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A B S T R A C T

Resting state brain activity has become a significant area of investigation in human neuroimaging. An important approach for understanding the dynamics of neuronal
activity in the resting state is to use complementary imaging modalities. Electrophysiological recordings can access fast temporal dynamics, while functional magnetic
resonance imaging (fMRI) studies reveal detailed spatial patterns. However, the relationship between these two measures is not fully established. In this study, we used
simultaneously recorded electroencephalography (EEG) and fMRI, along with Hidden Markov Modelling, to investigate how network dynamics at fast sub-second
time-scales, accessible with EEG, link to the slower time-scales and higher spatial detail of fMRI. We found that the fMRI correlates of fast transient EEG dynamic
networks show highly reproducible spatial patterns, and that their spatial organization exhibits strong similarity with traditional fMRI resting state networks maps.
This further demonstrates the potential of electrophysiology as a tool for understanding the fast network dynamics that underlie fMRI resting state networks.
1. Introduction

The human brain is a complex system of large neuronal populations,
which interact to perform different cognitive, motor and perceptual
tasks. Brain regions that tend to work together during task execution also
co-activate during rest (Smith et al., 2009), giving rise to so-called resting
state networks (RSNs) (Damoiseaux et al., 2006). Using fMRI, highly
similar resting state network maps have been found consistently across
subjects, studies and even different analysis techniques (Beckmann and
Smith, 2005, Van Dijk et al., 2010). However, the slow dynamics of fMRI
signals preclude the investigation of the fast dynamic interactions be-
tween brain regions, which are essential to explain the actual neural
mechanisms that underlie behaviour (Britz et al., 2010, Florin et al.,
2015).

Electrophysiological recordings, on the other hand, can more directly
access brain network dynamics at fast time-scales. Seed-based functional
connectivity analysis (De Pasquale et al., 2010; Brookes et al., 2012) or
independent component analysis (ICA) (Liu et al., 2017), which are
commonly used techniques to reveal fMRI RSNs, have been applied to
MEG data (Brookes et al., 2011; De Pasquale et al., 2010) and to
source-space EEG data (Liu et al., 2017), revealing similar spatial pat-
terns. Microstate analysis, which was specifically developed to study
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spontaneous EEG fluctuations, builds on the observation that the EEG
topographies show quasi-stable periods in the sub-second range (Leh-
mann and Roberto, 2009). Such EEG microstates were shown to be
relatively similar across subjects' age groups (Koenig et al., 2002).
Recently, techniques based on Hidden Markov Modelling (HMM) have
been used to identify consistent patterns of fast, sub-second transient
brain states that resemble fMRI-derived RSNs (Baker et al., 2014;
Vidaurre et al., 2018a, Vidaurre et al., 2018b).

In order to establish a more complete link between
electrophysiologically-derived brain networks and fMRI-derived brain
networks, simultaneous EEG and fMRI recordings are needed (Florin
et al., 2015). This can provide direct evidence of how the temporal
fluctuations are related between the two modalities in ongoing, resting
brain activity. In the pioneering work of Goldman et al. (2002), the
fMRI signal showed significant decrease in multiple cortical regions,
and significant increase in the thalamus and insula in response to
fluctuations in EEG alpha band power. Subsequent work found, in
response to alpha and beta power increase, fMRI deactivations and
activations in networks associated with attention and spontaneous
cognitive operations, respectively (Laufs et al., 2003). Not only power
increase, but global synchronization in alpha band was proven to be
linked to fMRI fluctuations in the corresponding network (Jann et al.,
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2009). In a symmetric, data-driven approach comparing spontaneous
fMRI fluctuations derived by ICA and EEG rhythms at typical frequency
bands within 1–50 Hz, Mantini et al. found a more complex relationship
between the two modalities (Mantini et al., 2007). Namely, each
ICA-based fMRI RSN were characterised by a specific electrophysio-
logical signature, combining all the different brain rhythms. Interest-
ingly, different parsing of resting-state EEG activity can lead to unique
associations across the networks of the two modalities. Hiltunen et al.
(2014) found highly specific matching across independent components
of infra-slow (0.01–0.1 Hz) EEG and a selected subset of ICA-based fMRI
RSNs. In another study, four of the well-known set of RSNs were
uniquely linked to the four typical microstate maps (Britz et al., 2010).
This finding is particularly interesting as it suggests that much faster
fluctuations of brain activity underlie RSNs than what is evident from
fMRI recordings. The scale-free behaviour of microstates over a wide
range of time-scales may provide an explanation to this finding (Van de
Ville et al., 2010, Gschwind et al., 2015).

Our approach builds on these results to investigate further the links
between the network dynamics at fast sub-second time-scales, accessible
with EEG, and brain network activity at slower (>1sec) time-scales in
fMRI, in simultaneously acquired data.

To access brain network dynamics at fast (<1sec) time-scales in
electrophysiology we use the Hidden Markov Model (HMM) mathemat-
ical framework, which was previously used to identify fast transient
dynamic networks in MEG data (Baker et al., 2014; Vidaurre et al., 2016,
Vidaurre et al., 2018b). First, we use the HMM to estimate a dynamic
system to model the succession of fast transient networks from EEG so
that we can examine its temporal characteristics. Then, using simulta-
neously recorded fMRI data, we interrogate the relationship of fMRI
resting state network maps and the spatial signatures of electrophysio-
logical fast transient networks, in order to bridge the gap between these
two data modalities. Following this approach, we found that the fMRI
correlates of fast transient networks show highly reproducible spatial
patterns, and that their spatial organization shows strong similarity with
fMRI resting state network maps. These results suggest that there is a
dynamic system of fast transient brain states underlying fMRI resting
state network fluctuations. Although previous studies have already
shown a link between these two modalities, these links were restricted
only to a subset of resting state networks, and established a one-to-one
correspondence between them and specific EEG phenomena. In
contrast, we show a more complex interrelationship between a large
number of fast transient EEG networks and the full set of known resting
state networks, leading to a richer characterization of resting state brain
dynamics.

2. Materials and methods

2.1. Data acquisition and preprocessing

Simultaneous EEG and fMRI data were recorded from 24 healthy
subjects (14 females, mean age: 22.7 years, ranging between 18 and 26
years), all right handed, with no history of neurological or psychiatric
disorders. Data were recorded during 6min while the subjects were
asked to rest with eyes closed. Due to severe head movement (total
displacement or scan-to-scan movement larger than 3mm or 1mm,
respectively) or high amount of EEG artefacts, data from 3 subjects were
excluded from the analysis. Therefore, the final dataset included re-
cordings from 21 subjects (13 females). The experimental procedure was
approved by the ethics committee of the University of Oldenburg. The
study was conducted as part of a more extensive recording protocol
(Puschmann et al., 2016), in accordance with the Declaration of Helsinki
World Medical Association, 2013 after having obtained written informed
consent from all subjects.

fMRI images were acquired using a 3 T Siemens MAGNETROM Vero
MRI scanner (Siemens AG, Erlangen, Germany) with a twelve-channel
head array. We obtained 261 T2*-weighted gradient echo planar
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imaging (EPI) volumes with FMRI-contrast (repetition time
(TR)¼ 1500 ms, echo-time (TE)¼ 30 ms, flip angle α¼ 70�, field of view
(FOV)¼ 200� 200 mm2, voxel size 3.1� 3.1� 3.1mm3). Volumes were
recorded in 23 transverse slices with a gap of 0.9mm in between in
ascending order. Afterwards, a high-resolution structural volume was
also acquired using a T1-weighted magnetization-prepared rapid acqui-
sition gradient echo (MPRAGE) sequence (TR¼ 1900ms, TE¼ 2.25ms,
α¼ 9�, FoV¼ 256� 256mm2, voxel size¼ 1� 1� 1mm3).

fMRI time series were preprocessed using FSL (Jenkinson et al.,
2012). More specifically, to correct for head motion the fMRI images
were aligned to the middle volume using linear rigid-body trans-
formations (Jenkinson et al., 2002). Using a brain mask created from the
first fMRI volume, voxels outside the brain were excluded. The images
were spatially smoothed with a Gaussian kernel of 5 mm
full-width-half-maximum, and voxel time series were finally high-pass
filtered at 0.01 Hz. The Individual fMRI data were subject to spatial in-
dependent component analysis (ICA) with 20 components using
MELODIC, and artefact-related components were selected based on their
lack of spatial correlation with known ICA-based RSNs2 (Shirer et al.,
2012). Clean fMRI data were reconstructed by regressing out the artefact
components and motion confounds using the ‘unique variance’ approach
implemented in the Fix FSL toolbox (Griffanti et al., 2014). Afterwards,
fMRI data were coregistered to each subject's structural image and were
normalized to MNI space. Subsequently, fMRI from all subjects were
concatenated and 20 spatially independent components were extracted
using group ICA. Out of these 20 group components, 4 were identified as
being likely caused by cardiac pulsation, considering that their spatial
maps included the ventricles and the main arteries (Salimi-Khorshidi
et al., 2014). The remaining 16 components were considered neuronal.
The preprocessed fMRI for each subject, which was used for the subse-
quent analysis, was obtained by reconstructing the fMRI time series using
the estimated mixing matrix and the 16 neuronal independent
components.

EEG signals were recorded during the fMRI data acquisition using 64
MRI-compatible electrodes and amplifier (BrainAmp MR Plus, Brain-
products, Gilching, Germany), sampled at 5000 Hz and electrode im-
pedances kept below 20 kΩ. An equidistant electrode layout was used
with AFz and Cz as ground and online recording reference, respectively.
Eye movements were monitored with an EOG electrode placed below
the left eye, while cardiac activity was recorded using and ECG elec-
trode placed on the left lower back. EEG data were preprocessed as
follows. Gradient artefacts were removed using an artefact template
subtraction method (FASTR) constructed from averaging the artefacts
from 30 consecutive fMRI volumes, residual artefacts were reduced by
the optimal basis set (OBS) method (Niazy et al., 2005), and an adaptive
noise cancellation procedure (Allen et al., 2000) was applied. Subse-
quently, ballistocardiographic artefacts occurring at each cardiac cycle
(detected based on the recorded ECG signal) were removed from each
EEG channel using the OBS method (Niazy et al., 2005, Vanderperren
et al., 2010), based on the first 4 principal components. These pro-
cedures were implemented in the FMRIB plugin for the EEGLAB toolbox
(Delorme and Makeig, 2004). Next, residual scanner artefacts and eye
movement artefacts were removed by manually rejecting artefact
sources extracted by independent component analysis using fastICA
(Hyvarinen, 1999). Manual identification of the artefact sources was
guided by the topography, time course, frequency spectrum and kur-
tosis of the sources, and their temporal correlation with EOG and ECG
channels.

After artefact removal, and following (Baker et al., 2014), the EEG
data were band-pass filtered at 4–30Hz. The amplitude envelopes were
computed using the Hilbert transform, which were then downsampled to
40 Hz. The resulting time series will be referred to as ‘broadband EEG
envelopes’ in the following analysis.
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2.2. HMM-based fast transient networks in EEG

Following the approach previously used by Baker et al. (2014) on
MEG data, fast transient networks were identified using a HiddenMarkov
Model (HMM) on the group concatenated broadband EEG envelopes.
Prior to fitting the HMM, the channel dimension of the data were reduced
to 9 principal components (PCs, 99% variance of the original data),
resulting in the observation matrix Y¼ y1 … yT, with yt ∊ RM, where
M¼ 9 and T is the number of samples in the concatenated broadband
EEG envelopes. Note that retaining 25 PCs (99.9% variance) has led to an
inappropriate model where 2 subjects were dominated by a single HMM
state. The HMM assumes that a hidden sequence of states underlies the
observed EEG envelope data and that for any given time point, the value
of the EEG envelopes is assumed to be drawn from a state-specific
observation model. Here, each state's observation model is charac-
terised by a specific amplitude pattern and a network of functional
connectivity, where functional connectivity is defined as amplitude
correlation.

Specifically, we denote the hidden state variables by s¼ {s1 … sT},
which is a vector of state labels indicating which of the K hidden states is
active at each point in time. The EEG envelope data observed in a
particular state k is assumed to be generated from a multivariate normal
distribution, with parameters Ɵk¼ {μk,Σk}, where μk ∊ RM is the mean
and Σk ∊ RMxM is the covariance matrix. The observation model for state k
can then be formally written as

Pðytjst ¼ k; θÞ � Nðμk;ΣkÞ
In practice, the inference process estimates a probability for each state

to be active at each time point, such that the data at each time point is
effectively modelled as a mixture of Gaussian distributions. After the
inference, the Viterbi algorithm (Bishop, 2006) can be used to compute
the “hard-assigned” (non-probabilistic) sequence of states with the
highest likelihood. (In this paper, figures are based on the so-called
Viterbi path for simplicity).

The HMM then assumes that the transitions between the hidden states
are Markovian, i.e. the probability to transition to another state depends
directly only on the current state; more formally, the probability of the
next state is conditionally independent of previous states given the cur-
rent state:

Pðst js1…st�1Þ ¼ Pðst jst�1Þ ¼ πt

where πt ∊ RKxK is the transition probability matrix, which is assumed to
be stationary. The (i,j) element of the transition probability matrix is the
probability of transitioning from state i to state j, denoted by P (st¼ jjst-
1¼ i). The initial state probability P (s0) is parameterized by π0.

The full true posterior probability of the model is written as

Pðy; s;ΘÞ ¼ Pðs0jπ0Þ
YT

t
Pðstjst�1; πtÞPðyt jst; θÞPðπtÞPðπ0ÞPðθÞ

where the priors P (πt), P (π0) and P(Ɵ) are chosen to be conjugate dis-
tributions. As in Vidaurre et al. (2017), we used a variational Bayesian
(VB) inference, which is implemented in the HMM-MAR toolbox3 to
obtain the full posterior distributions on the model parameters. Finally,
the states ut active at each time point t are assigned by the Viterbi algo-
rithm (Bishop, 2006).

2.3. Temporal dynamics

We describe the temporal characteristics of the inferred HMM states
using a number of measures. The fractional occupancy expresses the
fraction of time spent in each state relative to the total duration T (in
samples) of the experiment:
3 https://github.com/OHBA-analysis/HMM-MAR.
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fractional occupancy ¼ 1
T

X
ðut ¼¼ kÞ
t

The mean life (or dwell) times of each state is the time spent in a state
before transitioning to a new state on average:

mean life time ¼
P

tut ¼¼ k
number of occurrences ðkÞ

We also considered the temporal interaction between the inferred
states. This was achieved by inspection of the transition probability
matrix, πt , which describes how likely a transition is from a given state to
another state. To inspect interactions on a longer time scale, the frac-
tional occupancies of states were computed over 10s long sliding-
windows, and the correlations between these windowed fractional oc-
cupancies were quantified for each pair of states.

2.4. HMM state activation and EEG power fluctuations

To investigate how each HMM state is related to fluctuations of global
EEG power, the broadband EEG envelopes were averaged across the
channels. The obtained global broadband EEG power fluctuation time
course and the HMM state time courses were compared using Pearson's
correlation coefficient. A positive or negative correlation means that a
given HMM state is active at times when the global broadband EEG
power is high or low, respectively. Moreover, to inspect the EEG spatial
properties of the states, we regressed the state time courses on the
concatenated multichannel broadband EEG envelopes, as in Baker et al.
(2014). The resulting regression coefficients were used to construct EEG
topographies for each state.

2.5. fMRI correlates of fast transient networks

2.5.1. Computation and significance testing
The HMM state time courses were convolved with the canonical he-

modynamic response function of the SPM toolbox (delay of response 6s,
delay of undershoot 16s, length of kernel 32s) and downsampled to 1/
1.5 Hz to match the temporal sampling rate of the fMRI time courses.

Using these transformed HMM state time courses as independent
variables and the preprocessed fMRI time courses as dependent variables
in a voxel-wise multiple regression model, beta maps were computed for
each of the K states.

To assess the significance of the beta values, a voxel-wise null dis-
tribution for the beta coefficients in each of the K global HMM states was
computed by using 1000 Monte-Carlo simulated state time courses.
These simulated state time courses were obtained with dynamics
matched to the real state time courses by sampling random state se-
quences using the transition probability matrix obtained from the real
HMM results (obtained with all 21 subjects’ data). In a multiple regres-
sion analysis, beta coefficients between the Monte-Carlo simulated state
time courses (independent variables) and the fMRI time course (depen-
dent variable) were computed in each voxel. We refer to HMM-EEG-fMRI
maps as the result of thresholding the beta maps according to this null-
distribution at p< 0.05.

2.5.2. Comparison with ICA-based fMRI RSNs
To assess the relationship between the fast, transient networks of EEG

and resting state networks, the HMM-EEG-fMRI maps were compared to
resting-state network maps obtained with group-ICA of fMRI (referred to
as ICA-fMRI in the rest of the paper) from the same multi-subject dataset
in the following two-step procedure. First, the RSNs were compared with
a known functional ROI atlas4 (Shirer et al., 2012). We found a nearly
one-to-one correspondence between the networks of this atlas and the
extracted ICA-fMRI maps (see Supplementary Fig. 2). Therefore, we
4 https://findlab.stanford.edu/functional_ROIs.html.
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assigned the interpretation and naming to our ICA-fMRI maps based on
the corresponding networks of this atlas. Afterwards, we matched the
HMM-EEG-fMRI maps with the data-driven ICA-fMRI maps. As a com-
parison metric, we computed the Pearson's correlation coefficients be-
tween the vectorised HMM-EEG-fMRI activation maps and the vectorised
ICA-fMRI maps. Using the sameMonte-Carlo simulated state time courses
and resulting beta-maps as above, we generated a null distribution of
correlation values between 1000 simulated HMM-EEG-fMRI beta maps
and the ICA-fMRI maps, which was used to assess the significance of the
correlations obtained in the true model. A correlation was considered
significant at p< 0.05 (after Bonferroni's correction for multiple
comparisons).

2.6. Reproducibility of HMM-EEG-fMRI beta maps

The original set of 21 subjects was randomly split into 2 groups, one
with 10 and the other with 11 subjects. Ten different random splits were
generated. Subsequently, HMM-based inference of fast transient states
was performed separately on each group of each random split, and the
HMM-EEG-fMRI beta maps were constructed using the same approach as
described above in section 5a. In what follows, the HMM results based on
all 21 patients will be referred to as ‘global’, while the ones based on the
2 subsets of subjects will be referred to as ‘group 1’ and ‘group 2’. Due to
the independent HMM inference, the ordering of the corresponding
states in each group is ambiguous, and different from the state ordering
of the global model. Therefore, each HMM-EEG-fMRI beta map obtained
in the split-half analysis was separately matched to the global fMRI maps,
based on the correlation of the vectorised maps. Afterwards, the corre-
lations between the matched HMM-EEG-fMRI beta maps of group 1 and
group 2 were computed in order to quantify their reproducibility.

For comparison, we also computed the reproducibility of ICA-fMRI
maps and HMM-fMRI maps, where the HMM states were inferred
directly on the fMRI data as in Vidaurre et al. (2017), Vidaurre et al.
(2018a). Prior to fitting the HMM, the fMRI data were preprocessed as
described in section II/1. Then, similarly to the EEG processing pipeline,
the spatial dimension of the data was reduced to 14 PCs to retain 99% of
variance. In order to measure the reproducibility of the ICA-fMRI maps
and HMM-fMRI maps, we used the same 10 random splits as for the
analysis of the HMM-EEG-fMRI maps. As above, the maps obtained in
each split are ordered differently and need to be matched based on their
correlation to the global ICA-fMRI maps and the global HMM-fMRI beta
maps, respectively. Finally, the reproducibility of the maps was expressed
based on the correlation of the matchedmaps across group 1 and group 2.

In summary, by comparing the reproducibility of ICA-fMRI maps and
HMM-EEG-fMRI maps we aim to investigate whether the HMM-EEG-
Table 1
A summary of network analysis approaches.

HMM-EEG HMM-EEG-fMRI

Input PCA-reduced EEG sensor
envelopes

HMM-EEG state activation time courses,
fMRI voxel time courses

Analysis step
1

HMM with K¼ 16 Multiple regression

Output step 1 16 hidden states and their
activation time courses

HMM-EEG-fMRI “activation” (fMRIþ)
and “deactivation” (fMRI-) maps

Input step 2 EEG sensor envelopes, HMM-
EEG state activation time
courses

–

Analysis step
2

Multiple regression –

Output step 2 HMM-EEG topographies –

Interpretation Dynamic sequence of fast
transient EEG networks and
their spatial characterization
in EEG sensor space

Activation and deactivation maps consist
of voxels where the HRF-convolved
HMM-EEG activation time course
significantly positively or negatively
correlates with the fMRI voxel time
course
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fMRI analysis pipeline produces fMRI spatial maps that are as robust
and reproducible as the ones produced by the widely used ICA-fMRI
approach. Moreover, given that our proposed HMM-EEG-fMRI
approach differs from the classic ICA-fMRI analysis in terms of both
data modality (EEG versus fMRI) and methodology (HMM versus ICA),
we use the comparison with the HMM-fMRI beta maps as an intermediate
step between the two approaches in order to clarify the potential dif-
ferences between their reproducibility.

2.7. Summary of network analysis approaches

Table 1 below shows an overview of all the different EEG- and fMRI-
based network analysis approaches we have performed.

3. Results

We inferred a Hidden Markov Model (HMM) with K¼ 16 hidden
states (see SI for a discussion on the choice of the number of states) from
the temporally concatenated EEG of the multi-subject dataset after
dimensionality reduction (see Methods). According to our hypothesis,
each hidden state corresponds to a distinct brain network. As such, the
HMM provides a detailed spatiotemporal characterization of the under-
lying system of brain networks. The HMM state time course reveals when
each brain network is active and how they are sequenced. Moreover,
regressing the state time course on the multichannel broadband EEG
envelopes or the fMRI voxel time courses reveals the anatomical prop-
erties of the networks, in terms of state EEG sensor-space topographies or
HMM-EEG-fMRI activation maps, respectively. For illustration, Fig. 1
shows a representative 1s long segment of multichannel broadband EEG
envelope from subject 1, along with the corresponding inferred state time
course. During this 1s period, 3 out of the 16 states activate in turn (a 4th
state being active very briefly). The computed state topographies and
HMM-EEG-fMRI maps are shown below.

3.1. Spatial organization of fast transient networks

The spatial organization of resting state brain activity has been widely
studied using fMRI, and reliable resting state network maps have been
reproduced in numerous studies. Here, we investigate whether the fMRI
correlates of fast transient EEG dynamic networks, i.e. the HMM-EEG-
fMRI maps, resemble canonical fMRI RSN maps. As described in sec-
tion II/4 b, this similarity is assessed in terms of the spatial correlation
between the (unthresholded) HMM-EEG-fMRI maps and the (unthre-
sholded) RSN maps extracted from fMRI using ICA, i.e. the ICA-fMRI
maps. Note that there is an important difference between the ICA-fMRI
HMM-fMRI ICA-fMRI

PCA-reduced fMRI data fMRI data

HMM with K¼ 16 Spatial groupICA with M¼ 20
components

16 hidden states and their activation
time courses

20 spatial maps and their time courses

fMRI data, HMM-fMRI state activation
time courses

–

Multiple regression –

HMM-fMRI “activation” and
“deactivation” maps

–

Activation and deactivation maps
consist of voxels where the HMM-fMRI
activation time course significantly
positively or negatively correlated with
the fMRI voxel time course

Resting state network (RSN) maps which
are mutually spatially independent and
their corresponding temporal
fluctuations which are representative of
the voxel time courses within each map



Fig. 1. Fast transient EEG networks analysis pipeline: We fitted a K¼ 16 HMM model on the Hilbert envelopes of the multichannel EEG, i.e. the observations (Ot).
Each of the 16 hidden states (Ht) corresponds to a distinct brain network. One state stays active during a certain short time interval (indicated in green, dark blue,
yellow or light blue colour), and then the brain transitions to the next state. Multiple regression analysis is performed separately at every EEG sensor or fMRI voxel,
using the broadband EEG envelopes or fMRI time course data as dependent variables (y), and the state activation time courses (convolved with the hemodynamic
response function in the fMRI case) as independent variables (X). Finally, assembling the computed regression coefficients (β) per state, we create HMM-EEG to-
pographies or HMM-EEG-fMRI activations maps, respectively, to characterise the spatial organization of fast transient networks.
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maps and HMM-EEG-fMRI maps: most voxels in the ICA-fMRI maps are
positive, and the range of positive voxel values is much larger than that of
the negative values. As such, only the positive side of the maps is typi-
cally interpreted. On the contrary, many HMM-EEG-fMRI maps have a
considerable amount of positive and negative voxels as well, both of
which can be interpreted. In what follows, we will refer to the positive
and the negative side of the maps as HMM-EEG-fMRI “activation”
(fMRIþ) and “deactivation” (fMRI-). This reflects whether the HRF-
convolved HMM-EEG state time-courses are positively or negatively
temporally correlated with the fMRI data in a particular voxel.

In the top panel of Fig. 2 we visualize the results of the similarity
analysis. Six out of 16 HMM states have HMM-EEG-fMRI maps with both
“activations” and “deactivations” that significantly spatially correlate (or
anti-correlate) with one of the ICA-fMRI maps. Five HMM states have
HMM-EEG-fMRI maps with only “activations”, and five others have only
“deactivations” that match (i.e. spatially significantly correlate with) an
ICA-fMRI map. Six HMM-EEG-fMRI activation maps and two deactiva-
tion maps correlate significantly with more than one ICA-fMRI (see
Fig. 2A).

Overall, each HMM-EEG-fMRI map matches with at least one ICA-
fMRI map, and, similarly, each known ICA-fMRI map (as described by
the atlas of Shirer et al. (2012) matches with at least one HMM-EEG-fMRI
map. Although there is no one-to-one correspondence, each fast transient
network can be characterised by the combination of only a small number
of ICA-fMRI RSNs, up to 3. In light of this, we will refer to each state
according to its best matching ICA-fMRI RSN in both positive and
negative direction, if it exists. For example, we refer to state 6 as Audi-
toryþ/dorsal DMN-, to state 11 as Precuneus-, to state 9 as Sensorimotorþ,
and state 4 as Primary Visual-. These examples are also visualized in
Fig. 2B along with other representative examples. In Supplementary
Fig. 3 we show all HMM-EEG-fMRI maps together with their best
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matching ICA-fMRI RSNs. Note that the ordering/numbering of the states
is arbitrary. In summary, these significant spatial correlations (and
anticorrelations) between HMM-EEG-fMRI and ICA-fMRI maps suggest
that there are fast transient networks captured by EEG underlying fMRI
resting state network fluctuations.

3.2. Reproducibility of HMM-EEG-fMRI maps

One remarkable property of RSNmaps, obtained by ICA-fMRI, is their
spatial stability across different runs, subjects or studies. We argue that
the interpretation of the spatial organization of fast transient networks is
only meaningful if the HMM-EEG-fMRI maps are robust as well. There-
fore, we assessed the reproducibility of the HMM-EEG-fMRI maps across
different datasets.Fig. 3 shows the results of the split-half reproducibility
analysis, computed based on 10 random splits of the original multi-
subject data into 2 groups.

Reproducibility is assessed in terms of spatial correlation. We ordered
the maps according to their reproducibility, and compared themwith the
reproducibility of ICA-fMRI and HMM-fMRI spatial maps. Although there
is a tendency for ICA-fMRI maps to be more reproducible than HMM-
EEG-fMRI maps, the difference does not reach significance (Wilcoxon
rank sum test, corrected for multiple comparisons). Half of the ICA-fMRI
maps are significantly more reproducible than the corresponding HMM-
fMRI maps, however, there is no difference in reproducibility between
HMM-EEG-fMRI and HMM-fMRI maps, adding to our confidence that the
EEG-derived HMM state time courses are relevant to fMRI. The tendency
for ICA-fMRI maps to be more reproducible is possibly due (at least
partially) to the higher complexity of the HMM models, which, unlike
ICA-fMRI, includes information of functional connectivity. Another fac-
tor contributing to the slightly reduced reproducibility of HMM-EEG-
fMRI networks is the inherently weak correlation between EEG and fMRI.



Fig. 2. Network maps obtained by correlating fMRI data with EEG-derived, HRF-convolved brain state time-courses concatenated across subjects (HMM-EEG-fMRI)
show similar spatial patterns as fMRI resting-state networks (ICA-fMRI). A. Spatial correlations (left) and anticorrelations (right) between unthresholded ICA-fMRI
maps and unthresholded HMM-EEG-fMRI maps. Significant correlations are indicated with a black frame. Since ICA-fMRI maps are predominantly positive, posi-
tive spatial correlations always correspond to HMM-EEG-fMRI “activation”maps, and negative spatial correlations correspond to HMM-EEG-fMRI “deactivation”maps;
where HMM-EEG-fMRI “activation” or “deactivation” reflects where the HRF-convolved HMM-EEG state time-courses are positively or negatively temporally
correlated with the fMRI data respectively. Bar plots above and next to the (anti)correlation matrices show the number of significant matches (i.e. spatial correlations)
per HMM-EEG-fMRI map and ICA-fMRI map. B. Examples of the HMM-EEG-fMRI beta maps (red/yellow colour map for HMM-EEG-fMRI “activation”, and blue colour
map for “deactivation”) are shown for a subset of the HMM brain states, together with their best matching ICA-fMRI RSNs (green colour map). Maps are not shown
when no match was found between the HMM-EEG-fMRI and ICA-fMRI maps.
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Fig. 3. Reproducibility of HMM-EEG-fMRI maps in
comparison with ICA-fMRI RSN maps and HMM-fMRI
maps computed on the same dataset. The maps are or-
dered based on their average reproducibility (indicated
as solid lines) across the 10 random splits, for each
method. Note, therefore, that the best reproducible ICA-
fMRI map might correspond to a different network than
the best reproducible HMM-EEG-fMRI map. Significant
differences (Wilcoxon rank sum test, corrected for
multiple comparisons with a false discover rate
(FDR)< 0.05) are marked above the plot with a red
asterix for HMM-fMRI vs ICA-fMRI. The difference be-
tween HMM-EEG-fMRI vs ICA-fMRI and HMM-EEG-
fMRI or HMM-fMRI did not reach significance for any
of the maps. The names of the networks, ordered ac-
cording to their reproducibility, is listed below the
figure.
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3.3. A dynamic system of fast transient networks

Fig. 4 shows the HMM-EEG state fractional occupancies (total time
spent in a state relative to the total duration of the data) on the left and
the distribution of HMM state life-times (time spent in a state before
transitioning to a new state) on the right. The states are stable for
50–70 ms on average, typically up to 125–200 ms (95th percentile of life
times), and the states are occupied 5–10% of the time, on average every
0.6–2s. One exception is state 6 (Auditoryþ, dorsalDMN-), which tends to
be stable for longer periods of time (130 ms on average, typically up to
400 ms), but visited infrequently, with a fractional occupancy of 1%, on
average every 13 s. We considered the possibility that this state repre-
sents an auditory response to scanner noise, or perhaps a residual arte-
fact. However, the activation time course of the state did not correspond
to the repetitive scanning sequence; neither did the state EEG topography
(see Supplementary Fig. 3) hint towards an artefact-related nature of this
state.

The dynamic interaction between states can be interpreted based on
the state transition probability matrix, shown on the left, and the cor-
relations between the windowed fractional occupancy time courses,
shown on the right. Notably, we observe strong transition probabilities
between networks involved in different stages of visual processing, such
as the visuospatial (state 1; fMRI-), the primary visual (state 4; fMRI-),
and high visual (state 10; fMRI-) networks. Also, one can observe a
tendency for transitions between various default mode and higher
cognitive networks, such as from right executive control/visuospatial
network (state 1 fMRIþ/fMRI-) to ventral DMN (state 2; fMRIþ), from
left executive control network (state 7; fMRI-) to Precuneus (state 11;
fMRI-), from dorsal DMN (state 15; fMRIþ) to the anterior salience
network (state 3; fMRIþ), or from the dorsal DMN (state 16; fMRI-) to the
ventral DMN (state 2; fMRIþ).

Based on the most probable transitions from a certain network to the
other, one can construct preferred processing pathways within the brain.
Once such pathway could be, for instance, dorsal DMN (state 15, fMRIþ)
→ anterior salience network (state 3, fMRIþ) → from right executive
control/visuospatial network (state 1 fMRIþ/fMRI-) → ventral DMN
(state 2; fMRIþ).

Notably, the dorsal default mode network (DMN) is associated with a
number of different HMM states, sometimes in anti-correlation with the
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auditory network (state 6, 12), but also as an individual activation or
deactivation (state 14, 15 and 16, respectively). Similarly, the ventral
DMN is associated with multiple states (state 2, and 8). These findings
can be interpreted together by considering the fractional occupancy
correlations of the networks, shown in the bottom right of Figure 4. For
instance, states 15 and 16, which capture different anatomical regions
within the default mode network (see Supplementary Fig. 3), show
highly correlated fractional occupancy time courses. This suggests a close
functional integration of otherwise two distinct underlying networks. On
the other hand, states 2 and 8, both within the ventral DMN, appear to be
active in time periods when the other is silent. Notice that the right and
left executive control network (ECN) seem to be functionally incompat-
ible as well, but each are strongly related to either of the ventral DMN
states: the ECN (state 1; fMRIþ) is active at times when state 2 is active,
while the left ECN (state 7, fMRI-) is active when state 8 is active. This
can be interpreted as a functional incompatibility or segregation of the
networks.

4. Discussion

Spontaneous brain activity at rest is organized into structured,
recurring patterns. The exact structure and source of these patterns are
currently subject to intense research (Florin et al., 2015, Vidaurre et al.,
2017, Vidaurre et al., 2018a, Vidaurre et al., 2018b, Feige et al., 2017).
Electrophysiological recordings (e.g. EEG and MEG) allow the explora-
tion of the fine temporal dynamics of brain activity, whereas fMRI cap-
tures slow fluctuations at high spatial detail. In this paper, we use
simultaneously recorded EEG and fMRI data to investigate resting state
brain activity. Despite their fundamentally different time scale and na-
ture of the measured signal and the assumptions behind the analysis
methods, we find remarkable similarities between the fMRI correlates of
fast transient EEG networks and fMRI resting state networks.

Previous studies have reported correspondence between fMRI and
EEG power fluctuation (Mantini et al., 2007), temporally independent
(infra-)slow EEG fluctuations (Yuan et al., 2016, Hiltunen et al., 2014, Liu
et al., 2017) and microstates (Britz et al., 2010, Yuan et al., 2012), sug-
gesting a close link between these modalities. The scale-free behaviour of
EEG microstates over a wide range of time-scales, including slow fluc-
tuations characteristic to the BOLD signal, may provide an explanation to



Fig. 4. Temporal characteristics and dynamics of the HMM-based EEG networks. Top Left: Fractional occupancy of HMM states, with error bars indicating the
standard deviation from the mean. Top Middle: Distribution of HMM state life times. Black crosses indicate the mean life time. Top right: Distribution of Inter-state
Intervals. HMM-based EEG networks are ordered as indicated by the figure labels of the bottom panels. Bottom Left: state transition probability matrix. Self-transition
probabilities are the highest for all states, but were omitted in this figure to emphasize the inter-relationships of states. Bottom Right: Correlation of the HMM state
fractional occupancy time courses within 10s long sliding-window intervals.
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this link (Van de Ville et al., 2010). In an attempt to theoretically explain
the observable EEG microstate sequences, a stochastic model of the
microstate process was proposed G€artner et al. (2015). In a more recent
study von Wegner, 2017, an information-theoretical analysis of micro-
state sequences suggested that microstates behave in a non-Markovian
way, the transition rule between the states are non-stationary, yet, they
are short-range correlated for large time lags. Hence, our framework is
different: we propose a novel way of modelling EEG activity which
conveys additional information on the properties of EEG data. First,
unlike microstates the HMM formalises the features that make the states
unique using a generative model. Second, the HMM state observation
models make use not just activity levels, but of second order statistics
(variance and correlations) in the HMM state observationmodel. As such,
our HMM states contain functional connectivity information. Moreover,
the inclusion of variances and covariances potentially allows us to
separate states with similar mean activations but different covariances
which microstates would consider to be the same. Third, the HMM
explicitly models Markovian dependency, i.e. temporal interactions be-
tween states through the transition probability matrix, and is therefore
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tuned to finding states that repeat in a predictable way. The Markovian
model helps constrain and regularise the detection of states, but impor-
tantly does not preclude the HMM states also showing long-range de-
pendencies, which relate to scale-free behaviour. Future research efforts
should aim to confirm long-range dependency emerges in HMM frame-
work (Gschwind et al., 2015). Notably, the predictable sequences
revealed by HMM seem to correlate with behavioural traits (Vidaurre
et al., 2017). Finally, these predictable sequences are characterised by
fast transitions (states are active for periods of ~50–100ms), as opposed
to (infa-)slow power fluctuations (range of 2s and above) Hiltunen et al.
(2014) explored by other studies. In summary, HMM states are essen-
tially different form microstates or temporally independent fluctuations.
As a consequence, finding spatially meaningful fMRI correlates to these
HMM states is also a novel finding.

We conducted extensive analyses to verify the robustness of our re-
sults for different numbers of inferred networks (states). Importantly,
when analysing EEG and fMRI data individually, our results were in
agreement with previous literature (Baker et al., 2014, Shirer et al., 2012,
Damoiseaux et al., 2006, Beckmann and Smith, 2005). More specifically:
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we extracted fMRI resting state networks using independent component
analysis, showing an almost one-to-one correspondence with a previ-
ously known functional atlas (Shirer et al., 2012); and we modelled EEG
data using a HMM to reveal so-called fast transient networks, showing
very similar (though slightly faster) dynamics as in Baker et al. (2014).

Strikingly, we found large similarities with the results of Baker et al.
(2014) despite the important methodological differences. While Baker
et al. modelled source-space MEG data, we here used sensor-space EEG
envelopes, as our 64-channel recordings did not represent sufficient
spatial variance for reliably mapping these to source space. By regressing
the HMM state time courses on the MEG source-space envelopes, Baker
et al. obtained spatial maps resembling known resting state networks;
similarly, we regressed the state time courses back on the EEG envelopes
to produce EEG topographies. Although the interpretation of these to-
pographies is not straightforward (as they are based on power time
courses instead of dipolar time courses), in this paper we show that, by
regressing on the simultaneously recorded fMRI data, we are able to
obtain a high-resolution spatial interpretation of these fast transient
networks.

The HMM-EEG-fMRI spatial maps obtained using this approach have
an intimate anatomical correspondence to well-known fMRI resting state
networks, showing significant correlation or anticorrelation with at least
one RSN. Importantly, we do not observe a one-to-one correspondence.
Although previous studies did establish one-to-one correspondence be-
tween networks revealed by different analysis methods (Hiltunen et al.,
2014, Yuan et al., 2016 and Liu et al., 2017), this is not necessarily ex-
pected or desired. Instead, we argue that no one description is definitive,
but the various approaches provide different and potentially all useful,
complementary perspectives on the data. The main contribution of our
HMM approach analysing EEG network is the temporal detail it provides,
particularly in terms of the non-random transitioning between states and
captured by the transition probability matrix in the HMM. We found, for
example, that EEG networks which were associated with various “visual
RSNs” (primary visual, high visual and visuospatial network) had high
transition probabilities across each other. Note that similar interrela-
tionship was also revealed with HMM-fMRI analysis, however, at a
slower time scale (see Supplementary Fig. 4.) Moreover, we could also
construct preferred pathways within the brain by following the most
probable transitions from one state to another. One such pathway starts
from the dorsal DMN (state 15, fMRIþ), then transitions to the anterior
salience network (state 3, fMRIþ), followed by the right executive con-
trol/visuospatial network (state 1 fMRIþ/fMRI-). Note that state 15 and
state 1 show antagonistic behaviour (see 10s fractional occupancy cor-
relation matrix). This is in line with the well-known phenomenon that
during times of cognitive load activity levels in the executive network
increase while in the default mode network decrease and vica versa. It
has been hypothesized that the anterior salience network drives this
switch (Sridharan et al., 2008, Goulden et al., 2014). Our result confirms
this theory, providing electrophysiological evidence for the role of the
ACN in the switching mechanism, at an appropriate sub-second time
scale.

We observe that certain RSNs are associated with multiple fast tran-
sient EEG networks. We noted two different phenomena underlying this
observation. First, transient HMM-EEG networks might separately cap-
ture regions that together belong in a single traditional RSN. For
example, we found that the dorsal default mode networkmay split up to a
posterior and an anterior cluster, consistent with the findings of recent
studies (Vidaurre et al., 2018b). Second, we observe that the fMRI cor-
relates of two distinct EEG networks (exhibiting antagonistic temporal
behaviour) capture most of the spatial information of a well-known RSN.
One possible interpretation of this phenomenon is that the same RSN,
while executing different tasks, may exhibit different patterns of elec-
trophysiological activity. The presence of agonistic behaviour within
certain groups of networks and antagonistic behaviour between these
groups of networks altogether suggests the presence of distinct sub-
systems within the ensemble of brain networks. This is consistent with
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previous work, where, focusing on the temporal organization of fMRI
resting state dynamics, Vidaurre et al. (2017) found a reproducible hi-
erarchical structure within brain networks across subjects into two
distinct high-level metastates.

The fMRI-ICA RSN maps, inferred using spatial ICA, predominantly
show positive activations. By contrast, the fMRI temporal correlates of
the fast transient HMM-EEG networks (i.e. the HMM-EEG-fMRI spatial
map), had considerably large regions of activations as well as de-
activations. Similar observations were made in Smith et al. (2012) using
temporal ICA of fMRI. Smith et al. (2012) interpreted this phenomenon as
the presence of “considerable deactivation synchronized with activation”
with respect to a certain brain function. Putting aside the modality and
temporal resolution differences, this similarity between the HMM and
temporal ICA, and their difference to spatial ICA, is possibly due to the
relationship between the modelling assumptions made in the different
computational approaches. More specifically, in temporal ICA the
assumption of temporal independence will discourage temporal overlap,
whereas spatial ICA will discourage spatial overlap. In the HMM, the
state mutual exclusion assumption will prohibit temporal overlap,
rendering it more similar to temporal ICA than spatial ICA. As a conse-
quence, we might get a better correspondence between temporal ICA and
HMM, despite the existing differences between them (i.e. HMM using
second order statistics, Markovian temporal regularisation and accessing
faster time scales). Unfortunately, the small amount and low sampling
rate of fMRI data prohibits the use of temporal ICA. Therefore, comparing
these two analysis approaches is an area for future work.

Due to the fact that we found no one-to-one correspondence between
fMRI-ICA RSN maps and HMM-EEG-fMRI maps, these network assign-
ments do not provide a precise anatomical description of the fast tran-
sient networks. Further research should be carried out to improve the
description of these networks. A possible approach would be to apply ICA
on fMRI using a high number of components to parcellate the brain into
small segregated areas (Allen et al., 2014). Then, the HMM-EEG state
maps could be reconstructed onto such a localized dictionary. Such
analysis will be an important step in follow-up studies, especially when
describing HMM states specific to certain tasks (in a cognitive neuro-
science experiment) or specific to certain neurological diseases.

One inherent limitation in many EEG-fMRI studies (including ours), is
that one must make assumptions about the hemodynamic response
linking the fast and transient electrophysiological events to the slow fMRI
responses. Here, we use a single linear canonical HRF. However, some
evidence suggests that the HRF can vary across individuals and brain
regions (Aguirre et al., 1998, Miezin et al., 2000). Also, it has been shown
that a change in fMRI signal may be observed several seconds prior to an
electrophysiological event (Feige et al., 2017, de Munck et al., 2007).
While short time lags may be explained by HRF variability, delays of
several seconds are in contradiction with the traditional belief that
EEG-related neuronal activity causes the vascular response and
concomitant increase in blood oxygenation. Instead, the observed phe-
nomenon might be explained by the presence of preferred sequences of
network activations, i.e. brain states (Feige et al., 2017). Future work,
using the proposed methodology and simultaneous EEG-fMRI method-
ology, will hopefully provide further evidence in these lines.

In summary, our method opens new opportunities in investigating the
dynamical properties and interrelationships of functional brain net-
works. We believe that it can find applications in cognitive neuroscience
studies to investigate processing pathways of complex tasks in the brain;
as well as in clinical neuroscience, to explore the mechanisms behind
certain neurological diseases, e.g. how the brain evolves from healthy to
epileptic behaviour.

5. Conclusion

Using simultaneous EEG-fMRI recordings, we provide new evidence
that fast, sub-second electrophysiological network activity underlies slow
fMRI resting state network fluctuations. In particular, we inferred a
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dynamic system of fast transient brain states from EEG data, which recurs
in regulated sequences. Moreover, we gave spatial and functional inter-
pretation to these states by showing that their HRF convolved correlates
in the simultaneously acquired fMRI data are closely related to known
fMRI resting state networks. This provides a more comprehensive
spatiotemporal characterization of resting state brain function, spanning
across different scales of spatial temporal detail.
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