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SUMMARY

The human brain is organized into large-scale func-
tional modules that have been shown to evolve in
childhood and adolescence. However, it remains
unknown whether the underlying white matter archi-
tecture is similarly refined during development,
potentially allowing for improvements in executive
function. In a sample of 882 participants (ages
8–22) who underwent diffusion imaging as part
of the Philadelphia Neurodevelopmental Cohort,
we demonstrate that structural network modules
becomemore segregatedwith age, with weaker con-
nections between modules and stronger connec-
tions within modules. Evolving modular topology
facilitates global network efficiency and is driven by
age-related strengthening of hub edges present
both within and between modules. Critically, both
modular segregation and network efficiency are
associated with enhanced executive performance
and mediate the improvement of executive func-
tioning with age. Together, results delineate a pro-
cess of structural network maturation that supports
executive function in youth.

INTRODUCTION

Modularity is a fundamental feature of complex systems,

including social groups, cyber-physical systems, and diverse

biological networks [1]. A network module is a group of densely

interconnected nodes, which often are the basis for specialized

subunits of information processing [2]. Functional neuroimaging

studies have demonstrated that the human brain has a well-

defined modular organization, as reflected in the presence of

large-scale functional networks [3–6]. While the exact number

and spatial distribution of functional network modules varies
Curre
somewhat by analytic approach, a remarkable convergence ex-

ists across independent datasets and laboratories [4–6].

Commonly described modules include somatomotor, visual,

default mode, and fronto-parietal control systems [5, 6]. While

brain network modules emerge very early in life [7], a growing

body of work has shown that these functional modules are

refined during youth. During childhood and adolescence, func-

tional modules become more distinct: connectivity within mod-

ules increases while connectivity between modules declines

[8–11]. Such development allows for functional specialization,

reducing interference among systems and facilitating cognitive

performance [12]. Modularity is particularly relevant for executive

function, which relies on co-activation of executive regions and

reciprocal suppression of non-executive regions such as the

default mode network [13]. Thus, available data suggest that

development of network modularity may serve as a substrate

for the evolution of executive capability during youth.

Despite convergent evidence for the developmental emer-

gence of functional network modularity, there is relatively scant

data regarding the maturation of underlying structural brain net-

works that support this functional architecture [14]. Prior work

demonstrates substantial correspondence between functional

and structural measures of brain connectivity [15–17], although

structural connections tend to be a subset of densely connected,

polysynaptic functional networks [18]. Structural networks in

adults are highly modular [19, 20], but it remains unknown

whether this topology evolves substantially during youth. Corre-

spondence between functional and structural data intuitively

suggests that, like functional networks, structural networks

should become increasingly segregated during development.

However, prior studies using relatively small samples report con-

flicting results, including declining modularity [21], increasing

modularity [22], or no change with age [23, 24]. Larger sample

sizesmay be necessary for resolving the variability of findings re-

ported in previous studies.

Beyond this mixed data regarding normative developmental

trends, the impact of structural network development on cogni-

tive performance remains poorly described. Cognitive capability

improves substantially during youth, with executive function
nt Biology 27, 1561–1572, June 5, 2017 ª 2017 Elsevier Ltd. 1561
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A B Figure 1. Executive Functioning Improves

with Age

(A) Age distribution of 882 youth completing diffu-

sion imaging as part of the PNC.

(B) Executive performance on a neurocognitive

battery improves with age (n = 880). Blue line rep-

resents the best fit from a general additive model;

shaded area indicates 95% confidence interval.
undergoing a protracted phase of development throughout

adolescence and young adulthood [25]. Describing how underly-

ing white matter architecture evolves to support executive func-

tion is necessary to understand the basis for many sources of

adolescent morbidity and mortality, which are prominently

associated with failures of executive function [26]. Finally, such

data are a prerequisite for studies of neuropsychiatric disorders,

which are increasingly understood as disorders of brain

development [27], are marked by executive dysfunction [28],

and are linked to the disruption of evolving network topology

[29–31].

Here we sought to define the normative development of struc-

tural network modules and delineate the impact of modular

maturation on executive functioning. We tested the hypothesis

that modules within structural brain networks become more

segregated with age, as seen in functional brain networks.

Further, we predicted that segregated structural modules would

support enhanced executive functioning. To address these hy-

potheses, we capitalized upon a large sample of 882 youths

who completed diffusion imaging as part of the Philadelphia

Neurodevelopmental Cohort (PNC), a community-based study

of brain development that includes rich neuroimaging and cogni-

tive data [32]. As described below, results provide novel evi-

dence that structural brain networks undergo a process of

modular segregation analogous to prior accounts of functional

network development. Critically, these data reveal that the

refinement of structural network modules mediates the develop-

ment of executive function.

RESULTS

We investigated the evolution of structural brain networks in a

sample of 882 youth aged 8–22 who completed neuroimaging

as part of the PNC (Figure 1A). As expected, executive function

improved markedly with age (p < 1 3 10�10; Figure 1B). Struc-

tural brain networks were constructed using nodes defined

based on a parcellation of each subject’s structural image into

234 anatomically defined regions [33]; structural connectivity

between these nodes was estimated using deterministic trac-

tography (Figure 2). Each network node was assigned a priori
1562 Current Biology 27, 1561–1572, June 5, 2017
to one of the functional network modules

defined by Yeo et al. [6]. Although these

module partitions were defined in an inde-

pendent dataset, using a different imag-

ing modality, the modularity quality of

the functional partition imposed on sub-

ject-level structural connectivity matrices

(QYeo) was highly significant (p < 1 3

10�10). Furthermore, data-driven analysis
of structural networks using community detection procedures

[34–36] identified network modules that showed significant sim-

ilarity to the a priori functional modules (p < 1 3 10�10; see Fig-

ures S1 and S2).

Segregation of Structural Network Modules Increases
with Age
We first sought to understand whether structural network

modules became more segregated with age. To do this, we

calculated the average participation coefficient for each sub-

ject’s network. The participation coefficient quantifies the di-

versity of a brain region’s connections across modules [37].

Regions with a high participation coefficient (approaching a

maximum value of 1) have strong connections to many mod-

ules, while regions with low participation coefficient have

strong connections to few modules (approaching a minimum

value of 0). More generally, networks that have high participa-

tion coefficient tend to display less segregation between mod-

ules than networks that have low participation coefficient. We

examined the development of modular segregation using a

generalized additive model with penalized splines, which al-

lows for statistically rigorous modeling of both linear and

non-linear effects while minimizing over-fitting [38]. To ensure

that results reflected changes in network topology rather than

global differences in network connectivity, total network

strength was also included as a covariate in all analyses

[39], as was participant sex and in-scanner motion (see also

below).

The participation coefficient declined significantly with age

(Figure 3A; p <13 10�10), indicating enhancedmodular segrega-

tion.Whilewe report non-linear age effects throughout this study,

we also estimated the effect size of the linear age effect on mean

participation coefficient while controlling for age2, sex, motion,

and total network strength (r = �0.31, p < 1 3 10�10). Notably,

random resampling procedures provided striking evidence of a

high degree of replicability of these observed developmental

effects: all 10,000 sub-samples of 441 randomly selected partic-

ipants demonstrated significant modular segregation with age,

while no subsamples with permuted data showed this effect

(see Figure S3). Age-related increases in modular segregation



Figure 2. Connectome Construction

For each subject, the T1 image was processed using FreeSurfer and parcel-

lated into 234 network nodes on an individualized basis. Deterministic

streamline tractography was used to create a symmetric adjacency matrix

(234 3 234), where the edge weight was defined as the mean fractional

anisotropy (FA) along the connecting streamlines. Network nodes were each

assigned to one of the seven large-scale functional modules defined by Yeo

et al. [6]; subcortical nodes were assigned to an eighth module. VIS, visual;

SOM, somatomotor; DOR, dorsal attention; VEN, ventral attention; LIM, limbic;

FPC, frontoparietal control; DMN, default mode network; SUB, subcortical.
were greatest during childhood and adolescence and leveled off

in early adulthood (Table S1). Developmental increases in

modular segregation were differentially distributed across mod-

ules (Figure 3B), with the most robust declines observed in the

somatomotor and default mode modules. To further understand

which regions were driving these effects, we examined the

participation coefficient of individual network nodes. As ex-

pected, the nodal participation coefficient declined in many re-

gions (Figure 3C), with many of the most significant reductions

occurring in regions within the default mode system. Two excep-

tions to this overall trend were observed, with increasing partic-

ipation coefficient in the right rostral frontal gyrus and frontal

operculum.

Next, we investigated the degree to which developmental

effects on modular segregation were driven by changes in

within-module connectivity, between-module connectivity, or

both. We found that both effects were significant: within-module

connectivity increased with age (Figure 4A; p < 1 3 10�10),

whereas between-module connectivity declined (Figure 4B;

p < 1 3 10�10). Moreover, modular segregation was reflected

in individual network edges (Figure 4C), with permutation-based

analysis revealing that a higher proportion of connections that

strengthened with age were located within a module (Figure 4D;

p < 0.001).

Results Are Robust to Methodological Approach and
Potential Confounding Variables
Given this strong evidence for developmental modular segrega-

tion, we next pursued an extensive set of supplementary ana-

lyses to determine whether our results were dependent upon

specific methodological choices. First, we evaluated alternative

network partitions and measures of network segregation, to

ensure that results were not specific to the functionally defined

partition used in themain analyses. Notably, the participation co-

efficient of a data-driven partition of the structural connectivity

data yielded very similar results (Figure 5B; p < 1 3 10�10; see

also Figure S4). To ensure that developmental effects on

modular segregation were not driven by age-related changes

in modular composition, we also defined representative data-

driven partitions for three age groups (childhood, adolescence,

and early adulthood) and found remarkably high partition similar-

ity across groups (Figure S5; see STAR Methods). We also

measured the modularity quality index (Q) of network partitions,

which quantifies how well a given partition maximizes the

strength of within-module connections relative to a specified

null model [1]. Higher Q values indicate that modules are highly

segregated within a network. Convergent results were obtained

either when evaluating the modularity quality of the Yeo et al.

partition [6] (QYeo) applied to each subject’s data (Figure 5A;

p = 1.06 3 10�9) or by calculating the modularity quality of sub-

ject-specific partitions (Qsubj; Figure 5C; p = 0.0007).

Second, we examined the impact of alternative network node

definitions, edge measures, and edge normalization. Use of a

more fine-grained network parcellation (n = 463 nodes) did not

impact the observed results, with age-related declines in the

participation coefficient remaining highly significant (Figure 5D;

p < 1 3 10�10). Similarly, different measures of structural con-

nectivity including streamline count (Figure 5E; p = 6.52 3

10�7) and volume-normalized streamline density (Figure 5F;
Current Biology 27, 1561–1572, June 5, 2017 1563
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Figure 3. Structural Brain Network Mod-

ules Become Increasingly Segregated

with Age

Modular segregation was quantified as the mean

participation coefficient across all network nodes,

with lower values indicating more segregation.

(A) Mean participation coefficient values declined

significantly with age.

(B) Modular segregation is differentially distrib-

uted across functional systems. Age-related

modular segregation is most robust in the soma-

tomotor and default mode systems but also pre-

sent in other networks.

(C) Age-related changes in participation coeffi-

cient provide convergent results for individual

nodes and demonstrate widespread declines with

age, particularly within default mode regions such

as the posterior cingulate. Two exceptions to this

overall trend were the right rostral frontal gyrus

and frontal operculum, where participation coef-

ficient increasedwith age. Blue line represents the

best fit from a general additive model; shaded

area indicates 95% confidence interval. Color

palette represents z-transformed p values from a

general additive model.

Images are thresholded to control for multiple

comparisons using the false discovery rate

(q < 0.05). Asterisk (*) indicates p < 0.001. See also

Figures S1, S3, S6, and S7 and Table S1.
p = 4.563 10�8) produced highly similar results. Additional ana-

lyses revealed that results were not driven by the potentially arti-

factual strengthening of short-range connections (Figure S6).

Normalizing edges by total network strength (rather than

including it as model covariate) also yielded similar results

(p < 1 3 10�10).

Third, we observed highly convergent results after applying

multi-compartment diffusion modeling and probabilistic tractog-

raphy, which may enhance sensitivity for detecting crossing fi-

bers [40]. After constructing thresholded networks across a

wide density range for each subject, we observed a significant

age-related decrease in the integrated mean participation coef-

ficient when edge weights in probabilistic connectivity matrices

were defined by the inter-regional streamline count (Figure 5G;

p = 7.24 3 10�7), volume-normalized streamline count (Fig-

ure 5H; p = 2.98 3 10�8), and the inter-regional connectivity

probability (Figure 5I; p = 4.25 3 10�7).

Fourth, to evaluate the influence of other potentially confound-

ing variables, we also included total brain volume, handedness,

race, and maternal education as model covariates; age effects

on modular segregation remained significant (p < 1 3 10�10).

Similarly, results were unchanged when white matter volume

(p < 1 3 10�10) or mean white matter fractional anisotropy

(p < 1 3 10�10) were added as covariates. Conversely, results
1564 Current Biology 27, 1561–1572, June 5, 2017
also remained consistent when all

covariates were removed from the model

(p < 1 3 10�10).

Fifth and finally, we evaluated the po-

tential confounding influence of motion

artifact [41]. Notably, all data included in

this study passed a rigorous quality
assurance procedure [42], and all high motion scans were

excluded. Nevertheless, motion was associated with higher

mean participation coefficient (p = 6.08 3 10�7). Accordingly,

all analyses described therefore included in-scanner motion as

a covariate. However, to ensure that developmental effects on

modular segregation were not driven by age-related differences

in head motion, analysis in a very lowmotion sub-sample (where

motion was unrelated to age or participation coefficient) pro-

duced highly similar results (p < 1 3 10�10; Figure S7).

Modular Segregation Contributes to Global Network
Efficiency
Having established that network modules become more segre-

gated with age and that this finding was not dependent on spe-

cific analytic choices, we evaluated the impact of evolving

network modularity on measures of global communication effi-

ciency. Global network efficiency provides ameasure of network

integration by quantifying information flow across a network as

the shortest path between pairs of nodes [43]. In many networks,

modularity and global efficiency are inversely related, as a

highly modular topology could require long communication

paths to integrate information across the network. However, in

some cases it is possible for networks to become both more

modular and more efficient; this unusual situation occurs when
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Figure 4. Modular Segregation Is Driven by

a Combination of Both Enhanced Within-

Module Connectivity and Reduced Be-

tween-Module Connectivity

(A) Average strength of within-module connectiv-

ity increases with age.

(B) Between-module connectivity decreases

across development.

(C) Convergent effects are seen at the level of in-

dividual graph edges (image thresholded using

Bonferroni corrected p < 0.05 for clarity).

(D) A higher percentage of within-module con-

nections (red) strengthen with age than expected

by chance. Asterisk (*) indicates p < 0.001.

See also Figure S1.
connectivity within modules is efficiently organized and hub

edges form strong links between otherwise segregated modules

[2, 44]. To determine which scenario characterized human neu-

rodevelopment, we first examined the relationship between

global efficiency and age while controlling for the covariates

described previously. Replicating previous reports [21, 23], we

found that global efficiency increases with age (Figure 6A;

p < 1 3 10�10). Next, we calculated the correlation between

modular segregation (mean participation coefficient) and global

efficiency, while co-varying for age to control for shared develop-

mental trends. Mean participation coefficient was negatively

associated with global efficiency (Figure 6B; p < 13 10�10), sug-

gesting that the development of network modules does not

result in fragmentation but rather is associated with global

network integration.

Age Effects Are Concentrated in Hub Edges that
Promote Network Modularity and Efficiency
To better understand this highly specialized association between

network modularity and global efficiency, we evaluated the edge

betweenness centrality for each network connection. Edge

betweenness identifies hub connections by providing a measure

of howmuch a given network edge lies upon the shortest path of

communication through a network and thus contributes to global
Current B
efficiency [45]. Here we defined ‘‘hub

edges’’ as those connections within the

top quartile of edge betweenness across

all network edges. Critically, edges that

strengthened with age were enriched

for hub edges (p < 0.001; Figure 6C).

Both within- (p < 0.001) and between-

module (p < 0.001) edges that strength-

ened with age had higher betweenness

than expected by chance (Figure 6D).

Furthermore, the average strength of all

within-module (Figure 6E; p < 1 3

10�10) and between-module (Figure 6F;

p < 1 3 10�10) edges that strengthen

with age was associated with global

efficiency, suggesting that develop-

mental effects are concentrated within

connections that facilitate network inte-

gration. The striking combination of
increasing modular segregation and enhanced global efficiency

demonstrates that structural brain networks become both

more modular and more integrated in development. These dual

processes are driven by selective strengthening of network

hub edges, which are present within network modules and

also provide critical links between increasingly segregated

modules.

Modular Segregation Mediates Development of
Executive Function in Youth
Next, we evaluated the cognitive implications of modular

segregation by examining associations with individual differ-

ences in executive function. Mean whole-brain participation co-

efficient was associated with improved executive performance

(p = 0.018). At the level of individual modules, we found that

segregation of the frontoparietal control system was uniquely

associated with executive ability (Figure 7A; p = 0.005), suggest-

ing a network-specific substrate for executive function. As a final

step, we examined whether age-related changes in executive

function and modularity were related. Mediation analyses re-

vealed that this was indeed the case (Figure 7B; p = 0.006), sug-

gesting that the development of segregated structural brain

modules mediates the age-related improvement in executive

function. These mediating effects were specifically driven by
iology 27, 1561–1572, June 5, 2017 1565
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Figure 5. Results Are Robust to Methodological Choices

Regardless of specific processing decisions, an increase in modular segregation with age was observed.

(A) Convergent findings result when using an index of the modularity quality for the Yeo partition [6], where higher Q indicates more segregated modules.

(B) When using a group-level structural partition, modular segregation (mean participation coefficient) decreases with age.

(C) Modularity quality of subject-level connectivity matrices also increases with age.

(D–F) Results remain unaffected when a higher-dimensional parcellation is used (n = 463 nodes) (D), when streamline count is used instead of FA as an edge

weight (E), and when normalized streamline density is used as the edge weight (F).

(G–I) We observed an age-related increase inmodular segregation when edgeweights were defined by probabilistic streamline count (G), probabilistic streamline

density (H), and inter-regional connectivity probability (I). Lower participation coefficient indicates more segregated modules. For brain networks derived from

probabilistic tractography, mean participation coefficients were integrated across a wide density range (5%–60%).

Blue line represents the best fit from a general additive model; shaded area indicates 95% confidence interval. See also Figures S1, S2, S4, and S5.
the frontoparietal module (p = 0.012). Similarly, global efficiency

was associated with executive functioning (p = 0.037) and also

mediated executive development (p = 0.002).

To evaluate the specificity of these results, we examined asso-

ciationswith other domains of cognition, such as social cognition

and memory performance. While no association with memory
1566 Current Biology 27, 1561–1572, June 5, 2017
was found, modular segregation was also significantly associ-

ated with social cognition (p = 0.022), which was driven by

segregation of the default mode module (p = 0.012). Further,

segregation of the default network mediated age-related im-

provements in social cognition (p = 0.008). Together, these re-

sults demonstrate that developmental segregation of specific
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Figure 6. Modular Segregation Promotes Global Network Efficiency and Is Driven by Developmental Strengthening of Specific Hub Edges

(A) Replicating prior work, global network efficiency increases with age.

(B) While controlling for age, lower mean participation coefficient is associated with greater network efficiency, indicating a positive association betweenmodular

segregation and network efficiency.

(C) Connections that strengthen with age are enriched for hub edges (47%). Hub edges are defined as connections in the top quartile of edge betweenness

centrality, which quantifies how often a given edge lies on the shortest path between nodes and thus facilitates global efficiency. Image thresholded using

Bonferroni corrected p < 0.05 for clarity.

(D) Both within-module and between-module connections that strengthen with age have higher edge betweenness centrality than expected by chance.

(E and F) The average weight of within-module (E) and between-module (F) edges that strengthen with age are positively associated with global efficiency.

Blue line represents the best fit from a general additivemodel; shaded area indicates 95%confidence interval; asterisk (*) indicates p < 0.001. Error bar represents

standard error of the mean. See also Figure S1.
structural network modules may support the development of

disparate cognitive domains.

DISCUSSION

Capitalizing on a large sample of youth imaged as part of the

PNC, we demonstrated that modules within human structural

brain networks become increasingly segregated with age. This

result was robust to specific methodological choices and driven
by a combination of enhanced within-module connectivity and

declining between-module connectivity. Age-related changes

were concentrated within specific hub edges, allowing for net-

works to simultaneously become more modular and more

globally integrated with age. Critically, segregation of network

modules mediated the development of executive function during

adolescence.

The delineation of robust, reproducible large-scale functional

networks has had a tremendous impact on human neuroscience
Current Biology 27, 1561–1572, June 5, 2017 1567
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Figure 7. Segregation of Structural Modules Mediates the Development of Executive Function in Youth

(A) While controlling for age, greater modular segregation in the frontoparietal control network is uniquely associated with better executive performance (n = 880).

(B) Segregation of structural modules mediates the improvement of executive function with age. Mediation results are shown as standardized regression co-

efficients. Significance of indirect effect (c0 = 0.03) was assessed using bootstrapped confidence intervals [0.008–0.045]. The asterisk (*) indicates p < 0.01.

See also Figure S1.
research [5, 6]. As a result, functional network modules have

evolved to become the dominant framework bywhich human im-

aging data are interpreted. The conceptualization of the brain as

amodular entity has had a particularly pronounced effect on the-

ories of development, where convergent results have shown that

functional network modules are present early in life [7] and

continue to develop during youth [8–11]. In contrast, smaller

studies of structural brain networks have produced heteroge-

neous results regarding the development of structural network

modules that have not aligned well with functional imaging

data [21, 22, 24]. When considered in light of prior studies that

have reported substantial correspondence between brain struc-

ture and function [15–18], the disparity between developmental

accounts of structural and functional network modules has

been difficult to reconcile.

Leveraging a large sample imaged as part of the PNC, wewere

able to resolve this discrepancy by demonstrating that structural

network modules develop in a similar manner as functional

brain networks and become increasingly segregated with age.

Modular segregation was present at every scale evaluated,

including the whole network, individual network modules, and

specific network nodes. In contrast to the widespread regional

pattern of modular segregation, the right frontal operculum and

rostral middle frontal cortex became more integrated across

development. These regions may increasingly serve as integra-

tive hubs in the ventral attention (cingulo-opercular) and

default mode networks [46]. Importantly, results were consistent

across tractography methods and a variety of definitions for

network nodes, edges, andmodules; suchmethodological repli-

cation is critical as parameter choices may sometimes impact

inference [47].

In many networks, modular segregation is associated with

reduced capacity for global communication. We found that this
1568 Current Biology 27, 1561–1572, June 5, 2017
was not the case in development and that increasing modularity

was in fact associated with enhanced network efficiency. This

robust association was the result of targeted strengthening of

hub edges. These hub edges were present within but also be-

tween modules, allowing for integration across increasingly

segregated networks. These results accord with prior studies

that have demonstrated that connections between network

hubs strengthen preferentially with age [48] and that network ef-

ficiency increases during development [21, 23]. The present data

emphasize that increasing modular segregation does not result

in isolation of functional sub-systems but is associated with

global network integration through strengthening of hub edges

that facilitate both intra- and inter-module connectivity.

Having defined a normative process of modular segregation,

we evaluated the cognitive impact of this developmental effect.

While controlling for age, we found that greater modular segre-

gation of structural brain networks was associated with better

executive performance. Critically, modular segregation medi-

ated the observed improvement of executive performance with

age and was driven by segregation of the frontoparietal module.

Associations between module segregation and cognition were

domain specific: segregation of the default mode mediated

age-related improvements in social cognition, which is reliant

on regions within that network [49]. The process of structural

network segregation may allow for functional specialization

and reduce competitive interference between brain systems

[50]. Furthermore, building on prior work that reported an asso-

ciation between intelligence and the global efficiency of struc-

tural and functional networks in relatively small adult samples,

we found that global efficiency also mediated developmental im-

provements in executive function. Taken together, the current

data suggest that structural brain networks reconfigure with

age, becoming both moremodular andmore globally integrated.



This specific topology may allow for both functional specializa-

tion within modules as well as coordination across modules,

which is necessary for effective implementation of dynamic ex-

ecutive processes [44, 50–52].

Notwithstanding the strengths of this study, several limitations

should be noted. First, this is a cross-sectional dataset, which

has inherent limitations for studies of development [53]. The

mediating role that network maturation plays in the development

of executive function could be further interrogated using longitu-

dinal data. These limitations offer clear directions for additional

research. Ongoing follow-up of this cohort will yield informative

data, as will other large-scale studies of brain development,

including the IMAGEN consortium [54], the NKI-Rockland sam-

ple [55], and the forthcoming Adolescent Brain and Cognitive

Development Study. Finally, it should be noted that diffusion-

based tractography methods remain limited in their ability to fully

resolve complex white matter trajectories in the human brain

[56]. We attempted to overcome the tradeoff between connec-

tome specificity and sensitivity [57, 58] by replicating results us-

ing both tensor-based deterministic tractography and Bayesian

probabilistic tractography procedures.

In summary, we demonstrated that structural brain modules

become more segregated with age. Strengthening of specific

within- and between-module hub edges allowed for a simulta-

neous process of network integration that evolves in concert

with modular segregation. Finally, both modular segregation

and global network efficiency mediated the development of ex-

ecutive function in youth. These data resolve an ongoing debate

in the field regarding the normative development of structural

brain networks and delineate an important new mechanism for

the development of executive functioning in youth. These

findings may be relevant for understanding how individual differ-

ences in brain development associate with risk-taking behav-

iors, which are linked to failures of executive function, and are

a major source of morbidity and mortality in adolescence [26].

Furthermore, as both abnormalities within developing networks

and executive system dysfunction [28] are a common feature of

diverse types of psychopathology [29–31], structural network

development may evolve to become an important imaging

biomarker of risk and resilience during the critical period of

adolescence.
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CONTACT FOR REAGENT AND RESOURCE SHARING

Further information and requests regarding resource sharing may be directed and will be fulfilled by the Lead Contact, Theodore D.

Satterthwaite (sattertt@mail.med.upenn.edu).

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Participants
Diffusion tensor imaging (DTI) datasets were acquired as part of the Philadelphia Neurodevelopmental Cohort (PNC), a large com-

munity-based study of brain development. In total, 1601 subjects completed the cross-sectional neuroimaging protocol [32]. Data-

sets from 244 individuals were considered unusable due to lack of a complete diffusion scan (n = 224), or incidental findings (n = 20).

The remaining 1357 participants underwent a rigorousmanual and automated quality assurance protocol for DTI datasets [42], which

excluded 147 subjects for poor data quality (e.g., low temporal signal-to-noise ratio). Of the remaining 1210 participants, 93 were

excluded for low quality or incomplete FreeSurfer reconstruction of T1-weighted images. Of the remaining 1117 participants, 235

subjects were excluded for meeting any of the following criteria: gross radiological abnormalities, history of medical problems

that might affect brain function, history of inpatient psychiatric hospitalization, use of psychotropic medication at the time of data

acquisition, and/or high levels of in-scanner head motion during the DTI scan (mean relative displacement between non-weighted

volumes > 2mm), which has been shown to impact measures derived from diffusion-weighted imaging [41, 42]. These exclusions

produced a final sample consisting of 882 youths (mean age = 15.06, SD = 3.15; 389 males, 493 females). Study procedures

were approved by the Institutional Review Board of the Children’s Hospital of Philadelphia and the Brain Behavior Laboratory at

the University of Pennsylvania. All adult participants provided informed consent; all minors provided assent and their parent or guard-

ian provided informed consent.

Cognitive assessment
The Penn computerized neurocognitive battery (Penn CNB) was administered to all participants. The CNB consists of 14 tests

adapted from tasks applied in functional neuroimaging to evaluate a broad range of cognitive domains [25]. These domains include

executive control (abstraction and flexibility, attention, workingmemory), episodic memory (verbal, facial, spatial), complex cognition

(verbal reasoning, nonverbal reasoning, spatial processing), social cognition (emotion identification, emotion intensity differentiation,

age differentiation) and sensorimotor and motor speed. Accuracy and speed for each test were z-transformed. Cognitive perfor-

mancewas summarized by a recent factor analysis of both speed and accuracy data [60], which delineated three factors correspond-

ing to the efficiency of executive function, episodic memory, and social cognition. Two participants from the full 882 sample had

incomplete cognitive datasets: subsequent analyses examining associations between executive function and modular segregation

focused on the remaining 880 participants (Figures 1B and 7).
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METHOD DETAILS

Image acquisition
All MRI scans were acquired on the same 3T Siemens Tim Trio whole-body scanner and 32-channel head coil at the Hospital of the

University of Pennsylvania. DTI scans were acquired using a twice- refocused spin-echo (TRSE) single-shot echo-planar imaging

(EPI) sequence (TR = 8100ms, TE = 82ms, FOV = 240mm2 /240mm2; Matrix = RL: 128, AP:128, Slices:70, in-plane resolution

(x and y) 1.875 mm2; slice thickness = 2mm, gap = 0; flip angle = 90�/180�/180�, volumes = 71, GRAPPA factor = 3, bandwidth =

2170 Hz/pixel, PE direction = AP). This sequence used a four-lobed diffusion encoding gradient scheme combined with a 90-180-

180 spin-echo sequence designed to minimize eddy-current artifacts. For DTI acquisition, a 64-direction set was divided into two

independent 32-direction imaging runs in order make scan duration more tolerable for young subjects. Each 32-direction sub-set

was chosen to be maximally independent such that they separately sampled the surface of a sphere [61]. The complete sequence

consisted of 64 diffusion-weighted directions with b = 1000s/mm2 and 7 interspersed scans where b = 0 s/mm2. The total duration

of DTI scans was approximately 11 min. The imaging volume was prescribed in axial orientation covering the entire cerebrum with

the topmost slice just superior to the apex of the brain [32]. In addition to the DTI scan, a map of the main magnetic field (i.e., B0)

was derived from a double-echo, gradient-recalled echo (GRE) sequence, allowing us to estimate field distortions in each dataset.

Prior to DTI acquisition, a 5-minute magnetization-prepared, rapid acquisition gradient-echo T1-weighted (MPRAGE) image (TR

1810 ms, TE 3.51 ms, FOV 180 3 240 mm, matrix 256 3 192, effective voxel resolution of 1 3 1 3 1 mm) was acquired. This

high-resolution structural image was used for tissue segmentation and parcellating gray matter into anatomically defined regions

in native space.

Image quality assurance
All DTI datasets were subject to a rigorous manual quality assessment procedure involving visual inspection of all 71 volumes [42].

Each volume was evaluated for the presence of artifact, with the total number of volumes impacted summed over the series. This

scoring was based on previous work describing the impact of removing image volumes when estimating the diffusion tensor

[62, 63]. Data was considered ‘‘Poor’’ if more than 14 (20%) volumes contained artifact, ‘‘Good’’ if it contained 1-14 volumes with

artifact, and ‘‘Excellent’’ if no visible artifacts were detected in any volumes. All 882 subjects included in the present study had

diffusion datasets identified as ‘‘Good’’ or ‘‘Excellent,’’ and had less than 2mm mean relative displacement between interspersed

b = 0 volumes. As described below, even after this rigorous quality assurance, motion was included as a covariate in all analyses,

and the impact of motion was further evaluated in supplemental analyses.

Diffusion image preprocessing
Two consecutive 32-direction acquisitions were merged into a single 64-direction time-series. The skull was removed for each sub-

ject by registering a binary mask of a standard fractional anisotropy (FA) map (FMRIB58 FA) to each subject’s DTI image using an

affine transformation [64]. Eddy currents and subject motion were estimated and corrected using the FSL eddy tool [65]. Diffusion

gradient vectors were then rotated to adjust for subject motion estimated by eddy. After the field map was estimated, distortion

correction was applied to DTI data using FSL’s FUGUE [66].

Structural image processing and node definition
The structural image was processed using FreeSurfer (version 5.3) [67], and cortical and subcortical gray matter was parcellated

according to the Lausanne atlas [33], which includeswhole-brain sub-divisions of the Desikan-Killany anatomical atlas [68] atmultiple

spatial scales. Parcellations were defined in native structural space and co-registered to the first b = 0 volume of each subject’s diffu-

sion image using boundary-based registration [69]. To extend gray matter region labels beyond the gray-white boundary, the atlas

labels were dilated by 4mm [70]. Dilation involved filling non-labeled voxels with the statistical mode of neighboring labels. Together,

234 dilated brain regions defined the nodes for each subject’s structural brain network, which was represented as a weighted adja-

cency matrix A.

Deterministic tractography
DTI data was imported into DSI Studio software and the diffusion tensor was estimated at each voxel [71]. For deterministic tractog-

raphy, whole-brain fiber tracking was implemented for each subject in DSI Studio using a modified fiber assessment by continuous

tracking (FACT) algorithm with Euler interpolation, initiating 1,000,000 streamlines after removing all streamlines with length less than

10mm or greater than 400mm. Fiber tracking was performed with an angular threshold of 45�, a step size of 0.9375mm, and a frac-

tional anisotropy (FA) threshold determined empirically by Otzu’s method, which optimizes the contrast between foreground and

background [71]. FA was calculated along the path of each reconstructed streamline. For each subject, deterministic tractography

served as the primary basis for constructing structural brain networks. Edgeswere definedwhere at least one streamline connected a

pair of nodes end-to-end. Edge weights were primarily defined by the average FA along streamlines connecting any pair of nodes

[17, 30, 48] (see Figure 2). In addition to these FA-weighted networks, supplemental analyses evaluated edge weights defined as

the streamline count and streamline density using deterministic tractography (see below).
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Probabilistic tractography
While deterministic tractography has high specificity relative to probabilistic methods, it suffers from a lack of sensitivity to intra-voxel

fiber crossings that occur frequently throughout the brain [57, 72, 73]. To ensure that our results were not impacted by the failure to

reconstruct crossing fibers using deterministic tractography, we fitted a ball and two-sticks diffusion model to the DTI data using the

FSL bedpostx algorithm [73], which uses Markov chain Monte Carlo sampling to estimate the uncertainty of fiber orientations at each

voxel. For probabilistic tractography, we generated subject-specific seed volumes at the FreeSurfer GM-WM boundary [39, 74]. We

ran FSL probtrackx [40], initiating 1000 probabilistic samples in each GM-WM boundary voxel identified in the 234 seed regions.

A FreeSurfer segmentation of ventricles was included as an ‘‘avoidance’’ mask to provide anatomical constraints on tractography:

all probabilistic samples entering the ventricles were discarded, and excluded from regional tractography estimates. We otherwise

used default tracking parameters (a step-length of 0.5mm, 2000 steps maximum, curvature threshold of 0.02).

In order to ensure that our results were robust to different edge measures, we examined three measures of structural connectivity

commonly used with probabilistic tractography. First, we constructed a symmetric N x N streamline count matrix for each subject,

where edge weights were equal to the number of probabilistic streamlines connecting each pair of GM-WMboundary nodes [39, 75].

Second, we constructed networks where edge weights were equal to the total number of streamlines connecting a node pair divided

by their total volume [48, 76, 77]. Third and finally, we also constructed networks where edge weights were equal to the connectivity

probability between each pair of brain regions, which represents the proportion of total samples (probabilistic streamlines) initiated

from the seed region that reached the target region [78–80]. Network construction using probabilistic tractography output was im-

plemented in MATLAB (MathWorks, Natick, MA).

While anatomical networks are classically considered sparse relative to functional networks, probabilistic tractography yields

dense weighted networks that contain a large number of weak connections. The high false positive rate for probabilistic tractography

often results in spurious inter-modular connections, which can have a significant detrimental impact onmodularity maximization pro-

cedures, over and above the impact of false negatives [58]. Since the specificity ofWM tractographymethods is paramount in studies

of network community structure [58], we applied a range of density thresholds to identify the strongest connections across subjects.

For each of the edge-weighting schemes, probabilistic connectivity matrices were averaged across subjects, and a density threshold

was applied to preserve an identical number and position of connections across subjects. Since there is no definitive choice for se-

lecting a threshold, as in prior studies, we evaluated networks over a density range spanning 5%–60% (12 thresholds, at 5% intervals)

[74, 78, 81]. For example, to obtain a 5% density threshold, we retained only the 95th percentile of edge weights in the group-aver-

aged connectivity matrix. In all cases, following thresholding, edge weights in each subject’s connectivity matrix were normalized by

the total weight of network connections in order to delineate intrinsic topological differences across subjects [19, 39, 75, 78, 82–84].

For each subject, we calculated the modular segregation (mean participation coefficient) at each density threshold in order to derive

integrated summary metrics [78].

Defining a priori network modules
The standard 7-system template image provided by Yeo et al. [6] was originally derived from a whole-brain clustering analysis, which

yielded 7 large-scale functional networks. In order to obtain a finer-grained parcellation better suited to structural brain network

construction, we calculated the purity index for the 7-system parcellation and brain regions from the Lausanne atlas (234- and

463-region parcellations). This measure quantifies the maximum overlap of cortical Lausanne labels and functional systems defined

by Yeo et al. [6]. Each cortical Lausanne label was assigned to a functional system by calculating the non-zero mode of all voxels in

each brain region. Subcortical regions were assigned to an eighth, subcortical module. The primary modular partition defined for

234-node networks is shown in Figures 2 and S1.

To determine whether the functionally-defined network partition significantly fit the structural connectivity data beyond chance,

we quantified the modularity quality index (formally defined below) of the functional partition imposed on structural brain networks.

Briefly, the modularity quality of a network partition quantifies how well that partition maximizes the strength of within-module con-

nections relative to a specified null model. Higher Q values indicate that modules are highly segregated within a network, with

strong within-module connectivity relative to a specified null model. We performed a permutation test to examine the significance

of the modularity quality of the functional partition (QYeo) imposed on structural connectivity matrices. First, we permuted the

assignment of N nodes to functional modules 1000 times, preserving the number of nodes originally assigned to each module.

We then calculated the modularity quality of randomly-defined network partitions (Qperm) imposed on each subject’s connectivity

matrix, building a null distribution for Qperm. We used the calculated mean and standard deviation of the null distribution to derive a

z-score based on the observed QYeo for each subject. Finally, we calculated the mean z-score across all subjects to assess the

significance of QYeo.

Data-driven structural network modules
Primary analyses relied on an a priori functional partition to define network modules, as described above. We additionally defined

network modules directly from the structural connectivity data using community detection procedures. Communities were defined

bymaximizing themodularity quality function using a generalization of the Louvain heuristic [34, 35]. Because of the near-degeneracy

of the modularity landscape [34, 85], it is essential to perform modularity maximization multiple times in order to identify a stable
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consensus partition that accurately reflects the solutions offered by each optimization. Accordingly, we applied a Louvain-like modu-

larity-optimization procedure [34] 100 times for each subject in order to define an ‘‘agreement’’ matrix A’ where A’ij was equal to the

probability that nodes i and jwere assigned to the same community over the 100 iterations. IfA’was deterministic (edgeweights were

binary), then the algorithm had converged and the resultant partition was defined as the consensus. Otherwise, we performed 100

iterations ofmodularity optimization onA’ in order to generate a new agreementmatrixA’’. This procedure was repeated until conver-

gence [86].

Once a consensus partition was identified for each subject, we computed a group-level consensus across the full PNC cohort

(n = 882). To do this, we used a Louvain-like procedure to detect communities in a group-level agreement matrix A’group. Edge

weights in Agroup were equal to the proportion of times that each pair of nodes was assigned to the same community across sub-

ject-level consensus partitions. As above, 100 iterations of modularity optimization were performed on A’ until the resulting A’’

became binary, indicating that the algorithm had converged on a group-level consensus partition. Both subject-level and group-level

consensus partitionswere computed over awide range of g ([0, 4], in increments of 0.05) to explore variations in community structure.

We plotted the number of group-level consensus modules as a function of g, and found several plateaus indicating partition stability

[87] (see Figure S2).

In order to directly compare the organization of data-driven, modularity-based partitions and the a priori functional partition, we

quantified the partition similarity using the z-score of the Rand coefficient [88]. For two partitions X and Y, we calculated the Rand

z-score in terms of the total number of node pairs in the networkM, the number of pairsMX assigned to the same module in partition

X, the number of pairs MY that are in the same module in partition Y, and the number of pairs of nodes wXY that are assigned to the

same module both in partition X and in partition Y. The z-score of the Rand coefficient is defined by:

zXY =
1

swXY

wXY �MXMY

M
; (1)

where swXY
is the standard deviation of wXY. The mean partition similarity is determined by the mean value of zXY over all possible

partition pairs for X s Y. Moreover, zXY denotes the similarity of partitions X and Y beyond chance. Figure S2 shows the similarity

between all group-level structural partitions and the primary functional partition used in this study [6].

QUANTIFICATION AND STATISTICAL ANALYSIS

Measures of modular segregation
Our primary measure of modular segregation was the participation coefficient, which quantifies the diversity of a brain region’s con-

nections across modules [37]. Regions with a high participation coefficient have strong connections to many modules, while regions

with low participation coefficient have strong connections to few modules. More generally, networks that have high participation co-

efficient tend to display less segregation between modules than networks that have low participation coefficient. We define the

participation coefficient Pi of node i as

Pi = 1�
X
m˛M

�
kiðmÞ
ki

�2

; (2)

wherem is amodule in a set of modulesM, and ki(m) is the weight of structural connections between node i and all nodes inmodulem

[37, 59]. Moreover, Pi close to 1 indicates that a brain region is highly integrated with regions in other modules, while a Pi close

to 0 indicates that a brain region is highly segregated, with weak between-module connectivity. To quantify the segregation of spe-

cific modules, we average Pi across all brain regions assigned to the samemodule (see Figure 3B). To quantify global network segre-

gation, we average Pi across all nodes in the network (see Figure 3A).

In addition to the participation coefficient, we calculated the average strength of all within-module connections (ameasure of struc-

tural coherence), and the average strength of all between-module connections (ameasure of structural integration) in the network [70]

(see Figure 4). These metrics provide additional insights into the segregation of information processing within distinct modules, and

the degree towhichmodules are integrated across the network.While ourmain analyses defined partitions based on the a priori map-

ping of nodes to the modules defined by Yeo et al. [6], we also examined age effects on modular segregation (mean participation

coefficient) using a data-driven structural partition defined at the group level (Figure 5B).

Alternative measures of modular segregation
As an alternative measure of modular segregation, we also calculated the modularity quality index (Q) for both group-level partitions

and data-driven subject-level partitions. The index Q quantifies how well a given network partition maximizes the strength of within-

module connections relative to a specified null model. Thus, in contrast to the participation coefficient, Q increases in more segre-

gated brain networks. We calculated the modularity Q of a network partition S based on the following modularity quality function:

QðSÞ= 1

2m

X
ij

½Aij � gPij�d
�
gi; gj

�
; (3)
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wherem is the total weight of A, P represents the expected strength of connections according to a specified null model [1, 89], g is a

structural resolution parameter that determines the size of modules, and d(gi,gj) is equal to unity when brain regions i and j are

assigned to the same community gi, and is equal to zero otherwise.

We re-evaluated developmental effects when network segregation was defined by the modularity quality of the Yeo partition [6] as

applied to subject-level data (QYeo see Figure 5A). Further, we defined data-driven network partitions of each individual’s structural

connectivity matrix by repeating a Louvain-like modularity-optimization procedure [34, 35]100 times, followed by the consensus

clustering procedure described above. Consensus clustering procedures delineated subject-specific consensus partitions (defined

across the optimal solutions from 100 iterations of community detection), which were used to calculate network modularity. This

measure quantifies the strength of within-module connections relative to a specified null model (Qsubj; see Figure 5C), and was

not dependent on a group-level partition.

Stability of data-driven network partitions
To evaluate the stability of these subject-specific network partitions across the sample age range (8-22 years), we examined whether

the number of detected modules changed with age. Across partitions defined using three different structural resolution parameters

(highlighted in Figure S2), we found no significant change in the number of detected modules with age. To examine whether the

composition of group-level modular partitions evolved across development, we split our sample into three age groups corresponding

to childhood (8-12 years, n = 241), adolescence (13-17 years, n = 451), and early adulthood (18-22 years, n = 190). Group-level

consensus partitions were defined for each age group using the consensus procedure described above. We evaluated consensus

partitions at g = 1.5, 2.5, and 3.1, resulting in nine total partitions. Next, we calculated the partition similarity across age groups using

the normalized mutual information (NMI) between each pair of partitions [46, 59]. We also calculated the NMI between partitions for

each age group and the data-driven consensus partitions defined across the full 882-subject sample (NMIGroup; see Figure S5).

Quantification of network integration
While primary analyses evaluated age-related changes in module segregation, we were also interested in whether structural brain

networks become more globally integrated during development, as previously reported [21, 23]. For each subject’s structural brain

network represented as an adjacency matrix A, the topological length or distance of each edge Aijwas computed as the reciprocal of

the edge weight ð1=AijÞ. The path length between any pair of nodes is defined as the sum of the edge lengths along the shortest path

connecting them [59]. Global efficiency provides a theoretical prediction of how easily information can flow across a network via the

shortest path between all pairs of nodes, and is defined by

EglobðGÞ= 1

n

X
i˛N

X
j˛N;jsi

ðdijÞ�1

n� 1
; (4)

where n is the number of nodes, and dij is the shortest path length between node i and node j. To examine the possible role of specific

edges as integrative hub connections within the network, we calculated the weighted edge betweenness centrality for each edge.

Edge betweenness centrality identifies important hub connections by providing a measure of how much a given connection partic-

ipates in the shortest paths of communication through a network, and thus contributes to global efficiency [45]. The formal definition

is as follows:

EBC=
X
hk

r
i j
hk

rhk
; (5)

where r i j
hk denotes the number of shortest paths between nodes h and k that include the i jth edge, and rhk denotes the total number of

shortest paths between h and k. After calculating edge betweenness centrality individually for each weighted network A (n = 882), we

normalized each subjects’ edge betweenness centrality values by their maximum observed edge betweenness centrality, resulting in

a measure that was bounded in [0,1]. We calculated the mean normalized edge betweenness centrality for each edge across sub-

jects, and defined hub edges as those connections within the top quartile of normalized edge betweenness across all edges.

Following group-level analysis, which identified a subset of edges that significantly strengthened with age, we performed a permu-

tation-based test to assess whether connections that significantly strengthened with age were enriched for hub edges (see below).

Group-level analyses: Module segregation
Prior work has demonstrated that brain development is not a linear process [90, 91]. Accordingly, group-level analyses of structural

brain network metrics were flexibly modeled using penalized splines within General Additive Models (GAM) implemented in the R

package ‘‘mgcv’’ (https://cran.r-project.org/web/packages/mgcv/index.html) [38, 92]. Such an approach allows for detection of non-

linearities in the relationship between age and measures of module segregation without defining a set of functions a priori (such as

polynomials). Importantly, the GAM estimates nonlinearities using restricted maximum likelihood (REML), and determines a penalty

with increasing nonlinearity in order to avoid over-fitting the data. Due to this penalty, the GAM only models nonlinearities when they

explain additional variance in the data above and beyond linear effects.
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We used penalized splines to estimate nonlinear developmental patterns of module segregation (Figure 3A). Within this model we

included covariates for sex, headmotion, and total network strength. Accordingly, the final model for estimating age effects on mod-

ule segregation (as operationalized by mean participation coefficient) can be written as follows:

Module segregation= splineðageÞ+ sex+motion+ total network strength

An identical model was used when estimating age effects on the participation coefficient of individual brain regions (Figure 3C).

Similarly, we applied this model across all edges to assess linear and nonlinear age effects on the strength of individual connections.

For all analyses, multiple comparisons were controlled using the False Discovery Rate (q<0.05) [93]. Unless otherwise specified, all

statistical analyses included data from the entire sample of 882 participants.

In addition to evaluating the entire sample in one model, we also estimated age effects on module segregation within three

distinct age groups corresponding to early childhood (8-12 years, n = 241), adolescence (13-17 years, n = 451), and early adulthood

(18-22 years, n = 190) using the same model.

Group-level analyses: Network integration
To assess linear and nonlinear age effects on global network efficiency, we used the sameGAMas above, controlling for the effects of

sex, head motion, and total network strength (see Figure 6A). The relationship between global efficiency and modular segregation

was assessed within a GAM while controlling for age in addition to other covariates described above (Figure 6B). To evaluate

whether global efficiency was related to the weight of specific edges that strengthened with age, we assessed the relationship be-

tween global efficiency and the average strength of within-module edges (Figure 6E), or the relationship between global efficiency

and the average strength of between-module edges (Figure 6F), while controlling for age and the same covariates described above.

Associations with executive function
We assessed linear and nonlinear age effects on executive function by modeling a spline age term within a GAMwhile controlling for

sex (Figure 1B). The final model can be written as follows:

Modular segregation= splineðageÞ+ executive efficiency+ sex+motion+ total network strength

We also evaluated the association between the segregation of individual modules (e.g., frontoparietal) and three cognitive effi-

ciency factor scores: executive function, memory, and social cognition (see Figure 7A). Two participants from the full 882 sample

had incomplete cognitive data; thus, associations with cognition were evaluated in the remaining 880 participants.

Mediation analyses
Linear mediation analyses investigated whether age-related improvement in executive function was mediated by modular segrega-

tion and/or global efficiency [94]. First, we regressed out the effects of nuisance covariates (sex, head motion, and total network

strength) on the independent (X), dependent (Y), andmediating (M) variables. The residuals were then used in our mediation analysis.

The significance of the indirect effect was evaluated using bootstrapped confidence intervals within the R package ‘‘lavaan’’ (https://

cran.r-project.org/web/packages/lavaan/).

Specifically, we examined the total effect of age on executive performance (c path; Figure 7B), the relationship between age and

module segregation (a path), the relationship between module segregation and executive function (b path), and the direct effect of

age on executive efficiency after including module segregation as a mediator in the model (c’ path). The significance of the indirect

effect of age on executive function through the proposedmediator (module segregation) was tested using bootstrapping procedures,

which minimize assumptions about the sampling distribution [94]. This approach involves calculating unstandardized indirect effects

for each of 10,000 bootstrapped samples and then calculating the 95% confidence interval. This procedure was repeated to assess

other domains of cognition (memory, social cognition) as well as the specific mediating effects of each network module (e.g., the

frontoparietal module). Finally, we evaluated whether age-related increases in global efficiency also mediated improvements in ex-

ecutive function.

Edge-based permutation testing
We performed permutation-based tests across network edges to assess (i) whether the edges that significantly strengthened with

age were localized to within-module connections beyond that expected by chance, (ii) whether edges that significantly strengthen

with age were enriched for hub edges, and (iii) whether these edges that strengthen with age had elevated edge betweenness cen-

trality beyond that expected by chance.

First, we permuted a binary edge label specifying whether each edge connects nodeswithin or betweenmodules 1000 times. Then

for permuted samples of within- and between- module edges, we counted the number of edges that were shown to significantly

strengthen with age in group-level analysis. We then rank-ordered the number of edges shown to significantly strengthen with

age for permuted within-module edge samples, and determined where the observed number of within-module edges that strengthen

with age falls relative to this null distribution (see Figure 4D).
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Second, we evaluated whether edges that significantly strengthen with age were enriched for hub edges. We permuted a binary

edge label defining hub or non-hub edges 1000 times. For each permuted sample, we counted the number of edges that significantly

strengthened with age in group-level analysis. Then, we rank-ordered the number of permuted hub edges shown to significantly

strengthen with age, and compared these values with the observed number of hub edges that strengthened with age.

Third, we evaluated whether edges that significantly strengthen with age had higher edge betweenness centrality than anticipated

by chance. We permuted normalized edge betweenness centrality values 1000 times. For each permuted sample, we calculated

the mean edge betweenness centrality of within-module edges and between-module edges that significantly strengthened with

age. We rank-ordered the mean edge betweenness centrality of permuted within-module and between- module edges that

strengthened with age, and separately compared these values with the observed mean of within- and between-module edges

(see Figure 6D).

Overview of sensitivity analyses
We conducted a thorough set of analyses to examine whether our results were dependent on specific analytic choices. These

included alternative node and edge definitions, use of probabilistic instead of deterministic tractography, and alternative network

normalization. Furthermore, we conducted sensitivity analyses to examine the potential impact of short-range connections, and

un-modeled subject variables.

Alternative node and edge definitions
In order to evaluate whether our results were dependent on specific aspects of our network definition, we examined alternative node

and edge definitions. First, we examined modular segregation (mean participation coefficient) using the a priori functional partition

assigned to a higher-resolution parcellation of the brain from the Lausanne atlas (463 nodes instead of 234; see Figure 5D).

Next, we examined alternative edge weight definitions. While primary analyses focused on FA-weighted structural networks, we

also measured module segregation in streamline-weighted networks (see Figure 5E), where edge weights were equal to the number

of streamlines connecting two nodes [19]. Additionally, we measured modular segregation in streamline density-weighted networks,

where edgeweights were defined as the number of connecting streamlines divided by the total regional volume of each node pair [48]

(see Figure 5F).

Alternative tractography method
We also assessed developmental effects on modular segregation using brain networks constructed with probabilistic tractography

(see above). Mean participation coefficients were calculated for each subject’s connectivity matrix and integrated across the 12 den-

sity thresholds to derive a summary metric of modular segregation [78]. Integrated participation coefficients were calculated for net-

works with three different edge weight definitions: probabilistic streamline count, probabilistic streamline density, and inter-regional

connectivity probability (see Figures 5G–5I).

Alternative network normalization
Network normalization is imperative when evaluating between-subject differences in network topology [39, 78, 82], as global effects

may mask intrinsic topological differences. Normalization can be applied at either the subject-level or group-level [82, 83]. Subject-

level normalization has been widely applied in brain network studies using probabilistic tractography, and involves dividing each

unique element of the weighted connectivity matrix by the sum of all connection weights [75, 78, 83, 84]. Based on the work of

Yan et al. [82], we applied a group-level normalization by including total network strength as a covariate in the GAMs. To ensure

that results were robust to an alternative subject-level normalization procedure, we recalculated network measures after dividing el-

ements of each subject’s FA-weighted connectivity matrix by the total network strength. We then estimated age effects on normal-

ized topological measures using a GAM, including sex and in-scanner motion as covariates, as above.

Assessment of short-range connections
Estimates of short-range connectivity are often inflated due to the well-documented distance-related bias in diffusion tractography

algorithms [95]. To determine the extent to which age effects on modular segregation were driven by the (potentially artifactual)

strengthening of short-range connections, we applied Euclidean distance-based thresholds to subject connectivity matrices,

removing all connections less than 20mm, 25mm, and 30mm [5, 96]. We then recalculated measures of modular segregation (as op-

erationalized by the mean participation coefficient) for each subject and estimated age effects at the group level (see Figure S6).

Potentially confounding subject variables
Brain developmental processes are complex, withmultiple factors potentially influencing network-level measures of brainmaturation

[97]. Accordingly, as a final step, we evaluated whether results could be explained by unmodeled covariates which could potentially

confound inference. First, to ensure that the observed age-related increase in module segregation was not driven by global changes

in white matter volume or anisotropy, we included these measures as additional covariates in the GAM described above. Second,

we evaluated whether other subject-level covariates could explain the observed developmental effects. We also found convergent
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results when including total brain volume, handedness, race, and maternal education as covariates in the GAMs estimating age ef-

fects on modular segregation. Conversely, results remained consistent when all covariates were removed from the model. Third and

finally, in order to ensure that our results were not driven by age-related differences in head motion, we conducted a sensitivity anal-

ysis in a sub-sample of subjects who had low head motion (less than 0.5 mm mean frame-wise displacement). In this subset of 619

subjects, there was no longer a significant correlation between age and motion, or between modular segregation and motion. See

Figure S7.

DATA AND SOFTWARE AVAILABILITY

The data reported in this paper have been deposited in the database of Genotypes and Phenotypes under accession number dbGaP:

phs000607.v2.p2 (https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000607.v2.p2). Table S2 details pub-

licly available MATLAB code used to calculate brain network measures.
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