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Abstract

Understanding the relative influences of age, pubertal development, and sex assigned at birth on
brain development is a key priority of developmental neuroscience given the complex interplay
of these factors in the onset of psychopathology. Previous research has investigated how these
factors relate to static (time-averaged) functional connectivity (FC), but little is known about
their relationship with dynamic (time-varying) FC. The present study aimed to investigate the
unique and overlapping roles of these factors on dynamic FC in children aged approximately 9
to 14 in the ABCD Study using a sample of 5122 low-motion resting-state scans (from 4136
unique participants). Time-varying correlations in the frontolimbic, default mode, and dorsal and
ventral corticostriatal networks, estimated using the Dynamic Conditional Correlations (DCC)
method, were used to calculate variability of within- and between-network connectivity and of
graph theoretical measures of segregation and integration. We found decreased variability in
global efficiency across the age range, and increased variability within the frontolimbic network
driven primarily by those assigned female at birth (AFAB). AFAB youth specifically also showed
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increased variability in several other networks. Controlling for age, both advanced pubertal
development and being AFAB were associated with decreased variability in all within- and
between-network correlations and increased variability in measures of network segregation. These
results potentially suggest advanced brain maturation in AFAB youth, particularly in key networks
related to psychopathology, and lay the foundation for future investigations of dynamic FC.
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differences; Dynamic conditional correlations

1. Introduction

Characterizing and understanding the development of the brain during childhood and
adolescence has long been a priority of developmental neuroscience. Building on existing
knowledge about the structural and functional changes that occur in the years prior to
adulthood (Rashid et al., 2018; Wierenga et al., 2014) and given the critical role of
adolescence in the development of psychopathology (Cicchetti and Toth, 2006; 2009;
Luciana, 2013; Paus et al., 2008), important challenges ahead for the field include
elucidating the exact roles of age and pubertal development in the typical maturational
process. Understanding whether this process differs by sex assigned at birth, given the
discrepancies in diagnosed mental health disorders by sex in this age range (Hayward

and Sanborn, 2002) and differential risk for various types of mental health disorders
(Christiansen et al., 2022), is crucial. However, this task is also complicated by the earlier
onset of puberty (Patton and Viner, 2007) among female youth, which is itself linked to the
development of psychopathology (Angold and Costello, 2006; Hayward and Sanborn, 2002).
Given that a complex interplay of age, sex assigned at birth, and pubertal development

has been linked to changes in the brain and the development of psychopathology in past
work (Lopez-Ojeda and Hurley, 2021; Wiglesworth et al., 2023), disentangling the unique
and overlapping roles of these factors in the adolescent brain is essential for understanding
clinically-relevant developmental processes.

Resting-state functional magnetic resonance imaging (rs-fMRI) can be used to characterize
brain networks. Many research studies use fMRI data to measure resting-state functional
connectivity (rs-FC; the correlation between signals from different regions of the brain)

to understand large-scale neural networks and alterations in within- and between-network
patterns of connectivity (e.g., Solé-Padullés et al., 2016). These rs-FC studies have

fairly consistently identified age-related changes across childhood to young adulthood.

One approach that has been used to characterize changes in functional connectivity is

graph theory (Bullmore and Bassett, 2011; Rubinov and Sporns, 2010), where topological
characteristics of brain networks are evaluated by considering brain regions as nodes in an
overall network (graph). Graph theoretical approaches have identified increasing network
segregation and definition from childhood into young adulthood, using metrics such as
clustering coefficient, modularity, and local efficiency (Yu et al., 2018), as well as increased
functional integration of networks (Fair et al., 2007) as young people mature. Research using
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graph theoretical approaches has also identified sex differences in early adulthood, including
that brain networks in young adult males generally have higher indicators of functional
segregation while young adult females have higher indicators of functional integration of
brain networks (Zhang et al., 2016). Sex differences in FC more broadly, including differing
connectivity between particular networks (De Lacy et al., 2019) and higher overall FC
values among males (Zhang et al., 2016), have also been identified in young adults. In
adolescents and especially children, fewer consistent sex differences have been identified,
but regional differences in FC (e.g., increased or decreased average rs-FC in one group
relative to the other) have been found, such as in the precuneus (Solé-Padullés et al., 2016)
and amygdala (Alarcon et al., 2015" ). Additionally, some studies have found increased
functional segregation and specialization of networks in female children and increased
integration and global processing in male children (Wu et al., 2013), which is opposite to the
pattern identified in young adults (Zhang et al., 2016).

The fewer sex-related findings in children and adolescents relative to young adults, and
their inconsistency, have led to the suggestion (e.g., Sole-Padulles et al., 2016) that at least
some sex differences may emerge as a result of pubertal changes, a proposition supported
by a large body of past work. In particular, work in animal models has demonstrated

that pubertal hormones (i.e., testosterone and estradiol) have an organizing effect on the
brain during adolescence (Schulz et al., 2009; Schulz and Sisk, 2006), and further that the
effect of these hormones on the brain and subsequent behavior are sex-dependent (Schulz
and Sisk, 2016). Investigations into the effects of puberty and pubertal hormones on the
brain in humans, and adolescents in particular, are more limited, but Herting et al. (2014)
and Goddings et al. (2014) directly linked changes in pubertal hormone concentration and
pubertal staging, respectively, to changes in brain volume. Gur & Gur (2016) also reported
pre- and post-pubertal differences in brain structure, which are sex-specific. Studies directly
investigating the effect of pubertal hormones on FC in particular are more limited, but a
handful of studies have related pubertal staging to alterations in FC between specific regions
during social and emotional processing in girls (Klapwijk et al., 2013) and testosterone
levels to amygdala-OFC connectivity (Peters et al., 2015; Spielberg et al., 2015). Several
more recent studies have investigated the effect of pubertal development more broadly on
FC, and have found decreased cortical-subcortical FC (Van Duijvenvoorde et al., 2019)
and increased functional segregation and efficiency as measured via graph theoretical
approaches (Gracia-Tabuenca et al., 2021). Despite currently limited investigation into and
evidence for the underlying hormonal mechanisms, several of these studies suggest that the
developmental changes in FC fit better with models for pubertal development than for age
(Gracia-Tabuenca et al., 2021; Van Duijvenvoorde et al., 2019), separately for both females
and males (Van Duijvenvoorde et al., 2019), and that many of these metrics show a distinct
inflection point around the onset of puberty (Gracia-Tabuenca et al., 2021).

The studies noted above have provided a critical foundation for understanding changes in
the developing brain related to age, sex assigned at birth, and puberty. However, all used
a traditional, “static” analysis of the rs-fMRI data that calculates the average FC over the
entire course of the scan (“static connectivity”). These analyses may only provide one
window into how the brain is functioning and organizing, and in particular may be limited
because the approach inherently assumes that the overall functional network state, and its
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key properties and connections, remain constant over the course of a resting-state scan.

In fact, an increasing body of literature emphasizes the dynamic nature of brain states,

even within resting state intervals (Chang and Glover, 2010), and recent work has begun to
focus more on the dynamics of the correlated activity between regions over time as a way
to further our understanding of brain function and organization. Analyses that investigate
the time-related dynamics or the variability of FC over the course of the scan, known as
“dynamic” analyses, may provide a unique vantage point into how the brain is able to
dynamically and flexibly adapt to different situational and cognitive demands, and how

the various subnetworks in the brain interact with each other over time. There are several
different ways that dynamic FC can be evaluated, including through the variability of some
metric (most often the correlation coefficient) calculated between individual brain regions
or larger-scale networks across the course of the scan, through using clustering techniques
to identify distinct “brain states” that individuals enter and spend varying amounts of time
in across the course of the scan, and through time-varying measures of graph theoretical
quantities that aim to summarize brain function; see Calhoun et al. (2014) and Hutchison et
al. (2013) for a review. Metrics of dynamic connectivity have been shown to be related to
various behaviors and cognitive abilities, including stimulus-related tasks, working-memory
tasks, and overall cognitive performance (Cohen, 2018). Importantly, alterations in dynamic
FC have been linked to several forms of psychopathology, such as schizophrenia, bipolar
disorder, and depression (Calhoun et al., 2014; Hutchison et al., 2013), and in some
instances these differences were obscured when evaluating only static FC (Damaraju et

al., 2014), emphasizing the importance of incorporating dynamic measures.

Investigations into age-related changes in dynamic FC have found that temporal variability
in the correlation between inherent functional networks increases from childhood to
adulthood (Hutchison and Morton, 2015; Lopez-Vicente et al., 2021; Qin et al., 2015),
particularly in the between-network correlations involving core cognitive networks, such
as the frontoparietal, default mode, and salience networks (Marusak et al., 2017). From
the alternative, but potentially complementary, perspective of identifying brain states from
clustering techniques, the specific types of brain states that individuals spend time in have
also been shown to change across age, such that older individuals spend more time in
more highly modularized and network-defined states (Lopez-Vicente et al., 2021; Rashid
et al., 2018). In addition, older individuals spend more time in particular in states with
high connectivity within the default mode network (DMN), while younger individuals
spend more time in states with high connectivity between the DMN and task-related
networks like the cognitive control network (Faghiri et al., 2018) and more time in

a more globally disconnected state (LOpez-Vicente et al., 2021; Rashid et al., 2018).
Developmental differences in dynamic connectivity related to sex assigned at birth are
somewhat understudied, particularly from the perspective of the variability of FC, but recent
work has found that children aged 10 to 14 who were assigned female at birth (AFAB)
had a broadly more mature pattern of dynamic connectivity than those assigned male at
birth (AMAB), spending more time in more highly modularized and distinguished states
(Lépez-Vicente et al., 2021). In young adults, past work has found that those AFAB spend
more time in segregated brain states with high within-network connectivity, particularly
between subnetworks of the DMN, while those AMAB have higher connectivity between
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certain task-related and sensory networks and generally display greater fluidity in shifting
dynamically between states (De Lacy et al., 2019). Whether these differences based on
sex, particularly those that show a relatively faster development of dynamic connectivity
and emergence of a more mature connectivity pattern among those AFAB or females
(Lépez-Vicente et al., 2021; Satterthwaite et al., 2015), are related to pubertal development
is unknown, as there are at present no direct investigations into the effect of pubertal
development on FC using dynamic analyses.

The present study aims to build and expand upon the previous work investigating the
dynamic patterns of rs-FC in children and adolescents. In particular, we hope to provide
additional insight into the somewhat limited and sometimes conflicted investigations into
how dynamics change as children age and undergo pubertal development, as well as

how connectivity patterns may differ based on sex assigned at birth. To evaluate brain
dynamics, we will specifically focus on measuring the temporal variability of the correlation
within- and between certain networks of interest: the frontolimbic network, the default mode
network, and the dorsal and ventral corticostriatal networks. These networks were chosen
due to identified alterations in these networks during development in previous research

(De Lacy et al., 2019; Faghiri et al., 2018; Marusak et al., 2017) and because of their
implications in the development of psychopathology (Furman et al., 2011; Harrison et al.,
2009; Kebets et al., 2021; Whitfield-Gabrieli and Ford, 2012; Zhong et al., 2016). We will
also evaluate dynamic FC by measuring the temporal variability of several graph metrics
that summarize overall network segregation (measured using local efficiency, clustering
coefficient, and transitivity) and integration (measured using global efficiency) across the
course of the scan. In doing so, we aim to complement the results of the within- and
between-network variability by more directly evaluating the functional configuration of
these networks. We also aim to fill a gap in the literature by simultaneously investigating
how these measures, network variability and graph metric variability, relate to both
developmental changes and to each other.

To investigate the relationship between dynamic FC and age, sex assigned at birth, and
pubertal development, we leverage two early data points (during late childhood and early
adolescence) from the large-scale, longitudinal Adolescent Brain Cognitive Development
(ABCD) Study, which utilized a population-based approach to enroll over 11 thousand
children ages 9 and 10 years and is currently following them longitudinally over ten years.
We use the Dynamic Conditional Correlations (DCC; Lindquist et al., 2014) method to
construct correlation matrices over time across a low-motion resting state scan. These
correlation matrices are then used to determine the variability of the correlations between
nodes (i.e., brain regions) in the networks of interest and of the graph metrics calculated
from the matrices across time. Overall, we consider fifteen outcomes related to dynamic
FC: the variability of four graph metrics (global efficiency, local efficiency, clustering
coefficient, and transitivity), the within- and between-network variability of four networks
(frontolimbic network, default mode, and dorsal and ventral corticostriatal), and overall
average FC variability in the four networks across the course of the scan. The first aim is
to evaluate how these outcomes differ as a function of age, and whether the effect of age
differs based on sex assigned at birth. The second aim is to evaluate how these outcomes
differ as a function of pubertal development (controlling for age), and whether the effect
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of pubertal status interacts with sex assigned at birth. The third aim is to investigate how
these outcomes differ by sex assigned at birth across all ages and pubertal stages. As

the literature investigating the relationships between dynamic FC and age, sex assigned

at birth, and pubertal development is somewhat limited, particularly from the dynamic
perspective of evaluating variability rather than brain state transitions, we had limited prior
hypotheses and aimed for the current study to be exploratory in nature. However, we did
expect to replicate certain previous findings from the literature, such as increased variability
within- and between certain networks as children mature (Hutchison and Morton, 2015;
Lépez-Vicente et al., 2021; Marusak et al., 2017; Qin et al., 2015), more mature brain
patterns in AFAB youth (L6pez-Vicente et al., 2021; Rashid et al., 2018; Satterthwaite et al.,
2015), and changes in the overall segregation and integration properties of the underlying
functional network state across development (Lopez-Vicente et al., 2021; Rashid et al.,
2018).

2. Materials and methods

2.1. Sample

2.2.

The sample consisted of participants from the ABCD Study (Molkow et al., 2018), a 21-site
longitudinal study tracking demographic, physical, psychological, environmental, and other
variables from a large cohort of children across time. The ABCD study consists of a sample
of 11,878 participants that were recruited at ages 9-10 for the initial (“baseline”) data
collection using a sampling strategy that aimed to recruit an epidemiologically-informative
sample reflective of the sociodemographic variation in the United States (Garavan et al.,
2018). Note that the ABCD Study was designed explicitly with the aim of following
participants longitudinally into young adulthood. Each ABCD data collection site obtained
institutional review board (IRB) approval either locally or from a central IRB at the
University of California San Diego (Auchter et al., 2018). From this initial sample,

data from individual participants was included here if they had resting state fMRI data

of sufficient quality (i.e., meeting inclusion criteria, see “Imaging Data Acquisition and
Preprocessing” for further information) at either baseline data collection (“Baseline™), the
year 2 follow up event (“Year 2”), or both. This resulted in 5122 total observations (at
either Baseline or Year 2) from 4136 unique participants. Data at Baseline consisted of
2594 participants, while data at Year 2 consisted of 2528 participants. The demographic
information for the overall sample (including both time points), as well as the demographic
characteristics of the unique samples at Baseline and Year 2, are presented in Table 1.

Measuring age, sex assigned at birth, and pubertal status

Sex assigned at birth was measured using parental (or primary caregiver) report.
Specifically, parents were asked what sex the child was assigned at birth on their original
birth certificate, with response options of “Male,” “Female,” “Intersex-Male,” “Intersex-
Female,” “Don’t Know,” or “Refuse to Answer.” In the sample used within the present
study (a sub-sample of all ABCD participants), no parents endorsed the “Intersex-Male” or
“Intersex-Female” option for their children. Note that throughout the rest of the manuscript,
for simplicity and readability, we will be referring to our measure of sex assigned at

birth simply as “sex,” but continuing to use assigned male at birth (AMAB) and assigned
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female at birth (AFAB) to emphasize the distinction. Pubertal status was measured using
the Pubertal Development Scale (PDS; Petersen et al., 1988), a completely text-based
(i.e., involving no physical examination or measures) assessment of perceived pubertal
development. Both youth and parents complete the PDS in ABCD, but here we elected

to focus on parent-report, as is suggested in the literature for ABCD data collected at
baseline given the large proportion of “Don’t Know” responses at this age range (Cheng
et al., 2021). The PDS is based on five questions regarding developmental changes in
height, body hair, and skin, as well as questions regarding voice and facial hair for males
and breast development and menarche (which includes follow-up questions if reported)
for females. Each question is rated on a four point scale, and summary scores were then
created by the ABCD team, separately for those AMAB and AFAB, to classify individuals
into five categories: pre-pubertal (1), early pubertal (2), midpubertal (3), late pubertal (4),
postpubertal (5). The criteria for categorization was based on the totality of responses to
particular items, which differed for those AMAB and AFAB, and is thoroughly outlined
in Herting et al. (2021, p. 4). The PDS has been shown to correlate well with other
measures of pubertal development, such as physician ratings (Petersen et al., 1988) and
hormonal changes (Shirtcliff et al., 2009), including in ABCD (Herting et al., 2021). Age
was measured in months based on the difference between the participant’s date of birth
and the date the participant began data collection for their ABCD study visit. Note that it
is possible for different measures (e.g., interview-based measures, like the PDS, and MRI
scanning) to occur on different days or visits, slightly changing the participants’ exact age
for the various measures, but this difference is generally extremely small and absorbed by
rounding at the month level.

Imaging data acquisition and preprocessing

Resting state functional magnetic resonance imaging (rs-fMRI) data was collected at both
Baseline and Year 2 data collection events at each study site in accordance with ABCD
protocols. For further information on ABCD imaging acquisition parameters and scanning
protocols, see Casey et al. (2018), and for further information on minimal preprocessing
and quality control (QC) procedures, see Hagler et al. (2019). Briefly, resting-state imaging
data were acquired at each study site and harmonized across the 3T scanning platforms
(Siemens Prisma, Philips, GE 750). Several (typically four, but variable dependent on
individual data collection circumstances and participant motion) five-minute (TR = 800

ms, 2.4 mm isotropic acquisition) resting-state runs were collected for each participant
using multiband £P/with slice acceleration and fieldmap scans for distortion correction. All
scans were verified for protocol compliance and initial QC by the ABCD Data Analysis
and Informatics Center (DAIC). Data were then processed through a specialized ABCD-
BIDS pipeline developed and implemented as part of the ABCD-BIDS Community MRI
Collection (ABCC); for full details on this pipeline and the processing, see Feczko et al.
(2021). Briefly, anatomical data are normalized, template-aligned, and converted into CIFTI
format, and the co-registered resting-state volumetric fMRI data are brought into CIFTI
space using normalization and projection onto the CIFTI format. These CIFTI data are then
further processed using the Developmental Cognition and Neuroimaging (DCAN) Lab’s
BOLD preprocessing program (Fair et al., 2020), which includes a 2 mm FWHM Gaussian
spatial filter. The minimally processed time courses then undergo nuisance regression based
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only on low-motion frames (<0.30 mm framewise displacement [FD]) after specialized
respiratory motion filtering is applied (Fair et al., 2020), followed by temporal filtering
(using a second-order Butterworth filter of 0.009-0.08 Hz). Note that prior to temporal
filtering, linear interpolation is used to replace high motion frames (> 0.30 mm FD),

such that only “good” data is used while also avoiding aliasing from missing time points.
Following processing, parcellated time series are then constructed using a variety of atlases;
the present analyses used the Human Connectome Project (HCP) 360 region of interest
(ROI) atlas (Glasser et al., 2016).

Following processing, we selected individual runs of individual participants for use in
subsequent analyses. Several aspects regarding the DCC approach informed data selection.
First, although the DCAN Lab’s BOLD preprocessing recommends censoring high-motion
data frames, the DCC method relies on data from previous time points to inform estimation
of the time-varying model parameters. Thus, the removal of time points disrupts the time
series which impacts estimates of the autocorrelation structure and downstream analyses.
For this reason, censoring data points is not recommended with this method (Lydon-Staley
et al., 2019; Syed et al., 2017). Notably, however, the DCAN processing pipeline linearly
interpolates time points that otherwise would be censored following filtering. The effect of
this linear interpolation on the DCC method as applied to neuroimaging data is unknown,
although despiking, a form of interpolation, has been shown to perform well in dynamic
analyses broadly (Lydon-Staley et al., 2019). Linear interpolation has been deployed in other
non-imaging uses of the DCC method to account for missing data (Chittedi, 2015; Zhang
and Chan, 2009), and previous limited investigations, again in other contexts, suggest there
may be a positive impact of interpolation (Barucci and Reno, 2002) and that bias is such
that the estimated volatility of the time series is downwardly biased, which is less likely to
lead to spurious findings. However, to avoid the potential risk that interpolation influences
results, we aimed to keep interpolation to a minimum. Thus, selected data was limited to
runs that had ten or fewer frames (out of 375 total frames, after removal of initial volumes
for stabilization, for full-length runs) that were linearly interpolated (i.e., that were above
0.30 mm FD), meaning only extremely low-motion runs were included. For participants who
had runs meeting this criteria, the lowest motion run (determined by a combination of the
number of frames below threshold, mean FD, and maximum FD) for each individual was
selected provided that the run was at least 350 frames. Data from participants that failed
the ABCD team’s overall resting-state QC measurements (Haist and Jernigan, n.d.; Hagler
et al., 2019) were also excluded. Following these exclusion criteria, there were n= 2594
participants with data of sufficient quality at Baseline and 7= 2528 at Year 2.1

2.4. Dynamic conditional correlations (DCC) analysis

The DCC method was applied to processed and parcellated time series so that dynamic FC
could be assessed. The DCC method (Engle, 2002), with application to FC data introduced
by Lindquist et al. (2014), is a type of multivariate generalized autoregressive conditional

INote that, although the full ABCD sample is 11,878 participants, at the time of writing there were notably fewer participants
(approximately 7,500 at Baseline and 5,500 at Year 2) that had data fully processed through the updated ABCD-HCP pipeline that we
were able to access. This, combined with our strict motion criteria, led to the notably smaller than (theoretically) possible number of

participants.
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heteroscedastic (GARCH) model (Bollerslev, 1986). Broadly, the aim of the DCC approach
is to estimate the conditional correlation between all ROIs at each time point using a
weighted combination of previous estimates of the conditional correlation along with the
current observations. Unlike a sliding window approach, which sets a fixed window length
and equally (or through a set taper function) weights all time points, the window length

in DCC is variable and determined using a quasi-maximum likelihood approach based on
the prior behavior of the time series. DCC has been shown to have greater reliability than
sliding window approaches in separating true time-varying FC changes from noise (Choe et
al., 2017; Lindquist et al., 2014). DCC also circumvents several issues inherent to a sliding
window approach, such as the need to determine the correct window length or degree of
window overlap. See the Supplementary Materials for further mathematical details of the
DCC method.

The DCC method was applied to construct one correlation matrix at each time point (i.e.,
each frame of the run), consisting of correlations between all 360 ROIs in the selected
Glasser atlas for each individual’s selected run. The first 5 matrices were then dropped from
analyses, to allow the model to stabilize. To focus only on selected networks of substantive
interest (i.e., those shown in past research to show strong developmental changes and to

be related to psychopathology), only ROIs that were determined (as part of the current
study, in consultation with the literature and the grouping of parcels/clusters described

in the Supplementary Neuroanatomical Results of Glasser et al., 2016) to be part of the
fronto-limbic network (consisting of regions in the ACC/mPFC, insula, amygdala, and
hippocampus) (Craske et al., 2017; Williams, 2017), default mode network (consisting

of regions in the ACC/mPFC, posterior cingulate, angular gyrus, and middle temporal
region) (Raichle, 2015; Raichle et al., 2001), dorsal cortico-striatal network (consisting of
regions in the dorsolateral PFC, dorsal ACC/mPFC, dorsal parietal cortex, caudate, and
putamen) (Insel et al., 2017), ventral cortico-striatal network (consisting of regions in the
ventral ACC/mPFC, orbitofrontal cortex, and accumbens) (Casey, 2015) were included.
See Supplementary Materials for a list of all Glasser parcels used in analyses and further
description. The Fisher-transformed correlations between this subset of ROIs was then used
to calculate the subsequent metrics.

2.5. Network and graph metric variability calculation

The output from the DCC method was then used to calculate different metrics of variability.
First, several different graph metrics were calculated using the series of correlation matrices,
such that one graph per time point (using the selected ROISs, outlined above, as nodes)

was constructed for each participant. Unweighted, directed graphs were constructed from
the Fisher-transformed DCC correlation matrices, setting all negative weights to zero, and
then Brain Connectivity Toolbox (Rubinov and Sporns, 2010) was used to calculate the
graph metrics of interest. To evaluate integration between the subnetworks of interest, global
efficiency was calculated for each individual at each included time point. Briefly, global
efficiency is the inverse of the average shortest “path length” (number of links needed to
connect two nodes, which here are parcels) in a network, and represents how efficiently
information can transfer across an entire network (Latora and Marchiori, 2001; Rubinov and
Sporns, 2010). To evaluate segregation within the subnetworks of interest, local efficiency,
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clustering coefficient, and transitivity were calculated. Local efficiency is the inverse average
shortest path length only among parcels directly connected to the parcel of interest, and
represents how efficiently information can transfer within a local collection of nodes (Latora
and Marchiori, 2001; Rubinov and Sporns, 2010). Clustering coefficient is, informally, the
fraction of a node’s (parcel’s) connecting parcels that are also connected to each other,

and thus reflects the average clustered connectivity around individual parcels (Rubinov and
Sporns, 2010; Watts and Strogatz, 1998). Clustering coefficient is calculated by normalizing
each parcel individually based on its own number of connections, and thus can be skewed
by parcels with few connections. Transitivity is a variant of clustering coefficient that
normalizes each parcel collectively based on the overall network, and thus is more robust

to this issue (Newman, 2003; Rubinov and Sporns, 2010). For further mathematical details
of these graph metrics, see the Supplementary Materials. For each individual, the overall
variability of these graph metrics was then calculated using the standard deviation of the
according metric across all of the included time points.

Next, within- and between-network variability across the scan was calculated for each
individual. Four networks (fronto-limbic, default mode, dorsal cortico-striatal, and ventral
cortico-striatal) were defined using parcels from the Glasser atlas, as briefly described
above; see the Supplementary Material for further information on the parcels included

in each network. For each network, within-network variability was calculated by taking
the average of the pairwise (i.e., between each parcel included in the network) standard
deviation values calculated across the time series. For each network pair, the between-
network variability was calculated by taking the average of the pairwise standard deviation
values calculated between each pair of parcels in the two according networks. Importantly,
some of the parcels overlapped between networks, and were considered part of both
networks by definition. In this case, their variability with each other corresponding parcel
in the network was only considered once, to avoid counting these connections twice in

the calculation of the overall mean. These individual-level within- and between-network
measures of variability, as well as the graph metric variability, across the scan were then
used in subsequent statistical analyses.

2.6. Statistical analyses

Following the calculation of graph metric variability and within- and between-network
variability across the scan for each individual, statistical analyses were performed to evaluate
the relationships between this variability and age, pubertal status, and sex within the sample.
A series of generalized additive mixed effect (GAMM) models (Lin and Zhang, 1999) and
linear mixed effects (LME) models (Laird and Ware, 1982), where appropriate, were carried
out. GAMMs are an extension of generalized additive models (GAMs) that include random
effects, which are used to address data where the assumption of independent observations

is violated, such as with longitudinal data or data from related individuals. GAMs are
nonparametric and have the advantage of not needing to assume any particular form of the
relationship between variables (e.g., a linear relationship), but rather use smooth functions

to estimate the form of the relationship based on the data (Hastie and Tibshirani, 1987).
When predictors are only categorical in nature, however, no smooth relationship between the
levels of the predictor and the outcome are possible, so we elected to use LMEs in this case.
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Given that we are modeling longitudinal data, that includes repeated measures from some
participants, and relationships between individuals in terms of both family and ABCD site
effects, a mixed effects-type model (i.e., an LME or GAMM) incorporating random effects
is appropriate.

To fit the series of models, we first used the four measures of graph metric variability
(global efficiency, local efficiency, clustering coefficient, and transitivity) as outcomes in
models using age (measured in months), sex (assigned at birth, measured dichotomously),
and pubertal status (measured with 5 ordered levels) as separate main effects, as well as
models looking at the interaction of sex with both age and pubertal status. Note that the
interaction between sex and pubertal status is used to investigate whether the effect of
pubertal development differs based on sex, although the distribution of PDS scores differs
quite notably between those AMAB and AFAB (Table S6). Age (and its interaction with
sex) was modeled using GAMMs, sex was modeled using LMEs, and pubertal status

(and its interaction with sex) was modeled first using GAMMs (treating pubertal status
continuously) and then confirmed using LMEs (treating pubertal status categorically).

This process was then repeated using the 10 measures of within- and between-network
variability in our four networks of interest (frontolimbic, default mode, dorsal and ventral
corticostriatal) plus overall variability as outcomes. For GAMMSs, (approximate) p-values
were calculated using Wald-type tests against the null hypothesis that the overall smooth
term is zero. These tests are based on the Bayesian confidence intervals for the smooth
effects (Nychka, 1988), with the model degrees of freedom calculated based on the

trace of (a function of) the hat matrix; see Wood, 2013 for more details. For LMEs,
(approximate) p-values were calculated using the R package ImerTest (Kuznetsova et al.,
2020). These p-values are based on F-tests where Satterthwaite’s method is used to calculate
the denominator degrees of freedom; see Kuznetsova et al., 2017 for more details. Within
each model (e.g., looking only at the main effect of age on the variability of graph metrics),
a Benjamini-Hochberg correction for multiple comparisons (Benjamini and Hochberg, 1995)
was used to correct the resultant p-values of the relevant predictor on the total number of
outcomes (either 4 or 11). All models included a set of demographic covariates (household
income, highest parental education, parent-identified race and ethnicity of the child, parental
marital status, and MRI scanner manufacturer; see Table 1 and the according notes for
further details on the levels of these variables), and included random effects for individuals,
families, and data collection site, to account for the longitudinal nature of the data and the
nested data collection structure of ABCD (where individuals are nested both within families
and within data collection sites). Models looking at the effect of age additionally included
sex and pubertal status as covariates. Pubertal status and sex were highly related in the
present sample due to the (expected) greatly increased pubertal maturity in those AFAB.

As these effects were so closely related, models for pubertal status and sex (either as main
effects or interaction models) were fit both with and without using the other as a covariate,
but always included age as a covariate. All analyses were carried out using R (R Core Team,
2024), with GAMM models fit using the gamm4 package (Wood and Scheipl, 2020) and
LME models fit using the Ime4 package (Bates et al., 2024).

Neuroimage. Author manuscript; available in PMC 2025 June 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Duffy et al. Page 12

3. Results

Note that for all analyses, full results are available in the Supplementary Materials (Tables
S2, S3, and S5). For age, sex, and age-by-sex analyses, all results that showed statistical
significance are displayed in figures. Due to the large number of significant effects for the
analyses involving pubertal status, a selection of illustrative findings are presented as figures,
and a complete set of results can be found in the Supplementary Materials.

Age and graph network variability.

The variability of global efficiency across the scan was significantly related to age, while
no other graph metrics showed significant effects in variability (Table S2, in Supplementary
Material). Plotting the smooth effect of age (Fig. 1a), we found that age has a nonlinear
negative relationship with the variability of global efficiency, where variability decreases

as children age. When looking at the (significant) interaction between age and sex, we
found that both AFAB and AMAB youth had significant relationships between age and

the variability of global efficiency (Table S2), but of a slightly different nature. Plotting

the smooth effect separated by sex (Fig. 1a), we found that those AFAB show a negative
linear relationship between age and global efficiency variability across the entire age range
under study (107 to 165 months), while those AMAB show no relationship until around 130
months, at which point variability in global efficiency begins to decline.

Age and the variability of within- and between-network connectivity.

Only within-frontolimbic network variability had a significant relationship with age (Table
S2). Plotting the smooth effect of age (Fig. 1b), we find that within-frontolimbic variability
shows a positive linear relationship with age, such that older children have more variability
within this network. When looking at the interaction between age and sex, we find

that only those AFAB have a significant relationship between age and variability (Table
S2) and appear to be driving the overall effect. Those AFAB also show significant or
borderline significant (note that since these p-values are approximate, we also evaluated
the effect of interest for the several terms that were just above an FDR-corrected p-value
of 0.05) relationships between age and within-default mode network variability, as well as
variability between the frontolimbic and ventral cortico-striatal networks, the frontolimbic
and dorsal cortico-striatal networks, the frontolimbic and default model networks, and the
default mode and ventral corticostriatal networks, and in overall variability across all nodes
(mean SD). Those AMAB show no significant relationships between age and within- or
between-network variability (Table S2). Plotting the smooth effects (Fig. 1b and Figure S5
[Supplementary Materials]), we can see that those AMAB show a slight linear decline in the
variability of all within- and between-network correlations except for within-frontolimbic
connectivity, which shows a slight linear increase. Those AFAB, on the other hand,
generally have more nonlinear effects, with the exception of the variability between the
default mode and ventral corticostriatal networks, which shows a linear increase. For all
other network correlations, as well as variability in overall mean connectivity, those AFAB
have a plateau or slight decline from the youngest age (around 110 months) until around
125 months, where variability increases until around 145 months, and then again plateaus
or slightly declines (with much less certainty in the direction of the effect at higher ages).
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Notably, the variability of within-frontolimbic connectivity shows the sharpest increase over
this time period for those AFAB, and again suggests that those AFAB are driving the overall
age effect (although those AMAB also show a slight linear increase with age).

Pubertal status and graph network variability.

The variability of global efficiency, local efficiency, clustering coefficient, and transitivity
all show significant relationships with pubertal status when pubertal status is treated
continuously (Table S3). As noted in the Methods section, however, given that pubertal
status is an ordinal variable, we also performed a LME treating pubertal status categorically.
These results (presented in the Supplementary Materials, Table S4) show that the variability
of GE is only significant (relative to Pre-Puberty, PDS category 1) in the Mid-Puberty
(PDS category 3) and Post-Puberty (PDS category 5) groups, while all other metrics

show significant differences in all categories. Thus, we find that the variability of local
efficiency, clustering coefficient, and transitivity do indeed show a significant relationship
with pubertal status, but conclude that the variability of global efficiency only shows a
strong, reliable relationship with age. Looking at the smooth effects (Fig. 2a), we can see
that transitivity shows a strong linear relationship with pubertal status, such that those at a
higher pubertal status show more variability in transitivity. The relationships between the
variability of local efficiency and clustering coefficient with pubertal status are nonlinear,
with both showing an increase from Pre-Puberty (PDS category 1) to Early Puberty (PDS
category 2), somewhat of a plateau between Early Puberty and Mid-Puberty (PDS categories
2 and 3), and then a sharp increase from Mid-Puberty to Post-Puberty (PDS categories

3 through 5). Although the confidence bands around the Late Puberty (PDS category 4)
and, in particular, Post-Puberty (PDS category 5) are wide, due to the smaller number

of individuals in these groups, and warrant some skepticism, we again highlight that the
categorical results in the Supplementary Materials show a significant difference for each
PDS category relative to Pre-Puberty for these metrics, and thus there does appear to be

a significant effect of pubertal status. When further controlling for sex, in addition to age
and the set of demographic covariates, all effects became non-significant. There were no
significant interactions between pubertal status and sex.

Pubertal status and the variability of within- and between-network connectivity.

A significant relationship was found between pubertal status and the variability of all within-
and between-network correlations, as well as overall variability of the mean connectivity
across all nodes (Mean SD) when treating pubertal status continuously (Table S3). Looking
at the smooth effects (Fig. 2b and Figure S6 [Supplementary Materials]), we can see that
for every within- and between-network correlation, except within the dorsal corticostriatal
network, there is a linear decline in variability as pubertal status increases. In other

words, stability in these networks increased with pubertal maturation. Within the dorsal
corticostriatal network, there is a slight linear decrease between Pre-Puberty and Late
Puberty (PDS categories 1 through 4) followed by a sharp decline between Late Puberty
and Post-Puberty (PDS categories 4 and 5) (with the caveat again that results for the
Post-Puberty group, with a small number of individuals, should be evaluated with caution).
Results treating the PDS groups categorically (presented in the Supplementary Materials)
confirm these results, and find that relative to Pre-Puberty (PDS category 1), all within- and
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between-network correlations show a significant difference in variability between all PDS
categories, with the exception of four networks (within the ventral corticostriatal network,
within the dorsal corticostriatal network, between the dorsal and ventral corticostriatal
networks, and between the default mode and dorsal corticostriatal networks) where
differences were not significant (s <0.11) for Early Puberty (PDS category 2) relative

to Pre-Puberty (PDS category 1), but were significant for all other categories. When further
controlling for sex, in addition to age and the set of demographic covariates, all effects
became non-significant. There were no significant interactions between pubertal status and
Sex.

Sex assigned at birth and graph theory metrics.

We found a significant relationship for the variability of all graph metrics considered (global
efficiency, local efficiency, clustering coefficient, and transitivity) with sex (Table S5).
Looking at the direction of the effect (Table S5, Fig. 3), we found that those AFAB have
higher variability in all metrics than those AMAB. These effects remained significant when
controlling for pubertal status in addition to age and the demographic covariates, and Fig. 3
shows the effect controlling for pubertal status.

Sex assigned at birth and the variability of within- and between-network connectivity.

We found a significant relationship for the variability of all within- and between-network
correlations, as well as overall variability of the mean connectivity across all nodes (mean
SD) (Table S5) with sex. Looking at the direction of these effects (Table S5, Fig. 3), we
found that those AFAB had lower variability, relative to those AMAB, for all within- and
between-network pairs. These effects remained significant when controlling for pubertal
status in addition to age and the demographic covariates, and Fig. 3 shows the effect
controlling for pubertal status. There were no significant interactions between sex and
pubertal status for either graph metric variability or within- and between-network variability.

4. Discussion

The goal of the present study was to investigate the unique and overlapping roles of age,

sex, and pubertal development on adolescent dynamic rs-FC in a large, population-based
sample to better understand and characterize developmental changes in FC patterns. Unlike
static FC analyses, which average connectivity values across the course of a scan, dynamic
FC analyses enable investigating the variable organization of neural activity across the
course of a scan. These dynamic patterns may hold particular relevance for behavioral

and cognitive measures (Cohen, 2018) and may even potentially serve as biomarkers for
psychiatric diagnoses (Damaraju et al., 2014; Hutchison et al., 2013). Establishing a baseline
of developmental changes in dynamic FC is thus essential, but the effects of maturation
related to both age and pubertal development, as well as how these may differ due to sex,

is relatively understudied. We aimed to add to this literature by investigating dynamic FC

in children and adolescents, where dynamic FC was operationalized as the variability of
within- and between-network correlations and the variability of graph metrics across the
course of a resting state scan. We focused analyses on a subset of networks, the frontolimbic,
default mode, and dorsal and ventral corticostriatal networks, identified previously in the
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literature to be related to both development (Faghiri et al., 2018; Marusak et al., 2017) and
psychopathology (Furman et al., 2011; Harrison et al., 2009; Kebets et al., 2021; Whitfield-
Gabrieli and Ford, 2012; Zhong et al., 2016). To construct the variability measures, of

both the network correlations and the graph metrics, we used the DCC method (Lindquist
et al., 2014), which has been shown to have greater reliability in separating signal from
noise than alternative sliding window techniques (A.S. Choe et al., 2017), using a sample of
5122 resting state scans that met strict low-motion criteria from 4136 unique children aged
approximately 9 to 14 years who participated in the ABCD Study.

The first aim was to explore how the different outcomes (variability of graph metrics

and variability of within- and between-network correlations) differ as a function of age,

and whether this age effect differs based on sex. We found that the variability of global
efficiency, a measure of overall network integration, significantly declined across the age
span, and that the pattern was slightly different for youth AFAB and AMAB. Youth AFAB
demonstrated a sustained decline across the entire age range under study, while those
AMAB did not show a decline until around 130 months of age (~10.8 years). This suggests
that as children age, they are spending more time in more stable network states (at least
between the networks under study) in terms of overall network integration. This supports
previous findings that as children age, they spend less time in a globally disconnected state
and more time in more modularized states (Lopez-Vicente et al., 2021; Rashid et al., 2018),
and that increased integration of functional networks is a key characteristic of the developing
brain (Fair et al., 2007). The present results also suggest that this transition may be occurring
earlier in those AFAB relative to those AMAB.

For within- and between-network variability, we found that connectivity within frontolimbic
regions was characterized by increased variability across the age span, and that this effect
was driven largely by youth AFAB, as those AMAB showed a much weaker relationship.
We also found that those AFAB showed generally positive (but typically nonlinear)
relationships between age and mean overall network variability, as well as variability

within the default mode network, between the frontolimbic and default mode networks,
between the frontolimbic and dorsal and ventral corticostriatal networks, and between the
default mode and ventral corticostriatal networks. All of these within- and between-network
correlations, as well as mean connectivity, showed a particularly sharp increase in variability
between ages 125 and 145 months in youth AFAB. Those AMAB generally showed a

weak decline in the variability of these same network pairs across the age range. Past work
has demonstrated increased temporal variability between networks as individuals get older
(L6pez-Vicente et al., 2021; Marusak et al., 2017; Qin et al., 2015), particularly between
core cognitive networks such as the frontoparietal, default mode, and salience networks
(Marusak et al., 2017). These results suggest that, at least in this particular age range,

these increases in variability may be strongest within the frontolimbic network, and that
age-related increases in connectivity between other networks may be seen sooner in those
AFAB than those AMAB. Given the implications of the variability of frontolimbic network
connectivity in emotional dysregulation across multiple psychiatric diagnoses (Kebets et al.,
2021), and the broader implications of the frontolimbic network in depression (Zhong et
al., 2016) as well as other clinical conditions, this finding may have clinical relevance.

In particular, how or whether this finding may relate to the increased risk for youth
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AFAB, relative to AMAB, to experience clinically elevated levels of depression across the
adolescent period (Hayward and Sanborn, 2002; Kessler et al., 2005), remains an important
open question for future research.

The second aim was to investigate how variability changes as a function of pubertal
development. We found, controlling for age, that the variability of clustering coefficient,
transitivity, and local efficiency, all measures of network segregation, increased along with
pubertal development. We found that all within- and between-network correlations, as well
as overall average connectivity, decreased in variability as pubertal development progressed,
controlling for age. The graph metric results are supported by previous static connectivity
literature which found that measures of segregation and local efficiency across the brain
increased beginning around the onset of puberty (Gracia-Tabuenca et al., 2021), and
previous work generally supports the strengthening of distinct functional networks across
pubertal development (Van Duijvenvoorde et al., 2019). Although the link between the
magnitude of graph metrics and the variability of these metrics is not well-understood, we
can speculate on their relationship and how to interpret the present findings. Speculatively,
the increased variability in graph metrics relating to network segregation may suggest that
those with a more advanced pubertal status are fluctuating more either into, or between,
distinct, modularized brain networks, rather than spending time in more diffuse, generalized
network states, which may be harder to identify as distinct network states and thus would
register as less variability due to more time in these (potentially fewer) diffuse states. This
pattern, spending more time in more defined (i.e., less diffuse) states, is seen in more
mature brains (Lopez-Vicente et al., 2021; Rashid et al., 2018). Spending more time in
more functionally distinct and modularized network states may also explain the decreased
variability in all within- and between-network correlations, as these network configurations,
which are functionally defined, may be more stably reflected in those with a more advanced
pubertal status. Importantly, these networks are also defined on more mature adult brains,
and the decreased variability of those with a more advanced pubertal maturity may reflect
better coherence with the functional network definitions.

Notably, however, when controlling for sex in addition to age, none of the effects of pubertal
status retained their statistical significance. This is likely due to the large discrepancy in PDS
(the measure used to evaluate pubertal status) scores between those AFAB and AMAB in
this sample: nearly all individuals considered Late Puberty (PDS score of 4) were AFAB,
and virtually all individuals considered Post-Puberty (a PDS score of 5) were AFAB (see
Supplementary Materials, Table S6). This trend of more advanced pubertal development in
those AFAB is expected in this age range and is commonly reported in the literature (Patton
and Viner, 2007; Thijssen et al., 2020; Wiglesworth et al., 2023). Due to the lack of those
AMAB participants characterized by later pubertal stages and the relatively more advanced
pubertal development in AMAB, disentangling the effects of pubertal status and sex is
extremely difficult in the present study. This may also serve to explain why the interaction
effects between pubertal status and sex were not significant for any of the analyses. Due to
the differences in the PDS distributions, we may have been unable to detect group-specific
differences due to somewhat limited power, particularly if group differences are primarily in
the upper ranges of the PDS scale, which is largely unobserved in the sub-sample AMAB.
Future work analyzing a wider range of PDS scores across sex, which will necessitate
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a more maturationally developed sample than is currently available in the ABCD Study

time points with imaging data, should serve to shed more light on differential maturational
patterns. In particular, matching individuals AFAB and AMAB based on age in a limited
(older) range where there is greater variability in PDS scores should help to disentangle
effects, and allow for a more direct investigation of sex differences in pubertal effects. As
additional longitudinal data become available within ABCD, this question can be pursued
through additional research. At present, we were limited by the availability of imaging data
processed in the format necessary for the DCC analyses. Pubertal status information has
already been collected for subsequent years of the ABCD Study, and as such, future research
will be able to investigate this using pretabulated fMRI data or upon the release of additional
ABCC-processed fMRI data.

The third aim was to investigate how variability differed based on sex assigned at birth.
We found that, controlling for the effects of both age and pubertal status, youth AFAB

had significantly higher variability in all graph metrics considered: global efficiency, local
efficiency, clustering coefficient, and transitivity. We also found that those AFAB had
decreased variability in all within- and between-network correlations, as well as decreased
variability in overall mean connectivity, relative to those AMAB. Notably, these results are
very similar to the results looking at the effect of pubertal status, with the direction of

the effects for those AFAB being the same as those with a more advanced pubertal status.
Although the results for sex did account for pubertal status, as mentioned above, the AFAB
group is far more pubertally advanced than the AMAB group, and as such, disentangling
the effects of pubertal status and sex is difficult in the present study. The results for sex
may indeed reflect advanced brain maturation among those AFAB, a phenomenon widely
observed in the literature (Lépez-Vicente et al., 2021; Rashid et al., 2018; Satterthwaite et
al., 2015). This phenomenon is often attributed to advanced pubertal development among
those AFAB (Lopez-Vicente et al., 2021), and indeed we see an uneven distribution of
PDS scores between those AFAB and AMAB that may be driving this result, but it is also
possible that differences in sex precede pubertal development. However, these nuances were
not able to be explored in this study, given that, at baseline, 62.39 % of youth AFAB had
already begun to experience pubertal development, a proportion consistent with, if slightly
lower than, the ABCD baseline sample as a whole (Herting et al., 2021).

The only difference between the results for sex and pubertal status is that the variability

of global efficiency was significantly related to sex, such that it was higher in those

AFAB, while global efficiency variability was only borderline significantly related to a more
advanced pubertal status. Although it may seem initially surprising that global efficiency, a
measure of network integration, had the same direction of effect as the various measures of
network segregation, it is important to note that functional integration across networks and
functional segregation between networks are crucial developmental processes that occur
simultaneously (Fair et al., 2007; 2009; Gracia-Tabuenca et al., 2021), so we do not
necessarily expect that they work in oppaosition to each other. Additionally, regarding the
lack of significance of global efficiency variability as it relates to pubertal status, previous
work has demonstrated that local measures of network topology may be more temporally
variable than global measures, and more reflective of changing network configurations
(Chiang et al., 2016), and thus may be easier to detect. Due to the small number of

Neuroimage. Author manuscript; available in PMC 2025 June 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Duffy et al.

Page 18

individuals at more advanced pubertal development (PDS categories 4 and 5), we may not
have had enough power to detect changes related to puberty in global efficiency, particularly
when accounting for the covariance between puberty and sex. If indeed the sex results

do reflect an advanced maturation in those AFAB, the larger group size may have made

the effect easier to detect. Additionally, although the PDS scale generally maps well onto
biological measures of pubertal development, including at the hormonal level in ABCD
(Herting et al., 2021), the PDS does have downsides, including being less informative at
earlier pubertal stages (Dorn et al., 2006) and parent report being less useful than self-report
at older ages (Cheng et al., 2021). Thus, our measure of puberty may be missing out on
some relevant underlying source of variance. Alternatively, the effect of global efficiency
may truly reflect a difference of sex that is completely separate from advanced pubertal or
other maturation.

It is also notable that the variability of global efficiency decreased as a function of age,

but as a function of sex, variability was higher in the AFAB group after controlling for

the effect of age and, importantly, pubertal status. This finding is somewhat surprising if
the effects of sex are indeed reflective of advanced maturation among youth AFAB. One
potential explanation is that there are differential processes underlying the two effects.

For example, the general decrease in global efficiency variability with age may be driven
by the brain achieving a more modularized and functionally distinct state as children

age (Fair et al., 2007; Lopez-Vicente et al., 2021), while the increase in the variability

of global efficiency, along with the metrics of segregation, in those AFAB may reflect
increased switching between distinct functional states after accounting for this effect of
age. Prior work has demonstrated that the development of distinct cognitive networks,
particularly control networks, is a key characteristic of development (Fair et al., 2007,
2009), as is the ability to control the fluctuation of functional variability to flexibly move
between states in response to situational demands (Hutchison and Morton, 2015). This more
mature brain state, characterized by more defined, flexible networks and greater control

of dynamically shifting between them, may be driven more by baseline differences in

sex or pubertal development than by age directly, and this may be reflected as increased
variability in those AFAB. Work in young adult samples has shown that those AFAB
display a greater “stickiness” of brain states while those AMAB show an increased degree
of brain dynamism (De Lacy et al., 2019), but it may be that those AFAB, or those more
pubertally advanced, are reaching this stage of brain dynamism and exploration earlier and
are further transitioning into a more stable state by adulthood. This is speculative, however,
and importantly, past work in a similar age range (10-14 years) as the current work has
actually demonstrated decreased state switching in those AFAB relative to those AMAB
(L6pez-Vicente et al., 2021). However, these functional states were defined very differently
from the functional networks used in the present study, and thus may reflect a different
process and cannot be compared directly to the current work. In general, further work

is needed to compare the various commonly used measures of temporal dynamics (state-
switching behavior as defined using A-means clustering, state-switching behavior defined
using hidden (semi)-Markov models, graph theoretical metrics defined using rs-FC matrices,
overall measures of temporal variability from rs-FC matrices, etc.) simultaneously and more
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directly to better understand how they relate and index various types of fluctuations in rs-FC
on different time scales (Cohen, 2018).

In general, it is somewhat surprising that the direction of the effects seen for age and
pubertal maturation after accounting for the effect of age (e.g., increased variability in
particular subnetworks as age increases, decreased variability in subnetwork connectivity as
pubertal status advances) are opposing. As increased variability is commonly reported in the
literature as individuals age and mature (Lopez-Vicente et al., 2021; Marusak et al., 2017;
Qin et al., 2015), this supports the idea that the age and pubertal maturation processes may
be distinct, or at least that there is a (potentially quite large) effect of pubertal maturation

on dynamic connectivity above and beyond the effect of age. Notably, the analyses for
puberty control for the effect of age, and while there is a fairly narrow age band in the
present sample, pubertal development during this age range is much more variable and

may be less directly tied to age, allowing for more separation of their distinct effects. This
idea is also broadly supported by the notable fact that there were many more significant
findings for pubertal status (and sex) than for age in the present sample. This coheres with
previous studies investigating the developmental trajectories of both age and puberty, which
have found that models for pubertal development better describe developmental trajectories
of brain development, and functional connectivity in particular, than models of age (Gracia-
Tabuenca et al., 2021; Van Duijvenvoorde et al., 2019). This suggests that age may be a less
precise or meaningful measure of maturation than pubertal status, which may more directly
index ongoing developmental processes. The exact mechanisms underlying the effects of
puberty on the brain remain somewhat unclear, but several potential mechanisms have been
outlined for pubertal hormone-specific changes in brain structure such as cell proliferation,
programmed cell death, and synaptic development and pruning that are supported by animal
research, as reviewed by Goddings et al. (2019), as well as changes in brain function related
to brain androgen and estrogen receptors. Although extrapolating findings from animal
models to humans is not necessarily straightforward, particularly given the complex set

of psychosocial, cultural, and environmental changes that accompany puberty in human
adolescents, a limited body of research has directly related changes in pubertal hormone
concentrations to changes in brain structure and function (Herting et al., 2014; Klapwijk et
al., 2013; Peters et al., 2015; Spielberg et al., 2015). The effects of age and pubertal status
are likely to be both distinct and overlapping, but also nonlinear and complex (Goddings
etal., 2014, 2019; Wierenga et al., 2018), and future research is needed to carefully and
rigorously disentangle the effects of each aspect of development. Additionally, given the
body of evidence relating alterations in pubertal timing to various psychiatric disorders
(Hayward, 2003), and our intentional selection of networks implicated in psychopathology
for use in the current study, the particular networks under study here may be particularly
likely to demonstrate changes related to pubertal development as opposed to age.

Finally, it is also interesting that within each aim or predictor group (e.g., looking at the
effect of age controlling for sex and pubertal status, looking at the effect of sex controlling
for the others, etc.), the direction of the effects of graph metric variability and within- and
between-network variability were always opposing. For example, in the present analyses,
we found that increased variability in graph metrics was always simultaneously associated
with decreased variability in network connectivity. We found this pattern when evaluating
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within-person associations as well. As the simultaneous investigation of these two metrics
is rarely reported in the literature, it is not clear whether this is a property of the present
developmental sample, or whether the two metrics should always be opposing and are
measuring two different ends of an underlying phenomenon. Future research in this area
should help elucidate this, and lead to a better understanding of what conclusions can be
drawn from each metric.

The present study had several limitations that must be noted. First, the large sample size

of the overall ABCD Study was significantly reduced in the current work, due to imaging
data availability and the extremely strict motion criteria we implemented. To avoid using a
large degree of motion censoring with the DCC method, due to the uncertain effects of linear
interpolation on the results, we wanted to maximize subject availability while minimizing
the amount of necessary interpolation. Thus we limited our sample to participants who had
<10 frames above the motion threshold (i.e., <10 frames subject to linear interpolation).
Further investigation into the effects of interpolation on DCC, and other dynamic FC
analyses, should be conducted, and may allow us to substantially increase our sample

size in the future. This strict motion criteria, although beneficial due to the numerous
potential issues that motion can introduce in FC analyses, particularly in developmental
samples (Satterthwaite et al., 2012, 2013), also raises the question of whether the remaining
participants are biased in some way relative to the full sample. Indeed, we find that the
included sub-sample is slightly older than the full sample, as well as lower in internalizing,
ADHD and depression (at baseline) scores (Table S7). Although these differences are
significant, they are relatively small in magnitude (e.g., maximum T-score differences of

<1 point, a maximum age difference of about 1 month). Whether these differences in the
sample are large enough to meaningfully change the conclusions we can draw is unclear.

Additionally, due to this strict motion criteria, and our desire to maximize the number of
participants included, we included participants who had only one of the two time points (i.e.,
either baseline or year 2), rather than requiring all participants to have data available from
both time points. As such, a more direct investigation of within-person change in the study
was not implemented, but should be a direction for future research. Finally, recent work has
highlighted that particular characteristics are associated with attrition in the ABCD sample
(Feldstein Ewing et al., 2022) that may make the year 2 data somewhat less representative
than the baseline data and introduce minor bias. Given how restricted the sample already is
due to the strict motion criteria and limited availability of imaging data for some subjects,
however, this is likely less of a concern than other potential sources of bias.

Another limitation of the present study is the difficulty in separating out the effects of

sex and pubertal status, due the structure of the sample at this age range. As previously
mentioned, nearly all individuals at the higher end of the PDS scale used to measure
pubertal status are AFAB. As the ABCD Study progresses, and imaging data from later
time points becomes available, the discrepancy in PDS category by sex should decrease,
and disentangling the effects of pubertal development and sex should become easier.
Additionally, although the PDS category is generally a good measure of biological pubertal
development, and this has been validated in ABCD in particular (Herting et al., 2021),

the PDS is really a measure of perceived pubertal stage and is not measuring pubertal
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development directly, and as such has some limitations in measurement, particularly at
earlier pubertal stages (Cheng et al., 2021; Dorn et al., 2006). Additionally, like all self-
report and parent-report measures, the PDS is subject to potential inaccuracies, such as recall
bias. Further, there is evidence that parent-reported PDS is less accurate at older ages but
more accurate at younger ages (Cheng et al., 2021). Given that the majority of scans in
the present sample are within this younger age range, in which the use of parent-reported
PDS scores is explicitly recommended within the ABCD Study (Cheng et al., 2021), we
elected to use only parent-report for consistency. Future work, however, may benefit from
approaches that combine multiple measures of pubertal development (e.g., Herting et al.,
2021) or a specification curve analysis approach that models the utilizes several different
operationalizations of pubertal development (Cheng et al., 2021).

The present study uses the Glasser atlas, an atlas defined on adult samples. We selected

the Glasser atlas due to its popularity in the imaging literature (e.g., Ito et al., 2017,
Mansour et al., 2023; Zhao et al., 2023), including ABCD (e.g., Busch et al., 2024; Tomasi
and Volkow, 2024) and other pediatric populations (e.g., Sydnor et al., 2023). Ideally, we
would have used an atlas defined on a child sample, to avoid the potential confounding
issue that increased coherence with the functional networks as children develop may affect
the within- and between-network correlation values and subsequent metrics. However, well-
defined functional whole-brain atlases derived specifically from age-appropriate pediatric
samples have not been developed, and although promising work is beginning on developing
structurally-defined atlases (Li et al., 2023), still-limited adoption constrains interpretations
and comparisons to past work one can make with them. As such, we elected to use the
Glasser atlas, but hope future work will fill this gap. Further, we elected to focus only on
regions from core neurocognitive networks of particular interest during child and adolescent
development and that have been related to psychopathology (FL, DMN, VCTC, DCTC),
rather than all regions of the brain. Thus, we do not draw conclusions about whole brain
variability in this age range, and sensory networks such as the somatomotor also show
remarkable change during development (Uddin, 2010) that may potentially have different
patterns. Future work should investigate a larger number of networks and whole-brain
activity broadly. Additionally, although these specific networks were selected due to the
importance of well-characterizing networks related to psychopathology for understanding
how deviations in these metrics may relate to subsequent development of psychopathology,
associations with psychopathology were not explicitly investigated in the current work, in
part due to the relatively low incidence of a wide range of psychiatric disorders in this age
range (Duffy et al., 2023). As the sample continues to develop into adolescence and as the
incidence of clinical disorders increases toward expected levels, the relationship between
dynamic variability and various indicators of psychopathology should be investigated.

Finally, we acknowledge the important difference between sex assigned at birth and gender
identity, and importantly, that the two may have differential effects on the brain (Dhamala
et al., 2024). We elected to focus here on sex assigned at birth, rather than gender identity,
due to our interest in the effect of pubertal development, which differs greatly by sex in
this age range (Patton and Viner, 2007). Further, there is a somewhat limited incidence of
gender identities that do not cohere with sex assigned at birth in ABCD at this age (Papke,
2024). As imaging data for future time points becomes available and the incidence of those
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identifying as a gender minority increases within the sample, the distinction between sex
assigned at birth and gender identity should be thoroughly investigated, and is a particularly
interesting avenue for future research given growing evidence for the hypothesis that the
stress experienced by minoritized populations may contribute to early or advanced pubertal
maturation (Argabright et al., 2022; Charlton et al., 2022).

Despite these limitations, the present study also had numerous advantages, including the use
of a large, population-based sample designed to reflect the characteristics of US children
overall and the use of a nonparametric model that does not assume linearity of effects

over the course of development, as such linear effects are unlikely to exist (Vijayakumar

et al., 2018; Zuo et al., 2017), particularly for the effects of sex and pubertal development
(Gracia-Tabuenca et al., 2021; Vijayakumar et al., 2018). Overall, we feel this investigation
into dynamic variability in the ABCD sample, and how it relates to age, sex, and pubertal
development, opens the door to many interesting avenues for future research. Through

a novel exploration of the variability of graph metrics and within- and between-network
FC, we found that age was associated with increased variability within the fronto-limbic
network, as well as for several other networks specifically for those AFAB, and we

found that both advanced pubertal status and being AFAB were associated with increased
variability in graph metrics indexing functional segregation and integration and decreased
variability overall and within and between all networks under study. Our speculation that
these results are potentially indicative of advanced maturation in those AFAB should be
further investigated as more data from ABCD, and other large-scale imaging studies and
consortia, become available. The congruence of results from other types of dynamic FC
analyses, such as hidden (semi-) Markov models, in ABCD should also be investigated with
the aim of moving the field towards a better understanding of the role dynamic activity

and temporal variability play in childhood and adolescent development. This understanding
will be critical to guide the understanding of the neurobiological basis of the emergence of
psychopathology during this important developmental period.
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Fig. 1.

Age (in Months)

Age (in Months)

Smooth effect of age (in months), or the age—by-sex interaction, on the variability of graph
metrics and within- and between-network correlations. Panel (a) shows the effect of age
on the variability of global efficiency (left, pink coloring), the only graph metric to show

a significant relationship with age. The age-by-sex interaction effect is also shown for the
variability of global efficiency (the only graph metric to show significance) on the right.
The center panel (with blue coloring) shows the effect of age on the variability of global
efficiency for those assigned male at birth (AMAB). Right panel (yellow coloring) shows
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the effect of age on the variability of global efficiency for those assigned female at birth
(AFAB). Panel (b) shows the effect of age on the variability of within-frontolimbic (FL)
connectivity (left, pink coloring), the only network to show a significant relationship with
age. The smooth effect of the interaction between age (in months) and sex on the variability
of within-frontolimbic (FL) connectivity, FL-ventral corticostriatal (VCTC) connectivity,
and FL-DMN connectivity is shown on the right. Note that variability within several

other networks (within-default mode [DMN], FL-dorsal corticostriatal [DCTC], FL-DMN,
and DMN-VCTC connectivity, as well as the standard deviation (SD) of overall mean
connectivity across the course of the scan [Mean SD]) also showed borderline significant
age-by-sex interaction effects with a mean effect function very similar to that seen in
FL-DMN connectivity, and each of these individual plots can be found in the Supplementary
Materials. For each outcome, the center panel (with blue coloring) shows the effect of age
for those assigned male at birth (AMAB), and the right panel (yellow coloring) shows

the effect for those assigned female at birth (AFAB). For all plots, the solid dark line
represents the mean effect, and shaded areas represent confidence bands of two standard
errors around the smooth estimate. Note that confidence intervals account for the uncertainty
around the mean, and as such, significant effects may show an overlap with 0 (indicated by
the gray dashed line). Effects shown include pubertal status, sex (for the age-only effects),
and demographic variables as covariates. Within each panel, the F test for the smooth
effect is added as text in the top right, and the statistical significance of its corresponding
(FDR-corrected) p-value is noted using asterisks, such that: *p < .05; **p < .01; ***p

< 0.001. Plot made in part using package mgcv (Wood, 2023). (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this
article.)
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Smooth effect of pubertal status (measured as PDS categories 1 through 5) on the variability
of graph metrics and within- and between-network connectivity. Panel (a), top row, shows
the effect of PDS on all the variability of graph metrics that showed a significant relationship
with pubertal status: local efficiency (left panel, green coloring), clustering coefficient
(center panel, blue coloring), and transitivity (right panel, purple coloring). Panel (b), bottom
row, shows the effect of PDS on the variability of within-frontolimbic (FL) connectivity (left
panel, green coloring), within-dorsal corticostriatal (DCTC) connectivity (center panel, blue
coloring), and the standard deviation (SD) of overall mean connectivity (Mean SD) across
the course of the scan (right panel, purple coloring). Note that all within- and between-
network pairs not shown here (within-default mode [DMN], within-ventral corticostriatal
[VCTC], FL-DMN, FL-VCTC, FL-DCTC, DMN-VCTC, DMN-DCTC, VCTC-DCTC)
also displayed significant effects of pubertal status, with mean effect functions that were
extremely similar to those of within-FL and Mean SD; each of these individual plots can

be found in the Supplementary Materials. For all plots, the solid dark line represents the
mean effect, and shaded areas represent confidence bands of two standard errors around

the smooth estimate. Note that confidence intervals account for the uncertainty around the
mean, and as such, significant effects may show an overlap with 0 (indicated by the gray
dashed line). Effects shown include age and demographic variables as covariates. Within
each panel, the F test for the smooth effect is added as text in the top right, and the statistical
significance of its corresponding (FDR-corrected) p-value is noted using asterisks, such that:
*p<.05; **p<.01; ***p < 0.001. Plot made in part using package mgcv (Wood, 2023).
(For interpretation of the references to color in this figure legend, the reader is referred to the

web version of this article.)
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Effect of Sex Assigned at Birth
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Fig. 3.

Efgfect of sex assigned at birth (measured as assigned male and assigned female) on the
variability of all graph metrics and all within- and between-network connectivity values, as
all outcomes showed a significant effect. Values represent the estimated coefficient (beta)
for the effect of being assigned female at birth (blue lines), relative to being assigned male
at birth (which always serves as the reference category), for the according outcome in

the linear mixed effects model. Dashed lines represent the standard error of the estimated
beta coefficient. All effects showed a significant relationship including age, pubertal status,
and demographic variables as covariates. Asterisks represent significance cutoffs of the
according (FDR-corrected) p-values, such that: *p < .05; **p < .01; ***p < 0.001. Network
names are abbreviated as follows: frontolimbic (FL), default mode (DMN), ventral cortico-
striatal (VCTC), and dorsal cortico-striatal (DCTC). (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)

Neuroimage. Author manuscript; available in PMC 2025 June 01.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Duffy et al. Page 35

Table 1
Demographic information for the overall sample of subjects included in the data, as well as the information for

the unique subjects samples at Baseline and Year 2. Note that some subjects have data at both Baseline and
Year 2, and data for both time points for these subjects is included in the “Overall” column, as some variables
(e.g., age, pubertal status) vary across time points. Age (in years) is given as the sample average and standard
deviation, while all other measures are given as the sample size (/) and corresponding percentage endorsing
each category. Note that race and ethnicity is coded such that participants can identify as multiple categories;
i.e., race and ethnicity categories are not mutually exclusive, and sample sizes and percentages thus do not add
up to the sample total, but rather reflect the number and percentage of participants that endorsed that category
in any way, potentially in addition to other categories. Also note that several variables were measured on more
fine-grained scales, used in subsequent analyses, but have been coarsened here for presentation: household
income was measured across 10 categories and coarsened, parental education was measured across 21
categories and coarsened (HS = High School), and age was measured in months but is presented in years.

Overall BaselineOnly  Year 2 Only
N 5122 2594 2528
Age[mean (SD)] 11.02 (1.19) 10.03 (0.63) 12.05 (0.65)

Sex Assigned at Birth: Female (%) 2722 (53.1) 1396 (53.8) 1326 (52.5)
Pubertal Status (%)

Pre-Puberty (1) 1793 (36.5) 1328 (52.8) 465 (19.4)
Early Puberty (2) 1109 (22.6) 578 (23.0) 531 (22.2)
Mid-Puberty (3) 1391 (28.3) 574 (22.8) 817 (34.1)
Late Puberty (4) 597 (12.2) 33 (1.3) 564 (23.5)
Post-Puberty (5) 22 (0.4) 2(0.1) 20 (0.8)
Scanner Manufacturer (%)

GE Medical Systems 937 (18.3) 596 (23.0) 341 (13.5)
Philips Medical Systems 246 (4.8) 44 (1.7) 202 (8.0)
Siemens 3939 (76.9) 1954 (75.3) 1985 (78.5)
Highest Caretaker Education (%)

Some HS 152 (3.0) 75 (2.9) 77 (3.0)
HS Diploma 282 (5.5) 140 (5.4) 142 (5.6)
Assoc. Degree/Some College 1181 (23.1) 599 (23.1) 582 (23.0)
Bach. Degree 1525 (29.8) 770 (29.7) 755 (29.9)
Graduate Degree 1979 (38.7) 1008 (38.9) 971 (38.4)
Household/Combined I ncome (%)

<$50k 952 (19.9) 534 (22.1) 418 (17.6)
$50-100k 1402 (29.3) 718 (29.7) 684 (28.8)
>$100k 2437 (50.9) 1165 (48.2) 1272 (53.6)
Race and Ethnicity (%)

American Indian or Alaska Native 135 (2.6) 74 (2.9) 61(2.4)
Asian 324 (6.3) 176 (6.8) 148 (5.9)
Black 754 (147) 366 (14.1) 388 (15.4)
Hispanic/Latinx 851 (16.8) 435 (17.0) 416 (16.6)
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Overall BaselineOnly  Year 2 Only

Missing 13 (0.3) 7(0.3) 6(0.2)
Native Hawaiian or Pacific Islander 38(0.7) 20(0.8) 18(0.7)
Other 253 (4.9) 135 (5.2) 118 (4.7)
White 4218 (82.5) 2128 (82.2) 2090 (82.8)
Parental Marital Status (%)
Divorced 454 (8.9) 231 (9.0) 223 (8.9)
Living with Partner 235 (4.6) 115 (4.5) 120 (4.8)
Married 3830 (75.2) 1937 (75.1) 1893 (75.3)
Never Married 386 (7.6) 203 (7.9) 183 (7.3)
Separated 160 (3.1) 83 (3.2) 77 (3.1)
Widowed 30 (0.6) 11 (0.4) 19 (0.8)
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