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ABSTRACT

Increasing evidence demonstrates that environmental factors meaningfully impact the development of the brain
(Hyde et al., 2020; McEwen and Akil, 2020). Recent work from the Adolescent Brain Cognitive Development
(ABCD) Study® suggests that puberty may indirectly account for some association between the family envi-
ronment and brain structure and function (Thijssen et al., 2020). However, a limited number of large studies
have evaluated what, how, and why environmental factors impact neurodevelopment. When these topics are
investigated, there is typically inconsistent operationalization of variables between studies which may be
measuring different aspects of the environment and thus different associations in the analytic models. Multiverse
analyses (Steegen et al., 2016) are an efficacious technique for investigating the effect of different operation-
alizations of the same construct on underlying interpretations. While one of the assets of Thijssen et al. (2020)
was its large sample from the ABCD data, the authors used an early release that contained 38% of the full ABCD
sample. Then, the analyses used several ‘researcher degrees of freedom’ (Gelman and Loken, 2014) to oper-
ationalize key independent, mediating and dependent variables, including but not limited to, the use of a latent
factor of preadolescents’ environment comprised of different subfactors, such as parental monitoring and
child-reported family conflict. While latent factors can improve reliability of constructs, the nuances of each
subfactor and measure that comprise the environment may be lost, making the latent factors difficult to interpret
in the context of individual differences. This study extends the work of Thijssen et al. (2020) by evaluating the
extent to which the analytic choices in their study affected their conclusions. In Aim 1, using the same variables
and models, we replicate findings from the original study using the full sample in Release 3.0. Then, in Aim 2,
using a multiverse analysis we extend findings by considering nine alternative operationalizations of family
environment, three of puberty, and five of brain measures (total of 135 models) to evaluate the impact on
conclusions from Aim 1. In these results, 90% of the directions of effects and 60% of the p-values (e.g. p > .05 and
p < .05) across effects were comparable between the two studies. However, raters agreed that only 60% of the
effects had replicated. Across the multiverse analyses, there was a degree of variability in beta estimates across
the environmental variables, and lack of consensus between parent reported and child reported pubertal
development for the indirect effects. This study demonstrates the challenge in defining which effects replicate,
the nuance across environmental variables in the ABCD data, and the lack of consensus across parent and child
reported puberty scales in youth.
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1. Introduction

Over the last decade, advances in developmental neuroscience have
increased our understanding of the effects of environmental experiences
on cognitive and emotional development. Empirical evidence from both
animal and human literatures (Bick and Nelson, 2016; Farah, 2017;
Hackman et al., 2010; Hanson et al., 2013; McEwen and Akil, 2020;
Pizzagalli, 2014) demonstrate that developmental changes in the brain
reflect responses and adaptations to stressful environmental conditions.
These changes have implications for psychopathology (Hyde et al.,
2020), health risk behaviors (Duffy et al., 2018) and public policies
relating to poverty (Farah, 2018). However, the measurement of envi-
ronmental stress (e.g., early life adversities or stressful family environ-
ments) has contributed to debates on whether broad characterizations of
environmental stressors by researchers meaningfully relate to individual
differences of brain-behavior associations (Smith and Pollak, 2020).
Understanding the convergence between broad and specific character-
izations in large datasets, such as the Adolescent Brain Cognitive
Development (ABCD) Study®, is especially important due to a large
number of environmental, demographic and brain measures that are
accessible (Barch et al., 2018; Casey et al., 2018; Gonzalez et al., 2021;
Zucker et al., 2018). Combining these rich measures with methods that
assess reasonable variations, such as multiverse analysis (Steegen et al.,
2016), may yield critical insights about the overlap between theoreti-
cally valid decisions for future neurodevelopmental research of envi-
ronmental experiences.

One way to evaluate the associations between theoretically valid
decisions of environmental experiences and study conclusions about
neurodevelopment is by thoughtfully extending previously published
work. Thijssen et al. (2020) provided much needed evidence of the as-
sociations between environmental experiences, puberty and neuro-
development in a large sample (N = 3183) of preadolescents from the
ABCD study. The authors grounded their work in a strong theoretical
framework of a) how stressful family environments have implications
for neurodevelopment, and b) how stressful family environments may
increase the pace of pubertal development, which may in turn affect
changes in the brain. In this work, the family environment was char-
acterized using a higher-order factor that is composed of subfactors and
subscales. Common to most research studies (Gelman and Loken, 2014),
the authors had to make important decisions in how they operational-
ized this variable of the family environment, as well as the parental
reported puberty scale and different gray matter, white matter tracts and
functional coactivation brain measures. These decisions can be consid-
ered as ‘researcher degrees of freedom’ (Simmons et al., 2011). While
the decisions in Thijssen et al. (2020) were consistent with the theory
that motivated the study, other studies measuring environmental ex-
periences in the ABCD study (as we, Demidenko et al. (2021), and others
(Gonzalez et al., 2020; Ip et al., 2022; Petrican et al., 2021; Taylor et al.,
2020) have done may reasonably impose different decisions that may
contribute to different results and conclusions. Thus, given the rich
higher-order model in Thijssen et al. (2020), we first perform a repli-
cation of the original study using the full baseline data. Second, we
evaluate their core analyses using the multiverse (Steegen et al., 2016)
and specification curve analyses (Simonsohn et al., 2020) to investigate
how the use of different environmental and puberty variables in the
ABCD study data may impact interpretations and conclusions pertaining
to the investigated brain-behavior associations. While the replication
provides evidence of how effects replicate across research teams and
different sets of ABCD data, the specification curve provides a reference
for how alternative definitions of key variables that represent stressful
experiences in the environment may impact the underlying conclusions.

1.1. Measurements of family environmental, puberty and brain

As discussed above and in Smith and Pollak (2020), there are com-
plex and equally plausible ways to define a stressful environment. This is
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especially true given the ecological context in which development oc-
curs (Bronfenbrenner and Morris, 2007; Oshri et al., 2020) and how
environmental stressors are linked to the developing brain (Hyde et al.,
2020). Research studies may use broad constructs or individual mea-
sures to numerically represent environmental experiences. While indi-
vidual measures may strongly reflect single latent factors, understanding
the associations of individual measures in a more nuanced way may be
valuable to the meaningful interpretation and comparison of findings.

One way to evaluate environmental experiences is to study the
quality of a child’s family environment and its potential, associated
stressors. Within the ABCD study design, Thijssen et al. (2020) define the
family environment as a construct encapsulating interactions between
family members, socioeconomic status (SES) and psychopathology in
the home. It is based on the evolutionary theory of psychosocial accel-
eration (Belsky et al., 1991), whereby children adapt their development
based on their environment, such as caregiving, availability of resources
and interpersonal relationships. The latent measure of the family envi-
ronment used in Thijssen et al. (2020) consisted of child-report of
parental conflict, monitoring and acceptance, parent-report of conflict
and psychopathology variables, and several demographic question-
naires from the ABCD study. This conceptualization of stressful experi-
ences in the environment, which combines a variety of factors into a
single measure of family environment, is comparable to the cumulative
risk approach (Evans et al., 2013; Smith and Pollak, 2020).

Given that children often encounter a constellation of risk factors and
that the cumulative effect of multiple risks is greater than any singular
risk combined (Evans et al., 2013; Gach et al., 2018), examining the
aggregated impact of multiple risk factors has been a prominent way to
study the impact of stressful family environments. Contemporary
frameworks have also examined the impact of unique environmental
stressors as distinct types of adverse events using a dimensional
approach (McLaughlin et al., 2014, 2017, 2021). It is unclear, however,
whether different operational approaches (e.g., lumping or splitting)
when measuring the family environment may be associated with
divergent outcomes (Smith and Pollak, 2020) or lose information about
individuals and critical caregiving factors (Pollak and Smith, 2021).

The quality of parenting and resources within an environment are
reported as important contributors to socioemotional development, but
their associations with neurodevelopment remain unclear. Experiences
such as parental separation (Corrds et al., 2017), parent-child and family
conflicts (Repetti et al., 2002), or growing up in impoverished envi-
ronments (Conger et al., 2002; McLoyd, 1998) have been reported to
increase risks for child behavioral problems (Flouri et al., 2014) and
poor functioning in academic settings (Hair et al., 2015). It is proposed
that such adversities may accelerate maturation of subcortical structures
that are implicated in emotion regulation (Callaghan and Tottenham,
2016), such as the amygdala (Whittle et al., 2014) and anterior cingulate
cortex (ACGC; Thijssen et al., 2020; Zuo et al., 2019), in addition to their
corresponding functional coactivations (Gee et al., 2013; Park et al.,
2018; Thijssen et al., 2017). However, there is nuanced variation among
the associations between the family environment and neural structures
and function. Many studies, for instance, report that brain volume and
surface areas are smaller in children of low SES (Farah, 2017) or those
who were exposed to childhood trauma (De Bellis et al., 1999), but
larger in other cases (Tooley et al., 2021). This poses the question of how
broad (e.g., latent factors) and individual measures (e.g., parental con-
flicts or income) relate to neurodevelopment. In fact, work by Rakesh
et al. (2021a,b) using the ABCD study data reported that different con-
structs of stressful experiences (i.e., neighborhood disadvantage,
parental education and high household income-to-needs ratios) were
uniquely related to specific functional networks.

The subtleties of the family environment may be especially impor-
tant as they relate to the effects of environmental adversities and pu-
bertal onset. For example, adverse family environments have been
reported to cause earlier pubertal onset (Belsky, 2019; Ellis and Garber,
2000; Kim and Smith, 1998; Moffitt et al., 1992); however, there are also
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reports that the effects of early stress on puberty may depend on specific
experiences (Colich et al., 2020) and child sensitivity to environmental
contexts (Ellis et al., 2011). These inconsistencies may in part be
attributed to challenges in measuring pubertal development. For
instance, parents and children may have differing accounts of child
pubertal development. This lack of concordance may be more pro-
nounced at younger ages, including critical prepubertal stages (Clawson
et al., 2020; Kapetanovic and Boson, 2020; Yi-Frazier et al., 2016). For
boys, physical changes may be less readily apparent to parents (Dorn
et al., 2003). These factors suggest that how pubertal development is
measured may introduce bias that could produce differing conclusions
about the relations between puberty and environmental adversities.

To date, investigations using the ABCD study data have drawn upon
different measures of the family environment and puberty when
studying neurodevelopment. For instance, studies focused on neuro-
development have used latent factors of the family environment (Thijs-
sen et al., 2020, 2022), bio-psycho-social ecologies (Gonzalez et al.,
2020), neighborhood and family income/stress (Demidenko et al., 2021;
Ip et al., 2022; Sripada et al., 2021; Taylor et al., 2020) and material
deprivation/threat/social support (DeJoseph et al., 2022; Petrican et al.,
2021), or individual scales of family-to-needs ratios (Gonzalez et al.,
2020; Rakesh et al., 2021), poverty levels (Ellwood-Lowe et al., 2021),
parental education (Rakesh et al., 2021a,b), area deprivation indices
(Rakesh et al., 2021; Rakesh et al., 2021) and parental acceptance
(Rakesh et al., 2021). As for measures of pubertal development (see
reviews regarding measures and correspondence of pubertal scales:
Cheng et al. (2021) and Herting et al. (2021)), published works using
ABCD data have used parent-reported pubertal development (Demi-
denko et al., 2021; McNeilly et al., 2021; Thijssen et al., 2020, 2022) or
youth/parent reported averages of pubertal development (Petrican
etal., 2021). Given variations in the analytic choices regarding measures
of the family environment and puberty, the overall goal of the current
analysis is to use a multiverse approach to understand the nuanced as-
sociations among stressful family environmental experiences, puberty
and neurodevelopment when using broad measures (i.e., latent factors)
that are comprised of multiple scales as well as specific measures (i.e.,
individual scales) that are based on individual scales.

1.2. Evaluating robustness using multiverse analyses

Multiverse analyses (Steegen et al., 2016) have emerged in psy-
chology in response to the replication crisis in the field (Loken and
Gelman, 2017; Open Science Collaboration, 2015). In its simplest form,
multiverse analyses capture all possible results of analyses stemming
from reasonable variations of data preparation and variable selections,
such as decisions by researchers to use a median split or latent factor to
operationalize a variable, as in the variety of measures of environmental
adversities. These decisions may at times be considered as ambiguous
and thus categorized as a researcher’s degrees of freedom in the analytic
process (Simmons et al., 2011). For instance, decisions may comprise
broad or specific operationalizations of constructs intended to capture
different forms of environmental experiences (Smith and Pollak, 2020).
As the observed data for individuals across different variables varies and
statistical models leverage this variability to make statistical inferences,
the multiverse allows the comparison of “many worlds” of data (Steegen
etal., 2016, p. 703) and draws inferences from the many statistical results.

The multiverse technique can be used to explore and aggregate how
robust an effect is across different measures and model permutations.
One approach used to aggregate the results from the multiverse analysis
is to use a specification curve (Simonsohn et al., 2020). The specification
curve analysis runs all specified model permutations, reporting the
range of effects for each model in one panel and the associated variables
included in the model for the respective effect in a second panel. This
technique provides a visual representation of the variation of positive,
negative and null effects and their significance across the range of var-
iables that may have reasonably been specified in a model.
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Multiverse analyses have been used in behavioral and neuro-
developmental work. For instance, Orben et al. (2019) evaluated the
association between social media use and life satisfaction, reporting
inconsistencies that were dependent on how sex was modeled and which
analytical method used. Bloom et al. (2021) used a multiverse analysis
to evaluate the robustness of age-related changes in functional activa-
tion and brain connectivity in their longitudinal cohort of 4-22
year-olds. Across their model permutations, they reported age-related
associations in functional activation in the amygdala were relatively
robust to model permutations but findings for amygdala-medial pre-
frontal cortex connectivity were inconsistent across model permuta-
tions. Finally, Rijnhart et al. (2021) used a multiverse analysis on a
mediation model to examine indirect, direct and total effects of models
evaluating whether fat mass mediated the association between weight
change and bone mineral density. Across their models, they observed
effects that were consistent and in agreement with existing work, which
suggested that association between weight change and bone mineral
density was robust overall, across alternative analytic decisions in their
sample. The literature demonstrates the feasibility of multiverse ana-
lyses to provide nuanced information regarding how key variables and
statistical decisions relate to the consistency of evidence for prevailing
hypotheses.

1.3. Current study

The current study consists of two aims which attempt to replicate
(Aim 1) and extend (Aim 2) the findings from primary analyses in
Thijssen et al. (2020) that used the Release 1.1 data from the ABCD
study. The focus in this study is on associations between the (a) envi-
ronmental variables (i.e., parent and youth reported family conflict
scale, youth reported parental monitoring and parental acceptance, and
parent reported income/education) and (b) structural (T1; Bilateral
Amygdala Subcortical, Bilateral Anterior Cingulate Cortex (ACC)
Cortical Thickness, Bilateral ACC Cortical Area) and resting state coac-
tivations (e.g., bilateral Cingulo-Opercular Network and Amygdala
functional connectivity), and how (c) reported puberty mediates these
associations. Given that the focus here is on the primary analysis in
Thijssen et al. (2020) and the limited variability on the pubertal scale in
baseline release of the ABCD study 9-10 years old sample, we do not
evaluate the stratified differences of sex.

In Aim 1, we conduct a hybrid-replication of the primary mediation
models from Thijssen et al. (2020; which used the partial release, 37%,
of the baseline ABCD data) in the full release of the baseline data. Given
the definition of reproducibility and replicability in the literature (Art-
ner et al., 2021), we refer to this as hybrid replication because the
baseline ABCD data used here comprises part of the original dataset and
63% new data. Based on replication studies (Open Science Collabora-
tion, 2015), we evaluate whether the results replicate by considering
three metrics: 1) consistency in direction and significance of the indirect
and direct effects in these analyses and the original published work, 2)
evaluate whether the estimates from this original study overlapped with
the 95% confidence interval for the replication study and 3) a subjective
rating of reproducibility of effects by randomly selecting a subset of
coauthors to assess whether estimates did or did not replicate.

In Aim 2, we extend Aim 1 findings by using a multiverse analysis
that varies along the independent variable (the overarching family
environment factor) and the mediator (parent reported, youth reported
and youth/parent reported average puberty). Within the constraints of
the ABCD study design, we consider the theoretically plausible sub-
factors and individual scales that may be used in future research to
evaluate the family environment, as well as the parent and youth re-
ported variable of pubertal development. We report the results of the
multiverse analysis of the mediation model using specification curves
(Rijnhart et al., 2021; Simonsohn et al., 2020) for the direct, indirect and
total effects.

Some reasonably assert that, like the definitions in an analysis
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pipeline, defining the multiverse is often arbitrary (Del Giacco et al.,
2021). Hence, we use alternative derivations of the variables that are
modeled in the Family Environment factor in Thijssen et al. (2020), such
as sub-factors (i.e., Parent, Child and Demographic factors) and indi-
vidual scales (e.g., Parental monitoring and Parental Incom-
e/Education). These derivations have been and may be used in future
ABCD studies using theoretical frameworks to obtain numerical repre-
sentations of stressful experiences in the environment, and to identify
differences between the use of parent and youth reported pubertal
development. These results will have important implications for repli-
cation and variability of effects using different measures.

2. Methods
2.1. Participants

The ABCD Consortium study includes longitudinal data that are
released based on a predefined schedule (https://abcdstudy.org/scien
tists/data-sharing/). The ABCD sample is composed of 11,878 9- and
10-year-old preadolescents enrolled across 21 ABCD research sites
(Garavan et al., 2018; Volkow et al., 2018). The analyses in Thijssen
et al. (2020) utilized Data Release 1.1 of the ABCD Study, which rep-
resented approximately 37% of those preadolescents. For this data
replication and extension study, data are drawn from the Data Release
3.0. Consistent with Thijssen et al. (2020), several exclusion criteria are
applied. Participants were excluded if the structural gray matter data
was moderately/severely impacted by (1) motion, (2) intensity in-
homogeneity, (3) white matter underestimation, (4) pial over-
estimation, or if the resting state fMRI (5) average framewise
displacement value was greater than 0.55mm and (6) a fieldmap was not
collected within two scans. Then, also consistent with the original work,
participants were excluded if (1) the guardian completing the survey at
the visit was not a biological parent (i.e., biological mother or father),
(2) participant is a twin/triplet and (3) if siblings were enrolled from a
family, one sibling was randomly excluded. This scheme resulted in a
sample of 6658 participants of which N = 2482 (37%) were represented
in the first partial release. The distinction between the first and subse-
quent releases is based on the August 30, 2017, data cut-off provided by
the ABCD Data Analytics and Resource Center. Code used in these an-
alyses is publicly available (Demidenko, 2022).

2.2. Measures

Complete details of the measures used are available in the Supple-
mental Materials and in Thijssen et al. (2020). Abbreviated information
is presented below. For more details about the variables and code
covered in this section, please refer to the associated files with this OSF
preregistration on GitHub (Demidenko, 2022).

2.3. MRI

Consistent with the original paper, we used the tabulated summary
statistics of MRI data provided by the ABCD consortium’s data analytic
core through their neuroimaging processing algorithm and subject-level
analysis plans noted in the Hagler et al. (2019). Specifically, we focus on
the Bilateral Amygdala Subcortical Volume, Bilateral ACC Cortical
Thickness, Bilateral ACC Cortical Area and resting state coactivations of
bilateral Cingulo-Opercular Network and Amygdala functional connec-
tivity. Bilateral values, such as the Bilateral Amygdala Volume, reflect
the mean of the left and right structural estimates. The ACC Fractional
Anisotropy was excluded in the present analyses, as there were reported
preprocessing differences for diffusion weighted data following release
1.1. Part of the results in Thijssen et al. (2020) were later updated due to
corrections that were announced by the ABCD consortium regarding the
preprocessing of rsfMRI data (Thijssen et al., 2021).

Data were acquired from T1-weighted anatomical scans and resting-
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state fMRI (see Casey et al. (2018) for more details). Prior to scanning,
participants were invited to experience mock scanners to familiarize
themselves with MRI procedures. Head motion was monitored while
participants were in the MRI scanners and corrected for as part of the
analyses. MRI preprocessing and analyses information, which were
conducted by the ABCD consortium’s data analytic core is in part
summarized in the original publication (Thijssen et al., 2020, 2021) and
provided in Hagler et al. (2019).

2.4. Environmental measures

2.4.1. Child items/factor

An abbreviated measure of maternal acceptance, the Child Report of
Parent Behavior Inventory (5-item CRPBI; Schaefer, 1965), is used. Items
are averaged such that higher scores indicate higher perceptions of parental
acceptance (i.e., higher scores are interpreted as a more positive family
environment). The youth reported Family Environment Scale (9-item
FES-Y; Moos and Moos, 1976) is a youth self-report measure that as-
sesses family social environment as perceived by the family member.
Items are averaged and reverse coded such that higher scores indicate
lower perceptions of family conflict (i.e., higher scores interpreted as a
more positive family environment). The Parental Monitoring Survey
(5-item PMON; Chilcoat and Anthony, 1996) is a youth self-report
measure that assesses parental monitoring/supervision. Items are aver-
aged such that higher scores indicate higher parental monitoring (i.e., higher
scores interpreted as a more positive family environment).

For the current study, the Child Factor is composed of the individual
items of the CRPBI, FES-Y and PMON scales. To account for the reli-
ability of each scale, a confirmatory factor analysis was submitted to
lavaan::cfa() (Rosseel et al., 2021) in R version 4.0.3 (R Core Team,
2020). Each measure’s items load onto their respective scales (i.e.,
CRPBI, FES-Y and PMON) and the subfactors were then loaded onto a
main Child Factor. Given the ordinal scales, each item was labeled as
‘categorical’ and all factor variances were constrained to 1. While there
are extensive discussions regarding appropriate fit criteria for Confir-
matory Factor Analysis (CFA) models (McNeish and Wolf, 2021), here
we use thresholds that are comparable to those in the original paper
(Thijssen et al., 2020, p. 689). For the Child Factor, in the current sample
the fit criteria are reasonable: y2(149) = 1092.6, p < .001; Comparative
Fit Index (CFI) = 0.97; Tucker-Lewis Index (TLI) = 0.97; Root Mean
Square Error of Approximate (RMSEA) = 0.03; Standardized Root Mean
Square Residual (SRMR) = 0.05. The loadings of each subscale on the
Child Factor are 0.82 for CRPBI, —0.54 for FES-Y and 0.77 for PMON,
such that higher scores on the Child Factor reflected positive aspects of
the environment. Factor scores were extracted and used in subsequent
analyses.

2.4.2. Parent items/factor

Like the FES-Y, the parent-reported Family Environment Scale (9-item
FES-P) is a measure that assesses family social environment as perceived
by the family member. Items are averaged and reverse coded such that
higher scores indicate higher perceptions of family conflict (i.e., higher
scores interpreted as a more positive family environment). One item
measuring conflict from the Kiddie Schedule for Affective Disorders and
Schizophrenia (KSADS; Kaufman et al., 1997) was used to assess
parental-child conflict. High scores on this item indicate a more negative
relationship between the child and parent (i.e., higher scores interpreted as
a more negative family environment).

For the current study, the Parent Factor is composed of the individual
items for FES-P and KSADS scales. To maintain the item/factor structure
from Thijssen et al. (2020), two items from the FES-P (Q7 & Q9) were
excluded. Like the Child Factor, a CFA was submitted to lavaan::cfa() in
R with each measure’s items loading onto the Parent Factor. Given the
ordinal scales, each item was labeled as ‘categorical’. Using the fit
criteria from the original paper, in the current sample the fit criteria for
this factor are reasonable, y2(20) = 947.6, p < .001, CFI = 0.93, TLI =
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0.90, RMSEA = 0.08, SRMR = 0.10. For ease of interpretation, we
inverted our Parent Factor scores to ensure its consistency with the
Family Environment scores (described below). Thus, higher scores on
the reverse-coded Parent Factor indicate more positive aspects of the
environment. Factor scores were extracted and used in subsequent
analyses.

2.4.3. Demographic items/factor

Youth self-reported their age in months, their sex at birth using op-
tions “Male”, “Female”, “Other”, and race/ethnicity, (1) “White, (2)
“Black”, (3) “Hispanic”, (4) “Asian”, (5) “Other”. These variables were
used as covariates in the mediation models, consistent with Thijssen
et al. (2020).

Parents self-reported on income, education, separation and preg-
nancy variables. For combined household income, parents selected an
income category for the past 12 months ranging from (1) “less than
$5000” to (10) “$200,000 and greater”. Parents reported on their or
their partner’s highest level of education by selecting an education
category that ranged from (0) “Never Attended” to (21) “Doctoral De-
gree”. Parents reported on their marital status, such as (1) “Married” or
(6) “Living with partner” and whether their pregnancy with the child
was a planned pregnancy (Yes/No).

Parental psychopathology was assessed using the comprehensive
measure from the Achenbach System of Empirically Based Assessment
Adult Self-Report (ASRS; Achenbach and Rescorla, 2003). Here, the
t-scored total problems score is used (range 25-100), whereby higher
values indicate higher problems.

For the current study, the Demographic Factor is composed of in-
come, education, separation, pregnancy and the parental psychopa-
thology variables. Like the Parent and Child Factors, confirmatory factor
analysis was submitted to lavaan::cfa() in R with each measure’s items
loading onto the Demographic Factor. Given the ordinal scales, each
item except for parental psychopathology was labeled as ‘categorical’.
Using the fit criteria from the original paper, in the current sample the fit
criteria for this factor are reasonable, y2(5) = 195.4, p < .001, CFI =
0.98, TLI = 0.96, RMSEA = 0.08, SRMR = 0.05. For ease of interpre-
tation, we inverted our Demographic Factor scores to ensure it is
consistent with the Family Environment scores (described next). Higher
scores on the Demographic Factor indicate more advantaged aspects of
the environment. Factor scores were extracted and used in subsequent
analyses.

2.4.4. Family environment factor

Like the original paper, the Family Environment higher order factor
is a confirmatory factor that is composed of the Child, Parent and De-
mographic variables. The confirmatory factor analysis was submitted to
lavaan::cfa() in R. In a single model, the youth reported items repre-
senting the family environment (i.e., CRPBI, FES-Y, PMON) loaded onto
a Child subfactor, the Parent reported items representing the family
environment (i.e., FES-P and KSADS) loaded onto the Parent subfactor
and the demographic items representing the family environment (i.e.,
Income, Education, Planned Pregnancy, Parental Separation and Parent
ASRS) loaded onto the Demographic subfactor. All subfactors were then
loaded onto the overarching Family Environment Factor. All factor
variances were constrained to 1. In the model, excluding parental in-
come and parental psychopathology, all categorical items were entered
as categorical under the ‘ordered’ option in lavaan:cfa. Using the fit
criteria from the original paper, the fit criteria for this factor are
reasonable for this sample, y2(458) = 7079.2, p < .001, CFI = 0.89, TLI
= 0.89, RMSEA = 0.05, SRMR = 0.07. The standardized loadings are
Child (Loading: —0.56; 95% CI: —0.59 to —0.54), Parent (Loading: 0.55;
95% CI: 0.53 to 0.58) and Demographic (Loading: 0.47; 95% CI: 0.45 to
0.49). For ease of interpretation, we inverted our family factor scores to
ensure it is consistent with the previous study. Thus, higher scores on the
Family Environment Factor indicate a less stressful family environment.
Factor scores were extracted and used in subsequent analyses.
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2.5. Pubertal stage

The Pubertal Development Scale (PDS; Petersen et al., 1988) assesses
the child’s pubertal stage. The PDS is a non-invasive measure that as-
sesses current pubertal status in females and males. Higher scores
indicate further progression in puberty. Here we use the (1) youth
self-reported average scores to assess youth reported pubertal develop-
ment, (2) parent reported average scores that assess parent reported
pubertal development and (3) as used in prior ABCD studies (Petrican
et al., 2021) the average of parent and youth reported average pubertal
development scores.

2.6. Analytic plan

Descriptive statistics were calculated for key demographic variables
for this study. Bivariate Pearson correlations (r) are provided for the
relations between variables of interest, the subfactors and overarching
factors. Distribution plots for each variable are also provided to repre-
sent the normality of these variables. Descriptive statistics and the
Pearson correlation tables among the demographic and factor variables
were provided as part of the pre-registration as they are not central to
the conceptual replication (Aim 1) and multiverse analyses (Aim 2); see
conceptual Fig. 1.

The core analyses in our pre-registration (https://doi.org/10.17605/
OSF.IO/GXK96) were to test the indirect effect of reported pubertal
development on the association between the environment and the
structure and function of the brain (Thijssen et al., 2020). The mediation
model is composed of several parts: path-c, path-a, path-b, path-c’ and
the indirect effect, as illustrated in traditional mediation analyses (Baron
and Kenny, 1986; Mackinnon and Dwyer, 1993), shown in Fig. 1 and
expanded on in the supplemental materials.

In Aim 1, we replicate the core Mplus mediation results from the
Thijssen et al. (2020) study using structural equation modeling using
lavaan (Rosseel, 2012) in R version 4.0.3 (R Core Team, 2020). We
re-analyze mediation analyses using the IV (Family Environment Fac-
tor), the mediator (parent self-reported pubertal development), and the
five brain DVs ((1) Bilateral Amygdala Subcortical (Amygdala volume),
(2) Bilateral ACC Cortical Thickness (ACC CT), (3) Bilateral ACC Cortical
Area (ACC CA), (4) Cingulo-Opercular Network and Left Amygdala
functional connectivity (Left Amyg-CON) and (5) Cingulo-Opercular
Network and Right Amygdala (Right Amyg-CON) functional

Par
A Reported PDS
a b
Family ¢ Five Different
Environment Total Effect - ¢ Brain DVs
Indirect:

a*b = 5,000 Bootstraps

B Par, Yth,

Avg Par/Yth
a Reported PDS b

* five total models

Nine Different ¢
Environment Total Effect - ¢

IVs
Indirect:
a*b = 5,000 Bootstraps

Five Different
Brain DVs

Fig. 1. Conceptual model for proposed analyses in Aim 1 and Aim 2. A:
Mediation model from Thijssen et al. (2020) that is used in replication. B:
Proposed models for the mediation analyses, varying across nine independent
variables (IV) and three mediators.
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connectivity, see conceptual Fig. 1A). The replication of estimates,
specifically indirect and direct coefficients, from the original study and
replication in Aim 1 are evaluated using three metrics. First, similar to
reports in Open Science Collaboration (2015), for each of the five
mediation models in Aim 1, the consistency in a) direction and b) sig-
nificance of the indirect and direct effects in these analyses and the
original published study. Second, acknowledging the sample and mea-
sure variability that contribute to our confidence in effects, for each of
the five mediation models, we plot the overlap between the a-path,
b-path, indirect, direct and total effects from the original study with
their 95% confidence interval (CI) for this replication study. Then,
similar to reports of replication in Open Science Collaboration (2015),
we also do the inverse, whereby we overlap the estimate from the
replication with the original studies 95% CI. For the original work, we
estimate the upper bound 95% CI by adding 1.96*Standard Error to f
and the lower bound 95% CI by subtracting 1.96*Standard Error from p
that are published in Figure 1 and Table 4-6 in the original paper
(Thijssen et al., 2020). In cases where we could not calculate this from
the original paper, such as for indirect and total effects, we received
standard error terms from the original study’s authors. Third, out of the
list of eight authors on the pre-registered project (https://doi.org/10
.17605/0SF.I0/GXK96) that were not part of the original study
(Thijssen et al., 2020), MID, DPK, KII, SL and HB were selected to report
whether the effect (1) did or did not (0) replicate. Agreement was
operationalized as when 80% (4 out of 5) of the authors determined that
an effect did or did not replicate. The authors inspected the sample size,
beta estimates, 95% CI and p-values from both the original and repli-
cation study to derive their conclusion. Based on these ratings, we
calculate and report the fraction of authors, e.g. n/5, that concluded
whether each effect was replicated from the original to the current
study. Thus, in the replication we evaluate whether the inference and
conclusions from the model are consistent between the studies.

In Aim 2, we extend the mediation results in Aim 1 by evaluating the
effects across the theoretically plausible multiverse of the independent
family environment variables and mediating pubertal variables (See
Table 1 and Fig. 1B). Specifically, we consider the theoretically plausible
independent variables: Child Factor, Parent Factor, Demographic Factor
and frequently used scales measuring parental acceptance, parental
monitoring and family conflict, as reported by the youth and parents

Table 1
Aim 2 variables for multiverse analyses: IV*M*DV = 135 total mediation
models.

Environment (IV) Puberty Scale Brain (DV) Covariates
(M) (constant)
(1) Family (1) Parent (1) Bilat. Age, Race/
Environment Factor Reported PDS Amygdala SV Ethnicity, Sex
(2) Parent Factor (2) Youth (2) Bilat. ACC
Reported PDS CT
(3) Child Factor (3) Averaged (3) Bilat. ACC
Parent/Youth CA
PDS
(4) Demographic (4) Left Amyg-
Factor CON rsfMRI
(5) FES Youth (5) Right Amyg-
CON rsfMRI

(6) FES Parent

(7) Parental
Monitoring

(8) Parental
Acceptance

(9) z-scored Parental
Income/Education

PDS = Pubertal Development Scale; FES = Family Environment Scale (reverse
scored); Bilat = Bilateral Average; ACC = Anterior Cingulate Cortex (rostral/
caudal average); Amyg-CON = Amygdala Cingulo-Opercular Network Connec-
tivity; SV = Subcortical Volume; CT = Cortical Thickness; CA = Cortical Area; IV
= Independent Variable; M = Mediator; DV = Dependent Variable.
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and, given their large correlation (r = 0.62), the z-scored average of
parent reported income and education. Given the nuance in the pubertal
scale and dissimilarity discussed above, we consider the theoretically
plausible mediator of youth self-reported, parent reported and the
average of youth/parental reported pubertal development stage.

Similar to the multiverse mediation analyses in Rijnhart et al. (2021),
in Aim 2, the mediation results across our 135 mediation model per-
mutations are reported using specification curves (Simonsohn et al.,
2020). A specification curve is reported independently for the direct,
indirect and total effect. This is used to represent the range of estimated
effects across the variable permutations. This is reported in two panels.
Figure Panel A represents the ordered estimated beta coefficients and
their associated significance (null hypothesis is 0) colored based on no
significance (gray), negative (red) or positive (blue) significance.
Figure Panel B represents the analytic decisions (i.e., IV, DV and medi-
ator) that are in the model that produced these ordered estimates. To
draw inferences across the specification curve, we report several results.
First, like Rijnhart et al. (2021), we report the frequency and direction of
the effect across the multiverse compared to the effects in Aim 1. Second,
we consider the proportion of effects from Aim 1 that overlap with the
95% CI in Aim 2 for each brain outcome. Finally, we consider the pro-
portion of values that are significant in the direction that is consistent
with Aim 1 results. The latter is solely for reporting the percentage of
effects that may go unnoticed given the traditional null-hypothesis
testing framework and the p < .05 threshold that is often used in psy-
chology research. We set the alpha cut-off (p < .05) for the mediation
analyses. This is consistent with recent perspectives on multiple com-
parison corrections in exploratory work (Rubin, 2021; Thompson et al.,
2020). To provide context for deviations across our models, we consider
within/between category variation. For instance, we may observe
greater similarity in effects across the overarching Family Environment
and Parent, Demographics and Child subfactors than the Family Envi-
ronment factor and individual scales, as the factors may capture more
signal and less noise (Hodson, 2021). We report this in a two-panel
figure to easily digest the difference in direction and magnitude of ef-
fects across factor derived and individual measure scores.

3. Results

Characteristics of the sample analyzed in the current study are pre-
sented in Table 2. The final sample was composed of 6658 participants
(50.6% male). The average age of the participants included in the
sample was 119 months, or approximately 10 years old. Parent-reported
and child self-reported PDS mean scores were 1.78 and 2.09, respec-
tively. This assessment of pubertal development indicates that partici-
pants were, on average, in the “early puberty” stage of pubertal
development. Notably, 3.9% of the parent reported and 19.7% of the
child reported PDS scores were missing.

Fig. 2 provides the correlations between the environment, puberty
and brain measures used in this study (Specific Pearson r estimates are
available in Supplemental Table S1). As reported in Fig. 2, the de-
mographic factor correlated with parent, child and family environment
factors at r = 0.13, r = 0.13 and r = 0.64, respectively. These correla-
tions differed slightly from those in the original study (Thijssen et al.,
2020), which reported correlation metrics of r = 0.29, r = 0.31 and r =
0.67, respectively. The correlation among the other factors is compa-
rable to those reported in Thijssen et al. (2020). Specifically, correla-
tions from the replication analyses between the family environment
factor and the child factor (r = 0.59) and between the family environ-
ment factor and the parent factor (r = 0.76) are comparable to the
original analyses (r = 0.70 and r = 0.80 for the same analyses, respec-
tively). However, the correlation between parent and child factors (r =
0.13) in the replication analyses were different in magnitude than the
original analysis (r = 0.38).

Then, with the exception of a couple of variables, most of the self-
reported variables were weakly correlated (r < |0.10|) with the five
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258 (5.4%)

406 (5.7%)

Table 2 Table 2 (continued)
Sample descriptives across different releases and for final sample. Total Release Pre Release Post Final
Total Release Pre Release Post Final Release Aug 8, 2018 Aug 8, 2018 Sample
Release Aug 8, 2018 Aug 8, 2018 Sample N = N = 4743 N — 7135 N — 6658
N= N = 4743 N =7135 N = 6658 11,878
11,878 Mean (SD)
Mean (SD) Associates: 664 370
Age (Months) 119 120 (7.33) 118 (7.53) 119 Academic (5.6%) (5.6%)
(7.50) (7.46) Bachelor’s degree 3333 1452 1881 1849
Parent Report - PDS  1.76 1.72 (0.850) 1.78 (0.880) 1.78 (28.1%) (30.6%) (26.4%) (27.8%)
(0.868) (0.876) Master’s degree 2280 984 (20.7%) 1296 1259
Missing, N (%) 472 136 (2.9%) 336 (4.7%) 261 (19.2%) (18.2%) (18.9%)
(4.0%) (3.9%) Professional School 334 147 (3.1%) 187 (2.6%) 205
Youth Report - PDS 2.08 2.08 (0.833) 2.08 (0.834) 2.09 (MD) (2.8%) (3.1%)
(0.834) (0.828) Doctoral degree 380 149 (3.1%) 231 (3.2%) 228
Missing, N (%) 2336 415 (8.7%) 1921 1312 (3.2%) (3.4%)
(19.7%) (26.9%) (19.7%) Refuse to Answer 17 (0.1%) 6 (0.1%) 11 (0.2%) 9 (0.1%)
N (%) Race
Sex White 6182 2777 3405 3427
Female 5682 2262 3420 3291 (52.0%) (58.5%) (47.7%) (51.5%)
(47.8%) (47.7%) (47.9%) (49.4%) Black 1784 468 (9.9%) 1316 897
Male 6196 2481 3715 3367 (15.0%) (18.4%) (13.5%)
(52.2%) (52.3%) (52.1%) (50.6%) Hispanic 2411 934 (19.7%) 1477 1536
Family Income (20.3%) (20.7%) (23.1%)
Less than $5000 417 104 (2.2%) 313 (4.4%) 253 Asian 252 106 (2.2%) 146 (2.0%) 148
(3.5%) (3.8%) (2.1%) (2.2%)
$5000 through 421 133 (2.8%) 288 (4.0%) 235 Other 1247 458 (9.7%) 789 (11.1%) 650
$11,999 (3.5%) (3.5%) (10.5%) (9.8%)
$12,000 through 274 79 (1.7%) 195 (2.7%) 155 Parents’ Marital Status
$15,999 (2.3%) (2.3%) Married 7991 3349 4642 4506
$16,000 through 524 186 (3.9%) 338 (4.7%) 296 (67.3%) (70.6%) (65.1%) (67.7%)
$24,999 (4.4%) (4.4%) Widowed 97 (0.8%) 49 (1.0%) 48 (0.7%) 40 (0.6%)
$25,000 through 654 237 (5.0%) 417 (5.8%) 399 Divorced 1082 470 (9.9%) 612 (8.6%) 567
$34,999 (5.5%) (6.0%) (9.1%) (8.5%)
$35,000 through 934 363 (7.7%) 571 (8.0%) 519 Separated 464 152 (3.2%) 312 (4.4%) 262
$49,999 (7.9%) (7.8%) (3.9%) (3.9%)
$50,000 through 1499 634 (13.4%) 865 (12.1%) 820 Never Married 1460 449 (9.5%) 1011 808
$74,999 (12.6%) (12.3%) (12.3%) (14.2%) (12.1%)
$75,000 through 1572 692 (14.6%) 880 (12.3%) 906 Living with Partner 688 253 (5.3%) 435 (6.1%) 411
$99,999 (13.2%) (13.6%) (5.8%) (6.2%)
$100,000 through 3315 1382 1933 1800 Refused to Answer 94 (0.8%) 21 (0.4%) 73 (1.0%) 62 (0.9%)
$199,999 (27.9%) (29.1%) (27.1%) (27.0%) Before/After Aug 30, 2017 Cut-off *
$200,000 and 1250 556 (11.7%) 694 (9.7%) 683 Release 1 4743 - - 2482
greater (10.5%) (10.3%) (39.9%) (37.3%)
Refuse to answer 512 192 (4.0%) 320 (4.5%) 289 Release 2 7135 - - 4176
(4.3%) (4.3%) (60.1%) (62.7%)
Don’t Know (524;%) 185 (3.9%) 319 (4.5%) (3;).;%) # Release 1.1 was released in 2018 and contained part (participant’s data
Education collected before August 30, 2017) of the cohort recruited for the ABCD study.
Never attended/ 0 (0%) 0 (0%) 0 (0%) 0 (0%) Release 2.0 was released in 2019 and contained the full baseline cohort (par-
Kindergarten only ticipant’s data collected after August 30, 2017) for the ABCD study. Release 3.0
1st grade 2 (0.0%) 0 (0%) 2 (0.0%) 1 (0.0%) was released in 2020 containing initial longitudinal data. The ABCD Consortium
2nd grade 1(0.0%)  1(0.0%) 0 (0%) 1 (0.0%) posts information about recent and new releases at the following webpage:
3rd grade 10(0.1%)  3(0.1%) 7 (0.1%) 7 (0.1%) https://abcdstudy.org/scientists/data-sharing/.
4th grade 8 (0.1%) 1 (0.0%) 7 (0.1%) 5 (0.1%)
5th grade 3 (0.0%) 0 (0%) 3 (0.0%) 2 (0.0%)
6th grade 62(0.5%) 21 (0.4%) 41 (0.6%) 41 (0.6%) brain measures. Age was negatively correlated with ACC CT (r = —0.17)
7th grade 21(0.2%) 7 (0.1%) 14 (0.2%) 13 (0.2%) and positively correlated with ACC CA (r = 0.14). Sex was positively
8th grade 61(0.5%) 22 (0.5%) 39 (0.5%) 36 (0.5%) correlated with Amygdala volume (r = 0.14). The Left Amyg-CON
9th grade 136 39 (0.8%) 97 (1.4%) 82 (1.2%) s . . . .
(1.1%) correlated positively with the Family Environment and Demographic
10th grade 107 38 (0.8%) 69 (1.0%) 62 (0.9%) Factor scores (r = 0.11 & r = 0.16) and the averaged income/education
(0.9%) (r = 0.14). A similar positive correlation was found for the Right Amyg-
11th grade 193 56 (1.2%) 137 (1.9%) 118 CON with the Family Environment (r = 0.09), Demographic Factor (r =
(1.6%) (1.8%) 0.12) and the averaged income/education (r = 0.12).
12th grade 182 55 (1.2%) 127 (1.8%) 106
(1.5%) (1.6%)
High school 992 339 (7.1%) 653 (9.2%) 555 3.1. Aim I: Replication of Thijssen et al. (2020)
graduate (8.4%) (8.3%)
GED or equivalent 268 77 (1.6%) 191 (2.7%) 156
(2.3%) (2.3%) The first aim of this study is to evaluate the extent to which the ef-
Some college 1950 753 (15.9%) 1197 1087 fects reported in Thijssen et al. (2020) using intial ABCD data release
Aesoct ;1764‘4%) 535 (7.1%) %69-?”7@60/) 21666-3%) replicated in our data using a subsample from the full baseline data. Our
ssociate: 1% .67 . . . . . s .
Occupation 7.4%) 7.0%) preregistration focused on the primary interest of the original work: the

mediating role (indirect effect) of parental reported puberty on the as-
sociation (direct effect) between the family environment and the brain.
The two panel Fig. 3 presents the effects from Thijssen et al. (2020;
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indicated by a circle) and this replication study (indicated by a X). As a
reminder, in the original paper, the direct effect was significant for the
association between the family environment and the ACC CT and Right
Amyg-CON, and the pubertal stage significantly mediated the associa-
tion between the family environment and the ACC CT. We focused on
three metrics for evaluating replication of indirect and direct effects: (1)
the direction and p-values of the effects, (2) the overlap in confidence
intervals (CIs) and beta estimates between the replication and original
analyses and (3) whether most (80%) of raters holistically considered
the effect to have replicated.

First, across the five brain regions measured in both the original and
replication study, 90% of the estimates (9/10) were in the same direc-
tion and 60% of p-values (6/10) were in the same significance category
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Fig. 2. Correlations (r’s) between several key vari-
1 ables and factors proposed in Aim 2. Blue-shaded
boxes represent positive correlations; red-shaded
boxes represent negative correlations; the darkness

17
18
19

. 08 of the hue represents the magnitude of the correla-
tions.

= 06 FamEnv = Family Environment; Demo = De-
" mographic; Fact = Factor; Par = Parent; Yth = Youth;
FES = Family Environment Scale (i.e. Conflict;
F 0.4 reverse scored); PMON = Parental Monitoring;
Accept = Child Report of Parent Behavior Inventory
(i.e., Acceptance); Avg IncEdu = Average Parent Re-
- 02 ported Income & Education; PDS = Pubertal Devel-
opment Scale; Amyg = Amygdala; ACC = Anterior
L o Cingulate Cortex; CT = Cortical Thickness; CA =
Cortical Area; AmygCON = Amygdala Cingulo-
 * Opercular Network connectivity; L = Left; R =
I 0.2 Right. For specific r point estimates, see Supplemen-
tary Table S1. *p < .05, **p < .01, ***p < .001. (For
interpretation of the references to color in this figure
- -0.4  legend, the reader is referred to the Web version of

this article.)
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Fig. 3. Reported standardized p estimates for Direct
and Indirect effects from original study by Thijssen
et al. (2020) and Replication study. A: Original Study
with associated 95% CI = o; Replication Study = X.
B: Original Study = o; Replication Study with asso-
ciated 95% CI = X.

X
i ACC = Anterior Cingulate Cortex; CA = Cortical Area;
CT = Cortical Thickness; Vol = Volume; L/R Amyg-
CON = Left/Right Amygdala Cingulo-Opercular
Network connectivity.
1 Brain Outcome
o -8 ACCCA

ACCCT
#- Amygdala vol
#- L AmygCON
#- R AmygCON

(i.e., p > .05 versus p < .05) across indirect and direct estimates. Direct
effects of family environment on the brain (Right Amyg-CON, p < .001)
and indirect effects of pubertal stage linking family environment and the
brain (ACC CA p < .05, Left Amyg-CON, p < .001 & Right Amyg-CON p
< .001) that were significant in the replication study were not significant
in the original study.

Second, we considered the overlap between 95% confidence in-
tervals and the reported beta estimates in the original and replication
analyses. Here, we considered two options: (a) the extent that the
replicated beta effects overlap with the 95% CIs reported in Thijssen
et al. (2020) and (b) the extent the beta estimates from Thijssen et al.
(2020) overlap with the 95% CI in the replicated models. In the case of
the direct and indirect effects, while we found that the beta estimates
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from the replication models overlapped 100% of the time with the 95%
CIs provided in Thijssen et al. (2020) (Fig. 3A), only 50% of the beta
estimates from Thijssen et al. (2020) overlapped with the 95% CI found
in the replicated models (Fig. 3B). Information across all paths are re-
ported in Supplemental Figs. S3-54.

Third, five authors rated the extent to which the effects replicated
between the two studies. The raters reported using two evaluative
techniques, they either (a) interpreted whether the effects and magni-
tude between the original and replication study are the same or (b) in
addition to the direction and magnitude, raters considered whether the
difference in p-values (e.g., p > .05 versus p < .05) may impact the
takeaway by reader(s) and publisher(s). Across the ten direct and indi-
rect effects for the five key brain areas, raters determined that 60% of the
effects replicated, 10% did not replicate and agreement could not be
reached on 30% of the effects. Specifically, in terms of indirect effects,
the raters deemed that effects replicated for Amygdala volume and ACC
CT (100% agreement) and for ACC CA (80% agreement). Less consensus
was achieved for Left and Right Amygdala-CON (i.e., 60% agreed that
the effects replicated). This is partly due to disagreement among the
raters regarding how to compare significance between studies that are
differentially powered. For direct effects, the raters agreed that the ef-
fects of ACC CT, ACC CA and Left AmygCON replicated (100% agree-
ment), and Amygdala volume replicated (80%% agreement, whereas the
effects of Right Amyg-CON did not replicate (i.e., 80% agreement). The
completed rates of agreement for each effect are reported in the Sup-
plemental Fig. S2.

3.2. Aim 2: Multiverse analyses

The second aim of this study was to evaluate how analytical de-
cisions within a study may influence the results and interpretation of the
findings. First, with respect to the independent variable (i.e., different
measures of the environment), we considered the similarity and differ-
ences across the theoretically plausible subfactors and individual scales.
Second, with respect to the mediator (i.e., parent reported, youth re-
ported and youth/parent reported average puberty), we considered the
similarity and differences across operationalizations of pubertal
development.

The multiverse analysis for the 135 indirect effects is reported in the
specification curve below (Fig. 3). In addition, the specification curve for
the direct and total effects is reported as supplemental materials (see
Figs. S6 and S7). The specification curve consists of two panels, the es-
timates (panel A) and variables (panel B). Each estimate in panel A has
an associated X (predictor), Y (outcome) and M (mediator) ticked in
panel B, which represents the variables used for that mediation model.
For example, if we take the 50th estimate reported in panel A of Fig. 4,
we observe the estimate is non-significant (gray) with a wide 95% CI
that crosses zero. In panel B, we can observe that this same 50th estimate
is the mediating (M) role of youth reported puberty on the association
between the predictor (X), Youth FES, and the outcome (Y), ACC CT. By
cross-referencing the variables for the 50th estimate with the reported
estimates from all of the multiverse models (see the supplemental file'),
we know that the indirect effect for this estimate is § = —0.000013 (95%
CI range, 0.003 to —0.003, p = .99) and can therefore conclude that
selecting this combination of independent variable, mediators and
outcome would lead to a non-significant result.

Extending the reported effects in Aim 1, it is therefore plausible to
use this approach to investigate the robustness of results when esti-
mating the indirect effect using other predictors and mediators. First, for
the Left AmygCON, the three largest significant positive indirect effects
in Fig. 4 are the mediating effects of parental reported puberty on the
association between the predictor’s average income/education (f =
0.013), demographic factor (§ = 0.012) and the family environment

1 Supplemental File: MultiverseResults.csv.
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factor (p = 0.012) and the outcome Left AmygCON. In a similar model,
but for the Right AmygCON and ACC CT, the largest three effects are
average income/education (p = 0.012), demographic factor (p = 0.011)
and the family environment factor (f = 0.012) for the Right AmygCON,
and the demographic factor (p = 0.010), average income/education (f§
= 0.009) and the family environment factor (p = 0.008) for the ACC CT.
Then, the three largest significant positive direct effects for the parent
reported pubertal models (see Supplemental Fig. S6) are the direct effect
of demographic factor on Left AmygCON ( = 0.134), average income/
education on Left AmygCON (p = 0.122) and demographic factor on
Right AmygCON (p = 0.108). Finally, across the 135 permutations of the
mediation model, 39% of indirect, 42% of direct and 45% of the total
effects were significantly different than zero (p < .05).

3.3. Predictors: Similarity within factors and within scales

The multiverse analyses also permitted the comparison of the direct
and indirect effects between models which include each of the nine
different environment independent variables, as shown in panel B of
Fig. 1. These nine independent variables can be divided into two cate-
gories: factor derived scores (i.e., family environment, parent, de-
mographic and child) and measure derived scores (i.e., FES youth, FES
parent, parental monitoring and parental acceptance and average in-
come/education). The estimate for the family environment factor is
included in the factor (A) and measure (B) panels in Fig. 5 to provide a
reference for the degree to which estimates overlap across the levels of
measurement. Panel A of Fig. 5 shows the beta estimates of the direct
and indirect effects on the five brain outcomes for each of the factor
derived independent variables while Panel B of Fig. 5 shows the same
information for each of the measure derived independent variables.

Relative to each other, there was comparatively greater variability in
magnitude among beta estimates for the indirect effects, particularly the
AmygCON. Regarding the factor derived scores in particular, there were
significant results for all four predictors for the ACC CT brain region and
both left and right Amyg-CON. Although the magnitude and direction of
estimates including these predictors across these brain outcomes are
similar, standard errors were lower for parent and child factors
compared to family environment and demographics.

3.4. Mediator: Similarity across measures of pubertal development stage
(PDS)

A primary motivation for the multiverse analysis was to consider
how variations among PDS assessment may impact the underlying re-
sults. For the direct effects, across the 135 multiverse analyses, we found
comparable rates of significance across methods of assessing PDS. Spe-
cifically, 42% (19/45) of the parent reported PDS models, 44% (20/45)
of the youth reported PDS models and 42% (19/45) of the parent &
youth PDS average models had a significant direct effect. In comparison,
for the indirect effects, 76% (34/45) of the parent reported PDS models,
0% (0/45) of the youth reported PDS models and 38% (17/45) of the
parent & youth PDS average models had a significant indirect effect.
Youth reported PDS models had a lower number of significant a-paths
(IV —» M) than parent and youth/parent averages, 78% (35/45) versus
100%. Notably, youth reported PDS models had a substantially lower
number of significant b-paths (M — DV) than parent and youth/parent
averages, 4% (2/45) versus 78% (35/45) for parent reported PDS and
40% (18/45) for average parent/youth reported PDS. This might suggest
that in the context of analytic flexibility, the construct with which pu-
bertal development is defined significantly impacts the underlying as-
sociations and interpretations of the path model.

4. Discussion

The current study builds on the analyses of the ABCD data in Thijssen
et al. (2020) by conducting a replication and multiverse extension of the
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Fig. 4. Results of the multiverse analysis expressed as
specification curves for all of the 135 models. The
blue, gray and red colors indicate whether that stan-
dardized f estimate was a significant positive (p <
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original study. In the primary mediation analyses, Thijssen et al. (2020)
reported a significant direct effect between the overarching family
environment factor and ACC CT and Right Amyg-CON, and a significant
indicted effect, whereby parent reported pubertal development medi-
ated the association between the overarching family environment factor
and ACC CT. Our study provides a direct replication and extension of an
existing study using the publicly available ABCD data. We replicated a
subset of the direct effects for the association between the family envi-
ronment and five brain regions and the indirect effect of parent reported
pubertal development from Thijssen et al. (2020), which suggests some
behavior-brain associations may change between the releases of the
ABCD data. In the multiverse analyses, we found that, across the four
factor-derived scores and five individual measures, there was a higher
degree of variability in the magnitude and direction among beta esti-
mates for the direct effects than the indirect effects, which suggests there
are nuanced differences in effects depending on how the environmental
variable is operationalized. In the case of the indirect effects, results
were most consistent for the family environment, demographic and
income/education independent variables and the parent reported pu-
bertal measures, which suggests a substantial amount of shared variance
among variables representing SES. Collectively, these findings demon-
strate the importance and necessity of clarifying whether effects
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Fig. 5. Reported standardized p estimates for direct
and indirect effects from the multiverse analyses for
Parental Reported Puberty models only. The Family

Brain Outcome . . . .
Environment beta and its associated 95% CI is re-

] - :zz z: ported in both Panel A & Panel B to provide reference

1 o= Amydalavel for how much effects diverge from the original model
o Lamygoon  ACTOSS different operationalizations of the indepen-
o RiAyGCON dent variable.

A: estimates for the models using factor derived scores
as IV (Ml = Family Environment; A = Demographic;
@ = Parent; @ = Child). B: estimates for the models
using measure derived scores as IV (Ml = Family
Environment; o = FES Youth (i.e., Conflict; reverse

i coded); + = FES Parent (i.e., Conflict; reverse coded);
X = Parental Monitoring; ¢ = Child Report of Parent
X Behavior Inventory (i.e., Acceptance); * = Avg In-

come/Education).ACC = Anterior Cingulate Cortex;
CA = Cortical Area; CT = Cortical Thickness; Vol =
Volume; L/R AmygCON Left/Right Amygdala
Cingulo-Opercular Network Connectivity. See Sup-
plemental Figs. S8-S9 for all paths.

replicate, whether nuanced differences in operationalizations of the
family environment impact conclusions about neurodevelopment and
the potential consequences of using different pubertal scales on the
underlying results.

We used three metrics to compare the results of the original and
direct replication analyses which yielded somewhat different informa-
tion. The three metrics we used were: 1) the consistency in direction and
significance of effects, 2) whether the 95% confidence intervals from the
original and replicated studies included the effects from the other study
and 3) subjective ratings from the authors. First, while 90% of the es-
timates in the current study were in the same direction, 60% of p-values
were in the same category (e.g., p > .05, p < .05) as in the original study.
Specifically, several direct and indirect effects that were not significant
in the original work were significant in the replication. Statistically, this
can, in part, be attributable to the difference in the sample size
(Wagenmakers, 2007) and negligible correlations becoming significant
with increased power (Cohen, 1994), as the replication sample was over
two times larger than the original study, which yielded greater evidence
against the null hypothesis. The significance threshold (e.g., p < .05) is
traditionally used to evaluate whether a finding or set of findings is
published or promoted versus ending in the file drawer (Simonsohn
et al., 2014). This threshold indicates that an estimate is significantly



M.I. Demidenko et al.

different from zero but it doesn’t necessarily indicate whether two es-
timates significantly differ (Gelman and Stern, 2006). Second, it is
notable that the original study reported wider confidence intervals
compared to our replication study. This, in part, explains why only 50%
of the beta estimates from the original study overlapped with the 95%
CIs in this replication study, whereas all the beta estimates from the
replication study overlapped with the 95% CIs provided in the original
work. This difference suggests that the model estimates for the effects
reported in the original study had greater uncertainty around the esti-
mated betas than those reported in the replication given the larger
sample size of the replication. Third, across subjective ratings, the raters
agreed that 60% of the effects replicated, 10% did not replicate and 30%
could not achieve consensus among the majority of the raters. For
example, consensus was not reached for mediating effect of parent re-
ported puberty between the overarching family environment factor and
Left and Right Amyg-CON functional connectivity. This is, in part, re-
flects the two distinct ways raters judged the replication: (1) some raters
judge an effect replicated when the effect between the original and
replication study were in the same direction and magnitude, irrelevant
of the people; (2) other raters judged the magnitude, direction and the
p-values as the p-value may bias interpretation and publishing of a
result. This highlights a critical, and still unresolved, discussion of what
is meaningfully important when interpreting results between studies
and conducting replication efforts (Dick et al., 2021; Romero, 2019).

Replicability is considered to provide a metric of robustness within a
scientific discipline through direct or conceptual replications (Romero,
2019; Zwaan et al., 2018) and information about the generalizability of
a theoretical framework (Irvine, 2021). The inconsistency among these
three metrics reiterate the challenge of quantifying replication and poses
a conceptual question: what does it truly mean to replicate a study?
Fletcher (2021) acknowledges the inherent difficulty in “quantifying”
replication. Despite different procedures that exist to establish whether
replication has been successful, Zwaan and colleagues acknowledged,
“Two researchers can look at the same replication study and come to
completely different conclusions about whether the original effect was suc-
cessfully duplicated” (2018, p. 12). Thus, defining a consistent conceptual
definition of replication remains an ongoing challenge. For instance,
consider a situation in which the direction and significance of an effect
are replicated, but the magnitude of the effect differs considerably from
the original study. Would one argue that the original study has not been
replicated? Would policymakers act on the findings from the original
and the replicated study in the same way? In the current replication
study, we have determined that a portion of findings from the original
study were replicated based on the three metrics used. However, addi-
tional consideration should be given to the conceptual meaning of
replication while interpreting the current magnitude and direction of
the current effects.

The changes in the magnitude of effects during a replication are
especially important in the context of multiple comparisons. In our
replication we compared uncorrected significance values with the un-
corrected values in Thijssen et al. (2020). Recently, using the second
release of the ABCD study data, the original team conducted a replica-
tion of their study (Thijssen et al., 2020) and found some of their con-
clusions changed (Thijssen et al., 2022). Specifically, they reported that
in the new data the mediating effect of parent reported pubertal
development on the association between family environment and ACC
CT and Left Amyg-CON were significant. However, the effect for the ACC
CT was no longer significant using multiple comparison correction. Yet,
using a conservative Bonferroni correction (o/5 models), the ACC CT
model would remain significant in our replication study. Highlighting
how differences in sample size and multiple comparison corrections can
alter conclusions and make conclusions about replication even more
challenging.

Results from the multiverse analysis in the present study also
demonstrated the important role of variable selection in determining
magnitude and direction of effect sizes. Here, we found that the
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association between family environment and specific neural structures
and functional connectivity can differ by how the family environment
was operationalized. While we found consistent findings with the orig-
inal paper that parent-reported pubertal development indirectly medi-
ated the association between family environment factor and ACC CT
(Thijssen et al., 2020), we also found equally sized effects using other
socioeconomic measures, such as a demographic factor and parent re-
ported income/education. It is reasonable to speculate that these find-
ings were driven by the fact that these variables are highly correlated
and thus play a similar role in the association with brain and pubertal
development (Conger et al., 2010; Linver et al., 2002); however, these
findings also illustrate that differences in the effects of the environment
on brain and development could be explained by differential approaches
in statistical modeling, namely the use of latent variables (Mersky et al.,
2017; Smith and Pollak, 2020). While capturing shared variance among
multiple variables using latent factors may provide a more overarching
representation of family environments, latent factors may also conceal
important specificity that exists in each individual component. Thus, our
multiverse approach provides a model where both the overarching and
individual components can be accomplished by reporting all possible
permutations of variable selection.

In the context of operationalizing a variable, one of the constructs in
the adolescent literature that shows the most notable variation in
operationalization is puberty. In particular, whether the most accurate
and reliable judgments of it come from children themselves or from their
parents. While the majority of the ABCD literature uses the parent re-
ported PDS (Demidenko et al., 2021; McNeilly et al., 2021; Thijssen
et al., 2020), there are also instances of the youth reported PDS (Arga-
bright et al., 2022) and an average of the parent and youth reported PDS
being used (Petrican et al., 2021). This multiverse study provided a
unique opportunity to compare the consequences of researchers utiliz-
ing each of these three operationalizations of puberty. In these analyses,
the direct effect between the environmental predictors and the brain
outcomes was minimally affected by how puberty was controlled;
however, how puberty was operationalized had a substantial impact on
the indirect effect. Whereas the indirect effects were significant in 78%
of the models that included parent reported PDS, 0% of indirect effects
were significant in the child reported models. Although different mea-
sures of puberty produced different conclusions, we cannot infer that in
any case we had more accurately measured the target of puberty in any
of the operationalizations (Irvine, 2021), nor that this conclusively
shows that parent reported puberty should be preferentially used, only
that how we operationalize puberty might impact discussions about the
effects of the environment on brain development. This trend could
potentially be dependent on the age of the sample: in these analyses, the
ABCD sample was limited to 9- and 10-year-olds, an age group that
shows relatively little overt physical manifestations of pubertal devel-
opment by this point, particularly in boys. In addition, a potential
concern is the relatively high amount of missing data for the
youth-reported PDS (19.7%) compared to the parent-reported PDS
(3.9%) in the final sample, which could also feasibly be directly related
to the participants being in the earliest stages of puberty. Pubertal
hormone measures acquired through saliva samples were also collected
by the ABCD study and could be used as an additional operationalization
of puberty, but there are important concerns about the feasibility of
using salivary samples, namely the representativeness of single hormone
assays given our knowledge of the extent that hormones fluctuate
(Cheng et al., 2021). As the ABCD sample ages, follow-up studies will be
needed to make more consistent conclusions about the differences be-
tween the different operationalizations of the PDS measures, including
biological measures.

It is well understood that measurement error and researcher degrees
of freedom contribute to replication (Loken and Gelman, 2017) and
generalizability issues (Flake et al., 2022), making multiverse analyses
an effective way to meaningfully gauge the robustness of findings. There
is increasing evidence from the neuroimaging literature that decision
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points across an analytic pipeline may impact the conclusions when
reproducing or replicating brain-behavior effects (Bloom et al., 2021;
Botvinik-Nezer et al., 2020; Bowring et al., 2022; Bryce et al., 2021; Li
et al., 2021). These issues are confounded in developmental research on
environmental stress as a product of overlapping measures and
competing theories (Smith and Pollak, 2020). The nature of economic
interests (Mischel, 2008; Romero, 2019), high rate of psychologists
self-reporting engagement in questionable research practices (John
et al., 2012), pressing need for publishing significant (Romero, 2019;
Zwaan et al., 2018) and novel findings (Proulx and Morey, 2021) and
‘hindsight bias’ (Klapwijk et al., 2021; Zwaan et al., 2018) makes it
challenging to decipher which specific researcher decisions would
reproduce estimates in the data.

So, what can we learn from a multiverse analysis? Given competing
theoretical frameworks in the environmental stress literature, defining
what is an ‘ambiguous’ decision in the analytic process is challenging.
Nevertheless, multiverse analyses offer researchers a suitable approach
to probe the sensitivity, or robustness, of their results. Multiverse ana-
lyses are not intended to disprove an overarching model, instead, they
offer awareness of alternative explanations that are plausible given the
shared nomological space of the measured variables. This approach al-
lows researchers the opportunity to empirically examine competing
models that are often influenced by researchers’ degrees of freedom and
theoretical perspectives (Smith and Pollak, 2020). For example,
compared to an overarching variable (such as the family environment),
in the context of pubertal development a simplified version of the in-
dependent variable (such as income and education) may be compara-
tively more interpretable for intervention researchers. By providing
alternative results with a multiverse analysis, the intention is to confer
improved communication of results to permit researchers to evaluate
under which conditions the alternative explanations could also be true.
When studying environmental stress, applying multiverse analyses is
especially relevant given that measures of adversities overlap in a
number of ways and therefore are difficult to tease apart in correlational
work (Smith and Pollak, 2020).

4.1. Study considerations

This study contains several notable considerations which should be
taken into account when interpreting the replication and multiverse
analyses.

First, while we use comparable metrics to prior replication studies
(Open Science Collaboration, 2015), some researchers may disagree
with our definitions of replicated and non-replicated effects. Fletcher
notes the limitation of the dichotomous nature of null hypothesis sig-
nificance testing (NHST), in that the ‘the facts of replication are objectively
conventional’ (2021, p. 56). Although basing judgments concerning
replication within a NHST framework could be considered a limitation,
here we consider this to be a valuable metric as researchers and clini-
cians may reach different conclusions based on estimates that are and
are not significant. Given that the 95% CI and p-value are susceptible to
similar critiques, we addressed this potential limitation by using a
collection of values and statistics that were then critically assessed by a
random subset of coauthors. Although Fletcher (2021) highlights that
subjective assessments, too, may be unreliable indicators, human judg-
ment is deeply embedded throughout the extant literature, from the
processes of deciding which theory to base a hypothesis on to which
scientific evidence provides support for results from a given analysis.
Nevertheless, we agree that there are biasing factors in using a subjec-
tive assessment of replication and a Bayesian approach, such as repli-
cation Bayes factors (Ly et al., 2019), should preferably be considered
for future replication and extension analyses, if both the original and
replication data are easily accessible.

Second, future studies could improve on the procedure for the sub-
jective assessment of replication. While we were intentional in ensuring
that the assessors were independent of the original study’s co-author list,
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there could potentially be greater confidence in the conclusion of the
subjective assessment with a greater number of assessors (this study
used a report of five co-authors). Similar to how neuroimaging studies
source broad teams to redo analyses (Botvinik-Nezer et al., 2020),
crowdsourcing methods may be a reasonable approach to increase the
number of subjective assessments, provided that assessors were pro-
vided with enough information and independence from the research
teams.

Third, some of the effects in this study and the original study
(Thijssen et al., 2020) could potentially be considered as small in
magnitude and pose important considerations. Notably, small effects in
fMRI brain wide associations for developmental phenotypes (Marek
et al., 2022) and the increasing understanding that small effects in large
data may be commonplace (Dick et al., 2021). Hence, there is a strong
argument for adjusting expectations regarding the magnitude of effects
from large, well-powered datasets, such as the ABCD data (Owens et al.,
2021). This is confounded with large datasets, such as the ABCD and UK
Biobank studies, which are adequately powered to identify significant
correlations that are likely negligible (Cohen, 1994). Given this, the
variability around estimates and decreased sample sizes in the partial
release would be affected based on whether conclusions reached sig-
nificance using traditional (p < .05; Wagenmakers, 2007) and newer
significance thresholds (p < .005; Lakens et al., 2018). In future repli-
cations, instead of setting o cutoffs for significance, researchers should
supply bounds within which an estimate is deemed replicated which is
irrespective of the p-value.

Fourth, while not central to this study but critical to takeaways from
the multiverse analyses, a key consideration for our use of pubertal
scales is the causal nature of the variables in our meditation models
(Rohrer et al., 2021). Generally, like the environmental variables, the
child and parent reported pubertal developmental scales are
self-reported items that may incur some biases. In the conceptual paths,
several linear relationships are assumed to exist based on detailed
theoretical frameworks in Thijssen et al. (2020). Nevertheless, adoles-
cent pubertal development “acts on re-activation of specific neuroendocrine
systems” (Forbes and Dahl, 2010, p. 67); therefore, knowing the tem-
poral nature of environmental stressors may be important to understand
its effects on neural and pubertal development. While some effects may
be small in a cross-sectional analysis, the cumulative associations among
the environment, puberty and brain may be substantial over the course
of development (Funder and Ozer, 2019). In the context of the replica-
tion and multiverse analyses, the causal and cumulative effects cannot
be accounted for in these data.

Finally, the analyses here focused solely on the tabulated brain im-
aging data provided by the ABCD consortium and did not focus on
alternative operationalizations of brain data. Based on recent analyses
demonstrating the impact of decisions within an analytic pipeline
(Bloom et al., 2021), between analytic pipelines in neuroimaging (Li
et al., 2021) and different brain parcellations on the resulting estimates
(Bryce et al., 2021), this multiverse analysis was not well positioned to
answer questions regarding how differences in the operationalization of
brain variables impacted the mediating models. Future studies focused
on replications and multiverse analyses of ABCD data should consider
using a combination of data that are tabulated by the consortium and
those that test deviations from those methods. This is especially
important as the consortium makes updates and/or changes to the
preprocessing pipelines.

5. Conclusion

The future of developmental science will increasingly involve large
consortium secondary datasets, such as the ABCD study, to answer
valuable developmental questions. Evaluating how effects replicate be-
tween teams of researchers, across releases and with different variable
permutations will be an important part of the process to ensure the
robustness of findings. We conducted a replication and extension of a
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previously published study using measures of environmental experi-
ences, pubertal development and brain structural and functional vari-
ables. Specifically, we evaluated the convergence between conclusions
from the original and replicated study and across alternative oper-
ationalizations of the environment and pubertal development variables.
Despite the similarities in the study design, based on the assessment of
effects and statistical parameters, only a portion of effects were deemed
to have replicated. In the case of the multiverse analysis, we found the
mechanistic role of puberty in the association between the environment
and the brain may be, in part, impacted by how the environment is
operationalized, but was consistently altered by how puberty is oper-
ationalized in the data. This study demonstrates the nuance across
environmental variables in the ABCD data and lack of consensus across
parent and child reported puberty scales.

Data & code availability statement

As described in the methods section of the manuscript, the data used
here are associated with the ABCD Study 3.0 Data Release. Specifically,
the NDA #1182451 package (DOL 10.15154/1519007) was down-
loaded using the NDA Download Manager and associated data text files
were read into R. As described on the ABCD study website (https://a
bedstudy.org/scientists/data-sharing/), researchers can access this
data by creating an account on the NIMH Data Archive system and
requesting access. To ensure the openness and reproducibility of our
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