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eMethods. Supplemental Methods 

Participants: antidepressant treatment 

29 ARMS received low doses antidepressants at the time of scanning (mean treatment 

duration 5 months): 8x escitalopram (10 mg); 1x bupropion (unknown), 2x citalopram (20 

mg), 2x venlafaxine (75, 150 mg), 8x mirtazapine (30-45 mg), 3x duloxetine (30, 60, 90 mg), 

3x fluoxetine (20 mg), 1x paroxetine (40 mg), 1x sertraline (50 mg).  

Six FEP patients were receiving antidepressants (duration of treatments unknown): 3x 

escitalopram (10 mg), 1x venlafaxine (75 mg), 1x paroxetine (10 mg), 1x mirtazapine (10 mg).   

 

Structural MRI: data acquisition 

All participants were scanned using a SIEMENS (Erlangen, Germany) MAGNETOM VERIO 3 T 

scanner with a 12-channel radiofrequency head coil. Head movement was minimized by 

foam padding across the forehead. A whole brain 3-dimensional T1-weighted magnetization 

prepared rapid acquisition gradient (MPRAGE) sequence was applied. The acquisition was 

based on a sagittal matrix of 256 × 256 × 176 and 1 mm3 isotropic spatial resolution, with an 

inversion time of 1000 ms, repetition time of 2 s, echo time of 3.4 ms, flip angle of 8° and 

bandwidth of 200Hz/pixel. All images were reviewed by trained neuroradiologists and 

assessed for radiological abnormalities.   

 

Computation of local gyrification indices (LGIs) 

To measure cortical folding patterns for each of the several thousands of vertices across the 

entire cortical surface, we used the method advocated originally by Schaer et al.1 and 

described in detail previously.2 This method provides Local Gyrification Indices (LGIs), 

numerical values assigned in a continuous fashion to each vertex of the reconstructed 

cortical sheet. The LGI of a vertex corresponds to the ratio of the surface area of the folded 
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pial contour (“buried” surface) to the outer contour of the cortex (“visible” surface) included 

within spherical regions of interest (25mm radius). This yields a continuous gyrification 

surface map for each subject with each vertex on the reconstructed pial surface 

representing the LGI, and provides a smoothed estimate when an average is computed on 

the basis of regional anatomy using parcellation schemes. This surface was then parcellated 

into 68 brain regions (34 in each hemisphere) using Desikan’s atlas (eFigure 1)3 that follows 

the gyral landmark conventions specified by Duvernoy4 and Ono.5 The average LGI of all 

vertices that were included in a parcellated region was assigned as the gyrification index 

value for the corresponding brain region, in line with our previous reports.6, 7 

 

Gyrification network construction 

We first generated a 68 × 68 correlation matrix (Pearson’s correlation) based on LGIs for 

each of the 4 groups, adjusted for the effect of age, gender, and intracranial volume. We 

then employed a jackknife-bias estimation procedure to determine each individual's 

contribution to the overall group-level covariance structure. Jack-knife is a special case of 

bootstrapping that uses a leave-one out approach to estimate a resampled correlation value, 

and then estimates the deviation from original full-group correlation to quantify the 

contribution of an individual subject.8 The estimated differences provided subject-wise 68 × 

68 distance matrix for the 4 groups, unaffected by differences in the group size. Jack-knife 

correlation is equivalent to conventional correlation and has been employed successfully to 

capture the covariance structure among single units (e.g. single trial or individual).9 A 

publicly available Matlab open-source toolbox (GAT10) that follows the algorithm of network 

measures from the Brain Connectivity Toolbox (https://sites.google.com/site/bctnet/) was 

used for studying various topological properties. For the weighted connectivity matrices 

obtained from each subject, a range of network thresholds based on connection density (i.e., 

0.05 – 0.25 with steps of interval 0.01) was applied to generate binary undirected adjacency 
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matrices. This choice of range enabled between-group comparisons in topological measures 

across graphs with comparable number of edges, but without inducing disconnection or 

losing small-worldness. Computed topological measures were normalised to equivalent 

values derived from 20 random (‘null’) networks with the same degree distribution. Figure 1 

depicts a flowchart of the graph analysis.   

 

Graph-based metrics 

Measures of integration, segregation and resilience were derived from each group-specific 

graph whose edges were constructed on the basis of group-level correlation among the 

individual brain regions (nodes). 

(1) Integration: Shortest path length Lp between two regions (A, B) that refers to the 

minimum number of connections that link A and B. If A and B have direct structural 

covariance, then they will have a direct connection in the gyrification connectome, with 

their Lp being 1. If A and B do not have direct covariance, but if A covaries with C, and C 

covaries with B, then the Lp between A and B will be 2 (mediated by 2 connections; AC and 

CB). The average shortest path length between all pairs of regions in the network gives the 

characteristic path length of the network (MLp).  

(2) Segregation: Clustering coefficient Cp indicates the presence of a high degree of 

covariance (number of connections or edges) among neighbouring regions. The average of 

clustering coefficients of each region (or node) provides the clustering coefficient of the 

network (MCp). In addition, we also calculated transitivity as per Newman’s algorithm.11 

Transitivity is calculated for the entire network, and not applicable for individual nodes. 

Hence it is not biased by low-degree nodes in the same way as MCp.12  

(3) Resilience: If well-connected (high degree) hubs are preferentially connected to other 

high degree hubs, then removal of one of the high degree hubs will be less likely to affect 
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the connectedness of the entire graph. This property, called assortativity,13 is measured by 

estimating the correlation between the degree of a node and the mean degree of its nearest 

neighbours in a connectome. 

In line with previous connectomic studies, we estimated the small-world index by comparing 

the estimated topological properties (MCp and MLp) of the networks with corresponding mean 

values of null random graphs (MCnull and MLnull) constructed with same number of nodes, 

edges and degree distribution as the gyrification based networks. Small world index (SWI) is 

given by ([MCp/MCnull]/[MLp/ MLnull]. An SWI>1 suggests a small-world network that has a 

relatively high segregation and integration compared to random null networks.14 Most 

biological networks, including neuroimaging based connectomes show SWI>1, indicating 

efficient information transfer at a relatively low wiring cost.  

 

Classification analysis 

Classification was performed using the extremely randomized trees algorithm.15 This 

algorithm is similar to the random forest algorithm.16 Generally, random forest algorithms 

construct ensembles of uncorrelated decision trees by randomly choosing subsamples of 

data and features. Classes are assigned through majority voting of the tree ensemble. The 

extremely randomized trees algorithm introduces further randomization by choosing 

entirely random split points with the goal of further reducing correlation between decision 

trees resulting from features that are differentially informative.  

We implemented the algorithm in R (https://www.r-project.org/) using the mlr package 

(https://cran.r-project.org/web/packages/mlr/index.html) with default parameter settings, 

which have been shown to be robust under a variety of circumstances.15 Our preprocessing 

consisted of covariate correction (age, gender, and intracranial volume) embedded in a 

stratified, repeated k-fold cross-validation with 5 folds and 30 repetitions to provide us with 
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an unbiased and stable estimate of the classification performance and the corresponding 

generalization error. Additionally, we used class-weighing to account for the imbalance in 

our data sets. This approach increases the influence of the minority class when training the 

classifier by assigning higher weights to rare cases.  

Finally, significance of all performance measures was assessed with permutation tests (5000 

permutations). We focused on balanced accuracy and area under the curve, because these 

measures are more robust than standard accuracy in the context of imbalanced 

classification problems.  
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eFigure 1. Parcellated Brain Regions Based on Desikan’s Atlas 
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eFigure 2. Receiver Operating Characteristic Curve for the Graph-Based Classification 
Performance 
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eFigure 3. Permutation Results (Balanced Accuracy and Area Under the Curve) 
 

 

Red line indicates the 95th percentile and the black line indicates performance 

measures obtained in the classification. 

  

© 2018 American Medical Association. All rights reserved. 
 



eTable 1. Pearson’s Correlations Between Graph Variables and IQ (Premorbid) 

Within Each Group 

 

Graph variable Correlation coefficient with IQ 
(p value, 2-tailed) 

  
HC 

(n=44) 
ARMS-NT 

(n=63) 
ARMS-T 
(n=16) 

FEP 
(n=38) 

Lambda -0.07  
(0.65) 

-0.07 
(0.57) 

-0.08 
(0.78) 

0.23 
(0.16) 

Gamma -0.18 
(0.25) 

0.001  
(0.99) 

-0.07  
(0.80) 

-0.09 
(0.60) 

Sigma 0.01 
(0.96) 

0.07  
(0.60) 

0.05 
(0.86) 

-0.23 
(0.16) 

Transitivity 0.02 
(0.93) 

-0.18 
(0.17) 

-0.01 
(0.98) 

0.05 
(0.76) 

Average 
degree 

0.001 
(0.99) 

0.15 
(0.24) 

0.17 
(0.53) 

0.11 
(0.52) 

Assortativity 0.09 
(0.57) 

-0.14 
(0.26) 

0.08 
(0.75) 

0.01 
(0.93) 

 

HC, healthy control; ARMS-NT, at-risk mental state non-transition; ARMS-T, at-risk mental 

state transition; Unmed-FEP, unmedicated first-episode psychosis patients.  
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eTable 2. Raw Local Gyrification Indices (LGI) Across Groups 

 

HC (n=44) ARMS-NT 

(n=63) 

ARMS-T 

(n=16) 

FEP (n=38) 

L_bankssts 3.59 ± 0.24 3.63 ± 0.26 3.54 ± 0.25 3.52 ± 0.26 

L_caudalanteriorcingulate 1.88 ± 0.10 1.87 ± 0.09 1.86 ± 0.07 1.86 ± 0.10 

L_caudalmiddlefrontal 3.19 ± 0.20 3.25 ± 0.18 3.19 ± 0.15 3.20 ± 0.19 

L_cuneus 2.85 ± 0.17 2.88 ± 0.19 2.80 ± 0.22 2.84 ± 0.17 

L_entorhinal 2.48 ± 0.13 2.52 ± 0.12 2.51 ± 0.16 2.53 ± 0.15 

L_fusiform 2.59 ± 0.12 2.61 ± 0.10 2.60 ± 0.13 2.59 ± 0.11 

L_inferiorparietal 3.24 ± 0.16 3.25 ± 0.13 3.20 ± 0.13 3.20 ± 0.16 

L_inferiortemporal 2.64 ± 0.11 2.64 ± 0.11 2.65 ± 0.14 2.61 ± 0.14 

L_isthmuscingulate 2.65 ± 0.16 2.71 ± 0.20 2.66 ± 0.18 2.68 ± 0.19 

L_lateraloccipital 2.53 ± 0.11 2.53 ± 0.12 2.48 ± 0.15 2.48 ± 0.13 

L_lateralorbitofrontal 2.61 ± 0.12 2.60 ± 0.11 2.58 ± 0.12 2.58 ± 0.11 

L_lingual 2.70 ± 0.15 2.75 ± 0.17 2.69 ± 0.16 2.71 ± 0.16 

L_medialorbitofrontal 2.05 ± 0.09 2.06 ± 0.07 2.05 ± 0.09 2.05 ± 0.10 

L_middletemporal 3.29 ± 0.23 3.30 ± 0.19 3.25 ± 0.24 3.25 ± 0.19 

L_parahippocampal 2.68 ± 0.18  2.72 ± 0.18 2.73 ± 0.20 2.71 ± 0.15 

L_paracentral 2.27 ± 0.11 2.29 ± 0.12 2.27 ± 0.11 2.27 ± 0.12 

L_parsopercularis 4.32 ± 0.34 4.31 ± 0.27 4.27 ± 0.28 4.22 ± 0.29 

L_parsorbitalis 3.03 ± 0.21 2.93 ± 0.20 3.03 ± 0.22 2.97 ± 0.19 

L_parstriangularis 3.80 ± 0.29 3.75 ± 0.28 3.75 ± 0.28 3.71 ± 0.31 

L_pericalcarine 2.73 ± 0.16 2.78 ± 0.18 2.73 ± 0.19 2.74 ± 0.17 

L_postcentral 3.52 ± 0.17 3.57 ± 0.15 3.51 ± 0.18 3.50 ± 0.18 

L_posteriorcingulate 2.14 ± 0.11 2.18 ± 0.13 2.15 ± 0.10 2.15 ± 0.12 
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L_precentral 3.48 ± 0.19 3.54 ± 0.15 3.48 ± 0.15 3.45 ± 0.17 

L_precuneus 2.82 ± 0.15 2.88 ± 0.18 2.82 ± 0.20 2.83 ± 0.19 

L_rostralanteriorcingulate 2.00 ± 0.09 2.00 ± 0.08 1.99 ± 0.08 1.99 ± 0.09 

L_rostralmiddlefrontal 2.76 ± 0.16 2.75 ± 0.14 2.68 ± 0.12 2.73 ± 0.16 

L_superiorfrontal 2.16 ± 0.09 2.17 ± 0.09 2.14 ± 0.07 2.16 ± 0.10 

L_superiorparietal 2.95 ± 0.13 2.95 ± 0.11 2.86 ± 0.16 2.91 ± 0.15 

L_superiortemporal 4.15 ± 0.26 4.19 ± 0.23 4.12 ± 0.32 4.11 ± 0.25 

L_supramarginal 3.61 ± 0.17 3.64 ± 0.16 3.57 ± 0.17 3.59 ± 0.16 

L_frontalpole 1.97 ± 0.11 1.98 ± 0.09 1.96 ± 0.08 1.98 ± 0.10 

L_temporalpole 2.38 ± 0.12 2.38 ± 0.14 2.36 ± 0.11 2.38 ± 0.14 

L_transversetemporal 4.74 ± 0.33 4.82 ± 0.30 4.73 ± 0.39 4.70 ± 0.30 

L_insula 4.36 ± 0.31 4.44 ± 0.25 4.38 ± 0.37 4.33 ± 0.30 

R_bankssts 3.58 ± 0.23 3.68 ± 0.21 3.54 ± 0.23 3.59 ± 0.23 

R_caudalanteriorcingulate 1.94 ± 0.09 1.94 ± 0.10 1.91 ± 0.09 1.92 ± 0.10 

R_caudalmiddlefrontal 3.17 ± 0.16 3.20 ± 0.16 3.16 ± 0.16 3.20 ± 0.18 

R_cuneus 2.98 ± 0.19 3.03 ± 0.21 2.91 ± 0.17 2.96 ± 0.20 

R_entorhinal 2.52 ± 0.14 2.56 ± 0.13 2.50 ± 0.09 2.53 ± 0.13 

R_fusiform 2.56 ± 0.11 2.58 ± 0.11 2.55 ± 0.11 2.55 ± 0.11 

R_inferiorparietal 3.19 ± 0.15 3.25 ± 0.15 3.15 ± 0.13 3.19 ± 0.15 

R_inferiortemporal 2.57 ± 0.10 2.58 ± 0.09 2.57 ± 0.10 2.54 ± 0.12 

R_isthmuscingulate 2.73 ± 0.20 2.77 ± 0.21 2.71 ± 0.22 2.74 ± 0.20 

R_lateraloccipital 2.54 ± 0.08 2.53 ± 0.11 2.50 ± 0.15 2.46 ± 0.12 

R_lateralorbitofrontal 2.53 ± 0.14 2.56 ± 0.11 2.53 ± 0.09 2.54 ± 0.10 

R_lingual 2.78 ± 0.19 2.84 ± 0.18 2.73 ± 0.20 2.76 ± 0.17 

R_medialorbitofrontal 2.08 ± 0.09 2.08 ± 0.09 2.07 ± 0.07 2.08 ± 0.09 
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R_middletemporal 3.23 ± 0.20 3.26 ± 0.16 3.21 ± 0.16 3.22 ± 0.21 

R_parahippocampal 2.67 ± 0.18 2.69 ± 0.18 2.67 ± 0.14 2.69 ± 0.17 

R_paracentral 2.29 ± 0.12 2.29 ± 0.11 2.25 ± 0.08 2.29 ± 0.10 

R_parsopercularis 4.25 ± 0.32 4.36 ± 0.32 4.19 ± 0.27 4.27 ± 0.36 

R_parsorbitalis 2.92 ± 0.21 2.97 ± 0.21 2.96 ± 0.14 2.97 ± 0.16 

R_parstriangularis 3.75 ± 0.26 3.79 ± 0.27 3.69 ± 0.24 2.74 ± 0.26 

R_pericalcarine 2.86 ± 0.20 2.93 ± 0.20 2.81 ± 0.21 2.83 ± 0.20 

R_postcentral 3.49 ± 0.16 3.54 ± 0.17 3.47 ± 0.15 3.47 ± 0.18 

R_posteriorcingulate 2.16 ± 0.13 2.17 ± 0.13 2.15 ± 0.12 2.16 ± 0.13 

R_precentral 3.43 ± 0.16 3.48 ± 0.17 3.43 ± 0.15 3.43 ± 0.19 

R_precuneus 2.94 ± 0.20 3.00 ± 0.21 2.89 ± 0.18 2.95 ± 0.19 

R_rostralanteriorcingulate 2.07 ± 0.10 2.08 ± 0.09 2.05 ± 0.07 2.06 ± 0.11 

R_rostralmiddlefrontal 2.77 ± 0.15 2.79 ± 0.15 2.72 ± 0.13 2.77 ± 0.17 

R_superiorfrontal 2.23 ± 0.09 2.23 ± 0.09 2.20 ± 0.05 2.22 ± 0.11 

R_superiorparietal 2.89 ± 0.13 2.94 ± 0.13 2.86 ± 0.14 2.88 ± 0.12 

R_superiortemporal 4.11 ± 0.30 4.22 ± 0.25 4.09 ± 0.28 4.13 ± 0.29 

R_supramarginal 3.58 ± 0.17 3.64 ± 0.17 3.55 ± 0.15 3.57 ± 0.19 

R_frontalpole 2.05 ± 0.11 2.03 ± 0.10 2.03 ± 0.09 2.05 ± 0.08 

R_temporalpole 2.37 ± 0.13 2.40 ± 0.12 2.32 ± 0.08 2.36 ± 0.11 

R_transversetemporal 4.76 ± 0.35 4.92 ± 0.35 4.73 ± 0.37 4.77 ± 0.34 

R_insula 4.25 ± 0.28 4.38 ± 0.31 4.27 ± 0.30 4.28 ± 0.27 

 

Values represent mean ± standard deviation. ARMS-NT, at-risk mental state non-transition; 

ARMS-T, at-risk mental state transition; FEP, first episode psychosis; Controlled for group 

effects and corrected for multiple testing (p < 0.05 / 68 = 0.0007), there are no significant 
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relationships between LGIs and IQ, years of education or cigarette smoking (all p’s > 0.05). 

Further, cannabis and alcohol consumption is not related to LGI of any brain region if 

controlled for group effects (all p values > 0.0007).   
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eTable 3. Classification Performance Measures With Raw LGIs 

Accuracy BAC PPV NPV Sensitivity Specificity AUC 

79.60% 49.89% 8.00% 99.78% 0.00% 99.78% 36.56% 

 

Abbreviations: BAC: Balanced accuracy, PPV: Positive predictive value, NPV: negative pre- 

dictive value, AUC: Area under the curve.   
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eTable 4. P Values of Permutation Tests 

 

 SE PPV Accuracy BAC NPV SP Area under the curve 

P value 0 0 0 0 0 0.067 0 

 

Abbreviations. SE, Sensitivity; PPV, Positive predictive value; BAC, balanced accuracy; NPV, 

negative predictive value; SP, Specificity; AUC, Area under the curve.   
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eResults. Supplemental Results 

Classification performance on raw LGI values 

To further investigate the (added) value of graph-theoretic summary of gyrification metrics, 

we also performed classification using the raw LGIs from from 68 regions as features with 

the same pipeline (see eTable 2). Interestingly, this classifier was not able to identify any of 

the transitioners (as indicated by a sensitivity of 0, see eTable 3). These results suggest that 

graph-theoretic summary measures might provide a meaningfully way of extracting robust 

features that are less susceptible to noise (especially in the context of small sample sizes as 

is often the case in at-risk research).   

 

Permutation tests 

Using all 6 network measures as features for the classification analysis, we found that all 

performance measures except specificity were highly significant (p < 0.01). Specificity fell 

just short of reaching significance (p = 0.067). This is likely owed to the imbalanced nature of 

our data set. In such a setting classifiers that only predict the majority class (about 80% in 

our sample) will be 80% correct on average, thereby shifting the null distribution of the 

permutation test. However, the challenge in the given clinical context is improving 

identification of the minority class (sensitivity), while maintaining high specificity, which we 

were able to show in our sample.  

 

 

 

© 2018 American Medical Association. All rights reserved. 
 



References 

1. Schaer M, Cuadra MB, Tamarit L, Lazeyras F, Eliez S, Thiran JP. A 
surface-based approach to quantify local cortical gyrification. IEEE 
Trans Med Imaging. 2008;27(2):161-170. 

2. Palaniyappan L, Liddle PF. Aberrant cortical gyrification in 
schizophrenia: a surface-based morphometry study. J Psychiatry 
Neurosci. 2012;37(6):399-406. 

3. Desikan RS, Ségonne F, Fischl B, Quinn BT, Dickerson BC, Blacker 
D, Buckner RL, Dale AM, Maguire RP, Hyman BT, Albert MS, Killiany 
RJ. An automated labeling system for subdividing the human 
cerebral cortex on MRI scans into gyral based regions of interest. 
Neuroimage. 2006;31(3):968-980. 

4. Duvernoy HM, Bourgouin P. The human brain: surface, three-
dimensional sectional anatomy with MRI, and blood supply.: 
Springer; 1999. 

5. Ono M, Kubick S, Abernathey CD. Atlas of the cerebral sulci: 
Thieme; 1990. 

6. Palaniyappan L, Mallikarjun P, Joseph V, White TP, Liddle PF. 
Folding of the prefrontal cortex in schizophrenia: regional 
differences in gyrification. Biol Psychiatry. 2011;69(10):974-979. 

7. Palaniyappan L, Liddle PF. Dissociable morphometric differences of 
the inferior parietal lobule in schizophrenia. Eur Arch Psychiatry Clin 
Neurosci. 2012;262(7):579-587. 

8. Miller RG. The jackknife-a review. Biometrika. 1974;61(1):1-15. 
9. Richter CG, Thompson WH, Bosman CA, Fries P. A jackknife 

approach to quantifying single-trial correlation between covariance-
based metrics undefined on a single-trial basis. Neuroimage. 
2015;114:57-70. 

10. Hosseini SM, Hoeft F, Kesler SR. GAT: a graph-theoretical analysis 
toolbox for analyzing between-group differences in large-scale 
structural and functional brain networks. PLoS One. 
2012;7(7):e40709. 

11. Newman MEJ. The structure and function of complex networks. 
SIAM Review. 2003;45(2):167-256. 

12. Rubinov M, Sporns O. Complex network measures of brain 
connectivity: uses and interpretations. Neuroimage. 
2010;52(3):1059-1069. 

13. Newman ME. Assortative mixing in networks. Phys Rev Lett. 
2002;89(20):208701. 

14. Humphries MD, Gurney K. Network 'small-world-ness': a 
quantitative method for determining canonical network equivalence. 
PLoS One. 2008;3(4):e0002051. 

15. Geurts P, Ernst D, Wehenkel L. Extremely randomized trees. 
Machine learning. 2006;63(1):3-42. 

16. Breiman L. Random Forests. Machine Learning. 2001;45(1):5-32. 

 

© 2018 American Medical Association. All rights reserved. 
 


	eFigure 3. Permutation Results (Balanced Accuracy and Area Under the Curve)
	eTable 4. P Values of Permutation Tests
	eMethods. Supplemental Methods
	Participants: antidepressant treatment
	Structural MRI: data acquisition
	Computation of local gyrification indices (LGIs)
	Graph-based metrics
	eFigure 1. Parcellated Brain Regions Based on Desikan’s Atlas
	Red line indicates the 95th percentile and the black line indicates performance measures obtained in the classification.
	eTable 3. Classification Performance Measures With Raw LGIs
	Abbreviations: BAC: Balanced accuracy, PPV: Positive predictive value, NPV: negative pre-
	dictive value, AUC: Area under the curve.
	eTable 4. P Values of Permutation Tests
	Abbreviations. SE, Sensitivity; PPV, Positive predictive value; BAC, balanced accuracy; NPV, negative predictive value; SP, Specificity; AUC, Area under the curve.
	Permutation tests
	Using all 6 network measures as features for the classification analysis, we found that all performance measures except specificity were highly significant (p < 0.01). Specificity fell just short of reaching significance (p = 0.067). This is likely ow...

