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S3 Text. Surrogate analysis of age effects.

The use of multiscale entropy is at least in part motivated by its partial sensitivity to multi-scale,
potentially non-linear, signal characteristics, such as phase shifts or cross-frequency coupling. However,
the contribution of non-linear characteristics to MSE estimates and modulations thereof is unclear in
practice. A principled way to dissociate non-linear signal characteristics from linear signal variance is to
use phase-shuffled surrogate data (Garrett, Grandy, & Werkle-Bergner, 2014; Grandy, Garrett,
Lindenberger, & Werkle-Bergner, 2013; Mcintosh, Kovacevic, & ltier, 2008; Stam, 2005; Takens, 1993;
Theiler, Eubank, Longtin, Galdrikian, & Farmer, 1992; Vakorin & Mcintosh, 2012).

To probe whether linear contributions were sufficient to explain the main MSE age effects
observed in our study, we created surrogate data and estimated ‘Original’ MSE — including a presumed
similarity bound bias — as well as the low-pass variant that matches similarity bounds to the standard
deviation of scale-specific signals. In line with previous surrogate analyses for entropy applications
(Miskovic, MacDonald, Rhodes, & Cote, 2019), we used an iterated amplitude-adjusted Fourier
transform (IAAFT), which minimizes the spurious detection of nonlinearity (Schreiber & Schmitz, 1996).
In short, the IAAFT produces surrogate data with random phases, while the power spectrum and value
distribution are iteratively approximated to the original data (for an example see S9 Figure A). We
separately generated surrogate time series for each subject, channel and pseudo-trial, using a
maximum number of 100 iterations until convergence.

Results in S9 Figure show that the surrogate data can recover the main age effects presented
in Fig 7 A and C, indicating that linear properties are sufficient to account for the main age effects
observed in the original data. This result coheres with a similar surrogate analysis of age effects in
resting state data (Courtiol et al., 2016) and suggests at best limited non-linear contributions that were
not necessary for the indicated age differences. However, this does not answer the question whether

there are also age effects in non-linear contributions after controlling for linear characteristics. To answer
MSE (original)

this question, we calculated a surrogate ratio score as ,
MSE (surrogate)

in line with previous surrogate

analyses (Miskovic et al., 2019; Schartner et al., 2017). While a score of 1 would indicate the absence
of structured information, lower values suggest the presence of non-linear structure in the original data
relative to the random structure of surrogates. In contrast with MSE for surrogates or original data only,
this ratio indicated similar scale-dependent patterns across ‘Original’ and low-pass variants in average
traces (S9 Figure D, E). At face value, average traces hinted at age-related increases in posterior fine-
scale entropy, and age-related decreases in frontal coarse-scale entropy, in line with prior proposals of
a shift from global-to-local processing with increased adult age (Mcintosh, 2019). However, no
significant clusters were indicated via cluster-based permutation tests at traditional thresholds (two-
sided p = .025). Even relaxing two-sided significance thresholds to p = .1 only led to the indication of
decreased sample entropy with age exclusively at very fine scales and central channels (not shown).
We further assessed the correspondence of linear and non-linear effects to the ‘Original’ MSE age
differences in fine- and coarse-scale clusters in the original data. We assessed t-value ratios to evaluate
relative effect sizes. We exclusively probed results from the ‘Original’ implementation given that non-
linear results were comparable across implementations. Linear contributions were approximated by t-
values for the surrogate data, whereas non-linear contributions were estimated by t-values of the
original/surrogate ratio, averaged within the fine- and coarse scale clusters. Linear contributions,
approximated by t-values for the surrogate data, accounted for 98% of the original fine-scale effect size
and 99% for the coarse-scale effect size. In stark contrast, non-linear contributions captured only .1 %
of the original fine-scale effect size, and 20% of the coarse-scale effect size. These results underline
that the evaluation of non-linear contributions requires stringent control for linear PSD properties to
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evaluate. Smaller (potentially under-powered) non-linear contributions to age effects are further in line
with previous surrogate analyses. Crucially, the absence of significant effects suggests that more
statistical power is necessary to indicate smaller non-linear effects of interest in future work.
Reassuringly, the similarity between surrogate ratio scores for different implementations underline the
notion that surrogate analyses provide a powerful tool to identify non-linearities in the presence of linear
power differences.
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