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Abstract 

Since its proposition about 2 decades ago, the theory of assessing the brain as a neural network 

with self-organized criticality has triggered a multitude of research due to its conceptual appeal. 

Scale-free brain activity as measured by the Hurst exponent (H) of electrophysiological signals and 

fMRI BOLD signals has been a hallmark of queries related to the ‘criticality hypothesis’ within the 

field of cognitive neuroscience, which models brain at rest as a network configured to operate near 

a critical state. In this dissertation I investigated the significance of H in EEG and fMRI data with 

regards to cognitive processes involved in working memory and learning. In chapter 1, I utilized 

global H suppression in EEG to distinguish working memory load from cognitive effort. Results 

from two visual working memory experiments with varying memory set size provided evidence for 

the suppression of scale-invariance in EEG due to task difficulty that continues even after working 

memory capacity has been reached. In contrast, task performance and oscillatory signals of 

working memory load both plateau beyond working memory capacity. This suggests that H 

suppression may be used to reliably indicate an effortful state. In chapter 2, I used H measured with 

fMRI data to predict learning in a dual n-back (DNB) working memory task. I hypothesized that 

learning potential is higher when brain networks are poised closer to a critical state, and thus 

higher H can be used to predict more learning and improvement on cognitive tasks. The results 

show that higher H during learning distinguished task improvers from non-improvers. As a 

comparison, neither baseline task performance nor fMRI functional connectivity strength reliably 

classified improvers vs. non-improvers. I then successfully cross-validated the H-based model from 

the DNB dataset on an independent fMRI dataset of participants performing a completely different 

working memory task (word completion). Taken together, these results suggest that scale-free 

brain activity can be used as an objective measure of an individual’s cognitive state and provide 

support for the utility of the criticality hypothesis. 
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Chapter 1: 

Distinguishing cognitive effort and working memory load 

 

 

Abstract 

Despite being intuitive, cognitive effort has proven difficult to quantify. In the 

current study we validated the correspondence between scale-invariance (H) of cortical 

activity recorded by EEG and task load during two working memory (WM) experiments 

with varying set sizes. We used this neural signature to disentangle cognitive effort from 

the number of items in WM. Our results showed monotonic decreases in H with increased 

set size, even after set size exceeded WM capacity. This behavior of H contrasted with 

behavioral performance and an oscillatory indicator of WM load (i.e., alpha-band 

desynchronization), both of which showed a plateau at difficulty levels surpassing WM 

capacity. This is the first reported evidence for the suppression of scale-invariance in EEG 

due to task difficulty, and our work suggest that H suppression may be used to quantify 

changes in effort even when working memory load is constant and at maximum capacity. 
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Introduction 

 Cognitive effort is a seemingly intuitive aspect of cognition, yet has proven difficult 

to quantify because of gaps in both theory and practice. Some researchers, at least 

implicitly, equate mental effort with working memory (WM) load (Garbarino & Edell, 1997; 

Kitzbichler, Henson, Smith, Nathan, & Bullmore, 2011), whereas others see WM load and 

effort as confounded measures that could, in theory, be separated (Vogel & Machizawa, 

2004). Practically, the literature lacks a sensitive and specific neural signature that can be 

used as a marker of mental effort. As a result of these gaps, the literature has produced 

many competing operational definitions of effort (Otto & Daw, 2018; Paas, Tuovinen, 

Tabbers, & Gerven, 2003; Westbrook & Braver, 2015). Therefore, the identification of a 

reliable neurobiological marker specific to cognitive effort would facilitate the 

operationalization of cognitive effort for both theoretical and applied research. Within the 

context of neuroimaging of WM tasks, a core challenge for identifying a neural signal of 

effort involves disentangling effort signals from WM storage signals. This is because, until 

maximum WM capacity is reached, exerting more effort often enables meeting larger WM 

demands. To address this challenge, we took advantage of results from two well-

characterized research domains. By combining what is known from fMRI studies of effort 

signals with what is known from EEG studies of working memory storage signals, we were 

able to identify a specific neural marker of effort in EEG, distinct from working-memory 

storage signals. 

 fMRI research has revealed a potential neural signature for quantifying effort: scale-

invariance of the broadband signal. Scale-invariance in biological signals (sometimes also 

called scale-free or fractal scaling) refers to a property of signals where all measured time 
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scales contribute to a signal of interest, with no particular timescale having a dominant 

contribution. It is a property of “long-memory” systems with persistent autocorrelations 

and is typically modeled as a power-law relationship between frequency f and power 

spectral density PSD(f) of the signal, PSD(f) ~ |f|-β , for scaling parameter β>0. This is often 

expressed in terms of the Hurst exponent (H), which quantifies temporal dependence of 

signals, with higher values denoting a more scale-free signal. Scale-free dynamics are a 

feature of many biological systems under complex control including the human nervous 

system (Werner, 2010) and a breakdown of fractal scaling often signifies increased 

physiological stress (Goldberger et al., 2002); for other interpretations of H in neural 

signals see (von Wegner, Laufs, & Tagliazucchi, 2018). Research on scale-free dynamics of 

fMRI timeseries demonstrates that global Blood Oxygenation Level Dependent (BOLD) 

activity of the brain becomes less scale-free (lower H) in the presence of cognitive tasks 

and other modulators of cognitive effort (Barnes, Bullmore, & Suckling, 2009; Churchill et 

al., 2016; He, 2011). Specifically, fMRI timeseries have lower H when: 1) performing hard 

vs. easy perceptual decision tasks, (Churchill et al., 2016), 2) performing a visual detection 

task vs. open-eyes rest (He, 2011), 3) performing n-back task versus rest (Barnes et al., 

2009), 4) performing novel tasks vs. more familiar tasks (Churchill et al., 2016), and 5) 

when participants were under physical and mental burden (Churchill et al., 2015). These 

findings suggest that suppression of H may be a generalizable neuroimaging marker of 

increased cognitive effort. 

 EEG research on visual working memory (VWM) points to a capacity limit (referred 

to as K) beyond which the individual cannot maintain any more mental representations of 

the presented items. Specifically, recent research in VWM suggests a limit of 3-4 items for K  
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(Adam, Vogel, & Awh, 2017; Fukuda, Awh, & Vogel, 2010; Luck & Vogel, 2013; Rouder et al., 

2008), but see (Alvarez & Cavanagh, 2004)). Additionally, this research has suggested that 

the primary role of alpha band (8-12 Hz) oscillations (α) in the context of VWM is to 

maintain distinct working memory representations rather than to suppress irrelevant 

information (Foster & Awh, 2019). This indicates that as the number of relevant items in 

VWM increases, α will systematically decrease until WM capacity (K) is reached (Adam, 

Robison, & Vogel, 2018; Fukuda, Kang, & Woodman, 2016; Fukuda, Mance, & Vogel, 2015). 

Therefore, translating the fMRI work examining H and cognitive effort to EEG experiments 

on oscillatory activity and K can provide us with the framework needed to investigate the 

distinction between cognitive effort and WM load. Pertinently, previous literature has 

shown that BOLD fMRI signal fluctuations are linked to scale-free fluctuations in EEG 

measurements of neural activity (Van de Ville, Britz, & Michel, 2010). As such, an effort-

related suppression in scale-invariance would also be expected at the electrophysiological 

timescale. Additionally, studying these broadband effects with EEG will potentially be more 

fruitful than with fMRI since this method overcomes the limited range of timescales that 

can be examined for H in fMRI due to its slow sampling rate. To our knowledge, this 

relationship between suppression of H and cognitive effort beyond K has not yet been 

investigated using EEG, where it would provide a critical validation of the fMRI findings 

using a more direct measure of neural activity and a wider range of accessible timescales. 

 In the current study, we analyzed two VWM EEG experiments including a 

‘Remember N’ task (Experiment 1) and a Discrete Whole-Report task (Experiment 2)1. In 

both experiments, a memory array was presented to participants while they maintained 
                                                           
1 Aspects of experiment 1 and 2 were previously published in (Mance, 2015) and (Adam, Robison, & Vogel, 
2018), respectively. 
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fixation on the center of the screen.  Memory load was parametrically varied (N = 1, 2, 3, or 

6 items)2. We hypothesized that scale-invariance (H) of the EEG signal during the retention 

interval would decline parametrically with increasing task load, even beyond K (i.e., beyond 

3-4 items). In contrast, α suppression has been shown to plateau for set sizes beyond K. As 

such, we further predicted that the pattern of H across set sizes would significantly diverge 

from the pattern of α across set sizes as α suppression would not continue to decrease 

beyond K. The above predictions assume cognitive effort to be distinguishable from the 

amount of information in WM. In summary, we propose that (1) global scale-invariance of 

cortical brain activity as recorded by EEG can be used as a metric of cognitive effort, and 

(2) this broad-band signal characteristic can dissociate VWM load from the effort exerted 

for the task at hand, thus providing a neurobiological dissociation between effort and 

information in WM. 

Experiment 1 Methods 

Participants 

Experiment 1 included 31 participants (18-35 years old; 17 female) from the 

University of Oregon and surrounding community (Mance, 2015). A total of 6 were 

excluded from analyses because of excessive EEG artifacts (see Artifact Rejection), leaving a 

final sample of 25 participants. Participants gave written informed consent, and 

experimental procedures were approved by the University of Oregon’s Committee for the 

Protection of Human Subjects (CPHS) and Institutional Review Board (IRB). All participants 

                                                           
2 For experiment 2, N = 1, 3, and 6. 
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had normal or corrected-to-normal visual acuity and reported no history of neurological 

disorders. 

Stimuli 

Participants were seated ~100 cm from a 17-in. cathode ray tube monitor. Stimuli 

were rendered using the Psychophysics toolbox (Brainard, 1997; Pelli, 1997). Participants 

remembered colored squares presented on a medium gray background (RGB = 120 120 

120) while maintaining fixation on a small white dot (0.2°). A pool of eight distinct colors: 

red (RGB = 255 0 0), green (0 255 0), blue (0 0 255), yellow (255 255 0), magenta (255 0 

255), cyan (0 255 255), white (255 255 255), and black (1 1 1) were used to choose the 

colors from in each trial. Each square subtended 1°, and each square was placed at one of 

32 locations on the screen (equally spaced grid of 4 x 8 locations, placed within a portion of 

the display subtending 8.1° to the left or right of fixation and 4.7° above or below fixation.       

The Remember N Task 

On each trial, participants were first given a cue which indicated how many items 

they should encode from the upcoming display (e.g., “Remember 3”) and pressed the 

spacebar to initiate the trial. The cue presentation was un-speeded but had a minimum 

duration of 600 ms. After a blank baseline (1,200 ms), participants briefly viewed six 

colored squares (150 ms) and remembered all or some of these squares across a delay 

(1,150 ms). Participants were instructed to try their best to only remember the cued 

number of items and to ignore the rest (Figure 1.1), but they were not instructed about 

which particular items to remember (they could freely choose). To respond, participants 

clicked the color in the response grid corresponding to the color remembered at that 
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location. During the response, participants only had the option to respond to as many items 

as they were cued to remember (for example, if the cue was “Remember 1”, they could only 

make one response during the recall phase). After the participant had made all responses 

the cue for the next trial appeared after 500 ms. There were a total of 150 trials per set-size 

(30 blocks of 20 trials, ~2.5 hours).  

 

Figure1.1. Experiment 1: “Remember N” task procedures. At the beginning of every trial, 
participants were cued about how many items to remember from the upcoming memory 
array. Memory arrays always contained six items shown in random locations. At response, 
participants only recalled as many items as they were asked to remember.  

 

Data Acquisition and Analysis 

Data were acquired with an SA Instrumentation amplifier with a band-pass of .01-80 

Hz and digitized at 250 Hz in LabView 6.1. We measured EEG from 20 tin electrodes 

mounted in an elastic cap (Electrocap International, Eaton, OH) at International 10/20 sites 

F3, Fz, F4, T3, C3, Cz, C4, T4, P3, Pz, P4, T5, O1, and O2 and five nonstandard sites: OL 

midway between T5 and O1, OR midway between T6 and O2, PO3 midway between P3 and 

OL, PO4 midway between P4 and OR, and POz midway between PO3 and PO4 (Figure S1.1). 

All sites were recorded using a left-mastoid reference and re-referenced offline to the 
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algebraic average of the left and right mastoids. The vertical electrooculogram (EOG) was 

recorded from an electrode placed ~1 cm below the right eye. The horizontal EOG was 

recorded from electrodes placed ~1 cm lateral to the external canthus of each eye. 

Electrode impedances were kept below 3 kΩ. Participants were instructed not to move 

their eyes or blink during the trial until the test array appeared on the screen. Trials 

including horizontal eye movements, blinks, blocking (amplifier saturation after drift), or 

excessive noise were excluded from analysis (mean = 16.8% of trials).  

Artifact Rejection  

For horizontal eye movement rejection, we used a split-half sliding window 

approach (window size = 150 ms, step size = 10 ms, threshold = 20 μV) on the HEOG signal, 

where a 150 ms time window was slid in steps of 10 ms from the beginning to the end of 

the trial. If the change in voltage from the first half to the second half of the window was 

greater than 20 μV, it was marked as an eye movement and rejected. We also used a sliding 

window step function to check for blinks in the VEOG (window size = 100 ms, step size = 10 

ms, threshold = 40 μV). For blocking rejection, we slid a 200 ms time window in steps of 50 

ms and excluded trials for blocking if any EEG electrode had at least 20 consecutive time-

points (i.e. 80 ms) that were within 1 μV of each other. We excluded trials for excessive 

noise if any electrode had peak-to-peak amplitude greater than 200μV within a 15 ms time 

window. Data were visually inspected to confirm that rejection criteria were working as 

expected; some additional trials were manually rejected. Six participants were excluded for 

excessive artifacts (fewer than 70 good trials per condition on average, remaining n = 25). 

After rejection, included participants had an average of 110 trials per condition (SD = 22.5). 
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Estimation of α Power 

To estimate alpha power (8-12 Hz), we first band-pass filtered the raw EEG signal 

for each trial and electrode using a two-way least-squares FIR filter , ‘eegfilt.m’, (Delorme & 

Makeig, 2004). We calculated instantaneous power with the MATLAB Hilbert transform 

(‘hilbert.m’). Because we were interested in event-related changes to alpha power as a 

function of memory load, we analyzed percent change in alpha power relative to the 

memory array onset. For each participant and electrode, we first averaged single-trial 

power across each load condition, then calculated the percent change in alpha power for 

each condition relative to a baseline period (500 ms to 100 ms before the memory array).  

Estimation of Scale-Invariance (H) 

Scaling analyses of temporal signals seek to determine whether all measured 

frequencies (or timescales) contribute to the signal of interest. Scale-invariance occurs 

when no particular frequency (or timescale) has a dominant contribution to the signal, 

implying that the signals have long-range temporal dependency. This dependency is 

indexed via the Hurst exponent H, where H < 0.5 indicates short-range dependency, H=0.5 

denotes an uncorrelated process, and H > 0.5 indicates long-range dependency, with H=1 

indicating complete scale-invariance. 

While there exist many different methods to estimate H, the wavelet leader 

multifractal (WLMF) formalism has emerged as a powerful technique that is highly efficient 

and robust to signal non-stationarity (Jaffard, Lashermes, & Abry, 2007). We applied the 

WLMF method on the EEG signal during retention interval (after memory array and before 

response) to quantify the scale-invariance of the EEG signal during maintenance. The 
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wavelet transform uses translated and dilated versions of a basis function Ψ([𝑡 − 𝑘]/𝑎) to 

analyze the signal of interest at different delays and time scales. The wavelet coefficient 

𝑑𝑥(𝑎, 𝑘) measures signal energy present at delay k and time scale a by calculating the 

integral: 

𝑑𝑥(𝑎, 𝑘) =
1

𝑎
∫ 𝑥(𝑡)Ψ (

𝑡−𝑘

𝑎
) 𝑑𝑡 

At a range of dyadic scales, i.e., 𝑎 = 2𝑗  for integer j. Wavelet leaders 𝐿𝑥(𝑎, 𝑘) are 

subsequently calculated as the largest coefficient value  |𝑑𝑥(𝑎′, 𝑘′)| within a narrow 

temporal neighbourhood of k, for any scale 𝑎′ ≤ 𝑎. Multifractal scaling is then defined by 

the function: 

1

𝐾
∑ |𝐿𝑥(2𝑗 , 𝑘)|

𝑞

𝑘
= 𝐶𝑞2𝑗𝜍(𝑞) 

Which describes wavelet power as a function of time scale, for a range of different scaling 

exponents q, in terms of a characteristic function 𝜍(𝑞). Typically parameterized as a 

polynomial expansion 𝜍(𝑞) = ∑ 𝑐𝑝(𝑞𝑝/𝑝!)𝑝 , the log-cumulants cp define the scaling 

behavior of the signal 𝑥(𝑡). In this study, we focused on first-order cumulant c1, which is 

closely linked to the monofractal scaling parameter H (Wendt, Abry, & Jaffard, 2007). An 

exploratory analysis of the higher-order cumulants (c2 and c3) did not show a relationship 

between them and the memory load in our two experiments.  

Canonical Correlation Analysis 

In a canonical correlation analysis (CCA), two sets of variables are related 

together (as opposed to many variables to a single dependent variable) and the degree of 

relationship between the two sets of variables is assessed (Hotelling, 1936). An 
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advantage of multivariate methods such as CCA to univariate methods is that they reveal 

the linear relationship between all spatial (every electrode) and task-related (every task 

load level) contrasts simultaneously without the multiple comparison problem or the need 

for coming up with a-priori contrasts.  

For two datasets X and Y, CCA identifies pairs of canonical weighting vectors wx 

and wy which produce corresponding linear latent variables lx = Xwx and ly = Ywy, such 

that correlation ρXY = corr( lx, ly ) is maximized and orthogonal to any other latent 

variable pairs. We used CCA to find latent variables that relate either scale-invariance (H) 

of the 20 electrodes (bottom set of variables in Figure 1.2A) to the task loads (top set of 

variables in Figure 1.2A) or the alpha desynchronization of the 20 EEG electrodes (bottom 

set of variables in Figure 1.2B) to the task loads (top set of variables in Figure 1.2B). Each 

task load (i.e., set size) was dummy coded as a binary variable, so the number of total latent 

variables possible was N-1 (i.e., the rank of the smaller set of variables), where N is the 

number of levels of load in each experiment (N = 4 in experiment 1; N = 3 in experiment 2). 

Only the primary latent variables in the experiments are shown in the results because no 

secondary (or tertiary for Exp. 1) latent variables were large enough (ρXY > 0.25) in either 

experiment to be considered meaningful. Small effects, conventionally in the range of r = 

[0.15 0.25] (Kirk, 2012), are not of interest here because a biomarker with smaller than 

medium effect size (i. e., r = 0.25) (Kirk, 2012) will likely not have practical utility due to 

lack of sufficient sensitivity. Each electrode’s or task load’s contribution to the latent 

variable is represented by the canonical weight of the observed variable which is the 

Pearson correlation coefficient of that variable with the latent variable. The stability of 

the latent variables is evaluated by the error bars of the canonical weights on both left 
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and right sets, which are the 95% confidence intervals calculated by bootstrapping the 

data (3000 samples with replacement) to create distributions for the canonical weights 

similar to (Kardan et al., 2017). The strength of the association between the two sets in a 

latent variable is represented by the correlation between the two sides (double sided 

arrows in Figure 1.2). As such, the relationship represented in a latent variable is 

considered strong and stable if the correlation is large (ρXY > 0.4) and there is at least one 

variable in each side (i.e., at least one electrode and one task load) whose weight reliably 

differs from zero across the bootstrapped samples (i. e., omnibus non-parametric p<0.05).  

Statistical Power 

Following our hypothesis regarding relationships between electrode data and set 

sizes, we simulated the CCA analysis to estimate statistical power for detecting a true 

correlation between electrodes’ data and a contrast delineating a set size from the other set 

sizes (e.g., contrast C = [-1 -1 +1 -1] delineates set size 3 in Experiment 1). This was done in 

5 steps.  First, we generated a random Gaussian variable Norm(0,1) for N levels of set size 

and 20 electrodes for n participants. Second, to create a true correlation between the 

generated electrodes data and a set size contrast, we introduced a bias (i. e., a uniformly 

distributed random variable with an expected value above zero) in the generated electrode 

data for one set size (chosen randomly).  We did this by adding a βbias * Unif(0,1) to the 

generated data for that set size and subtracting βbias * Unif(0,1) from the other set sizes. 

This produces a difference of βbias  in the expected values of the electrode data for the 

biased set size compared to electrode data of other set sizes. Third, through trial and error 

iterations, we found that βbias = 0.62 induced correlations that closely resembled the 

minimum effect size of interest (r = 0.25, see CCA analysis). This value of βbias resulted in 
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true correlations in the range of r = [0.24  0.26] between the set size contrast (i. e., dummy 

variables coding 1 for the biased set size and -1 for the other set sizes) and the generated 

electrodes data for Experiment 1. Fourth, we then applied the CCA procedure explained in 

the previous section3 to the generated data to determine whether the CCA weight for the 

biased set size in the primary latent variable was found to be significant at α = 0.05. Finally, 

we repeated step (4) 500 times, with N = 4 and n = 25 to simulate the final sample size for 

Experiment 1. Statistical power was estimated to be 0.78 by calculating the proportion of 

times in the 500 runs where the induced correlation was found to be significant in the 

simulated CCAs.  

Experiment 1 Results 

The average number of correctly reported items was 0.96 (SD = 0.03) items, 1.84 

(SD = 0.13) items, 2.35 (SD = 0.35) items, and 2.29 (SD = 0.44) items for set sizes 1, 2, 3, and 

6, respectively. This pattern of performance is consistent with our assumption that 

working memory capacity in this task would be limited to around 3 items; when the set 

size increased from 3 to 6 items, the number of correctly reported items did not increase 

(decrease of 0.06 items, p = 0.771). 

CCA Results for Scale-Invariance 

In the Remember N task, the primary latent variable from the CCA showed a strong 

(R2 = 0.254, p < 0.001) and stable relationship (see Figure 1.2A bottom panel) between the 

number of to-be-remembered items and the scale-invariance of the EEG signal during 

retention, where a global decrease in H (especially in occipital and parietal regions, see 

                                                           
3
 The only difference being that instead of 3000 resamples for each CCA, we did 300 resamples to cut down 

processing time in each loop of the simulation.   
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Figure 1.2B) tracked increases in task load. Importantly, the decrease in scale-invariance 

corresponded monotonically to task load, where each load level had a significantly larger 

canonical weight than the previous one (except for when going from load 1 to 2, perhaps 

due to both loads being relatively easy). The canonical weights were r1 = -0.63, r2 = -0.39, r3 

= 0.24, and r6 = 0.78 for each set size, respectively. The significant increment from load 3 to 

6 (one-sided arrow in Figure 1.2A top) follows our hypothesis that H is sensitive to the 

exerted cognitive effort rather than the capacity limits of visual working memory. 

CCA Results for α Desynchronization 

As shown in Figure 1.2C, the primary CCA latent variable relating change in α power 

during the retention period and task load showed a strong and stable relationship (R2 = 

0.239, p < 0.001) between the two sets of variables. As expected, lower α power in the 

posterior electrodes (occipital and parietal, see Figure 1.2D) corresponded to higher task 

load. The canonical weights were r1 = -0.83, r2 = -0.09, r3 = 0.66, and r6 = 0.25 for each set 

size, respectively. Importantly, the correspondence was not monotonic as indicated by the 

canonical weight for load 6 not being larger than canonical weight for load 3 (in fact it was 

marginally smaller; non-parametric p = 0.057). Thus, the relationship between alpha 

power and task load diverged from the monotonic correspondence between H and task 

load that we reported above. This bifurcation (see one-sided arrows in Figure 1.2A and C 

top panels) in the relationship between task load and H versus alpha was statistically 

significant (Fischer’s Z = 2.66, p = 0.008), supporting our hypothesis that posterior α 

desynchronization is sensitive to working memory load rather than cognitive effort. 

Together, the results from the first experiment suggest that working memory load and 
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cognitive effort are distinguishable and can be tracked by alpha band desynchronization 

versus broad-band characteristics of the EEG signal (H).  

 

 

Figure 1.2. The primary latent variables of the CCA analysis for the Remember N task in 
Experiment 1. (A) The primary relationship between scale-invariance (H) of the EEG 
electrodes during the retention period (pink) with the number of items to remember 
(orange). The double-headed arrows show the strength of the correlation between the 
bottom set (electrodes) and the top set (task loads). The vertical axis in each panel shows 
the contribution of an electrode (bottom) or a specific task load (top) to the latent variable 
as indicated by the size of its normalized CCA weight. The error bars show bootstrapped 
95% confidence intervals around the means for the weights. The asterisks show statistical 
significance in the difference between weights of adjacent levels of task load (i.e., 1 item to 
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[Figure 1.2. continued] 2 items, 2 items to 3 items, and 3 items to 6 items), *p < 0.05 and 
**p <0.01. (B) Topographic demonstration of the CCA weights on the H exponent. (C) The 
primary relationship between the desynchronization of α band power from baseline during 
the retention period (blue) with the number of items to remember (orange). One-sided 
arrows demonstrate difference in CCA weight for set size 6 in the relationship between task 
load and H versus task load and alpha power. (D) Topographic demonstration of the CCA 
weights on alpha power. 

Experiment 2 Methods 

Participants 

A group of 31 participants (ages between 18 to 35, 12 women) were recruited from 

the University of Oregon and surrounding community (Adam et al., 2018). All participants 

had self-reported normal or corrected-to-normal visual acuity and normal color vision. All 

participants gave informed consent and completed the 3-hr session for $30 in 

compensation. Four participants were excluded from analyses for having fewer than 70 

trials per condition on average after artifact rejection (remaining n = 27). After rejection, 

included participants had an average of 148 trials per condition (SD = 39.5). 

Stimuli  

Stimuli and procedures were similar to Experiment 1. The key difference was that 

that for this lateralized whole-report task, participants were cued to attend either the left- 

or right-half of the display before the onset of the memory array. They were asked to 

remember all items presented in the cued hemifield. The cue was a small pink and green 

diamond, approximately 0.2° tall by 0.4° wide and was presented 0.4° above the fixation 

cross. Participants remembered colored squares presented on a medium gray background 

(RGB = 127.5 127.5 127.5) while maintaining fixation on a small black dot (0.12°). A pool of 

nine distinct colors: red (RGB = 255 0 0), green (0 255 0), blue (0 0 255), yellow (255 255 
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0), magenta (255 0 255), cyan (0 255 255), orange (255 128 0), white (255 255 255), and 

black (1 1 1) were used to choose the colors from in each trial. Each square subtended 1.2° 

and they could appear anywhere within a portion of the display subtending 7.0° to the left 

or right of fixation and 5.2° above or below fixation as long as there was a minimum 

distance of at least 1.5 squares between the centroids of any two squares. 

Discrete Whole-Report Task 

Each trial began with a blank inter-trial interview (500 ms) followed by the spatial 

cue (1100 ms) which indicated which side of the screen to attend. After the cue period 

ended, a memory array containing an equal number of items on both sides of the screen 

(cued and uncued) was presented for 250 ms. The colors of squares in the memory array 

were chosen without replacement within each side (i.e., all cued colors were unique but 

might be repeated on the uncued side of the display). After encoding, participants 

remembered the items across a blank delay of 1300 ms. At test, a 3×3 matrix of the nine 

possible colors was presented at the location of each item on both the attended and 

unattended side. Similar to the Remember N task in Experiment 1, participants were 

instructed to click the color in each matrix corresponding to the color presented at the 

location (see Figure 1.3). The response period ended after participants made a response for 

all items on the attended side.  Participants clicked the mouse to initiate the beginning of 

the next trial. 
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Figure 1.3. Experiment 2 “Whole-Report” task procedures. At the beginning of every trial 
participants were given a cue indicating which side of the screen to remember from the 
upcoming memory array. Memory arrays could contain 1, 3, or 6 items shown in random 
locations on each side; at response participants only recalled items from the cued side. 

 

Data Analysis and Statistical Methods 

Artifact rejection, alpha power analysis, wavelet analysis for H, and the CCA analysis 

were the same as described in Experiment 14. For statistical power, the parameters of the 

simulation were set at N = 3, n = 27, and βbias = 0.60 for Experiment 2, which determined a 

statistical power of 0.72 for the analysis. The simulation showed that Experiment 2 would 

have sufficient power (conventionally 0.8) to detect effects only if they are equal to or 

larger than r = 0.29.   

Experiment 2 Results 

The average number of correctly reported items was 0.95 (SD = 0.04) for set size 1, 

2.41 (SD = 0.33) for set size 3, and 2.53 (SD = 0.53) for set size 6. This, again, indicates that 

                                                           
4 Analysis where we only calculated alpha desynchronization for trials ipsilateral to lateralized electrodes 
yielded very similar results. 
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average K was still less than 3 even for 6 items, although performance was slightly better 

for 6 items (0.12 items increase, p = 0.085). 

CCA Results for Scale-invariance 

Replicating the Remember N task, the primary latent variable from the CCA in the 

lateralized Whole-Report task showed a very strong (R2 = 0.416, p < 0.001) and stable 

relationship between the number of presented items to be remembered in the task and the 

scale-invariance of the EEG signal during retention (Figure 1.4A). Again, a global decrease 

in H tracked increases in the task load. The canonical weights for each set size in this latent 

variable were r1 = -0.78, r3 = -0.13, and r6 = 0.91, respectively. Importantly, the decrease in 

scale-invariance changed monotonically with task load, where the canonical weight for 

each load level was significantly larger than the previous one including from load 3 to 6. 

This follows our hypothesis that H is sensitive to the exerted cognitive effort in visual 

working memory tasks. 

CCA Results for α Desynchronization 

The primary CCA latent variable relating change in α power and task load was not 

stable, as the 95% confidence intervals for all of the electrodes contained zero (Figure 1.4C 

bottom). The task load levels were not significantly different from one another (Figure 1.4C 

top), although there was a numerical trend of suppression of α power for 6 items compared 

to 1 item. Thus, the relationship between task load and alpha power did not follow the 

pattern we observed in Experiment 1. However, since the latent variable was not stable, the 

canonical correspondence for α suppression in this experiment was not conclusive with 

regards to our hypothesis about distinguishing working memory load from cognitive effort. 
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Figure 1.4. The primary latent variables of the CCA analysis for the Whole-Report task in 
Experiment 2. (A) The primary relationship between the scale-invariance (H) of the EEG 
electrodes during retention period (pink) with the number of items to remember (orange). 
The double-headed arrows show the strength of the correlation between the bottom set 
(electrodes) and the top set (task loads). The vertical axis in each panel shows the 
contribution of an electrode (bottom) or a specific task load (top) to the latent variable as 
indicated by the size of its normalized CCA weight. The error bars show bootstrapped 95% 
confidence intervals around the means for the weights. The asterisks indicate statistical 
significance in the difference between weights of adjacent levels of task load (i.e., 1 item to 
2 items, 2 items to 3 items, and 3 items to 6 items), where *p < 0.05 and **p <0.01. (B) 
Topographic demonstration of the CCA weights on the H exponent. (C) The primary 
relationship between the desynchronization of α band power from baseline during   
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[Figure 1.4. continued] retention period (blue) with the number of items to remember 
(orange). (D) Topographic demonstration of the CCA weights on alpha power. 

 

Discussion 

 In this study, we found a monotonic correspondence between scale-invariance of 

cortical activity recorded by EEG and task load across two experiments. This is the first 

reported evidence for the suppression of scale-invariance due to task difficulty as 

measured with EEG (a relatively high frequency signal), lending support to the previous 

literature relating fractalness of BOLD activity (a very low frequency signal) to task 

difficulty. Importantly, we used this signal characteristic in an attempt to address an 

elusive question of what distinguishes an effortful task from an easy one, and whether, in 

the context of doing a visual working memory task, there is more to cognitive effort than 

working memory load (Heitz, Schrock, Payne, & Engle, 2008). Our results suggest that 

increases in H with task load may be contrasted with behavioral performance, where the 

number of recalled items hardly increased after intermediate difficulty levels, if not 

completely plateaued. This suggests that H is more sensitive to neural processes associated 

with task difficulty than with overt performance. Consequently, by showing a 

neurobiological dissociation between cognitive effort and the amount of information 

available for manipulation in working memory, our results support the theoretical account 

of cognitive effort that distinguishes it from information in working memory. One potential 

explanation for why an effortful state would be reflected in H suppression of brain signals 

is the loss of self-organized criticality exhibited by a healthy brain in neutral state 

(Kitzbichler, Smith, Christensen, & Bullmore, 2009), due to disproportionate allocation of 
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resources to a specific cognitive demand. When H is not suppressed, small perturbations 

can lead to large changes in brain state (Chialvo, 2004), thereby enabling rapid adaptability 

to heterogeneous external demands (Gisiger, 2001). Locking into an effortful state 

sacrifices the ability of the brain to adapt to other demands represented by a loss of 

criticality in brain networks, which exhibits itself in H suppression. 

 Unlike α suppression, the differences in the design of the two experiments did not 

change the behavior of H with regards to task load. Specifically, the differences in the 

experimental designs could test if certain aspects of the tasks such as the perception of 

items, the number of internal representations, or the inhibition of the distracting 

information is responsible for the suppression of scale-invariance. For example, in the 

Remember N experiment when participants were cued to only remember one item, the 

other five items on the screen were essentially distractors. If scale-invariance was 

primarily driven by inhibition of irrelevant information, the relationship between set size 

and H should have been in the opposite direction between the two experiments, since the 

greatest amount of suppression is required in set-size 1 trials in Experiment 1 (five 

distractors) and set-size 6 in Experiment 2 (six distractors). If H was modulated by the 

visual display imbalance between the different set sizes, then we should have only seen a 

correspondence between scale-invariance and set size in the whole-report task 

(Experiment 2) and not in Experiment 1 since the number of items on the screen was 

constant (6 items).  

 We found H suppression to be more related to task difficulty than to task 

performance. Intuitively, factors such as motivation, fatigue, and anxiety can play roles in 

increased cognitive exertion in the absence of any specific improvements in behavior. The 
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logic here is that higher levels of motivation, and/or lower levels of fatigue or anxiety, can 

increase the maximum capacity for expending effort differentially from their effect on 

working memory capacity (if any, see (Bonner & Sprinkle, 2002; Botvinick & Braver, 

2015)). Previous fMRI studies have shown that fatigue due to physical burdens such as 

chemotherapy could disrupt brain function in a manner that is unrelated to working 

memory performance (Kardan, Adam, et al., 2019). Moreover, such physical burdens in this 

cohort have been shown to alter the scaling properties of fMRI timeseries (Churchill et al., 

2015). 

 Importantly, the scale-invariance of EEG signals in our experiments is a broad-band 

characteristic of the signal and even though it is (anti)correlated with narrow-band 

oscillations such as theta, alpha, and beta band power of the EEG signal (see supplementary 

Figure S1.2), its relationship with task difficulty was not driven by any of these specific 

narrow-band oscillation correlates (regarding cognitive tasks modulating beta and theta 

oscillations see (Engel & Fries, 2010; Sederberg, Kahana, Howard, Donner, & Madsen, 

2003). We demonstrated this by applying CCA to investigate the correspondence between 

theta (4-7 Hz) as well as beta (13-30 Hz) band powers of the electrodes with the set sizes in 

both experiments similar to the analyses done for α and H. Neither theta nor beta band 

powers mimicked H suppression’s relationship with set size (see supplementary results: 

CCA for theta and beta bands). 

 In conclusion, in this study we used the time scale-invariance characteristic of the 

EEG signal (H) to dissociate visual working memory load from the cognitive effort exerted 

for the task at hand. Our work further demonstrated the utility of H as a neuromarker of 

cognitive effort. These results have theoretical implications for research on motivation and 
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cognitive fatigue, as well as practical implications for education. Regarding theory, we ruled 

out interpretations of cognitive effort that equate it with working memory load. Regarding 

application, the relatively accessible H of EEG signal can serve as robust neuro-feedback in 

educational interventions by indicating individual differences in effort towards solving 

specific problems, as well as tracking cognitive fatigue over time and thus signaling 

changes in motivation within an individual.  
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Chapter 2: 

No Hurst for the weary: Lower fMRI scale-invariance predicts lack of improvement in 

working memory performance  

Abstract: 

Suppression of scale-invariance (H) in both EEG and fMRI brain signals have been linked to 

exertion of higher cognitive effort while performing working memory (WM) tasks. Thus, 

we interpret an effortful state as a sub-critical ‘cognitive state’ in brain networks indicated 

by lowered H.  Consequently, we hypothesized that it is possible to predict an individual’s 

level of learning and improvement in performance of a WM task by assessing their 

‘cognitive state’ during learning as indexed by the scale-invariance of their brain activity 

during the learning period and consolidation interval preceding the final task performance. 

In this study, participants (n = 56) preformed an audio-visual Dual N-Back (DNB) task, 

followed by passive viewing of videos (as rest break) and then a final DNB again, all while 

in an MRI scanner. We then categorized the participants into two groups of improvers and 

non-improvers based on their change in DNB performance, and measured both whole-

brain and ROI-specific H of fMRI timeseries in each run. We found that higher H during 

learning and subsequent resting period distinguishes improvers from non-improvers 

despite similar baseline DNB performances. As a comparison, neither baseline DNB 

performance nor fMRI functional connectivity strength was enough to reliably classify 

improvers from non-improvers better than chance. We then successfully cross-validated 

our H-based model on an independent fMRI dataset of 45 participants performing a 

different WM task. These results suggest that H can be used as an objective measure of 

cognitive state and have theoretical and practical implications for research on state-

dependent learning potential. 
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Introduction 

 A physical system whose large-scale behavior cannot be properly modelled as 

merely sum of its smaller components (i. e., a network with interactions between nodes) 

can be in different states based on whether the configuration is poised at minimum 

stability or not. At ‘critical’ state, the susceptibility of macro-scale configuration of the 

network to environmental input is maximum (Chialvo, 2004; Fraiman, Balenzuela, Foss, & 

Chialvo, 2009; Frette et al., 1996). For example, the network configuration of water 

molecules in a bucket of water at 0° C (critical state) can change drastically by shifting 

phase from liquid to solid or vice versa based on energy transfer between the bucket and 

its environment, but at -40° C (sub-critical state) same energy transfer will result in much 

less macro-scale change in the water molecules (i. e., the solid phase persists). One can 

model the brain as another such network, comprised of small-scale neuronal ensembles 

with short- and long-term interactions (phase-coupled electro-chemical activity) whose 

emergent large-scale activity give rise to cognitive functions (Chialvo, 2010; Cocchi, Gollo, 

Zalesky, & Breakspear, 2017; Fagerholm et al., 2015; Gisiger, 2001; He, 2014; Werner, 

2010). Under this assumption, the temporal and spatial efficiency of information (energy) 

transfer between the nodes in the brain network, as well as between the brain and the 

environment, can also be in different states. There is evidence of self-organized criticality in 

the human brain during rest (de Arcangelis, Perrone-Capano, & Herrmann, 2006; 

Kitzbichler et al., 2009), with capability to transiently self-organize to other states (i. e., not 

close to criticality) depending on behavioral and cognitive demands (Arviv, Goldstein, & 

Shriki, 2015; Fagerholm et al., 2015; Hahn et al., 2017; Yu et al., 2017). We we will 

henceforth refer to these brain network states poised around criticality as ‘cognitive states’ 
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because of our assumption that cognitive functions are macro-scale manifestations of the 

brain network activities.  

 A common way of measuring large-scale critical dynamics in brain is estimating the 

scale-invariance (e. g. 1/f component of power spectral density function) of brain activity 

signals. Time scale-invariance of brain activity as measured by the Hurst exponent (H) of 

electrophysiological brain data (e. g. EEG, MEG, ECoG) or fMRI data has been shown to 

change based on cognitive states or developmental stages (Churchill et al., 2016; 

Goldberger et al., 2002; He, 2014; Kardan, Adam, et al., 2019). For example, in an EEG study 

by (Kardan, Adam, et al., 2019) it was found that when the brain is in an effortful state due 

to high working memory (WM) demand, its ability to adapt to other cognitive demands is 

diminished which exhibits itself in loss of criticality in brain networks, delineated by 

suppression of H. Therefore, under the assumption that a low H state indicates sub-

criticality in brain, low level of scale-free brain activity could then indicate a lowered level 

of learning and plastic adaptation compared to the critical-state level (de Arcangelis & 

Herrmann, 2010), resulting in lack of further WM task improvements. 

 However, as promising as it may seem, scale-invariance (H) of brain signals has not 

been extensively investigated in studies of learning and working memory (WM) 

performance, nor have measures of scale-invariance been extensively compared to other 

network measures such as functional connectivity (Biazoli et al., 2017). While functional 

connectome-based models have been successful in predicting individual differences in an 

array of psychometric measures such as attention and intelligence (Rosenberg et al., 2016; 

Smith et al., 2015), there are no reported studies that directly compare their predictive 



28 
 

power for detecting change in performance (i. e., learning) to measures of scale-invariance. 

Such investigations are important because 1) beyond predictive power, functional 

connectome based models capitalize on statistical dependencies between brain regions and 

lack the same level of basic theoretical framework that exist for network criticality models 

(Hutchison et al., 2013), and 2) there is evidence of medium to large correspondence 

between scale invariance and global connectivity in human functional brain networks 

(Bassett, Meyer-Lindenberg, Achard, Duke, & Bullmore, 2006; Churchill et al., 2016; Ciuciu, 

Abry, & He, 2014), as well as correspondence in changes in the two measures under similar 

conditions (for example under distress, see (Churchill et al., 2015; Kardan, Reuter-Lorenz, 

et al., 2019), both of which point to a potential relationship between the two measures. 

Therefore, it is pertinent to both lines of research to investigate whether the learning of 

WM tasks is modulated by an individual’s cognitive state, as indexed by H, and compare the 

predictive power of this broad-band signal characteristic in determining consequent task 

performance with that of functional connectome based models.  

 As such, in the current study we used H measured with fMRI data during learning 

phase of an audio-visual dual N-back (DNB) task and prior to secondary attempt at the task 

to predict improvement, or lack thereof, in task performance. Since an H-based model of 

brain state captures different scales of plasticity that are not task-specific phenomena (de 

Arcangelis & Herrmann, 2010) and is less sensitive to individual differences in WM 

capacity (Kardan, Adam, et al., 2019), it is plausible that H index of cognitive state during 

learning would predict change in performance on the DNB task more reliably than other 

models. Specifically, we propose that H-based model of cognitive state has higher 

prediction power for learning than using baseline task performance or fMRI functional 
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connectivity strength (both of which are likely to capitalize on WM capacity differences), 

and would generalize better to other WM tasks as well. We investigated this hypothesis in 

the current study, and our results provide evidence in support of utility of levels of brain 

activity scale-invariance as an objective measure of the individual’s cognitive states. 

Methods 

Participants 

 68 participants (27 male, 41 female) aged between 18 and 40 years old (Mean = 

24.3, SD = 5.6) were recruited from the University of Chicago and surrounding area 

through fliers and geotargeted facebook advertisements (30 White, 21 Asian, 13 Black, 4 

Other). Twelve participants were excluded from analysis, resulting in n = 56 in the final 

sample. Two participants were excluded due to incomplete fMRI scanning data because of 

discomfort before the scanning session was finished. Two participants were excluded due 

to technical issues with audio/visual during a run. 5 participants were flagged for 

sleepiness during the data acquisition as indicated by their eye-movement behavior by two 

researchers on-site. Finally, five participants were excluded after primary data quality 

check using MRIQC (Esteban et al., 2017) due to excessive head movement and low tSNR 

(peak translation > 2 mm or rotation > 0.2 degree, tSNR < 50) during at least one of the 

scanning runs. All participants had self-reported normal or corrected-to-normal visual 

acuity and normal color vision. All participants gave informed consent and were 

compensated $35 for participation plus a potential bonus of $10. The participants were 

informed before the scanning session that if they “stay attentive and still” during scans they 

will get a $10 bonus. All participants included in the analysis had received the bonus during 

data acquisition.  
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Experiment procedure 

 Participants came to lab 45 minutes before the scanning session and were 

instructed by a research assistant on how to do an audio-visual dual n-back (DNB) task. 

Then, each participant performed one round of dual 2-back and one round of dual 3-back 

as practice, with each round containing 20+N trials (N = 2 or 3 for 2-back or 3-back 

respectively) to understand the task. If the performance was at or worse than chance level 

(sensitivity index A’ ≤ 0.5), additional rounds of practice were carried out until the 

participant understood the task and performance was better than chance. After the in-lab 

minimal practice, the scanning session started. In the fMRI scanner, after anatomical scans 

were collected, there were 3 functional runs starting with the first DNB run followed by a 

passive video watching run, and ending with the final DNB run. In the video run, 

participants were randomly assigned to passively watch one of two videos. The videos 

were mute and contained 10 minutes of either non-nature tourist attractions in Europe or 

outdoor nature scenes, and were equated for aesthetic preference. After the last run, 

participants were asked to give a preference rating (1-7 scale) for the video they watched 

to be included as a potential nuisance variable. In the DNB runs, the participants were 

instructed to perform the DNB task to the best of their ability.  

Audio-visual Dual N-back 

 In an N-back task, participants are instructed to press a button if the current 

stimulus presented to them (visual or auditory) matches the stimulus N trials before. A 

dual N-Back (DNB) is a variant of n-back in which two simultaneous n-backs are presented 

to the participants in parallel. For this study, the two simultaneous n-backs involved an 

auditory n-back where the sound stimuli were numbers 1-9, and a spatial location n-back 
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where the position of a blue square in a 3*3 grid (see Fig. 2.1) had to be remembered. The 

paradigm is implemented in MATLAB and its code is publically available at 

https://enl.uchicago.edu/stimuli-software/. Participants pressed their right index finger, 

right middle finger, both fingers, or neither finger to respectively indicate position match, 

number match, both position and number match, and no match for each trial. Each trial was 

3000 ms and the button press was allowed throughout the trial. Immediate feedback on 

position and number button presses were provided to the participant by change of color to 

red (incorrect press) or green (correct press) in the text on the bottom of the screen (see 

Figure 2.1). 

 

 

Figure 2.1. Audio-visual dual n-back (DNB) task paradigm. In this example for the first 
three trials in a dual 2-back round, the participant correctly pressed their index finger for a 
match between the current and 2-back position of blue square, but falsely pressed their 
middle finger when they should not have (2 does not match 9).  

https://enl.uchicago.edu/stimuli-software/
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 There were 6 rounds in each fMRI DNB run (four 2-back and two 3-back), each 

separated with a 10 sec countdown that indicated whether the next round is going to be a 

2-back or a 3-back. Each round contained 20+N trials (N = 2 or 3), resulting in a total of 134 

trials in each DNB fMRI run. We used sensitivity index A’ (Stanislaw & Todorov, 1999) as 

the main measure of performance in DNB task, which is calculated as follows: 

Performance A’ = 0.5 + 
𝑠𝑖𝑔𝑛(𝐻𝑖𝑡 − 𝐹𝐴)∗[(𝐻𝑖𝑡 − 𝐹𝐴)2+ 𝑎𝑏𝑠(𝐻𝑖𝑡 − 𝐹𝐴)]

(4 ∗ 𝑚𝑎𝑥 (𝐻𝑖𝑡, 𝐹𝐴) − 4 ∗ 𝐻𝑖𝑡 ∗ 𝐹𝐴) 
 

Where Hit is the number of correct button presses and FA is the number of false alarms in a 

round of DNB. We averaged A’ in all 6 rounds within each fMRI DNB run to index a 

participant’s performance in the run. A’ is very similar to other sensitivity indices such as d’, 

but is more robust to non-normality of responses (Stanislaw & Todorov, 1999) , and A’ = 

0.5 delineates chance level of performance while A’ = 1 shows perfect performance and 

A’<0.5 shows performance that is systematically worse than chance. 

fMRI data acquisition and preprocessing 

 Images were acquired on a Philips Achieva 3.0 T scanner with a standard 

quadrature head coil. Functional T2* weighted images were acquired using an echo-planar 

sequence with 3.25 x 3.25 x 3.5 mm voxels with repetition time TR = 2000 ms. A T1-

weighted gradient echo (MP-RAGE) anatomical image with 1 x 1 x 1 mm voxels was also 

acquired for each participant with the same FOV = 24 cm. Image preprocessing was 

completed using Advanced Normalization Tools (ANTs) (Avants et al., 2011). The 

processing included bias correction for magnetic field inhomogeneity in both functional 

and anatomical data (N4 algorithm in ANTs), affine motion correction of functional data 
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using antsMotionCorr in ANTs, co-registering a participant’s anatomical data to their 

averaged functional data in each run using symmetric normalization algorithm (SyN) in 

ANTs, warping anatomical images to ICBM-152 template, and finally applying the 

combined transformation matrices of the two previous steps on functional data. Denoising 

the data included nuisance regression of the first 3 principal components of motion 

parameters (PCs that account for > 85% of head movement parameters variance), linear 

detrending, and band-pass filtering to [0.01, 0.1] Hz for removing physiological noise and 

drift. 

 It is worth mentioning that a different version of pre-processing that additionally 

included slice-timing correction (AFNI 3dTshift) and spatial smoothing of functional data 

with 6 mm FWHM Gaussian kernel (AFNI 3dmerge), as well as nuisance regression of 

paradigm timing (DNB rounds 69 sec on, 10 sec off) was also carried out separately, but 

had virtually no effects on the results of our classification analysis (see Feature selection 

and classification). As such, further results are presented for the less pre-processed dataset. 

Detrended Fluctuations Analysis (DFA) 

 The scale-free signal in fMRI data was estimated using Detrended Fluctuations 

Analysis (DFA), which is an efficient way to measure the Hurst exponent (H) in a way that 

is robust to signal non-stationary and low-frequency confounds (Churchill et al., 2016; 

Peng et al., 1995). The timeseries in a voxel over a run 𝑥(𝑡) of total length 𝑇 is first 

integrated and transformed into an unbounded random walk 𝑦(𝑡), where 𝑦(𝑡)  =

 ∑ (𝑥(𝑖) −  𝑥𝑎𝑣𝑒
𝑡
𝑖=1 ) ; 𝑡 =  1, … , 𝑇, 𝑥(𝑖) is the 𝑖th data point in the timeseries and 𝑥𝑎𝑣𝑒 is the 

average amplitude of the timeseries. Next, 𝑦(𝑡) is divided into windows of equal length n. A 
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least-square linear regression is fit to each subdivision of 𝑦(𝑡) with length 𝑛, with the fitted 

values denoted as �̂�𝑛(𝑡). Next we detrend the integrated timeseries 𝑦(𝑡) by subtracting the 

local trend, �̂�𝑛(𝑡) in each window. The root-mean-square magnitude of fluctuations on the 

detrended data 𝐹(𝑛) is then computed over a range of window sizes: 

𝐹(𝑛)  =  √
1

𝑇
∑[𝑦(𝑡) −  �̂�𝑛(𝑡)]2

𝑇

𝑡=1

 

Where 𝑛 = 50 TRs is maximum window size corresponding to 0.01 Hz minimum frequency, 

and 𝑛 = 3 TRs is minimum window size for fitting a line with a non-zero residual. Finally, 

the linear fit of 𝑙𝑜𝑔(𝑛) vs. 𝑙𝑜𝑔(𝐹(𝑛)) is calculated and the slope of this fitted line is used as 

the estimate of the degree of fractalness (H) for the voxel time-series 𝑥(𝑡). A slope of H = 

0.5 indicates no long-range correlation in the signal (i. e., a random walk), while H values 

closer to 1 indicate greater power law scaling. 

Feature selection and classification 

 We selected a subset of voxel regions of interest (ROI) and a subset of functional 

connections of interest (COI) from the final DNB fMRI run that were most relevant in 

distinguishing the improvers from non-improvers in the DNB task. No brain data from the 

first two runs (DNB1 and Video) was used in the ROI or COI selection, as they were planned 

to be used for classification. The selection of a subset of voxels for analysis (i. e., the ROI) 

and subset of connections for analysis (i. e., the COI) was done using these four steps 

(illustrated in Figure 2.2): 1) The sensitivity index A' was calculated for the two DNB runs 

using hits and false alarms in each run, and the fMRI data from run 3 (i. e., second DNB run) 
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was preprocessed (see fMRI acquisition and pre-processing). 2) DFA was applied to each 

voxel in the preprocessed fMRI time-series from run 3 to calculate the H for each voxel for 

each participant. Also, the data was downsampled to 392 regions by averaging voxels 

within each region of the CC-400 atlas (Craddock, James, Holtzheimer, Hu, & Mayberg, 

2012), and the Pearson correlation between every pair of regions was calculated and 

squared. The downsampling was done to reduce the number of pairwise connections to 

Choose(392,2) = 76636, rather than ~2 billion pairs from the non-down sampled voxel 

space. The CC-400 atlas was used because it provided 76K pairwise connections, which is 

in the same order of magnitude as the number of voxels and thus keeps the H and r2 

matrices used for selecting ROI and COI comparable in size. 3) We then regressed out the 

baseline performance (A'0) from the performance change variable (ΔA’ = A' - A'0) and used 

the residuals as the adjusted change in performance. This adj. ΔA' vector was correlated 

with 200 bootstraps (resample with replacement) of the matrix of H values and C values to 

find voxels or connections that correlated with the adj. ΔA' above a threshold of 0.25 

Pearson correlation. Although there is not a clear consensus on choosing the threshold, the 

classification accuracies were very robust to the choice of correlation threshold in the 

typical range of 0.2 to 0.3 despite  slight differences in ROI and COI sparseness. Thus we 

chose the upper bound for a 'small' association size (r = 0.25) according to (Kirk, 2012) as 

the threshold. 4) Voxels and connections that passed this threshold in more than half of the 

bootstraps were assigned as being a member of the analysis ROI and COI, respectively. 

Figure 2.4 shows these voxels (Figure 2.4A) and connections (Figure 2.4B) which are 

comprised of 5409 voxels (~8.5%) and 2747 pairwise connections (~3.6%), respectively. 

The ROI voxels fall mainly within frontal and temporal lobes and the COI connections 
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mainly involve temporal and frontal lobes, as well as cerebellum. The full list of brain 

structures with some overlap with the Hurst ROI and the r2 COI are presented in 

supplementary Tables S1.1 and S1.2. Finally, the H and functional connectivity strength in 

runs 1 and 2 were averaged over these ROI and COI for each participant and used to 

classify the improvers and non-improvers in a linear discriminant (LD) classification 

implemented in MATLAB with leave-one-participant-out cross-validation. A distribution of 

classification accuracies was constructed by bootstrapping (1000 resamples with 

replacement) the participants with intact class labels (improver vs. non-improver). 

Predictive power of each feature (i. e., HDNB1, HVid, ConnDNB1, or ConnVid) was then tested 

against a null distribution with permuted class labels to test for statistical significance of 

classifications. 
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Figure 2.2. Steps in selection of voxels (ROI) and pairwise functional connections (COI) 
that enhance the distinction in H and functional connectivity between task improvers and 
non-improvers based on run 3 of the fMRI session. The H and r2 from prior runs (DNB1 and 
Video) are then averaged in these selected ROI and COI for each participant, denoted as HVid 
or HDNB1 and ConnVid or ConnDNB1 respectively, and used for classification in the DNB data. 
The same ROI and COI are also later used in the independent fMRI dataset of word 
completion task. 
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Figure 2.3. The selected ROI (A) and COI (B) are illustrated here. A. The main clusters of 
the Hurst ROI are located in the frontal and temporal lobes. The complete list of anatomical 
regions overlapping with the ROI voxels are in supplementary Table S2.1. B. The nodes 
with most connections in the r2 COI involve temporal and frontal regions, as well as 
cerebellum. The complete list of anatomical regions seeding connections in the COI can be 
found in supplementary Table S2.2. 

Independent sample cross validation  

 We also used the average H over the same ROI from the DNB experiment dataset to 

predict improvers and non-improvers in an independent sample of 45 subjects performing 

a completely different WM task (word completion task). The dataset was provided by Choe 

et al. 2019 (unpublished results) and consists of 6 fMRI runs for 45 participants aged 

between 18-40 who performed a math and word Choose-and-Solve Task (CAST) for 6 

minutes in every run. This task involves choosing to solve math equation completion and 

word completion tasks and is originally designed for detecting math anxiety and math 

avoidance behavior. The participants performed the CAST in 6 runs in fMRI scanner which 

provided us with a different learning paradigm to cross-validate the H-based classification 

model used for DNB. The questions were designated as having a 1-7 difficulty level based 
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on a previous study (Choe et al. 2019 unpublished behavioral study). The performance of 

participants in CAST was quantified as their accuracy*difficulty level of questions they 

solved, since the question difficulty was adaptive in a manner that two correct answers in a 

row would result in an increase in difficulty and one wrong answer would result in 

decrease in question difficulty. Since the number of trials where difficult math questions 

(with higher reward) were chosen over easy math questions (with lower reward) was very 

sparse across participants, performance was quantified only over word-completion trials. 

In word completion trials, participants see words with omitted letters replaced by ~ and ☐. 

The participant has to quickly choose (< 2000 msec) the correct letter that should be in the 

square (i. e., ☐). For example, for E~☐DE~CE, the correct choice is letter ‘I’ (the word is 

‘evidence’). In this dataset, the fMRI acquisition parameters were identical to our DNB 

dataset and we pre-processed and calculated H values identically to the DNB dataset. The 

improvers and non-improvers were again labeled by a median split on change in 

performance between run 6 compared to run 1, adjusted for performance in run 1. The 

improvers had an average increase of 23% on their task performance compared to –

decrease of -16% for non-improvers. 

 Results 

Experiment 1: DNB task performance 

There was an average improvement of 0.045 in A’ (5.5%) from DNB1 to DNB2 (Figure 2.4 

left), showing learning in overall sample. Linear regression of ΔA’ on video type, preference 

rating for the video, and baseline DNB performance (A’0) showed no relationship between 

change in performance and video type (t = 0.403, p = 0.688) or preference rating (t = -0.870, 
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p = 0.388), but a significant relationship between baseline performance and change in 

performance (t = -2.248, p = 0.029). Therefore, we collapsed the participants on the video 

types but regressed A’0 out of ΔA’ before splitting the participants to improvers and non-

improvers (Figure 2.4 right). 

 

Figure 2.4. Performance in DNB task in all participants (left) and separated by change in 
performance for improvers and non-improvers (right). Errorbars show ±SE. 

 

Experiment 1 fMRI results: Predictive power of scale-invariance versus connectivity 

strength 

 The classification of improvers vs. non-improvers was successful using either 

average H in the ROI during the baseline DNB run (i. e., HDNB1) or average H in the ROI 

during the passive video viewing run (i. e., HVid), with both having medium prediction 

accuracies of 64% and significantly better than the null classification distribution (p = 
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0.025 and p = 0.005 for HDNB1 and HVid, respectively). The distribution for all classification 

bootstraps and their respective confusion matrices are shown in Figure 2.5 panels A and B. 

As mentioned before, to compare these accuracies with predictive power of functional 

connectivity, we applied identical bootstrap samples in a leave-one-out LD classification 

trained on the average r2 values in the COI during the baseline DNB (ConnDNB1) or average 

r2 in the COI during the passive viewing run (ConnVid). As shown in Figure 2.5 panel A, 

neither ConnDNB1 or ConnVid predicted improvers from non-improvers significantly better 

than the null model, with respective accuracies of 53% and 57%.5 

 Another approach to control for baseline DNB performance differences, rather than 

adjusting ΔA’ for it, is to only use the fMRI data from the video run (i. e., HVid or ConnVid) to 

predict improvers and non-improvers regardless of their baseline performance. In order to 

make sure a simpler model using only the baseline behavioral performance (i. e., 

performance in DNB1 run, A’0) would not result in similar classification accuracy, a second 

classification was done where the median split was done on ΔA’ non-adjusted for baseline 

performance. We repeated the classification procedure using the HVid, ConnVid, or the 

baseline performance to distinguish the new split of improvers and non-improvers that 

does not adjust for baseline performance. The results, shown in Figure 2.5 panels C and D 

show similar prediction accuracy of 64% (p = 0.025) for HVid, while neither ConnVid nor 

baseline performance have classification accuracies better than chance (57% and 58%, 

respectively). Additionally, we used all three variables (A’0, HVid, and ConnVid) and their 

interactions for classification and left each variable out to see the drop in prediction 

                                                           
5
 Separate analysis of negative and positive functional connectivity values (rather than r2) resulted in slightly 

worse performance for the connectivity-based classifications. 
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accuracy. This analysis showed that ConnVid was completely redundant to the full model (i. 

e., no accuracy drop absent of ConnVid), and the best classification model was one with 

combined HVid and A’0, which performed at 70% accuracy (Figure 2.5 panels C and D, best 

model). 

 

Figure 2.5. Classification accuracy distributions and confusion matrices. A. The classes are 
based on median split of adj. ΔA’. The p values compare the null model distribution with 
model congaing the variable indicated on the x axis. M shows mean of the distribution (so 
do black horizontal ticks inside the boxes), notch in the boxes show medians of 
distributions, and thick light blue vertical lines show the SD of distributions around the 
means. The boxes show ±1 quantile around the median and whiskers show range of the 
distribution. All stats reported include all 1000 bootstrap sample accuracies, but some 
outlier points are not included in the visualization of graphs.  

 

 Next, we plotted the average H in whole brain and also within the selected ROI 

across the three runs of the experiment for improvers and non-improvers (Figure 2.6 

panels A and B, respectively) to investigate the group differences that lead to successful 

classification. Even before ROI specification, there is an indication of global higher H overall 

brain averaged over all runs for improvers compared to non-improvers, although the effect 
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is trending (t = 1.99, p = 0.052). This distinction considerably increases with ROI selection 

(Figure 2.6B) which allows for successful classification. Additionally, both global and ROI H 

are higher during the video run compared to the DNB runs (t = 4.19, p <0.001 for global H 

and t = 4.12, p <0.001 for ROI H). This replicates previous findings about global H 

suppression in fMRI and EEG brain signals tracking higher cognitive effort and level of task 

difficulty (Churchill et al., 2016; Kardan, Adam, et al., 2019). Figure 2.6 panel B also 

delineates that ROI selection using the third run (DNB2) successfully increased the H 

distinction between the improvers and non-improvers in a manner that generalizes to runs 

prior to it. In comparison, the distinction created by COI selection for functional 

connectivity strength did not generalize to previous runs (Figure 2.6 panels C and D). 
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Figure 2.6. The average H (left panels) and average r2 (right panels) for improvers and 
non-improvers. The H values are averaged over whole brain in A and over the ROI in C. The 
r2 values are averaged over all pairwise connections in B and over the COI in D.  

 

 

 



45 
 

Experiment 2: Independent sample cross-validation (word completion task) 

 We used fMRI data from an independent sample of 45 participants from Choe et al., 

[unpublished study] to classify task improvers from non-improvers in a different working 

memory task, the word completion task (as part of a Choose-and-Solve Task (CAST), see 

methods). The performance levels of participants are shown in Figure 2.7, and panel B 

shows the performance separately for the two groups of improvers and non-improvers. 

The two groups were made similarly to the DNB dataset, where a median split in change in 

performance between the last and the first run and adjusted for the baseline performance 

(i. e., adj. Δ Performance) determined the dichotomy for classification. The average H in the 

pre-defined ROI from our DNB dataset was calculated for each participant, and the mean 

values for each group (improvers and noon-improvers) are plotted in Figure 2.7 panel C. 

We used the ROI H in earlier runs (1, 2, and 3) to classify the improvers and non-improvers 

similar to DNB dataset, and the results of LD classification with leave-one-out cross-

validation procedure are shown in Figure 2.7D.  Using the H from the first half of the 

session (first 3 runs out of 6) was sufficient for the classifier to successfully distinguish 

improvers from non-improvers above chance (63% accuracy, p = 0.011 compared to null 

distribution). Importantly, there was no difference in reaction time to attention check trials 

between the improvers and non-improvers (965 ms for non-improvers vs. 956 ms for 

improvers, t = 0.135, p =0.893) in this dataset, ruling out any potential differences in level 

of task engagement between the two groups. 
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Figure 2.7. Behavioral performance in word completion task across runs (A), and 
separated by improvers vs. non-improvers groups (B). The H in the pre-defined ROI from 
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[Figure 2.7. continued] the DNB experiment over all runs are shown in panel (C). Panel 
(D) shows classification accuracy boxplots of LD classifier with leave-one-participant-out 
cross-validation using the variable(s) indicated on the x axis. The p values compare each 
model with the null distribution, and thick vertical green lines indicate SD around the mean 
of distributions.   

Discussion 

 In the current study we found scale-free dynamics of the BOLD signal during the 

process of learning difficult cognitive tasks (that placed demands on WM) to be a reliable 

signal for predicting cognitive task improvement. We compared our H-based model’s 

performance with that of a functional connectome based model with similar feature 

selection steps and found the H-based model to have superior predictive power. We also 

cross-validated our model for different datasets with different WM tasks (audio-visual DNB 

vs. word completion task). The H-based model successfully predicted task improvers and 

non-improvers, who had similar baseline task performance, in both datasets. Together, 

these findings provide evidence for utilizing scale-free dynamics of brain activity as an 

objective measure to determine an individual’s cognitive state during learning (i. e., 

learning potential) which enables forecast of future performance. 

 Under the assumption that the observed scale-invariance differences in the current 

study delineate cognitive states of criticality in brain networks (see (Muñoz, 2018) for 

other concepts in biology also termed as criticality and (von Wegner et al., 2018) for other 

interpretations of scale-free brain activity), one can interpret the higher H state of the brain 

for an individual as indicative of them being more receptive to the input received during 

learning the task and thus improving their performance more readily. This follows research 

on neural networks showing criticality optimizes a number of computationally 

advantageous properties (Beggs John M, 2008; Shew & Plenz, 2013), such as the dynamic 
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range of the network (Gautam, Hoang, McClanahan, Grady, & Shew, 2015; Kinouchi & 

Copelli, 2006), and active information storage and transfer (Boedecker, Obst, Lizier, Mayer, 

& Asada, 2012; Shriki et al., 2013; Shriki & Yellin, 2016; Tanaka, Kaneko, & Aoyagi, 2008). 

This interpretation of our results is plausible because improving on most complex working 

memory and attention tasks requires a degree of switching between sub-tasks and changes 

in locus of attention (Awh & Jonides, 2001; Ikkai & Curtis, 2011), both of which depend on 

large-scale sensitivity of neuronal ensembles to the dynamics of received input/stimulus 

and efficiency of information transfer and storage within the brain network. As such, 

learning is likely to be facilitated when the brain is closer to its self-organized critical state 

of ‘rest’ (He, 2011; Kitzbichler et al., 2009; Proekt, Banavar, Maritan, & Pfaff, 2012) due to 

temporal and spatial efficiency of information transfer between nodes of the brain 

networks, as well as between environment and the brain. On the other hand, a sub-critical 

state, as indicated by lower H, might reflect a loss of sensitivity to environmental signal as a 

trade-off for gaining specificity (Gollo, 2017) which is sub-optimal for WM task learning, 

although it may be beneficial for other behaviors that are less dependent on active input-

output mapping (Gollo, 2017; Latham & Nirenberg, 2004).  

 In a recent article about the burgeoning field of environmental neuroscience 

(Berman, Kardan, Kotabe, Nusbaum, & London, 2019), the authors theorize that the degree 

of susceptibility of an individual to environmental stimulations could modulate the level of 

beneficial or detrimental effects from positive or negative environments. However, the 

main mechanisms for individual differences in environmental susceptibility are proposed 

to be genetic and epi-genetic factors. Future studies should investigate whether individual 

differences in brain network criticality as measured by H could be another factor of 
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susceptibility to be considered in environmental neuroscience theories and other research 

related to human-environment interactions. Regarding application, (Kardan, Adam, et al., 

2019) proposed that measuring the suppression of scale-free brain activity can 

hypothetically serve as a robust neuro-feedback when devising educational interventions, 

as H in both BOLD (Churchill et al., 2016) and EEG activity (Kardan, Adam, et al., 2019) are 

sensitive to cognitive effort rather than to the specific nature of the procedure or task 

performance. In contrast, other bio-marker candidates such as narrow-band EEG 

oscillations and eye-tracking features are often confounded with individual differences in 

WM capacity or characteristics of the task at hand (Adam et al., 2018; Kardan, Berman, 

Yourganov, Schmidt, & Henderson, 2015; Kardan, Henderson, Yourganov, & Berman, 2016). 

Our current results support that such proposal is tenable and further pave the way for 

applications of H-based models for learning and skill acquisition. Last but not least, our 

results indicate that recent research on links between scale-free dynamics and graph-

theoretical measures of functional connectivity (Churchill et al., 2015; Ciuciu et al., 2014) 

should be expanded as they could provide new insights on a general theoretical framework 

for how cross-regional interactions emerge in the brain. 
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Appendix A: Supplementary materials for chapter 1 

 

 

Figure S1.1. The electrode positions in the experiments. 
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Figure S1.2. Correlations of theta, alpha, and beta band powers with scale-invariance (H) 
within each set size in experiments 1 and 2. 
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CCA for theta and beta bands 

Neither theta nor beta band powers had a stable relationship with set size in Experiment 1 

(see Figure S3). In experiment 2, only theta band power showed a stable relationship with 

the set size (Figure S4), but this relationship could not be responsible for the pattern 

observed for H for two reasons: 1) The spatial pattern of the H in in experiment 2 showed a 

global suppression, whereas there is a more sparse and spatially heterogeneous 

relationship between theta power and set size (where higher set sizes correspond to less 

power in central and more power in occipital electrodes), and 2) The strength of the 

association is smaller for theta compared to H ( r= 0.50 vs. r = 0.65, respectively). 
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Figure S1.3. CCA results relating the power of theta and beta band oscillations during 
retention period to the task load levels in experiment 1. 
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Figure S1.4. CCA results relating the power of theta and beta band oscillations during 
retention period to the task load levels in experiment 2. 
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Appendix B: Supplementary material for chapter 2 

 

Table S2.1. The % of the ROI voxels used for classification in each anatomically significant brain 

structure is listed below. The structures with less than 10 voxels overlap (i. e., < 0.2% overlap) are 

omitted for brevity.  

 

Brain Structure % Overlap of ROI 

White Matter 57.54 

Left Cerebrum 46.80 

Right Cerebrum 41.46 

Frontal Lobe 36.02 

Gray Matter 25.43 

Temporal Lobe 17.63 

Sub-Gyral 17.11 

Sub-lobar 15.25 

Middle Frontal Gyrus 8.90 

Extra-Nuclear 7.08 

Limbic Lobe 6.99 

Parietal Lobe 6.46 

Precentral Gyrus 6.03 

Inferior Frontal Gyrus 5.95 

Occipital Lobe 5.77 

Superior Temporal Gyrus 5.69 

Left Cerebellum 5.65 

Middle Temporal Gyrus 5.13 

Precentral_R (aal) 4.53 

Cerebellum Posterior Lobe 4.26 

Frontal_Mid_L (aal) 4.13 

Cingulate Gyrus 4.04 

Superior Frontal Gyrus 4.00 

Thalamus 3.51 

brodmann area 6 3.46 

Temporal_Mid_L (aal) 3.40 

Middle Occipital Gyrus 2.80 

Postcentral Gyrus 2.78 

Cerebellar Tonsil 2.63 

 



64 
 

Table S2.1. Continued. 

Thalamus_R (aal) 2.54 

Temporal_Sup_R (aal) 2.42 

Insula 2.33 

Frontal_Mid_R (aal) 2.29 

Precentral_L (aal) 2.29 

Frontal_Sup_L (aal) 2.08 

Frontal_Inf_Oper_R (aal) 2.01 

Postcentral_L (aal) 1.97 

Frontal_Inf_Tri_L (aal) 1.95 

Cingulum_Mid_R (aal) 1.93 

Temporal_Sup_L (aal) 1.77 

Frontal_Inf_Tri_R (aal) 1.75 

Occipital_Mid_L (aal) 1.71 

brodmann area 9 1.69 

Medial Frontal Gyrus 1.69 

Corpus Callosum 1.65 

Occipital_Mid_R (aal) 1.63 

brodmann area 10 1.62 

brodmann area 22 1.54 

Cerebro-Spinal Fluid 1.54 

Temporal_Inf_L (aal) 1.52 

Lateral Ventricle 1.52 

Pulvinar 1.52 

Parahippocampa Gyrus 1.48 

Postcentral_R (aal) 1.45 

Cerebellum Anterior Lobe 1.39 

brodmann area 19 1.39 

Inferior Parietal Lobule 1.35 

Fusiform_L (aal) 1.31 

Anterior Cingulate 1.22 

Cerebelum_Crus1_L (aal) 1.18 

Rolandic_Oper_R (aal) 1.15 

Cerebelum_Crus2_L (aal) 1.13 

Thalamus_L (aal) 1.11 

brodmann area 8 1.03 

Occipital_Inf_R (aal) 1.01 

Culmen 1.00 

Frontal_Sup_Medial_L (aal) 1.00 

Parietal_Inf_L (aal) 0.98 

Fusiform Gyrus 0.88 
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Table S2.1. Continued. 

Cerebelum_8_L (aal) 0.88 

Insula_L (aal) 0.85 

brodmann area 21 0.83 

brodmann area 13 0.83 

Temporal_Mid_R (aal) 0.77 

Caudate_L (aal) 0.75 

Caudate 0.71 

brodmann area 4 0.71 

Frontal_Inf_Orb_L (aal) 0.69 

Rolandic_Oper_L (aal) 0.69 

Cingulum_Ant_R (aal) 0.69 

Frontal_Mid_Orb_L (aal) 0.66 

brodmann area 40 0.64 

Paracentral Lobule 0.62 

Inferior Semi-Lunar Lobule 0.62 

SupraMarginal_L (aal) 0.62 

Inferior Temporal Gyrus 0.60 

Inter-Hemispheric 0.58 

Lingual_L (aal) 0.58 

Precuneus 0.58 

Tuber 0.58 

Precuneus_R (aal) 0.56 

Cerebelum_9_L (aal) 0.54 

brodmann area 31 0.54 

brodmann area 37 0.54 

brodmann area 3 0.53 

brodmann area 39 0.53 

Hippocampus_R (aal) 0.51 

Insula_R (aal) 0.51 

Cingulum_Mid_L (aal) 0.51 

Caudate Body 0.51 

Supp_Motor_Area_R (aal) 0.51 

brodmann area 2 0.51 

brodmann area 44 0.49 

Inferior Occipital Gyrus 0.47 

brodmann area 46 0.47 

Frontal_Sup_Medial_R 
(aal) 

0.47 

Cerebelum_7b_L (aal) 0.43 

Frontal_Sup_R (aal) 0.41 
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Table S2.1. Continued. 

Hippocampus_L (aal) 0.39 

Medial Dorsal Nucleus 0.39 

Ventral Lateral Nucleus 0.39 

brodmann area 18 0.39 

brodmann area 24 0.38 

Occipital_Sup_L (aal) 0.36 

Precuneus_L (aal) 0.36 

ParaHippocampal_L (aal) 0.36 

Temporal_Inf_R (aal) 0.34 

Cuneus 0.32 

Temporal_Pole_Sup_L (aal) 0.32 

brodmann area 32 0.32 

brodmann area 41 0.32 

Frontal_Inf_Oper_L (aal) 0.32 

Midbrain 0.30 

Calcarine_L (aal) 0.30 

Right Brainstem 0.30 

Supramarginal Gyrus 0.30 

brodmann area 45 0.28 

Cerebelum_6_L (aal) 0.28 

brodmann area 20 0.28 

Pyramis 0.26 

Paracentral_Lobule_R (aal) 0.24 

brodmann area 42 0.24 

ParaHippocampal_R (aal) 0.24 

Transverse Temporal Gyrus 0.23 

brodmann area 47 0.23 

Cingulum_Post_R (aal) 0.21 

Caudate Tail 0.21 

brodmann area 11 0.21 

SupraMarginal_R (aal) 0.21 

Putamen 0.19 

Lentiform Nucleus 0.19 
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Table S2.2. The % connections in the classification COI for each node (CC-400 region), together 

with the AAL-116 (Automated Anatomical Labeling) anatomical labels of voxels in the node are 

shown below. Numbers in brackets in the AAL label column shows proportion of overlap between 

the AAL-116 region and the CC-400 region. 

CC-400 
region 

% of 
COI  

AAL label 

1 0.4602 ["Cerebelum_4_5_L": 0.64]["Lingual_L": 0.29] 

2 0.5487 ["Frontal_Sup_R": 0.51]["Frontal_Mid_R": 0.49] 

3 0.1770 ["Postcentral_L": 0.94] 

4 0.4956 ["Caudate_R": 0.96] 

5 0.1062 ["Temporal_Sup_R": 0.85]["SupraMarginal_R": 0.15] 

6 0.0354 ["Occipital_Mid_L": 0.77]["Temporal_Mid_L": 0.21] 

7 0.2832 ["Frontal_Mid_L": 0.63]["Frontal_Sup_L": 0.37] 

8 0.1947 ["Angular_R": 0.86] 

9 0.8496 ["Insula_L": 0.74]["Frontal_Inf_Tri_L": 0.19] 

10 0.1239 ["Rolandic_Oper_L": 0.39]["Heschl_L": 0.25]["Temporal_Sup_L": 0.25]["Insula_L": 0.12] 

11 0.0354 ["Precuneus_L": 0.36]["Precuneus_R": 0.32]["Cingulum_Post_L": 0.18] 

12 0.0000 ["Amygdala_R": 0.38]["Hippocampus_R": 0.36]["ParaHippocampal_R": 0.22] 

13 0.3717 ["Cerebelum_Crus1_L": 0.88] 

14 0.5310 ["Caudate_L": 0.98] 

15 0.6372 ["Frontal_Mid_R": 0.75]["Frontal_Inf_Oper_R": 0.25] 

16 0.2655 ["Frontal_Mid_R": 0.80]["Precentral_R": 0.13] 

17 0.0177 ["Cerebelum_Crus1_R": 0.89]["Cerebelum_Crus2_R": 0.11] 

18 0.6549 ["Cerebelum_6_L": 0.60]["Cerebelum_Crus1_L": 0.40] 

19 0.1770 ["Temporal_Pole_Sup_L": 0.80]["Temporal_Pole_Mid_L": 0.20] 

20 0.4248 ["Cingulum_Mid_L": 0.79]["Supp_Motor_Area_L": 0.21] 

21 0.0708 ["Thalamus_L": 0.91] 

22 0.2124 ["Rolandic_Oper_R": 0.55]["Insula_R": 0.40] 

23 0.0885 ["Postcentral_R": 0.85]["Precentral_R": 0.15] 

24 0.0885 ["Lingual_L": 0.43]["Cerebelum_Crus1_L": 0.28]["Calcarine_L": 0.14] 

25 0.0000 ["Frontal_Inf_Orb_L": 0.59]["Frontal_Mid_Orb_L": 0.38] 

26 0.0354 ["Temporal_Mid_R": 0.74]["Angular_R": 0.14]["Occipital_Mid_R": 0.12] 

27 0.6018 ["Vermis_4_5": 0.26]["Vermis_6": 0.16]["Vermis_10": 0.14]["Cerebelum_4_5_L": 0.12] 

28 0.1416 ["Paracentral_Lobule_L": 0.56]["Supp_Motor_Area_L": 0.37] 

29 0.3363 ["Cingulum_Ant_R": 0.83]["Cingulum_Mid_R": 0.15] 

30 0.0000 ["Temporal_Mid_L": 0.70]["Angular_L": 0.29] 

31 0.3363 ["Frontal_Mid_Orb_R": 0.68]["Frontal_Inf_Orb_R": 0.32] 

32 0.3009 ["Frontal_Inf_Oper_L": 0.43]["Precentral_L": 0.35]["Frontal_Mid_L": 0.12] 

34 0.1239 ["Temporal_Inf_R": 0.38]["Temporal_Mid_R": 0.34]["Temporal_Pole_Mid_R": 0.28] 

35 0.0531 ["Postcentral_L": 0.78]["Precentral_L": 0.21] 

 



68 
 

Table S2.2. Continued. 

36 1.0088 ["Temporal_Mid_L": 1.00] 

37 0.1416 ["Cuneus_R": 0.49]["Precuneus_R": 0.48] 

38 0.1770 ["Frontal_Med_Orb_R": 0.21]["Cingulum_Ant_L": 0.19]["Frontal_Med_Orb_L": 0.14]["Cingulum_Ant_R": 
0.13]["Olfactory_L": 0.11]["Olfactory_R": 0.11] 

39 0.4602 ["Insula_L": 0.83]["Putamen_L": 0.15] 

40 1.1150 ["Precentral_R": 0.69]["Postcentral_R": 0.31] 

41 0.2655 ["Cerebelum_6_L": 0.60]["Cerebelum_4_5_L": 0.22] 

42 0.5841 ["Putamen_L": 0.76]["Insula_L": 0.18] 

43 0.0000 ["Occipital_Mid_L": 1.00] 

44 0.0000 ["Frontal_Mid_Orb_R": 0.57]["Frontal_Sup_Orb_R": 0.43] 

45 0.1416 ["Fusiform_L": 0.66]["Temporal_Inf_L": 0.21]["ParaHippocampal_L": 0.13] 

46 0.0708 ["Heschl_R": 0.41]["Insula_R": 0.37]["Rolandic_Oper_R": 0.20] 

47 0.5487 ["Cingulum_Mid_L": 0.32]["Cingulum_Mid_R": 0.26]["Cingulum_Ant_L": 0.20]["Cingulum_Ant_R": 0.18] 

48 0.0531 ["Temporal_Inf_R": 0.85]["Temporal_Mid_R": 0.15] 

49 0.1062 ["Parietal_Inf_L": 0.59]["SupraMarginal_L": 0.22]["Postcentral_L": 0.19] 

50 0.0531 ["None": 1.00] 

51 0.3009 ["Precuneus_L": 0.82]["Parietal_Sup_L": 0.18] 

52 0.1416 ["Temporal_Mid_R": 0.59]["Temporal_Sup_R": 0.41] 

53 0.2478 ["Frontal_Sup_Medial_L": 0.68]["Frontal_Sup_Medial_R": 0.23] 

54 0.0177 ["Paracentral_Lobule_R": 0.71]["Paracentral_Lobule_L": 0.24] 

55 2.3363 ["Cerebelum_6_R": 0.47]["Cerebelum_4_5_R": 0.31]["Cerebelum_10_R": 0.13] 

56 1.2212 ["Precentral_R": 0.77]["Frontal_Inf_Oper_R": 0.20] 

57 0.1770 ["Temporal_Mid_L": 1.00] 

58 0.3186 ["Cuneus_L": 0.46]["Calcarine_L": 0.31]["Occipital_Sup_L": 0.13] 

59 0.0000 ["Frontal_Sup_Medial_L": 0.42]["Frontal_Sup_L": 0.36]["Supp_Motor_Area_L": 0.21] 

60 0.2655 ["Cingulum_Ant_R": 0.94] 

61 0.1416 ["Parietal_Sup_R": 0.56]["Precuneus_R": 0.41] 

62 0.2124 ["Occipital_Inf_R": 0.81]["Lingual_R": 0.12] 

63 0.0531 ["Lingual_R": 0.49]["Calcarine_R": 0.39] 

64 0.0177 ["Frontal_Inf_Oper_R": 0.65]["Frontal_Inf_Tri_R": 0.34] 

65 0.3717 ["Temporal_Sup_L": 0.50]["SupraMarginal_L": 0.30]["Postcentral_L": 0.20] 

66 0.0000 ["Temporal_Mid_L": 0.58]["Temporal_Sup_L": 0.42] 

67 0.0885 ["Caudate_R": 0.94] 

68 0.3540 ["SupraMarginal_R": 0.92] 

69 0.2301 ["Temporal_Mid_R": 0.85]["Temporal_Sup_R": 0.15] 

70 0.2301 ["Fusiform_R": 0.57]["Cerebelum_6_R": 0.32] 

71 0.2301 ["Thalamus_R": 0.51]["None": 0.32]["Thalamus_L": 0.17] 

72 0.1416 ["Precentral_L": 0.69]["Frontal_Mid_L": 0.17]["Frontal_Sup_L": 0.15] 

73 0.0177 ["Parietal_Inf_L": 0.79]["Angular_L": 0.18] 

74 0.6549 ["Frontal_Inf_Tri_L": 0.84]["Frontal_Mid_L": 0.15] 
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Table S2.2. Continued. 

75 0.0885 ["Insula_R": 0.51]["Frontal_Inf_Tri_R": 0.22]["Putamen_R": 0.15]["Frontal_Inf_Orb_R": 0.12] 

76 0.1416 ["Lingual_R": 0.84]["Cerebelum_6_R": 0.11] 

77 0.0177 ["Cingulum_Mid_L": 0.94] 

78 0.0885 ["Cerebelum_8_L": 0.40]["Cerebelum_Crus2_L": 0.27]["Cerebelum_Crus1_L": 0.18] 

80 0.2478 ["Frontal_Mid_Orb_R": 0.38]["Frontal_Sup_Orb_R": 0.29]["Frontal_Sup_R": 0.25] 

81 0.5133 ["Postcentral_R": 0.51]["Precentral_R": 0.49] 

82 0.0354 ["Temporal_Pole_Sup_L": 0.50]["Temporal_Mid_L": 0.27] 

83 0.0177 ["Cerebelum_Crus1_R": 0.61]["Temporal_Inf_R": 0.29] 

84 0.1416 ["Frontal_Sup_Medial_L": 0.50]["Frontal_Sup_Medial_R": 0.39] 

85 0.0531 ["Hippocampus_L": 0.43]["ParaHippocampal_L": 0.40]["Fusiform_L": 0.12] 

87 0.0000 ["Fusiform_L": 0.46]["Temporal_Inf_L": 0.44] 

88 0.1593 ["Frontal_Mid_L": 0.70]["Frontal_Inf_Tri_L": 0.30] 

89 0.0177 ["Supp_Motor_Area_R": 0.41]["Supp_Motor_Area_L": 0.29]["Frontal_Sup_Medial_R": 
0.16]["Frontal_Sup_Medial_L": 0.14] 

90 0.0885 ["Precentral_L": 0.57]["Postcentral_L": 0.36] 

91 0.0531 ["Amygdala_L": 0.42]["Hippocampus_L": 0.35] 

92 0.0531 ["Calcarine_R": 0.52]["Precuneus_R": 0.30]["Cuneus_R": 0.17] 

93 0.2655 ["Frontal_Sup_R": 0.61]["Frontal_Mid_R": 0.39] 

94 0.0885 ["Temporal_Mid_L": 0.56]["Temporal_Inf_L": 0.37] 

95 0.1239 ["Postcentral_L": 0.88]["Precentral_L": 0.12] 

96 0.3363 ["Frontal_Mid_R": 0.73]["Frontal_Inf_Tri_R": 0.27] 

97 0.3186 ["Cerebelum_9_R": 0.47]["None": 0.39]["Cerebelum_10_R": 0.11] 

98 0.6903 ["Thalamus_R": 0.96] 

99 0.6549 ["Cingulum_Mid_R": 0.54]["Cingulum_Mid_L": 0.25]["None": 0.21] 

100 1.0442 ["Caudate_L": 0.36]["Olfactory_L": 0.26]["Olfactory_R": 0.18]["Caudate_R": 0.14] 

101 0.1593 ["Temporal_Pole_Mid_R": 0.60]["Temporal_Pole_Sup_R": 0.40] 

102 0.0708 ["Parietal_Inf_L": 0.82]["Postcentral_L": 0.15] 

103 0.4248 ["Cingulum_Mid_R": 0.87] 

104 0.1947 ["Parietal_Sup_L": 0.55]["Precuneus_L": 0.44] 

105 0.6018 ["Occipital_Mid_R": 0.47]["Temporal_Mid_R": 0.44] 

106 0.1239 ["Frontal_Sup_L": 0.69]["Frontal_Mid_L": 0.31] 

107 0.0531 ["Putamen_R": 0.85]["Pallidum_R": 0.15] 

108 0.0531 ["Cuneus_L": 0.83]["Occipital_Sup_L": 0.17] 

109 0.5310 ["Cingulum_Ant_L": 0.55]["Cingulum_Ant_R": 0.45] 

110 0.4248 ["Temporal_Inf_R": 0.90] 

111 0.0000 ["Fusiform_R": 0.65]["ParaHippocampal_R": 0.31] 

112 0.0177 ["Temporal_Inf_L": 0.69]["None": 0.16]["Temporal_Pole_Mid_L": 0.11] 

113 0.0177 ["Supp_Motor_Area_R": 0.99] 

114 0.0000 ["Occipital_Mid_L": 0.97] 

115 0.0885 ["SupraMarginal_R": 1.00] 
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Table S2.2. Continued. 

116 0.8142 ["Frontal_Sup_Medial_R": 0.78]["Frontal_Sup_R": 0.22] 

117 0.0177 ["Postcentral_L": 0.94] 

118 0.0177 ["Precuneus_L": 0.77]["Cingulum_Mid_L": 0.23] 

119 0.0885 ["Cerebelum_Crus1_R": 0.92] 

120 0.0177 ["Occipital_Mid_L": 0.90] 

121 0.0354 ["Frontal_Inf_Orb_R": 0.77]["Frontal_Mid_Orb_R": 0.12]["Frontal_Sup_Orb_R": 0.11] 

122 0.0531 ["Calcarine_L": 0.59]["Lingual_L": 0.39] 

123 0.4779 ["Frontal_Inf_Orb_L": 0.78]["Frontal_Inf_Tri_L": 0.22] 

124 0.1770 ["Postcentral_R": 0.55]["Paracentral_Lobule_R": 0.35] 

125 0.0708 ["Putamen_R": 0.81]["Pallidum_R": 0.19] 

126 0.4956 ["None": 1.00] 

127 0.0177 ["Cerebelum_Crus1_L": 0.82]["Cerebelum_Crus2_L": 0.18] 

128 0.6549 ["Temporal_Mid_R": 0.54]["Temporal_Sup_R": 0.45] 

129 0.0531 ["Frontal_Sup_L": 0.62]["Frontal_Mid_L": 0.35] 

130 0.1062 ["Insula_L": 0.37]["Putamen_L": 0.35]["Temporal_Sup_L": 0.15] 

131 0.1062 ["Frontal_Inf_Tri_L": 0.93] 

132 0.1593 ["Thalamus_L": 0.50]["None": 0.25]["Hippocampus_L": 0.20] 

133 0.1593 ["Frontal_Inf_Tri_R": 0.82]["Frontal_Inf_Orb_R": 0.18] 

134 0.0708 ["Cerebelum_Crus1_R": 0.85] 

135 0.0531 ["Occipital_Mid_R": 0.67]["Angular_R": 0.33] 

136 0.3894 ["Cerebelum_Crus2_L": 0.68]["Cerebelum_Crus1_L": 0.30] 

137 0.1593 ["Cingulum_Post_L": 0.38]["Cingulum_Post_R": 0.25]["Cingulum_Mid_R": 0.22] 

138 0.9735 ["Angular_L": 0.39]["Parietal_Inf_L": 0.38]["SupraMarginal_L": 0.23] 

139 0.1062 ["Hippocampus_L": 0.50]["ParaHippocampal_L": 0.30]["Amygdala_L": 0.12] 

140 0.0885 ["Frontal_Inf_Orb_L": 0.87]["Frontal_Mid_Orb_L": 0.13] 

141 0.0000 ["SupraMarginal_R": 0.50]["Angular_R": 0.45] 

142 0.3717 ["Frontal_Sup_Medial_R": 0.93] 

143 0.0531 ["Temporal_Inf_R": 0.65]["Temporal_Pole_Mid_R": 0.31] 

144 0.4956 ["Vermis_8": 0.48]["Cerebelum_8_R": 0.32] 

145 0.2478 ["Precentral_L": 0.74]["Frontal_Sup_L": 0.23] 

146 0.1947 ["Fusiform_R": 0.68]["Lingual_R": 0.16] 

147 0.2124 ["Precentral_R": 0.58]["Frontal_Sup_R": 0.42] 

148 0.3186 ["Insula_L": 0.78]["Frontal_Inf_Oper_L": 0.18] 

149 0.1593 ["Rectus_L": 0.37]["Rectus_R": 0.31]["Frontal_Med_Orb_L": 0.19]["Frontal_Med_Orb_R": 0.13] 

150 0.0885 ["Supp_Motor_Area_R": 0.50]["Frontal_Sup_R": 0.42] 

151 0.1770 ["Cuneus_R": 0.55]["Occipital_Sup_R": 0.31]["Calcarine_R": 0.13] 

152 1.1681 ["None": 1.00] 

153 1.3805 ["Frontal_Mid_R": 1.00] 

154 0.0885 ["Frontal_Sup_L": 0.70]["Frontal_Mid_L": 0.30] 

155 1.5398 ["Temporal_Mid_R": 0.67]["Temporal_Inf_R": 0.33] 
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Table S2.2. Continued. 

 

156 0.1770 ["Cingulum_Mid_L": 0.56]["Supp_Motor_Area_L": 0.33] 

157 0.3717 ["Temporal_Mid_L": 0.70]["Temporal_Sup_L": 0.30] 

158 0.3540 ["Cingulum_Ant_L": 0.54]["Frontal_Sup_Medial_L": 0.46] 

159 0.2478 ["Precentral_R": 0.70]["Frontal_Mid_R": 0.30] 

160 0.0177 ["Frontal_Mid_L": 0.91] 

161 0.4425 ["Insula_L": 0.52]["Rolandic_Oper_L": 0.46] 

162 0.2655 ["Insula_R": 0.75]["Rolandic_Oper_R": 0.13] 

163 0.2478 ["Calcarine_R": 0.69]["Lingual_R": 0.25] 

164 0.2478 ["Angular_L": 0.79]["Parietal_Inf_L": 0.16] 

165 0.3540 ["Rolandic_Oper_R": 0.61]["Precentral_R": 0.23]["Postcentral_R": 0.16] 

166 0.2301 ["Fusiform_R": 0.41]["Hippocampus_R": 0.21]["Temporal_Inf_R": 0.20]["ParaHippocampal_R": 0.18] 

167 0.6549 ["Frontal_Sup_L": 0.70]["Frontal_Mid_L": 0.27] 

168 0.3894 ["Caudate_L": 0.42]["Putamen_L": 0.30]["Rectus_L": 0.22] 

169 0.0354 ["Occipital_Inf_R": 0.85] 

170 0.3894 ["Caudate_R": 0.37]["Olfactory_R": 0.26]["Rectus_R": 0.20]["Putamen_R": 0.13] 

171 0.0000 ["Paracentral_Lobule_L": 0.56]["Precuneus_L": 0.37] 

172 0.4602 ["Frontal_Mid_Orb_R": 0.81]["Frontal_Mid_R": 0.19] 

173 0.0708 ["Occipital_Inf_L": 0.89] 

174 0.1062 ["Frontal_Sup_R": 0.81]["Supp_Motor_Area_R": 0.19] 

175 0.0354 ["Cerebelum_6_L": 0.75]["Cerebelum_Crus1_L": 0.24] 

176 0.1416 ["Calcarine_L": 0.79]["Occipital_Sup_L": 0.11] 

177 0.1416 ["Calcarine_L": 0.35]["Precuneus_L": 0.28]["Lingual_L": 0.26] 

178 0.4602 ["Frontal_Sup_Medial_L": 0.83]["Frontal_Sup_L": 0.17] 

179 0.3363 ["Cerebelum_Crus1_R": 0.64]["Cerebelum_6_R": 0.22]["Cerebelum_Crus2_R": 0.12] 

180 0.0885 ["Lingual_R": 0.55]["Precuneus_R": 0.17]["Vermis_4_5": 0.16] 

181 0.3894 ["Parietal_Sup_L": 0.86]["Parietal_Inf_L": 0.14] 

182 0.0177 ["Temporal_Inf_L": 0.32]["Fusiform_L": 0.29]["Temporal_Pole_Mid_L": 0.25] 

183 1.0619 ["Occipital_Mid_R": 0.53]["Occipital_Sup_R": 0.47] 

184 0.7257 ["Cingulum_Ant_L": 0.39]["Cingulum_Ant_R": 0.32]["Cingulum_Mid_L": 0.27] 

185 0.1062 ["Thalamus_L": 0.54]["Thalamus_R": 0.46] 

186 0.2301 ["Frontal_Mid_L": 0.80]["Precentral_L": 0.20] 

187 0.1239 ["Precentral_L": 0.61]["Postcentral_L": 0.39] 

188 0.0177 ["Fusiform_L": 0.80]["Cerebelum_4_5_L": 0.14] 

189 0.6726 ["Angular_L": 0.92] 

190 0.2478 ["Frontal_Sup_R": 0.82]["Frontal_Sup_Medial_R": 0.18] 

191 0.3363 ["Frontal_Inf_Oper_R": 0.72]["Frontal_Inf_Tri_R": 0.13] 

192 0.2832 ["Frontal_Mid_R": 0.51]["Frontal_Inf_Tri_R": 0.36]["Frontal_Inf_Orb_R": 0.13] 

193 0.0708 ["Precuneus_L": 0.74]["Precuneus_R": 0.22] 
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Table S2.2. Continued. 

194 0.7611 ["Postcentral_R": 0.74]["Precentral_R": 0.19] 

195 0.7257 ["Cerebelum_6_R": 0.49]["Cerebelum_4_5_R": 0.40] 

196 0.1770 ["None": 0.93] 

197 0.0000 ["Temporal_Mid_L": 0.98] 

198 0.0000 ["Frontal_Inf_Tri_L": 0.64]["Frontal_Mid_L": 0.36] 

199 0.4425 ["Postcentral_R": 0.50]["SupraMarginal_R": 0.47] 

200 0.3186 ["Cingulum_Mid_R": 0.65]["Precuneus_R": 0.16]["Paracentral_Lobule_R": 0.12] 

201 0.0885 ["Frontal_Inf_Orb_R": 0.49]["Insula_R": 0.41] 

202 0.0354 ["Frontal_Mid_Orb_L": 0.77]["Frontal_Mid_L": 0.14] 

203 0.0177 ["Fusiform_L": 0.45]["Hippocampus_L": 0.20]["Temporal_Inf_L": 0.20]["ParaHippocampal_L": 0.15] 

204 0.2124 ["Cerebelum_Crus2_L": 0.52]["Cerebelum_Crus1_L": 0.48] 

205 0.0177 ["Temporal_Pole_Sup_R": 0.58]["Temporal_Pole_Mid_R": 0.36] 

206 0.2832 ["SupraMarginal_L": 0.54]["Parietal_Inf_L": 0.46] 

207 0.3717 ["Parietal_Inf_R": 0.63]["Angular_R": 0.37] 

208 1.1504 ["Hippocampus_R": 0.44]["Precuneus_R": 0.27] 

209 0.4779 ["Temporal_Mid_R": 0.93] 

210 0.5133 ["Temporal_Sup_L": 0.44]["Rolandic_Oper_L": 0.30]["Temporal_Pole_Sup_L": 0.20] 

211 0.4956 ["Precuneus_L": 0.44]["Cuneus_L": 0.28]["Occipital_Sup_L": 0.17]["Parietal_Sup_L": 0.11] 

212 0.2478 ["Frontal_Mid_R": 0.96] 

213 0.1062 ["None": 0.66]["Vermis_1_2": 0.15] 

214 0.1770 ["Frontal_Inf_Tri_L": 0.84]["Frontal_Inf_Oper_L": 0.16] 

215 0.2478 ["Frontal_Mid_L": 0.56]["Precentral_L": 0.44] 

216 0.0531 ["Postcentral_R": 0.62]["Parietal_Sup_R": 0.38] 

217 0.0000 ["Temporal_Mid_L": 0.90] 

218 0.4248 ["Temporal_Mid_R": 1.00] 

219 0.0177 ["Occipital_Mid_L": 1.00] 

220 0.2655 ["Postcentral_R": 0.78]["Precentral_R": 0.22] 

221 0.4956 ["Frontal_Inf_Orb_L": 0.80]["Temporal_Pole_Sup_L": 0.18] 

222 0.2832 ["Frontal_Mid_R": 0.50]["Precentral_R": 0.46] 

223 0.0000 ["Cingulum_Mid_R": 0.63]["Supp_Motor_Area_R": 0.37] 

224 0.1770 ["Insula_R": 0.61]["Temporal_Sup_R": 0.17] 

225 0.1770 ["Lingual_R": 0.51]["Cerebelum_Crus1_R": 0.38] 

226 0.6903 ["Cingulum_Ant_L": 0.81]["Frontal_Sup_Medial_L": 0.18] 

227 0.5664 ["Cerebelum_6_R": 0.89] 

228 0.1416 ["Temporal_Mid_R": 0.69]["Temporal_Inf_R": 0.31] 

229 0.0177 ["Occipital_Sup_R": 0.69]["Cuneus_R": 0.31] 

230 0.5841 ["Cerebelum_9_L": 0.64]["Cerebelum_10_L": 0.36] 

231 0.1593 ["Fusiform_L": 0.42]["Lingual_L": 0.30]["Cerebelum_6_L": 0.21] 

232 0.9558 ["Frontal_Med_Orb_R": 0.73]["Frontal_Sup_Orb_R": 0.14]["Rectus_R": 0.13] 

233 0.1239 ["Thalamus_L": 1.00] 
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234 0.1947 ["Temporal_Mid_L": 0.50]["Occipital_Mid_L": 0.49] 

235 0.1062 ["Frontal_Sup_L": 0.98] 

236 0.2655 ["Temporal_Pole_Sup_R": 0.31]["Insula_R": 0.26]["Frontal_Inf_Orb_R": 0.19] 

237 0.0531 ["Parietal_Inf_L": 1.00] 

238 0.0354 ["Amygdala_L": 0.37]["Putamen_L": 0.32]["Hippocampus_L": 0.16] 

239 0.4602 ["Cingulum_Mid_R": 0.48]["Cingulum_Mid_L": 0.38]["None": 0.14] 

240 0.2832 ["Precuneus_R": 0.71]["Parietal_Sup_R": 0.17]["Precuneus_L": 0.13] 

241 0.0000 ["Frontal_Sup_R": 0.59]["Frontal_Mid_R": 0.38] 

242 0.2301 ["None": 0.45]["Lingual_R": 0.22]["Thalamus_R": 0.19] 

243 0.3009 ["Temporal_Mid_L": 0.70]["Temporal_Sup_L": 0.30] 

244 0.0885 ["Paracentral_Lobule_L": 0.46]["Supp_Motor_Area_R": 0.17]["Cingulum_Mid_L": 
0.12]["Paracentral_Lobule_R": 0.11] 

245 0.3894 ["None": 0.51]["Thalamus_L": 0.22]["Thalamus_R": 0.16] 

246 0.2478 ["Insula_R": 0.54]["Temporal_Sup_R": 0.21]["Putamen_R": 0.13] 

247 0.0177 ["Cerebelum_9_L": 0.40]["None": 0.31]["Vermis_10": 0.21] 

248 0.0177 ["Precuneus_R": 0.72]["Cingulum_Mid_R": 0.20] 

249 0.1239 ["Frontal_Sup_L": 0.62]["Frontal_Mid_L": 0.38] 

250 0.4602 ["Postcentral_R": 0.30]["Rolandic_Oper_R": 0.27]["Temporal_Sup_R": 0.26]["SupraMarginal_R": 0.16] 

251 0.2301 ["Temporal_Inf_L": 0.58]["Temporal_Mid_L": 0.42] 

252 0.4071 ["Angular_R": 0.96] 

253 0.2832 ["Vermis_6": 0.40]["Cerebelum_6_L": 0.37] 

254 0.1239 ["Frontal_Sup_L": 0.41]["Frontal_Sup_Orb_L": 0.33]["Frontal_Mid_Orb_L": 0.24] 

255 0.0000 ["Frontal_Sup_Medial_R": 0.66]["Frontal_Sup_R": 0.32] 

256 0.3363 ["Cingulum_Mid_R": 0.89] 

257 0.0708 ["Postcentral_L": 0.79]["Parietal_Sup_L": 0.21] 

258 0.6195 ["Cerebelum_6_R": 0.75]["Cerebelum_Crus1_R": 0.12]["Cerebelum_8_R": 0.11] 

259 0.0708 ["Temporal_Inf_R": 0.84] 

260 0.3009 ["Frontal_Inf_Orb_L": 0.63]["Insula_L": 0.18] 

261 0.2655 ["SupraMarginal_L": 0.81]["Postcentral_L": 0.19] 

262 0.0885 ["ParaHippocampal_L": 0.57]["Cerebelum_4_5_L": 0.35] 

263 0.0708 ["Occipital_Mid_L": 0.47]["Occipital_Sup_L": 0.39] 

264 0.3009 ["Frontal_Med_Orb_L": 0.83]["Rectus_L": 0.15] 

265 0.6903 ["Frontal_Inf_Tri_R": 0.93] 

266 0.0708 ["Frontal_Mid_L": 1.00] 

267 0.7080 ["Cerebelum_3_R": 0.53]["Cerebelum_4_5_R": 0.19]["ParaHippocampal_R": 0.13] 

268 0.1239 ["Thalamus_L": 0.47]["Hippocampus_L": 0.25]["Lingual_L": 0.18] 

269 0.1416 ["Cuneus_R": 0.78]["Cuneus_L": 0.18] 

270 0.3009 ["Temporal_Sup_R": 1.00] 

271 0.5133 ["Temporal_Pole_Sup_L": 0.56]["Temporal_Sup_L": 0.30]["Temporal_Mid_L": 0.15] 

272 0.4248 ["Parietal_Inf_R": 0.59]["SupraMarginal_R": 0.41] 
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273 0.0531 ["Frontal_Inf_Orb_R": 0.99] 

274 0.0885 ["Insula_L": 0.54]["Rolandic_Oper_L": 0.44] 

275 0.5841 ["Precuneus_R": 0.86]["Precuneus_L": 0.14] 

276 0.1239 ["Cerebelum_4_5_L": 0.66]["Cerebelum_3_L": 0.19]["None": 0.14] 

277 0.2478 ["Temporal_Inf_R": 0.65]["Fusiform_R": 0.35] 

278 0.0354 ["Fusiform_L": 0.35]["Temporal_Inf_L": 0.23]["Cerebelum_6_L": 0.19]["Occipital_Inf_L": 0.16] 

279 0.1416 ["Frontal_Mid_L": 0.88] 

280 0.1062 ["Temporal_Mid_L": 0.96] 

281 0.2301 ["Precentral_R": 0.87]["Frontal_Sup_R": 0.11] 

282 0.0000 ["Fusiform_L": 0.47]["Lingual_L": 0.45] 

283 1.1858 ["Cingulum_Ant_L": 0.68]["Frontal_Med_Orb_L": 0.27] 

284 0.1416 ["Hippocampus_R": 0.58]["ParaHippocampal_R": 0.35] 

285 0.1239 ["Frontal_Mid_R": 1.00] 

286 0.1947 ["Calcarine_L": 0.35]["Vermis_6": 0.16] 

287 0.1062 ["Parietal_Sup_R": 0.75]["Parietal_Inf_R": 0.13] 

288 0.0177 ["Temporal_Pole_Sup_R": 0.72]["Insula_R": 0.15] 

289 0.8319 ["Frontal_Sup_Medial_R": 0.82]["Frontal_Sup_R": 0.18] 

290 0.0885 ["Temporal_Inf_R": 0.62]["Temporal_Mid_R": 0.38] 

291 0.2832 ["Supp_Motor_Area_L": 0.61]["Supp_Motor_Area_R": 0.39] 

292 0.3540 ["Putamen_L": 0.27]["Pallidum_L": 0.22]["None": 0.11] 

293 0.4425 ["Precentral_L": 0.74]["Frontal_Inf_Oper_L": 0.26] 

294 0.6903 ["Occipital_Mid_R": 0.68]["Temporal_Mid_R": 0.32] 

295 0.3186 ["Vermis_4_5": 0.54]["Cerebelum_4_5_R": 0.26]["Cerebelum_4_5_L": 0.14] 

296 0.0000 ["Fusiform_L": 0.53]["Temporal_Inf_L": 0.39] 

297 0.0177 ["Frontal_Sup_Medial_L": 0.89]["Frontal_Sup_L": 0.11] 

298 0.0531 ["Temporal_Pole_Sup_L": 0.72]["Insula_L": 0.12] 

299 0.0531 ["Hippocampus_R": 0.63]["ParaHippocampal_R": 0.24] 

300 0.2124 ["Vermis_3": 0.37]["Vermis_1_2": 0.23]["Cerebelum_3_R": 0.20] 

301 0.0885 ["Cerebelum_Crus2_L": 0.52]["Cerebelum_Crus1_L": 0.46] 

302 0.5487 ["Temporal_Sup_R": 0.55]["SupraMarginal_R": 0.27]["Rolandic_Oper_R": 0.18] 

303 0.4248 ["Cingulum_Mid_L": 0.67]["Supp_Motor_Area_L": 0.33] 

304 0.1416 ["Precentral_R": 0.44]["Frontal_Mid_R": 0.29]["Frontal_Sup_R": 0.26] 

305 0.4779 ["Temporal_Sup_L": 0.39]["Rolandic_Oper_L": 0.33]["Postcentral_L": 0.18] 

306 0.0354 ["Frontal_Sup_R": 0.53]["Frontal_Mid_R": 0.47] 

307 0.0531 ["Insula_R": 0.68]["Putamen_R": 0.24] 

308 0.1947 ["Occipital_Mid_R": 0.53]["Occipital_Sup_R": 0.47] 

309 0.1416 ["ParaHippocampal_R": 0.46]["Hippocampus_R": 0.39]["None": 0.15] 

310 0.6726 ["None": 0.40]["Cerebelum_4_5_R": 0.38]["Cerebelum_3_R": 0.19] 

312 0.1062 ["Temporal_Inf_L": 0.93] 
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313 0.0000 ["Temporal_Pole_Mid_R": 0.52]["ParaHippocampal_R": 0.19]["Fusiform_R": 0.15]["Temporal_Inf_R": 
0.13] 

314 0.1062 ["SupraMarginal_L": 0.60]["Temporal_Sup_L": 0.30] 

315 0.1770 ["Cerebelum_9_L": 0.63]["Cerebelum_8_L": 0.21]["Vermis_9": 0.12] 

316 0.1239 ["Supp_Motor_Area_L": 0.99] 

317 0.0708 ["Rolandic_Oper_R": 0.48]["Temporal_Sup_R": 0.35]["Heschl_R": 0.17] 

318 0.0177 ["Occipital_Inf_L": 0.35]["Cerebelum_Crus1_L": 0.34]["Lingual_L": 0.23] 

319 0.1062 ["Temporal_Mid_L": 0.96] 

320 0.0000 ["Frontal_Inf_Tri_R": 0.56]["Frontal_Mid_R": 0.44] 

321 0.1593 ["Vermis_7": 0.38]["Cerebelum_Crus2_R": 0.27]["Cerebelum_Crus1_R": 0.18] 

322 0.1770 ["Fusiform_R": 0.64]["Cerebelum_6_R": 0.28] 

323 0.3540 ["Parietal_Inf_R": 0.45]["Parietal_Sup_R": 0.32]["Postcentral_R": 0.21] 

324 0.5487 ["Calcarine_R": 0.53]["Calcarine_L": 0.35] 

325 0.3894 ["Frontal_Med_Orb_R": 0.39]["Cingulum_Ant_R": 0.38]["Frontal_Sup_Medial_R": 0.22] 

326 0.2655 ["Occipital_Sup_L": 0.71]["Occipital_Mid_L": 0.26] 

327 0.2832 ["Precuneus_R": 0.62]["Cuneus_R": 0.25] 

328 0.2124 ["None": 0.32]["Hippocampus_R": 0.23]["ParaHippocampal_R": 0.18]["Amygdala_R": 0.12]["Pallidum_R": 
0.12] 

329 0.5133 ["Temporal_Sup_R": 0.37]["Temporal_Mid_R": 0.33]["Temporal_Pole_Sup_R": 0.25] 

330 0.0000 ["Fusiform_R": 0.63]["ParaHippocampal_R": 0.25] 

331 0.9027 ["Temporal_Sup_L": 0.63]["Rolandic_Oper_L": 0.13]["Heschl_L": 0.12] 

332 0.0885 ["Lingual_L": 0.59]["Cerebelum_6_L": 0.29] 

333 0.1239 ["ParaHippocampal_R": 0.49]["None": 0.33]["Hippocampus_R": 0.18] 

334 0.0531 ["Frontal_Sup_L": 0.67]["Supp_Motor_Area_L": 0.30] 

335 0.4602 ["Cerebelum_Crus1_R": 0.76] 

336 0.0354 ["Temporal_Sup_R": 0.54]["Rolandic_Oper_R": 0.33]["Temporal_Pole_Sup_R": 0.11] 

337 0.0000 ["Hippocampus_L": 0.70]["ParaHippocampal_L": 0.22] 

338 0.0531 ["Frontal_Inf_Orb_R": 0.81]["Temporal_Pole_Sup_R": 0.13] 

339 0.6372 ["Putamen_L": 0.83]["Pallidum_L": 0.17] 

340 0.0000 ["Occipital_Sup_L": 0.56]["Occipital_Mid_L": 0.29]["Cuneus_L": 0.15] 

341 0.1593 ["Temporal_Mid_R": 0.46]["Temporal_Sup_R": 0.30]["Angular_R": 0.16] 

342 0.0177 ["Calcarine_R": 0.30]["Calcarine_L": 0.23]["Cuneus_R": 0.16]["Cuneus_L": 0.13]["Precuneus_R": 0.12] 

343 1.0796 ["Temporal_Mid_L": 0.67]["Temporal_Pole_Mid_L": 0.18]["Temporal_Inf_L": 0.13] 

344 0.1593 ["Postcentral_R": 0.45]["SupraMarginal_R": 0.34]["Parietal_Inf_R": 0.16] 

345 0.3894 ["Precentral_L": 0.94] 

346 0.0708 ["Temporal_Inf_L": 0.40]["Cerebelum_Crus1_L": 0.36]["Fusiform_L": 0.14] 

347 0.0531 ["Insula_R": 0.57]["Putamen_R": 0.19]["Frontal_Inf_Oper_R": 0.16] 

348 0.0885 ["Calcarine_R": 0.52]["Lingual_R": 0.40] 

349 0.2478 ["Cerebelum_9_R": 0.66]["Vermis_9": 0.26] 

350 0.0708 ["Cerebelum_4_5_L": 0.30]["Cerebelum_3_L": 0.24]["None": 0.20]["ParaHippocampal_L": 0.14] 

351 0.3540 ["Lingual_L": 0.48]["Calcarine_L": 0.46] 
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352 0.0708 ["Supp_Motor_Area_L": 0.58]["Supp_Motor_Area_R": 0.34] 

353 0.0531 ["Calcarine_L": 0.51]["Cuneus_L": 0.44] 

354 0.4071 ["Frontal_Inf_Oper_R": 0.49]["Frontal_Inf_Tri_R": 0.27]["Frontal_Mid_R": 0.14] 

355 0.1593 ["Precuneus_L": 0.67]["Precuneus_R": 0.33] 

356 0.2124 ["Parietal_Inf_R": 0.66]["Angular_R": 0.33] 

357 0.5310 ["Cerebelum_Crus2_R": 0.59]["Cerebelum_Crus1_R": 0.41] 

359 0.0177 ["Precentral_R": 0.50]["Postcentral_R": 0.50] 

360 0.1947 ["Parietal_Inf_L": 0.44]["Parietal_Sup_L": 0.30]["Postcentral_L": 0.26] 

361 0.6195 ["Fusiform_R": 0.70]["Cerebelum_4_5_R": 0.21] 

362 0.0000 ["Occipital_Inf_L": 0.74]["Occipital_Mid_L": 0.25] 

363 0.0531 ["Temporal_Sup_L": 0.73]["SupraMarginal_L": 0.24] 

364 0.4602 ["Temporal_Mid_R": 0.87]["Temporal_Sup_R": 0.13] 

365 0.1416 ["Caudate_R": 0.84]["Thalamus_R": 0.13] 

366 0.1947 ["Temporal_Pole_Sup_L": 0.30]["Insula_L": 0.29]["Frontal_Inf_Orb_L": 0.25] 

367 0.1947 ["Occipital_Mid_R": 1.00] 

368 0.0354 ["Precuneus_L": 0.49]["Cingulum_Mid_L": 0.29]["Cingulum_Post_L": 0.22] 

370 0.1062 ["Frontal_Inf_Oper_L": 0.71]["Rolandic_Oper_L": 0.14]["Precentral_L": 0.12] 

371 0.0354 ["Frontal_Sup_Medial_L": 0.59]["Frontal_Sup_Medial_R": 0.24]["Cingulum_Mid_R": 0.12] 

372 0.4602 ["Fusiform_R": 0.48]["Lingual_R": 0.30]["Cerebelum_6_R": 0.17] 

373 0.2478 ["Caudate_L": 0.79]["Putamen_L": 0.15] 

374 0.1416 ["Temporal_Mid_L": 0.76]["Temporal_Inf_L": 0.24] 

375 0.0000 ["Putamen_R": 0.43]["Amygdala_R": 0.30]["Pallidum_R": 0.24] 

376 0.0885 ["Parietal_Sup_R": 0.62]["Occipital_Sup_R": 0.17]["Precuneus_R": 0.13] 

377 0.1062 ["Cerebelum_6_L": 0.60]["Cerebelum_4_5_L": 0.38] 

378 0.4956 ["Lingual_R": 0.32]["Lingual_L": 0.27]["Vermis_4_5": 0.23] 

379 0.0354 ["Frontal_Mid_L": 0.95] 

380 0.1062 ["Cingulum_Mid_R": 0.82]["Supp_Motor_Area_R": 0.18] 

381 0.2832 ["Parietal_Sup_L": 0.82]["Parietal_Inf_L": 0.18] 

383 0.4602 ["Temporal_Mid_R": 0.64]["Temporal_Sup_R": 0.36] 

384 0.0000 ["Cerebelum_Crus1_L": 0.91] 

385 0.0177 ["Frontal_Mid_Orb_L": 0.80]["Frontal_Inf_Orb_L": 0.12] 

386 0.3363 ["Frontal_Sup_R": 0.56]["Frontal_Mid_R": 0.44] 

387 0.0531 ["Frontal_Mid_R": 0.85]["Frontal_Sup_R": 0.15] 

388 0.0177 ["Temporal_Pole_Mid_L": 0.73]["Temporal_Inf_L": 0.18] 

389 0.1947 ["Paracentral_Lobule_R": 0.44]["Precuneus_L": 0.18]["Precuneus_R": 0.15] 

391 0.2478 ["Cerebelum_4_5_R": 0.52]["Lingual_R": 0.17]["ParaHippocampal_R": 0.15]["Cerebelum_3_R": 0.13] 

392 0.5841 ["Frontal_Sup_Medial_L": 0.81]["Frontal_Sup_L": 0.19] 

393 0.0177 ["Supp_Motor_Area_R": 0.81] 

394 0.0177 ["Temporal_Sup_L": 0.68]["Insula_L": 0.32] 

395 0.0708 ["Temporal_Mid_R": 0.76]["Temporal_Sup_R": 0.14] 
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396 0.0177 ["Olfactory_R": 0.23]["Temporal_Pole_Sup_R": 0.23]["ParaHippocampal_R": 0.18]["Putamen_R": 0.11] 

397 0.3717 ["Frontal_Mid_R": 1.00] 

398 0.2478 ["Thalamus_R": 0.98] 

399 0.2655 ["None": 1.00] 

400 0.3717 ["Frontal_Mid_L": 0.88]["Frontal_Sup_L": 0.12] 

 

 


