Supplementary Methods
[bookmark: _GoBack]Participants
[bookmark: _Hlk150673397]This study utilized baseline data from the Adolescent Brain Cognitive Development (ABCD) study (release 4.0.1), which recruited a diverse sample of 11,876 children aged 9 to 10 years from 21 research sites across the United States[1, 2]. The ABCD study was approved by the Institutional Review Board of University of California, San Diego and other relevant institutional review boards. For more information on ABCD recruitment and sampling procedures, see Casey BJ et al.[1].
We obtained preprocessed resting-state fMRI data for 9,480 participants from the ABCD-BIDS Community Collection (https://nda.nih.gov/edit_collection.html?id=3165, NDA Collection 3165)[3]. Among these participants, 84 participants were excluded because of repeated participants’ ID or missing NIFTI data. We further excluded 1,395 participants whose data did not pass resting-state fMRI quality control in the ABCD study. Additionally, 836 participants were excluded for either having mean head motion exceeding 0.5 mm, quantified using Power framewise displacement (FD)[4], or having fewer than 600 TRs with FD < 0.2mm. Of the remaining 7,165 participants, 1,161 with less than 4 scan sessions and 3 with invalid sex or race information were excluded. Finally, a sample of 6,001 children was obtained. In the following analyses, we constructed personalized functional networks for these children.
This study aimed to examine the associations between the spatial topography of personalized functional networks and individual differences in three socioeconomic status (SES) factors: family income-to-needs ratio (INR), parental education, and neighborhood disadvantage (measured by the area deprivation index [ADI]). To mitigate the potential impact of heritability in our analyses, we randomly selected one participant from families with multiple children and excluded 687 participants. This process yielded a sample of 5,314 children (see Figure S1 for details). We further applied additional exclusion criteria to the remaining participants separately for each SES factor analysis. We excluded 479 participants with missing family income or family size information, which were needed for the calculation of family INR, resulting in a sample of 4,835 children for INR analyses. We excluded 6 participants who had missing parental education information, yielding a sample of 5,308 children for parental education analyses. We excluded 349 participants with missing ADI information, resulting in a sample of 4,965 children used for neighborhood disadvantage analyses. Demographic information of these datasets can be found in Table S1.
ABCD MRI data preprocessing
Resting-state fMRI data were minimally processed and made available in the ABCD-BIDS Community Collection by the Developmental Cognition and Neuroimaging (DCAN) Lab[3, 5]. Detailed information on data preprocessing is available at https://collection3165.readthedocs.io/en/stable/ [6], which primarily consists of two stages[7]. The first stage adapted the Human Connectome Project's (HCP) minimal preprocessing pipeline[8] to transform fMRI volumes from individual native space to a standardized grayordinate spatial coordinate system. This pipeline processes both structural and functional MRI data. The processing of structural MRI data involves denoising and N4 bias field correction with Advanced Normalization Tools[9, 10], as well as segmentation of brain tissue, surface reconstruction, and folding-based surface registration. For fMRI data, processing includes generating CIFTI surface files, distortion correction, motion correction, non-linear registration, and volume-to-surface mapping. 
The second stage employs the DCAN BOLD Processing software[11] to remove nuisance signals, such as artifacts caused by head motion during scanning and participant respiration. The DCAN BOLD Processing is modified from the procedure of Power et al.[4], with correction of respiratory effects from motion estimates within multi-band data[11]. The processing includes de-meaning, de-trending, and de-noising using a regression model that incorporates the mean time series from white matter and cerebrospinal fluid (CSF), the global signal, and the 24 motion parameters. After denoising the fMRI data, the time series were band-pass filtered between 0.008 and 0.09 Hz using a second-order Butterworth filter, and motion censoring corrected by filtering out the respiratory frequencies (0.31–0.43 Hz). 
Socioeconomic status measurements
[bookmark: OLE_LINK1][bookmark: OLE_LINK2][bookmark: OLE_LINK3][bookmark: OLE_LINK4][bookmark: OLE_LINK5][bookmark: OLE_LINK8][bookmark: OLE_LINK9][bookmark: OLE_LINK6][bookmark: OLE_LINK7][bookmark: OLE_LINK11][bookmark: OLE_LINK14]We used INR and parental education to measure household SES. INR was calculated as the median value of family income bins divided by the federal poverty line, based on the year the family was interviewed and the corresponding household size[12-16]. Total family income was reported for the previous 12 months on a 10-point scale (<$5000, $5,000-$11,999, $12,000-$15,999, $16,000-$24,999, $25,000-$34,999, $35,000-$49,999, $50,000-$74,999, $75,000-$99,999, $100000-$199999, ≥$200000). We used the 2016, 2017, and 2018 federal poverty levels for the corresponding household sizes from the poverty guidelines updated in the Federal Register by the U.S. Department of Health and Human Services (https://aspe.hhs.gov/topics/poverty-economic-mobility/poverty-guidelines/prior-hhs-poverty-guidelines-federal-register-references). For families consisting of more than eight members, the calculation of the poverty line included an additional $4,160, $4,180, and $4,320 for each extra person in the years 2016, 2017, and 2018, respectively. INR values greater than one indicate that the family income is above the poverty threshold. 
Parental education was calculated as the mean years of educational attainment based on the education levels of both parents or caregivers; if data for both parents were unavailable, information from one parent was used[17, 18]. We re-coded parental education from categories to years, and the corresponding transformation was provided in Table S2.
[bookmark: OLE_LINK17][bookmark: OLE_LINK18][bookmark: OLE_LINK19][bookmark: OLE_LINK20][bookmark: OLE_LINK21][bookmark: OLE_LINK22][bookmark: OLE_LINK23][bookmark: OLE_LINK12][bookmark: OLE_LINK13][bookmark: OLE_LINK24][bookmark: OLE_LINK25]We used the ADI to assess neighborhood SES according to prior studies[17-19]. The ABCD study calculated the ADI as a composite measure of neighborhood disadvantage based on the participant’s primary residential address at the census tract level[20]. This composite measure includes 17 factors, such as income, education, employment, housing quality (See Table S3 for details). The acquired ADI composite scores were ranked and represented as national percentiles, with higher values indicating greater neighborhood disadvantage[20, 21]. We used the national percentiles to represent individuals’ ADI as recommended. The code used by the ABCD Study to compute ADI is available at https://github. com/ABCD-STUDY/geocoding/blob/master/Gen_data_proc.R[22].
Defining personalized functional networks with NMF
As in previous studies[23-25], we employed spatially regularized non-negative matrix factorization (NMF) to delineate individual-specific large-scale functional networks. Our parcellation framework comprises three steps. In the first two steps, we derived a robust group atlas with 17 functional networks using a repeated bootstrapping strategy. In the third step, 17 personalized functional networks were generated using the group atlas as an initialization and individual-specific resting-state functional timeseries. Finally, we constructed a probabilistic network atlas for each participant. In this atlas, each vertex had 17 loadings that quantified the degree to which the vertex belonged to each functional network. 
Regularized NMF
As previously detailed[23], our approach employed NMF[26] to decompose the fMRI data into functional networks. NMF typically returns non-negative loadings and produces a highly reproducible parts-based representation[26]. Based on NMF, our approach further incorporates group consensus and a data locality regularization term. These constraints preserve across-individual correspondences and enhance the coherence of personalized functional networks. As in previous studies[23, 27], we re-scaled the time series to ensure that all values were positive and within the range of 0 to 1. Please refer to prior work[23] for details of the method (https://github.com/hmlicas/Collaborative_Brain_Decomposition). 
Step 1: Group network initialization
[bookmark: OLE_LINK10]Previous studies have demonstrated that although the spatial topography of large-scale functional networks is specific to individuals, it is also broadly consistent[28, 29]. Therefore, we first generated a group atlas to initialize the personalized functional networks. This approach ensures spatial correspondence across participants and has been applied to other methods for personalized network definition[30, 31]. To generate the group atlas, we required participants with identical fMRI timeseries lengths. Additionally, to ensure computational feasibility by reducing memory demands and to mitigate the effects of head motion, we restricted the analysis to 2,825 participants, all of whom had the same number of time points (1,532) and met a stricter criterion with a mean FD less than 0.2 mm. To avoid the influence of outliers and to optimize computational efficiency, we adopted a bootstrap strategy to perform group-level decomposition multiple times on a subset of randomly selected participants[23]. As in previous studies[23, 27], we randomly selected 100 participants, temporally concatenated their timeseries, and acquired a matrix of 153,200 rows (time points) and 59,412 columns (vertices in fsLR_32k space). With random non-negative initialization, we employed regularized NMF to decompose this matrix into a loading matrix with 17 rows and 59,412 columns. Each row indicates a distinct functional network, and each column represents the loading of a specific cortical vertex. In line with previous studies[23, 27], this procedure was iterated 50 times, each time using a different subset of participants, resulting in 50 different group atlases.
Step 2: Group network consensus
[bookmark: OLE_LINK69][bookmark: OLE_LINK70]We applied spectral clustering[23] to the acquired 50 group network atlases to construct a stable and reproducible group consensus network atlas. We concatenated 50 group parcellations across networks, resulting in a matrix of 850 rows (functional networks) and 59,412 columns (vertices). We then calculated the inter-network similarity, which was used as the input for a normalized cuts-based spectral clustering method[32]. This procedure grouped 850 functional networks into 17 clusters. For each cluster, the functional network with the highest overall similarity to all other functional networks within the same cluster was selected as the most representative. The final group consensus network atlas comprised representatives of these 17 clusters. 
Step 3: Individualized network construction 
We derived a personalized functional network atlas with NMF based on acquired group networks (1759,412 loading matrix) as the initialization and used individual-specific fMRI timeseries (153259,412 matrix) as the input. The optimization details have been documented in a previous study[23]. This procedure yielded a loading matrix (1759,412 matrix) to represent the functional networks for each participant, where each row is a functional network, and each column is a vertex. The values in this matrix quantify the extent to which each vertex belongs to a network. By labeling each vertex according to its highest loading, this probabilistic (soft) definition can be converted into a discrete (hard) network for display and comparison with other methods[30, 31, 33].
Defining individual functional networks with MS-HBM
To evaluate the robustness of our results, we used another widely used parcellation approach, the multi-session hierarchical Bayesian model (MS-HBM) (https://github.com/ThomasYeoLab/CBIG/tree/master/stableprojects/brainparcellation/Kong2019MS-HBM), to define personalized functional networks[30]. This approach first generates a group atlas of 17 functional networks using all participants’ average functional connectivity profiles and a clustering technique, and then estimates the inter-subject and intra-subject variability of functional connectivity. Subsequently, the MS-HBM calculated the personalized functional networks for each participant using prior information, including the group atlas, inter-subject, and intra-subject variability in functional connectivity. As the MS-HBM requires multi-session data as input, we split the data into two equal sessions. We used the same parameters as those used in previous studies[27, 30]. The adjusted Rand index was used to quantify the similarity between the networks from MS-HBM and the discretized networks from NMF. 
SES prediction from functional topography using PLS-R 
We used partial least squares regression (PLS-R) with nested 2-fold cross-validation (2F-CV) to investigate whether personalized functional network topography was associated with the individual differences of three SES factors separately. PLS-R combined the features of both principal component analysis and regression analysis and allowed us to uncover complex multivariate relationships between variables. We combined the loading maps of the 17 networks into a feature vector to represent an individual’s multivariate functional topography pattern for the probabilistic networks. To optimize the computational costs, we resampled both the atlas loading maps from the fsLR_32k space to fsaverage5 for each individual using workbench[34]. Visual comparison suggested that patterns of functional networks were almost the same between two different spaces (Figure S2).
PLS-R
PLS-R typically reduces features to a smaller set of orthogonal latent components and performs least-squares regression on these components for prediction[35-37], which can more effectively address the challenges of high dimensionality and multicollinearity inherent of functional topography features. 
PLS-R matrix organization
As illustrated above, we organized the functional topography data and SES scores in X and Y. Specifically, for each participant’s topography with atlas loading, we combined the loading maps of 17 networks into a feature vector. Size of the topography matrix for each participant is , where w is the number of vertices across the cortex, which is 18,715 in fsaverage5 space after removing the medial wall. The values of the matrix indicate the network loading (i.e., probability) that each vertex belongs to a given network. All participants’ topography data are stored in a matrix X, where each row represents one participant and each column represents one network loading. Each participant had 17 × 18,715 network loadings, yielding 121,086 features after excluding those with zero loadings across all participants. Similarly, SES scores are stored in a  vector Y, where each element represents a participant’s SES score. 
PLS-R modeling
PLS-R jointly decomposes X and Y using singular value decomposition (SVD) to maximize the mutual covariance[35]. The methodology focuses on discerning the orthogonal latent components of X that best predict Y. PLS-R leverages recursive SVD iterations to derive the latent components. After each iteration, the latent components identified for X are subtracted, which forms a deflated matrix used in the subsequent iteration. Y undergoes a similar deflation process. The decomposition persists until X is segregated into L components, where L is the optimal number identified via nested cross-validation. Throughout its optimization, PLS-R fine-tunes the regression coefficients for each latent component to predict Y. When back-projected onto the functional topography features, these coefficients yield regression weights for each network-loading feature. We used the algorithm “PLSRegression” from scikit-learn library[38] to implement PLS-R, which is available at https://scikit-learn.org/stable/modules/cross_decomposition.html.
Prediction framework 
We conducted a nested 2F-CV to assess whether the functional network topography could be used to identify an unseen individual’s SES score, with the outer 2F-CV estimating the generalizability of the model and the inner 2F-CV determining the optimal parameter (component number L), in line with previous research[25, 27, 39]. 
In the outer 2F-CV, data were randomly divided into two subsets, using one subset for training and another subset for testing. Age, sex, head motion, and site were regressed from each topographical loading feature using a linear model of the training set. The resulting coefficients were applied to regress the confounding variables from the testing set. Each feature was linearly scaled between 0 and 1 based on the training set, and the acquired scaling parameters were subsequently applied to scale the testing set[24, 25, 27, 39]. We applied an inner 2F-CV within the training set to select the optimal number (L) of components. Based on the optimal L, we trained a model using the training set and then used the model to predict the outcomes of the testing set. This procedure was repeated with two subsets exchanged for training and testing. Pearson’s correlation and the mean absolute error (MAE) between the predicted and actual outcomes were used to quantify the SES prediction accuracy. Both the correlations and MAE were averaged across the two subsets to quantify the overall performance. 
In each iteration of the outer 2F-CV, the inner 2F-CVs were employed to determine the optimal component number L. Specifically, the training set for each outer loop was randomly partitioned into two subsets. One subset was used to train the model with a given parameter L in the range [1, 2, 3, ..., 10], while the other subset served as the testing set[25]. This process was repeated twice, ensuring that each subset was used once for testing, resulting in two inner 2F-CV loops. 
For each value of L, we calculated the correlation r between the actual and predicted outcomes, as well as the MAE for each inner 2F-CV loop. These values were then averaged across the two inner loops. To define the inner prediction accuracy, we summed the mean correlation r and the mean MAE. To account for the different scales of these two metrics, we normalized the raw values using z-scores prior to summation, allowing for meaningful comparison. The value of L that yielded the highest inner prediction accuracy was selected as the optimal parameter. 
Due to the random nature of the two-subset splitting, we repeated the outer 2F-CV 101 times to assess overall prediction accuracy. This approach allowed us to calculate the median prediction accuracy (correlation r and MAE) across all 101 resamples[25]. We selected 101 resamples instead of 100 to facilitate the calculation of the median value. From these resamples, we identified the outer 2F-CV that yielded the median prediction accuracy (correlation r) for further analysis. This selection enabled us to visualize the scatter plot of actual versus predicted SES scores. To enhance computational efficiency, we conducted the inner 2F-CV 20 times [25, 27]. 
Sensitivity analyses with discrete NMF networks and MS-HBM networks
Our primary analyses used topography from the probabilistic functional networks as features to predict SES, and we next evaluated whether our prediction was stable with a pattern of discrete functional networks. We extracted whole-brain discrete network labels as a feature vector to represent the multivariate pattern of functional network topography for each participant. Using these features, we applied the above 2F-CV framework to predict SES. As network labels are categorical features, we first encoded each vertex feature as a one-hot numeric array, which was used as the input for the prediction analysis. This framework was applied to discrete functional networks from both the NMF and the MS-HBM. 
The one-hot encoder was implemented using the scikit-learn library (https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.OneHotEncoder.html)[38]. It is difficult to regress the confounding variables from the features of discrete network labels; therefore, we did not perform this during the prediction analysis. Instead, we controlled for confounding variables, including age, sex, head motion, and site, in the correlation between the actual and predicted SES. 
Significance of prediction performance
[bookmark: OLE_LINK71][bookmark: OLE_LINK72][bookmark: OLE_LINK73]To assess whether the prediction performance (correlation r) significantly exceeded chance levels, we performed a permutation test[24, 25, 27, 40, 41]. This involved reapplying the prediction procedure 1,000 times, permuting the SES scores among the training samples without replacement in each iteration. We then compared the true prediction accuracy to this permuted distribution to determine significance. The p-value for the correlation r was calculated as the proportion of permutations that yielded a higher value than the actual median correlation r which was obtained from the 101 repetitions of the real data. 
Interpretation of feature weights
From 101 repetitions of random 2F-CV, 202 regression coefficients or weight maps were obtained for each network. The absolute values of these weights quantify the contribution of features to the prediction, and the sign of the weights indicates whether the feature loading increases (positive sign) or decreases (negative sign) with higher levels of SES[25, 27]. We calculated median weight for each feature (loading of a vertex in one network) across the 202 values. To further understand each network’s contributions to the prediction, we summed the contribution weights across all vertices in each network. We also evaluated the cortical spatial pattern of vertex-level contribution weights by summing the absolute prediction weights across all 17 networks for each vertex.
Finally, to further evaluate the association of each network’s topography to SES, we predicted SES using the multivariate functional network topographic features from each network separately and ranked the prediction accuracy of each network. 
SES prediction from functional topography using ridge regression
We further evaluated whether functional network topography could be used to predict SES using another machine learning approach, ridge regression[24, 42]. We used the same 2F-CV prediction framework as for the PLS-R prediction. Similarly, we combined the 17 network loading maps into a feature vector to represent the multivariate pattern of the network topography and predict an individual’s SES score.
Ridge regression is a linear model with an L2 penalty during the least-squares model fitting. A regularization parameter  is used to control the trade-off between the prediction error of the training data and L2-norm regularization, that is: a trade-off of penalties between the training error and model complexity. A large  corresponds to a greater penalty on model complexity, and a small  represents a greater penalty for training error. Thus, the regression coefficients are shrunk to yield a better generalizability for predicting unseen samples. The parameter  was selected from the range [2-10, 2-9, ..., 24, 25] (16 values in total) consistent with prior studies[24, 27, 39]. We used the scikit-learn library to implement the ridge regression (http://scikit-learn.org)[38].
Alignment between cortical maps and sensorimotor-association cortical axis
Prior studies have consistently demonstrated that the sensorimotor-association cortical axis is a unifying organizing principle of diverse neurobiological properties[43]. We hypothesized that this sensorimotor-association cortical axis is associated with the cortical patterns of individual functional topography variability and SES contribution weights. 
[bookmark: OLE_LINK74][bookmark: OLE_LINK75]Using Spearman’s rank correlation, we evaluated the association between individual variability of functional topography and the rank of the sensorimotor-association cortical axis across all vertices. First, we calculated the correlation between the cortical map representing the sum of vertex-wise prediction weights across the 17 networks and the cortical axis map for all vertices. Next, we determined the average ranks at the network level for each of the 17 networks, based on the cortical axis map and the discrete network atlas. We then assessed the correlation between the average contribution weights and the averaged cortical axis ranks at the network level across the 17 networks. Finally, we examined the relationship between prediction accuracy for each network and the average cortical axis rank at the network level across all 17 networks. 
To evaluate the significance of the alignment between cortical contribution patterns and the  sensorimotor-association cortical axis[43], we used a spatial permutation (1,000 times) procedure called the spin test (https://github.com/spin-test/spin-test)[44-47]. The spin test is a spatial permutation method based on angular permutations of spherical projections on the cortical surface. The spin test preserves the spatial covariance structure of the data and is consequently far more conservative than randomly shuffling locations, which destroy the spatial covariance structure of the data and produce an unrealistically weak null distribution. In contrast, the spin test generates a null distribution of randomly rotated brain maps that preserve the spatial features of the original map. Using the permuted data, we re-evaluated the correlation with the cortical axis and constructed a null distribution of the correlation. A statistical p-value was obtained by comparing the actual correlation value and the null distribution.
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Figure S1. Flow diagram depicting data inclusion and exclusion 
The baseline sample for the ABCD cohort consisted of 11,876 children. We obtained preprocessed resting-state fMRI data for 9,480 participants from the ABCD-BIDS Community Collection. We excluded participants with missing data or information, low-quality functional or structural MRI data, excessive head motion during acquisition, and incomplete scan sessions. These criteria resulted in a sample of 6,001 children for personalized functional network construction. To mitigate the potential impact of heritability in our analyses between functional topography with socioeconomic factors, we also randomly selected one participant from families with multiple participants, which resulted in a sample of 5,314 children. Missing data for each of the three SES factors led to a final sample of 4,835 participants for family income analysis, 5,308 participants for parental education analysis, and 4,965 participants for neighborhood disadvantage analysis.
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Figure S2. The comparison of the functional networks between fsLR_32k and fsaverage spaces for one participant
The upper panel displays the functional networks in the raw fsLR_32k space, while the lower panel represents the resampled functional networks in the fsaverage5 space. VS: visual; AU: auditory; SM: somatomotor; VA: ventral attention; DA: dorsal attention; FP: fronto-parietal; DM: default mode; TM: temporo-parietal; LB: limbic. 
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Figure S3. Features contributing to INR prediction with partial least squares regression 
The contribution maps were thresholded to include vertices with the highest (first 25%) absolute weights. The underlying map depicts the probabilistic group network atlas. VS: visual; AU: auditory; SM: somatomotor; VA: ventral attention; DA: dorsal attention; FP: fronto-parietal; DM: default mode; TM: temporo-parietal; LB: limbic. INR: income-to-needs ratio.
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Figure S4. Features contributing to parental education prediction with partial least squares regression 
The contribution maps were thresholded to include vertices with the highest (first 25%) absolute weights. The underlying map depicts the probabilistic group network atlas. VS: visual; AU: auditory; SM: somatomotor; VA: ventral attention; DA: dorsal attention; FP: fronto-parietal; DM: default mode; TM: temporo-parietal; LB: limbic. 
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Figure S5. Features contributing to ADI prediction with partial least squares regression 
The contribution maps were thresholded to include vertices with the highest (first 25%) absolute weights. The underlying map depicts the probabilistic group network atlas. VS: visual; AU: auditory; SM: somatomotor; VA: ventral attention; DA: dorsal attention; FP: fronto-parietal; DM: default mode; TM: temporo-parietal; LB: limbic. ADI: area deprivation index.
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Figure S6. INR prediction is robust to methodological variations 
The functional topography of 17 discrete networks from both NMF (A) and MS-HBM (D) predicted income-to-needs ratio (INR) with an accuracy similar to that obtained using the soft parcellation of NMF. Ridge regression with soft parcellation from NMF (G) also significantly predicted INR. Repeated (101 times) random 2F-CV indicated that the pattern of functional topography predicted the INR better than a null distribution with permuted data (inset). (B, E, H) Scatterplot of 2F-CV with the median prediction accuracy across 101 repetitions. The data points depict the predicted INR scores of the participants in the model trained using independent data. The averaged prediction accuracy between two folds in 2F-CV is displayed. (C, F, I) Vertices in the higher-order association cortex contributed the most to the multivariate model predicting the INR. INR: income-to-needs ratio; NMF, non-negative matrix factorization; MS-HBM, multi-session hierarchical Bayesian model; 2F-CV: 2-fold cross-validation; Pperm: p-value from permutation test; Pspin: p-value from spin test.
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Figure S7. Parental education prediction is robust to methodological variations 
The functional topography of 17 discrete networks from both NMF (A) and MS-HBM (D) predicted parental education with an accuracy similar to that obtained using the soft parcellation of NMF. Ridge regression with soft parcellation from NMF (G) also significantly predicted parental education. Repeated (101 times) random 2F-CV indicated that the pattern of functional topography predicted the parental education better than a null distribution with permuted data (inset). (B, E, H) Scatterplot of 2F-CV with the median prediction accuracy across 101 repetitions. The data points depict the predicted parental education scores of the participants in the model trained using independent data. The averaged prediction accuracy between two folds in 2F-CV is displayed. (C, F, I) Vertices in the higher-order association cortex contributed the most to the multivariate model predicting the parental education. NMF, non-negative matrix factorization; MS-HBM, multi-session hierarchical Bayesian model; 2F-CV: 2-fold cross-validation; Pperm: p-value from permutation test; Pspin: p-value from spin test.
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Figure S8. ADI prediction is robust to methodological variations 
The functional topography of 17 discrete networks from both NMF (A) and MS-HBM (D) predicted the area deprivation index (ADI) with an accuracy similar to that obtained using the soft parcellation of NMF. Ridge regression with soft parcellation from NMF (G) also significantly predicted ADI. Repeated (101 times) random 2F-CV indicated that the pattern of functional topography predicted the ADI better than a null distribution with permuted data (inset). (B, E, H) Scatterplot of 2F-CV with the median prediction accuracy across 101 repetitions. The data points depict the predicted ADI scores of the participants in the model trained using independent data. The averaged prediction accuracy between two folds in 2F-CV is displayed. (C, F, I) Vertices in the higher-order association cortex contributed the most to the multivariate model predicting the ADI. ADI: area deprivation index; NMF, non-negative matrix factorization; MS-HBM, multi-session hierarchical Bayesian model; 2F-CV: 2-fold cross-validation; Pperm: p-value from permutation test; Pspin: p-value from spin test.
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Figure S9. The predictions of three SES factors are robust in subset of participants 
The topography of personalized functional networks predicted three SES factors in a subset of participants (80%) with 500 bootstraps, yielding similar accuracies compared to predictions made in the full sample. SES: socioeconomic status.



Table S1. Participants’ demographics 
Information on both the entire sample for delineating personalized functional networks and the subsamples for three SES factors prediction are depicted. 
	
	NMF
	INR
	Education
	ADI

	Sample size
	6001 (3003 F)
	4835 (2424 F)
	5308 (2630 F)
	4965 (2463 F)

	Age in months (mean (S.D.))
	119.5 (7.5)
	119.4 (7.4)
	119.4 (7.4)

	119.4 (7.5)

	Race/ethnicity (%)
	
	
	
	

	White
Black
Hispanic
Asian
Other
	3416
745
1142
104
594
	2838
547
891
87
472
	2965
678
1041
101
523
	2785
613
978
96
493

	Household income (%)
	
	
	
	

	< $5000 
$5000–$11,999 $12,000–$15,999 $16,000–$24,999 $25,000–$34,999 $35,000–$49,999 $50,000–$74,999 $75,000–$99,999 $100,000–$199,999 
> $200,000
	
	130
158
114
197
297
411
681
760
1539
548
	
	

	Parental education (mean (S.D.))
	
	
	15.2 (2.6)
	

	Area deprivation index (mean (S.D.))
	
	
	
	40.8 (26.2)





Table S2. Re-coding parent education categories to years
	Values in table
	Education level
	Educational years

	0
	Never attended/Kindergarten only
	0 years

	1
	1st grade
	1 year

	2
	2nd grade
	2 years

	3
	3rd grade
	3 years

	4
	4th grade
	4 years

	5
	5th grade
	5 years

	6
	6th grade
	6 years

	7
	7th grade
	7 years

	8
	8th grade
	8 years

	9
	9th grade
	9 years

	10
	10th grade
	10 years

	11
	11th grade
	11 years

	12
	12th grade
	12 years

	13
	High school graduate
	12 years

	14
	GED or equivalent Diploma
	12 years

	15
	Some college
	14 years 

	16
	Associate degree: Occupational
	14 years

	17
	Associate degree: Academic program
	14 years

	18
	Bachelor's degree
	16 years

	19
	Master's degree
	18 years

	20
	Professional school degree
	20 years

	21
	Doctoral degree
	22 years

	777
	Refused to answer
	




Table S3. Factors contributing to ADI calculation in the ABCD Study
	Table Name
	Variable Name
	Variable Label

	[bookmark: OLE_LINK26][bookmark: OLE_LINK27]led_l_adi
	reshist_addr1_adi_edu_l
	Percentage of population aged >=25 y with <9 y of education

	led_l_adi
	reshist_addr1_adi_edu_h
	Percentage of population aged >=25 y with at least a high school diploma

	led_l_adi
	reshist_addr1_adi_work_c
	Percentage of employed persons aged >=16 y in white collar occupations

	led_l_adi
	reshist_addr1_adi_income
	Median family income

	led_l_adi
	reshist_addr1_adi_in_dis
	Income disparity defined by Singh as the log of 100 x ratio of the number of households with <10000 annual income to the number of households with >50000 annual income

	led_l_adi
	reshist_addr1_adi_home_v
	Median home value

	led_l_adi
	reshist_addr1_adi_rent
	Median gross rent

	led_l_adi
	reshist_addr1_adi_mortg
	Median monthly mortgage

	led_l_adi
	reshist_addr1_adi_home_o
	Percentage of owner

	led_l_adi
	reshist_addr1_adi_crowd
	Percentage of occupied housing units with >1 person per room (crowding)

	led_l_adi
	reshist_addr1_adi_unemp
	Percentage of civilian labor force population aged >=16 y unemployed (unemployment rate)

	led_l_adi
	reshist_addr1_adi_pov
	Percentage of families below the poverty level

	led_l_adi
	reshist_addr1_adi_b138
	Percentage of population below 138% of the poverty threshold

	led_l_adi
	reshist_addr1_adi_sp
	Percentage of single

	led_l_adi
	reshist_addr1_adi_ncar
	Percentage of occupied housing units without a motor vehicle

	[bookmark: OLE_LINK28][bookmark: OLE_LINK29]led_l_adi
	reshist_addr1_adi_ntel
	Percentage of occupied housing units without a telephone

	led_l_adi
	reshist_addr1_adi_nplumb
	Percentage of occupied housing units without complete plumbing (log)


led_l_adi: Name of the table that stores this information.
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