative.

5. Conclusions

Behavioral (Fig. 2) and traditional channels’ ERP results (Fig. 3)
confirmed ND and congruency effects as well as its electrophysio-
logical indicators reported in previous literature. The ICA analysis
revealed seven clusters of independent sources contributing to
these ERPs (Fig. 4). Two of them, located in PCC and ACC, explained
over 80% of the P3b variance in case of the stimulus– as well as
response-locked data (Fig. 5). While the stimulus-locked ERP anal-
ysis on their time-courses provided evidence for two separate neu-
ral sources contributing to N450 (Fig. 6), the response-locked ERP
analyses revealed their functional distinction (Fig. 7). The PCC is
responsible for stimulus evaluation, which begins around 170 ms
before the response and its duration is sensitive to task processing
demands. The ACC is linked to the response evaluation in the error-
likelihood manner, what is marked by a negative deflection after
the response for erroneous or high interference trials. Finally, the
results revealed that errors in magnitude judgment are committed
due to insufficient stimuli processing within PCC. These findings
provide new insight into electrophysiological indicators observed
in numerical Stroop paradigm. The ICA and clustering proved to
be reliable and effective method for separating neural sources even
though their activity temporally overlapped. Our findings highlight
the advantages of performing the ERP analysis on clusters activity
instead of the ‘raw’ signal from multiple channels.
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The saccadic eye movement system provides an excellent model for investigating basic cognitive processes and
flexible control over behaviour.While themechanism of pro-saccades (PS) iswell known, in the case of the anti-
saccade task (AS) it is still not clear which brain regions play a role in the inhibition of reflexive saccade to the
target, norwhat is the exactmechanismof vector inversion (i.e. orienting in the opposite direction). Independent
component analysis (ICA) is one of the methods being used to establish temporally coherent brain regions, i.e.
neural networks related to the task. In the present study ICA was applied to fMRI data from PS and AS experi-
ments. The study revealed separate networks responsible for saccade generation into the desired direction, the
inhibition of automatic responses, as well as vector inversion. The first function is accomplished by the eye fields
network. The inhibition of automatic responses is associated with the executive control network. Vector inver-
sion seems to be accomplished by the network comprising a large set of areas, including intraparietal sulcus,
precuneus/posterior cingulate cortices, retrosplenial and parahippocampal. Those regions are associated with
the parieto-medial temporal pathway, so far linked only to navigation. These results provide a new insight
into understanding of the processes of the inhibition and vector inversion.

© 2012 Elsevier Inc. All rights reserved.

Introduction

In an extensive body of literature, the saccadic task has been referred
to as a relatively pure cognitive experimental design. A pro-saccadic (PS)
task requires a subject to shift attention and gaze to a target. Functional
neuroimaging studies have identified a number of brain regions in-
volved in PS, including the primary visual cortex, the intraparietal sulcus
(IPS), frontal eye fields (FEF), supplementary eye fields (SEF) and dorso-
lateral prefrontal cortex (DLPFC) (DeSouza et al., 2003; Munoz and
Everling, 2004; Pierrot-Deseilligny et al., 2004). The information from
theprimary visual cortex is processed through several extrastriate visual
areas (Maunsell andNewsome, 1987; Vanni et al., 2001). IPS activity sig-
nifies the salience of a stimulus at a given spatial location (Colby and
Goldberg, 1999) and projects to the frontal lobe. The FEF has a crucial
role in executing voluntary saccades, the SEF is important for the inter-
nally guided decision ofmaking the eyemovement aswell as for the ini-
tiation and performance of saccade sequences (Pierrot-Deseilligny et al.,
2003), while the DLPFC is involved in suppressing automatic, reflexive
responses (Munoz and Everling, 2004). Those regions connect with
each other through specific neural pathways of information flow. The
saccade generation process relies on the dorsal visual stream, the circuit

responsible for visuospatial processing (Goodale and Milner, 1992;
Milner and Goodale, 2008; Rossit et al., 2010; Valyear et al., 2006). A
recent review by Kravitz et al. (2011) revealed three distinct pathways
that emerge from the dorsal visual stream. According to the authors,
the parietal cortex is a seed region for prefrontal, premotor and medial
temporal circuits. A saccadic task is assumed to evoke two of them.
The parieto-prefrontal pathway reaches to the FEF, while the parieto-
premotor pathway reaches to the SEF, maintaining and mediating, re-
spectively, controlled eye movement. So far, the third parieto-medial
temporal pathway was associated strictly with navigation.

In contrast to the PS, an anti-saccadic (AS) task requires shifting
attention and gaze in the direction opposite to a target. Higher cognitive
demands result in significantly longer reaction times (Evdokimidis
et al., 1996) and increased brain activations, for most of the regions, in
comparison to those evoked by the PS (DeSouza et al., 2003; Dyckman
et al., 2007; Everling and Fischer, 1998; McDowell et al., 2008). What
is the exact cause of the activity increase? Performing the anti-
saccades requires two additional processes. A subject must suppress
the unwanted reflexive saccade and inverse the location of the target
to its mirror position. Single-neuron recordings in monkeys have pro-
vided evidence that the brain inhibits the automatic response by reduc-
ing the level of preparatory activity in the saccade circuitry before the
stimulus appears (Munoz and Everling, 2004). The authors point to
the fact that saccade-related neurons in the superior colliculus (SC)
and the FEF show a lower level of activity during the preparatory period
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on anti-saccade trials than that on pro-saccade trials. Several structures
are considered as a possible source of that inhibition, the SEF (Munoz
and Everling, 2004), DLPFC (Pierrot-Deseilligny, 2003) or anterior cin-
gulate cortex (ACC) (Matsuda et al., 2004). However, the exact source
of the inhibition remains unclear. As for the sensorimotor transfor-
mation responsible for inverting the location of the target, also referred
to as vector inversion, numerous studies have linked this cognitive
function with the parietal cortex (Clementz et al., 2007; Medendorp
et al., 2005; Moon et al., 2007; Müri and Nyffeler, 2008; Zhang and
Barash, 2004). Even though AS task has been widely used to study
brain functions such as the inhibition of reflexive responses and target
inversion, it still requires some clarification. If the processes are indeed
independent, evaluating separate neural networks responsible for them
should be possible and might give promising results.

According to a review by McDowell et al. (2008) an evaluation
of functional connectivity between regions supporting saccade gen-
eration would be extremely useful for complementing functional
anatomy information. Although Hwang et al. (2010) applied a func-
tional connectivity analysis to the fMRI data of the AS and PS task,
the authors focus their study exclusively on the inhibitory control,
ignoring the vector inversion process. The goal of their study was to
characterize the age-related development (from childhood to adult-
hood) of the effectively connected regions rather than contribute
to understanding the processes involved in the AS task. Therefore,
to the best of our knowledge, this study is the first that responded
to McDowell et al. (2008) recommendation. To achieve that, an inde-
pendent component analysis (ICA) has been implemented in the
functional magnetic resonance imaging (fMRI) study. ICA is a devel-
oping data-driven approach more and more often used in neuro-
imaging studies (Bell and Sejnowski, 1995; McKeown et al., 1998).
In contrast to fixed model-based approaches, like the General Linear
Model (GLM), it does not rely on poorly defined models, unknown
timing of neuronal activity or variability of hemodynamic response.
Therefore, it may give more insight into the data and detect responses
that would not have been revealed by a GLM analysis (McKeown et al.,
1998; Moeller et al., 2011). Recently growing interest in resting-state
connectivity aims to identify common and repetitive brain networks
(Beckmann et al., 2005; Calhoun et al., 2008; Damoiseaux et al., 2006;
Smith et al., 2009; Varoquaux et al., 2010). The ICA method allows also
for a straightforward analysis of more complex brain imaging experi-
ments including those concerning neurological disorders (Greicius,
2008). Moreover, the implementation of ICA to cognitive experimental
data enables distinguishing brain networks related to task what can im-
prove understanding of the cognitive functions (St Jacques et al., 2011).

The aim of our research was to investigate the neural networks
responsible for separate functions in pro-saccadic and anti-saccadic
tasks. To achieve that we applied ICA to fMRI data, as the method
allows the distinctions of temporally coherent neural networks. Com-
parison and identification of each component with those reported in
the literature enabled us to recognize artifacts and associate neural
networks with their function. A correlation analysis of their time
course with block model provided us with the distinction between
task-related and task-unrelated neural networks. We hypothesized
that there will be AS-related separate network responsible for the in-
hibition of automatic responses as well as separate network involved
in vector inversion. Not only we achieved that but also detected a
parietal-medial temporal pathway that was never before associated
with anti-saccades nor detected with the ICA.

Materials and methods

Participants

Fifteen healthy, male volunteers, with a mean age of 27.4 years
(SD=5.6) participated in the study. All of them were right handed,
had normal vision, no neurological or sleep-related disorders, no

history of head injury, were non-smokers, and drug-free. The subjects
were informed about the procedure and goals of the study and gave
their written consent. They had performed a training session to
get familiar with the MR scanner and with the experimental proce-
dure. The study was approved by the Bioethics Commission at the
Jagiellonian University.

Procedure

Pro-saccadic (PS) and anti-saccadic (AS) tasks were used in the
block design study (Fig. 1). In both tasks a fixation point was dis-
played in the centre of the screen for 30 s; then, a target stimulus
was randomly presented at one of the five right- or five left-side sit-
uated squares, while the fixation point remained continuously visible
(overlap paradigm). The subjects were instructed to direct their
attention and gaze straight ahead toward the fixation point and, when
the target appeared, to execute an eye movement to it and then to
move back to the fixation point (PS task). In the AS task the subjects
were asked not to follow the stimulus, but to target their attention
and gaze at the point in the opposite direction and at the same distance
from the fixation point as the original target. There were five scanning
runs, each containing a 5 min PS and 5 min AS task session. Every task
session was combined with nine blocks, five blocks of fixation point
presentations and four blocks of target presentations, preceded with
verbal information about the type of task. Blocks of targets consisted
of 18 stimuli (each presented for 1500ms with a gap of 500 ms be-
tween the targets). Each block lasted 30 s.

Data acquisition

Magnetic resonance imaging (MRI) was performed using a 1.5 T
General Electric Signa scanner (GE Medical Systems, Milwaukee,
WI). High-resolution, whole-brain anatomical images were acquired
using a T1-weighted sequence. A total of 60 axial slices were obtained
(voxel dimension=0.4×0.4×3 mm3; matrix size=512×512, TR=
25.0 ms, TE=6.0 ms, FOV=22×22 cm2, flip angle=45°) for cor-
egistration with the fMRI data. Functional T2⁎-weighted images were
acquired using a whole-brain echo planar pulse sequence (EPI) with
a TE of 60 ms, matrix size of 128×128, FOV of 22×22 cm2, spatial res-
olution of 1.7×1.7×5 mm3, and a flip angle of 90°. One session was
composed of 100 images for each of the 20 axial slices, taken at an
interleaved fashion with a TR of 3 s. The first three images of each
session were excluded from the functional analysis to allow for the
T1 equilibrium effects.

Data analysis

Data preprocessing
Standard preprocessing procedure was applied using Analysis of

Functional NeuroImage software (Cox, 1996). Firstly, each 3D image
was time-shifted so that the slices were aligned temporally. After
head motion correction, the functional EPI data sets were zero-
padded to match the spatial extent of the anatomic scans, and then
coregistered. Anatomical and functional images were transformed

Fig. 1. Tasks used in the study. In the pro-saccadic (PS) task subjectswere asked to direct their
attention and gaze to the target, while in the anti-saccadic (AS) task to opposite direction.
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into a coordinate system of Talairach space (Talairach and Tournoux,
1988). The functional data were then smoothed using a full-width at a
half maximum isotropic Gaussian kernel of 8 mm. During the scaling
procedure, voxels with low-signal intensity located outside the brain
were excluded from the functional images by a clipping function.

Independent component analysis
The GIFT software package was used to perform a group ICA

(Calhoun et al., 2001) for each task separately. The estimation determin-
ing the number of components was performed usingminimum descrip-
tion length criteria implemented in the software (Li et al., 2007). FastICA
algorithm (Hyvärinen and Oja, 2000) was applied with an estimated
number of components. No scaling of the data was performed. In accor-
dancewith the approach of Calhoun et al. (2008), componentswere fur-
ther coupled across two tasks according to spatial cross-correlation
coefficients and visually inspected for the presence of artifacts.

Next, we have conducted an independent split-data analysis to in-
crease validity of statistical inference and avoid circularity (Kriegeskorte
et al., 2009). Odd scanning runs (set 1) of the experiment were chosen
for derivation of the components, whereas even runs (set 2) were used
for correlation analysis. The equivalence of the components extracted
from the two sets was established through the spatial cross-correlation
analysis. Set 1 enabled recognition and labelling the networks whereas
set 2 enabled selection of the task-related components. Following
Greicius and Menon (2004), the time course of each component of each
subject underwent a correlation analysiswith the taskmodel. Correlation
coefficient values provide ameasure of the degree towhich anetwork ac-
tivates with the task. This analysis step is analogical to the temporal
sorting feature of the GIFT toolbox since the linear regression of one
variable (block model) is analogical to a correlation analysis. A compo-
nent was classified as a task-related neural network if its correlation
coefficient reached significance of pb0.001 in one sample t-test and its
average value was larger than 0.3 (medium or strong correlation). Com-
ponents were then sorted by these values and also tested for the dif-
ference in activation between the two tasks. Additionally, two neural
networks of interest were compared by subtracting their positive maps
from each other.

Results

The GIFT software estimated 14 independent components for
each task. Spatial cross-correlation analysis revealed a clear coupling
of independent components between the PS and AS task (Fig. 2).
Three of them, similar to those reported in the previous studies (Kelly
et al., 2010; Varoquaux et al., 2010), were classified as artifacts. The
maps of the 11 remaining neural networks are presented in Fig. 2 (all
activations are reported at FDR corrected threshold pb0.001). Spatial
cross-correlation coefficients of the split-data confirmed the coupling
of independent components between set 1 of the PS task and set 1 of
the AS task, as well as between the two sets in each task (Table 1).
The networks were labelled and classified as those related to the task
or unrelated to it (see Materials and methods section).

Neural networks related to the task

It has been hypothesized that there would be more task-related
neural networks in the AS than in the PS, as the former is a more com-
plex task. As we expected, only one component was classified as PS-
related network, whereas four fitted to the criteria in the AS task
(Fig. 3A). Their time courses are presented in Fig. 3B. A t-test on the
correlation coefficients for the network common for PS and AS
showed no significant difference (Fig. 3C).

Eye fields network
A component which showed the strongest correlation with the

model (PS: r=0.53; AS: r=0.48; pb0.001; Fig. 3C) represents a network

of regions typically involved in a saccade task (Table 2; Fig. 3A). Activa-
tions of the lateral visual areas (from the primary to the extrastriate
visual cortex) together with IPS point to the temporally coherent
dorsal visual stream (DVS) which integrates the information from the
retinotopic visual fields and transforms it to egocentric frames of refer-
ence e.g. relative to the eye (for review, see Kravitz et al., 2011). The
IPS, also referred to as the human parietal eye field (Pierrot-Deseilligny
et al., 2004), is critically important for various aspects of saccadic control,
including spatial updating and the transformation of sensory input into a
motor command (for review, see McDowell et al., 2008). According to
study of Hu et al. (2009), IPS as a part of posterior parietal cortex plays
a pivotal role in intention. Furthermore, Desmurget and Sirigu (2009)
in the electrical stimulation study of the human cortex showed that the
posterior parietal region is responsible formotor intention and awareness,
whereas stimulationof thepremotor regions triggers themovementwith-
out conscious intention and awareness. The activity of the frontal cortex
within the presented network has obvious references tomotor execution.
The FEF is involved with both reflexive and volitional saccade initiation,
whereas the SEF is responsible for volitional saccade generation
(Ettinger et al., 2008a; McDowell et al., 2008; Munoz and Everling, 2004;
Pierrot-Deseilligny et al., 2004). The putamen has been associated with
the volitional eyemovement (Petit et al., 1993;Neggers et al., 2012); how-
ever, its exact function is still unclear (Watanabe and Munoz, 2011).

A t-test on the correlation coefficients revealed no difference be-
tween the PS and AS tasks (Fig. 3C). The results suggest that this
network is responsible for generating a volitional saccade to a desired
direction, as both tasks equally require perception of stimuli as well
as performance of eye movement. For obvious reasons, we suggest
labelling it the eye field network (EFN).

Parieto-medial temporal network
It was assumed that there would be a network related only to the

AS task, responsible for vector inversion. The second component, cor-
relating with the block model only in the AS task (r=0.43; pb0.001;
Fig. 3C), has a rather complex anatomy. The main activations extend
from the V5/MT along the IPS and reach preSMA and bilaterally the
FEF (Table 2, Fig. 3A). The presence of preSMA and FEF within the net-
work indicates the output of the information flow and cooperation
with executive control network (ECN) and EFN, respectively. Howev-
er, the main activation in the posterior part of the IPS is involved with
another pathway, the parieto-medial temporal. Parietal activations
converge in the medial precuneus and posterior cingulate cortex
(PCC) and diverge to the bilateral retrosplenial cortices (RSC) and
the parahippocampal cortices (PHC). Due to the similarity of the
network with EFN, a differential map of the two was calculated
(pcorb0.001). The difference highlighted the connections of IPS with
PHC (Fig. 4) and that is why we labelled the component parieto-
medial temporal network (PMTN). Bilateral visual cortices were the
only clusters with higher activation for the EFN network (Fig. 4).
The results indicate that, in contrast to externally driven EFN, PTMN
is driven endogenously. Although the exact mechanism triggering
the vector inversion remains unclear, numerous studies have evidenced
the parietal cortex to be involved in this process (Clementz et al., 2007;
Dyckman et al., 2007; Medendorp et al., 2005; Moon et al., 2007;
Nyffeler et al., 2007; Zhang and Barash, 2004). As a matter of fact,
the strongest activation of the PMTN occurs in the posterior IPS
(Table 2).

Considering (1) PMTNengagement only to the AS task, (2) the fact that
it is endogenously driven, and (3) its strongest activation is in the IPS, the
conclusion canbedrawn that the PMTN is responsible strictly for the visuo-
spatial process required to perform an anti-saccade, the vector inversion.

Executive control network
The third network correlating with the AS task (r=0.39; pb0.001;

Fig. 3C) comprised the following brain regions: pre-supplementary
motor area (preSMA) extending to the dorsal part of the anterior
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cingulate cortex (dACC), as well as the bilateral DLPFC, FEF, anterior
insula and thalamus (Table 2, Fig. 3A). Functional connectivity be-
tween those regions has been already shown by Cole and Schneider
(2007) during both rest and cognitive task performance. The network
has been found in many resting-state designs implementing ICA
(Beckmann et al., 2005; Doria et al., 2010; Smith et al., 2009), mostly
subsumed under the terminology of the executive control network
(ECN). Its functions can be associated with the control of goal directed
behaviour, target detection, error detection, conflict resolution, and
the inhibition of automatic responses (Berger and Posner, 2000;
Callejas et al., 2005; Seeley et al., 2007). In the current study, the en-
gagement of ECN in AS tasks can be linked to a process of top-down
control inhibition, i.e. suppressing automatic responses, such as re-
flexive saccades to the target. Indeed, all of the regions comprising
the network have proven to play that inhibiting role. PreSMA enables

suppressing an automatic unwanted action and then switching to
volitionally controlled action (Isoda and Hikosaka, 2007). Curtis and
D'Esposito (2003) showed greater prestimulus preparatory activity
in the preSMA, critically associated with reflex suppression. Although
claiming inconsistency with Curtis and D'Esposito (2003), Brown
et al. (2007) found DLPFC and ACC responsible for presetting, i.e. bias-
ing, the saccade circuitry before the anti-saccade occurrence. The
anterior insula has been shown to be a part of the executive system
(Klein et al., 2007; Marek et al., 2010) and was found to play a role in
response inhibition as well (Brass and Haggard, 2007; Swick et al.,
2011). Finally, the thalamus has been associated with the definite
inhibition of the prepared action and, consequently, involved in execu-
tive operations (Marzinzik and Wahl, 2008). If one considers those
regions as a network, the mentioned results may become more consis-
tent. Our findings are in agreement with those of Hwang et al. (2010)

Fig. 2. Independent components analysis of the PS and AS tasks. T-maps of independent components (pcorb0.001), their labels and spatial cross-correlation coefficients. EFN=eye
fields network; PMTN=parieto-medial temporal network; ECN=executive control network; DMN=default mode network.
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who concluded that active inhibitory control is accomplished by multi-
ple frontal regions rather than a single structure.

Moreover, in contrast to the ECN detected with resting-state
designs, here the network includes the FEF regions. The result sug-
gests that the FEF is the output of the inhibition process conducted
by the network. The results are in agreement with the findings of
inhibition of saccade neurons in the FEF and SC before the target
appears (Munoz and Everling, 2004); however, the SC could not be
detected in the present study, due to the artifacts on the edge of the
scanning field-of-view.

Default mode network
The component correlating negatively, close to the threshold of

component classification, with the AS task (r=−0.26; pb0.001;
Fig. 3C) comprises the following brain regions: the posterior midline
region, the bilateral inferior parietal lobes and the superior frontal
gyrus (Table 2, Fig. 3A). This map corresponds to the default mode
network (DMN), which is one of the most consistent finding of the
fMRI experiments implementing functional connectivity methods,

either in resting-state designs (Beckmann et al., 2005; Calhoun et al.,
2008; Damoiseaux et al., 2006; Smith et al., 2009), or task-based
experiments (Mazoyer et al., 2001; Raichle et al., 2001; for review, see
Buckner et al., 2008). It has been also shown that attentional demand
on the task leads to greater deactivation of the network (Mayer et al.,
2010; McKiernan et al., 2003; Persson et al., 2007; Singh and Fawcett,
2008) due to the reallocation of processing resources from the DMN
to the brain areas involved in the task performance. Greicius and
Menon (2004) have proven that sensory stimuli for most subjects
were not sufficiently challenging to disrupt the network. Since DMN
was detected but unrelated to PS performance, it seems that this task
did not engage the subjects sufficiently enough. In contrast, the negative
correlation of DMN in the AS task suggests that either higher demand
for inhibition (ECN) or vector inversion (PMTN) was a reason why in-
ternally generated cognitive processes were disrupted during the task.

Neural networks unrelated to the tasks

Seven of the detected neural networks are engaged neither in the PS
nor in the AS task. All of them are similar to those identified previously
(Beckmann et al., 2005; Calhoun et al., 2008; Damoiseaux et al., 2006;
Smith et al., 2009; St Jacques et al., 2011; Varoquaux et al., 2010).

The component with parietal and prefrontal activations is referred
to as a frontoparietal network (Calhoun et al., 2008; Smith et al.,
2009). Its common feature across studies is lateralization, as there
are separate components observed for the left and right hemispheres.
The results obtained in the current study also show lateralization
with a maximum of parietal activation in the angular gyrus and few
maxima of prefrontal activation along the inferior frontal sulcus.

Both medial frontal and precuneus components should be referred
to as the systems rather than the network, as they show one main
cluster of activation. Medial frontal is considered as a part of the
DMN (Buckner et al., 2008; Raichle et al., 2001); however, it was
found as a separate component in some ICA studies (Calhoun et al.,
2008; Damoiseaux et al., 2006; Varoquaux et al., 2010). The second
system is centred in the medial part of the Brodmann area 7 (BA7),

Fig. 3. Task-related neural networks. (A) T-maps of task-related neural networks for AS task (pcorb0.001). EFN=eye fields network; PMTN=parieto-medial temporal network;
ECN=executive control network; DMN=default mode network. (B) Time courses of the networks for PS and AS tasks. (C) Correlation coefficients of the time courses with a
task model (with standard errors).

Table 1
Spatial cross-correlation of components between pro-saccade (PS) and anti-saccade (AS)
tasks derived from set 1 and equivalence through the spatial correlation established
between set 1 and set 2.

Description Spatial correlation

PS vs. AS - set1 PS - set1 vs. set2 AS - set1 vs. set2

Frontoparietal right 0.961 0.936 0.920
Medial visual 0.960 0.965 0.965
Sensory–motor 0.959 0.938 0.890
Frontoparietal left 0.936 0.891 0.859
DMN 0.929 0.908 0.826
Medial frontal 0.922 0.826 0.780
Auditory 0.902 0.887 0.910
Precuneus 0.854 0.858 0.959
EFN 0.850 0.734 0.876
ECN 0.842 0.837 0.800
PMTN 0.797 0.706 0.772
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which corresponds to the precuneus. As reported in a review by
Cavanna and Trimble (2006), the precuneus plays a role in a wide
spectrum of highly integrated tasks, such as visuospatial imagery, ep-
isodic memory retrieval, and self-processing.

The remaining task-unrelated networks can be linked to sensory
modalities: the primary visual cortex (medial visual), the somatosen-
sory and motor cortices (sensory–motor) as well as the primary and
secondary auditory cortices (auditory).

Discussion

Application of the ICA in separating brain functions

The goal of this research was to separate the neural networks
responsible for different processes in saccadic tasks. The PS task

requires only EFN for a volitional saccade generation. The AS task, in
addition to the PS task, requires involvement of ECN for the inhibition
of the reflexive saccades to the target and the activation of the PMTN
for the sensorimotor transformation of target location to its mirror
position, i.e. vector inversion. ICA has proven to be a powerful tech-
nique, considering it enabled distinction of brain functions within
a single experimental design. It also eliminates artifacts from the
data and proves temporal coherence of the regions. Furthermore,
the resemblance of the networks among many studies, with either
resting-state or task designs, speaks for the great reliability of the
ICA. However, one should not look for an identical set of regions for
network identification. It seems that key regions of the network pro-
vide enough information to identify it, whereas additional activations
suggest functional connections specific to a given task (e.g. FEF occur-
rence in the ECN). Finally, in the present study, the ICA has revealed
activations that were not reported in previous studies implementing
the same task design, i.e. a parieto-medial temporal pathway within
the PMTN. The medial temporal activations in the AS task might be
too subtle in comparison to the frontal or parietal activations and, in
consequence, mistakenly neglected when standard analysis methods
are applied to the fMRI data. We state that this pathway indeed plays
an important role in the vector inversion process. Its functions are
discussed in detail below.

Parieto-medial temporal pathway

One of the key findings of the study is the involvement of the
parieto-medial temporal pathway in the AS task. The results obtained
here show that the pathway is part of the PMTN, which is responsible
for vector inversion. Numerous studies have already linked the parie-
tal cortex with this sensorimotor transformation (Clementz et al.,
2007; Dyckman et al., 2007; Medendorp et al., 2005; Moon et al.,
2007; Nyffeler et al., 2007; Zhang and Barash, 2004). Zhang and
Barash (2004) employed a memory-delay version of the AS task in
their electrophysiological study with monkeys. The authors found
the activity in monkey analogue of human IPS, 50 ms after the visual
neurons on the opposite side of the brain. Another study proved that
those findings also apply to the human brain. Medendorp et al. (2005)
conducted an event-related fMRI experiment with a memory-delayed
saccade task. They observed IPS activity in response to target location
presented in the contralateral visual field. However, when a cue for a
delayed anti-saccade trial appeared, the activity shifted from one hemi-
sphere to the other. Nyffeler et al. (2007) reported a patientwith a small
right-sided posterior parietal stroke who performed rightwards anti-
saccades markedly hypometric (i.e. undershooted) whereas normal
leftwards anti-saccades and pro-saccades. This anti-saccade inaccuracy
was ascribed to the impairment of visual vector inversion. The authors
claim to provide the evidence that visual vector inversion could be an
intrinsic property of the posterior parietal cortex.

Table 2
Talairach coordinates of maximum positive activations in the networks related to the
anti-saccade task derived from set 1.

Region Side x y z T

EFN
Inferior occipital gyrus R 14 −82 −6 11.29

L −24 −86 −2 9.73
Posterior IPS L −22 −70 46 11.07

R 28 −64 48 15.10
SEF M 0 −6 62 10.99
FEF R 52 −2 30 7.46

L −42 −12 40 10.74
Superior frontal gyrus M 12 38 48 6.81
Putamen R 24 −6 6 14.64

L −16 −2 12 8.88

ECN
Dorsal ACC M 8 12 40 15.79
PreSMA M 2 2 52 19.96
FEF R 32 0 52 15.12

L −18 −2 60 13.41
DLPFC R 30 34 38 7.33

L −26 34 38 11.49
Anterior insula R 36 18 10 6.82

L −30 20 10 12.76
Thalamus R 16 −16 8 8.33

L −10 −18 8 6.35

PMTN
Posterior IPS R 30 −62 40 17.15

L −26 −62 42 17.60
Anterior IPS R 40 −40 52 14.50

L −44 −44 44 16.34
V5/MT R 48 −52 −2 14.40

L −42 −64 16 14.23
PreSMA M −2 2 48 5.88
Lateral FEF R 56 10 32 10.25

L −48 8 28 18.31
FEF R 28 −6 52 6.94

L −34 −4 48 12.66
Supramarginal gyrus L −56 −26 24 10.65
PHC R 30 −34 −10 13.79

L −24 −42 −8 11.03
RSC R 16 −50 6 10.39

L −8 −50 6 10.48
precuneus/PCC M −6 −60 48 10.31

DMN
Posterior midline region M 2 −52 26 41.49
Inferior parietal lobe R 54 −58 20 19.25

L −38 −72 32 12.17
Superior frontal gyrus L −22 28 48 12.66

R 22 28 48 10.20

Note: Side refers to the location of the activation, where M=medial, L=left, and
R=right hemisphere. T values refer to the maximum of cluster (pcorb0.001).
FEF=frontal eye field; SEF=supplementary eye field; IPS=intraparietal sulcus;
ACC=anterior cingulated cortex; preSMA=presupplementary motor area; DLPFC=
dorsolateral prefrontal cortex; PHC=parahippocampal cortex; RSC=retrosplenial
cortex; PCC=posterior cingulate cortex.

Fig. 4. Comparison of eye fields network (EFN) and parieto-medial temporal network
(PMTN). Differential map of PMTN and EFN (pcorb0.001). PCC=posterior cingulate cortex,
RSC=retrosplenial cortex, aIPS=anterior intraparietal sulcus, PHC=parahippocampal
cortex. The difference (PMTN>EFN) highlighted the connections of the IPS with PHC, i.e.
parieto-medial temporal pathway.
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As far as we know, there is no literature linking vector inversion
with the medial temporal lobe. However, numerous studies associate
its function with spatial memory (Bachevalier and Nemanic, 2008;
Bohbot et al., 2000; Ploner et al., 2000). Ploner et al. (2000) found
that patients with right parahippocampal lesions were impaired in
their ability to remember locations in the left visual hemifield and
made saccades to those locations after delays of 30 s. Buffalo et al.
(2006) showed that anterior PHC activates selectively to spatial
encoding. It seems that the connections between IPS and PHC can
be ascribed to encoding and/or retrieving spatial information. PCC,
with the direct interconnectivity to IPS (Kravitz et al., 2011), contrib-
utes to the translation between egocentric representations of space in
the parietal cortex and the allocentric representations in the para-
hippocampal cortices (Vogt et al., 1992). Dean and Platt (2006) pro-
vide evidence that this translation applies to the saccadic task, as
they found PCC encoding the location of saccade's target in allocentric
coordinates. Studies with navigation tasks revealed that the PHC en-
codes a representation of the local scene that allows it to be remem-
bered, whereas the RSC directs one's movement towards navigational
targets that are not currently visible (Epstein, 2008). If one considers
a representation of the inverse target location as a local scene, the
findings have obvious implementation in the AS task. Finally, our re-
sults of PMTN involvement in vector inversion are in agreement with
Bird and Burgess's review (2008), according to which the PHC, with
its strong connections to RSC and IPS, is a key region for the process-
ing of visuospatial information (from the dorsal visual stream).

Our results extend the findings that link the parietal cortex with
vector inversion. We suggest that the inversion of the target's location
is driven endogenously by a temporally coherent brain pathway,
which includes the IPS, precuneus/PCC, RSC and PHC. The parieto-
medial temporal pathway due to its junction of bilateral activations in
the medial PCC and precuneus can be responsible for parietal shift
from one hemisphere to the other, which was reported by Medendorp
et al. (2005). Moreover, a right-sided posterior parietal stroke affecting
only the performance of rightwards anti-saccades and not rightwards
pro-saccade (Nyffeler et al., 2007) could be explained by a lesion of
parieto-medial temporal pathway, leaving EFN unaffected. In summary,
PMTN performs sensorimotor transformation, i.e. vector inversion,with
parieto-medial temporal pathway being responsible for the sensory
transformation of target location and prefrontal connections integrating
with EFN in the motor command.

Associations to the neural framework of visuospatial processing

A recent review by Kravitz et al. (2011) introduced a new neural
framework of visuospatial processing. The authors proposed three
major pathways emerging from the dorsal visual stream with distinct
anatomy and functionality. The first one, parieto-prefrontal pathway,
links the parieto-occipital circuit with the prefrontal cortices, includ-
ing FEF, and is responsible for the initiation of volitional eye move-
ments. The second, parieto-premotor pathway, connects IPS with
SEF and one of its functions is mediating eye movements. The third
pathway, parieto-medial temporal, projects indirectly from the angu-
lar gyrus to medial temporal lobe. The latter includes PCC, RSC as well
as PHC and is claimed to be crucial for navigation. The authors do not
exclude the possibility that it may contribute to other forms of visuo-
spatial function.

The results obtained in the current study provide evidence that
the new framework applies to the neural mechanism underlying the
performance of saccades in humans. The parieto-prefrontal and
parieto-premotor pathways together with the dorsal visual stream
form EFN. Although the two pathways have a distinct anatomy and
function, saccadic tasks evoke both of them coherently. Their pres-
ence within the EFN network confirms that the network is responsi-
ble for both maintaining and mediating eye movement. The parieto-
medial temporal pathway described by Kravitz et al. (2011) shows

strong similarities with the one obtained here, present in PMTN.
They both project from the parietal cortex through PCC and RSC to
the PHC, and in both cases, their function is associated with process-
ing spatial information. It seems we have found another visuospatial
function of the parieto-medial temporal pathway, which is the vector
inversion.

Neural networks unrelated to the tasks

It seems adequate that some of the detected neural networks are
not involved in the task. The components linked to sensory modalities
are activated at some level during the whole time of scanning due to
constant wakefulness. The medial frontal system is separated from
the DMN in our study, similarly to previous research (Calhoun et al.,
2008; Damoiseaux et al., 2006; Varoquaux et al., 2010). Damoiseaux
et al. (2006) explained this division with the finding that the medial
anterior part of the DMN shows more variation of the BOLD signal.
Mantini et al. (2007) found that fMRI signal fluctuations in the medial
prefrontal cortex are strongly connected with the gamma power of
the EEG signal, whereas the rest of the DMN is linked with alpha
and beta power. This division may also be associated with genetic
factor of dopamine levels in brain, recently proven to affect the
BOLD deactivations of medial frontal and medial parietal regions in
PS and AS task (Ettinger et al., 2008b). The fact that DMN is related
to the AS task, whereas medial frontal is not, might be a substantial
information for further research in exploring the functions of those
regions.

As expected, the frontoparietal networkwas not involved in the sac-
cadic tasks. St Jacques et al. (2011) found the left frontoparietal network
to be related to memory retrieval task and being linked to the process-
ing of semantic information that guide the construction of an auto-
biographical memory. However, region similarities, i.e. parietal and
frontal activations, with the EFN networkmake it crucial for recognizing
the two in future studies. It is very often that activations within IPS
and FEF are referred to as a frontoparietal network (Brown et al.,
2007; Corbetta et al., 1998; Connolly et al., 2002; Matsuda et al., 2004;
Medendorp et al., 2011),whatmight raise inconsistencies. Since ICA en-
abled distinction of the two networks, we propose to follow EFN label-
ling for the network comprising IPS, FEF and SEF,whereas frontoparietal
labelling for the network activating widely inferior frontal sulcus and
angular gyrus.

As for the precuneus system, we expected it to be task-related
because numerous studies have linked its function to visuospatial
processing (see review by Cavanna and Trimble, 2006). However,
this brain region is large enough to contribute to multiple functions.
In our study, the precuneus was found to be divided into three func-
tionally distinct parts. The inferior part of the precuneus is located in
the posterior midline region of the DMN. The anterior part of the
precuneus is involved in vector inversion performed by the PMTN,
whereas the posterior part resulted as a separate component. The lat-
ter was not engaged in any task, so no conclusions regarding its func-
tions can be drawn. Whatsoever, the finding is in agreement with the
versatility of precuneus functions reported by Cavanna and Trimble
(2006). The presentation of neural networks unrelated to the task
may contribute to future ICA-based conclusions or at least it can
provide clarification of the network anatomy. Future studies could
address the issue whether the task-unrelated but detected networks
play any role in a given task.

Conclusions

The findings provide evidence that volitional eye movements, i.e.
pro-saccades and anti-saccades, are the result of activity and interac-
tions of separate neural networks. The eye fields network (EFN) is the
most and equally activated in both tasks. Its function involves the
perception of stimulus location, initiation and successful generation
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of saccade into the chosen direction. The parieto-medial temporal
network (PMTN), the executive control network (ECN), and the
default mode network (DMN) were only AS-related. The PMTN is re-
sponsible for the sensorimotor transformation of the target's location
referred to as the vector inversion. The inversion is driven endoge-
nously by a temporally coherent brain pathway within the PMTN,
which includes the IPS, precuneus/PCC, RSC and the PHC. The ECN is
responsible for the inhibition, i.e. suppressing automatic responses,
such as reflexive saccades. Negative activation of DMN only for AS
task results from higher cognitive demands for the inhibition and/or
vector inversion processes.

Revealing neural networks involved in the saccadic task has im-
portant implications for the understanding and potentially dis-
tinguishing the higher-order cognitive functions (McDowell et al.,
2008). The identification of neural networks in the current study pro-
vides an insight into understanding the processes of inhibition and
vector inversion. The former is realised by the set of brain regions
(ECN), and not by a particular one. The presence of FEF within ECN
confirms previous electrophysiological findings that this is the region
that needs to be suppressed in order to withhold an eye movement.
Vector inversion is not an intrinsic property of the parietal cortex
but rather a property of its connection to the medial temporal lobe.
As far as we know, a parieto-medial temporal pathway was never be-
fore associated with anti-saccades nor detected with the ICA. Our
findings highlight the importance of applying novel analysis method,
such as ICA, to fMRI experiments. The modifications of the experi-
mental procedure, e.g. using an event-related design of the delayed
saccade tasks or increasing the salience of the cue, may help to further
investigate the exact nature of the processing within these networks.
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General linear model (GLM) is a standard and widely used fMRI analysis tool. It enables the detection of
hypothesis-driven brain activations. In contrast, Independent Component Analysis (ICA) is a powerful tech-
nique, which enables the detection of data-driven spatially independent networks. Hybrid approaches that
combine and take advantage of GLM and ICA have been proposed. Yet the choice of the best method is still
a challenge, considering that the techniques may yield slightly different results regarding the number of
brain regions involved in a task. A poor statistical power or the deviance from the predicted hemodynamic
response functions is possible cause for GLM failures in extracting some activations picked by ICA. However,
there might be another explanation for different results obtained with GLM and ICA approaches, such as
networks cancelation.
In this paper, we propose a new supplementary method that can give more insight into the functional data as
well as help to clarify inconsistencies between the results of studies using GLM and ICA. We introduce a con-
tributive sources analysis (CSA), which provides a measure of the number and the strength of the neural
networks that significantly contribute to brain activation. CSA, applied to fMRI data of anti-saccades, enabled
us to verify whether the brain regions involved in the task are dominated by a single network or serve as key
nodes for particular networks interaction. Moreover, when applying CSA to the atlas-defined regions-of-
interest, results indicated that activity of the parieto-medial temporal network was suppressed by the eye
field network and the default mode network. Thus, this effect of networks cancelation explains the absence
of parieto-medial temporal activation within the GLM results. Together, those findings indicate that brain
activations are a result of complex network interactions. Applying CSA appears to be a useful tool to reveal
additional findings outside the scope of the “fixed-model” GLM and data-driven ICA approaches.

© 2013 Elsevier Inc. All rights reserved.

Introduction

Over 16001 papers applying Independent Component Analysis
(ICA) to fMRI data have been published since McKeown et al. (1998)
used it as a blind source separation technique based on the work of
Bell and Sejnowski (1995). Growing interest in ICA is clearly due to
the fact that it is a very powerful and reliable data driven technique
with little presumptions (Beckmann, 2012; Calhoun et al., 2001a,
2008). The technique separates fMRI data intomaximally independent
components; representing either task or non-task related physiologi-
cal changes as well as artifacts. A component map presents a pattern

of coactivated regions, which can be called a network, as it assumes
that they have temporally coherent activity (Calhoun et al., 2008). In
contrast to data-driven ICA, the widely used general linear model
(GLM) analysis of fMRI data is constrained by a fixed model-based
hypothesis regarding the task at hand. GLM identifies regions signifi-
cantly correlating to a model based on the hypothetical hemodynamic
response function linked to stimuli and task conditions. The regions
identified by thismodel are generally referred to as “brain activations.”
Simple associations among activated regions with unknown connec-
tivity or causality are referred to as systems (Huettel et al., 2008). In
summary, GLM enables the detection of hypothesis-driven brain acti-
vations, while ICA enables the detection of data-driven spatially inde-
pendent networks. The former is a traditional analysis tool, highly
accepted in neuroimaging field, whereas the latter has been found to
be able to identify additional regions involved in the task (Bartels and
Zeki, 2004; Calhoun et al., 2005; Domagalik et al., 2012; Malinen et
al., 2007). Malinen et al. (2007) suggest that GLM failure in extracting
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expected activationsmight be due to too small sample size of the study
or deviance from the predicted hemodynamic response functions.
Thus, it is important to develop new methods, which take advantage
of both techniques andmight explain the inconsistencies of the results.

GLM is still the most widely used fMRI analysis tool. The results
obtained with any novel techniques are therefore typically compared
to this standard fMRI analysis approach (e.g. Moeller et al., 2011), as it
has provided numerous crucial findings in neuroscience in the last
two decades. However, nonhypothesis-driven ICA can lead to more
unexpected findings that are not fixed by model restraints, and that
can enhance our insight into the functional role of regions (Eichele
et al., 2008; Schmithorst, 2005; St Jacques et al., 2011; Stevens et al.,
2009). In the opinion of Friston (1998) the hypothesis based scientific
processwas serving the imaging community extremelywell at the time.
The ICA community responded with foreseeing the development of
hybridmethods that will attempt to take advantage of these two com-
plementary approaches (Makeig et al., 1998). Indeed, there have been
few attempts in combining both techniques (Beckmann et al., 2000;
Hu et al., 2005; McKeown, 2000). Hybrid methods are two-stage pro-
cesses, i.e. data-driven ICA exploration leads to data-driven compo-
nent time courses, which are subsequently used as a set of fixed
model regressors within the context of GLM. Thus, this approach fo-
cuses on post-processing of ICA results in order to increase statistical
interferences, rather than giving a new insight into the data. In the
end, it may still yield slightly different results in comparison to those
obtained with GLM.

In our recent study (Domagalik et al., 2012) ICA was applied to the
fMRI data obtained from fifteen subjects performing the prosaccade
(PS) and antisaccade (AS) tasks. The results revealed that the parieto-
medial temporal pathway, described by Kravitz et al. (2011), plays a
crucial role in vector inversion process evoked in AS task. The brain
regions identified in this study were not reported in previous studies
implementing the same task design. This might relate to the fact that
most of these studies employed standard GLM to analyze the data. As
an explanation for those inconsistencies, we hypothesized that there
could be some deactivation that cancels the parieto-medial temporal
activity. Moreover, a very common findings concerning comparison of
PS to AS, is that the latter evokes stronger activations of frontal and
parietal regions than PS (see review by McDowell et al., 2008). It is
still unclear what stands behind this difference. For instance, the same
process could be involved in both PS and AS, but AS demands more
neurocognitive resources leading to increased activation in frontal/
parietal regions. Alternatively, it could be the case that multiple pro-
cesses engage the same brain regions.

Here, we present a new approach for combining GLM and ICA,
which allowed us to investigate the effect of networks cancelation as
well as to clarify how different neural networks together contribute to
brain activation detected with GLM. In contrast to other approaches,
this one gives no statistical advantages over those two techniques, but
may reveal additional findings outside the scope of the “fixed-model”
GLM and data-driven ICA and help to interpret ambiguous results. We
introduce a parameter named Contributive Sources (CS), which reflects
the contribution of each independent component, obtained with ICA, to
brain activation obtained with GLM. Our approach differs from hybrid
methods on two points: (1) a standard GLM analysis is used to identify
significant regions and (2) parameter estimates of component time-
course is multiplied by the weight of the component map. Once this
product – CS – is extracted from significant region, it provides a mea-
sure of the components' contribution to the brain activation. The sum
of CS is mathematically equivalent to parameter estimates value of the
hypothesized response to stimuli extracted with GLM at the given
voxel or region-of-interests. In this paper, we introduce a theory and
a formula supporting that equivalence. Then, we verify the formula
with experimental fMRI data obtained from fifteen subjects performing
an AS task. Finally, we present the results of applying contributive
sources analysis (CSA) to those data and provide an example on how

to explore the fMRI data with this method. To our knowledge, the mat-
ter of the contribution of different neural networks to the activation
within a single brain region has not been investigated so far.

Theory

If GLMand ICA are conducted separately on the same data set and the
latter is not reducing its dimensionality, ICA results can be reconstructed
into GLM results through a simple mathematical substitution. This indi-
cates the approximate equivalence between the GLM and ICA results
for the chosen parameter of the model.

Assuming n time points, m regressors, and v voxels, the GLM
parameter estimates are a linear subspace of the data:

βGLM ¼ MþX ð1Þ

where β is a m × vmatrix of GLM parameter estimates,M is the n × m
GLM design matrix (M+ designates Moore–Penrose pseudoinverse)
and X is the n × v data matrix. Assuming ICA has occurred without
dimensionality reduction X = A ⋅ Swhere A is an n × n squaremixing
matrix and S is the n × v matrix of independent sources, and thus
Eq. (1) can also be written as

βGLM ¼ βIC·S ð2Þ

whereβIC (=M+A) is anm × nmatrix of parameter estimates applied
to ICs time courses.

In case of a single voxel the equation can be formulated using the
following vector notation:

β̂GLM ¼ ∑
nr of IC

i¼1
βICi·si ð3Þ

We label this multiplication product as CS parameter, where
CS = β ∙ s for the selected component.

According to Eq. (3), the sum of CS values from each component
equals the parameter estimates of standard GLM at a given voxel of
a given regressor. Therefore, CS parameters provide a measure of
the components' contribution to the brain activation obtained with
GLM. Hence, they can be referred to as “contributive sources” (CS).

Materials and methods

Procedure

The details concerning participants, procedure, data acquisition
and preprocessing have been described in detail in our previous arti-
cle (Domagalik et al., 2012). Briefly, fifteen healthy, male volunteers,
with a mean age of 27.4 years (SD = 5.6) participated in the study.
An anti-saccadic (AS) task interspersed with rest periods was used
in a block design fashion (each block lasted 30 seconds). In the rest
block, a fixation point was displayed in the center of the screen. In
the AS block a target stimulus was randomly presented at one of
the five right- or five left-side situated squares, while the fixation
point remained continuously visible (an overlap paradigm). The sub-
jects were instructed to direct their attention and gaze straight ahead
toward the fixation point and, as soon as the stimulus appeared,
refrain from following it. Instead, they were instructed to focus their
attention and gaze at the point in the opposite direction and at the
same distance from the fixation point as the stimulus. The task block
consisted of 18 stimuli each lasting 1500 ms with a gap of 500 ms be-
tween them. There were five scanning runs, each containing a 5 min
AS task session. Magnetic resonance imaging was performed using a
1.5 T General Electric Signa scanner (GE Medical Systems, Milwaukee,
WI). Standard preprocessing procedure was applied to fMRI data with
Analysis of Functional NeuroImage (AFNI) software (Cox, 1996).

305E. Beldzik et al. / NeuroImage 76 (2013) 304–312



Data analysis

General linear model analysis
In the GLM analysis, a box car function was used as a regressor

of interest, while six movement parameters were regressors of no in-
terest. The model also included two regressors representing a second
order polynomial to account for slow drifts in the fMRI time series.
Next, maps of the parameter estimates of interest (i.e. corresponding
to the task conditions) were created for each individual subject. Sub-
sequently, group statistical analysis was conducted. First, these maps
were averaged between all five scanning sessions and then one-sample
voxelwise t tests were conducted to determine voxels in which a
parameter was significantly different from zero. Resulting statistical
map was corrected for multiple comparisons using false discovery
rates (FDR). Moreover, parameter estimates corresponding to the task
were extracted with AFNI software (Cox, 1996) from each of the sig-
nificant cluster as a first step to verify Eq. (3). Note: the expression
“extracting parameter estimates or weights from a cluster” indicates
that all voxel intensities within a cluster are replaced by the average
intensity of the cluster.

Independent Component analysis
The Group ICA of fMRI Toolbox (GIFT software package in MATLAB;

Calhoun et al., 2001a) was used to perform a group ICA in order to find
spatially independent components. The estimation determining the
number of components was performed using minimum description
length criteria implemented in the software (Li et al., 2007). FastICA
algorithm (Hyvärinen and Oja, 2000) was applied with an optimal
number of components estimated by the GIFT. No scaling of the data
was performed, as this step would bias the CSA analysis. As a result,
14 maps of independent sources and their corresponding time courses
were created for each subject. The components were visually inspected
and labeled. Similar to GLM, the source weights of the ICA maps were
averaged between all the sessions and underwent further CSA analysis.

Contributive sources analysis
The essence of this analysis is combining GLM and ICA results

to gain a more in-depth look at functional neuroimaging data. GLM
results provide statistical maps of significant regions involved in a
given task, whereas ICA results provide a measurement of the inde-
pendent sources contribution to those regions. To this end, the first
step of CSA is to extract weights of ICA maps from a chosen region.
Second, is to obtain the parameter estimates for IC time-courses with
the same design matrix that was used in the standard GLM analysis

for each subject. Finally, those individual weights are to be multiplied
by individual parameter estimates for IC time-courses following Eq. (3).

These procedures were applied to the data from the AS task. First,
the averaged between all sessions IC weights were extracted from the
regions obtained with the GLM analysis. Second, the parameter esti-
mates for IC time-courses were calculated in Matlab with mvregress
function and, similarly to the weights, averaged between all sessions.
Finally, the source weight and the parameter estimates were multi-
plied separately for each subject, each component and each cluster.
The CS parameters obtained this way were averaged between the
subjects and tested for significance (one-sample t tests across the
subjects) in order to verify which IC contribute to brain activation
obtained with GLM. Significant CS value (p b 0.001) indicates the
source is indeed contributing.

The analysis described above, was the all-session approach of the
CSA. First, it was applied to the significant brain activations obtained
with the all-session GLM analysis in order to verify Eq. (3). To do so,
the CS values of each component were simply added and equated with
the parameter estimates for the GLM analysis. Second, the all-session
approach of the CSA was applied to regions-of-interest defined by
cytoarchitectonic probabilistic map developed by Eickhoff et al. (2006)
and implemented in AFNI software, specifically to precuneus/posterior
cingulate gyrus (PCC) region aswell as to parahippocampal cortex (PHC).

Independent split-data analysis
To provide an example on how to explore the fMRI data with CSA,

the group statistical analysis was also conducted in an independent
split-data manner. This approach was chosen to increase validity
of statistical inference and to avoid circularity (Kriegeskorte et al.,
2009). This analysis was analogical to all-session approach, however
here five sessions were split to odd scanning runs (set 1) and even
scanning runs (set 2). Any averaging conducted previously for all
sessions were now averaged within the sets. Set 1 was chosen for
extracting the significant clusters of brain activation obtained with
the GLM analysis whereas set 2 was chosen for further CSA analysis
in order to findmostly contributive neural networks into brain activa-
tion in the AS task.

Results

GLM and ICA

The GLM analysis for both approaches resulted in a set of brain
activations commonly found studies implementing AS task (all-sessions:

Table 1
Talairach coordinates of maximum activations obtained from GLM analysis in the anti-saccade task for two approaches: all-session and split-data.

All-sessions Set 1

Region Side x y z T x y z T

Inferior occipital gyrus L −10 −84 −8 9.29 −10 −84 −8 8.64
R 16 −88 −6 7.23 20 −86 −4 7.24

IPS L −18 −72 46 7.04 −18 −74 46 7.12
R 24 −70 48 6.98 22 −70 50 7.66

Anterior IPS L −44 −46 48 7.09
SEF M 0 2 52 11.16 0 2 52 10.63
FEF L −26 −8 50 6.86 −26 −8 50 6.61
Lateral FEF −38 −6 44 6.86
FEF R 34 −4 48 7.12 32 −2 52 7.10
Lateral FEF 44 0 42 6.84
Putamen L −20 −8 8 7.05 −22 −6 8 6.64

R 24 0 12 6.82 24 −2 10 7.03
AIC L −30 16 12 7.00 −30 16 12 6.75
PCC M 2 −60 24 −7.65 2 −62 24 −8.11
Posterior insular cortex L −38 −14 8 −7.05

R 42 −12 8 −7.79
Postcentral gyrus R 52 −18 16 −6.80

Note: Side refers to the location of the activation, where M = medial, L = left and R = right hemisphere. T values refer to the maximum of cluster (pcor b 0.001). Set 1 indicates
odd scanning sessions. IPS = intraparietal sulcus; SEF = supplementary eye field; FEF = frontal eye field; AIC = anterior insular cortex; PCC = posterior cingulate cortex.
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T = 6.78, pcor b 0.001, cluster size > 35; set 1: T = 6.61, pcor b 0.001,
cluster size > 25; Table 1). Those regions include the supplementary
eye field (SEF), bilaterally frontal eye fields (FEF), inferior occipital
gyrus and intraparietal sulcus (IPS), putamen, as well as left lateral
FEF (lat FEF). Less common to previous findings, activation of left ante-
rior insular cortex (AIC) and deactivation of the posterior cingulate
cortex (PCC) was observed. The results of the ICA analysis have been
previously reported (Domagalik et al., 2012). Briefly, 14 components
obtained from AS task data were classified and labeled. Four of them
proved to be task-related neural networks: the eye field network
(EFN), the parieto-medial temporal network (PMTN), the executive
control network (ECN), and the default mode network (DMN). The
other components were as follows: the precuneus system, the medial
visual system, the sensory-motor network, the right fronto-parietal
network, the auditory network, the left fronto-parietal network, and
finally, the medial frontal system. The remaining three components
were classified as artifacts.

Verification of the formula

The CS and the parameter estimates obtained with GLM were
extracted from 14 brain regions, which remained significant clusters of
brain activation in AS task. According to Eq. (3), the sum of CS provides
mathematical equivalence for GLM parameter estimates extracted for
the same region. The parameters values from all the sessions underwent
a linear regression analysis in order to verify the formula with experi-
mental data. The results revealed significant linear dependence of the
parameters (slope 1.023, constant 0.076, R2 = 0.996; p b 0.0001;
Fig. 1).

CSA of brain activations

CS parameters, which were extracted from thirteen significant
clusters in AS task, are presented in Fig. 2. Each brain region revealed
at least one independent component as being contributive (see
Materials and methods section). The strongest activity was detected
in bilateral primary visual cortex, located on inferior occipital gyrus,
with single domination of the EFN (Fig. 2A). IPS activation was the
result of the PMTN network activity with additional contribution of

the EFN (Fig. 2B). In contrast, anterior IPS was dominated only by the
PMTN (Fig. 2C). Four neural networks contributed to the SEF activation:
most prominently by the ECN, but also PMTN, EFN and DMN (Fig. 2D).
The FEF activation can be explained by the engagement of three
networks: the EFN, the PMTN and the ECN (Fig. 2E). Putamen activa-
tion of basal ganglia was due to the EFN as well as the ECN (Fig. 2F).
The activation of left AIC was caused only by the ECN activity within
this region (Fig. 2G). One region was deactivated in the AS task, the
PCC, and it was associated with contribution of the DMN (Fig. 2H).

CSA of atlas regions

Two additional regions defined by the cytoarchitectonic probabilistic
map underwent CSA analysis: precuneus, including PCC and retrosplenial
cortices, and PHC. The choice of the regions was determined by the fact,
that they are included in the parieto-medial temporal pathway (Kravitz
et al., 2011). This pathway plays a crucial role in a vector inversion pro-
cess, according to the previous ICA analysis performed on the same AS
task data (Domagalik et al., 2012). The question remained why there
were no reports of its activity in studies using AS task so far. Here, GLM
results also did not reveal any activation in those regions; in fact, the
PCC was deactivated.

CSA revealed strong negative activity of the DMNwith simultaneous
activity of the PMTN and ECN in the precuneus region (Fig. 3A.). There
was also a negative effect of EFN in the region. The bilateral PHC showed
a similar pattern of the PMTN activity being suppressed by the EFN and
DMN (Fig. 3B).

Discussion

ICA is becoming more and more commonly used tool for fMRI
analysis as it gives data-driven, reliable and robust results. However,
since most knowledge about functions of specific brain regions is
derived from a standard GLM-based analysis, it is critical for compar-
ative purposes to develop tools combining the two techniques. The
joint application of these techniques is helpful in understanding and
exploring the data.

The methods combining GLM and ICA

Many scientists attempt to take advantage of both techniques by
visually comparing the activation maps with the independent compo-
nent maps (Liu et al., 2010; Sridharan et al., 2008). This approach has
a few drawbacks. First, the component's time course, which provides
an index of task dependency, is disregarded. Second, the regions do
not overlap perfectly. Thus, inferences are based on only part of the
data. Finally, more than one network may contribute to the activation
of a particular brain area.

A more advanced approach to combine the ICA and GLM analyses
was proposed independently by Beckmann et al. (2000) and McKeown
(2000). In the Hybrid Independent Component Analysis (HYBICA) tech-
nique, the time courses of independent components are used as a set
of regressors, which are then entered into a linear model for statistical
inference (McKeown, 2000). Importantly, the authors suggested com-
bining the assumed task-related regressors into a single data-derived
reference function. As a result, brain activations obtained this way are
free of hemodynamic hypothesis and can provide an estimation of the
other covariates necessary to model non-Gaussian aspects of the data.
Although the technique brings statistical advantage, it reduces infor-
mation extracted from detecting functionally independent neural
networks as it combines their activity into one reference function.
Moreover, failure to include all confounds in the model will result in
biased parameter estimates, while inclusion of spurious confounds
will result in sensitivity loss due to overlearning (Schmithorst, 2004).

Another approach, similar to HYBICA, was proposed by Hu et al.
(2005). Their unified SPM-ICA method, where statistical parametric

Fig. 1. Verification of the formula on the experimental fMRI data obtained from AS task.
Each point refers to the values extracted from clusters listed in Table 1, all-sessions
approach. The x-axis presents the sum of contributive sources (CS), whereas y-axis
presents the parameters estimates from the standard GLM analysis. Regression analysis
revealed significant linear dependence as well as equivalence between the parameters.
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mapping (SPM) is based on the general linear model (GLM), relies on
temporal ICA instead of spatial ICA used in HYBICA. According to the
authors, the unified SPM-ICA method results in similar activation pat-
tern in comparison to the classical analysis, yet with higher sensitivity.
However, it has been shown that temporal ICA may yield different re-
sults as compared to spatial ICA (Calhoun et al., 2001b). Calhoun and
colleagues (2001b) point out that correct signal may be obtained only
if the correct choice (between spatial and temporal independence) is
made. Considering that active networks might work simultaneously,
spatial ICA has dominated fMRI analyses, especially resting-state studies
which gave great insights into component recognition (Beckmann et al.,
2005; Mantini et al., 2007; Varoquaux et al., 2010). Moreover, applying
temporal ICA to block design would be inappropriate due to expected
block-like activation of any active network. Therefore, suggested hybrid
approach is more suitable to an experimental design, which assumes
temporal independence of networks and those are rather rare.

Both HYBICA and unified SPM-ICA methods can be classified as
those that post-process the results obtained with ICA. Calhoun et al.
(2005) introduced a constrained ICA analysis of event-related fMRI
data. The semi-blind ICA (sbICA) imposes regularizations on certain
estimated time-courses using the experimental design information.
The authors compared simulated and experimental results of sbICA
with those obtained with linear regression and point to sbICA advan-
tage of reduced assumption placed upon the hemodynamic response.

The method is complementary to existing approaches for fMRI data
analysis, such as GLM or standard ICA. However, as convincing as it
sounds, it is a substitute method for those more approved and veri-
fied. Thus, one might get confused when choosing the most reliable
method.

CSA as a supplementary method to explore fMRI data

Herewedescribe anewmethod,which combines the results obtained
with GLM and ICA. CSA can be helpful in exploring fMRI data, verifying
inconsistencies of the two-mentioned analysis tools or offer a substitu-
tion of GLM in case the clusters were defined differently, for instance
regions of interest created with an atlas. CS parameters reflect a mea-
sure of independent components' (i.e. the sources) contribution in
brain activation obtained with GLM or defined otherwise. They are
easy to calculate; once the model of regressors is implemented in
Matlab and applied to ICs time-courses, the parameters estimates of
particular regressor are to be multiplied by the weights of IC maps.
Hence, the sign of CS parameters is always defined irrespectively
of how the component images sign in ICA is flipped. The sum of CS
parameters obtained this way should be mathematically equivalent
to the parameter estimates derived from standard GLM of this regres-
sor of interest. We have confirmed this equivalence using experimen-
tal values obtained from 15 subjects performing the AS task (Fig. 1).

Fig. 3. CSA obtained on regions defined by the cytoarchitectonic probabilistic atlas. Color bars indicate sources, i.e. independent components, which significantly contribute to brain
activations. Independent components (maps presented in Domagalik et al., 2012) in order from left to right: the eye field network (EFN), parieto-medial temporal network (PMTN),
executive control network (ECN), default mode network (DMN), precuneus system, medial visual system, sensory-motor network, right fronto-parietal network, auditory network,
left fronto-parietal network, medial frontal system. (A) Precuneus including posterior cingulate and retrosplenial cortices; (B) left and right parahippocampal cortices (PHC).

Fig. 2. CSA results obtained from AS task, split-data approach. Color bars indicate sources, i.e. independent components, which significantly contribute to brain activations. Inde-
pendent components (maps presented in Domagalik et al., 2012) in order from left to right: the eye field network (EFN), parieto-medial temporal network (PMTN), executive con-
trol network (ECN), default mode network (DMN), precuneus system, medial visual system, sensory-motor network, right fronto-parietal network, auditory network, left
fronto-parietal network, medial frontal system. (A) Left and right inferior occipital gyrus; (B) left and right intraparietal sulcus (IPS); (C) left anterior IPS; (D) Supplementary
eye field (SEF); (E) left and right frontal eye fields (FEF); (F) left and right putamen; (G) left anterior insular cortex (AIC); (H) posterior cingulate cortex (PCC).
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The regression analysis revealed a significant linear dependencewith a
slope of 1.02. This finding indicates that the CSAmethod can validly be
applied to fMRI data. The small deviations from perfect linearity are
due to data reduction steps within ICA. When choosing fewer ICs
than the data dimensions, then the ICA formula should be actually
written as x ≈ or x = As + v, where v is a “noise” vector containing
the part of x that is not represented by the components in s. Our results
show that the sum of contributive sources explains over 99% of the
GLM parameter estimates variance and therefore indicates its applica-
bility. However, one is recommended to perform such a regression
analysis in order to ensure that GLM results are approximately equiv-
alent to ICA results of a given set of data.

A few issues should be considered when applying CSA. Most
importantly, ICA results should not be standardized (e.g. Z-scored),
neither the time-courses nor the maps, as this step would bias the
values of CS and contribution of the networks could not be compared.
Second, the same model should be applied within GLM and to IC
time-courses. The selection of only a fewnetworks or region of interests
in the CSA is possible; however circularity issues must be addressed
(Kriegeskorte et al., 2009), for instance by applying the independent-
split data analysis in which the first set of data undergoes standard
GLM in order to find significant regions, whereas the second set of
data undergoes ICA. This approach guarantees avoiding the danger of
double-dipping.

Brain regions dominated by a single network

We have applied CSA to data from 15 subjects performing the AS
task. Our previous study (Domagalik et al., 2012) showed that four
neural networks are task-related: the EFN, PMTN, ECN, and DMN.
According to these findings, the EFN is responsible for saccade gener-
ation into the desired direction; the PMTN is responsible for the sen-
sorimotor transformation of the target's location referred to as the
vector inversion, whereas the ECN is responsible for the inhibition,
i.e. suppressing automatic responses, such as reflexive saccades. Neg-
ative activity within the DMN was proposed to be the result of the
reallocation of resources due to higher cognitive demands for the in-
hibition and/or vector inversion processes. The CSA does not demand
classification of task relatedness, given that a significant contribution
of a particular network will automatically be revealed for each cluster.
Nevertheless, the results obtained confirmed task-relatedness of those
four networks, as they were the only components contributing to brain
activation (Fig. 2).

A few regions seemed to be dominated by a single neural network.
Those regions may indicate the beginning or ending of a neural path-
way. For instance, activity in the primary visual cortex was dominated
by the EFN, consistent with its role in detecting stimuli. Anterior IPS
was the only region with a single contribution of PMTN. It indicates
that this part of IPS is crucial in the vector inversion process. The
PCC was deactivated due to the DMN, what is in line with the previous
studies considering it as one of the core regions of the DMN (Buckner
et al., 2008). The last region that was dominated by a single neural
network is the most intriguing one. The AIC activation was coupled
with activity of the ECN (Fig. 2H)what indicates that the region is selec-
tively involved in the inhibition of automatic responses. Our findings
are in agreement with other studies implicating AIC in inhibitory pro-
cesses (Berkman et al., 2012; Brass and Haggard, 2007; Swick et al.,
2011) within the executive network responsible generally for perfor-
mance monitoring (Eichele et al., 2008; Marek et al., 2010). However,
AIC has also been associated with other functions such as time percep-
tion (Livesey et al., 2007), disgust processing (Wright et al., 2004) or
attention to heat pain (Brooks et al., 2002) but also with awareness of
errors (Klein et al., 2007). Craig (2009) argued that AIC could play a fun-
damental role in general awareness due to its link with a wide range of
functions. In this perspective, the activation of AIC can be interpreted as
an inhibition process that is driven by awareness, while other processes

involved in the AS task are more automatic. Further studies should con-
firm and explore this idea.

Key nodes of neural networks

It is well known that anti-saccades in comparison to pro-saccades
show stronger activation in most of the brain areas (see review by
McDowell et al., 2008). In this study, we demonstrate that this fact
is caused by the involvement of multiple networks. Our results sug-
gest that there are four brain regions, which might serve as key
nodes for network interaction. The frontal regions seem to be mostly
engaged, given that three networks contributed positively to the SEF
and FEF activations (Figs. 2D, F). The IPS are key nodes of the EFN as
well as PMTN (Fig. 2B), whereas the putamen is linked to the EFN
and ECN (Fig. 2G). Taking into account a diverse function of each net-
work, their interaction can be considered as either enhanced activity
of the same neurons or activating different neurons within the region.
Below, the possible function of each key node involved in anti-saccades
is discussed.

According to neurophysiological findings, when a monkey with-
holds a saccade, a population of fixation neurons within the FEF gener-
ate a rapid burst of activity (Schall, 2002). This activitywas confirmed in
a human fMRI study (Curtis et al., 2005). Another neurophysiological
study revealed that when a monkey performs an anti-saccade, a con-
tralateral saccade neurons within the FEF are discharged (Munoz and
Everling, 2004). Therefore, our results suggest that each neural net-
work contributes to activation of different population of neurons in
the FEF. The ECN activates fixation neurons in order to withhold an
eye movement while the PMTN and EFN activate saccade neurons
contralaterally tomovement direction. Similar shifts have been reported
in posterior parietal cortex (Medendorp et al., 2005) in delayed anti-
saccade conditions. Dual activation of the EFN and PMTN within IPS, in
our study, is in line with the idea that these networks are involved in
the detection of the stimulus location and the estimation of the target
location, respectively. The exact function of putamen in the AS task is
still unclear (Watanabe andMunoz, 2011), although it has been associ-
ated with the successful stopping of pressing the button in stop-signal
anticipation task (Zandbelt and Vink, 2010). Recent neurophysiological
findings highlight the distinction of three different neuron populations
within the putamen involved in preparation of movement, movement
execution, and withholding of movement (Vicente et al., 2012). Con-
tributive activity of the EFN and ECN is in line with these findings: the
EFN prepares and generates the anti-saccade, whereas the latter is re-
sponsible for inhibition of the movement. The SEF has been shown to
monitor the context and consequences of eye movement (Stuphorn et
al., 2000). Our results suggest that engagement of all three neural net-
worksmight reflect itsmediating role in switching between the specific
functions.

In summary, the brain key nodes of anti-saccades performance
engage two or more neural networks. It indicates that a single region
plays various functions even when involved in a basic cognitive task.
CSA enables us to verify which network contributes to activity in a
particular region and, in consequence, provides more insight into
those various functions.

The effect of networks cancelation

According to the findings described by Domagalik et al. (2012),
the parieto-medial temporal pathway present within PMTN is crucial
in AS for the vector inversion process. There have been no previous
studies using a saccade task, which reported about those regions. In
accordance with those studies, the GLM analysis we conducted here
also did not reveal any activations of precuneus, retrosplenial cortex
or PHC. Indeed, it has been shown that GLM can fail in some cases
to detect regions, but can be picked up with ICA (Calhoun et al.,
2005; Malinen et al., 2007). In order to explore this issue, CSA was
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applied to precuneus/PCC and PHC areas definedby the cytoarchitectonic
atlas. The results obtained present novel findings of simultaneous posi-
tive and negative activities of the networks in these regions (Fig. 3).
PMTN activity within the parieto-medial temporal pathway is succes-
sively suppressed by the DMN and EFN. If the sum of CS values are
close to zero then consequently parameter estimates from standard
GLM is also close to zero and therefore insignificant. This effect of net-
works cancelation explains why there is no parieto-medial temporal
activation in the GLM results.

The negative CS parameters contribute to task-induced deactiva-
tions (TIDs) within those brain regions. TIDs were originally found
within the DMN regions during many cognitive tasks (Daselaar et al.,
2004; Hutchinson et al., 1999; Mazoyer et al., 2001; McKiernan et al.,
2003) and have been associated with reallocation of available process-
ing resources from areas in which they occur to areas involved in task
performance. Further studies demonstrated that additional TIDs appear
outside of the DMN (Harrison et al., 2011; Mayer et al., 2010; Pelphrey
et al., 2003). Mayer et al. (2010) implemented two different cognitive
tasks in fMRI experiment and found a set of brain regions that deacti-
vate indiscriminately in response to cognitive demand, the core DMN,
and those which deactivate depending on the specific task.

Both PHC and precuneus/PCC are considered as the core DMN
regions (Buckner et al., 2008). Thus, the negative activity of DMNwithin
those areas indicates reallocation of resources unspecific to a task. The
negative CS values of EFN can be associated with task-specific deactiva-
tion as they are oppositely coactivated with other regions of the EFN
and, by definition, associated with the function of the EFN. Therefore,
the following four conclusions can be drawn from our results. First,
CSA enables to verify whether deactivation is task-specific or not, i.e.
whether caused by the DMN or another network, respectively. Second,
such a task-specific deactivation can be associated with a particular
process as far as the network function is established. Third, both task-
specific negative activity and DMN activity can occur within the same
region simultaneously and might contribute to TIDs. Finally, those
opposite network activities result in cancelation of brain activation
obtainedwith a standard GLM analysis. Yet, these effects can be picked
up with the CSA approach. Thus, we recommend applying it to future
or already collected data in addition to a GLM analysis.

It should be noted that PHC did not appear as a separate cluster
in the spatial map of the DMN (see Table 1 in Domagalik et al., 2012),
most likely due to a high statistical threshold (pcor b 0.001) at which
the networks are inspected and analyzed. Yet, a negative contribution
of the network was observed in this region. Thus, one might get con-
fused whether our data revealed PHC as a part of the DMN or not.
We believe that a high threshold of the IC maps actually missed this
activation and CSA helped to detect it. The key issue here is that CSA is
a product of both factors related to task dependency, i.e. the parameter
estimates and the weights of the IC map. Moreover, it does not require
thresholding the IC maps. From this perspective, it is very likely that
other brain regions, either detected with ICA or undetected, can nega-
tively contribute to brain activation obtained (or not) by GLM. Special
attention should be paid to the DMN, which is usually a strongly signif-
icant component (here,maximumvalue of themap T = 53.31) and this
network is usually deactivatedwhen a cognitive task is performed. Here
we show that, the posteromedial and temporomedial parts of the cortex
are mostly prone to this effect of network cancelation; however other
brain regions might be as well. Thus, we recommend applying CSA to
future or already collected data in addition to a standard GLM analysis.

CSA as a potential indicator of sub-regional activities

The simultaneous positive and negative activities can also be
explained by the engagement of different populations of neurons.
Electrophysiological correlates of the DMN has been investigated on
many levels from animal electrophysiology to non-invasive human
electrophysiological techniques such as EEG or MEG; however the

relation between electrophysiological signals and BOLD still remains
unclear (Jerbi et al., 2010). Shmuel et al. (2006) revealed a tight coupling
between the negative BOLD responses and neuronal activity decreases
in monkey visual area V1. Recent findings of Yin et al. (2011) expanded
those findings to motor and secondary visual areas. They found that the
negative hemodynamic response in those regions showed a strong rela-
tionship with decreased spiking activity. Moreover, there has been an
intracranial recording study focusing on human PCC and medial PFC,
both the core regions of DMN, showing transient neural deactivation
in high gamma power during task-engagement (Jerbi et al., 2010).
Thus, negative activity of the network can be associated with decreased
neural activity of some sub-populations of neurons within the general
region. Simultaneous positive and negative activities can therefore indi-
cate different firing rates of different sub-regions within a particular
region. Considering that fMRI is a non-invasive technique, application
of CSA to fMRI data gives a potential, easy available tool for exploring
these sub-regions. Further research implementing CSA is recommended
to explore its applicability as a potential indicator of sub-regional
activities.

Conclusions

We have presented the CSA, a new supplementary method to
explore fMRI data, which combines the standard GLM analysis with
ICA. Compared to previously proposed hybrid methods, our approach
brings no statistical advantages; however it can give more insight into
the fMRI data. CSA provides a measure of the number and the strength
of the neural networks, detected with ICA, that significantly contribute
to brain activation obtained with the GLM. Moreover, it allows the ver-
ification of the possible effect of networks cancelation.

We conducted the CSA analysis of fMRI data obtained during the
AS task. Our results confirmed four neural networks being task-related
and contributing to regions significantly activated during anti-saccades.
The visual cortex, anterior IPS, AIC and PCC showed the dominance of
a single neural network, indicating its specialized function and possible
beginning or ending of the neural pathway. Interestingly, each network
detected here dominated the activity of one brain area. The rest of the
significant brain activations showed multiple network contribution. The
FEF, SEF, posterior IPS and putamen are therefore key nodes for the in-
teraction of particular networks. The findings point to their complex
functions in AS task. An additional CSA analysis was conducted to
atlas-defined regions involved in parieto-medial temporal pathway,
given that previous study indicated that this pathway plays a crucial
role in the vector inversion process and the standard GLM analysis
failed to detect it. The results showed that the PMTN activity is actually
canceled by the DMN and EFN negative activities within those regions.
The simultaneous activities within a single region might be explained
by the engagement of different populations of neurons; however future
studies are recommended to confirm this thesis.

In summary, CSA has proven to be a useful tool in exploring brain
activations obtained with the standard GLM as well as verifying an
effect of networks cancelation, which results in lack of expected acti-
vation. We recommend applying the method to the future or already
collected fMRI data in order to clarify any ambiguous results obtained
with the GLM.

Acknowledgments

This research was supported by grants from the Polish Ministry of
Science and Higher Education N106 034 31/3110 and NN106 283935.

Conflicts of interest

The authors declare no conflicts of interest.

311E. Beldzik et al. / NeuroImage 76 (2013) 304–312



References

Bartels, A., Zeki, S., 2004. The chronoarchitecture of the human brain—natural viewing
conditions reveal a time-based anatomy of the brain. NeuroImage 22, 419–433.

Beckmann, C.F., 2012. Modelling with independent components. NeuroImage 62,
891–901.

Beckmann, C.F., Tracey, I., Noble, J.A., Smith, S.M., 2000. Combining ICA and GLM: a
hybrid approach to FMRI analysis. NeuroImage 11, S643.

Beckmann, C.F., DeLuca, M., Devlin, J.T., Smith, S.M., 2005. Investigations into resting-
state connectivity using independent component analysis. Philos. Trans. R. Soc.
B-Biol. Sci. 360, 1001–1013.

Bell, A.J., Sejnowski, T.J., 1995. An information-maximization approach to blind separa-
tion and blind deconvolution. Neural Comput. 7, 1129–1159.

Berkman, E.T., Falk, E.B., Lieberman, M.D., 2012. Interactive effects of three core goal
pursuit processes on brain control systems: goal maintenance, performance mon-
itoring, and response inhibition. PLoS One 7, e40334.

Brass, M., Haggard, P., 2007. To do or not to do: the neural signature of self-control.
J. Neurosci. 27, 9141–9145.

Brooks, J.C.W., Nurmikko, T.J., Bimson,W.E., Singh, K.D., Roberts, N., 2002. fMRI of thermal
pain: effects of stimulus laterality and attention. NeuroImage 15, 293–301.

Buckner, R.L., Andrews-Hanna, J.R., Schacter, D.L., 2008. The brain's default network:
anatomy, function, and relevance to disease. Ann. N. Y. Acad. Sci. 1124, 1–38.

Calhoun, V.D., Adali, T., Pearlson, G.D., Pekar, J.J., 2001a. A Method for Making Group
Inferences from Functional MRI Data Using Independent Component Analysis.
Hum. Brain Mapp. 151, 140–151.

Calhoun, V.D., Adali, T., Pearlson, G.D., Pekar, J.J., 2001b. Spatial and temporal indepen-
dent component analysis of functional MRI data containing a pair of task-related
waveforms. Hum. Brain Mapp. 13, 43–53.

Calhoun, V.D., Adali, T., Stevens, M.C., Kiehl, K.A., Pekar, J.J., 2005. Semi-blind ICA of fMRI:
a method for utilizing hypothesis-derived time courses in a spatial ICA analysis.
NeuroImage 25, 527–538.

Calhoun, V.D., Kiehl, K. a, Pearlson, G.D., 2008. Modulation of temporally coherent brain
networks estimated using ICA at rest and during cognitive tasks. Hum. Brain Mapp.
29, 828–838.

Cox, R.W., 1996. AFNI: software for analysis and visualization of functional magnetic
resonance neuroimages. Comput. Biomed. Res. 29, 162–173.

Craig, A.D.B., 2009. How do you feel—now? The anterior insula and human awareness.
Nat. Rev. Neurosci. 10, 59–70.

Curtis, C.E., Cole, M.W., Rao, V.Y., D'Esposito, M., 2005. Canceling planned action: an
FMRI study of countermanding saccades. Cereb. Cortex (New York, N.Y.: 1991)
15, 1281–1289.

Daselaar, S.M., Prince, S.E., Cabeza, R., 2004. When less means more: deactivations
during encoding that predict subsequent memory. NeuroImage 23, 921–927.

Domagalik, A., Beldzik, E., Fafrowicz, M., Oginska, H., Marek, T., 2012. Neural networks
related to pro-saccades and anti-saccades revealed by independent component
analysis. NeuroImage 62, 1325–1333.

Eichele, T., Debener, S., Calhoun, V.D., Specht, K., Engel, A.K., Hugdahl, K., von Cramon,
D.Y., Ullsperger, M., 2008. Prediction of human errors by maladaptive changes in
event-related brain networks. Proc. Natl. Acad. Sci. U. S. A. 105, 6173–6178.

Eickhoff, S.B., Heim, S., Zilles, K., Amunts, K., 2006. Testing anatomically specifiedhypotheses
in functional imaging using cytoarchitectonic maps. NeuroImage 32, 570–582.

Friston, K., 1998. Modes or models: a critique on independent component analysis for
fMRI. Trends Cogn. Sci. 2, 373–375.

Harrison, B.J., Pujol, J., Contreras-Rodríguez, O., Soriano-Mas, C., López-Solà, M., Deus, J.,
Ortiz, H., Blanco-Hinojo, L., Alonso, P., Hernández-Ribas, R., Cardoner, N., Menchón,
J.M., 2011. Task-induced deactivation from rest extends beyond the default mode
brain network. PLoS One 6, e22964.

Hu, D., Yan, L., Liu, Y., Zhou, Z., Friston, K.J., Tan, C., Wu, D., 2005. Unified SPM-ICA for
fMRI analysis. NeuroImage 25, 746–755.

Huettel, S.A., Song, A.W., McCarthy, G., 2008. Functional Magnetic Resonance Imaging,
Second edition. Sinauer Associates.

Hutchinson, M., Schiffer, W., Joseffer, S., Liu, A., Schlosser, R., Dikshit, S., Goldberg, E.,
Brodie, J., 1999. Task-specific deactivation patterns in functional magnetic reso-
nance imaging. Magn. Reson. Imaging 17, 1427–1436.

Hyvärinen, A., Oja, E., 2000. Independent component analysis: algorithms and applica-
tions. Neural Netw. 13, 411–430.

Jerbi, K., Vidal, J.R., Ossandon, T., Dalal, S.S., Jung, J., Hoffmann, D., Minotti, L., Bertrand,
O., Kahane, P., Lachaux, J.-P., 2010. Exploring the electrophysiological correlates of
the default-mode network with intracerebral EEG. Front. Syst. Neurosci. 4, 27.

Klein, T. a, Endrass, T., Kathmann, N., Neumann, J., von Cramon, D.Y., Ullsperger, M.,
2007. Neural correlates of error awareness. NeuroImage 34, 1774–1781.

Kravitz, D.J., Saleem, K.S., Baker, C.I., Mishkin, M., 2011. A new neural framework for
visuospatial processing. Nat. Rev. Neurosci. 12, 217–230.

Kriegeskorte, N., Simmons, W.K., Bellgowan, P.S.F., Baker, C.I., 2009. Circular analysis in
systems neuroscience: the dangers of double dipping. Nat. Neurosci. 12, 535–540.

Li, Y.-O., Adali, T., Calhoun, V.D., 2007. Estimating the number of independent components
for functional magnetic resonance imaging data. Hum. Brain Mapp. 28, 1251–1266.

Liu, P., Zhou, G., Zhang, Y., Dong, M., Qin, W., Yuan, K., Sun, J., Liu, J., Liang, J., von
Deneen, K.M., Liu, Y., Tian, J., 2010. The hybrid GLM-ICA investigation on the neural
mechanism of acupoint ST36: an fMRI study. Neurosci. Lett. 479, 267–271.

Livesey, A.C., Wall, M.B., Smith, A.T., 2007. Time perception: manipulation of task diffi-
culty dissociates clock functions from other cognitive demands. Neuropsychologia
45, 321–331.

Makeig, S., Brown, G., Kindermann, S., Jung, T.-P., Bell, A., Sejnowski, T., McKeown, M.,
1998. Response from Martin McKeown, Makeig, Brown, Jung, Kindermann, Bell
and Sejnowski. Trends Cogn. Sci. 2, 375.

Malinen, S., Hlushchuk, Y., Hari, R., 2007. Towards natural stimulation in fMRI—issues
of data analysis. NeuroImage 35, 131–139.

Mantini, D., Perrucci, M.G., Del Gratta, C., Romani, G.L., Corbetta, M., 2007. Electrophys-
iological signatures of resting state networks in the human brain. Proc. Natl. Acad.
Sci. U. S. A. 104, 13170–13175.

Marek, T., Fafrowicz, M., Golonka, K., Mojsa-Kaja, J., Oginska, H., Tucholska, K., Urbanik,
A., Beldzik, E., Domagalik, A., 2010. Diurnal patterns of activity of the orienting and
executive attention neuronal networks in subjects performing a Stroop-like task: a
functional magnetic resonance imaging study. Chronobiol. Int. 27, 945–958.

Mayer, J.S., Roebroeck, A., Maurer, K., Linden, D.E.J., 2010. Specialization in the default
mode: task-induced brain deactivations dissociate between visual working memory
and attention. Hum. Brain Mapp. 31, 126–139.

Mazoyer, B., Zago, L., Mellet, E., Bricogne, S., Etard, O., Houdé, O., Crivello, F., Joliot, M.,
Petit, L., Tzourio-Mazoyer, N., 2001. Cortical networks for working memory and
executive functions sustain the conscious resting state in man. Brain Res. Bull. 54,
287–298.

McDowell, J.E., Dyckman, K. a, Austin, B.P., Clementz, B. a, 2008. Neurophysiology and
neuroanatomy of reflexive and volitional saccades: evidence from studies of humans.
Brain Cogn. 68, 255–270.

McKeown, M.J., 2000. Detection of consistently task-related activations in fMRI data
with hybrid independent component analysis. NeuroImage 11, 24–35.

McKeown, M.J., Makeig, S., Brown, G.G., Jung, T.P., Kindermann, S.S., Bell, a.J., Sejnowski,
T.J., 1998. Analysis of fMRI data by blind separation into independent spatial com-
ponents. Hum. Brain Mapp. 6, 160–188.

McKiernan, K. a, Kaufman, J.N., Kucera-Thompson, J., Binder, J.R., 2003. A parametric
manipulation of factors affecting task-induceddeactivation in functional neuroimaging.
J. Cogn. Neurosci. 15, 394–408.

Medendorp, W.P., Goltz, H.C., Vilis, T., 2005. Remapping the remembered target location
for anti-saccades in human posterior parietal cortex. J. Neurophysiol. 94, 734–740.

Moeller, F., LeVan, P., Gotman, J., 2011. Independent component analysis (ICA) of
generalized spike wave discharges in fMRI: comparison with general linear model-
based EEG-fMRI. Hum. Brain Mapp. 32, 209–217.

Munoz, D.P., Everling, S., 2004. Look away: the anti-saccade task and the voluntary
control of eye movement. Nat. Rev. Neurosci. 5, 218–228.

Pelphrey, K.A., Mack, P.B., Song, A., Güzeldere, G., McCarthy, G., 2003. Faces evoke spatially
differentiated patterns of BOLD activation and deactivation. NeuroReport 14, 955–959.

Schall, J.D., 2002. The neural selection and control of saccades by the frontal eye field.
Philos. Trans. R. Soc. B-Biol. Sci. 357, 1073–1082.

Schmithorst, V., 2004. Spatially-Thresholded Independent Component Analysis (sthICA):
generating voxelwise statistical inferences from ICA analysis of FMRI data. Proc. Int.
Soc. Magn. Reson. Med. 11.

Schmithorst, V.J., 2005. Separate cortical networks involved in music perception: pre-
liminary functional MRI evidence for modularity of music processing. NeuroImage
25, 444–451.

Shmuel, A., Augath, M., Oeltermann, A., Logothetis, N.K., 2006. Negative functional MRI
response correlates with decreases in neuronal activity in monkey visual area V1.
Nat. Neurosci. 9, 569–577.

Sridharan, D., Levitin, D.J., Menon, V., 2008. A critical role for the right fronto-insular
cortex in switching between central-executive and default-mode networks. Proc.
Natl. Acad. Sci. U. S. A. 105, 12569–12574.

St Jacques, P.L., Kragel, P. a, Rubin, D.C., 2011. Dynamic neural networks supporting
memory retrieval. NeuroImage 57, 608–616.

Stevens,M.C., Pearlson,G.D., Calhoun, V.D., 2009. Changes in the interaction of resting-state
neural networks from adolescence to adulthood. Hum. Brain Mapp. 30, 2356–2366.

Stuphorn, V., Taylor, T.L., Schall, J.D., 2000. Performance monitoring by the supplemen-
tary eye field. Nature 408, 857–860.

Swick, D., Ashley, V., Turken, U., 2011. Are the neural correlates of stopping and not going
identical? Quantitative meta-analysis of two response inhibition tasks. NeuroImage
56, 1655–1665.

Varoquaux, G., Sadaghiani, S., Pinel, P., Kleinschmidt, A., Poline, J.B., Thirion, B., 2010. A
group model for stable multi-subject ICA on fMRI datasets. NeuroImage 51, 288–299.

Vicente, A.F., Bermudez, M.A., Romero, M.D.C., Perez, R., Gonzalez, F., 2012. Putamen
neurons process both sensory and motor information during a complex task.
Brain Res. 1466, 70–81.

Watanabe,M.,Munoz,D.P., 2011. Probing basal ganglia functions by saccade eyemovements.
Eur. J. Neurosci. 33, 2070–2090.

Wright, P., He, G., Shapira, N.A., Goodman, W.K., Liu, Y., 2004. Disgust and the insula:
fMRI responses to pictures of mutilation and contamination. NeuroReport 15,
2347–2351.

Yin, H., Liu, Y., Li, M., Hu, D., 2011. Hemodynamic observation and spike recording
explain the neuronal deactivation origin of negative response in rat. Brain Res.
Bull. 84, 157–162.

Zandbelt, B.B., Vink, M., 2010. On the role of the striatum in response inhibition. PLoS
One 5, e13848.

312 E. Beldzik et al. / NeuroImage 76 (2013) 304–312


	Dissociating EEG sources linked to stimulus and response evaluation  in numerical Stroop task using Independent Component Analysis
	Introduction
	Methods
	Participants
	Stimuli and task
	Behavioral data analysis
	Data acquisition and decomposition
	Channels’ ERP analysis
	Components’ ERP analysis

	Results
	Behavioral results
	Channels’ ERP results
	IC clustering results
	Comparison of the channels’ and clusters’ potentials
	Clusters’ ERP results

	Discussion
	Conclusions
	Acknowledgments
	Supplementary data
	References

	Neural networks related to pro-saccades and anti-saccades revealed by independent component analysis
	Introduction
	Materials and methods
	Participants
	Procedure
	Data acquisition
	Data analysis
	Data preprocessing
	Independent component analysis


	Results
	Neural networks related to the task
	Eye fields network
	Parieto-medial temporal network
	Executive control network
	Default mode network

	Neural networks unrelated to the tasks

	Discussion
	Application of the ICA in separating brain functions
	Parieto-medial temporal pathway
	Associations to the neural framework of visuospatial processing
	Neural networks unrelated to the tasks

	Conclusions
	Acknowledgments
	References

	Contributive sources analysis: A measure of neural networks' contribution to brain activations
	Introduction
	Theory
	Materials and methods
	Procedure
	Data analysis
	General linear model analysis
	Independent Component analysis
	Contributive sources analysis
	Independent split-data analysis


	Results
	GLM and ICA
	Verification of the formula
	CSA of brain activations
	CSA of atlas regions

	Discussion
	The methods combining GLM and ICA
	CSA as a supplementary method to explore fMRI data
	Brain regions dominated by a single network
	Key nodes of neural networks
	The effect of networks cancelation
	CSA as a potential indicator of sub-regional activities

	Conclusions
	Acknowledgments
	References


