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S| methods

S.1 Image preprocessing analysis

The imaging data were preprocessed using MATLAB2013b (http://www.mathworks.com/products/matlab/) and DPABI

image processing software (Yan et al., 2016). To minimize effects of scanner signal stabilization, the first ten images were

omitted from all analysis. Scans with head motion exceeding 3mm or 3° of maximum rotation through the resting-state run

were discarded. After realigning, slice timing correction, and co-registration, framewise displacement (FD) was calculated

for all resting state volumes (Power et al., 2012). Functional and structural images were co-registered. Structural images

were then normalized and segmented into gray matter, white matter and cerebrospinal fluid signal (CSF) partitions using the
DARTEL technique. The realigned fMRI data were normalized by using the EPI template into the standard MNI space and
resampled to an isotropic voxel size of 3 mm, and then smoothed by a Gaussian kernel of 6 mm?® full-width. Nuisance
covarites regression including Friston 24-parameter model: 6 head motion parameters, 6 head motion parameters one time

point before, and the 12 corresponding squared items (Friston et al., 1996), CSF, white matter, and the global signals as well

as the linear trend were created and removed using partial regression with scrubbing (Power et al., 2014; Yan et al., 2013).

After nuisance covariate regression, the resultant data were band pass filtered to select low frequency (0.01-0.1Hz) signals.

Voxels within a group derived gray matter mask were used for further analyses. Finally, we also performed spatial

smoothing before calculating amplitude of low-frequency fluctuations (ALFF), degree centrality (DC), and seed-based

functional connectivity, and after calculating regional homogeneity (ReHo).

S.2 ALFF analysis

We used regional amplitude of low-frequency fluctuations (ALFFs) to evaluate regional functional alteration in patients.

ALFFs have been consistently thought to reflect spontaneous neural activity in non-human (Shmuel and Leopold, 2008) and

human (Goncalves et al., 2006). ALFF analysis procedure are described in our previously published studies (Chen et al.

2019). In brief, ALFFs of fMRI time series are calculated by measuring the magnitude of the endogenous BOLD

oscillations (Y. F. Zang et al., 2007). The fMRI time series of each voxel was transformed into the frequency domain using




a fast Fourier transform, and the power spectrum was estimated. The average square root of the power spectrum was taken

as the “ALFF” (Chen et al., 2019; Liu et al., 2014; Y. F. Zang et al., 2007). The ALFF maps were estimated for each voxel

and standardized within each subject to generate Z-score maps (Buckner et al., 2009; Liu et al., 2014). Finally, regional

estimates were calculated for each subject by averaging the Z-scores of the voxels.

S.3 Regional homogeneity ( ReHo) analysis

ReHo is a measure of similarity or homogeneity of the time series in a local neighborhood of voxels (Y. Zang et al., 2004).

ReHo maps were generated by calculating Kendall’s coefficient concordance (KCC) of the fMRI time series of a specific

voxel with all adjacent voxels (this model can be seen as a 3x3x3 cube)(Y. Zang et al., 2004). ReHo ranges from 0 to 1,

with the higher values indicating greater similarity of time series in the local neighborhood. The ReHo map was then

standardized by dividing the KCC of each voxel by the average KCC of the entire brain. Finally, regional estimates were

calculated for each subject by averaging the Z-scores of the voxels.

S.4 Degree centrality (DC) analysis

Degree centrality (DC) represents the number of direct connections for a given voxel in the voxel-based graphs (Di Martino

et al., 2013; Zuo et al., 2012). It has been widely used to represent the node characteristic of large-scale brain intrinsic

connectivity networks. Specifically, the preprocessed fMRI data were used to compute Pearson’s correlation coefficients

between all voxel time series in the gray matter mask to obtain the DC maps (Di Martino et al., 2013; Zuo et al., 2012).

Then, we constructed an nxn FC matrix of Pearson’s correlation coefficients between any pair of voxels for the patient and

the control, where n is the voxel number of the whole-brain mask. To obtain each subject’s graph, a binary undirected

adjacency matrix was formed by thresholding each correlation at r > 0.25, p < 0.001. The threshold is the default setting in

the calculation of the degree centrality map and was chosen to eliminate counting voxels that had low temporal correlation

attributable to signal noise. Finally, we transformed them into a Z-score matrix using Fisher’s r-to-z transformation (Gao et

al., 2016).



Supplementary figures and legends

Figure S1 VBM analysis comparing FronL patients with CNs
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Abbreviations: DmPFC, dorsal mPFC (similar to superior medial frontal gyrus in AAL template); laPFC, left anterior PFC;

raPFC, right anterior PFC; ISP, left superior parietal lobe; rSP, right superior parietal lobe; CN, controls; FrontL, patients

with left frontal glioma; GM, grey matter.



Figure S2 DC and ReHo analyses comparing FronL patients or FronR patients with CNs
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Notes: All results were thresholded at a voxel-wise P < 0.05 (threshold free cluster enhancement family wise error, TFCE
FWE corrected) and cluster size > 30 voxels.

Abbreviations: DmPFC, dorsal mPFC (similar to superior medial frontal gyrus in AAL template); laPFC, left anterior PFC;
raPFC, right anterior PFC; ISP, left superior parietal lobe; rSP, right superior parietal lobe; CN, controls; FrontL, patients

with left frontal glioma; FrontR, patients with right frontal glioma; DC, degree centrality; ReHo, Regional homogeneity.
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