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[bookmark: _Toc813079340]1.1.1 The discovery data
Swanson, Nolan, and Pelham Rating Scale (SNAP-IV)
The Swanson, Nolan and Pelham Rating Scale (SNAP-IV; Swanson et al., 2012) was used to assess ADHD core symptoms. The scale consists of 26 items using a 4-point Likert scale (from 0 = never to 3 always), indicating the frequency of parent-reported symptoms over the last six months. The first 18 items correspond to the DSM-5 ADHD symptoms of inattention (9 items) and hyperactivity/impulsivity (9 items), and the last 8 are symptoms of oppositional defiant disorder. The Chinese version of the SNAP-IV scale has exhibited good reliability and validity (Gau et al., 2009). 

Behavior Rating Inventory of Executive Function, Second Edition (BRIEF-2)
This study employed the BRIEF-2 parent questionnaire to assess the executive function (EF) of children with ADHD. The BRIEF-2, developed by Gioia et al. (2002), is designed for school-aged children across diverse social and demographic contexts. The BRIEF-2 consists of 63 items, organized into nine non-overlapping scales: Inhibit, Self-Monitor, Shift, Emotion Control, Initiate, Working Memory, Plan/Organize, Task-Monitor, and Organization of Materials. These scales are further grouped into three broader composite indices: (1) Inhibit and Self-Monitor scales form the Behavioral Regulation Index (BRI); (2) Shift and Emotion Control scales form the Emotion Regulation Index (ERI); and (3) Initiate, Working Memory, Plan/Organize, Task-Monitor, and Organization of Materials scales form the Cognitive Regulation Index (CRI). The BRIEF-2 is rated on a 3-point Likert scale (1 = Never, 2 = Sometimes, 3 = Often), where higher scores indicate greater severity of EF deficits in children. The BRIEF has been translated into Chinese and has demonstrated high internal consistency (Qian & Wang., 2007).

The Strengths and Difficulties Questionnaire (SDQ)
The Strengths and Difficulties Questionnaire (SDQ; Goodman et al., 2003) was used to evaluate behavioral and emotional problems in children and consists of 25 items divided into five dimensions: emotional symptoms, conduct problems, inattention-hyperactivity, peer problems, prosocial behaviour. Scores range from 0 (not true) to 2 (certainly true), with higher scores indicating a more severe problem. The SDQ has demonstrated strong reliability and validity within the Chinese children population (Liu et al., 2013). 

Test of Variables of Attention (TOVA)
The Test of Variables of Attention (TOVA; Pollock et al, 2021) is a computer-based continuous performance test designed to measure an individual's attention and behavioral control abilities. It presents a series of simple yet consistent stimuli, requiring responses to target stimuli and no response to non-target stimuli. The TOVA consists of two blocks: the "Behavioral Control" block (Block 1) and the "Attention" block (Block 2).
In Block 1, target stimuli appear frequently (75% of the time), requiring the participant to respond more often, while inhibiting responses to non-target stimuli (25% of the time). This block assesses the individual's ability to suppress dominant responses under frequent stimulation.
In Block 2, non-target stimuli appear more often (75% of the time), and the participant is required to maintain attention, responding only to target stimuli (25% of the time). This block evaluates the participant's ability to sustain attention in a relatively monotonous and low-stimulation environment.
Each block consists of 120 trials, with target/non-target stimuli displayed for 500ms, and an inter-stimulus interval of 1500ms. A 60-second break is available between blocks, with task instructions provided before the start of the next block. All the stimuli appears randomly.
The following indices are used to assess ADHD symptoms in children: (1) Omission Errors: Measures the number of instances in which the individual fails to respond to target stimuli, reflecting the degree of attention focus. (2) Commission Errors: Refers to inappropriate responses to non-target stimuli, reflecting impulsivity and response inhibition. (3) Reaction Time Variability (RTV): Assesses the consistency and variability of response times, reflecting the stability of attention during the task. (4) Response Sensitivity (Dʹ): Measures the individual's attention performance, particularly the decline in performance over time. It is calculated as d' = Z(hit rate) - Z(false alarm rate), where hit rate = correct responses to target stimuli / total target stimuli, and false alarm rate = incorrect responses to non-target stimuli / total non-target stimuli. Prior to calculation, rates are converted to Z-scores based on a standard normal distribution.

Go/No-Go task (GNG)
The Go/No-Go task (Wodka et al., 2007) was used to assess response inhibition, a component of inhibitory control. Participants were instructed to respond quickly by pressing the spacebar to Go stimuli (presented in 75% of trials) and to inhibit their response to No-Go stimuli (presented in 25% of trials). The Go stimuli appeared at the center of the screen, and participants were required to press the spacebar as quickly as possible. For No-Go stimuli, participants were instructed not to respond. Stimuli were presented for 1000 ms (disappearing upon response), with a 500 ms interstimulus interval. A total of 120 trials were presented, with both stimuli types occurring randomly. Three indices were used to measure response inhibition: (1) Commission error: the number of errors made on No-Go trials; (2) Omission error: the number of errors made on Go trials; (3) Intrasubject variability: the standard deviation of reaction times in successful Go trials.

Simon Task
The Simon task (Davidson et al., 2006) was employed to assess participants' conflict control abilities, which is a component of inhibitory control. Two stimuli, A (heart) and B (flower), were presented randomly on the left or right side of the screen. Each stimulus corresponded to a specific key response: pressing the F key for stimulus A (left) and the J key for stimulus B (right). The task included both congruent and incongruent conditions. In the congruent condition, stimulus A appeared on the left, or stimulus B appeared on the right, aligning the key response with the stimulus location. Conversely, in the incongruent condition, the key response was misaligned with the stimulus location. A total of 40 trials were conducted, with 20 trials for each condition. Stimuli were displayed for 1250 ms and were followed by a 1000 ms inter-stimulus interval. The presentation of trial types was randomized.
  Key performance indicators for measuring participants' conflict control abilities included: (1) Congruent Condition Accuracy (ACC): The number of correct responses in congruent trials divided by the total number of congruent trials. (2) Intra-subject Variability in Congruent Condition: The standard deviation of reaction times in successfully completed congruent trials. (3) Incongruent Condition Accuracy (ACC): The number of correct responses in incongruent trials divided by the total number of incongruent trials. (4) Intra-subject Variability in Incongruent Condition: The standard deviation of reaction times in successfully completed incongruent trials. (5) Simon Effects: The difference between congruent condition ACC and incongruent condition ACC.

1-back Task
The 1-back task is a classic measure of working memory (Vuontela et al., 2003). In this task, participants were presented with a continuous sequence of digits and were required to compare the current digit with the digit presented one position earlier. If the two digits matched, it was considered a target; if they did not match, it was classified as a non-target. A total of 60 trials were conducted, with each stimulus displayed for 2000 ms, followed by a 1000 ms inter-stimulus interval. All trials were presented in a randomized order. The following performance indicators were measured: (1) Accuracy: the proportion of correctly completed trials. (2) Intra-subject Variability: the standard deviation of reaction times for correct trials.

Iowa Gambling Task (IGT)
The Iowa Gambling Task (IGT; Bechara et al., 1994) is frequently used to assess affective decision-making. In this task, participants are presented with four decks of cards labeled A, B, C, and D. Each trial requires participants to select one deck and reveal the top card. Participants are informed of their winnings for each selection, and occasionally, they are also notified of losses.The goal for participants is to maximize their winnings. The decks differ in terms of the rewards and the frequency of losses: decks A and B offer higher immediate rewards but lead to losses over time (referred to as "bad decks"), while decks C and D provide lower immediate rewards but result in overall gains when selected consistently (referred to as "good decks"). The experiment consists of 100 selections, and the rewards or losses are randomly distributed. The difference in the number of selections between good and bad decks, known as net scores, serves as a common measure of emotional decision-making and is the primary indicator used in this study.

Balloon Analog Risk Task (BART)
The Balloon Analog Risk Task (BART; Lejuez et al., 2002) is designed to measure risk-taking propensity. In this task, children inflate a series of virtual balloons by pressing a button, accumulating rewards (points) with each inflation. However, each pump also increases the risk of the balloon exploding. Participants must balance potential gains with the risk of losing their accumulated rewards due to an explosion. A total of 30 balloons were presented, with the maximum number of pumps for each balloon set to a random value between 1 and 64 (mean = 32). Three key indicators were used to assess participants' risk-taking propensity: (1) Earnings: The total rewards accumulated by the children. (2) Explosions: The number of balloons that exploded during the task. (3) Adjusted Pumps: The average number of pumps on balloons that did not explode. 

[bookmark: _Toc986021519]1.1.2 External validation dataset 1 (Healthy Brain Network; HBN)
The Strengths and Weaknesses Assessment of Normal Behavior Rating Scale for ADHD (SWAN)
ADHD symptom severity in the external validation sample was assessed using the Strengths and Weaknesses of ADHD Symptoms and Normal Behavior Scale (SWAN; Swanson et al., 2012). The SWAN is an 18-item dimensional measure of core ADHD symptoms, comprising nine items assessing inattention and nine items assessing hyperactivity/impulsivity. These items correspond to the two DSM-5 ADHD symptom domains but are phrased in a positive, ability-based manner, allowing assessment of behavioral variation across the full continuum from strengths to difficulties. Each item is rated on a 7-point scale ranging from −3 (far above average) to +3 (far below average). The inattention (SWAN-I) and hyperactivity/impulsivity (SWAN-HI) scores were calculated as the mean scores of the corresponding nine items, and the total ADHD symptom (SWAN-All) score was calculated as the mean score across all 18 items. Higher scores indicate greater ADHD symptom severity。

[bookmark: _Toc2079849581]1.1.3 External validation dataset 2 (Behavioral Brain Research Project of Chinese Personality; BBP)
Adult ADHD Self-Report Scale (ASRS)
The Adult ADHD Self-Report Scale (ASRS) is a crucial tool utilized by clinicians and researchers to assess and investigate adult ADHD (Kessler et al., 2005). The ASRS symptom measure demonstrates strong associations with clinical symptom ratings and exhibits favorable levels of internal consistency and test-retest reliability (Kim et al., 2013). Comprising of 9 questions pertaining to symptoms of inattention (ASRS-I) and 9 questions relating to symptoms of hyperactivity-impulsivity (ASRS-HI), the scale employs a scoring system ranging from 0 to 4. The total score for each subscale can range from 0 to 36 points, where higher scores indicate a greater presence of symptoms. Interpretation of the ASRS scores involves assessing the screening for different subtypes of ADHD. A total score of ≥17 on the inattention subscale indicates screening for the inattention subtype of ADHD. Similarly, a total score of ≥17 on the hyperactivity-impulsivity subscale indicates screening for the hyperactivity-impulsivity subtype of ADHD. If both dimensions yield scores ≥17, it suggests screening for the combined subtype of ADHD. 

[bookmark: _Toc1440585648]1.2 MR data acquisition and preprocessing of validation datasets
[bookmark: _Toc1192349658]1.2.1 HBN
rs-fMRI and high-resolution T1-weighted structural images for the HBN sample were acquired at three sites: the CitiGroup Cornell Brain Imaging Center (CBIC), Rutgers University (RU), and the City College of New York (CUNY). CBIC and CUNY data were collected on 3-T Siemens Prisma scanners, whereas RU data were acquired on a 3-T Siemens TimTrio scanner, with acquisition parameters standardized across sites. Functional images were obtained with the following parameters: repetition time (TR) = 800 ms, echo time (TE) = 30 ms, flip angle = 31°, matrix size = 112 × 112, field of view (FOV) = 202 × 202 × 144 mm³, and voxel size = 2.4 × 2.4 × 2.4 mm³. High-resolution T1-weighted images were acquired with TE = 3.15 ms, TR = 2500 ms, flip angle = 8°, FOV = 179 × 256 × 256 mm³, and voxel size = 0.8 × 0.8 × 0.8 mm³.
    MRI data were preprocessed using SPM12 and the DPARSFA (Advanced Edition) toolbox in MATLAB. Following the standard pipeline, individual T1-weighted images were co-registered to the mean functional images and segmented into gray matter, white matter, and cerebrospinal fluid using the DARTEL algorithm, then normalized to Montreal Neurologic Institute (MNI) space using DARTEL-derived flow fields with a resampled voxel size of 3×3×3 mm³. Nuisance covariates were regressed out using the Friston 24-parameter model (Friston et al., 2000) and the mean signals from white matter and CSF. Temporal band-pass filtering (0.01–0.09 Hz) and spatial smoothing with a 6 mm FWHM Gaussian kernel were applied. Due to the short TR of 800 ms, slice-timing correction and discarding the first 10 time points were omitted, as signal stabilization and temporal alignment were not substantially affected. 

[bookmark: _Toc1650791849]1.2.2 BBP
The rs-fMRI and high-resolution T1-weighted images from the BBP sample were acquired using a 3-T scanner (Siemens Prisma, Erlangen, Germany) at Southwest University's Faculty of Psychology. To minimize head movement and noise, participants used foam pads and earplugs, were instructed to keep their eyes closed, remain still, avoid drowsiness, and refrain from focusing on specific thoughts. The rs-fMRI scan parameters were: TE = 30 ms, TR = 2000 ms, slice thickness = 2 mm, flip angle = 90°, resolution matrix = 112 × 112, FOV = 224 × 224 mm², and voxel size = 2 × 2 × 2 mm³. High-resolution structural images were acquired with the following parameters: TE = 2.98 ms, TR = 2530 ms, flip angle = 7°, base resolution = 256 × 256, FOV = 256 × 256 mm², and voxel size = 0.5 × 0.5 × 1 mm³.
In the initial preprocessing using SPM12, the first ten volumes were discarded due to signal instability. Slice timing correction and realignment were performed to correct for timing differences across slices and head motion. T1-weighted images were co-registered with functional images and segmented into gray matter (GM), white matter (WM), and cerebrospinal fluid (CSF). The images were normalized to MNI space (2×2×2 mm³ voxel size) and smoothed with a 6 mm Gaussian kernel. We performed several preprocessing steps using CONN software. Signals from WM, CSF, global signal, and Friston 24 head motion parameters were regressed out (Satterthwaite et al., 2013). To further minimize head motion and non-neuronal BOLD fluctuations, the aCompCor algorithm was applied to remove WM and CSF signals (Muschelli et al., 2014). Volumes with FD > 0.5 mm, along with their 1-back and 2-forward neighbors, were excluded (Power et al., 2012). Finally, linear detrending and bandpass temporal filtering (0.008–0.09 Hz) were applied to remove low-frequency and high-frequency noise.

[bookmark: _Toc119873928][bookmark: _Toc1517370550]1.3 Partial least squares correlation analysis (PLSC)
PLSC is a multivariate, data-driven statistical technique that aims to extract latent components (LCs) representing maximal associations between behavioral and RSFC matrices by deriving optimal linear combinations of two matrices (McIntosh & Mišić, 2013). In other words, LCs express the largest amount of information common between X and Y. The procedure primarily consists of the following steps: (1) Data preparation; (2) Singular value decomposition; (3) Computation of composite scores for behavior and brain; (4) Permutation test and correction for multiple comparisons. The specific steps are as follows. The code used in this study is available at https://github.com/ThomasYeoLab/CBIG/tree/master/stable_projects/disorder_subtypes/Kebets2019_TransdiagnosticComponents. This code is based on the original implementation by Krishnan et al. (2011) and has been adapted by Kebets et al. (2019).
Firstly, each participant possesses a RSFC matrix of size 246×246. To reduce computational load, we exclude the upper triangle and diagonal elements, resulting in a size of 30135 (246×246/2-123) for each participant's RSFC matrix. Subsequently, we regress out age, gender, head motion from the brain (size: 104×30135), and behavioral data (size: 104×35) for each participant. Specifically, we applied least squares regression to compute the regression coefficient matrix. Using these coefficients, we calculated the residual matrix, which represents the data after removing the influence of the covariates. The resulting brain and behavioral data matrices, denoted as X and Y, are the residuals and have the same dimensions as the original data.
Next, the transposition of the behavioral data is multiplied by the brain data, yielding a covariance matrix R (size: 35×30135) composed of brain and behavior:
R = YT × X
Singular value decomposition (SVD) is employed to reduce this covariance matrix into three lower-dimensional matrices: behavioral salience U (size: 35×35), RSFC salience V (size: 30135×35), and a singular values matrix S (size: 35×35):
R = U × S × VT
U represent the behavioral profiles that best characterize R, while the V represents the RSFC that best characterize R. The singular values matrix S, being a diagonal matrix, represents the presence of 35 LCs. Each LC explains a certain degree of the brain-behavior association. The higher the singular value, the more significant that component is in linking brain and behavior data. The quantification of the degree to which a LC explains the brain and behavior association is termed ER (explanation rate), calculated by squaring the values on the diagonal of a specific diagonal matrix and dividing by the sum of the squared values of all diagonal elements (n = 35):
[image: ]
To explore statistically significant LCs, permutation testing is conducted. Specifically, we randomly shuffle the behavioral data within each group (ADHD high-propensity group and healthy control group) and pair the shuffled data with the corresponding RSFC matrix. This process generates an empirical null distribution. In the high-propensity group, for instance, the behavioral data of participant 20 may be paired with the RSFC data of participant 1 after shuffling. For each shuffle, we generate new singular values matrix (diagonal matrices) based on the shuffled data. This process is repeated 5000 times. During these 5000 permutations, we rank the singular values from the actual data and the permuted data. The p-value (denoted as Pper) for each singular value is calculated by dividing its position in the ranked list by 5001 (which includes the original singular value and the 5000 permutations). After conducting 5000 permutation tests, the five smallest p-values (denoted as pper) are ordered in ascending order. These values then undergo False Discovery Rate (FDR) multiple comparison correction to control for the number of comparisons. Specifically, the FDR correction starts with the most stringent threshold, set to 0.01 (0.05/5). If the first, or smallest, pper is smaller than 0.01, it is considered significant after FDR correction. The threshold is then progressively relaxed: if the second pper is smaller than 0.02 (0.01×2), it is also considered significant. This process continues for all subsequent pper values, with the threshold increasing in increments based on their rank.
After applying FDR correction, we computed composite scores for both brain (Lx) and behavior (Ly) on a significant LC. The brain's composite score is calculated as the product of RSFC salience and RSFC data (size: 104×35), whereas the behavior's composite score is determined by the product of behavior salience and behavior data (size: 104×35):
Lx = X × V
Ly = Y × U
Then, the RSFC loadings （Xloadings） and behavioral loadings (Yloadings) were then computed to explore the contribution of each RSFC edges and behavioral variables to this LC. Actually, the loadings refer to as structure coefficients. For behavioral loadings, we calculated the correlation between behavior data and the behavior composite score; for RSFC loadings, we calculated the correlation between RSFC data and the brain composite score.:
Xloadings, a  =  corr (Lxz, Xa)
Yloadings, b  =  corr (Lyz, Yb)
Let z denote the z-th LC, a represents the a-th RSFC edge out of the 30,135 total edges, and b corresponds to the b-th behavioral variable out of the 35 variables. The function corr calculates the correlation coefficient between two data columns. The absolute values of the loadings indicate the respective magnitudes of their contributions. Specifically, the absolute values of Xloadings, a and Yloadings,b represent the contributions of the a-th RSFC edge and the b-th behavioral variable to the z-th LC. In particular, we performed bootstrapping (1000 iterations) with replacement on the RSFC and behavioral data of the participants, ensuring that samples were independently drawn within each group due to significant differences between the groups (as noted in the permutation test section). After each resampling, we calculated the structure coefficients and their corresponding standard deviations. Z-scores were derived by dividing the bootstrapped structure coefficients by their standard deviations, and P-values were computed to assess the statistical significance of the results. 
Additionally, we employed a 5-fold cross-validation (CV) approach within the PLS analysis to ensure the robustness and significance of the LC. In each of the five iterations, the participants were randomly split into training and test sets in a 4:1 ratio within each group. The training set was used to calculate the structure coefficients, and the test set was used to assess the generalizability of the identified LC. This resulted in training and test sets represented as Xtrain, Xtest, for RSFC matrices and Ytrain, Ytest for behavioral matrices. We first performed z-score normalization on the training data. The covariance matrix for the training set was calculated as:
Rtrain = YtrainT × Xtrain
Singular Value Decomposition (SVD) was applied to this covariance matrix:
Rtrain = Utrain × Strain × VtrainT
Using the components Utrain and Vtrain, we calculated the composite scores on the test set:
Lxtest = Xtest × Vtrain
Lytest = Ytest × Utrain
The Pearson’s correlation between Lxtest and Lytest was computed for the significant LC for each iteration, resulting in five correlation coefficient. To validate the significance of the results, 5000 permutation testing was performed, where the behavioral data were randomly shuffled within each group, and the correlation between the RSFC and behavioral composite scores was recalculated. P-values for each fold were computed, with values less than 0.05 indicating that the identified LCs were statistically reliable and not due to chance.

[bookmark: _Toc1078525725]1.4 Elastic-net regression of the external prediction validation
External prediction validation was conducted using the NeuroImage and BBP datasets. The RSFC pattern obtained from PLSC served as a mask, with significant edges set to 1 and others to 0. The RSFC matrix for each participant in both datasets was multiplied by the mask. The resulting matrix served as the independent variable, with ADHD symptom scores as the dependent variable. 
Elastic-net regression was used to assess the predictive validity of the RSFC pattern derived from PLSC (Yin et al., 2025), implemented in MATLAB R2018b. This technique combines L1 (Lasso) and L2 (Ridge) regularization, allowing efficient feature selection and regularization for high-dimensional data (Zou & Hastie, 2005). We explored the effect of varying the hyperparameter alpha (10⁻⁷to 1) on predictive performance, ensuring robustness through cross-validation.
The methodology involved several key steps. First, the NeuroImage or BBP dataset was randomly partitioned into five subsets for 5-fold cross-validation, with four subsets used for training and one for testing. To ensure stability, this procedure was repeated 100 times. Second, potential confounds—including age, gender, and head motion—were regressed out. Third, correlation coefficients between whole-brain RSFC and behavioral scores were calculated within the training subsets. Various thresholds (0.05, 0.01, 0.005, 0.001, 0.0005, 0.0001) were applied to identify strongly correlated edges, defining the "mask" for significant connections. Elastic-net regression was then used to fit the selected features to the behavioral data, with the fitted parameters applied to the testing set for predictive value generation. The results of 100 iterations of 5-fold cross-validation were averaged, and their correlation with actual behavior scores was evaluated. A predictive model was deemed statistically significant if the p-value was < 0.05. Additionally, model stability was further assessed using 5,000 permutation tests. Behavioral values were randomly shuffled 5,000 times, and the prediction pipeline was repeated for each permutation to generate a null distribution of correlation coefficients between predicted and observed values.
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[bookmark: _Toc119873948]Fig. S1. The pipeline of participants recruitment. 
Abbreviation: ADHD, Attention-Deficit/Hyperactivity Disorder; fMRI: Functional Magnetic Resonance Imaging; FD: Framewise Displacement.
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Table S1. Demographic and clinical characteristics of all participants in HBN sample.
	
	Mean
	SD

	Sex (Boy %)
	58.33
	-

	Age (years)
	9.13
	1.35

	IQ
	105.90
	12.87

	Mean FD of run 1 (mm)
	0.17
	0.08

	Mean FD of run 2 (mm)
	0.19
	0.09

	SWAN-I
	0.94
	0.65

	SWAN-HI
	0.44
	0.73

	SWAN-All
	0.69
	0.57



Table S2. Demographic and clinical characteristics of all participants in BBP sample.
	
	Total participants
 (n = 231)
	ADHD high-trait group
 (n = 75)

	
	Mean
	SD
	Mean
	SD

	Sex (male %)
	29.44
	-
	25.33
	-

	Age (years)
	22.01
	0.91
	22.04
	0.99

	Mean FD (mm)
	0.09
	0.04
	0.10
	0.04

	ASRS-Inattention
	15.03
	4.49
	20.15
	2.93

	ASRS-Hyperactive/Impilsivity
	11.28
	4.15
	15.01
	3.42

	ASRS scores
	26.31
	7.84
	35.16
	4.87



Table S3. Top ten nodes with highest degree in the significant functional connectome.
	Regions
	Modified cyto-architectonic
	Networks
	Label
	MNI (x,y,z)

	IFG_R_6_5
	A44op, opercular area 44
	VAN
	38
	42, 22, 3

	STG_L_6_3
	TE1.0 and TE1.2
	SMN
	73
	-50, -11, 1

	IFG_L_6_5
	A44op, opercular area 44
	VAN
	37
	-39, 23, 4

	INS_L_6_6
	dId, dorsal dysgranular insula
	VAN
	173
	-38, 5, 5

	IFG_L_6_6
	A44v, ventral area 44
	VAN
	39
	-52, 13, 6

	STG_R_6_3
	TE1.0 and TE1.2
	SMN
	74
	51, -4, -1

	STG_L_6_2
	A41/42, area 41/42
	SMN
	71
	-54, -32, 12

	INS_L_6_4
	vId/vIg, ventral dysgranular and granular insula
	VAN
	169
	-38, -4, -9

	STG_R_6_2
	A41/42, area 41/42
	SMN
	72
	54, -24, 11

	INS_R_6_6
	dId, dorsal dysgranular insula
	VAN
	174
	38, 5, 5
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