
UNIVERSITY OF OULU  P .O. Box 8000  F I -90014 UNIVERSITY OF OULU FINLAND

A C T A  U N I V E R S I T A T I S  O U L U E N S I S

University Lecturer Tuomo Glumoff

University Lecturer Santeri Palviainen

Postdoctoral researcher Jani Peräntie

University Lecturer Anne Tuomisto

University Lecturer Veli-Matti Ulvinen

Planning Director Pertti Tikkanen

Professor Jari Juga

Associate Professor (tenure) Anu Soikkeli

University Lecturer Santeri Palviainen

Publications Editor Kirsti Nurkkala

ISBN 978-952-62-2931-7 (Paperback)
ISBN 978-952-62-2932-4 (PDF)
ISSN 0355-3221 (Print)
ISSN 1796-2234 (Online)

U N I V E R S I TAT I S  O U L U E N S I S

MEDICA

ACTA
D

D
 1614

A
C

TA
Ville R

aatikainen

OULU 2021

D 1614

Ville Raatikainen

DYNAMIC LAG ANALYSIS OF 
HUMAN BRAIN ACTIVITY 
PROPAGATION
– A FAST fMRI STUDY

UNIVERSITY OF OULU GRADUATE SCHOOL;
UNIVERSITY OF OULU,
FACULTY OF MEDICINE;
MEDICAL RESEARCH CENTER OULU;
OULU UNIVERSITY HOSPITAL





ACTA UNIVERS ITAT I S  OULUENS I S
D  M e d i c a  1 6 1 4

VILLE RAATIKAINEN

DYNAMIC LAG ANALYSIS OF 
HUMAN BRAIN ACTIVITY 
PROPAGATION – A FAST fMRI 
STUDY

Academic dissertation to be presented with the assent
of the Doctoral Training Committee of Health and
Biosciences of the University of Oulu for public defence
in Auditorium 7 of Oulu University Hospital, on 14 May
2021, at 12 noon

UNIVERSITY OF OULU, OULU 2021



Copyright © 2021
Acta Univ. Oul. D 1614, 2021

Supervised by
Professor Vesa Kiviniemi
Doctor Vesa Korhonen

Reviewed by
Docent Veikko Jousmäki
Docent Mervi Könönen

ISBN 978-952-62-2931-7 (Paperback)
ISBN 978-952-62-2932-4 (PDF)

ISSN 0355-3221 (Printed)
ISSN 1796-2234 (Online)

Cover Design
Raimo Ahonen

PUNAMUSTA
TAMPERE 2021

Opponent
Professor Iiro Jääskeläinen



Raatikainen, Ville, Dynamic lag analysis of human brain activity propagation –
a fast fMRI study. 
University of Oulu Graduate School; University of Oulu, Faculty of Medicine; Medical
Research Center Oulu; Oulu University Hospital
Acta Univ. Oul. D 1614, 2021
University of Oulu, P.O. Box 8000, FI-90014 University of Oulu, Finland

Abstract

An amazing amount of activity is continuously occurring in the brain in multiple temporal and
spatial scales even in the absence of explicit environmental outputs or inputs; this is called the
resting-state, or spontaneous brain activity. It is now widely known that spontaneous brain
activity, measured using resting state functional magnetic resonance imaging (fMRI) of the blood
oxygen level dependent (BOLD) signal, is dominated by very low frequencies (VLFs; less than
0.1 Hz).

Spatial correlations within VLF spontaneous brain activity result in what is widely referred to
as functional connectivity, and the associated functionally connected regions are known as resting-
state networks (RSNs). Conventional functional connectivity analyses such as seed-based analysis
and independent component analysis (ICA), have revealed that spontaneous activity vary in
different tasks and in some diseases, but also in a resting state in healthy subjects. However,
conventional functional connectivity analyses have not addressed the temporal dimension of brain
communication, that is, the propagation of information flow between brain regions.

By studying temporal lags in the brain, it has recently been established that spontaneous BOLD
fluctuations consist of reproducible patterns of whole brain activity propagation and these patterns
are markedly altered as a function of brain state, whether pathological or physiological. In this
thesis, we utilised fast magnetic resonance encephalography (MREG) imaging data and provided
a comprehensive analysis approach, dynamic lag analysis (DLA), to study probabilistic patterns
of information flow between brain regions. Our temporal analyses revealed new patterns in the
way slow signals propagate between functional brain regions, and suggested that information flow
is aberrant in autism spectrum disorder (ASD) and type 1 narcolepsy with cataplexy compared
with neurotypical individuals.

Our findings offer a glimpse into the principles that govern brain activity and potentially open
a much broader line of research into the integrated functioning of the human brain. A deeper
understanding of brain dynamics offers comprehensive views of brain physiology and potentially
help to detect the sensitive biomarkers of some pathologies in the future.

Keywords: brain activity fluctuations, functional magnetic resonance imaging, lag
structure of the human brain, MREG, temporal propagation patterns, very low frequency
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Tiivistelmä

Aivot ovat monimutkainen järjestelmä, jossa on käynnissä jatkuvasti valtava määrä aktiivisuutta
monissa avaruudellisissa ja ajallisissa ulottuvuuksissa. Tätä toimintaa kutsutaan aivojen spontaa-
niksi tai lepotila-aktiivisuudeksi. Toiminnallisen magneettikuvauksen (TMK) tutkimusten kaut-
ta tiedämme nykyään, että aivotoiminnan spontaania aktiivisuutta dominoivat erittäin hitaat
vaihtelut.

Spontaanin aivotoiminnan erittäin hitaiden vaihteluiden avaruudellisia korrelaatioita kutsu-
taan yleisesti toiminnalliseksi liittyvyydeksi, ja näitä toiminnallisesti liittyneitä alueita aivojen
lepotilahermoverkostoiksi. Perinteiset toiminnallisen liitettävyyden analyysien kautta tiedämme
nykyään, että spontaani aivotoiminta huojuu tietyissä tehtävissä, jossain sairauksissa, mutta
myös terveillä koehenkilöillä. Perinteiset analyysit eivät kuitenkaan ole keskittyneet aivotoimin-
nan ajallisiin vaihteluihin eli kuinka informaatio aivoalueiden välillä ajallisesti etenee.

Aivan hiljattain on aivotoiminnan ajallisen kytkeytymisen tutkimuksista saatu selville, että
veren happipitoisuudesta riippuvan (engl. blood oxygen level dependent, BOLD) signaalin spon-
taaneissa vaihteluissa on tunnistettavissa toistettavia ajallisia kytkeytymisiä. Ne vaihtelevat riip-
puen aivotoiminnan fysiologisesta tilasta tai patologisista prosesseista. Tässä väitöskirjatutki-
muksessa kehitimme uuden analyysimenetelmän, dynaamisen viiveanalyysin (engl. dynamic lag
analysis, DLA), ja hyödynsimme nopeaa magneettiresonanssienkefalogrammi (MREG) kuvanta-
mista tutkiaksemme informaation kulkua ihmisillä eri toiminnallisten aivoalueiden välillä. Ajal-
lisen analyysimenetelmän avulla löysimme uusia mekanismeja aivotoiminnan hitaiden vaihtelui-
den ajallisessa välittymisessä aivoalueiden välillä. Havaitsimme lisäksi, että aivotoiminnan ajal-
linen kytkeytyminen on poikkeava autismin kirjon oireyhtymässä ja tyypin 1 narkolepsiassa ver-
rattuna terveisiin koehenkilöihin.

Tuloksemme tarjoavat pilkahduksen mielenkiintoista uutta tietoa aivotoiminnan kytkeyty-
mismekanismeista, ja voivat olla pohjana uudelle aivojen ajallisen kytkeytymisen tutkimushaa-
ralle. Lisäksi aivojen ajallisen kytkeytymisen parempi ymmärrys tarjoaa uutta tärkeää tietoa
ihmisaivojen fysiologiasta, mikä voi puolestaan auttaa löytämään tehokkaita biomarkkereita joi-
denkin patologisten tilojen tunnistamiselle tulevaisuudessa.

Asiasanat: aivojen ajallinen kytkeytyminen, aivojen toiminnan vaihtelut, erittäin matala
taajuus, ihmiskuvantaminen, MREG, toiminnallinen magneettikuvaus
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VisO visual occipital network 

VLF very low frequency 
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1 Introduction 

There is an ongoing brain activity in the central nervous system (CNS) that occurs 

with continuous fluctuations across widespread temporal and spatial scales. Very 

low frequency (VLF, <0.1 Hz) fluctuations in the blood oxygen level-dependent 

(BOLD) signal have been found to be temporally synchronous across functionally 

connected cortical regions in resting state (Biswal et al. 1995). The topographies of 

functionally connected brain regions are known as resting state networks (RSNs) 

(Beckmann et al. 2005, Birn et al. 2006, Biswal et al. 2010, Damoiseaux et al. 2006, 

Fox, M. & Raichle 2007, Kiviniemi et al. 2003). These functional brain networks 

have been conventionally defined using either spatial independent component 

analysis (sICA; Beckmann et al. 2005, Kiviniemi et al. 2003) or seed-based 

correlation approaches (Biswal et al. 2010). These analyses address connectivity as 

a continuous steady state process rather than a dynamically altering propagation of 

signals between brain regions, that is, the spatial correlations are defined with zero 

lag.  

Several resting-state functional magnetic resonance imaging (rs-fMRI) studies 

suggest that intrinsic activity is a spatiotemporally dynamic, instead of continuous, 

phenomenon in resting state both between networks (Allen et al. 2014, Handwerker 

et al. 2012, Hutchison et al. 2013, Majeed et al. 2009, Majeed et al. 2011) and 

within networks (Chang & Glover 2010, Kiviniemi et al. 2011, Liu, X. & Duyn 

2013). Recently, more careful examinations of the temporal structure of VLF 

correlations (Mitra et al. 2015a, Mitra & Raichle 2016, Mitra et al. 2014) revealed 

the presence of highly reproducible temporal lag patterns; some regions are early 

(i.e. they are the ‘sources’ of the propagated BOLD activity) with respect to the rest 

of the brain, while other regions are systematically late (i.e. they are the 

“destinations” of the propagated BOLD activity). It has further been shown that 

different sensory states (Mitra et al. 2014, Mitra et al. 2015b) and pathological 

states such as epilepsy (Bandt et al. 2019, Shah et al. 2018) and autism spectrum 

disorder (ASD) (Mitra et al. 2015c) can focally alter the lag structure. These last 

mentioned studies have defined the time lag by computing lagged correlation. If a 

non-zero time lag which maximises (or minimises, in the case of anticorrelated 

RSNs) the lagged correlation exists, then directed propagation between the time 

signals can be inferred.  

Recent lag structure studies of the human brain have enriched our 

understanding of the existence and potential role of temporal dynamics in the 

human brain (Mitra et al. 2015a, Mitra & Raichle 2016, Mitra et al. 2016, Mitra & 
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Raichle 2018, Mitra et al. 2014), and opened the door to a new field. However, 

these studies assume the existence of a single temporal lag between brain regions 

over a wide time window, that is, higher order temporal interactions are not 

captured. It is likely that the actual temporal structure of resting state brain activity 

is much richer. Moreover, prior resting-state studies in fMRI have utilized 

conventional BOLD imaging, with a relatively low temporal sampling resolution 

of 2 to 3 s. It is almost impossible to precisely estimate the temporal patterns 

between brain regions if the signals are not critically sampled. Physiological noise 

sources like respiratory and cardiac signals start aliasing into a functional magnetic 

resonance imaging (fMRI) signal if the sampling frequency is not adequate 

(Huotari et al. 2019). 

This thesis work was carried out in order to acquire a more comprehensive 

understanding of dynamic temporal lag patterns in the human brain. In this thesis a 

fast magnetic resonance encephalography (MREG) sequence with 10 Hz sampling 

frequency, was utilised, enabling more accurate lag structure estimation without 

cardiorespiratory aliasing. The lag structure was estimated both continuously and 

dynamically (sliding windows) using a lagged correlation approach (Study I), and 

by applying a novel technique called the dynamic lag analysis (DLA; Studies II and 

III) approach which was developed in this thesis work. Instead of estimating a 

single lag value for a fixed time window, DLA enables studying how the 

directionality and time lags of information flow between brain regions vary 

dynamically over time, peak-by-peak. Dynamic lag structure characteristics were 

studied in neurotypical (NT) controls, and in subjects with autism spectrum 

disorder and narcolepsy. 
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2 Review of the literature  

2.1 Functional magnetic resonance imaging  

2.1.1 Blood oxygen level dependent contrast 

BOLD contrast imaging is an fMRI method that utilises the magnetic properties of 

haemoglobin. When haemoglobin is in its deoxygenated form (deoxyhemoglobin, 

Hb) it is paramagnetic whereas in its oxygenated form (oxyhemoglobin, HbO) it is 

weakly diamagnetic. Paramagnetic deoxyhemoglobin in the venous and capillary 

blood causes a magnetic susceptibility difference between the blood and the 

surrounding tissue and acts as a contrast agent for fMRI (Ogawa et al. 1990, Ogawa 

et al. 1992). The brain’s neuronal activity leads to a higher metabolic demand thus 

causing both an oversupply of fresh oxygenated blood to be delivered to the 

activation site and an increment in the cerebral blood volume (CBV) (Fox, P. & 

Raichle 1986). This decreases the proportion of deoxyhemoglobin that can be seen 

as a BOLD signal increment in fMRI (an increase in local transverse relaxation 

time star [T2*]) (Ogawa et al. 1993). This rise is known as BOLD response and it 

typically begins within ~500 ms and peaks after a 3˗5 s delay to neural activity.  

To capture the BOLD response the magnetic resonance imaging (MRI) 

sequence needs to be weighted by the transverse relaxation time (T2) or T2*. This 

means a long time to echo (TE) so that differences in signal intensities due to 

different T2* have enough time to form, and a long time to repetition (TR) in order 

to minimise the weighting for the longitudinal relaxation time (T1) (when 

longitudinal magnetisation has recovered). Single-shot echo planar imaging (EPI) 

has mostly been used in conventional BOLD contrast imaging. While one line of 

k-space is collected during each excitation pulse in basic imaging sequences (the 

imaging time is a product of TR), the EPI technique acquires the entire two-

dimensional planar image in a single excitation using rapidly changing frequency 

gradients that lead to shorter imaging times (Mansfield 1977). Conventional EPI 

based BOLD imaging has a good spatial resolution but fairly low temporal 

resolution.  

The main challenge in fMRI signal analyses has been separating the neuronal-

induced BOLD signal from noise sources such as physiological pulsations, and 

motion and technical artefacts. The physiological noise sources (respiration ~ 0.3 

Hz; heart rate ~ 1 Hz), for example, can be aliased to low frequencies and obscure 
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neuronal-induced signals at the typical repetition times of 2-3 s in conventional 

BOLD imaging. Band-pass filtering will therefore not suppress all physiological 

noise sources (Bhattacharyya & Lowe 2004, Biswal et al. 1996). Fast fMRI 

sequences would therefore provide data with higher temporal resolution, which 

helps to accurately separate physiological signal sources from the time series.  

2.1.2 Fast imaging sequences 

Conventional BOLD sequences have a temporal resolution of 2-3 s. The 

development of highly accelerated fMRI acquisition techniques ˗ including 

generalised inverse imaging (GIN) (Boyacioglu et al. 2013), multi-slab echo-

volumar imaging (MEVI) (Posse et al. 2013), the inverse imaging technique (InI) 

(Lin et al. 2012) and MREG (Assländer et al. 2013) ˗ has led to novel opportunities 

to monitor brain activity with unprecedented temporal resolution during the last 

decade.  

Faster fMRI techniques not only allow better temporal resolution but also 

increase the statistical power (Jacobs et al. 2014) and enable critical sampling 

without spurious aliasing. Physiological noise sources such as cardiac and 

respiratory signals can thus be effectively filtered away from data, which improves 

the accuracy of fMRI data such as VLF fluctuations (LeVan et al. 2018). Moreover, 

supplementing accelerated fMRI techniques with dynamic connectivity analyses 

enables a much richer characterisation of brain function (LeVan et al. 2018) without 

cardiorespiratory aliasing which may further lead to the development of non-

invasive biomarkers for cerebral pathologies in the future. 

The MREG sequence used in this thesis is a single shot three-dimensional (3D) 

sequence that combines the use of multiple small receiver coils in multi-coil arrays 

with a small amount of gradient encoding in spatial localisation (Assländer et al. 

2013, Hennig et al. 2020, Lee et al. 2013, Zahneisen et al. 2012). The use of 

gradient encoding is performed by sampling the k-space with an undersampled 

spherical stack of spirals in which the slow encoding direction is one of the axes in 

k-space. Image reconstruction is done by forming a forward operator based on the 

readout k-space trajectory weighted by coil sensitivities and then solving the 

corresponding inverse problem from the measured data (Lee et al. 2013). MREG 

is capable of recording whole brain coverage within a TR of 100 ms and with an 

effective spatial resolution of 4.5mm (Assländer et al. 2013, Lee et al. 2013, 

Zahneisen et al. 2012). As a result of increased temporal resolution, it enables 

accurately measuring novel physiological phenomena such as glymphatic brain 
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pulsations (Kiviniemi et al. 2016) or neuronal avalanches (Rajna et al. 2015), 

without cardiorespiratory aliasing. In this thesis, the MREG measurements were 

done on a Siemens Skyra 3T MRI scanner (see Fig.1) 

 

Fig. 1. A Siemens Skyra 3T MRI scanner at Oulu University Hospital. 
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2.1.3 Spontaneous very-low-frequency brain fluctuations  

The electroencephalogram (EEG) measurements showed that spontaneous (or 

resting state) brain oscillations are a dominant feature in the brain’s electrical 

activity (Aladjalova 1964, Berger 1929). These spontaneous brain fluctuations 

occur even in the absence of any sensory inputs (Aladjalova 1964) and have the 

highest power in the VLF range <0.1 Hz which can be observed as 1/f exponential 

power spectrum behaviour (Bullmore et al. 2001, Leopold et al. 2003, Nir et al. 

2008).  

Spontaneous low frequency brain activity was long considered ‘noise’ in task-

evoked neural response studies. Therefore, most early studies of neural activity 

utilised computational approaches to suppress spontaneous brain activity. More 

recently, it has been appreciated that investigating these low frequency resting state 

patterns is essential for understanding human brain function in health and disease 

(Biswal et al. 2010, Buckner et al. 2008, Emerson et al. 2017, Florin et al. 2015, 

Fox, M. & Raichle 2007, Hiltunen et al. 2014, Kiviniemi et al. 2009, Raichle 2015, 

Smith et al. 2015).  

The paradigm shift to studying spontaneous brain fluctuations was prompted 

by two major findings. Firstly, spontaneous brain activity consumes ~20% of the 

body’s energy, although the human brain only represents ~2% of total body mass. 

Most of this activity is used to support continuous neuronal signaling (Ames III 

2000, Attwell & Laughlin 2001, Lennie 2003, Shulman et al. 2004). Secondly, it 

has been shown that a considerable fraction of the variance in resting-state fMRI 

of the BOLD signal appears to be below the 0.1 Hz frequency range. Biswal and 

colleagues (Biswal et al. 1995) found that spontaneous VLF BOLD fluctuations are 

highly correlated within the somatomotor system in the brain. This initial 

observation has since been extended and replicated in multiple functional networks 

spanning the entire brain (Beckmann et al. 2005, Birn et al. 2006, Buckner et al. 

2011, Damoiseaux et al. 2006, Greicius et al. 2004, Kiviniemi et al. 2003, Power et 

al. 2011, Yeo et al. 2011). It is therefore critical to understand how the brain operates 

while consuming most of its energy, i.e. during spontaneous activity, since task-

related increases in neuronal metabolism are remarkably small (<5%) compared 

with spontaneous energy consumption.  

Direct recordings of calcium fluctuations and brain electrophysiology have 

shown that spontaneous VLF oscillations in BOLD signals are directly linked to 

spontaneous VLF fluctuations in neuronal physiology (He et al. 2008, Hiltunen et 

al. 2014, Leopold et al. 2003, Matsui et al. 2016, Pan et al. 2013). Furthermore, a 
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recent work studying both anesthetised and awake mice using wide-field optical 

mapping demonstrated that resting-state hemodynamics in the mice’s brain are 

spatiotemporally coupled to symmetric and synchronized neural activity in 

excitatory neurons (Ma, Y. et al. 2016). These findings suggest a firm basis for 

resting-state functional connectivity (RSFC) mapping as resolving the 

characteristics of network-based modulations in the spike rate of excitatory neurons.  

2.2 Analysis of functional connectivity 

2.2.1 Traditional functional connectivity 

The synchronicity of spontaneous brain activity is widely referred to as functional 

connectivity (FC) and the associated brain topographies are known as RSNs. The 

importance of spontaneous activity is underscored by the fact that RSNs 

recapitulate the functional brain regions of fMRI responses to a wide variety of 

motor-, cognitive- and sensory-task paradigms (Cordes et al. 2000, Smith et al. 

2009) without the need for participants to perform tasks. The most widely used 

methods used to study RSFC in fMRI have been spatial ICA (Beckmann et al. 2005, 

Kiviniemi et al. 2003) and seed-based correlation mapping (Biswal et al. 2010). 

Seed-based analysis is a model-based method for examining the functional 

connections of a particular region of interest (ROI) or seed by correlating the rs-

time series of the depicted brain regions against the time series of all other voxels 

in the whole brain, thereby resulting a seed-based FC map (Biswal et al. 1997, 

Cordes et al. 2000, Jiang et al. 2004). The simplicity, straightforwardness and 

interpretability of this approach make it a good technique with which to study 

RSFC (Buckner & Vincent 2007). However, it is difficult to examine functional 

connections patterns on a whole-brain scale, as the information of a FC map is 

limited to the functional connections of the selected seed region.  

Independent component analysis (ICA) is a model-free, data-driven approach 

that has been applied to analyse the spatial and temporal properties of fMRI data 

(Beckmann et al. 2005, Calhoun et al. 2001, Damoiseaux et al. 2006, Kiviniemi et 

al. 2003, Smith et al. 2012, van de Ven et al. 2004). Two varieties of ICA are utilised 

to achieve the maximal independence component in time or space for fMRI 

analysis: spatial ICA and temporal ICA (tICA). Spatial ICA decomposes the data 

into components that are maximally spatially independent of each other, that is, 

different components have different time courses (one time signal per separated 
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spatial fMRI signal source). Temporal ICA identifies temporally independent signal 

sources with potentially overlapping spatial distributions (the multiple temporally 

independent signal sources inside an analysed spatial region). Compared to seed-

based analysis, which finds the single interaction between a seed region and the 

entire brain, ICA methods are powerful methods as they examine the multiple 

simultaneous voxel to voxel interactions of distinct networks in the brain. Moreover, 

the temporal resting-state components can easily be utilised for the further 

investigation of possible group differences. However, independent components are 

often perceived as more difficult to interpret compared with traditional seed-based 

FC maps, as they include a more complex representation of data (Fox, M. & Raichle 

2007). ICA can be utilised for either a single subject or a group level analysis. A 

widely used group-ICA technique is multi-session temporal concatenation 

(Calhoun et al. 2001) where each ICA component comprises a group ICA map and 

corresponding time courses (which can be split up into subject specific time series). 

Another common approach is the dual-regression technique (Beckmann et al. 2009, 

Filippini et al. 2009).  

A large amount of fMRI data shows that spontaneous VLF fluctuations in the 

brain are correlated (same phase) or anticorrelated (antiphased) among specific 

cortical regions, termed RSNs (Biswal et al. 1995, Damoiseaux et al. 2006, De Luca 

et al. 2006, Lowe et al. 1998). These RSNs consists of anatomically separated but 

functionally connected brain areas that show a high level of continuous FC during 

rest. There is a large amount of commonly identified RSNs that include default-

mode networks (DMNs) and visual, motor, sensory, auditory, salience, executive 

and dorsal attention networks (DANs) (c.f. Fig.2). DMN is a large-scale brain 

network (composed of the posterior cingulate cortex/precuneus, angular gyrus and 

the medial prefrontal cortex) which is shown to be active when a person is wakeful 

and at rest, such as during mind wandering and daydreaming. One of the clearest 

examples of internetwork relationships occurs between the DMN and DAN. The 

prior static studies have shown that a decrease in activity in the DMN and a 

corresponding increase in activity in the DAN are observed during a goal-directed 

task. This same ‘push-pull’ relationship is observed in spontaneous VLF 

fluctuations indicating that the DMN and DAN are anticorrelated (Fox, M. et al. 

2009, Fox, M. et al. 2005). The connectivity of RSNs has been found to vary in 

various disorders and diseases, including autism spectrum disorder (ASD) (Cerliani 

et al. 2015, Di Martino et al. 2011, Nomi & Uddin 2015, Tyszka et al. 2013), 

Alzheimer’s disease (Greicius et al. 2004, Li et al. 2012, Thomas et al. 2014) and 
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epilepsy (Liu, F. et al. 2017, Widjaja et al. 2013) and has thus proved to provide 

more knowledge of them.  

 

Fig. 2. MRI brain images representing typical RSNs. The areas coloured in red/yellow 

depict functionally connected brain regions (Figure from Study III, published with 

permission from Oxford University Press.) 
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2.2.2 Brain dynamics 

Almost all prior fMRI studies of spontaneous brain activity, including ICA and 

seed-based methods, have incorporated the assumption that activity within RSNs 

is exactly synchronous, that is, that there is zero-lag connectivity. Critically, these 

analyses have assumed that no temporal variation of information flow between 

brain regions exists, which either maximizes or minimizes (in the case of 

anticorrelation) the FC strength. Moreover, most of the studies have extracted the 

FC patterns between brain areas over the length of the scanning session.  

However, recent rs-fMRI studies on rats and humans suggest that spontaneous 

brain activity is spatiotemporally structured (Calhoun et al. 2014, Chang & Glover 

2010, Hutchison et al. 2013, Kiviniemi et al. 2011, Liu, X. & Duyn 2013, Majeed 

et al. 2009, Majeed et al. 2011, Preti et al. 2017), thus providing important pieces 

of evidence about the nonstationarity of FC. Approaches toward this goal have 

mainly relied on investigating temporal variations in the fMRI signal correlations 

(or coherences) using sliding window or time-frequency analysis (Allen et al. 2014, 

Chang & Glover 2010, Hutchison et al. 2013, Majeed et al. 2011, Rack-Gomer & 

Liu 2012, Sakoğlu et al. 2010). This analysis has mainly focused on a few ROIS 

and their first-order (pairwise) relationship with a zero-lag assumption between 

networks (i.e. on how the internetwork connectivity strength varies over time). In 

addition to studies examining temporal variability in FC between regions (again 

with the zero-lag assumption), some studies have reported spatial variability in the 

functional regions over time (Iraji et al. 2019a, Iraji et al. 2019b, Keinänen et al. 

2018, Kiviniemi et al. 2011, Ma, S. et al. 2014). It has further been suggested that 

a different set of brain regions are associated with given functional topographies at 

different time points, and an overall dominant pattern is only identified in the 

conventional static analyses (Iraji et al. 2019b). Therefore, an internetwork 

correlative or anticorrelative relationship could exist in differing segments of time 

(Iraji et al. 2019a).  

Yet, despite this growing interest in recent years in examining the 

spatiotemporal principles of spontaneous brain fluctuations, none of the analysis 

approaches have examined how temporal time lags of information flow between 

brain regions vary over time.  
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2.2.3 Lag structure analysis of the brain 

The idea that temporal time lags in rs-fMRI data might be meaningful had never 

been expressed in print before the year 2014. Temporal lags reflect that a time delay 

in information flow of brain activation between brain regions exists. Two issues 

precluded consideration of rs BOLD signals for temporal lag analysis. First, a 

common though was, that even if temporal delays were found, they were likely to 

arise from vascular factors. Secondly, the fMRI community believed that 

meaningful temporal delays could not be computed from the data due to slow 

sampling of brain activity with conventional fMRI sequences that provided one 

image of the brain every 2˗3 s. 

In the year 2014, the lagged cross-correlation approach was introduced to study 

BOLD signal propagation by analysing the latency structure across the whole brain 

(Mitra et al. 2014). Given a pair of time series, if a temporal delay exists, which 

maximises (or minimises in the case of anti-correlation), then a directed 

propagation of information flow between the two time series can be concluded. To 

circumvent the problem of low temporal resolution, Mitra and colleagues applied 

parabolic interpolation to lagged cross-correlation curves (Mitra et al. 2015a, Mitra 

et al. 2014). This allows computing temporal lags that are finer than the sampling 

rate. They further argued that computed temporal delays are not attributable to 

purely vascular factors by demonstrating focal differences in temporal delays with 

three state contrasts (morning vs. evening, eyes open vs. closed , before vs. after a 

right handed button push in response to a visual cue) (Mitra et al. 2014). The latency 

structure was altered, in appropriate regions, in all three experiments, suggesting 

that lag structure is neuronally driven.  

The existence of a non-zero lag between the given pair of time series does not 

reveal the route (e.g. direct or indirect) of the biological mechanisms of information 

flow between brain regions. However, we can conclude that a propagation between 

brain regions through some mechanism exists. It has been shown in healthy controls 

that the BOLD signal exhibits highly reproducible lag structure (Mitra et al. 2015a, 

Raut et al. 2020), some brain regions are early ˗ sources of propagation ˗ with 

respect to the rest of the brain, while others are systematically late ˗ destinations of 

propagation.  

Recent findings have demonstrated that lag-related propagations patterns in the 

brain are altered as a function of state, whether pathological (Bandt et al. 2019, 

Mitra et al. 2015c, Shah et al. 2018) or physiological (Mitra et al. 2016, Mitra et al. 

2015b). The lag structure of spontaneous brain activity has been shown to be 
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focally altered in high functioning adults with autism, and the degree of 

abnormality was highly correlated with behavioural measures relevant to the 

diagnosis of ASD (Mitra et al. 2015c). The abnormal brain function in ASD was 

found to manifest more robustly as alterations in latency structure than in the zero-

lag correlation of rs-FC. Furthermore, recent findings have demonstrated a 

pathologically decreased lag in the seizure region compared to rest of the brain in 

patients with epilepsy (Bandt et al. 2019, Shah et al. 2018). Temporal lag analysis 

has also revealed marked changes in propagation patterns in slow wave sleep versus 

being awake in normal adults (Mitra et al. 2016, Mitra et al. 2015b). Ordered 

propagation was preserved within RSNs but lost between RSNs. Additionally, the 

direction of information flow was shown to be reversed between subcortical 

structures and the cerebral cortex.  

The aforementioned studies with the lagged cross-correlation based approach 

have computed a single temporal time lag for each ROI˗ROI pair in the brain over 

the entire scan. Therefore, it has still been unclear how the temporal propagation 

patterns in the brain evolve and vary dynamically over time. Moreover, as temporal 

lag analyses would greatly benefit from high temporal resolution, there is a need 

for higher density sampling acquisitions than those which are possible with 

conventional fMRI techniques. Faster fMRI imaging techniques would allow 

estimating the neuronal driven lag structure more precisely without 

cardiorespiratory aliasing, and without the need to interpolate the data.  
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3 Aims of the study 

The purpose of this study was to examine the dynamic propagation patterns of brain 

activity between brain regions using a fast MREG sequence in fMRI experiments 

in humans.  

The particular aims were to study the following 

1. to investigate dynamic lag structure of the human brain (Studies I, II and III) 

2. to develop a new probabilistic quantitation method for studying changes in 

brain activity propagation patterns (Studies II and III) 

3. to study how pathology affects the propagation of brain activity (Study II for 

ASD and Study III for narcolepsy) 
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4 Materials and methods 

The studies were conducted in the Oulu University Hospital during 2013˗2020. 

The study protocols were approved by the Regional Ethics Committee of the 

Northern Ostrobothnia Hospital District. Written informed consent was obtained 

from each subject individually prior to fMRI scanning in accordance with the 

Helsinki declaration. During the MREG resting state study, subjects were instructed 

to lie still in the scanner with their eyes open, fixating on a cross in the screen and 

thinking of nothing particular.  

4.1 Participants 

STUDY I 

Twenty-five healthy controls (HC) (age 24.8 ± 6.1 years old; 10 females) 

participated in the study. HCs with no continuous medication were recruited from 

the general population. 

STUDY II 

Twenty neurotypical individuals (age 25.3 ± 6.2 years old; 4 females) and twenty 

young adults with childhood diagnosed ASD (age 23.7 ± 3.2 years old; 5 females) 

participated in the study. All individuals with ASD had an intelligence quotient (IQ) 

in the normal range and all were fluent speakers. None of the ASD participants had 

any problems with hearing or vision, nor any motor problems. In general, the 

individuals with ASD had deficits in social behaviours and often with language 

expression and reception.  

STUDY III 

Twenty-three patients with type 1 narcolepsy (NT1, narcolepsy with cataplexy) 

participated in the study. Data from two patients were excluded due to excessive 

motion during the scan. The final study population consisted of 21 NT1 patients 

(age 28.1 ± 9.2 years old; 12 females). Twenty-three age/sex matched HC with no 

continuous medication were recruited from the general population and 21 were 
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used as a control group (age 28.3 ± 9.2 years old; 12 females) due to the exclusion 

of two NT1 subjects for this study. 

4.2 Data acquisition 

The fMRI imaging was performed using a Siemens MAGNETOM Skyra 3T MRI 

scanner (Siemens Healthcare GmbH, Germany) with a 32-channel head coil. The 

MREG sequence was utilised with the following sequence parameters: TR = 100 

ms, echo time TE = 36 ms, field of view (FOV) = (192 mm)3, voxel size= (3 mm)3 

and flip angle (FA) = 5º (FA=25º in Study I). MREG data was reconstructed by L2-

Tikhonov regularization with lambda 0.1, with the latter regularization parameter 

determined by the L-curve method (Hugger et al. 2011), the resulting effective 

spatial resolution was 4.5 mm. A 3-D T1-weighted magnetization preperation 

gradient echo pulse sequence (MPRAGE) (TR = 1900 ms, TE = 2.49 ms, FA = 9º, 

FOV = (240mm)3 and slice thickness = 0.9mm) images were obtained for the co-

registration of the MREG data into subject’s own anatomy during the pre-

processing. The length of MREG scanning were ten minutes (Study I and III) and 

five minutes (Study II).  

4.3 Data pre-processing  

MREG data were preprocessed in a FMRIB software library (FSL) pipeline 

(Jenkinson et al. 2012, Korhonen et al. 2014) prior to single session ICAs. The data 

were high-pass filtered with the cut-off frequency of 0.0025 Hz (400 s) and eighty 

time points (8s) were removed (there were 180 time points in Study I) from the 

beginning of the data to minimise T1-relaxation effects. Head motion was corrected 

using the FSL motion correction tool for fMRI time series (MCFLIRT) (Jenkinson 

et al. 2002). The FSL’s brain extraction tool (BET) was used for optimization of the 

deforming smooth surface model (Smith 2002) with the following parameters; 

fractional intensity = 0.25 (0.20-0.25 in Study III), threshold gradient = 0.22 (0.05-

0.22 in Study III) with neck and bias-field correction option. Spatial smoothing was 

carried out using a Gaussian kernel that was 5 mm full width at half maximum 

(FWHM). T1 MPRAGE images were used to register MREG data into both 

subject’s own anatomy and the Montreal Neurologic Institute (MNI 152) space at 

4 mm resolution prior to group level ICA as a standard procedure in FSL 

multivariate exploratory linear optimized decomposition into independent 

components (MELODIC). Finally, the FMRIB’s ICA –based X-noiseifier (FIX) 
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method (Griffanti et al. 2014, Salimi-Khorshidi et al. 2014) was performed (in 

Studies II and III) for secondary artefact removal of the preprocessed MREG 

(single-session ICA) data, with an applied FIX threshold of 10. FIX was trained 

with previously collected control MREG data. The group ICA procedures for pre-

processed MREG data are presented separately for each study in the analysis 

section. Instead of FIX, secondary artefact removal was applied in Study I by using 

the multistep exclusion criteria represented in detail later.  

STUDY I 

Combined spatiotemporal ICA (stICA) was used to define the signals being 

analysed. First, sICA (group probabilistic ICA as implemented in the FSL 

MELODIC) with model order of 70 was run for the whole brain volume to separate 

the RSNs from noise sources. The model order of the group ICA approach reflects 

in how many sources, that, independent components the data is separated into. 

Ventromedial prefrontal (DMNvmpf) and posterior cingulate cortex (DMNpcc) RSNs 

were selected for further study. Spatial ICA with a z-score threshold of 3 produced 

1828 voxels for a DMNvmpf and 1444 voxels for DMNpcc. The time series of voxels 

within selected RSNs were fed to tICA. Temporal ICA was used individually for 

each subject using a FastICA algorithm (Hyvärinen & Oja 1997). Temporal ICA 

allows separating the individual temporal signal’s sources in the spatial region of 

the brain. The workflow of stICA is presented in Fig.3. Model orders 10, 30 and 50 

were chosen for tICA. Seven minutes at the beginning of the data were used for 

further analysis. The last three minutes of the data were excluded since three 

subjects had an absent off-resonance correction in the image reconstruction.  

     Strict multistep exclusion criteria were applied to separate the VLF RSN signals 

from the noise sources, that is, motion, helium pump noise, the warming effect, and 

cardiorespiratory tICA signals.  

     Motion correction data from FSL MCFLIRT were used to exclude the tICs 

disrupted by motion. Translational and rotational correction data were 

differentiated in each x-, y- and z-dimension along the time dimension to acquire 

velocity information. In addition, the absolute values of translational and rotational 

velocity data were summed in all three MNI spatial dimensions, resulting in a 

translational and rotational speed representation, similarly to the approach used in 

the work of Rajna and co-workers (Rajna et al. 2015). Eight motion signals and all 

temporal independent components (tICs( were bandpass filtered to a VLF 

frequency band (0.009-0.1 Hz). Finally, all VLF tICs were individually correlated 
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with each of the VLF motion signals. Temporal ICs with correlation < 0.25 with 

any of the eight motion signals were discarded.  

All tICs including helium pump noise (1 Hz noise) were excluded using the 

following criteria. Power spectral density (PSD) estimates were calculated for each 

tIC. Trapezoidal numerical integration (the trapz function with default value 1 in 

MATLAB) was calculated for each tIC in the 0.9976˗1.0024 frequency band. Next, 

the mean and standard deviation of trapezoidal numerical integration values were 

calculated from all tICs, separately for both of the selected RSNs. The tICs whose 

traps value exceeded the sum of mean and standard deviation were declared 

significant and discarded from the analysis.  

Peripheral capillary oxygen saturation (SpO2) and respiratory carbon dioxide 

(respCO2) signals from the scanner were utilized to detect tICs disrupted by 

cardiorespiratory noise sources. PSDs were calculated for both SpO2 and respCO2 

signals. The frequency location of maximum magnitude in FFT was declared both 

the respiratory signal (from respCO2), and cardiac signal (from SpO2). For seven 

subjects, who did not have proper SpO2 and respCO2 signals, the cardiac and 

respiratory frequencies were defined from the MREG sICA components. Next, 

frequency bands ± 0.1 Hz were formed around respiratory and cardiac frequencies. 

Trapezoidal numerical integration of PSD estimates was separately calculated for 

both cardiac and frequency bands for each tIC. In addition, the mean and standard 

deviation of trapz values were calculated from all tICs, for both cardiac and 

respiratory frequency bands. Those tICs whose cardiac trapz value exceeded the 

sum of mean and standard deviation in the cardiac frequency band, were excluded 

from the analysis. Respiratory tICs were similarly discarded, using the respiratory 

frequency band.  

Based on the phantom test (Supplementary Fig. 1, Study I), scanner warming 

causes a rising curve (i.e. a large regression slope coefficient) ˗ in the MREG signal 

in the first 120 s of the measurement. To eliminate the tICs disrupted by scanner 

warming, the following exclusion criterion was used. First order polynomial fitting 

was calculated in the time range of the first 120 s for each tIC using the polyfit 

function of MATLAB. The mean and standard deviation of slope coefficient values 

were separately calculated from 50 tICs for each selected RSN. The tICs whose 

slope coefficient value exceeded the value of mean  2std were excluded.  

The remaining tICs that survived the multistep exclusion criteria were 

detrended and bandpass filtered to the 0.009-0.1 Hz frequency band. DMNpcc tICs 

were then correlated with DMNvmpf tICs. The three highest correlating signals pairs 

were selected for time lag analysis.  



37 

Fig. 3. The general workflow of stICA. First, spatial ICA is run for the whole brain volume 

using multi-session temporal concatenation in FSL MELODIC, and two IC components, 

DMNvmpf and DMNpcc are selected (see the left box). The time series of voxels within 

DMNvmpf and DMNpcc IC maps that exceed the selected threshold (z > 3) are chosen for 

tICA analysis. The right box presents example temporal independent components (tICs) 

of an individual subject. (Figure from Study I, published with permission from Elsevier.) 

STUDY II 

A group ICA was separately run for the FIX-cleaned data with a model order of 40 

(z-threshold: 2.3) for NT and ASD subjects. Next, cross-correlations (ccs) for each 

RSN pair between the groups were calculated using the fslcc function. The RSNs 

with spatial correlation > 0.6 between two groups were chosen for DLA. The 

identification of RSNs was based on model order 40 IC templates (Abou Elseoud 

et al. 2011). 

STUDY III 

A combined group level spatial ICA (multisession temporal concatenation, from 

the FSL) was run for both HC and NT1 groups (FIX-cleaned data). The ICA model 

order was 20 (z-threshold: 2.3). Twenty RSN components were identified by a 

neuroradiologist.  
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4.4 Time lag analysis 

4.4.1 Cross-correlation-based lag analysis 

STUDY I 

The time lag and correlation coefficient were defined for the three highest 

correlating signal pairs between the DMNvmpf and DMNpcc using lagged cc for each 

subject separately. The time lag which maximises (or minimises in the case of 

anticorrelation) the lagged cc coefficient, was defined as the lag between tIC signal 

pairs. The corresponding absolute correlation values lag were listed. Lag estimates 

were calculated for each three signal pairs.  

The highest correlating signal pairs were selected for analysing dynamics. The 

sliding-window approach (window length = 120s; overlap=50%) was used to 

define the lag and corresponding absolute correlation values in six time windows 

in the seven minutes long time signal. The workflow of continuous and dynamic 

lag calculations based on the lagged cc approach, is shown in Figure 4.  

Null-model histograms for both time lag and corresponding correlation 

coefficient values were formed from all the denoised tIC pair values.  

4.4.2. Dynamic lag analysis (DLA) approach 

STUDY II 

Whole-brain dynamic lag pattern variations were investigated between NT 

individuals and individuals with ASD by applying a novel analysis approach called 

DLA. DLA measures time lag variations between each RSN pair and statistically 

defines how the lag patterns are altered between the study groups. The DLA 

approach is based on the following steps (see Fig. 5).  

1. A pair of the RSNs is selected.  

2. The corresponding time signals are first detrended and bandpass filtered to 

between 0.01 and 0.1 Hz. Then each peak location for the time concatenated 

signals is defined with findpeaks function in MATLAB. Although the NT and 

ASD groups have separate concatenated time signals, the filtering, detrending 

and peak detection are applied separately for each subject’s individual time 

signals to avoid incorrect peaks in the signal discontinuities. 
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Fig. 4. Part A: Estimation of the connectivity time lag. Once the best correlating tICs 

between two spatial ROIs (here, the DMNpcc and DMNvmpf) were selected after strict tICA 

exclusion criteria, the selected tICs were band pass filtered between 0.009 and 0.1 Hz 

and then correlated. The other signal was shifted by sample +/- 100 samples, i.e. 10 s 

and the time lag that gave the strongest correlation was declared as the time lag 

between DMN front and back components. The elevated activity is seen in both tICs. 

Part B: Estimation of connectivity dynamics. Connectivity dynamics calculations were 

applied to the best correlating and BP filtered (0.009-0.1 Hz) tICs in Figure 4A. We formed 

six time windows of 2 mins length with a 1 min overlap. In each time window the other 

signal was shifted by sample +/- 100 samples, i.e. 10 s and the time lag that gave the 

strongest correlation was declared as the time lag between DMN front and back 

components. (Figure from Study I, published with permission from Elsevier.) 
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Fig. 5. A general workflow of DLA. (1) A given pair of RSNs from 16 RSNs is selected 

and (2) each peak of the time concatenated signals is determined with the findpeaks 

function in MATLAB. (3) Next, the lag vector is formed by calculating the time lag values 

between each peak (between RSNs) using the nearest neighbour principle (with <±5.0s 

lags). (4a) The Kolmogorov-Smirnov test is calculated between the lag vectors of NT 

and ASD to determine whether the lag variations are statistically different. 4b) The mean 

value of the lag vectors is calculated and assembled into a lag matrix. Steps 1˗4 are 

applied to each selected RSN pair separately in order to construct the final p-value and 

mean lag matrices. Steps 4a and 4b are independent analysis phases. (Figure from 

Study II, published with permission from Wiley.) 

3. A lag vector is formed by calculating the time lag values between each peak 

(between RSNs) using the nearest neighbour principle (with ≤ 5.0 s lags).  

4.  

a) The Kolmogorov-Smirnov (KS) test is applied between the lag vectors of 

the study groups to define whether the lag variations are statistically 

significant. 
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b) The mean (median respectively) value of the lag vectors is calculated and 

assembled into a lag matrix (with separate mean lag matrices for the two 

groups).  

Steps 1-3 are done separately for both groups (the NT and ASD groups in Study II). 

Steps 1-4 are done separately to each selected RSN pair to form the final p-value 

and mean lag matrices. Steps 4a and 4b are independent phases.  

Combined Benjamin˗Hochberg false discovery rate (FDR) adjustment and 

surrogate network data corrections were applied to correct for multiple 

comparisons. Two separate surrogate data sets, created with the randi function in 

MATLAB, consisted of 16 time signals with length equal to concatenated resting 

state time signals (59220 samples). The same steps (Steps 1˗4) that were used in 

the DLA method, including identical bandpass filtering, were applied to surrogate 

data. The smaller threshold (i.e. either the Benjamin-Hochberg correction cut-off 

or the smallest p-value in the p-value matrix of surrogate data) was selected as a p-

value threshold in order to define significant RSN pairs.  

STUDY III 

DLA (see Study II) was applied between HC and NT1 groups with an enhanced 

DLA approach in four separate analyses, that is, the inter-RSN time lags were 

calculated 1) from positive to positive signal peak, 2) from negative to negative 

signal peak, 3) from positive to negative signal peak and 4) from negative to 

positive signal peak (see Fig.6).  

1. From positive to positive signal peak (the lag between activated RSNs) 

The same DLA workflow steps as described in Study II were applied with the 

following enhancements in the DLA method. In Step 2, the MinPeakDistance 

output argument with the value of 100 (samples), that is, 10s was used with the 

findpeaks function in MATLAB. In Step 3, the lag vector was formed by 

calculating the time lag values between each positive peak (between RSNs) 

using the nearest neighbour principle (≤ ±5s), like in Study 2. In this study, 

however, the signal phases (whether correlated or anticorrelated) of a selected 

RSN pair were checked for each peak pair. Therefore, each time lag value was 

only filled in the lag vector if the signals (both RSNs) were in the same phase 

at that moment (if the positive peak of the time signal of the other RSN was 
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closer than the negative peak). Additional analysis parameters such as mean, 

median and lag count values were calculated from the lag vectors. 

2. From negative to negative signal peak (the lag between deactivated RSNs) 

The above described DLA workflow steps were applied with the following 

exceptions. In Step 2, each negative peak of the time signals was defined 

(instead of positive peaks). In step 3, the lag vector was formed by calculating 

the inter-RSN time lag values between each negative peak using the nearest 

neighbor principle (≤ ±5s). Each time lag value was only filled in the lag vector 

if the signals were in the same phase at that moment (if the negative peak of 

the time signal of the other RSN was closer than the positive peak).  

3. From positive to negative signal peak (the lag from activated RSN to the 

deactivated RSN) 

The DLA approach was applied with the following enhancements (compared 

with the DLA approach utilised in Study II). Here in Step 2, each positive peak 

of the reference time signal, and each negative peak of the other signal (the 

time signal of the other RSN in the RSN pair) were defined with the findpeaks 

function in MATLAB. Time lag values from the positive peak of the reference 

signal to the negative peak of the other signal were calculated using the nearest 

neighbor principle (≤ 5s).  

4. From negative to positive signal peak (the lag from the deactivated RSN to the 

activated RSN) 

The DLA approach was applied with the following enhancements. Here, in 

Step 2, each negative peak of the reference time signal, and each positive peak 

of the other signal in the given RSN pair were defined. Time lag values from 

the negative peak of the reference signal to the positive peak of the other signal 

were calculated using the nearest neighbor principle (≤ 5s). 

Surrogate network data was created to correct for multiple comparisons. Two 

separate surrogate data sets, created with the randi function in MATLAB, consisted 

of 20 time signals (equal to number of RSNs) with their length equal to the 

concatenated resting state time signals (244 524 samples). The same steps (Steps 

1˗4) as those used in the DLA method were applied to surrogate data (the two-

sided, two-sample Kolmogorov Smirnov test). The smallest p-value was 

determined as the threshold for significance.  
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Fig. 6. A general workflow for the DLA approach. (1) A given pair of RSNs is selected. (2) 

Corresponding band-pass filtered (0.01-0.1 Hz) signals and detrended time signals for 

HC and NT1 groups. (3) For each of the four analyses (pos˗pos, neg˗ neg, pos˗neg, 

neg˗pos) the lag values between the ICs are separately calculated, peak-by-peak, for 

both groups. The corresponding p-value (for the given RSN pair) is calculated between 

the two lag vectors (HC and NT1). (Figure from Study III, published with permission from 

Oxford University Press.) 
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5 Results 

5.1 Continuous and dynamic lag structure based on the lagged 

cross-correlation approach 

This study investigated the lag structure of the human brain in HCs by applying a 

novel independent component method to MREG data in rs-fMRI. Spatial ICA was 

used for defining the back and frontal nodes of the DMN, and the temporal ICA 

was used to separate both neuronal and physiological components of these two 

spatial maps. Lag structure was investigated using both conventional method with 

all-time points and a sliding window approach.  

Model order 10 in tIC was too low since in nine subjects all tICs were defined 

as noise sources and excluded from the analysis. In model order 30, roughly 20 of 

the ICs were excluded from the analysis, whereas in model order 50, 27 ± 4 tICs in 

the DMNpcc were excluded and 29 ± 4 tICs on average over subjects were excluded.  

Histograms of all denoised tIC pair values over all 25 subjects were formed to 

reveal the correlation coefficient (see Fig. 7A) and lag distributions (see Fig. 7B), 

and to define the thresholds for significance. The mean correlation coefficient value 

over all subjects was 0.00 with standard deviation of 0.17. The mean lag and 

standard deviation were 0.0 s and 4.0 s respectively.  

The time lag and corresponding correlation coefficient values were calculated 

for the three highest correlating tIC pairs in model orders 30 and 50 (see Fig. 7C). 

Higher mean absolute correlation coefficient values were seen in each node in 

model order 50 versus 30 (1st node: 0.69 vs 0.59; 2nd node: 0.60 vs 0.53; 3rd node: 

0.56 vs 0.47). In the highest correlating tIC pair of model order 50, each subject 

had correlation coefficient values > 0.55, which exceeded the cc threshold of µ ± 3 

std, i.e. the value of 0.51. Based on the results, the highest correlating tIC pair in 

model order 50 was chosen for more detailed analysis.  
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Fig. 7. Part A: A histogram of correlation coefficients (between all the denoised tICA 

pairs of all subjects). µ ± 2σ indicates that 95.5% of the values lie within that range 

whereas 99.7 % of the values lie within the µ ± 3σ range. Part B: A histogram of lag 

values (between all the denoised tICA pairs of all subjects), with the mean lag of 0.0 s 

and standard deviation of 4.0 s. Part C: Correlation versus time lags scatterplots of the 

three first nodes in the model orders 30 and 50 tICA. The directionality of the leading 

DMN component is marked by triangle and circle symbols. Correlation values are 

absolute values. The line of µ ± 3σ indicates the threshold of statistical significance 

validated in Figure 7A. (Figure from Study I, published with permission from Elsevier.) 
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The mean absolute time lag was 0.6 s (± 0.5 s) in the first node of model order 50 

tICA. The DMNpcc preceded the DMNvmpf in 12 subjects, and the DMNvmpf was the 

leading network in 10 subjects. Three subjects had a zero lag. The mean absolute 

time lags were 0.8 s (± 0.5) and 0.6 s (± 0.5) when the source of propagation was 

DMNpcc and DMNvmpf, respectively.  

Cross-individual variability was measured by defining the lag values between 

all denoised tIC pairs for each subject (Fig. 8). The mean lag and standard deviation 

varied between -0.3…0.5 s and 3.6…4.5 s, respectively.  

Fig. 8.  Subject variability in lag histograms (the whole time window). The mean lag over 

subjects varies between -0.3…0.5s with standard deviation of 3.6...4.5. (Figure from 

Study I, published with permission from Elsevier.) 

In sliding window dynamic analysis, the maximum correlation was on average 0.82 

± 0.07 with a time lag of 0.8 s ± 0.7. There was high variability over different time 

windows and over subjects. In 15 of 25 subjects, the maximum absolute lag value 

was ≤ 3.0 s, whereas in nine subjects the highest lag value over different time 
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windows was > 5.0 s. Changes in the source˗destination relationship were detected 

in 1.44 ± 0.9 of 5 (28.8%) possible times. 

5.2 Dynamic lag variations in autism spectrum disorder 

There were sixteen RSNs whose spatial cc exceeded the threshold of 0.60 (Fig. 9). 

There were significant lag variations (p-value < 0.003) in 10.8% of the RSNs that 

survived both surrogate data threshold and Benjamin-Hochberg procedure 

corrections. Dynamic lag variations were concentrated on mutual connections of 

salience, visual, executive and default-mode networks (see Fig. 10).  

     Detailed lag pattern characteristics (%-ratio, µ [mean lag value], ũ [median lag 

value], σ [standard deviation]) of lag values were investigated between significant 

RSN pairs (c.f. Table 1). The percentage of leading (-) versus lagging (+) lag values 

is reflected by the percentage ratio. In other words, the first value reflects the 

percentage (%) of times the first mentioned RSN in the network pair precede (a 

source of propagation), that is, it has negative lag values. Whereas the second value 

reflects the percentage of times it has been the lagging behind (the destination of 

propagation), that is, it has positive lag values. NT individuals had more structured 

dynamic lag patterns, exhibiting a more distinct source/destination relationship 

between RSNs, i.e. values observationally deviated from 50/50 ratio. In ASD, the 

percentage ratio was generally close to a 50/50 ratio. Notably, the salience network 

(SN) was a source of propagation to the executive network, primary visual (V1) 

network, secondary visual (V2) network, the precuneus DMN (DMNprecuneus) and 

the DMNpcc networks in NT whereas in ASD the source˗destination structure was 

diminished. Shorter mean and median lags were seen in 92.3% and 84.6% of the 

significant RSN pairs in ASD versus NT subjects, respectively.  
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Fig. 9. Group-level IC maps for the sixteen functional brain networks whose spatial cc 

exceeded the threshold of 0.6 between NT and ASD groups. Note: c.c. =cross-

correlation. The Z-value in the IC-maps is 2.3. (Figure from Study II, published with 

permission from Wiley.) 
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Fig. 10. p-value matrix between NT and ASD groups. The red p-values highlighted in red 

indicate that there are significant lag pattern variations (with a significance threshold 

of 0.003) between NT and ASD subjects that survived both Benjamini-Hochberg 

procedure and surrogate network data corrections. (Figure from Study II, published with 

permission from Wiley.) 

Table 1. Detailed lag characteristics of significant RSN pairs. 

Network NT  ASD 

% µ ũ σ % µ ũ σ 

DMNpcc-Salience  40/59  0.50  0.65  2.72   55/45  -0.29 -0.80  3.08 

DMNpcc-V1  37/61  0.41  0.60  2.04   57/42  -0.36 -0.50  2.57 

DMNprecuneus-Salience  38/60  0.56   0.60  2.47   48/51  0.18  0.15  2.70 

DMNprecuneus-A1  36/61  0.89  0.90  2.54   43/55  0.15  0.40  2.74 

DMNvmpf-Language  33/66  0.71  1.10  2.66   48/50  0.05  0.00  2.61 

DMNvmpf-Executive  41/57  0.23  0.30  2.12   41/57  0.33  0.70  2.71 

Salience-V1  61/38  -0.53 -0.50  2.16   48/50  -0.05  0.10  2.70 

Salience-V2  61/38  -0.47 -0.60  2.36   48/50  0.02  0.15  2.90 

Salience-Executive  63/36  -0.66 -1.00  2.59   51/47  -0.09 -0.10  2.28 

Memory/attention-Language  43/56  0.34  0.80  2.81   53/45  -0.15 -0.20  2.55 

DANright-M1left  58/41  -0.50 -0.70  3.05   45/53  0.10  0.25  2.59 

Executive-V2  40/58  0.39  0.70  2.59   55/44  -0.31 -0.40  2.65 

V1-A1  36/64  0.75  1.00  2.57   49/49  -0.00  0.00  2.76 
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5.3 Dynamic lag variation in narcolepsy 

This study (Study III) focused on the dynamic lag properties between positive and 

negative activity peaks and also anticorrelative (pos <=> neg) peak lag patterns. 

There were twenty-four significant RSN pairs (2 pospos, 2 negneg, 8 posneg, 12 

negpos) that survived the surrogate data threshold (p-value < 0.005). Of all the 

significant pairs, a pair with a DMN component was found in 83.3% (20/24) of 

them. Four ICs: V2, Sensorimotor Network 1 (SMN1), Sensorimotor Network 2 

(SMN2) and the primary somatosensory (S1) network were not included in any of 

the significant pairs (see the 20 ICs in Fig. 2; the z-value is 3.0). There were two 

significant RSN pairs in pos˗pos pairs (see Figs. 11&12): DMNcuneus versus V1 and 

DMNprecuneus versus the visual occipital (VisO) network (both at p=0.001). In the 

DMNcuneus-V1 pair, there was higher median value in HCs (median lag: 0.1 in NT1, 

and 0.4 in HC). In the DMNprecuneus-VisO pair, the median lag was 0.4 in NT1 and 

-0.3 in HC, suggesting a higher tendency for VisO to be the source of information 

flow for NT1 subjects.  

Two pairs survived the threshold for significance in neg˗neg pairs (see Figs. 

11&12): the SN1 and frontal attention network (fAN) pair and the medial prefrontal 

DMN (DMNmpf) and primary auditory (A1) network pair (p=0.004 and p=0.000 

respectively). In the SN1-fAN pair, the median lag values were 0.3 and -0.1 for NT1 

and HCs, respectively, suggesting that fAN deactivates before SN1 in NT1. In the 

DMNmpf-A1 pair, the median lag values were 0.6 and -0.3 in NT1 and HCs, 

respectively, suggesting that on average the deactivation of A1 precedes the 

deactivation of DMNmpf in narcolepsy, whereas in HCs there is a higher tendency 

that the DMNmpf deactivates before A1.  

There were eight significant RSN pairs in pos˗neg (see Figs. 11&12) with the 

DMN component included in all of the pairs: the DMNpcc versus the central 

executive network (CEN) (p = 0.001), the DMNpcc versus A1 (p = 0.001), 

DMNmpf versus A1 (p = 0.005), the SN1 versus DMNvmpf (p = 0.005), the 

SN2 versus DMNmpf (p = 0.000), the fAN versus DMNpcc (p = 0.003), the DAN 

versus DMNprecuneus (p = 0.001), and VisO versus DMNpcc (p = 0.002). Median lag 

values were shorter in 7/8 pairs in HC groups, suggesting a delayed information 

flow in narcolepsy.  

Twelve RSN-pairs survived the threshold for significance in neg˗pos (see Figs. 

11&12), and a DMN component was included in 9/12 pairs: the DMNprecuneus versus 

CEN (p = 0.004), the DMNcuneus versus DANright (p = 0.003), the DMNcuneus versus 

VisO (p = 0.001), the DMNvmpf versus Executive (p = 0.000), the DMNpcc versus 
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VisO (p = 0.000), the CEN versus DMNpcc (p = 0.003), the SN2 versus DMNvmpf (p 

= 0.004), the fAN versus DMNvmpf (p = 0.004), the VisO versus. DMNpcc (p = 0.000), 

the SN1 versus V1 (p = 0.001), the DANright versus VisO (p = 0.003) and the 

frontoparietal attention network (fpAN) versus DAN (p = 0.004). There were 

shorter median values in 10/12 pairs in HCs, referring to delayed information flow 

in narcolepsy.  

Fig. 11.  Combined significant (p<0.005) p-value matrix for same phased (pos-pos 

marked with a black and neg-neg with a white diamond) and anticorrelated (pos-neg 

marked with a black and neg-pos with a white square) RSN pairs. (Figure from Study III, 

published with permission from Oxford University Press.) 
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Fig. 12. Lag value histograms of same phased (A) pos-pos, (B) neg-neg and 

anticorrelated (C) pos-neg, (D) neg-pos significant (p<0.005) RSN pairs. HC group’s lag 

values are shown in dark gray and NT1 group’s lag values in white bins. (Figure from 

Study III, published with permission from Oxford University Press.) 
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6 Discussion 

6.1 Cross-correlation-based lag findings 

In Study I, lag structure was studied between the DMNvmpf and DMNpcc in a group 

of 25 healthy individuals using the lagged cc approach. Null-distributions revealed 

a highly consistent lag structure in continuous analysis, supporting prior literature 

(Mitra et al. 2015a, Mitra et al. 2014). The null-distribution results of all denoised 

tIC pairs suggest that the probability of having either the DMNvmpf or DMNpcc as 

the source of propagation is nearly equal. Consistent temporal lags were also seen 

across groups of individuals, supporting prior literature (Amemiya et al. 2016, 

Mitra et al. 2014). Notably, individual tIC pairs, reflecting independent signal 

sources with differing spatial regions, showed variation in lag values within DMN 

nodes. However, these results are in line with the earlier findings from continuous 

lag analysis, these findings that showed that there are early, middle and late latency 

components within DMN nodes (Mitra et al. 2014).  

Since earlier studies (Mitra et al. 2015a, Mitra et al. 2014) had studied the lag 

structure of the brain using full-time series (i.e. using a single lag value over a wide 

time epoch) this study widened the investigations to study the lag dynamic using 

sliding-window correlations. There was no significant variation of lag values over 

subjects in the time windows with the highest correlation. However, significant 

variability in separate time windows was seen, both between and within subjects, 

as in some subject’s the lags between time windows varied by 1 s and in some 

subjects within a 10 s time range. Earlier papers have shown that connectivity 

strength is not stationary within networks (Allen et al. 2014, Chang & Glover 2010, 

Keinänen et al. 2018, Kiviniemi et al. 2011). Therefore, it is likely that variability 

in lag values reflects the variations in connectivity strength. Anyhow, these results 

of dynamic lag variation indicate that temporally patterned spontaneous brain 

activity should be studied in a more detailed manner, including whole-brain 

coverage, as it could involve biologically meaningful information. These findings 

raise the question of whether the altered lag dynamics could be involved in the 

pathophysiological mechanisms of neurological and mental diseases/disorders. 
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6.2 Dynamic lag patterns variations in autism spectrum disorder 

Altered neural communication within the brain is assumed to be a critical 

component in ASD (Courchesne & Pierce 2005, Geschwind & Levitt 2007, 

Stevenson et al. 2014). Recent works has shown evidence both for hyper- and hypo-

connectivity (Abbott et al. 2016, Di Martino et al. 2013), and globally reduced 

network integration in ASD (Keown et al. 2017). Although there is a large 

consensus that altered brain communication underlies the atypical behavioral 

manifestations in ASD, the precise nature of it is still unknown.  

In Study II, a novel DLA approach was applied to reveal whole-brain dynamic 

lag pattern variations between NT individuals and individuals with ASD. Together 

with an ultra-fast MREG sequence, DLA allowed peak-by-peak based lag variation 

examination with high temporal resolution. Of the possible RSNs in this study, 10.8% 

had significant lag variation after strict multiple comparisons. Shorter mean and 

median temporal lags were found in 92.3% and 84.6% of the significant RSNs in 

ASD, respectively. NT individuals exhibited clearer source˗destination 

relationships between the RSNs.  

A prior lag study, with conventional TR BOLD (2200 ms), found focally 

altered lag differences in frontopolar cortex, occipital cortex and putamen (Mitra et 

al. 2015c). Interestingly, they found no differences between ASD and NT using 

resting-state FC analysis, suggesting that alterations in spontaneous propagated 

activity are more robust than alterations in static resting-state connectivity in ASD. 

The aforementioned study examined the lag structure using a lagged cc approach 

for full time series, which assumes the existence of a single time lag over a wide 

time window. To the best of our knowledge, the DLA approach enabled examining 

dynamic lag pattern variations between functional activated regions in the human 

brain (ASD versus HCs) (i.e. how the directionality and time lags of information 

flow between functional brain regions vary over time) for the first time.  

Spatially, the altered lag patterns were particularly concentrated on mutual 

connections of salience, visual, executive and default-mode networks that have 

been implicated in the pathophysiology of ASD. The diminished source˗destination 

relationship was especially evident in the mutual information flow of salience 

network to visual and executive networks and DMN. The salience network seems 

to be a strong source of activity between these networks in the NT group, while in 

ASD this relationship is diminished. This finding of atypical timing of salience 

network activity is well in line with earlier theoretical and empirical accounts. 

Earlier studies have linked the salience network dysfunction to autism (Uddin & 
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Menon 2009, Uddin et al. 2013, Uddin 2015).The switching between the DMN and 

CEN is thought to be controlled by salience network (Goulden et al. 2014). 

Previous work has suggested that the FC of the salience network can be used to 

discriminate children ASD from typically developing children (Uddin et al. 2013) 

and that salience network connectivity profiles relate to severity of the repetitive 

and restricted behaviours observed in the disorder (Uddin et al. 2014).  

Lag alterations in visual and executive RSNs are overlapping with the same 

spatial regions as an earlier lag study (Mitra et al. 2015c). Diminished gaze fixation 

is one of the main characteristics in ASD (Jones & Klin 2013, Ozonoff et al. 2010). 

In addition, differences in visual attention and perceptual tasks, and visual 

perceptive fields have been identified in autism (Belmonte & Yurgelun-Todd 2003, 

Schwarzkopf et al. 2014). Alterations in FC in ASD have been widely reported in 

regions of executive (Abbott et al. 2016, Walsh et al. 2019) and the DMN (Chen et 

al. 2016, Lynch et al. 2013, Nielsen et al. 2013, Starck et al. 2013, Yerys et al. 2015, 

Ypma et al. 2016) which are well in line with our findings of significant lag 

alterations.  

Our findings of altered mean temporal lags in autism could be linked to recent 

papers reporting variations in time-varying patterns in ASD. Sustained connectivity 

(increased durations of functional connections) in both distributed brain networks 

in individual brain regions have been reported in ASD (King et al. 2018). A rapid 

shift between brain states can therefore be limited in autism due to sustained brain 

connectivity (King et al. 2018). A negative correlation between sustained 

connectivity and processing speed has also been reported in autism (King & 

Anderson 2018). Processing speed is one area of cognition that is altered in autism 

compared with NTs (Haigh et al. 2018).  

6.3 Dynamic lag patterns in narcolepsy 

Narcolepsy is a chronic neurological disease characterised by dysfunction of the 

hypocretin system in the brain causing disruption in the wake-promoting system 

(Kornum et al. 2017, Sarkanen et al. 2018, Scammell 2015). Typical symptoms in 

patients with narcolepsy include daytime sleepiness with sleep attacks, and deficits 

in sustained attention and executive function (Bayard et al. 2012, Cellini 2017, 

Cipolli et al. 2009, Fulda & Schulz 2001, Mazzetti et al. 2012, Naumann & Daum 

2003, Naumann et al. 2006, Witt et al. 2018). Although functional changes (Ellis et 

al. 1999, Ponz et al. 2010, Reiss et al. 2008, Schwartz et al. 2008) and structural 

changes (Brabec et al. 2011, Brenneis et al. 2005, Buskova et al. 2006, Draganski 
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et al. 2002, Joo et al. 2012, Kaufmann et al. 2002, Kim et al. 2016) have been 

reported in rest and task-relevant brain regions in narcolepsy, only a few rs-fMRI 

studies have been conducted. These prior rs-fMRI studies have suggested both 

decreased abnormal brain dynamics (Drissi et al. 2016) and decreased 

intra/internetwork connectivity strength regarding the DMN (Drissi et al. 2016, 

Xiao et al. 2018, Xiao et al. 2019, Xiao et al. 2020). 

In Study III, we utilized the DLA concept and fast MREG imaging to study, 

for the first time, the temporal fMRI signal propagation patterns between major 

brain networks in NT1 (n=21) and HCs (n=21). Furthermore, we extended the DLA 

analysis in a novel way to examine lag pattern variations between RSNs in 

anticorrelating phases. To our knowledge, this is the first study to reveal fast fMRI 

information from the lag timings in inter network activity state transitions, from 

activation to deactivation and from deactivation to activation, in the human brain. 

Significant dynamic lag variations were found in 24 RSN pairs in narcolepsy. The 

DMN was involved in 83% of the altered RSN pairs. Furthermore, we found that 

information flow between DMN and other networks was monotonic and slower.  

Interactions between RSNs are crucial for complex cognition, as the DMN and 

SN/DAN/CEN interact to sustain attentional processes and normal cognitive 

function (Bressler & Menon 2010, Chand & Dhamala 2016, Menon 2011, Uddin 

2015). Our results indicate that the changes in the dynamic inter RSN connections 

concerning DMN may be instrumental in narcolepsy. Our results show that the 

dynamic interplay between both the DMN/DAN and DMN/SN is delayed as 

illustrated by the lag distributions between significant RSN pairs. The slow 

information flow between the DMN and SN functional brain regions may 

additionally hinder the SN’s ability to switch appropriately between the DMN and 

CEN or Executive in narcolepsy, thus causing adverse effects on executive 

functions that manifest in patients with narcolepsy. 

Understanding the neurobiology of the human brain requires a critical 

investigation of temporal brain dynamics. This study provided new insights into 

the temporal propagations patterns of anticorrelated brain networks, and inter-RSN 

deactivation patterns. In addition, this work challenges the current notion that 

anticorrelative connections among brain networks persist over the whole scan 

(Allen et al. 2011, Fox, M. et al. 2009, Fox, M. et al. 2005, Uddin et al. 2009), 

which is in line with recent findings (Iraji et al. 2019a). Our results suggest that 

anticorrelative connections are transient as opposed constant, and this connectome 

is disrupted in narcolepsy. Interestingly, the lag patterns variations between groups 

were concentrated on transiently anticorrelating RSN pairs (83.3% of the 
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significant pairs), which would have been undetectable using conventional static 

zero-lag analyses. To conclude, our novel approach unveils typically overlooked 

features of brain dynamics, and highlights the importance of exploring the 

internetwork phase transitions and lag variations as transient events, and exploring 

them with high temporal resolution. These transient activation/deactivation 

switching between RSNs would have remained undetectable with conventional 

static zero-lag analyses. 

6.4 Limitations and future directions 

A new analysis approach, dynamic lag analysis was developed in this thesis. Since 

the DLA method is novel, there are some issues that could be addressed more 

closely in the future studies. All studies utilized independent component analysis 

to obtain functionally separated brain regions whose internetwork lag variations 

were investigated. It would be interesting to know what effect the choice of an 

analysis strategy, 1) combined group ICA or 2) separate ICA for study groups 

would have to lag results. Furthermore, ROI based brain region definition would 

allow to explore anatomically precise regions for example in the basal ganglia or 

brain stem, that were not studied in this thesis.  

The two study groups were age and sex matched in studies II and III. However, 

the effect of sex and age to time lag values were not addressed in this thesis. 

Moreover, medication effects should be explored more closely in the future studies. 

It has been shown earlier that for some psychostimulants can cause enhanced 

activation in bilateral inferior frontal cortex/insula (Rubia et al. 2014) which may 

potentially have some effect to time lag values. One option could have been to 

include only participants which are not on current medication. However, many 

patients, like subjects with type 1 narcolepsy, are forced to use some medication 

due to their medical condition. Due to ethical restrictions, we did not require the 

participants to refrain from prior medication prior to participating in this study.  

In this thesis, we did not explore the potential hemodynamic response function 

(HRF) contribution to lag results. Recently, it has been suggested that HRF 

parameters have been shown to vary in individuals with autism (Yan et al. 2018). 

However, it has been demonstrated that interregional time lags are not attributable 

to hemodynamic factors (Mitra et al. 2014). Moreover, the number of methods 

capable of deconvolving resting state data is small currently. Therefore, 

complementary methods that take into account individual HRF response time, 
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dynamically peak-by-peak, are needed in order to evaluate the potential HRF 

confounds to dynamic lag analysis.  

Time lag variations between groups were investigated on a group level. A 

recent work (Raut et al. 2020), suggest that there is a set of early regions of 

propagated brain activity that are common to all individuals. The aforementioned 

study, however, did not explore the individual lag variability dynamically, which is 

possible with the DLA approach. Although the dynamic lag analysis on an 

individual level lacks the high statistical power compared to a group level, it could 

be at some extent tackled by acquiring multiple fMRI measurements for each 

individual in the future studies.  

Study III challenges the current notion that anticorrelative connections to brain 

networks are constant over the entire scan and highlights the importance of 

exploring the inter-RSN phase transitions as transient events. Therefore, the novel 

DLA approach unveils typically overlooked features of brain dynamic and detects 

subtle alterations among patients with autism and narcolepsy and potentially with 

other pathological or physiological conditions in the future studies. These and 

upcoming findings of temporal propagation patterns in the brain may raise the 

possibility of therapeutic interventions in the future. Directed stimulation of the 

brain, for instance, has shown a therapeutic promise in different diseases, but the 

identification of precise stimulation location has been challenging (Fox, M. et al. 

2014). Alterations in the propagation patterns in rs-fMRI may help to identify 

specific neural circuits or regions for targeted interventions, and to evaluate the 

results of interventions in the future.  
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7 Conclusions 

This thesis investigated dynamic propagation patterns of human brain activity using 

fast fMRI. Together with a fast MREG sequence, a novel DLA approach enabled 

to study the whole-brain propagation patterns peak-by-peak without 

cardiorespiratory aliasing. DLA accounts for each peak and nadir of the fMRI time 

series enabling examination of dynamic signal behaviour between spatial brain 

regions in same phased configurations (from positive to positive and from negative 

to negative) and antiphased configurations (from negative to positive and from 

positive to negative) configurations that remain undetected in conventional FC and 

correlation based analyses.  

To elaborate, DLA enables investigating transient variations in inter-network 

signalling, that is, investigating how the directionality and time lags of brain 

information flow vary. These results show that temporal propagation patterns 

among brain networks vary dynamically. Significant dynamic lag pattern variations 

were found in ASD and NT1 compared with HCs. Our results revealed a 

prominently delayed information flow prominently between the DMN and other 

major RSNs in NT1, whereas in ASD, the source˗destination relationship of 

propagation patterns was diminished in some RSN pairs. Deeper understanding of 

these typically overlooked dynamic propagation patterns can potentially reveal the 

biomarkers of some pathologies, and offer deeper insights in the role of 

spontaneous brain activity in health and disease.  
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