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1.1 Boilerplate for preprocessing 

 

The preprocessing of fMRI images was conducted using the open-source RABIES software 

(https://github.com/CoBrALab/RABIES) (Desrosiers-Gregoire et al., n.d.). A volumetric EPI 

image was derived using a trimmed mean across the EPI frames, after an initial motion 

realignment step. Using this volumetric EPI as a target, the head motion parameters are 

estimated by realigning each EPI frame to the target using a rigid registration. To conduct 

common space alignment, structural images, which were acquired along the EPI scans, are 

initially corrected for inhomogeneities and then registered together to allow the alignment of 

different MRI acquisitions. This registration is conducted by generating an unbiased data-

driven template through the iterative nonlinear registration of each image to the dataset 

consensus average, where the average gets updated at each iteration to provide an 

increasingly representative dataset template 

(https://github.com/CoBrALab/optimized_antsMultivariateTemplateConstruction) (Avants et 

al., 2011). The finalized template after the last iteration provides a representative alignment of 

each MRI session to a template that shares the effective acquisition properties of the dataset 

(shape, contrast), which makes it a stable registration target for cross-subject alignment. After 

aligning the MRI sessions, this newly-generated unbiased template is then itself registered, 

using a nonlinear registration, to an external reference atlas to provide both an anatomical 

segmentation and a common space comparable across studies defined from the provided 

reference atlas. To correct for EPI susceptibility distortions, the volumetric EPI is also 

subjected to inhomogeneity correction, and then registered using a nonlinear registration to 

the anatomical scan from the same MRI session, which allows to calculate the required 

geometrical transforms for recovering brain anatomy (Wang et al., 2017). Finally, after 

calculating the transformations required to correct for head motion and susceptibility 

distortions, transforms were concatenated into a single resampling operation (avoiding 

multiple resampling) which is applied at each EPI frame, generating the preprocessed EPI 

timeseries in native space (Esteban et al., n.d.). Preprocessed timeseries in common space are 

https://github.com/CoBrALab/optimized_antsMultivariateTemplateConstruction


also generated by further concatenating the transforms allowing resampling to the reference 

atlas.  

 

1.2 Boiler plate for confound correction step  

 

 Confound correction was executed using the RABIES software 

(https://github.com/CoBrALab/RABIES) (Desrosiers-Gregoire et al., n.d.) on EPI timeseries 

resampled to commonspace. First, voxelwise detrending was applied to remove first-order 

drifts and the average image. Next, highpass filtering(0.01Hz) was applied using a 3rd-order 

Butterworth filter, and 30.0 seconds is removed at each edge of the timeseries to account for 

edge artefacts following filtering (Power et al., 2014). The removal of 30 seconds and the use 

of a 3rd order filter was selected based on the visualization of edge artefacts with simulated 

data. The nuisance regressors are also filtered to ensure orthogonality between the frequency 

filters and subsequent confound regression, which can otherwise re-introduce removed 

confounds (Lindquist et al., 2019)Selected nuisance regressors were then used for confound 

regression. More specifically, using ordinary least square regression, the 6 rigid motion 

parameters and the mean signal from the WM and CSF masks were modelled at each voxel 

and regressed from the data. To normalize variance, each image was separately scaled 

according to its total variance. Finally, a spatial Gaussian smoothing filter 

(nilearn.image.smooth_img)(Abraham et al., 2014) was applied at 0.3mm full-width at half 

maximum (FWHM).  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



1.3 Output from Group-ICA 
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