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1. Effects of Processing Pipeline 

Image processing was performed on fMRIPrep output using xcpEngine (Ciric et al., 2018). 

The choice of processing pipeline/model has been shown to have a significant influence on 

subsequent fMRI analyses, and is particularly critical for functional connectivity analyses. 

Specifically, network-based measures have been found to correlate strongly with participant 

movement (Power et al., 2012; Satterthwaite et al., 2012, 2013). Thus, data processing that fails to 

adequately address motion-related artifacts can lead to incorrect inferences (Ciric et al., 2018). In 

the text that follows, we describe the justification for the processing pipeline described in the main 

text. We then present results from our own data, indicating the extent to which prior findings are 

replicated in the context of the present study. 

Summary of motion-related effects of xcpEngine processing pipelines 

Prior work that has demonstrated the efficacy of various image processing pipelines. 

Below, we summarize relevant considerations for the present study, taken from Ciric et al., 2017. 

Consideration 1: Regression of head motion. Among the various processing choices 

offered by xcpEngine (Fig. S1), the 36 parameter pipelines – which consist of GSR, WM, and CSF 

regressors and realignment parameters – were found to be most effective in mitigating the 

relationship between head motion and connectivity. Among these choices, the additional step of 

spike regression (36P+spkreg) was the top-performing option, with less than 1% of edges 

significantly related to motion. ICA-ARMOA with global signal regression (AROMA+GSR) was 

also a reasonable option (10% edges related to motion). 

Indicator 2: Distance-dependent effects of motion. Here, the central question is whether 

the effects of head motion on functional connectivity differ based on edge distance. Results 

indicated that, while the 36 parameter pipelines effectively attenuate the effect of head motion 



overall, the extent to which this occurs is highly influenced by Euclidean distance. Moreover, this 

effect was observed for all pipelines that included GSR, indicating a clear tradeoff between 

artefactual variance of head motion on the BOLD signal and distance-based motion effects. ICA-

AROMA (without GSR) was identified as the most effective pipeline for removing distance-

dependence of motion, indicating that any remaining motion artifacts following AROMA operated 

equally on all edges, independent of spatial separation between network nodes. 

Indicator 3: Impact on modularity. Results indicated that the 36-parameter model on its 

own did not outperform lower order pipelines such as the 6 and 24-parameter models in terms of 

the capacity to identify functional sub-network organization (i.e., overall value for Q). 

Incorporating an additional censoring technique (i.e., spike regression, scrubbing), however, 

improved performance. ICA-AROMA provided similar results, but was not further improved with 

the additional of GSR. It is also of substantial importance to identify the extent to which network 

modularity is associated with head motion, given prior work establishing a negative correlation 

between Q and subject movement (Satterthwaite et al., 2012, 2013). Broadly, the 36-parameter 

and ICA pipelines were able to most effectively disassociate modular structure from subject 

motion. While adding GSR to ICA-AROMA did not improve distance-dependent effects of motion 

or result in higher Q, it did further reduce the relationship between motion and modularity.  

Relevant Recommendations. Broadly, the 36-parameter models with censoring – as well 

as ICA-AROMA with GSR – were most effective in terms of mitigating motion-related variance. 

All pipelines with GSR (which include all the 36-parameter models; Fig S1.) reduced the overall 

correlations between motion and FC -  a sensible result given the widespread reduction in signal 

intensity that follows in-scanner head motion (Satterthwaite et al., 2013).  



For studies of individual differences (as is the case in the present work), Ciric and 

colleagues (2017) recommend models that can aggressively reduce the overall effect of motion 

because such effects vary widely by subject. Thus, the inclusion of GSR may be appropriate, even 

if this results in distance-dependent motion effects. The addition of scrubbing, censoring, or ICA-

AROMA are likely to further improve performance. It is important to note, however, that censoring 

may be less desirable if one is concerned about loss of data (e.g., in data sets with brief 

acquisitions). In such a case, the 36-parameter model with despiking may be preferred, as this 

pipeline interpolates large signal changes rather than eliminating offending volumes entirely. ICA-

AROMA (without GSR) is best at resolving distance-dependence issues, but the overall result is 

noisier data, and may therefore be less suitable. For this reason, Ciric et al., 2017 and others 

(Burgess et al., 2016) have argued against the use of ICA-AROMA without GSR. Regarding 

modularity specifically, models that abolished associations between FC and head-motion (i.e., 36-

parameter models, ICA-AROMA models) were also more effective in separating modular 

structure from motion artifacts. Such pipelines produced higher overall modularity scores, 

suggesting that they are effective in “unmasking structure.” Finally, merely covarying for motion 

at the group level may not be ideal because motion effects are likely to be non-linear and vary 

across sub-samples in an unpredictable way (Power et al., 2014). 

Processing pipelines considered in present study 

In light of the above, we identified 3 candidate processing pipelines (all of which were 

performed by xcpEngine; Fig. S1): 

1. 36-parameter model with de-spiking (36P+despike) 

2. 36-parameter model with spike regression (36P+spkreg) 

3. ICA AROMA with global signal regression (AROMA+GSR) 



All three pipelines were likely to aggressively mitigate motion-related artifacts for each subject 

and were deemed well-suited to disentangle modularity and other network-based metrics from 

head movement, based on prior work. All pipelines included global signal regression because our 

primary research concerns concerned individual differences.  

Following image processing, we assessed the extent to which subject motion was related to 

subsequent functional connectivity estimates and modularity. That is, we sought to replicate 

findings from prior work in the context of our own data. We also examined associations between 

modularity and lower-level network features – average whole-brain functional connectivity and 

number/strength of positive and negative edges. Because subject motion is highly influential on 

such network features (Satterthwaite et al., 2012, 2013) and these network features are used in the 

calculation of modularity, we anticipated that the association between modularity and lower-level 

network features would also vary across processing pipelines.  

Results 

We first examined the correlation between DVARs – the spatial root mean square of data 

after temporal differencing – and subject motion using the ‘motionDVCorr’ output from 

xcpEngine. As expected, we observed significant differences in this output across processing 

pipelines (F(212) = 10.79, p < 0.001; Fig. S2). Specifically, post-hoc tests indicated a significantly 

higher motionDVCorr for 36P+despike (M = 0.37) compared to both AROMA+GSR (p = 0.01) 

and 36P+spkreg (p < 0.001). Consistent with prior work, 36P+spkreg was best able to separate 

motion and DVARs (because it resulted in the lowest average motion-DVARS correlation (M = 

0.25), although this was not significantly different than the value for AROMA+GSR (M = 0.29; p 

= 0.20).  

 



In order to assess the relative effect of the processing pipelines, we next correlated subject 

motion-DVAR values across the three models. Subject motion-DVARs correlations were 

significantly associated for 36P+despike and 36P+spkreg (r = 0.32, p = 0.006) and for 

36P+despike and AROMA+GSR (r = 0.70, p < 0.001). We did not observe a significant correlation 

between 36P+spkreg and AROMA+GSR (r = 0.13, p = 0.27; Fig. S3), presumably because of 

different “base” parameter models (i.e., 36-parameter vs. AROMA) and because the former 

incorporates volume censoring.  

 Next, a series of zero-order correlations were performed to examine the extent to which 

modularity, Q, was significantly correlated with (1) subject movement and (2) lower-level network 

features. Movement was estimated using both motion-DVAR correlations and mean framewise 

displacement (FD). “Lower-level network features” refers to average functional connectivity as 

well as the strength and number of positive and negative edges for each subject, as these estimates 

are involved in the calculation of Q but are not, in isolation, indicative of to the extent to which an 

individual brain exhibits modular organization. We also explored correlations between subject 

movement and the lower-level network characteristics. For all estimates, a weaker correlation 

indicates that network features of interest (e.g., modularity, functional connectivity) are more 

independent of potentially confounding variables.  

Results are indicated in Table S1. In line with prior work (Satterthwaite et al., 2012, 2013), 

we observed a significant negative correlation between Q and motion-DVAR correlations across 

all three pipelines, with the strongest association for 36P+despike (r = -0.41, p = 0.001). This is 

notable because the 36P+despike pipeline also resulted in the highest average motion-DVAR 

correlations, suggesting that the effects of motion were more deeply embedded in the fMRI signal 

than for the other pipelines. We also identified an association between Q and mean framewise 



displacement for AROMA+GSR and 36P+spkreg (r < -0.5, p < 0.001) but, intriguingly, not for 

36P+despike (r = -0.22, p = 0.068).  

There were also strong correlations between Q and lower-level network features across the 

three processing pipelines. Most strikingly, while the associations involving the number of positive 

and negative edges – as well as the connectivity strength of negative edges – were nominally 

similar across the three pipelines, there were clear differences involving the connectivity strength 

of positive edges. Positive edge FC was strongly, positively correlated with motion for the 36P 

models (both r > 0.67, p < 0.001) and weakly, negatively correlated for AROMA+GSR (r = -0.27, 

p = 0.026). Likely as a downstream result of this difference, Q was strongly, positively correlated 

with positive edge average FC for AROMA+GSR but not for the 36P models. Another plausible 

consequence can be observed in the associations between Q and global average FC; while there 

was no relationship for AROMA+GSR, there was a strong, negative correlation for the 36P models 

(both r < -0.67, p < 0.001). This is despite similar associations involving negative edges. Thus, the 

most substantial distinction between the processing pipelines appears to be centered around 

positive connection strength. 

Finally, we found that Q significantly differed across pipelines (F(212) = 60.45, p < 0.001), 

with 36P+despike resulting in the highest overall modularity (p < 0.001; Fig. S4). This finding, 

however, may be complicated by the extent to which motion was associated with subsequent FC 

measurements. Consistent with this interpretation, Q scores obtained with 36P+spkreg – which 

was characterized by the weakest motion-DVARs correlations – was the lowest among the three 

models (p < 0.01). Despite these cross-model differences, however, Q was strongly correlated for 

all three pipelines, suggesting that the processing decisions had only modest effects on relative 

differences in subject modularity (all rs > 0.40, ps < 0.001; Fig. S5). This indicates that our 



intention to select pipelines that were able to mitigate between subject differences was at least 

modestly successful. Note that these comparisons include all participants with valid data. 

Excluding participants based on criteria described in the main text did not meaningfully change 

the results (e.g., because participants with excessive movement were removed across all 

calculations of Q). 

 

2. Spatial ROI cohesion/allegiance and classroom learning 

 Having examined how flexibility of individual regions are altered by participation in GSS, 

we next asked how dynamic changes occur from a more coordinated perspective. To do this, we 

first computed a cohesion matrix – in which each cell indicated the number of times that two nodes 

switched from one community to another together – as well as an allegiance matrix – which 

reflected the number of time that any two nodes were assigned to the same community in the same 

window (Fig S7). Specifically, we were interested in the cohesion and allegiance within the spatial 

network as well as between the spatial network and all remaining networks and subcortical 

structures. As expected, allegiance and cohesion were strongly related. For example, spatial 

network cohesion and allegiance correlated at r = .75, p < .0001. 

 Briefly, we did not find any evidence of a Class X Time effect on coherence (F1,47 = .59, p 

= .45, η2 = .01) or allegiance (F1,47 = .04, p = .85, η2 =.001) within the spatial network. That is, 

GSS participation did not modulate the frequency with which spatial network nodes fell within the 

same functional community (i.e., allegiance) or changed communities in unison (cohesion).  

Similarly, participation in the GSS was not associated with any changes in cohesion between the 

spatial network and any of the atlas-defined networks (all ps < .33) or subcortical structures (p = 

.72), thus we did not observe an increase in dynamic coupling with the spatial network following 



GSS. We also failed to observe an effect of GSS on the allegiance between the spatial network and 

any other network (Ventral Attention B: p = .09, all others: p > .12). Lastly, when analyses were 

restricted to students enrolled in the GSS, improvement in syllogistic reasoning (i.e., GSS-based 

learning) following participation in the course was unrelated to Pre cohesion (all ps > .93) or 

allegiance (all ps > .86) within the spatial network. GSS-based learning was also unassociated with 

cohesion or allegiance between the spatial network and any other network (all ps > .27; Table S14). 

Complete results of these analyses can be found in Tables S12-S14.  

 

3. Modularity “Difference Score” 

Because modularity scores were higher at rest, we explored whether the extent to which an 

individual is able to maintain intrinsic modularity (i.e. resting-state modularity) while completing 

a complex reasoning task (syllogisms) was related to academic performance. To do this, we 

subtracted resting state modularity from syllogism modularity. This difference score at Pre was 

significantly correlated with both GPA (γ=1: r(55) = 0.46, p = 0.0003, BF10 = 90.29; Fig. 5, Tables 

S3, S17). Intriguingly, although syllogistic reasoning Post modularity was not associated with 

GPA, we did observe a weak association when using the difference score GPA (γ=1: r(53) = .23, 

p = 0.09; Table S3). Bayes factors, however, indicated inconclusive evidence at Post (all BF10 < 

1.00; Table S17).   

To more precisely estimate the association between modularity and GPA, we next ran a 

linear regression model to control for participation motion, network features, and demographic 

information. Given prior work indicating correlations between in-scanner movement and a range 

of academic and intelligence measures (Siegel et al., 2017), controlling for these variables was 



especially critical. Even with these additional covariate measures, Pre syllogistic reasoning 

modularity remained a significant predictor of GPA (β = 0.42, p = 0.04; Table S7). 

 

  



 

 

Figure S1. Processing pipelines offered by xcpEngine (from Ciric et al., 2018). 

  



 
Figure S2. Comparison of motion-DVAR correlations across processing pipelines. Correlation 
significantly higher for 36P+despiking relative to 36P+spkreg and AROMA+GSR (p < 0.01). 1 = 
36P+despike; 2 = 36P+spkreg; 3 = AROMA+GSR. Plot reflects median values for each pipeline. 

 



 
Figure S1. Correlations between and distributions of motion-DVAR correlations across processing 
pipelines. Correlations significant for 36P+Despike and 36P+Spkrg (p = .006) and 36P+Despike and 
AROMA+GSR (p < 0.001). 

  



 
Figure S4. Comparison of Q across processing pipelines. All differences significant at p < 0.001. 1 = 
36P+despike; 2 = 36P+spkreg; 3 = AROMA+GSR. Plot reflects median values for each pipeline. 

  



 
Figure S5. Relative differences and distributions of Q across processing pipelines. All correlations 
significant at p < 0.001. 

  



 

 
Figure S6. Manipulating ω has no effect on dynamic functional connectivity relative values. Adjusting 
ω decreases flexibility increases global flexibility (Pre: Mincrease = .006, p < .0001; Post: Mincrease = .006, p < 
.0001), but does not change relative values of flexibility. That is, flexibility scores across the two ω are 
strongly correlated (r > .99). It is therefore unlikely that alerting ω influences dynamic functional 
connectivity results described in the main text. Flexibility values obtained from syllogistic reasoning. 
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Figure S7. Average cohesion and allegiance matrices for full sample. Matrices sorted by cortical and 
subcortical atlas networks (Appendix S3). Functional network affiliations are evident for dynamic network 
metrics.  
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Table S1. Correlations between Q (Syllogistic Reasoning at Pre for γ = 1), subject motion, and 
lower-level network features for each processing pipeline. 

 AROMA+GSR  36P+Spkreg  36P+Despike 

 Q motion 
DVCorr 

Mean 
FD  Q motion 

DVCorr 
Mean 

FD  Q motion 
DVCorr 

Mean 
FD 

motionDVCorr -0.346 --   -0.305 --   -0.417 --  
 0.005 --   0.013 --   0.001 --  

Mean FD -0.509 0.654 --  -0.637 0.264 --  -0.226 0.835 -- 
 <0.001 <0.001 --  <0.001 0.032 --  0.068 <0.001 -- 

Average FC -0.068 0.410 0.438  -0.908 0.304 0.730  -0.675 0.637 0.597 
 0.590 0.001 <0.001  <0.001 0.013 <0.001  <0.001 <0.001 <0.001 

No. Pos. Edges -0.596 0.181 0.391  -0.960 0.331 0.663  -0.810 0.576 0.473 
 <0.001 0.145 0.001  <0.001 0.007 <0.001  <0.001 <0.001 <0.001 

FC Pos. Edges 0.782 -0.093 -0.274  -0.721 0.236 0.751  -0.039 0.609 0.674 
 <0.001 0.457 0.026  <0.001 0.057 <0.001  0.757 <0.001 <0.001 

No. Neg. 
Edges 0.596 -0.181 -0.391  0.960 -0.331 -0.663  0.810 -0.576 -0.473 

 <0.001 0.145 0.001  <0.001 0.007 <0.001  <0.001 <0.001 <0.001 
FC Neg. Edges -0.754 0.258 0.401  -0.877 0.302 0.420  -0.715 0.013 -0.099 

 <0.001 0.037 0.001  <0.001 0.014 <0.001  <0.001 0.915 0.427 
 

  



Table S2. Paired t-tests for modularity at all 4 resolution parameters. 

Modularity Pre Post t p 
γ = .5     
Rest (df=62) .57 (.005) .58 (.007) -1.25 0.22 
SYL (df=48) .49 (.006) .48 (.006) 0.56 0.58 

     
γ = 1.0     
Rest (df=62) .47 (.004) .47 (.006) -0.76 0.45 
SYL (df=48) .40 (.006) .40 (.006) 0.38 0.71 

     
γ = 1.5     
Rest (df=62) .39 (.004) .39 (.005) -0.11 0.92 
SYL (df=48) .33 (.006) .33 (.005) 0.25 0.8 

     
γ = 2.0     
Rest (df=62) .33 (.004) .33 (.005) 0.17 0.86 
SYL (df=48) .27 (.006) .28 (.004) -0.43 0.67 

Note: Means indicated, SE in parenthesis.  
 
 
  



Table S3. Modularity correlations across all task, timepoints, and resolution parameters 

	  Pre Post Pre Post 

  Rest  
γ = 0.5 

Rest  
γ = 1.0 

Rest  
γ = 1.5 

Rest  
γ = 2.0 

Rest:  
γ = 0.5 

Rest  
γ = 1.0 

Rest  
γ = 1.5 

Rest  
γ = 2.0 

SYL 
γ = 0.5 

SYL  
γ = 1.0 

SYL  
γ = 1.5 

SYL  
γ = 2.0 

SYL 
γ = 0.5 

SYL  
γ = 1.0 

SYL  
γ = 1.5 

SYL  
γ = 2.0 

Pre 

Rest: γ = 
0.5 --                

Rest γ = 
1.0 0.90*** --               

Rest γ = 
1.5 0.80*** 0.95*** --              

Rest γ = 
2.0 0.77*** 0.90*** 0.97*** --             

Post 

Rest: γ = 
0.5 0.20 0.14 0.20 0.24 --            

Rest γ = 
1.0 0.20 0.17 0.21‡ 0.26* 0.95*** --           

Rest γ = 
1.5 0.20 0.19 0.22‡ 0.28* 0.88*** 0.96*** --          

Rest γ = 
2.0 0.24‡ 0.23‡ 0.26* 0.31* 0.85*** 0.91*** 0.96*** --         

Pre 

SYL: γ = 
0.5 0.12 0.12 0.12 0.07 0.11 0.07 0.12 0.09 --        

SYL: γ = 
1.0 0.05 0.08 0.09 0.06 0.12 0.09 0.16 0.11 0.97*** --       

SYL: γ = 
1.5 0.05 0.08 0.10 0.08 0.19 0.17 0.23‡ 0.17 0.90*** 0.96*** --      

SYL: γ = 
2.0 0.04 0.08 0.11 0.10 0.17 0.16 0.23‡ 0.17 0.84*** 0.91*** 0.96*** --     

Post 

SYL: γ = 
0.5 0.13 0.11 0.12 0.15 0.25‡ 0.26‡ 0.30* 0.30* -0.02 -0.01 0.02 0.03 --    

SYL: γ = 
1.0 0.14 0.12 0.14 0.16 0.21 0.20 0.24‡ 0.24‡ 0.07 0.07 0.09 0.09 0.96*** --   

SYL: γ = 
1.5 0.16 0.14 0.16 0.17 0.19 0.20 0.25‡ 0.25‡ 0.07 0.09 0.11 0.13 0.91*** 0.97*** --  

SYL: γ = 
2.0 0.23‡ 0.19 0.19 0.21 0.16 0.18 0.24‡ 0.26‡ 0.06 0.06 0.08 0.12 0.87*** 0.92*** 0.96*** -- 

Note: Correlations across different resolution parameters (γ) within task and timepoint indicated with red fill; correlations from pre to 
post indicated with blue fill; correlations across rest and task indicated in tan fill. ‡ p < .10; * p < .05, *** p < .0001, uncorrected. 



Table S4. Modularity correlations with GPA for rest, syllogistic reasoning (SYL), and difference 
(SYL-rest) at Pre and Post 

	  GPA   GPA   GPA 

Pre 

Rest:  
γ = 0.5 0.04  SYL:  

γ = 0.5 0.45**  Dif:  
γ = 0.5 0.38* 

Rest  
γ = 1.0 0.00  SYL:  

γ = 1.0 0.52**  Dif:  
γ = 1.0 0.46** 

Rest  
γ = 1.5 0.03  SYL:  

γ = 1.5 0.47**  Dif  
γ = 1.5 0.41* 

Rest  
γ = 2.0 -0.05  SYL:  

γ = 2.0 0.44**  Dif  
γ = 2.0 0.43** 

Post 

Rest:  
γ = .05 -0.06  SYL:  

γ = 0.5 0.11  Dif:  
γ = 0.5 0.1 

Rest  
γ = 1.0 -0.16  SYL:  

γ = 1.0 0.15  Dif:  
γ = 1.0 0.23‡ 

Rest  
γ = 1.5 -0.15  SYL:  

γ = 1.5 0.16  Dif:  
γ = 1.5 0.26‡ 

Rest  
γ = 2.0 -0.15  SYL:  

γ = 2.0 0.10  Dif:  
γ = 2.0 0.23 

Note: ‡ p < 0.10; * p < 0.05; ** p < 0.001, uncorrected 
 
  



Table S5. Correlations between modularity during syllogistic reasoning and task performance  

	 Syllogistic Reasoning 
Modularity Pre Post 
 γ = 0.5 .14 (.28) .31 (.02) 
 γ = 1.0 .17 (.18) .29 (.03) 
 γ = 1.5 .13 (.30) .27 (.05) 
 γ = 2.0 .15 (.24) .28 (.03) 

Note: Syllogistic reasoning performance estimated using rate correct score (RCS). r values 
indicated, p values in parenthesis.  
 
  



Table S6. Linear regression models to predict syllogistic reasoning RCS (at Post) 

Syllogistic Reasoning RCS B Std. Err. t P β 
Model 1      
Syllogistic Reasoning 
Modularity 1.78 0.50 3.54 0.00 0.51 

Mother total education 0.01 0.01 0.54 0.59 0.07 
Gender 0.02 0.03 0.53 0.60 0.07 
Race/Ethnicity -0.18 0.04 -4.09 0.00 -0.57 
Mean Framewise Displacement 0.15 0.18 0.82 0.42 0.12 

      

Model 2       
Syllogistic Reasoning 
Modularity 1.20 0.60 1.99 0.05 0.34 

Mother total education 0.01 0.01 0.61 0.54 0.08 
Gender 0.01 0.03 0.38 0.71 0.05 
Race/Ethnicity -0.17 0.04 -4.24 0.00 -0.54 
Strength Negative FC -2.39 2.79 -0.86 0.40 -0.15 

      
Model 3      
Syllogistic Reasoning 
Modularity 1.42 0.68 2.09 0.04 0.41 

Mother total education 0.01 0.01 0.43 0.67 0.06 
Gender 0.01 0.03 0.43 0.67 0.06 
Race/Ethnicity -0.18 0.04 -4.14 0.00 -0.58 
Mean Framewise Displacement 0.13 0.18 0.73 0.47 0.10 
Strength Negative FC -2.17 2.82 -0.77 0.45 -0.13 

 
  



Table S7. Linear regression models to predict GPA using Pre modularity. 

GPA B Std. Err. t P β 
Model 1      
Syllogistic Reasoning 
Modularity 2.75 0.96 2.87 0.01 0.41 

Mother total education 0.05 0.04 1.18 0.24 0.15 
Gender -0.03 0.08 -0.43 0.67 -0.05 
Race/Ethnicity 0.05 0.08 0.58 0.57 0.07 
Mean Framewise Displacement -0.60 0.48 -1.25 0.22 -0.18 

      

Model 2       
Syllogistic Reasoning 
Modularity 3.48 1.24 2.81 0.01 0.52 

Mother total education 0.04 0.04 0.96 0.34 0.12 
Gender -0.02 0.08 -0.20 0.84 -0.03 
Race/Ethnicity 0.05 0.09 0.63 0.53 0.08 
Strength Negative FC 0.53 7.45 0.07 0.94 0.01 

      
Model 3      
Syllogistic Reasoning 
Modularity 2.81 1.35 2.08 0.04 0.42 

Mother total education 0.05 0.04 1.17 0.25 0.15 
Gender -0.03 0.08 -0.42 0.68 -0.05 
Race/Ethnicity 0.05 0.09 0.57 0.57 0.07 
Mean Framewise Displacement -0.60 0.48 -1.24 0.22 -0.18 
Strength Negative FC 0.46 7.41 0.06 0.95 0.01 

 
  



Table S8. Correlations between modularity and GSS-based learning. 

	 SYL SHOM 

Rest N=33 N=33 
γ = 0.5 -0.07 0.04 
 0.69 0.82 
γ = 1.0 0.01 0.06 
 0.96 0.75 
γ = 1.5 0.12 0.07 
 0.52 0.70 
γ = 2.0 0.17 0.03 
 0.33 0.87 
SYL N=31 N=31 
γ = 0.5 -0.07 -0.08 
 0.72 0.66 
γ = 1.0 0.01 0.01 
 0.95 0.95 
γ = 1.5 0.01 0.00 
 0.94 1.00 
γ = 2.0 0.05 -0.01 
 0.80 0.97 
Difference N=30 N=30 
γ = 0.5 0.19 0.00 
 0.31 1.00 
γ = 1.0 0.16 0.03 
 0.39 0.89 
γ = 1.5 0.09 0.00 
 0.63 0.98 
γ = 2.0 0.09 0.01 
 0.63 0.97 

Note: Due to quality control following fMRI processing, sample sizes are not equivalent for 
resting-state and syllogistic reasoning. 
  



Table S9. Correlations with resting-state modularity and academic performance 

Pre    GPA  

γ = 0.5  
Pearson's r  0.056  
BF₀₁  5.961  

γ = 1.0  
Pearson's r  0.005  
BF₀₁  6.599  

γ = 1.5  
Pearson's r  0.011  
BF₀₁  6.577  

γ = 2.0  
Pearson's r  -0.041  
BF₀₁  6.254  

Post      
γ = 0.5  Pearson's r  0.048  
  BF₀₁  6.125  
γ = 1.0  Pearson's r  -0.050  
  BF₀₁  6.091  
γ = 1.5  Pearson's r  -0.043  
  BF₀₁  6.225  
γ = 2.0  Pearson's r  -0.050  
  BF₀₁  6.094  

 
  



Table S10. Correlations between syllogistic reasoning modularity and academic performance. 

       
Pre (note BF10)     GPA  

Q_05_SYL_HOS_T1   
Pearson's r    0.446   
BF₁₀    65.703   

Q_1_SYL_HOS_T1   
Pearson's r    0.517   
BF₁₀    753.268   

Q_15_SYL_HOS_T1   
Pearson's r    0.467   
BF₁₀    127.108   

Q_2_SYL_HOS_T1   
Pearson's r    0.438   
BF₁₀    52.084   

Post (note BF01)       
Q_05_SYL_HOS_T2   Pearson's r    0.107   
  BF₀₁    4.445   
Q_1_SYL_HOS_T2   Pearson's r    0.148   
  BF₀₁    3.377   
Q_15_SYL_HOS_T2   Pearson's r    0.163   
  BF₀₁    2.968   
Q_2_SYL_HOS_T2   Pearson's r    0.096   
  BF₀₁    4.701   

Note: BF10 used as Bayes Factor at Pre to more clearly indicate evidence for alternative hypothesis. 
BF01 used as Bayes Factor at Post to more clearly indicate evidence for the null hypothesis. The 
two Bayes Factors are the inverse of each other. 
 
  



Table S11. Correlations for SYL-Rest modularity and academic performance 

       
Pre     GPA   

Q_05_S_min_R_T1   
Pearson's r    0.380    
BF₁₀    9.815    

Q_1_S_min_R_T1   
Pearson's r    0.463    
BF₁₀    90.288    

Q_15_S_min_R_T1   
Pearson's r    0.406    
BF₁₀    18.461    

Q_2_S_min_R_T1   
Pearson's r    0.429    
BF₁₀    33.698    

Post        
Q_05_S_min_R_T2   Pearson's r    0.101    
  BF₁₀    0.220    
Q_1_S_min_R_T2   Pearson's r    0.231    
  BF₁₀    0.668    
Q_15_S_min_R_T2   Pearson's r    0.259    
  BF₁₀    0.965    
Q_2_S_min_R_T2   Pearson's r    0.234    
  BF₁₀    0.693    

 
  



Table S12. Pre modularity unassociated with GSS-based learning. 
 

      SHOM_change  SYL_RCS_Change  
Modularity: SYL - Rest        

Q_05_S_min_R_T1   
Pearson's r    0.001  0.193 
BF₀₁    4.407  2.678 

Q_1_S_min_R_T1   
Pearson's r    0.027  0.164 
BF₀₁    4.364  3.084 

Q_15_S_min_R_T1   
Pearson's r    -0.004  0.090 
BF₀₁    4.406  3.957 

Q_2_S_min_R_T1   
Pearson's r    0.008  0.091 
BF₀₁    4.403  3.947 

Modularity: Rest        
Q_05_REST_HOS_T1   Pearson's r    -0.056  -0.257 
  BF₀₁    4.226  1.790 
Q_1_REST_HOS_T1   Pearson's r    -0.010  -0.200 
  BF₀₁    4.401  2.580 
Q_15_REST_HOS_T1   Pearson's r    0.027  -0.083 
  BF₀₁    4.366  4.027 
Q_2_REST_HOS_T1   Pearson's r    -0.005  -0.045 
  BF₀₁    4.405  4.291 
Modularity: SYL        
Q_05_SYL_HOS_T1   Pearson's r    -0.083  -0.066 
  BF₀₁    4.078  4.219 
Q_1_SYL_HOS_T1   Pearson's r    0.011  0.012 
  BF₀₁    4.471  4.470 
Q_15_SYL_HOS_T1   Pearson's r    -0.001  0.014 
  BF₀₁    4.478  4.466 
Q_2_SYL_HOS_T1   Pearson's r    -0.006  0.047 
  BF₀₁    4.476  4.347 
 
 


