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Introduction

Adolescence is a period of remarkable development as children’s brains change to
resemble adult brains. Resting state fMRI measures fluctuations in blood-oxygen signal
from which we can infer functional connectivity (FC). Graph theory is a branch of
mathematics that can quantify the complex patterns of connectivity and network
architecture inherent in the functional connectome. An ideal graph theory analysis
explores edges that are weighted, directional, and heterogenous (can be positive or
negative). Recent developmental studies have applied graph theory to the functional
connectome, yet due to the considerable complexity added by each facet, most ignore one
or more aspects of an ideal graph theory analysis (directionality and heterogeneity).

Methods

The present cross-sectional study measured FC in typically developing children,
adolescents, and young adults (age 6-24 years) using 150+ echo-planar volumes (3.6mm
isotropic voxels, repetition/echo time=2000/30ms) acquired at rest. A standard
pre-processing pipeline was used, and the functional connectome was quantified using a
weighted, directed graph analysis, including both positive and negative connections. Five
different graph theory metrics were utilized to quantify developmental trajectories:
connection density, modularity, clustering coefficient, global efficiency, and betweenness
centrality. Positive and negative connections were analyzed separately, and age and sex
associations were explored.

Results

The total sample comprised 219 participants (mean age (SD) [range] = 14.1 (3.3)
[6.5-24.0] years, 50% female). For positive connections, modularity and betweenness
centrality increased with age (both p<0.001), while connection density, clustering
coefficient, and global efficiency decreased with age (all p<0.001). By contrast, for
negative connections, modularity and betweenness centrality decreased with age
(p=0.002, p=0.003), while connection density, clustering coefficient , and global efficiency
increased with age (p<0.001, p<0.001, p=0.003). Effects of sex, hemisphere, and their
interaction were minimal, though global efficiency for negative connections was higher
in the right hemisphere than the left (p<0.001).
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Conclusion

Graph theory appears to be a useful tool for quantifying the complex development of the
functional connectome. The developmental changes presented here may be driven by an
intrinsic pressure to balance functionality with low metabolic cost to maintain the
network. The positive connection network appears to shift towards a more efficient
conformation resembling “small-world” architecture. In contrast, the negative
connection network seems to shift away from such efficient architecture, possibly to
prioritize improving functionality before later refinement.

INTRODUCTION

Throughout childhood and adolescence, the brain under-
goes remarkable developmental change. From the matu-
ration of fine motor control to the evolution of complex,
logical thought, this is perhaps the most rapid period of de-
velopment throughout the lifespan and encompasses nat-
ural variability among individuals. Developmental trajec-
tories for various body measurements, such as height and
weight, have traditionally been quantified, affording insight
into degrees of such typical variability.1-3 Departures from
typical developmental trajectories can be a warning sign
and therefore mapping out these developmental trajecto-
ries is crucial. Similar trajectories have been established for
brain structure and function via magnetic resonance imag-
ing (MRI), which allows for a non-invasive quantification of
brain development.# This effort has been well-documented,
with countless studies revealing interesting developmental
trends in areas such as cortical morphology, brain metabo-
lism, grey/white matter volumes, white matter microstruc-
ture,4-® and more. Establishing typical developmental tra-
jectories for advanced brain imaging network-level metrics
are also likely to prove useful in quantifying deviations
from typical developmental trends.

Assessing network-level brain connectivity has been
made possible via resting-state (RS) functional MRI (fMRI).
RS-fMRI effectively quantifies the synchronicity of fluctu-
ating blood oxygenation signals between spatially disparate
brain areas at rest, often interpreted as functional con-
nectivity (FC).%10 FC has been established as a sensitive
biomarker for characterizing changes in functional orga-
nization in both the healthy and diseased brain.!1-1> The
application of graph theory,!® a mathematical modelling
technique, has fostered a relatively new avenue of network-
level neuroimaging research. Using graph theory concepts,
connectomics quantifies functional network organization
of the human brain by identifying complex patterns.17.18
Briefly, a network is composed of nodes (the vertices of the
graph) and edges (connections that link each node), and the
connectivity among them is quantified using a connectivity
matrix. Topographically, an ideal network conformation is
one that balances network effectiveness with the metabolic
cost of maintaining that network.17-19 In the brain, this can
be reflected in modular network organization, high clus-
tering, small world topology, and/or short path length.!”
Graph theory metrics enable the exploration of how this
balance may present and how it changes over the course of
development.

Previous studies investigating functional connectomes
have demonstrated shifts from local to distributed func-

tional organization, increasing information integration and
segregation, and movement of hub locations from primary
sensory regions to those involving higher cognitive func-
tions over the course of development.20-29 Specifically, the
developmental shift of brain hubs from primary regions to
higher-order regions suggests more distributed networks
later in adolescence and early adulthood underlying more
complex higher-level cognition.2021 Before 5 years of age,
functional networks show higher local clustering and
within module connectivity which subsequently switches to
more long distance connections and distributed architec-
ture with maturation.20

Such studies revealed important developmental trends
but have some limitations. For example, connections in
the brain are typically weighted (i.e., have varying con-
nection strengths), directed (i.e., are bi-directional versus
uni-directional), and heterogeneous (i.e., connections show
positive and negative FC). Thus, an ideal graph analysis
of the functional connectome characterizes connections in
this comprehensive way,!8 adding richness and complexity
to the interpretability of results.2” However, such an ideal
analysis, addressing all aspects of connectivity together
(weight, directionality, heterogeneity), has not been com-
monly employed. Further, positive and negative connectiv-
ity valences may show distinct developmental trends im-
portant for development of higher cognitive functions. Yet,
negative connectivities specifically have been understudied
due to various thresholding techniques that exclude them,
even though they may be neurobiologically relevant.30,3!
Thus, the present study employed a weighted, directed
graph analysis, examining both positive and negative con-
nectivities, and explored five graph theory metrics in a
group of typically developing children, adolescents, and
young adults to quantify developmental trajectories in the
functional connectome. We had three hypotheses. First,
that whole-brain functional connectome metrics are asso-
ciated with age, reflecting higher integration and less seg-
regation in older participants compared to younger. Sec-
ond, that connectome metrics change at different rates in
each hemisphere, reflecting differing time-courses of func-
tional specialization in the dominant versus non-dominant
hemisphere. Lastly, on an exploratory level, that functional
connectome metrics for negative connectivities show dif-
ferent trajectories compared to those for positive connec-
tivities.
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METHODS

PARTICIPANTS

Typically developing participants were drawn from a col-
laborative database containing imaging data from multiple
pediatric researchers’ studies at a single site. Inclusion cri-
teria were: (1) age 6 to 24 years at time of scan, and (2)
completed both a high resolution T1-weighted sequence
and a resting state functional MRI (RS-fMRI) sequence.
Participants were excluded if they had a history of neu-
rodevelopmental or neurological disorders, MRI contraindi-
cations, or exhibited substantial head motion during scan-
ning that precluded image processing. Written informed
parental/guardian consent and/or participant consent/as-
sent were acquired as part of each initial study from which
participants were recruited. The University of Calgary Con-
joint Research Ethics Board approved the initial studies,
and consent for secondary use of deidentified imaging data
was granted by each family via written informed consent.

IMAGING

Imaging was performed at the Alberta Children’s Hospital
(Calgary, Canada) using a 3.0 Tesla GE MR750w MRI scan-
ner (GE Healthcare, Chicago, IL), with an MR Instruments
(Minneapolis, MN) 32-channel head coil. High-resolution
anatomical T1-weighted fast spoiled gradient echo (FSPGR)
images were acquired in the axial plane [166-226 slices,
no skip; in-plane voxel size=0.5-1.0 mm; slice thick-
ness=0.8-1.0mm; duration~5 minutes]. RS-fMRI acquisition
involved 150, 180 or 240 T2*-weighted whole brain echo
planar volumes (EPI; 36 interleaved contiguous slices; voxel
size=3.6mm isotropic; repetition/echo time=2000/30 ms;
matrix=64 x 64; duration 6-8 minutes). During the se-
quence, participants were asked to focus on a centralized,
black cross, while thinking of nothing specific.

IMAGING ANALYSIS

Resting state functional analysis was performed using the
functional connectivity toolbox (CONN32), within Statis-
tical Parametric Mapping (SPM12;
https://www.fil.ion.ucl.ac.uk/spm/software/spm12, Well-
come Centre for Human Neuroimaging) running through
Matlab (Mac i64 version R2020a, Mathworks, Natick, MA).
Preprocessing consisted of the standard CONN pipeline, in-
volving slice-timing correction, realignment, and co-regis-
tration. Co-registered T1-weighted images were segmented
using standard tissue probability maps from SPM and were
examined slice-by-slice to ensure segmentations were ac-
curate. Functional and structural images were normalized
into MNI space using the standard 152-average template.
Functional images were smoothed with a 6mm isotropic
full-width at half-maximum (FWHM) Gaussian kernel.
Head motion and mean signal intensity outliers were iden-
tified using the Artifact Repair Toolbox33 (exceeding 0.9mm
of translational movement). Identified volumes were sub-
sequently scrubbed during the denoising step and band-
pass filtering was performed (0.008-0.09Hz). Residual head

motion was de-weighted in the general linear regression
model (GLM), as were CSF and WM time courses. Partici-
pants with fewer than 100 volumes remaining after scrub-
bing were excluded. Global signal regression (GSR) tech-
niques were not used on this dataset because they may
induce spurious negative connectivities not present in the
original data.3435

Region of interest (ROI) analyses were performed using
a total of 105 ROIs, selected from a validated atlas (FSL
Harvard-Oxford atlas) within the CONN toolbox (Table S1).
Brainstem, cerebellar and vermis ROIs were not included
due to insufficient brain coverage in some scans. Mean
functional connectivity weights between ROIs were ex-
tracted via GLM regression32 to preserve the directionality
of the network,3® resulting in a weighted, directed, and het-
erogenous adjacency matrix for each participant. Connec-
tivity matrices were also divided into left and right hemi-
spheres based on ROI placements to investigate
hemispheric laterality. ROIs defined as bihemispheric (N=5:
medial frontal cortex, subcallosal cortex, anterior cingulate
gyrus, posterior cingulate gyrus & precuneus cortex) were
included in both hemispheric subgroups. To remove
weaker, possibly spurious connectivities,3” matrices under-
went density-based thresholding, such that only functional
connectivity values greater than the 25t percentile were
included in the analysis (see below). This approach allows
for topology to be examined while controlling for the ef-
fects of network size.38 While some spurious connectivities
may remain, their impact is limited by the calculation of
weighted graph theory metrics, which account for edge
strength.

GRAPH THEORY METRICS

Graph theory analysis of the functional connectome was
performed using five metrics (equations in Table 1) from
the brain connectivity toolbox3? via Matlab (see below).
The graph theory metrics explore connectivities for net-
work edges that are both directed and weighted.!8 Connec-
tivity weights are interpreted as reflecting the “strength”
of the connection between two regions. Connectivity di-
rectionality quantifies the valence (positive or negative)
of signal covariance between two regions. Negative and
positive functional connectivities were analyzed separately
by partitioning each participant’s raw connectivity matrix
into its positive and negative components. Thresholding
was performed after the separation of positive and negative
connections. First, an absolute threshold of 0 was used,
to remove negative connections from the positive network
(including only those ranging from 0 to the positive maxi-
mum). This was repeated on the complete dataset to select
only the negative connectivities (including only those rang-
ing from O to the negative maximum) after which the ab-
solute value was taken. The density-based thresholding at
the 25th percentile of nonzero values was then applied in
the residual positive and negative networks separately. This
results in the positive network containing the strongest
75% of positive connections, and the negative network hav-
ing the strongest 75% of negative connections. Positive and
negative weights are both neurobiologically important,30
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Figure 1. Conceptualized example of a highly modular
network that maximizes within-group connections
while minimizing between-group connections.

but are not necessarily equal in magnitude.3! This sepa-
ration allowed us to explore differences in developmental
trends that may otherwise be obscured by an integrated
approach. We also note that there is a tradeoff between
specificity and sensitivity when determining a connectivity
weight threshold.37 Using thresholding may reduce analysis
sensitivity by inadvertently excluding real connectivities
(increasing false negatives). Our intention was to increase
specificity via inclusion of higher connectivity values ex-
ceeding the weight threshold (i.e., to decrease false posi-
tives) thereby removing weaker, possibly spurious connec-
tions.

DENSITY

Density is a measurement of the overall connectivity in
the network. Specifically, it is calculated as the number of
supra-threshold connections divided by the total number of
possible connections.

MODULARITY

An optimized network structure is one that maximizes
within-group connections while minimizing between-
group connections3? (Figure 1) such that an optimal com-
munity structure is achieved. The modularity statistic de-
fines the degree to which the network can be divided into
such groups. A higher modularity reflects a network that
can more easily be subdivided into structurally optimized
groups.

Binary & Undirected

Weighted & Directed

Figure 2. An illustration of clustering coefficient
calculations.

Binary & Undirected: Node A has three neighbours and 3 possible triangles. There is
no connection between nodes C & D, thus only triangles ABC and ABD exist. The clus-
tering coefficient is therefore 2/3 (0.67) for node A. Weighted & Directed: Node A has
three neighbours and 6 possible triangles. Triangles ACB, ACD and ADC are missing, and
have weights of zero. ABC, ABD, ADB have weights of 0.4, 0.6 and 0.5 respectively, total-
ing 1.5. The clustering coefficient is therefore 1.5/6 (0.25) for node A.

CLUSTERING COEFFICIENT

Clustering coefficient reflects how connected each of the
node’s neighbours (neighbourhood) are with each other.
When two neighbouring nodes have a link between them,
they form a triangle, or triplet, with the original node.
Clustering coefficient is calculated as the total number of
triplets in the neighbourhood, divided by the total number
that could potentially exist. Weight and direction both have
a significant impact on clustering coefficient (Figure 2). In
a weighted network, the clustering coefficient is the mean
of the average weight of all edges in each triplet.

GLOBAL EFFICIENCY

Global efficiency is calculated as the average inverse short-
est path length throughout all ROIs and provides a metric
to characterize the overall efficiency of the network. Path
lengths were calculated as 1/Weight,_p.

BETWEENNESS CENTRALITY

This measure reflects the “centrality” of a node. It is cal-
culated as a fraction of all the shortest paths that contain
that specific node, such that a higher value indicates a node
that is active in a large number of shortest paths, likely con-
sidered a relay center. Betweenness centrality was averaged
across all nodes.

STATISTICAL ANALYSES

Statistics were performed using Jamovi (version 1.6.23)40
and R (version 4.0.2).4! Distribution normality was deter-
mined using a Shapiro-Wilk test. Age differences between
studies were tested with a Kruskal-Wallis test followed by
Dwass-Steel-Critchlow-Fligner (DSCF) pairwise compar-
isons. Proportions of scans with 150, 180 or 240 volumes
were compared with a chi-squared test. Five linear mixed
effect models were used for each of the five graph theory
metrics to investigate effects of age, mean head motion,
sex, hemisphere, and the sex*hemisphere interaction (fixed
effects) on whole brain functional network characteristics
while controlling for study and individual variability (ran-
dom effects). Multiple comparisons were controlled using
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Table 1. Equations for calculating graph theory metrics.

Table 1. Equations for calculating graph theory metrics.
Measure Equation
Density* Kden — K N = # vertices, K = # edges
(N2 - N)
Modularity 1 Jout fin m; = module containing i.
QM= > [wij - ————|Omim, Omym, = 1, ifm;=m;
i,jEN
Clustering . 1 % ZMGN(ij + wji)(wan + wrs) (wjn + whj)
coefficient Cw = Z out in out in
now (R R (R R 1) =2 3y wijwgs
Efficiency =1 %, E]ewﬁl(dﬁf dj = shortest path length
Betweenness 1 phj(i) phj(i) = # shortest paths
centrality bi = (n—1)(n—2) Z . between h andjincluding i
ijeN hFghtijti  Phi

Table note: ‘a’ refers to a binarized version of the connectivity adjacency matrix, while ‘w’ refers to the weighted version. ‘-’ indicates that the analysis is also directed. ‘N’ is the set

of all nodes, and ‘n’ is the number of nodes. ‘L is the set of all links, and ‘I’ is the number of links. ‘ij’ refers to a supposed link between nodes ‘i’ and ‘j’. Because the network is di-
rected, ‘ij’ is inherently different from ‘ji’. * - the variables involved in calculating density were retrieved directly from the adjacency matrix.

False Discovery Rate (FDR) corrections?2 for each depen-
dent variable and predictor. Associations between head
motion and age were assessed with Spearman’s rho. We
also used generalized additive models for location scale
and shape (GAMLSS)#344 to model non-linear trajectories
of graph theory metrics across age using linear and cubic
polynomial fits. The lowest value of the generalized Akaike
information criterion (GAIC) was used to determine which
model (linear or non-linear) had the best fit.

RESULTS

POPULATION

The final population consisted of 219 participants (mean
age (SD) [range] = 14.1 (3.3) [6.5-24] years, 50% female, 96%
right-handed). In total, 16 participants were excluded due
to missing demographic data (n=4), a missing anatomical
scan (n=1), and RS scans having fewer than 100 volumes re-
maining after head motion artifact scrubbing (n=11). Study
size varied, with the smallest study contributing 17 scans
and the largest contributing 58. Age distributions differed
significantly between studies (H=47.8, p<0.001), with study
4 (mean age = 11.8) being significantly younger than all
except study 7 (mean age = 12.9), which was significantly
younger than all others except study 2. Study was not a
significant predictor in the linear mixed effect models. See
Table 2. Mean head motion was negatively associated with
age (rho=-0.31, p<0.001) but was not a significant predictor
in the linear models (Tables 3 and 4). Mean positive and
negative connectivities are illustrated in adjacency matrices
in Figure S1.

GRAPH THEORY METRICS FOR POSITIVE FUNCTIONAL
CONNECTIVITY

For positive functional connectivity values, age was neg-
atively associated with density (F=20.78, p<0.001), clus-
tering coefficient (F=8.34, p=0.004), and global efficiency

(F=13.99, p<0.001). Conversely, age was positively associ-
ated with modularity (F=13.11, p<0.001) and betweenness
centrality (F=23.58, p<0.001). Neither sex nor hemisphere
was significantly associated with graph theory metrics, nor
was the sex by hemisphere interaction following FDR cor-
rection. See Table 3 & Figure 3 (Red circles). Linear
GAMLSS models for efficiency and betweenness centrality
across age had lower GAIC values compared to non-linear
models, indicating better fits for linear models. For density,
modularity, and clustering coefficient, non-linear models
had slightly lower GAIC values, however best fit lines
showed largely linear trajectories.

GRAPH THEORY METRICS FOR NEGATIVE FUNCTIONAL
CONNECTIVITY

For negative functional connectivity values, age was pos-
itively associated with density (F=20.78, p<0.001), cluster-
ing coefficient (F=11.04, p=0.001), and global efficiency
(F=8.75, p=0.003). Conversely, age was negatively associ-
ated with modularity (F=12.42, p<0.001) and betweenness
centrality (F=6.15, p=0.014). Global efficiency was higher in
the right hemisphere (F=10.94, p=0.001). Sex was not sig-
nificantly related to graph theory metrics for negative func-
tional connectivity. See Table 4 & Figure 3 (Blue diamonds).
Linear GAMLSS models for global efficiency and clustering
coefficient across age had lower GAIC values compared to
non-linear models, indicating better fits for linear models.
For density, modularity, and betweenness centrality, non-
linear fits were slightly better, though again best fit lines
showed largely linear patterns.

DISCUSSION

Using resting state FC and graph theory, we have demon-
strated age-related developmental trends in multiple graph
theory metrics over the course of childhood, adolescence,
and early adulthood (ages 6-24 years). Results provide in-
sight into how organization of the positive and negative
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Table 2. Participant demographics

Group Mean age (SD) [Range] Sex [%] RS Volumes
All 14.1(3.3) [6.5-24.0] years Male: N=109 [50%] Female: N=110 [50%)] 150: N=103
Total: N=219 180: N=56
240:N=60
Study 1 14.6(3.1) [8.4-18.7] years Male: N=8 [42%] Female: N=11[58%] Total: N=19 150: N=19
Study 2 14.4(3.1) [8.5-19.1] years Male: N=10 [50%] Female: N=10[50%] Total: N=20 150: N=20
Study 3 14.3 (3.0) [6.5-19.0] years Male: N=29 [50%] Female: N=29 [50%] Total: N=58 150: N=33
180: N=25
Study 4 11.8(2.0) [8.3-14.3] years Male: N=8 [50%] Female: N=9 [50%)] Total: N=17 240:N=17
Study 5 15.8(5.2) [7.3-24.0] years Male: N=12 [47%] Female: N=19 [53%] Total: N=31 150: N=31
Study 6 14.3(2.6) [10.0-18.0] years Male: N=22[71%] Female: N=9 [29%] Total: N=31 180: N=31
Study 7 12.9(2.2)[9.5-16.9] years Male: N=20 [47%] Female: N=23 [53%] Total: N=43 240:N=43
Table 3. Predictors of graph theory metrics for positive functional connectivity
Metric
Predictor Density Clustering Modularity Global efficiency Betweenness
coefficient centrality
Intercept 0.447 0.190 0.291 0.251 51.917
Age E=-0.00344, E=-0.00141, E=0.00298, E=-0.00141, E=0.341,
F=20.78, F=8.34, F=13.11, F=13.99, F=23.58,
p<0.001*** p=0.004** p<0.001*** p<0.001*** p<0.001***
Sex (M-F) E=5.31e-4, E=0.00252, E=5.85e-4, E=0.00191, E=-0.024,
F=0.013, F=0.69, F=0.013, F=0.66,p=0.416 F=0.0029,
p=0.909 p=0.408 p=0.909 p=0.957
Hemisphere E=-0.00170, E=0.00262, E=0.00261, E=7.26e-4, E=0.160,
(R-L) F=0.65,p=0.421 F=3.73, F=0.93, p=0.335 F=0.53, p=0.466 F=0.49,
p=0.055 p=0.484
Sex*Hemisphere E=-0.00747, E=-0.00534, E=0.00934, E=-0.00282, E=0.849,
(M-F*R-L) F=3.16, p=0.077 F=3.88, F=2.98, p=0.086 F=2.01,p=0.158 F=3.44,
p=0.050 p=0.065
Head motion E=0.0275, E=0.0389, E=-0.0636. E=0.0389, E=-0.579,
F=0.45, p=0.503 F=2.23, F=2.09,p=0.152 F=3.70, p=0.059 F=0.026,
p=0.141 p=0.872

Table note: Sex*Hemisphere represents the sex by hemisphere interaction. ***p<0.001 after FDR correction.

functional connectomes develop with age. For positive FC,
network density, clustering coefficient, and global effi-
ciency all decreased with age, while modularity and be-
tweenness centrality increased. By contrast, for negative
FC, network density, clustering coefficient, and global ef-
ficiency increased with age, whereas modularity and be-
tweenness centrality decreased. These seemingly opposite
developmental trends for positive and negative FC may in-
form how functional connectome organization changes
through childhood and adolescence, eventually resulting in
an efficient and balanced, adult-like network topology.

POSITIVE AND NEGATIVE WEIGHTS

We have identified distinct developmental trajectories for
positive and negative connectivity weights within our sam-
ple using multiple graph theory metrics, though the role
of negative FC remains controversial and interpretation is
challenging.3445 Positively weighted correlations between

brain areas are more straightforward to interpret, seemly
reflecting functional connectivity via BOLD fluctuations
that covary synchronously in time. Negative correlations
are more difficult to interpret as BOLD fluctuations vary in
an anticorrelated manner and interpreting these opposing
patterns is not straightforward. Imaging processing tech-
niques such as GSR34 as well as the presence of underlying
neurophysiological signals*¢ have been implicated as
sources of spurious negative correlations between net-
works, though robust negative correlations with putative
neural origins remain after correction and are neurobiolog-
ically interesting.4¢ For example, anti-correlations between
the frontoparietal attention network and default mode net-
work during resting state data acquisition show similar spa-
tial patterns to functionally-opposed task-positive (during
an attentionally-demanding task) and task-negative (stim-
ulus-independent thought) activation patterns during task
fMRI giving plausibility to neural origins.!0 That the
strength of this association can be additionally modulated
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Table 4. Predictors of graph theory metrics for negative functional connectivity

Metric
Predictor Density Clustering Modularity Global Betweenness
coefficient efficiency centrality
Intercept 0.303 0.033 0.166 0.168 62.066
Age E=0.00344, E=5.31e-4, E=-0.00155, E=0.00146, E=-0.262,
F=20.78, F=11.04, F=12.42, F=8.75, F=6.15,
p<0.001*** p=0.001** p<0.001*** p=0.003** p=0.014*
Sex (M-F) E=-5.31e-4, E=-2.29e-4, E=0.00237, E=0.00140, E=0.0253,
F=0.013, F=0.055, F=0.74,p=0.390 F=0.23, p=0.633 F=0.0016,
p=0.909 p=0.814 p=0.969
Hemisphere E=0.00170, E=4.81e-4, E=-0.00153, E=0.00380, E=-0.163,
(R-L) F=0.65,p=0.421 F=0.91, F=0.79, p=0.375 F=10.94, F=0.25,
p=0.342 p=0.001** p=0.619
Sex*Hemisphere E=0.00747, E=4.94e-5, E=7.01e-4, E=-0.00126, E=-1.564,
(M-F*R-L) F=3.16,p=0.077 F=0.0024, F=0.041, F=0.30, p=0.585 F=5.70,
p=0.961 p=0.839 p=0.018
Head Motion E=-0.0275, E=0.00392, E=0.0157, E=-0.00460, E=5.384,
F=0.45, p=0.503 F=0.20, F=0.47,p=0.498 F=0.026, F=0.86,
p=0.657 p=0.871 p=0.356
Table note: Sex*Hemisphere represents the sex by hemisphere interaction. ***p<0.001 after FDR correction.
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functional connectivity as a function of age.

by task performance, is another compelling argument for
the importance of such anticorrelations.!0 The specifics of
what underlying brain biomarker negative correlations en-
code remains elusive, though the presence of a central ex-
ecutive switching mechanism has been suggested.1047 An-
other intriguing possibility is that intrinsic correlations and
anticorrelations somehow maintain balance between ex-
citatory and inhibitory brain mechanisms. We and others
have shown that both positive and negative weights may
have differing roles underlying network characteristics such

as modularity and centrality.3! Certainly, the differing de-
velopmental trends and valence of such functional con-
nectivity weights within a more complex whole-brain con-
nectome is worthy of further exploration and may show
fundamentally different but important roles in network de-
velopment.
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NETWORK DENSITY

Network density reflects the number of supra-threshold
connections compared to all possible connections in a net-
work and can be considered a proxy for the overall meta-
bolic cost of the network.3948 For positive FC, we showed
that network density decreased with age. A reduction in
network density during development may reflect activity-
dependent synaptic pruning where some synapses are elim-
inated and others are strengthened and elaborated?’ to
maximize efficiency and reduce overall metabolic cost of
the network.17:1948,50,51 While much of this pruning is
known to occur in the first two years of life, an additional
major period of pruning occurs in adolescence, with a
steady decrease in synapse density occurring in between.49
The reduction and refinement of synapses during this pe-
riod additionally parallels the development of FC net-
works.52 Developmental trends in the strengthening of net-
works start with primary sensory networks (vision,
audition, sensorimotor) at earlier ages and are followed by
higher-level networks (salience, frontoparietal) and a sub-
sequent refinement during adolescence.52 Our finding of
decreasing network density is consistent with this prun-
ing, followed by refinement and strengthening of retained
connections. Conversely, we found an increase in density
for negative connections suggesting higher levels of neg-
ative FC for older participants. This is consistent with the
emergence of negative FC between networks occurring be-
tween 13-17 years followed by stabilization between (or af-
ter) 18-20 years of age.53>4 This time course also parallels
development of higher-order cognitive functions in later
adolescence,>> and a concurrent increase in inhibitory con-
trol.56:57 This may reflect a maturational balancing of net-
work correlations and anticorrelations,10:54 ultimately re-
sulting in adult-like network topology.

FUNCTIONAL SEGREGATION

Two related, though independent, measures of network
segregation are modularity and clustering coefficient; these
reflect the capacity for specialized processing to occur in lo-
calized clusters. High modularity reflects maximal within-
group and minimal between-group connectivity, suggesting
densely interconnected groups of regions.3® We found a
positive association between modularity and age for pos-
itive connections, consistent with some previous develop-
mental studies.20:58-61 Although, some studies have found
no change in modularity over age,!52! while others (for
binary networks) demonstrated an inverted U-shape func-
tion, increasing initially and then decreasing in early adult-
hood.®2 By contrast, we found that modularity for negative
connectivity systematically decreased with age. This find-
ing is consistent with increasing levels of negative FC be-
tween task-positive and task-negative networks as children
and adolescents develop.52->4 Furthermore, these findings
may be driven by an increase in within-network positive
weights accompanied by an increase in between-network
negative weights, which would reflect a highly modular in-
tegrated network according to a specialized model of mod-
ularity.3! Clustering coefficient, a measure of local con-

nectivity (i.e., triplets of nodes) within modules, decreased
with age for positive and increased with age for negative
FC. These opposite findings may suggest an age-related
decrease in local clustered (positive) connectivity within
nodes and their immediate neighbours, possibly related to
the aforementioned synaptic pruning, coupled with an in-
crease in negative FC density.>* This also appears to be
consistent with a developmental trend from local to distrib-
uted networks, as has been repeatedly demonstrated.1521

FUNCTIONAL INTEGRATION

Functional integration reflects a network’s ability to ef-
fectively integrate information from distributed brain re-
gions.3? Global efficiency is the average inverse shortest
path length and higher values reflect potentially more net-
work integration between brain regions. We show that
global efficiency for positive FC decreased with age, sug-
gesting a developmental increase in path length consistent
with the documented trend from local to distributed con-
nectivity.2! Our findings of an increase in global efficiency
for negative FC is consistent with the presence of more neg-
ative statistical associations within functional paths, which
has been previously demonstrated via increasing negative
functional connectivity with age.>* Betweenness centrality
reflects the number of times a given node occurs on a short-
est path and may be indicative of a relay hub bridging dis-
parate nodes.3%63 Qur finding of increasing betweenness
centrality over development suggests higher reliance on in-
tegrative relay hubs with increasing age, whereas a de-
crease in betweenness centrality for negative FC with age
reflects a decrease in relay hubs potentially consistent with
the trend towards distributed negative connectivity.2!

BALANCE BETWEEN NETWORK SEGREGATION AND
INTEGRATION

Finding an efficient balance between the opposing de-
mands of network segregation and integration, in the form
of a “small-world” network, is the ideal brain topology,3%
50,64,65 which can be approximated by modularity.!7-25 This
architecture allows for high clustering while retaining rel-
atively short average path lengths.®5 The results we de-
scribe here provide evidence for how such topology devel-
ops through childhood, adolescence, and young adulthood.
Specifically, the positive connection network seems to ex-
hibit a shift towards a more “regular” conformation more
typically associated with “small-world” architecture.2!
Such a shift is characterized by longer average path length,
as a result of fewer connections between neighbourhoods
and higher local connectivity within neighbourhoods.21,65
This is consistent with the present findings of increased
modularity with age (lower between-group connectivity
and/or higher within-group connectivity), increased be-
tweenness centrality with age (fewer connections between-
neighbourhoods fosters a reliance on relay-hubs), and de-
creased global efficiency with age (“regular” networks have
longer average path lengths). While global efficiency and
betweenness centrality are both related to functional inte-
gration, the opposing trends provide a good example of how
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the brain may achieve an optimal balance between integra-
tion and segregation.

Similarly, the decrease in average clustering coefficient
seemingly contradicts the increase in modularity. However,
our findings that network density decreases with age may
have implications for whole-brain averaging of clustering
coefficient, possibly masking subtle or focal effects occur-
ring in certain sub-sets of nodes.!® Also, clustering coef-
ficient measures the connectivity of a node’s neighbours,
regardless of whether or not they belong in the same
“group”.5! Given that modularity increases with age, it is
plausible that clustering coefficient in specific sub-sets of
nodes (existing in the same “group”) is maintained or im-
proved, while the observed decrease in average clustering
coefficient is related to a decrease in connection density
elsewhere in the network.

The negative connection network seemingly follows the
opposite trend, expanding into a more “random” confor-
mation with more long-range communication. This is sup-
ported by the decreases in modularity (more between-
group connectivity and/or lower within-group connectivity)
and betweenness centrality with age (more between-group
connections reduces the need for relay-hubs), as well as the
increase in global efficiency with age (“random” networks
have shorter characteristic path lengths). These dynamic
changes across development for both positive and negative
connectomes provide preliminary evidence for how the de-
veloping brain establishes a balance between network seg-
regation and integration to approximate network “small-
worldness”, possibly accompanied by later refinement for
negative FC. More specific time courses for establishment
of such development and refinements could be more closely
examined by longitudinal analyses.

HEMISPHERE AND SEX DIFFERENCES

We did not find clear hemispheric differences in graph the-
ory metric trajectories despite our original hypothesis that
the dominant (left) hemisphere would show different pat-
terns and time-courses of development for our primarily
right-handed participants. In fact, only global efficiency
for negative FC was significantly higher in the right hemi-
sphere than the left, suggesting that path lengths in the
right hemisphere are shorter than those of the left. This
finding is somewhat unclear; however, the typically lan-
guage-specialized left hemisphere may have relatively
longer connections (manifested as lower global efficiency)
that are useful for integrating spatially distributed lan-
guage areas (Broca’s area in the inferior frontal gyrus and
Wernicke’s area in the posterior superior temporal sulcus).
Why this hemispheric difference was only found for nega-
tive and not positive FC requires more investigation. We ad-
ditionally found no differences in graph theory metrics for
sex, and no sex by hemisphere interaction, despite our hy-
potheses that sex may mediate distinct trajectories. FC at
the network level may be very similar between the sexes be-
fore age 24 and any differences may become apparent later
in life, though other studies have found differential effects
of sex and pubertal status on functional connectome graph
theory metrics.22

LIMITATIONS

This study has some limitations to consider. We explored
the development of the resting state functional connec-
tome with weighted, directed, and heterogeneous graph
theory metrics at a whole-brain and hemispheric level. Be-
cause the functional connectome is based on statistical as-
sociations between nodes, the interpretation of path-based
differences can be challenging since such statistical asso-
ciations do not correspond to information flow through
known anatomical connectivity.3? Additional analyses
could have investigated developmental trajectories for FC
in individual functional networks which many studies have
previously done. We chose not to do this in the present
study since using various subsets of ROIs would have re-
sulted in small networks (6-18 nodes) for which graph the-
ory metric interpretability may be limited. We have related
our findings to previous specific network-based studies and
though direct comparisons cannot be made due to differing
methods, similarities in general trends over the course of
development can still provide insight. Using a finer-grained
atlas (with smaller ROIs) would have enabled such specific
network-based analyses and also reduced the effect of
coarse spatial resolution on anatomical interpretability in
such a case. Similarly, cross-region blurring can be induced
by spatial smoothing prior to ROI segmentation, which may
increase the weight of short edges in the network.6¢ Future
studies should consider spatial smoothing only after
anatomical segmentation. Clustering coefficient and be-
tweenness centrality were averaged across all nodes, possi-
bly obscuring distinct trajectories within smaller networks
of interest.18 We selected only five commonly used graph
theory metrics but more metrics could be explored. We
used a cross-sectional dataset to characterize developmen-
tal trajectories; longitudinal sampling using a wider age
range would have provided a richer characterization of de-
velopmental trends. Leveraging massive sample sizes from
collaborative databases such as the ABCD®’ and Human
Connectome Development®8 projects would also have pro-
vided additional sampling as well as longitudinal data,
though multi-site acquisition would necessitate harmo-
nization, a consideration not required in the present study.
Our sample was consistent in age and sex distribution to
these large databases and as such we would expect con-
sistent findings. Additionally, including information on pu-
bertal status may have been similarly informative. While
carefully corrected for, head motion is a ubiquitous chal-
lenge and correlates with age, potentially obscuring devel-
opmental changes in functional connectivity strengths.®%
70 However, given that head motion was not a significant
predictor of any of our metrics, we expect its impact to
be minimal. Short scan duration may limit the precision
of resting state analyses,’! and when possible, we suggest
longer sequences be used. Lastly, comparing trajectories
based on different age ranges may explain some inconsis-
tencies in the literature. Specifically, general trends of in-
creases and decreases in various metrics will change de-
pending on whether the trajectory is based on a wide
lifespan sample or based on more truncated ranges specif-
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ically examining early (0-5 years) or wider development
(5-20 years). Future studies leveraging very large samples
and wide age ranges coupled with powerful but flexible sta-
tistical modelling#4 will likely provide insight into clinically
important brain changes over the lifespan.

CONCLUSION

We used graph theory to quantify developmental trajecto-
ries of the functional connectome across childhood, adoles-
cence, and early adulthood in a group of neurotypical par-
ticipants. The functional connectome appears to develop
through childhood and adolescence such that the positive
connection network develops “small-world” topology, in-
creasing cost-efficiency, while the negative connection net-
work expands with age, suggesting increasing network in-
tegration. The precise nature of the interaction between
the positive and negative connection networks remains un-
known. Ultimately, our results demonstrate developmental
changes to the functional connectome from childhood to
early adulthood that help achieve a balance between net-
work segregation and integration.
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