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Distinct brain network features predict 
internalizing and externalizing traits in 
children, adolescents and adults
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The distinction between externalizing and internalizing traits has been a 
classic area of study in psychiatry. However, whether shared or unique brain 
network features predict internalizing and externalizing behaviors remains 
poorly understood. Using a sample of 5,260 children from the Adolescent 
Brain Cognitive Development study, 229 adolescents from the Healthy Brain 
Network and 423 adults from the Human Connectome Project, we show that 
predictive network features are, at least in part, distinct across internalizing 
and externalizing behaviors. Across all three samples, behaviors within 
internalizing and externalizing categories exhibited more similar predictive 
feature weights than behaviors between categories. These data suggest shared 
and unique brain network features account for individual variation within 
broad internalizing and externalizing categories across developmental stages.

The distinction between ‘internalizing’ and ‘externalizing’ behaviors 
has been a classic area of study in child and adolescent psychiatry1. 
Internalizing behaviors are directed toward the individual and manifest 
in their extreme form as sadness, withdrawal, somatic complaints and 
anxiety, while externalizing behaviors are directed toward the environ-
ment or others and involve disruptive and aggressive behaviors2. These 
behaviors have been linked to increased risk for suicide attempts in 
childhood and adolescence3,4 as well as worse work performance and 
lower cognitive abilities in adulthood5,6. However, the neural underpin-
nings associated with internalizing and externalizing behaviors across 
developmental stages remain poorly understood.

Throughout development, functional connectivity (FC) patterns 
within and between large-scale brain networks can predict individual 
differences in cognition7, impulsivity8 and psychiatric symptoms9,10. 

While individual-level variability in the organization of large-scale 
brain networks can predict individual differences within broad cat-
egories of cognition, personality and mental health in both children 
and adults11,12, macroscale patterns of brain functioning are dynamic 
across the lifespan13–15. Therefore, it is unclear whether the specific 
brain–behavior relationships observed in childhood mirror those 
in other developmental stages. Furthermore, although shared  
network features account for individual variation within broad classes 
of behavior11, individual-specific patterns of functional network con-
nections may predict even finer-grained categories, such as internal-
izing and externalizing. In this Article, we examine the extent to which 
brain-based predictors of internalizing and externalizing behaviors are 
similar across a large sample of children and independent samples of 
adolescents and young adults.

Received: 24 May 2023

Accepted: 15 January 2025

Published online: 19 February 2025

 Check for updates

1Department of Psychology, Yale University, New Haven, CT, USA. 2Wu Tsai Institute, Yale University, New Haven, CT, USA. 3Center for Sleep and Cognition, 
National University of Singapore, Singapore, Singapore. 4Center for Translational MR Research, National University of Singapore, Singapore, Singapore. 
5Department of Electrical and Computer Engineering, National University of Singapore, Singapore, Singapore. 6N.1 Institute for Health and Institute for 
Digital Medicine (WisDM), National University of Singapore, Singapore, Singapore. 7Integrative Sciences and Engineering Programme (ISEP), National 
University of Singapore, Singapore, Singapore. 8Institute of Behavioral Sciences, Feinstein Institutes for Medical Research, Manhasset, NY, USA. 9Martinos 
Center for Biomedical Imaging, Massachusetts General Hospital, Charlestown, MA, USA. 10Department of Psychiatry, Brain Health Institute, Rutgers 
University, Piscataway, NJ, USA.  e-mail: lydia.qu@yale.edu; avram.holmes@rutgers.edu

http://www.nature.com/natmentalhealth
https://doi.org/10.1038/s44220-025-00388-5
http://orcid.org/0000-0002-7835-5632
http://orcid.org/0000-0002-8253-6962
http://orcid.org/0000-0002-6352-9150
http://orcid.org/0000-0002-0119-3276
http://orcid.org/0000-0001-6583-803X
http://crossmark.crossref.org/dialog/?doi=10.1038/s44220-025-00388-5&domain=pdf
mailto:lydia.qu@yale.edu
mailto:avram.holmes@rutgers.edu


Nature Mental Health | Volume 3 | March 2025 | 306–317 307

Article https://doi.org/10.1038/s44220-025-00388-5

predicted and actual behavioral scores were used as accuracy met-
rics. Statistical significance of prediction accuracy was assessed by 
permutation testing. All behavioral measures in the ABCD sample 
were predicted better than chance after false discovery rate (FDR) 
correction (Fig. 1c; q < 0.05). Notably, prediction accuracy is gener-
ally low (Pearson’s r = 0.03–0.16). This is consistent with recent work 
by Marek and colleagues that demonstrated that the effect size of the 
association between RSFC and measures of psychopathology is subtle 
(r = −0.05–0.05) across multiple large-scale datasets24.

By contrast, none of the behavioral measures from the HBN or the 
HCP sample achieved better-than-chance accuracy (Supplementary 
Figs. 1 and 2). These two samples have relatively smaller sample sizes, 
thus not affording sufficient power for detecting such brain–behavior 
relationships with low effect sizes.

Distinct FC predictors between categories across all samples
Here we sought to determine whether internalizing and externalizing 
behaviors exhibited distinct patterns of predictive feature weights 
across datasets. At each cross-validation fold, we quantified the ‘feature 
importance’ of each interregional RSFC edge, predicting each behavior 

In the present study, we predicted internalizing and external-
izing measures of psychopathology in a sample of children from 
the Adolescent Brain Cognitive Development (ABCD) study16 from 
their resting-state functional connectivity (RSFC) matrices using 
kernel ridge regression (KRR) models (Supplementary Methods 1). 
We further explored RSFC predictors of internalizing and external-
izing in an independent cohort of adolescents from the Healthy 
Brain Network (HBN)17 and an independent cohort of young adults 
from the Human Connectome Project (HCP)18. Across all three sam-
ples, the exact test of differences19 revealed that network features 
more similarly predicted pairs of behavioral measures within either 
the internalizing or the externalizing category than those across 
categories, supporting internalizing and externalizing behaviors 
as distinct factors of psychopathology across datasets character-
ized by distinct developmental stages. Specifically, predictive net-
work features that are significantly different between internalizing 
and externalizing behavior in ABCD children and HBN adolescents 
involve primarily functional connections to the subcortical regions 
and the visual network from other large-scale functional networks, 
with HBN adolescents characterized by more distributed patterns. 
However, predictive network features that are significantly diffe-
rent between internalizing and externalizing behavior in HCP adults 
involve primarily FC within large-scale canonical networks. These 
results further suggested that functional network features differ-
entially predicting internalizing and externalizing behavior may 
change across the lifespan.

Results
Imaging and behavioral data
To examine brain-based predictive network features of internalizing 
and externalizing behavior in children, we considered resting-state 
functional magnetic resonance imaging (rsfMRI) data from N = 11,875 
typically developing children (ABCD 2.0.1 release16). The final analytical 
sample consisted of n = 5,260 unrelated children with complete data 
who passed fMRI quality control (Methods and Supplementary Tables 
1 and 2). Our analyses considered six measures of internalizing and 
externalizing behavior (Supplementary Table 3)20, assigning three to 
the child internalizing category and three to the child externalizing 
category (Supplementary Table 4).

To assess the generalizability of our ABCD results to other devel-
opmental stages such as adolescence and adulthood, we additionally 
examined brain-based predictive network features of internalizing 
and externalizing behavior in an independent sample of adolescents 
and adults. Specifically, we analyzed rsfMRI data and measures of 
internalizing and externalizing behavior from 229 HBN adolescents 
(HBN releases 1–7 (ref. 17)) and 423 HCP young adults (HCP S1200 data 
release18). In the HBN sample (Supplementary Table 5), we analyzed the 
same measures as in the ABCD sample (Supplementary Table 6) and 
assigned them similarly to adolescent internalizing and externalizing 
categories (Supplementary Table 7).

In the HCP sample (Supplementary Table 8), we considered six 
measures assessing the same set of internalizing and externalizing 
behaviors in adults (Supplementary Table 9)21, assigning them similarly 
to adult internalizing and externalizing categories (Supplementary 
Table 10). Both samples were not significantly different from the ABCD 
sample in their levels of total internalizing and externalizing problems 
(Supplementary Tables 11 and 12).

Evidence for brain–behavior KRR prediction in ABCD children
Across all samples, we defined 400 cortical22 and 19 subcortical23 
regions of interest (ROIs)23,24 and estimated a 419 by 419 RSFC matrix 
(Fig. 1a,b). Following previous work11, we used KRR models to predict 
each behavioral measure from subject-specific RSFC matrices in each 
sample. To evaluate predictive accuracy, we performed nested cross-
validation procedures (Methods). Pearson’s correlations between 
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Fig. 1 | Whole-brain FC predicts internalizing and externalizing behaviors 
in ABCD children. a, Four hundred cortical ROIs22 and their assignment to one 
of 17 large-scale networks30. b, Nineteen subcortical ROIs23. c, KRR prediction 
performance in ABCD children. For each box plot, the top and bottom edges 
represent upper and lower quartiles of correlation coefficient (r) distributions, and 
the horizontal line marks the median. Outliers are plotted as circles. Asterisks (*) 
denote above-chance significance on the basis of permutation testing after FDR 
correction (q < 0.05). Panels reproduced from: a, ref. 84 under a Creative Commons 
license CC BY 4.0; b, ref. 85 under a Creative Commons license CC BY 4.0.
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using Haufe’s transformation (Methods)25, yielding a 419 × 419 predic-
tive feature weight matrix for each behavior in each sample.

Next, consistent with previous work26,27, we analyzed whether 
predictive feature weights computed from KRR model outputs were 
more similar among behaviors within versus between internalizing 
and externalizing categories using the exact test of differences19. We 
conducted exact tests of differences between pairs of predictive weight 
vectors associated with each RSFC edge, predicting different pairs of 
behavioral measures across all cross-validation folds. In each sam-
ple, we assessed whether predictive feature weights associated with 
behavioral pairs within the same categories were more similar (that is, 
significantly different across a lower proportion of RSFC edges out of 
all 87,571 RSFC edges) than predictive feature weights associated with 
behavioral pairs across different categories (Methods).

In ABCD children, the proportions of RSFC edges exhibiting signifi-
cantly different predictive feature weights were higher between each 
internalizing subscale and Total Child Externalizing Problems Scale 
(48.4% and 16.7% of edges) than between the two internalizing subscales 
(0.42%; Fig. 2a). Further, the proportions of edges exhibiting signifi-
cantly different predictive feature weights were higher between each 
externalizing subscale and Total Child Internalizing Problems Scale 
(37.3% and 29.1%) than between the two externalizing subscales (20.0%; 
Fig. 2a). Since internalizing and externalizing measures were reported 
by different family members across ABCD children, we repeated these 
analyses within the subset of children whose behavioral measures were 
reported by their mothers and observed a consistent pattern of results 
(Supplementary Fig. 3).

In both HBN adolescents and HCP adults, the patterns we observed 
were broadly consistent with the ABCD results. The proportions of 
RSFC edges exhibiting significantly different predictive feature weights 
were higher between each internalizing subscale and Total External-
izing Problems Scale (51.4% and 47.3% in HBN (Fig. 2b); 41.8% and 39.9% 
in HCP (Fig. 2c)) than between the two internalizing subscales (0.69% 
in HBN (Fig. 2b); 0.54% in HCP (Fig. 2c)). Moreover, the proportions of 
edges exhibiting significantly different predictive feature weights were 
higher between each externalizing subscale and Total Internalizing 
Problems Scale (41.8% and 47.8% in HBN (Fig. 2b); 48.4% and 41.0% in 
HCP (Fig. 2c)) than between the two externalizing subscales (33.7% 
in HBN (Fig. 2b); 23.6% in HCP (Fig. 2c)). These results suggest that 
brain-based predictive features within internalizing and externalizing 
categories are more similar than predictive features between these 
categories across ABCD children, HBN adolescents and HCP adults. 
Overall, brain network features predicting behaviors within the same 
category are more similar to each other than to those predicting behav-
iors from the other category across datasets characterized by distinct 
developmental stages.

Previous work showed that predictive features are generally 
similar across mental health measures11. Our findings showed that 
beyond this broad pattern of similarity within the general domain of 
mental health, predictive feature weights were more similar within 
than between internalizing and externalizing categories across mul-
tiple datasets with different age groups. These findings are consistent 
with theoretical models that consider internalizing and externalizing 
behaviors as distinct constructs of psychopathology under a general 
psychopathology p factor28,29.

Network blocks with distinct FC predictors within each sample
Having established that distinct RSFC features drive the prediction of 
total internalizing and externalizing problems across distinct devel-
opmental stages, we next examined which networks contained the 
largest proportions of RSFC edges whose associated predictive feature 
weights were significantly different between total internalizing and 
externalizing problems in each developmental stage. We listed out 
the top five network blocks in terms of the proportions of FC edges 
that significantly predicted Total Internalizing Problems Scale and 

Total Externalizing Problems Scale in each sample (Supplementary 
Tables 13–15).

Among ABCD children, network blocks containing the highest 
proportions of RSFC edges with significantly more positive or less 
negative feature weights when predicting total internalizing problems 
than predicting total externalizing problems involved primarily func-
tional connections from the other networks to the subcortical regions. 
High proportions of RSFC edges within attention and frontoparietal 
networks also predicted total internalizing problems more positively 
or less negatively than total externalizing problems. However, network 
blocks containing high proportions (>50%) of RSFC edges with signifi-
cantly more positive or less negative feature weights when predicting 
total externalizing problems than predicting total internalizing prob-
lems involved predominantly between-network connectivity to the 
visual network (Fig. 3 and Supplementary Table 13).

In HBN adolescents, network blocks containing the highest pro-
portions of RSFC edges that predicted total internalizing problems 
more positively or less negatively similarly involved between-network 
functional connections to the subcortical regions, while high propor-
tions of RSFC edges that predicted total externalizing problems more 
positively or less negatively can be similarly found in network blocks 
involving the visual network. On top of these overlapping patterns with 
ABCD results, high proportions of between-network functional connec-
tions between the attention networks and other networks additionally 
emerged as different predictors of total internalizing and externalizing 
problems (Fig. 3 and Supplementary Table 14).

In HCP adults, the majority of predictive edges are found within 
rather than between functional networks, although high proportions 
of RSFC edges differently predicting total internalizing and external-
izing problems can still be found in a few between-network functional 
connections involving subcortical regions and the visual network  
(Fig. 3 and Supplementary Table 15).

Across all three samples, the highest proportions of RSFC predic-
tors that predicted total internalizing problems more positively or less 
negatively than total externalizing problems can be found between the 
temporal-parietal network and the subcortical regions. These results 
suggest that more positive or less negative FC between the temporal-
parietal network and the subcortical regions may be a specific predictor 
of internalizing behavior across distinct developmental stages. Distinct 
RSFC predictors of internalizing and externalizing behavior in adult-
hood may be more evident within large-scale functional networks, 
while they may be more represented in between-network functional 
connections involving visual network and subcortical regions in child-
hood and adolescence.

Directionality of network FC prediction within each sample
While the previous section identified network blocks that most differ-
ently predicted total internalizing and externalizing problems scores in 
each sample, it is not clear whether stronger predictions of one score 
were driven by highly positive predictive feature weights within these 
network blocks predicting the score or highly negative predictive  
feature weights associated with the other score, or both. Hence, in this 
section we determined whether any of the network blocks identified 
in the previous section also drive the positive or negative prediction 
of total internalizing and externalizing problems in the corresponding 
sample where they emerged as the strongest differential predictors.

To determine the specific RSFC features that consistently predicted 
total internalizing and externalizing problems, we performed permuta-
tion tests and visualized statistically significant feature weights associ-
ated with predicting total internalizing problems and total externalizing 
problems in each sample. To limit the number of multiple comparisons 
and allow inferences about well-replicated, functionally relevant large-
scale brain systems, predictive feature weights for each behavior were 
averaged within and between 18 functional modules (following the 
17-network partition in ref. 30 plus subcortical structures23) at each 
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permutation. Permutation testing was performed on mean predictive 
feature weights from each of the resulting 171 unique network blocks. 
Statistically significant predictive feature weights were summed across 
each row on Fig. 4a and plotted on brain surface on Fig. 4b for the posi-
tive weights and on Fig. 4c for the negative weights.

Figure 4 illustrates that both shared and unique RSFC patterns 
predict total internalizing and externalizing problems among ABCD 
children, HBN adolescents and HCP adults. To determine which net-
work block(s) drive the prediction of total internalizing and external-
izing problems in each sample, we averaged statistically significant 
predictive feature weights from Fig. 4a across all subnetworks within 
eight large-scale functional networks—temporal-parietal, default, 
frontoparietal, limbic, salience/ventral attention, dorsal attention, 
somato/motor and visual—and within the subcortical regions, resulting 
in a 9 × 9 matrix of network-level average predictive feature weights 
for each total score and each sample. We then determined the three 
network blocks with the most positive and negative average predic-
tive feature weights with respect to each total score and each sample 
(Supplementary Table 16).

According to exact tests of differences, RSFC edges between the 
temporal-parietal network and the subcortical predicted total internal-
izing problems more positively or less negatively than total external-
izing problems across all three samples (Supplementary Tables 13–15). 
These differences seemed to be driven by highly negative predictions 
of total externalizing problems in both ABCD children and HBN ado-
lescents and by highly positive predictions of total internalizing prob-
lems in HCP adults. A similar pattern was observed for the network 
block involving subcortical regions and the somato/motor network 
(Supplementary Table 16). These results suggest that decreased FC 
of the temporal-parietal and somato/motor networks with the sub-
cortical regions may be specific predictors of externalizing behavior 
across childhood and adolescence, and increased FC within these 
network blocks may be specific predictors of internalizing behavior 
in adulthood.

Results from the exact tests of differences also showed that 
between-network FC involving the visual network predicted total 
externalizing problems more positively or less negatively than total 
internalizing problems across ABCD children and HBN adolescents 
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(Supplementary Tables 13 and 14). These significant differences were 
driven by highly negative prediction of total internalizing problems 
in both samples (Supplementary Table 16), suggesting that decreased 
between-network FC involving the visual network may be a specific 
predictor of internalizing behavior in childhood and adolescence.

Finally, RSFC edges within the limbic and temporal-parietal net-
works and within the subcortical regions predicted total externalizing 
problems more positively than total internalizing problems among 
HCP adults (Supplementary Table 15). These three sets of RSFC edges 
exhibited the most positive predictive feature weights with respect to 
total externalizing problems in HCP adults (Supplementary Table 16), 
suggesting that increased FC within the limbic and temporal-parietal 
networks and within the subcortical region may be specific predictors 
of externalizing behavior in adulthood.

Discussion
In this study, we first used RSFC data from a large, diverse sample of 
children to predict internalizing- and externalizing-related behaviors. 
Predictive feature weights associated with behavioral pairs within inter-
nalizing and externalizing categories were more similar than predictive 
feature weights between categories. We repeated these analyses in an 
independent sample of adolescents and young adults and observed the 
same pattern. These results suggest that functional network predic-
tors of internalizing and externalizing behaviors may be more similar 
within the same symptom classes than between different symptom 
classes across distinct developmental stages.

Internalizing and externalizing symptoms reflect distinct factors 
across various mental disorders, irrespective of demographic and 
collection method31–35. Although large-scale networks can be mecha-
nistically informative for studying neurocognitive processes36,37 and 
psychiatric phenotypes10,38–40, the similarity of whole-brain RSFC pat-
terns predicting measures of internalizing and externalizing behavior 
has not been directly assessed. Previous work has shown that predictive 
network features are similar across behaviors within the broad catego-
ries of mental health11. Using KRR models11,41, we were able to show that 
beyond this broad pattern of similarity within the general domain of 
mental health, predictive feature weights were more similar within than 
between behavioral categories across ABCD children, HBN adolescents 
and HCP adults. Of note, this cross-sample consistency was robust to 
differences in demographic characteristics, model implementation, 
imaging acquisition and processing protocols across cohorts. These 
findings are consistent with theoretical models that consider internal-
izing and externalizing behaviors as distinct constructs of psychopa-
thology under a general psychopathology p factor28,29.

We also investigated functional network predictors that differen-
tially predicted total internalizing and externalizing problems in each 
dataset. Across both ABCD children and HBN adolescents, between-
network RSFC edges to the visual network contained more negative 
feature weights when predicting total internalizing problems than 
when predicting total externalizing problems and were among the 
most negative predictors of total internalizing problems. Furthermore, 
RSFC edges from the other functional networks to the subcortical 
regions, particularly RSFC from the temporal-parietal and somato/
motor networks to the subcortical regions, exhibited more negative 
feature weights predicting total externalizing problems than total 
internalizing problems, and were among the most negative predic-
tors of total externalizing problems. By contrast, the same sets of 
RSFC edges to the subcortical regions exhibited more positive feature 
weights predicting total internalizing problems than total externalizing 
problems and were among the most positive predictors of total inter-
nalizing problems among HCP adults. Another observation from the 
HCP adults is that RSFC edges within the limbic and temporal-parietal 
networks and within the subcortical regions exhibited increased fea-
ture weights when predicting total internalizing problems than when 
predicting total externalizing problems and were among the most 
positive predictors of total internalizing problems. Broadly, these 
results suggest that decreased between-network FC involving the 
visual network may be a specific predictor of internalizing behavior, 
while decreased FC between temporal-parietal and somato/motor 
networks and the subcortical regions may be a specific predictor of 
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weights summed across rows of panel a for each cortical region. Here weaker 
RSFC associated with a given cortical region predicts higher behavioral scores. 
In both panels b and c, the color of each cortical region indicates its percentile 
among 400 regions.
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externalizing behavior across childhood and adolescence. Conversely, 
increased FC within the limbic and temporal-parietal networks and 
within the subcortical regions may be a specific predictor of external-
izing behavior in adulthood.

Our results highlight the importance of FC between the temporal-
parietal and somato/motor networks and the subcortical regions in 
predicting internalizing and externalizing behavior across the three 
samples. The temporal-parietal network regions are theorized to be 
important for social emotion processing42,43 and theory of mind44,45, 
while the somato/motor network encompasses motor processing 
regions46–49. The strengths of their FC with the subcortical regions 
have been identified as unique correlates of externalizing behavior 
in preadolescence according to one previous study50. Our results par-
tially agreed with this previous finding that while these RSFC metrics 
may be specific predictors of externalizing behavior in childhood and 
adolescence, they may become specific predictors of internalizing 
behavior in adulthood.

Overall, we observed both shared and unique RSFC predictive 
features associated with internalizing and externalizing behavior 
across datasets. The differences in predictive feature patterns may be 
attributable to development of functional network organization from 
childhood through adolescence and then adulthood14,15,51–53, or to site 
or acquisition differences among the three collection efforts. Of note, 
our interpretations are limited by the cross-sectional nature of the avail-
able data. In addition, many participants were excluded due to image-
quality issues (Supplementary Table 1). As such, the resulting sample 
was not demographically matched across the included and excluded 
participants. There is a clear tension between previous work indicating 
that in-scanner motion can result in systematic artifacts in FC54,55 and 
that predictive models can fail to generalize across populations56,57. In 
part, this may be addressed through the future availability of longitu-
dinal samples that extend from childhood through adolescence and 
adulthood, allowing for the direct assessment of longitudinal trajec-
tories of brain development and associated brain-based predictions 
within individuals across the lifespan. Another limitation of our study is 
that we did not test our models separately in each sex. Previous studies 
have suggested brain-based predictive models often fail to generalize 
across sexes57, and future work should test sex-/gender-specific models 
of behavior58. Moreover, behavioral scores of the ABCD children were 
reported by their parents, and these children’s self-reported scores 
were not available. As such, the difference patterns we observed across 
samples failed to account for the effects of reporter bias.

Taken together, our study found that predictive network features 
are more similar within than between categories of internalizing and 
externalizing behavior across three datasets characterized by distinct 
developmental stages. Negative RSFC edges from other large-scale 
networks to the visual network and to the subcortical regions most dif-
ferentially predicted internalizing and externalizing behavior, respec-
tively, in ABCD children and HBN adolescents. However, increased 
FC between temporal-parietal and somato/motor networks and the 
subcortical regions and those within the limbic and temporal-parietal 
networks as well as the subcortical regions most differentially pre-
dicted internalizing and externalizing behavior, respectively, in HCP 
adults. Future work will benefit from the longitudinal study of com-
mon and distinct brain-based predictive features across childhood, 
adolescence and adulthood.

Methods
Participants
A total of 11,875 typically developing children and their parents across 
21 sites in the United States participated in the ABCD study at baseline 
(ABCD release 2.0.1). The ABCD study was approved by the institutional 
review board at the University of California, San Diego59. Parents or 
guardians provided written consent, while each child provided written  
assent for participation60. The final analytical sample consisted of 5,260 

unrelated children (Mage = 9.94, 48.88% female) who passed strict pre-
processing quality control and had complete rsfMRI data and complete 
scores across all behavioral measures. The percentages of biological 
mother and father reporters in the final sample are 85.0% and 10.2%, 
respectively. We combined the 21 ABCD sites into 8 ‘site categories’ to 
reduce sample size variability across sites (Supplementary Table 2). 
Participants within the same site were also in the same site category. 
Detailed demographic information can be found in Supplementary 
Table 1.

The HBN project was approved by the Chesapeake Institutional 
Review Board (now Advarra, https://www.advarra.com/) and aims 
to recruit 10,000 individuals aged between 5 and 21 years from the 
New York area17. All participants aged over 18 years provided written  
informed consent, while all participants aged below 18 years provided 
written assent along with their legal guardians’ written informed  
consent17. After completion of the study, all participants were offered 
referral information and up to three in-person feedback sessions as well 
as monetary compensation17. Following data processing and quality 
control, 412 participants aged between 12 and 18 years from the HBN 
study (HBN releases 1–7 (ref. 17)) were available for analyses. Our final 
analytical sample consisted of 229 adolescents (Mage = 14.73, 42.36% 
female) who did not differ from ABCD children in the levels of total 
internalizing and total externalizing problems (Supplementary Table 
11). Detailed demographic information can be found in Supplementary 
Table 5.

A total of 1,206 healthy adults participated in the HCP study (HCP 
S1200 Data Release) and provided written informed consent before par-
ticipation in the study18. After preprocessing quality control of imaging 
data, participants were filtered from Li’s set of 953 participants61 on the 
basis of the availability of a complete set of structural fMRI and rsfMRI 
scans, as well as all behavioral scores of interest. Our main analysis 
consisted of 423 adult participants (Mage = 28.99, 56.74% female) who 
fulfilled all selection criteria12 and did not differ from ABCD children 
in the levels of total internalizing and total externalizing problems 
(Supplementary Table 12). Detailed demographic information can be 
found in Supplementary Table 8.

Neuroimaging
Data acquisition. For the ABCD study, all T1w images and fMRI data 
were acquired using protocols harmonized across three Tesla scanner 
platforms (Phillips, Siemens Prisma and General Electric 750) at 21 sites. 
Twenty minutes of rsfMRI data, consisting of four 5 min runs, was col-
lected from each ABCD child participant. The structural T1 scans were 
acquired with 1 mm isotropic resolution with a repetition time (TR) of 
2,500 ms. Full details of imaging acquisition can be found elsewhere62.

The fMRI data in the HCP data were acquired using an optimized 
protocol with 2 mm isotropic resolution and a TR of 720 ms. Each HCP 
participant went through one structural MRI session and two fMRI 
sessions. Each fMRI session consisted of two 15 min resting-state scans 
with opposite phase encoding directions (left/right and right/left). The 
structural T1 scans were acquired using 0.7 mm isotropic resolution 
and a TR of 2,400 ms. Full details of the acquisition protocol can be 
found elsewhere18.

Data processing. Minimally preprocessed T1w images63 in the ABCD 
study were further processed using FreeSurfer v.5.3.064–69. The cortical 
surface meshes were then registered to a common spherical coordi-
nate system66,67. Participants who failed recon-all quality control in 
FreeSurfer were subsequently excluded63. The minimally preprocessed 
fMRI data63 were subsequently processed in the following manner. 
The initial frames were removed depending on the type of scanner63. 
The resulting fMRI images were then aligned with the processed T1w 
images70 with FsFast71, and only runs with registration costs less than 0.6 
were retained. Framewise displacement (FD)72 and voxel-wise differen-
tiated signal variance (DVARS)55 were computed by fsl_motion_outliers. 
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Volumes with FD > 0.3 mm or DVARS > 50, along with one volume before 
and two volumes after, were flagged as outliers. A bandstop filter was 
applied to remove respiratory pseudomotion (0.31–0.43 Hz)73. Uncen-
sored segments of data having fewer than five contiguous volumes 
were also flagged as outliers and censored74,75. Runs with more than 
half of the volumes flagged as outliers and/or maximum FD > 5 mm 
were discarded. Participants with less than 4 min of data were excluded 
from further analysis. Nuisance regressors, including global signal, six 
motion correction parameters, averaged ventricular signal, averaged 
white matter signal and their temporal derivatives (18 regressors in 
total), were regressed out of the fMRI time series from the unflagged 
volumes. Data were interpolated across censored frames76, band-
pass filtered at 0.009 Hz ≤ f ≤ 0.080 Hz, projected onto FreeSurfer 
fsaverage6 surface space and smoothed using a 6 mm full-width half 
maximum kernel.

The rsfMRI data from the HBN dataset were preprocessed with 
the following steps: (1) removal of the first eight frames; (2) slice time 
correction; (3) motion correction and outlier detection: frames with 
FD > 0.3 mm or DVARS > 60 were flagged as censored frames; one 
frame before and two frames after these volumes were flagged as 
censored frames; uncensored segments of data lasting fewer than 
five contiguous frames were also labeled as censored frames74,75; 
blood-oxygen-level dependent runs with over half of the frames cen-
sored and runs with maximum FD > 5 mm were removed; (4) correc-
tion for susceptibility induced spatial distortion; (5) alignment with 
structural image using boundary-based registration70; (6) nuisance 
regression: regressed out a vector of ones and linear trend, global 
signal, six motion correction parameters, averaged ventricular signal, 
averaged white matter signal and their temporal derivatives; regres-
sion coefficients were estimated from the non-censored volumes; 
(7) band-pass filtering (0.009 Hz ≤ f ≤ 0.080 Hz); (8) interpolation 
of censored frames; (9) projection onto the FreeSurfer fsaverage6  
surface space; (10) smoothing with 2 mm full-width half maximum and 
down-sampling to fsaverage5 surface space. Since the HBN dataset 
involved three different sites, we harmonized the rsfMRI data using 
the neuroCombat package in R77.

For the HCP study, minimally preprocessed T1w images78 went 
through bias and distortion correction using the PreFreeSurfer pipe-
line and registered to MNI space. Cortical surface reconstruction was 
conducted using FreeSurfer v.5.2 using recon-all adapted for high-
resolution images. The reconstructed surface meshes were then reg-
istered to the Conte69 surface template79. During fMRI preprocessing, 
the fMRI data were first corrected for gradient-nonlinearity-induced 
distortions. The fMRI time series in each frame were then realigned to 
the single-band reference image to correct for subject motion using 
rigid body transformation72,80 with the FMRIB Software Library (FSL)81. 
The resulting single-band image underwent spline interpolation to 
correct for distortions and was then registered to the T1w image70. The 
registered fMRI volumes then went through nonlinear registration 
to the Conte69 surface template79 and mapped to the standard CIFTI 
(Connectivity Informatics Technology Initiative) grayordinate coor-
dinate space. Further details about the preprocessing and processing 
pipelines of structural and functional images can be found elsewhere78.

Functional connectivity. We defined 400 cortical ROIs22 and 19 
subcortical ROIs23 for each sample. FC was measured by Pearson’s r  
correlations between the mean time series of each pair of ROIs. Cen-
sored frames were ignored when computing FC. The average FC matrix 
across all runs in each participant was computed and used for subse-
quent analyses.

Measures of internalizing and externalizing behaviors
We included six measures of internalizing and externalizing behavior 
in our analyses, selected from the Achenbach Child Behavior Checklist 
(CBCL)20 taken from child participants82 in the ABCD study. We then 

assigned three measures to the child internalizing category (Total Child 
Internalizing Problems, Child Anxious/Depressed, Child Withdrawn/
Depressed) and the other three measures to the child externalizing 
category (Total Child Externalizing Problems, Child Rule-Breaking 
Behavior, Child Aggressive Behavior; Supplementary Table 4). The 
Total Child Internalizing Problems Scale is the sum of the Anxious/
Depressed, Withdrawn/Depressed and Somatic Complaints Syndrome 
Subscales from the CBCL20. The Total Child Externalizing Problems 
Scale is the sum of the Rule-Breaking Behavior and the Aggressive 
Behavior Syndrome Subscales from the CBCL20. Participants without 
available data across all behavioral measures were excluded from 
analysis.

In the HBN sample, we analyzed the same CBCL measures as in the 
ABCD sample (Supplementary Table 6) and assigned the same sets of 
measures to adolescent internalizing and externalizing categories 
(Supplementary Table 7). Similarly, the Total Adolescent Internalizing 
Problems Scale is the sum of the Anxious/Depressed, Withdrawn/
Depressed and Somatic Complaints Syndrome Subscales from the 
CBCL20. The Total Adolescent Externalizing Problems Scale is the sum 
of the two subscales under the adolescent externalizing category20.

In the HCP dataset, we analyzed six measures of internalizing 
and externalizing behaviors from the Achenbach Self-Report (ASR) 
questionnaire21 (Supplementary Table 9). These subscales assess a 
corresponding set of symptoms to the CBCL subscales in the ABCD sam-
ple. We assigned three measures (Total Adult Internalizing Problems, 
Adult Anxious/Depressed, Adult Withdrawn) to the adult internalizing 
category and the other three (Total Adult Externalizing Problems, 
Adult Rule-Breaking Behavior, Adult Aggressive Behavior) to the adult 
externalizing category (Supplementary Table 10). The Total Adult 
Internalizing Problems Scale is the sum of the Anxious/Depressed, 
Withdrawn and Somatic Complaints Syndrome Subscales from the 
ASR21. The Total Adult Externalizing Problems Scale is the sum of Rule-
Breaking and Aggressive Behavior Syndrome Subscales from the ASR21.

Statistical analysis
Consistent with previous work11, we used KRR with l2 regularization 
to predict each behavioral measure from participant-specific RSFC 
matrices in each of the three samples. Details about the KRR model 
can be found in Supplementary Methods 1). Age and sex were entered 
as covariates. The KRR model assumes that participants with more 
similar FC patterns have more similar behavioral measures and was 
implemented with nested cross-validation procedures similar to those 
of ref. 12.

In the ABCD analyses, we performed leave-three-site-clusters-out 
nested cross-validation for each behavioral measure. At each fold, 
a different set of three site categories served as the test set, and the 
remaining five site categories were used as the training set, resulting 
in 56 folds in total. Participants from the same site were all in either 
the training set or the testing set. In the HBN and HCP analyses, we 
implemented 60 random initiations of tenfold nested cross-validation. 
Participants from the same family were assigned to either training or 
testing sets and were never split across training and test sets in any 
cross-validation fold.

Across all samples, model and regularization parameters were 
estimated from the training set at each fold. The estimated parameters 
were then applied to the unseen participants from the test set and 
evaluated for accuracy by correlating predicted and actual measures83. 
To assess whether model prediction performed better than chance, 
statistical significance of prediction accuracy was assessed by a per-
mutation test whereby the entire cross-validation procedure was rerun 
on behavior measures randomly reshuffled across participants in each 
dataset. This generated a null distribution where a participant’s RSFC 
data were used to predict the measure of another participant from the 
same site, and the resulting null distribution would capture within-site 
similarity. Care was taken to avoid shuffling between families or sites.
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Model interpretation
To interpret the predictive importance of each RSFC feature, we used 
an approach from Haufe and colleagues25 to transform predictive  
feature weights associating each RSFC edge with the behavioral meas-
ure. Predictive feature weight was computed by the covariance between 
the predicted behavioral measure and the RSFC edge. This resulted in a 
419 × 419 predictive feature matrix for each behavioral measure. A posi-
tive (or negative) predictive feature weight indicates that higher RSFC 
predicts greater (or lower) behavioral values. Statistical significance 
of these predictive feature weights was tested with permutation tests 
and corrected for multiple comparison using FDR (q < 0.05). To reduce 
the number of multiple comparisons, predictive feature weights were 
averaged within and between 18 large-scale functional networks22,23 
before conducting the permutation test.

To compare predictive network patterns within and between 
internalizing and externalizing behaviors, we conducted exact tests 
of differences19 between pairs of Haufe-transformed25 weight vectors 
associated with each RSFC edge predicting different pairs of behavioral 
measures across all cross-validation folds. If predictive feature weight 
values associated with an RSFC edge predicting one behavioral measure 
are either larger or smaller than those associated with the same edge 
predicting the other behavioral measure across more than 97.5% of all 
cross-validation folds, the two-tailed P value would be smaller than 
0.05, and the predictive feature weights associated with the two meas-
ures would be considered significantly different from each other. When 
comparing between each pair of behavioral measures, we repeated the 
exact test of differences across all 87,571 RSFC edges and corrected for 
multiple comparisons using FDR. Finally, we determined the propor-
tion of edges at which the exact test of differences remained statistically 
significant after FDR for each behavioral comparison.

We conducted exact tests of difference between predictive feature 
weights associated with the following pairs of behavioral measures 
that were found in both CBCL and ASR questionnaires (see Supple-
mentary Tables 1 and 2 for category assignment): Anxious/Depressed 
Syndrome Subscale and Withdrawn/Depressed Syndrome Subscale, 
Rule-Breaking Behavior Syndrome Subscale and Aggressive Behavior 
Syndrome Subscale, Anxious/Depressed Syndrome Subscale and Total 
Externalizing Problems Scale, Withdrawn Syndrome Subscale and Total 
Externalizing Problems, Rule-Breaking Behavior Syndrome Subscale 
and Total Internalizing Problems Scale, Aggressive Behavior Syndrome 
Subscale and Total Internalizing Problems Scale, Total Internalizing 
Problems Scale and Total Externalizing Problems Scale.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The ABCD data are publicly available via the NIMH Data Archive (NDA) 
and via https://abcdstudy.org. The HBN data are publicly available 
via Child Mind Institute Healthy Brain Network at http://fcon_1000.
projects.nitrc.org/indi/cmi_healthy_brain_network/Data.html. The 
HCP data are also publicly available and can be accessed via https://
www.humanconnectome.org. Access to all three datasets requires 
Data Use Agreement.

Code availability
Code for this study is publicly available via Github under the main 
branch: https://github.com/quyueyue/InternalizingExternalizingPre-
dictions.git. The software dependencies were Freesurfer (5.3.0; https://
surfer.nmr.mgh.harvard.edu), FSL (5.0.8; https://fsl.fmrib.ox.ac.uk/
fsl/fslwiki/FslInstallation), MATLAB (2018b; https://www.mathworks.
com/products/matlab.html), Jupyter Notebook 6.4.5 (Python 3.9.7 
ipykernel; https://jupyter.org), Python/3.10.8-GCCcore-12.2.0 (https://
www.python.org) and the neuroCombat (v.1.0.13) package in R v.4.2.0.
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