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Materials and Methods 
 

Subjects and experiment paradigm 

The simultaneous recording of fMRI-EEG dataset for 20 young health participants is 

publicly available (https://datadryad.org/stash/dataset/doi:10.5061/dryad.bf1b1) along 

with a published paper (1). During the experiment, 20 participants were presented 

with dichoptic stimuli, which were different images for the two eyes. To ensure 

separated eye views, a vertical divider was placed between the head coil mirror and 

the centre of the stimulus presentation screen located in the back of the Magnetic 

Resonance Imaging (MRI) scanner bore. In a Binocular Rivalry (BR) condition, the 

stimuli were rotating green and red checkerboard images respectively. In a 

perceptually matched control condition (i.e., the Replay condition), same rotating 

images, either the red or green checkerboard alternating in time, were presented to 

both eyes at any time. Participants reported their current perceptual state using three 

different buttons, respectively for the red, the green and the mixed percepts. The 

mixed percept is a transitional phase between the two stable (red and green) 

percepts. The order of green and red visual stimuli for two eyes in the rivalry 

condition was counterbalanced between the left and right eyes across all trials and 

subjects. 

For each participant, each experimental session/condition of rivalry or replay 

consisted of 5 consecutive 42 second trials of continuous stimulus presentation 

followed by 12 seconds of rest, and 5 total blocks for each stimulus type. Each 

participant repeated the BR and RPL sessions 5-7 times to increase replicability. 

Importantly, two different replay conditions were employed: smooth replay and 

instantaneous replay. The smooth replay condition was recommended to use for 

analyses as opposed to the instantaneous replay condition according to the previous 
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literature (2). In the smooth replay condition, a smooth, expanding wedge was 

presented to approximate the gradual perceptual transitions during the real rivalry 

condition, between the switches from green to red (or from red to green) percepts. 

Specifically, a small wedge of the target checkerboard would smoothly expand to 

cover the old one during the course of one second. More detailed description of the 

experimental design was presented in the original article (1). 

Simultaneous EEG-fMRI data acquisition 

The EEG-fMRI data were acquired and shared by (1,3). We will present here the key 

parameters, while full descriptions of data acquisition have been presented in the 

above original papers. EEG and ECG were recorded using a 64-channel MRI-

compatible amplifier (BrainAmp MRplus, Brain Products). All signals were referenced 

to an electrode at the FCz position, and sampled at 5000 Hz. Electrode impedances 

were made sure to be all below 20 kOhm. 

Structural and functional MRI were acquired using a Siemens Skyra 3T scanner 

with a custom, high slew-rate gradient insert developed for use in the Human 

Connectome Project. The whole-brain BOLD functional data were acquired using a 

typical GE-EPI pulse sequence (FA = 90◦, TR = 2200 ms, TE = 30 ms, 3 mm isotropic 

voxels, 36 axial slices, with fat saturation pulse). 

EEG data preprocessing 

Data was primarily preprocessed by the data distributors with standard pipelines 

which have been detailed in published articles (1,3). To recapitulate, the raw EEG 

data were re-reference to the average of all channels, downsampled to 250 Hz, band-

pass filtered between 0.5-30 Hz. Gradient artifacts and cardioballistic artifacts have 

also been removed. 
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FMRI data processing 

Apart from the preprocessed steps already carried out by the data distributors, which 

included slice-timing correction, motion correction, co-registration, normalisation and 

spatial smoothing, we extracted the signals from the white matter (WM) and 

cerebrospinal fluid (CSF) by using standard template masks with a threshold of 0.7, 

and treated them as non-neuronal confounds, along with 6 movement parameters. 

The nature of the BR condition resembles a resting state where the participant 

typically stares at an invariant fixation point, while being more susceptible to 

movement since continuous responses are required here, therefore we payed great 

attention to the motion confound. Fast motions were inspected for each scans of 

every subject. Volumes with > 3mm displacement compared to the previous volume 

is considered to be contaminated by fast motion and were deweighted in the GLM 

design using the ArtRepair toolbox (4). Overall, bad volumes comprised on average 

5.12% (STD=7.05%), and in the worst case 34% (44 volumes out of 129) of a 

person’s data in one scanning session. 

The procedure of ArtRepair motion scrub is described below. For the following fMRI 

data processing, the main GLM for statistical inferences has been estimated twice, 

once with the ArtRepair and once without. The logic of the ArtRepair treatment is to 

deweight the contribution of the bad-motion volumes in a GLM estimation. To 

determine if the treatment was successful, a global quality metric of the range of 

contrast estimates over all the voxels within the standard brain mask was provided. 

For good contrast estimates, the mean of the contrasts should be near zero and the 

mean of the ResMS should be small https://cibsr.stanford.edu/ tools/human-brain-

project/artrepair-software.html. If the post-hoc global quality metrics suggested that the 

original contrast estimate was actually better, no ArtRepair treatment would be applied 
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to that session’s data. As a result, there were 51.84% contrasts having their STDs 

reduced (by 8.08% on average) after the ArtRepair procedure. 

All fMRI statistics were carried out with the SPM12 toolbox (https://www.fil.ion. 

ucl.ac.uk/spm/) on MATLAB. We used the moment of subjective reports as the critical 

timepoint and created the event-related BOLD response, which was modeled by 

convolving the canonical haemodynamic response function with a spike function (1 at 

the event moment, 0 otherwise). To fit individual’s fMRI timeseries, the idealised 

event-related BOLD response was taken as the main regressor in a general linear 

model (GLM). Other regressors in the GLM were the covariates of the non-neuronal 

confounds and global session effects. The coefficient (beta) values associated with 

the main regressors were then contrasted with each other to reveal the different effect 

that different experiment conditions induced on brain activity. Contrasted conditions 

were 1. BR vs. RPL for dominant percepts (i.e. stable, red or green percepts), 2. BR 

vs. RPL for the mixed percept (i.e. unstable, transitional phase), 3. Dominant vs. 

mixed percepts in BR, 4. Dominant vs. mixed percepts in RPL, 5. Difference of the 

contrast dominant vs. mixed percepts, comparing between the BR and RPL condition 

(F contrast), 6. The red vs. green percept (for sanity check). One sample T-tests 

against zero for finding baseline activation for each condition were also been 

conducted in order to provide priors for EEG source reconstruction. 

 

EEG data processing 

Evoked Responses at the sensor level  
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With the preprocessed data, we then conducted the evoked EEG response analysis 

as a sanity check for the data. It was conducted on the platform of MNE-python 

(https://mne.tools/stable/ index.html). To get the event-related potentials, we epoched 

the pre-processed data using a 1 s time-window around the perceptual report starting 

at -0.5s (before report) and ending at 0.5s (after report). While epoching, a baseline 

correction was applied to remove the average activity in the range of [-0.5, -0.4] (i.e., 

0.1s before the critical period) from the whole time-series. For each subject, evoked 

activity was calculated by averaging these epochs across all sessions for that subject. 

Global Field Power (GFP) for each condition, was calculated as the standard 

deviation of the voltages across electrodes at each time-point (after removing the 

ECG electrode and bad electrodes identified for a particular subject). Statistical 

analyses were performed using one-sampled cluster t-tests to compare the conditions 

for each subject, as detailed in MNE-python statistics toolbox 

(https://mne.tools/stable/index.html). 

 

Evoked Responses at the source level  

The source-level EEG data processing was conducted with the SPM12 toolbox 

(https://www.fil.ion.ucl.ac.uk/spm/). After converting the data to the M/EEG SPM 

format, the continuous data spanning across the whole session were first chopped to 

many short epochs, which corresponded to the 1-second period before a perceptual 

change, as reported by the subject. Structural MRI images of each participant were 

segmented and used to normalise the electrode positions. As a result, the EEG 

electrode positions were projected to each participant’s MRI space with a rigid-body 

coregistration by minimising the differences between the landmark head points (along 

with other electrode positions) and the scalp mesh reference. Lead fields were then 



7 

calculated for each dipole, referring to the effect that the dipoles in the cortical mesh 

would have on the sensors. To do the inverse computing which is to estimate the 

signals of the dipoles (or sources) from the observed EEG data on the scalp, we used 

different model configurations including different forward model assumptions i.e., 

using the minimum norm estimation that assumes independently and identically 

distributed (IID) sources or the Standardised Low-Resolution Electromagnetic 

Tomography (sLOR); using signal hanging or not; and using fMRI priors or not. These 

models were all estimated and compared against each other. The best model 

configuration with the highest model evidence was chosen for further analyses (5) 

(see sFig. 2 and Table 1 for the result of the model comparisons for the inverse 

modelling configurations). 

The usage of fMRI priors in the source reconstruction is as follows. According to 

the condition type, i.e. stimuli types (BR vs. RPL) × perceptual types (dominant vs. 

mixed) that the reported perceptual change belongs to, the corresponding group-level 

fMRI (significant) activation clusters were applied to constrain the sources’ covariance 

for the model inversion. The usefulness of fMRI priors was then determined by the 

Free Energy (FE or model evidence) (5), in the comparison with the model inversion 

without the fMRI priors. The higher the Negative Free Energy, the more evidence the 

model presented. 

The model inversion has been conducted respectively for the following frequency 

bands: delta (0.5-3.5 Hz), theta (4-7 Hz), alpha-1 (7.5-9.5 Hz), alpha-2 (10-12 Hz), 

beta-1 (13-23 Hz) and beta-2 (24-30 Hz), according to the conventional International 

Federation of Clinical Neurophysiology guideline (6). 

Evoked (epoch-averaged) responses on the source level were analysed for each 

frequency band, and for finer time windows. According to previous sensor-level evoked 
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responses which had been compared between conditions, we knew that the time window 

from 200 ms to 400 ms prior to a subjective report marked the biggest difference 

between an endogenously (BR) and exogenously (RPL) induced perceptual change; 

therefore, we divided the 1-second epoch into 5 shorter windows with an equal length of 

200 ms and looked into the evoked responses for these time windows. The images for 

evoked response were saved as nifti files and in standard MNI space. They were then 

contrasted between conditions, and non-parametric permutation test were conducted for 

the group-level inferences with the SNPM toolbox (https://warwick. 

ac.uk/fac/sci/statistics/staff/academic-research/nichols/software/ 

snpm). 

Time-delay embedded Hidden Markov Model 

The Hidden Markov Model (HMM) as a general framework assumes a hidden 

sequence of a finite number of states which drives the observed time series (7). The 

data at each time point can be explained by a mixture of states, where the mixture 

weights are the state probabilities. In the present study, the states were estimated at 

the group level, but the information about the state probability is specific to each 

subject. We used the Time-delay embedded HMM (TDE-HMM) approach to search 

for the hidden States (8). 

In this approach, the observation model is described by the auto-covariance (or 

lagged cross-covariance) of our specified regions within a sliding time-window of 60 

ms. For the 8 specified ROIs and the 250 Hz sampling rate of our data, for example, 

the observed neural activity over a window of 15 time points centred at t, is described 

by an auto-covariance matrix of 15×8 by 15×8. We chose auto-covariance over 

Gaussian distribution as our observation model, because for EEG data, the 

frequencies and phases bring richer information than the amplitude alone. The auto-
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covariance matrix can effectively capture patterns of linear synchronisation in the 

oscillatory activities (i.e. “state-wise phase-locking”). To avoid overfitting, the HMM 

was trained on a principle-component-analysis (PCA) decomposition of the 

autocovariance matrices. As recommended, we used twice the number of ROIs for 

the number of PCs (i.e. 16 PCs) (https://github. com/OHBA-analysis/HMM-

MAR/wiki/User-Guide). The PCs explained 96.1% of the data variance for this dataset 

on average (lowest and highest across subjects are 94.5% and 97.0%). For model 

inference, stochastic inference was used to alleviate the computation time as 

opposed to the standard variational Bayes. After finding the states based on the 

data’s transient oscillatory patterns, we then obtained the state-specific spectral 

properties, i.e. the power and coherence, from the multivariate auto-covariance matrix 

in each state’s observation model. Having estimated the power and spectral 

coherence for each state, we then factorised them into different frequency modes for 

finer analyses by using a non-negative matrix factorisation (NNMF) algorithm. The 

whole pipeline of HMM analyses was facilitated by the HMMMAR toolbox: 

https://github.com/OHBA-analysis/HMM-MAR. 

We provide validation of the HMM states by reproducing the states on randomly 

half-split data. The procedure is as follows: we randomly selected half of the subjects, 

ran the HMM analyses on each half, matched the states and measured the states’ 

similarity between the two runs. These procedures were repeated 5 times. To match 

the states across runs, we ordered the states in a way to ensure the maximum 

similarity between state pairs. The state similarity is measured with Pearson 

correlation and presented in sFig. 14a. We then performed statistical testing on the 

consistency of states across runs. This is to ensure the matched states reliably 

represent the same process. For example, if the similarity between the matched 
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states is significantly higher than any two non-matched pairs, it means we correctly 

identified the state in different runs (Fig. 14b). 

 

Cross validation 

The cross validation (CV) was conducted with the sklearn toolbox (https://scikit-

learn.org/stable/) on Python. The fitting data were the Fractional Occupancies of the 4 

hidden neural states in all trials. The target variable was the binary variable indicating 

whether the trial is transiting to a dominant or mixed percept.  

We used the linear support vector machine as the estimator, and the default 5-

fold CV. The regularisation parameter was selected from the range [10-10 100] with a 

step of 1 in the log10 scale. The result was reported in the regularisation parameter 

range where the CV score improved and converged, suggesting that this is the best 

prediction that this estimator could achieve. The relationship between the CV score and 

the regularisation parameter was depicted in the sFig 15. 

 

Granger causality between the PCu and V1 

Granger causality is used this study to establish the causal influence from the PCu to 

V1 in the BR dominant condition. Supposing X1 and X2 are two timeseries, X2 is called 

to “Granger” cause (GC) X1 if it can help us predict X1 better than just using the past 

knowledge of X1 itself. From the perspective of model comparison, we compared the 

following two models: the null model, which is an autoregressive model for the V1 

timeseries with a backshift of 20 datapoints (Eqn. 1), and the augmented model, 

which also included the backshift datapoints of the PCu timeseries as additional 

predictors (Eqn. 2). For model selection, we used Bayesian information criterion (BIC) 
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to decide which model is better in terms of the balance between data fitting and 

model complexity. The GC effect size was approximated by the difference of the 

Bayesian Information Criterion (dBIC), i.e. the improvement of model evidence after 

additionally considering the cross-lagged effect of the PCu during every 20 preceding 

time points (in 80 ms). The GC was calculated for the original signals of PCu and V1 

for every trial/epoch, by using the MATLAB code (https://uk.mathworks.com/ 

matlabcentral/fileexchange/59390-granger_cause_1). 

 
Mathematical equations: 

 
 (1) 

  
(2) 

 
 

Statistical testing for the behavioural relevance of the neuronal properties 

The lifetime of each state was used to correlate with the pre-switch perceptual 

duration with an ANCOVA model at the group level. For the ANCOVA model, the 

dependent variable was the perceptual duration, and the independent variables are 

the lifetime of the state and the categorical variable condition. State lifetime can be 

obtained from the Viterbi path, which is an estimate of the most probable hidden state 

path given the observed data (https://github. com/OHBA-analysis/HMM-

MAR/wiki/User-Guide). An equivalent measure to the lifetime is the Fractional 

Occupancy (FO), which is the proportion of dwelling time on a certain state given a 

period of time. 
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We also investigated the relationship between the GC (PCu-V1) and the stable 

percept duration. The GC effect, which is indicated by the GC effect size, approximated 

by the Bayesian Information Criterion (BIC) value (as recommended by the toolbox 

https://www.mathworks. com/matlabcentral/fileexchange/59390-granger_cause_1), was 

then used to correlate with the stable percept duration at the group level. During this 

investigation, we found that the relationship is dependent on the presence of the 

resulted state. Therefore, we improved the model by adding the interaction effect 

between the lifetime of the state and the GC effect (size). Considering the non-normal 

distribution of the data, we used the generalised linear model (Gamma distribution for 

error fitting) as well as the Akaike Information Criterion (AIC) for model selections 

throughout the paper. The whole process of statistical testing was implemented in R, 

with the lme4 and rcompanion packages. We have uploaded all the code and data used 

in this project to Github (https://github.com/Aubrey-Lyu/BR-project) for public review. 
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Supplementary Figures 
 

    
sFig. 1. Analysis pipeline for the simultaneous fMRI-EEG data. 
 
 
 
 

 

sFig. 2. Model comparison for different inverse modelling configurations.  
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(a) BR dominant - RPL dominant 

 

(b) BR mixed - RPL mixed 

 

(c) Interaction effect: |(BR dominant - RPL dominant) - (BR mixed - RPL mixed)|, F contrast, two-tailed 

 

sFig. 3. FMRI activation of other contrasts. 
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(a) BR dominant - RPL dominant 

 

(b) BR mixed - RPL mixed 

 

(c) Interaction effect: |(BR dominant - RPL dominant) - (BR mixed - RPL mixed)|, F contrast, two-tailed 

 

sFig. 4. Source-level EEG evoked-response activation of other contrasts. 

 

(a) State 1: (b) State 2: (c) State 3: (d) State 4: 

 

sFig. 5. The four states characterised by auto-covariance patterns. Each value of the matrix 
indicates the lagged cross-covariance during a sampling window of 15 time-points for 
a region or between regions. The self-consistent auto-covariance pattern within each 
ROI emerges as a mosaic tile in the form of matrix visualisation. These ”tiles” 
correspond to the regions: rHP, lHP, lPL, rPL, PCU, PCC, ACC and V1, in order.  
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(a) (b) 

 

sFig. 6. (a) Switching rate (SR) of the states in the four experimental conditions. There is no 
significant difference in the SR between conditions, except for the RPL (mixed) being 
faster than the rest. (b) State transition probability across all conditions. This result 
showed that states were mixed well, as no states stagnated or dominated. 

 

 

sFig. 7. Four components of the frequency spectrum for the spectral coherence of all the 
states. The four components were found with a non-negative matrix factorisation on 
the coherence matrix across all states and pairs of regions, which turned out to 
roughly correspond to classical frequency bands. 
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sFig. 8. State FO of all trials/epochs of all participants in the 4 conditions. The white rhombus 
mark indicates the mean and the grey circle mark indicates the median. 

 

 

sFig. 9. State FO distribution over participants and across the 4 experimental conditions. The 
state FO distribution has noticeable individual difference, with some participants 
having higher representation of some states than others despite the variance caused 
by the condition difference. However, the condition-specific effect on the state FO 
surpasses the individual difference. 
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sFig. 10. Spectral information of the states in the theta band. 

 

sFig. 11. Spectral information of the states in the beta band. 

  

State 1 State 2 State 3 State 4

State 1 State 2 State 3 State 4
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sFig. 12. Spectral information of the states in the gamma band. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

State 1 State 2 State 3 State 4



20 

 

 

 
(a) Phase difference to PCU 

 

(b) Phase difference to V1 

 

sFig. 13. Phase differences between the PCU (or V1) and the other regions of interest on 
original signals. The represented relationships have exceeded a confidence interval 
of 95%. 
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(a) (b) 

 

sFig. 14. (a) Reproducibility of the states, measured as Pearson correlation. Analyses have 
been performed multiple times on half-split data and the full data. The random 
sampling for getting half of the subjects has been repeated 5 times. Besides, we 
have also run the analyses on the full data for 5 times. The correlations between 
different runs are presented. For example, the number on row 1 and column 3 
indicates the correlation between the states of the first-half data upon the first 
resampling and that of the first-half data of the first-half data upon the third 
resampling. (b) The consistency of the states between runs. Difference in correlation 
between matched state pairs and non-matched states pairs were calculated within 
each run, and the statistical testing was carried out on the group-level. The 
difference is significantly lower than zero, suggesting that we have successfully 
identified the states in different runs. 

 

(a)                                                                     (b) 

 
sFig. 15. Cross validation (CV) score improving and converging across a range of 

regularisation parameters, respectively for the data in the BR condition (a) and RPL 
condition (b). 
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Supplementary Tables 

Table 1: Inverse model specification for EEG source. 

No. Model Use prior Use hanning Frequency (Hz) 
1 IID 1 1 1-35 
2 sLOR 1 0 1-35 
3 IID 0 1 1-35 
4 sLOR 0 1 1-35 
5 sLOR 0 0 1-35 
6 sLOR 1 1 1-35 
7 sLOR 1 0 1-3.5 
8 sLOR 0 0 1-3.5 
9 sLOR 1 0 4-7.0 
10 sLOR 0 0 4-7.0 
11 sLOR 1 0 7.5-9.5 
12 sLOR 0 0 7.5-9.5 
13 sLOR 1 0 10-12.0 
14 sLOR 0 0 10-12.0 
15 sLOR 1 0 13-23 
16 sLOR 0 0 13-23 
17 sLOR 1 0 24-34 
18 sLOR 0 0 24-34 
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Table 2: Coordinates of the regions of interest from which signals were extracted for 
constructing the HMM. 
 

right para-
hippocampal 
gyrus 

left para-
hippocampal 
gyrus 

left inferior 
parietal 
lobule 

right 
inferior 
parietal 
lobule 

posterior 
cingulate 
cortex precuneus 

anterior 
cingulate 
cortex 

primary 
visual 
cortex 

(rHP) (lHP) (lIPL) (rIPL) (PCC) (PCU) (ACC) (V1) 

12 -36 -2 -22 0 -18 -58 -28 30 56 -38 38 8 -32 26 16 -72 30 4 50 -16 26 -88 26 
22 -14 -28 -30 -2 -26 -44 -30 40 50 -42 48 -6 -24 30 12 -58 66 -8 32 -4 20 -82 30 
16 -36 -4 -30 -4 -18 -58 -28 30 50 -34 30 -8 -56 14 4 -62 50 -6 40 -6 26 -90 26 
26 -6 -20 -24 6 -22 -50 -30 52 56 -36 38 0 -24 24 10 -30 28 2 52 -14 24 -88 14 
34 2 -20 -34 -2 -18 -54 -30 30 50 -32 30 -8 -48 14 -8 -24 28 -6 32 -12 26 -88 26 
16 -38 -4 -24 6 -22 -58 -26 28 44 -32 60 10 -30 28 8 -58 42 -10 32 -4  

 -28 0 -16 -30 -4 -18 58 -36 40 -8 -24 28 12 -78 46 2 48 -16  
 -26 0 -20 -52 -42 48 58 -34 40 -8 -58 14 18 -70 32 -12 48 -2  
 -30 -2 -26 -42 -38 58 38 -46 38 0 -34 22 12 -52 48 2 50 -12  
 -26 6 -22 -58 -28 28 38 -44 38 6 -32 26 6 -58 50 -10 40 -2  
 -34 -12 -22 -52 -26 30 58 -32 40 -6 -24 30 4 -60 50 -6 40 -2  
 -22 -8 -16 -50 -28 30 40 -36 60 -10 -56 14  6 24 22  
 -24 -4 -22 -54 -26 30  -8 -26 30  8 38 -14  
 -24 -2 -16 -60 -26 28  -4 -56 12  -6 30 -6  
 -32 0 -22   -8 -48 14    
 -14 -36 -2   8 -32 26 

-6 -24 30 
-10 -54 14 
-6 -48 20 
8 -38 24 
-6 -26 30 
-8 -24 30 
-6 -56 14 
0 -26 24 

-12 -58 14 
-8 -48 10 
0 -38 16 

10 -30 28 
-8 -24 28 
-4 -52 8 
-6 -56 16 
20 -60 16 
8 -30 30 
-8 -60 14 

-10 -24 28 
-6 -54 10 
10 -30 28 
-4 -58 10 
8 -30 30 
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