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A B S T R A C T

Each individual’s complex, multidimensional environment, known as their “exposome”, plays an essential role in 
shaping cognitive neurodevelopment. Understanding the mechanisms whereby children’s exposome influences 
their development is crucial to facilitate the design of interventions to foster positive developmental trajectories 
for all youth. Recent work has identified a general exposome factor associated with socio-economic inequality 
that is strongly related to cognition and individual differences in the spatial organization of functional brain 
networks in youth. Building on these findings, the current study explores whether alterations in functional 
connectivity may represent a potential mechanism linking variation in the exposome to cognitive performance. 
We apply a data-driven, cross-validated, whole-brain machine learning approach, connectome-based statistical 
inference, to identify patterns of functional connectivity associated with exposome scores among early adoles
cents enrolled in the Adolescent Brain Cognitive Development (ABCD) Study using data collected during three 
cognitive tasks and during rest. Additionally, we investigate whether the identified patterns of functional con
nectivity relate to individual differences in cognitive performance across three domains: General Cognition, 
Executive Functioning, and Learning/Memory. Models incorporating 10-fold cross-validation over 100 iterations 
identified consistent functional connections associated with the exposome across task and rest conditions (model 
performance: ns = 6137 – 8391, rs = 0.34–0.44, ps < .001). Results were robust across data collection sites and 
functional connections common across all significant models were associated with cognitive performance across 
domains (ps < 0.0009). Collectively, these findings reveal that multidimensional environmental exposures are 
reflected in patterns of functional connectivity and relate to cognitive functioning among youth.

1. Introduction

Each individual’s unique environment and lived experiences play an 
essential role in shaping cognitive neurodevelopment. Previous work 

has identified numerous environmental factors that relate to neuro
development and cognition, including physical and chemical exposures 
(e.g. lead poisoning (Marshall et al., 2021) or air pollution (Wodtke 
et al., 2022; Lubczynska et al., 2021)), psychosocial experiences (e.g. 
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caregiver relationship (Davis et al., 2019; Luby et al., 2019) or adverse 
life events (Cohodes et al., 2021)), and external environments (e.g. so
cioeconomic resources (Taylor et al., 2020) or cultural influences (Meca 
et al., 2023)). Most studies to date have examined associations with just 
one or a few environmental factors at a time. However, it is increasingly 
accepted that these features often co-occur non-randomly and likely 
have additive and interactive effects on the developing brain. For 
example, living in a high poverty neighborhood is associated with 
greater risk of exposure to air pollutants and traumatic experiences, 
which in turn are associated with individual differences in cognitive, 
psychiatric, and neurodevelopmental outcomes (Wodtke et al., 2022; 
Merrick et al., 2018; McLaughlin and Sheridan, 2016). Consequently, 
there are increasing efforts to more comprehensively measure each in
dividual’s complex, multidimensional environment, referred to collec
tively as an individual’s “exposome”. Efforts to characterize the 
exposome have begun to uncover important associations between large 
sets of co-occurring environmental features and individual differences in 
neurodevelopmental outcomes, with potential to ultimately inform 
policies and interventions that support healthy neurocognitive devel
opment (Robinson et al., 2026).

The concept of the “exposome” was first introduced as a complement 
to the genome in epidemiological studies (Wild, 2005), emphasizing the 
importance of capturing the totality of co-occurring environmental ex
posures in addition to genetic influences on physical health. The expo
some approach builds upon a long history of prior research examining 
how specific aspects of early life environments relate to physical and 
mental health outcomes, including efforts to uncover mechanistic links 
between adverse experiences and risk for psychiatric illness. Recently, 
definitions of the exposome have expanded to include psychosocial and 
sociocultural factors in addition to physical and chemical exposures 
throughout an individual’s lifetime (Vineis and Barouki, 2022). The 
exposome provides a complementary perspective that improves pre
dictive power by more comprehensively capturing the additive and 
interactive effects of co-occurring environmental features which are not 
fully captured by measures of cumulative risk and severity and that may 
collectively shape health outcomes through complex and interacting 
pathways. Thus, while previous efforts have made great progress in 
characterizing mechanistic associations between specific features of the 
environment and specific neurocognitive outcomes, the broader expo
some approach can provide complementary information about how the 
collective effects of one’s multidimensional environment may shape 
cognitive neurodevelopment more broadly (Vineis and Barouki, 2022).

Emerging work has already begun to leverage large-scale datasets, 
such as the Adolescent Brain Cognitive Development℠ Study (ABCD 
StudyⓇ) (Volkow et al., 2018), to investigate associations between the 
exposome and the spatial organization of functional brain networks 
(Keller et al., 2024), cognitive outcomes (Keller et al., 2024; Brieant 
et al., 2023; Xiao et al., 2023), and mental health (Xiao et al., 2023; 
Moore et al., 2022). For example, a multidimensional exposome score 
reflecting lower socioeconomic status (SES) is associated with poorer 
cognitive performance and worse mental and physical health (Xiao 
et al., 2023). In addition, including multidimensional environmental 
exposures improves brain-based predictions of cognitive performance 
(Zhi et al., 2024) in held-out data beyond what can be gained by 
including single environmental features such as household income or 
neighborhood deprivation indices alone. Prior studies have leveraged 
bifactor analysis to quantify both a single general exposome factor and 
several sub-factors that capture specific dimensions of the enrivonment 
(Keller et al., 2024; Moore et al., 2022). The general exposome factor 
uncovered using this bifactor approach in the ABCD Study primarily 
captures co-occurring environmental features related to socio-economic 
inequality and is strongly associated with symptoms of psychopathology 
(Moore et al., 2022), cognitive performance (Keller et al., 2024), and 
individual differences in the spatial organization of functional brain 
networks (Keller et al., 2024) in youth.

While previous work has revealed that the exposome is reflected in 

the static spatial organization of functional brain networks (e.g. func
tional topography) (Keller et al., 2024), it remains unknown whether the 
exposome is also reflected in the dynamic activity of functional brain 
networks during rest or cognitive task performance. Thus, the current 
study aims to investigate whether the exposome is reflected in patterns 
of functional connectivity across networks that support cognitive func
tioning. Coordinated patterns of activity across distributed networks of 
functionally related brain regions have been shown to give rise to 
complex cognitive functions (Herbet and Duffau, 2020), and individual 
differences in whole-brain functional connectivity profiles have been 
associated with cognitive performance across multiple domains, 
including fluid intelligence (Finn et al., 2015; Greene et al., 2018), 
attention (Rosenberg et al., 2016; Yoo et al., 2018), language (Adkinson 
et al., 2024) and executive functioning (Adkinson et al., 2024). More
over, developmental changes in functional connectivity profiles (Vasa 
et al., 2020; Dosenbach et al., 2010; Fair et al., 2007; Luo et al., 2024) 
are associated with age-related improvements in cognitive performance 
(Constantinidis and Luna, 2019; Larsen and Luna, 2018; Paz-Alonso 
et al.; Mitchell et al., 2025), suggesting that functional connectivity 
profiles may be a promising, developmentally sensitive biomarker of 
individual differences in youth cognition. Recent work has also shown 
that functional connectivity relates to environmental exposures, 
including household socioeconomic status (Rakesh et al., 2021a; Yang 
et al., 2025), neighborhood disadvantage (Rakesh et al., 2021a), inter
personal unpredictability (Yang et al., 2025), and air pollution (Kusters 
et al., 2025), with important implications for cognition and mental 
health (Yang et al., 2025; Rakesh et al., 2021b, 2025). However, prior 
work has primarily focused on examining only a select subset of envi
ronmental features at a time, and the relationship between the full 
multidimensional exposome and whole-brain functional connectivity 
patterns during development remains unknown. Characterization of the 
effects of the exposome as a whole is therefore necessary to delineate the 
real-world complexity of these relationships.

Here, we apply a modified version of a well-validated, data-driven, 
whole-brain, machine learning approach, connectome-based predictive 
modeling (CPM), which we here refer to as connectome-based statistical 
inference (details below), to identify patterns of functional connectivity 
associated with exposome scores among early adolescents enrolled in 
the ABCD Study. Considering recent evidence that different task con
ditions, i.e. “brain states”, are optimal for revealing distinct brain- 
phenotype relationships with CPM and other predictive modeling ap
proaches (Greene et al., 2018, 2023; Rosenberg and Finn, 2022; Finn, 
2021; Lichenstein et al., 2021), we independently examine patterns of 
functional connectivity using functional magnetic resonance imaging 
(fMRI) data collected during three different cognitive tasks and during 
rest. Motivated by evidence that individual differences in cognition 
during youth are associated with myriad physical and mental health 
outcomes in adulthood (Cortes Pascual et al., 2019; Klassen et al., 2004; 
Agha et al., 2019; Richards et al., 2004; Moffitt et al., 2011; Shanmugan 
et al., 2016; Shamosh et al., 2008; Gow et al., 2011; Hart et al., 2004; 
Wraw et al., 2015; Batty et al., 2007), we also investigate whether the 
identified patterns of functional connectivity associated with each in
dividual’s exposome also relate to individual differences in cognitive 
performance across three domains: General Cognition, Executive Func
tioning, and Learning/Memory (Thompson et al., 2019). Collectively, 
this work aims to elucidate how multivariate childhood exposures relate 
to whole-brain functional connectivity and cognition at the transition 
from childhood to adolescence, a critical developmental period marked 
by heightened neurobiological sensitivity to environmental influences in 
brain regions supporting cognitive maturation (Larsen and Luna, 2018).

2. Methods

2.1. Participants

Data were drawn from the Adolescent Brain Cognitive Development 
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(ABCD) Study (n = 11,878), a large-scale study of adolescent neuro
development with youth recruited from 21 sites across the United States 
at age 9–10 and followed prospectively across adolescence (Volkow 
et al., 2018). The study includes comprehensive demographic, cogni
tive, and clinical assessments, as well as neuroimaging, including fMRI 
during 3 tasks and rest (see 2.2.2., below). Details on the recruitment 
strategy have been previously described (Garavan et al., 2018). All study 
procedures were approved by a central Institutional Review Board (IRB) 
at the University of California, San Diego, and several sites also obtained 
local IRB approval. A parent or guardian provided written informed 
consent and assent to participate was obtained from participants.

2.2. Measures

2.2.1. Exposome
We leveraged a set of previously derived exposome factors, including 

a general (overall) factor and 6 subfactor scores, defined using longi
tudinal bifactor analysis as previously described (Keller et al., 2024). 
Briefly, general and specific exposome factors were derived from a set of 
354 variables comprising youth-report, caregiver-report, and geocoded 
data covering a wide range of environmental features, which were 
reduced to a set of 32 data-driven summary scores prior to exploratory 
structural equation modeling with bifactor rotation (for details see 
Keller et al., 2024; Volkow et al., 2018). To ensure consistency with 
prior work, we used the exact same scores as in our previously published 
study rather than recalculate exposome scores within the present 
sub-samples of ABCD data across each cross-validation fold, noting that 
the derivation of the exposome factors was agnostic to measures of 
neural or cognitive function. Measures of socioeconomic status (SES) (e. 
g., household income, parent education) show the strongest loadings for 
the general exposome factor, whereas the 6 subfactors capture more 
specific dimensions of a child’s environment, each of which is orthog
onal to the general exposome factor and all other subfactors. These 
subfactors include School (i.e., school involvement, enjoyment, and 
performance), Family Values (i.e., Mexican American Cultural Values 
Scale subscales measuring family values, centrality, and culture), Family 
Turmoil (i.e., family conflict based on both youth and parent reports), 
Dense Urban Poverty (i.e., geocoded and parent-report data on youth’s 
neighborhood, including poverty, density, safety, and pollution), Ex
tracurriculars (i.e., involvement in sports and other activities; traumatic 
brain injury), and Screen Time. The longitudinal bifactor analysis 
approach ensures that the structure of the exposome scores (i.e. factor 
loadings) remain consistent across the baseline, year 1 follow-up, and 
year 2 follow-up timepoints of the longitudinal ABCD Study, allowing 
future work to examine longitudinal associations. While the structure of 
the exposome factors remains consistent across timepoints, the values 
for each exposome score for each participant are still unique to each 
independent timepoint, allowing us to examine cross-sectional associa
tions between the exposome and functional connectivity at the baseline 
assessment in the present study.

2.2.2. Neuroimaging data
ABCD Study participants completed a neuroimaging assessment at 

baseline, including fMRI scanning using 3 T scanners during rest and 3 
cognitive tasks: the Stop-Signal Task (SST; response inhibition), the 
Monetary Incentive Delay Task (MID; reward processing), and the 
Emotional N-Back Task (EN-back; working memory, affective process
ing). Details regarding acquisition parameters and task design have been 
previously described (Casey et al., 2018). Raw time series for the base
line fMRI data were obtained via ABCD’s Fast Track Release of raw fMRI 
data and preprocessed using the Yale Magnetic Resonance Research 
Center (MRRC) functional connectivity pipeline to generate functional 
connectivity matrices for each individual for each task and resting-state 
scan.

Preprocessing was conducted using Bioimage Suite (Joshi et al., 
2011) and SPM12 including the entire raw time series, consistent with 

prior CPM work (Lichenstein et al., 2021, 2025; Yip et al., 2023; 
Lichenstein et al., 2023; Yip et al., 2019), and included brain extraction 
(Lutkenhoff et al., 2014), nonlinear registration to MNI space, and mo
tion correction. The following covariates were regressed out of the data: 
linear, quadratic, and cubic drifts, mean global signal, mean 
cerebral-spinal-fluid, mean white-matter signal, and a 24-parameter 
motion model including six rigid-body motion parameters, six tempo
ral derivatives, and these terms squared. Participants with mean 
framewise displacement (FD) > 0.2 mm across runs of a given task were 
excluded from the analysis (Garrison et al., 2023) and variance attrib
utable to mean FD was also accounted for in our primary analyses (see 
2.3.1., below; additional post-hoc sensitivity analyses examining effects 
of head motion can be found in the Supplement). Following pre
processing and exclusion for motion exceeding the 0.2 mm mean FD 
threshold, there were n = 8730 participants with functional connectivity 
and exposome data that were included across our primary analyses (see 
Table 1 for demographics; Rest: n = 9956 with successfully preprocessed 
functional connectivity data, i.e., good quality skull stripping and 
registration, n = 8877 following exclusion for head motion > 0.2 mm 
mean FD, n = 8391 with usable functional connectivity, exposome, sex, 
and age data for inclusion in analysis; MID: n = 8924 after preprocess
ing, n = 6936 after motion exclusion, n = 6672 with complete data for 
analysis; SST: n = 8827 after preprocessing, n = 6592 after motion 
exclusion, n = 6385 with complete data for analysis; EN-back: n = 8755 
after preprocessing, n = 6334 after motion exclusion, n = 6137 with 
complete data for analysis).

Functional data were parcellated into 268 nodes using the Shen 268 
atlas (Shen et al., 2013), which includes cortical and subcortical regions, 
as well as the cerebellum. Functional connectivity between each node 
pair was then computed using Pearson correlations and correlation co
efficients were transformed using the Fisher’s r-to-z transformation to 
yield 268 × 268 connectivity matrices, termed ‘connectomes’. These 
connectomes represent each participant’s whole-brain functional con
nectivity during each task and rest, which served as the primary input 
for our primary analyses (described in 2.3.1., below).

2.2.3. Cognition
Cognitive performance was assessed using 3 principal components 

that have been previously derived from the ABCD Study neurocognitive 
battery using Bayesian Probabilistic Principal Components Analysis 
(Thompson et al., 2019), including components reflecting General 
Cognition, Executive Functioning, and Learning/Memory. These com
ponents were computed from seven measures from the NIH Toolbox, as 
well as the Rey Auditory Verbal Learning Test and the Little Man Task. 
Scores were obtained via the ABCD Data Exploration and Analysis Portal 

Table 1 
Demographic characteristics of participants included in primary analyses 
(n = 8730).

Variable M SD

Age (months) 119.20 7.52
Sex N %
Female 4431 50.76
Male 4299 49.24
Household Income N %
< $50 K 2164 24.79
≥ $50 K & < $100 K 2337 26.78
≥ $100 K 3524 40.38
Race N %
White 4817 55.18
Black 1154 13.22
Hispanic 1670 19.13
Asian 175 2.00
Other 913 10.46
Parent Education N %
High school or lower 1362 15.60
Undergraduate or Associates 5069 58.06
Advanced degree 2290 26.23
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(DEAP).

2.3. Analysis

2.3.1. Exposome network identification
Here, we adapted a cross-validated machine learning approach, 

connectome-based predictive modeling (CPM), to identify neural net
works that are statistically associated with individual differences in the 
exposome (Lichenstein et al., 2021, 2025; Yip et al., 2023; Lichenstein 
et al., 2023; Yip et al., 2019) (hereafter referred to as connectome-based 
statistical inference). We use this term to recognize that the exposome 
was not calculated separately for individual folds, as described above. 
Nonetheless, this approach was selected to leverage an established an
alytic framework that incorporates the full multivariate connectome as 
well as rigorous cross-validation (here, 10-fold cross-validation across 
100 iterations to ensure results were not driven by a random split of the 
data). We also include sensitivity analyses to assess variation in model 
performance across ABCD data collection sites (see 2.3.2., below). We 
note that while the exposome is treated as the outcome variable in these 
analyses, consistent with the CPM-style framework, the current appli
cation of connectome-based statistical inference aims to identify pat
terns of functional connectivity associated with individual differences in 
the exposome without implying any causality or directionality between 
brain and environmental variation. Individual participant connectomes 
computed from MID, SST, EN-back, and resting-state data served as the 
input for our primary analyses. We conducted 10-fold cross-validation, 
where 90% of the sample was used as training data and 10% was used 
as testing data within each fold. For the initial feature selection step, 
linear regression was used to identify edges that were significantly 
related to the outcome at p < 0.05 in the training data. To account for 
effects of sex, age, and head motion, these variables were regressed out 
of the exposome scores within each fold and the residuals of this analysis 
were used as the primary outcome measure. Edges for which stronger 
connectivity was a positive predictor of the residualized exposome 
scores and those for which reduced connectivity was a positive predictor 
of the residualized exposome scores were summed separately to 
generate positive and negative summary scores, respectively.

This was followed by a model generation step, in which a linear 
model was fit to predict the residualized exposome scores from the 
positive and negative summary scores. This model was then applied to 
the testing data to generate out-of-sample predictions of residualized 
exposome scores. The covariates in the test set were entered into the 
covariate regression model generated from the training set to yield 
predicted values reflecting the contribution of confounding variables. 
The final predicted exposome score was computed as the sum of the 
predicted residualized exposome score and the predicted covariate ef
fects. Finally, model performance was evaluated based on the Pearson 
correlation between predicted and actual exposome scores across all 
participants in the test set.

To ensure that the model was not overfit to one 10-fold split, we 
repeated the analysis described above 100 times, using random splits of 
the data on each iteration, and calculated mean performance across all 
iterations. Because analyses across folds are not entirely independent, 
we tested for statistical significance via permutation testing, where the 
correspondence between connectomes and exposome scores was 
randomly shuffled and the model was rerun 1000 times to create a null 
distribution. Models were run separately for each task and rest, as well 
as separately for the general exposome factor and the 6 subfactors. To 
account for multiple comparisons across four brain states and seven 
exposome factors, a Bonferroni-corrected threshold of p < 0.002 was 
used to evaluate model significance. We then visualized the anatomy of 
identified networks based on overlap with canonical neural networks 
(Noble et al., 2017) and anatomical location of high-degree nodes (i.e., 
nodes with the greatest number of significant edges), as in prior CPM 
work (Lichenstein et al., 2021, 2025; Yip et al., 2023; Lichenstein et al., 
2023; Yip et al., 2019). Cosine similarity was used to quantify similarity 

between networks identified across task conditions.

2.3.2. Sensitivity analyses
To assess variation in model performance across ABCD data collec

tion sites, follow-up analyses were conducted quantifying the associa
tion between predicted and actual general exposome scores in each 
brain state across all participants from each site independently. To 
determine whether model performance varied systematically across 
data collection sites based on site differences in exposome variability, 
we then compared these association values with the standard deviation 
of exposome scores at each site. We further evaluated variation in model 
performance based on head motion by quantifying the association be
tween predicted and actual general exposome scores among participants 
with mean FD < 0.15 mm and those with mean FD ≥ 0.15 mm (see 
Supplement).

We conducted an additional sensitivity analysis to determine 
whether our interpretations of which large-scale functional brain net
works comprise the positive exposome network would differ when 
comparing this network to individualized functional neuroanatomy 
rather than a standard group-averaged atlas of functional brain regions. 
To do so, we leveraged n = 6972 person-specific functional atlases that 
we had previously defined in the ABCD Study dataset in our prior work 
(Keller et al., 2023a) using spatially-regularized non-negative matrix 
factorization. These atlases represent the functional topography of 17 
personalized functional networks (PFNs) that vary in size, shape, and 
spatial location across individuals. We then identified the top 10% of 
highest-degree Shen atlas nodes in the positive exposome network from 
the present study, converted these nodes to a binarized vertex-wise map 
in Freesurfer fsLR (59k) space and quantified which of the 17 PFNs had 
the highest network loading at each vertex of the positive exposome 
network for each individual participant using a winner-take-all 
approach. We also repeated this analysis using a group-average hard 
parcellation of the same 17 PFNs derived from an independent dataset 
(the Philadelphia Neurodevelopmental Cohort) as described in previous 
work (Keller et al., 2023a) to further quantify differences in vertex-wise 
overlap between person-specific parcellations and a group-average 
parcellation.

2.3.3. Associations with cognition
To investigate whether the patterns of functional connectivity asso

ciated with exposome scores also relate to individual differences in 
cognition, we performed linear regression analyses to quantify the 
relationship between network strength of a consensus network (i.e., the 
network corresponding to edges consistently identified across brain 
states, details in Results) and each of the three cognitive scores (i.e., 
General Cognition, Executive Function, Learning/Memory), controlling 
for age and sex (head motion was not included as a covariate because it 
was accounted for during network identification). Significance was 
assessed using permutation testing, where the correspondence between 
network strength and each cognitive domain was shuffled 10,000 times 
to create a null distribution.

3. Results

3.1. Exposome network identification

3.1.1. Model performance
Models incorporating data collected during all tasks and rest were 

successful in predicting the general exposome factor (rs = 0.34–0.44, 
ps < .001) and each of the 6 subfactors (rs = 0.08–0.25, ps < .001; see 
Table 2 for individual model performance statistics) in held-out 
participants.

3.1.2. Network anatomy
Consistent with prior CPM work, identified networks are complex 

and include edges connecting regions throughout the brain. Notably, 
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consistent patterns emerged across general exposome networks identi
fied using data from each task and rest (cosine similarity based on ca
nonical functional network edge counts > 0.9, ps < 0.001; see Table 3). 
Therefore, we focus primarily on a consensus network composed of 
edges present in all identified networks, including 2211 positive 
network edges and 1839 negative network edges (see Fig. 1; see 
Figure S1 for anatomy of general exposome factor networks generated 
from each task and rest condition separately and Figures S2–S5 for 
anatomy of 6 subfactor networks generated from each task and rest).

Examining network anatomy based on overlap with canonical neural 
networks (Fig. 1A), higher general exposome scores, which reflect 
higher SES, residing in safer and less crowded neighborhoods, and 
having greater involvement in extracurricular activities, were associated 
with greater connectivity between the motorsensory network and 
medial frontal, frontoparietal, salience, and subcortical networks. 
Higher general exposome scores were also associated with lower con
nectivity between the frontoparietal network and salience, subcortical, 
and cerebellar networks, as well as between motorsensory and visual 
association networks. Examining network anatomy based on nodes with 
the most significant edges, i.e., high degree nodes (Fig. 1B), the highest 
degree nodes of the positive network included bilateral putamen, 
bilateral insula, and bilateral cerebellum. The highest degree nodes of 
the negative network included bilateral precuneus and bilateral cere
bellar regions.

3.2. Sensitivity analyses

To assess whether relationships between the identified networks and 
exposome scores vary across data collection sites, we conducted post- 
hoc sensitivity analyses by assessing the correlation between predicted 
and actual exposome scores within each site individually. Model per
formance remained significant across all sites for rest, and most sites 
across tasks (95.2% of sites for EN-back and MID, 85.7% of sites for SST), 
suggesting that our primary models are robust to site variation. None
theless, the strength of the association varied (see Fig. 2). Notably, 
across all tasks and rest, model performance (i.e., the relationship be
tween predicted and actual general exposome scores) was relatively 
stronger within the LA Children’s Hospital, South Carolina, New York, 
University of Florida, Maryland, Michigan, Missouri, and Connecticut 
sites, and relatively weaker within the Colorado, Florida International, 
Oregon, Minnesota, Utah, and Vermont sites, compared to model per
formance in the full dataset. This pattern appears to be at least partially 
attributable to greater variation in exposome scores across participants 
at the sites characterized by better model performance (see Figure S6).

We also conducted a sensitivity analysis to determine whether the 
interpretation of which functional brain networks comprise the expo
some network differs when compared with individualized functional 
neuroanatomy. To test this, we compared the top 10% of highest degree 
nodes in the positive exposome network to personalized functional 
network (PFN) atlases for each participant that were previously derived 
in this dataset using spatially-regularized non-negative matrix factor
ization (Keller et al., 2023a). This analysis revealed that the positive 
exposome network primarily comprised Auditory (PFN 16), Ventral 
Attention (PFNs 9 and 7), and Default Mode (PFN 1) networks (see 
Figure S7), highlighting that interpretations of the spatial topography of 
networks derived from connectome-based statistical inference may 
differ when evaluated with respect to individually-defined functional 
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Table 3 
Cosine similarity between general exposome networks identified across brain 
states.

SST MID EN-back

MID 0.953
EN-back 0.954 0.940
rest 0.953 0.902 0.935
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brain networks rather than standard group-average atlases. 3.3. Associations with cognition

Greater consensus network strength was significantly positively 
associated with General Cognition (β’s = 0.15–0.17), Executive 

Fig. 1. Consensus General Exposome Network Anatomy. Anatomy of edges identified in models conducted across all brain states (i.e., rest, MID, SST, EN-back) 
visualized based on overlap with canonical neural networks and nodal degree. Overlap with canonical neural networks is presented based on raw edge count 
and normalized by network size based on the total number of possible within/between-network edges (i.e., normalized fraction). Panel A shows positive network 
edges (n = 2211), for which greater connectivity is predictive of higher general exposome scores; Panel B shows negative network edges (n = 1839), for which 
reduced connectivity is predictive of higher general exposome scores. MF: medial frontal, FP: frontoparietal, DMN: default mode network, MS: motorsensory, VI: 
visual 1, VII: visual 2, VAs: visual association, SAL: salience, SC: subcortical, CBL: cerebellar.

Fig. 2. Variation in General Exposome Model Performance Across Sites. The association between model predicted and observed general exposome scores is presented 
within each site separately for models run on data collected during rest, MID, EN-back, and SST task performance. Model performance was significant across all sites 
based on permutation testing.
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Function (β’s = 0.03–0.07), and Learning/Memory (β’s = 0.06–0.09; 
see Table 4 for individual model statistics and Fig. 3).

4. Discussion

Individuals’ early environments vary in myriad ways, with important 
implications for neurodevelopment. The current study applied 
connectome-based statistical inference – an adapted version of a well- 
validated, whole-brain, statistical approach, connectome-based predic
tive modeling – to identify patterns of functional connectivity predictive 
of individual differences in a general exposome factor capturing varia
tion in over 350 variables reflecting different aspects of the environ
ment. Consistent neural features were identified across models using 
data from three different cognitive tasks and rest. Furthermore, this 
general exposome network was robust to data collection site and pre
dictive of cognitive performance across three domains: General Cogni
tion, Executive Functioning, and Learning/Memory. Collectively, these 
findings provide novel insight into how multidimensional environ
mental exposures are reflected in patterns of functional connectivity and 
relate to cognitive functioning among youth.

Overall, early environments characterized by higher socioeconomic 
status were associated with greater connectivity among motorsensory, 
frontoparietal, medial frontal, salience, and subcortical network regions, 
coupled with reduced connectivity between frontoparietal, salience, 
cerebellar, and visual network regions. This pattern of results is 
consistent with prior ABCD studies demonstrating altered motorsensory 
(Zhi et al., 2024; Acosta-Rodriguez et al., 2025; Michael et al., 2024), 
frontoparietal (Acosta-Rodriguez et al., 2025), salience 
(Acosta-Rodriguez et al., 2025), cerebellar (Zhi et al., 2024), and 
subcortical (Zhi et al., 2024; Michael et al., 2024) connectivity in as
sociation with socioeconomic resources (Michael et al., 2024), neigh
borhood deprivation (Zhi et al., 2024; Acosta-Rodriguez et al., 2025) 
and differences in the family environment (Zhi et al., 2024) (i.e., parent 
income and education), as well as findings from other studies reporting 
associations between air pollution and connectivity of motorsensory and 
salience networks (Kusters et al., 2025). These results also align with 
findings from prior ABCD work applying predictive modelling to eluci
date functional connectivity-based substrates of cognitive performance, 
including greater motorsensory connectivity with medial frontal and 
subcortical regions and lower connectivity between frontoparietal and 
salience networks (Chen et al., 2022). The central role for frontoparietal, 
motorsensory, visual and subcortical network connectivity is also 
consistent with prior work in other datasets applying CPM to predict 
various domains of cognitive performance (Greene et al., 2018; Adkin
son et al., 2024; Lv et al., 2024).

The current pattern of results also aligns with prior work suggesting 
that hierarchical development along a sensorimotor-association (S-A) 
axis may support age-related improvements in cognitive functioning 
(Keller et al., 2023b). In particular, greater segregation at each pole of 
the S-A axis, coupled with greater integration of middle-axis and fron
toparietal systems, is thought to facilitate a balance of efficient 
within-system processing and cross-system communication to support 
developmental improvements in cognition. In line with this framework, 

our general exposome network consists of high within-network con
nectivity of the motorsensory and default mode networks and high 
between-network connectivity of the frontoparietal network, potentially 
reflecting greater segregation at sensorimotor and association poles of 
the S-A axis, along with the cross-system communication needed to 
optimize cognitive performance. This is consistent with recent studies 
demonstrating that neural effects of environmental exposures vary 
across the S-A axis (Keller et al., 2024; Michael et al., 2024; Tooley et al., 
2024; Zhao et al., 2024). Notably, prior work defining and character
izing the S-A axis has focused predominantly on cortical-cortical con
nectivity patterns (Luo et al., 2024; Keller et al., 2023b; Sydnor et al., 
2023), whereas the current study results align with recent research 
(Michael et al., 2024) in also highlighting an important role for 
subcortical and cerebellar network connectivity features. Accordingly, 
future work is needed to expand upon how early environments may 
relate to subcortical and cerebellar connectivity, and how connectivity 
of these networks fits within the S-A axis hierarchy to support cognitive 
neurodevelopment.

The present findings complement earlier work showing that the 
exposome is associated with spatial patterns of functional network 
topography, particularly for frontoparietal, default mode, and attention 
networks (Keller et al., 2024). Collectively, these two sets of findings 
suggest convergent relationships between environmental variation and 
functional network topography and connectivity, particularly for the 
frontoparietal network. These findings are consistent with prior work 
suggesting that the transition to adolescence is a key period for fronto
parietal network development (Dong et al., 2021), which is thought to 
play a critical role in age-related improvements in cognitive functioning 
(Keller et al., 2023b). Notably, prior work showed that the general 
exposome was only weakly related to individual differences in func
tional network topography of sensory and motor networks, but the pre
sent study reveals prominent associations with the functional 
connectivity of the motorsensory network. This divergence is notable in 
light of research suggesting individual differences in neural topography 
may confound functional connectivity analyses (Bijsterbosch et al., 
2018) and demonstrates that it is feasible to identify both shared and 
distinct associations of the exposome with functional network topog
raphy and connectivity. Together, these two sets of results suggest that 
the topography and connectivity of the motorsensory network may 
differ in developmental timing and/or susceptibility to effects of envi
ronmental exposures at the onset of adolescence.

It is interesting to note that patterns of functional connectivity pre
dictive of general exposome scores were remarkably consistent across 
different brain states, including three cognitive tasks and a rest period. 
While there is a growing body of literature highlighting the importance 
of brain state for optimizing brain-behavior models (Greene et al., 2018, 
2023; Rosenberg and Finn, 2022; Finn, 2021; Finn et al., 2017), less is 
known about the importance of brain state for optimizing 
brain-environment models that seek to characterize functional connec
tivity correlates of early-life environments. The current work, which 
leveraged an aggregate measure comprising a wide range of multivariate 
environmental factors, suggests that co-occurring features of childhood 
environments may have far-reaching impacts on neurodevelopment that 
are evident across domains and independent of current brain state. 
Future studies may seek to further disentangle the additive and inter
active effects of specific physical/chemical, psychosocial, or socioeco
nomic environmental factors on general and brain-state-specific 
functional connectivity patterns.

The current study leverages the large sample size and rich pheno
typing of the ABCD Study dataset and applies a robust connectome- 
based approach incorporating stringent cross-validation to elucidate 
patterns of functional connectivity associated with multivariate envi
ronmental exposures and youth cognition. Nonetheless, our results 
should be interpreted in light of several important limitations. While our 
models were conducted with 10-fold internal cross-validation across 100 
iterations, we do not have an external validation sample. Therefore, 

Table 4 
Associations between General Exposome Combined Network Strength and 
Cognition across Brain States.

General Cognition Executive 
Functioning

Learning/Memory

Brain 
State

β Permuted 
Sig.

β Permuted 
Sig.

β Permuted 
Sig.

Rest 0.17 < 0.0001 0.06 < 0.0001 0.08 < 0.0001
EN-back 0.15 < 0.0001 0.04 < 0.0001 0.07 < 0.0001
SST 0.15 < 0.0001 0.03 0.0008 0.06 < 0.0001
MID 0.16 < 0.0001 0.07 < 0.0001 0.09 < 0.0001
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future research is needed to externally replicate our functional con
nectivity findings and to assess whether the exposome network we 
identified is associated with cognitive functioning in independent 
datasets. Relatedly, ABCD Study participants with high-quality neuro
imaging data are known to differ in their sociodemographic character
istics from the general population, including higher socioeconomic 
status among participants with low-motion data, such that the subgroup 
of ABCD Study participants included in neuroimaging studies may not 
accurately represent the general population (Cosgrove et al., 2022). 
Accordingly, it is particularly important for future efforts to assess 
whether the current findings generalize to samples whose sociodemo
graphic makeup is representative of the population. Furthermore, the 
exposome was computed across all participants resulting in a lack of 
total independence between training and testing samples. Nonetheless, 
the aim of the current work was to identify patterns of connectivity 
associated with variation in the exposome, not to achieve true statistical 
prediction. Accordingly, we utilized a cross-validated CPM-style anal
ysis approach to increase statistical rigor and adopt the term ‘con
nectome-based statistical inference’ to acknowledge that the current 
analyses do fully align with the full predictive modeling CPM frame
work. Additionally, the current analyses aimed to investigate 
cross-sectional associations among the exposome, functional 

connectivity, and cognition to determine whether environmental ex
posures are reflected in patterns of functional coherence. Future work 
may examine whether the network we identified also relates to cogni
tion at later timepoints, as well as how this network evolves across 
development in the context of both stable and changing environments. 
Moreover, given the observational design of the ABCD Study, we cannot 
infer causation between the exposome and identified patterns of func
tional connectivity. Future research may also leverage longitudinal 
mediation models to more directly investigate causal relationships 
among environmental exposures, functional connectivity, and behavior. 
Given that the exposome has previously been shown to be associated 
with spatial patterns of functional topography (Keller et al., 2024) and 
that leveraging individual-specific functional brain atlases led us to 
different interpretations of which large-scale brain networks comprise 
the positive exposome network, future work may continue to leverage 
precision functional mapping in tandem with CPM approaches (pCPM) 
to better describe CPM-derived networks with respect to each in
dividual’s unique functional neuroanatomy. Furthermore, the general 
exposome does not account for all aspects of the environment that have 
previously been shown to be associated with brain function (e.g., racial 
discrimination (Elbasheir et al., 2024; Muscatell et al., 2022) and trau
matic events (Zhu et al., 2022); Hardi et al., 2025) and our study did not 

Fig. 3. Associations Between Consensus General Exposome Network Strength and Cognition. The positive (A), negative (B), and combined (C) consensus general 
exposome network is significantly associated with General Cognition, Executive Function, and Learning/Memory during rest.
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investigate non-environmental (i.e., genetic) influences on functional 
connectivity and cognition. Therefore, future work is needed to incor
porate more facets of children’s early environments and to examine how 
genetic and environmental factors interact to shape cognitive 
neurodevelopment.

Finally, it is worth noting that the holistic “exposome” approach used 
here is considered complementary to more fine-grained mechanistic 
investigations of the effects of specific environmental exposures. While 
some studies aim to probe or causally manipulate a single environmental 
exposure at a time in a controlled manner to maximize mechanistic 
insight, the exposome approach employed here aims to comprehensively 
capture a large multitude of diverse, co-occurring, and interrelated ex
posures to maximize predictive power (e.g. predictions of future health 
outcomes, or, in our case, predictions in held-out samples). Here, the 
goal of predicting is to maximize statistical rigor by ensuring that the 
findings we identify are able to generalize to data previously unseen by 
the model. This exposome approach comes with important tradeoffs: it 
allows us to model environmental features as they occur more natural
istically, as single environmental exposures rarely occur in isolation and 
instead tend to non-randomly co-occur with other types of exposures, 
and often yields stronger, more generalizable associations with neuro
biological features. Yet, this exposome approach is limited in its ability 
to yield mechanistic insights about subtler effects that specific exposures 
may have on more granular neurobiological features (e.g. an association 
between lead poisoning and functional connectivity in a particular brain 
region). Future mechanistic studies may build upon the results presented 
here to identify the effects of specific environmental exposures on 
functional connectivity features and identify those that may serve as the 
most impactful targets for the development of novel interventions to 
support healthy cognitive neurodevelopment.

Collectively, the current results show that multidimensional features 
of children’s early environments are reflected in whole-brain patterns of 
functional connectivity at the onset of adolescence and relate to cogni
tive functioning across multiple key domains. These findings add to a 
growing literature elucidating how the environment impacts neuro
development and cognition among youth (Zhou et al., 2025; Qiu et al., 
2025). Our observation that common aspects of functional connectivity 
are associated with the exposome across multiple key brain states (i.e., 
during rest, inhibitory control, reward processing, and emotional 
working memory task performance) highlights the far-reaching impact 
of the environment, as well as the potential impact of translational in
terventions geared toward improving children’s environments for 
fostering positive developmental trajectories (Uddin, 2025). Indeed, 
recent ABCD findings have demonstrated that associations between 
poverty and altered brain structure are mitigated in states that provide 
more generous support for low-income families (Weissman et al., 2023), 
highlighting the potential for policy changes to improve youth neuro
development. Future work is needed to investigate how the observed 
patterns of functional connectivity evolve across development and relate 
to longer-term trajectories of wellbeing.

CRediT authorship contribution statement

Menessa Metayer: Writing – review & editing, Visualization. Joliza 
Maynard: Writing – review & editing, Visualization. Corey Horien: 
Writing – review & editing, Resources, Data curation. Suhani Suneja: 
Writing – review & editing, Visualization. Sarah W. Yip: Writing – re
view & editing, Conceptualization. Heather Robinson: Writing – re
view & editing, Writing – original draft. Ran Barzilay: Writing – review 
& editing, Resources. Yihe Weng: Writing – review & editing, Formal 
analysis, Data curation. Amar Ojha: Formal analysis, Writing – review 
& editing. Marzieh Babaeianjelodar: Writing – review & editing, Data 
curation. Arielle S. Keller: Writing – review & editing, Supervision, 
Data curation, Project administration, Conceptualization. Lester 
Rodriguez: Writing – review & editing, Visualization, Supervision. R. 
Todd Constable: Writing – review & editing, Resources. Abigail S. 

Greene: Writing – review & editing, Resources, Data curation. Sarah D. 
Lichenstein: Writing – review & editing, Writing – original draft, Su
pervision, Project administration, Conceptualization. Tyler M. Moore: 
Writing – review & editing, Resources.

Funding

This work was supported by the National Institutes of Health 
(K08DA051667 to SDL, R25MH119043 to CH, GM007205 and 
TR001864 to ASG, R01DA053301 to SY, 1L30MH131061–01 to ASK) 
and the Brain and Behavior Research Foundation (NARSAD Young 
Investigator Award to ASK).

Declaration of Competing Interest

The authors declare the following financial interests/personal re
lationships which may be considered as potential competing interests: 
Arielle S. Keller, Sarah Lichenstein, Corey Horien reports financial 
support was provided by National Institute of Mental Health. Arielle S. 
Keller reports financial support was provided by Brain and Behavior 
Research Foundation. Sarah Lichenstein, Sarah Yip reports financial 
support was provided by National Institute of Drug Abuse. Abigail 
Greene reports financial support was provided by National Institute of 
General Medical Sciences. Abigail Greene reports financial support was 
provided by National Center for Advancing Translational Sciences. Ran 
Barzilay reports a relationship with Taliaz Health that includes: board 
membership and equity or stocks. Ran Barzilay reports a relationship 
with Zynerba Pharmaceuticals, Inc that includes: board membership. If 
there are other authors, they declare that they have no known 
competing financial interests or personal relationships that could have 
appeared to influence the work reported in this paper.

Acknowledgement

Data used in the preparation of this article were obtained from the 
Adolescent Brain Cognitive Development™ (ABCD) Study, held in the 
NIH Brain Development Cohorts Data Sharing Platform. This is a 
multisite, longitudinal study designed to recruit more than 10,000 
children aged 9–10 and follow them over 10 years into early adulthood.

The ABCD Study® is supported by the National Institutes of Health 
and additional federal partners under award numbers:

U01DA041048, U01DA050989, U01DA051016, U01DA041022, 
U01DA051018, U01DA051037, U01DA050987, U01DA041174, 
U01DA041106, U01DA041117, U01DA041028, U01DA041134, 
U01DA050988, U01DA051039, U01DA041156, U01DA041025, 
U01DA041120, U01DA051038, U01DA041148, U01DA041093, 
U01DA041089, U24DA041123, U24DA041147.

A full list of supporters is available at Federal Partners – ABCD Study.
ABCD Consortium investigators designed and implemented the study 

and/or provided data but did not necessarily participate in the analysis 
or writing of this report. This manuscript reflects the views of the au
thors and may not reflect the opinions or views of the NIH or ABCD 
Consortium investigators.

Appendix A. Supporting information

Supplementary data associated with this article can be found in the 
online version at doi:10.1016/j.dcn.2026.101788.

Data availability

Data used in the preparation of this article were obtained from the 
Adolescent Brain Cognitive DevelopmentSM (ABCD) Study (https:// 
abcdstudy.org), held in the NIMH Data Archive (NDA).

S.D. Lichenstein et al.                                                                                                                                                                                                                          Developmental Cognitive Neuroscience 81 (2026) 101788 

9 

https://doi.org/10.1016/j.dcn.2026.101788


References

Acosta-Rodriguez, H., Bobba, P., Stephan, A., et al., 2025. Impact of childhood 
neighborhood deprivation on white matter and functional connectivity during 
adolescence. J. Neuroimaging 35 (5), e70087. https://doi.org/10.1111/jon.70087.

Adkinson, B.D., Rosenblatt, M., Dadashkarimi, J., et al., 2024. Brain-phenotype 
predictions of language and executive function can survive across diverse real-world 
data: dataset shifts in developmental populations. Dev. Cogn. Neurosci. 70, 101464. 
https://doi.org/10.1016/j.dcn.2024.101464.

Agha, G., Kezios, K., Baccarelli, A.A., et al., 2019. Cognition level and change in 
cognition during adolescence are associated with cognition in midlife. Ann. 
Epidemiol. 35, 48–52. https://doi.org/10.1016/j.annepidem.2019.03.004.

Batty, G.D., Deary, I.J., Gottfredson, L.S., 2007. Premorbid (early life) IQ and later 
mortality risk: systematic review. Ann. Epidemiol. 17 (4), 278–288. https://doi.org/ 
10.1016/j.annepidem.2006.07.010.

Bijsterbosch, J.D., Woolrich, M.W., Glasser, M.F., et al., 2018. The relationship between 
spatial configuration and functional connectivity of brain regions. eLife 7, e32992. 
https://doi.org/10.7554/eLife.32992.

Brieant, A., Vannucci, A., Nakua, H., et al., 2023. Characterizing the dimensional 
structure of early-life adversity in the Adolescent Brain Cognitive Development 
(ABCD) Study. Dev. Cogn. Neurosci. 61, 101256. https://doi.org/10.1016/j. 
dcn.2023.101256.

Casey, B.J., Cannonier, T., Conley, M.I., et al., 2018. The Adolescent Brain Cognitive 
Development (ABCD) study: Imaging acquisition across 21 sites. Dev. Cogn. 
Neurosci. 32, 43–54. https://doi.org/10.1016/j.dcn.2018.03.001.

Chen, J., Tam, A., Kebets, V., et al., 2022. Shared and unique brain network features 
predict cognitive, personality, and mental health scores in the ABCD study. Nat. 
Commun. 13 (1), 2217. https://doi.org/10.1038/s41467-022-29766-8.

Cohodes, E.M., Kitt, E.R., Baskin-Sommers, A., Gee, D.G., 2021. Influences of early-life 
stress on frontolimbic circuitry: Harnessing a dimensional approach to elucidate the 
effects of heterogeneity in stress exposure. Dev. Psychobiol. 63 (2), 153–172. 
https://doi.org/10.1002/dev.21969.

Constantinidis, C., Luna, B., 2019. Neural Substrates of Inhibitory Control Maturation in 
Adolescence. Trends Neurosci. 42 (9), 604–616. https://doi.org/10.1016/j. 
tins.2019.07.004.

Cortes Pascual, A., Moyano Munoz, N., Quilez Robres, A., 2019. The Relationship 
Between Executive Functions and Academic Performance in Primary Education: 
Review and Meta-Analysis. Front. Psychol. 10, 1582. https://doi.org/10.3389/ 
fpsyg.2019.01582.

Cosgrove, K.T., McDermott, T.J., White, E.J., et al., 2022. Limits to the generalizability of 
resting-state functional magnetic resonance imaging studies of youth: An 
examination of ABCD Study(R) baseline data. Brain Imaging Behav. 16 (4), 
1919–1925. https://doi.org/10.1007/s11682-022-00665-2.

Davis, E.P., Korja, R., Karlsson, L., et al., 2019. Across continents and demographics, 
unpredictable maternal signals are associated with children's cognitive function. 
EBioMedicine 46, 256–263. https://doi.org/10.1016/j.ebiom.2019.07.025.

Dong, H.M., Margulies, D.S., Zuo, X.N., Holmes, A.J., 2021. Shifting gradients of 
macroscale cortical organization mark the transition from childhood to adolescence. 
Proc. Natl. Acad. Sci. USA 118 (28). https://doi.org/10.1073/pnas.2024448118.

Dosenbach, N.U., Nardos, B., Cohen, A.L., et al., 2010. Prediction of individual brain 
maturity using fMRI. Science 329 (5997), 1358–1361. https://doi.org/10.1126/ 
science.1194144.

Elbasheir, A., Katrinli, S., Kearney, B.E., et al., 2024. Racial Discrimination, Neural 
Connectivity, and Epigenetic Aging Among Black Women. JAMA Netw. Open. 7 (6). 
https://doi.org/10.1001/jamanetworkopen.2024.16588.

Fair, D.A., Dosenbach, N.U., Church, J.A., et al., 2007. Development of distinct control 
networks through segregation and integration. Proc. Natl. Acad. Sci. USA 104 (33), 
13507–13512. https://doi.org/10.1073/pnas.0705843104.

Finn, E.S., 2021. Is it time to put rest to rest? Trends Cogn. Sci. 25 (12), 1021–1032. 
https://doi.org/10.1016/j.tics.2021.09.005.

Finn, E.S., Scheinost, D., Finn, D.M., Shen, X., Papademetris, X., Constable, R.T., 2017. 
Can brain state be manipulated to emphasize individual differences in functional 
connectivity? Neuroimage 160, 140–151. https://doi.org/10.1016/j. 
neuroimage.2017.03.064.

Finn, E.S., Shen, X., Scheinost, D., et al., 2015. Functional connectome fingerprinting: 
identifying individuals using patterns of brain connectivity. Nat. Neurosci. 18 (11), 
1664–1671. https://doi.org/10.1038/nn.4135.

Garavan, H., Bartsch, H., Conway, K., et al., 2018. Recruiting the ABCD sample: Design 
considerations and procedures. Dev. Cogn. Neurosci. 32, 16–22. https://doi.org/ 
10.1016/j.dcn.2018.04.004.

Garrison, K.A., Sinha, R., Potenza, M.N., et al., 2023. Transdiagnostic Connectome-Based 
Prediction of Craving. Am. J. Psychiatry 180 (6), 445–453. https://doi.org/10.1176/ 
appi.ajp.21121207.

Gow, A.J., Johnson, W., Pattie, A., et al., 2011. Stability and change in intelligence from 
age 11 to ages 70, 79, and 87: the Lothian Birth Cohorts of 1921 and 1936. Psychol. 
Aging 26 (1), 232–240. https://doi.org/10.1037/a0021072.

Greene, A.S., Gao, S., Scheinost, D., Constable, R.T., 2018. Task-induced brain state 
manipulation improves prediction of individual traits. Nat. Commun. 9 (1), 2807. 
https://doi.org/10.1038/s41467-018-04920-3.

Greene, A.S., Horien, C., Barson, D., Scheinost, D., Constable, R.T., 2023. Why is 
everyone talking about brain state? Trends Neurosci. 46 (7), 508–524. https://doi. 
org/10.1016/j.tins.2023.04.001.

Hardi, F.A., Ye, J., Zhou, I., et al., 2025. Trauma-predictive brain network connectivity 
adaptively responds to mild acute stress. Proc. Natl. Acad. Sci. 122 (31), 
e2505965122. https://doi.org/10.1073/pnas.2505965122.

Hart, C.L., Taylor, M.D., Smith, G.D., et al., 2004. Childhood IQ and cardiovascular 
disease in adulthood: prospective observational study linking the Scottish Mental 
Survey 1932 and the Midspan studies. Soc. Sci. Med. 59 (10), 2131–2138. https:// 
doi.org/10.1016/j.socscimed.2004.03.016.

Herbet, G., Duffau, H., 2020. Revisiting the Functional Anatomy of the Human Brain: 
Toward a Meta-Networking Theory of Cerebral Functions. Physiol. Rev. 100 (3), 
1181–1228. https://doi.org/10.1152/physrev.00033.2019.

Joshi, A., Scheinost, D., Okuda, H., et al., 2011. Unified framework for development, 
deployment and robust testing of neuroimaging algorithms. Neuroinformatics 9 (1), 
69–84. https://doi.org/10.1007/s12021-010-9092-8.

Keller, A.S., Moore, T.M., Luo, A., et al., 2024. A general exposome factor explains 
individual differences in functional brain network topography and cognition in 
youth. Dev. Cogn. Neurosci. 66, 101370. https://doi.org/10.1016/j. 
dcn.2024.101370.

Keller, A.S., Pines, A.R., Shanmugan, S., et al., 2023a. Personalized functional brain 
network topography is associated with individual differences in youth cognition. 
Nat. Commun. 14 (1), 8411. https://doi.org/10.1038/s41467-023-44087-0.

Keller, A.S., Sydnor, V.J., Pines, A., Fair, D.A., Bassett, D.S., Satterthwaite, T.D., 2023b. 
Hierarchical functional system development supports executive function. Trends 
Cogn. Sci. 27 (2), 160–174. https://doi.org/10.1016/j.tics.2022.11.005.

Klassen, A.F., Miller, A., Fine, S., 2004. Health-related quality of life in children and 
adolescents who have a diagnosis of attention-deficit/hyperactivity disorder. 
Pediatrics 114 (5), e541–e547. https://doi.org/10.1542/peds.2004-0844.

Kusters, M.S.W., Granes, L., Petricola, S., Tiemeier, H., Muetzel, R.L., Guxens, M., 2025. 
Exposure to residential air pollution and the development of functional connectivity 
of brain networks throughout adolescence. Environ. Int. 196, 109245. https://doi. 
org/10.1016/j.envint.2024.109245.

Larsen, B., Luna, B., 2018. Adolescence as a neurobiological critical period for the 
development of higher-order cognition. Neurosci. Biobehav. Rev. 94, 179–195. 
https://doi.org/10.1016/j.neubiorev.2018.09.005.

Lichenstein, S.D., Kiluk, B.D., Potenza, M.N., et al., 2025. Identification and external 
validation of a problem cannabis risk network. Biol. Psychiatry. https://doi.org/ 
10.1016/j.biopsych.2025.01.022.

Lichenstein, S.D., Kohler, R., Ye, F., Potenza, M.N., Kiluk, B., Yip, S.W., 2023. Distinct 
neural networks predict cocaine versus cannabis treatment outcomes. Mol. 
Psychiatry 28 (8), 3365–3372. https://doi.org/10.1038/s41380-023-02120-0.

Lichenstein, S.D., Scheinost, D., Potenza, M.N., Carroll, K.M., Yip, S.W., 2021. 
Dissociable neural substrates of opioid and cocaine use identified via connectome- 
based modelling. Mol. Psychiatry 26 (8), 4383–4393. https://doi.org/10.1038/ 
s41380-019-0586-y.

Lubczynska, M.J., Muetzel, R.L., El Marroun, H., et al., 2021. Air pollution exposure 
during pregnancy and childhood and brain morphology in preadolescents. Environ. 
Res. 198, 110446. https://doi.org/10.1016/j.envres.2020.110446.

Luby, J.L., Tillman, R., Barch, D.M., 2019. Association of Timing of Adverse Childhood 
Experiences and Caregiver Support With Regionally Specific Brain Development in 
Adolescents. JAMA Netw. Open. 2 (9), e1911426. https://doi.org/10.1001/ 
jamanetworkopen.2019.11426.

Luo, A.C., Sydnor, V.J., Pines, A., et al., 2024. Functional connectivity development 
along the sensorimotor-association axis enhances the cortical hierarchy. Nat. 
Commun. 15 (1), 3511. https://doi.org/10.1038/s41467-024-47748-w.

Lutkenhoff, E.S., Rosenberg, M., Chiang, J., et al., 2014. Optimized brain extraction for 
pathological brains (optiBET). PLoS. One 9 (12), e115551. https://doi.org/10.1371/ 
journal.pone.0115551.

Lv, Q., Wang, X., Wang, X., Ge, S., Lin, P., 2024. Connectome-based prediction modeling 
of cognitive control using functional and structural connectivity. Brain Cogn. 181, 
106221. https://doi.org/10.1016/j.bandc.2024.106221.

Marshall, A.T., McConnell, R., Lanphear, B.P., Thompson, W.K., Herting, M.M., 
Sowell, E.R., 2021. Risk of lead exposure, subcortical brain structure, and cognition 
in a large cohort of 9- to 10-year-old children. PLoS. One 16 (10), e0258469. https:// 
doi.org/10.1371/journal.pone.0258469.

McLaughlin, K.A., Sheridan, M.A., 2016. Beyond Cumulative Risk: A Dimensional 
Approach to Childhood Adversity. Curr. Dir. Psychol. Sci. 25 (4), 239–245. https:// 
doi.org/10.1177/0963721416655883.

Meca, A., Peraza, J.A., Riedel, M.C., et al., 2023. Acculturative Orientations Among 
Hispanic/Latinx Caregivers in the ABCD Study: Associations With Caregiver and 
Youth Mental Health and Youth Brain Function. Biol. Psychiatry Glob. Open. Sci. 3 
(4), 785–796. https://doi.org/10.1016/j.bpsgos.2023.02.005.

Merrick, M.T., Ford, D.C., Ports, K.A., Guinn, A.S., 2018. Prevalence of Adverse 
Childhood Experiences From the 2011-2014 Behavioral Risk Factor Surveillance 
System in 23 States. JAMA Pediatr. 172 (11), 1038–1044. https://doi.org/10.1001/ 
jamapediatrics.2018.2537.

Michael, C., Taxali, A., Angstadt, M., et al., 2024. Socioeconomic resources in youth are 
linked to divergent patterns of network integration/segregation across the brain's 
transmodal axis. PNAS Nexus 3 (9), pgae412. https://doi.org/10.1093/pnasnexus/ 
pgae412.

Mitchell, M.E., Jaimes, A.J., Nugiel, T., 2025. Cognition is associated with task-related 
brain network reconfiguration in late childhood. Dev. Cogn. Neurosci. 75, 101589. 
https://doi.org/10.1016/j.dcn.2025.101589.

Moffitt, T.E., Arseneault, L., Belsky, D., et al., 2011. A gradient of childhood self-control 
predicts health, wealth, and public safety. Proc. Natl. Acad. Sci. USA 108 (7), 
2693–2698. https://doi.org/10.1073/pnas.1010076108.

Moore, T.M., Visoki, E., Argabright, S.T., et al., 2022. Modeling environment through a 
general exposome factor in two independent adolescent cohorts. Exposome 2 (1), 
osac010. https://doi.org/10.1093/exposome/osac010.

S.D. Lichenstein et al.                                                                                                                                                                                                                          Developmental Cognitive Neuroscience 81 (2026) 101788 

10 

https://doi.org/10.1111/jon.70087
https://doi.org/10.1016/j.dcn.2024.101464
https://doi.org/10.1016/j.annepidem.2019.03.004
https://doi.org/10.1016/j.annepidem.2006.07.010
https://doi.org/10.1016/j.annepidem.2006.07.010
https://doi.org/10.7554/eLife.32992
https://doi.org/10.1016/j.dcn.2023.101256
https://doi.org/10.1016/j.dcn.2023.101256
https://doi.org/10.1016/j.dcn.2018.03.001
https://doi.org/10.1038/s41467-022-29766-8
https://doi.org/10.1002/dev.21969
https://doi.org/10.1016/j.tins.2019.07.004
https://doi.org/10.1016/j.tins.2019.07.004
https://doi.org/10.3389/fpsyg.2019.01582
https://doi.org/10.3389/fpsyg.2019.01582
https://doi.org/10.1007/s11682-022-00665-2
https://doi.org/10.1016/j.ebiom.2019.07.025
https://doi.org/10.1073/pnas.2024448118
https://doi.org/10.1126/science.1194144
https://doi.org/10.1126/science.1194144
https://doi.org/10.1001/jamanetworkopen.2024.16588
https://doi.org/10.1073/pnas.0705843104
https://doi.org/10.1016/j.tics.2021.09.005
https://doi.org/10.1016/j.neuroimage.2017.03.064
https://doi.org/10.1016/j.neuroimage.2017.03.064
https://doi.org/10.1038/nn.4135
https://doi.org/10.1016/j.dcn.2018.04.004
https://doi.org/10.1016/j.dcn.2018.04.004
https://doi.org/10.1176/appi.ajp.21121207
https://doi.org/10.1176/appi.ajp.21121207
https://doi.org/10.1037/a0021072
https://doi.org/10.1038/s41467-018-04920-3
https://doi.org/10.1016/j.tins.2023.04.001
https://doi.org/10.1016/j.tins.2023.04.001
https://doi.org/10.1073/pnas.2505965122
https://doi.org/10.1016/j.socscimed.2004.03.016
https://doi.org/10.1016/j.socscimed.2004.03.016
https://doi.org/10.1152/physrev.00033.2019
https://doi.org/10.1007/s12021-010-9092-8
https://doi.org/10.1016/j.dcn.2024.101370
https://doi.org/10.1016/j.dcn.2024.101370
https://doi.org/10.1038/s41467-023-44087-0
https://doi.org/10.1016/j.tics.2022.11.005
https://doi.org/10.1542/peds.2004-0844
https://doi.org/10.1016/j.envint.2024.109245
https://doi.org/10.1016/j.envint.2024.109245
https://doi.org/10.1016/j.neubiorev.2018.09.005
https://doi.org/10.1016/j.biopsych.2025.01.022
https://doi.org/10.1016/j.biopsych.2025.01.022
https://doi.org/10.1038/s41380-023-02120-0
https://doi.org/10.1038/s41380-019-0586-y
https://doi.org/10.1038/s41380-019-0586-y
https://doi.org/10.1016/j.envres.2020.110446
https://doi.org/10.1001/jamanetworkopen.2019.11426
https://doi.org/10.1001/jamanetworkopen.2019.11426
https://doi.org/10.1038/s41467-024-47748-w
https://doi.org/10.1371/journal.pone.0115551
https://doi.org/10.1371/journal.pone.0115551
https://doi.org/10.1016/j.bandc.2024.106221
https://doi.org/10.1371/journal.pone.0258469
https://doi.org/10.1371/journal.pone.0258469
https://doi.org/10.1177/0963721416655883
https://doi.org/10.1177/0963721416655883
https://doi.org/10.1016/j.bpsgos.2023.02.005
https://doi.org/10.1001/jamapediatrics.2018.2537
https://doi.org/10.1001/jamapediatrics.2018.2537
https://doi.org/10.1093/pnasnexus/pgae412
https://doi.org/10.1093/pnasnexus/pgae412
https://doi.org/10.1016/j.dcn.2025.101589
https://doi.org/10.1073/pnas.1010076108
https://doi.org/10.1093/exposome/osac010


Muscatell, K.A., Alvarez, G.M., Bonar, A.S., et al., 2022. Brain-body pathways linking 
racism and health. Am. Psychol. 77 (9), 1049–1060. https://doi.org/10.1037/ 
amp0001084.

Noble, S., Spann, M.N., Tokoglu, F., Shen, X., Constable, R.T., Scheinost, D., 2017. 
Influences on the Test-Retest Reliability of Functional Connectivity MRI and its 
Relationship with Behavioral Utility. Cereb. Cortex 27 (11), 5415–5429. https://doi. 
org/10.1093/cercor/bhx230.

Paz-Alonso P.M., Bunge S.A., Ghetti S., Board O.H.E.. Emergence of Higher Cognitive 
Functions: Reorganization of Large-Scale Brain Networks During Childhood And 
Adolescence. Oxford Handbook Topics in Psychology. Oxford University Press; 0.

Qiu, S., Zuo, C., Zhang, Y., Deng, Y., Zhang, J., Huang, S., 2025. The ecology of poverty 
and children's brain development: A systematic review and quantitative meta- 
analysis of brain imaging studies. Neurosci. Biobehav. Rev. 169, 105970. https:// 
doi.org/10.1016/j.neubiorev.2024.105970.

Rakesh, D., Sadikova, E., McLaughlin, K.A., 2025. Associations among socioeconomic 
disadvantage, longitudinal changes in within-network connectivity, and academic 
outcomes in the ABCD study. Dev. Cogn. Neurosci. 74, 101587. https://doi.org/ 
10.1016/j.dcn.2025.101587.

Rakesh, D., Seguin, C., Zalesky, A., Cropley, V., Whittle, S., 2021b. Associations Between 
Neighborhood Disadvantage, Resting-State Functional Connectivity, and Behavior in 
the Adolescent Brain Cognitive Development Study: The Moderating Role of Positive 
Family and School Environments. Biol. Psychiatry Cogn. Neurosci. Neuroimaging 6 
(9), 877–886. https://doi.org/10.1016/j.bpsc.2021.03.008.

Rakesh, D., Zalesky, A., Whittle, S., 2021a. Similar but distinct - Effects of different 
socioeconomic indicators on resting state functional connectivity: Findings from the 
Adolescent Brain Cognitive Development (ABCD) Study(R). Dev. Cogn. Neurosci. 51, 
101005. https://doi.org/10.1016/j.dcn.2021.101005.

Richards, M., Shipley, B., Fuhrer, R., Wadsworth, M.E., 2004. Cognitive ability in 
childhood and cognitive decline in mid-life: longitudinal birth cohort study. BMJ 
328 (7439), 552. https://doi.org/10.1136/bmj.37972.513819.EE.

Robinson, H., Dave, N., Barzilay, R., Wagner, A., Kells, N., Keller, A.S., 2026. The effect 
of the "exposome" on developmental brain health and cognitive outcomes. 
Neuropsychopharmacology 51 (1), 169–184. https://doi.org/10.1038/s41386-025- 
02180-6.

Rosenberg, M.D., Finn, E.S., 2022. How to establish robust brain-behavior relationships 
without thousands of individuals. Nat. Neurosci. 25 (7), 835–837. https://doi.org/ 
10.1038/s41593-022-01110-9.

Rosenberg, M.D., Finn, E.S., Scheinost, D., et al., 2016. A neuromarker of sustained 
attention from whole-brain functional connectivity. Nat. Neurosci. 19 (1), 165–171. 
https://doi.org/10.1038/nn.4179.

Shamosh, N.A., Deyoung, C.G., Green, A.E., et al., 2008. Individual differences in delay 
discounting: relation to intelligence, working memory, and anterior prefrontal 
cortex. Psychol. Sci. 19 (9), 904–911. https://doi.org/10.1111/j.1467- 
9280.2008.02175.x.

Shanmugan, S., Wolf, D.H., Calkins, M.E., et al., 2016. Common and Dissociable 
Mechanisms of Executive System Dysfunction Across Psychiatric Disorders in Youth. 
Am. J. Psychiatry 173 (5), 517–526. https://doi.org/10.1176/appi. 
ajp.2015.15060725.

Shen, X., Tokoglu, F., Papademetris, X., Constable, R.T., 2013. Groupwise whole-brain 
parcellation from resting-state fMRI data for network node identification. 
Neuroimage 82, 403–415. https://doi.org/10.1016/j.neuroimage.2013.05.081.

Sydnor, V.J., Larsen, B., Seidlitz, J., et al., 2023. Intrinsic activity development unfolds 
along a sensorimotor-association cortical axis in youth. Nat. Neurosci. 26 (4), 
638–649. https://doi.org/10.1038/s41593-023-01282-y.

Taylor, R.L., Cooper, S.R., Jackson, J.J., Barch, D.M., 2020. Assessment of Neighborhood 
Poverty, Cognitive Function, and Prefrontal and Hippocampal Volumes in Children. 
JAMA Netw. Open. 3 (11), e2023774. https://doi.org/10.1001/ 
jamanetworkopen.2020.23774.

Thompson, W.K., Barch, D.M., Bjork, J.M., et al., 2019. The structure of cognition in 9 
and 10 year-old children and associations with problem behaviors: Findings from the 

ABCD study's baseline neurocognitive battery. Dev. Cogn. Neurosci. 36, 100606. 
https://doi.org/10.1016/j.dcn.2018.12.004.

Tooley, U.A., Latham, A., Kenley, J.K., et al., 2024. Prenatal environment is associated 
with the pace of cortical network development over the first three years of life. Nat. 
Commun. 15 (1), 7932. https://doi.org/10.1038/s41467-024-52242-4.

Uddin, L.Q., 2025. Social Determinants of Health Influence Brain and Cognitive Function 
in Youth. Biol. Psychiatry Glob. Open. Sci. 5 (6), 100590. https://doi.org/10.1016/j. 
bpsgos.2025.100590.

Vasa, F., Romero-Garcia, R., Kitzbichler, M.G., et al., 2020. Conservative and disruptive 
modes of adolescent change in human brain functional connectivity. Proc. Natl. 
Acad. Sci. USA 117 (6), 3248–3253. https://doi.org/10.1073/pnas.1906144117.

Vineis, P., Barouki, R., 2022. The exposome as the science of social-to-biological 
transitions. Environ. Int. 165, 107312. https://doi.org/10.1016/j. 
envint.2022.107312.

Volkow, N.D., Koob, G.F., Croyle, R.T., et al., 2018. The conception of the ABCD study: 
From substance use to a broad NIH collaboration. Dev. Cogn. Neurosci. 32, 4–7. 
https://doi.org/10.1016/j.dcn.2017.10.002.

Weissman, D.G., Hatzenbuehler, M.L., Cikara, M., Barch, D.M., McLaughlin, K.A., 2023. 
State-level macro-economic factors moderate the association of low income with 
brain structure and mental health in U.S. children. Nat. Commun. 14 (1), 2085. 
https://doi.org/10.1038/s41467-023-37778-1.

Wild, C.P., 2005. Complementing the genome with an "exposome": the outstanding 
challenge of environmental exposure measurement in molecular epidemiology. 
Cancer Epidemiol. Biomark. Prev. 14 (8), 1847–1850. https://doi.org/10.1158/ 
1055-9965.EPI-05-0456.

Wodtke, G.T., Ard, K., Bullock, C., White, K., Priem, B., 2022. Concentrated poverty, 
ambient air pollution, and child cognitive development. Sci. Adv. 8 (48), eadd0285. 
https://doi.org/10.1126/sciadv.add0285.

Wraw, C., Deary, I.J., Gale, C.R., Der, G., 2015. Intelligence in youth and health at age 
50. Intelligence 53, 23–32. https://doi.org/10.1016/j.intell.2015.08.001.

Xiao, Y., Mann, J.J., Chow, J.C., et al., 2023. Patterns of Social Determinants of Health 
and Child Mental Health, Cognition, and Physical Health. JAMA Pediatr. 177 (12), 
1294–1305. https://doi.org/10.1001/jamapediatrics.2023.4218.

Yang, Y., Kong, T., Liu, R., Luo, L., 2025. Associations of interpersonal and 
socioeconomic early life adversity dimensions with adolescents' corticolimbic 
circuits, cognition, and mental health. Transl. Psychiatry 15 (1), 168. https://doi. 
org/10.1038/s41398-025-03384-6.

Yip, S.W., Lichenstein, S.D., Liang, Q., et al., 2023. Brain Networks and Adolescent 
Alcohol Use. JAMA Psychiatry 80 (11), 1131–1141. https://doi.org/10.1001/ 
jamapsychiatry.2023.2949.

Yip, S.W., Scheinost, D., Potenza, M.N., Carroll, K.M., 2019. Connectome-Based 
Prediction of Cocaine Abstinence. Am. J. Psychiatry. https://doi.org/10.1176/appi. 
ajp.2018.17101147.

Yoo, K., Rosenberg, M.D., Hsu, W.T., et al., 2018. Connectome-based predictive modeling 
of attention: Comparing different functional connectivity features and prediction 
methods across datasets. Neuroimage 167, 11–22. https://doi.org/10.1016/j. 
neuroimage.2017.11.010.

Zhi, D., Jiang, R., Pearlson, G., et al., 2024. Triple Interactions Between the Environment, 
Brain, and Behavior in Children: An ABCD Study. Biol. Psychiatry 95 (9), 828–838. 
https://doi.org/10.1016/j.biopsych.2023.12.019.

Zhou, L., Cai, T., Ip, K.I., 2025. Association Between Neighborhood Opportunity, 
Cognitive Function, and Brain Structure in Youths. Biol. Psychiatry Glob. Open. Sci. 
5 (5), 100533. https://doi.org/10.1016/j.bpsgos.2025.100533.

Zhu, X., Suarez-Jimenez, B., Lazarov, A., , 2022. Sequential fear generalization and 
network connectivity in trauma exposed humans with and without 
psychopathologyCommun. Biol.51127510.1038/s42003-022-04228-5.

Zhao, S., Su, H., Cong, J., et al., 2024. Hierarchical individual variation and 
socioeconomic impact on personalized functional network topography in children. 
BMC Med. 22 (556). https://doi.org/10.1186/s12916-024-03784-3.

S.D. Lichenstein et al.                                                                                                                                                                                                                          Developmental Cognitive Neuroscience 81 (2026) 101788 

11 

https://doi.org/10.1037/amp0001084
https://doi.org/10.1037/amp0001084
https://doi.org/10.1093/cercor/bhx230
https://doi.org/10.1093/cercor/bhx230
https://doi.org/10.1016/j.neubiorev.2024.105970
https://doi.org/10.1016/j.neubiorev.2024.105970
https://doi.org/10.1016/j.dcn.2025.101587
https://doi.org/10.1016/j.dcn.2025.101587
https://doi.org/10.1016/j.bpsc.2021.03.008
https://doi.org/10.1016/j.dcn.2021.101005
https://doi.org/10.1136/bmj.37972.513819.EE
https://doi.org/10.1038/s41386-025-02180-6
https://doi.org/10.1038/s41386-025-02180-6
https://doi.org/10.1038/s41593-022-01110-9
https://doi.org/10.1038/s41593-022-01110-9
https://doi.org/10.1038/nn.4179
https://doi.org/10.1111/j.1467-9280.2008.02175.x
https://doi.org/10.1111/j.1467-9280.2008.02175.x
https://doi.org/10.1176/appi.ajp.2015.15060725
https://doi.org/10.1176/appi.ajp.2015.15060725
https://doi.org/10.1016/j.neuroimage.2013.05.081
https://doi.org/10.1038/s41593-023-01282-y
https://doi.org/10.1001/jamanetworkopen.2020.23774
https://doi.org/10.1001/jamanetworkopen.2020.23774
https://doi.org/10.1016/j.dcn.2018.12.004
https://doi.org/10.1038/s41467-024-52242-4
https://doi.org/10.1016/j.bpsgos.2025.100590
https://doi.org/10.1016/j.bpsgos.2025.100590
https://doi.org/10.1073/pnas.1906144117
https://doi.org/10.1016/j.envint.2022.107312
https://doi.org/10.1016/j.envint.2022.107312
https://doi.org/10.1016/j.dcn.2017.10.002
https://doi.org/10.1038/s41467-023-37778-1
https://doi.org/10.1158/1055-9965.EPI-05-0456
https://doi.org/10.1158/1055-9965.EPI-05-0456
https://doi.org/10.1126/sciadv.add0285
https://doi.org/10.1016/j.intell.2015.08.001
https://doi.org/10.1001/jamapediatrics.2023.4218
https://doi.org/10.1038/s41398-025-03384-6
https://doi.org/10.1038/s41398-025-03384-6
https://doi.org/10.1001/jamapsychiatry.2023.2949
https://doi.org/10.1001/jamapsychiatry.2023.2949
https://doi.org/10.1176/appi.ajp.2018.17101147
https://doi.org/10.1176/appi.ajp.2018.17101147
https://doi.org/10.1016/j.neuroimage.2017.11.010
https://doi.org/10.1016/j.neuroimage.2017.11.010
https://doi.org/10.1016/j.biopsych.2023.12.019
https://doi.org/10.1016/j.bpsgos.2025.100533
https://doi.org/10.1186/s12916-024-03784-3

	Multivariate environmental exposures are reflected in whole-brain functional connectivity and cognition in youth
	1 Introduction
	2 Methods
	2.1 Participants
	2.2 Measures
	2.2.1 Exposome
	2.2.2 Neuroimaging data
	2.2.3 Cognition

	2.3 Analysis
	2.3.1 Exposome network identification
	2.3.2 Sensitivity analyses
	2.3.3 Associations with cognition


	3 Results
	3.1 Exposome network identification
	3.1.1 Model performance
	3.1.2 Network anatomy

	3.2 Sensitivity analyses
	3.3 Associations with cognition

	4 Discussion
	CRediT authorship contribution statement

	Funding
	Declaration of Competing Interest
	Acknowledgement
	Appendix A Supporting information
	Data availability
	References


