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Abstract 
 
Our brain is a network. It consists of spatially distributed regions that are functionally linked 

and share information with each other constantly. The activity of the brain can be measured 

using functional magnetic resonance imaging (fMRI) which is a powerful tool used to 

noninvasively investigate the working brain. This neuroimaging technique has been used to 

study the functional connectivity in the brain and to establish the architecture of neural 

networks. Neural networks are often identified in the context of an fMRI scan collected 

during rest (so-called resting state networks) but they also show synchronous fluctuations 

during task paradigms and in varied states of consciousness. A number of studies state the 

universality of the neural network architecture, i.e. they state that networks have similar 

anatomical structure regardless of experimental conditions. However, some research show 

that performance of a cognitive task modulates neural networks. In this work, I studied the 

differences between rest and task in order to explore changes in the functional networks 

in these two states and clarify how the brain responds to a given task at the network 

level. I used functional connectivity measure to fMRI data of subjects performing a task and 

compared neural networks that constitutes during task performance, to the so called 

spontaneous resting state networks. The results showed no anatomical differences for most of 

the networks. However, two networks were spatially modulated by the task. Another one was 

present as single component for task and split into two for the rest data. Additionally, 

executive control network was present only for the task data. These findings indicate that 

functional connectivity is sensitive to the task performed and can be modulated despite 

unchanged structural connectivity. 

Another issue raised in this work is the engagement of neural networks into a specific brain 

function. The Stroop task data were used to test what networks are related to higher-order 

cognitive processes referred to executive functions. In this task participants are presented with 



v 

  

colour words and are asked to indicate the colour in which the word is written. The goal was 

to define which networks are activated during Stroop task performance. The results 

showed two networks that are activated during the task: dorsal attention network and 

executive attention network. These networks are responsible for maintenance of goal-oriented 

processing and inhibition of automatic responses respectively. Additionally the default mode 

network was shown to be deactivated during task performance. The deactivation of DMN can 

be linked to the process of reallocation of processing resources from this network to the 

activated brain areas in order to successfully perform the task.  

The main topic of this work is diurnal variability of neural networks’ activity. Human 

behaviour is temporally organized into periods of rest and activity that occur in the 24-hour 

cycle and are regulated by the interaction between the two processes: circadian and 

homeostatic. The generation and synchronization of circadian rhythms are functions of a 

neural system located in anterior hypothalamus. Importantly, both the circadian and 

homeostatic processes were shown to influence the behaviour. 

The research topic of diurnal variability of neural systems activity is very important, however 

rather neglected in neuroimaging society. What is still not known is whether specific 

cognitive processes are sensitive to time-of-day variations, and at the same time, if different 

neural systems show modulation in activity. The main goal of this study was to determine 

whether the human neural networks activity related to cognitive processes shows 

diurnal variations. Time-of-day effect was verified on task-related neural networks. 

Significant decrease of activity during the day was present in case of executive control 

network. At the same time, the measure of subjective sleepiness showed high and significant 

increase. The results suggest that the homeostatic process linked to a sleep pressure modulates 

neural activity. This finding provides new insight on how circadian rhythms influence neural 

activity. 
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Streszczenie 

Ludzki mózg zbudowany jest z anatomicznie oddzielnych, ale funkcjonalnie powiązanych 

regionów, które stale wymieniają między sobą informacje tworząc sieci neuronalne. Ich 

aktywność może być mierzona za pomocą funkcjonalnego rezonansu magnetycznego (fMRI), 

który umożliwia nieinwazyjne badanie pracy mózgu oraz ustalenie struktury sieci 

neuronalnych. Badanie neuroobrazowe skierowane na analizę sieci może zostać 

przeprowadzone zarówno w stanie odpoczynku (tzw. resting state fMRI), jak również podczas 

wykonywania czynności przez osobę badaną (np. rozwiązywanie zadań matematycznych). 

Wyniki większości dotychczasowych badań wskazują na uniwersalność architektury sieci 

neuronalnych, tj. niezależność ich struktury anatomicznej od warunków eksperymentalnych 

(wykonywanie zadania lub odpoczynek). Jednakże istnieją również doniesienia, które 

wskazują, że wykonywanie zadania poznawczego moduluje architekturę sieci. 

W niniejszej pracy opisano eksperyment fMRI przeprowadzony na grupie piętnastu osób 

w skanerze 1.5 T. Badanie przeprowadzono w dwóch warunkach: wykonywania zadania oraz 

w trakcie odpoczynku, w czterech porach dnia. Przeprowadzono tzw. preprocessing danych 

(m.in. korekta ruchów głowy, przestrzenne dopasowanie do “standardowego” mózgu), 

a następnie zastosowano zaawansowane analizy statystyczne, tj. analizę ogólnego modelu 

liniowego (ang. general linear model) oraz analizę niezależnych składowych (ang. 

independent component analysis). Jednym z celów badania było zweryfikowanie istnienia 

różnic oraz ich charakteru w zakresie architektury sieci neuronalnych w dwóch warunkach: 

podczas wykonywania zadania i w stanie odpoczynku. Zastosowano analizę połączeń 

funkcjonalnych i uzyskano dla każdego z warunków szereg funkcjonalnie niezależnych sieci. 

Wyniki porównania nie wykazały znacznych różnic w budowie sieci - w obydwu warunkach 

połączenia funkcjonalne obecne były pomiędzy tymi samymi strukturami. Tylko dwie sieci 

pokazały rozbieżność, tj. angażowały odmienne struktury. Dodatkowo jedna z sieci, tzw. 
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„sieć kontroli wykonawczej” (ang. executive control network), była obecna tylko w warunku 

wykonywania zadania. Wyniki te wskazują, że połączenia funkcjonalne między strukturami 

mózgowymi wrażliwe są na warunki takie jak wykonywanie zadania i mogą być modulowane 

pomimo niezmiennych połączeń anatomicznych. 

Kolejnym zagadnieniem poruszonym w tej pracy jest aktywność sieci neuronalnych podczas 

wykonywania konkretnej funkcji. W celu aktywacji procesów poznawczych wyższego rzędu 

określanych jako funkcje wykonawcze zastosowano zadanie Stroopa. Osobom badanym 

prezentowano listę słów w różnych kolorach i proszono o wskazanie barwy prezentowanego 

uprzednio słowa. Trudność zadania polega na niezgodności między znaczeniem słowa a jego 

barwą (np. słowo „czerwony” napisane zieloną czcionką). Celem analiz danych fMRI było 

określenie, które sieci neuronalne aktywowały się podczas wykonywania zadania Stroopa. 

Wyniki wykazały aktywację dwóch sieci: grzbietowej sieci uwagowej (ang. dorsal attention 

network) oraz sieci kontroli wykonawczej. Sieci te odpowiedzialne są za utrzymywanie 

i przenoszenie ogniska uwagowego oraz za hamowanie automatycznych reakcji 

i monitorowanie konfliktu. Dodatkowo wyniki wskazały na dezaktywację sieci „stanu 

bezczynności” (ang. default mode network). Może to wynikać z uruchomienia procesu 

realokacji zasobów przetwarzania z tej sieci do aktywowanych obszarów mózgu, co w 

konsekwencji wspomaga poprawne wykonanie zadania. 

Głównym celem pracy było określenie okołodziennej zmienności w aktywacji sieci 

neuronalnych. Aktywność człowieka charakteryzuje w przybliżeniu 24-godzinny cykl snu 

i czuwania, regulowany przez interakcyjny wpływ dwóch procesów: procesu okołodobowego 

(ang. circadian) oraz procesu homeostatycznego (ang. homeostatic). Za generowanie 

i synchronizację obu procesów odpowiada przednia część podwzgórza. Co istotne, rytmika 

okołodobowa wpływa na funkcjonowanie człowieka. Tematyka okołodobowej zmienności 

aktywności sieci neuronalnych jest niezwykle istotna, niestety, bardzo często czynnik ten jest 
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pomijany w badaniach neuroobrazowych. Analiza istniejących doniesień empirycznych nie 

pozwala jednoznacznie stwierdzić, czy poszczególne funkcje poznawcze są szczególnie 

wrażliwe na porę dnia oraz, czy istniejące różnice w poziomie wykonania zadań poznawczych 

wiążą się ze zmiennością w aktywności sieci neuronalnych. Głównym celem badania było 

określenie, czy występują okołodzienne różnice w aktywności sieci neuronalnych związanych 

z wykonywaniem zadań poznawczych. Cel ten zrealizowano z zastosowaniem zadania 

Stroopa. Znaczący spadek aktywności w ciągu dnia zaobserwowano w przypadku sieci 

kontroli wykonawczej. W tym samym czasie, pomiar subiektywnego odczucia senności 

wykazał istotny wzrost. Wskazuje to na modulację aktywności neuronalnej wynikającą z 

narastającej w stanie czuwania homeostatycznej potrzeby snu. Uzyskane wyniki przyczyniają 

się do poszerzenia wiedzy z zakresu wpływu rytmiki okołodziennej na funkcjonowanie 

mózgu. 
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1. Introduction 

 

1.1. Functional connectivity in the human brain  

The human brain consists of almost trillion neurons with quadrillion connections, making it 

an extremely complex system. Information processing within and between this neurons gives 

rise to perception, memory, abstract thought, complex behaviour, and consciousness itself. 

Understanding these processes has become a major goal of neurologists, neuropsychologists, 

cognitivists and other scientists. Functional magnetic resonance imaging (fMRI) has been 

used for about 25 years in the research, primarily to analyse the blood oxygen level dependent 

(BOLD) signal changes in response to a cognitive task. Such analysis produces an image 

identifying the regions activated during a task, and therefore interferences are made about 

functions of these areas. More recently, much of the neuroimaging community has shifted 

emphasis from studies on functional specialisation of brain regions towards its functional 

integration. In 2005, Olaf Sporns proposed a Human Connectome Project that aims at 

providing new insights into the organization of the brain's structural connections and their role 

in shaping functional dynamics. Research teams are working on mapping the elements and 

connections of the complex brain network in order to create a comprehensive structural 

description of its architecture. Two types of networks are examined: structural networks 

representing the integrity of white matter tracts in the brain and functional networks reflecting 

the ability of two or more brain regions to interact with one another (Bullmore and Sporns, 

2009). The latter describes functional connectivity, i.e. temporal dependency of neuronal 

activation patterns of anatomically separated brain regions. A number of studies showed that 

regions can be co-activated even if they do not display a direct structural connection (e.g. 

Greicius et al., 2009; van den Heuvel et al., 2009). Nevertheless, a strong relation between 

structural integrity and functional connectivity in neural networks has been demonstrated (see 
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review by Damoiseaux and Greicius, 2009). 

 

For measuring the functional connectivity one needs a time series data extracted from one of 

the neuroimaging techniques, e.g electroencephalography (EEG), magnetoencephalography 

(MEG), position emission tomography (PET), but most commonly, functional magnetic 

resonance imaging (fMRI). There has been a great interest in developing methods to analyse 

those data in order to measure connectivity in the human brain. Several methods were 

proposed in the literature. Functional connectivity can be established, for example, by 

estimating the correlation or covariance, spectral coherence, or phase locking between pairs of 

time series.  Early studies used an fMRI signal extracted from the seed voxel and revealed a 

significant temporal correlation with contralateral motor regions (Biswal et al., 1995). Such 

correlations appears also for sensory systems, i.e. the visual and auditory cortices (Cordes et 

al., 2000), default mode network (Buckner et al., 2008) language system (Hampson et al., 

2002), dorsal attention system (Fox et al., 2005), and the frontoparietal control system 

(Vincent et al., 2008).  

 

Functional connectivity among different brain areas can also be examined with a data driven 

approach called independent component analysis (ICA).  The ICA was originally developed 

to solve problems similar to the "cocktail party" scenario in which individual voices must be 

resolved from microphone recordings of many people speaking simultaneously (Bell and 

Sejnowski, 1995). The technique, in terms of fMRI, separates data into maximally 

independent components grouping brain regions that share the same pattern of activity 

(McKeown et al., 1998). A component map presents a set of coactivated regions, which can 

be called a network, as it assumes that they have temporally coherent activity (Calhoun et al., 

2008). ICA has been used to identify several neural networks which are present in healthy 
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subjects (Beckmann et al., 2005; Calhoun et al., 2008, 2001a; Damoiseaux et al., 2006). 

Those which are more frequently reported in the literature include: the default mode network, 

dorsal attention, executive control, lateralized fronto-parietal, sensory-motor, medial and 

lateral visual, and auditory networks. There has also been an interest in developing biological 

markers of disease based on this analysis, e.g. comparing networks allows to distinguish 

Alzheimer’s disease from healthy aging (Greicius, 2008). 

 

Neural networks are often identified in the context of an fMRI scan collected during rest, i.e. 

when subjects are instructed to lie still in the scanner with eyes open or closed and “do 

nothing”. An obvious advantage of such approach is that data can be collected in a short 

scanning session without having to decide in advance what functional paradigm should be 

used or requiring active subject participation. Thus, the method can be applied to examine 

children and impaired subjects. Most of the abovementioned networks were observed using 

the resting state fMRI method. These studies have revealed interesting new findings about the 

functional connections of specific brain regions and local networks, as well as important new 

insights in the overall organization of functional communication in the brain network (see 

review by van den Heuvel and Hulshoff Pol, 2010 as well as Buckner et al., 2013). Functional 

connectivity during the resting state has, in fact, dominated the field (Biswal et al., 2010). 

 

Brain regions within functional networks show synchronized activity during task paradigms 

and in different states of consciousness (e.g. during sleep; Horovitz et al., 2009). There have 

been studies showing that such fluctuations do not differ from those which reflect 

spontaneous brain activity during rest. Arfanakis et al. (2000) showed that resting state 

correlations are "not affected by tasks which activate unrelated brain regions". Later, Smith et 

al. (2009) claimed that functional connectivity patterns present at rest are good predictors for 

http://en.wikipedia.org/wiki/Executive_functions
http://en.wikipedia.org/wiki/Parietal_lobe
http://en.wikipedia.org/wiki/Visual_cortex
http://en.wikipedia.org/wiki/Auditory_cortex
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the organization of networks present during task performance. These studies state the 

universality of the resting-state network architecture. Therefore, resting state could be a fine 

simplification for the functional brain organization studies. However, numerous studies show 

that performance of a cognitive task modulates neural networks, i.e. can induce variation in 

correlation strengths between two or more regions. Hampson et al. (2002) compared 

functional connectivity during rest and during continues listening to speech, and showed 

strengthened connectivity among the language related brain regions during task. Later, the 

same group examined the motion processing system and reported decreased connectivity 

between middle temporal and dorsal cuneus, lingual gyrus, and thalamus and, at the same 

time, increased connectivity between middle temporal and middle occipital gyrus during 

viewing continuous motion task (Hampson et al., 2004). Fransson and Marrelec (2008) found 

global reduction in functional connectivity within the default mode network during the 

memory task in comparison to rest. Shirer et al. (2012) found that connectivity increased 

between the dorsal attention network and the basal ganglia during a subtraction task compared 

with resting state. These, and other similar findings (e.g. Calhoun et al., 2008) indicate that 

functional connectivity is sensitive to the task performed during data acquisition and can be 

modulated even though anatomical connections are stable. Thus, it suggests that functional 

connectivity revealed at rest cannot be translated into task conditions (Buckner et al., 2013). 

 

In the work reported here, I studied neural networks identified during a Stroop task 

(Stroop, 1935) and those identified from resting state data. The first goal of the study was 

to compare spatial structure of the networks in those two conditions. I attempted to 

determine the extent to which the task-related activity patterns may reproduce the 

spontaneous anatomy of the network at rest and how the chosen task modulates the 

networks’ anatomy. The independent component analysis (ICA; Calhoun et al., 2001b) was 
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implemented to task and rest data. The obtained neural networks and systems were compared 

using cross-correlation analysis. For those pair of networks that revealed low correspondence 

an overlap/non-overlap approach (Saxe et al., 2006) was applied. This way, brain regions 

engaged within particular network during task or rest were defined. 

 

Another issue raised in this work is the engagement of neural networks into a specific brain 

function as a cognitive process is not held by a single brain region, but by an interaction 

between two or more. The Stroop task data were used to test what networks are related to 

higher-order cognitive processes referred to executive functions as well as other processes 

involved in this task. The Stroop Colour Word paradigm (Stroop, 1935) allows to study 

particularly two subcomponents of executive functions: inhibition of automatic responses and 

proper response selection (among two competitive). In this task, participants are presented 

with colour words and are asked to indicate the colour in which the word is written. The 

response is slower and more errorprone when the meaning of the word is incongruent with the 

print colour (e.g., the word “BLUE” printed in red). The Stroop paradigm have been 

extensively used as a tool in neurocognitive research as it allows to examine both behavioral 

and underlying neural mechanisms of the processing of stimulus conflict. In the present 

fMRI study I investigated neural networks supporting processes involved in the Stroop 

task performance, i.e. maintenance of goal-oriented processing and blocking of more 

automatic word-reading responses (MacLeod and MacDonald, 2000). The goal was to 

determine how many neural networks activate during the task and which networks are 

responsible for particular processes. Thus, the output of the ICA analysis was combined 

with regression analysis to determine task-relatedness of obtained networks. 
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1.2. Diurnal variability in cognition 

Human behaviour is temporally organized into periods of rest and activity. Sleep and 

wakefulness occurs in the 24-hour cycle.  The timing of sleep and wakefulness as well as their 

quantity and quality is regulated by the interaction between the two processes: circadian and 

homeostatic (Borbély, 1982). The level of sleepiness, alertness, and fatigue is determined by 

the interaction of these processes. They synchronize or desynchronize in order to impose 

states of sleep and wakefulness at suitable times of the day. Precisely, we fall asleep when 

both the circadian propensity for sleep and a sleep pressure are at the high level, and, in 

opposite, we wake up when these parameters are low (Borbély, 1982; Daan et al., 1984).  

 

The generation and regulation of circadian rhythms is a function of a specific neural system, 

called the circadian timing system. This system provides a temporal organization directly for 

the behaviour as well as organization of physiological and endocrine functions that indirectly 

influence the behaviour. Circadian regulation is driven by a small region in the anterior 

hypothalamus of the brain, the suprachiasmatic nucleus, defined as the circadian master clock 

or the circadian pacemakers (see review by Moore, 1997).  The circadian clock control sleep 

and wakefulness states according to light–dark cycle (Cajochen et al., 2010). 

 

Importantly, both the circadian and homeostatic processes influence the cognitive behaviour 

at different phases of the circadian cycle. Many studies indicate that the interaction of these 

processes regulates the sleepiness and alertness level during the day, which in turn causes 

difference in performance (Cajochen et al., 2004; Dijk and von Schantz, 2005; Van Dongen 

and Dinges, 2005). In the early study, Kleitman et al. (1938) showed correspondence between 

the circadian rhythm of core body temperature and the performance for simple tasks (e.g., 

card sorting, mirror drawing, copying, and code substitution). Later, Wright and co-workers 
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(2002) confirmed these results. The authors observed direct positive relationships between 

body temperature and a variety of performance measures independently of the internal 

biological time and claimed that body temperature modulates neurobehavioral function in 

humans. 

 

Time-of-day modulations have been shown to affect different cognitive domains (for review, 

see Schmidt et al., 2007). Temporal variations in basic attentional measures have been 

described in numerous studies, highlighting the importance of understanding the impact 

played by cyclic changes in attention on performance in higher order cognitive tasks. Another 

example presents time-of-day differences in inhibition capacities during practice of a go/no-

go task. Study by Manly and colleagues (2002) revealed a higher accuracy in the early 

afternoon and evening and lower accuracy late at night and in the early morning indicating a 

time-of-day modulation in the capacity to maintain active control over a response pattern (i.e., 

withholding responses on unpredictable no-go trials). The literature suggests that higher order 

cognitive functions, mainly executive control or working-memory load, are processes that 

appear intrinsically sensitive to time-of-day modulations (Schmidt et al., 2007). For instance, 

tasks involving active control over response (i.e., executive control) have been found to be 

more sensitive to time of testing. Several explanations of neurobehavioral changes over the 

day are proposed: they can be linked to (1) increasing homeostatic sleep pressure, (2) the fact 

that the circadian timing system supports optimal performance efficiency to the task, or (3) a 

combination of these influences (Carrier and Monk, 2000) 

 

There is relatively small amount of research concerning the issue of diurnal changes in neural 

activity. Only few examples of such studies can be quoted. One of the first studies concerning 

this topic was the positron emission tomography (PET) study performed by Buysse et al., 
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(2004). They showed that evening wakefulness is associated with increased metabolism in the 

brainstem and hypothalamic arousal systems and decreased metabolism in the posterior 

cortical regions. In 2010, our group published the results of fMRI study regarding diurnal 

patterns of attentional systems’ activity in subjects performing a Stroop Colour Word task 

(Marek et al., 2010). A significant time-of-day change was found in the activation of brain 

regions related to the orienting attentional system, such as the parietal lobe and frontal eye 

fields. For these regions an decrease in activity was observed from the morning (6am) to the 

early evening (6pm) session, apart from the late evening session (around 10 pm), when a the 

activity increased. Another study investigated whether the spontaneous human brain network 

maintains long-term stability throughout a day (Park et al., 2011). In this study fMRI data 

were acquired at three-hour intervals over 24 consecutive hours and functional connectivity 

analyses we performed. The results showed that the stability over a period of one day varied 

across different resting state networks, i.e. there were both highly stable and highly dynamic 

networks. There are also few neuroimaging studies on circadian rhythms that show the 

dependence of cerebral correlates underlying cognitive task performance on chronotype 

(Peres et al., 2011; Schmidt et al., 2012, 2009). A different pattern of activity is observed for 

morning- and evening-oriented individuals. These findings were explained by the difference 

in important parameters of sleep homeostasis for morning and evening chronotypes (Schmidt 

et al., 2009). Yoon et al. (1999) studied a correlation between individual circadian arousal 

(chronotype) and performance on a variety of tasks. The authors concluded that circadian 

influence exists in case of controlled cognitive tasks, but not for others engaging more 

automatic processes. They claim that changes in cognitive functioning at off-peak times are 

due to circadian related deficits in inhibition. The non-optimal time of day for performance 

can manifest with cognitive deficits such as increased access to irrelevant information, failure 
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to clear or suppress information that is no longer useful, and difficulties in restraining or 

preventing the production of dominant responses that are undesirable or inappropriate. 

 

The research topic of diurnal variability of neural systems activity and, consequently, the 

behaviour is very important, however rather neglected in neuroimaging society. What is still 

not known is whether specific cognitive parameters are particularly vulnerable to time-of-day 

variations and if different cognitive variables follow differential modulation curves. Drawing 

clear conclusions about circadian impact on human neurobehavioral functioning requires 

more studies dedicated to the investigation of time-of-day effects on the different levels of 

cognitive processing (Schmidt et al., 2007). 

The main goal of this study was to determine whether the human neural networks’ 

activity related to cognitive processes shows diurnal variations. Participants performed the 

Stroop task in the MR scanner five times during the day (6am, 10am, 2pm, 6pm, and 10pm). 

The independent component analysis was performed on fMRI data in order to establish 

functionally connected regions.  The time-of-day effect was verified on task-related networks. 

Because daily rhythms of performance can be masked by a series of factors (e.g. food intake, 

temperature, caffeine consumption, physical activity or lighting conditions; see review by 

Valdez et al., 2012), in this experiment a constant routine protocol was applied. Room 

temperature, light intensity, and the level of motor activity were kept constant and food intake 

was controlled. Also, in order to avoid influence of chronotype, only subjects that were 

neither extremely morning nor evening oriented were qualified for the study. 
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2. Materials and Methods 
 

2.1. 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. Participants also 

reported their sleep duration prior to the start of the study and the amount of regular sleep they 

need to feel refreshed. Additionally, before beginning of the experiment, volunteers 

completed Chronotype Questionnaire (Ogińska, 2011). People with extreme morning- or 

evening-oriented type did not take part in the study. Also, people that reveal symptoms of 

sleep disorders and/or the elevated daytime sleepiness were excluded (measurement based on 

the Epworth Sleepiness Scale; Johns, 1991). The eligible 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 conditions. 

The study was approved by the Bioethics Commission at the Jagiellonian University. 

 

2.2. Procedure 

In the study, there were five experimental sessions, each at different time of day (6am, 10am, 

2pm, 6pm, and 10pm). During the session in the MR scanner a task and resting state data 

were acquired as two separate scanning runs. Each run lasted five minutes.  

Participants were awakened approximately 1–1.5 h before the first MR session. Between MR 

sessions, participants were asked to perform a simulated driving tasks lasting ∼2.5 h in order 

to ensure uniform conditions between sessions. The driving task comprised three car games: 

DriverTM (Infogrames, 2000), Test Drive® Unlimited (Atari Inc., 2006), and 18 Wheels of 

Steel Haulin’TM (SCS Software, 2005). In order to augment the realism of the situation, 
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visual effects were projected on a large screen (234 × 176 cm), and sounds were transmitted 

by a stereo speaker set. 

In sum, the participants spent approximately 18 h in a controlled laboratory environment 

(stable temperature, similar physical and cognitive activity, and diet). The participant group 

was homogenous in terms of the time elapsed since their waking. 

 

2.3. Experimental Task 

The Stroop Colour Word paradigm (Stroop, 1935) was used to investigate cognitive processes 

such as attention and executive functioning in the diurnal perspective. The Stroop task is 

considered as a classical measure of attentional systems, as well as conflict monitoring and 

cognitive control (Miller and Cohen, 2001). In the task, a stimuli presented to a subject is 

a word meaning name of the colour and printed in the same or different colour. Subject is 

asked to name the colour in which the word is printed. Thus, subject ought to attend to one 

dimension of a stimulus (the colour in which a given word is displayed) and to ignore a 

competing, but proponent, dimension (the meaning of the word).  

In the present study, all stimuli were incongruent, i.e., the print of the ink did not match the 

colour specified by the word. Words were printed in red, green, yellow, or blue, with each 

colour occurring equally often with each word type. The subjects were asked to name the 

colour of ink “in mind” restraining from vocalization in order to minimize movements in the 

scanner. Stimuli were presented for 1317 ms each, with an inter-stimulus interval of 350 ms in 

a block design. Each block lasted for 30 s and contained 18 words. Each session contained 

nine blocks: five blocks of fixation point presentations intermixed with four blocks of target 

presentations. Scheme of the task is illustrated on the Figure 1. Subjects practiced the task 

before scanning. 
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Figure 1. Experimental task used in the study. 
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2.4. Resting State Run 

The resting state run lasted 5 minutes, which is sufficiently long for connectivity analysis 

(Van Dijk et al., 2010). During scanning participants were instructed to rest with their eyes 

closed. There was no evidence that participants had fallen asleep during the scan, although 

this was not directly measured. 

 

2.5. Subjective State Measures 

Subjective measures of sleepiness were accomplished with the use of Karolinska Sleepiness 

Scale (KSS; Akerstedt and Gillberg, 1990). The KSS is a popular, 9-point, self-reporting 

measure of alertness, with 1 referring to “extremely alert” and 9 to “very sleepy, a great effort 

to keep awake, fighting sleep.” Questionnaire was applied before and after each magnetic 

resonance session. Repeated-measures analysis of variance (ANOVA) was applied to examine 

diurnal trends in KSS score. 

 

2.6. Data Acquisition 

Magnetic resonance imaging (MRI) was performed using a 1.5T General Electric Signa 

scanner (GE Medical Systems, Milwaukee, WI). Data were collected at MR laboratory of 

Medical University Hospital in Krakow during research project funded by the Polish Ministry 

of Science and Higher Education N106 034 31/3110. High-resolution, whole-brain anatomical 

images were acquired using T1-weighted SPGR sequence. A total of 60 axial slices were 

obtained (voxel dimension = 0.4 × 0.4 × 3 mm3; matrix size = 512 × 512, TR = 25.0 s, TE = 

6.0 ms, FOV = 22 × 22 cm2, flip angle = 45°). 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 resolution of 1.7 × 1.7 × 5 mm3, and flip angle of 90°. 
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Each functional session was composed of 50 images for each of 20 axial slices, taken at an 

interleaved fashion with a TR of 3 s. To ensure stability of the magnetic signal, the first three 

images of each session were excluded from further analysis. 

 

2.7. Structural data processing 

Segmentation of anatomical data was performed in order to create 3D masks of white matter, 

ventricles and cerebrospinal fluid. Regressing out the signal from those tissues removes 

physiological and hardware-related artifacts from the data and is a common step in the 

analysis (Weissenbacher et al., 2009).  T1-weighted images of individual subjects were atlas-

based segmented into gray matter, white matter, ventricles, and cerebrospinal fluid tissue 

classes using FreeSurfer software (Fischl, 2012). The 3D masks were created based on the 

segmented tissues. All masks were then resampled to functional data resolution. To reduce 

partial voluming effects from grey matter on tissue masks (white matter, ventricles and 

cerebrospinal fluid), masks were eroded by one voxel along each of the three axes (Jo et al., 

2010). 

 

2.8. Preprocessing of fMRI data 

The collected brain images were preprocessed with Analysis of Functional NeuroImage 

(AFNI) software (Cox, 1996). Each 3D image was first time-shifted so that the slices were 

aligned temporally (first slice was used as a reference). The head motion correction procedure 

was applied with tenth volume as a base. Then the functional EPI data sets were zero-padded 

to match the spatial extent of the anatomic scans, and then coregistered. At this step an 

extraction of the signal from created tissue masks was performed separately for each subject 

and session. Later, anatomical and functional images were transformed into a coordinate 

system of Talairach space (Talairach and Tournoux, 1988). The functional data were then 
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smoothed using a full-width at half-maximum isotropic Gaussian kernel of 8 mm. During 

scaling procedure, the low-signal intensity voxels corresponding to voxels located outside the 

brain were excluded from functional images by a clipping function. 

In most situations, it is preferred to reduce the noise by applying suitable filters in time 

domain before implementing ICA algorithm. However, a possible problem with filtering in 

time domain is that it reduces the information in the data leading to decrease of the 

independency of sources (Boroomand et al., 2007). Additionally it was shown that a band 

pass filter in resting-state data eliminates potentially relevant information (Boubela et al., 

2013). Thus, this preprocessing step was omitted. 

 

2.9. Independent component analysis 

The Group ICA of fMRI Toolbox (GIFT) was used to perform a group ICA (Calhoun et al., 

2001b) for each run (i.e. task and resting state data) separately. All sessions were included in 

the analysis. The estimation of the number of components was performed using a minimum 

description length criteria implemented in the software (Li et al., 2007). Infomax algorithm 

(Bell and Sejnowski, 1995) was applied with an estimated number of components. This 

analysis was repeated 50 times using ICASSO function for assessing the repeatability of 

components (Himberg et al., 2004). The stability index of each independent component (IC) 

was greater than 0.92. No scaling of the data was performed. Finally, IC time courses and 

spatial maps were back-reconstructed for each participant and session. 

For defining significant brain regions associated with each IC, back-reconstructed spatial 

maps of each IC for each participant were averaged together across five sessions, and the 

averaged maps were entered into a second-level random  effects  analysis  with  one-sample  

t-test. The significance threshold was corrected for multiple comparisons of voxelwise whole-
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brain analysis with False-Discovery-Rate (FDR) method and set at p < 0.001 what is a 

standard level in fMRI-ICA studies (e.g. Xu et al., 2013). 

In accordance with the approach of Calhoun et al. (2008), components were further coupled 

across two runs (i.e. task and rest data) according to spatial cross-correlation coefficients and 

visually inspected for the presence of artifacts. Components with a typical activation pattern 

of artifact, i.e. activation around the edge of the brain or in the ventricles were excluded from 

further analysis. Remaining components were labelled as neural networks (IC showing 

several coactivated regions), or systems (IC with activation of a single region). Comparison of 

neural networks and systems between task and resting state data was performed. Components 

from two runs were considered as the same if the spatial cross-correlation coefficients was 

greater than 0.90. For other pairs of components a conjunction analysis (Nichols et al., 2005) 

was performed in order to reveal structural homogeneity and differences of the networks or 

systems between two runs. According to the authors, the conjunction test should be obtained 

with logic "true AND true". Thus, common regions were shown by overlapping maps from 

task and resting state data at the threshold of pcor <0.001.  In order to verify the non-

overlapping regions conjunction of "true AND false" was done, as shown in literature (Saxe et 

al., 2006). Regions included in the network or system only during task performance were 

defined as those that were significant (pcor < 0.001) in the map from task data and insignificant 

(pcor > 0.05) in the map from resting state data. The analogical conjunction was conducted to 

establish regions that are included in the network or system only during resting state. This 

approach reduced the chance of false positives inflating the observed non-overlap. 

The components revealed from the task data were tested for task-relatedness. Greicius and 

Menon (2004) as well as our group (Domagalik et al., 2012) performed a correlation analysis 

of components’ time course with the task model as the correlation coefficient values provide 

a measure of the degree to which a network activates with the task. Here, an analogical step 
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was performed, but instead of correlation, regression analysis was chosen. The beta-weight 

values represent the correlations between components’ time courses and the canonical 

hemodynamic response model of task conditions, and index the engagement of such network 

during specific task conditions. An increase or decrease in beta-weight values at one task 

condition relative to another indicates an increase or decrease in task-related activity. The 

analysis was performed on back reconstructed data for each session separately. Following 

regressors were introduced: block model of task, artifactual signals from white matter, 

ventricles and cerebrospinal fluid, six movement parameters and a higher-order polynomial 

accounting for slow drifts in the fMRI time series.  The beta coefficients of task model for 

every component were averaged across sessions. A component was classified as a task-related 

neural network if its beta coefficient reached significance of p < 0.001 in one sample t-test. 

For task-related networks a time-of-day changes of their activity was tested. Beta coefficients 

for data from every time-of-day session underwent two-way mixed effects analysis of 

variance (ANOVA) with a session as a fixed factor and subjects as a random factor. 

 

2.10. General Linear Model analysis 

In the GLM analysis, the same set of regressors as in the aforementioned analysis was 

applied. Briefly, a boxcar function modelling task presentation was used as a regressor of 

interest, while six movement parameters, signals from white matter, ventricles and 

cerebrospinal fluid were regressors of no interest. 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. Subsequently, group statistical analysis was 

conducted. First, these maps were averaged between all five scanning sessions in order to 

achieve general map of activation. Then one-sample voxelwise t-tests were conducted to 
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determine voxels in which a parameter was significantly different from zero. Resulting 

statistical map was corrected for multiple comparisons using FDR method. 

2.11. Contributive Sources Analysis 

The Contributive Sources Analysis (CSA) was applied to the data from task run in order to 

reveal networks’ contribution to activation of brain regions and to verify if this contribution 

changes across the day. The CSA is a new supplementary method, developed in our group, to 

explore fMRI data, which combines the standard GLM analysis with ICA (Beldzik et al., 

2013). 

As a first step, weights of ICA maps were extracted from regions obtained with GLM analysis 

separately for each subject and session. Second, the parameter estimates for components’ time 

courses obtained with the same design matrix that was used in the standard GLM analysis was 

calculated for each subject and session. Then individual weights and parameter estimates for 

IC time-courses were multiplied. Those values, i.e. CS parameters, were averaged across 

sessions. The verification of theoretical equivalence of GLM and ICA results was performed 

on experimental data from Stroop task. The sum of CS values of each component and the 

parameter estimates from the GLM analysis for every cluster were introduced to linear 

regression analysis. 

Next, CS parameters averaged across sessions were tested for significance (one-sample t-tests 

across the subjects) in order to reveal general contribution of the networks to activated region. 

Significant CS value (p < 0.001) indicates the source is indeed contributing. Finally, time-of-

day changes were verified for those parameters with ANOVA. 
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3. Results 
 

3.1. Neural Network revealed by ICA  

The GIFT software estimated 15 IC for task data and 16 IC for resting state data. Four IC for 

task and five IC for resting state data were classified as artifact. They showed either ring 

activation around the edge of the brain or activation in the ventricles, similarly to those 

reported in previous studies (Kelly et al., 2010; Varoquaux et al., 2010). The maps of the 

neural networks are presented in the Figure 2 (all activations are reported at FDR corrected 

threshold p < 0.001). Spatial cross-correlation analysis revealed a clear coupling for most of 

ICs between both runs (Fig. 2).   

All of the ICs were similar to those identified in previous fMRI-ICA studies (Beckmann et al., 

2005; Damoiseaux et al., 2006; Domagalik et al., 2012; Smith et al., 2009). The identified 

networks were labelled as follows: medial visual system with activation located in the medial 

occipital cortex at V1 and V2 areas; auditory network primarily including the bilateral 

superior temporal cortex; medial prefrontal cortex system (MPFC); precuneus system; default 

mode network (DMN) mainly involving posterior cingulate cortex (PCC) and bilateral 

inferior parietal lobes; right and left frontoparietal network (FPN) with activation in angular 

gyrus and along the inferior frontal sulcus; lateral visual network with main activation along 

associative visual cortex; and dorsal attention network (DAN) - including primarily the 

intraparietal sulcus (IPS) and frontal eye field (FEF). Additionally, in case of task data, ICA 

revealed sensory-motor network, whereas in resting state data sensory and motor systems 

were separate components. One network, the executive control network (ECN), was identified 

in the Stroop task data but did not have a corresponding component in the resting state. 
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3.2. Comparison of Networks’ organisation in resting state and during task performance 

Most of neural networks showed high structural similarity (spatial cross correlation above 

0.90). For rest of the networks the degree to which the spatial maps change during rest versus 

task was determined with the use of conjunction analysis. Two neural networks, i.e. DAN and 

lateral visual network, showed spatial modulation during the cognitive task versus rest. 

Significant overlapping regions of those networks for task and rest as well as those that are 

included in the network only during task performance or only while resting are listed in the 

Table I. This analysis revealed spread spatial differences in the networks during the presence 

of a task in comparison to resting, even for the network that do not show a strong correlation 

with the task. 

Within the DAN, common regions for two conditions were as follows: bilaterally the lateral 

visual cortex, posterior part of IPS and FEF, right posterior insular cortex and postcentral 

gyrus and supplementary motor area (SMA). Clusters that were present within the DAN only 

for task data were localized in the medial visual cortex, left IPS and around left FEF, i.e. on 

the dorsal, ventral and anterior side of the one from common map. Areas included in the DAN 

only during resting state were the left and right thalamus, fusiform gyrus within visual cortex, 

postcentral gyrus, right precentral gyrus and cuneus. Both the thalamus and cuneus were 

anticorrelated to other regions. 
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Figure 2. Independent component analysis of the Stroop task and resting state data. T-maps of 
independent components (pcor<0.001), their labels and spatial cross correlation coefficients. MPFC = 
Medial Prefrontal Cortex; DMN = Default Mode Network; DAN = Dorsal Attention Network; 
ECN = Executive Control Network; 
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Table I. Significant overlapping regions of Lateral Visual and Dorsal Attention networks for task and rest as well as those that are included in the 
network only during task performance. Talairach coordinates of clusters’ centres of mass. 

Common networks' regions for task and rest Regions within a network  
only during task performance 

Regions within a network  
only during resting state 

Region Side x y z Region Side x y z Region Side x y z 

Lateral Visual Cortex 

Associative Visual 
Cortex extending to 
Inferior Temporal Gyrus 

r +50.2 -42.3 +3.8 Parieto-Occipital 
Junction 

r +37.3 -67.0 +20.9 
White Matter 

r +26.9 -22.3 +28.9 

l -45.3 -43.7 +5.3 l -25.2 -70.4 +20.5 l -23.1 -10.7 +29.9 

Thalamus 
l -9.4 -18.2 +12.5 

IPS 
r +31.9 -60.8 +36.6 

Inferior Frontal Gyrus 
l -37.7 +33.6 -0.6 

r +13.2 -18.2 +12.2 l -49.3 -53.8 +36.1 r +44.1 +34.1 -0.3 

Putamen 
l -26.3 -4.8 +6.6 Anterior FEF r +42.8 +11.0 +28.2 Precuneus m +9.5 -52.1 +60.0 
r +27.4 -2.1 +8.5           

Cingulate Gyrus m +1.1 +15.6 +36.0           

Superior Frontal Gyrus 
l -31.5 +37.4 +31.3           
r +34.8 +35.3 +35.1           

Dorsal Attention Network 

Lateral Visual cortex 
l -25.1 -75.1 -1.2 Medial Visual Cortex m +3.3 -81.4 +8.9 

Thalamus 
l -10.7 -8.4 5.5 

r +30.7 -75.3 +1.6 IPS l -30.1 -63.9 +47.4 r +7.7 -16.8 +1.2 

Posterior IPS 
l -20.2 -75.5 +38.8 Dorsal part of FEF l -18.1 +8.1 +53.7 

Fusiform Gyrus 
l -21.3 -47.4 -4.0 

r +27.6 -65.8 +46.9 Ventral part of FEF l -40.9 +7.8 +27.7 r +24.1 -51.1 -4.9 

FEF 
l -49.5 -7.7 +34.4 Anterior part of FEF l -36.1 +14.0 +44.7 Cuneus m +1.1 -70.9 +11.3 
r +52.7 -3.3 +35.8      Postcentral Gyrus 

l -58.0 -6.6 +16.1 
Posterior Insular Cortex r +40.6 -13.3 +4.0      r +59.2 -5.2 +18.3 
Postcentral Gyrus r +59.8 -31.0 +29.0      Precentral Gyrus r +47.9 +19.9 +30.9 
SMA m -2.6 -4.7 +55.3           

Note: Side refers to the location of the activation: m = medial, l = left, and r = right hemisphere. IPS = intraparietal sulcus; FEF = frontal eye field; SMA = supplementary 
motor area. 
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In case of the lateral visual network a common areas for both conditions were the bilaterally 

associative visual cortex and fusiform gyrus extending to inferior temporal gyrus and 

anticorrelated areas located medially in cingulate gyrus and bilaterally in superior frontal 

gyrus, thalamus and striatum. Areas included in the network only during task were the 

bilaterally parieto-occipital junction, IPS and anterior part of right FEF. These additional 

areas together with principal ones form a parieto-medial temporal network presented in our 

previous study (Domagalik et al., 2012). During resting state, the lateral visual network 

comprised additionally the right and left inferior frontal gyrus, precuneus and activations 

along white matter in both hemispheres. 

 

3.3. Task Related Neural Networks  

The networks were labelled and classified as those related to the task or unrelated to it (see 

Materials and Methods section). Four components were classified as task-related networks, 

two of them being activated and two deactivated during task performance. Their maps and 

time courses are presented in the Figure 3.  

 

3.3.1. Neural networks activated during Stroop task performance 

Components, which showed positive correlation with the model (Fig. 3) represents the Dorsal 

Attention Network (DAN) and Executive Control Network (ECN). 

The first one includes bilaterally the visual cortex, posterior part of intraparietal sulcus (IPS), 

regions at the intersection of precentral and superior frontal sulcus at the human frontal eye 

field (FEF) and medially supplementary motor area (SMA). The network showed also few 

negative clusters located in the precuneus, right middle frontal gyrus and posterior insula. For 

details, see Table II and Figure 3. The DAN is commonly found in the functional connectivity 
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studies (e.g. Fox et al., 2005; Varoquaux et al., 2010; Xu et al., 2013). It is associated with 

mediating goal-directed stimulus-response selection (Corbetta and Shulman, 2002). 

The ECN comprised the following brain regions: the SMA extending to the dorsal part of the 

anterior cingulate cortex (ACC), as well as the bilaterally the dorsolateral prefrontal cortex 

(DLPFC), FEF, anterior insular cortex (AIC), IPS, extrastriate cortex and left putamen and 

parahippocampal cortex (Table II, Fig. 3). Cole and Schneider (2007) have already showed 

functional connectivity between most of these regions during rest and cognitive task 

performance. The network has been found in many studies implementing ICA (Beckmann et 

al., 2005; Doria et al., 2010; Smith et al., 2009). 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). 
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Table II. Task Related Neural Networks. Talairach coordinates of maximum positive 
activations in the networks. 

Region Side x y z T 
Dorsal Attention Network 

Visual cortex 
l -22.0 -86.0 +2.0 23.39 
r +16.0 -88.0 +0.0 18.44 

Posterior IPS 
l -20.0 -76.0 +38.0 10.70 
r +30.0 -64.0 +46.0 8.03 

SMA m -4.0 -2.0 +56.0 12.39 

FEF 
l -46.0 -4.0 +32.0 12.31 
r +50.0 -2.0 +36.0 9.31 

Precuneus m -0.0 -56.0 +48.0 -10.29 
Middle frontal gyrus r +38.0 +20.0 +44.0 -13.68 
Posterior insular cortex r +42.0 -20.0 +8.0 -8.73 
Executive Control Network 
SMA extending to ACC m +2.0 -2.0 +58.0 35.20 

FEF 
l -48.0 -10.0 +44.0 15.61 
r +42.0 +2.0 +40.0 12.30 

DLPFC 
l -50.0 +8.0 +26.0 13.67 
r +32.0 +30.0 +38.0 6.46 

IPS 
l -32.0 -58.0 +42.0 11.61 
r +32.0 -62.0 +38.0 14.14 

AIC 
l -40.0 +14.0 +2.0 13.85 
r +38.0 +18.0 +10.0 10.52 

Putamen l -18.0 +4.0 +6.0 11.11 
Parahippocampal gyrus l -16.0 -32.0 +0.0 10.77 

Extrastriate cortex 
l -40.0 -60.0 -12.0 9.81 
r +48.0 -64.0 -8.0 10.07 

Default Mode Network 
PCC m -2.0 -46.0 +26.0 35.10 

Inferior parietal lobe 
l -42.0 -70.0 +32.0 20.87 
r +44.0 -66.0 +28.0 14.34 

MPFC m -6.0 +64.0 +6.0 15.23 

Postcentral gyrus 
l -44.0 -18.0 +34.0 11.47 
r +58.0 -8.0 +26.0 7.70 

Posterior insular cortex 
l -34.0 -28.0 +18.0 9.62 
r +36.0 -16.0 +16.0 9.24 

AIC 
l -34.0 +20.0 +0.0 -8.13 
r +50.0 +18.0 +14.0 -16.06 

Medial Prefrontal Network 
MPFC m -0.0 +42.0 +14.0 46.36 
PCC m +4.0 -56.0 +22.0 11.91 
Posterior insular cortex r +48.0 -16.0 +18.0 9.07 
IPS l -30.0 -54.0 +34.0 -12.34 
FEF l -46.0 +4.0 +34.0 -9.35 
putamen l -20.0 -12.0 +8.0 -8.53 

Note: Side refers to the location of the activation: m = medial, l = left, and r = right hemisphere. T values refer to 
the maximum of cluster (pcor<0.001). IPS = intraparietal sulcus; SMA = supplementary motor area; FEF = frontal 
eye field; ACC = anterior cingulated cortex; DLPFC = dorsolateral prefrontal cortex; AIC = anterior insular 
cortex; PCC = posterior cingulate cortex; MPFC = medial prefrontal cortex. 
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3.3.2. Neural networks deactivated during Stroop task performance 

The components correlating negatively with task model (Fig. 3) were the Default Mode 

N4etwork (DMN) and Medial Prefrontal Cortex system (MPFC). 

DMN comprised a large cluster located in the posterior cingulate cortex (PCC) and smaller 

clusters in the medial prefrontal cortex (MPFC), bilaterally the inferior parietal lobes (IPL), 

postcentral gyrus and posterior insula (Table II, Fig. 3). This network is one of the most 

consistent finding in 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 (for review, see Buckner et al., 2008). 

DMN reduces its activity during goal-directed behaviour and increases during passive task 

states. It has been hypothesized that DMN generate spontaneous thoughts during mind 

wandering and may relate to creativity (Buckner et al., 2008). Alternatively, default mode 

activity may represent underlying physiological processes in the brain that are unrelated to 

any particular thoughts (Birn et al., 2008, 2006; Huijbers et al., 2014). 

The main cluster of MPFC system is located in the medial prefrontal cortex. Additionally 

PCC and left posterior insula were active within the system and left IPS, FEF and putamen 

were deactivated. The medial prefrontal is considered as a part of the DMN (Buckner et al., 

2008; Raichle et al., 2001); however, as here, it was found as a separate component in other 

ICA studies (Calhoun et al., 2008; Damoiseaux et al., 2006; Domagalik et al., 2012; 

Varoquaux et al., 2010). 

 

A 

 

http://en.wikipedia.org/wiki/Mind-wandering
http://en.wikipedia.org/wiki/Mind-wandering


27 

 

 

Figure 3. Task-related neural networks. On the left panel, the T-maps of networks are presented; Right 
panel presents time-courses of those networks; (A) Dorsal Attention Network, (B) Executive Control 
Network, (C) Default Mode Network, (D) Medial Prefrontal Cortex system; 
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3.4. Time-of-day changes in activity of task related neural networks 

All of the task-related networks were tested for a time-of-day change in their activity. The 

results are shown in the Figure 4. The ANOVA test revealed a significant time-of-day effect 

in activity of ECN (F4,56 = 3.04 , p < 0.05) and MPFC (F4,56 = 2.83, p < 0.05). Activation of 

the ECN and deactivation of the MPFC lowered during the day. The least significant 

differences post-hoc analysis revealed significantly (p < 0.05) higher activation of the ECN 

and deactivation of the MPFC in the morning session (at 6am) in comparison with the activity 

levels measured in the afternoon and evening (i.e., at 2pm, 6pm and 10pm). Activation of the 

DAN and deactivation of the DMN did not show significant diurnal effect. 

 

3.5. Contributive Sources Analysis 

The GLM analysis of task data resulted in a set of brain activations (pcor < 0.001, cluster 

size > 50; Table III, Fig. 5. and 6.) commonly found in studies implementing Stroop task 

(Laird et al., 2005). The map showed significant bilateral activation in the visual cortex, IPS, 

FEF, DLPFC, AIC, activation in left putamen as well as cluster with the peak in SMA and 

extending to ACC. Significant deactivations were found in the PCC, bilateral IPL, SFG, 

parahippocampal gyrus and anterior middle temporal gyrus. Those regions are usually 

classified as part of the DMN (Buckner et al., 2008; Laird et al., 2009). 

The first step of the CSA analysis was to verify if the sum of contributive sources is 

equivalent to the GLM parameter estimates. The CS and the parameter estimates obtained 

with GLM were extracted from all activated and deactivated brain regions, which remained 

significant. The results of the linear regression analysis revealed significant dependence of the 

parameters (slope 0.984, constant 0.005, R2 = 0.99; p < 0.001; Supp. Fig. 1). 
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Figure 4. Time-of-day changes in neural networks’ activity. Top: networks activated during task 
performance; DAN = Dorsal Attention Network; ECN = Executive Control Network; Bottom: 
networks deactivated during task performance; MPFC = Medial Prefrontal Cortex; DMN = Default 
Mode Network; n.s. = not significant. 
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The CS parameters, which were extracted from significant clusters in the Stroop task, are 

presented in Figures 5 and 6. Each brain region revealed at least one independent component 

as being contributive. The strongest activity was detected in bilateral visual cortex and it was 

explained by high domination of the DAN and small contribution of the ECN. The IPS as well 

as the DLPFC activations were the result of the DAN and ECN network activity with 

additional contribution of the left and right FPN for left and right regions respectively. Three 

neural networks contributed to the SMA activation: most prominently the ECN, but also the 

DAN and DMN. The FEF activation can be principally explained by the engagement of two 

networks: the DAN, and the ECN. Additionally, the right FPN contributed to the activation of 

right FEF and DMN to the left one. Putamen activation was explained by only one network, 

the ECN. The activation of AIC was caused by the activity of the DAN, ECN as well as 

sensory-motor network.  

Deactivated regions in the Stroop task were mainly associated with the DMN, but there was 

also other components’ contribution (Fig. 6). The PCC deactivation was a result of the DMN 

and additionally the MPFC and deactivation of the DAN. The bilateral IPL and left SFG were 

deactivated due to the MPFC apart from the DMN. Additionally within the left and right SFG 

there was positive contribution of left and right FPN respectively. Right middle temporal 

gyrus was deactivated by DAN, ECN and auditory network. Deactivation of parahippocampal 

gyrus was explained only by DMN. 
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Table III. Talairach coordinates of maximum activations obtained from GLM analysis in the 
Stroop task. 

Region Side x y z T 

Visual cortex 
l -24 -84 -8 13.64 
r +26 -88 -2 9.49 

IPS 
l -26 -68 +44 7.34 
r +34 -54 +40 5.67 

FEF 
l -42 -2 +38 10.41 
r +48 0 +50 8.62 

SMA m 0 +2 +54 11.31 

DLPFC 
l -52 +13 +24 5.86 
r +36 +44 +30 5.62 

AIC 
l -28 14 16 8.56 
r +40 +22 +6 7.17 

Putamen l -20 0 +10 7.09 
PCC m +2 -46 +20 -11.81 

Inferior parietal lobe 
l -40 -72 +26 -7.28 
r 48 -70 26 -6.71 

Superior front al gyrus 
l -18 +28 +48 -6.57 
r +24 +38 +44 -7.91 

Parahippocampal gyrus 
l -28 -36 -8 -6.65 
r +28 -40 -8 -10.88 

Middle temporal gyrus 
l -58 -2 -2 -8.17 
r +58 -2 -10 -12.81 

Note: Side refers to the location of the activation: m = medial, l = left, and r = right hemisphere. 
IPS = intraparietal sulcus; FEF = frontal eye field; SMA = supplementary motor area; DLPFC = dorsolateral 
prefrontal cortex; AIC = anterior insular cortex; PCC = posterior cingulate cortex. 
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Figure 5. Results of CSA analysis for activated regions in Stroop task. Colour bars indicate sources, 
i.e. independent components, which significantly contribute to brain activations. The GLM T-map 
presents bilateral (A) visual cortex, (B) intraparietal sulcus, (C) frontal eye field, (D) dorsolateral 
prefrontal cortex, (E) supplementary motor area, (F) left putamen, (G) left and right anterior insular 
cortex; DAN =  Dorsal Attention Network, ECN = Executive Control Network, DMN =  Default 
Mode Network, MPFC = Medial Prefrontal Cortex system 
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Figure 6. Results of CSA analysis for deactivated regions in Stroop task. Colour bars indicate sources, 
i.e. independent components, which significantly contribute to brain activations. The GLM T-map 
presents (A) posterior parietal cortex, bilateral (B) inferior parietal lobe, (C) superior frontal gyrus, 
(D) parahippocampal gyrus and (E) middle temporal gyrus. DAN = Dorsal Attention Network, 
ECN = Executive Control Network, DMN =  Default Mode Network, MPFC = Medial Prefrontal 
Cortex system. 
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3.6. Time-of-day changes in contribution of neural networks into brain region activation 

A time-of-day effect was checked for contributive network of each cluster revealed by GLM 

analysis. The ANOVA test revealed significant (p < 0.05) differences in contribution of ECN 

into the left IPS (F4,56 = 2.57), SEF (F4,56 = 3,46), bilateral FEF (left, F4,56 = 2.75; right, 

F4,56 = 2.96) and left putamen (F4,56 = 4.49). Moreover there were time-of-day differences in 

contribution of the DAN into the left IPS activation (F4,56 = 2.97). Results are presented in the 

Figure 7. There were no differences in case of deactivated regions. 

 

3.7. Subjective measures of sleepiness 

Subjective sleepiness was measured with Karolinska Sleepiness Scale (Akerstedt and 

Gillberg, 1990). The analysis revealed significant diurnal change in averaged (from before 

and after session) KSS score (F4,56 = 9.52, p < 0.001; Fig. 8). The least significant differences 

post-hoc test indicated significantly (p < 0.05) higher feeling of sleepiness in the evening (10 

pm) in comparison to earlier, morning and afternoon sessions. Also, the difference between 

morning (i.e. 6 am) and afternoon session (i.e. 6 pm) was significant. 
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Figure 7. Time-of-day changes in neural networks’ 
contribution into active region in Stroop task. (A) left 
intraparietal sulcus, (B) supplementary motor area, (C) 
left and (D) right frontal eye field, (E) left putamen; 
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Figure 8. Time-of-day changes in subjective sleepiness measured 
with Karolinska Sleepiness Scale (green bars) and activity of 
executive control network (red line). 
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4. Discussion 

 
In this study, three research questions were addressed. The first one was to identify neural 

networks in two fMRI datasets, i.e. task and rest, and to compare spatial organization of 

networks between those conditions. The second objective was to determine which networks 

are engaged in Stroop task performance and how these task-related networks contribute to 

activation of particular brain region. Finally, the main goal of this work was to analyze the 

change of neural networks’ activity during the day. 

 

4.1. Spatial structure of neural networks during task performance and resting state 

The independent component analysis revealed 11 neural networks and systems that constitute 

during Stroop task performance or resting state (Fig. 2). Seven of them are very similar for 

both scanning conditions, i.e. have a high degree of anatomical consistency (spatial cross 

correlation coefficient is above 0.90). These are the medial visual system, auditory network, 

medial prefrontal cortex system (MPFC), precuneus system, right and left fronto-parietal 

network and default mode network (DMN). It seems that the activity pattern of those 

networks and systems is largely consistent and independent of external conditions. This 

conclusion is supported by the fact of finding those components in a high number of fMRI-

ICA studies (e.g. Beckmann et al., 2005; Calhoun et al., 2008; Damoiseaux et al., 2006; Smith 

et al., 2009; Varoquaux et al., 2010). Three neural networks were modulated by the Stroop 

task. The sensory-motor network was found within one component for task data, but in case 

of resting state this network was divided to separate motor and sensory components (Fig. 2). 

The lateral visual network was found in both runs but there were small differences in 

structures engaged in the network (Table I). Clearly, task performance modulated spatial 

pattern of those networks. Taking into account the fact that both sensory-motor and lateral 
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visual networks were not engaged in task, it seems that behavioural activity may affect 

formation of functional connections between brain regions even those that are not crucial for 

this activity. This is in line with the study of Calhoun et al. (2008) that showed spatial 

differences in the networks revealed from auditory oddball task and rest. Another modulated 

network was the dorsal attention network (DAN). It was found as a task-related component. 

Here, the differences in activity pattern can be explained by the involvement in task 

performance. During this behavioural activity the network engaged broader areas within the 

FEF, left IPS and medial visual cortex (Table I). The greater activation of the regions 

indicates greater neuronal demands that are needed for successful functioning. This is in line 

with the study of Arbabshirani and colleagues (2013) showing that performing an active task 

requires larger and more active brain networks. Finally, the executive control network (ECN) 

was found to be present in the task, but not in the resting state data (Fig. 2). It seems that 

connections of brain regions reorganize in response to external conditions as the cognitively 

demanding task, such as the Stroop task, caused formation of this network in order to 

successfully perform the assignment. 

 

In 2009, Smith and colleagues published the paper about brain's functional architecture during 

activation and rest. The authors identified the naural networks by carrying out an image-based 

activation network analysis of thousands of data from functional imaging studies. They also 

extracted the networks from the resting brain. The sets of major brain networks and their 

decompositions into subnetworks showed close correspondence between the independent 

analyses of resting and activation brain dynamics. The authors concluded that all regions 

involved in all functional networks are continuously interacting with each other when the 

brain is at rest, with the same functional hierarchy that controls all brain action and cognition. 

However, the results presented in this thesis as well as in recent work published by Cole et al. 
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(2014) do not fully agree with the findings of Smith et al. (2009). Cole and colleagues sought 

to test for universality of the neural networks’ architecture across dozens of task states and 

rest. They found that many of the inter-region temporal relationships observed during rest are 

also present during a wide variety of tasks. Still, there are some differences in functional 

networks when comparing brain in action to brain at “rest”. Similarly here, most of the 

networks were the same in two conditions (i.e. Stroop task and rest), but some showed the 

anatomical differences. The results presented by Cole and colleagues and those from current 

study indicate that the brain’s functional network architecture during task performance is 

shaped primarily by an intrinsic network architecture that is also present during rest, and 

secondarily by task-evoked network changes. According to Cole et al. (2014), the 

modifications of intrinsic architecture by the task can be explained twofold. One possibility is 

that this effect is due to some difference in electrophysiological brain rhythms during resting 

state relative to task. For instance, electrophysiological alpha rhythms that are consistently 

present during rest but disrupted while engaged in task may indirectly influence the BOLD 

signal. Another possibility is that task performance requires a breakdown or integration of 

network communities, such that activity can better flow between systems with diverse 

functions. The latter better explains the differences in networks’ anatomy revealed in this 

study. In summary, the brain’s functional network architecture during a given task appears to 

reflect (1) general intrinsic, and (2) task-specific functional connectivity. 

 

4.2. Neural networks activated/deactivated during Stroop task performance 

Stroop interference is undoubtedly one of, if not the most studied phenomena in cognitive 

psychology and remains at the cornerstone of investigations into human selective attention 

and the top-down control of behaviour. The basic principle of this paradigm is that a word 

reading, a highly prepotent learned ability, interferes with colour naming. There are few 
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theoretical alternative explanations of Stroop interference. Some of them are rather exclusive, 

but together claim that to the proper task performance (1) maintenance of goal-oriented 

processing and (2) blocking of more automatic word-reading responses are required 

(MacLeod and MacDonald, 2000). 

 

Most studies have focused on the anterior cingulate (ACC) and dorsolateral prefrontal cortex 

(DLPFC) as responsible for implementing cognitive attentional control during Stroop 

interference (e.g., Banich et al., 2000). It is clear that Stroop performance engages many other 

functionally important sites, including inferior prefrontal and parietal cortices and visual 

association areas (Peterson et al., 1999) but no previous study showed what networks stands 

behind those activations. In this study, two neural networks were found to be activated during 

Stroop task performance (Fig. 3, Table II). The first one comprises regions involved in the 

dorsal attention network (DAN), i.e. the visual cortex, IPS, FEF and SMA. As revealed by the 

contributive sources analysis, it has a major impact in activation of those regions during the 

task performance (Fig. 5). This network is involved in preparing and applying top-down 

selection for stimuli and responses (Corbetta and Shulman, 2002) and therefore maintenance 

of goal-directed processing. As indicated in our previous study (Domagalik et al., 2014), 

activation of those regions is correlated with reaction time and thus is responsible for 

sustained attentional processing until a response is made. 

In the Stroop task, a proper response selection is crucial because a task concurrently activates 

more than one response tendency. Incongruent colour–word trials have additional attentional 

demands (relative to congruent trials) as the word’s identity conflicts with the word’s ink 

colour. Therefore, a conflict is induced and prepotent, word reading, response has to be 

inhibited. According to the ‘conflict monitoring hypothesis’ (Botvinick et al., 2001), the 

region engaged in the monitoring of the occurrence of such competition in action selection is 
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the dorsal medial frontal cortex, including the anterior cingulate cortex (ACC). The ACC is 

known to be involved in cognitive control (Bush et al., 2000) and is typically active when 

participants are engaged in the Stroop task (e.g. Pardo et al., 1990). Recently, other studies 

have focused on the ACC and dorsolateral prefrontal cortex (DLPFC) as responsible for 

implementing cognitive control during the Stroop interference (e.g., Banich et al., 2000; 

MacLeod and MacDonald, 2000; Milham et al., 2001). The GLM analysis of this experiment 

showed activation of those regions and further CSA analysis revealed that those activations 

are mostly due to the executive control network (ECN; Fig 5). This is the second network that 

was found to be task related in the study (Fig. 3, Table II). Executive functioning has initially 

been associated with activity in the frontal brain areas, although an increasing number of 

studies demonstrate that different executive functions also depend upon the parietal cerebral 

regions (e.g., Kaufmann et al., 2005). Here, beside the ACC and DLPFC, the executive 

network comprised FEF, AIC, IPS, extrastriate cortex, left putamen and parahippocampal 

cortex. Most of these structures were shown to be present in many studies with verbal Stroop 

paradigm (see meta-analysis of the Stroop task by Laird et al., 2005). In the Stroop task the 

ECN can be linked to conflict detection and resolution as well as in inhibition of improper 

response. As mentioned, both the ACC and DLPFC were found to take part in the conflict 

monitoring. The AIC was shown to be engaged in inhibitory processes (Berkman et al., 2012; 

Brass and Haggard, 2007; Swick et al., 2011) but also plays a fundamental role in general 

awareness (see review by Craig, 2009). The putamen may be also involved in response 

inhibition, as it has been associated with the successful stopping of pressing the button in 

stop-signal anticipation task (Zandbelt and Vink, 2010). The results suggest that the FEF and 

IPS serves as key nodes of DAN and ECN interactions similarly as in our previous 

antisaccade study (Beldzik et al., 2013). 
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The default mode network (DMN) was deactivated during the Stroop task performance 

(Fig. 3, Table II). Here, it divided into two components: the core DMN with main activity in 

PCC and clusters in medial prefrontal cortex and inferior parietal lobes as well as the anterior 

part with main activation in medial prefrontal cortex. Similarly to this finding, the MPFC was 

found as a separate component in previous ICA studies (Calhoun et al., 2008; Damoiseaux et 

al., 2006; Domagalik et al., 2012; Varoquaux et al., 2010). These two components mostly 

explained the deactivations of regions revealed by the GLM analysis (Fig. 6). In some 

regions, however, the DAN and ECN also contributed to the deactivations. 

 

One of the most reliable findings in the neuroimaging literature is that the DMN is activated 

during rest but deactivated during demanding cognitive tasks (Buckner et al., 2008). It has 

been proposed that DMN is involved in cognitive processes, taking place during conscious 

rest, such as mental explorations referred to oneself, including remembering, considering 

hypothetical social interactions, and thinking about the future. These processes are suspended 

when a demanding cognitive task is being performed leading to deactivations in these areas 

(Greicius et al., 2003; Raichle et al., 2001). The magnitude of such task-induced deactivations 

tends to increase with task demands (McKiernan et al., 2003). Daselaar and colleagues (2004) 

showed greater deactivations for remembered than forgotten words in memory encoding task 

what was explained to be beneficial for learning. Thus, the deactivation of DMN it this study 

can be explained by the process of reallocation of processing resources from the DMN to the 

activated brain areas in order to successfully perform the task (McKiernan et al., 2003; 

Raichle et al., 2001). Moreover, Weissman et al. (2006) showed that less efficient stimulus 

processing during attentional lapses was also characterized by less deactivation of a ‘default-

mode’ network. A relationship between DMN and attention has been demonstrated in several 

studies. They report anticorrelated behaviour between the default mode and attention control 
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networks (Biswal et al., 2010; Fox et al., 2005; Fransson, 2005). Although not described in 

the Results section, I  found  that DMN activity was negatively correlated to DAN activity 

(r= -0.78; p < 0.001). No other networks showed such relationship. This is in line with the 

finding that DMN and DAN had stronger relationship with EEG power in all frequency 

bands, especially alpha and beta rhythms, albeit in opposite directions (Mantini et al., 2007). 

Alternative explanation for deactivation of DMN during task performance is that the reduced 

activity within the network is partially associated with physiological process of breathing. Our 

recent study showed that the respiratory fluctuations have substantial effect on activity in PCC 

(Huijbers et al., 2014). In this study, we found that the respiratory rate was significantly 

slower during rest than during stimulus presentation blocks. This is in line with other findings 

showing that, compared to active externally oriented tasks, rest (i.e. passive internally 

oriented conditions) is associated with slower breathing rates (e.g., Skaggs, 1930). The result 

of within-subject difference in breathing-rate was negatively correlated with the within 

subject difference in fMRI signals between task and rest block. In other words, individuals 

showing a relatively large difference in breathing-rate also showed relatively strong task-

induced deactivations in PCC (Huijbers et al., 2014). Further studies should be designed to 

verify which of these explanations is the most plausible. 

 

4.3. Diurnal variability of neural networks’ activation 

The main goal of this study was to determine whether there is diurnal variability in the human 

neural networks activity. The examination of time-of-day effect is important to clarify the 

dynamic nature of neural networks as well as to determine if the time of observation (i.e. an 

fMRI scanning) has significant influence on the level of neural activation. The latter issue is 

crucial for planning future or interpreting already performed research. 
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In this study, both of the used analysis methods proved existence of the time-of-day effect on 

executive control network (ECN). The network showed a decrease in activity (Fig. 4.) as well 

as in contribution to brain regions’ activation during the day (Fig. 7). This decrease may be 

the result of increasing fatigue and sleepiness along with the time of awakening. This 

explanation is supported by subjective sleepiness ratings obtained with the Karolinska 

Sleepiness Scale (KSS; Akerstedt and Gillberg, 1990). While the ECN activity decreased, the 

KSS increased from morning until evening hours (Fig. 8). The results suggest that neural 

activity is modulated by the homeostatic process linked to sleep pressure. This is in line with 

the finding of Strijkstra et al. (2003). The authors demonstrated that extended periods of 

waking lead not only to increased sleepiness, but also to changes in cortical 

electroencephalogram (EEG). They presented a strong negative correlation of alpha power 

with subjective sleepiness and suggested a negative association between sleepiness and 

general cortical activation. In another study, a forced desynchronization protocol was used in 

order to separate effects of circadian and sleep homeostatic processes. Harrison and co-

workers (2007) showed a significant main effect of wake duration but no circadian component 

for the performance on task dependent on frontal lobe function. In conclusion, maintaining 

optimal level of neural networks’ activity (and thus probably also performance) during 

evening hours may become difficult because of increasing sleep propensity. 

 

Another explanation of the decrease in activity of ECN during the day is a familiarity and 

routine. Lowering activation from session to session can be linked to repeated practice of the 

task. This may induce learning of the solution or of the strategy to solve the problem. 

Consequently, the functional involvement of the prefrontal cortex may be shifted towards 

lower sensory and motor cortical regions (e.g. Sakai et al., 1998). Tasks designed to study 

executive functions require procedures that incorporate decision making, planning, and 
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solving new problems. These tasks should be, by definition, novel and stimulating (Blatter 

and Cajochen, 2007), but to examine effects of circadian rhythms on these functions, it is 

necessary to apply the test several times during the day. There are some components of 

executive functions that depend more on novelty (e.g. planning and prevision), but other, such 

as inhibition, flexibility, or self-monitoring, can be feasibly assessed with the use of repeated 

tasks. I believe that executive components evoked by the Stroop task, i.e. inhibition of 

automatic response or conflict detection, cannot be trained and appear every time when 

incongruent stimuli is presented.  

 

It is worth to mention that there is a discrepancy of the results presented here and in our 

previous study (Marek et al., 2010). In this publication, the GLM analysis revealed 

deactivation of MPFC within DMN. Here, such deactivation was not observed. This 

difference was caused most likely by the application of additional preprocessing step (i.e. 

removal of artifactual signal). I believe that implementing this procedure allowed to obtain 

more reliable results. In fact, the MPFC activation did not fully disappeared as its component 

was classified as task-related in ICA analysis. However, due to its anatomical overlap with 

frontal cluster of the ECN the effect of networks’ cancellation (Beldzik et al., 2013) could 

have occurred and disrupted the result of GLM. Another discrepancy can be observed in the 

results of diurnal variability in neural activation. In our previous study, we showed that the 

time-of-day–related changes occurred in the activity of brain regions linked to the orienting 

attentional system, simultaneously providing arguments for temporal stability of the executive 

system and DMN (see Figure 2 in Marek et al. 2010). In the present study executive network 

and anterior part of DMN showed changing pattern of activity during the day, whereas 

attentional network and core DMN did not show significant effect (Fig. 4). In both studies, 

different analysis methods were used. In Marek et al. (2010) a standard GLM analysis was 
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applied and resulting brain regions were classified as a part of the orienting attention system 

(IPS, FEF), executive system (SMA-ACC, DLPFC, AIC) or DMN (MPFC, PCC, SFG, IPL, 

parahippocampal gyrus). Here the analysis was extended by the use of the ICA and CSA. The 

latter is crucial for explaining the discrepancy. As revealed by this analysis, the FEF, SEF, 

and IPS activate due to both attention and executive networks. The latter was responsible for 

showing the time-of-day difference in the GLM results. 

 

Limitations of the study 

The current experiment has several limitations concerning design of the work and data 

acquisition. First, in the Stroop task used here there were only incongruent trials. Such 

procedure could result in a lower perception of conflict due to anticipation of presenting 

stimuli. Usually, tasks designed to induce conflict contain less that 50% of incongruent trials. 

Second, subjects’ responses could not be recorded due to technical problems. In this way, 

drawing conclusions regarding behaviour, its difference throughout the day and correlation to 

neural activity was impossible. Finally, data were acquired from 15 subjects. A larger sample 

size would provide stronger statistical power and thus more reliable results. 
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Conclusions 

In the current study I used functional connectivity measure to fMRI data of subjects 

performing Stroop task. First, I compared the output of ICA analysis, i.e. neural networks that 

constitutes during task performance, to the so called spontaneous resting state networks. 

There were no anatomical differences for most of the networks. However, two networks were 

spatially modulated by the task. Another one was present as single component for task and 

two for rest data. Additionally, executive control network was present only for the task data. It 

seems that the brain’s functional network architecture during task performance is shaped 

primarily by an intrinsic network architecture that is also present during rest, and secondarily 

by task-evoked network changes. The second goal was to define which networks activate 

during Stroop task performance. The results of ICA and regression analysis showed task-

relatedness of four components. The time courses of two networks positively correlated with 

block model of task. They were dorsal attention network (DAN) comprising in particular FEF 

and IPS and executive attention network (ECN) with main activation in SMA extending to 

ACC. These networks are responsible for maintenance of goal-oriented processing and 

blocking of more automatic word-reading responses respectively. Additionally the default 

mode network (DMN) deactivated during task performance. It was split to two components: 

the core DMN with great activation in PCC and to more anterior part activating mostly 

MPFC. Two explanations of the occurrence of this network can be provided. The deactivation 

of DMN can be linked to the process of reallocation of processing resources from this 

network to the activated brain areas in order to successfully perform the task. However, the 

reduced activity within the network can be partially explained by physiological processes, e.g. 

breathing rate that was shown to be significantly slower during rest than during stimulus 

presentation blocks. Finally, the time-of-day effect on activation of task-related networks was 

determined. Significant decrease of activity during the day was present in case of executive 
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control network. At the same time, the measure of subjective sleepiness showed high and 

significant increase. The results suggest that neural activity of this network is modulated by 

the homeostatic process linked to sleep pressure. This finding provides new insight on how 

circadian rhythms influence activity of brain regions. Moreover, it highlights the importance 

of taking into consideration the time-of-day effect in future research, especially in studies that 

compares different groups. 

 



49 

 

References 

Akerstedt, T., Gillberg, M., 1990. Subjective and objective sleepiness in the active individual. The 
International journal of neuroscience 52, 29–37. 

Arfanakis, K., Cordes, D., Haughton, V.M., Moritz, C.H., Quigley, M.A., Meyerand, M.E., 2000. 
Combining independent component analysis and correlation analysis to probe interregional 
connectivity in fMRI task activation datasets. Magnetic resonance imaging 18, 921–930. 

Banich, M.T., Milham, M.P., Atchley, R., Cohen, N.J., Webb, A., Wszalek, T., Kramer, A.F., Liang, 
Z.P., Wright, A., Shenker, J., Magin, R., 2000. fMri studies of Stroop tasks reveal unique roles of 
anterior and posterior brain systems in attentional selection. Journal of cognitive neuroscience 
12, 988–1000. 

Beckmann, C.F., DeLuca, M., Devlin, J.T., Smith, S.M., 2005. Investigations into resting-state 
connectivity using independent component analysis. Philosophical transactions of the Royal 
Society of London. Series B, Biological sciences 360, 1001–1013. 

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, 304–312. 

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

Berger, A., Posner, M.I., 2000. Pathologies of brain attentional networks. Neuroscience and 
biobehavioral reviews 24, 3–5. 

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 monitoring, and response 
inhibition. PloS one 7, e40334. 

Birn, R.M., Diamond, J.B., Smith, M. a, Bandettini, P. a, 2006. Separating respiratory-variation-
related fluctuations from neuronal-activity-related fluctuations in fMRI. NeuroImage 31, 1536–
1548.  

Birn, R.M., Murphy, K., Bandettini, P. a, 2008. The effect of respiration variations on independent 
component analysis results of resting state functional connectivity. Human brain mapping 29, 
740–750.  

Biswal, B., Yetkin, F.Z., Haughton, V.M., Hyde, J.S., 1995. Functional connectivity in the motor 
cortex of resting human brain using echo-planar MRI. Magnetic resonance in medicine : official 
journal of the Society of Magnetic Resonance in Medicine / Society of Magnetic Resonance in 
Medicine 34, 537–541. 

Biswal, B.B., Mennes, M., Zuo, X.-N., Gohel, S., Kelly, C., Smith, S.M., Beckmann, C.F., Adelstein, 
J.S., Buckner, R.L., Colcombe, S., Dogonowski, A.-M., Ernst, M., Fair, D., Hampson, M., 
Hoptman, M.J., Hyde, J.S., Kiviniemi, V.J., Kötter, R., Li, S.-J., Lin, C.-P., Lowe, M.J., Mackay, 
C., Madden, D.J., Madsen, K.H., Margulies, D.S., Mayberg, H.S., McMahon, K., Monk, C.S., 
Mostofsky, S.H., Nagel, B.J., Pekar, J.J., Peltier, S.J., Petersen, S.E., Riedl, V., Rombouts, S. a 
R.B., Rypma, B., Schlaggar, B.L., Schmidt, S., Seidler, R.D., Siegle, G.J., Sorg, C., Teng, G.-J., 
Veijola, J., Villringer, A., Walter, M., Wang, L., Weng, X.-C., Whitfield-Gabrieli, S., 



50 

 

Williamson, P., Windischberger, C., Zang, Y.-F., Zhang, H.-Y., Castellanos, F.X., Milham, M.P., 
2010. Toward discovery science of human brain function. Proceedings of the National Academy 
of Sciences of the United States of America 107, 4734–4739. 

Blatter, K., Cajochen, C., 2007. Circadian rhythms in cognitive performance: methodological 
constraints, protocols, theoretical underpinnings. Physiology & behavior 90, 196–208. 

Borbély, A.A., 1982. A two process model of sleep regulation. Human neurobiology 1, 195–204. 

Boroomand, A., Ahmadian, A., Oghabian, M.A., Alirezaie, J., Beckman, C., 2007. An Efficient 
Hybrid Wavelet-ICA algorithm for Analyzing Simulated fMRI Data in Noisy Environment, in: 
IEEE International Symposium on Signal Processing and Information Technology. IEEE, pp. 
408–413. 

Botvinick, M.M., Braver, T.S., Barch, D.M., Carter, C.S., Cohen, J.D., 2001. Conflict monitoring and 
cognitive control. Psychological review 108, 624–652. 

Boubela, R.N., Kalcher, K., Huf, W., Kronnerwetter, C., Filzmoser, P., Moser, E., 2013. Beyond 
Noise: Using Temporal ICA to Extract Meaningful Information from High-Frequency fMRI 
Signal Fluctuations during Rest. Frontiers in human neuroscience 7, 168. 

Brass, M., Haggard, P., 2007. To do or not to do: the neural signature of self-control. The Journal of 
neuroscience : the official journal of the Society for Neuroscience 27, 9141–9145. 

Buckner, R.L., Andrews-Hanna, J.R., Schacter, D.L., 2008. The brain’s default network: anatomy, 
function, and relevance to disease. Annals of the New York Academy of Sciences 1124, 1–38. 

Buckner, R.L., Krienen, F.M., Yeo, B.T.T., 2013. Opportunities and limitations of intrinsic functional 
connectivity MRI. Nature neuroscience 16, 832–837. 

Bullmore, E., Sporns, O., 2009. Complex brain networks: graph theoretical analysis of structural and 
functional systems. Nature Reviews Neuroscience 10, 186–198. 

Bush, G., Luu, P., Posner, M., 2000. Cognitive and emotional influences in anterior cingulate cortex. 
Trends in cognitive sciences 4, 215–222. 

Buysse, D.J., Nofzinger, E.A., Germain, A., Meltzer, C.C., Wood, A., Ombao, H., Kupfer, D.J., 
Moore, R.Y., 2004. Regional brain glucose metabolism during morning and evening wakefulness 
in humans: preliminary findings. Sleep 27, 1245–1254. 

Cajochen, C., Chellappa, S., Schmidt, C., 2010. What keeps us awake? The role of clocks and 
hourglasses, light, and melatonin. International review of neurobiology 93, 57–90. 

Cajochen, C., Knoblauch, V., Wirz-Justice, A., Kräuchi, K., Graw, P., Wallach, D., 2004. Circadian 
modulation of sequence learning under high and low sleep pressure conditions. Behavioural 
brain research 151, 167–176. 

Calhoun, V.D., Adali, T., Pearlson, G.D., Pekar, J.J., 2001a. Spatial and temporal independent 
component analysis of functional MRI data containing a pair of task-related waveforms. Human 
brain mapping 13, 43–53. 



51 

 

Calhoun, V.D., Adali, T., Pearlson, G.D., Pekar, J.J., 2001b. A Method for Making Group Inferences 
from Functional MRI Data Using Independent Component Analysis. Human brain mapping 151, 
140–151. doi:10.1002/hbm. 

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. Human brain mapping 29, 828–838. 

Callejas, A., Lupiàñez, J., Funes, M.J., Tudela, P., 2005. Modulations among the alerting, orienting 
and executive control networks. Experimental brain research. 167, 27–37.  

Carrier, J., Monk, T.H., 2000. Circadian rhythms of performance: new trends. Chronobiology 
international 17, 719–732. 

Cole, M., Bassett, D., Power, J., Braver, T., Petersen, S., 2014. Intrinsic and task-evoked network 
architectures of the human brain. Neuron In Press. 

Cole, M.W., Schneider, W., 2007. The cognitive control network: Integrated cortical regions with 
dissociable functions. NeuroImage 37, 343–60.  

Corbetta, M., Shulman, G.L., 2002. Control of goal-directed and stimulus-driven attention in the brain. 
Nature Reviews Neuroscience 3, 201–215. 

Cordes, D., Haughton, V.M., Arfanakis, K., Wendt, G.J., Turski, P.A., Moritz, C.H., Quigley, M.A., 
Meyerand, M.E., 2000. Mapping functionally related regions of brain with functional 
connectivity MR imaging. AJNR. American journal of neuroradiology 21, 1636–1644. 

Cox, R.W., 1996. AFNI: software for analysis and visualization of functional magnetic resonance 
neuroimages. Computers and Biomedical research 29, 162–173. 

Craig, A.D.B., 2009. How do you feel--now? The anterior insula and human awareness. Nature 
reviews. Neuroscience 10, 59–70. 

Daan, S., Beersma, D.G., Borbély, A.A., 1984. Timing of human sleep: recovery process gated by a 
circadian pacemaker. The American journal of physiology 246, R161–183. 

Damoiseaux, J.S., Greicius, M.D., 2009. Greater than the sum of its parts: a review of studies 
combining structural connectivity and resting-state functional connectivity. Brain structure & 
function 213, 525–533. 

Damoiseaux, J.S., Rombouts, S. a R.B., Barkhof, F., Scheltens, P., Stam, C.J., Smith, S.M., 
Beckmann, C.F., 2006. Consistent resting-state networks across healthy subjects. Proceedings of 
the National Academy of Sciences of the United States of America 103, 13848–13853. 

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

Dijk, D.-J., von Schantz, M., 2005. Timing and consolidation of human sleep, wakefulness, and 
performance by a symphony of oscillators. Journal of biological rhythms 20, 279–290. 

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. 



52 

 

Domagalik, A., Beldzik, E., Oginska, H., Marek, T., Fafrowicz, M., 2014. Inconvenient correlation - 
RT-BOLD relationship for homogeneous and fast reactions. Neuroscience 278, 211-221. 

Doria, V., Beckmann, C.F., Arichi, T., Merchant, N., Groppo, M., Turkheimer, F.E., Counsell, S.J., 
Murgasova, M., Aljabar, P., Nunes, R.G., Larkman, D.J., Rees, G., Edwards, a D., 2010. 
Emergence of resting state networks in the preterm human brain. Proceedings of the National 
Academy of Sciences of the United States of America 107, 20015–20020.  

Fischl, B., 2012. FreeSurfer. Neuroimage 62, 774–781. 

Fox, M.D., Snyder, A.Z., Vincent, J.L., Corbetta, M., Van Essen, D.C., Raichle, M.E., 2005. The 
human brain is intrinsically organized into dynamic, anticorrelated functional networks. 
Proceedings of the National Academy of Sciences of the United States of America 102, 9673–
9678. 

Fransson, P., 2005. Spontaneous low-frequency BOLD signal fluctuations: an fMRI investigation of 
the resting-state default mode of brain function hypothesis. Human brain mapping 26, 15–29. 
doi:10.1002/hbm.20113 

Fransson, P., Marrelec, G., 2008. The precuneus/posterior cingulate cortex plays a pivotal role in the 
default mode network: Evidence from a partial correlation network analysis. NeuroImage 42, 
1178–1184. 

Greicius, M., 2008. Resting-state functional connectivity in neuropsychiatric disorders. Current 
opinion in neurology 21, 424–430. 

Greicius, M.D., Krasnow, B., Reiss, A.L., Menon, V., 2003. Functional connectivity in the resting 
brain: a network analysis of the default mode hypothesis. Proceedings of the National Academy 
of Sciences of the United States of America 100, 253–258.  

Greicius, M.D., Menon, V., 2004. Default-mode activity during a passive sensory task: uncoupled 
from deactivation but impacting activation. Journal of cognitive neuroscience 16, 1484–92.  

Greicius, M.D., Supekar, K., Menon, V., Dougherty, R.F., 2009. Resting-state functional connectivity 
reflects structural connectivity in the default mode network. Cerebral Cortex 19, 72–78. 

Hampson, M., Olson, I.R., Leung, H.-C., Skudlarski, P., Gore, J.C., 2004. Changes in functional 
connectivity of human MT/V5 with visual motion input. Neuroreport 15, 1315–1319. 

Hampson, M., Peterson, B.S., Skudlarski, P., Gatenby, J.C., Gore, J.C., 2002. Detection of functional 
connectivity using temporal correlations in MR images. Human brain mapping 15, 247–262. 

Harrison, Y., Jones, K., Waterhouse, J., 2007. The influence of time awake and circadian rhythm upon 
performance on a frontal lobe task. Neuropsychologia 45, 1966–1972. 

Himberg, J., Hyvärinen, A., Esposito, F., 2004. Validating the independent components of 
neuroimaging time series via clustering and visualization. NeuroImage 22, 1214–1222. 

Horovitz, S.G., Braun, A.R., Carr, W.S., Picchioni, D., Balkin, T.J., Fukunaga, M., Duyn, J.H., 2009. 
Decoupling of the brain’s default mode network during deep sleep. Proceedings of the National 
Academy of Sciences of the United States of America 106, 11376–11381. 



53 

 

Huijbers, W., Pennartz, C.M.A., Beldzik, E., Domagalik, A., Vinck, M., Hofman, W.F., Cabeza, R., 
Daselaar, S.M., 2014. Respiration phase-locks to fast stimulus presentations: Implications for the 
interpretation of posterior midline “deactivations”. Human brain mapping 35, 4932-4943. 

Jo, H.J., Saad, Z.S., Simmons, W.K., Milbury, L.A., Cox, R.W., 2010. Mapping sources of correlation 
in resting state FMRI, with artifact detection and removal. NeuroImage 52, 571–582. 

Johns, M.W., 1991. A new method for measuring daytime sleepiness: the Epworth sleepiness scale. 
Sleep 14, 540–545. 

Kaufmann, L., Koppelstaetter, F., Delazer, M., Siedentopf, C., Rhomberg, P., Golaszewski, S., Felber, 
S., Ischebeck, A., 2005. Neural correlates of distance and congruity effects in a numerical Stroop 
task: an event-related fMRI study. NeuroImage 25, 888–898. 

Kelly, R.E., Alexopoulos, G.S., Wang, Z., Gunning, F.M., Murphy, C.F., Morimoto, S.S., 
Kanellopoulos, D., Jia, Z., Lim, K.O., Hoptman, M.J., 2010. Visual inspection of independent 
components: defining a procedure for artifact removal from fMRI data. Journal of neuroscience 
methods 189, 233–245. 

Kleitman, N., Titelbaum, S., Feiveson, P., 1938. THE EFFECT OF BODY TEMPERATURE ON 
REACTION TIME. Am J Physiol -- Legacy Content 121, 495–501. 

Laird, A.R., Eickhoff, S.B., Li, K., Robin, D.A., Glahn, D.C., Fox, P.T., 2009. Investigating the 
functional heterogeneity of the default mode network using coordinate-based meta-analytic 
modeling. The Journal of neuroscience : the official journal of the Society for Neuroscience 29, 
14496–14505. 

Laird, A.R., McMillan, K.M., Lancaster, J.L., Kochunov, P., Turkeltaub, P.E., Pardo, J. V, Fox, P.T., 
2005. A comparison of label-based review and ALE meta-analysis in the Stroop task. Human 
brain mapping 25, 6–21. 

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

MacLeod, C., MacDonald, P., 2000. Interdimensional interference in the Stroop effect: uncovering the 
cognitive and neural anatomy of attention. Trends in cognitive sciences 4, 383–391. 

Manly, T., Lewis, G.H., Robertson, I.H., Watson, P.C., Datta, A.K., 2002. Coffee in the cornflakes: 
time-of-day as a modulator of executive response control. Neuropsychologia 40, 1–6. 

Mantini, D., Perrucci, M.G., Del Gratta, C., Romani, G.L., Corbetta, M., 2007. Electrophysiological 
signatures of resting state networks in the human brain. Proceedings of the National Academy of 
Sciences of the United States of America 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. Chronobiology international 27, 945–958. 

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 components. Human 
brain mapping 6, 160–188. 



54 

 

McKiernan, K. a, Kaufman, J.N., Kucera-Thompson, J., Binder, J.R., 2003. A parametric manipulation 
of factors affecting task-induced deactivation in functional neuroimaging. Journal of cognitive 
neuroscience 15, 394–408. 

Milham, M.P., Banich, M.T., Webb, A., Barad, V., Cohen, N.J., Wszalek, T., Kramer, A.F., 2001. The 
relative involvement of anterior cingulate and prefrontal cortex in attentional control depends on 
nature of conflict. Brain research. Cognitive brain research 12, 467–473. 

Miller, E.K., Cohen, J.D., 2001. An integrative theory of prefrontal cortex function. Annual review of 
neuroscience 24, 167–202. 

Moore, R.Y., 1997. Circadian rhythms: basic neurobiology and clinical applications. Annual review of 
medicine 48, 253–266. 

Nichols, T., Brett, M., Andersson, J., Wager, T., Poline, J.-B., 2005. Valid conjunction inference with 
the minimum statistic. NeuroImage 25, 653–660. 

Ogińska, H., 2011. Can you feel the rhythm? A short questionnaire to describe two dimensions of 
chronotype. Personality and Individual Differences 50, 1039–1043. 

Pardo, J. V, Pardo, P.J., Janer, K.W., Raichle, M.E., 1990. The anterior cingulate cortex mediates 
processing selection in the Stroop attentional conflict paradigm. Proceedings of the National 
Academy of Sciences of the United States of America 87, 256–259. 

Park, B., Il Kim, J., Lee, D., Jeong, S.-O., Lee, J.D., Park, H.-J., 2011. Are Brain Networks Stable 
During A 24-Hour Period? NeuroImage 59, 456-466.  

Peres, I., Vetter, C., Blautzik, J., Reiser, M., Pöppel, E., Meindl, T., Roenneberg, T., Gutyrchik, E., 
2011. Chronotype predicts activity patterns in the neural underpinnings of the motor system 
during the day. Chronobiology international 28, 883–889. 

Peterson, B.S., Skudlarski, P., Gatenby, J.C., Zhang, H., Anderson, a W., Gore, J.C., 1999. An fMRI 
study of Stroop word-color interference: evidence for cingulate subregions subserving multiple 
distributed attentional systems. Biological psychiatry 45, 1237–1258. 

Raichle, M.E., MacLeod, a M., Snyder, a Z., Powers, W.J., Gusnard, D. a, Shulman, G.L., 2001. A 
default mode of brain function. Proceedings of the National Academy of Sciences of the United 
States of America 98, 676–682.  

Sakai, K., Hikosaka, O., Miyauchi, S., Takino, R., Sasaki, Y., Pütz, B., 1998. Transition of brain 
activation from frontal to parietal areas in visuomotor sequence learning. The Journal of 
neuroscience : the official journal of the Society for Neuroscience 18, 1827–1840. 

Saxe, R., Moran, J.M., Scholz, J., Gabrieli, J., 2006. Overlapping and non-overlapping brain regions 
for theory of mind and self reflection in individual subjects. Social cognitive and affective 
neuroscience 1, 229–234. 

Schmidt, C., Collette, F., Cajochen, C., Peigneux, P., 2007. A time to think: circadian rhythms in 
human cognition. Cognitive neuropsychology 24, 755–789. 

Schmidt, C., Collette, F., Leclercq, Y., Sterpenich, V., Vandewalle, G., Berthomier, P., Berthomier, 
C., Phillips, C., Tinguely, G., Darsaud, A., Gais, S., Schabus, M., Desseilles, M., Dang-Vu, T.T., 



55 

 

Salmon, E., Balteau, E., Degueldre, C., Luxen, A., Maquet, P., Cajochen, C., Peigneux, P., 2009. 
Homeostatic sleep pressure and responses to sustained attention in the suprachiasmatic area. 
Science 324, 516–519. 

Schmidt, C., Peigneux, P., Leclercq, Y., Sterpenich, V., Vandewalle, G., Phillips, C., Berthomier, P., 
Berthomier, C., Tinguely, G., Gais, S., Schabus, M., Desseilles, M., Dang-Vu, T., Salmon, E., 
Degueldre, C., Balteau, E., Luxen, A., Cajochen, C., Maquet, P., Collette, F., 2012. Circadian 
preference modulates the neural substrate of conflict processing across the day. PloS one 7, 
e29658. 

Seeley, W.W., Menon, V., Schatzberg, A.F., Keller, J., Glover, G.H., Kenna, H., Reiss, A.L., Greicius, 
M.D., 2007. Dissociable intrinsic connectivity networks for salience processing and executive 
control. The Journal of neuroscience : the official journal of the Society for Neuroscience 27, 
2349–56.  

Shirer, W.R., Ryali, S., Rykhlevskaia, E., Menon, V., Greicius, M.D., 2012. Decoding subject-driven 
cognitive states with whole-brain connectivity patterns. Cerebral cortex 22, 158–165. 

Skaggs, E., 1930. Studies in attention and emotion. Journal of Comparative Psychology 10, 375–419. 

Smith, S.M., Fox, P.T., Miller, K.L., Glahn, D.C., Fox, P.M., Mackay, C.E., Filippini, N., Watkins, 
K.E., Toro, R., Laird, A.R., Beckmann, C.F., 2009. Correspondence of the brain’s functional 
architecture during activation and rest. Proceedings of the National Academy of Sciences of the 
United States of America 106, 13040–13045. 

Strijkstra, A.M., Beersma, D.G.M., Drayer, B., Halbesma, N., Daan, S., 2003. Subjective sleepiness 
correlates negatively with global alpha (8-12 Hz) and positively with central frontal theta (4-8 
Hz) frequencies in the human resting awake electroencephalogram. Neuroscience letters 340, 
17–20. 

Stroop, J., 1935. Studies of interference in serial verbal reactions. Journal of Experimental Psychology 
18, 643 – 662. 

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, 1655–65. 

Talairach, J., Tournoux, P., 1988. A Co-planar Stereotaxic Atlas of the Human Brain. Thieme, New 
York. 

Valdez, P., Ramírez, C., García, A., 2012. Circadian rhythms in cognitive performance: implications 
for neuropsychological assessment. ChronoPhysiology and Therapy 2, 82–92. 

Van den Heuvel, M.P., Hulshoff Pol, H.E., 2010. Exploring the brain network: a review on resting-
state fMRI functional connectivity. European neuropsychopharmacology : the journal of the 
European College of Neuropsychopharmacology 20, 519–534. 

Van den Heuvel, M.P., Mandl, R.C.W., Kahn, R.S., Hulshoff Pol, H.E., 2009. Functionally linked 
resting-state networks reflect the underlying structural connectivity architecture of the human 
brain. Human brain mapping 30, 3127–3141. 

Van Dijk, K.R.A., Hedden, T., Venkataraman, A., Evans, K.C., Lazar, S.W., Buckner, R.L., 2010. 
Intrinsic functional connectivity as a tool for human connectomics: theory, properties, and 
optimization. Journal of neurophysiology 103, 297–321. 



56 

 

Van Dongen, H.P.A., Dinges, D.F., 2005. Sleep, circadian rhythms, and psychomotor vigilance. 
Clinics in sports medicine 24, 237–49, vii–viii. 

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. 

Vincent, J.L., Kahn, I., Snyder, A.Z., Raichle, M.E., Buckner, R.L., 2008. Evidence for a 
frontoparietal control system revealed by intrinsic functional connectivity. Journal of 
neurophysiology 100, 3328–3342. 

Weissenbacher, A., Kasess, C., Gerstl, F., Lanzenberger, R., Moser, E., Windischberger, C., 2009. 
Correlations and anticorrelations in resting-state functional connectivity MRI: a quantitative 
comparison of preprocessing strategies. NeuroImage 47, 1408–1416. 

Weissman, D.H., Roberts, K.C., Visscher, K.M., Woldorff, M.G., 2006. The neural bases of 
momentary lapses in attention. Nature neuroscience 9, 971–978. 

Wright, K.P., Hull, J.T., Czeisler, C.A., 2002. Relationship between alertness, performance, and body 
temperature in humans. American journal of physiology. Regulatory, integrative and 
comparative physiology 283, R1370–1377. 

Xu, J., Zhang, S., Calhoun, V.D., Monterosso, J., Li, C.-S.R., Worhunsky, P.D., Stevens, M., Pearlson, 
G.D., Potenza, M.N., 2013. Task-related concurrent but opposite modulations of overlapping 
functional networks as revealed by spatial ICA. NeuroImage 79, 62–71. 

Yoon, C., May, C., Hasher, L., 1999. Aging, circadian arousal patterns, and cognition. Cognition, 
aging, and self-reports 117–143. 

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

 

 



57 

 

Supplementary Materials 
 

 
Supplementary Figure 1. Verification of the CSA. Each point 
refers to the values extracted from clusters listed in Table III. 
The y-axis presents the sum of contributive sources (CS), 
whereas x-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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Questionnaires used in the study 
 
Chronotype questionnaire (Ogińska, 2011) 
 
Kwestionariusz ten dotyczy Twoich upodobań i zwyczajów związanych z poziomem aktywności o 
różnych porach doby. Spróbuj określić, czy w Twoim przypadku poniższe twierdzenia są zgodne z 
prawdą, czy też nie. Swoje odpowiedzi zaznaczaj, zakreślając kółkiem jedną z trzech następujących 
możliwości: T oznacza "tak, prawda"; N oznacza "nie, nieprawda", zaś ? znaczy "to zależy, trudno mi 
powiedzieć".  

Postaraj się nie opuścić żadnego pytania.  

PW- 1. Najlepiej myśli mi się rano. .....................................................................  T ?  N   

AM- 2. Równie łatwo pracuje mi się w dzień, jak i w nocy. ...............................  T ?  N  

PW- 3. Czuję się przez dłuższy czas senny po obudzeniu się rano. ....................  T ? N  

AM- 4. Są takie pory dnia, kiedy wolałbym uniknąć wykonywania jakiejkolwiek 

pracy. ..................................................................………………………  T  ?  N  

PW- 5. Gdybym musiał się sam czegoś uczyć – robiłbym to raczej wieczorem.   T  ?  N  

AM- 6. Bez względu na porę doby czuję się prawie tak samo, jeśli chodzi 

o nastrój i sprawność. .............................................................................  T  ?  N  

PW- 7. Lubię sobie wstać wcześniej niż trzeba, np. po to, żeby spokojnie 

przygotować jakieś rzeczy na cały dzień.  .............................................  T  ?  N  

AM- 8. Kiedy nadchodzi moja zwykła pora snu, nie mogę opanować senności, 

oczy same mi się zamykają.  .................................................................  T  ?  N  

PW- 9. Po południu pracuje mi się lepiej niż przed południem.  ......................  T  ?  N  

PW-10.Z rana jestem zazwyczaj w świetnym nastroju. ....................................  T  ?  N  

AM-11.O każdej porze dnia lub nocy potrafię się skupić, jeśli mam coś do 

zrobienia.  ……………………………………………………………. T  ?  N  

PW-12.W najlepszej formie jestem z rana, a w ciągu dnia moja energia 

wyczerpuje się. .....................................................................................  T  ?  N  

AM-13.Gdy coś (lub ktoś) obudzi mnie o jakiejś niezwykłej dla mnie  

  porze, trudno mi "dojść do siebie". .......................................................  T  ?  N  

PW-14.Z rana jestem ospały, a w ciągu dnia powoli się rozkręcam.  ………....  T  ?  N 
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Epworth Sleepiness Scale (Jones, 1991) 
 
Poniższy kwestionariusz dotyczy senności jaką możesz odczuwać w ciągu dnia. Chodzi o to, byś ocenił 
prawdopodobieństwo, że się „całkiem wyłączysz”,  zdrzemniesz lub zaśniesz w niżej wymienionych 
codziennych sytuacjach. Nawet jeśli nie byłeś ostatnio w niektórych z tych sytuacji, spróbuj je sobie 
wyobrazić i udziel odpowiedzi.  
Chodzi o Twoje aktualne samopoczucie – z okresu ostatnich kilku tygodni.   
Odpowiedzi zaznaczaj, zakreślając kółkiem jedną z czterech następujących możliwości:  
 

0   oznacza „nigdy by mi się coś takiego nie zdarzyło"   

1   oznacza „niewielkie prawdopodobieństwo zaśnięcia”  

2 oznacza „średnie prawdopodobieństwo zaśnięcia”  
3 oznacza „duże prawdopodobieństwo zaśnięcia”.  

 

1) Czytanie w pozycji siedzącej  .................................................. 0  1  2  3    

2) Oglądanie telewizji  .................................................................  0  1  2  3    

3) Bierne siedzenie w miejscu publicznym, np. w teatrze, 
na zebraniu itp. ........................................................................  0  1  2  3    

4) Jazda samochodem przez godzinę bez przerwy - w charakterze 
pasażera   ................................................................................ 0  1  2  3    

5) Odpoczywanie na leżąco w godzinach popołudniowych ........ 0  1  2  3    

6) Siedzenie i rozmawianie z kimś   ............................................. 0  1  2  3    

7) Spokojne siedzenie po obiedzie (bez alkoholu)  …………...... 0  1  2  3    

8) W samochodzie, kiedy tkwisz w korku ....................................  0  1  2  3    
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Karolinska Sleepiness Scale (Åkerstedt & Gillberg, 1990) 
 

POZIOM CZUWANIA / SENNOŚCI 

 

Stosując system punktacji podany poniżej, oceń na ile senna/pobudzona czujesz się w tej chwili? 
Zakreśl odpowiednią cyfrę.  

 

Stopień Senności  PRZED 
badaniem 

PO 
badaniu  

   ekstremalnie czujna 1 1 

   bardzo czujna  2 2 

   czujna 3 3 

   raczej czujna 4 4 

   ani nie czujna, ani nie senna 5 5 

   pewne oznaki senności 6 6 

   senna, ale czuwanie bez wysiłku 7 7 

   senna, z pewnym wysiłkiem utrzymuje czujność 8 8 

   bardzo senna, z największym wysiłkiem     
   utrzymuje czujność, walczy ze snem 9 9 

 
 


