Behavior Genetics (2022) 52:75-91
https://doi.org/10.1007/510519-021-10092-6

ORIGINAL RESEARCH q

Check for
updates

Associations Between Traumatic Stress, Brain Volumes
and Post-traumatic Stress Disorder Symptoms in Children: Data
from the ABCD Study

Daniel Bustamante'2® . Ananda B. Amstadter’ - Joshua N. Pritikin'3 - Timothy R. Brick* - Michael C. Neale'?

Received: 3 February 2021 / Accepted: 7 November 2021 / Published online: 3 December 2021
© The Author(s) 2021

Abstract

Reduced volumes in brain regions of interest (ROIs), primarily from adult samples, are associated with posttraumatic stress
disorder (PTSD). We extended this work to children using data from the Adolescent Brain Cognitive Development (ABCD)
Study® (N=11,848; Mage= 9.92). Structural equation modeling and an elastic-net (EN) machine-learning approach were
used to identify potential effects of traumatic events (TEs) on PTSD symptoms (PTSDsx) directly, and indirectly via the
volumes 300 subcortical and cortical ROIs. We then estimated the genetic and environmental variation in the phenotypes.
TEs were directly associated with PTSDsx (r=0.92) in children, but their indirect effects (r < 0.0004)—via the volumes of
EN-identified subcortical and cortical ROIs—were negligible at this age. Additive genetic factors explained a modest propor-
tion of the variance in TEs (23.4%) and PTSDsx (21.3%), and accounted for most of the variance of EN-identified volumes
of four of the five subcortical (52.4-61.8%) three of the nine cortical ROIs (46.4-53.3%) and cerebral white matter in the
left hemisphere (57.4%). Environmental factors explained most of the variance in TEs (C=61.6%, E=15.1%), PTSDsx
(residual-C =18.4%, residual-E=21.8%), right lateral ventricle (C=15.2%, E=43.1%) and six of the nine EN-identified
cortical ROIs (C=4.0-13.6%, E=56.7-74.8%). There is negligible evidence that the volumes of brain ROIs are associated
with the indirect effects of TEs on PTSDsx at this age. Overall, environmental factors accounted for more of the variation
in TEs and PTSDsx. Whereas additive genetic factors accounted for most of the variability in the volumes of a minority of
cortical and in most of subcortical ROIs.
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Introduction

Exposure to traumatic events (TEs) is common, with approx-
imately 80% of the US population having experienced at
least one during their lifetime (Breslau 2009). TEs are also
common during childhood (Farrugia et al. 2011) and are
54 Daniel Bustamante necessary but not sufficient risk factors for developing post-
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thereof (Cloitre et al. 2009). Subtypes of TEs include physi-
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trauma (IPT; e.g., sexual and physical assault; Forbes et al.
2012; Thege et al. 2017; Weaver and Clum 1995) compared
to experiencing accidental TEs (e.g., natural disasters, motor
vehicle accident) or witnessing them. Beyond type of trauma
experienced, neurobiological (Akiki et al. 2017; Cross et al.
2017; Herringa 2017) and genetic factors (Nievergelt et al.
2019; Nugent et al. 2008; Sheerin et al. 2017) are also asso-
ciated with risk of PTSD.

Volumes of subcortical regions of interest (ROIs) such as
the hippocampus, amygdala and caudate nucleus (Hanson
et al. 2015; Herringa et al. 2012; Logue et al. 2018), and of
cortical ROISs such as the prefrontal cortex, caudal anterior
cingulate, insula, and ventromedial prefrontal cortex (Chao
et al. 2013; De Bellis et al. 2002; Morey et al. 2016) have
been associated with increased risk for PTSD. However,
studies distinguishing the direction of causation between
experienced TEs and variation of volume in ROIs, and
between the latter and PTSDsx, have found varied results
and have mostly focused on the hippocampus (Gilbertson
et al. 2002; Karl et al. 2006; Smith 2005). Genetic and neu-
robiological risk factors underly the complex etiology of
PTSD. Investigative approaches that model both unidirec-
tional and reciprocal influences among its components can
help to deepen the understanding of this complex etiology,
and at early stages of life (e.g., childhood). Few studies have
jointly collected data on structural magnetic resonance imag-
ing (MRI; sMRI) and TEs or PTSD (Aupperle et al. 2012;
De Bellis et al. 2001; Heyn et al. 2019; Papagni et al. 2011).
Studies have largely used a hypothesis-driven approach in
selecting ROIs for analysis. Moreover, most have exam-
ined adults’ retrospective reports of their childhood trauma
(Admon et al. 2013; Chao et al. 2014; Shin et al. 2006),
with a few neuroimaging studies assessing children (Her-
ringa 2017; Keding and Herringa 2015; Lupien et al. 2011).
The present study extends the literature by proposing an
agnostic analytical framework for assessing: (i) the direct
effects of TEs on PTSDsx; and (ii) the indirect effects of TEs
on PTSDsx via the volumes of brain ROIs. These analyses
are applied to the Adolescent Brain Cognitive Development
(ABCD) Study® data from children at baseline, and have
potential for future investigations as data for new time points
are released.

Both genetic and environmental factors are associated
with the etiology and development of PTSD. The pheno-
typic variance can be partitioned in additive genetic, shared-
and unique-environmental factors under the classical twin
design, modeling data from monozygotic and dizygotic
twin pairs (Neale and Cardon 1992). Twin studies have esti-
mated that TEs and PTSD are moderately heritable (53%
and 38-49% respectively; Amstadter et al. 2012; Stein et al.
2002; Wolf et al. 2018), with approximately 33% of the
variance in TEs and 51% in PTSD accounted for by unique-
environmental factors (Wolf et al. 2018). Furthermore,
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several studies have estimated that genetic factors influence
0.28-0.90 of the total variance of subcortical brain volumes
(Christova et al. 2021; Schmitt et al. 2007) and substruc-
tures (Patel et al. 2017; Whelan et al. 2016). Cortical volume
heritability estimates (2-75%) tend to be lower than those
of subcortical volumes (Christova et al. 2021; Patel et al.
2018). More studies examining the heritability of volume
in brain ROIs and PTSD development, and the contribu-
tions to these phenotypes from environmental factors during
childhood and adolescence are needed. Efforts from large
consortia (e.g., The Enhancing Neuro Imaging Genetics
through Meta-Analysis, ENIGMA Consortium; Thompson
et al. 2020) are approaching the subject. However, while
using twin and single nucleotide polymorphisms (SNPs)
data, the focus of consortia studies remain on adult samples
(Brainstorm Consortium 2018; Hibar et al. 2015; Lee et al.
2016; Thompson et al. 2020; Whelan et al. 2016), and on
brain volumes and PTSD separately with a few exceptions
(e.g., Logue et al. 2018; van der Merwe et al. 2019).

The first aim of this study is to assess the direct effects of
TEs on PTSDsx, and indirectly through the volumes of 300
brain ROIs (see Supplementary Information la and 1b for
the variables’ names under subcortical and cortical datasets,
respectively) in children. Hypothesis 1 is that, in children
9-11 years of age, the number of TEs directly increases the
likelihood for developing a greater number of PTSDsx. Sec-
ond, Hypothesis 2, is that TEs indirectly affect PTSDsx via
the volume of subcortical and cortical ROIs. The second aim
is to estimate the genetic and environmental influences on
these phenotypes. Hypothesis 3 is that additive genetic fac-
tors account for more variation in the volumes of these brain
ROISs than in TEs and PTSDsx. A corollary of Hypothesis 3
is that shared- and unique-environmental factors explain a
higher proportion of the phenotypic variability in TEs and
PTSDsx than of the ROIs volumes. Although not specifically
an aim, variance components estimates of TEs, PTSDsx and
EN-selected ROIs obtained from the full sample fit will be
contrasted with those from the twin sample fit to potentially
aid with interpretation of results.

Method
Sample, recruitment, and assessments
Sample

Participants (N=11,848, mean-age=9.92 [+/—0.62]) and
assessments came from the ABCD Study®. The ABCD
Study® is a longitudinal assessment of brain develop-
ment and health of children in the US, consisting of 21
sites across the four major regions in the country (North-
east, South, Midwest and West; Dick et al. 2021; Iacono
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et al. 2018; Volkow et al. 2018). The sample is diverse in
terms of sex (F=47.86%, M =52.14%) and race/ethnicity
(White=52.07%, African-American=15.00%, Hispanic or
Latino =20.30%, Asian=2.13%, and All-Other =10.50%).
Sex at birth and race/ethnicity were reported by the par-
ent via the ABCD demographic survey. The distributions
of these variables match the sociodemographic variation
in the US present in the American Community Survey.
The full sample includes unrelated participants (N=28753,
mean-age =9.88 [+/—0.61], F=47.22%, M =52.78%,
White =49.37%, African-American=15.22%, Hispanic or
Latino =22.46%, Asian=2.53%, and All-Other=10.43%),
siblings (N = 1585, mean-age =9.87 [+/—-0.73],
F=49.53%, M=50.47%, White =51.45%, African-Ameri-
can=15.09%, Hispanic or Latino=19.76%, Asian=2.15%,
and All-Other=11.56%) and same-sex monozygotic (MZ)
and dizygotic (DZ) twin pairs. Zygosity was determined by
identity-by-descent using pi-hat values (MZ=0.89-1.00,
DZ=0.40-0.60). The analyses based on the twin sample
(twinN= 1510, N-MZ =660, N-DZ =850, mean-age =10.13
[+/—0.55], F=49.48%, M =50.52%, White =66.12%,
African-American=13.89%, Hispanic or Latino=10.34%,
Asian=0.17%, and All-Other=9.47%) include complete
same-sex twin pairs from the four ABCD Study® twin-hub
sites (University of Colorado Boulder; University of Min-
nesota, Minneapolis; Virginia Commonwealth University,
Richmond; Washington University, St. Louis, Missouri)
only. The framework proposed in this study uses the ABCD
baseline data, and is part of a larger project of our group
that will implement longitudinal modeling as the subsequent
ABCD data releases become available.

Recruitment

Probability sampling, mailing lists, referrals, and summer
recruitment were used to contacting eligible families. Chil-
dren and their parents were contacted via the schools proxi-
mal to each of the 21 ABCD Study® sites. Recruitment of
twin pairs was conducted using twin birth registries from
States of each twin-hub site, partially differing from the
recruitment of singletons at each site (for more details, see
Tacono et al. 2018).

Assessments

The baseline data release includes over 60,000 variables of
mental health, substance use, neurocognition, brain imag-
ing, genomic and environmental measures. Lifetime his-
tory of TEs (the exposure variable) and current PTSDsx
(the outcome variable, based on the previous 12 months;
Barch et al. 2018) from children 9 to 11 years of age, were
measured using the Kiddie Schedule for Affective Disor-
ders and Schizophrenia Parent Diagnostic Interview for The

Diagnostic and Statistical Manual of Mental Disorders, Fifth
Edition (DSM-5; KSADS-5; American Psychiatric Asso-
ciation 2013). The KSADS-5 had good to excellent Kappa
coefficients (Cohen 1960), and the concurrence of diagnostic
categories between the computer self-administered and the
paper—pencil clinician-administered versions ranged from 88
to 96% (Barch et al. 2018). The TEs variable was based on
17 binary items comprising the DSM-5 PTSD criterion A.
The PTSDsx variable included these items under criterion
A, in addition to 22 binary items corresponding to the other
DSM-5 PTSD diagnosis criteria. Exclusion criteria: PTSD
diagnosis presupposes the exposure to at least one TE as
a necessary criterion. Therefore, participants who did not
endorse at least one TE (7359 at baseline; 61.95%) were
coded as missing in the PTSDsx variable without omitting
these participants, whose TEs and volumes of brain ROIs
data were retained in the analysis.

Structural MRI volume variables

These variables were 42 and 258 continuous measures of
volume of ROIs in mm?® from the subcortical and cortical
sets, respectively (Hagler Jr et al. 2019). Variables of vol-
umes of cortical ROIs were based on Desikan (Desikan et al.
2006), Destrieux (Destrieux et al. 2010) and Fuzzy-clusters
(Chen et al. 2012) parcellations ROIs. The three cortical
parcellations include ROI segmentations of the cortex,
and including the three parcellations in analyses may seem
unnecessary at first glance. However, including all the avail-
able variables from these parcellations for selection via a
machine learning approach such as regularization (see Regu-
larization section) can ensure a comprehensive and diverse
perspective considering the complex cortical architecture
(e.g., prediction from genetically-derived [Fuzzy-clusters]
versus gyral-based [Desikan] and sulcal- and gyral-based
[Destrieux] anatomically-derived cortical ROIs). Further-
more, the Destrieux ROIs tend to be generally smaller than
several of the Desikan and Fuzzy-clusters ROIs. In addi-
tion to gyral-based ROIs, including variables of small sul-
cal-based ROIs can help to enhance precision, especially
considering that a substantial proportion of the cortical
surface is sulcal. Neuroimaging data including 3D T1- and
T2-weighted images were collected using Siemens Prisma,
General Electric 750 and Phillips scanners with 3-Tesla sys-
tems. The ABCD Study® Data Analysis and Informatics
Center (DAIC) implemented a quality control (QC) pipeline
for MRI measures before and after processing the images.
The DAIC processes, curates and shares the data using
automated (e.g., signal-to-noise ratio), manual procedures
(e.g., visual assessment of artifacts), and both approaches
(e.g., automated feedback between workstations and staff;
for more QC pipeline details, see Hagler Jr et al. 2019).
Traveling quality assurance personnel receive the full test
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battery and MRI scans annually at each ABCD Study® site
to harmonize the assessments. Brain volume sMRI variables
(300) with datapoints below acceptable QC scores (6.8% of
datapoint with scores < 600, based on the number of frames
with framewise displacement < 0.2 mm during MRI scans;
Dosenbach et al. 2017; Hagler Jr et al. 2019) were excluded
from these analyses, coding them as missing. Data based on
the other measures of the same subject were retained.

Statistical analyses
TEs, PTSDsx and brain-imaging variables determination

Full information item factor analysis was applied to investi-
gate the covariance structure of the 17 TEs and the 39 PTS-
Dsx binary items that correspond to DSM-5 PTSD diagno-
sis. Single-factor models best accounted for the covariance
structure of TEs (factor-loadings range =0.46—0.96) and
of PTSDsx (factor-loadings range =0.40-0.97), explain-
ing 57.9% and 68.5% of their variance, respectively. Item
response theory (IRT) models were fitted separately to the
TEs items, and PTSDsx data (see Supplementary Informa-
tion 2 Figs. S1, S2, S3, S4, S5, S6). All the TEs items only
reached 50% probability of responding positively when the
liability was greater than the population mean. The prob-
ability of responding ‘yes’ to an item may be modeled as a
sigmoidal curve, beginning at 0 for low values of liability,
and increasing asymptotically to unity. The point on this
curve where respondents have 50% probability of respond-
ing is known as its mean difficulty. A sum score of such
items often has a hemi-modal distribution with many per-
sons responding with zero symptoms. Fifteen TEs items had
a 50% probability to be endorsed at two standard deviations
(SDs) or more than the mean. Factor and IRT analyses sup-
ported the single-factor model for TEs data for children of
this age range. In adult samples, a two-factor system for TEs
is usually seen, where IPT is significantly associated with
PTSD, while non-IPT events are not (Luthra et al. 2009). All
the items corresponding to PTSDsx had 50% probability to
be endorsed above 1.8 SDs on the 0 axis. With the exception
of four out of 39 PTSDsx items, all had a 50% probability
to be endorsed at or above 3.9 SDs. Of the four items, one
was part of criterion A (i.e., TEs; SD=1.84) and the other
three were part of the remaining criteria for PTSD diag-
nosis (SDs=2.46-3.84). TEs and PTSDsx count variables
based on raw binary items were skewed, with 97.08% of
subjects endorsing from zero to two TEs (TEs range =0-17),
and 94.83% endorsing from zero to three PTSDsx (PTS-
Dsx range =0-20). Based on the full information item fac-
tor analysis and IRT models, one ordinal sum-score level
variable was created for TEs (0-2) and another for PTS-
Dsx (1-4). Unfortunately, treating the variables as ordinal
in a multilevel context such as the one in this study (see
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Phenotypic associations, and genetic and environmental
variance decomposition section) is impractical due to the
curse of dimensionality.

Past TEs and current PTSDsx sum-score level vari-
ables had the fixed effects of age, sex and race/ethnicity
removed by regression and these residuals were standard-
ized. TEs and PTSDsx resulted in quasi-continuous vari-
ables after this process (TEs: N=10,673, mean=0, SD=1,
median= — 0.6, min= — 1.04, max =2.68, skew=1.13,
kurtosis =0.07; PTSDsx: N=3794, mean=0, SD=1,
median= —0.59, min= — 1.28, max=3.43, skew=1.08,
kurtosis =0.53; see Supplementary Information 2, Figs. S7,
S8). Maximum likelihood estimation and structural equation
modeling (SEM), both used in this study, have shown that
issues may arise while working with non-normally distrib-
uted data when values of skewness and kurtosis approach
2 and 7, respectively (Finney and DiStefano 2006), which
it is not the case for the residualized and standardized TEs
and PTSDsx variables. Nevertheless, the TEs and PTSDsx
variables were also normalized in order to compare their
parameter estimates with those of non-normal data of the
same variables under the model proposed in this study. The
volume of brain ROIs variables had the fixed effects of age,
sex and race/ethnicity removed by regression as well, in
addition to the fixed effects of type of scanner for all brain
volume variables, total subcortical volume for subcortical
ROIs and total cortical volume for the cortical parcellations.
After the regression, the residuals from the brain volume
variables were also standardized. Outlier datapoints surpass-
ing+/—4 SDs were coded as missing, subjects and their
data from the other measures remained. The brain volumet-
ric variables (N=10,956 to 11,065) were continuous and
resulted in 46.33% normally distributed (19 of the 42 sub-
cortical, D=0.006-0.013, p>0.05; 120 of the 258 cortical,
D=0.004-0.013, p> 0.05; where a p <0.05 indicates that a
variable differs from a normal distribution under the Kol-
mogorov—Smirnov test Massey Jr 1951) with the remain-
ing variables showing small departures from normality (see
Supplementary Information 1c and 1d). Maximum likeli-
hood estimation is generally robust to cases with these small
departures (Benson and Fleishman 1994). All the volumetric
brain-imaging phenotypes were included for variable-selec-
tion under an agnostic view, via regularization.

Regularization

Regularization methods integrate mathematical, statistical
and machine learning processes to prevent model overfitting,
to find an equilibrium in reducing variance without signifi-
cantly increasing bias, and to select variables while favor-
ing parsimony (Zou and Hastie 2005). Due to the numer-
ous brain variables of volume in this study, regularization
methods are well suited for selecting the most influential
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variables in this model while preventing overfitting. These
methods are useful to process and learn from data that oth-
erwise would be time and resource consuming or difficult
to compute using explicit algorithms. The program or fitted
model learns from the data and its experience, with the goal
of improving its predictive performance in a task (Goodfel-
low et al. 2016; Mitchell 1997) rather than from explicit
rules. Machine learning methods, and pertinent to this study,
regularization, provide an agnostic approach to fitting mod-
els containing many variables.

Regularization techniques based on methods such as
Ridge regression (Hoerl and Kennard 1970) and the least
absolute shrinkage and selection operator (LASSO; Tibshi-
rani 1996) add a penalty parameter A to the penalty term
(L* parameter norm penalty for Ridge regularization, and
L' for LASSO) of the function in linear models to shrink
the coefficients. As A increases, the level of shrinkage of the
coefficients increases. Of these two methods, LASSO is the
only one able to shrink coefficients to zero, making possi-
ble to also select variables and produce sparse models. The
penalty term of the function for the Ridge estimates includes
the magnitude of the squared coefficients (Hastie et al. 2009)
and reducing the residual sum of squares:

o
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whereas in LASSO (method penalizing the least squares),

the absolute magnitude of the coefficients is used in the pen-
alty term (Hastie et al. 2009)
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Another regularization method is the elastic net (EN). EN
favors sparse models by shrinking coefficients (albeit, not
necessarily to zero) and allows for variable selection similar
to LASSO. Nevertheless, EN can detect coefficients product
of correlated variables allowing grouping effects, selecting
or eliminating them, and preventing extreme shrinkage of
correlated coefficients that did not reach the highest estimate
in their group (Zou and Hastie 2005). In addition to A, EN
includes a tuning parameter o in the penalty term,

p
Y, (oB?) + (1 -a)p. 3)
=1

setting EN as a hybrid between Ridge («=0) and LASSO
(x=1) regularization (Zou and Hastie 2005).

Due to the large number of brain phenotypes (300) in this
study, cross-validation via k-fold subsampling (k= 10) using
glmnet (Friedman et al. 2010), a package of the statistical
programming language R (R Core Team 2019), was used for
determining the a and A parameters. Variables of the sub-
cortical and cortical sets were fitted separately during cross-
validation. A sequence of a values (between 0 and 1, with
0.05 increments) was created for these fits. The program
set a sequence of A values based on the data automatically
for each k-fold during cross-validation. If the proportion of
the null deviance explained does not change much across A
values, the program finishes and returns the minimum and
maximum A values. These two values restrict the fit between
the smallest mean squared error (MSE) and one standard
error from it, respectively. The A values obtained from each
cross-validation fit using different a values were inspected
and those with the smallest MSE range were selected. These
parameters were then used for fitting the models identifying
the variables of brain volumes best explaining their associa-
tions with the indirect effects of TEs on PTSDsx. EN-reg-
ularization and SEM were used for selecting parsimonious
models identifying the maximum number of brain-volume
variables explaining the data while maintaining low MSE.

Several of the variables in this study were moderately to
highly correlated (e.g., correlations of contralateral homo-
logue ROIs: genetic =0.75-0.99, phenotypic =0.33-0.97),
including some of the EN-identified brain ROIs, TEs and
PTSDsx (see the Appendix, Figs. Al, A2, A3, A4, A5, A6).
To account for potential bias from the non-independent cor-
related variables and for multiple testing, the eigenvalues of
the brain-imaging variables correlation matrices are used to
adjust the number of effective tests (Li and Ji 2005).

Phenotypic associations, and genetic and environmental
variance decomposition

We based our multilevel structural equation model on a
mediation model design, assessing the strength of the effects
of TEs on PTSDsx through a direct c-path, and an indirect
path (product of a- and b-path) via the neuroimaging pheno-
types (see Figs. 1, 2). We fitted two EN-regularized models
under this design: (i) subcortical ROIs using a minimum A
value of 0.0376, maximum A value of 0.2222, and o param-
eter of 0.80; and (ii) cortical ROIs of Destrieux parcellation
using a minimum A value of 0.1783, maximum A value of
0.97, and « parameter of 0.90; cortical Desikan and Fuzzy-
clusters parcellations ROIs using a minimum A value of
0.374, maximum A value of 0.97, and a parameter of 0.35.
The EN-selected brain ROIs were based on the highest
estimates of the indirect effect paths, and on the number of
variables restricted by the maximum MSE increase allowed.
The contributions of additive genetic (A), common- (C),
unique-environmental (E; including measurement error) and
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Fig. 1 Multilevel mediation
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Hemisphere, RH = Right Hemisphere. TEs variable is modeled as the predictor, PTSDsx variable as the outcome, and brain volume of
ROIs phenotypes are modeled in the indirect path (one phenotype per observed variable [denoted by a square]): i) one brain imaging
phenotype (via a path and b paths), and ii) two phenotypes of the same ROI (including their variance components correlations, via a
and b paths for the LH and RH). Levels are omitted for simplicity (see Fig. 2).

Fig.2 Multilevel variance
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example, A1 is modeled under the assumption that dizygotic twins share approximately 50% of their genetic material, and Ao
represents the proportion of the genetic material not shared by dizygotic twins.

data-collection site (S) influencing the liability for past TEs,
the volumes of EN-selected brain ROIs, and current PTS-
Dsx were also estimated. OpenMx (a free and open source
program for extended SEM; Neale et al. 2016; use version
2.19.6-31 for regularization functions) was used for fitting
these models. The saturated model included the four esti-
mated variance components (A, C, E and S) and means for
each variable, covariance among contralateral brain ROIs,
direct effect (c-path from TEs to PTSDsx, and reverse c-path
from PTSDsx to TEs), and indirect effects via the volumes of
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EN-selected brain ROIs (a- and b-path from TEs to PTSDsx,
and the reverse a- and b-path; see Fig. S9 on Supplemen-
tary Information 2). We then fitted three nested models con-
straining to zero: (i) the reverse direct c-path, (ii) the indirect
reverse a- and b-path only, and (iii) the reverse direct c-path,
and reverse indirect a- and b-path (leaving the unidirectional
direct and indirect paths from TEs to PTSDsx in the model).
Models were compared and selected based on their relative
goodness-of-fit using likelihood ratio tests. Fit and parsi-
mony were assessed using the twice-negative-log-likelihood
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(—2InL) statistic, and Akaike’s information criterion (AIC;
Akaike 1998), respectively. The AIC combines goodness of
fit based on —2InL estimates, with a penalty for less parsi-
monious models.

A variance components (A, C, E and S) model using
only the twin sample was fitted for TEs, PTSDsx and the
EN-selected brain volumes ROIs, in order to compare the
parameter estimates with those from the full sample.

Results

The analyses assessed the direct effects of TEs on PTSDsx,
their indirect effects via the volumes of brain ROIs, and the
genetic and environmental variation of these phenotypes.

Cross-validation via EN-regularization and data
reduction

The range of A values (subcortical=0.0376-0.2222, corti-
cal=0.1783-0.97) that restricted the fit within one stand-
ard error (SE) of maximum increase of MSE, identified five
subcortical, one global, and nine cortical volumetric ROIs
potentially associating with the indirect effects of TEs on
PTSDsx. Gray matter volume, the left hemisphere (LH) of
the cerebellar cortex, and the right lateral ventricle (all sub-
cortical ROIs) were negatively associated with both TEs and
PTSDsx. The left and right caudate nuclei (also subcortical
ROIs) and cerebral white matter (WM) volume in the LH
were positively associated with both TEs and PTSDsx. The
supramarginal gyrus of the inferior parietal lobe in the LH,
anterior transverse collateral sulcus in the LH, and the infe-
rior temporal sulcus in the right hemisphere (RH; all cortical
ROIs) were negatively associated with both TEs and PTS-
Dsx. The anteromedial temporal, and dorsomedial frontal
cortices (also cortical ROIs), both in the RH, were positively
associated with TEs and negatively associated with PTSDsx.
The medial-orbitofrontal cortex, the anterior part of the cin-
gulate gyrus and sulcus, and the subcallosal gyrus, all in the

LH, and the occipital lobe in the RH (all cortical ROIs) were
positively associated with both TEs and PTSDsx.

Goodness of fit, parsimony and model selection

Consistently across subcortical and cortical fits, the models
with more parameters than the bidirectional c-path model
[biDir; with unidirectional (uniDir) paths from TEs to PTS-
Dsx directly and indirectly via the volumes of brain ROIs,
and from PTSDsx to TEs] did not reach a solution, or the
estimates SEs were large. The uniDir-reversed cortical
model (with unidirectional paths from PTSDsx to TEs, and
indirectly via the volumes of brain ROIs) reached a solu-
tion; however, some of the estimates and SEs were nota-
bly large. The uniDir model, estimating (i) direct c-, and
indirect a- and b-paths from TEs to PTSDsx via the vol-
umes of EN-selected brain ROIs, and (ii) additive-genetic,
shared-, unique-environmental and site factors influencing
the phenotypes, showed the most parsimonious fit to the
data in the subcortical and cortical models. We compared
the uniDir model to the more complex biDir c-path model
separately for the subcortical and cortical fits. In both
cases, the uniDir model was selected via likelihood ratio
tests. Although the biDir subcortical model fitted better
than the uniDir, the latter was more parsimonious without
significantly worsening the fit (biDir: —2/nL =198,018.06,
AIC =42,126.06; uniDir: — 2/nL =198,018.37,
AIC=42,124.37, A;(z(l) =0.303; see Table 1). The cortical
biDir and uniDir models fit the data equally well. However,
the uniDir cortical model was selected due to its greater
parsimony (biDir: — 2InL. =309,610.2, AIC=87,564.197;
uniDir: - 2InL =309,610.2, AIC=187,562.197,
Ay’ (1)=2.84%x107%; see Table 1).

Direct effects of TEs on PTSDsx and their indirect
effects via the volumes of brain ROIls

The direct effect (c-path on Fig. 1) of past TEs on current
PTSDsx was high (subcortical =0.918, cortical =0.914).
Cerebral WM in the LH (indirect effect: 0.00037), the left

Table 1 Models comparison

Base Comparison ep —2LL df AIC diff LL  diffdf p
1S biDir c-path (S) 58 198,018.06 77,946 42,126.06
2S  biDir c-path (S) uniDir Reversed (S) 57 198,075.50 77,947 42,181.53 5747 1 0
3S  biDir c-path (S) uniDir (S) 57 198,018.37 77,947 42,12437 030 1 0.58
1C  biDir c-path (C) 75 309,610.20 111,023 87,564.197
2C  biDir c-path (C) uniDir (C) 74 309,610.20 111,024 87,562.197  0.0000 1 1.00

The Reversed model includes a ‘c’ direct, and ‘a’ and ‘b’ indirect paths from PTSDsx to TEs via the vol-

umes of EN-selected brain ROIs

S subcortical, C cortical, biDir c-path bidirectional ‘c’ path model, uniDir unidirectional model, ep esti-
mated parameters, LL log-likelihood, AIC Akaike’s information criterion, PTSDsx post-traumatic stress
disorder symptoms, TEs traumatic events

@ Springer



82

Behavior Genetics (2022) 52:75-91

caudate nucleus (indirect effect: 0.00015) and right lateral
ventricle (indirect effect: 0.00007; both subcortical ROIs),
and the anterior transverse collateral sulcus in the LH
(indirect effect: 0.0003; cortical ROI) were the only EN-
selected ROIs with 95% confidence intervals (CIs) lower
bounds greater than zero, but their indirect effects were
miniscule. Table 2 shows the indirect effects estimates and
CIs of these brain ROIs. The a- and b-paths (TEs — ROIs
and ROIs — PTSDsx, respectively) were positive for cer-
ebral WM in the LH (a=0.014; »=0.027) and left caudate
nucleus (a=0.014; b=0.010), but negative for the right lat-
eral ventricle (a= —0.009; b= —0.008) and anterior trans-
verse collateral sulcus (a= —0.015; b= —0.021).

Twin correlations

Twin correlations of TEs, PTSDsx, and the volumes of
EN-selected ROIs were estimated by maximum likelihood
using a saturated model (see Table 3). The cross-twin cor-
relations for TEs and PTSDsx in DZ twins (0.77 and 0.66,
respectively) are considerably higher than half of the MZ
correlations (0.82 and 0.75, respectively). A similar pattern
arises for the cross-twin cross-trait correlations, where those
of MZ pairs (TEs-twinl [T1]-PTSDsx-twin2[T2]=0.69 and
TEsT2—PTSDsxT1=0.67) are slightly higher than those of
DZ pairs (TEsT1-PTSDsxT2=0.51 and TEsT2—PTSD-
sxT1=0.52). For EN-selected subcortical phenotypes and
cerebral WM in the LH, twin correlations for MZ twins
are moderate to high (0.66-0.91) and twice or greater than
the DZs’ correlations (0.24—0.50) of the same phenotype,
with one exception (left cerebellar cortex: rMZ=0.91;
rDZ=0.50). MZ correlations (0.26-0.67) for EN-selected
cortical phenotypes are greater than twice those of DZ twins
(0.07-0.42) of the same phenotype, except for the occipital
lobe in the RH (rMZ=0.67; rDZ=0.42). The cross-twin
cross-trait correlations are low to moderate for MZ and DZ
twins, besides those for the caudate nuclei in MZ twins

Table 2 Indirect effects estimates and 95% confidence intervals of
elastic-net selected subcortical and cortical ROIs from TEs on PTS-
Dsx

Lower bound Estimate Upper bound
Cerebral WM inthe LH  0.00035 0.00037  0.00039
Caudate nucleus LH (S)  0.00013 0.00015  0.00017
Lateral ventricle RH (S)  0.00007 0.00007  0.00007
Anterior transverse col-  0.00004 0.00030  0.00110

lateral sulcus LH (C)

The table includes estimates and CIs only of those EN-selected brain
ROIs not containing zero

ROIs regions of interest, TEs traumatic events, PTSDsx post-trau-
matic stress disorder symptoms, WM white matter, LH left hemi-
sphere, RH right hemisphere, S subcortical, C cortical

@ Springer

(CaudateRHTI1-Caudate LHT2 and Caudate LHT1-Cau-
dateRHT2 rMZs =0.82).

Genetic and environmental contributions
to phenotypic variance

Multilevel analyses show (see Table 4) that the variability
in past TEs was explained mostly by common-environ-
mental factors (61.63%) with modest influence of addi-
tive genetic factors (23.36%) and a small contribution of
unique-environmental factors (15.13%). Residual compo-
nents for current PTSDsx accounted for 61.34% of its vari-
ance (res-A=20.89%, res-C=18.57%, res-E=21.88%).
Additive genetic factors associate with most of the vari-
ance in the EN-selected cerebral WM in the LH (57.35%)
and subcortical ROIs (52.38-61.75%; subcortical gray
matter=61.75%, cerebellar cortex LH=53.56%, caudate
nucleus LH =54.43%, caudate nucleus RH=52.38%) except
for the lateral ventricle RH (41.23%), where more of the var-
iability was accounted for by unique-environmental factors
(43.08%). Most of the phenotypic variation in the volumes
of cortical ROIs was accounted for by additive genetic fac-
tors in the occipital lobe (52.81%), anteromedial temporal
(46.36%) and dorsomedial frontal cortices (53.28%), all in
the RH and belonging to the Fuzzy-clusters parcellation.
Additive genetic factors explained a lower proportion of the
variation in the remaining six EN-selected cortical ROIs
(medial-orbitofrontal cortex LH=230.17%, anterior cingu-
late gyrus and sulcus LH=28.95%, inferior temporal sulcus
RH=23.83%, supramarginal gyrus of the inferior parietal
lobe LH=20.27%, subcallosal gyrus LH=18.57%, and the
anterior transverse collateral sulcus LH=15.11%). Com-
mon-environmental factors had a small to moderate influ-
ence (4.48-36.39%) on the cortical ROIs, notably higher
for the right occipital lobe (33.87%), anteromedial temporal
(36.39%) and dorsomedial frontal (29.82%) cortices on the
RH. Unique-environmental factors explained most of the
variation (56.72-74.76%) in volumes of the medial—orbito-
frontal cortex LH, anterior cingulate gyrus and sulcus LH,
supramarginal gyrus of the inferior parietal lobe LH, sub-
callosal gyrus LH, anterior transverse collateral sulcus, and
the inferior temporal sulcus RH. Site variance was small
for TEs, PTSDsx (both < 1.00%), and neuroimaging phe-
notypes (0.20-0.87%), with that of the dorsomedial frontal
cortex slightly higher (1.97%) than the other brain ROIs.
Considering the twin-sample fit (see Table A1 in the Appen-
dix), the influence of additive genetic factors increased by
an average of 24.98% compared to the full-sample fit, with
the exception of TEs, PTSDsx and the occipital lobe. The
variation of volumes of brain ROIs phenotypes explained
by shared-environmental factors decreased by an average of
25.1% from the full sample to the twins-only fit, whereas it
increased for TEs by 12.8% and 8.3% for PTSDsx. Changes
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Table 4 Variance components estimates (TEs, EN-selected ROIs and PTSDsx) with 95% ClIs: full sample

VA LB UB vC LB

TEs 023 0.19 027 0.62
(S) Caudate nucleus LH 0.54 048 0.61 0.29
(S) Caudate nucleus RH 0.52 0.45 0.59 0.28
(S) Cerebellar cortex LH 0.54 0.48 0.59 0.37
Cerebral WM LH 0.57 0.51 0.63  0.31
(S) Lat. Vent. RH 041 031 0.51 0.15
(S) Gray matter 0.62 0.55 0.68 0.27
(C-Desik.) Medial of cortex LH ~ 0.30 0.18 0.42 0.04
(C-Dest.) ACgG/S LH 029 0.18 040 0.14
(C-Dest.) InfSuPG LH 020 0.09 032 0.08
(C-Dest.) SbCaG LH 0.19 006 031 0.10
(C-Dest.) ATrCoS LH 0.15 003 027 0.10
(C-Dest.) InfTS RH 024 0.12 036 0.05
(C-Fuzzy) AMT cortex RH 0.46 0.40 0.53 0.36
(C-Fuzzy) DMF cortex RH 0.53 0.47 0.60 0.30
(C-Fuzzy) Occipital lobe RH 053 047 059 0.34
PTSDsx 021 0.09 032 018

UB VE LB UB VS LB UB
0.57 066 015 0.13 0.17 0.01 0.001 0.01
0.23 034 017 0.14 020 0.001 —0.001 0.003
022 033 020 017 023  0.002 —0.001 0.004
032 042 010 0.08 0.11 0.003 —0.0003  0.01
026 037 011 010 0.13  0.004 —0.0001  0.01
0.09 021 043 037 049  0.002 —0.001 0.005
0.21 033 011 009 013 0.01 0.002 0.01
-0.02 011 0.65 056 073 0.01 0.002 0.02
0.07 020 057 049 0.64 0.01 0.001 0.01
0.02 015 071 063 0.80 0.004 0.0001 0.01
0.04 0.17 071 061 0.80 0.002 —0.0005  0.01
0.03 0.17 075 066 0.84 0.003 —0.0003  0.01
-001 012 071 062 079 0.003 —0.0002  0.01
0.31 042 017 014 020 0.01 0.001 0.01

024 036 016 013 0.18 0.02 0.01 0.03
0.28 039 013 011 015 0.01
0.10 027 022 015 0.28

0.002 0.01

0.005  —0.001 0.01

Variance components estimates are shown in bold

TEs traumatic events, EN elastic net, ROIs regions of interest, PTSDsx post-traumatic stress disorder symptoms, CIs confidence intervals, VA
variance explained by additive genetic factors, VC variance explained by common-environmental factors, VE variance explained by unique-envi-
ronmental factors, VS variance explained by site factors, LB CIs lower bound, UB Cls upper bound, S subcortical, C cortical, WM white matter,
LH left hemisphere, RH right hemisphere, Lat. lateral, Vent. Ventricle, OF orbitofrontal, ACgG/S anterior part of the cingulate gyrus and sulcus,
InfSuPG supramarginal gyrus of the inferior parietal lobe, SbCaG subcallosal gyrus, InfTS inferior temporal sulcus, AMT anteromedial temporal,
DMT dorsomedial frontal, ATrCoS anterior transverse collateral sulcus, Desik. Desikan, Dest. Destrieux

in the estimates of unique-environmental factors from the
full- to the twin-sample fit remained within < 6% for all phe-
notypes except for the occipital lobe, dorsomedial frontal
cortex, anteromedial temporal cortex and lateral ventricle,
all in the RH. Changes in the site component from both fits
remained below 1.3%.

The differences between the paths parameter estimates
from our model fits compared to those using normalized TEs
and PTSDsx data were very small (< 0.0004). Moreover,
their variance components estimates changed less than 1%
between these fits with only two exceptions (TEs VA: from
23.4t027.3%; TEs VC from 61.6 to 57.4%).

Discussion

This study estimated the direct influence of past TEs on cur-
rent PTSDsx, and their indirect effects through the volumes
of 300 brain ROISs in children 9-11 years old using EN-
regularization, an agnostic machine learning approach. As
hypothesized, a greater number of past TEs was strongly
associated with higher current PTSDsx in children. Con-
versely, and contrary to our second hypothesis, there is
negligible influence from the volumes of brain ROIs on the
indirect effects of TEs on PTSDsx at this age. Furthermore,

@ Springer

we estimated the genetic and environmental variance com-
ponents explaining the variability in past TEs, brain vol-
umes and current PTSDsx. Environmental factors explained
most of the variance in TEs, and of the volumes of six EN-
selected cortical ROIs, and most of the residual environ-
mental variance in PTSDsx. For EN-selected brain ROISs,
additive genetic factors accounted for most of the variation
in volumes of three cortical phenotypes, cerebral WM in the
LH, and all subcortical ROIs with the exception of the right
lateral ventricle. A very small proportion of the variance was
accounted for by factors from study sites.

The EN-selected brain ROIs with the highest influence
on the indirect path from TEs on PTSDsx were the left cau-
date nucleus, right lateral ventricle, cerebral WM in the LH,
and the left anterior transverse collateral sulcus. The four
brain-imaging phenotypes had miniscule effects; however,
they were the only EN-selected ROIs not containing zero
in their CIs. Possibly, the aggregated small effects of many
volumetric brain ROIs influence the outcome, and if the
effects exist, their influence may increase in later stages of
development. As children age, the likelihood of experienc-
ing more TEs and a greater proportion of IPT will increase,
potentially uncovering larger direct and indirect effects.
Moreover, other brain-imaging phenotypes (e.g., activation
measured via functional MRI) could also inform about the



Behavior Genetics (2022) 52:75-91

85

indirect influence of TEs on PTSDsx. Furthermore, while
larger associations were observed between TEs and brain
measures, and between brain measures and PTSDsx, the two
do not seem to coordinate to provide evidence of the indirect
effects under the mediation model design at this age. Brain
ROIs volumes may associate differently with TEs than with
PTSDsx in 9-11 year-olds.

EN-selected subcortical ROIs including those with the
highest indirect effect estimates (i.e., volumes of the left cau-
date nucleus, and right lateral ventricle), and the volume of
cerebral WM in the LH, are consistent with ROIs associated
with PTSD in prior work (Clausen et al. 2019; Cohen et al.
2006; De Bellis et al. 2002; Herringa et al. 2012). However,
the direction of their relationship with TEs (a-paths) and
PTSDsx (b-paths) differs from those found in prior research
assessing trauma and PTSDsx during adulthood (Cohen
et al. 2006; Herringa et al. 2012) and retrospective childhood
trauma (Clausen et al. 2019). These three ROIs are asso-
ciated with processes relevant to PTSD. For example, the
caudate nucleus is linked to reward anticipation/response,
and anhedonia processes linked to PTSD and other disor-
ders (e.g., major depressive disorder; Nawijn et al. 2015).
Nevertheless, the volume of this ROI has been associated
differently with features of PTSD depending on trauma type,
developmental stage and sample type (e.g., civilian versus
combat-exposed; Cohen et al. 2006; Looi et al. 2009). The
volumes of the lateral ventricles relate directly to subcorti-
cal tissue volume, and to cerebral-spinal fluid (CSF) vol-
ume. The relation to CSF potentially highlights processes in
which the CSF is involved in the brain (e.g., circulation of
nutrients, waste removal), and associations with PTSD, for
example in combat-exposed samples with history of early
trauma (Woodward et al. 2007). However, the CSF volume
was not selected via EN influencing the indirect effects of
TEs on PTSDsx. The EN selection of a cavity ROI such
as the right lateral ventricle is perhaps more closely asso-
ciated with the volumes of neighboring ROIs such as the
caudate nuclei. Cerebral WM relates to cortical—subcortical
connectivity, behavioral and cognitive functions. Different
volumes and integrity of cerebral white matter have been
associated with PTSD. However, larger or smaller volumes
vary in their association with this phenotype depending if
traumas were experienced during childhood or if the onset
of PTSD diagnosis was during adulthood (e.g., Daniels et al.
2013). The anterior transverse collateral sulcus is part of the
default mode network, associated with introspection, rumi-
nation and social cognition (Li et al. 2014), and has been
linked to early trauma in adults (Coley et al. 2021). Although
the EN-selected ROIs not containing zero in their CIs have
been associated with PTSD, trauma and PTSD features, their
effects on the indirect influence of TEs on PTSDsx were
negligible. Assessing the effects of different types of trauma
(e.g., IPT, non-IPT) on PTSDsx by sex and longitudinally

may render more insights from a developmental perspective,
and represents a natural next step in this line of research.

Other regions repeatedly associated with TEs and PTSD,
such as the hippocampus and the amygdala (Kitayama
et al. 2005; Logue et al. 2018; Morey et al. 2016), were
not identified via EN influencing the full indirect path (a
* b) from past TEs to subsequent PTSDsx for children of
this age. A few brain ROIs not selected via EN, but associ-
ated with TEs and PTSDsx in prior work (e.g., right hip-
pocampus; Gilbertson et al. 2002; Thomaes et al. 2010),
reached higher estimates on their independent a- or b-path
compared to those of EN-selected ROIs with full indirect
effects not containing zero in their CIs. However, the effects
of the non-selected ROIs via EN were reduced when taking
in account their full path. For example, two of the strong-
est associations with TEs (a-path) were shown by the vol-
ume of the right hippocampus (a= —0.0198) and the right
amygdala (a= —0.013). These associations are greater or
close to those from the a-paths of EN-selected ROIs not
containing zero in their CIs. Nevertheless, the associations
of the right hippocampus and the right amygdala with PTS-
Dsx were smaller and positive (b=0.0055, 0.0105; respec-
tively) compared to these two ROIs’ associations with TEs.
Although assessing the specific a- and b-paths was not an
aim of this study, future analyses focusing on independent
indirect paths could inform about possible specific relation-
ships that volumetric brain ROIs may develop with TEs and
PTSDsx differently. Perhaps the volumes of certain brain
ROIs may associate with the effects of TEs on PTSDsx and
their trauma-related cluster, while other ROIs associate to a
higher degree with other PTSD clusters (e.g., reexperienc-
ing). Our future directions include longitudinal modeling of
these specific paths.

Additive genetic factors explained most of the variation
in the three EN-selected Fuzzy-clusters ROIs, and in all the
EN-selected volumes of subcortical ROIs with the excep-
tion of the right lateral ventricle. The results for the additive
genetic factors influencing the volumes of brain imaging
phenotypes are generally consistent with previous research
(Afifi et al. 2010; Schmitt et al. 2007), with lower herit-
ability estimates compared to adults (Brouwer et al. 2017).
The higher influence of additive genetic factors on such
subcortical and Fuzzy-clusters ROIs compared to those of
the anatomically-based cortical volumetric phenotypes in
children may infer greater environmental effects for the latter
phenotypes. Furthermore, although A estimates range from
low-moderate to high for children, these results may indi-
cate that there is generally higher influence of environmental
factors on brain MRI volumetric phenotypes during child-
hood compared to adulthood. Findings from the additive
genetic factors influencing EN-selected Fuzzy-clusters ROIs
can inform MRI research focusing on ROI activation, since
this genetically-based atlas aligns with cortical functional
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segmentation. Higher neuroplasticity in children and envi-
ronmental influences on certain ROIs (e.g., lateral ventricles,
anatomically-based cortical ROIs), and greater variance of
the non-twin subjects may drive lower heritability estimates
for children at this age (Brouwer et al. 2017). Greater meas-
urement error during MRI scanning (e.g., due to motion arti-
facts), may occur in children than adults (Blumenthal et al.
2002). Interestingly, environmental factors were the largest
source of phenotypic variance, and particularly unique-envi-
ronmental factors in the lateral ventricle RH, and in the fol-
lowing cortical ROIs: medial—-orbitofrontal cortex LH, ante-
rior cingulate gyrus and sulcus LH, supramarginal gyrus of
the inferior parietal lobe LH, subcallosal gyrus LH, anterior
transverse collateral sulcus, and the inferior temporal sulcus
RH. Since error of measurement is included in E estimates,
some small cortical ROIs (such as a few from the Destrieux
and Desikan parcellations) might be more susceptible to
error than subcortical ROIs, in addition to the contributions
of unique-environmental factors.

Common-environmental factors were highly influential in
explaining the exposure to TEs in children, showing higher
estimates than in prior literature assessing trauma mostly in
older non-combat cohorts (Stein et al. 2002). This indicates
that the rearing environment may influence more the varia-
tion of TEs for children of this age than for adults. However,
reports from parents about their children’s TEs experiences
may overestimate the influence of common-environmental
factors on this phenotype, due to variation in parents’ rat-
ing styles. Similarly, uncontrolled associations between age
and the outcome could increase C estimates. Nevertheless,
the effects of age on C were accounted for by regression.
The effects of assortative mating would similarly mimic
those of C, but estimates of marital resemblance for TEs,
neuroimaging measures and PTSD are few. Those that exist
for psychiatric phenotypes suggest low marital correlations
(from —0.05 to 0.21), making assortment unlikely to con-
tribute substantially to variation (Maes et al. 1998). Addi-
tive genetic factors had a small influence on TEs variation
in children, lower than that observed in adults for exposure
to violent interpersonal trauma (Stein et al. 2002). Endorse-
ment frequencies for the types of TEs assessed in our study
(e.g., IPT, accidental, witnessing) varied. IPT items were
endorsed at low frequencies, and witnessing and accidental
TEs had a larger proportion of endorsement at this age. Low
frequency response rate items usually correspond to greater
measurement error, because an incorrect response or diagno-
sis would change the low response rate to a greater extent—
consistent with the standard error of a binomial distribution.
Prior work found that more variability in IPT is associated
with additive genetic factors than with environmental fac-
tors, with the latter explaining most of the variability in
non-IPT measures (Sartor et al. 2012; Stein et al. 2002). In
addition, information curves for TEs items were skewed to
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an extreme location in the 0 liability scale, where 15 out of
17 items discerned the endorsement to each with 50% prob-
ability at above 2 SDs from the mean. Most of these items
were associated with direct threats or IPT to the children,
which were fortunately rare. In contrast, the two items with
the inflection points of their information curves below + 2
SDs were associated with learning about death and witness-
ing violence at home. High endorsement of non-IPT events
might be driving the C estimates upwards. It is also possi-
ble that the variability explained by common-environmental
factors in TEs in children is affected in part by the parental
environment given to the twins and siblings.

After correcting for covariates, most of the variation in
PTSDsx was explained by environmental factors. The influ-
ence of additive genetic factors in children here is lower than
those for PTSD and PTSDsx found in twin studies of adult
samples (Amstadter et al. 2012; Stein et al. 2002; Wolf et al.
2018) and higher than the SNP-based heritability estimates
from molecular work (Nievergelt et al. 2019). In contrast to
previous work assessing adults from non-combat samples,
in which most and almost all of the variability in PTSDsx
from environmental sources was accounted for by unique-
environmental factors (Afifi et al. 2010; Stein et al. 2002;
Wolf et al. 2018), the variation of PTSDsx in children of
this age is influenced by common-environmental in addi-
tion to unique-environmental factors. Similar to the infor-
mation curves from TEs, PTSDsx items were also skewed
to an extreme location in the 0 scale. Only four of 39 items
reached 50% endorsement probability below + 3.9 SDs from
the mean. These items were associated with learning about
“the sudden and unexpected death of a loved one”, or with
changes in mood and emotional reactions (e.g., behaviors
qualifying as self-destructive or reckless, clinical distress,
impairment in functioning) that can be readily displayed at
home. Measurement of these traits in youth remains prob-
lematic, so their associations with risk factors and between
relatives are likely to be eroded. Shared experiences at home,
among family members and twins may increase the liability
for experiencing PTSDsx moderated by genotypes. Although
our study was not designed to detect gene—environment
interaction (G X E), it might be possible that the type of TE
may alter their expected influence on PTSDsx, based on spe-
cific genetic variants.

We compared the variance components estimates
obtained from the full-sample fit with those from the twins-
only sample to consider further interpretations of the genetic
and environmental influences for the same phenotypes. This
comparison is an additional resource rather than a study aim.
With the exception of the right occipital lobe, TEs and PTS-
Dsx, A estimates increased for all the phenotypes in the twin
sample fit. These results also support those from the full
sample and prior work (Christova et al. 2021; Patel et al.
2018; Schmitt et al. 2019) that generally, A estimates for



Behavior Genetics (2022) 52:75-91

87

cortical phenotypes tend to lower than those from subcorti-
cal ROIs (with a few exceptions). Shared-environmental fac-
tors estimates were negative for most of the brain-imaging
phenotypes in the twins-only fit. Negative C estimates can
infer the presence of non-additive genetic factors explain-
ing phenotypic variation. Contrasting to the full-sample fit,
the right occipital lobe is the only EN-selected phenotype
with shared-environmental factors influencing over 9% of
its variance in the twins-only fit. This may indicate higher
neuroplasticity in the occipital lobe than in the other corti-
cal regions, influenced by environmental stimuli at home or
other common settings.

Additive genetic factors estimates for TEs and PTSDsx
from the full sample were higher than those using the twins
alone. Variance differences between twins and non-twins
likely reduced the estimates of heritability. Nevertheless,
the residual influences of shared- and unique-environmental
factors became more similar in PTSDsx as opposed to in
TEs, with shared-environmental factors driving most of the
variance in TEs in both samples. This may support that,
in contrast to adult samples, shared-environmental factors
contribute to the variation in TEs and PTSDsx in children
of this age, based mostly on non-IPT events. This result
seems likely due to greater environmental sharing at this
age. Potentially, G X E and differences in ascertainment for
the non-twin and twin individuals may drive some of the dif-
ferences in additive genetic and environmental contributions
to these phenotypes.

Finally, for all phenotypes, the proportion of site variance
in both samples was low and similar. These results attest to a
high degree of QC across the ABCD Study® sites.

Limitations

Findings from this study must take in account the following
five potential limitations. First, measures of TEs and PTS-
Dsx are skewed due to the low endorsement of at least one
TE, and PTSDsx. This may have potentially biased the direct
and indirect effects towards zero, increased the proportion
of residual variance (E), and reduced statistical power to a
certain degree. However, their skewness and kurtosis statis-
tics were below what it is commonly seen as problematic (2
and 7, respectively) under SEM and maximum likelihood
estimation (Finney and DiStefano 2006). Second, the assess-
ment of past TEs was based on retrospective report from
the parents, potentially affected by recall bias. Neverthe-
less, parents’ reports can account for TEs that children may
have experienced before the age of explicit episodic memory
consolidation and ability of retrieval. The use of the same
rater for both twins likely contributed to part of the substan-
tial proportion of variance due to the shared environment.
Third, although we modeled paths of causal inference also
as a framework for the next stage in our study assessing

longitudinal data, these results are based on cross-sectional
data. While cross-sectional data generally are not fully suit-
able for causal inference, twin data may reject causal hypoth-
eses when data from unrelated persons cannot (Gillespie
et al. 2003; Tacono et al. 2018; Neale et al. 1994; Verhulst
and Estabrook 2012). Twin data allow modeling bi-direc-
tional causation paths, based on the cross-twin cross-trait
covariances (for more details, see Duffy and Martin 1994;
Heath et al. 1993; Neale et al. 1994). Model comparisons via
likelihood ratio tests, using the —2InLL and AIC estimates,
consistently favored the fit and parsimony of the unidirec-
tional model from past TEs to current PTSDsx directly and
indirectly through the brain ROIs. The reverse model, where
PTSDsx cause recollection of past TEs gave a much worse
fit, however. When the model included additional paths
(e.g., reciprocal), SEs increased and the model’s parsimony
declined. The model used here represents a general frame-
work for mediated associations between TEs and PTSDsx,
which will be extended with longitudinal data. Fourth, the
residualization and standardization of ordinal variables to
quasi-continuous is not optimal. However, the results using
normalized TEs and PTSDsx data were similar to those from
our model. Furthermore, multilevel ordinal analyses may be
best handled within a Bayesian modeling framework such
as STAN (Carpenter et al. 2017) or its R interface Rstan
(Team Stan Development 2016), but simulation and testing
are required to validate its use prior to statistical genetic
applications. Fifth, it is unknown if non-twin participants
may have introduced consequential levels of bias in the
estimation of additive-genetic and common-environmental
influences in the multilevel mediation model. These issues
will be addressed at later stages of this project.

Conclusions

These findings show that if subcortical and cortical brain
volumes associate indirectly with the effects of TEs on PTS-
Dsx, they do so only to a very small or negligible extent at
this age. However, we demonstrated that although the meas-
ures of TEs and PTSDsx had low endorsement rates, TEs
strongly associate with PTSDsx in children 9—11 years old.
Furthermore, findings from this study add to the existing lit-
erature showing that (i) an agnostic approach has the poten-
tial of uncovering brain ROIs not commonly associated with
these phenotypes, and (ii) certain brain ROIs may be asso-
ciated differently with TEs than with PTSDsx in children.
Consistent with prior research assessing mostly adults, we
found evidence that both genetic and environmental factors
influence TEs, PTSDsx, and brain-imaging phenotypes in
children. TEs and PTSDsx were influenced to some degree
by genetic liability, but strongly influenced by common-
environmental factors, and in the case of PTSDsx also by
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unique-environmental factors. Most of the variance in the
volumes of 8 brain ROIs (from a total of 15 EN-selected
brain ROIs) was accounted for by additive genetic factors.
Our results may inform clinical and translational research,
especially on (i) treatments focusing on environmental modi-
fications for children at risk for developing PTSD, and (ii)
mapping brain risk factors and phenotypes (e.g., structure,
activation) related to trauma and PTSD phenotypes.

Our model established a framework for studying the influ-
ence of TEs directly on the development of PTSDsx, and
indirectly via the volumes of brain ROIs longitudinally in
children. This model and the longitudinal design extensions
can be used to study other phenotypes, direction of causa-
tion (e.g., if reduced brain volumes have a causal effect on
PTSDsx or vice versa), and are sufficiently powered to detect
even very small effects using the large sample size of the
multisite ABCD Study®. We employed an agnostic machine
learning regularization approach for data reduction and vari-
able selection among numerous brain-imaging phenotypes,
integrated with multilevel (twin, siblings and unrelated indi-
viduals) structural equation modeling. This approach has
the potential to identify changes in the influence of genetic
and environmental sources of phenotypic variance across
time, and influential associations from a large set of pos-
sible variables.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s10519-021-10092-6.

Acknowledgements Researchers in this study are partially funded by
the NIMH, NIAAA and NIDA. Analyses were conducted on the Vir-
ginia Institute for Psychiatric and Behavioral Genetics computing clus-
ter at Virginia Commonwealth University. This study and article would
not have been feasible without the ABCD Study® Consortium, includ-
ing all its personnel, research participants, and without the helpful
detailed feedback of the reviewers and advice of Drs. Hermine Maes,
James Bjork, Christina Sheerin, Kaitlin Bountress, J. Eric Schmitt, and
Robert Kirkpatrick.

Author contributions The study design and the specific paper aims
were developed by DB, AA and MN. Data cleaning and preparation
was conducted by DB. TB and JP developed and implemented novel
OpenMx functions for machine learning and advised on their applica-
tion to the data. Modeling and analyses were conducted by DB and
MN. The first draft of the manuscript was written by DB. All authors
conducted extensive edits and revisions, read and approved the final
manuscript.

Funding The dataset used in this paper comes from the ABCD Study®
supported by the National Institutes of Health. Work for this project
was supported by the Integrative Life Sciences Doctoral Program and
the Virginia Institute for Psychiatric and Behavioral Genetics T32
Training Grant MH020030-21A1 from the National Institute of Mental
Health (DB), K02 AA023239 from the National Institute on Alcohol
Abuse and Alcoholism and from VCU’s Presidential Research Quest
Fund (AA), the National Institute on Drug Abuse R01 DA049867-
01A1 (JP and MN; PI: MN), and UO1 DA051037-01 (MN) Grants.

@ Springer

Data availability Due to privacy policies and protection of participants,
ABCD Study® data will not be available here. To request access fol-
low: https://nda.nih.gov.

Code availability https://github.com/dbustamantep/mISEM
hybridEN.git.Consent for publication Data will not be
published with this study. To request access to the ABCD
Study® data, follow: https://nda.nih.gov.

Declarations

Conflict of interest Daniel Bustamante, Ananda B. Amstadter, Joshua
N. Pritikin, Timothy R. Brick, and Michael C. Neale declare that they
have no conflict of interest.

Ethical approval The secondary data analysis was approved by VCU’s
IRB.

Human and Animal Rights statement and Informed consent ‘Not appli-
cable’, secondary data analysis.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Admon R, Milad MR, Hendler T (2013) A causal model of post-trau-
matic stress disorder: disentangling predisposed from acquired
neural abnormalities. Trends Cogn Sci 17:337-347

Afifi TO, Asmundson GJ, Taylor S, Jang KL (2010) The role of genes
and environment on trauma exposure and posttraumatic stress
disorder symptoms: a review of twin studies. Clin Psychol Rev
30:101-112

Akaike H (1998) Information theory and an extension of the maxi-
mum likelihood principle. In: Selected papers of Hirotugu Akaike.
Springer, New York, pp 199-213

Akiki TJ, Averill CL, Abdallah CG (2017) A network-based neurobio-
logical model of PTSD: evidence from structural and functional
neuroimaging studies. Curr Psychiatry Rep 19:81

American Psychiatric Association (2013) Diagnostic and statistical
manual of mental disorders: DSM-5, 5th edn. APA, Washington,
DC

Amstadter AB, Aggen SH, Knudsen GP, Reichborn-Kjennerud T,
Kendler KS (2012) A population-based study of familial and
individual-specific environmental contributions to traumatic event
exposure and posttraumatic stress disorder symptoms in a Norwe-
gian twin sample. Twin Res Hum Genet 15:656-662


https://doi.org/10.1007/s10519-021-10092-6
https://nda.nih.gov
https://github.com/dbustamantep/mlSEMhybridEN.git
https://github.com/dbustamantep/mlSEMhybridEN.git
https://nda.nih.gov
http://creativecommons.org/licenses/by/4.0/

Behavior Genetics (2022) 52:75-91

89

Aupperle RL, Melrose AJ, Stein MB, Paulus MP (2012) Executive
function and PTSD: disengaging from trauma. Neuropharmacol-
ogy 62:686-694

Barch DM, Albaugh MD, Avenevoli S, Chang L, Clark DB, Glantz MD
et al (2018) Demographic, physical and mental health assessments
in the adolescent brain and cognitive development study: rationale
and description. Dev Cogn Neurosci 32:55-66

Benson J, Fleishman JA (1994) The robustness of maximum likelihood
and distribution-free estimators to non-normality in confirmatory
factor analysis. Qual Quant 28:117-136

Blumenthal JD, Zijdenbos A, Molloy E, Giedd JN (2002) Motion arti-
fact in magnetic resonance imaging: implications for automated
analysis. Neuroimage 16:89-92

Brainstorm Consortium (2018) Analysis of shared heritability in com-
mon disorders of the brain. Science (New York NY). https://doi.
org/10.1126/science.aap8757

Breslau N (2009) The epidemiology of trauma, PTSD, and other post-
trauma disorders. Trauma Violence Abuse 10:198-210

Brouwer RM, Panizzon MS, Glahn DC, Hibar DP, Hua X, Jahanshad
N et al (2017) Genetic influences on individual differences in
longitudinal changes in global and subcortical brain volumes:
results of the enigma plasticity working group. Hum Brain Mapp
38:4444-4458

Carpenter B, Gelman A, Hoffman MD, Lee D, Goodrich B, Betancourt
M et al (2017) Stan: a probabilistic programming language. J Stat
Softw. https://doi.org/10.18637/jss.v076.101

Chao L, Weiner M, Neylan T (2013) Regional cerebral volumes in vet-
erans with current versus remitted posttraumatic stress disorder.
Psychiatry Res Neuroimaging 213:193-201

Chao LL, Yaffe K, Samuelson K, Neylan TC (2014) Hippocampal
volume is inversely related to PTSD duration. Psychiatry Res
Neuroimaging 222:119-123

Chen C-H, Gutierrez E, Thompson W, Panizzon MS, Jernigan TL,
Eyler LT et al (2012) Hierarchical genetic organization of human
cortical surface area. Science 335:1634-1636

Christova P, Joseph J, Georgopoulos AP (2021) Human connectome
project: heritability of brain volumes in young healthy adults. Exp
Brain Res 239:1273-1286

Clausen AN, Aupperle RL, Yeh H-W, Waller D, Payne J, Kuplicki
R et al (2019) Machine learning analysis of the relationships
between gray matter volume and childhood trauma in a transdiag-
nostic community-based sample. Biol Psychiatry Cogn Neurosci
Neuroimaging 4:734-742

Cloitre M, Stolbach BC, Herman JL, Kolk BVD, Pynoos R, Wang J,
Petkova E (2009) A developmental approach to complex PTSD:
childhood and adult cumulative trauma as predictors of symptom
complexity. ] Traumatic Stress 22:399-408

Cohen J (1960) A coefficient of agreement for nominal scales. Educ
Psychol Meas 20:37-46

Cohen RA, Grieve S, Hoth KF, Paul RH, Sweet L, Tate D et al (2006)
Early life stress and morphometry of the adult anterior cingulate
cortex and caudate nuclei. Biol Psychiatry 59:975-982

Coley EJ, Mayer EA, Osadchiy V, Chen Z, Subramanyam V, Zhang
Y et al (2021) Early life adversity predicts brain-gut alterations
associated with increased stress and mood. Neurobiol Stress
15:100348

Cross D, Fani N, Powers A, Bradley B (2017) Neurobiological develop-
ment in the context of childhood trauma. Clin Psychol Sci Pract
24:111-124

Daniels JK, Lamke JP, Gaebler M, Walter H, Scheel M (2013) White
matter integrity and its relationship to PTSD and childhood
trauma—a systematic review and meta-analysis. Depress Anxi-
ety 30:207-216

De Bellis MD, Hall J, Boring AM, Frustaci K, Moritz G (2001) A
pilot longitudinal study of hippocampal volumes in pediatric

maltreatment-related posttraumatic stress disorder. Biol Psychia-
try 50:305-309

De Bellis MD, Keshavan MS, Shifflett H, Iyengar S, Beers SR, Hall J,
Moritz G (2002) Brain structures in pediatric maltreatment-related
posttraumatic stress disorder: a sociodemographically matched
study. Biol Psychiatry 52:1066—1078

Desikan RS, Ségonne F, Fischl B, Quinn BT, Dickerson BC, Blacker
D et al (2006) An automated labeling system for subdividing the
human cerebral cortex on MRI scans into gyral based regions of
interest. Neuroimage 31:968-980

Destrieux C, Fischl B, Dale A, Halgren E (2010) Automatic parcella-
tion of human cortical gyri and sulci using standard anatomical
nomenclature. Neuroimage 53:1-15

Dick AS, Lopez DA, Watts AL, Heeringa S, Reuter C, Bartsch H et al
(2021) Meaningful associations in the adolescent brain cognitive
development study. Neuroimage 239:118262

Dosenbach NU, Koller JM, Earl EA, Miranda-Dominguez O, Klein RL,
Van AN et al (2017) Real-time motion analytics during brain MRI
improve data quality and reduce costs. Neuroimage 161:80-93

Duffy DL, Martin NG (1994) Inferring the direction of causation in
cross-sectional twin data: theoretical and empirical considera-
tions. Genet Epidemiol 11:483-502

Farrugia PL, Mills KL, Barrett E, Back SE, Teesson M, Baker A et al
(2011) Childhood trauma among individuals with co-morbid
substance use and post traumatic stress disorder. Ment Health
Subst Use 4:314-326

Finney SJ, DiStefano C (2006) Non-normal and categorical data in
structural equation modeling. Struct Equ Model Second Course
10:269-314

Forbes D, Fletcher S, Parslow R, Phelps A, O’Donnell M, Bryant
RA et al (2012) Trauma at the hands of another: longitudinal
study of differences in the posttraumatic stress disorder symp-
tom profile following interpersonal compared with noninterper-
sonal trauma. J Clin Psychiatry 73(3):372-376

Friedman J, Hastie T, Tibshirani R (2010) Regularization paths for
generalized linear models via coordinate descent. J Stat Softw
33:1

Gilbertson MW, Shenton ME, Ciszewski A, Kasai K, Lasko NB, Orr
SP, Pitman RK (2002) Smaller hippocampal volume predicts
pathologic vulnerability to psychological trauma. Nat Neurosci
5:1242-1247

Gillespie NA, Zhu G, Neale MC, Heath AC, Martin NG (2003) Direc-
tion of causation modeling between cross-sectional measures of
parenting and psychological distress in female twins. Behav Genet
33:383-396

Goodfellow I, Bengio Y, Courville A, Bengio Y (2016) Deep learning,
vol 1. MIT Press, Cambridge

Hagler DJ Jr, Hatton S, Cornejo MD, Makowski C, Fair DA, Dick AS
et al (2019) Image processing and analysis methods for the adoles-
cent brain cognitive development study. Neuroimage 202:116091

Hanson JL, Nacewicz BM, Sutterer MJ, Cayo AA, Schaefer SM,
Rudolph KD et al (2015) Behavioral problems after early life
stress: contributions of the hippocampus and amygdala. Biol
Psychiatry 77:314-323

Hastie T, Tibshirani R, Friedman J (2009) The elements of statistical
learning: data mining, inference, and prediction. Springer, Berlin

Heath AC, Kessler RC, Neale MC, Hewitt JK, Eaves LJ, Kendler KS
(1993) Testing hypotheses about direction of causation using
cross-sectional family data. Behav Genet 23:29-50

Herringa RJ (2017) Trauma, PTSD, and the developing brain. Curr
Psychiatry Rep 19:69

Herringa R, Phillips M, Almeida J, Insana S, Germain A (2012) Post-
traumatic stress symptoms correlate with smaller subgenual
cingulate, caudate, and insula volumes in unmedicated combat
veterans. Psychiatry Res Neuroimaging 203:139-145

@ Springer


https://doi.org/10.1126/science.aap8757
https://doi.org/10.1126/science.aap8757
https://doi.org/10.18637/jss.v076.i01

90

Behavior Genetics (2022) 52:75-91

Heyn SA, Keding TJ, Ross MC, Cisler JM, Mumford JA, Herringa
RJ (2019) Abnormal prefrontal development in pediatric post-
traumatic stress disorder: a longitudinal structural and functional
magnetic resonance imaging study. Biol Psychiatry Cogn Neuro-
sci Neuroimaging 4:171-179

Hibar DP, Stein JL, Renteria ME, Arias-Vasquez A, Desriviéres S,
Jahanshad N et al (2015) Common genetic variants influence
human subcortical brain structures. Nature 520:224-229

Hoerl AE, Kennard RW (1970) Ridge regression: Biased estimation for
nonorthogonal problems. Technometrics 12:55-67

Tacono WG, Heath AC, Hewitt JK, Neale MC, Banich MT, Luciana
MM et al (2018) The utility of twins in developmental cognitive
neuroscience research: how twins strengthen the ABCD research
design. Dev Cogn Neurosci 32:30-42

Karl A, Schaefer M, Malta LS, Dorfel D, Rohleder N, Werner A (2006)
A meta-analysis of structural brain abnormalities in PTSD. Neu-
rosci Biobehav Rev 30:1004-1031

Keding TJ, Herringa RJ (2015) Abnormal structure of fear circuitry in
pediatric post-traumatic stress disorder. Neuropsychopharmacol
off Publ Am Coll Neuropsychopharmacol 40:537-545

Kitayama N, Vaccarino V, Kutner M, Weiss P, Bremner JD (2005)
Magnetic resonance imaging (MRI) measurement of hippocampal
volume in posttraumatic stress disorder: a meta-analysis. J Affect
Disord 88:79-86

Kulkarni M, Pole N, Timko C (2013) Childhood victimization, nega-
tive mood regulation, and adult PTSD severity. Psychol Trauma
Theory Res Pract Policy 5:359

Lee PH, Baker JT, Holmes AJ, Jahanshad N, Ge T, Jung J-Y et al (2016)
Partitioning heritability analysis reveals a shared genetic basis of
brain anatomy and schizophrenia. Mol Psychiatry 21:1680-1689

LiJ, Ji L (2005) Adjusting multiple testing in multilocus analyses using
the eigenvalues of a correlation matrix. Heredity 95:221-227

Li W, Mai X, Liu C (2014) The default mode network and social
understanding of others: what do brain connectivity studies tell
us. Front Hum Neurosci 8:74

Logue MW, van Rooij SJ, Dennis EL, Davis SL, Hayes JP, Stevens JS
et al (2018) Smaller hippocampal volume in posttraumatic stress
disorder: a multisitt ENIGMA-PGC study: subcortical volumetry
results from posttraumatic stress disorder consortia. Biol Psychia-
try 83:244-253

Looi JCL, Maller JJ, Pagani M, Hogberg G, Lindberg O, Liberg B
et al (2009) Caudate volumes in public transportation workers
exposed to trauma in the Stockholm train system. Psychiatry Res
Neuroimaging 171:138-143

Lupien SJ, Parent S, Evans AC, Tremblay RE, Zelazo PD, Corbo V et al
(2011) Larger amygdala but no change in hippocampal volume in
10-year-old children exposed to maternal depressive symptoma-
tology since birth. Proc Natl Acad Sci USA 108:14324-14329

Luthra R, Abramovitz R, Greenberg R, Schoor A, Newcorn J, Schmei-
dler J et al (2009) Relationship between type of trauma exposure
and posttraumatic stress disorder among urban children and ado-
lescents. J Interpers Violence 24:1919-1927

Maes HH, Neale M, Kendler KS, Hewitt JK, Silberg JL, Foley D et al
(1998) Assortative mating for major psychiatric diagnoses in two
population-based samples. Psychol Med 28:1389-1401

Massey FJ Jr (1951) The Kolmogorov-Smirnov test for goodness of fit.
J Am Stat Assoc 46:68-78

Mitchell TM (1997) Machine learning, vol 1 of 1. McGraw-Hill Sci-
ence/Engineering/-Math, New York

Morey RA, Haswell CC, Hooper SR, De Bellis MD (2016) Amygdala,
hippocampus, and ventral medial prefrontal cortex volumes differ
in maltreated youth with and without chronic posttraumatic stress
disorder. Neuropsychopharmacology 41:791-801

Nawijn L, van Zuiden M, Frijling JL, Koch SB, Veltman DJ, OIff
M (2015) Reward functioning in PTSD: a systematic review

@ Springer

exploring the mechanisms underlying anhedonia. Neurosci Biobe-
hav Rev 51:189-204

Neale M, Cardon L (1992) Methodology for genetic studies of twins
and families, vol 67. Springer, Dordrecht

Neale MC, Walters E, Heath AC, Kessler RC, Pérusse D, Eaves LJ,
Kendler KS (1994) Depression and parental bonding: cause, con-
sequence, or genetic covariance? Genet Epidemiol 11:503-522

Neale MC, Hunter MD, Pritikin JN, Zahery M, Brick TR, Kirkpatrick
RM et al (2016) Openmx 2.0: extended structural equation and
statistical modeling. Psychometrika 81:535-549

Nievergelt CM, Maihofer AX, Klengel T, Atkinson EG, Chen C-Y,
Choi KW et al (2019) International meta-analysis of PTSD
genome-wide association studies identifies sex- and ancestry-
specific genetic risk loci. Nat Commun 10:4558-4558

Nugent NR, Amstadter AB, Koenen KC (2008) Genetics of post-trau-
matic stress disorder: informing clinical conceptualizations and
promoting future research. Am J Med Genet C 148(2):127-132

Papagni SA, Benetti S, Arulanantham S, McCrory E, McGuire P,
Mechelli A (2011) Effects of stressful life events on human brain
structure: a longitudinal voxel-based morphometry study. Stress
14:227-232

Patel S, Park MTM, Devenyi GA, Patel R, Masellis M, Knight J,
Chakravarty MM (2017) Heritability of hippocampal subfield
volumes using a twin and non-twin siblings design. Hum Brain
Mapp 38:4337-4352

Patel S, Patel R, Park MTM, Masellis M, Knight J, Chakravarty MM
(2018) Heritability estimates of cortical anatomy: the influence
and reliability of different estimation strategies. Neuroimage
178:78-91

Perkonigg A, Kessler RC, Storz S, Wittchen HU (2000) Traumatic
events and post-traumatic stress disorder in the community:
prevalence, risk factors and comorbidity. Acta Psychiatr Scand
101:46-59

R Core Team (2019) R: a language and environment for statistical
computing. R Foundation for Statistical Computing, Vienna.
Retrieved August 17, 2019, from https://www.R-project.org/

Santiago PN, Ursano RJ, Gray CL, Pynoos RS, Spiegel D, Lewis-
Fernandez R et al (2013) A systematic review of PTSD preva-
lence and trajectories in DSM-5 defined trauma exposed popu-
lations: intentional and non-intentional traumatic events. PLoS
ONE 8:e59236

Sartor CE, Grant JD, Lynskey MT, McCutcheon VV, Waldron M,
Statham DJ et al (2012) Common heritable contributions to low-
risk trauma, high-risk trauma, posttraumatic stress disorder, and
major depression. Arch Gen Psychiatry 69:293-299

Saunders BE, Adams ZW (2014) Epidemiology of traumatic expe-
riences in childhood. Child Adolesc Psychiatr Clin N Am
23:167-vii

Schmitt JE, Eyler LT, Giedd JN, Kremen WS, Kendler KS, Neale
MC (2007) Review of twin and family studies on neuroana-
tomic phenotypes and typical neurodevelopment. Twin Res
Hum Genet 10:683-694

Schmitt JE, Neale MC, Clasen LS, Liu S, Seidlitz J, Pritikin JN et al
(2019) A comprehensive quantitative genetic analysis of cer-
ebral surface area in youth. J Neurosci 39:3028-3040

Sheerin CM, Lind MJ, Bountress KE, Nugent NR, Amstadter AB
(2017) The genetics and epigenetics of PTSD: overview, recent
advances, and future directions. Curr Opin Psychol 14:5-11

Shin LM, Rauch SL, Pitman RK (2006) Amygdala, medial prefrontal
cortex, and hippocampal function in PTSD. Ann NY Acad Sci
1071:67-79

Smith ME (2005) Bilateral hippocampal volume reduction in adults
with post-traumatic stress disorder: a meta-analysis of structural
MRI studies. Hippocampus 15:798-807

Stein MB, Jang KL, Taylor S, Vernon PA, Livesley WJ (2002)
Genetic and environmental influences on trauma exposure and


https://www.R-project.org/

Behavior Genetics (2022) 52:75-91

91

posttraumatic stress disorder symptoms: a twin study. Am J
Psychiatry 159:1675-1681

Team Stan Development (2016) Rstan: the r interface to stan. R
package version, 2

Thege BK, Horwood L, Slater L, Tan MC, Hodgins DC, Wild TC
(2017) Relationship between interpersonal trauma exposure
and addictive behaviors: a systematic review. BMC Psychiatry
17:164

Thomaes K, Dorrepaal E, Draijer N, de Ruiter MB, van Balkom AJ,
Smit JH, Veltman DJ (2010) Reduced anterior cingulate and
orbitofrontal volumes in child abuse-related complex PTSD. J
Clin Psychiatry 71:1636—1644

Thompson PM, Jahanshad N, Ching CR, Salminen LE, Thomopoulos
SI, Bright J et al (2020) Enigma and global neuroscience: a decade
of large-scale studies of the brain in health and disease across
more than 40 countries. Transl Psychiatry 10:1-28

Tibshirani R (1996) Regression shrinkage and selection via the
LASSO. J R Stat Soc B 58:267-288

van der Merwe C, Jahanshad N, Cheung JW, Mufford M, Groenewold
NA, Koen N et al (2019) Concordance of genetic variation that
increases risk for anxiety disorders and posttraumatic stress dis-
orders and that influences their underlying neurocircuitry. J Affect
Disord 245:885-896

Verhulst B, Estabrook R (2012) Using genetic information to test causal
relationships in cross-sectional data. J Theor Polit 24:328-344

Volkow ND, Koob GF, Croyle RT, Bianchi DW, Gordon JA, Koroshetz
W1 et al (2018) The conception of the ABCD study: from sub-
stance use to a broad NIH collaboration. Dev Cogn Neurosci
32:4-7

Weaver TL, Clum GA (1995) Psychological distress associated
with interpersonal violence: a meta-analysis. Clin Psychol Rev
15:115-140

Whelan CD, Hibar DP, van Velzen LS, Zannas AS, Carrillo-Roa T,
McMahon K et al (2016) Heritability and reliability of automati-
cally segmented human hippocampal formation subregions. Neu-
roimage 128:125-137

Wolf EJ, Miller MW, Sullivan DR, Amstadter AB, Mitchell KS, Gold-
berg J, Magruder KM (2018) A classical twin study of PTSD
symptoms and resilience: evidence for a single spectrum of vul-
nerability to traumatic stress. Depress Anxiety 35:132-139

Woodward SH, Kaloupek DG, Streeter CC, Kimble MO, Reiss AL,
Eliez S et al (2007) Brain, skull, and cerebrospinal fluid volumes
in adult posttraumatic stress disorder. J Trauma Stress 20:763-774

Zou H, Hastie T (2005) Regularization and variable selection via the
elastic net. J R Stat Soc B 67:301-320

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer



	Associations Between Traumatic Stress, Brain Volumes and Post-traumatic Stress Disorder Symptoms in Children: Data from the ABCD Study
	Abstract
	Introduction
	Method
	Sample, recruitment, and assessments
	Sample
	Recruitment
	Assessments
	Structural MRI volume variables

	Statistical analyses
	TEs, PTSDsx and brain-imaging variables determination
	Regularization
	Phenotypic associations, and genetic and environmental variance decomposition


	Results
	Cross-validation via EN-regularization and data reduction
	Goodness of fit, parsimony and model selection
	Direct effects of TEs on PTSDsx and their indirect effects via the volumes of brain ROIs
	Twin correlations
	Genetic and environmental contributions to phenotypic variance

	Discussion
	Limitations

	Conclusions
	Acknowledgements 
	References




