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eMethods. Materials and Methods 

1.1 Experimental design and statistical analyses 

This work follows a prospective design in a multicenter brain imaging study. 

The increase of drunkenness and personality was modeled using latent growth modelling (LGM). The latent growth 

and the latent intercept factors represent respectively the individuals’ growth of drunkenness (i.e. the increase of 

drunkenness between 14 to 19 years) and their drunkenness at BL, given their scores at each time points. 

Associations between quantitative variables were tested with one level, intercept only, hierarchical linear models 

(HLM) for the “site” and the “gender” variables, to account for the unbalanced drunkenness increase across site and 

gender. The parameters for fixed factors are estimated with the restricted maximum likelihood criterion (REML)1. P-

values for fixed effects were obtained using “LmerTest”, which uses the Sattertwhaite’s approximation to estimate 

the degree of freedom of each parameter. Degrees of freedom depends on the dependent variable via the Hessian 

matrix of the log-likelihood function, which means that the degrees of freedom vary between parameters within the 

model and between models with constant number of observations and independent factors2. We applied Bonferroni 

correction to control for multiple comparisons. We used Causal Bayesian Network (CBN), analyses to infer 

directionality between quantitative variables, which was confirmed by longitudinal analyses. 

The IMAGEN design aims at collecting data at fixed ages (Schumann et al. 2010) and we could not find any 

association between drunkenness and age at any time points (14 (t=-0.1, p=0.9); 16 (t=1, p=0.3) and 19 (t=1.7, 

p=0.09), uncorrected), suggesting limited confounding effect of age on the association between grey matter 

development and drunkenness increase. 

There were no missing values for drunkenness, tobacco and cannabis measures. Mplus® models the growth and 

intercept factors of longitudinal measures using maximum likelihood estimation of missing values from all the data 

available4, under the missing completely at random (MCAR) assumption. Missing values from measures that were 

not longitudinally estimated using MPlus® were imputed using the multiple imputation (5 iterations, using SPSS®) 

with the linear regression approach using gender, site, drunkenness and drug uses as predictor variables, while 

puberty status, negative life events, socio-economic status and family history were both predicted and predictors. 
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This approach is preferred when hypotheses are tested using the imputed missing values5. Principal Component 

Analyses (PCA) were used to reduce dimensions among grey matter volume clusters and to reduce collinearity 

between tobacco and cannabis consumption (“FactoMiner”6 and “psych” (http://personality-project.org/r/psych/) 

packages in R (https://www.r-project.org/).  

 

1.2 Modelling the increase of drunkenness and grey matter development 
trajectories 
1.2.1 Latent growth modelling (3 time-points: personality and behavior) 

Latent growth modelling (LGM) takes both the advantage of structural equation modelling (i.e. identifying latent 

factors) and hierarchical linear modelling (i.e. allowing random coefficients for intercept and slope for each subject 

developmental trajectories), while estimating the growth and intercept. When specifying the model, the intercept 

was assigned to age 14 years (i.e. year 0 in the model) such as the estimated intercept corresponds to the estimated 

drunkenness at age 14 years, given the growth of drunkenness between 14, 16 (year 2) to 19 years (year 5). We also 

modelled the covariance within each site treating “site” as a second level, allowing for random slope and intercepts 

both across individuals level (level 1) and sites (level 2)7, using the “CLUSTER” and the “COMPLEX” command in 

MPlus®. Latent GM enables to test for significant association of time varying and time invariant variables on 

individual trajectories. Latent GM were estimated using the maximum likelihood regression (MLR) given all 

variables entered in the model are quantitative. We considered the following indices as “good” model fit: the 

comparative fit index (CFI) > 0.9; the Tucker-Lewis index (TFI) > 0.9 and the root-mean-square error of 

approximation (RMSEA) < 0.8. We found “good” model fit indices for all personality/cognitive developmental 

trajectories (CFI/TLI > 0.9 and RMSEA < 0.08) except for delay discounting measures (CFI=0.84; TLI=0.5 and 

RMSEA=0.1). Therefore, difference between delay discounting measures (FU2-BL) was used instead of the 

estimated growth using LGM. 

Once estimated, the growth and intercepts of drunkenness for each individual are saved and were then considered as 

variables for further analyses. The growth of drunkenness is labelled as the increase of drunkenness between 14 to 

19 years. The intercept of drunkenness is labelled as the baseline factor of drunkenness.  

 

http://personality-project.org/r/psych/
https://www.r-project.org/
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Nested model comparisons: We wanted to test whether constraining the mean and growth to the same values in 

different samples (in male and female for example) would significantly increase the chi-square score (i.e. give poor 

model fit indices). We achieved this by comparing the nested models between the two samples (male versus female; 

English/Irish sites versus continental sites and the high openness growth group versus the low openness growth 

group). Nested models are built as followed: in a model, the means of the intercept and growth are assigned to the 

same score across the two samples. In the nested model, the intercept and growth means are allowed to evolve freely 

in one sample (the continental, male or high openness group for examples). The two models are then compared 

according to their chi-square scores. The difference between the chi-square scores is computed using the Sattora-

Bentler scales chi-square calculator (http://www.uoguelph.ca/~scolwell/difftest.html). This is because LGM uses 

MLR estimator which implies to scale the chi-square scores before comparing them and get the significance of the 

model comparison. P-values are obtained using the chi-square table. 

 

1.2.2 Grey matter development 

eFigure2 displays the flow chart. In total, 969 subjects (i.e. 969 x 2 = 1938 scans) were pre-processed as follows: 

First, the scans were processed with the pairwise longitudinal tool from SPM-12b 8. The scans were registered using 

a unique model combining correction of intensity inhomogeneity, rigid and diffeomorphic registration along with 

the creation of a within-subject template to which both the BL (14 years) and FU (19 years) scans are registered, in 

order to avoid asymmetric and intransitivity biases9. The SPM longitudinal tool accommodates inverse consistency 

registration with non-uniformity correction in estimating the template itself, rigid-body registration parameters from 

the template to the native scans (BL and FU) and the inhomogeneity fields in an unique and iterative process to 

optimize parameters10,11.The endpoint is the computation of the Jacobian Determinants (JD) maps which are the 

voxel-wise volumetric changes rates (per year) from BL to the FU scans, in the within-subject template space.  

Second, within-subject templates were segmented using the Voxel Based Morphometry (VBM) 8 toolbox 

(http://www.neuro.uni-jena.de/vbm/). This tool does not use adult tissue probability maps (TPM) to initiate the 

segmentation process. The VBM8 toolbox segmentation relies on an adaptive Maximum a Posterior technique and 

TPMs used in VBM8 are for registration purposes only. The parameters were estimated using local information and 

iterative conditional modes. The prior parameters were estimated using the segmentation after each cycle of 

http://www.uoguelph.ca/~scolwell/difftest.html
http://www.neuro.uni-jena.de/vbm/
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iteration. The segmentation process was data-driven and unsupervised and has been found to be effective to segment 

infant structural MRI12. The endpoint are grey matter maps that can be used to generate a between-subject template.  

Third, the grey matter maps from step 2 were used by the diffeomorphic anatomical registration through 

exponentiated lie (DARTEL) algebra 10 which used large deformations to register the 969 images and to generate the 

study-specific between-subject template. Among 14 popular non-linear registration algorithms, DARTEL has been 

shown to perform well with a reasonable running time, compatible with large sample size 13.  

Fourth, the native space grey matter maps from the within-subject template were then multiplied voxel-by-voxel 

with the corresponding JD maps to obtain the grey matter volumetric changes rate (i.e. grey JD maps).  

Fifth, the resulting velocity fields generated by the DARTEL procedure were applied to the grey JD maps to 

normalize it to Montreal Neurology Institute (MNI) space. As grey JD maps encoded for rates of volumetric 

changes, they were not modulated during the normalization step. We expected distributed cortical association with 

drunkenness increase so a 8 mm at Full Width Height Maximum (FWHM) Gaussian filter was used to smooth the 

normalized grey matter development maps (1.5x1.5x1.5 mm resolution). 

Finally, we used the “check data quality” tool from VBM8 on the grey matter JD maps in the standard MNI space, 

per site. This tool determined the correlation of all voxels (as a vector) of one volume to all voxels of another 

volume and calculates the mean of the correlation of one image to the remaining ones. Once this has been done for 

all the subjects, the distributions of the mean correlations in a sample is plotted to identify images with possible low 

quality control. Grey matter JD maps distributed outside of 2 standard deviations were visually inspected. All of 

them (n=62) were abnormal (i.e. expansion on the left side and atrophy on the right side for example) and excluded 

from further analyses. Total intra cranial (TIV) volumes for each subject were estimated at both BL and FU2 using 

the VBM8 segmentation. TIV difference between the two time points (FU2-BL, TIV Diff) was considered as a 

covariate in all analyses when grey matter development is considered as the dependent variable. 

 

1.3 Analyses workflow (eFigure1) 
 

1.3.1 Grey matter accelerated atrophy is associated with the increase of drunkenness. 

We ran linear regressions in the mass univariate framework: with the increase of drunkenness between 14 to 19 

years was the variable of interest. Confounding factors were site acquisition, gender, the latent intercept factor (or 
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estimated BL drinking), PCA1 cannabis_tobacco, PCA2 cannabis_tobacco 14, Negative LEQ 15, TIV Diff (FU2-BL) 

and PDSgender-centered. Cluster  surviving a p<0.05 FWE correction (p<0.001 uncorrected at the peak level) 16 and 

surviving the Non-stationary Cluster Extent Correction tool from VBM8 17 were deemed significant. 

We used the study-specific template thresholded at 15, meaning that only template voxels which have more than 

15% a posteriori probability to be assigned to grey matter 18as an explicit binarized mask.  

 

Given that IMAGEN is a multisite project and that we found unbalanced increase of drunkenness across site and 

gender, we performed HLM (one level, random intercept only, for « site » and « gender » variables) at the voxel 

level, while keeping the other variables as fixed factors, using the “lme4” package on R 3.2.0 (https://cran.r-

project.org/web/packages/lme4/). For computing resources purposes, we first resampled the data to a 2x2x2 mm 

resolution with the same 8 mm FWMH smoothing gaussian filter, resulting in 188864 voxels three dimensional 

images. We then assembled a 2 dimensions matrix of 726 subjects by (188864 voxels + 8 behavioural variables) 

using an in-house Matlab® code. HLM  t statistics were computed at each voxel with a loop and the following code: 

 

lmer (Voxel value = growth_drinking+ intercept_drinking + Negative LEQ + PCA1 cannabis_tobacco + PCA2 

cannabis_tobacco + TIVdiff + (1| site) + (1| gender) + PDS gender centered) with site and gender considered as first 

level factors with “random intercepts”. 

 

The resulting t-values at each voxel were transformed back into 3D volumes and we used RFT for statistical 

inference under non-stationarity. To compare the two methods, we performed “regular” linear regressions with 

“site” and “gender” as fixed factors on the resampled 2x2x2 mm data. The results of the two methods are detailed in 

eFigure4. 

 

1.3.2 Directionality analyses 

• Causal Bayesian Networks 

o General description and experimental plan 

file:///C:/Users/Admin/AppData/Local/Temp/(https:/cran.r-project.org/web/packages/lme4/)
file:///C:/Users/Admin/AppData/Local/Temp/(https:/cran.r-project.org/web/packages/lme4/)
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CBN are appropriate tools to address the question of directionality, uncertainty and complexity in a set of random 

inter-related variables. A general question would be to determine the probability of the evidence given the cause (i.e. 

the probability of having a disease given the symptoms) while in practice, we often have at hand the reversed 

conditioned probability (i.e. the probability of having the symptoms given the disease). Causal Bayesian Networks 

model the posterior conditional probability of an outcome or consequence (i.e. the child node) after observing the 

distribution of the probability of new prior evidences (i.e. parent node), in an iterative process following the Bayes’ 

theorem. Importantly, CBN are suited to model the directionality between concomitant random variables (i.e. 

acquired at the same time) and provide static causal probabilistic dependencies (cycles are not permitted in the 

network and therefore are called directed acyclic graph (DAG)). By doing so, each posterior conditional probability 

for each variable (i.e. consequence) is modelled given each value of the preceding variable considered as a “causal”. 

As each variable was modelled by a Gaussian random variable with zero mean and unit variance, the causal 

influence was given by a linear model of the parent (cause) variables predicting the mean of the child variable 

(effect). No link between two nodes means the relationship, if any, between them is indirect, i.e. can be conditioned 

out by the observations of their parent nodes. Instead of assuming causal influence has a linear form as in traditional 

data analyses, the CBN provides a probabilistic framework to address nonlinearity in the causal influence.Therefore, 

CBN are suited for the estimation of directionality between the grey matter development and the increase of 

drunkenness both acquired between 14 to 19 years.  

 

CBN can be used in a data-driven approach and estimated given a set of variables. each DAG is associated with a 

probabilistic model, of which the goodness-of-fit to the observed data (here we used the Bayesian Gaussian 

equivalent (BGe) score) can be calculated. The greedy procedure hill climbing adds, deletes and reverses an arc in 

the current DAG at a time until the corresponding goodness-of-fit can no longer improve. it cannot explain the 

direction of every edge in this graph. In other words, some edge can have its arrow in either direction without 

changing the overall likelihood of the model. This is the concept of equivalence classes, because more than one 

graph can imply exactly the same set of conditional independencies among variables. For example, X—>Y and X 

<—Y imply the same relationship that X and Y are dependent. It can be proved that two Bayesian network 

structures are equivalent if and only if they have the same underlying undirected graph and the same v-structure 

(Scutari 2009). For example, the undirected graph X-Y-Z can have two equivalence classes, one representing X and 
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Z are dependent given Y, and the other representing X and Z are independent given Y. The former class is a v-

structure: X—>Y<—Z, while the latter class has three equivalent graphs: X—>Y—>Z, X<—Y<—Z, and X<—Y—

>Z. Therefore, in the resulting network, those arrows in a v-structure cannot be reversed without changing the 

dependency of the model. However, those arrows in a line-structure can take either direction as long as it forms one 

of these three equivalent graphs. In other words, networks which have a “V” structure do not have equivalence on 

the opposite to networks with line structure and their identification is more reliable. 

 

To ensure reliable estimation, three major assumptions must be met: first, the sample size should be able for the 

estimation of all the possible conditional dependencies. Second, all variables should be normally distributed that we 

achieved by using the residuals of the HLM regressions. Thirdly and perhaps the most importantly: all efforts have 

been made to avoid any unmeasured factors that might inadequately suggest conditional dependencies between 2 

variables (i.e. indirect mediation path). This is the reason why we a-priori determined the following factors that must 

be accounted for in the CBN: family history, SES, genetic component for alcohol consumption, negative life events, 

puberty score at 14 years. While it is difficult to measure every possible feature, the IMAGEN project is in unique 

position to provide multi-dimensional component of the increase of drunkenness during adolescence and allows for 

a reliable use of CBN. All CBN analyses were performed using the bnlearn package in R (http://CRAN.R-

project.org/package=bnlearn)19.  

 

Three different CBN were performed:  

1) 5 variables: the increase of drunkenness, the drunkenness at baseline, the change in the grey matter volume 

between 14 to 19 years, and the baseline grey matter volume; 

2)  Another set of 5 variables: the increase of drunkenness, the drunkenness at baseline, the increase of impulsivity 

between 14 to 19 years, and the impulsivity baseline factor;  

3) 7 variables: the increase of drunkenness, the drunkenness at baseline, the increase of impulsivity between 14 to 

19 years, the impulsivity baseline factor, the change in the grey matter volume between 14 to 19 years, and the 

baseline grey matter volume.  

 

o Robustness of the CBN 

http://cran.r-project.org/package=bnlearn
http://cran.r-project.org/package=bnlearn
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To assess the degree of confidence in each arc of a Bayesian network, we have adopted a well-established bootstrap 

(n=10 000)20 combined to the model average approach21: it estimates the relative frequency (i.e. the strength) of each 

arc as a proportion of network with the arc. Following the procedure detailed in Scutari et al.19, we adopted a cut-off 

of 90% to consider an arc of significant strength. Then, we determined the direction of each arc by the most frequent 

direction that appears from the bootstrap procedure, again following the procedure detailed in Scutari et al.19 

(boot.strength (http://www.bnlearn.com/)). We used the following code: 

 

boot = boot.strength(data = data.regressed, R = 10000, algorithm = "hc",  

                     algorithm.args = list(score ="bge", iss = 10, blacklist = blacklist)) 

 

“hc”: Hill Climbing to determine the architecture of the graph according to the Bayesian Gaussian score (bge) and 

the imaginary sample size (iss) (iss=10 is the default for using the bge score).  

“blacklist”: direction of arcs which are a-priori defined as non-possible. For example, we do not expect any direction 

from the increase of drunkenness to the PRS score as genetic are unlikely to be influenced by behaviour.  

 

o Confounding factors 

To control for confounding factors (i.e. site, gender, PDS gender centered, TIV Diff, TIV 14 years, negative LEQ, SES and 

FH) on the grey matter features, we regressed the variance associated with these factors using HLM as follows: 

 

model1<-lmer(grey matter.pca.bl~ (1|sex) + (1|site) + tiv.diff + tiv.bl + grppuberty + LEQ + ses + FH, data=data)  

 

The resulting residuals, scaled to have a mean of zero and normal distribution, were saved and considered as node in 

the CBN analyses. We did not regress out TIV Diff and TIV BL were not regressed out of personality (i.e., 

impulsivity at 14 years, increase in impulsivity between 14 to 19 years) and drunkenness features (i.e., drunkenness 

at 14 years and increase in drunkenness between 14 to 19 years). PCA1_cannabis_tobacco and 

PCA2_cannabis_tobacco were not controlled for as it is associated with impulsivity at 14 years (r=0.28, p=1 x 10-

14) and increase of impulsivity (r=0.16, p=3 x 10-5). 

 

http://www.bnlearn.com/
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• Time precedence of the grey matter development over the increase of drunkenness (n=80, subsample of the 

initial 726 individuals). 

We also intended to rely on temporal information to infer directionality between grey matter changes and the 

drunkenness behaviour and to bring additional evidence to the CBN. More specifically, time precedence supposes 

that if grey matter development occurs linearly between 14 and 19 years 22 and before the onset of drunkenness then, 

it is likely that the direction is from grey matter development to the increase of drunkenness. 

First, we considered a subsample composed of individuals with very low experiences with alcohol, tobacco and 

cannabis until the age of 16  (maximum 2 occasions of drinking alcohol23 (ESPAD item “On how many occasions in 

your whole lifetime have you had any alcoholic beverage to drink?” and 0 occasions of tobacco and cannabis 

consumption (n=117)). Second, we selected from the sample of 117 subjects, the very late bingers (0 drunkenness 

occasions at 14 and 16 years and a minimum of 1 episode of drunkenness in the last “month” and no more than +1 

on the rating of frequency of drunkenness during the last year. For example, individuals who rated “2” on frequency 

of drunkenness in the last month could not rate above “3” frequency of drunkenness on the last year) (n=20) and the 

sober controls (0 episode of drunkenness episode) (n=60). The remaining 37 participants were individuals with very 

low experiences with alcohol, tobacco and cannabis until age 16 years and only rare (1 to 2) episodes of 

drunkenness by the age 19 years or having more than 1 difference between the frequency of drunkenness within the 

last year and within the last month.  

We tested for accelerated grey matter atrophy among the very-late bingers compared to the sober controls using the 

following code: 

 

PCA_grey matter_development ~ (1|site) + (1|gender) + TIV-diff + PDS gender  centered + sober_control + Negative 

LEQ + SES + FH. 

 

• Grey matter development is associated with future amount of alcohol drinking at 23 years-old. 

We tested whether grey matter development between 14 to 19 years-old would be associated with the amount of 

alcohol drinking units (ADU) acquired at 23 years-old in our sample (n=514). In order to control for previous 

exposure to alcohol intoxication, while not violating the multicollinearity assumptions of linear regressions (as we 
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know that grey matter development (1st PC of the 3 clusters) is correlated with frequency of drunkenness), we used 

drunkenness measure  (defined by having 5 drinks in a row) as a confounding factor. We used the following code: 

 

 PCA_grey matter_development ~ (1|site) + (1|gender) + TIV-diff + PDS gender  centered + ADU (23 years) + Negative LEQ 

+ PCA1_cannabis_tobacco + PCA2_cannabis_tobacco + SES+ FH + increase in drunkenness(5 drinks). 

 

• Longitudinal analysis (n=604) 

We intended to rely on temporal information to infer directionality between grey matter features among the 3 

clusters at 14 years and future increase in drunkenness between 14 to 19 years. We tested if the grey matter volume 

among the 3 clusters [1st PC], was associated with the subsequent measure of the increase in drunkenness between 

14 to 19 years in a sample of non-bingers at 14 years (n=604), using the following code: 

 

PC_grey matter_volume14 years ~ (1|site) + (1|gender) + TIV14years + increase of drunkenness 14 to 19 years + PDS gender 

centered + Negative LEQ + SES + FH. 

 

To test for reversal directionality, we also tested if drunkenness at 14 years would predict grey matter development 

in the 3 clusters in the total sample group (n=726) and in the subgroup of binge drinkers at 14 years (n=122), using 

the following code:  

 

PCA_grey matter_development ~ (1|site) + (1|gender) + TIV-diff + PDS gender  centered + drunkenness 14 years + Negative 

LEQ+ SES + FH 

 

Exposure-response curves of the effect sizes of drunkenness/grey matter atrophy association (n=726).  

We sought for the absence of a dose-response relationship between the increase of drunkenness and grey matter 

development. To this, we explored the effect sizes of the association between these two variables stratified by site 

and by gender. The results are displayed in eTable 2, eTable3 and in eFigure4 and eFigure5. We performed 

exposure-response curves when stratifying the gender by site groups (8 x 2=16) according to 1/ faster grey matter 

atrophy and 2/ increasing frequency of drunkenness (eFigure 5 and 6).  
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1.3.3 The increase of drunkenness between 14 to 19 years is associated with increase of 

openness, increase of impulsivity and impulsivity at 14 years (n=726 subjects). 

 

We aimed to identify a personality, cognitive and behavioural phenotypes relevant for drunkenness to explore 

possible factors that could confound the association of grey matter development and increase of drunkenness 

(eTable1). We ran 25 HLM and searched for association between the increase of drunkenness drinking and changes 

in personality, cognitive and behavioural phenotypes (using LGM for data with 3 time points (SURPS and NEO-PI) 

or differences for data with 2 time points (CANTAB and behaviour). We a-priori assumed that controlling for drug 

(tobacco and cannabis) consumption and negative life events would remove the potential association between the 

increase of drunkenness and the phenotype (personality, cognitive or behavioural) and were therefore not controlled 

for. The following code was used: 

 

Increase of drunkenness ~ (1|site) + (1|gender) + [phenotype] + intercept of drunkenness + PDS gender centered + SES + 

FH 

Where the term ‘phenotype’ was either the change of personality, cognition and behaviour.  

 

We also tested if openness and impulsivity traits at 14 years would predict the increase of drunkenness (post-hoc 

analyses, 2 models), using the following code: 

Increase of drinking ~ (1|site) + (1|gender) + [intercept of impulsivity (or openness)] + intercept of drinking + SES + 

FH + PDS gender centered 

 

1.3.4 Grey matter accelerated atrophy associated with drunkenness are not associated 

with personality 

We intended to test whether structural grey matter development-related to drunkenness increase between 14 to 19 

years (1st PC) were associated with increase of openness and impulsivity (2 models), using the following code:  
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PCA_grey matter_development~ (1|site) + (1|gender) + change of impulsivity (or openness) + TIV-diff + PDS gender  

centered + SES + FH  

 

1.3.5 Grey matter structural development (n=907 subjects, independent from 

drunkenness). 

We adopted a voxel-wise and a region of interest (ROI) approaches (using the automated anatomic atlas (AAL)24) to 

test for significant grey matter change over time (one sample t-test). Family-wise error correction at the peak-level 

was applied for the voxel-wise approach and a Bonferroni correction for the ROI approach. Analyses were 

performed both on the whole sample and gender separated (eTable4-6).  

 

1.4 IMAGEN project 
IMAGEN is an European multisite, prospective project which aims to integrate different levels (genetics, grey 

matter function and structure, cognition, behaviour and personality to identify biomarkers for developmental 

psychiatric disorders, including addiction3. Drugs consumption and personality were assessed at age 14 years 

(Baseline (BL)), 16 years (Follow-up 1 (FU1)) and 19 years (Follow-up 2 (FU2). Grey matter imaging and cognition 

were acquired at BL and FU2. A total of 726 subjects were selected with “good” quality control data (IMAGEN 

standard operating procedure). Participants’ flow chart is provided in eFigure1.  

 

Exclusion criteria are: Pregnancy and birth (severe alcohol use during pregnancy (>210 ml alcohol/week [eg. 14 

bottles of beer, 9 glasses of wine, 7 glasses of hard liquor]), Diabetes of the mother during pregnancy, Premature 

birth (< 35 weeks) and/or detached placenta, Hyperbilirubinemia requiring transfusion); Child’s medical history 

(Type 1 diabetes, Systemic rheumatologic disorders, Malignant tumours requiring chemotherapy, Congenital heart 

defects or heart surgery, Aneurism); Neurological conditions (epilepsy, bacterial infection of CNS, brain tumour, 

head trauma with loss of consciousness > 30 minutes, muscular dystrophy); Developmental conditions (nutritional 

and metabolic diseases, major developmental disorders, hearing deficit, vision problems); Mental Health abilities 

(treatment for schizophrenia, bipolar disorder), IQ< 70; MR contraindications (metallic implants, electronic 

implants, severe claustrophobia). 
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1.5 Variables acquisition 
1.5.1 Drugs (including drunkenness): European School Survey on Alcohol and other 

Drugs (ESPAD). 

Drunkenness was measured with the item « How many times did you get drunk in the last 12 months? » at each time 

point. The pharmacologic effect of alcohol differs between age 14 and age 19 years and the frequency of “episodes 

of drunkenness” has the advantage to account for inter-individual differences of alcohol effects on the body (and the 

grey matter). Therefore, “drunkenness” is thought to be a more consistent measure across time to characterize the 

possible toxic effect of alcohol intoxication on grey matter and therefore is more conservative for our hypothesis. 

We did not include BMI in the analyses as we chose the frequency of drunkenness as a surrogate for alcohol 

intoxication. To reinforce our statement, we tested for an association between BMI and the frequency of 

drunkenness at 14 years (β=0.01, 95IC=-0.005-0.03, t(1,668)=1.5, p=0.1); BMI and the frequency of drunkenness at 

19 (β=0.14, 95IC=-0.01-0.03, t(1,443)=1.8, p=0.07 (uncorrected)); and the difference in BMI and the increase of 

frequency of drunkenness (β=0.004, 95IC=-0.009-0.02, t(1,626)=0.6, p=0.6). 

Tobacco was measured with the item « How many cigarettes did you smoke in the past month? » at each time point 

(we deliberately chose to assess tobacco consumption during the last month in order to avoid a ceiling effect and 

memory biases). Cannabis consumption is assessed with the item « How many times did you smoke 

cannabis/hash/pot in the past 12 months? » at each time point. According to the ESPAD methods, we calculated the 

average number of occasions as the average based on the mean value of each response category (ex: we considered 

29.5 as a quantitative measure of the category ’20-39’ and 41 was used for the category ’40 or more’). This was 

applied to all drug consumption measured with the ESPAD. 

 

Tobacco and cannabis intake are correlated in this sample (r=0.6, p =7.8 x.10-66). Controlling for both variables in 

linear regressions would therefore violate regression assumptions of non-collinearity. Therefore, we first sum up the 

values of cannabis consumption at each time point (total_cannabis) and did the same for tobacco (total_tobacco) and 

performed a principal component analysis (PCA). The resulting and independent PCA1_cannabis_tobacco and 
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PCA2_cannabis_tobacco variables were controlled for. No data were imputed on the drugs consumption 

measurements. 

 

1.5.2 Alcohol Drinking Units – The timeline follow back (23 years-old)  

Quantitative estimates of amount of drinking units during the last month was retrieved with the interviewer-based 

version of the TimeLine Follow Back (TLFB). It uses the standard drinking alcohol units https://www.nhs.uk/live-

well/alcohol-support/calculating-alcohol-units/) to quantify the amount of drinking during the last months prior to 

the assessment. 

 

1.5.3 Socio-economic status 

It was rated according to the Development And Well-Being Assessment (DAWBA) family stress and socio-

economic item. Greater score at this item meant poorer SES. There were 4 missing values (0.5%). 

 

1.5.4 Negative Life-event  

The Life Event Questionnaire (LEQ) is designed to assess positive and negative life events among childhood and 

young adulthood. It was assessed at 14 (baseline), 16 (FU1) and 19 years (FU2) but differently at each time points. 

At baseline, the LEQ measured life-time events while both FU1 and FU2 LEQ scores correspond to life events since 

the last IMAGEN visit 25. LEQ summary variables were computed in a different way as the original authors 

suggested. We considered events should be considered as negative or positive from the adolescents’ perspective and 

should be data driven. We therefore listed 20 items of which adolescents who experienced it consistently rated as 

negative. Negative Life events were computed as the sum of occurrence of each of the 20 items at each time point 

(LEQ Negative)26. Missing values were: 2.3 % for LEQ Negative scores at baseline, 5.5 % for Negative LEQ scores 

at FU and 1% for LEQ Negative scores at FU2.  

 

1.5.5 Puberty status 

Puberty status was acquired using the Pubertal Development Scale (PDS, self questionnaire) score acquired at 

baseline (14 years-old). Common aspects measured are about growth, body and facial hair, skin changes, breast 

https://www.nhs.uk/live-well/alcohol-support/calculating-alcohol-units/
https://www.nhs.uk/live-well/alcohol-support/calculating-alcohol-units/
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development. As expected, puberty status is highly correlated to gender (r=-0.5, p=4 x 10-47) with girls having 

higher puberty status at 14 years then boys. Therefore, we group-centered the PDS values according to gender (i.e. 

PDSgender centered). Missing values rate was 0.7%. 

 

1.5.6 Family History of alcohol dependence (FH) 

It was derived from a larger questionnaire about family history of psychiatric disorders. There was 1 missing value 

(0.1%). It was considered as “factor” in the analyses. We a priori included FH as a covariate in our analyses because 

previous publications showed it can be associated with grey matter development (Pfefferbaum et al. 2018). As 

expected, in our sample, family history of alcohol dependence (FH) is weakly yet significantly associated with the 

increase of drunkenness (n=726, β=0.11, 95IC=0.02-0.2, t(1,710) =-3.5, p=0.01) and considering the quartiles of 

individuals (25%) with the highest increase of drunkenness frequency, we also found that family history of alcohol 

dependence is weakly but significantly associated with grey matter development (n=180, β=-0.6, 95IC=-1.2-0.03, 

t(1,165) =-2.1, p=0.04), therefore suggesting that FH should be included as covariate in the analyses.  

 

1.5.7 Cognition 

The Cambridge Cognition Battery (CANTAB, http://www.cambridgecognition.com/) comprised of the spatial 

working memory (SWM) (number of errors and strategies), the Cambridge Guessing Task (CGT) (risk taking, 

quality of decision making, delay aversion, deliberation time, overall proportion bet, risk adjustment) and the 

Affective Go-Nogo (AGN) (mean correct latency for positive and negative stimuli, number of omissions errors for 

positive and negative stimuli). The CGT quality of decision making is the proportion of trials on which the subject 

choses the most likely outcome. The CGT deliberation time is the reaction time to choose the colour of the box. The 

overall bet is the overall bet across the trials. The CGT risk-taking: mean proportion of available points the subject 

stakes at each trial. The CGT delay aversion is the difference between the risk-taking score in the descending and 

the ascending conditions. The CGT Risk adjustment is the degree to which a subject adjusts the risk taking 

according to the ratio of coloured boxes, calculated as: [2x(proportion of pints staked (%) at 9:1)+(%8:2)-(%at 7:3)-

2x(% 6:4)]/CGT risk taking27. Missing values were as following: SWM at BL: 32, SWM at FU2: 235, CGT at BL: 

101, CGT at FU2: 13, AGN at BL: 101, AGN at FU2: 239. No imputations were performed and subjects with 

missing values were excluded from the analyses. 

http://www.cambridgecognition.com/
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1.5.8 Personality traits 

The Substance Use Risk Personality Scale (SURPS, 23 items, self-questionaire) was used to measure “sensation 

seeking”, “impulsivity”, “anxiety sensitivity” and “negative thinking” sub-scores, which has been shown to be 

related to substance use in adolescents 28. The NEO Personality inventory (NEO-PI, 60 items, self questionnaire) 

explores the big five domain of personality: Neuroticism, Extraversion, Openness, Agreablenness and 

Conscientiousness 29. Percentage of missing values were: 0.9 % for SURPS scores at baseline, 1.3 % for SURPS 

scores at FU and 0.9 % for SURPS scores at FU2, 0.5% for NEO-PI at BL, 1.6% for NEO-PI at FU and 0.4% for 

NEO-PI at FU2.  

 

1.5.9 Behaviour: Delay discounting 

We used the monetary-choice questionnaire as describes by Kirby30. We estimated for each subject its own k values 

which reflect how one’s discount a reward value with the delay required to obtain it. Greatest k means greater delay 

discounting which has been related to substance use disorders. Percentages of missing values were: 0.8% at BL and 

2.1% at FU2.  

 

1.5.10 Behaviour: Passive Avoidance Learning Paradigm 

This Go/No Go task is an experimental method for investigating passive avoidance learning and behavioral 

disinhibition. Passive avoidance is defined as the ability to withhold a response that would have led to punishment31. 

Missing values were: 17% at BL and 12% at FU2. No data were imputed and participants with missing values were 

excluded. 

 

1.5.11 Polygenic risk score for alcohol consumption 

For the calculation of polygenic risk score (PRS) for AUD, we used a GWAS of alcohol consumption performed in 

112,117 individuals in the UKB as the discovery sample32. Then we employed the PRSice software (e 

(http://prsice.info/) to calculate PRS. Originally there were 466345 SNPs shared by both the discovery sample and 

the IMAGEN sample; after clumping 90045 SNPs of them retained, which with the smallest p-value for each 
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linkage disequilibrium block (excluding SNPs with an r2 < 0.1 in 250 kb windows). PRSs were calculated at P-value 

thresholds between PT= 0 and PT= 0.5 at increments of 0.005. We used the latter (the most conservative, n=2160 

SNPs) for subsequent analyses. 

 

1.5.12 Grey matter imaging acquisition parameters 

All subjects underwent structural and functional MRI both at BL and FU2. High resolution three dimensional T1 

weighted magnetization prepared gradient-echo (MPRAGE), according to the ADNI protocol were acquired 

(http://adni.loni.usc.edu/methods/mri-analysis/mri-acquisition/). Data were collected on eight 3 tesla MRI scanners 

from different manufacturers (Siemens®, Philips®, General Electrics®, Bruker®). In order to pool the data across 

sites, a phantom was scanned at each site to homogeneize geometric distortions and signal uniformity. Moreover, 

several healthy volunteers were scanned at all sites to assess heterogeneity which is not captured by the phantom3 (cf 

below). The recruitment was stratified by site to reduce any colinearity with the variable of interest and could be 

entered in the statistical models as covariates. 

 

The following phantom and healthy volunteer protocols were used: 

Healthy volunteer protocol 

 

 
 

 

Phantom protocol 

 

http://adni.loni.usc.edu/methods/mri-analysis/mri-acquisition/
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1.6 Grey matter volume at 14 years (baseline) 
Baseline scans were pre-processed according to the Computational Anatomy Toolbox (CAT) 12 toolbox 

(http://www.neuro.uni-jena.de/cat/). The T1 images are segmented into grey matter, white matter and cerebro-spinal 

fluid tissue maps. These segmented tissue maps are normalized to the age of 14 years TPM generated by Template-

O-matic 8. Then, we input these realigned tissues to DARTEL to create a study specific template at 14 years. 

Each scan was linearly and non-linearly normalized to the study specific template in the MNI space (and modulated) 

before being smoothed with a 8mm FWMH kernel. The total intra cranial volumes (TIV) automatically computed by 

CAT12 was considered as covariate when the grey matter volume at 14 years were considered in the analyses. 

1.7 Principal component analyses (PCA) of the 3 identified clusters 
To reduce dimensionality of the three clusters found, we first extracted the mean values of grey matter changes of all 

the voxels included in the 3 clusters identified by the SPM analysis using MarsBar®33. We then ran a Principal 

Component Analysis (PCA) and retained the first principal component (PC) as it explained 87.9% of the variance 

across the 3 clusters for grey matter development. We preformed in the same way by using the 3 clusters as regions 

of interest to extract grey matter volume at 14 years-old and used PCA to retain the 1st PC (80.4% of the variance). 

PCA used “FactoMiner” 6 and “psych” (http://personality-project.org/r/psych/) packages in R (https://www.r-

project.org/). 

 

1.8 Quality control procedure 
1.8.1 Drugs (including drunkenness) and personality 

It was performed along two waves. First, raw data from the data base were checked for reliability flags, item 

completeness, confidential setting, reaction time, correct labelling and scaling, and value ranges. Then, all data sets 

were exported into a statistical program to perform frequency and distribution analyses, split-half reliability checks, 

and checks for missing values, outliers and cross measure agreement. According to this QC, we excluded 126 

subjects who did not have good ESPAD data at the three time points. 

 

http://www.neuro.uni-jena.de/cat/
http://personality-project.org/r/psych/
https://www.r-project.org/
https://www.r-project.org/
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1.8.2 Cognition 

It was acquired at the local laboratory setting with a research assistant to ensure appropriate understandings of the 

task and good quality data acquisition.  

 

1.8.3 Structural grey matter MRI – Standard Operating Procedure (SOP) IMAGEN 

All FU2 structural (n=1187) scans acquired until January 2016 were visually inspected by 4 individuals. Scans were 

displayed using the SPM “display” function. Quality control procedure was homogenized across individuals via 

group sessions to agree on scans classification. Scans which were difficult to rate were discussed with Gabriel 

Robert who coordinated the visual QC and rated most of the scans, to ensure homogeneous quality control 

procedure.   

3DT1 volumes were classified as “very good”, “good” “doubtful” and “bad” on the 4 following parameters: 

movement artifacts, visible field inhomogeneities field of view and miscellaneous (see screenshots below). Brace 

artifacts were common at 19 years-old and were automatically rated as “bad” even when it looked localized because 

it was very difficult to visually determine if the orbito-frontal region was unaffected by the artefact. Given the strong 

arguments for the orbito-frontal cortex in reinforcement-related behaviors and the purpose of the Imagen project, we 

adopted a rigorous threshold. 218 individuals (i.e. “doubtful” or “bad” rated scan at one time point) were excluded. 

Following screen shots show examples of “doubtful” and “bad” examples for each parameter as well as specific 

abnormalities. As movement artifacts were predominantly observed in the frontal areas, “doubtful” volumes were 

inspected. 
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1/ movement artefacts yielding to “bad” rating scan 

 
 

3/ movement artefacts yielding to “doubtful” rating  

scan (zoom-in) 

 
5/ examples of visible field in homogeneities 

 
 

 

 

 

 

 

 

 

 

 

9/ Single slice issues 

  

2/ movement artefacts yielding to “good” 

rating scan 

 

4/ “Bad” strong field in homogeneities 

 
 6/ “doubtful” field of view 

    
 

7/ Brace artefacts 

  
 

 

8/ Shrink cerebellum and doubtful field of 

view 
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2 eResults 

2.1 Latent Growth modelling 
2.1.1 Site, gender and personality are associated with the increase of drunkenness 

We found a significant increase in drunkenness over time across the whole sample (Estimate (Est)/Standard Error 

(SE)=8.1, p<0.001) with significant variability across individuals in drunkenness trajectories for both the increase 

(Est/SE=15.9, p<0.001) and baseline levels (i.e. intercept) (Est/SE=4.3, p<0.001) (eFigure 3). “Site” was associated 

with the increase of  drunkenness (ANOVA, F=12.6, p=3 x 10-15) with post-hoc tests showing a homogeneous 

pattern in the England and Ireland (London, Nottingham, Dublin) compared to a continental European pattern (Paris, 

Berlin, Hamburg, Mannheim, Dresden). Individuals from the England/Ireland sites had a higher frequency of 

drunkenness at baseline (mean frequency at 14 years in England/Ireland=0.37, mean frequency at 14 years on the 

continent=0.12 , t=4.1, p=5x10-5), as well as a greater increase of drunkenness between 14 and 19 years compared to 

the continental participants (mean increase in England/Ireland=0.57, mean increase on the continent=0.31, t=10.1, 

p=2x10-22). Comparing any English/Irish site or any Continental site to a site from the same group (i.e. Dunlin and 

London or Dresden & Paris for example) yielded to p-values > 0.3 and comparing any site from English/Irish to 

Continental yielded to p-values < 0.001.  Each post-hoc analysis revealed greater drunkenness (baseline factor and 

increase) values in the English/Irish site than on any of the Continental site. 

 

2.1.2 Nested models 

When comparing the models where the intercepts (i.e. baseline) and the slopes (i.e. the increase) means are 

constrained both in the Uk/Irish group and in the Continental group (chi-square = 130) and the model where the 

slope is free to vary in one group (chi-square = 63), we find a difference of 87.8 with only one degree of freedom 

(p< 0.001). This means that the model where the drunkenness increase is estimated freely fits significantly better the 

data. In other words, the means of increase of drunkenness are significantly different between the two groups.  

Similarly, we found a significant different increase of drunkenness between gender (chi-square =33.3 when 

intercepts and slopes means are constrained in both the boys and girls and a chi-square=10.8 when the mean slope 

was free to vary in the boys group (chi-square difference=24.1, p<0.001)), openness (chi-square =26.3 when 

intercepts and slopes means are constrained in the high and low openness group and a chi-square=14.4 when the 
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mean slope was free to vary in the continental group (chi-square difference=9.1, 0.001<p<0.005)) and impulsivity 

(chi-square =13.7 when intercepts and slopes means are equal in both the high and low impulsivity group and a chi-

square=8.4 when the mean slope was free to vary in the group with highest impulsivity growth (chi-square 

difference=5.2, 0.01<p<0.05)).  

 

2.2 Puberty status (14 years) influences grey matter development 
between 14 to 19 years in a gender specific manner. 
 
We first looked if puberty status at 14 years was associated with total intra cranial volume change between 14 to 19 

years and found a negative association between TIVdiff and PDS gender centerd (t=-5.8, p=1 x 10-8) suggesting higher 

puberty status is associated with greater total grey matter volume atrophy between 14 to 19 years. 

Using the first PC of the 3 clusters identified (left frontal and bilateral temporal) and controlling for TIV change, 

PDS gender centered was not associated with grey matter development in the 3 clusters (t=0.6, p=0.5).  

However, puberty status has a gender-specific influence on grey matter development. In girls, puberty status was 

negatively but moderately associated with TIVdiff (t=-2.2, p=0.03) whereas in boys, puberty status and TIVdiff were 

negatively and highly associated in boys (t=-5.6, p=6 x 10-8). Using the first PC of the 3 clusters identified and 

controlling for TIVdiff, puberty status was significantly associated with grey matter development in the 3 clusters 

(t=3.5, p=0.001) in girls suggesting that higher puberty status at 14 years is associated with smaller grey matter 

volume reduction in frontal and temporal areas in girls. In boys, we found a trend to negative association between 

grey matter development in the 3 clusters (t=-1.8, p=0.07). This suggests grey matter atrophy in frontal and temporal 

areas occurs earlier in girls. 

 

2.3 Voxel-wise HLM analyses confirm that accelerated atrophy in frontal 
and temporal areas is associated with the increase in drunkenness (n=726 
subjects, eFigure4). 
 

As expected, resampling the data to a resolution of 2x2x2 yielded to similar results than with the 1.5x1.5x1.5 

resolution. Using HLM modelled the nested covariance within site and therefore increased the power of the analyses 

and we find larger cluster sizes (eFigure4, eTable3). The left frontal cluster is composed of 4523 voxels using the 
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regular mass univariate general linear model (GLM) procedure in SPM and 7107 voxels using the HLM. Similarly, 

the left temporal cluster is composed of 2538 voxels (GLM) versus 3613 voxels (HLM) and for the right temporal 

cluster: 651 voxels (GLM) and 824 (HLM). The highest t-values were t=5.28 [-58- 20- 24] left inferior temporal 

gyrus (BA21)] using the HLM and t=5.25 [-54 -56 0], left fusiform (BA37)) with the GLM. When considering the 

left frontal cluster, the highest peak values were t=5.11 (GLM) and t=5.36 (HLM); located at the same location (-36 

30 0), left inferior frontal gyrus (BA47)). Finally, when considering the right temporal cluster, the highest t-value 

was t=3.9 (GLM) versus t=4 (HLM), at the same location (46 -6 -34, right inferior temporal gyrus (BA20)). 

 

2.4 Binge drinking defined by having 5 drinks in a row is associated with 
accelerated atrophy. 
We estimated the increase of binge drinking defined by having 5 drinks in a row, in line with the National Institute 

of Alcohol Abuse and Alcoholism (NIAAA) using LGM (cf supra) and used HLM to test for an association between 

the increase of drunkenness and grey matter atrophy using the following code in R: 

 

PC_grey matter_development ~ (1|site) + (1|gender) + TIV-diff + PDS gender  centered + increase of binge drinking 

+ intercept of binge drinking + Negative LEQ + SES + FH + PC + PCA1 cannabis_tobacco, PCA2 

cannabis_tobacco 

 

We found that the increase of drunkenness (5 drinks) was significantly associated with the 1st PC of grey matter 

development (β=-0.57, 95IC=-0.78-(-)0.35, t(1,696)=-5.2, p=2 x 10-7). 

 

2.5 Frequency of Binge drinking defined by having 5 drinks in a row is 
correlated with frequency of drunkenness. 
 

Frequency of drunkenness was highly correlated with frequency of having 5 drinks in a row both at 14 years 

(r=0.64), 16 years (r=0.78) and 19 years (r=0.72) as well as the increase of drunkenness and the increase of 

frequency of having 5 drinks in a row, between 14 and 19 years (r=0.67).  
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2.6 The impulsivity pathway to drunkenness is predominant in boys 
whereas the grey matter development pathway is predominant in girls. 
 
We previously found that impulsivity at 14 years was a predictor of increase of drunkenness between 14 to 19 years 

in boys only. We ran the third causal Bayesian analysis in boys and girls separately to test if the 2 pathways were 

gender specific. In girls, including the impulsivity features in the CBN did not alter neither the strength nor the 

direction of the association: we found an association between grey matter development and increase of drunkenness 

from 14 to 19 years in 99.9% of the networks and grey matter development causes the increase of drunkenness in 

71% of the generated networks in girls. Conversely in boys, while we found that 89% of the networks found an 

association between grey matter development and increase of drunkenness, the causal direction decreased from 81% 

to 57%. This significant drop in directionality from grey matter development to increase of drunkenness when 

accounting for impulsivity suggests that the impulsivity-related trajectory which leads to increase in drunkenness is 

predominant in boys. Inversely, the accelerated grey matter volume reduction-related trajectory is predominant in 

girls.  

2.7 No confounding of age on frequency of drunkenness 
We could not find any association between binge drinking and age at any time points (14 

(t=-0.1, p=0.9); 16 (t=1, p=0.3) and 19 (t=1.7, p=0.09), uncorrected), suggesting limited 

confounding effect of age in our sample. 

2.8 No association between amount of alcohol intake during pregnancy 
and gray matter development. 

In our the present sample, prenatal exposure to 8 alcohol was associated with the an increase of in 

drunkenness frequency (β = 9 0.5; 95% CI, 0.01-0.09; t(1,574) = 2.4; P = .0216) but not with gray matter 10 

development (β = −0.02; 95% CI, −0.12 to 0.08; t(1,569) = −0.4; P = .60). Severe alcohol prenatal exposure was 

an exclusion criteria. 
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3 eAppendix. Causal Bayesian Networks: Simulated Data   

 

3.1 Strong association between two nodes does not bias the CBN models 
 

To keep it simple, we chose to simulate a discrete model, since the conditional probabilistic table is more intuitive 

compared with the conditional Gaussian distribution in a continuous model.  For the discrete model, we use the 

Bayesian information criterion (BIC) to quantify the fitness of the model. As described in the R package bnlearn, 

BIC are computed as logLik(x) - k * nparams(x), that is, the classic definition rescaled by -2. Therefore, higher 

values are better. 

 

First, we assumed to have a network with 4 nodes: A, B, C and D, with the following the network structure such as 

[A][B][C|A][D|B:C].  

 

 

 

 

 

 

 

 

We defined the following conditional probability tables: For node A, its distribution was P(A=LOW) = 0.3 and 

P(A=HIGH) = 0.7; For node B, its distribution was P(B=GOOD) = 0.8 and P(B=BAD) = 0.2; For node C, it had a 

parent node A and its conditional distribution was P(C=TRUE | A=LOW) = 0.2, P(C=FALSE | A=LOW) = 0.8, 

P(C=TRUE | A=HIGH) = 0.7, P(C=FALSE | A=HIGH) = 0.3; For node D, it had two parent nodes B and C, and its 

conditional distribution as follows: 

 D=TRUE D=FALSE 

C = TRUE and B = GOOD 0.9 0.1 

C = TRUE and B = BAD 0.8 0.2 

C = FALSE and B = GOOD 0.2 0.8 

C = FALSE and B = BAD 0.1 0.9 

 

The dependency between D and C was defined by the conditional probability P(D=TRUE | C =TRUE) as the 

following P(D=TRUE | C =TRUE, B = GOOD) P(B=GOOD)  +  P(D=TRUE | C =TRUE, B = BAD) P(B = BAD). 

With the current setting of the parameters, this conditional probability P(D=TRUE | C =TRUE) was 0.9*0.8+0.8*0.2 

= 0.88.  
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Second, we simulated the network 3,000 times and used the same network averaging approach as described in the 

main text. We successfully recovered all the dependencies and the estimated parameters for node D were close to the 

original settings:  

 D=TRUE D=FALSE 

C = TRUE and B = GOOD 0.989 0.010 

C = TRUE and B = BAD 0.896 0.104 

C = FALSE and B = GOOD 0.1006 0.8994 

C = FALSE and B = BAD 0.0069 0.9931 

 

The BIC score was -5643.031. When we reversed the arrow C→D to be D→C, then BIC decreased to -

5937.155.  

 

Third, we further increased the dependency between D and C (i.e. P(D=TRUE | C =TRUE) = 0.999*0.8+0.9*0.2 = 

0.9792) as follows: 

 D=TRUE D=FALSE 

C = TRUE and B = GOOD 0.999 0.001 

C = TRUE and B = BAD 0.900 0.100 

C = FALSE and B = GOOD 0.100 0.900 

C = FALSE and B = BAD 0.001 0.999 

 

Again, we still recovered the network structure, including A→C, C→D and B→D. When we reversed 

arrow of C→D, we again decreased BIC from -5568.268 to -5890.416. 

3.2 Extremely imbalanced proportion of a parent node does not bias the 
CBN models  
 

 
In the same way as before, let’s assume we have a network with four variables: A, B, C, D. 

 

Network 1:  A—>C and D—>C.   

Network 2:  A—>C and A—>D.     

 

We have simulated the data (n=660) from these two different networks under the conditions: given A could be 0 or 

1, the percentage of 1 was 5% (which is even less than 8%). We have tested whether the Bayesian causal network 

analysis can recover the network structure from the simulation data. The simulation has been repeated 100 times. 

We used both 1) Algorithm 1: the score-based structural learning algorithm, hill-climbing (HC), and 2) Algorithm 2: 

the network average (NA) by applying HC to the bootstrapped data 1000 times and requiring 85% of repetition rate 

for an arc or edge to be identified. The second algorithm is the one we used in the main text.  
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The probability distributions of these models were listed below: 

P(A = LOW) = 0.95 and P(A = HIGH) = 0.05 (which is even less than 10%). 

P(B = GOOD) = 0.6 and P(B  = BAD) = 0.4; 

 

For Network 1: 

P(D = SMALL) = 0.2 and P(D = BIG) = 0.8. 

The conditional probability for C given A and D: 

 C=TRUE C=FALSE 

A = LOW and D = SMALL 0.7 0.3 

A = LOW and D = BIG 0.1 0.9 

A = HIGH and D = SMALL 0.6 0.4 

A = HIGH and D = BIG 0.7 0.3 

 

For Network 2: 

The conditional probabilities for C and D given A: 

 A=LOW A=HIGH 

C = TRUE 0.6 0.1 

C = FALSE 0.4 0.9 

D = SMALL 0.6 0.1 

D = BIG 0.4 0.9 

 

As we have discussed with the Reviewer during the previous round of review, the Bayesian causal network is 

rigorous statistical framework of describing conditional independence. Here, Network 1 and Network 2 represent 

two different conditional independences.  

 

Network 1 has this unique V structure, which makes a clear conditional independence as A and D are conditionally 

dependent on each other given C (i.e. ~(A⊥D) |C, where ‘~’ means NOT, ‘⊥’ means independent to each other and 

‘|’ means conditioning on) and A and D are independent to each other without observing C (i.e. A⊥D | , where ‘’ 

means not conditioning on any observed variable].  

 

Network 2 has a line structure, which belongs to an equivalent class with a conditional independence as C and D are 

conditionally independent on each other given A (i.e. C⊥D |A) and dependent on each other without observing A 

(i.e. ~(C⊥D) |). In other words, without considering A, a spurious association can be detected between C and D. 

However, in this line structure, the directions of the arcs cannot be determined by the Bayesian causal network 

analysis, because the following three network structures share the same conditional independence: 1) A→C and 

A→D, 2) C → A → D, and 3) D→A→C.   
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For Network 1, a network is correctly recovered by an algorithm if and only if the arcs are exactly the same as that 

defined by the V structure (i.e. A→C and D→C); For Network 2, a network is correctly recovered by an algorithm if 

and only if the skeleton of the network is the same as that defined by the line structure (i.e. C—A—D). 

 

The accuracy of the algorithms in the 100 runs: 

 

 Network 1 Network 2 

HC 84% 98% 

NA 93% 99% 

HC—hill climbing 

NA—network average 

 

The results listed above demonstrate that even if the distribution of A is only 5% for the positive cases, the Bayesian 

causal network analysis can still recover the correct network structure among the variables.  
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 eFigure 1. Analyses Workflow 

 



©2019 American Medical Association. All rights reserved. 

 

 

eFigure 2. Participants’  

Flowchart  

Analyses are in blue. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Temporal  

analyses 

Exploring  

Exposure-

Response 

curves 

532 (223 boys and 
309 girls) subjects 

with alcohol drinking 
units 

594 (246 boys and 
348 girls) subjects 
with frequency of 

drunkenness at 23 
years-old 

 

726 subjects 
QC data on 
grey matter 
change and 
drugs intake 

311 boys 
418 girls 

 

Bayesian 

Network 

causal 

analyses 

604 subjects 
without lifetime 

drunkenness at 14 
years 

241 boys 
343 girls 

 

Grey matter development 

independently from 

drunkenness 

1187 subjects recruited 
at FU2 

969 subjects processed 
with the SPM12b 
longitudinal processing 
(i.e. each subject has 2 scans 
so 969 x 2=1938 MRI were 
processed) 

907 subjects with good 
quality grey matter 
change data 
386 males 
521 females 

3DT1 MRI quality control: 
218 subjects excluded 

• Movement artifacts 

• Strong field 
inhomogeneities 

• Abnormal field of view 

• No data at both time 
points 

 

62 subjects excluded 
Data quality control via VBM8: 
abnormal global JD maps. 
 

 

178 subjects without ESPAD 
(drunkenness and/or tobacco 
and/or cannabis) data or 
bad/doubtful reliability at one 
of the 3 time points. 

 

726 subjects with good 
QC data on grey matter 
change and drugs intake 
311 males 
418 females 

Grey matter development 

and its association with 

drunkenness increase 

Temporal  

analyses 

660 subjects 
with PRS score 

for alcohol 
intake 

284 boys 
376 girls 

(15.4% drunkenness 
at 14y) 

Temporal 

analyses 

80 subjects with 
specific 

trajectories of 
drunkenness 

increase 
37 boys 
43 girls 

 

726 subjects with imputed 
PRS score for alcohol intake 

311 boys 
418 girls 

(16.8% drunkenness at 14y) 

 



©2019 American Medical Association. All rights reserved. 

 

eFigure 3. Drunkenness Episodes at Each Time Points  

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

A - Observed individual values of drunkenness at each time points. B - Estimated 

individual values of drunkenness increase with Latent Growth Modelling. On the x -axis, 

time points are labelled as 0 corresponds to baseline (14 years),2 corresponds to 16 years 

and 5 corresponds to 19 years. On the y-axis, is the number of episodes of drunkenness. 

For display purposes, 100 randomly selected individuals are displayed. 

 

 

  



©2019 American Medical Association. All rights reserved. 

 

eFigure 4. Results from Voxel-Wise Analyses 
 

Left - Results from voxel-wise mass univariate. Correlating grey matter develoment 

and the growth of drunkenness in the sample of 726 subjects showing left frontal and 

bilateral temporal positive association between the growth of drunkenness and greater 

volume reduction (2x2x2 resolution). Right – Results from voxel-wise hierachical level 

modelling with gender and site considered as random (intercept only) factors, other 

variables were considered as fixed factors within the same sample of 726 subjects (2x2x2 

resolution). When modelling the nested covariance within sites, we tend to increase the 

power of the analyses and the clusters are found to be slightly larger. 
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eFigure 5. Forest Plot of Effect Size: Increasing Frequency of Drunkenness 

(and 95 Confidence Interval) of the Association Between the Increased Frequency of 

Drunkenness and Gray Matter Development (1st PC of the 3 clusters, TIV Diff regressed 

out), Stratified by Site (8 sites) and Gender  

 

Strata are displayed such that the lowest increase of drunkenness are at the bottom (ex: 

Paris Girls) and the highest increase of frequency drunkenness are displayed at the top 

(Dublin boys). The “total” displays the pooled estimate with “gender” and “site” 

considered as (intercept only) first level random factors. 
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eFigure 6. Forest Plot of Effect Size: Increasing Rate of Gray Matter Atrophy  

(and 95 Confidence Interval) of the Association Between the Increased Frequency of 

Drunkenness and Gray Matter Development (1st PC of the 3 clusters, TIV Diff regressed 

out), Stratified by Site (8 sites) and Gender 

 

Strata are displayed such that the lowest grey matter atrophy are at the bottom (ex: Paris 

Boys) and the highest increase of frequency drunkenness are displayed at the top (ex: 

London Girls). The “Total” displays the pooled estimate with “gender” and “site” 

considered as (intercept only) first level random factors. 
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eFigure 7. Association Between the Gray Matter Development in the 3 Identified 

Clusters (1st principal component) and the Increase of Drunkenness By Site  

 

NB: to account for the confounding variables, the unstandardized residuals are plotted. 

 

 

 

 

 

 

 

 

 

 

 

 
 

 



©2019 American Medical Association. All rights reserved. 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

eFigure 8. Association Between the Gray Matter Development in the 3 Identified 

Clusters (1st principal component) and the Increase of Drunkenness By Gender 

 

NB: to account for the confounding variables, the unstandardized residuals are plotted. 
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eFigure 9. Causal Bayesian Network Using Imputed PRS (n=726)  

 

A. Grey matter development between 14 to 19 years direction to the increase of 

drunkeness. B. Impulsivity at 14 years is directed to the increase of drunkenness. C. The 

impulsivity and the grey matter development pathways are independent. D. The grey 

matter development-related pathway is predominant in girls E. The impulsivity-related 

pathway is predominant in boys. The confounding factors (gender, site, PDS, negative 

life events, family history of alcoholism and socio-economic status) are modeled by 

regressing out their corresponding variance from each variable of interest (i.e. node). S: 

Strength i.e. the proportion of networks (10,000 bootstrap) with a significant association. 

D: Direction i.e. proportion of networks (10,000 bootstrap) showing a direction from one 

node to another.  
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eTable 1. Multiple Testing Correction 
 
 

 Hypothesis  Multiple testing 
correction 

Number of models 

Grey matter 
development with the 
increase of 
drunkenness  

Exploratory - Whole 
grey matter analyses 
association  

Family wise error rate 
both at the peak and 
the cluster level 
inference 

~184 000 

Change in 
behavioural, 
personality and 
cognitive with the 
increase of 
drunkenness 

Exploratory – to 
identify which features 
must be included in 
the CBN 

Bonferroni 25 

Personality features 
at 14 years which 
predicts the increase 
of drunkenness 

Exploratory – to 
identify which features 
must be included in 
the CBN 

Bonferroni 2 

Personality change 
with the drunkenness-
related grey matter 
development 

Exploratory – to test 
for grey matter 
development basis of 
drunkenness-related 
personality changes 

None – No significant 
results uncorrected 

2 

Grey matter volume at 
14 years with the 
increase of 
drunkenness 

Hypothesis driven – to 
test for longitudinal 
prediction 

None 1 

Grey matter 
development with the 
group status (sober 
controls versus the 
late drinkers) 

Hypothesis driven – to 
test for specific 
pattern of drinking 
behaviour  

None 1 

Prediction of FU3 
alcohol drink units 
with grey matter 
development 
(between 14 to 19 
years) 

Hypothesis driven – to 
test for temporal 
prediction 

None 1 
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eTable 2. T and P Values (Uncorrected) of Association Between Behavioural Variables 

and Drunkenness at Each Time Points Using Multilevel Modelling (i.e. BL, FU1 and 

FU2 for variables in bold & BL and FU2 for CANTAB, Delay discounting and PALP 

measures)  

 
 

Behavioural changes   β[95% confidence 
interval] 

t value (p value, 
uncorrected)  

Increase of Sensation Seeking (SURPS) 0.39 [0.09-0.73] 2.5 (0.01) 

Increase of Impulsivity (SURPS) 1.11 [0.57-1.89] 3.6 (3 x 10-4) 

Increase of Anxiety sensitivity (SURPS) -0.24[-1.4-1] -0.3 (0.8) 

Increase of Negative Thinking (SURPS) -0.53[-1-0.05] -1.8(0.07) 

Increase of NEO-PI Neuroticism 0[-0.02-0.02] 0 (1) 

Increase of NEO-PI Extraversion 0.01[-0.01-0.05] 1.1(0.2) 

Increase of NEO-PI Openness 0.11[0.05-0.15] 3.9 (9.8 x 10-5) 

Increase of NEO-PI Agreeableness -0.05[-0.09- (-)0.01] -2.5(0.01) 

Increase of NEO-PI Conscientiousness -0.03[-0.06- (-)0.005] -2.3(0.02) 

Delta CANTAB CGT Delay Aversion (Cantab)* 0.1[-0.3-0.07] -1.1(0.3) 

Delta CGT Deliberation Time (Cantab)# 0[0-3.6 x 10-5] -0.1(0.9) 

Delta CGT Quality of Decision Making (Cantab)# 0 [-0.3-0.34] 0.01(1) 

Delta CGT Overall proportion Bet (Cantab)# 0.15[-0.07-0.37] 1.3(0.2) 

Delta CGT Risk adjustment (Cantab)# -0.01[-0.04-0.02] -0.5(0.5) 

Delta CGT Risk taking (Cantab)# 0.1[-0.08-0.33] 1.2(0.2) 

Delta Spatial working memory number of errors (Cantab)$ -0.002[-0.004-0] -1.2(0.2) 

Delta Spatial working memory numbers of strategy (Cantab)$ 4.4 x 10-4[-0.005-0.006] 0.05(1) 

Delta Affective Go-NoGo Latency Negative (Cantab)£ 1x10-4[-2x x10-3-4 x 10-3] 0.7(0.5) 

Delta Affective Go-NoGo Latency Positive (Cantab)£ 1.5 x 10-4[-1x x10-3-4 x 10-3] 0.9(0.3) 

Delta Affective Go-NoGo Omission Negative (Cantab)§ -7 x 10-4[-0.005-0.004] -0.3(0.7) 

Delta Affective Go-NoGo Omission Positive (Cantab)§ 0.001[-0.003-0.007] 0.6(0.5) 

Delta Punishment-Punishment (PALP)& -4.3 x 10-4[-1 x 10-3 -0] -1.6(0.1) 
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This means that measurements occasion are associated with elevated (positive t-values) 

or reduced (negative t-values) drunkenness increase. 25 models were run. * Models were 

performed in 594 subjects due to missing data. # Models were performed in 613 subjects 

due to missing data. $ Models were performed in 478 subjects due to missing data. £ 

Models were performed in 600 subjects due to missing data. § Models were performed in 

419 subjects due to missing data. & Models were performed in 534 subjects due to 

missing data. ¤ Models were performed in 419 subjects due to missing data. & Models 

were performed in 705 subjects due to missing data. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Delta Reward-Punishment (PALP)& 4.4 x 10-4[-8 x 10-5-1 x 10-3] 1.6(0.1) 

Delta Reward-Reward (PALP)& -1.5 x 10-4[-6 x 10-4-3 x 10-4] -0.6(0.5) 

Delta k (Delay Discounting)¤ 1[0.2-1.7] 2.5(0.01) 

Polygenic risk score 0.00222[-0.0019-0.0063] 1.06(0.3) 
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eTable 3. Peak Location (MNI Space) and Cluster Size for Each Cluster According to the 

General Linear Model (site and gender are considered as fixed factors, used in Statistical 

Parametric Mapping®) and the Hierarchical Linear Model (site and gender are 

considered as random factors)  

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Location (x y z), 
cluster size 
(number of voxels) 

Left frontal  Left temporal Right frontal 

General linear 
model 

(-36 30 0), 
4523 

(-54 -56 
0), 2538 

(46 -6 -34), 651 

Hierarchical linear 
model 

(-36 30 0), 
7107 

(-58- 20- 24), 
3613 

(46 -6 -34), 824 
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eTable 4. Estimates, 95 IC and P-values Across Sites of the Association Between the 

Gray Matter Development in the 3 identified Clusters (1st Principal Component) and the 

Increase of Drunkenness 
 

 

Site Estimate 95IC p-value 

London -0.656 [-1.17: -0.12] 0.019 

Nottingham -0.401 [-1.04: 0.17] 0.207 

Dublin -0.950 [-1.67: -0.19] 0.026 

Berlin -1.064 [-2.02: -0.11] 0.044 

Hamburg -0.365 [-0.69: 0.17] 0.142 

Mannheim -0.386 [-0.49: 0.26] 0.223 

Paris -0.166 [-0.65:0.56] 0.619 

Dresden -1.059 [-1.55: -0.56] 1 x 10-4 
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eTable 5. Estimates, 95 IC and P-values Across Gender of the Association Between the 

Gray Matter Development in the 3 identified Clusters (1st Principal Component) and the 

Increase of Drunkenness 
 

 

Gender Estimate 95IC p-value 

Girls -0.835 [-1.15: -0.53] 2 x 10-7 

Boys -0.595 [-0.98: -0.22] 2 x 10-3 
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eTable 6. Bayesian Gaussian Equivalent (BGe) Scores for Each Model (n=660) and 

Their Respective Modifications With the Arrow “From” Gray Matter Development “to” 

Increase of Drunkenness Reversed 
 

Greater scores mean better fit of the model to the data. 

 

model Original BGe Reversed arrow BGe 

Grey matter, drunkenness and 
PRS (Figure 3A) 

-4610.7 -4611.9 

Grey matter, drunkenness, 
impulsivity and PRS (Figure 3C) 

-6407.7 -6410.2 

Boys - Grey matter, 
drunkenness, impulsivity and 
PRS (Figure 3D) 

-2738.7 -2740.1 

Girls - Grey matter, 
drunkenness, impulsivity and 
PRS (Figure 3D) 

-3685.6 -3687.5 
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eTable 7. 116 Automatic Anatomic Atlases (AAL) Regions of Interest Mean Value of 

Gray Matter Development Estimated by the Pairwise Longitudinal Processing of 

SPM12b 

 

The table also displays if the region grows (1) or shrinks (-1) between 14 and 19 and the 

corresponding Bonferroni corrected p-value. The 12 regions with the most significant 

growth (blue) and shrinkage (yellow), displayed in Figure 2B, are highlighted. The 

entries are ordered by descending Bonferroni corrected p-values. 
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ID mean pValue.corr Mark

Amygdala_L_roi.mat.p.value -0.00026327 1 0

Cerebelum_3_R_roi.mat.p.value 0.00013413 1 0

Parietal_Sup_L_roi.mat.p.value -9.0264E-05 1 0

Postcentral_L_roi.mat.p.value -1.5268E-05 1 0

Postcentral_R_roi.mat.p.value 3.6784E-05 1 0

Supp_Motor_Area_L_roi.mat.p.value 7.8385E-05 1 0

Vermis_1_2_roi.mat.p.value 7.3845E-05 1 0

Supp_Motor_Area_R_roi.mat.p.value 0.00026542 0.74974183 0

Precentral_L_roi.mat.p.value 0.0002392 0.2394673 0

Parietal_Sup_R_roi.mat.p.value 0.00030699 0.09481605 0

Vermis_10_roi.mat.p.value -0.00015073 0.03448932 -1

Hippocampus_R_roi.mat.p.value 0.00024544 0.01073175 1

Amygdala_R_roi.mat.p.value -0.00038077 0.0080743 -1

Hippocampus_L_roi.mat.p.value 0.00029843 0.00491709 1

Vermis_3_roi.mat.p.value 0.00032507 8.4765E-06 1

Vermis_7_roi.mat.p.value 0.00049511 8.7386E-07 1

Occipital_Sup_L_roi.mat.p.value -0.00041939 4.3212E-07 -1

ParaHippocampal_L_roi.mat.p.value -0.00051603 4.6366E-08 -1

Cuneus_R_roi.mat.p.value -0.00061827 1.5025E-10 -1

Cerebelum_3_L_roi.mat.p.value 0.00051666 2.1353E-12 1

Cerebelum_4_5_L_roi.mat.p.value -0.0006314 9.1159E-14 -1

Cerebelum_10_R_roi.mat.p.value 0.00044079 4.4256E-14 1

Cuneus_L_roi.mat.p.value -0.00075243 9.0934E-15 -1

Occipital_Sup_R_roi.mat.p.value -0.00068576 3.3619E-17 -1

Cerebelum_Crus1_R_roi.mat.p.value -0.00080733 7.3966E-18 -1

ParaHippocampal_R_roi.mat.p.value -0.00073614 6.8697E-18 -1

Thalamus_R_roi.mat.p.value -0.00059841 1.7442E-19 -1

Thalamus_L_roi.mat.p.value -0.00061301 7.7004E-25 -1

Frontal_Sup_R_roi.mat.p.value -0.0009467 4.3216E-25 -1

Paracentral_Lobule_R_roi.mat.p.value 0.00112709 3.0299E-25 1

Precentral_R_roi.mat.p.value 0.00089837 2.5127E-27 1

Frontal_Sup_L_roi.mat.p.value -0.00097002 4.4296E-28 -1

Cerebelum_Crus1_L_roi.mat.p.value -0.00117605 3.9175E-30 -1

Cerebelum_10_L_roi.mat.p.value 0.00055792 2.834E-31 1

Cerebelum_7b_L_roi.mat.p.value -0.0014819 9.9588E-33 -1

Cerebelum_Crus2_L_roi.mat.p.value -0.00137647 3.042E-34 -1

Cerebelum_Crus2_R_roi.mat.p.value -0.00113738 1.075E-34 -1

Caudate_L_roi.mat.p.value -0.00106672 5.2214E-37 -1

Cerebelum_7b_R_roi.mat.p.value -0.00144939 1.5265E-37 -1

Vermis_8_roi.mat.p.value -0.00124072 2.1953E-38 -1

Cerebelum_8_L_roi.mat.p.value -0.00145977 3.7661E-43 -1  
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ID mean pValue.corr Mark

Cerebelum_8_R_roi.mat.p.value -0.00152247 3.34523E-43 -1

Parietal_Inf_R_roi.mat.p.value -0.00166513 5.09928E-44 -1

Paracentral_Lobule_L_roi.mat.p.value 0.00144878 4.8123E-44 1

Vermis_9_roi.mat.p.value -0.00125872 1.59561E-45 -1

Cerebelum_9_L_roi.mat.p.value -0.0012017 1.44153E-49 -1

Caudate_R_roi.mat.p.value -0.00114864 4.51539E-50 -1

Calcarine_R_roi.mat.p.value -0.00126444 1.37443E-51 -1

Pallidum_L_roi.mat.p.value -0.00051397 4.39024E-57 -1

Calcarine_L_roi.mat.p.value -0.00134352 3.24706E-57 -1

Cerebelum_4_5_R_roi.mat.p.value -0.00162724 4.7776E-58 -1

Cerebelum_9_R_roi.mat.p.value -0.00136044 3.69678E-58 -1

Temporal_Pole_Mid_L_roi.mat.p.value -0.00179391 3.06245E-62 -1

Pallidum_R_roi.mat.p.value -0.00074478 7.1811E-63 -1

Olfactory_L_roi.mat.p.value -0.00223083 1.11023E-68 -1

Vermis_4_5_roi.mat.p.value 0.00142614 5.80768E-79 1

Precuneus_L_roi.mat.p.value -0.00198835 2.02873E-80 -1

Parietal_Inf_L_roi.mat.p.value -0.00231128 5.09012E-83 -1

Frontal_Sup_Medial_R_roi.mat.p.value -0.0019313 1.72267E-83 -1

Frontal_Mid_R_roi.mat.p.value -0.0018832 4.95698E-84 -1

Vermis_6_roi.mat.p.value 0.00196644 2.41128E-84 1

Frontal_Mid_L_roi.mat.p.value -0.0022161 4.92963E-85 -1

Lingual_R_roi.mat.p.value -0.00154628 2.74008E-91 -1

Cerebelum_6_L_roi.mat.p.value -0.00227416 2.11524E-93 -1

Temporal_Pole_Mid_R_roi.mat.p.value -0.00173111 4.28476E-95 -1

Frontal_Sup_Medial_L_roi.mat.p.value -0.00188738 1.41612E-96 -1

Precuneus_R_roi.mat.p.value -0.00221828 2.5161E-98 -1

Putamen_R_roi.mat.p.value -0.00170578 8.6454E-99 -1

Olfactory_R_roi.mat.p.value -0.00252132 1.3294E-99 -1

Lingual_L_roi.mat.p.value -0.00190511 1.3625E-100 -1

Putamen_L_roi.mat.p.value -0.00146369 5.4655E-101 -1

Occipital_Inf_R_roi.mat.p.value -0.00199794 1.0888E-101 -1

Cerebelum_6_R_roi.mat.p.value -0.00227139 5.5932E-107 -1

SupraMarginal_R_roi.mat.p.value -0.00265387 2.1875E-123 -1

Heschl_R_roi.mat.p.value -0.00279852 2.3263E-128 -1

Angular_R_roi.mat.p.value -0.00295392 8.4207E-132 -1

Heschl_L_roi.mat.p.value -0.00313579 2.9428E-138 -1

Frontal_Inf_Oper_L_roi.mat.p.value -0.00301822 6.2584E-144 -1

Occipital_Mid_L_roi.mat.p.value -0.0023639 9.7611E-148 -1

Occipital_Mid_R_roi.mat.p.value -0.00247272 7.3598E-148 -1

Cingulum_Mid_L_roi.mat.p.value -0.00352415 2.4226E-157 -1

Rolandic_Oper_L_roi.mat.p.value -0.00315379 4.8746E-158 -1

Angular_L_roi.mat.p.value -0.00367572 1.8337E-159 -1  
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ID mean pValue.corr Mark

SupraMarginal_L_roi.mat.p.value -0.00336556 4.4392E-160 -1

Frontal_Inf_Oper_R_roi.mat.p.value -0.00250686 2.7679E-161 -1

Temporal_Pole_Sup_R_roi.mat.p.value -0.00230425 8.8555E-162 -1

Frontal_Sup_Orb_R_roi.mat.p.value -0.00337248 1.3193E-164 -1

Temporal_Pole_Sup_L_roi.mat.p.value -0.0027332 4.3995E-165 -1

Frontal_Mid_Orb_L_roi.mat.p.value -0.00387711 1.3597E-165 -1

Frontal_Mid_Orb_R_roi.mat.p.value -0.00379577 1.4771E-168 -1

Insula_L_roi.mat.p.value -0.0031277 4.1542E-171 -1

Cingulum_Mid_R_roi.mat.p.value -0.00353897 3.4024E-173 -1

Rolandic_Oper_R_roi.mat.p.value -0.00266044 2.9416E-179 -1

Frontal_Inf_Tri_R_roi.mat.p.value -0.00267443 1.6762E-179 -1

Occipital_Inf_L_roi.mat.p.value -0.0029224 6.1701E-180 -1

Cingulum_Ant_R_roi.mat.p.value -0.00324189 6.25E-187 -1

Fusiform_R_roi.mat.p.value -0.00312225 5.0744E-188 -1

Fusiform_L_roi.mat.p.value -0.00322465 2.9062E-189 -1

Cingulum_Ant_L_roi.mat.p.value -0.00334448 8.7487E-192 -1

Temporal_Inf_L_roi.mat.p.value -0.00378874 1.1436E-195 -1

Rectus_R_roi.mat.p.value -0.00364976 1.7978E-199 -1

Frontal_Inf_Tri_L_roi.mat.p.value -0.00355227 2.1207E-200 -1

Temporal_Sup_L_roi.mat.p.value -0.00332303 3.4308E-203 -1

Insula_R_roi.mat.p.value -0.00333848 2.7026E-203 -1

Rectus_L_roi.mat.p.value -0.00451658 2.504E-203 -1

Frontal_Med_Orb_R_roi.mat.p.value -0.00416244 3.6032E-211 -1

Temporal_Sup_R_roi.mat.p.value -0.00337451 9.9288E-214 -1

Cingulum_Post_R_roi.mat.p.value -0.00340312 5.6415E-227 -1

Temporal_Inf_R_roi.mat.p.value -0.00354602 2.8892E-227 -1

Frontal_Med_Orb_L_roi.mat.p.value -0.00459401 4.5661E-239 -1

Frontal_Inf_Orb_L_roi.mat.p.value -0.00397853 1.0928E-239 -1

Frontal_Inf_Orb_R_roi.mat.p.value -0.00360015 3.65E-240 -1

Temporal_Mid_R_roi.mat.p.value -0.00449007 1.6996E-275 -1

Cingulum_Post_L_roi.mat.p.value -0.00527594 2.3301E-280 -1

Temporal_Mid_L_roi.mat.p.value -0.00468076 3.0487E-287 -1  
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eTable 8. 116 Automatic Anatomic Labelling (AAL) Regions of Interest Mean Value of 

Gray Matter Development in Girls Only, Estimated by the Pairwise Longitudinal 

Processing of SPM12b 

 

The table also displays if the region volumes increases (1) or reduces (-1) between 14 and 

19 and the corresponding Bonferroni corrected p-value. Only 5 regions showed 

significant expansion (blue) over time in girls. The 12 regions with the most significant 

volume reduction are highlighted in yellow. The entries are ordered by descending p-

values. 
 

ID F0_mean F0_pValue.corr F0_Mark 

Cerebelum_10_R_roi.mat.p.value -5.8E-05 1 0 

Cerebelum_3_L_roi.mat.p.value 1.06E-05 1 0 

Parietal_Sup_R_roi.mat.p.value -0.0002 1 0 

Precentral_L_roi.mat.p.value -4.2E-05 1 0 

Supp_Motor_Area_L_roi.mat.p.value -0.00018 1 0 

Supp_Motor_Area_R_roi.mat.p.value 2.33E-05 1 0 

Vermis_3_roi.mat.p.value -0.00016 1 0 

Vermis_7_roi.mat.p.value -3E-06 1 0 

Postcentral_L_roi.mat.p.value -0.0003 0.657404001 0 

Cerebelum_10_L_roi.mat.p.value 0.000145 0.59704744 0 

Postcentral_R_roi.mat.p.value -0.00032 0.207679815 0 

Cerebelum_3_R_roi.mat.p.value -0.00034 0.036192407 -1 

Parietal_Sup_L_roi.mat.p.value -0.00053 0.019219977 -1 

Paracentral_Lobule_R_roi.mat.p.value 0.000676 6.85814E-05 1 

Precentral_R_roi.mat.p.value 0.000515 2.28132E-05 1 

Hippocampus_L_roi.mat.p.value -0.00041 1.2576E-06 -1 

Vermis_1_2_roi.mat.p.value -0.00054 1.39329E-07 -1 

Hippocampus_R_roi.mat.p.value -0.00042 6.2774E-09 -1 

Paracentral_Lobule_L_roi.mat.p.value 0.001091 1.54894E-14 1 

Vermis_10_roi.mat.p.value -0.00037 1.22514E-14 -1 

Occipital_Sup_L_roi.mat.p.value -0.0009 2.20188E-20 -1 

Amygdala_L_roi.mat.p.value -0.00123 5.08135E-22 -1 

Vermis_4_5_roi.mat.p.value 0.000861 5.28824E-25 1 

Frontal_Sup_R_roi.mat.p.value -0.0012 4.54238E-27 -1 

Cerebelum_4_5_L_roi.mat.p.value -0.00114 5.56084E-28 -1 

Amygdala_R_roi.mat.p.value -0.00125 5.53599E-28 -1 

Frontal_Sup_L_roi.mat.p.value -0.00123 1.79359E-28 -1 

Occipital_Sup_R_roi.mat.p.value -0.00118 7.27384E-30 -1 

Cuneus_R_roi.mat.p.value -0.00125 1.65025E-30 -1 

Vermis_6_roi.mat.p.value 0.001283 3.20393E-35 1 

Parietal_Inf_R_roi.mat.p.value -0.00206 2.77887E-38 -1 
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ID F0_mean F0_pValue.corr F0_Mark 

Thalamus_R_roi.mat.p.value -0.00102 1.23401E-38 -1 

Cuneus_L_roi.mat.p.value -0.0015 4.37448E-40 -1 

Cerebelum_7b_R_roi.mat.p.value -0.0021 8.01404E-44 -1 

Caudate_L_roi.mat.p.value -0.0016 4.49463E-44 -1 

Thalamus_L_roi.mat.p.value -0.00102 8.29764E-45 -1 

Vermis_8_roi.mat.p.value -0.00172 6.06096E-45 -1 

Cerebelum_8_R_roi.mat.p.value -0.00213 1.04689E-45 -1 

Cerebelum_7b_L_roi.mat.p.value -0.00215 7.69849E-47 -1 

Cerebelum_Crus2_R_roi.mat.p.value -0.00165 3.14656E-47 -1 

Cerebelum_8_L_roi.mat.p.value -0.002 5.27081E-49 -1 

Cerebelum_Crus2_L_roi.mat.p.value -0.00203 1.96164E-52 -1 

Cerebelum_9_R_roi.mat.p.value -0.00174 1.51252E-52 -1 

ParaHippocampal_L_roi.mat.p.value -0.00127 9.08246E-53 -1 

Vermis_9_roi.mat.p.value -0.00162 8.85428E-53 -1 

Cerebelum_Crus1_R_roi.mat.p.value -0.00159 3.56135E-55 -1 

Precuneus_L_roi.mat.p.value -0.00233 3.29555E-55 -1 

Cerebelum_9_L_roi.mat.p.value -0.00155 2.98383E-55 -1 

Parietal_Inf_L_roi.mat.p.value -0.00262 5.35625E-56 -1 

Caudate_R_roi.mat.p.value -0.00174 5.61893E-57 -1 

Cerebelum_4_5_R_roi.mat.p.value -0.00214 8.59994E-59 -1 

Pallidum_L_roi.mat.p.value -0.00072 2.19936E-62 -1 

ParaHippocampal_R_roi.mat.p.value -0.00145 3.20633E-64 -1 

Frontal_Mid_R_roi.mat.p.value -0.00214 1.87879E-66 -1 

Precuneus_R_roi.mat.p.value -0.00255 1.44288E-66 -1 

Cerebelum_Crus1_L_roi.mat.p.value -0.00202 1.81959E-67 -1 

Frontal_Sup_Medial_R_roi.mat.p.value -0.00223 1.53076E-67 -1 

Calcarine_R_roi.mat.p.value -0.00187 5.1971E-69 -1 

Frontal_Mid_L_roi.mat.p.value -0.00246 4.05625E-70 -1 

Pallidum_R_roi.mat.p.value -0.00104 8.96224E-76 -1 

Frontal_Sup_Medial_L_roi.mat.p.value -0.0021 6.12879E-78 -1 

Cerebelum_6_L_roi.mat.p.value -0.00277 6.81195E-82 -1 

Olfactory_L_roi.mat.p.value -0.00296 2.6366E-85 -1 

SupraMarginal_R_roi.mat.p.value -0.00293 7.08504E-88 -1 

Cingulum_Mid_L_roi.mat.p.value -0.00374 1.24364E-89 -1 

Temporal_Pole_Mid_L_roi.mat.p.value -0.00253 3.88398E-90 -1 

Calcarine_L_roi.mat.p.value -0.00216 3.76659E-93 -1 

Angular_R_roi.mat.p.value -0.00351 4.03936E-94 -1 

Lingual_L_roi.mat.p.value -0.00247 5.81117E-97 -1 

Temporal_Pole_Mid_R_roi.mat.p.value -0.00225 1.84123E-97 -1 

Cingulum_Mid_R_roi.mat.p.value -0.00377 1.36398E-98 -1 
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ID F0_mean F0_pValue.corr F0_Mark 

Cerebelum_6_R_roi.mat.p.value -0.00275 3.9425E-99 -1 

Heschl_R_roi.mat.p.value -0.00348 4.5144E-100 -1 

Putamen_L_roi.mat.p.value -0.00193 6.0095E-104 -1 

Olfactory_R_roi.mat.p.value -0.00315 2.4404E-106 -1 

Putamen_R_roi.mat.p.value -0.00222 2.2756E-108 -1 

Occipital_Inf_R_roi.mat.p.value -0.00273 3.1473E-110 -1 

Occipital_Mid_R_roi.mat.p.value -0.00296 3.5938E-112 -1 

Angular_L_roi.mat.p.value -0.00418 2.4798E-113 -1 

SupraMarginal_L_roi.mat.p.value -0.00364 1.4192E-114 -1 

Occipital_Mid_L_roi.mat.p.value -0.00283 4.7553E-116 -1 

Frontal_Inf_Oper_R_roi.mat.p.value -0.00272 3.3696E-116 -1 

Lingual_R_roi.mat.p.value -0.00212 6.5582E-118 -1 

Frontal_Inf_Tri_R_roi.mat.p.value -0.00297 1.438E-120 -1 

Cingulum_Post_R_roi.mat.p.value -0.00358 3.0561E-122 -1 

Heschl_L_roi.mat.p.value -0.00372 1.4001E-122 -1 

Frontal_Mid_Orb_R_roi.mat.p.value -0.00436 1.8329E-126 -1 

Rolandic_Oper_R_roi.mat.p.value -0.00295 1.9454E-132 -1 

Cingulum_Ant_R_roi.mat.p.value -0.00376 1.7724E-133 -1 

Frontal_Inf_Oper_L_roi.mat.p.value -0.00322 6.0767E-140 -1 

Frontal_Mid_Orb_L_roi.mat.p.value -0.00446 1.0874E-140 -1 

Frontal_Sup_Orb_R_roi.mat.p.value -0.00398 5.0573E-142 -1 

Fusiform_R_roi.mat.p.value -0.00364 2.164E-142 -1 

Occipital_Inf_L_roi.mat.p.value -0.00358 4.0408E-144 -1 

Frontal_Sup_Orb_L_roi.mat.p.value -0.00384 8.8647E-145 -1 

Cingulum_Ant_L_roi.mat.p.value -0.00399 5.0525E-146 -1 

Insula_L_roi.mat.p.value -0.00357 1.6073E-147 -1 

Rolandic_Oper_L_roi.mat.p.value -0.00338 3.5902E-148 -1 

Cingulum_Post_L_roi.mat.p.value -0.00545 3.56E-149 -1 

Frontal_Inf_Tri_L_roi.mat.p.value -0.0039 1.4951E-149 -1 

Temporal_Pole_Sup_R_roi.mat.p.value -0.0028 2.1787E-150 -1 

Fusiform_L_roi.mat.p.value -0.00379 4.3542E-151 -1 

Temporal_Sup_R_roi.mat.p.value -0.00376 3.407E-155 -1 

Insula_R_roi.mat.p.value -0.00385 2.7898E-161 -1 

Rectus_R_roi.mat.p.value -0.0044 1.1899E-166 -1 

Rectus_L_roi.mat.p.value -0.00544 1.4002E-167 -1 

Frontal_Inf_Orb_R_roi.mat.p.value -0.00403 8.1527E-169 -1 

Temporal_Inf_L_roi.mat.p.value -0.0045 1.5682E-170 -1 

Frontal_Med_Orb_R_roi.mat.p.value -0.00501 1.1759E-171 -1 

Temporal_Sup_L_roi.mat.p.value -0.00381 2.9974E-173 -1 

Temporal_Pole_Sup_L_roi.mat.p.value -0.0033 4.1187E-174 -1 
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ID F0_mean F0_pValue.corr F0_Mark 

Temporal_Inf_R_roi.mat.p.value -0.00424 3.439E-184 -1 

Frontal_Inf_Orb_L_roi.mat.p.value -0.00439 1.1418E-186 -1 

Frontal_Med_Orb_L_roi.mat.p.value -0.00544 2.9677E-188 -1 

Temporal_Mid_R_roi.mat.p.value -0.00506 1.228E-191 -1 

Temporal_Mid_L_roi.mat.p.value -0.00526 1.6434E-205 -1 
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eTable 9. 116 Automatic Anatomic Labelling (AAL) Regions of Interest Mean Value of 

Gray Matter Development in Boys Only, Estimated by the Pairwise Longitudinal 

Processing of SPM12b 

 

The table also displays if the region volumes increases (1) or reduces (-1) between 14 and 

19 and the corresponding Bonferroni corrected p-value. 21 regions showed significant 

expansion (blue) over time in boys. The 12 regions with the most significant volume 

reduction are highlighted in yellow. The entries are ordered by descending p-values. 
 

 
ID M1_mean M1_pValue.corr M1_Mark 

Vermis_10_roi.mat.p.value 0.000141 1 0 

Occipital_Sup_L_roi.mat.p.value 0.000247 1 0 

Cerebellum_4_5_L_roi.mat.p.value 5.9E-05 1 0 

Occipital_Sup_R_roi.mat.p.value -1.4E-06 1 0 

Cuneus_R_roi.mat.p.value 0.000243 1 0 

Thalamus_R_roi.mat.p.value -3E-05 1 0 

Cuneus_L_roi.mat.p.value 0.000269 1 0 

Thalamus_L_roi.mat.p.value -6.5E-05 1 0 

Cerebelum_Crus1_R_roi.mat.p.value 0.000258 1 0 

ParaHippocampal_R_roi.mat.p.value 0.000226 1 0 

Cerebelum_Crus1_L_roi.mat.p.value -3E-05 1 0 

Calcarine_L_roi.mat.p.value -0.00024 1 0 

Cerebelum_Crus2_L_roi.mat.p.value -0.00048 0.91631693 0 

Postcentral_L_roi.mat.p.value 0.000365 0.662327849 0 

Cerebelum_7b_L_roi.mat.p.value -0.00058 0.405383184 0 

Supp_Motor_Area_L_roi.mat.p.value 0.000424 0.301389545 0 

Cerebelum_Crus2_R_roi.mat.p.value -0.00043 0.291612105 0 

Caudate_L_roi.mat.p.value -0.00035 0.222642414 0 

ParaHippocampal_L_roi.mat.p.value 0.000501 0.115631752 0 

Parietal_Sup_L_roi.mat.p.value 0.000501 0.048763306 1 

Cerebelum_7b_R_roi.mat.p.value -0.00057 0.047586639 -1 

Calcarine_R_roi.mat.p.value -0.00044 0.041832552 -1 

Caudate_R_roi.mat.p.value -0.00035 0.027200753 -1 

Supp_Motor_Area_R_roi.mat.p.value 0.000591 0.011252137 1 

Vermis_8_roi.mat.p.value -0.00059 0.00624579 -1 

Postcentral_R_roi.mat.p.value 0.000526 0.004972615 1 

Frontal_Sup_R_roi.mat.p.value -0.00061 0.004231154 -1 

Cerebellum_8_R_roi.mat.p.value -0.00069 0.00077389 -1 

Frontal_Sup_L_roi.mat.p.value -0.00062 0.000744429 -1 

Cerebelum_8_L_roi.mat.p.value -0.00073 0.000653628 -1 
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ID F0_mean F0_pValue.corr F0_Mark 

Temporal_Pole_Mid_L_roi.mat.p.value -0.0008 0.000585387 -1 

Amygdala_L_roi.mat.p.value 0.001046 0.00022391 1 

Amygdala_R_roi.mat.p.value 0.000792 9.90085E-05 1 

Pallidum_L_roi.mat.p.value -0.00023 4.0641E-05 -1 

Pallidum_R_roi.mat.p.value -0.00035 3.08971E-05 -1 

Vermis_9_roi.mat.p.value -0.00077 1.68701E-05 -1 

Precentral_L_roi.mat.p.value 0.000619 1.31619E-05 1 

Cerebelum_9_L_roi.mat.p.value -0.00074 2.10238E-06 -1 

Olfactory_L_roi.mat.p.value -0.00124 3.03809E-07 -1 

Cerebelum_4_5_R_roi.mat.p.value -0.00094 8.00006E-08 -1 

Cerebelum_3_R_roi.mat.p.value 0.000772 2.9628E-08 1 

Parietal_Inf_R_roi.mat.p.value -0.00113 2.35759E-08 -1 

Lingual_R_roi.mat.p.value -0.00076 1.8173E-08 -1 

Vermis_1_2_roi.mat.p.value 0.000888 6.86029E-10 1 

Cerebelum_9_R_roi.mat.p.value -0.00085 3.80796E-10 -1 

Parietal_Sup_R_roi.mat.p.value 0.000985 9.23485E-11 1 

Occipital_Inf_R_roi.mat.p.value -0.00101 2.47715E-12 -1 

Vermis_7_roi.mat.p.value 0.001173 1.80715E-12 1 

Putamen_R_roi.mat.p.value -0.00101 1.13213E-13 -1 

Temporal_Pole_Mid_R_roi.mat.p.value -0.00103 3.13991E-14 -1 

Putamen_L_roi.mat.p.value -0.00082 1.93466E-14 -1 

Olfactory_R_roi.mat.p.value -0.00167 5.47602E-16 -1 

Lingual_L_roi.mat.p.value -0.00113 1.7055E-16 -1 

Hippocampus_L_roi.mat.p.value 0.001255 1.16937E-18 1 

Cerebelum_6_L_roi.mat.p.value -0.0016 1.97088E-19 -1 

Frontal_Sup_Medial_R_roi.mat.p.value -0.00153 1.29418E-20 -1 

Cerebelum_3_L_roi.mat.p.value 0.001198 5.08315E-21 1 

Cerebelum_6_R_roi.mat.p.value -0.00162 2.19255E-21 -1 

Frontal_Mid_R_roi.mat.p.value -0.00153 1.037E-21 -1 

Frontal_Mid_L_roi.mat.p.value -0.00189 8.96942E-22 -1 

Vermis_3_roi.mat.p.value 0.000977 2.30307E-22 1 

Hippocampus_R_roi.mat.p.value 0.001147 9.94018E-23 1 

Paracentral_Lobule_R_roi.mat.p.value 0.001732 6.85534E-25 1 

Precuneus_L_roi.mat.p.value -0.00152 1.85122E-25 -1 

Frontal_Sup_Medial_L_roi.mat.p.value -0.00161 1.7738E-25 -1 

Precentral_R_roi.mat.p.value 0.001418 1.3742E-25 1 

Parietal_Inf_L_roi.mat.p.value -0.0019 4.91941E-27 -1 

Heschl_L_roi.mat.p.value -0.00234 6.89798E-31 -1 

Temporal_Pole_Sup_L_roi.mat.p.value -0.00197 1.83017E-31 -1 

Precuneus_R_roi.mat.p.value -0.00176 6.10781E-32 -1 
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ID F0_mean F0_pValue.corr F0_Mark 

Paracentral_Lobule_L_roi.mat.p.value 0.001928 4.49431E-32 1 

Heschl_R_roi.mat.p.value -0.00186 1.10429E-32 -1 

Cerebelum_10_R_roi.mat.p.value 0.00112 4.59745E-34 1 

Temporal_Pole_Sup_R_roi.mat.p.value -0.00164 3.33935E-34 -1 

Frontal_Sup_Orb_L_roi.mat.p.value -0.00225 1.0882E-34 -1 

Frontal_Inf_Oper_L_roi.mat.p.value -0.00275 1.2415E-35 -1 

SupraMarginal_R_roi.mat.p.value -0.00227 1.22248E-37 -1 

Occipital_Mid_L_roi.mat.p.value -0.00172 9.53243E-39 -1 

Frontal_Sup_Orb_R_roi.mat.p.value -0.00255 6.75587E-39 -1 

Angular_R_roi.mat.p.value -0.0022 1.67187E-39 -1 

Rolandic_Oper_L_roi.mat.p.value -0.00285 6.93116E-40 -1 

Occipital_Mid_R_roi.mat.p.value -0.00179 1.69234E-40 -1 

Frontal_Mid_Orb_L_roi.mat.p.value -0.00308 8.06584E-41 -1 

Insula_L_roi.mat.p.value -0.00253 2.20936E-42 -1 

Cerebelum_10_L_roi.mat.p.value 0.001112 1.0536E-42 1 

Temporal_Inf_L_roi.mat.p.value -0.00282 9.25735E-47 -1 

Occipital_Inf_L_roi.mat.p.value -0.00202 6.98792E-47 -1 

Frontal_Mid_Orb_R_roi.mat.p.value -0.00301 5.52086E-48 -1 

Angular_L_roi.mat.p.value -0.00299 2.40712E-49 -1 

Frontal_Inf_Oper_R_roi.mat.p.value -0.00221 1.35276E-49 -1 

Rectus_R_roi.mat.p.value -0.00265 4.21419E-50 -1 

Fusiform_L_roi.mat.p.value -0.00245 3.86386E-50 -1 

SupraMarginal_L_roi.mat.p.value -0.00299 3.55095E-50 -1 

Temporal_Sup_L_roi.mat.p.value -0.00266 1.57609E-51 -1 

Rectus_L_roi.mat.p.value -0.00327 4.26399E-52 -1 

Vermis_6_roi.mat.p.value 0.002891 1.73852E-52 1 

Rolandic_Oper_R_roi.mat.p.value -0.00226 3.11497E-53 -1 

Fusiform_R_roi.mat.p.value -0.00243 1.07146E-53 -1 

Cingulum_Ant_L_roi.mat.p.value -0.00248 1.25208E-54 -1 

Insula_R_roi.mat.p.value -0.00264 3.24591E-55 -1 

Frontal_Med_Orb_R_roi.mat.p.value -0.003 1.1678E-55 -1 

Cingulum_Ant_R_roi.mat.p.value -0.00253 5.32196E-58 -1 

Vermis_4_5_roi.mat.p.value 0.00219 1.17104E-58 1 

Frontal_Inf_Tri_L_roi.mat.p.value -0.00308 1.01064E-59 -1 

Frontal_Inf_Tri_R_roi.mat.p.value -0.00227 3.48368E-60 -1 

Temporal_Inf_R_roi.mat.p.value -0.00261 2.17066E-61 -1 

Temporal_Sup_R_roi.mat.p.value -0.00286 1.25759E-65 -1 

Frontal_Med_Orb_L_roi.mat.p.value -0.00345 1.35682E-67 -1 

Cingulum_Mid_L_roi.mat.p.value -0.00323 4.03919E-68 -1 

Frontal_Inf_Orb_L_roi.mat.p.value -0.00342 2.45891E-69 -1 



©2019 American Medical Association. All rights reserved. 

 

ID F0_mean F0_pValue.corr F0_Mark 

Cingulum_Mid_R_roi.mat.p.value -0.00323 2.3611E-75 -1 

Frontal_Inf_Orb_R_roi.mat.p.value -0.00301 9.15232E-78 -1 

Temporal_Mid_R_roi.mat.p.value -0.00371 2.55392E-92 -1 

Temporal_Mid_L_roi.mat.p.value -0.0039 3.95516E-93 -1 

Cingulum_Post_R_roi.mat.p.value -0.00316 4.413E-110 -1 

Cingulum_Post_L_roi.mat.p.value -0.00504 6.797E-136 -1 
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