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This study tested the hypothesis that early life adversity (ELA) heightens psychopathology risk by concurrently
altering pubertal and neurodevelopmental timing, and associated gene transcription signatures. Analyses focused
on threat- (family conflict/neighbourhood crime) and deprivation-related ELAs (parental inattentiveness/unmet
material needs), using longitudinal data from 1514 biologically unrelated youths in the Adolescent Brain and
Cognitive Development (ABCD) study. Typical developmental changes in white matter microstructure corre
sponded to widespread BOLD signal variability (BOLDsv) increases (linked to cell communication and biosyn
thesis genes) and region-specific task-related BOLDsv increases/decreases (linked to signal transduction, immune
and external environmental response genes). Increasing resting-state (RS), but decreasing task-related BOLDsv
predicted normative functional network segregation. Family conflict was the strongest concurrent and pro
spective contributor to psychopathology, while material deprivation constituted an additive risk factor. ELAlinked psychopathology was predicted by higher Time 1 threat-evoked BOLDSV (associated with axonal devel
opment, myelination, cell differentiation and signal transduction genes), reduced Time 2 RS BOLDsv (associated
with cell metabolism and attention genes) and greater Time 1 to Time 2 control/attention network segregation.
Earlier pubertal timing and neurodevelopmental alterations independently mediated ELA effects on psychopa
thology. Our results underscore the differential roles of the immediate and wider external environment(s) in
concurrent and longer-term ELA consequences.

Early life adversity (ELA) is a robust predictor of long-term sequelae
across species (Peverill et al., 2021; Selous et al., 2020; Snyder-Mackler
et al., 2020). Nonetheless, the observed developmental alterations can
vary widely as a function of the timing and type of adversity, which
renders their characterisation a priority for designing more sensitive
detection instruments and personalised interventions (Graham et al.,
2021; McLaughlin et al., 2020; Murthy and Gould, 2020; Nelson and
Gabard-Durnam, 2020).
To this end, here, we adopt a multilevel approach spanning behav
iour, subjective experience, brain structure/function and gene expres
sion in order to elucidate developmental mechanisms through which
different ELAs heighten vulnerability to psychopathology in adoles
cence, a period typified by increased neural plasticity, and, thus, liability
to environmental influences (Lopez et al., 2021; Worthman and Trang,

2018; Worthman and Trang, 2018). Our focus was on threat, con
ceptualised as actual or potential harm to the youth through exposure to
violence, and deprivation, conceived as absence of expected environ
mental support (e.g., resources and/or cognitive, social, emotional
stimulation) (McLaughlin et al., 2019). These two ELAs reportedly
heighten psychopathology risk by accelerating biological aging (e.g.,
earlier pubertal onset, primarily for threat) and speeding structural
development, thereby likely precluding fine tuning, of complementary
neurocognitive pathways relevant to environmental salience (threat)
versus cognitive control, memory and visual processing (deprivation)
(for a meta-analysis, see Colich et al., 2020a, 2020b).
Capitalizing on these ELA type-specific neurostructural effects (but
see Gehred et al., 2021), we examined the differential impact of threat
versus deprivation on whole-brain functional maturation for which a
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Fig. 1. Outline of the conceptual model with the main measures mapped onto the constructs of interest.

consistent pattern is yet to emerge (Colich et al., 2020a, 2020b). Our
main objective was to elucidate whether ELA-linked psychopathology
risk stems from yoked alterations in pubertal and structural/functional
neurodevelopmental timing (see Fig. 1). A secondary objective was to
shed light on the molecular correlates of the ELA-induced neuro
developmental alterations, thereby identifying potential targets for
future pharmacological interventions.
Applying a data-driven multivariate approach to longitudinal
Adolescent Brain Cognitive Development (ABCD) data, we estimated the
relative contribution of threat- versus deprivation-based ELAs to
adolescent psychopathology, defined through eight core syndromes
spanning the internalising to externalising spectrum (Funkhouser et al.,
2021). Given the impact of family dynamics on child development
(Cummings and Miller-Graff, 2015; Harold and Sellers, 2018; Parade
et al., 2021) and the increasing motivational salience of the broader
social environment from late childhood to adolescence (Crone and Dahl,
2012; Pfeifer and Allen, 2021), we examined whether the degree of
sociality would modulate the impact of threat versus deprivation on
adolescent psychopathology. We thus sampled ELAs that varied in the
extent to which they reflected interpersonal exchanges involving the
youth (Zucker et al., 2018 ;Zucker et al., 2018). Perceptions of family
conflict and (reverse-coded) parental attentiveness/monitoring
captured higher, whereas perceived neighbourhood crime and material
hardship reflected lower sociality threat and deprivation, respectively
(cf. Zucker et al., 2018; Zucker et al., 2018), Social Interaction Domain
versus Proximal [Social] Environment, Cummings et al., 2014). The ELA
profile thus identified was tested for its relevance to earlier pubertal
timing (e.g., menarche [girls]), and, indirectly, potentially through the
associated hormonal milieu, to earlier-than-expected (based on chro
nological age) structural and functional neurodevelopment, an effect
that was further probed for its psychological domain specificity (i.e.,
social versus non-social processing, cf. Laube et al., 2020).
Our primary index of whole-brain functional development was BOLD
fMRI signal variability [BOLDSV] due to its relevance to optimal neural
organisation (i.e., network segregation/integration balance) and
cognitive-affective functioning, its substantial trait-like variability but

also its susceptibility to change across the lifespan (Millar et al., 2020b;
Thompson et al., 2021; Waschke et al., 2021). To test our predictions
regarding the functional neurodevelopmental impact of ELA, we esti
mated BOLDSV during wakeful rest and three task contexts varying in
sociality and motivational salience (i.e., inhibitory control, monetary
reward/punishment, happy/fearful face processing). These tasks tap
mental processes with substantial neurobehavioural overlap in adoles
cence (Crone and Dahl, 2012; Jia et al., 2020), which are also highly
susceptible to ELA and predictive of psychopathology risk (Dennison
et al., 2016; Grahek et al., 2019; Hanson et al., 2015, 2017; Ironside
et al., 2018; Kasparek et al., 2020; McTeague et al., 2017; Tozzi et al.,
2020).
Across the lifespan, BOLDsv patterns have been linked to profiles of
white matter (WM) microstructure, which, in turn, are vulnerable to
ELA, both globally and in a more regionally and ELA type-specific (i.e.,
threat vs deprivation) manner (Banihashemi et al., 2021; Burzynska
et al., 2015; Easson & McIntosh, 2019; Johnson et al., 2021; Wang et al.,
2021). Consequently, to estimate correspondence in ELA-linked effects
on structural and functional brain maturation, we compared develop
mental alterations in regionally specific profiles of task-free and/or
task-evoked BOLDsv with those observed in the corresponding WM
microstructural profiles.
BOLDsv underpins the development and maintenance of functionally
segregated brain architecture, a key contributor to optimal cognitiveaffective processes, which emerges gradually over the first two de
cades of life through exposure to task-relevant contexts and tends to
decline from late middle-age onwards (Baracchini et al., 2021; Chan
et al., 2014; Gabard-Durnam et al., 2016; Geng et al., 2021; Grayson and
Fair, 2017; Vakorin et al., 2011; Wig et al., 2011). Income-based ELAs
accelerate the emergence of functionally segregated brain networks in
adolescence and their decline in late middle age (Chan et al., 2018;
Tooley et al., 2020). Consequently, network segregation rate constituted
our second index of functional brain maturation, which we investigated
for liability to ELA and associations with ELA-linked changes in BOLDsv
and WM microstructure profiles. These analyses focused on
network-specific indices in order to determine whether ELA would
2
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impact differently the segregation rate of networks varying in their
relevance to social information processing.
Finally, to characterise potential molecular-level intervention tar
gets, we estimated the gene expression profiles associated with typical
and ELA-induced macroscale neurodevelopmental patterns. To this end,
we used the comprehensive transcriptional maps provided by the Allen
Institute of Brain Science, an approach successfully adopted by prior
adolescent neurodevelopment studies (Ball et al., 2020; Park et al.,
2021; Whitaker et al., 2016).

preceding assessment. Each item is scored as 1 or 0 (yes/no) with higher
scores indicating greater financial hardship (Cronbach’s alphas of.73).
At the time of writing, only baseline financial deprivation scores were
available. Nonetheless, we favoured this measure over income-based
indicators of deprivation because we regarded it as being more closely
linked to experiences of material hardship. As expected, among the 1441
participants with available data on both measures, experienced material
deprivation was inversely correlated with the combined household in
come, Spearman’s rho = − 0.42, p = 0.0001.

1. Method

1.2.1.2. Threat. Both measures of threat-related ELA described below
were completed independently by the parent and the youth as part of the
wider PhenX Toolkit (Stover et al., 2010). Youth and parent reports were
significantly correlated (rs from.18 to.30, all ps < 0.0001). Thus, in
order to minimise individual rater bias, we averaged the child’s and
parent’s ratings in order to create threat indices capturing their shared
perception of family conflict and neighbourhood crime, respectively.
Nonetheless, in supplemental analyses (see Figs. S2-S5), we verified that
all the reported effects are replicated if using the individual youth and
parent ratings. We should underscore that the difference between social
interaction-varying forms of threat, as operationalised here, is likely to
reflect mainly the psychological distance of other social actors who may
pose a danger to the self (i.e., proximal, enduring and well-defined
[family members] versus distal and “indistinct” [people in one’s
neighbourhood]) (Bronfenbrenner and Evans, 2000).
Family conflict. The 9-item Family Conflict subscale of the Moos
Family Environment Scale (Moos and Moos, 1994) gauged exposure to
domestic violence. Each item is scored as 1 or 0 for true/false, with
reverse coding of items that imply lack of conflict in the home (e.g., “We
fight a lot in our family.” versus “Family members rarely become openly
angry.”). Higher scores indicate a more conflictual family environment.
One parent/guardian failed to complete the family conflict measure at
follow-up, whereas one youth failed to complete it at baseline. In both
cases, the missing value was replaced with the rating available at the
other time point. Both parent (Cronbach’s alphas of.68 and.70) and
youth (Cronbach’s alphas of.60 and.61) versions demonstrated accept
able reliability.
Perceived neighbourhood crime and safety. The 3-item Neighbourhood
Safety/Crime Scale uses a five-point Likert Scale (5 = strongly agree to 1=
strongly disagree) to gauge perceptions of threat related to the neigh
bourhood in which the respondent resides (i.e., areas within a 20-minute
walk from the respondent’s home, Echeverria et al., 2004). At both time
points, the youth completed only a 1-item version of the scale (“My
neighbourhood is safe from crime.”), whereas the parent filled out the
full 3-item version of the scale (Cronbach’s alphas of.87 and.86). Higher
scores on this scale indicate greater neighbourhood safety. Two youths
failed to complete this measure at baseline and one parent/guardian
failed to complete it at follow-up. In all cases, the missing value was
replaced with the rating available at the other time point. To facilitate
interpretation of results, youths’ and parents’ aggregate scores on this
measure were standardised, then multiplied by (− 1), so that higher
values would indicate greater neighbourhood crime, as perceived by the
youths and parents, respectively.

1.1. Participants
The sample included participants in the ongoing Adolescent Brain
Cognitive Development (ABCD) study which recruited approximately
11,000 youths and their parents/guardians across 21 US data acquisi
tion sites using multi-stage probability sampling (for a detailed sample
description, see Garavan et al., 2018). Participants had been selected to
capture the variation in age, sex, ethnicity, socioeconomic status
(household income), and urbanicity present in the US population.
The present research uses data preprocessed by the ABCD study team
and downloaded in December 2020 as part of the ABCD Study Curated
Annual Release 3.0 (https://data-archive.nimh.nih.gov/abcd). This
release contains longitudinal neuroimaging data from 5685 participants,
of whom 4792 are biologically unrelated (i.e., not siblings). Following
the recommendations of the ABCD study team (as detailed in the “abc
d_imgincl01” file included in the data release), 1514 (747 female) study
participants were selected on the basis of being biologically unrelated
and having contributed high-quality data on all measures of interest at
both baseline (T1) and two-year follow-up (T2). Participants were aged
9–10 years at baseline (M = 120.14 months, SD = 7.38) and 11–12 years
at follow-up (M = 144.00 months, SD = 7.62). The majority were pre
dominantly right-handed (N = 1218). Based on parent reports, the
racial background of the sample was as follows: White (84.5% [youths]
and 82.8% [parents/guardians], respectively), African-American
(11.4% [youths] and 8.5% [parents/guardians], respectively) and
Other and/or Mixed Race (4% [youths] and 8.7% [parents/guardians],
respectively).
1.2. Out-of-scanner measures
All measures described below were completed at both baseline and
two-year follow-up (see Fig. 1 for an outline of all measures mapped
onto the constructs of interest). Table S1 contains the correlations
among all the Time 1 and Time 2 behavioural measures.
1.2.1. ELA
1.2.1.1. Deprivation. Perceived parental inattentiveness. A 5-item Parental
Monitoring Scale was completed only by the youth and used as an in
verse measure of parental inattentiveness (Chilcoat and Anthony, 1996).
This instrument uses a 5-point Likert-type response format, ranging from
1 (never) to 5 (almost always), in order to assess parents’ active efforts to
keep track of their children’s whereabouts, both at home and outside the
home (e.g., “How often do your parents know where you are?”). The five
items are assumed to assess distinct aspects of parental monitoring
(Zucket et al., 2018), hence a reliability index is not really appropriate
for this scale (Clark and Watson, 1995). To facilitate interpretation of
results, participants’ aggregate scores on this measure were stand
ardised, then multiplied by (− 1), so that higher values would indicate
greater interpersonal deprivation (i.e., parental inattentiveness).
Material deprivation. Financial deprivation was assessed with a 7-item
scale developed by Diemer et al. (2012) to assess unmet material needs
in the areas of housing, food and medical care in the 12 months

1.2.2. Biological aging
Pubertal development. Pubertal status was assessed with the 5-item
Pubertal Development Scale (PDS), which was selected due to its sig
nificant correlation with other indices of pubertal development,
including physician ratings (Petersen et al., 1988). The questionnaire
comprises three gender-general items (i.e., growth spurt, changes in
skin, hair growth) and two gender-specific items (e.g., facial hair
growth, voice change [boys]; breast development, menarche [girls]).
The instrument, which uses a 4-point Likert type response format,
ranging from 1 (no development) to 4 (development already
completed), was completed separately by the youth and their
3
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guardian/parent. In line with existing practices in the literature (Owens
et al., 2021), parent and youth ratings (average r of.68, p < 0.0001)
were averaged in order to obtain a more robust estimate of pubertal
development at baseline and the two-year follow-up, respectively. An
index of accelerated pubertal development was computed at each time
point by regressing from the aggregate PDS score the youth’s biological
age, such that a positive residual score indicated accelerated biological
aging relative to chronological age (cf. Colich et al., 2020a, 2020b;
Sumner et al., 2019). This accelerated pubertal development index was
residualised for biological sex (together with other confounding vari
ables detailed in section “Residualization for Confounding Variables”
below), thereby controlling for well-documented sex-related differences
in pubertal onset (Juraska and Willing, 2017; Marshall and Tanner,
1969, 1970).

Affective Expressions (RADIATE) stimuli set (Conley et al., 2017), ac
counting for the racial diversity amongst participants. Each of the 4
stimulus types were presented in separate blocks for a total number of 20
trials across the two memory loads.
1.3.3. Stop signal task (SST)
This task measures the ability to inhibit an ongoing speeded motor
response to a “Go” signal (Logan, 1994). Although criticisms of this task
have surfaced, the key ones have been mostly rectified in the latest data
release, which has been used for the present analyses, while the
remaining ones pertain primarily to behavioural analyses of the data,
which go beyond the scope of the present report (Bissett et al., 2021;
Garavan et al., 2021).
The ABCD version of the SST comprises two runs of 180 trials each:
150 “Go” trials, 15 “Stop” trials expected to be unsuccessful and 15
“Stop” trials expected to be successful. To maintain the breakdown of the
successful/unsuccessful “Stop” trials, a tracking algorithm was imple
mented to alter the interval between the presentation of the ‘Go stim
ulus’ and the onset of the ‘Stop’ signal based on the participant’s
performance. Each run was restricted to begin with a ‘Go’ trial and stop
trials were separated by a minimum of one ‘Go’ trial.
Each trial lasted 1000 ms and began with the presentation of a black
rightward- (50% of the time) or leftward-facing arrow (‘Go stimulus’)
displayed on a mid-grey background. Participants were asked to indicate
the arrow direction “as quickly and accurately as possible” using a
response panel consisting of two buttons. Participants used their domi
nant hand to respond to the ‘Go’ stimuli and this was mapped congru
ently with handedness. On ‘Stop’ trials the ‘Go’ stimulus was
unpredictably followed by a ‘Stop’ signal in the form of an upward
facing arrow presented for 300 ms, which indicated to the participants
that they should inhibit their response to the previously presented ‘Go’
signal. The presentation of the “Go” (on the “Go” trials) and “Stop” cue
was followed by a fixation cross varying in duration based on partici
pant’s reaction time for a total trial duration of 1000 ms.

1.2.3. Psychopathology symptoms
Child Behavior Checklist (CBCL). The parent-report version of the
CBCL was used to index youth psychopathology (Achenbach, 2009). The
CBCL consists of 112 items scored on a 3-point Likert scale (0 = Not
True, 1 = Somewhat or Sometimes True, 2 = Very True or Often True).
Cross-diagnostic symptomatology was quantified via the eight empiri
cally derived problem scales in the CBCL (i.e., anxious/depressed,
withdrawn/depressed, somatic complaints, social problems, thought
problems, attention problems, rule-breaking, and aggressive behaviour).
1.3. In-scanner tasks
1.3.1. Monetary incentive delay (MID) task
This task gauges anticipatory and consummatory reactions to re
wards and losses, as well as motivation to engage in speeded responses
for monetary gains or avoidance of losses (Casey et al., 2018), Knuston
et al. (2000).
Each trial begins with a monetary incentive cue (duration 2000 ms)
of five possible types (Win $.20, Win $5, Lose $.20, Lose $5, $0-no
money), followed by a variable (1500–4000 ms) anticipation period.
Subsequently, a target appears (150–500 ms) to which the participant
responds to win/avoid losing money, followed by feedback on the
outcome of the trial (2000 ms – target duration). Each run contains 50
contiguous trials (10 of each type), presented in pseudorandom order,
for a total of 40 reward, 40 loss and 20 no-money trials across the two
task runs. Task parameters are adjusted for each individual participant
in order to maintain an overall accuracy of 60% (Casey et al., 2018).

1.4. fMRI data acquisition
Scanning was performed across 21 US sites, with a protocol
harmonised for Siemens Prisma, Philips, and GE 3 T scanners (for de
tails, see (Casey et al., 2018)), Hagler et al. (2019). The analyses re
ported here are based on the tabulated structural (sMRI), diffusion
(dMRI) and functional magnetic resonance imaging (fMRI) data
collected on Siemens Prisma and GE 3 T scanners. Scanner type was
controlled for in all analyses by using site id as a covariate to account for
magnet and sociodemographic differences among sites (Rosenberg et al.,
2020). The dMRI data were acquired with a multiband EPI sequence
(TR=4100 ms, TE=88[Siemens]/81.9[GE] ms, flip angle=90◦ , FOV =
240 × 240 mm, 81 slices of 1.7 × 1.7 mm in-plane resolution, 1.7 mm
thick, multiband acceleration factor of 3, 96 diffusion directions, seven b
= 0 frames and four b-values [(6 directions with b = 500 s/mm2, 15
directions with b = 1000 s/mm2, 15 directions with b = 2000 s/mm2,
and 60 directions with b = 3000 s/mm2)]). T1-weighted were acquired
with an MPRAGE-PMC (Prospective Motion Correction) sequence
(TR=2500 (Siemens/GE) ms, TE= 2.88 (Siemens)/2 (GE) ms, flip
angle= 8◦ , FOV = 256 × 256 mm, 176 (Siemens)/208 (GE) slices of
1 × 1 mm in-plane resolution, 1 mm thick). The fMRI data were ac
quired with a multiband EPI sequence (TR=800 ms, TE=30 ms, flip
angle=52◦ , FOV = 216 × 216 mm, 60 slices of 2.4 × 2.4 mm in-plane
resolution, 2.4 mm thick, multiband acceleration factor of 6).
Four RS fMRI scans (eyes open with passive crosshair viewing),
lasting 20 min in total, were collected in order to ensure at least 8 min of
low-motion data. Two runs of each task were also acquired for a total
duration of 10:44 (MID), 9:40 (EN-back) and 11:40 (SST) minutes,
respectively (Hagler Jr. et al., 2019).

1.3.2. Emotional N-back (EN-back)
This task is a variant of the n-back task designed to engage both
memory and emotion regulation processes (Barch et al., 2013; Schwe
izer et al., 2019). The task consists of two runs of 8 blocks each. In each
run, there were four 2-back blocks, in which participants were asked to
respond “Match” if the presented stimulus was the same as the one
displayed two trials back, and four 0-back blocks, in which participants
were instructed to respond “Match” if the present stimulus was the same
as the target stimulus displayed at the beginning of the block. The task
commenced with a 2.5 s cue to indicate task type, and, for the 0-back
blocks only, an image of the target was also presented. Prior to each
block instruction, a 500 ms coloured fixation cross was presented to
alert the child to the change of task condition.
Within each run there were 4 fixation blocks (15 s each) and 8 task
blocks. Within each task block there were 10 trials (2.5 s each). A trial
started with the image of a stimulus displayed for 2 s, immediately
followed by a fixation cross (500 ms). Two out of 10 trials in each block
were targets, 2–3 were non-target lures and the rest were stimuli only
presented once (non-lures). There was a total of 160 trials comprised of
96 unique stimuli of 4 stimulus types: place stimuli drawn from existing
studies (Kanwisher, 2001; O’Craven & Kanwisher, 2000; Park and Chun,
2009), and neutral, happy and fearful faces obtained from the NimStim
emotional stimulus set (Tottenham et al., 2009) and the racially Diverse
4
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1.5. fMRI data preprocessing

Mennes et al., 2011; Zou et al., 2013).
Functional network segregation. Pairwise Pearson’s correlations be
tween all the ROIs in the Gordon atlas were computed and expressed as
Fisher’s z-transformed scores. Our analyses included only the ROIs that
were affiliated with a specific functional network in Gordon et al.
(2016), such as auditory (AUD), cingulo-opercular (CON),
cingulo-parietal (CP), default mode (DMN), dorsal attention (DAN),
frontoparietal (FPC), retrosplenial (RSP), sensorimotor-hand
(SM-hand), sensorimotor-mouth (SM-mouth), salience (SAL), ventral
attention (VAN) and visual (VIS). Based on the functional network labels
provided by these authors, summary measures of within-network (e.g.,
the average correlation among all the DMN ROIs) and between-network
(e.g., the average correlation of all the DMN ROIs with the ROIs from all
remaining networks) connectivity were created by averaging all rele
vant ROI-to-ROI correlation indices. To compare developmental
changes in within- versus between-network connectivity, we used the
same segregation index as Chan et al. (2014, 2018):
System segregation = Zw- Zb/Zw,
where Zw is the average connection strength among all the nodes
within a network to which a constant (“1”) has been added to render it
positive and Zb is the average connection strength between nodes in one
network and nodes in all the remaining networks to which the same.
constant (“1”) has been added to render it positive.

Our analyses used tabulated dMRI and fMRI data available as part of
the ABCD Study Curated Annual Release 3.0. Variables derived from the
sMRI data were only used as controls. The main processing steps applied
to these data by the ABCD study team are outlined below (for further
details, see Hagler Jr. et al., 2019).
1.5.1. dMRI
Eddy current distortion correction was applied along the phaseencode direction using nonlinear distortion estimation based on diffu
sion gradient orientations and amplitudes. Robust diffusion tensor
estimation was used to identify and replace (through interpolation) dark
slices caused by abrupt head motion (Chang et al., 2005). To correct for
head motion, each frame was rigid-body registered to the corresponding
volume obtained from the post-eddy current corrected censored tensor
fit (Hagler et al., 2009). Further processing steps included: adjustment of
the diffusion gradient matrix for head rotation (Hagler, et al., 2009;
Leemans and Jones, 2009); correction of spatial distortions using the
reversing gradient method (Andersson et al., 2003; Smith et al., 2004),
as well as adjustment of gradient non-linearity distortions for each frame
(Jovicich et al., 2006). The T2-weighted b= 0 images were registered to
the T1-weighted structural images using mutual information (Wells
et al., 1996), after which dMRI images were resampled into a standard
space with 1.7 mm isotropic resolution.
WM microstructural properties were quantified using conventional
diffusion tensor imaging (DTI) methods, specifically, standard linear
estimation methods with log-transformed diffusion-weighted signals
(Basser, et al., 1994; Pierpaoli, et al., 1996). Our analyses featured the
output of the DTI full shell model, specifically, average estimates of
fractional anisotropy (FA), as well as radial (RD) and longitudinal (LD)
diffusivity associated with the white matter adjacent to the cortical ROIs
from the Destrieux anatomical atlas (Destrieux et al., 2010).

1.5.2.2. Task. The following preprocessing steps were specific to the
task data: (1) regression of the baseline, and (2) removal of time points
with FD > 0.90 mm. Task-specific activation strength was estimated for
each individual participant using a general linear model in AFNI’s
3dDeconvolve (Cox, 1996). The baseline model (“null model”) included
regressors for average signal, quadratic trend and motion (i.e., 24 mo
tion regressors in total, specifically, the linear and quadratic motion
parameters and their derivatives). The GLM for each task included the
stimulus time series convolved with the hemodynamic response function
(HRF). The latter was modelled with a gamma variate function and its
temporal derivative in AFNI’s SPMG option within 3dDeconvolve.
Events were modelled as instantaneous for the SST and MID analyses. In
the EN-back, the cue trials (~3 s) and task blocks (~24 s) were modelled
as square waves convolved with the two-parameter HRF (Hagler Jr.
et al., 2019).
Task-related variability. Our analyses of task-related variability
focused on the average standard error (SEM) of the GLM beta co
efficients estimated across the two runs of each task for each of the ROIs
in the Destrieux anatomical atlas, with lower SEM values indicating a
more consistent response to the task-relevant information. The SEMs of
interest involved the following linear contrasts: ‘social reward’ (happy
faces > neutral faces [baseline]) and ‘threat’ (fearful faces > neutral
faces [baseline]) in the EN-back task, anticipation of non-social reward
(> neutral anticipation [baseline]) and loss (> neutral anticipation
[baseline]) in the MID task, as well as successful inhibition (correct Stop
> correct Go [baseline]) in the SST task.

1.5.2. fMRI
Preprocessing of all functional images involved correction for head
motion (Cox, 1996), spatial and gradient distortions (Andersson et al.,
2003; Jovicich et al., 2006), bias field removal, elimination of initial
volumes (8 volumes [Siemens], 5 volumes [GE DV25], 16 volumes [GE
DV26]) to allow the MR signal to reach steady state equilibrium, nor
malisation of the voxel time series and co-registration of the functional
images to the participant’s T1 – weighted structural image. Linear
regression was subsequently used to remove from each voxel’s time
course quadratic trends, as well as the six motion parameters, their first
derivatives, and squares (24 motion terms in total; Power et al., 2015;
Satterthwaite et al., 2013). Estimated motion time courses were filtered
to attenuate signals related to respiration (Fair et al., 2020).
1.5.2.1. Resting-state (RS). The following preprocessing steps were
specific to the RS data (1) regression of the mean time courses of cerebral
WM, ventricles, whole brain, and their first derivatives, (2) bandpass
filtering of the residual time series between.009–0.08 Hz; exclusion of
(3) time points with framewise displacement (FD) greater than
0.20 mm, (4) those that were outliers in standard deviation (SD) across
ROIs (i.e., SD > three times the median absolute deviation below or
above the median SD for a given participant), and of (5) time periods
with fewer than 5 contiguous volumes with FD smaller than 0.20 mm.
Temporal variance. Based on the preprocessed data, averaged time
courses were computed for cortical ROIs from an anatomically defined
parcellation (Destrieux et al., 2010; Fischl et al., 2002), as well as for
cortical ROIs from a widely used functionally defined parcellation based
on resting state connectivity patterns (Gordon et al., 2016). Temporal
variance was estimated for each ROI as an amplitude index of low fre
quency fluctuations, which is assumed to reflect spontaneous neural
activity and is predictive of task-related responsiveness (Fox et al., 2007;

1.5.3. sMRI
The sMRI preprocessing pipepline included removal of non-brain
tissue, corrections for gradient non-linearity distortions and intensity
inhomogeneity, intensity normalisation, as well as rigid resampling and
alignment to an averaged brain image in standard space. Cortical
reconstruction and subcortical segmentation were performed using
FreeSurfer version 5.3, where estimates of cortical thickness and volume
were computed for each of the 148 ROIs from the Destrieux atlas.
1.6. Gene expression data processing
1.6.1. Microarray gene expression
Micro-array gene expression data were obtained from six postmor
tem brains (1 female, ages 24.0–57.0, 42.50+/- 13.38 years) provided
5
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by the Allen Institute for Brain Science (https://www.brain-map.org/).
Because only two of the six brains contained data from the right hemi
sphere and the nature of our brain-expression analyses rendered prob
lematic averaging across the two hemispheres, our gene expression
analyses were conducted only on the left hemisphere ROIs (cf. Ball et al.,
2020; Hansen et al., 2021). The gene expression data was processed with
abagen (https://github.com/netneurolab/abagen). Microarray probes
were reannotated based on Arnatkevičiūtė et al. (2019) and filtered
based on their expression intensity relative to background noise
(Quackenbush, 2002), such that probes with intensity less than the
background in > =50% of samples across donors were discarded. When
multiple probes indexed the expression of the same gene, we selected
and used the probe with the most consistent pattern of regional variation
across donors (i.e., differential stability; Hawrylycz et al., 2015),
calculated with:
Δs (p) = (

1.7. fMRI and gene expression data analysis
1.7.1. Partial least squares analysis (PLS)
To provide a comprehensive description of developmental changes
in BOLDsv and WM microstructural properties, as well as characterise
the relationship between brain maturation and gene expression profiles,
we used partial least squares correlation often referred to as PLS
(Krishnan et al., 2011), a multivariate technique that can identify in an
unconstrained, data-driven manner, neural patterns (i.e., latent vari
ables or LVs) related to different conditions (i.e., task PLS) and/or in
dividual differences variables (behavioural PLS). PLS was selected to
characterise typical and ELA-linked neurodevelopmental changes
because, unlike other multivariate data reduction techniques (e.g., ca
nonical correlation analysis), it performs well with datasets containing
highly correlated variables and in which the number of variables ex
ceeds the number of cases McIntosh & Mišić (2013). PLS was imple
mented using a series of Matlab scripts, which are available for
download
at
https://www.rotman-baycrest.on.ca/index.php?
section = 345.

[
]
1 ∑N− 1 ∑N
)
ρ Bi (p), Bj (p)
i=1
j= i+1
N
2

where p is Spearman’s rank correlation of the expression of a single
probe, p, across regions in two donor brains Bi and Bj, and N is the total
number of donors. Here, regions correspond to the structural designa
tions provided in the ontology from the AHBA.
The MNI coordinates of tissue samples were updated to those
generated via non-linear registration using the Advanced Normalization
Tools (ANTs; https://github.com/chrisfilo/alleninf). Samples were
assigned to brain regions in the Destrieux atlas if their MNI coordinates
were within 2 mm of a given parcel. All tissue samples not assigned to a
brain region in the provided atlas were discarded.
Inter-subject variation was addressed by normalising tissue sample
expression values across genes using a robust sigmoid function (Fulcher
et al., 2013):

1.7.1.1. Neurodevelopment: Task PLS. We conducted a sole task PLS
analysis in order to identify yoked developmental changes in profiles of
WM microstructural properties, as well as RS and task-evoked BOLD
brain signal variability as observed in the Destrieux anatomical ROIs.
Because the various data types (FA, LD, RD, RS, n-back-fearful faces, nback-happy faces, MID-loss, MID-win, SST-Stop) had different ranges
and that would have biased the PLS results, we normalised each ROI’s
scores within each data type by computing the corresponding normal
ised Euclidean distance and adding the same constant to all the ROI
scores across all conditions in order to render them positive. In this PLS
analysis, each type of data (as listed above) was modelled as a separate
group and each time point as a separate condition within each group.
Within each “group”, the brain matrix contained the participants’
concatenated scores for the respective data type across the 148 Destrieux
ROIs at baseline and two-year follow-up, respectively. The design matrix
contained a number of dummy coded variables corresponding to each
condition/time point within each group/type of data (e.g. baseline FA
scores). By entering both time points and all nine data “groups” within
the same PLS analyses we were able to identify synchronous develop
mental changes in function and structure. We verified that the withindata group standardisation of each ROI’s scores did not bias the re
sults by running task-PLS analyses on raw data, separately for each data
type (i.e., dMRI, task fMRI, resting state fMRI), and confirming that the
obtained results were consistent with those resulting from the combined
analyses herein reported.

Xnorm=1/(1+exp(− (x− 〈x〉)/IQRx))
where 〈x〉 is the median and IQRx is the normalised interquartile
range of the expression of a single tissue sample across genes. Normal
ised expression values were then rescaled to the unit interval:
xscaled=(xnorm− min(xnorm))/(max(xnorm)− min(xnorm))
Gene expression values were then normalised across tissue samples
using an identical procedure. Samples assigned to the same brain region
were averaged separately for each donor and then across donors. This
analysis yielded a 74 (ROIs) x 15,633 (genes) regional expression ma
trix, which was used in all the gene-neurodevelopment PLS analyses
described below. Two ROIs were eliminated because they did not have
any gene expression data, leaving 72 ROIs in the analyses reported
below.

1.7.1.2. ELA-related neurodevelopmental changes: Behavioural PLS. To
identify yoked developmental changes in profiles of BOLDsv and WM
microstructural properties, which are linked to ELA and risk for psy
chopathology, we conducted a behavioural PLS analysis. The brain
matrix was identical to the one entered in the task PLS analysis described
above. The baseline ELA (entered at both time points) and the corre
sponding psychopathology profiles at baseline and follow-up, as esti
mated with canonical correlation analyses (CCAs, see below), were
entered as the behavioural variables.

1.6.2. Gene ontology (GO) enrichment analysis
To link gene expression profiles to relevant biological processes, we
used the online tool GOrilla (http://cbl-gorilla.cs.technion.ac.il, version
6 March 2021; single ranked list of genes, Eden et al., 2007, 2009) to
search for enriched GO terms linked to the genes with the highest
loading on our partial least squares (PLS) LVs (see behavioural PLS on
gene expression-neurodevelopment described below). For these ana
lyses, we unchecked the “Run GOrilla in fast mode” option and used the
“P-value threshold 10-5” in the advanced parameter settings. FDR values
are provided for each GO term in the Supplemental Materials. For each
PLS LV (typical vs. ELA-linked neurodevelopment), separate analyses
were run for ranked lists featuring genes with reliable positive vs
negative loadings. Subsequently, we used REViGO (http://revigo.irb.hr,
Supek et al., 2011) to eliminate redundant GO terms and keep only those
with medium semantic similarity. The remaining lists of GO terms cor
responding to each relevant PLS LV are represented as word clouds
(based on the frequency of the GO terms) in Figs. 2 and 5.

1.7.1.3. Gene expression-typical/ELA-linked neurodevelopment associa
tions: Behavioural PLS. To probe the link between gene expression pro
files and patterns of typical versus ELA-related neurodevelopment, we
conducted two behavioural PLS analyses. In the first analysis, the
“behavioural” variables were the two pattern scores of typical structural
and functional neurodevelopment, as characterised in the task-PLS. In
the second analysis, the “behavioural” variable was the pattern score of
ELA-linked structural and functional neurodevelopment, which was
estimated in the behavioural PLS analysis described above.
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1.7.1.4. Significance and reliability testing. In all the reported PLS ana
lyses, the significance of each LV was determined using a permutation
test (5000 permutations for the brain-[behaviour] analyses and 100,000
permutations for all the analyses involving gene expression data). In the
permutation test, the rows of the ROI temporal variance/WM properties
or of the gene expression data are randomly reordered (Krishnan et al.,
2011). In the case of our present analyses, PLS assigned to each ROI a
weight, which reflected the contribution of the respective ROI to a
specific LV. The reliability of each ROI’s or gene’s contribution to a
particular LV was tested by submitting all weights to a bootstrap esti
mation (1000 bootstraps for the brain-[behaviour] analyses and
100,000 bootstraps for all the analyses involving gene expression data)
of the standard errors (SEs, Efron, 1981) (the bootstrap samples were
obtained by sampling with replacement from the participants, Krishnan
et al., 2011). In order to increase the stability of the reported results, we
used a number of permutations/bootstraps several orders greater than
the standard ones (i.e., 500 permutations/100 bootstrap samples), as
recommended by McIntosh and Lobaugh (2004) for use in PLS analyses
of neuroimaging data. The higher number of permutations/bootstraps
used for the gene expression data was determined by the relatively lower
result stability compared to the brain-(behaviour) only analyses. A
bootstrap ratio (BSR) (weight/SE) of at least 4 in absolute value
(approximate associated p-value <0.0001) was used as a threshold for
identifying those ROIs or connections that made a significant contri
bution to the identified LVs. The BSR is analogous to a z-score, so an
absolute value greater than 2 is thought to make a reliable contribution
to the LV (Krishnan et al., 2011), although for neuroimaging data BSR
absolute values greater than 3 are recommended for use (McIntosh &
Lobaugh, 2004). The unthresholded BSR values reflecting the contri
bution of each gene to the identified gene expression LV were used to
create the ranked (positive versus negative) list for Gorilla.

corresponding variate. The correlation and standardised regression-like
coefficients described above are analogous to canonical loadings and
canonical weights, respectively (see also Tsvetanov et al., 2016;
Vatansever et al., 2017), with the only difference being that they are
computed in the test, rather than the discovery, folds and, thus, reflect
more conservative effect estimates. Because the brain profiles targeted
synchronised developmental changes across multiple levels/modalities,
standardised regression-like coefficients are not included for the brain
variables. Both discovery and test CCAs were conducted on standardised
variables.
1.8.2. Mediation analyses
To test whether pubertal timing and neurodevelopmental changes
mediate the effect of ELA on psychopathology, we used Hayes’ PROCESS
3.5 macro for SPSS (Hayes, 2018). PROCESS is an ordinary least squares
(OLS) and logistic regression path analysis modelling tool, based on
observable variables. Mediation models were tested employing 95% CI
with 50,000 bootstrapping samples. In line with extant guidelines on
balancing Type I and Type II errors in mediation analyses (Hayes and
Scharkow, 2013; Tofighi and Kelley, 2020), the CIs for indirect effects
was estimated using percentile bootstrap, which is the default option in
PROCESS 3.5. As recommended by Hayes and Cai (2007), a hetero
dasticity consistent standard error and covariance matrix estimator was
used. Bootstrapping-based 95% CIs for the indirect effects and for the
difference between them (cf. Miočević et al., 2018; Walters, 2018), as
outputted by PROCESS, were used as effect size estimates.
1.9. Residualization for confounding variables
In line with existing practices (Modabbernia et al., 2021), the
following were regressed out from each imaging (ROI-based/functional
network-based) and non-imaging variable prior to analyses: (1) sex
(coded as “1” for females, “0” for males); (2) race (coded as “0” for White
[ > 80% of the present sample] and "1" for Non-White); (3) handedness
(coded as “0” for right-handedness [ > 80% of the present sample] and
“1” for non-right-handedness); (4) serious medical problems, which was
based on the ABCD (Longitudinal) Parent Medical History Questionnaire
and computed as an average of unplanned hospital visits (in the prior
year for Time 1, cumulatively across all available time points Time 2) for
chronic health conditions, head trauma, loss of consciousness and/or
convulsions/trauma; (5) scanner site (20 dummy variables to account
for scanner-related differences, as well as broad differences in family
education and socio-economic status across sites, cf. Rosenberg et al.,
2020). In addition, the following were regressed out only from the dMRI
and fMRI data: (1) average modality-specific (dMRI/fMRI) motion per
participant (Power et al., 2015); (2) regionally specific (for the ROI data)
or participant-specific (for the functional network segregation indices)
cortical thickness and volume (see Millar et al., 2020a; Pur et al., 2019,
for evidence of cortical thickness/volume effects on BOLDsv). We did
not deem it necessary to control for behavioural performance on the
in-scanner tasks as we only included well-performing participants (ac
curacy > 60%) and, on the SST, we only analysed correct trials.

1.8. Brain-behaviour analyses
1.8.1. Canonical correlation analysis (CCA)
To identify ELA and brain profiles predictive of psychopathology, we
conducted a series of canonical correlation analyses (CCAs, Hotelling,
1936) with cross-validation procedures (cf. Hair et al., 1998). CCA is a
multivariate technique, which seeks maximal correlations between two
sets of variables by creating linear combinations (i.e., canonical vari
ates) from the variables within each set. Recently, CCA has been suc
cessfully used to investigate brain-behaviour relationships in large
datasets (see Modabbernia et al., 2021; Smith et al., 2015; Tsvetanov
et al., 2016; Wang et al. 2020).
CCA was implemented in Matlab using the canoncorr module. In
order to obtain reliable estimates of correlations between the brain or
behavioural variables and their corresponding variates, it is generally
recommended that CCA be performed on a sample size at least ten times
the number of variables in the analysis Hair et al. (1998), a criterion
which was exceeded in all analyses reported below.
The performance of our CCA models was tested by using a 10-fold
cross validation procedure (as is generally recommended, Hair et al.,
1998). For all sets of CCAs, discovery analyses were conducted on nine
folds of data and the resulting CCA weights were employed to derive
predicted values of the brain and behavioural variate in the left-out
(“test”) fold. This procedure was repeated until each of the ten folds
served as “test” data once. The correlation between the predicted brain
and behavioural variates across all testing folds was evaluated using a
permutation test with 100,000 samples (cf. Smith et al., 2015). To
describe the relationship between the behavioural or brain variables and
their corresponding variates across all the testing folds, we include
correlations between the observed value of a brain or behavioural var
iable and the predicted value of its corresponding variate, as well as
standardised coefficients, analogous to multiple regression coefficients,
which indicate the unique association between the observed value of a
behavioural or brain variable and the predicted value of its

1.10. Supplementary analyses
As an acknowledgement of the fact that some of the variables
regressed out as “nuisance” from our core predictors or outcomes could
be of interest to other researchers, we report supplemental analyses
related to (1) developmental changes in CT and GMV; (2) independent
broad replication of the effects reported below within each sex and using
separate indices of parental versus youth perceptions of family conflict
and neighbourhood crime, respectively (see Figs. S1-S5).
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2. Results

2.1.2. Transcriptional profiles associated with the two BOLDsv/WM
microstructure developmental LVs. One behavioural PLS analysis probed
the link between expression of the two task-PLS brain LVs (i.e., ROIspecific weights) described above and gene expression in each of the
72 left hemisphere ROIs from the Destrieux ROIs. The analysis identified
a single gene LV (p = 0.0002, 75% explained covariance) which showed
opposing relationships with the two developmental brain LVs, as
detailed below.
2.1.2.1. Gene expression signature of the developmental LV1. The
developmental brain LV 1 showed a significant positive association with
the identified gene LV (r = 0.55, 95% CI = [0.40;0.71]). This tran
scriptional profile was most enriched in genes regulating inorganic
cation transmembrane transport (p = 2 × 10-10) and, more broadly, ion
transmembrane transport (p = 4 × 10-8), cellular biosynthethic pro
cesses (p = 3 × 10-7) and nucleic acid metabolic processes (p = 3 × 107
). A selection of GO terms most relevant to brain structure/function is
represented as a word cloud based on Revigo-estimated frequency in
Fig. 2-e. A complete table of the GO terms that passed our significance
threshold in Gorilla is part of the Supplemental Materials.
2.1.2.2. Gene expression signature of the developmental LV2. The
developmental brain LV 2 showed a significant negative association
with the identified gene LV (r = − 0.41, 95% CI = [− 0.22;0.57]). This
transcriptional profile was most enriched in genes regulating immune
system processes (p = 10-12), signal transduction (p = 10-10), cell sur
face receptor signalling pathway (p = 4 × 10-10), localisation
(p = 4 ×10-10), exocytosis (p = 10-9), response to external stimuli
(p = 8 × 10-9), and cell proliferation (p = 6 × 10-8). A selection of GO
terms most relevant to brain structure/function is represented as a word
cloud based on Revigo-estimated frequency in Fig. 2-f. A complete table
of the GO terms that passed our significance threshold in Gorilla is part

2.1. Typical neurodevelopment
2.1.1. BOLDsv and WM microstructure
The task PLS analysis revealed three significant LVs (all
ps = 0.0002), which explained 72%, 20% and 6.53% of the variance in
the data. Below we only discuss the first two extracted LVs, since the
third one only identified age-related changes in WM microstructure (i.e.,
LD/RD), but not BOLDsv.
2.1.1.1. Developmental LV 1. This profile reflected age-related decre
ments in RD, accompanied by age-related increments in FA, LD, and
BOLDsv across both task and rest (see Fig. 2-a). Although reliably
observed in 145 of the 148 Destrieux ROIs, this pattern was most
strongly expressed in occipital, temporal and parietal areas (see Fig. 2b).
2.1.1.2. Developmental LV 2. The second LV identified two groups of
ROIs showing opposing patterns of increments/decrements in taskrelated BOLDsv and WM microstructural properties (i.e., FA, LD) (see
Fig. 2-c). Thus, after accounting for the brain-wide increase in FA/LD
and BOLDsv, as indicated by LV1, there was evidence that frontal and
parietal regions demonstrate age-related BOLD signal stabilisation dur
ing task performance, which is accompanied by increasing FA and LD,
but declining RD (see Fig. 2-d). Complementarily, areas in the cingulate,
medial orbital, temporal, including the parahippocampal gyri, as well as
the occipito-temporal cortex evidenced age-related increases in BOLDsv
and RD together with declines in FA and LD (see Fig. 2-d).

Fig. 2. Results of the task-PLS analysis. The graphs in panels (a) and (c) show the average of the mean-centred LV1 and LV2 brain scores at each time point within
each data group (error bars are the 95% confidence intervals [CI] from the bootstrap procedure). Non-overlapping CIs indicate differences between conditions. Panels
(b) and (d) depict the Destrieux ROIs with positive loadings and negative loadings on the LVs graphed in panels (a) and (c), respectively, and visualised with the
Freesurfer Surface (https://chrisadamsonmcri.github.io/freesurfer_statsurf_display). In the brain figures in panels (b) and (d), absolute BSR values lower than 4 have
been set to zero. BSR = bootstrap ratio. LV = latent variable. Panels (e) and (f) depict the GO enrichment terms, which are most relevant to brain function and
associated with each of the two developmental LVs.
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(rdiscovery from.33 to.36, all ps = 10-5, rtest =0.31, p = 10-5, see Fig. 4-e).
It indicated that, of all the scrutinised ELAs, family conflict has the
strongest positive association with psychopathology, specifically,
attentional difficulties, aggression, rule breaking, withdrawal and so
matic complaints (see Fig. 4-b, d). Importantly, there was evidence that
material deprivation exerted an independent, yet weaker, additive effect
on psychopathology risk (see Fig. 4-b).
To probe the temporally distal effects of the identified ELA profile,
we applied the weights from the baseline discovery CCAs to the two-year
follow-up data and computed the respective psychopathology variate
scores. Subsequent permutation-based correlational analyses confirmed
that expression of the baseline ELA profile predicts maintenance of its
associated psychopathology profile at the two-year follow-up (rtest
=0.26, p = 2 × 10-5, see Fig. 4-f), an effect that was in line with the
strong positive correlation between the Time 1 and Time 2 psychopa
thology profiles (r of.66, p = 10-5).

of the Supplemental Materials.
2.1.3. Age-related changes in WM microstructural properties and patterns
of BOLDsv across task and rest predict emergence of canonical functional
brain networks. Next, we tested whether expression of the two brain PLS
LVs described above predicts segregation rate for the 12 canonical
functional brain networks from the Gordon atlas. To this end, we created
a difference brain LV score (Time 2 – Time 1) for each of the nine data
types entered in the task PLS analysis described above for a total of 17 LV
scores across the two LVs (the LV2 difference score for RS was not
included because the RS condition did not load robustly on LV2, see
Fig. 2-c). To facilitate interpretation and preserve the format of the LVs
(Fig. 2-a, c), the LV1 difference score for RD and the LV2 difference
scores for FA and LD were multiplied by (− 1). Subsequently, we created
a difference score reflecting the baseline to follow-up increase in
segregation (i.e., within- relative to between-network connectivity) for
each of the 12 networks in the Gordon atlas. Ten discovery CCAs were
subsequently conducted to probe the link between age-related increases
in functional network segregation and age-related increases in the
expression of the two developmental brain PLS LVs. Of the extracted
CCA modes, only one was validated across all the test folds (rdiscovery
from.30 to.33, all ps = 10-5, rtest =0.21, p = 10-5, see Fig. 3-b). Broadly,
this mode linked normative increases in functional brain segregation to
developmental changes in brain-wide BOLDsv (i.e., increases during
rest, but decreases during task [particularly, reward/loss processing,
inhibitory control]) and regionally-specific WM microstructure (i.e.,
FA/LD decreases in frontal/parietal, but increases in anterior cingulate,
medial orbital, temporal and occipital areas) (see Fig. 3-a). The effect of
changes in BOLDsv/WM microstructural properties on functional
segregation was strongest for networks relevant to environmental vigi
lance (CON), internally guided cognition (DMN), external attention
(DAN, VAN), episodic memory (RSP), auditory processing and top-down
cognitive control (FPC) (see Fig. 3-c).

2.2.2. Neural and gene transcription profiles mediating the impact of ELA
on psychopathology
2.2.2.1. Alterations in threat processing, together with delayed percep
tual, but accelerated attentional/control network segregation predict
persistent psychopathology risk associated with ELA exposure. BOLDsv/
WM microstructural characteristics. A behavioural PLS analysis using
the baseline ELA, as well as the baseline and follow-up psychopathology
profiles characterised above as the behavioural variables identified two
LVs, accounting for 50% and 10% of the covariance in the data,
respectively. Below, we only discuss the first extracted LV, since the
second LV linked both ELA and psychopathology (at either time) only to
the WM microstructural variables (LD/FA).
The first extracted brain LV (p = 0.0002, see Fig. 5-a) was robustly
expressed in 66 of the Destrieux ROIs, but particularly strongly in the
insula, as well as occipital, temporal, parietal and inferior frontal areas
(see Fig. 5-b). The results indicated that, at Time 1, both psychopa
thology and ELA exposure correlated with greater brain-wide BOLDsv in
response to threat (i.e., fearful faces). Complementarily, at Time 2,
concurrent psychopathology and earlier (i.e., [pre]-Time 1) ELA expo
sure were associated with reduced RS BOLDsv. Of note, although ELA
exposure predicted departure from typical WM microstructural devel
opment (LD/RD) at both time points, this was not associated with psy
chopathology (see Fig. 5-a). This is why LD and RD LV scores were not
entered in the CCA and mediational analyses probing the role of neu
rodevelopment in accounting for ELA-associated psychopathology.
ELA-linked effects on gene transcription profiles. A behavioural PLS
analysis tested the relationship between expression of the ELA/

2.2. The impact of ELA on psychopathology risk
2.2.1. Greater baseline family conflict predicts higher psychopathology risk,
both concurrently and prospectively; material deprivation exerts an inde
pendent, albeit weaker, effect on psychopathology risk. Ten discovery
CCAs were conducted to probe the relationship between ELA and psy
chopathology at baseline. Of the two significant modes thus identified,
we describe here only the one that was subsequently found to have a
significant link to neurodevelopment. This was the strongest mode
emerging from the discovery CCAs and validated across all test folds

Fig. 3. Results of the CCA linking the neuro
developmental profiles (i.e., brain LVs) previ
ously identified with task-PLS (panel a) to
longitudinal increases in functional network
segregation (panel c). The scatter plot in panel
(b) describes the linear relationship between
the predicted values of the two variates across
all test CCAs and is based on standardised var
iables. The networks in panel (c) have been
visualised with the Conncetome Workbench
(https://www.humanconnectome.org/soft
ware/connectome-workbench). AUD = audi
tory; CON = cingulo-opercular; CP = cinguloparietal; DMN = default mode; DAN = dorsal
attention; FPC = frontoparietal; RSP = retro
splenial/temporal; SM-H = somatomotor-hand;
SM-mouth = somatomotor mouth; SAL =
salience; VAN = ventral attention; VIS = visual.
LV = latent variable. WM = white matter.
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Fig. 4. The relationship of Time 1 ELA with Time 1 and Time 2 psychopathology. Correlation [panels a, c] and standardised coefficients [panels b, d] describing the
relationship between the observed variables and the predicted value of their corresponding canonical variate (“profile”) across all test CCAs. The scatter plots in panel
(e) and (f) describe the linear relationship between the predicted values of the two variates (“profiles”) across all test CCAs and are based on standardised variables.
ELA = early life adversity. AnxDep = Anxiety/Depression. Withd = Social Withdrawal. Somatic = Somatic Complaints.

Fig. 5. Results of the behavioural-PLS analysis linking baseline ELA/concurrent psychopathology to the BOLDsv/WM microstructure variables (panel a). Panel (a)
shows the correlations between the LV brain scores and the ELA-Psychopathology variate scores (previously estimated with CCA, as described in the main text). Error
bars are the 95% CIs from the bootstrap procedure. CIs that do not include zero reflect robust correlations between the respective behavioural variable and the brain
score in a given condition across all participants. Panel (b) depicts the Destrieux ROIs with robust loadings on the LV in panel (a) and visualised with the Freesurfer
Surface (https://chrisadamsonmcri.github.io/freesurfer_statsurf_display). In the brain figure in panel (b), absolute BSR values lower than 4 have been set to zero.
Panels (c) and (d) depict the brain-relevant GO enrichment terms, which are associated with upregulated genes likely to impact the Time 1 (panel c) and Time 2
(panel d) ELA/Psychopathology brain profile (i.e., PLS-derived brain LV) ( panel a). ELA = early life adversity. LV = latent variable. GO = gene ontology. WM =
white matter.
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psychopathology-linked brain LV (i.e., ROI-specific weights) and gene
expression in each of the 72 left hemisphere ROIs from the Destrieux
ROIs. There emerged one gene expression profile which was signifi
cantly linked to the neurodevelopmental patterns associated with
baseline ELA and Time 1/Time 2 psychopathology (r = 0.50, 95% CI =
[.50;0.67], permutation-based p = 0.012). The transcriptional signature
relevant to greater Time 1 BOLDSV in response to threat and greater LD/
RD at both time points was enriched in genes relevant to anatomical
axonal
ensheathment
structure
development
(p = 4 × 10-8),
(p = 6 × 10-8), myelination (p = 2 × 10-7), angiogenesis (p = 4 × 10-8),
cell differentiation (p = 8 × 10-6) and regulation of intracellular signal
transduction (p = 5 × 10-6). Complementarily, the transcriptional pro
file linked to dampened RS BOLDSV at Time 2 was enriched in genes
relevant to respiratory electron transport chain (p = 10-15),
mitochondria-related processes (ps from 10-12 to 10-6), generation of
precursor metabolites and energy (p = 10-11), and cellular nitrogen
compound biosynthetic process (p = 10-6) (see Fig. 5-c, d for word
clouds representing the biological processes most associated with these
transcriptional profiles, as well as Supplemental Materials for a com
plete list of GO terms).
2.2.2.2. Accelerated biological aging and departures from typical neu
rodevelopmental patterns are independent mediators of ELA effects on
averaged Time 1/Time 2 psychopathology risk. Finally, we turned to our
core question of whether (earlier) pubertal timing and departures from
typical neurodevelopmental patterns mediated the impact of baseline
ELA on persistent psychopathology risk. Consistent with their afore
mentioned high correlation and similar associations with baseline ELA,
the average of the CCA-derived Time 1 and Time 2 profiles was regarded
as an index of persistent psychopathology (see Fig. 4-e, f).
ELA effects on developmental speed.
CCA. The results of ten discovery CCAs yielded one mode that was
validated across all test folds (rdiscovery from.15 to.16, all ps = 10-5, rtest
=0.09, p = 0.0001, see Fig. 6). This mode indicated that the Time 1
ELA/averaged cross-temporal psychopathology profile was associated
with reduced Time 2 resting state (RS), but heightened Time 1 threatevoked BOLDsv, as well as delayed sensory/perceptual (SM-M, VIS),
but accelerated control (FPC, SAL), memory (RSP), external attention
(VAN), environmental vigilance (CON, CP), and auditory network
segregation (see Fig. 6-a).
Mediation analysis. To probe the mediating role of pubertal timing
and alterations in typical neurodevelopment, we specified the path
model depicted in Fig. 7 as the statistical equivalent of the conceptual
model depicted in Fig. 1(i.e., Hayes’ Model 6). To account for the effect
of Time 2 ELAs, the corresponding family conflict, neighbourhood crime

and perceived parental inattentiveness scores were regressed out from
the average psychopathology profile score.
The results of this analysis did not support our predicted serial
mediation model (cf. Fig. 1), but instead provided evidence for parallel
mediation of Time 1 ELA on persistent psychopathology via pubertal
timing, IE1 = 0.007, SE = 0.003, 95% CI = [0.001;0.014] and departure
from typical neurodevelopmental patterns, IE2 = 0.005, SE = 0.003,
95% CI = [.0004;0.010] (see Fig. 7). Of note, the two indirect effects
were not statistically different from one another, C1 (IE1 – IE2) = 0.002,
SE = 0.004, 95% CI = [− 0.006;0.010]. However, both mediational
pathways were significantly stronger than our hypothesised serial
mediation path, C2 (IE1 – IE3) = 0.007, SE = 0.003, 95% CI =
[0.001;0.014] (pubertal timing indirect effect) and C3 (IE2–IE3) =
0.005, SE = 0.003, 95% CI = [0.0004;0.011] (indirect effect of neuro
development). Finally, there was also evidence of a direct effect of Time
1 ELA on persistent psychopathology risk, DE = 0.144, SE = 0.031, 95%
CI = [.083;0.204], which was left unexplained by the variables herein
scrutinised.
3. Discussion
Extending prior reports on the distinguishable effects of threatversus deprivation-based ELAs on biological aging and neurostructural
maturation (Colich et al., 2020a, 2020b), we provide novel evidence on
the strong impact of family conflict, a proximal and (typically) enduring
social interaction-based form of threat (Chen et al., 2017), on pubertal
timing and functional brain development. Specifically, we demonstrate
that psychopathology risk linked primarily to high conflict family en
vironments is independently associated with earlier pubertal onset and
functional neurodevelopmental alterations most relevant to threat and
cognitive control/attentional processes. Although driven by family
conflict, the aforementioned pattern was compounded by the presence
of material deprivation. As such, it was consonant with theoretical
models (Cummings and Miller-Graff, 2015; McLaughlin & Sheridan,
2016) and previous reports linking more distal material hardship in
dicators (e.g., neighbourhood-related) to both poorer neurocognitive
functioning and accelerated development of threat-relevant fronto
limbic connectivity patterns (Ramphal et al., 2020; Vargas et al., 2020).
3.1. Concurrent correlates of social threat ELAs
Recent investigations underscore the distinct (social) threat-related
sequelae on neurostructural systems underpinning environmental
salience processing (Colich et al., 2020a, 2020b; Miskolczi et al., 2019;
Thijssen et al., 2020; Tyborowska et al., 2018). Accordingly, we report a
Fig. 6. The relationship of baseline ELA and
psychopathology with the profile of functional
neurodevelopmental alterations. The left-toright organisation of the brain variables in
panel (a) reflects the magnitude of their loading
on the CCA brain variate (i.e., “Brain Profile”)
from the variable with the highest absolute
value negative loading (“Rest”) to the variable
with the highest absolute value positive loading
(“Fear”). The scatter plot in panel (b) describes
the linear relationship between the predicted
values of the two variates (i.e., Brain Profile and
ELA/Psychopathology Profile) across all test
CCAs. The networks in panel (a) have been
visualised with the Connectome Workbench
(https://www.humanconnectome.org/soft
ware/connectome-workbench). ELA = early life
adversity.
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Fig. 7. Mediational model linking baseline ELA to average Time 1/Time 2 psychopathology via pubertal timing and neurodevelopmental alterations. ELA = early
life adversity.

link between ongoing exposure to family conflict and greater brain-wide
BOLDSV in response to fearful faces at Time 1, suggestive of accelerated
development of threat processing systems. However, unlike studies
documenting the protective role of accelerated frontolimbic develop
ment in response to threat exposure (Chahal et al., 2021; Miller et al.,
2020), we find that our observed ELA-linked brain profile is a risk factor
for psychopathology. The divergence in findings may reflect methodo
logical differences in how functional neurodevelopment was oper
ationalized. Relatedly, the two operationalizations (i.e., connectivity- vs
BOLDsv-based) could capture distinct aspects of threat processing
varying in their adaptiveness (cf. Mirman et al., 2021; Suzuki et al.,
2015). Alternatively/additionally, the protective role of accelerated
neurodevelopment may hinge on multilevel interactions among func
tional and structural brain factors. Indeed, the transcriptional signature
associated with the ELA brain profile at Time 1 was enriched in myeli
nation, axonal development and angiogenesis genes. Thus, explicit
modelling of cardiovascular variables coupled with use of higher
regional specificity WM microstructure indices and a wider range of
functional measures may be critical to understanding the conditions
under which accelerated maturation may be beneficial versus detri
mental (Bechler et al., 2018; Millán et al., 2018).

profile, which was enriched in dopamine and attentional
disorders-relevant genes (cellular nitrogen compound biosynthetic
process, Thapar et al., 2016).
3.2.2. Functional network segregation. Consistent with prior in
vestigations assessing income-based ELAs in adolescence and adulthood
(Chan et al., 2018; Tooley et al., 2020), family conflict-linked psycho
pathology risk was associated with accelerated functional segregation of
networks with protracted development, which are most vulnerable to
the premature closure of neural plasticity windows triggered by ELA
(Callaghan and Tottenham, 2016; Grayson and Fair, 2017; Miskolczi
et al., 2019). Thus, most affected were networks relevant to cognitive
control (FPC), environmental vigilance and adaptability (CON, SAL),
navigational and episodic memory (RSP) and external attention pro
cesses (VAN) (Corbetta & Shulman, 2002; Dosenbach et al., 2007;
Duncan et al., 2020; Murray et al., 2017). While ELA-triggered closure of
neural plasticity windows has been linked to earlier pubertal hormone
rise (Laube et al., 2020), in our study, pubertal timing and neuro
developmental alterations independently mediated the impact of ELA on
psychopathology, implying that distinct mechanisms could be at play.
Thus, finer tuned investigations explicitly modelling the impact of pu
bertal hormone levels on functional and structural neurodevelopment
are certainly warranted.
More broadly, because our ELA measures assessed relatively stable
environmental characteristics, our documented effect of family conflict
on accelerated functional network segregation is compatible with recent
neurodevelopmental models that posit a link between repetitive nega
tive experiences and accelerated functional specialisation (i.e., earlier
declining neural plasticity) (Tooley et al., 2021). Such associations
presumably reflect the increase in glucocorticoid levels and inflamma
tory processes evoked by chronic adverse experiences, which unleash
global aging processes. Expanding this reasoning, our results imply that
it is enduring, immediate (i.e, close social interaction-based) negative
experiences that impact allostatic load the most (Cummings &
Miller-Graf, 2015).
It is worth pointing out that ELA/Psychopathology profiles were
most strongly linked to functional neurodevelopment rate, thereby
raising the possibility that they indirectly reduced the coupling of
structural and functional development herein documented. Previous
reports underscored the beneficial effects of coupled developmental
changes in structure and function, particularly for brain regions relevant
to cognitive control functions (Baum et al., 2020). Consequently, a
question for future research is to elucidate the relative contribution of
accelerated/delayed functional maturation versus uncoupling of
structural-functional development to the adverse effects of ELA, as well
as uncover their potentially dissociable transcriptional signatures.

3.2. Delayed consequences of social threat ELAs
3.2.1. BOLDsv. Extant literature underscores the distinguishable im
mediate versus delayed sequelae of ELA (Graham et al., 2021). For
instance, studies of prenatal adversity effects on early postnatal devel
opment suggest that ELA-linked departures from typical development
may be best captured by alternating patterns of delayed and accelerated
maturation, some of which may constitute adaptive responses to the
immediate environmental challenges (Ramirez et al., 2020; Rasmussen
et al., 2019). Similarly, comparisons of very early life and concurrent
social threat-based ELAs in adolescence highlight their opposing effects
on structural neurodevelopmental pace (i.e., accelerated vs delayed,
Tyborowska et al., 2018). Accordingly, we found that high family con
flict exposure was linked to concurrent markers of accelerated threat
processing maturation (i.e., greater threat-evoked BOLDSV at Time 1),
but longer term indices of delayed functional neurodevelopment re
flected in dampened brain-wide RS BOLDsv at Time 2. RS BOLDsv pro
files have been linked to optimal neurocognitive resource allocation
during task performance and flexible engagement with the external
perceptual environment (Fox et al., 2007; Mennes et al., 2011; Zou et al.,
2013). These findings thus imply that social threat-based ELAs may
incur a pattern of concurrent affective, but protracted cognitive neuro
developmental alterations. This reasoning is compatible with the tran
scriptional signature of the Time 2 ELA-linked neurodevelopmental
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3.3. Typical profiles of functional and structural neurodevelopment
To our knowledge, only a handful of studies documented a robust
link between BOLDsv and WM microstructure (Burzynska et al., 2015;
Easson and McIntosh, 2019; Wang et al., 2021). Extending this research,
we provide regionally specific evidence that maturational increases in
FA are associated with corresponding widespread RS and task-related
increases (rest, cf. Easson & McIntosh, 2019), but also task-related de
creases in BOLDsv, particularly in areas linked to externally oriented
processing (Garrett et al., 2020; Grady and Garrett, 2018). Our inves
tigation thus extends prior evidence of developmental increments in FA,
presumably indicative of greater refinement in axonal structure and
higher myelination (Vettel et al., 2017; Lebel and Deoni, 2018), by
demonstrating that such structural changes supportive of increasingly
directional neuronal communication accompany increasingly robust
mental process-specific neural responses. Furthermore, we show that
this rising functional specialisation is yoked to increments in intrinsic
(task-free) functional network segregation, consistent with the argu
ment that the latter reflects a history of task-related co-activation
(Gabard-Durnam et al., 2016; Geng et al., 2021; Wig et al., 2011).
Complementarily, regionally specific developmental decrements in FA,
potentially suggestive of less directionally coherent and more complex
fibre configurations (Huber et al., 2019) are associated with matura
tional increases in BOLDsv during task, possibility indicative of more
flexible responses to the environment. Accordingly, we show that these
yoked changes in BOLD signal stabilisation and WM microstructure are
associated with transcriptional profiles enriched in genes relevant to
synaptic processes, responses to the external environment and
anatomical structure morphogenesis.

and, thus, unfortunately, a reduction in the racial/ethnic diversity of the
ABCD sample. Although we verified that our ELA-psychopathology
findings were replicated in these eliminated participants (Fig. S6), it is
possible that our present findings are most relevant to Caucasian in
dividuals (see Simons et al., 2017 for a discussion of the inherent con
straints to generality associated with any research). Further
investigation is thus needed into potential links between participants’
neuroimaging data quality and sociodemographic variables, including
racial/ethinic background and ELA. Seventh, we used gene expression
data from six postmortem adult brains (mean age = 43 years) provided
by the Allen Institute of Brain Science because, to our knowledge, this
constituted the most comprehensive resource available. The same
approach and gene dataset have been used before to investigate the
transcriptional profiles associated with adolescent structural neuro
development (Ball et al., 2020; Park et al., 2021; Whitaker et al., 2016).
This approach is defensible because most age-related transcriptional
differences reportedly occur in the prenatal to infancy/early childhood
period (~up to 6 years of age) (Kang et al., 2011). Furthermore, any
such differences would have likely hindered our ability to find mean
ingful associations between the neuroimaging and gene expression data.
Nonetheless, availability of comprehensive transcriptomic datasets
covering childhood and adolescence would increase the sensitivity of
neuroimaging-transcriptomics associations. Eighth, genetic susceptibil
ity to earlier maturation moderates the impact of ELA on biological
aging (Sun et al., 2020). Relatedly, biological aging rate, as indexed by
pubertal timing, varies across different racial groups. Moreover, for
children living with their biological parents, shared genetic influences
may inflate estimates of family environment effects (Harold and Sellers,
2018; Harold et al., 2013; Horwitz et al., 2010). Thus, future studies
using polygenic risk measures of developmental pace in ethnically/r
acially diverse samples of biological and adoptive families, potentially,
within a twin design, could characterise gene-environment interactions
that modulate the impact of ELA.

3.4. Limitations and future directions
First, we only had access to data from two time points. Multiple data
waves would facilitate implementation of more stringent mediation
analyses that could avoid the methodological and interpretive diffi
culties associated with concurrent predictor and mediator variables
(Bullock et al., 2010). They would also allow use of growth curve
analysis to characterise both homogenous and heterogenous neural and
pubertal developmental trajectories, potentially, unveiling intricate
patterns of ELA-induced maturational slowdown and acceleration
(Becht and Mills, 2020; Mills et al., 2021; Ramirez et al., 2020; Ras
mussen et al., 2019). Access to multiple data points would thus enable
more in-depth investigation of the quantitatively modest, yet robust (see
Fig. S5) neural mediational pathway herein documented, which could
have substantive implications for identifying at-risk individuals (see
Kelley and Preacher, 2012, for a discussion of quantitative versus
pragmatically relevant effect sizes, as well as Preacher and Kelley, 2011,
for difficulties in deciding on an effect size threshold for mediation an
alyses). Second, we used only parent reports of youth psychopathology
because clinical evaluation of youth experiences showed limited vari
ability and substantial missing data. Thus, future research incorporating
data from additional raters (e.g., youth, peers, teachers) and modalities
(e.g., behavioural observation, diary) would shed further light on the
effects herein documented. Third, future studies assessing a wider range
of threats (beyond family conflict and neighbourhood crime) are needed
to elucidate the shared and unique mechanisms through which different
forms of violence impact neurodevelopment. Fourth, sampling of a
wider task range, including naturalistic paradigms (e.g., movie watch
ing), and use of multiple brain atlases and techniques to estimate
functional and structural connectivity (Bijsterbosch et al., 2020;
Edwards et al., 2017; Eickhoff et al., 2018) would provide important
insights into the boundary conditions of the effects herein reported.
Fifth, future investigations combining hormonal measures with self,
parental or physician indices of pubertal development (e.g., Herting
et al., 2021) could determine the mechanisms underlying the impact of
ELA on pubertal and brain development. Sixth, our focus on coupled
structural-functional developmental alterations led to the elimination of
participants with poor quality data in any of the scrutinitised modalities,

4. Conclusions
Our results underscore the potent contribution of family conflict to
concurrent and temporally distal pychopathology (i.e., behavioural
dysregulation, attentional problems). Importantly, they also suggest that
these ELA-psychopathology links are mediated by parallel mechanisms
involving earlier pubertal maturation and a mix of accelerated and
delayed functional neurodevelopmental patterns. Given that accelerated
brain aging is a key marker of adult psychopathology (e.g., Kuo et al.,
2020), a priority for future longitudinal studies would be to characterise
the link between developmental/aging speed and psychopathology
across various ELAs and life stages.
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