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SUMMARY

The brain is organized into networks at multiple resolutions, or scales, yet studies of functional
network development typically focus on a single scale. Here, we derived personalized functional
networks across 29 scales in a large sample of youths (n=693, ages 8-23 years) to identify multi-
scale patterns of network re-organization related to neurocognitive development. We found that
developmental shifts in inter-network coupling systematically adhered to and strengthened a
functional hierarchy of cortical organization. Furthermore, we observed that scale-dependent
effects were present in lower-order, unimodal networks, but not higher-order, transmodal
networks. Finally, we found that network maturation had clear behavioral relevance: the
development of coupling in unimodal and transmodal networks dissociably mediated the
emergence of executive function. These results delineate maturation of multi-scale brain
networks, which varies according to a functional hierarchy and impacts cognitive development.

Keywords: Multi-scale, personalized functional networks, neurodevelopment, executive
function, cognitive development
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INTRODUCTION

Executive function (EF) is a broad cognitive domain encompassing top-down modulation
of behavior and attention (Jurado & Rosselli, 2007; Gur et al., 2012; Miyake et al., 2000).
Compared to earlier-developing cognitive domains, such as episodic memory and motor abilities,
EF undergoes extensive, protracted development in youth prior to declining later in life (Fjell et
al., 2017; Best & Miller, 2010; Simmonds et al., 2017). Deficits in the development of EF are
associated with lower academic achievement (Arffa, 2007; Best et al., 2011), risk-taking
behaviors (Casey et al., 2008), and most major psychiatric illnesses (Snyder et al., 2019;
Shanmugan et al., 2016; Millan et al., 2012). Because EF requires functional coordination among
networks of spatially distributed regions (Niendam et al., 2012; Rottschy et al., 2012; Tan et al.,
2018; Murphy et al., 2020), the development of EF is increasingly understood to be dependent on
the maturation of multiple large-scale functional networks (Baum et al., 2017; Di Martino et al.,
2014; Luna et al., 2015). Consequently, understanding functional network development is
essential for any account of how EF develops in youth.

In adulthood, variability in functional network properties is parsimoniously explained by
a sensorimotor to association axis (Sydnor et al., 2021); this axis captures variance in network
architecture, the spatial ordering of networks on the cortex, and diversity in network-supported
faculties and behaviors (Margulies et al., 2016). Further, this axis is thought to support
hierarchical information propagation between unimodal networks involved in immediate
perception to transmodal networks supporting complex cognition (Mesulam et al., 1998; Murphy
et al., 2019; Murphy et al., 2018). Complex cognition, including EF, is hypothesized to partially
depend on the segregation of networks located at the top of this functional hierarchy from
primary somatosensory activity (Buckner & Krienen, 2013; Mesulam et al., 1998). Indeed, prior
studies have reported that the default mode network (DMN; situated at the transmodal end of the
axis) segregates from other networks during development, which in turn supports the
development of EF (Barber et al., 2013; Sherman et al., 2014; Anderson et al., 2011; Owens et
al., 2020). Nonetheless, results remain heterogenous, and the degree to which fundamental
properties of cortical hierarchy impacts network development remains unclear (Zhong et al.,
2014; Marek et al., 2015; Reinenberg et al., 2015; Dwyer et al., 2014). This lack of consensus
across existing work may arise due to two limitations that are shared across prior studies.

First, nearly all studies of functional network development only examine a single network
resolution, or scale. Typically, investigators use standard network atlases that specify a single
number of functional networks (e.g., 7, 14, or 17). However, it is increasingly recognized that the
brain is a multi-scale system, and that studies of a specific resolution of sub-networks may be
limited (Brittin et al., 2021; Betzel and Bassett, 2017; Douglas and Martin, 2012; Eickhoff et al.,
2018; Breakspear and Stam, 2005). Rather, evidence suggests that brain network organization
emerges from neural coordination across overlapping spatial scales (Yeo et al., 2014; Faskowitz
et al., 2020; LaBar et al., 1999). Importantly, distinct brain-behavior relationships may be present
at different scales (Betzel et al., 2019), with each scale potentially offering complementary
information regarding multifaceted processes such as development. As a result, current accounts
of brain development that rely on a single network scale are almost certainly incomplete and may
hamper our ability to synthesize findings across studies where different scales were examined
(de Reus & van den Heuvel, 2013; Arslan et al., 2018).

A second key limitation of prior studies of functional network development is that they
have not accounted for individual differences in the spatial layout of brain networks on the
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cortical mantle. Multiple independent studies in adults using different datasets and distinct
methods have provided convergent evidence that there is prominent between-individual
variability in the spatial distribution (i.e., the functional topography) of large-scale networks on
the anatomic cortex (Bijsterbosch et al., 2018; Kong et al., 2019; Li et al., 2019; Gordon et al.,
2017). In studies of adults, transmodal association networks tend to have the greatest variability
in functional topography (Kong et al., 2019; Li et al., 2019; Gordon et al., 2017; Xu et al., 2016);
recent work has shown that this is also true in children and adolescents (Cui et al., 2020).
Accounting for such individual variation in functional topography may be critical for
understanding the development of coupling between networks, as prior work has shown that
differences in topography can be aliased into estimates of connectivity (Bijsterbosch et al., 2018;
Burger et al., 2021). Furthermore, individual-specific—or “personalized”—networks may be
particularly relevant when evaluating development at multiple scales, as individual variation in
topography might depend in part on network resolution (Braga & Buckner, 2017; Steinmetz &
Seitz, 1991).

In this study, we sought to understand how multi-scale cortical networks, occupying
diverse positions across the sensorimotor-association axis, mature with age to support EF. We
evaluated the development of multi-scale personalized networks in a large sample of youth, with
the goal of testing three interrelated hypotheses. First, we hypothesized that across scales,
patterns of network development would vary across the sensorimotor-association axis, with
transmodal networks exhibiting functional segregation relative to unimodal networks. Second,
we predicted that transmodal network segregation would in part mediate the maturation of EF in
adolescence. Finally, we expected to find evidence of multi-scale network development.
Specifically, given the diverse functions supported by brain organization at different scales, we
anticipated that different network scales would have distinct associations with both age and EF.

RESULTS

We studied 693 youths ages 8-23 years from the Philadelphia Neurodevelopmental
Cohort, who completed functional MRI (fMRI) at 3T and had 27 minutes of high-quality data
(Satterthwaite et al., 2014; Cui et al, 2020). To derive multi-scale personalized functional
networks, we used a specialized adaptation of non-negative matrix factorization (NMF) that
incorporates spatial regularization (see Methods, Figure S1; Lee and Seung, 1999, Li et al.,
2017). To ensure correspondence of personalized networks across participants, this process was
initialized by creating a group atlas, which was then adapted to each individual’s data (see
Methods). To evaluate multiple resolutions, group atlases that included between 2 and 30
networks were created (Figure 1 and Figure S2A). Across this range of scales, reconstruction
error declined smoothly (Figure S2B).
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Figure 1: Group consensus functional networks at multiple scales. We used regularized non-negative matrix factorization
(see Supplementary Figure 1) to derive personalized functional networks at 29 scales (2-30 networks). Tracking network
membership of each vertex across scales reveals a nested structure where finer-grained networks gradually emerge from coarse
networks (top). Scales 4, 7, 13, and 20 are chosen for visualization; see bottom panel for cortical projections. Colors reflect each
network’s predominant overlap with a canonical atlas of 17 functional networks (Yeo et al., 2011).

Examination of multi-scale personalized brain networks revealed prominent differences
in person-specific functional neuroanatomy at all scales (Figure 2A and Figure S3). Prior work
at a single scale found that variability in functional neuroanatomy disproportionately localizes to
transmodal association cortices (Kong et al., 2019, Cui et al., 2020). Here, to quantify individual
variability in network topography, we calculated the median absolute deviation (MAD) of
network loadings at each cortical vertex across participants. To verify that variability was
consistently greater within transmodal cortex at multiple scales, we compared network MAD at
each scale to a widely used map summarizing a unimodal sensorimotor to transmodal association
axis of cortical organization, derived from the principal gradient of functional connectivity
(Margulies et al., 2016). Using a conservative spin-based spatial randomization procedure that
accounts for spatial auto-correlation (Alexander-Bloch et al., 2018), we found that MAD was
positively correlated with the unimodal-to-transmodal axis in 27 of the 29 scales evaluated
(Figure 2B; green). Furthermore, we found that topographic variability became increasingly
correlated with this axis at finer scales (Figure 2C; » = 0.56, proo:< 0.001). These results
demonstrate that variability in functional neuroanatomy is particularly prominent within
transmodal cortices at finer-grained network resolutions.
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Figure 2: Variability in personalized networks across scales. A) Variability in personalized networks is greatest in transmodal
cortex across scales. Exemplar personalized networks at scales 4, 7, 13, and 20 are shown for three participants. Prominent
individual differences in functional topography are present at all scales, as quantified by median absolute deviation (MAD) of
functional network loadings across participants (bottom row, z-scored within each scale). B) Variability of functional topography
aligns with a unimodal-to-transmodal axis. Spin-tests of the correlation between topographic variability and the principal
functional connectivity gradient (Margulies et al., 2016) at each scale reveal that variability is significantly correlated with a
unimodal-to-transmodal axis at most scales (green dots = significant correlations; yellow dots = non-significant correlations;
black dots = spin-test null correlations). C) Greater alignment between a unimodal-to-transmodal axis and topographic variability
is present at finer scales. Scatterplot depicts second-order correlation of variability (MAD) and the principal gradient (from B)
across scales.
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Brain network coupling develops according to a hierarchical unimodal-transmodal axis

Having defined multi-scale personalized networks in a large sample of youth, we next
sought to examine how network coupling evolves with age. To summarize functional coupling of
each network to other networks, we averaged between-network connectivity values across all
personalized networks at each scale (Figure S4). Given that the hierarchical sensorimotor to
association axis represents a principal mode of functional coupling in adults (Margulies et al.,
2016), but not in infants (Lariviére et al., 2020) or children (Dong et al., 2020; Nenning et al.,
2020), we hypothesized that age-related changes in between-network coupling would vary
according to this axis. Specifically, we expected that functional network development should
differ across the axis in a manner that differentiates coupling patterns in unimodal sensorimotor
and transmodal association cortices. To test this hypothesis, we first evaluated each networks'
position along this principal axis as the "transmodality" of that network, where higher values
correspond to regions located in transmodal association cortices and lower values are assigned to
regions in unimodal sensorimotor cortices (Figure 3A). Transmodality was operationalized by
extracting the average value of a published map of the principal gradient of functional
connectivity (Margulies et al., 2016) within each network’s boundaries. We related all network-
level age effects to this measure of transmodality.

Across all participants and independent of age, average between-network coupling was
positive in more unimodal cortices and negative in more transmodal cortices (Figure 3B). To
rigorously model linear and nonlinear changes in coupling over development, we used
generalized additive models (GAMs) with penalized splines to examine how between-network
coupling of each network was associated with age. In these models, sex and in-scanner motion
were also included as covariates. We found that age-related changes in between-network
coupling were largely explained by a network’s position in the functional hierarchy. Between-
network coupling of unimodal cortex became more positive at older ages, indicative of greater
network integration. In contrast, between-network coupling in association cortex became more
negative, reflecting increasing segregation. A network’s position on the functional hierarchy
explained most of the variance in observed developmental effects (Figure 3C; » = -0.84, ppoot <
0.001). Together, these results suggest that the development of between-network coupling in
youth is largely described by dissociable processes of segregation and integration across the
sensorimotor to association axis.

Next, we sought to identify intervals of significant age-related change in network
coupling. To accomplish this, we calculated the confidence interval of the derivative of the
developmental curve for each model. We found that age-related changes in unimodal and
transmodal functional networks occurred over different developmental periods: between-network
coupling increased in unimodal areas over the entire age range studied, whereas decreases in
between-network coupling in transmodal areas did not extend beyond adolescence (Figure 3D).
Consequently, in addition to differences in the sign of developmental changes described above,
the temporal span of maturation in network coupling also systematically varied across the
principal axis of cortical organization.
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Figure 3: Network development in youth unfolds along a functional hierarchy. A) We define functional hierarchy according
to the widely used principal gradient of functional connectivity from Margulies et al. (2016), which describes each location on
the cortex on a unimodal-to-transmodal continuum (referred to as the “transmodality” value). B) Between-network coupling is
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modeled for every network at each scale using Generalized Additive Models (GAMs) with penalized splines to account for linear
and nonlinear effects of age. Each solid line represents the developmental pattern of one network at one scale; colors indicate the
average transmodality value within that network. Dashed lines and corresponding brain maps represent estimated between-
network coupling at each age, averaged across scales. Between-network coupling of unimodal networks (purple lines) increases
with age, indicating increased integration. In contrast, the coupling of transmodal networks (yellow lines) declines with age,
reflecting increased segregation. C) Age effects of each network (from B) are plotted versus their average transmodality (from
A). Networks that do not display significant change over development are shaded in gray (Qrpr > 0.05). The position of each
network on the functional hierarchy explains the majority of variance in age effects ( =-0.840, f =-0.012, pyoot <0.001). D) We
quantified the duration, magnitude, and direction of maturational changes in coupling for each network using the derivatives of
the fitted splines (from B). Top: annualized change in between-network coupling at 10, 16, and 21 years old, averaged across
scales. Bottom: change per year in average between-network coupling of each network across the age range studied; as in B, each
line represents the developmental pattern of a given network at a single scale. While integration of unimodal networks increases
over the entire age range sampled, segregation of transmodal networks generally plateaus near the end of adolescence.

To provide a more nuanced understanding of the maturational changes in between-
network coupling described above, we next evaluated development of specific connections
between networks. As between-network connections can link networks that have a similar
position along the principal axis (i.e., two transmodal association networks) or may alternatively
link a unimodal and transmodal network, we calculated the difference of the transmodality
values of the two networks connected by each edge. As the principal axis captures variance in
cortical coupling, we expected networks similarly positioned along this axis to share a degree of
this variance. As expected, we found that networks with similar transmodality values had greater
mean coupling, and networks with high transmodality differences tended to have weaker
coupling across participants (r = -0.57, poot < 0.001; Figure 4A). Critically, we additionally
found that age-related changes in network edges were also explained by differences in network
transmodality (r = -0.49, pvoot < 0.001; Figure 4B). Specifically, unimodal-to-unimodal edges
tended to strengthen with age, whereas edges that linked unimodal and transmodal networks
weakened (Figure 4C; puoot < 0.001); developmental strengthening of transmodal-to-transmodal
edges was present but less prominent. These results demonstrate that functional network
development is characterized by increases in coupling between hierarchically similar networks
and decreases in coupling between dissimilar networks — yielding increased differentiation
along the functional hierarchy with development.

It should be noted that previous studies have documented that the physical distance
between two brain regions explains the patterning of functional maturation across network edges
(Fair et al., 2007, Power et al., 2010; Ma et al., 2021). As the principal axis is related to the
intrinsic geometry of the cortex (Oligschldger et al., 2017; Huntenburg et al., 2018), we sought to
verify that the effects of transmodality difference described above were not better explained by
physical distance. To do so, we compared the correlation between age effects and Euclidean
distance with the relationship between age effects and transmodality difference. While the
correlation between Euclidean distance and age effects was significant ( = -0.11, poot < 0.001;
Figure S5), it was substantially weaker than that observed for transmodality difference ( = -
0.49, proot < 0.001) and the effect of transmodality difference remained significant while co-
varying for Euclidean distance (partial » = -0.45, p < 0.001). This result suggests that although
the physical distance spanned by a functional connection is weakly related to its developmental
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vertex. We found that the effect of scale on between-network coupling was strongest in the
somatomotor cortex (Figure SB). Furthermore, we found evidence that scale moderated age
effects, with maximal scale-by-age interactions being observed in the somatomotor cortex
(Figure 5C).

To further understand these scale-dependent age effects, we compared the age effect
across scales for networks that fall at opposite ends of the sensorimotor-to-association axis.
Specifically, at each scale we identified networks that aligned most closely with the
somatomotor-A network and the default mode-B network from the commonly used atlas defined
by Yeo et al. (Figure 5D). This comparison revealed that age effects within the somatomotor
network were highly scale-dependent, with greater increases in between-network coupling with
age at finer scales. In contrast, default mode networks demonstrated consistent developmental
segregation across scales. These results suggest that age-related changes in network coupling are
differentially impacted by scale across the principal axis.
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Figure S: Impact of network scale on development is maximal in somatomotor cortex. A) The effect of age on average
vertex-wise between-network coupling at two scales (4 and 20). Age effects are modeled using GAMs with penalized splines;
thresholded at QOrpr < 0.05. Scale-dependent age effects can be observed in somatomotor cortex: while no developmental
increase in between-network coupling was seen in somatomotor cortex at scale 4, such an increase is evident at scale 20. B)
Across ages, between-network coupling of the somatomotor cortex is strongly influenced by scale. Generalized estimating
equations (GEEs) reveal that the effect of scale (y?) differentially influences the strength of between-network coupling across the
cortex. Locations within unimodal somatomotor cortex exhibit the strongest scale-dependence in their mean between-network
coupling (Qrpr < 0.05). C) Scale differentially impacts age-dependent developmental associations with coupling across the
cortex. GEEs are used to examine the degree of scale-moderated developmental effects (age-by-scale interaction; thresholded at
0 < 0.05); maximal effects are present in the somatomotor cortex. D) Scale differentially impacts age-dependent developmental
effects in transmodal and unimodal networks. Specifically, age effects in unimodal somatomotor networks tend to be more scale-
dependent than those in transmodal networks. The effect of age across scales is plotted for networks predominantly overlapping
with the most unimodal (blue; Somatomotor A) and most transmodal (red; Default Mode B) networks.

Multi-scale network coupling is associated with executive function

Having delineated developmental changes in between-network coupling, we next sought
to understand the implications for individual differences in executive function (EF). First, we
modeled the association between network coupling and EF, controlling for developmental effects
by including age as a penalized spline; other model covariates included sex and motion as in
prior analyses. We found that the relationship between EF and between-network coupling was
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quadratically related to transmodality (Figure 6A; pyoot = 0.003); this quadratic pattern was
markedly different than the linear relationship between transmodality and age effects (see Figure
3C for comparison). Specifically, decreased between-network coupling at both extremes of the
principal axis was associated with greater EF, with maximal effects being seen in somatomotor
and default mode networks. In contrast, greater coupling of several visual, ventral attention, and
fronto-parietal networks were associated with greater EF.

To further understand these effects, we next performed high-resolution analyses at each
cortical vertex to better understand associations between EF and between-network coupling
across scales. Consistent with network-level results, reduced between-network coupling in
default mode regions like the medial prefrontal cortex and precuneus was associated with greater
EF across scales (Figure 6B). In contrast, greater between-network coupling in the dorsolateral
prefrontal cortex, anterior insula, and calcarine fissure were associated with greater EF across
scales. Somatomotor cortices again exhibited scale-dependent associations: higher between-
network coupling in somatomotor cortex was associated with reduced EF, but only at finer
scales. To further assess the impact of network scale, we used GEEs to examine whether there
was an interaction between EF and scale on between-network coupling at each cortical location.
This analysis revealed prominent scale effects, primarily in somatomotor cortices (Figure 6C).
To further illustrate the differential effects of network scale, we again contrasted networks that
lie at opposite ends of the unimodal-transmodal axis (Figure 6D). We found that network scale
did not moderate the association between default mode network coupling and EF; greater default
mode segregation was associated with better EF across all scales. However, somatomotor
network associations with EF were highly dependent on network scale.

Having found evidence of both scale-dependent and scale-independent associations
between EF and network coupling, we next examined the degree to which these complex
patterns of coupling could jointly predict individual differences in EF. To do so, we fita
multivariate ridge regression model to predict EF using data from all scales, while controlling for
age and in-scanner motion. We found that this multivariate model accurately predicted EF in
unseen data (see Methods; Figure 6E; » =0.524, ppermut < 0.001). These results emphasize that EF
is supported by multi-scale patterns of functional coupling.
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Figure 6: Multi-scale network coupling is associated with executive function. A) Network-level relationships between
coupling and EF are quadratically related to transmodality. Specifically, segregation of both somatomotor and default-mode
networks is associated with better EF. These associations with EF are dissociable from normative developmental effects (Figure
3C) where default mode segregation and somatomotor integration are observed. B) Analyses at scales 4 and 20 reveal differing
associations with EF. While between-network coupling of visual, insular, and dorsolateral prefrontal cortical areas is consistently
associated with greater EF (Qrpr < 0.05), opposite associations with EF were present in motor cortex at coarse and fine scales. C)
Tests of age-by-scale interactions using GEEs reveal that scale effects are strongest in the somatomotor cortex. D) Scale
differentially impacts EF associations with coupling in transmodal and unimodal networks. As for age, effects in unimodal
somatomotor networks tend to be more scale-dependent than those in transmodal networks. The effect of age across scales is
plotted for networks predominantly overlapping with the most unimodal (blue; Somatomotor A) and most transmodal (red;
Default Mode B) of the Yeo 17 networks. E) Complex patterns of multi-scale coupling between personalized networks accurately
predicts EF in unseen data. Cross-validated ridge regression with nested parameter tuning was used to predict EF of unseen data
using each participant’s multivariate pattern of coupling across scales.

Multi-scale network development mediates the development of executive function
The prior analyses revealed associations between coupling and EF while controlling for
age. However, as in prior studies, we found EF develops dramatically in youth (Figure 7A; r =
0.41, p <0.001). Accordingly, we evaluated whether maturation in coupling between multi-scale
personalized networks mediated the development of EF with age (Figure 7B). Critically, our
prior results revealed that association networks become more segregated with age, and that
greater segregation is associated with better EF. In contrast, somatomotor networks become
more integrated with age, but greater integration is associated with lower EF. Consequently, we
anticipated that networks at opposite ends of the unimodal-transmodal functional axis would
have dissociable mediation effects. Mediation analyses revealed that while decreased coupling in
more transmodal networks supports the development of EF, increased age-related coupling in
more unimodal networks suppresses the development of EF (Figure 7C; r = 0.68, ppoot < 0.001).
Finally, we tested whether these mediation effects were scale dependent. We found that scale
moderated these mediation effects within unimodal somatomotor networks. At finer scales,
unimodal network integration attenuated developmental gains in EF (Figure 7D). Together, our
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findings suggest that multi-scale development of network
coupling mediates the development of EF. Notably, the
impact of each network’s development on EF was
explained by its position on the sensorimotor to
association axis.

Figure 7: Multi-scale functional maturation mediates the development
of executive function in youth. A) EF improves with age. As expected, age
is significantly correlated with EF in youth (» = 0.41, p < 0.001). B) We
evaluated a mediation model in which the association between age and EF is
mediated by functional network refinement. C) Network-level mediation
effects align with functional hierarchy. Negative mediation effects (AB
coefficients) are present in unimodal networks, whereas positive mediation
effects are present in transmodal networks. This pattern suggests that greater
integration of unimodal networks with age is associated with lower EF,
whereas greater segregation of transmodal networks is associated with
higher EF. D) Mediation effects differ by scale in unimodal networks.
Mediation weights are plotted as a function of scale for networks
predominantly overlapping with the most unimodal and transmodal
networks. Instances where network mediation effects do not survive FDR
correction are denoted by desaturated points. Again, the strength of
mediation effects is scale dependent in somatomotor networks. In
somatomotor networks, the strength of negative mediation effects is greatest
at finer scales.

DISCUSSION

In this study, we demonstrated that variation in
the development of person-specific functional networks
is intrinsically related to fundamental properties of brain
organization. Specifically, we found that developmental
patterns differentially unfold along the hierarchical
sensorimotor to association axis of organization:
unimodal somatomotor networks became more
integrated with age, while transmodal association
networks became more segregated. This dissociable
pattern of maturation had unique relevance for the
development of cognition: while greater segregation of
association networks was associated with better EF,
developmental integration of unimodal networks was
associated with worse EF. By examining functional
network development and associations with EF across a
range of macroscale networks, we additionally identified
scale-dependent effects, which were predominantly
present in somatomotor networks. Taken together, these
results provide a new framework that incorporates multi-
scale cortical organization for understanding how
functional network maturation allows for the
development of cognition in youth.
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Functional network development differs by position in a unimodal to transmodal hierarchy
Previous work in adults (Gordon et al., 2017; Kong et al., 2019; Li et al. 2019) has
established that between-individual variability of functional topography is greatest in association
cortex. In our prior report (Cui et al., 2020), we demonstrated that this is also true in youth. Such
marked variability of functional topography in transmodal cortices may be a result of protracted

and environmentally sensitive development in higher-order cortices, facilitating continuous
adaptation to individual-specific needs (Buckner & Krienen, 2013; Vainik et al., 2020). Here, we
extended prior findings by demonstrating that topographic variability aligns with a unimodal-to-
transmodal axis across multiple network scales. Furthermore, we found that variability of
functional topography increasingly localizes to transmodal association cortex as the number of
functional networks increases. As this scale-dependency might be just one of many shifts in
between-participant variability over scales (Bijsterbosch et al., 2020; Betzel et al., 2019), our
results highlight the importance of scale and precision functional mapping techniques for
investigations of individual differences in functional network coupling.

We found strong evidence that developmental changes in between-network coupling
align with sensorimotor to association axis. Even prior to adolescence, unimodal networks
tended to have greater between-network coupling, which was primarily driven by their coupling
with other unimodal networks. In contrast, transmodal networks were more functionally
segregated even among the youngest of our participants. From ages 8 to 23 years, this pattern
became more prominent: between-network coupling further strengthened in unimodal networks
and weakened with age in transmodal networks. Together, these developmental effects served to
further distinguish the functional hierarchy that is now well described in adults, and broadly
aligns with recent reports using independent methods and datasets (Dong et al., 2020; Nenning et
al., 2020). This functional differentiation of cortical hierarchy over development is consistent
with evidence that cortical myeloarchitecture further differentiates between unimodal and
transmodal regions during adolescence (Paquola et al., 2019), and that transmodal structural
networks become increasingly dissimilar from unimodal networks with age (Park et al., 2021).
Coupling between hierarchically similar networks may be partially attributable to the
propagation of cortical waves along functional hierarchies (Mitra and Raichle, 2016; Matsui et
al., 2016; Gu et al., 2021); however, additional research is needed to examine how such waves
evolve in development. Taken together, our results suggest that functional network development
in youth both aligns with and strengthens the sensorimotor to association axis seen in adulthood.

Functional network differentiation supports executive function

EF is supported by coordinated recruitment of distributed networks of brain regions
(Shine et al., 2019; Satterthwaite et al., 2013a; Tan et al., 2018; Murphy et al., 2020). We found
that segregation of networks located at the two opposing ends of the sensorimotor to association
axis (i.e., somatomotor and default mode networks) was associated with cognitive performance.
Conversely, we demonstrated that increased integration of networks more centrally positioned
within the axis supported EF. As such, two dissociable patterns of normative network
development observed across the cortical functional hierarchy differentially impact the
development of EF. Specifically, whereas normative developmental segregation of transmodal
association networks was positively associated with EF, unimodal integration was positively
associated with age but negatively associated with EF. These results in part explain the existing
heterogeneous literature, which has reported that refinement of both functional network
segregation and integration is important for neurocognitive development (Baum et al., 2017;
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Sherman et al., 2014; Grayson and Fair, 2017; He et al., 2019). However, our results also specify
that the degree to which developmental integration versus segregation is advantageous for EF
may largely depend on a network’s role within the functional hierarchy.

That both somatomotor and DMN segregation were associated with greater EF accords
with recent work demonstrating that the overall balance of network activity shifts across the
functional hierarchy when individuals are engaged in externally oriented versus internally guided
cognition. Prior work has shown that localized activity within unimodal networks at the bottom
of the hierarchy supports cognition when it is reliant on immediate perceptual input (Murphy et
al., 2019). In contrast, greater segregation of unimodal networks from transmodal networks
supports cognition that is dependent on internally-oriented processing, including memory or
theory of mind (Barber et al., 2013; Murphy et al., 2018; Murphy et al., 2019). Furthermore, the
association between EF and integration of control networks situated more centrally in the
hierarchy is supported by prior literature emphasizing the role of these networks in top-down
control (Niendam et al., 2012; Cole et al., 2013; Marek & Dosenbach, 2018). Speculatively,
these results suggest that functional segregation at the extremes of the functional hierarchy, in
tandem with integration of control networks situated in the middle of the hierarchy, may serve to
reduce cross-modal interference (Sonuga-Barke & Castellanos, 2007; Bomyea et al, 2018) while
facilitating coordination of brain networks specialized for top-down cognitive control (Cole et
al., 2013; Marek & Dosenbach, 2018).

This heterogeneous impact of functional network maturation on EF is particularly
relevant when considered in the context of the broader lifespan. In late life, cortical networks re-
integrate, losing the segregation that is achieved earlier in the lifespan (Betzel et al., 2014; Chan
et al., 2014, Park et al., 2004). Notably, reduced functional segregation has been shown to
mediate cognitive decline in both normal aging and neurodegenerative disease (Goh, 2011;
Geerligs et al., 2014; Cassady et al., 2021). In parallel to this literature in aging, we found
evidence for integration of networks in youth in fine-grained somatomotor networks, which was
similarly associated with reduced cognitive performance. A potential implication of these results
is that network re-integration associated with cognitive decline in late life may begin far earlier
than previously appreciated in fine-grained, early-maturing somatomotor networks.

Multi-scale patterns of network development impact executive function

Prior work has primarily investigated organizational regimes of 2 (Doucet et al., 2011), 3
(Margulies et al., 2016), 4 (Shokri-Kojori et al., 2019), 5 (Seeley et al., 2009), 6 (Uddin et al.,
2019), 7 (Yeo et al., 2011), 13 (Gordon et al., 2014; Power et al., 2011), and 17 (Yeo et al.,
2011) functional subdivisions of the brain. Distinguishing the specific role of scale in brain
organization is critical for studies of the developing functional hierarchy, as finer scales
systematically capture shorter “neural bridges” (Mesulam, 1998) across the functional hierarchy.
In other words, as higher network resolutions distinguish increasingly similar sub-networks, finer
scales ultimately capture functional interactions between networks that are more proximate in the
functional hierarchy. At the coarsest scale of two functional subdivisions, between-network
coupling reflects interactions between only a single unimodal-like and transmodal-like network.
At this resolution, network segregation between these two broad classes of cortices increased
with age. In contrast, finer scales revealed that along with overall developmental segregation of
unimodal and transmodal networks, there is prominent integration of functionally similar, finer-
grained networks.
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We observed independent effects of scale on both development and cognition across the
functional hierarchy. In development, integration of somatomotor networks was most prominent
at finer scales. In contrast, no such scale dependence was seen in the most transmodal association
networks. The scale-invariance of developmental effects in association networks like the DMN
may underlie the relative consistency of reported DMN segregation in prior studies (Fair et al.,
2007; Sherman et al., 2014; Satterthwaite et al., 2013a). A divergent pattern of scale-dependence
was present in associations with EF: whereas the normative integration of finer-grained
somatomotor networks was associated with worse EF in development, normative segregation of
transmodal networks across scales facilitated the development of EF. Notably, it would be
difficult to observe such distinct effects if network coupling were only considered at a single
scale.

Limitations

Several limitations to the current study should be noted. First, there are undoubtedly
individual differences in the pace of brain development (Tooley et al., 2021). Future longitudinal
studies will be critical for understanding individual deviations in network maturation and
psychopathological consequences (Di Martino et al., 2014). Second, as children tend to move
more during MRI scans, in-scanner head motion continues to be a concern for all neuroimaging
studies of development (Satterthwaite et al., 2013b). Here, we rigorously followed the best
practices for mitigating the influence of head motion on our results, including use of a top-
performing preprocessing pipeline and co-varying for motion in all hypothesis testing (Ciric et
al., 2018). Use of these conservative procedures limits the possibility that reported findings are
attributable to in-scanner motion. Third, we used data combined across three fMRI runs,
including two where an fMRI task was regressed from the data (Fair et al, 2007). This choice
was motivated by studies that have shown that functional networks are primarily defined by
individual-specific rather than task-specific factors and that intrinsic networks during task
performance are similarly organized to those at rest (Gratton et al., 2018). Importantly, by
including task-regressed data, we were able to generate individualized networks with 27 minutes
of high-quality data. Prior work suggests that parcellations created using a timeseries of this
length show high concordance with those generated using 380 minutes of data (Laumann et al.,
2015). Fourth, we studied multi-scale organization in the spatial domain; the brain also exhibits
multi-scale organization in the temporal domain (Palva & Palva, 2018; Buzsaki & Draguhn,
2004; Smith et al., 2012, Vidaurre et al., 2017). Future investigations using tools with greater
temporal resolution may be critical for simultaneously describing spatial and temporal multi-
scale organization. Finally, the maturation of subcortical structures is a critical component of
neurodevelopment (Mills et al., 2014; Sommerville et al., 2009). Recent advances in precision
functional mapping of subcortical regions (Greene et al., 2020; Sylvester et al., 2020) present a
excellent opportunity to delineate the role of subcortical functional coupling in neurocognitive
development.

Conclusion

We leveraged advances in machine learning to elucidate divergent patterns of functional
network development and to establish their relevance for cognition. These results are important
for understanding the developmental refinement of cortical hierarchy that is prominent in healthy
adults. Moving forward, the process of this refinement may be critically important for
understanding executive dysfunction in those affected by mental illness. Examining
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abnormalities of functional network re-organization in longitudinal clinical samples will provide
an important opportunity to test the hypothesis that insufficient maturational segregation of
transmodal networks confers risk to diverse psychiatric disorders. Indeed, existing research
suggests that abnormalities associated with cross-disorder psychopathology are predominantly
present at the transmodal end of the functional hierarchy (Shanmugan et al., 2016; Romer et al.,
2020; Parkes et al., 2021), and that diverse psychopathology is associated with attenuated
segregation of higher-order networks (Xia et al., 2018). Eventually, understanding the normative
development of individualized networks may be a critical prerequisite for guiding personalized
neuromodulatory interventions targeting both individual-specific functional neuroanatomy and
developmental phases with amenable plasticity.

ACKNOWLEDGEMENTS

This study was supported by grants from the National Institute of Health: F31 MH123063-01A1
(A.P.), ROIMH113550 (T.D.S. & D.S.B.), RO1EB022573 (C.D., Y.F., & T.D.S.),
RO1IMH120482 (T.D.S. & M.M.), RFIMH116920 (T.D.S. & D.S.B.), R37MH125829 (D.F. &
T.D.S), ROIMH112847 (R.T.S. & T.D.S.), and T32MHO014654 (B.L.). V.J.S. was supported by a
National Science Foundation Graduate Research Fellowship (DGE-1845298). L. P. was
supported by the 2020 NARSAD Young Investigator Grant from the Brain & Behavior Research
Foundation. The PNC was supported by MH089983 and MH089924. Additional support was
provided by the Lifespan Brain Institute at Penn and the Children’s Hospital of Philadelphia and
the Dowshen Program for Neuroscience. The content is solely the responsibility of the authors
and does not represent the official views of any of the funding agencies.

AUTHOR CONTRIBUTIONS

Conceptualization, T.D.S. and A.R.P.; Methodology, T.D.S., A.R.P., B.L.,, R.T.S., and SM.W_;
Software, A.R.P.,Z.C., HL., Y.F, T.D.S., A A., B.L., and A .F.-A-B.; Validation; Z.C., B.L.,
and M.A.B.; Formal Analysis, A.R.P.; Resources, R.C.G. and R.E.G., Data Curation, T.D.S. and
A.A., Writing - Original Draft, A.R.P., B.L., M.A.B., and T.D.S.; Writing — Review and Editing,
ARP,VIJS,T.DS.,Z.C,AFA-B,CD.,DAF.,R.C.G.,REG., HL., M.PM., TMM,,
K.M., L.P,S.LT-S.,S.S.,,RT.S.,,SM.W.,D.S.B.,, Y.F.,, and T.D.S.; Visualization, A.R.P.;
Supervision, T.D.S.

DECLARATION OF INTERESTS

Dr. Shinohara has consulting income from Genentech/Roche and Octave Bioscience. All other
authors report no competing interests.

REFERENCES

Alexander-Bloch, A. F., Shou, H., Liu, S., Satterthwaite, T. D., Glahn, D. C., Shinohara, R. T.,
Vandekar, S. N., & Raznahan, A. (2018). On testing for spatial correspondence between maps of
human brain structure and function. Neurolmage, 178, 540-551.
https://doi.org/10.1016/j.neuroimage.2018.05.070



https://doi.org/10.1101/2021.07.07.451458
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.07.07.451458; this version posted July 9, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Anderson, J. S., Ferguson, M. A., Lopez-Larson, M., & Yurgelun-Todd, D. (2011). Connectivity
Gradients Between the Default Mode and Attention Control Networks. Brain Connectivity, 1(2),
147-157. https://doi.org/10.1089/brain.2011.0007

Arffa, S. (2007). The relationship of intelligence to executive function and non-executive
function measures in a sample of average, above average, and gifted youth. Archives of Clinical
Neuropsychology: The Official Journal of the National Academy of Neuropsychologists, 22(8),
969-978. https://doi.org/10.1016/j.acn.2007.08.001

Arslan, S., Ktena, S. I., Makropoulos, A., Robinson, E. C., Rueckert, D., & Parisot, S. (2018).
Human brain mapping: A systematic comparison of parcellation methods for the human cerebral
cortex. Neurolmage, 170, 5-30. https://doi.org/10.1016/j.neuroimage.2017.04.014

Barber, A. D., Caffo, B. S., Pekar, J. J., & Mostofsky, S. H. (2013). Developmental Changes In
Within- and Between-Network Connectivity Between Late Childhood and Adulthood.
Neuropsychologia, 51(1), 156—167. https://doi.org/10.1016/j.neuropsychologia.2012.11.011

Baum, G. L., Ciric, R., Roalf, D. R., Betzel, R. F., Moore, T. M., Shinohara, R. T., Kahn, A. E.,
Vandekar, S. N., Rupert, P. E., Quarmley, M., Cook, P. A., Elliott, M. A., Ruparel, K., Gur, R.
E., Gur, R. C., Bassett, D. S., & Satterthwaite, T. D. (2017). Modular Segregation of Structural
Brain Networks Supports the Development of Executive Function in Youth. Current Biology:
CB, 27(11), 1561-1572.e8. https://doi.org/10.1016/j.cub.2017.04.051

Best, J. R., & Miller, P. H. (2010). A Developmental Perspective on Executive Function. Child
Development, 8§1(6), 1641-1660. https://doi.org/10.1111/].1467-8624.2010.01499.x

Best, J. R., Miller, P. H., & Naglieri, J. A. (2011). Relations between Executive Function and
Academic Achievement from Ages 5 to 17 in a Large, Representative National Sample.
Learning and Individual Differences, 21(4), 327-336.
https://doi.org/10.1016/j.1indif.2011.01.007

Betzel, R. F., & Bassett, D. S. (2017). Multi-scale brain networks. Neurolmage, 160, 73—83.
https://doi.org/10.1016/j.neuroimage.2016.11.006

Betzel, R. F., Bertolero, M. A., Gordon, E. M., Gratton, C., Dosenbach, N. U. F., & Bassett, D.
S. (2019). The community structure of functional brain networks exhibits scale-specific patterns
of inter- and intra-subject variability. Neurolmage, 202, 115990.
https://doi.org/10.1016/j.neuroimage.2019.07.003

Bijsterbosch, J., Harrison, S. J., Jbabdi, S., Woolrich, M., Beckmann, C., Smith, S., & Duff, E. P.
(2020). Challenges and future directions for representations of functional brain organization.
Nature Neuroscience, 23(12), 1484—1495. https://doi.org/10.1038/s41593-020-00726-z
Bijsterbosch, J. D., Woolrich, M. W., Glasser, M. F., Robinson, E. C., Beckmann, C. F., Van
Essen, D. C., Harrison, S. J., & Smith, S. M. (2018). The relationship between spatial
configuration and functional connectivity of brain regions. ELife, 7.
https://doi.org/10.7554/eLife.32992

Bomyea, J., Taylor, C. T., Spadoni, A. D., & Simmons, A. N. (2018). Neural mechanisms of
interference control in working memory capacity. Human Brain Mapping, 39(2), 772—782.
https://doi.org/10.1002/hbm.23881

Brittin, C. A., Cook, S. J., Hall, D. H., Emmons, S. W., & Cohen, N. (2021). A multi-scale brain
map derived from whole-brain volumetric reconstructions. Nature, 591(7848), 105—110.
https://doi.org/10.1038/s41586-021-03284-x



https://doi.org/10.1101/2021.07.07.451458
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.07.07.451458; this version posted July 9, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Breakspear, M., & Stam, C. J. (2005). Dynamics of a neural system with a multiscale
architecture. Philosophical Transactions of the Royal Society B: Biological Sciences, 360(1457),
1051-1074. https://doi.org/10.1098/rstb.2005.1643

Buckner, R. L., & Krienen, F. M. (2013). The evolution of distributed association networks in
the human brain. Trends in Cognitive Sciences, 17(12), 648—665.
https://doi.org/10.1016/.tics.2013.09.017

Burger, B., Nenning, K.-H., Schwartz, E., Margulies, D. S., Goulas, A., Liu, H., Neubauer, S.,
Dauwels, J., Prayer, D., & Langs, G. (2021). Disentangling cortical functional connectivity
strength and topography reveals divergent roles of genes and environment. BioRxiv,
2021.04.08.438586. https://doi.org/10.1101/2021.04.08.438586

Braga, R. M., & Buckner, R. L. (2017). Parallel Interdigitated Distributed Networks within the
Individual Estimated by Intrinsic Functional Connectivity. Neuron, 95(2), 457-471.e5.
https://doi.org/10.1016/j.neuron.2017.06.038

Buzsaki, G., & Draguhn, A. (2004). Neuronal oscillations in cortical networks. Science (New
York, N.Y.), 304(5679), 1926—-1929. https://doi.org/10.1126/science.1099745

Cai, D., He, X., Han, J., & Huang, T. S. (2011). Graph Regularized Nonnegative Matrix
Factorization for Data Representation. /[EEE Transactions on Pattern Analysis and Machine
Intelligence, 33(8), 1548—1560. https://doi.org/10.1109/TPAMI.2010.231

Casey, B. J., Jones, R. M., & Hare, T. A. (2008). The Adolescent Brain. Annals of the New York
Academy of Sciences, 1124, 111-126. https://doi.org/10.1196/annals.1440.010

Cassady, K. E., Adams, J. N., Chen, X., Maass, A., Harrison, T. M., Landau, S., Baker, S., &
Jagust, W. (2021). Alzheimer’s Pathology Is Associated with Dedifferentiation of Intrinsic

Functional Memory Networks in Aging. Cerebral Cortex, bhab122.
https://doi.org/10.1093/cercor/bhab122

Chan, M. Y., Park, D. C., Savalia, N. K., Petersen, S. E., & Wig, G. S. (2014). Decreased
segregation of brain systems across the healthy adult lifespan. Proceedings of the National
Academy of Sciences, 111(46), E4997-E5006. https://doi.org/10.1073/pnas. 1415122111

Ciric, R., Wolf, D. H., Power, J. D., Roalf, D. R., Baum, G. L., Ruparel, K., Shinohara, R. T.,
Elliott, M. A., Eickhoft, S. B., Davatzikos, C., Gur, R. C., Gur, R. E., Bassett, D. S., &
sSatterthwaite, T. D. (2017). Benchmarking of participant-level confound regression strategies

for the control of motion artifact in studies of functional connectivity. Neurolmage, 154, 174—
187. https://doi.org/10.1016/j.neuroimage.2017.03.020

Ciric, R., Rosen, A. F. G., Erus, G., Cieslak, M., Adebimpe, A., Cook, P. A., Bassett, D. S.,
Davatzikos, C., Wolf, D. H., & Satterthwaite, T. D. (2018). Mitigating head motion artifact in
functional connectivity MRI. Nature Protocols, 13(12), 2801. https://doi.org/10.1038/s41596-
018-0065-y

Cole, M. W., Reynolds, J. R., Power, J. D., Repovs, G., Anticevic, A., & Braver, T. S. (2013).
Multi-task connectivity reveals flexible hubs for adaptive task control. Nature Neuroscience,
16(9), 1348—1355. https://doi.org/10.1038/nn.3470

Cox, R. W. (1996). AFNI: Software for Analysis and Visualization of Functional Magnetic

Resonance Neuroimages. Computers and Biomedical Research, 29(3), 162—173.
https://doi.org/10.1006/cbmr.1996.0014



https://doi.org/10.1101/2021.07.07.451458
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.07.07.451458; this version posted July 9, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Cui, Z., Li, H., Xia, C. H., Larsen, B., Adebimpe, A., Baum, G. L., Cieslak, M., Gur, R. E., Gur,
R. C., Moore, T. M., Oathes, D. J., Alexander-Bloch, A. F., Raznahan, A., Roalf, D. R.,
Shinohara, R. T., Wolf, D. H., Davatzikos, C., Bassett, D. S., Fair, D. A, Fan, Y., &
Satterthwaite, T. D. (2020). Individual Variation in Functional Topography of Association
Networks in Youth. Neuron, 106(2), 340-353.e8. https://doi.org/10.1016/j.neuron.2020.01.029

de Reus, M. A., & van den Heuvel, M. P. (2013). The parcellation-based connectome:
Limitations and extensions. Neurolmage, 80, 397-404.
https://doi.org/10.1016/j.neuroimage.2013.03.053

Di Martino, A., Fair, D. A., Kelly, C., Satterthwaite, T. D., Castellanos, F. X., Thomason, M. E.,
Craddock, R. C., Luna, B., Leventhal, B. L., Zuo, X.-N., & Milham, M. P. (2014). Unraveling
the Miswired Connectome: A Developmental Perspective. Neuron, 83(6), 1335-1353.
https://doi.org/10.1016/j.neuron.2014.08.050

Dong, H.-M., Margulies, D. S., Zuo, X.-N., & Holmes, A. J. (2020). Shifting gradients of
macroscale cortical organization mark the transition from childhood to adolescence. BioRxiv,
2020.11.17.385260. https://doi.org/10.1101/2020.11.17.385260

Doucet, G., Naveau, M., Petit, L., Delcroix, N., Zago, L., Crivello, F., Jobard, G., Tzourio-
Mazoyer, N., Mazoyer, B., Mellet, E., & Joliot, M. (2011). Brain activity at rest: A multiscale
hierarchical functional organization. Journal of Neurophysiology, 105(6), 2753-2763.
https://doi.org/10.1152/jn.00895.2010

Douglas, R. J., & Martin, K. A. C. (2012). Behavioral architecture of the cortical sheet. Current
Biology, 22(24), R1033-R1038. https://doi.org/10.1016/j.cub.2012.11.017

Dwyer, D. B., Harrison, B. J., Yiicel, M., Whittle, S., Zalesky, A., Pantelis, C., Allen, N. B., &
Fornito, A. (2014). Large-Scale Brain Network Dynamics Supporting Adolescent Cognitive
Control. Journal of Neuroscience, 34(42), 14096—-14107.
https://doi.org/10.1523/INEUROSCI.1634-14.2014

Eickhoff, S. B., Yeo, B. T. T., & Genon, S. (2018). Imaging-based parcellations of the human
brain. Nature Reviews Neuroscience, 19(11), 672—686. https://doi.org/10.1038/s41583-018-
0071-7

Fair, D. A., Dosenbach, N. U. F., Church, J. A., Cohen, A. L., Brahmbhatt, S., Miezin, F. M.,
Barch, D. M., Raichle, M. E., Petersen, S. E., & Schlaggar, B. L. (2007a). Development of
distinct control networks through segregation and integration. Proceedings of the National
Academy of Sciences, 104(33), 13507—-13512. https://doi.org/10.1073/pnas.0705843104

Fair, D. A., Schlaggar, B. L., Cohen, A. L., Miezin, F. M., Dosenbach, N. U. F., Wenger, K. K.,
Fox, M. D., Snyder, A. Z., Raichle, M. E., & Petersen, S. E. (2007b). A method for using
blocked and event-related fMRI data to study “resting state” functional connectivity.
Neurolmage, 35(1), 396—405. https://doi.org/10.1016/j.neuroimage.2006.11.051

Faskowitz, J., Esfahlani, F. Z., Jo, Y., Sporns, O., & Betzel, R. F. (2020). Edge-centric functional
network representations of human cerebral cortex reveal overlapping system-level architecture.
Nature Neuroscience, 23(12), 1644—1654. https://doi.org/10.1038/s41593-020-00719-y

Fischl, B. (2012). FreeSurfer. Neurolmage, 62(2), 774-781.
https://doi.org/10.1016/j.neuroimage.2012.01.021



https://doi.org/10.1101/2021.07.07.451458
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.07.07.451458; this version posted July 9, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Fjell, A. M., Sneve, M. H., Grydeland, H., Storsve, A. B., & Walhovd, K. B. (2017). The
Disconnected Brain and Executive Function Decline in Aging. Cerebral Cortex (New York, N.Y.:
1991), 27(3), 2303-2317. https://doi.org/10.1093/cercor/bhw082

Geerligs, L., Maurits, N. M., Renken, R. J., & Lorist, M. M. (2014). Reduced specificity of
functional connectivity in the aging brain during task performance. Human Brain Mapping,
35(1), 319-330. https://doi.org/10.1002/hbm.22175

Goh, J. O. S. (2011). Functional Dedifferentiation and Altered Connectivity in Older Adults:
Neural Accounts of Cognitive Aging. Aging and Disease, 2(1), 30—48.

Gordon, E. M., Laumann, T. O., Adeyemo, B., Huckins, J. F., Kelley, W. M., & Petersen, S. E.
(2014). Generation and Evaluation of a Cortical Area Parcellation from Resting-State
Correlations. Cerebral Cortex, 26(1), 288—303. https://doi.org/10.1093/cercor/bhu239

Gordon, E. M., Laumann, T. O., Adeyemo, B., & Petersen, S. E. (2017a). Individual Variability
of the System-Level Organization of the Human Brain. Cerebral Cortex, 27(1), 386—399.
https://doi.org/10.1093/cercor/bhv239

Gordon, E. M., Laumann, T. O., Gilmore, A. W., Newbold, D. J., Greene, D. J., Berg, J. J.,
Ortega, M., Hoyt-Drazen, C., Gratton, C., Sun, H., Hampton, J. M., Coalson, R. S., Nguyen, A.
L., McDermott, K. B., Shimony, J. S., Snyder, A. Z., Schlaggar, B. L., Petersen, S. E., Nelson, S.
M., & Dosenbach, N. U. F. (2017b). Precision Functional Mapping of Individual Human Brains.
Neuron, 95(4), 791-807.¢7. https://doi.org/10.1016/].neuron.2017.07.011

Gratton, C., Laumann, T. O., Nielsen, A. N., Greene, D. J., Gordon, E. M., Gilmore, A. W.,
Nelson, S. M., Coalson, R. S., Snyder, A. Z., Schlaggar, B. L., Dosenbach, N. U. F., & Petersen,
S. E. (2018). Functional Brain Networks Are Dominated by Stable Group and Individual Factors,
Not Cognitive or Daily Variation. Neuron, 98(2), 439-452.e5.
https://doi.org/10.1016/j.neuron.2018.03.035

Grayson, D. S., & Fair, D. A. (2017). Development of large-scale functional networks from birth
to adulthood: A guide to the neuroimaging literature. Neurolmage, 160, 15-31.
https://doi.org/10.1016/j.neuroimage.2017.01.079

Greve, D. N., & Fischl, B. (2009). Accurate and robust brain image alignment using boundary-
based registration. Neurolmage, 48(1), 63—72. https://doi.org/10.1016/j.neuroimage.2009.06.060

Gu, Y., Sainburg, L. E., Kuang, S., Han, F., Williams, J. W., Liu, Y., Zhang, N., Zhang, X.,
Leopold, D. A., & Liu, X. (2021). Brain Activity Fluctuations Propagate as Waves Traversing
the Cortical Hierarchy. Cerebral Cortex (New York, N.Y.: 1991).
https://doi.org/10.1093/cercor/bhab064

Gur, R. C,, Richard, J., Calkins, M. E., Chiavacci, R., Hansen, J. A., Bilker, W. B., Loughead, J.,
Connolly, J. J., Qiu, H., Mentch, F. D., Abou-Sleiman, P. M., Hakonarson, H., & Gur, R. E.
(2012). Age group and sex differences in performance on a computerized neurocognitive battery
in children age 8-21. Neuropsychology, 26(2), 251-265. https://doi.org/10.1037/a0026712

Hallquist, M. N., Hwang, K., & Luna, B. (2013). The nuisance of nuisance regression: Spectral
misspecification in a common approach to resting-state fMRI preprocessing reintroduces noise
and obscures functional connectivity. Neurolmage, 82, 208-225.
https://doi.org/10.1016/j.neuroimage.2013.05.116



https://doi.org/10.1101/2021.07.07.451458
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.07.07.451458; this version posted July 9, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

He, W., Sowman, P. F., Brock, J., Etchell, A. C., Stam, C. J., & Hillebrand, A. (2019). Increased
segregation of functional networks in developing brains. Neurolmage, 200, 607—620.
https://doi.org/10.1016/j.neuroimage.2019.06.055

Huntenburg, J. M., Bazin, P.-L., & Margulies, D. S. (2018). Large-Scale Gradients in Human
Cortical Organization. Trends in Cognitive Sciences, 22(1), 21-31.
https://doi.org/10.1016/].tics.2017.11.002

Jenkinson, M., Beckmann, C. F., Behrens, T. E. J., Woolrich, M. W., & Smith, S. M. (2012).
FSL. Neurolmage, 62(2), 782—790. https://doi.org/10.1016/].neuroimage.2011.09.015

Jurado, M. B., & Rosselli, M. (2007). The elusive nature of executive functions: A review of our
current understanding. Neuropsychology Review, 17(3), 213-233.
https://doi.org/10.1007/s11065-007-9040-z

Kong, R., Li, J., Orban, C., Sabuncu, M. R., Liu, H., Schaefer, A., Sun, N., Zuo, X.-N., Holmes,
A. J., Eickhoff, S. B., & Yeo, B. T. T. (2018). Spatial Topography of Individual-Specific
Cortical Networks Predicts Human Cognition, Personality, and Emotion. Cerebral Cortex (New
York, N.Y.: 1991). https://doi.org/10.1093/cercor/bhy123

LaBar, K. S., Gitelman, D. R., Parrish, T. B., & Mesulam, M. (1999). Neuroanatomic overlap of
working memory and spatial attention networks: A functional MRI comparison within subjects.
Neurolmage, 10(6), 695—704. https://doi.org/10.1006/nimg.1999.0503

Larsen, B., Bourque, J., Moore, T. M., Adebimpe, A., Calkins, M. E., Elliott, M. A., Gur, R. C.,
Gur, R. E., Moberg, P. J., Roalf, D. R., Ruparel, K., Turetsky, B. 1., Vandekar, S. N., Wolf, D.
H., Shinohara, R. T., & Satterthwaite, T. D. (2020). Longitudinal Development of Brain Iron Is
Linked to Cognition in Youth. The Journal of Neuroscience: The Official Journal of the Society
for Neuroscience, 40(9), 1810—1818. https://doi.org/10.1523/INEUROSCI.2434-19.2020

Lariviere, S., Vos de Wael, R., Hong, S.-J., Paquola, C., Tavakol, S., Lowe, A. J., Schrader, D.
V., & Bernhardt, B. C. (2020). Multiscale Structure—Function Gradients in the Neonatal
Connectome. Cerebral Cortex, 30(1), 47-58. https://doi.org/10.1093/cercor/bhz069

Laumann, T. O., Gordon, E. M., Adeyemo, B., Snyder, A. Z., Joo, S. J., Chen, M.-Y., Gilmore,
A. W., McDermott, K. B., Nelson, S. M., Dosenbach, N. U. F., Schlaggar, B. L., Mumford, J. A.,
Poldrack, R. A., & Petersen, S. E. (2015). Functional System and Areal Organization of a Highly
Sampled Individual Human Brain. Neuron, 87(3), 657-670.
https://doi.org/10.1016/j.neuron.2015.06.037

Lee, D. D., & Seung, H. S. (1999). Learning the parts of objects by non-negative matrix
factorization. Nature, 401(6755), 788. https://doi.org/10.1038/44565

Li, H., Satterthwaite, T., & Fan, Y. (2017). Large-scale sparse functional networks from resting
state fMRI. Neurolmage, 156, 1-13. https://doi.org/10.1016/j.neuroimage.2017.05.004

Li, M., Wang, D., Ren, J., Langs, G., Stoecklein, S., Brennan, B. P., Lu, J., Chen, H., & Liu, H.
(2019). Performing group-level functional image analyses based on homologous functional
regions mapped in individuals. PLOS Biology, 17(3), €2007032.
https://doi.org/10.1371/journal.pbio.2007032

Luna, B., Marek, S., Larsen, B., Tervo-Clemmens, B., & Chahal, R. (2015). An Integrative
Model of the Maturation of Cognitive Control. Annual Review of Neuroscience, 38, 151-170.
https://doi.org/10.1146/annurev-neuro-071714-034054



https://doi.org/10.1101/2021.07.07.451458
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.07.07.451458; this version posted July 9, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Ma, Z., Tu, W., & Zhang, N. (2021). Increased wiring cost during development is driven by
long-range cortical, but not subcortical connections. Neurolmage, 225, 117463.
https://doi.org/10.1016/j.neuroimage.2020.117463

Marek, S., & Dosenbach, N. U. F. (2018). The frontoparietal network: Function,
electrophysiology, and importance of individual precision mapping. Dialogues in Clinical
Neuroscience, 20(2), 133—140.

Marek, S., Hwang, K., Foran, W., Hallquist, M. N., & Luna, B. (2015). The Contribution of
Network Organization and Integration to the Development of Cognitive Control. PLoS Biology,
13(12), €1002328. https://doi.org/10.1371/journal.pbio.1002328

Margulies, D. S., Ghosh, S. S., Goulas, A., Falkiewicz, M., Huntenburg, J. M., Langs, G.,
Bezgin, G., Eickhoff, S. B., Castellanos, F. X., Petrides, M., Jefferies, E., & Smallwood, J.
(2016). Situating the default-mode network along a principal gradient of macroscale cortical
organization. Proceedings of the National Academy of Sciences, 113(44), 12574—12579.
https://doi.org/10.1073/pnas. 1608282113

Matsui, T., Murakami, T., & Ohki, K. (2016). Transient neuronal coactivations embedded in
globally propagating waves underlie resting-state functional connectivity. Proceedings of the
National Academy of Sciences, 113(23), 6556—6561. https://doi.org/10.1073/pnas.1521299113

Mesulam, M. M. (1998). From sensation to cognition. Brain: A Journal of Neurology, 121 ( Pt
6), 1013—1052. https://doi.org/10.1093/brain/121.6.1013

Millan, M. J., Agid, Y., Briine, M., Bullmore, E. T., Carter, C. S., Clayton, N. S., Connor, R.,
Davis, S., Deakin, B., DeRubeis, R. J., Dubois, B., Geyer, M. A., Goodwin, G. M., Gorwood, P.,
Jay, T. M., Joé€ls, M., Mansuy, I. M., Meyer-Lindenberg, A., Murphy, D., Rolls, E., Saletu, B.,
Spedding, M., Sweeney, J., Whittington, M., & Young, L. J. (2012). Cognitive dysfunction in
psychiatric disorders: Characteristics, causes and the quest for improved therapy. Nature
Reviews. Drug Discovery, 11(2), 141-168. https://doi.org/10.1038/nrd3628

Mitra, A., & Raichle, M. E. (2016). How networks communicate: Propagation patterns in
spontaneous brain activity. Philosophical Transactions of the Royal Society B: Biological
Sciences, 371(1705), 20150546. https://doi.org/10.1098/rstb.2015.0546

Miyake, A., Friedman, N. P., Emerson, M. J., Witzki, A. H., Howerter, A., & Wager, T. D.
(2000). The Unity and Diversity of Executive Functions and Their Contributions to Complex
“Frontal Lobe” Tasks: A Latent Variable Analysis. Cognitive Psychology, 41(1), 49—-100.
https://doi.org/10.1006/cogp.1999.0734

Murphy, A. C., Bertolero, M. A., Papadopoulos, L., Lydon-Staley, D. M., & Bassett, D. S.
(2020). Multimodal network dynamics underpinning working memory. Nature Communications,
11(1), 3035. https://doi.org/10.1038/s41467-020-15541-0

Murphy, C., Jefferies, E., Rueschemeyer, S.-A., Sormaz, M., Wang, H., Margulies, D. S., &
Smallwood, J. (2018). Distant from input: Evidence of regions within the default mode network
supporting perceptually-decoupled and conceptually-guided cognition. Neurolmage, 171, 393—
401. https://doi.org/10.1016/j.neuroimage.2018.01.017

Murphy, C., Wang, H.-T., Konu, D., Lowndes, R., Margulies, D. S., Jefferies, E., & Smallwood,
J. (2019). Modes of operation: A topographic neural gradient supporting stimulus dependent and

independent cognition. Neurolmage, 186, 487—496.
https://doi.org/10.1016/j.neuroimage.2018.11.009



https://doi.org/10.1101/2021.07.07.451458
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.07.07.451458; this version posted July 9, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Nenning, K.-H., Xu, T., Schwartz, E., Arroyo, J., Woehrer, A., Franco, A. R., Vogelstein, J. T.,

Margulies, D. S., Liu, H., Smallwood, J., Milham, M. P., & Langs, G. (2020). Joint embedding:
A scalable alignment to compare individuals in a connectivity space. Neurolmage, 222, 117232.
https://doi.org/10.1016/j.neuroimage.2020.117232

Niendam, T. A., Laird, A. R, Ray, K. L., Dean, Y. M., Glahn, D. C., & Carter, C. S. (2012).
Meta-analytic evidence for a superordinate cognitive control network subserving diverse

executive functions. Cognitive, Affective, & Behavioral Neuroscience, 12(2), 241-268.
https://doi.org/10.3758/s13415-011-0083-5

Ojemann, J. G., Akbudak, E., Snyder, A. Z., McKinstry, R. C., Raichle, M. E., & Conturo, T. E.
(1997). Anatomic Localization and Quantitative Analysis of Gradient Refocused Echo-Planar
fMRI Susceptibility Artifacts. Neurolmage, 6(3)s, 156—167.
https://doi.org/10.1006/nimg.1997.0289

Oligschléger, S., Huntenburg, J. M., Golchert, J., Lauckner, M. E., Bonnen, T., & Margulies, D.
S. (2017). Gradients of connectivity distance are anchored in primary cortex. Brain Structure &
Function, 222(5), 2173-2182. https://doi.org/10.1007/s00429-016-1333-7

Owens, M. M., Yuan, D., Hahn, S., Albaugh, M., Allgaier, N., Chaarani, B., Potter, A., &
Garavan, H. (2020). Investigation of Psychiatric and Neuropsychological Correlates of Default
Mode Network and Dorsal Attention Network Anticorrelation in Children. Cerebral Cortex,
30(12), 6083—6096. https://doi.org/10.1093/cercor/bhaal43

Palva, S., & Palva, J. M. (2018). Roles of Brain Criticality and Multiscale Oscillations in
Temporal Predictions for Sensorimotor Processing. Trends in Neurosciences, 41(10), 729—743.
https://doi.org/10.1016/].tins.2018.08.008

Park, B., Bethlehem, R. A., Paquola, C., Lariviére, S., Rodriguez-Cruces, R., Vos de Wael, R.,
Neuroscience in Psychiatry Network (NSPN) Consortium, Bullmore, E. T., & Bernhardt, B. C.
(2021). An expanding manifold in transmodal regions characterizes adolescent reconfiguration
of structural connectome organization. ELife, 10, e64694. https://doi.org/10.7554/eLife.64694

Park, D. C,, Polk, T. A., Park, R., Minear, M., Savage, A., & Smith, M. R. (2004). Aging reduces
neural specialization in ventral visual cortex. Proceedings of the National Academy of Sciences,
101(35), 13091-13095. https://doi.org/10.1073/pnas.0405148101

Parkes, L., Moore, T. M., Calkins, M. E., Cieslak, M., Roalf, D. R., Wolf, D. H., Gur, R. C., Gur,
R. E., Satterthwaite, T. D., & Bassett, D. S. (2021). Network Controllability in Transmodal
Cortex Predicts Psychosis Spectrum Symptoms. Biological Psychiatry, 89(9), S370-S371.
https://doi.org/10.1016/j.biopsych.2021.02.922

Paquola, C., Bethlehem, R. A., Seidlitz, J., Wagstyl, K., Romero-Garcia, R., Whitaker, K. J., Vos
de Wael, R., Williams, G. B., NSPN Consortium, Vértes, P. E., Margulies, D. S., Bernhardt, B.,
& Bullmore, E. T. (2019). Shifts in myeloarchitecture characterise adolescent development of
cortical gradients. ELife, 8, e50482. https://doi.org/10.7554/eLife.50482

Pines, A. R., Cieslak, M., Larsen, B., Baum, G. L., Cook, P. A., Adebimpe, A., Davila, D. G.,
Elliott, M. A., Jirsaraie, R., Murtha, K., Oathes, D. J., Piiwaa, K., Rosen, A. F. G., Rush, S.,
Shinohara, R. T., Bassett, D. S., Roalf, D. R., & Satterthwaite, T. D. (2020). Leveraging multi-
shell diffusion for studies of brain development in youth and young adulthood. Developmental
Cognitive Neuroscience, 43, 100788. https://doi.org/10.1016/j.dcn.2020.100788



https://doi.org/10.1101/2021.07.07.451458
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.07.07.451458; this version posted July 9, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Power, J. D., Fair, D. A., Schlaggar, B. L., & Petersen, S. E. (2010). The Development of Human
Functional Brain Networks. Neuron, 67(5), 735-748.
https://doi.org/10.1016/j.neuron.2010.08.017

Reineberg, A. E., Andrews-Hanna, J. R., Depue, B. E., Friedman, N. P., & Banich, M. T. (2015).
Resting-state networks predict individual differences in common and specific aspects of
executive function. Neurolmage, 104, 69—78. https://doi.org/10.1016/j.neuroimage.2014.09.045

R Core Team (2013). R: A language and environment for statistical computing. R Foundation for
statistical computing, Vienna, Austria. https://r-project.org

Romer, A. L., Elliott, M. L., Knodt, A. R., Sison, M. L., Ireland, D., Houts, R., Ramrakha, S.,
Poulton, R., Keenan, R., Melzer, T. R., Moffitt, T. E., Caspi, A., & Hariri, A. R. (2020).
Pervasively Thinner Neocortex as a Transdiagnostic Feature of General Psychopathology.
American Journal of Psychiatry, 178(2), 174—182.
https://doi.org/10.1176/appi.ajp.2020.19090934

Rottschy, C., Langner, R., Dogan, 1., Reetz, K., Laird, A. R., Schulz, J. B., Fox, P. T., &
Eickhoff, S. B. (2012). Modelling neural correlates of working memory: A coordinate-based
meta-analysis. Neurolmage, 60(1), 830—846. https://doi.org/10.1016/j.neuroimage.2011.11.050

Satterthwaite, T. D., Wolf, D. H., Erus, G., Ruparel, K., Elliott, M. A., Gennatas, E. D., Hopson,
R., Jackson, C., Prabhakaran, K., Bilker, W. B., Calkins, M. E., Loughead, J., Smith, A., Roalf,
D. R., Hakonarson, H., Verma, R., Davatzikos, C., Gur, R. C., & Gur, R. E. (2013a). Functional
Maturation of the Executive System during Adolescence. Journal of Neuroscience, 33(41),
16249-16261. https://doi.org/10.1523/INEUROSCI.2345-13.2013

Satterthwaite, T. D., Wolf, D. H., Ruparel, K., Erus, G., Elliott, M. A., Eickhoff, S. B., Gennatas,
E. D., Jackson, C., Prabhakaran, K., Smith, A., Hakonarson, H., Verma, R., Davatzikos, C., Gur,
R. E., & Gur, R. C. (2013b). Heterogeneous impact of motion on fundamental patterns of
developmental changes in functional connectivity during youth. Neurolmage, 83, 45-57.
https://doi.org/10.1016/j.neuroimage.2013.06.045

Satterthwaite, T. D., Elliott, M. A., Ruparel, K., Loughead, J., Prabhakaran, K., Calkins, M. E.,
Hopson, R., Jackson, C., Keefe, J., Riley, M., Mentch, F. D., Sleiman, P., Verma, R., Davatzikos,
C., Hakonarson, H., Gur, R. C., & Gur, R. E. (2014). Neuroimaging of the Philadelphia
neurodevelopmental cohort. Neurolmage, 86, 544-553.
https://doi.org/10.1016/j.neuroimage.2013.07.064

Seeley, W. W., Crawford, R. K., Zhou, J., Miller, B. L., & Greicius, M. D. (2009).
Neurodegenerative diseases target large-scale human brain networks. Neuron, 62(1), 42-52.
https://doi.org/10.1016/j.neuron.2009.03.024

Shanmugan, S., Wolf, D. H., Calkins, M. E., Moore, T. M., Ruparel, K., Hopson, R. D.,
Vandekar, S. N., Roalf, D. R., Elliott, M. A., Jackson, C., Gennatas, E. D., Leibenluft, E., Pine,
D. S., Shinohara, R. T., Hakonarson, H., Gur, R. C., Gur, R. E., & Satterthwaite, T. D. (2016).
Common and Dissociable Mechanisms of Executive System Dysfunction Across Psychiatric
Disorders in Youth. The American Journal of Psychiatry, 173(5), 517-526.
https://doi.org/10.1176/appi.ajp.2015.15060725

Sherman, L. E., Rudie, J. D., Pfeifer, J. H., Masten, C. L., McNealy, K., & Dapretto, M. (2014).
Development of the Default Mode and Central Executive Networks across early adolescence: A

longitudinal study. Developmental Cognitive Neuroscience, 10, 148—159.
https://doi.org/10.1016/j.dcn.2014.08.002



https://doi.org/10.1101/2021.07.07.451458
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.07.07.451458; this version posted July 9, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Shokri-Kojori, E., Tomasi, D., Alipanahi, B., Wiers, C. E., Wang, G.-J., & Volkow, N. D.
(2019). Correspondence between cerebral glucose metabolism and BOLD reveals relative power
and cost in human brain. Nature Communications, 10(1), 690. https://doi.org/10.1038/s41467-
019-08546-x

Shine, J. M., Hearne, L. J., Breakspear, M., Hwang, K., Miiller, E. J., Sporns, O., Poldrack, R.
A., Mattingley, J. B., & Cocchi, L. (2019). The Low-Dimensional Neural Architecture of
Cognitive Complexity Is Related to Activity in Medial Thalamic Nuclei. Neuron, 104(5), 849-
855.e3. https://doi.org/10.1016/j.neuron.2019.09.002

Simmonds, D. J., Hallquist, M. N., & Luna, B. (2017). Protracted development of executive and
mnemonic brain systems underlying working memory in adolescence: A longitudinal fMRI
study. Neurolmage, 157, 695—704. https://doi.org/10.1016/j.neuroimage.2017.01.016

Simpson, G. L. (2018). Modelling Palaecoecological Time Series Using Generalised Additive
Models. Frontiers in Ecology and Evolution, 6. https://doi.org/10.3389/fevo0.2018.00149

Smith, S. M., Jenkinson, M., Woolrich, M. W., Beckmann, C. F., Behrens, T. E. J., Johansen-
Berg, H., Bannister, P. R., De Luca, M., Drobnjak, 1., Flitney, D. E., Niazy, R. K., Saunders, J.,
Vickers, J., Zhang, Y., De Stefano, N., Brady, J. M., & Matthews, P. M. (2004). Advances in
functional and structural MR image analysis and implementation as FSL. Neurolmage, 23,
S208—S219. https://doi.org/10.1016/j.neuroimage.2004.07.051

Smith, S. M., Miller, K. L., Moeller, S., Xu, J., Auerbach, E. J., Woolrich, M. W., Beckmann, C.
F., Jenkinson, M., Andersson, J., Glasser, M. F., Essen, D. C. V., Feinberg, D. A., Yacoub, E. S,
& Ugurbil, K. (2012). Temporally-independent functional modes of spontaneous brain activity.
Proceedings of the National Academy of Sciences, 109(8), 3131-3136.
https://doi.org/10.1073/pnas.1121329109

Snyder, H. R., Friedman, N. P., & Hankin, B. L. (2019). Transdiagnostic Mechanisms of
Psychopathology in Youth: Executive Functions, Dependent Stress, and Rumination. Cognitive
Therapy and Research, 43(5), 834—851. https://doi.org/10.1007/s10608-019-10016-z

Sonuga-Barke, E. J. S., & Castellanos, F. X. (2007). Spontaneous attentional fluctuations in
impaired states and pathological conditions: A neurobiological hypothesis. Neuroscience &
Biobehavioral Reviews, 31(7), 977-986. https://doi.org/10.1016/j.neubiorev.2007.02.005

Sotiras, A., Toledo, J. B., Gur, R. E., Gur, R. C., Satterthwaite, T. D., & Davatzikos, C. (2017).
Patterns of coordinated cortical remodeling during adolescence and their associations with
functional specialization and evolutionary expansion. Proceedings of the National Academy of
Sciences, 114(13), 3527-3532. https://doi.org/10.1073/pnas.1620928114

Steinmetz, H., & Seitz, R. J. (1991). Functional anatomy of language processing: Neuroimaging
and the problem of individual variability. Neuropsychologia, 29(12), 1149—-1161.
https://doi.org/10.1016/0028-3932(91)90030-C

Sydnor, V. J., Larsen, B., Bassett, D. S., Alexander-Bloch, A., Fair, D. A., Liston, C., Mackey,
A. P., Milham, M. P., Pines, A., Roalf, D. R., Seidlitz, J., Xu, T., Raznahan, A., & Satterthwaite,
T. D. (2021) Neurodevelopment of the association cortices: Patterns, mechanisms, and
implications for psychopathology. Neuron, 109. https://doi.org/10.1016/j.neuron.2021.06.016
Tan, Z., Robinson, H. L., Yin, D.-M., Liu, Y., Liu, F., Wang, H., Lin, T. W., Xing, G., Gan, L.,
Xiong, W.-C., & Mei, L. (2018). Dynamic ErbB4 Activity in Hippocampal-Prefrontal Synchrony
and Top-Down Attention in Rodents. Neuron, 98(2), 380-393.e4.
https://doi.org/10.1016/j.neuron.2018.03.018



https://doi.org/10.1101/2021.07.07.451458
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.07.07.451458; this version posted July 9, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Tooley, U. A., Bassett, D. S., & Mackey, A. P. (2021). Environmental influences on the pace of
brain development. Nature Reviews Neuroscience, 1—13. https://doi.org/10.1038/s41583-021-
00457-5

Uddin, L. Q., Yeo, B. T. T., & Spreng, R. N. (2019). Towards a Universal Taxonomy of Macro-
scale Functional Human Brain Networks. Brain Topography, 32(6), 926-942.
https://doi.org/10.1007/s10548-019-00744-6

Vandekar, S. N., Shinohara, R. T., Raznahan, A., Roalf, D. R., Ross, M., DeLeo, N., Ruparel, K.,
Verma, R., Wolf, D. H., Gur, R. C., Gur, R. E., & Satterthwaite, T. D. (2015). Topologically
Dissociable Patterns of Development of the Human Cerebral Cortex. The Journal of
Neuroscience, 35(2), 599—609. https://doi.org/10.1523/INEUROSCI.3628-14.2015

Vainik, U., Paquola, C., Wang, X., Zheng, Y., Bernhardt, B., Misic, B., & Dagher, A. (2020).
Heritability of cortical morphology reflects a sensory-fugal plasticity gradient. BioRxiv,
2020.11.03.366419. https://doi.org/10.1101/2020.11.03.366419

Vidaurre, D., Smith, S. M., & Woolrich, M. W. (2017). Brain network dynamics are
hierarchically organized in time. Proceedings of the National Academy of Sciences, 114(48),
12827-12832. https://doi.org/10.1073/pnas. 1705120114

Wang, D., Li, M., Wang, M., Schoeppe, F., Ren, J., Chen, H., Ongiir, D., Brady, R. O., Baker, J.
T., & Liu, H. (2020). Individual-specific functional connectivity markers track dimensional and
categorical features of psychotic illness. Molecular Psychiatry, 25(9), 2119-2129.
https://doi.org/10.1038/s41380-018-0276-1

Wolf, D. H., Satterthwaite, T. D., Calkins, M. E., Ruparel, K., Elliott, M. A., Hopson, R. D.,
Jackson, C. T., Prabhakaran, K., Bilker, W. B., Hakonarson, H., Gur, R. C., & Gur, R. E. (2015).
Functional neuroimaging abnormalities in youth with psychosis spectrum symptoms. JAMA
Psychiatry, 72(5), 456—465. https://doi.org/10.1001/jamapsychiatry.2014.3169

Wood, S. (2001). Mgev: GAMs and generalized ridge regression for R. R News, 1, 20-25.

Wood, S. N. (2004). Stable and Efficient Multiple Smoothing Parameter Estimation for
Generalized Additive Models. Journal of the American Statistical Association, 99(467), 673—
686. https://doi.org/10.1198/016214504000000980

Wood, S. N. (2006). Low-rank scale-invariant tensor product smooths for generalized additive
mixed models. Biometrics, 62(4), 1025—1036. https://doi.org/10.1111/].1541-0420.2006.00574.x

Wood, S. N. (2011). Fast stable restricted maximum likelihood and marginal likelihood
estimation of semiparametric generalized linear models. Journal of the Royal Statistical Society.
Series B (Statistical Methodology), 73(1), 3-36. JSTOR.

Xia, C. H., Ma, Z., Ciric, R., Gu, S., Betzel, R. F., Kaczkurkin, A. N., Calkins, M. E., Cook, P.
A., Garza, A. G. de la, Vandekar, S. N., Cui, Z., Moore, T. M., Roalf, D. R., Ruparel, K., Wolf,
D. H., Davatzikos, C., Gur, R. C., Gur, R. E., Shinohara, R. T., Bassett, D. S., & Satterthwaite, T.
D. (2018). Linked dimensions of psychopathology and connectivity in functional brain networks.
Nature Communications, 9(1), 3003. https://doi.org/10.1038/s41467-018-05317-y

Xu, T., Opitz, A., Craddock, R. C., Wright, M. J., Zuo, X.-N., & Milham, M. P. (2016).
Assessing Variations in Areal Organization for the Intrinsic Brain: From Fingerprints to
Reliability. Cerebral Cortex (New York, NY), 26(11), 4192—-4211.
https://doi.org/10.1093/cercor/bhw241



https://doi.org/10.1101/2021.07.07.451458
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.07.07.451458; this version posted July 9, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Yeo, B. T. T., Krienen, F. M., Chee, M. W. L., & Buckner, R. L. (2014). Estimates of
segregation and overlap of functional connectivity networks in the human cerebral cortex.
Neurolmage, 88, 212-227. https://doi.org/10.1016/j.neuroimage.2013.10.046

Yeo, B. T. T., Krienen, F. M., Sepulcre, J., Sabuncu, M. R., Lashkari, D., Hollinshead, M.,
Roffman, J. L., Smoller, J. W., Zéllei, L., Polimeni, J. R., Fischl, B., Liu, H., & Buckner, R. L.
(2011). The organization of the human cerebral cortex estimated by intrinsic functional
connectivity. Journal of Neurophysiology, 106(3), 1125-1165.
https://doi.org/10.1152/jn.00338.2011

Zhong, J., Rifkin-Graboi, A., Ta, A. T., Yap, K. L., Chuang, K.-H., Meaney, M. J., & Qiu, A.
(2014). Functional Networks in Parallel with Cortical Development Associate with Executive
Functions in Children. Cerebral Cortex, 24(7), 1937-1947. https://doi.org/10.1093/cercor/bht051



https://doi.org/10.1101/2021.07.07.451458
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.07.07.451458; this version posted July 9, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Y

Time

Vertices
Vertices
X
Networks

Networks

A Locality A Sparsity

@ @
Paticipants 1, 2

Figure S1: Non-negative matrix factorization (NMF) for functional brain networks. Overview of the NMF procedure. NMF
leverages non-negative data, depicted here as values at each vertex over a functional time series, and performs matrix
decompositions specialized for functional brain networks. Specifically, each matrix of vertex-level values is decomposed into
two matrices: one representing latent functional network loadings across vertices, and the other representing loadings across time.
Primarily, the cost function of NMF is reconstruction error: functional network distributions that minimize reconstruction error
are preferred. In addition to reconstruction error, penalty terms encouraging spatial locality (ALocality) and groupwise spatial
sparsity (Asparsity) are enforced.
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Figure S2: Group consensus functional network atlases. A) Group consensus atlases for all scales not depicted in the main
text. B) Reconstruction error associated with each topological scale, averaged across participants. Reconstruction error descends
smoothly from K=2 to K=30, suggesting that no single scale predominantly captures functional network organization. Scales
chosen for visualization in the main text are demarcated with circles.


https://doi.org/10.1101/2021.07.07.451458
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.07.07.451458; this version posted July 9, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Figure S3: Exemplar personalized
functional networks over scales.
Personalized functional networks for
all scales not displayed in the main
text; the same example individuals
from the main text are depicted in the
same order.
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Figure S4: Average functional coupling of personalized networks over example scales. Functional connectivity matrices at

the network-level at each scale. Network labels are derived from the maximal spatial overlap exhibited by each network with the
17-network solution from Yeo et al., 2011.
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Figure SS: Transmodality difference and Euclidean distance between networks relates to developmental changes in
between-network coupling. Functional network edge development co-varied with difference in transmodality values between
networks (blue) as well as the physical distance between networks (teal). Euclidean distance is significantly negatively related to
observed developmental effects, such that networks located near to each other tend to have increased coupling with age, more
distant networks tend to decouple. However, these distant-dependent effects are much weaker than the effect of each network’s
relative position on the sensorimotor to association axis, with transmodality difference being more strongly related to age effects
across all bootstrap resamples.
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METHOD DETAILS

Participants

A total of 1,601 participants were studied as part of the Philadelphia Neurodevelopmental Cohort
(Satterthwaite et al., 2014). We excluded 340 participants due to treatment with psychoactive medications, prior
inpatient psychiatric treatment, or incidentally encountered structural brain abnormalities. Among the 1,261
participants eligible for inclusion, 54 more were excluded from analyses due to low quality T1-weighted images or
low quality FreeSurfer reconstructions. Of the 1,207 subjects with useable T1 images and adequate FreeSurfer
reconstructions, 514 more participants were excluded for missing functional data or poor functional image quality.
For inclusion in analyses, all participants were required to have three functional runs that passed quality assurance.
As prior, (Ciric et al., 2018; Satterthwaite et al., 2013a), a functional run was excluded if mean relative root mean
square (RMS) framewise displacement was higher than 0.2mm, or it had more than 20 frames with motion
exceeding 0.25mm. This set of exclusion criteria resulted in a final sample of 693 participants with a mean age of
15.93 years (SD = 2.33); the sample included 301 males and 392 females. All subjects or their parent/guardian
provided informed consent, and minors provided assent. All study procedures were approved by the institutional
Review Boards of both the University of Pennsylvania and the Children’s Hospital of Philadelphia.

Image acquisition
As previously described (Satterthwaite et al., 2014), all MRI scans were acquired using the same 3T
Siemens Trim Trio whole-body scanner and 32-channel head coil at the Hospital of the University of Pennsylvania.

Structural MRI

Prior to functional MRI acquisitions, a 5-minute magnetization-prepared, rapid acquisition gradient-echo
T1-weighted (MPRAGE) image (TR = 1810 ms; TE= 3.51 ms; TI = 1100 ms, FOV = 180 x 240 mm?, matrix = 192
x 256, effective voxel resolution = 0.9 x 0.9 x 1 mm?®) was acquired.

Functional MRI

We used one resting-state and two task-based (n-back and emotion identification) fMRI scans for the
current study. All fMRI scans were acquired with the same single-shot, interleaved multi-slice, gradient-echo, echo
planar imaging (GE-EPI) sequence sensitive to BOLD contrast with the following parameters: TR = 3000 ms; TE =
32 ms; flip angle = 90°; FOV = 192 x 192 mm?, matrix = 64 x 64; 46 slices; slice thickness/gap = 3/0 mm, effective
voxel resolution = 3.0 x 3.0 x 3.0 mm®. Resting-state scans consisted of 124 volumes, while the n-back and emotion
recognition scans consisted of 231 and 210 volumes, respectively. Further details regarding the n-back
(Satterthwaite et al., 2013b) and emotion recognition (Wolf et al., 2015) tasks have been described in prior
publications.

Field map

A BO field map was derived for application of distortion correction procedures, using a double-echo,
gradient-recalled echo (GRE) sequence: TR = 1000ms; TE1 = 2.69ms; TE2 = 5.27ms; 44 slices; slice thickness/gap
= 4/0 mm; FOV = 240mm,; effective voxel resolution = 3.8 x 3.8 x 4 mm.

Scanning procedure

Before scanning, to acclimate subjects to the MRI environment, a mock scanning session where subjects
practiced the task was conducted using a decommissioned MRI scanner and head coil. Mock scanning was
accompanied by acoustic recordings of the noise produced by gradients coils for each scanning pulse sequence.
During these sessions, feedback regarding head movement was provided using the MoTrack motion tracking system
(Psychology Software Tools). Motion feedback was given only during the mock scanning session. To further
minimize motion, before data acquisition, participants’ heads were stabilized in the head coil using a single foam
pad over each ear and a third over the top of the head.

Image processing
Preprocessing

Structural images were processed with FreeSurfer (version 5.3) to allow for the projection of functional
timeseries to the cortical surface (Fischl, 2012). Functional images were processed using a top-performing
preprocessing pipeline implemented using the eXtensible Connectivity Pipeline (XCP) Engine (Ciric et al., 2018),
which includes tools from FSL (Jenkinson et al., 2012; Smith et al., 2004) and AFNI (Cox, 1996). This pipeline
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included (1) correction for distortions induced by magnetic field inhomogeneity using FSL’s FUGUE utility, (2)
removal of the initial volumes of each acquisition, (3) realignment of all volumes to a selected reference volume
using FSL’s MCFLIRT, (4) interpolation of intensity outliers in each voxel’s time series using AFNI’s 3dDespike
utility, (5) demeaning and removal of any linear or quadratic trends, and (6) co-registration of functional data to the
high-resolution structural image using boundary-based registration (Greve & Fischl, 2009). Images were de-noised
using a 36-parameter confound regression model that has been shown to minimize associations with motion artifact
while retaining signals of interest in distinct sub-networks (Ciric et al., 2017). This model included the six
framewise estimates of motion, the mean signal extracted from eroded white matter and cerebrospinal fluid
compartments, the mean signal extracted from the entire brain, the derivatives of each of these nine parameters, and
quadratic terms of each of the nine parameters and their derivatives. Both the BOLD-weighted time series and the
artifactual model time series were temporally filtered using a first-order Butterworth filter with a passband between
0.01 and 0.08 Hz to avoid mismatch in the temporal domain (Hallquist et a., 2013). Furthermore, to derive time
series that were more comparable across runs, the task activation model was regressed from n-back and emotion
identification fMRI data (Fair et al., 2007b). The task activation model and nuisance matrix were regressed out using
AFNI’s 3dTproject.

For each modality, the fMRI timeseries of each participant was projected to their own FreeSurfer surface
reconstruction and smoothed on the surface of this reconstruction with a 6-mm full-width half-maximum kernel. The
smoothed data was projected to the fsaverage5 template, which has 10,242 vertices on each hemisphere (18,715
total vertices after removing the medial wall). Finally, we concatenated the three fMRI acquisitions, yielding a
timeseries of 27 minutes and 45 seconds in total (555 volumes). As prior, we removed vertices with low signal-to-
noise ratio (SNR; Gordon et al., 2016; Ojemann et al., 1997; Wig et al, 2014). We used the same SNR mask as in
our prior work, which used the same dataset (Cui et al., 2020). After masking, 17,734 vertices remained for
subsequent analyses.

Regularized non-negative matrix factorization

As previously described in detail (Li et al., 2017), we used non-negative matrix factorization (NMF; Lee
and Seung, 1999) to derive personalized functional networks. The NMF method decomposes the time series by
positively weighting cortical vertices that covary, leading to a highly specific and reproducible parts-based
representation (Lee and Seung, 1999; Soritas et al., 2017). Our approach was enhanced by a group consensus
regularization term that preserves inter-individual correspondence, as well as a data locality regularization term to
mitigate imaging noise, improve spatial smoothness, and enhance functional coherence of personalized functional
networks (se Li et al., 2017 for details of the method; see also:
https://github.com/hmlicas/Collaborative_Brain_Decomposition). As NMF requires non-negative input, we shifted
the timeseries of each vertex linearly to ensure all values were positive. Finally, all vertex timeseries were
normalized to their maximum values such that all values ranged between 0 and 1.

Given a group of n subjects, each having fMRI data X' € R*,i= 1, ... , n, consisting of S vertices and T
time points, we aimed to find K non-negative functional networks V' = (Vs x)ERSX and their corresponding time
courses U’ = (U',x)ERT for each subject, such that

X' = UV +ELs.t.U'>20,V1<i<n,
(Equation 1)

Where (V) is the transpose of (V%) and E¢ is independently and identically distributed residual noise following a
gaussian distribution. Both U7 and ¥ were constrained to be non-negative so that each functional network did not
contain anti-correlated functional units. A group consensus regularization term was applied to ensure inter-
individual correspondence, which was implemented as a group-sparsity term on each column of ¥”and formulated as

1/2

K K .
R. = Z pLen RO UAND)!
‘ ok & oy X (VD2

k=1 21
(Equation 2)

The data locality regularization term was applied to encourage spatial smoothness and coherence of the functional
networks using graph regularization techniques (Cai et al., 2011). The data locality regularization term was
formulated as
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Ri, = Tr((VH'LL, VY,
(Equation 3)

where LY, = DY, — Wj} is a Laplacian matrix for subject i, W} is a pairwise affinity matrix to measure spatial
closeness or functional similarity between different vertices, and D, is its corresponding degree matrix. The affinity
between each pair of spatially connected vertices (here, vertices a and b) was calculated as (1 + corr(X}, X}))/2,
where corr(X%, X}) is the Pearson correlation coefficient between time series X} and X} ; the pairwise affinity
between non-connected vertices was set to zero so that Wy, would be sparse. We identified personalized functional
networks by optimizing a joint model with integrated data fitting and regularization terms formulated as

iy DX = UV + Ay By Riy + AR,

s.t.U'=0,Vyi,=1V1I<k<KVI<i<n
(Equation 4)

Where 4, = X (T/K Xn,;,) and A, = a - (n-T/K) are used to balance the data fitting, data locality, and group
consensus regularization terms, 1, is the number of neighboring vertices, and @ and 8 are free parameters. For this
study, we used previously validated parameters (a,f = 1,10 for group consensus partitions, «, § = 10,1 for
individualized partitions; Li et al., 2017; Cui et al., 2020) across 29 values of K (K=2 to K=30) corresponding to 29
scales of cortical organization.

Defining personalized networks

Our approach for defining personalized networks included three steps. In the first two steps, a group
consensus atlas was created. In the third step, this group atlas was used to initialize network personalization for each
participant at each scale. Although individuals exhibit distinct network topography, broad consistencies exist from
individual-to-individual (Gordon et al., 2017b, Gratton et al., 2018). By first generating a group atlas for
personalization initialization, we ensured spatial correspondence across all subjects and scales. This strategy has also
been applied in other studies of personalized networks (Kong et al., 2019; Wang et al., 2015). For computational
efficiency and to avoid outlier-driven group atlases, a bootstrap strategy was utilized to perform the group-level
decomposition multiple times on a subset of randomly selected participants. Subsequently, the resulting
decompositions were fused to obtain one robust initialization. As prior (Li et al., 2017; Cui et al., 2020), we
randomly selected 100 subjects and temporally concatenated their timeseries, resulting in a timeseries matrix with
55,500 rows (time-points) and 17,734 columns (vertices). We applied the above-mentioned regularized non-negative
matrix factorization method with a random initialization to decompose this group-level matrix (Lee and Seung,
1999). A group-level network loading matrix ¥ was acquired, which had K rows and 17,734 columns. Each row of
this matrix represents a functional network, while each column represents the loadings of a given cortical vertex. As
prior, (Li et al., 2017; Cui et al., 2020), this procedure was repeated 50 times, each time with a different subset of
subjects. Accordingly, this process yielded 50 different group atlas estimations for each value of K.

Next, we combined the 50 group network atlases to obtain one robust group network atlas with spectral
clustering at each value of K. Specifically, we concatenated the 50 group parcellations together across networks to
obtain a matrix with 50 X K rows (functional networks) and 17,734 columns (vertices). Next, we calculated inter-

network similarity as
d?
= U
Sii = exp(— o2 )

where d;; =1 — corr(Network;, N etwork]-), corr(Network;, N etwork]-) is a Pearson correlation coefficient
between Network; and Network;, and o is the median of dj; across all possible pairs of functional networks. Then, we
applied normalized-cut-based spectral clustering (Cai et al., 2011) to group the 50 X K functional networks into K
clusters. For each cluster, the functional network with the highest overall similarity with all other networks in the
same cluster was selected as the most representative. The final group network atlas was composed of these
maximally representative network estimations at each of the 29 resolutions studied.

(Equation 5)
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In the final step, we derived each individual’s specific network atlas using NMF, initializing each
participant-specific solution on the group consensus atlas for any given scale and optimizing NMF in accordance
with each individual’s specific fMRI time series (a 555 x 17,734 matrix). See Li et al., (2017) for further
optimization detail. This procedure yielded loading matrix V; (K x 17,734 matrix) for each participant, where each
row is a functional network, each column is a vertex, and the value in each cell quantifies the extent to which each
vertex belongs to each network. This probabilistic (soft) definition was converted into discrete (hard) network
definitions for display and calculation of network statistics by labeling each vertex in accordance with its highest
loading. This procedure was repeated for all 29 network resolutions.

QUANTIFICATION AND STATISTICAL ANALYSIS

Calculation of variability and spatial alignments of personalized networks

In order to quantify cross-subject spatial variability in personalized networks, we calculated the median
absolute deviation (MAD) of personal network loadings at each vertex across participants. MAD is a non-parametric
measure of variance that does not assume a normal distribution. First, we calculated MAD for each network at each
scale. Next, MAD was averaged across K networks to obtain a single value of MAD at each vertex for any given
scale K.

Principal gradient

In order to quantify cortices in terms of their position within a functional hierarchy, we used a widely
adopted principal gradient of functional connectivity (Marguiles et al., 2016;
https://github.com/NeuroanatomyAndConnectivity/gradient analysis). The principal gradient is derived from the
primary component of variance in patterns of whole-brain functional connectivity, and it reflects a unimodal-to-
transmodal continuum of cortical function. As such, at each cortical vertex, the value of this gradient reflects the
loading of that vertex onto the unimodal-to-transmodal continuum, with higher principal gradient values
corresponding to higher transmodality. This map was transformed to fsaverage5 space using metric-resample from
Connectome Workbench. Transmodality values for each network were quantified as the average principal gradient
value of each vertex within each network in group-consensus space. These network-wise transmodality values were
used to analyze the spatial distribution of the effects of age and executive function, as described below.

Reference networks

To allow for comparison with previously estimated cortical systems, we quantified the overlap of each
group-consensus network with a commonly used 7 and 17-functional network parcellation (Yeo et al., 2011). To
illustrate this overlap, we assigned colors to group and individualized networks in accordance with their maximum
overlap with networks from the 7 and 17-network parcellations.

Spatial permutation testing (spin test)

In order to evaluate the significance of the localization of between-participant variability (MAD) to
transmodal cortical areas, we used a spatial permutation procedure called the spin test (Alexander-Bloch et al., 2018;
Gordon et al., 2016; Sotiras et al., 2017; Vandekar et al., 2015; https://github.com/spin-test/spin-test). The spin test
is a spatial permutation method based on angular permutations of spherical projections at the cortical surface.
Critically, the spin test preserves the spatial covariance structure of the data, providing a more conservative and
realistic null distribution than randomly shuffling locations. Due to varying spatial covariance structure across
scales, we conducted separate spin tests at each scale.

Modeling the association of scale with MAD-principal gradient co-localization

To account for potential non-independence of MAD-principal gradient correlations across scales,
significance testing was performed using non-parametric bootstrap resampling. Specifically, we re-calculated MAD
and the subsequent spatial correlation with the principal gradient at each scale across 1,000 bootstrap resamples to
generate a bootstrapped confidence interval of the second-order relationship between network scale and the MAD-
principal gradient correlations.

Quantification of between-network coupling
We used functional connectivity (FC) to quantify inter-regional coupling in processed BOLD signal.
Specifically, we calculated between-network FC at three levels of analysis: network, edge, and vertex. At all levels,
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FC was quantified as the Pearson correlation between BOLD timeseries. At the network level, between-network
connectivity was quantified as a network’s mean correlation with all other networks. At the edge level, between-
network connectivity was quantified as the mean vertex-by-vertex correlation between vertices in both networks. At
the vertex-level, we evaluated each vertex’s average correlation to vertices from all other networks. Between-
network coupling at each level was quantified separately at each scale for each participant.

Developmental analyses
Developmental modeling

Developmental effects were estimated using generalized additive models (GAMs; Wood, 2001, 2004) with
penalized splines in R (Version 3.6.3) using the mgcv package (R Core Team, 2013; Wood, 2011). To avoid over-
fitting, nonlinearity was penalized using restricted maximum likelihood (REML). Participant sex and in-scanner
head motion were included as covariates within each GAM. Head motion was quantified as the mean framewise
root-mean-square displacement across the three functional runs for each subject. Age was modeled using a penalized
thin-plate regression spline; covariates were modeled as parametric regressors. This model can summarized using
the formula in equation 6:

FC ~s(age) + B

sex + ﬂhead motion
(Equation 6)

To quantify the effect sizes of each age spline, we calculated the change in adjusted R? (AR?.4;.) between
the full model and a nested model that did not include an effect of age. Statistical significance was assessed using
analysis of variance (ANOVA) to compare the full and nested models. Because AR%qq;. describes effect size but not
direction (i.e., increasing or decreasing FC with age), we extracted and applied the sign of the age coefficient from
an equivalent linear model as in prior work (Cui et al., 2020). To estimate windows of significant age-related change
for each network-level model, we calculated the age range for which the 95% confidence interval of estimated age
splines did not include 0 (Larsen et al., 2020; Pines et al., 2020). To calculate the intervals, we used the gratia
package in R (Simpson, 2018). Multiple comparisons were controlled for with the false discovery rate (FDR)
correction (g <.05).

Modeling the distribution of developmental effects across the principal gradient

After analyzing the effect of age on between-network FC, we sought to evaluate the spatial distribution of
age effects along the principal gradient. At the network level, we extracted the mean transmodality value for each
network at each scale and regressed these values on the corresponding pattern of age effects (Equation 7).

Age Effect (ARZ4;)

~ ﬂTransmodality
(Equation 7)

To account for potential non-independence of age effects across scales, significance testing was performed
using non-parametric bootstrap resampling. Specifically, we re-calculated the age effects for each network and the
resulting transmodality relationship across 1,000 bootstrap resamples to generate a bootstrapped confidence interval.
The effect size of the second-order model was also described as a Spearman’s correlation coefficient.

We next evaluated how the magnitude of the age effects corresponded to the span of each edge (between-
network connection) across the transmodality gradient. We modeled this effect in two ways. First, we calculated the
difference in the transmodality gradient values for each pair of networks at each scale (“transmodality difference”)
and regressed this difference on the age effects from the edge-wise developmental models (Equation 8).

Age Effect (ARZ4;)

~ ﬂTransmodality Difference

(Equation 8)

As above, significance was evaluated using non-parametric bootstrap resampling. As a sensitivity analysis, we
repeated this procedure using the average Euclidean distance between vertices in the two networks comprising each
edge. Second, we sought to visualize the interaction between transmodality difference and age-related changes in
coupling across network edges spanning different portions of the principal gradient. In order to continuously model
the relation between age-related changes in coupling and transmodality difference across the principal gradient, we
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fit a bivariate smooth interaction. Specifically, we modeled the effect of transmodality on the edge-level age effects
using a tensor product smooth (Wood, 2006) as in equation 9.

Age Ef fect (AR?adj.) ~ te(Transmodalityyeework 4 » TTansmodalityyeework )
(Equation 9)

To verify the statistical significance of this model, we performed the same non-parametric bootstrap procedure as
above using a simplified linear interaction model.

Modeling scale-dependent developmental effects

In order to quantify and localize the scale-dependence of developmental changes in between-network
coupling, we modeled the impact of scale on coupling at each vertex. Model formulas and initial model fits were
estimated using GAMs (Equation 10).

Network Coupling ~ s(Scale) + Bior t Broad motion

(Equation 10)

GAM-derived coefficient estimates for scale, sex, and head motion were used to initialize generalized estimating
equations (GEEs). GEEs enabled us to account for the covariance between same-subject measurements across scales
without assuming independence of these observations. At each vertex, the effect of scale was assessed for statistical
significance via a joint Wald test that compared the full model to a nested model that did not include an effect of
scale.

Age-by-scale interactions were modeled using the same procedure. First, GAMs were used to generate
initial model fits. Age-by-scale interactions were modeled as a bivariate tensor product interaction (# in mgcv) as in
equation 11.

Network Coupling ~ s(Scale) + s(Age) + ti(Scale,Age) + B, + By oua motion

(Equation 11)

Again, GEEs were used to account for the covariance between same-subject measurements across scales without
assuming independence. Statistical significance was evaluated with a joint Wald test that compared the full model to
a nested model that did not include a bivariate interaction term.

Finally, to further understand scale-dependent age effects within areas exhibiting age-by-scale interactions,
we compared network level developmental effects across scales for networks that fall at opposite ends of the
principal axis. We grouped networks by their maximum overlap with the higher-resolution reference atlas (the 17
network solution provided by Yeo et al.) and calculated average transmodality values for each group of reference
networks. The lowest (Somatomotor-A) and highest (Default mode-B) transmodality networks were chosen to
depict differential scale-dependence across the principal gradient. To illustrate the effect of scale, we fit a penalized
spline to the relationship between scale and observed age effects for each network within each group.

Analyses of executive function

Cognitive assessment

The Penn computerized neurocognitive battery (Penn CNB) was administered to all participants as part of a
session separate from neuroimaging. The CNB consists of 14 tests adapted from tasks applied in functional
neuroimaging to evaluate a broad range of cognitive domains (Gur et al., 2012). These domains include executive
function (abstraction and mental flexibility, attention, working memory), episodic memory (verbal, facial, spatial),
complex cognition (verbal reasoning, nonverbal reasoning, spatial processing), social cognition (emotion
identification, emotion differentiation, age differentiation), and sensorimotor speed. Accuracy for each test was z-
transformed. As previously described in detail, factor analysis was used to summarize these accuracy scores into
three factors (Moore et al., 2015), including executive and complex cognition, episodic memory, and social
cognition. Here, we focused on the executive and complex cognition accuracy factor score.
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Cognitive modeling

Analyses of associations with cognition were executed using GAMs, as described above for developmental
analyses. Specifically, EF was modeled using a penalized regression spline, while covarying for age using a
penalized regression spline; participant sex and mean head motion were included as linear covariates (Equation 12).

FC ~s(EF) + s(age) + S8

sex + ﬂhead motion
(Equation 12)

As for developmental analyses, we calculated the effect size as the change in adjusted R* between the full model and
a nested model that did not include the effect of EF (AR%;.).

Linking associations with EF to the principal gradient of brain organization

After analyzing the effect of cognition on between-network FC, we sought to evaluate the distribution of EF
effects across the sensorimotor to association axis. At the network level, we extracted the mean transmodality value
for each network at each scale and compared these values to the corresponding pattern of associations between
between-network coupling and EF. As for previous developmental analyses, in order to assess the statistical
significance of EF effect-transmodality correspondence, we also evaluated a second-order model over 1,000 bootstrap
resamples. However, here we also included quadratic term (Equation 13).

EF Effect (AR?adj.) ~

ﬂTransmodality + ﬂTransmodalityz
(Equation 13)

The resulting bootstrapped confidence intervals for . » were then used for significance

ransmodality and ﬂTransmodality
testing of these second-order effects.

Modeling scale-dependent cognitive effects

In order to quantify and localize the scale-dependence of associations between EF and between-network
coupling, we modeled the impact of scale at each vertex. EF-by-scale interactions were modeled using the same
procedure as for developmental models. First, GAMs were used to generate initial model fits. EF-by-scale
interactions were modeled as a bivariate tensor product interaction (# in mgcv) as in equation 14.

FC ~ s(EF) + s(Scale) + s(Age) + ti(Scale, EF) + ti(Scale, Age) + B, + B, .04 motion

(Equation 14)

Again, GEEs were used to account for the covariance between same-subject measurements across scales without
assuming independence. Statistical significance was evaluated with a joint Wald test that compared the full model to
a nested model that did not include a bivariate interaction term.

Finally, to further understand scale-dependent cognitive effects within areas exhibiting EF-by-scale
interactions, we compared network level cognitive effects across scales for networks that fall at opposite ends of the
principal axis. To model the effect of scale, we fit a penalized spline to the relationship between scale and observed
cognition effects for the lowest (Somatomotor-A) and highest (Default mode-B) transmodality networks.

Multivariate EF predictions

As a final step, we sought to assess the degree to which multivariate patterns of functional edge coupling
across scales jointly explains individual differences in executive function. To do this, we used ridge regression. We
iteratively fit a regression model to two thirds of our sample (462 participants) and predicted executive function
scores from functional coupling data in the left-out testing third of participants (231 participants). In each iteration,
we used nested parameter optimization. Specifically, coefficients for each edge were fit with the 1% third of the
sample and then the L2 penalty term was selected based on predictions in the 2™ third of the sample. Finally, the
degree to which functional coupling explains EF was calculated using the unseen 3™ third of the sample. In that left-
out data that was not used in model training, we calculated the correlation between actual and predicted EF, as well
as the mean squared error (MSE). We repeated this process 100 times to ensure that specific sample splits were not
driving results, and averaged predictions across iterations. To evaluate statistical significance of these predictions,
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we used permutation testing. Specifically, we repeated this process 1000 times, and compared our outcome measure
(correlation of predicted vs. actual EF) versus a distribution of models where EF scores had been permuted across
participants.

Mediation analyses

To test mediation effects, we applied a product-of-paths mediation framework where developmental
changes in between-network coupling mediated age-related increases in EF (see Figure 7B). Specifically, for each
network, we posited that the effect of age on EF (c pathway) was mediated by the effect of age on between-network
coupling (a pathway) and the effect of between-network coupling on EF (b pathway). All mediation pathways were
estimated with linear models in the /avaan package in R. We estimated the mediation effect for each network at each
scale as the product of the a and b pathways (a pathway * b pathway). Sex and in-scanner motion were included as
covariates in all mediation models.

Finally, in order to evaluate the relationship between the principal gradient and observed mediation effects,
we regressed network transmodality values on the AB path coefficients across networks and scales using equation
15.

AB Path Coef ficient ~ f3

Transmodality

(Equation 15)
As prior, statistical significance was evaluated using non-parametric bootstrap resampling (1,000 iterations).
DATA AND CODE AVAILABILITY

The PNC data is publicly available in the Database of Genotypes and Phenotypes: accession number:
phs00607.v3.p2; https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000607.v3.p2. All
analysis code is available here https://github.com/PennLINC/multiscale, with detailed explanation provided at
https://pennlinc.github.io/multiscale/.
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