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Abstract Electroencephalography (EEG) and functional

magnetic resonance imaging (fMRI) studies revealed that

spontaneous activity in the brain has scale-invariant prop-

erties, as indicated by a frequency spectrum that follows a

power-law distribution. However, current knowledge about

the exact relationship between scaling properties in EEG and

fMRI signals is very limited. To address this question, we

collected simultaneous EEG-fMRI data in healthy individ-

uals during resting wakefulness and non-rapid eye move-

ment (NREM) sleep. For either of these conditions, we found

that both EEG and fMRI power spectra followed a power-

law distribution. Furthermore, the EEG and fMRI scaling

exponentswere highly variable across subjects, and sensitive

to the choice of reference and nuisance variables in EEG and

fMRI data, respectively. Interestingly, the EEG exponent of

the whole brain selectively corresponded to the fMRI

exponent of the thalamus during NREM sleep. Together, our

findings suggest that scale-free brain activity is characterized

by robust temporal structures and behavioral significance.

This motivates future studies to unravel its physiological

mechanisms, as well as its relevance to behavior.

Keywords Scale-free properties � Power-law � Resting
state � NREM sleep � Simultaneous EEG-fMRI

Introduction

Electrophysiological and hemodynamic studies have

revealed that spontaneous brain activity is characterized by

scale-free dynamics, whose frequency spectrum follows a

power-law distribution. This has been typically interpreted

as a feature that underlies the property of the brain to

flexibly reorganize on sub-second temporal scales to allow

the rapid execution of mental processes (Bressler and

Tognoli 2006). Precise timing is crucial for the coordina-

tion of the ongoing information flow across brain areas,

enabling perception, cognition and ultimately conscious-

ness (Britz et al. 2010). Scale-free organization of human

brain has been extensively studied with different tech-

niques, ranging from scalp electroencephalography (EEG)

to functional magnetic resonance imaging (fMRI) (He and

Raichle 2009). However, much less is known about the

relationship between scale-free brain dynamics observed

with different techniques, and their dependence on the

behavioral state.

EEG is a widely utilized technique to measure oscilla-

tory activity in different frequency bands originated by

neuronal assemblies, and to link these oscillations with

specific behavioral states. For example, it has been widely

documented that oscillations at about 10 Hz are most

prominent in the awake state, whereas lower frequencies

(2–4 Hz) are typically associated with non-rapid eye

movement (NREM) sleep (Iber et al. 2007). EEG also

permitted to identify sequences of microstates, i.e. short

time periods of 100 ms during which the scalp topography

remains quasi-stable. Previous studies reported power-law

dynamics in EEG data based on different features,

including power spectrum (Hwa and Ferree 2002), func-

tional synchronization, amplitude of oscillatory activity, as

well as microstates (Britz et al. 2010).
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Scale-free properties in resting-state fMRI signals were

also documented. Robust fMRI evidence supports the

concept that scale-free properties change across a wide

range of conditions. For instance, introversion was found to

be accompanied by an increase of the scaling exponent in

the regions of the so-called default mode network (DMN)

(Lei et al. 2013), whereas impulsivity was associated with a

decrease in the ventral striatum (Hahn et al. 2012). Fur-

thermore, the scaling exponent was found to be larger

during task compared to resting state, and task-related

modulation of scale invariance appeared only significant in

functional networks (Ciuciu et al. 2012). Although brain

modules are preserved, the organization of brain network

was modified into smaller independent modules during

NREM sleep (Boly et al. 2012). Importantly, fractal

modularity of spatial patterns may be responsible for the

emergence of dynamics with power-law scaling (Bullmore

and Sporns 2012; Ciuciu et al. 2014).

There is accumulating evidence that both EEG and

fMRI frequency spectra possess power-law scaling

behavior (He et al. 2010; Lei et al. 2013). This naturally

leads to the question of whether there are generative

mechanisms that are shared between modalities. The rela-

tionship between hemodynamic and electrical measures of

brain activity was intensively studied by recordings per-

formed separately in the same subjects. For instance, He

and Raichle found that fluctuations of low-frequency EEG

power correlated with the fMRI signal, and also modulated

trial-to-trial behavioral performance (He and Raichle

2009). Fransson and coworkers found that the spatial dis-

tribution of scale-free properties was compatible between

EEG and fMRI, with larger scaling exponents in occipital/

parietal than in frontal cortex (Fransson et al. 2013).

However, none of these studies could explain the rela-

tionship between EEG and fMRI scale-free properties,

since they used separate EEG and fMRI recordings.

Interesting novel dimensions to this research field were

brought by recent studies using simultaneous EEG-fMRI

(Britz et al. 2010; Tagliazucchi et al. 2013). This multi-

modal technique was used to demonstrate that EEG

microstates are electrophysiological correlates of fMRI

network activity (Britz et al. 2010). Intriguingly, the cor-

relation between EEG microstates and fMRI networks

revealed scale-free dynamics over a wide time range from

256 ms to 16 s (Britz et al. 2010). The scaling exponent of

fMRI signals were also found to be decreased gradually

from wakefulness to deep sleep in the whole brain, espe-

cially in default mode and attention networks (Tagliazucchi

et al. 2013).

The differences in the scaling exponent of fMRI func-

tional networks in awake rest and NREM sleep along with

the changes in oscillatory activity of scalp EEG signals,

suggested that scaling-properties of EEG and fMRI may

significantly correlate between modalities for varying level

of consciousness. Given that the scaling exponent is char-

acteristic of the complex neural information processing

taking place in the whole brain—and in particular, the

spontaneous conscious mentation occurring during wakeful

rest—we further hypothesize that the scaling exponent will

change during NREM sleep. To test these hypotheses, here

we estimated the scaling exponent of EEG and fMRI sig-

nals in healthy individuals during resting wakefulness and

NREM sleep. We conducted our investigation using

simultaneous EEG-fMRI, as this is expected to afford a

more complete characterization of the complex relationship

between rapid EEG dynamics and slow fMRI fluctuations

(Lei et al. 2014; Mantini et al. 2007).

Materials and Methods

Participants

Thirty-six healthy subjects (19 females) participated in the

present study, which was approved by the Ethics Com-

mittee of the Southwest University. All participants,

recruited from the local community through advertise-

ments, ranged between 21 and 24 years (mean = 21.8,

SD = 2.1) of age. They were without any history of psy-

chiatric or neurological illness as confirmed by psychiatric

clinical assessment. Written informed consent was

obtained after detailed explanation of the study protocol.

All procedures were in accordance with the sixth revision

of the Declaration of Helsinki.

Participants were instructed to refrain from smoking and

consuming foods or drink containing alcohol or caffeine

for 24 h prior to the scanning day. They were asked to

close their eyes, relax and try to sleep during scanning. Ear-

plugs were used for hearing protection and room lights

were dimmed. Head movements were minimized by using

a cushioned head fixation device. No stimuli were pre-

sented to the subject during the scanning period, which

lasted 1 h. After scanning, the responsiveness of the sub-

jects was tested by vocal communication and gentle touch

of the legs to determine whether they were asleep or

awake. Unresponsive subjects were considered asleep at

the end of the scan.

Simultaneous EEG/fMRI Recording

The EEG was digitized at 5 kHz, referenced online to FCz

using a non-magnetic MRI-compatible EEG system

(BrainAmp MR plus, Brain products, Munich, Germany).

All 32 electrodes were ring-type sintered nonmagnetic Ag/

AgCl electrodes, placed on the scalp according to the

international 10/20 system. An additional electrode was
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dedicated to the electrocardiogram (ECG). The EEG

amplifier, along with a rechargeable power pack was

placed about 15 cm outside the bore. Data were analog

filtered by a low-pass filter at 250 Hz (30 dB per octave)

and a high-pass filter with 10 s time constant, which

removed the frequencies below 0.0159 Hz. The amplified

and digitized EEG signal was transmitted via fiber optic

cables to the recording computer placed outside the scanner

room.

A high-resolution T1-weighted structural volume was

acquired using a 3T Siemens Trio scanner. The 3D spoiled

gradient recalled (SPGR) sequence used the following

parameters: TR/TE of 8.5/3.4 ms, FOV of 240 9

240 mm2, flip angle of 12�, acquisition matrix of 512 9

512, thickness of 1 mm with no gap. The high-resolution

T1-weighted structural volume provided an anatomical

reference for the functional scan. Subsequently, fMRI

scanned 500 functional volumes, using an EPI sequence

with the following parameters: TR/TE of 1,500/29 ms,

FOV of 192 9 192 mm2, flip angle of 90�, acquisition

matrix of 64 9 64, thickness/gap of 5/0.5 mm, in-plane

resolution of 3.0 9 3.0 mm2, 25 axial slices. The first six

volumes were discarded to ensure steady-state longitudinal

magnetization. We collected four runs, resulting in 2,000

functional volumes in total.

EEG Data Processing and Determination of Sleep Stage

EEG data was preprocessed to remove gradient and ball-

istocardiographic artifacts. The FMRIB toolbox in EEG-

LAB (www.sccn.ucsd.edu/eeglab) was used for off-line

correction of the MRI imaging artifact. This software

implements the adaptive artifact subtraction method, in

which the MRI imaging artifact waveforms are segmented,

averaged and iteratively subtracted from the EEG signals.

Subsequently, data were down-sampled to 250 Hz. The

EEG data were processed using temporal ICA to attenuate

BCG artifact, the ocular and the residual imaging artifact.

Two sleep experts at the Southwest University visually

inspected the EEG datasets according to the American

Academy of Sleep Medicine (AASM) criteria (Iber et al.

2007). Recording were segmented in blocks of 30 s dura-

tion, and for each of them a classification was made among

the following states: wakefulness, rapid eye movement

sleep and stages 1–3 NREM sleep. For instance, awake

EEG is characterized by a relatively high level of alpha

activity (8–12 Hz), whereas lower frequencies (\4 Hz) are

more prominent during NREM sleep. Both artifact periods

(eye blinks, muscle activity) and sleep graphoelements

(vertex sharp waves, sleep spindles and K-complexes) in

the EEG traces were excluded from further analysis. To

allow sufficient accuracy for determination of temporal

dynamics, we included in the analysis only subjects who

had at least five contiguous epochs (i.e. 150 s) of NREM

sleep (sleep session) and wakefulness (rest session).

Fourteen subjects were excluded on the basis of this cri-

terion, leaving us with 22 subjects for our analyses. We

found 7 of the 22 subjects reached deep sleep (NREM 3)

sleep, which accounted for only 16.36 % of the total

NREM time.

Re-Referencing of EEG Signal

The EEG recordings for rest and sleep sessions were re-

referenced to different types of reference. A study reported

that the choice of the reference has an impact on the power

spectrum (Yao et al. 2005), which is the groundwork for

the estimation of the scaling exponent. Here, we used five

types of reference, including the original FCz reference, the

occipital (Oz) reference, the linked mastoids reference

(LM), the average reference (AR) and the infinity reference

(IR), to investigate the effects of the reference on the

scaling exponent estimation. The IR, proposed by Yao

almost a decade ago, is a mathematic approximation to the

theoretical neutral reference at an infinity point (www.

neuro.uestc.edu.cn/rest) (Yao 2001). In recent years, Yao

and colleagues have demonstrated the validity and conve-

nience when comparing with other traditional scalp refer-

ences in analyzing EEG power spectra (Yao et al. 2005)

and ERP (Tian and Yao 2013). Here we assessed its per-

formance in scale-free property analyses.

Frequency Spectrum Analysis of EEG Data

Power spectrum of the EEG signal was computed for all 30

EEG electrodes during awake rest and sleep sessions using

the Welch method. After plotting the spectrum in coordi-

nates of log power versus log frequency, we determined by

visual inspection the frequency range during which the

power spectrum followed a straight line. Similarly to pre-

vious investigations (He et al. 2010; Hwa and Ferree 2002),

the power spectrum showed a bending in the frequency

range of the alpha rhythm (see Fig. 2). Accordingly, the

frequency spectrum was fitted with a power-law function

P � f-a using least-square estimation (in a log frequency

by log power plot) in the frequency range of 0.06–3 Hz.

Notably, least square estimation of the slope of the power

spectrum is prone to give too much weight to the highest

density of data-points in the high end of the frequency

spectrum (Hwa and Ferree 2002). To circumvent this

potential bias, we used a logarithmically distributed up-

sampling of the power spectrum function, giving equal

weight to all frequency ranges in the power spectrum

estimation. The mean powers during 0.06–3 Hz were also

calculated and transformed into logarithms (log10) before

statistical analysis to approximate a normal distribution.
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fMRI Data Processing

fMRI data were preprocessed using SPM8 (http://www.fil.

ion.ucl.ac.uk/spm/), developed by the Welcome Depart-

ment of Cognitive Neurology, London, UK. The prepro-

cessing steps included slice timing, head motion correction,

spatial coregistration and normalization, and smoothing.

One subject was excluded due to excessive ([1 mm) head

motion during scanning, leaving us with 21 subjects for

further analyses.

After fMRI data preprocessing, we performed spatial

independent component analysis (ICA) using GIFT (http://

icatb.sourceforge.net/) (Calhoun et al. 2001) to retrieve

resting state networks and subsequently identify networks

of interest. The number of components was set to 25, which

was estimated using the minimum description length cri-

terion. After data reduction by principal component ana-

lysis, we performed ICA decomposition on concatenated

datasets using the Extended Infomax algorithm. Indepen-

dent components (ICs) and time courses were back-

reconstructed for each subject, and the mean spatial maps

for each group were transformed to spatial z-scores for

display purposes. Resting-state networks (RSNs) were

classified using spatial templates from previous resting

state fMRI studies (Lei et al. 2013).

Frequency Spectrum Analysis of fMRI Data

The power spectrum of the RSN time course was calcu-

lated and plotted in coordinates of log power versus log

frequency. The power spectrum of fMRI signal followed a

straight line between 0.05 and 0.18 Hz. The mean power in

this frequency band was also calculated and transformed

into logarithms (log10) to examine the relation between

scaling exponent and mean power. As the time courses of

ICs were back-reconstructed using the complete spatial

maps, we should notice that the power spectrum will

always contain some ‘‘global’’ contributions.

As the use of nuisance variables in resting state fMRI

analyses is a controversial procedure (Fox et al. 2009), we

repeated our analysis with different nuisance variable

regressions. Sources of spurious or regionally nonspecific

variance included (i) the signal averaged over the whole

brain (the so-called global signal), (ii) the average signals

arising from the ventricles, and the deep cerebral white

matter, (iii) six parameters obtained by rigid body head

motion correction, (iv) temporally shifted versions of these

waveforms were also removed by inclusion of the first

temporal derivatives (computed by backward differences)

in the linear model. We performed regression of each of

these signals in an incremental manner, consecutively

adding one variable at each new step, and we estimated the

scaling exponent from the residual time course after each

step. The scaling exponents for all RSNs were computed in

the band 0.05–0.18 Hz to examine the effect of nuisance

regression on the scaling exponent estimation.

Statistical Analysis

A statistical analysis was conducted for the scaling expo-

nent of EEG and fMRI in different subjects using a 2-factor

analysis of variance (ANOVA). One within-subject factor

was consciousness level (rest and sleep sessions), and

another was the electrode (for EEG) or the network (for

fMRI). Another 2-factor ANOVA was conducted to

investigate the effects of the reference on the scaling

exponent estimation of EEG data. We also conducted a

2-factor ANOVA to investigate the effects of nuisance

regression on the scaling exponent estimation of fMRI

data.

We used post hoc paired t-tests to identify significant

changes between rest and sleep. Differences were consid-

ered significant if the associated probability was below

0.05, after correcting for multiple comparisons using the

Bonferroni method. We used the Spearman correlation to

assess the correspondence between mean power and the

slope a across subjects, both for EEG and fMRI data.

Spearman correlation was also utilized to examine the

spatial distribution of EEG-fMRI coupling of scale-free

properties; i.e., between the fMRI slope of each network

and the EEG slope of each electrode.

Results

Analysis of Brain Networks During Rest and Sleep

We applied spatial ICA to fMRI data collected during

awake rest and sleep. Accordingly, we defined 12 ICs that

corresponded to RSNs on the basis of the relevant literature

(Fig. 1) (Lei et al. 2013). We found a network (VIS1) that

encompassed the medial part of striate and parastriate

regions (BA 17/18) in the occipital lobe, corresponding to

peripheral retinotopic visual representations. Another net-

work (VIS2) encompassed parafoveal visual regions (BA

17/18/19). A network (AUD) spanned auditory regions in

the bilateral temporopolar and retrosubicular cortex (BA

38/48), as well as the subcentral area (BA 43) and. We also

found a network (SOM) that was spatially consistent with

bilateral sensorimotor cortices (BA 1/2/3) and a network

(MOT) that included the medial part of the somatosensory

association cortex (BA 5), as well as primary and supple-

mentary motor cortex (BA 4/6). Furthermore, we observed

a cerebellar network (CER) and a sub-cortical network

(THA) spanning the thalamus, and part of the caudate

nucleus.
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Other networks encompassed higher-order associative

regions. Two networks (LFP and RFP), which were later-

alized and largely symmetrical with respect the brain

midline, included the bilateral angular gyrus, right dorso-

lateral prefrontal cortex and frontal eye field (BA 8/9/39).

A salience network (SAL) contained inferior prefrontal

gyrus (BA 47) and middle temporal and temporopolar area

(21/38). An executive control network (CON) spanned

several medial–frontal areas, including anterior cingulate

and bilateral dorsolateral prefrontal cortex (BA 24/46). A

network (DMN) was spatially consistent with the DMN,

and included the angular gyrus, the posterior cingulate (BA

23/39), frontopolar (BA 10) and the superior parietal (BA

7) regions.

General Features of the EEG and fMRI Power Spectra

We computed power spectra and scaling exponents for

EEG and fMRI signals, respectively. For both modalities,

and for both awake rest and sleep, the power spectra—

when represented in a logarithmic scale—showed a linear

decrease as a function of frequency. This suggests a power-

law behavior of brain dynamics.

After averaging the power spectrum of EEG recordings

across subjects, we clearly observed a bending in the

frequency range of the alpha rhythm, which was most

prominent during rest (Fig. 2a). Note that this bending is

very similar to previous findings (Hwa and Ferree 2002).

To avoid the frequencies where the bending occurred, we

fitted the EEG spectrum in frequency range of 0.06–3 Hz

with a power-law function (Fig. 2a, b). We estimated the

scaling exponent for each electrode, each subject, and

each consciousness level (rest and sleep). A closer

inspection of the scalp maps suggested that the exponent

had a radial distribution for rest and sleep conditions, with

larger values for electrodes around the vertex and pro-

gressively decreasing based on the distance from the

vertex.

Fig. 1 Twelve selected resting-state networks of 21 subjects during

awake rest and NREM sleep. The most informative six axial slices of

each spatial pattern are shown. The coordinates for each slice refer to

mm distances from the anterior commissure. All spatial maps are

converted to z statistic images and then thresholded at Z[ 3 for

display purposes
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Scaling Exponent of the EEG Signal

The scaling exponent of EEG is around 1.5, which in line

with previous report on the scaling exponent of subdural

ECoG recordings (He et al. 2010). By performing

ANOVA for the scaling exponent of EEG, we found a

main effect of consciousness (F(1,20) = 11.92, p =

0.0025) and electrode (F(29,580) = 14.04, p\ 10-10).

Further post hoc paired t tests revealed the statistically

significant difference between consciousness levels

(p = 0.0013). As illustrated in Fig. 3a, the exponent

decreased from 1.6748 to 1.2866 when going from rest to

sleep. Because of the increased theta rhythm (2–4 Hz)

during NREM, this difference was likely related to the

difference in rhythmic brain activity between awake rest

and sleep. In addition, the variability of the scaling

exponent across subjects was large, in both rest (1.2–2.4)

and sleep (0.5–1.9).

We then examined the variability of power and scaling

exponents across subjects (Fig. 3b, c). We found a signif-

icant correlation between the two variables during sleep

(r = -0.8073, p\ 10-5). However, this was not the case

for the awake condition (r = -0.0244, p = 0.9162).

Notably, the correlation during awake rest became

significant (r = -0.6019, p = 0.0064) after removing the

two outliers (subjects, Fig. 3b).

It is also important to evaluate the effect of the EEG

reference on the power spectrum, as demonstrated in pre-

vious studies (Yao 2001; Yao et al. 2005). When we

conducted a 2-way ANOVA with consciousness and ref-

erence as main factors, the scaling exponents revealed

significant dependences on consciousness (F(1,20) =

15.30, p\ 0.001). The influence of EEG reference on the

scaling exponent was not found to be significant

(F(4,80) = 0.8631, p = 0.4899). This finding was obtained

with exponents averaged across electrodes (Fig. 4a). When

we analyzed single electrodes, we observed that the ref-

erence has an impact on the spatial distribution of the

scaling exponent (Fig. 4b). The Oz reference greatly

modified the scalp distribution of the scaling exponent, and

increased the values over the neighboring occipital area.

The value obtained with FCz reference, AR and IR had

similar spatial distributions.

Scaling Exponent of fMRI Data

A 2-factor ANOVA on the fMRI scaling exponents (Fig. 5a)

showed main effects of network (F(11,220) = 18.42,
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Fig. 2 Scale-free dynamics in the EEG and fMRI signals during

awake rest and NREM sleep. a Raw power spectra that grand

averaged across subjects (n = 21) plotted in log–log plots during rest.

Different colors represent different electrodes, and the thick green

trace represents the averaged spectrum across all electrodes. The

average power spectrum was fitted with a power-law function among

0.06–3 Hz, which was determined by visual inspection. The obtained

exponent is indicated by means of the slope of black lines. The inset

shows the topography of the obtained exponent in each electrode.

b Raw power spectra, fitted line and topography during sleep.

c Normalized power spectrum of fMRI signals shown in a log–log

plot for 12 RSNs during rest in the frequency range 0.05–0.18 Hz,

which is determined by visual inspection. Different colors represent

different brain networks, the thick black line has the same slope as the

fitted power-law function. d Normalized power spectrum and fitted

line during sleep
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p\ 10-15) and consciousness (F(1,20) = 19.68,

p\ 0.001). However, the interaction of conscious-

ness 9 network was not significant (F(11,220) = 1.190,

p = 0.2953). The scaling exponents during sleep were

typically larger than those during rest. After averaging

across networks, we conducted a paired t test, which

revealed a significant difference between consciousness

states (p\ 0.001). Interestingly, the scaling exponents for

the default mode and the visual networks were signifi-

cantly larger than those for somatosensory, cerebellum

and thalamus. This is in line with previous resting-state

studies (Fransson et al. 2013; He et al. 2010). Even more

impressive, the variability of the scaling exponent across

subjects was large, in both rest (1.0–3.7) and sleep

(1.6–3.9).

We then explored the effects of nuisance regression on

the estimation of the fMRI scaling exponent. This showed

main effects of consciousness (F(1,20) = 16.05,

p\ 0.001) and preprocessing (F(4,80) = 43.51,

p\ 10-10), as tested using a 2-factor ANOVA (Fig. 5b).

The interaction of consciousness 9 preprocessing was

significant (F(4,80) = 9.704, p\ 10-5). Adding nuisance

decreases the value of the scaling exponent, although

there are no effects on the difference between con-

sciousness levels. In addition, we found a significant

correlation (r = 0.5091, p = 0.0184) between scaling

exponents and power (calculated between 0.05 and

0.18 Hz) during sleep (Fig. 5d). The corresponding cor-

relation was not significant during rest (r = 0.1911,

p = 0.4067, see Fig. 5c), in line with a recent study

(Fransson et al. 2013).

Coupling Between EEG and fMRI Scale-free Dynamics

We further investigated the coupling between EEG and

fMRI scale-free dynamics. The scaling exponents of the 12

fMRI networks were correlated with those of 30 EEG

electrodes both for awake rest and sleep (Fig. 6a, b). The

resulting correlations, which ranged between -0.4917 and

0.7581, had usually similar values across EEG electrodes;

in other words, the variability across EEG electrodes was

relatively small compared to that across fMRI networks. As

scale-free coupling between EEG and fMRI did not sub-

stantially depend on the EEG channel chosen, we averaged

the values for the different EEG electrodes, and calculated

the correlation between the scaling exponents of EEG and

fMRI across subjects. Significant correlation was identified

in the THA (r = 0.6857; p = 6.0084 9 10-4\ 0.05/24,

the Bonferroni corrected; Fig. 6c). Correlation for the

somatosensory network (SOM) was large, but below sig-

nificance level (r = 0.4848; p = 0.0259, uncorrected;

Fig. 6d).
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Fig. 3 Scale-free properties of

the EEG signal during awake

rest and NREM sleep.

a Estimated scaling exponents

(a) for the power spectra of

EEG. The slope a was

separately calculated from

selected electrodes (F3, Fz, F4,

C3, Cz, C4, P3, Pz and P4). b,
c Correlation between the

scaling exponent and the

corresponding power in the

frequency range of 0.06–3 Hz.

The correlation was found to be

not significant during rest, but

significant during sleep (c,
r = -0.8073, p\ 10-5).

However, when we omitted the

two outliers during rest, the

correlation was significant in the

low-frequency range (b, r =
-0.6019, p = 0.0064)
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Discussion

Our data showed that both electrophysiological and he-

modynamical signals follow a power-law distribution for

awake rest and NREM sleep. However they were modu-

lated in opposite direction by the level of consciousness:

the fMRI exponent increased while the EEG exponent

decreased from rest to sleep. In addition, we found a spe-

cific association between the EEG scaling exponent of the

whole brain and the fMRI scaling exponent of the thalamus

during sleep. This finding provided clear evidence that

scaling properties of fMRI and EEG signals are intrinsi-

cally related, and are mediated by the behavioral state. To

the best of our knowledge, this is the first study to sys-

tematically examine the similarity of EEG and fMRI scale-

free dynamics across subjects.

General Features of Scale-free Dynamics

We observed similar power-law distributions of frequency

spectra in EEG and fMRI signals (Fig. 2a). The scaling

exponent in the frequency range of 0.06–3 Hz showed a

radial distribution with higher values over the parietal/

occipital areas as compared to frontal areas (see the first row

in Fig. 4b). This is consistent with previous findings in the

resting state condition (Fransson et al. 2013), although

obtained using a different frequency band (0.2–30 Hz). We

observed this radial distribution for different choices of the

EEG reference. Our fMRI results corroborate the findings by

(He et al. 2010) and (Fransson et al. 2013), in that the scaling

exponents for network spanning higher order association

cortices (LFP, RFP, SAL, CON and DMN) were generally

larger compared to sensory networks (AUD,MOT, CER and

THA), with the exception of the visual (VIS1 and VIS2) and

somatosensory (SOM) networks (see Fig. 5a). More

importantly, we observed this difference to be present for

resting wakefulness and sleep, suggesting that some

dynamical properties of brain networks are preserved at

different consciousness levels. However, the scaling expo-

nent was significantly larger (p\ 0.05/12, the Bonferroni

corrected) during sleep compared to rest for a number of

networks, among which VIS1, SOM, MOT and DMN.

Our findings are complementary with respect to those of

Tagliazucchi and colleagues, who investigated long-range

temporal dependence during deep sleep using fMRI (Ta-

gliazucchi et al. 2013). They identified a gradually

decreased scaling exponent from wakefulness to deep sleep

in the whole brain, especially in default mode and attention

networks. One possible reason for the apparent discrepancy

compared to our findings might be the different frequency

range (i.e., 0.05–0.18 Hz versus 0.10–0.24 Hz) that was

investigated. Furthermore, their analysis was conducted on

fMRI time series from individual voxels. These are sup-

posedly more contaminated by physiological artifacts than

the time courses of independent components, which were

used in our study. This hypothesis is confirmed by the fact

that the power spectrum of fMRI signal did not follow a

straight line in remaining frequency ranges (see Fig. 2).

We found the raw signal had larger power in the high

frequency ([0.2 Hz) during NREM sleep. As a result,

when we fitted another power-law function line to the

frequency range 0.1–0.24 Hz, the scaling exponents during

sleep were smaller than the exponents during rest (see

Supplementary Fig. 1). In line with the results of (Taglia-

zucchi et al. 2013), such decreases affected the DMN. We

believe the visual inspection is an important step for

determining the frequency range of linear fitting. Further

automatically approach can then be employed to identify

the outliers, and to adapt the fitting region.

We found the scaling exponent to be related to mean

power for both EEG (Fig. 3c) and fMRI (Fig. 5d) measures

of brain activity, especially during sleep. In contrast, it was

relatively weak during rest, as also found by (Fransson

et al. 2013). It is worth noting that the correlation for the

EEG during rest was significant (Fig. 3b) when omitting

outliers. Furthermore, we found significant correlations
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between scaling exponent and power across electrodes,

even for different choices of EEG reference. On the basis

of these results, we speculate that mean power and scaling

exponent might couple under specific behavioural condi-

tions (such as sleep), though they are independent features

of large-scale neuronal networks.

Effects of Reference Electrode and Nuisance Variables

We conducted a systematic investigation on the effects of

the EEG reference and of fMRI nuisance variables on the

estimation of the scaling exponent. As in previous studies

(Fransson et al. 2013; He et al. 2010), we found that the

regression of the global mean signal does not qualitatively

alter the relative value of the fMRI scaling among net-

works. Furthermore, we found no qualitative differences

between awake rest and sleep (Fig. 5b). Nevertheless, an

interesting result was that the scaling exponent gradually

diminished when regressing out the global signal, the

ventricles, white matter signals, and head motion. Further

work is warranted to reveal what processes or effects are at

the basis of this finding.

The use of different EEG references had a strong impact

on the spatial distribution of the EEG scaling exponent.

Our results confirmed that the IR might be an acceptable

tool, potentially supporting an unbiased analysis of EEG

data (Yao 2001; Yao et al. 2005). However, differences in

the spatial pattern of the scaling exponent for infinity and

ARs were not large. In turn, Oz reference seemed to distort

the spatial distribution, especially around the occipital

region. Intriguingly, the reference electrode had a local

influence on the exponents: for the neighboring channels,

the scaling exponent was increased. This phenomenon was

particularly evident when using FCz or Oz as reference

(Fig. 4b). Because FCz is usually utilized as a reference

channel for simultaneous EEG-fMRI recordings, most

previous studies of scale scale-invariant properties might

be questionable. The diverging influence of the EEG ref-

erence on the scaling exponent for low and high-frequency

ranges requires future investigations. Differences in the

scaling exponent for different EEG reference were less

noticeable when we averaged across electrodes (Fig. 4a).

However, the choice of EEG reference should be consid-

ered and interpreted carefully when the spatial distribution

of the scaling exponent is considered (Fransson et al.

2013).

Neurophysiologic Mechanisms Related to the Scaling

Exponent

Scale-invariance might be indicative of the presence of

underlying self-organized criticality. Previous studies

suggested that scale-invariance is relevant for organization

of the temporal dynamics in the brain, and reflects efficient

information processing (He et al. 2010; Maxim et al. 2005).

Specifically, a relatively small scaling exponent indicates

more efficient flow of information within the brain and less

temporal redundancy (Lei et al. 2013). For instance, several

studies showed that widespread brain regions have

decreased long-range memory in the fMRI signal during

task compared to rest (He et al. 2010; Maxim et al. 2005).

Also, our previous investigation on personality suggested

that more extraverted subjects are more prone to process

incoming information, and have smaller scaling exponent

than others (Lei et al. 2013). These considerations suggest

that the scaling exponent should be larger during NREM

sleep, because a system with large scaling exponent is

associated with a storage of information that lasts longer.

Our fMRI result confirmed this hypothesis, revealing a

significant larger scaling exponent (p\ 0.001) for sleep

compared to awake rest.

In contrast to fMRI, the EEG scaling exponent

decreased during sleep. This is somehow a counter-intui-

tive finding, which requires further investigation. We argue

that the delta waves observed with scalp EEG during sleep

could account for the inverse relationship between EEG

and fMRI scaling exponents. Although EEG waves and

microstates are complementary analyses, delta wave

approximately corresponds to the frequency band of

microstate. The EEG delta maps to fMRI timescale of

about 10 s (or 0.10 Hz) based on the generative model of

(Britz et al. 2010). Increasing of EEG delta was accom-

panied by increase in the lower range of the fMRI fre-

quencies, thus leading to an increase of the fMRI slope. By

contrast, as delta is at the upper range of the EEG power-

law fitting, an increase in delta would decrease the EEG

slope. However, since EEG is constituted by spatially

mixed signals which are convolved by volume conduction

(Lei et al. 2010), the direct interpretation of the EEG

scaling exponent as a whole brain property should be done

cautiously.

It should be noted that analyses based on the power

spectrum alone are suggestive but not conclusive of

genuine scale invariance in the system. There are indeed

other statistical distributions that may show power law-

like scaling behavior over limited ranges, such as the

lognormal and the Poisson distributions (Clauset et al.

2007). It would be challenging, if not unattainable, to

perform a comprehensive testing of scale invariance in

an empirical data set with limited sample sizes, such as

those available from resting or sleeping subjects. More-

over, the scale-free behavior in our data spans limited

frequency ranges, 0.05–0.18 Hz in fMRI, 0.06–3 Hz in

EEG. Our findings should be considered cautiously until

more stringent statistical tests are performed on larger

datasets.
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Electrophysiological Signatures of BOLD Scaling

Exponent

When we compared the scaling exponent for different EEG

electrodes and fMRI networks, we found a much larger

similarity among electrodes than networks (Fig. 6a, b). The

small variation among EEG electrodes may be due to the

spatial smearing from the skull and soft tissues, which

leads to temporal correlations between electrodes. Inter-

estingly, we found that scale-free dynamics of EEG activity

were related to scale-free dynamics of the fMRI signal in

the thalamus. A recent study examined the spatial profiles

of the scaling exponent for both EEG and fMRI, and found

that both modalities have large value over occipital/parietal

cortices and small value over the frontal region (Fransson

et al. 2013). Future work is warranted to examine the

spatial correspondence between modalities on a quantita-

tive basis. An interesting novel dimension to this field was

brought by recent studies of EEG microstates. A microstate

is a short time period (about 100 ms) during which the

EEG scalp topography remains quasi-stable. Remarkably,

EEG microstates were found to be related to the dynamics

of fMRI resting-state networks at the single subject level

(Britz et al. 2010). Here we examined the coupling between

EEG and fMRI features across subjects. More importantly,

our correlation was derived from original power spectrum

and revealed a contextual dependence of the inter-modality

coupling.

In general, individuals with a larger EEG scaling

exponent had larger fMRI scaling exponent in thalamus

during sleep (p\ 0.05, the Bonferroni corrected;

Fig. 6c). Thalamus plays an important role in sleep-

waking cycle, especially the NREM sleep (Steriade et al.

1993). Intracellular recording demonstrated the involve-

ment of thalamus in the generation of delta waves, which

is the most prominent rhythm during sleep (Steriade

et al. 1993). Furthermore, fMRI studies indicated

widespread decreases in brain activity during NREM

sleep, particularly in thalamus, somatosensory, motor,

cerebellum and basal ganglia (Kaufmann et al. 2006).

The observed positive correlation between scalp EEG

and deep brain nuclei may reflect a mechanism of cor-

tical activity modulation exerted by the thalamus, called

thalamic gating (Fukunaga et al. 2006). Since the thal-

amus had increased scaling exponent during sleep, we

speculate that this structure might reduce its efficiency of

online processing, propagating this effect also to the rest

of the brain.

Limitations of Our Study and Future Investigations

The findings reported here call for further investigations

in relation to several aspects. First, the analysis of scalp

EEG may benefit from source localizations yielding

estimates of neuronal activity within the brain (Lei et al.

2011). For the present study, we used a 32 electrode EEG

system, which does not permit accurate brain activity

reconstructions. Second, we estimated the scaling expo-

nent by fitting an f-a function to the power spectra, which

may not capture all aspects of temporal scaling properties.

An obvious extension would be to further investigate the

nesting properties of phase and frequency in EEG signals

(He et al. 2010) and their potential link with the structure

of fMRI activity. Third, our study was based on inter-

subject variability to relate EEG and fMRI features. An

EEG-informed general linear model approach could be

alternatively used, but this is supposedly more prone to

the problem of artifactual contaminations induced by

simultaneous EEG-fMRI (Lei et al. 2010). Fourth, we

have optimized the measure of the scaling exponent by

sampling the spectrum to have logarithmically distributed

frequencies, as the linear regression approach based on

the classical log–log plot of the power spectrum is known

to be suboptimal for measuring scaling exponent (Hwa

and Ferree 2002). It is worth noting that other methods

exist to extract the scaling exponent, such as detrended

fluctuation analysis (Hwa and Ferree 2002) and wavelet-

based approaches (Ciuciu et al. 2012). However, we used

the linear regression in our study because this allowed a

more straighforward multimodal analysis of brain scale-

free properties. Last but not the least is the aliasing

problem (Kiviniemi et al. 2005). The respiratory and

cardiac cycles occur around 0.3 and 1 Hz respectively.

Consequently, these can become aliased at TR of 1.5 s

(i.e., the Nyquist frequency is 0.33). Though we used the

low-frequency range (\0.18 Hz) to avoid aliasing artifact

in higher frequencies, future investigation at low TRs

(below 125 ms) is warranted to assess the effect of ali-

asing in scaling exponent estimation.

bFig. 5 Scale-free properties of the fMRI signal during awake rest and

NREM sleep. a Estimated scaling exponents (a) for the power spectra
of fMRI in the frequency range 0.05–0.18 Hz. The scaling exponents

during sleep were typically larger than the exponents during rest.

b Effects of nuisance regression on estimation of the scaling

exponent. The baseline condition corresponds to fMRI signals

without preprocessing. Four types of nuisance regression were

considered in the preprocessing procedure, including the global

signal, the signals from the ventricles and white matter, head motion,

and the temporal derivative versions of all the above nuisances.

Adding nuisance regression decreased the value of the scaling

exponent, but it had no substantial effect on the difference between

sleep and rest. c Correlation between the scaling exponent and the

power in the 0.05–0.18 Hz frequency range was found to be not

significant during rest (r = 0.1911, p = 0.4067). c Conversely, the

correlation during sleep was significant (r = 0.5091, p = 0.0184)
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Conclusion

In this study we used simultaneous EEG-fMRI to investi-

gate the link of scale-free properties for varying level of

consciousness. Our results suggested the scale-free activity

was a robust temporal structure, which was modulated by

the consciousness level. The scaling exponents are

important for the understanding of normal and pathological

neural processes. Accordingly, the present findings call for

future studies to assess the clinical relevance of the
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bordered areas. c The correlation between a of the fMRI signal in
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dynamical properties of spontaneous EEG and fMRI

activity, as well as to investigate mechanisms that translate

these dynamic features into moment-by-moment behav-

ioral variability.
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