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Mesial Prefrontal Cortex and Alcohol Misuse: Dissociating Cross-
sectional and Longitudinal Relationships in UK Biobank 

 
Supplement 1 

 
 

Supplementary Methods 
Behaviors 
Biobank ethics approval was obtained from the North West Research Ethics Committee (REC reference: 
11/NW/0382). Each variable has a Unique Data Identifier (UDI) within the UK Biobank repository. We provide 
the UDIs for the variables we used: AUDIT (Biobank showcase category 142), alcohol intake frequency (data-
field 1558), smoking pack-years (data-field 20161), and number of cigarettes currently smoked daily (data-field 
3456). Control variables include age (data-field 21003, first imaging visit), gender (data-field 31), imaging data 
collection site (data-field 54), and total intracranial volume (data-field 26521). Further covariates included in the 
Supplementary including depression (Patient Health Questionnaire 9-question, PHQ-9, Biobank showcase 
category 138), anxiety (Generalized Anxiety Disorder 7-question, GAD-7, showcase category 140), Body Mass 
Index (BMI, data-field 21001), and blood pressure (showcase category 100011). 
 
Since AUDIT scores were measured only once in Biobank and cannot be used in the longitudinal analysis, we 
used alcohol intake frequency, which was measured repeatedly, in the longitudinal analysis for our study. We 
calculated the Pearson correlation between AIDIT scores and alcohol intake frequency. In addition, as a 
validation, we also used 1st timepoint alcohol intake frequency replacing the AUDIT scores in the cross-sectional 
analysis to compare the brain correlates. 
 
T1 image preprocessing 
Each participant’s T1 image analyze started from the bias-field-corrected version of the brain-extracted T1 
‘T1_unbiased_brain.nii.gz’. The image was first normalized into MNI space using 
‘T1_to_MNI_warp_coef.nii.gz’ file provided by Biobank. Then the MNI space T1 image was spatially smoothed 
with 6 mm FWHM Gaussian kernel). 
 
Resting-state fMRI preprocessing for nodal degree 
Each participant’s resting-state fMRI (rfMRI) image processing started from ‘filtered_function_data_clean.nii.gz’ 
file which was preprocessed including the following steps (described in the Biobank brain MRI manual): a)  
motion corrected using MCFLIRT; b) grand-mean intensity normalization; c) high-pass temporal filtering (sigma 
= 50s); d) EPI unwarping; e) gradient distortion correction unwarping; and f) structured artefacts removal by ICA 
+ FIX processing (Independent Component Analysis followed by FMRIB’s ICA-based X-noiseifier (1-3). Besides 
these preprocessing steps that were done by Biobank, we further added two steps before calculating nodal degree, 
including a) linear detrend and b) temporal filtering using band between 0.01 and 0.08. 
 
After preprocessing, each participant’s voxel-wise nodal degree brain map was calculated using 
‘y_DegreeCentrality’ function provided by DPABI package (4). Only voxels in the cortical and subcortical grey 
matter were considered in nodal degree calculation, while white matter voxels were excluded. To identify the 
cortical and subcortical voxels in participant’s native space, we used the T1 segmentation results, including 
cortical and subcortical structures in each participant’s T1 folder and used them as the grey matter mask. 
 
After calculating nodal degree map in participant’s native space, we normalized it to standard MRI space using 
the ‘example_func2standard_warp.nii.gz’ warp file in the ‘reg’ folder provided by Biobank and the ‘applywarp’ 
function in FSL package. The MNI space nodal degree maps were smoothed with 6mm FWHM to increased 
signal-to-noise ratio. In this way, we prepared the MNI space nodal degree maps for the latter group level analysis 
 
Resting-state fMRI preprocessing for functional connectivity 
To understand where are the functional connections that drive the resultant pattern in the above nodal degree 
analysis, we used the significant regions in nodal degree analysis as the seed and looked for the seeds functional 
connections post-hoc. For cross-sectional data, a dACC/dmPFC ROI was defined using T < -11 in resting nodal 
degree and AUDIT score analysis. For the longitudinal data, a vmPFC ROI was defined using the convergent 
significant region (GRF corrected p < 0.01 and cluster p < 0.05) in the whole group analysis and frequent drinking 



2 

group. The MNI space ROIs were transformed into each participant’s native space using the reversed warp file. 
The reversed warp file was produced by applying FSL ‘inwarp’ function to the 
‘example_func2standard_warp.nii.gz’ in each participant’s folder. 
 
FC analysis started with the preprocessed ‘filtered_function_data_clean.nii.gz’ file. It was further preprocessed 
with three steps, including 1) smoothed with 6mm FWHM, 2) linear detrend, and 3) temporal filtering using band 
between 0.01 and 0.08. The seed based FC was calculated in participant’s native space using the ‘y_SCA’ function 
in DPABI. Then the native space FC maps were normalized into MNI space using the 
‘example_func2standard_warp.nii.gz’ warp file and FSL ‘applywarp’ function. In this way, the FC maps were 
prepared to relate to the behavioral scores. 
 
Fractional anisotropy preprocessing 
The FA MNI space maps were provided by Biobank. We further smothered them with 6mm FWHM.  
 
Multiple linear regression 
For multiple linear models, all variables, e.g. AUDIT score, age, gender, total intracranial volume, and data 
collection site, were fit in one model using ‘fitlm’ function calculating each variable’s contribution in explaining 
the variance of each voxel signal intensity. 
 
Correction for multiple comparisons  
The Bonferroni and FDR correction were corrected based on the total number of brain voxels for VBM, total 
number of grey matter voxels for resting-state fMRI, and total number of white matter voxels for DWI FA 
analysis.  
 
Gaussian Random Field (GRF) correction is the default multiple correction method in FSL. 
 
The multiple correction from extremely strict to less strict follows this order: Bonferroni correction voxel p < 
0.001, Bonferroni correction voxel p < 0.01, FDR correction voxel p < 0.001, FSL Gaussian Random Field (GRF) 
correction voxel p < 0.01 cluster p < 0.05. We note that commonly standard correction for multiple comparisons 
is at a much lower end of this order. As our findings remained significant following multiple correction at a much 
more stringent correction, for the purposes of highlighting the strength of the finding and identifying the peak 
associations, we always started from the strictest Bonferroni correction voxel p < 0.001 (e.g. equals 
0.001/1,911,640 voxels  = 10^-10 for T1 VBM). If nothing was significant, we then changed the correction to 
Bonferroni correction voxel p < 0.01, and next, to FDR correction voxel p < 0.001 for cross-sectional analysis. 
The longitudinal analysis, particularly analysis on sub-groups, has a relatively smaller sample size and therefore, 
we used FSL default correction method GRF correction voxel p < 0.01 and cluster p < 0.05, which is very standard 
and commonly used by FSL users in the fMRI society. 
 
We used different correction method for cross-sectional data and longitudinal data, because brain statistical maps 
can survive different levels of multiple comparison correction. If we use GRF correction for the longitudinal 
analysis, every voxel will be significant. On the other hand, in the longitudinal analysis, if we use Bonferroni or 
FDR correction on number of voxels, no voxels can survive. This is due to the very different sample sizes in cross-
sectional and longitudinal analyses. While both samples are large, the cross-sectional analysis has ~24,000 
participants while the longitudinal analysis has ~3,000 -- the former analysis has ~20,000 participants more than 
the latter and thus the two analyses are not comparable in terms of p-values, effect size, and statistical power. If 
we use the same p-values for both, the cross-sectional analysis will show whole brain significance because of the 
larger ‘power’ led by the very much larger sample size.   
 
To help explain how different sample sizes affect the significant level, we provide the alcohol effect results using 
different multiple comparison corrections. In addition, we also simulated the cross-sectional analysis using the 
same sample size as in the longitudinal analysis (e.g. 3,037 participants for the rfMRI nodal degree analysis). 
 
Support vector regression models 
The support vector regression (SVR) model is given in detail here. We use a brain atlas with 625 similar sized 
ROIs. The ROIs, which are provided in the GRETNA software package (5), are based on an automated anatomical 
labeling (AAL) 90 grey matter atlas but further separated into smaller similarly sized ROIs respecting the region 
boundaries of the AAL atlas. Pearson correlation between predicted and real behavioral residual scores was used 
to measure the SVR split-half cross-validation model accuracy. The support vector regression (SVR) models were 
built with the ‘fitrlinear’ function in Matlab. With this function, we used the ‘svm’ learner. The term ‘lambda’ 
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was chosen from a set of 50 logarithmically-spaced regularization strengths from 10−5 through 105 in 5-fold 
cross-validation. 
 
To build the predictive model, we separated the full participants group into three subsets. T1 and AUDIT 
predictive model is used as an example to demonstrate the settings. The number of participants available is 24,784. 
We first used a set of 4,784 participants’ behavioral data to calculate the residual AUDIT scores through a simple 
linear model, controlling for age, gender, total intracranial volume, and data collection site. With this behavioral 
score model, we calculated the other 20,000 participants’ AUDIT residual scores. Then we built split-half cross-
validation training the SVR model based on 10,000 participants using the 625 brain ROIs values to relate to the 
AUDIT residual scores. Then the model was tested on the other 10,000 participants. The Pearson correlation 
between predicted AUDIT residual scores and real scores was used as the prediction accuracy. The split-half 
cross-validation was repeated 10,000 times.  
 
The number of participants that used in other brain-behavior SVR models were given in Table S2. 
 
We present an exemplary scatter plot of predicted and actual AUDIT residual scores from the cross-validation 
using nodal degree to predict AUDIT residual scores. 
 
Gender effect and data collection site effect cross-sectional analysis 
Gender and data collection sites were considered as covariates and were regressed out in the main analyses for 
alcohol use, smoking, and aging. In the Supplementary, we present the gender and sites effects. We coded ‘1’ for 
male and ‘2’ for female.  There are three sites and coded ‘11025’, ‘11026’, and ‘11027’ and were coded UK 
Biobank. Gender and site effects were analyzed the same way as alcohol effect, respectively. To highlight, in the 
‘fitlm’ function (Matlab 2020b), we defined gender and site in the term ‘CategoricalVar’, so that gender and site 
were considered as dummy variables. 
 
Alcohol effect in multiple linear regression 
We used the alcohol effect as an example to show the brain patterns in multiple linear regression. Other variables 
had the same brain patterns as simple linear regression (relating to brain data residuals). With the ‘fitlm’ function 
(Matlab 2020b), for every grey matter voxel, we defined a multiple linear model ‘brain measures ~ AUDIT score 
+ age + gender + TIV + site’. Then we extracted the T and p values from the regression models, and reconstructed 
the values back to the brain.  
 
Support vector regression for longitudinal data 
We built the support vector regression (SVR) models for longitudinal alcohol intake frequency using the same 
method as for cross-sectional data. Our purpose for running the SVR models was to test if the relationship can be 
cross-validated, so that the relationship is stable at a population level. However, we highlight that the longitudinal 
data was far from a normal distribution (in Figure S1, the last row shows the histogram of change in alcohol intake 
frequency). In this case, a split-half cross-validation will be flawed, because in some occasions, the training model 
might only include participants who do not change longitudinally, and can lead to failure in predicting participants 
who changed. 
 
Control for demographic and psychiatric covariates 
In the cross-sectional analysis, in addition to age, gender, TIV, and site, we further controlled for age^2, age^3, 
blood pressure, body mass index (BMI), education years, depression scores (PHQ-9), and anxiety scores (GAD-
7). In the longitudinal analysis, in addition to the extra demographic and psychiatric covariates, we also 
controlled for baseline alcohol consumption and time between measurements. 
 
 
 

Supplementary Results 
 
Aging and grey matter concentration cross-sectional analysis 
As expected, aging has a very strong VBM effect. The whole brain grey matter concentration negatively related 
to aging , with peak decline locates surrounding the ventricles (Figure 3, Aging, simple linear regression). The 
peak relationships are mainly in four clusters, including the thalamus and caudate, bilateral insular, dACC/dmPFC 
(with increased threshold voxel T < -40 and cluster > 1,000 mm3, controlling for gender, total intracranial volume, 
data collection site, and AUDIT scores). The first cluster includes the thalamus and caudate (peak coordinates: 1, 
-18, 2; T = -71.70, p < 10^-17, effect size = 0.2075; cluster size = 28,008 mm3).  The second cluster locates in the 
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right insular (peak coordinates: 46, -6, 2, T = -61.54, p < 10^-17, effect size = 0.1528, cluster size = 8,121 mm3). 
The third cluster locates in the left insular (peak coordinates: -45, -6, -1, T = -58.34, p < 10^-17, effect size = 
0.1373, cluster size = 7,519 mm3). The last cluster includes dACC/dmPFC (peak coordinates: 1, 36, 26, T = -
55.33, p < 10^-17, effect size = 0.1235, cluster size = 8,428 mm3), which overlaps with alcohol use and smoking 
grey matter correlates. 
 
The SVR predictive model shows the whole grey matter significantly related to age residuals (Figure 3, Aging, 
support vector regression). The mean SVR model accuracy r = 0.77 (range: 0.51 ~ 0.80 in 10,000 times cross-
validation) and significant at p < 0.00001 (permutation test 10,000 times). 
 
Aging and nodal degree cross-sectional analysis 
Aging is related to reduced nodal degree in the whole brain grey matter after regression out gender, AUDIT scores, 
total intracranial volume, and data collection site. Three clusters surrounding the ventricles have the largest effects 
(with T < -40 and cluster size > 1,000 mm3). Cluster 1 locates at the right insular (peak coordinates: 48, -2, -2, T 
= -53.68, p < 10^-17, effect size = 0.1180, cluster size = 2,560 mm3). Cluster 2 locates at the left insular (peak 
coordinates: -44, -6, -2, T = -49.50, p < 10^-17, effect size = 0.1003, cluster size = 2,080 mm3). Cluster 3 locates 
at the dACC/dmPFC (cluster peak coordinates: 2, 38, 26, T = -49.40, p < 10^-17, effect size = 0.0999, cluster size 
= 3,216 mm3). Besides, two clusters in bilateral parietal lobe are also significant. The fourth cluster locates in the 
right precentral gyrus (cluster peak coordinates: 46, -14, 50, T = -47.62, p < 10^-17, effect size = 0.0928, cluster 
size = 1,168 mm3). The fifth cluster locates in the left inferior parietal  lobule (cluster peak coordinates: -42, -44, 
56, T = -44.26, p < 10^-17, effect size = 0.0802, cluster size = 1,368 mm3). 
 
The SVR predictive model also shows the about five clusters significantly related to age residuals (Figure 4, 
Aging, support vector regression). The mean SVR model accuracy is r = 0.69 (range: 0.65 ~ 0.70 in 10,000 times 
cross-validation) and significant at p < 0.00001 (permutation test 10,000 times). 
 
Aging and dACC/dmPFC functional connectivity cross-sectional analysis 
To compare the FC pattern with the alcohol use, we looked for the negative relationship which means reduced FC 
in elder participants, after controlling for gender, AUDIT scores, total intracranial volume, and data collection 
site (Figure 5, aging). The aging FC pattern looks very different from the alcohol use. The related FC are mainly 
surrounding lateral sulcus and ventricle, e.g. with peaks in bilateral insular and superior temporal gyri  (the left 
insular, cluster peak: -40, 16, -12, T = -35.92, p < 10^-17, effect size = 0.0528, cluster size = 19,016 mm3; the 
right insular, cluster peak: 42, 16, -14, T = -37.57, p < 10^-17, effect size = 0.0578, cluster size = 22,624 mm3;). 
Significant FCs can also be seen in caudate, but more likely the edges of the caudate surrounding the ventricles, 
and not the caudate body which is seen in alcohol use and smoking. 
 
Fractional anisotropy cross-sectional analysis 
Alcohol. Analogous to the grey matter based analysis, in FA voxelwise analysis (Bonferroni corrected voxel 
p<0.001 and cluster size>400 mm3, Supplementary materials Figure S3), the white matter tracts surrounding 
dACC/dmPFC, including the genu and body of corpus callosum and cingulum, were negatively related to alcohol 
use (peak coordinates: -2,19,15, T=-11.96, p<10^-17, effect size=0.0063). Reduced FA in the cortical spinal tract 
and internal capsule are also related to more alcohol use, which might explain the alcohol use functional 
connections between dACC/dmPFC and amygdala (in the right hemisphere, peak coordinates: 20, -11, -11, T = -
12.13, p < 10^-17, effect size = 0.0064; in the left hemisphere, peak coordinates: -20, -13, -11, T = -10.83, p < 
10^-17, effect size = 0.0051). 
 
Smoking. Smoking had a similar effect on FA as did alcohol, but the extent was larger. The peak relationships 
can be seen in corpus callosum and cingulum (peak coordinates: -5,34,-1, T=-14.67, p<10^-17, effect 
size=0.0073). In the temporal lobe tracts, the peak relationships can be seen in bilateral fornix, which locates close 
to the lateral ventricles inferior horn (left hemisphere peak coordinates: -30, -25, -7, T = -18.08, p < 10^-17, effect 
size = 0.0111; right hemisphere peak coordinates: 30, -25, -7, T = -16.73, p < 10^-17, effect size = 0.0095), instead 
of the cortical spinal and internal capsule relationships in alcohol use. It might explain the functional connectivity 
difference in the amygdala between smoking and alcohol use. 
 
Aging. The FA analysis shows white matter concentration declines as age increases. The peak can be seen in the 
white matter tracts close to the ventricles, e.g. in corpus callosum (peak coordinates: -15, 29, 0, T = -80.43, p < 
10^-17, effect size = 0.2829). Similar to smoking FA results, bilateral fornix, close to the lateral ventricles inferior 
horn, also have the peak relationships (peak coordinate: -29, -35, -1, T = -88.55, p < 10^-17, effect size = 0.3429). 
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Functional connectivity of ventromedial prefrontal predicting alcohol change 
In the left hemisphere, the three significant clusters include superior and middle frontal gyri orbital part (peak 
coordinates: -30, 54, -2, T = -4.58, p = 10^-5, effect size = 0.1723, cluster size = 2,048 mm3), middle frontal gyrus 
(peak coordinates: -38, 30, 30, T = -3.77, p = 0.0003, effect size = 0.1163, cluster size = 2,016 mm3), and inferior 
parietal lobule (peak coordinates: -46, -58, 46, T = -4.56, p = 10^-5, effect size = 0.1707, cluster size = 2,424 
mm3). In the right hemisphere, the three significant clusters include middle frontal gyri and its orbital part (peak 
coordinates: 34, 54, 4, T = -3.92, p = 0.0001, effect size = 0.1261, cluster size = 1,800 mm3), middle frontal gyrus 
and inferior frontal gyrus opercular part (peak coordinates: 38, 20, 32, T = -4.97, p = 10^-6, effect size = 0.2023, 
cluster size = 3,032 mm3), and inferior parietal lobule (peak coordinates: 42, -44, 36, T = -4.41, p = 10^-5, effect 
size = 0.1596, cluster size = 2,864 mm3). 
 
Scatter plot of predicted and actual AUDIT residual scores 
Figure S4 shows an exemplary scatter plot between predicted and actual AUDIT residual scores.  
 
Gender and data collection effects cross-sectional analysis 
Gender. When male (coded ‘1’) is used as a reference level, the female brain (coded ‘2’) has generally lower grey 
matter signals on the brain edges, but has higher signal in the bilateral parahippocampal and amygdala, middle 
occipital, posterior temporal, anterior to middle cingulate, and supramarginal gyrus. In the nodal degree map, the 
female brain has a higher nodal degree in the bilateral orbitofrontal regions, while the male brain has a generally 
higher nodal degree in the whole brain. Brain maps are with FDR corrected voxel p < 0.001 (Figure S5).  
 
Site. Site_11025 is used as a reference level. Site_11026 and site_11027 are generally higher than site_11025 in 
T1 grey matter signals. The nodal degree shows a different pattern. Nodal degree values from site_11026 are more 
likely to be lower than those from site_11025, whilst nodal degree values from site_11027 are generally higher 
than those from site_11025. Brain maps are with FDR corrected voxel p < 0.001 (Figure S6). 
 
Alcohol effect in multiple linear regression 
The multiple linear regression resultant patterns (Figure S7) are the same as in residualized analysis. In the VBM 
analysis, greater alcohol use was related to reduced grey matter concentration in dorsal anterior 
cingulate/dorsomedial prefrontal cortex (dACC/dmPFC) (Bonferroni corrected voxel p<0.001, cluster size>400 
mm3), same pattern as the residualized analysis. The nodal degree analysis shows the same pattern, with 
dACC/dmPFC being significant (T < -10, cluster size >400mm3). 
 
Alcohol effect with different multiple comparison corrections in cross-sectional analysis 
The alcohol effect with different multiple comparisons corrections (Figure S8) shows as we reduce the stringency 
of multiple comparisons corrections criteria, from dACC/dmPFC being the peak cluster, more regions surrounding 
the large sulcus e.g. central sulcus and lateral sulcus, begin to show significance.  
 
We also show in Figure S9 that when the cross-sectional analysis sample sizes are the same as in the longitudinal 
analysis (e.g. 3,037 participants simulated in the analysis), the size and extent of the significant cluster is more 
comparable to each other. The dACC/dmPFC cluster is more focal compared with the results using the real sample 
size (24,423 participants). 
 
Support vector regression for longitudinal data 
When using T1 to predict the change in alcohol intake frequency, the model accuracy was r=0.07 
(range:0.01~0.14, 10,000 times cross-validation; p < 0.00001, permutation test 10,000 times). When using resting-
state nodal degree to predict the change in alcohol intake frequency, the model accuracy was r=0.07 (range: 
0~0.13, 10,000 times cross-validation; p < 0.00001, permutation test 10,000 times). Please see Figure S10 for the 
SVR model reconstructing back to the brain. Notably, we use SVR mainly to test if the relationship between brain 
measures and behaviors can be cross-validated. Therefore, the model accuracy is the main finding, while in SVR 
the brain maps are likely to be hard to interpret because of both positive and negative relationships. 
 
Control for demographic and psychiatric covariates 
The resultant brain maps remain the same pattern as in the main text (see Figure S11 for the resultant maps). But 
one disadvantage in this analysis is that not all participants have all the relevant measures included in the model, 
and therefore, the number of participants in each analysis is reduced. For cross-sectional analysis, there are N = 
20,927 and N = 21,228 participants for nodal degree and T1 analysis, respectively. For the longitudinal analysis, 
almost 1/3 of the participants are excluded and there are N = 2,058 and N = 2,108 participants for nodal degree 
and T1 analysis, respectively.   
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Table S1. Demographics 

 
 Mean SD N (usable data) 

Age 63.62 7.55 39,679 

Age difference between 2 visits 2.35 0.71 3,070 

BMI 26.51 4.39 38,371 

PHQ-9 2.56 3.50 27,110 

GAD-7 1.99 3.23 27,209 

Fluid intelligence 6.63 2.06 36,519 

Numeric memory 6.78 1.27 26,468 

AUDIT scores 5.18 4.19 27,306 

Pack-year (all) 5.21 11.85 33,900 

pack-year (smokers) 19.26 15.78 9,162 

* Gender: 53% female (N = 39,679)   

 
BMI: Body mass index. 
PHQ-9: Patient Health Questionnaire, the depression module.  
GAD-7: Generalised Anxiety Disorder Assessment. 
AUDIT: Alcohol Use Disorders Identification Test. 
 
BMI, PHQ-9, GAD-7, fluid intelligence, and numeric memory, did not show significant interactions with AUDIT scores on the 
brain measures, and therefore were not included in the main analysis and text. 
 
 
 
 
 
See Supplement 2 (Excel file) for Table S2. Number of participants in analyses  



8 

 
Table S3. Functional connectivity clusters report for alcohol use 

Clusters Size 
(mm3) 

Peak intensity 
(T scores) 

Peak coordinates 
(MINI x, y, z) 

Cluster 1 3144 -8.25 52  8  42 
 Precentral (R) 1464   
 Frontal Inf Oper (R) 1024   
 Frontal Inf Tri (R) 344   
 Frontal Mid (R) 296   
    
Cluster 2 3456 -7.72 -50  4  40 
 Precentral (L) 1632   
 Frontal Inf Tri (L) 1360   
 Frontal Inf Oper (L) 456   
    
Cluster 3 6392 -6.83 -22  4  6 
 Putamen (L) 4448   
 Amygdala (L) 688   
 Pallidum (L) 608   
    
Cluster 4 3968 -7.69 -8  10  14 
 Caudate (L) 1936   
 Thalamus (L) 1824   
    
Cluster 5 5848 -7.06 30  -14  2 
 Putamen (R) 4464   
 Pallidum (R) 920   
 Amygdala (R) 280   
    
Cluster 6 3888 -7.52 10  4  16 
 Caudate (R) 1768   
 Thalamus (R) 1752   
    
Cluster 7 1392 -5.17 28  46  -16 
 Frontal Mid Orb (R) 920   
 Frontal Inf Orb (R) 400   
    
Cluster 8 976 -4.96 -30  42  -16 
 Frontal Mid Orb (L) 520   
 Frontal Inf Orb (L) 392   

 
Footnotes: Automated anatomical labelling atlas (AAL) 90 was used to report the region locations. Cluster 1 and Cluster 2 
passed Bonferroni corrected voxel p < 0.01. Cluster 3 to Cluster 8 passed FDR corrected voxel p < 0.001. 
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Table S4. Functional connectivity clusters report for smoking 
Clusters Size 

(mm3) 
Peak intensity 

(T scores) 
Peak coordinates 

(MINI x, y, z) 
Cluster 1 6184 -9.40 14  34  56 
 Frontal Sup (R) 5744   
 Frontal Sup Medial (R) 184   
    
Cluster 2 3944 -9.22 -24  32  48 
 Frontal Sup (L) 3600   
 Frontal Mid (L) 296   
    
Cluster 3 15792 -9.13 30  -12  0 
 Putamen (R) 5824   
 Thalamus (R) 4176   
 Caudate (R) 3456   
 Pallidum (R) 1432   
    
Cluster 4 16320 -8.89 -20  4  -2 
 Putamen (L) 5784   
 Thalamus (L) 4904   
 Caudate (L) 3136   
 Pallidum (L) 1368   
 Amygdala (L) 168   
    
Cluster 5 2280 -5.27 20  38  -18 
 Frontal Sup Orb (R) 832   
 Rectus (R) 480   
 Rectus (L) 368   
 Frontal Mid Orb (R) 216   
 Frontal Sup Orb (L) 208   

 
Footnotes: Automated anatomical labelling atlas (AAL) 90  was used to report the region locations. Cluster 1 and Cluster 2 
passed Bonferroni corrected voxel p < 0.01. Cluster 3 to Cluster 5 passed FDR corrected voxel p < 0.001. 
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Figure S1. Behavioral scores distribution. The behaviors of interest are plotted in a histogram to help understand the data 
distribution. Considering measuring disorders, the sample size is normative in each bin for each behavior, except for the smoking 
pack-year. When including non-smokers, the majority of them are non-smokers. Therefore, when analyzing smoking data, we 
also use pack-year (smokers only) as a validation. 
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Figure S2. Relating brain measures to alcohol intake frequency cross-sectional analysis. The left brain image shows the 
regions’ resting nodal degree that related to 1st timepoint alcohol intake frequency (FDR corrected voxel p < 0.001 and cluster 
size > 400 mm3). The right brain image shows the regions’ T1 grey matter (GM) concentration that related to 1st timepoint alcohol 
intake frequency (voxel p < 0.005 uncorrected and cluster size > 400 mm3). The dorsal anterior cingulate cortex and dorsomedial 
prefrontal are significant in both resting (peak coordinates: 2,46,48; T=-6.70, p=10^-12, effect size=0.0020; cluster size=15,360 
mm3) and GM (peak coordinates: 2,46,51; T=-4.03, p=10^-5, effect size=0.0007; cluster size=2,725 mm3) and, have the same 
pattern as in AUDIT scores analysis. In addition, regions in bilateral postcentral and parietal lobule also significantly relate to 
alcohol intake frequency. 
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Figure S3. Relating fractional anisotropy to behaviors cross-sectional analysis. The three rows show the voxelwise 
fractional anisotropy (FA) that relates to alcohol use, smoking, and aging, respectively (Bonferroni corrected voxel p < 0.001 and 
cluster size > 400 mm3). More alcohol use relates to reduced FA in genu and body of corpus callosum, cingulum, cortical spinal 
tract, and internal capsule. For smoking, the peak relationships are in corpus callosum, cingulum, and fornix (close to the lateral 
ventricles inferior horn). The aging peak regions are similar to smoking, but to a larger extent. 
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Figure S4. Scatter plot of predicted and actual AUDIT residual scores. The example includes 10,000 participants data in the 
test data using resting-state nodal degree. The model accuracy (Pearson correlation) between predicted and actual AUDIT 
residual scores R = 0.11. 
 
  



14 

 
 
Figure S5. Gender effect cross-sectional analysis. The two rows show the gender effects in T1 grey matter concentration and 
resting-state nodal degree, respectively (FDR corrected voxel p < 0.001). Orange color denotes higher values in the female brain 
while blue color denotes higher values in the male brain. The female brain has generally lower grey matter signals on the brain 
surface but has higher signals in the bilateral parahippocampal and amygdala, middle occipital, posterior temporal, anterior to 
middle cingulate, and supramarginal gyrus. In the nodal degree map, the female brain has a higher nodal in the bilateral 
orbitofrontal regions, while the male brain has a generally higher nodal degree in the whole brain. 
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Figure S6. Site effect cross-sectional analysis. The four rows show the site effects in T1 grey matter concentration and resting-
state nodal degree, respectively (FDR corrected voxel p < 0.001). Because the site is considered as a categorical variable and 
has three categories: site_11025, site_11026, and site_11027. In the regression model, site_11025 is used as the reference 
category, the brain figures show how brain data collected at the latter two sites are different from the reference site. Yellow and 
orange color denotes higher values in the site_11026 or site_11027 (marked on the figure), while blue color denotes higher 
values in the site_11025. T1 brain maps in the latter two sites have generally higher grey matter signals. But the nodal degree 
maps of site_11026 are more likely to be lower than those from site_11025, whilst brain maps from site_11027 are more likely to 
be higher than those from site_11025.  
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Figure S7. Alcohol effect from multiple linear regression. The resultant brain patterns are the same as in residualized 
analysis. In the VBM analysis, greater alcohol use is related to reduced grey matter concentration in dorsal anterior 
cingulate/dorsomedial prefrontal cortex (dACC/dmPFC) (Bonferroni corrected voxel p<0.001, cluster size>400 mm3), same 
pattern as the residualized analysis. In the nodal degree analysis shows the same pattern, with significant dACC/dmPFC (T < -
10, cluster size >400mm3). 
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Figure S8. Alcohol effect with different multiple comparisons correction methods in cross-sectional analysis. From T < 
-10, -8 to Bonferroni correction voxel p<0.001 and p < 0.01 (cluster size>400 mm3), FDR correction p < 0.001 (cluster size>400 
mm3), and GRF correction voxel p < 0.01 (cluster p < 0.05), the number of voxels that can survive the correction cut-off values 
gradually increase. Due to the large sample size and therefore large statistical power, almost every voxel can survive the multiple 
comparisons correction at FDR p < 0.001 and GRF p < 0.01, with dACC/dmPFC having the largest associations.  
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Figure S9. Simulated alcohol effect with 3,037 participants in cross-sectional analysis. When randomly selected 3,037 
participants (Matlab ‘randperm’ function), same the sample size as in the longitudinal analysis, the cross-sectional analysis shows 
significant associations in a more focal cluster in dACC/dmPFC compared with Figure S8 (GRF correction voxel p < 0.01 and 
cluster p < 0.05 criteria).  
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Figure S10. Support vector regression predicting longitudinal alcohol intake frequency change. To note, we use SVR 
mainly to test if the relationship between brain measures and behaviors can be cross-validated and replicable. The SVR brain 
maps are likely to be hard to interpret because of both positive and negative relationships in SVR models. Therefore we will not 
over-interpret the brain predictors, but focus on the model accuracy. T1 model accuracy r=0.07 (range:0.01~0.14, 10,000 times 
cross-validation; p < 0.00001, permutation test 10,000 times). Resting-state nodal degree model accuracy r=0.07 (range: 0~0.13, 
10,000 times cross-validation; p < 0.00001, permutation test 10,000 times).   
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Figure S11. Control for demographic and psychiatric covariates. In the cross-sectional analysis, after controlling for age, 
gender, TIV, and site, age^2, age^3, blood pressure, body mass index (BMI), education years, depression scores (PHQ-9), and 
anxiety scores (GAD-7), AUDIT residual scores significant relate to dorsal anterior cingulate and dorsomedial prefrontal 
(dACC/dmPFC) in resting-state nodal degree (T < -10 and cluster size > 400 mm3) and T1 grey matter (GM) concentration (FDR 
corrected voxel p < 0.001 and cluster size > 400 mm3) analyses. In the longitudinal analysis, besides the extra demographic and 
psychiatric covariates in the cross-sectional analysis, we also controlled for the baseline alcohol consumption and time between 
measurements. After controlling for these covariates, residual scores of alcohol intake frequency change significantly relate to 
ventromedial prefrontal regions (vmPFC) in resting-state nodal degree (GRF corrected voxel p<0.01 and cluster < 0.05) and T1 
GM concentration (at a lower threshold, GRF corrected voxel p < 0.05 and cluster p < 0.05). To note, not all participants have all 
the relevant measures included in the model, and therefore, the number of participants in each analysis is reduced compared 
with the main text analysis (also see TableS2, number of participants included). For cross-sectional analysis, there are N = 20,927 
and N = 21,228 participants for nodal degree and T1 analysis, respectively. For the longitudinal analysis, almost 1/3 of the 
participants are excluded due to lack of available data in one or more covariates, and there are N = 2,058 and N = 2,108 
participants for nodal degree and T1 analysis, respectively. 
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