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Fig. 4. The shape (A, E) and scale (B, F) parameters of the degree distributions, the
modularities (C, G) and the clustering coefficients (D, H) of the empirical FC plotted against
e PCA applied to those of the simulated FC that best fitted the empirical one and is generated by the phase

the dataset with oscillator (A-D) and neural mass model (E-H). Symbols, coloured and black lines stand for
iIndividual parcellations, regression lines and the diagonal x=y, respectively.
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Fig. 1. Summary of the methods used in this study.
AﬂaseS [1-4] MIST with 31 (1), 56 (2), 103 (3) and 167 (4) parcels®
[5-8] Craddock with 38 (5), 56 (6), 108 (7) and 160 (8) parcels*

[9-10] Shen with 79 (9) and 156 (10) parcels®

the median graph-theoretical statistics across subjects for all parcellations
e PC scores related to goodness-of-fits via linear regression
e Only 2 PCs explain up to 80% of variance in the goodness-of-fit
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