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Abstract

Background The human brain is intrinsically organized as canonical functional networks with distinct spatial topographies.
While precision functional mapping studies have delineated individualized topographies of single networks, the spatial coor-
dination among these networks and its developmental origin remains largely unknown.

Methods Utilizing three well-established task-free functional magnetic resonance imaging (fMRI) datasets encompassing both
conventional and densely sampled scans across neonatal and adult cohorts, we proposed functional topography covariance
analysis (FOCA), a novel framework that quantifies convergent and divergent spatial alignments across individualized func-
tional networks and further delineated their internetwork relationships, neurobiological basis, ontogenetic layouts, and cog-
nitive outcomes.

Results In adults, FOCA consistently revealed self-clustered and gradient-distributed functional hierarchies characterized by
convergent couplings within primary systems and divergent couplings in higher-order systems. Such pattern was well pre-
dicted by fundamental neurobiological attributes, especially aerobic glycolysis. In a large public neonatal cohort, FOCA ma-
trix exhibited adult-inverted hierarchical couplings and prominent changes in auditory and action-mode networks, driven
primarily by redistributions of negative couplings. Moreover, neonatal FOCA profiles in the primary visual system significantly
predicted neurodevelopmental outcomes at 18 months. Finally, compared with conventional functional connectivity, FOCA
demonstrated greater robustness to the global signal and higher sensitivity to the maturation of negative couplings.

Conclusions These findings highlight the critical role of negative functional connectivity and deepen our understanding of the
cooperative-competitive interactions among functional systems and their developmental origins.
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ing development also closely encode the maturation of the brain
and behaviour (Cui et al., 2020; Keller et al., 2023). However, exist-
ing studies on brain functional topography have mainly focused
on the spatial configuration of single networks, and the spatial co-

Introduction

The human brain achieves complex functional coordination
through continuously cooperative and competitive neuronal acti-

vation (Fox etal.,2005; Fornito et al.,2012; Dosenbach et al., 2025).
This process manifests as the emergence of canonical functional
networks (Power et al., 2011; Yeo et al., 2011) at the macroscale
with unique locations, individual-specific boundaries, and diverse
connectivity profiles (Laumann et al., 2015; Gordon et al., 2017b;
Kong et al., 2018). These spatial architectures of functional net-
works, conceptualized as functional topography, collectively re-
flect how neuronal circuits are spatially activated and interact
across the cortex, providing a comprehensive characterization of
the inherent brain functional organization (Gordon et al., 2017b;
Du et al., 2024). The refinements of functional topographies dur-
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ordination between networks and their developmental origin re-
main largely unknown.

Functional connectome modelling enables the systematic esti-
mation of neural interactions between brain areas (Bullmore and
Sporns, 2009; Petersen et al., 2024). Traditionally, network nodes
are defined by cortical parcellations from atlas-based priors, and
edges are characterized by temporally correlated blood oxygen
level-dependent (BOLD) fluctuations (Power et al., 2011; Yeo et al.,
2011). However, these approaches define functional units through
anatomical registrations to a standard atlas, which are unable to
capture individualized deviations from common structural scaf-
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folds (Laumann et al., 2015; Gordon et al., 2017b). Moreover, edges
with negative correlations are generally considered unreliable and
excluded from the network (Murphy et al., 2009; Murphy and
Fox, 2017), largely ignoring anticorrelated relationships between
function parcels. Neurophysiological evidence has shown that in-
hibitory neuronal activity is abundant in cortical microcircuits and
plays crucialrolesin generating functionally specialized neural os-
cillations, suppressing noise interference, and supporting synap-
tic plasticity (Isaacson and Scanziani, 2011; Froemke, 2015; De-
mertzi et al., 2022; Davidson and Spreng, 2026). A reliable estima-
tion of antagonistic interactions between large-scale functional
networks is critical for understanding the functional segregation
and functional flexibility of the brain (Gordon et al., 2017b; Dosen-
bach et al., 2025).

Recent advances in individualized functional network mapping
using highly sampled resting-state functional magnetic resonance
imaging (fMRI) scans have enabled the identification of personal
trait-like functional networks (Seitzman Benjamin et al., 2019;
Dworetsky et al., 2024), characterized by substantial variability in
topography across individuals but high consistency within individ-
uals (Gordon and Nelson, 2021; Dworetsky et al., 2024). Guided by
prior cortical seeds, task-like functional activation patterns could
be derived from resting-state scans (Cole et al., 2014; Tavor et al.,
2016; Du et al., 2025), showing high behavioural and neurobiolog-
ical relevance (Kongetal., 2018; Cui et al., 2020). Emerging studies
emphasize that the spatial topography of personalized functional
networks also affects their internetwork relationships (Dosenbach
et al., 2025). For instance, the action-mode network (AMN) and
the default mode network (DMN) exhibit complementary spatial
topographies and anticorrelated fluctuation patterns, reflecting
the balance between the default-mode state and goal-directed be-
havioural processes. However, the systematic characterization of
internetwork relationships between individualized functional net-
works and their neurobiological foundations remains largely un-
addressed.

Afundamental goal of modern neuroscience is to elucidate how
brain functional architecture originates and develops (Grayson
and Fair, 2017; Zuo et al., 2017; Yin et al., 2025). Recently, such ef-
forts in fMRI studies have increasingly favoured personalized net-
work modelling approaches to capture the variation in cortical
functional boundaries across individuals (Cui et al., 2020; Molloy
and Saygin, 2022; Moore et al., 2024; Yin et al., 2025). These stud-
ies have revealed that the individualized functional topography is
largely refined across pivotal developmental stages. In neonates,
major functional networks have already become identifiable, and
adjustments are concentrated in visual and motor networks (Gao,
2025). In adolescents, boundaries of the frontoparietal network
are largely refined and significantly predict individual executive
function (Cui et al., 2020; Keller et al., 2023). However, previous
studies mainly focused on age-related changes in the functional
topography of single networks. Characterizing how functional net-
works spatially coordinate with each other across development is
crucial for understanding the integration of and segregation be-
tween functional systems during brain maturation.

To fill these gaps, we proposed functional topography covari-
ance (FOCA) analysis, a novel framework that quantifies the in-
ternetwork coupling of individualized functional networks by esti-
mating the covariance among their spatial topography maps. Uti-
lizing three well-established task-free fMRI datasets encompass-
ing conventional and densely sampled scans, across neonatal and
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adult cohorts (Van Essen et al., 2013; Gordon et al., 2017b; Ed-
wards et al., 2022), we systematically investigated the interplay
between individualized functional networks and their develop-
mental origins. First, we generated a canonical adult representa-
tion of FOCA and describe its individual variability pattern, popu-
lation consistency, and scan duration stability. Then, we resolved
the hierarchical organization of the FOCA matrix and delineated
its neurobiological underpinnings using machine learning models
on sets of brain annotation atlases. Next, utilizing a large sample
of neonatal scans, we quantified how neonatal FOCA maps differ
from those of adults and whether they can predict brain matura-
tion at early postnatal period and neurodevelopmental outcomes
at 18 months. Finally, we compared FOCA with conventional func-
tional connectivity (FC) with respect to the methodological stabil-
ity and sensitivity in capturing negative connections.

Results

Data samples

The MSC dataset (Gordon et al., 2017b) (N =9, 300-min scans) pro-
vided dense sampled adult brain scans, enabling the initial map-
ping of the typical FOCA matrix. The HCP dataset (Van Essen et al.,
2013) (N = 997, 58-min scans) was used to validate the FOCA ma-
trix in a large adult cohort with relatively short scans and to mea-
sure the individual variability of FOCA. Finally, the dHCP dataset
(Edwards et al., 2022) (N = 422, 15-min scans; Fig. S1), a large pub-
lic neonatal fMRI cohort, was employed to delineate the typical
neonatal FOCA map, assess differences from the map of adults,
chart early postnatal trajectories, and predict neurodevelopmen-
tal outcomes at 18 months.

Individualized spatial topography of
positive and negative connections in adult
functional networks

We utilized a widely used TM approach (Gordon et al., 2017a; Her-
mosillo et al., 2024; Moore et al., 2024) to generate individualized
functional networks. A recently proposed fine-grained atlas con-
taining 11 major functional networks with 20 subnetworks (for de-
tails on each network, see Fig. S2) was adopted to obtain the ini-
tial group-level constraint (Braga and Buckner, 2017; Gordon et
al.,2017b, 2020, 2023; Lynch et al., 2024). Individualized networks
were generated by constructing customized network templates (Fi
g. S3) and matching the individual connectivity profile of each ver-
tex to the template (Fig. S4). This procedure proved highly effec-
tive in the MSC dataset, as the individualized networks exhibited
significantly higher within-network homogeneity than the group-
level parcellations (t = 6.23, P = 1.20 x 107>, Cohen’s d = 5.69;
Fig. S5). Then, we derived individualized topographic maps by cor-
relating the mean time series of each network with all cortical ver-
tices (Fig. S4). Topographic maps for all 11 functional networks are
shown in Fig. 1. Visual inspection revealed that the coarse spatial
topography of both positive and negative functional connectivity
was largely consistent across individuals (Fig. 1). At a fine spatial
scale, substantial inter-individual differences emerged. As aniillus-
tration, the DMN consistently showed positive connectivity in the
medial prefrontal and precuneus cortices and negative connectiv-
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Figure 1 Participant-specific functional topography maps derived from individualized functional networks. The left column shows representative seed
networks, and the right columns display functional connectivity patterns [Z-transformed correlation, Z(r)] for three representative participants
(MSC01-MSCO03). A visual inspection revealed consistent topographic distributions across individuals, encompassing canonical large-scale systems,
including the default mode, visual, frontoparietal, dorsal attention, language, salience, cingulo-opercular/action-mode, parietal memory, somatomotor,
auditory, and somato-cognitive-action networks. Notably, these consistent patterns were observed in both positively and negatively correlated regions,
reflecting the canonical architecture of large-scale functional brain systems. The colour scale indicates the functional connectivity strength [Z(r)).

ity in the dorsal anterior cingulate (dACC) and anterior insula cor-
tices. Yet, the precise location and spatial extent of these connec-
tions varied substantially across individuals. Comparable patterns
were also observed across the remaining functional networks.

Convergent and divergent coordination of
functional network topography in adult
brain

Next, we constructed the FOCA matrix by calculating the corre-
lation coefficient between the spatial topography maps of each

network pair. Both positive (convergent) and negative (divergent)
couplings were retained to systematically delineate the internet-
work relationships among all functional networks. The major pat-
tern of the FOCA matrix kept largely unchanged across individuals,
characterized by strong intra-network positive couplings (black
box) and diversified inter-network couplings (Fig. 2A). We corre-
lated the FOCA matrix between each pair of participants to as-
sess the cross-subject consistency and observed high similarity
(mean £ SD = 0.81 £ 0.08; Fig. 2b). Then, we quantified the in-
dividual variability of the FOCA matrix (Fig. 2C) by calculating
the MAD of the coupling edges across individuals. The variabil-
ity was relatively low among subnetworks within the DMN, visual
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A Functional topography covariance matrix (FOCA matrix)
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Figure 2 Functional topography covariance matrix (FOCA matrix) for adults. (A) The individual FOCA matrix for three representative participants
(MSC01-MSC03), which captures both positive (convergent) and negative (divergent) couplings. (B) Across-subject consistency was high, as shown by
correlations between the FOCA matrix from different participants. (C) Interindividual variability, quantified by the median absolute deviation across
participants, showed detectable but moderate differences in the FOCA matrix. (D) Stability across scan durations was evaluated by randomly sampling
motion-censored data collected at varying scan durations (x-axis) and comparing it to an independent 70-min dataset from the same subject, which was
repeated 1000 times. Reliability increased rapidly with scan length, with the FOCA matrix similarity reaching ~0.80 at 15 min and

~0.85 at 30 min.

and somatomotor networks (mean =+ SD = 0.03 & 0.05) and was
markedly high between functional networks, particularly for the
internetwork couplings of visual, language, and salience networks
(mean =+ SD = 0.18 + 0.04; Fig. 2C). Previous studies have reported
that stable individualized network mapping depends largely on
the total scantime (Laumann et al., 2015; Gordon et al., 2017b). We
therefore evaluated the effect of scan time on FOCA matrix. Itera-
tive split-data analyses demonstrated that the similarity between
the matrices of the same individual increased rapidly at very short
scan times and gradually reached a plateau (reaching ~0.80 at 15-
min scans and ~0.85 at 30-min scans; Fig. 2D), and a scan time
close to 15 min was adequate to derive a reasonable FOCA matrix
at the current network resolution.

We further applied a hierarchical clustering analysis to delin-
eate the internal organization of the group-level FOCA matrix (for
details, see Fig. S6). The feature distance for clustering was defined
as one minus the correlation coefficient of topographic maps be-
tween each network pair (Fig. 3A). This analysis revealed a promi-
nent hierarchical organization of the FOCA matrix, with six clus-
ters further aggregating into three hyper-clusters (Fig. 3B). Specif-
ically, most clusters were composed of subnetworks from a certain
functional system, such as the DMN (Cluster 1: Networks 1-4), vi-

sual (Cluster 3: Networks 5-8 and 12), and somatomotor (Cluster
4: Networks 11 and 17-19) systems. Notably, the SCAN clustered
with the AMN and auditory network (Cluster 5: Networks 14, 20,
and 16) rather than the somatomotor network, which is consistent
with its integrative role in linking perceptual and cognitive signals
to motor planning (Gordon et al., 2023; Dosenbach et al., 2025).
In the second hierarchy, three typical hyper-clusters (namely the
internal integrative system, Clusters 1-2; control-attention sys-
tem, Cluster 6; and primary system, Clusters 3-5) were highly
aligned with the previously reported canonical functional gradi-
ents from primary to higher-order systems (Sydnor et al., 2021).
Notably, higher-order clusters (Clusters 1, 2, and 6; hyper-clusters
1 and 3) exhibited pronounced negative couplings, whereas pri-
mary clusters (Clusters 3-5; hyper-cluster 2) exhibited obvious
positively couplings (bar plots in Fig. 3B; for each pair of clusters,
see Fig. S7). Obvious negative couplings were also identified be-
tween higher-order and primary clusters (e.g. between Clusters 1
and 3-5). In Fig. 3C, we exhibited spatial maps for functional to-
pographies of six representative clusters, along with scatterplots
showing intra-cluster (1st row) and inter-cluster (2nd row) cou-
plings. These findings were further validated in the HCP dataset
(Figs S8 and S9).
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Figure 3 Hierarchical pattern of the topography covariance matrix and its neurobiological basis. (A) Connectivity profiles in the FOCA group matrix of
each network were used as clustering features. (B) Hierarchical clustering revealed six distinct clusters. Six clusters further formed three hyper-clusters.
(€) Convergent and divergent functional network topographies within and between clusters. The first row shows networks that are positively coupled
within clusters, whereas the second row presents networks that are positively coupled between clusters in the primary system (hyper-cluster 2) and
negatively coupled between clusters in higher order systems (hyper-clusters 1 and 3). For each cluster, the top brain maps display the average functional
topography of all the constituent networks. (D) The FOCA matrix is predicted by fundamental brain neurobiological features, with aerobic glycolysis and

externopyramidization emerging as the strongest features.

Having established the internetwork relationship between each
pair of functional networks, we next examined whether the whole
FOCA pattern is constrained by fundamental cortical axes. We
employed nine neurobiological maps (Sydnor et al., 2021) rep-
resenting the anatomical, evolutionary, allometric scaling, aero-

bic glycolysis, cerebral blood flow, gene expression, neurosynth,
externopyramidization, and cortical thickness axes of the brain.
We averaged the axis values within each functional network and
calculated the alignment (1 minus the pairwise difference) be-
tween each network pair to obtain nine neurobiological matrices
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(Fig.3D). These matrices were employed asinput features of a mul-
tivariate regression model to predict the FOCA matrix (Vazquez-
Rodriguez et al., 2019). We observed a relatively high prediction
accuracy, with an adjusted R? = 0.36 (10-fold cross-validation,
P < 0.0001), which was robust across 100 repeated random folds
(mean adjusted R* = 0.35, P < 0.0001). Further decomposition
of feature weights revealed aerobic glycolysis and externopyra-
midization as the main contributing features (80.3% of the total
contribution).

Distinct spatial coordination of functional
network topographies in neonatal brain

Using neonatal scans from the dHCP dataset, we examined
whether adult-like FOCA matrix emerges at birth. We re-generated
the group-level template (Fig. S10) from a high-quality dHCP sub-
set containing 32 neonates with minimal head motion (mean
FD < 0.1). This low-motion subset was demographically repre-
sentative of the full neonatal cohort, showing no significant dif-
ferences in sex distribution, gestational age at birth, or postmen-
strual age at scan (Table S2). Based on these, we constructed
the neonatal FOCA matrix (Fig. 4, Fig. S11) of all individuals. We
directly adopted the adult-derived hierarchical clusters into the
neonatal matrix as a reference. Compared with adult brain, the
neonatal FOCA matrix exhibited a clear hierarchical organization
but showed opposite coupling patterns (Fig. 4A). Notably, the vi-
sual cluster (Cluster 3) shows strong positive coupling with the
DMN cluster (Cluster 1) in neonates rather than with the somato-
motor cluster (Cluster 4), as in the adult brain. Higher-order clus-
ters exhibit obvious positive coupling between each other (Clus-
ters 1-2 and 6), in a pattern largely opposite to that in adults
(Fig. 4A). At the individual level, the most pronounced devel-
opmental differences (Cohen’s d of the difference between the
neonatal and adult groups) located in the between-cluster cou-
plings (Fig. 4B) of Cluster 6 (DAN/FP) and Cluster 3 (visual-related
networks). Representative values of four network pairs (white as-
terisks in the left panel; Fig. 4B) are shown in the violin plots (right
panel, Fig. 4B). Specifically, the coupling between the DAN and
the DMN-Ant as well as the coupling between visual V5 and the
DMN-Dor shifted from positive to negative (DAN-DMN: t = 60.72,
Cohen’s d = 3.70, P < 1 x 10~'2; visual-DMN: t = 52.89, Co-
hen’s d =3.22, P < 1 x 102, first column). While the coupling
between the DAN and AMN as well as the coupling between vi-
sualV5 and somatomotor-hand switched from negative to positive
(DAN-AMN: t = —51.50, Cohen’s d = —3.14, P < 1 x 10~12; visual-
hand: t = —41.75, Cohen’sd = —2.54, P < 1 x 1012, second col-
umn). We further visualized their topographic maps and scatter-
plots of couplings (Fig. 4C, D). Notably, we observed evident devel-
opmental changes in negative topographies. The location of the
most significantly negative connections of the DAN shifted from
the primary motor cortex in neonates to the medial prefrontal cor-
tex and precuneus in adults, whereas its positive topography re-
mained largely stable (black arrows, Fig. 4C). The visual network
showed similar redistribution of negative connections (black ar-
rows, Fig. 4D) between neonates and adults. We further validated
whether these differences were driven by the difference in scan
time. By truncating adult scans to the same length of neonates
(~15 min) and repeating the whole analysis, we observed nearly
identical results (r=0.99, P < 1 x 10715, Fig. S12).
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The spatial alignment of functional
topography encodes brain development at
birth and predicts neurodevelopmental
outcomes at 18 months

Next, we tested whether the person-specific FOCA matrix re-
flects brain development during the early postnatal period (37-
44 PMA weeks). We first assessed developmental trajectories in
the FOCA matrix using mass univariate GAMs controlling for sex,
mean framewise displacement (FD), and scan-birth intervals in
neonates. The most pronounced developmental effects were ob-
served for inter-cluster couplings (Fig. 5A), especially for those
of the auditory network and AMN (white asterisks). Specifically,
the couplings of auditory-DMN, auditory-visual, AMN-PMN, and
AMN-FP progressively emerged as significantly negative with age,
whereas the couplings of auditory-foot and AMN-auditory pro-
gressively emerged as significantly positive (Fig. 5B). We fur-
ther showed functional topography maps of two network pairs
(auditory-DMN and AMN-FP) at four representative postmen-
strual weeks (PMWs) (Fig. 5C). With maturation, the topographies
within each network pair became increasingly complementary,
accompanied by prominent redistribution of negative coupling
(Fig. 5C). For instance, the angular gyrus gradually exhibited pro-
nounced negative connectivity at 42 weeks for auditory and the
AMN network, whereas its positive connectivity remained un-
changed across weeks (first row for auditory, second row for AMN;
Fig. 5C).

We further examined whether internetwork coordination at
birth could predict individual neurodevelopmental outcomes at
18 months. In the dHCP samples, a total of 238 neonates partic-
ipated in the follow-up assessment, during which cognitive, lan-
guage, and motor abilities were evaluated using the Bayley Scales
of Infant and Toddler Development (Bayley-Ill, Third Edition). Per-
sonalized FOCA profiles from each network were separately en-
tered as features into the multiple linear regression model to pre-
dict individual behavioural scores, controlling for sex, mean FD,
scan age, and scan-birth intervals (Fig. 5D). We found that 15
of the 20 functional networks could significantly predict cogni-
tive scores at 18 months, with the premotor, visual V5, and au-
ditory networks showing the highest predictive accuracy (FDR-
corrected P < 0.05). In addition, language scores could also be
significantly predicted by the visual V5 network (FDR-corrected
P <0.05).

Comparison between FOCA and
conventional FC

A critical issue in the conventional FC analysis is its unstable esti-
mation of negative correlations (Murphy et al., 2009; Murphy and
Fox, 2017). FOCA quantified network interactions by assessing the
spatial correlations of individualized functional topographies. We
conducted three comparisons to estimate whether our approach
could outperform conventional FC in representing negative cou-
plings: (i) stability with and without global signal regression (GSR);
(ii) richness in capturing individual variability; and (iii) sensitiv-
ity to developmental changes. For conventional FC matrices, we
computed connectivity based on the time series of individualized
functional networks rather than the group-level network and em-
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Figure 4 Developmental differences in internetwork covariance between neonates and adults. (A) FOCA matrix for the neonatal brain showing
adult-inverted coupling patterns at the edges between clusters. (B) Group differences in the FOCA matrices between neonates and adults, with violin
plots showing representative changes in four network pairs (white asterisks in the matrix). (C) The DAN was positively coupled with the DMN but
negatively coupled with the AMN in neonates, whereas both relationships were reversed in adults. (D) The visual V5 network was positively coupled with
the DMN but negatively correlated with the somatomotor-hand network in neonates, whereas both relationships were reversed in adults. Notably, these
changes were driven primarily by shifts in the negative connectivity (indicated by the black arrows) of the functional topography.

ployed GSRto include a sufficient number of negative edges to en-
sure a fair comparison.

First, we computed the mean-normalized RMSE of the matrix
between the GSR and non-GSR conditions for each method. Com-
pared with traditional FC, FOCA resulted in a significantly smaller

MSE, indicating its stability to GSR (HCP data: t = —25, Cohen’s
d=—1.16, P < 1 x 107%; Fig. 6A, left panel). The influences of
the two approaches on each pair of networks are also observed
in the matrix pattern (Fig. 6A, right panel). Next, we evaluated
whether FOCA provides more diverse connectivity and individu-
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Figure 5 Developmental refinements and neurodevelopmental outcomes of internetwork couplings during the early postnatal period. (A)
Developmental changes in FOCA were assessed using mass univariate generalized additive models (GAMs), controlling for sex, mean FD, and scan-birth
intervals. Significant effects were observed across multiple systems, with the auditory network and AMN showing the greatest developmental changes.
(B) Representative developmental trajectories of auditory- and AMN-related couplings. (C) Representative functional topography maps of auditory- and
AMN-related couplings from 37 to 44 PMW. The connectivity pattern progressively becomes complementary to the redistribution of negative couplings in
the angular gyrus (indicated by the black arrows). (D) FOCA profiles at birth predicted neurodevelopmental outcomes at 18 months. Cognitive scores
were best predicted by the coupling profiles of premotor and visual-related networks, whereas language scores were significantly better predicted by the
coupling profiles of visual V5 networks (FDR-corrected P < 0.05). The coloured bars indicate networks with significant predictive accuracy; the grey bars

denote nonsignificant results after the FDR correction.

alized features compared with FC. We assessed the similarity of
the negative connectivity profiles for each network between the
two methods. We observed substantial dissimilarity, particularly
for connections involving the DMN and visual and auditory net-
works (Table S1; the lowest R? = 0.45). We computed the dissim-
ilarity (1 minus Pearson’s r) between group- and individual-level
negative connections to assess individual differences. Compared
with FC, FOCA captured significantly greater interindividual vari-
ability (t = 22.66, Cohen’s d = 1.03, P < 1 x 10~%; Fig. 6B). Fi-
nally, we tested whether FOCA captures more developmental ef-

fects on negative connectivity than FC. We computed Cohen’s d
for the difference between the neonates and adults separately for
the FOCA and FC matrices and compared them (FOCA minus FC;
Fig. 6C). Compared with FC, the effect size of the FOCA clearly in-
creased, particularly for negative couplings involving the DMN and
visual and frontoparietal networks (Fig. 6C). Finally, we compared
the ability of the FOCA and FC matrices to predict the age of the
brain with negative connections. Prediction accuracy was defined
as the correlation between predicted brain age (‘'maturity index’)
and chronological age in held-out data (support vector regression,
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Figure 6 FOCA provides unique and more stable information beyond conventional FC. (A) Stability of FOCA and FC with and without GSR. The stability of
FOCA was significantly greater than that of FC, as shown by the lower normalized RMSE between the GSR and non-GSR conditions. Heatmaps show
differences in FOCA and FC induced by GSR. (B) Individual variability in FOCA and FC. Violin plots show interindividual dissimilarity (1 minus Pearson’s r)
between group- and individual-level negative connections. FOCA captured significantly stronger individual variability than FC. (C) Differences in the
developmental effects captured by FOCA versus FC. Compared with FC, FOCA could capture substantially greater developmental effects, particularly in
negative couplings involving the DMN and visual and frontoparietal networks. (D) Prediction of early brain maturation. Scatter plots show correlations
between predicted and chronological ages using FOCA (left panel) or FC (middle panel) features. FOCA achieved higher accuracy than FC. The violin plot
(right panel) shows that this advantage was robust across 100 repetitions of cross-validation.

10-fold cross-validation, controlling for sex, mean FD, and scan-
birth intervals). FOCA-based models achieved significantly higher
accuracy than FC-based models (FOCA: r = 0.21, Pperm < 0.001;
FC: r = 0.11, Pperm = 0.05; Fig. 6D), and this advantage was ro-
bust across 100 repetitions of cross-validation (t = 20.38, Cohen’s
d=2.88,P < 1 x 107%; Fig. 6D). Together, these findings establish
FOCA as a robust and sensitive indicator for characterizing inter-
network relationships that exceeds conventional FC.

Sensitivity analysis

We assessed the stability of our findings across four major di-
mensions. (i) Cross-dataset replication: individualized topogra-
phies and FOCA matrices derived from an independent adult co-
hort (HCP) closely matched those from MSC at both group and
individual levels, indicating high reproducibility of the hierarchi-
cal organization (Fig. S9). (ii) Global signal regression: FOCA was
highly consistent with and without GSR in adults and neonates, for
both topographies and inter-cluster coupling profiles, indicating
its high robustness (Figs S13 and S14). (iii) Scan-duration harmo-
nization: truncating adult HCP scans into neonatal-length showed
little influence on the neonate-adult differences of FOCA, sup-
porting that our results were not driven by the short scan time in
neonates (Fig. S12). (iv) The effect of thalamus-cortex connectiv-
ity: to test whether neonatal cortical internetwork coupling pat-

terns are secondary relationships majorly driven by thalamus, we
generated thalamocortical topography maps by warping a well-
established subcortex mask into individual functional images and
regressed the map out during cortical FOCA reconstruction. The
FOCA matrices were highly similar with and without the control
of thalamus-cortex connectivity (r = 0.98, P < 0.0001; Fig. S16).
These validations converge to show that FOCA’s internetwork ar-
chitecture and its developmental inferences are relatively reliable
to methodological variations.

Discussion

We proposed FOCA as a novel framework to systematically quan-
tify the internetwork relationships between individualized func-
tional topographies and their developmental origins. We iden-
tified a reproducible, self-clustered hierarchical architecture of
brain FOCA matrix. Typical coupling patterns exist among func-
tional systems and are well predicted by the fundamental neu-
robiological axis. Neonatal networks exhibit adult-inverted cou-
pling patterns among functional hierarchies and significant ad-
justments of coupling profiles in auditory and action-mode net-
works, driven by obvious spatial redistributions of negative con-
nectivity. Neonatal FOCA profiles, especially in primary visual net-
works, could significantly predict individual neurodevelopmen-
tal outcomes at 18 months. Moreover, in terms of capturing neg-
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ative couplings, FOCA exhibits advantages in the robustness to
global signal regression and the sensitivity to age-related matu-
ration compared with conventional FC. These findings identify bi-
ologically meaningful internetwork alignments of the individual-
ized functional network along the cortex and its developmental re-
modelling at the neonatal stage, establishing a novel and reliable
analytical framework for probing the convergent and divergent re-
lationships between brain functional systems.

Prior work on large-scale networks has emphasized spatial or-
ganization and functional roles across the lifespan (Grayson and
Fair, 2017; Fair et al., 2021), but network interactions—especially
negative correlations—have received relatively little attention.
The human brain s intrinsically organized into large-scale systems
that often exhibit cooperative and antagonistic activity patterns
(Fox etal.,2005; Dosenbach et al., 2025), yet traditional definitions
based on time series correlations are highly sensitive to prepro-
cessing choices, especially GSR, which mathematically enforces
anticorrelations and has fuelled long-standing controversy (Mur-
phy et al., 2009). However, taking competitive or antagonistic in-
teractions into the modelling of functional networks is essential
for understanding the intrinsic principles governing large-scale
cortical functional organization (Demertzi et al., 2022; Davidson
and Spreng, 2026). From the perspective of computational neuro-
science, antagonistic interactions may emerge naturally from neu-
ral systems, reflecting a flexible and adaptive property of large-
scale network dynamics (Demertzi et al., 2022; Zhang et al., 2024;
Wei et al., 2025). Without accounting for how neurons suppress
one another, stable patterns of neural co-activation are difficult
to sustain at the system level (Demertzi et al., 2022; Zhang et al.,
2024; Wei et al., 2025). Although some researchers view these an-
ticorrelations as artefacts, there is also some evidence indicating
that negative couplings can be observed even in the absence of
such preprocessing procedures, suggesting that they may not be
fully explained by methodological artefacts (Chai et al., 2012; Li et
al., 2021; Snider et al., 2025; Davidson and Spreng, 2026). For in-
stance, some studies have provided compelling evidence for the
clinical relevance (Fox et al., 2012; Li et al., 2021) of negative cou-
plings: antagonistic coupling between the dorsolateral prefrontal
cortex and subgenual anterior cingulate predicts a clinical im-
provement in depression (Fox et al., 2012). Recent studies have
further demonstrated that anticorrelated activity observed during
diverse tasks is similar to that observed at rest (Li et al., 2021) and
that patterns of negative connectivity differ markedly between in-
fants and adults (Sylvester et al., 2022; Moore et al., 2024). We in-
troduce a topography-based approach that quantifies network in-
teractions through spatial patterns of functional networks, rather
than raw time series correlations to facilitate the resolution of this
debate. FOCA provides a robust, development-sensitive, and pre-
dictive characterization of internetwork organization—especially
for negative interactions—that conventional FC fails to capture.
This framework reveals that the anticorrelated architecture is a
prominent axis of developmental change and demonstrates a ro-
bust antagonistic structure independent of GSR. From this evi-
dence, we want to clarify that negative couplings may at least in-
dicate the extent to which functional units are unlikely to be coac-
tivated simultaneously, potentially reflecting functional segrega-
tion between systems, competition for shared neural resources,
and the dynamic balance of large-scale functional networks.

Our findings reveal pronounced developmental differences in
the FOCA matrix between neonates and adults, with adult brains
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exhibiting robust negative correlations among higher-order net-
works (e.g. the DMN and DAN) as well as between higher-order
networks and primary networks (e.g. the DMN and visual net-
work; the DMN and somatomotor network), whereas neonates
display predominantly positive relationships. This divergence
probably reflects the protracted maturation of substrates that
enable functional competition: long-range, heavily myelinated
frontoparietal/frontotemporal pathways supporting rapid state
switching (Fair et al., 2009); the integrity of thalamocortical con-
trolloops; and afinely tuned excitatory-inhibitory balance, partic-
ularly GABAergic inhibition, that permits cross-network suppres-
sion (Kilb, 2012; Sydnor et al., 2025). In neonates, these elements
are immature (limited myelination, underdeveloped long-range
connectivity, incomplete thalamic regulation, and weaker inhibi-
tion), and early behaviour favours global integration across sen-
sory, motor, and associative systems rather than modular special-
ization (Gilmore et al.,2018; Zhao et al., 2019). Consistent with this
finding, visual and language networks are negatively coupled with
somatomotor/action systems in neonates but positively coupled
in adults, paralleling the emergence of coordinated visuomotor
behaviour and speech-motor control. Similarly, PMN-language
coupling shifts from positive in neonates to negative in adults, in-
dicating a transition from broad coupling to functional special-
ization that reduces interference and improves the efficiency of
language processing and contextual memory retrieval. Together,
these reversals indicate that the emergence of robust internet-
work competition is a hallmark of later network specialization and
the maturation of cognitive control.

A key mechanistic insight from our analyses is that aerobic
glycolysis is the strongest predictor of the FOCA matrix. Aerobic
glycolysis is most pronounced in association cortices that act as
integrative hubs (Vaishnavi et al., 2010), supporting long-range
connectivity and higher-order cognitive functions. Unlike primary
sensory and motor areas, which are metabolically more efficient
and developmentally precocious, association cortices rely on aer-
obic glycolysis to sustain elevated synaptic remodelling, plastic-
ity, and persistent activity (Magistretti and Allaman, 2015). This
metabolic specialization probably provides the energetic sub-
strate required for cross-network coordination. Consistent with
this view, increased aerobic glycolysis is associated with evolu-
tionary cortical expansion (Buckner and Krienen, 2013) and pro-
longed postnatal maturation, features aligned with the develop-
mental refinement and flexibility of the human association cortex
(Erecinska et al., 2004). Together, these observations suggest that
the disproportionate contribution of aerobic glycolysis reflects
not only energetic demands but also a neurobiological mecha-
nism enabling integrative and adaptive large-scale network inter-
actions. However, we emphasize that FOCA does not measure pair
to pair relationship between specific brain regions. Instead, it cap-
tures higher-order relationships between networks. As such, the
direct neurophysiological interpretation of FOCA-derived negative
couplings becomes quite challenging. Future studies grounded in
communication models or network control models with rich in-
tracranial recordings or direct electrical stimulations may be par-
ticularly valuable for interpreting negative couplings in the FOCA
matrix.

In our developmental trajectory analyses, we observed that
the auditory network and the action-mode network exhibited the
most pronounced changes in topographic associations with other
networks across the neonatal period. This pattern probably re-
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flects both the maturational timetable and the functional role of
these systems. The auditory network undergoes relatively early
functional specialization, shaped by extensive prenatal and post-
natal exposure to sound, and progressively integrates with higher-
order cognitive networks (Knudsen, 2004). In contrast, the action-
mode network—encompassing the anterior cingulate, insular, and
prefrontal regions—serves as a high-order control hub, orchestrat-
ing goal-directed actions and coordinating interactions with sen-
sory and motor systems (Dosenbach et al., 2025). Its topographic
coupling is therefore highly sensitive to structural and functional
remodelling during early life. Biologically, both networks include
regions with rapid myelination, a high metabolic demand, and
substantial aerobic glycolysis during this stage (Ment et al., 2009),
which may accelerate their reconfiguration and integration with
other large-scale systems. The prominence of these two networks
in our results suggests that early sensory processing and action-
related control functions constitute major axes of neonatal brain
network reorganization. Of note, for the neonatal scans, the asso-
ciation between visual network couplings and later language out-
comes is not within the specific cognitive role of the functional
network (i.e. language couplings were related to language scores).
This might be attributed to several reasons. First, these results
primarily reflect a cumulative effect of functional connectivity on
emerging cognitive abilities during a relatively short postnatal de-
velopment period (birth to 18 months), which may not strictly
align with the classical cognitive roles of adult brain networks.
From a developmental perspective, visual and dorsal-stream ar-
eas such as V5/MT+ are highly characterized by early structural
maturation (Gilmoreetal.,2018; Zhaoetal.,2019), as well as stable
functional connectivity layouts (Gao, 2025). Such early-maturing
primary networks may provide a foundational neural substrate
supporting individual differences in language development at in-
fancy (Gao, 2025). In contrast, higher-order functional networks,
such as the language network, although identifiable at birth, are
highly dynamic during later development, which may potentially
limit their predictive value at the neonatal stage. Second, a well-
developed visual network can support key early skills, includ-
ing facial recognition, visuomotor integration, and joint attention
(Scharfetal., 2016), which may facilitate infants’ interactions with
caregivers in the early postnatal period. Such social-perceptual
abilities are critical for the development of higher-order abili-
ties, such as language (Nelson et al., 2007; Braddick and Atkin-
son, 2011). In addition, the Bayley-Ill scales reflect relatively broad
behaviour domains, which may also reduce the specificity ofthe
brain-behavior association (Bayley, 2006). These tasks reflect in-
fants’ emerging ability to link visual objects, social partners, and
linguistic symbols—a process supported by early functional inte-
gration of visual, social-cognitive, and language networks. To test
the specificity of FOCA-behavioural relevance, we employed the
behavioural data in adult HCP data and re-performed the multi-
ple linear analysis between FOCA profiles and four cognitive scores
spanning multiple cognitive domains, including visual episodic
memory, cognitive flexibility, language, and working memory. We
found that adult FOCA profiles of higher-order functional net-
works, particularly the AMN, DMN, and salience network, showed
the strongest predictive contributions to cognitive performance
(Fig. S15), which provide a complementary validation of the speci-
ficity of behavioural relevance for the FOCA matrix.

Our framework of functional network topographic mapping
opens several promising avenues for future research. First, it pro-
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vides a foundation for charting the developmental trajectory of
large-scale network interactions at different stages across the hu-
man lifespan (Sun et al., 2025). Second, by stably capturing the
spatial alignments of network topographies, our approach may
increase the sensitivity and reproducibility in linking brain func-
tional architecture, especially antagonistic functional patterns to
behavioural phenotypes (Marek et al., 2022; Ooi et al., 2025). Fi-
nally, the whole mapping of internetwork relationships derived
from functional topography may provide new evidence and in-
sights into refined, individualized connectome targets, especially
functional inhibitory circuits for neuromodulation, potentially in-
creasing the precision of interventions for affective disorders (Cole
etal., 2020; Lynch et al., 2024).

Despite these strengths, several limitations should be acknowl-
edged. First, although large-scale topographic mapping provides
a robust framework for characterizing the individualized brain
organization, a finer-grained delineation of functional networks
would provide a richer description of internetwork relationships
than a network resolution of 20. However, such high-resolution
individualization remains technically challenging given the cur-
rent constraints on the scan duration, signal-to-noise ratio, and
computational resources. Second, the observed inversion of func-
tional hierarchy in neonates raises intriguing mechanistic ques-
tions. Understanding why early functional organization exhibits
this opposite hierarchical pattern will require dedicated modelling
efforts and integrative approaches combining computational sim-
ulations, developmental neurobiology, and longitudinal imaging
data. Third, the scan duration of fMRI in neonates is inherently
shorter than that in adults. Previous studies have reported that
achievingstable individualized functional parcels in neonates may
require long fMRI scans due to greater noise and motion (Moore
et al., 2024). Interestingly, our validation analyses showed that
FOCA matrices exhibited a convergent spatial pattern within only
15 min of scanning. These findings suggest that compared with
vertex-level maps, certain derived indices of individualized func-
tional parcellation, such as spatial covariance matrices at a large
scale, may have lower scan demands. Fourth, an important limita-
tion is that neonates were scanned during natural sleep whereas
adults were scanned during resting-state wakefulness. Although
differences in behavioural state between infants (natural sleep)
and adults (wakefulness) may introduce state-dependent modu-
lations in functional connectivity, existing evidence suggests that
the macroscale organization of functional networks is largely pre-
served across light sleep and wakefulness in infancy, indicating
that the observed developmental differences are unlikely to be
solely driven by behavioural state at the time of data acquisi-
tion (Horovitz et al., 2009; Yates et al., 2023). Fifth, our neuro-
biological analysis was constructed at a system level, and thus
may neglect the fine-grained distribution of each feature map at
the vertex level and fail to capture within-network heterogene-
ity. The systematic assessment for the relationship between fine-
grained neurobiological maps and each functional topographic
map, potentially combined with computational modelling, may
be avaluable direction. Moreover, our FOCA matrix effectively cap-
tured individual differences related to brain maturation and later
behavioural outcomes, indicating that meaningful interindividual
variability can be detected at the current scan time. Nevertheless,
characterizing the stability of FOCA matrices in long fMRI acquisi-
tions in infants is necessary and important in the future. Together,
our findings provide a new framework for understanding key fun-
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damental principles underlying the emergence, antagonism and
maturation of the functional architecture of the human brain.

Materials and methods

Participants and data acquisition

The Midnight Scan Club (MSC) datasetincluded 10 individuals (five
females, aged 24-34 years), with 300 mi and 12 resting-state fMRI
sessions, as previously described (Gordon et al., 2017b). Partici-
pant MSC08 was excluded from this study due to high levels of
head motion and self-reported sleep, leaving nine participants in
the final analysis. All participants provided written informed con-
sent. The procedures were approved by the Washington University
Institutional Review Board and School of Medicine Human Studies
Committee.

The Human Connectome Project (HCP) S1200 dataset initially
included 1012 healthy young adults (Van Essen et al., 2013) with
complete minimally pre-processed imaging data across all rel-
evant modalities. Following post-processing nuisance signal re-
gression procedures, 15 participants who failed quality control
were excluded. During individualized functional network gener-
ation, one additional participant was excluded due to quality
control failure. This resulted in a final adult sample of 996 par-
ticipants (532 females; age range: 22-37 years), each with ap-
proximately 58 min of resting-state fMRI data available for analy-
sis. Written informed consent was obtained from all participants,
and the scanning protocol was approved by the Institutional Re-
view Board of Washington University in St. Louis, MO, USA (IRB
#20120436).

For the Developing (dHCP) dataset (Edwards et al., 2022), after
strict quality-control procedures, 370 participants were finally in-
cluded in the current study [173 females; gestational age (GA) at
birth = 37-42 weeks; postmenstrual age (PMA) at scan = 37-44
weeks; 15 min scan of resting-state fMRI]. The detailed exclusion
criteria encompassed excessive motion, incomplete imaging data,
and other data-quality failures, as detailed in Fig. S1. All infants
were scanned during natural sleep without sedation to obtain
structural and resting-state fMRI (rs-fMRI) data using a 3T Philips
Achieva scanner. Written consent was obtained from the guardian
of each baby.

MRI data preprocessing

The MSC dataset was obtained online (https://openneuro.org/)
in a preprocessed, fully denoised, and surface-registered format,
and no further preprocessing or denoising was performed in the
present study.

All functional images in the HCP dataset initially underwent
minimal preprocessing using the HCP public pipeline (Glasser et
al., 2013). The final stage of preprocessing was performed using
GRETNA v2.0.0, including smoothing, linear detrending, nuisance
variable regression, scrubbing, and temporal filtering. Notably,
for Friston’s 24 head motion parameters, average signals were re-
moved using multivariate linear regression, and spike regression-
based scrubbing (0.5-mm displacement) was performed to control
for the effect of head motion. Finally, the denoised fMRI time series
was spatially smoothed using Gaussian kernels with a full width at
half maximum (FWHM) of 6 mm (o = 2.55 mm), applied geodesi-
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cally for surface data via the Connectome Workbench command-
line utilities.

For all the fMRI images in the dHCP dataset, the mini-
mal preprocessing steps were performed by the dHCP orga-
nizer and have been validated in prior studies (Makropoulos
et al., 2018). We projected each participant’s rs-fMRI time se-
ries from the native volumetric space to the native cortical sur-
face. Surface-projected time series were subsequently resam-
pled to the 40-week PMA surface template via MSM registra-
tion. Importantly, due to the relatively coarse spatial resolution
of neonatal fMRI data (2.15 mm isotropic), which exceeds the
typical neonatal cortical thickness (~1 mm), substantial partial
volume effects are present within grey matter (GM) voxels. We
employed a volumetric partial volume correction (PVC) proce-
dure (see https://git.fmrib.ox.ac.uk/seanf/dhcp-neonatal-fmri-pi
peline/-/blob/master/doc/surface.md?ref_type=heads) that ad-
justs for GM contamination in the functional signal prior. Following
surface projection and registration, postprocessing steps identical
to those used in the HCP dataset were applied, including spatial
smoothing, nuisance signal regression, scrubbing, and temporal
filtering. Spatial smoothing was performed using Gaussian kernels
with an FWHM of 6 mm (o = 2.55 mm).

Generating individualized functional
networks based on the TM method

We first computed individualized functional networks using a
widely applied template-matching (TM) approach to determine
the functional network topography (Gordon et al., 2017a; Her-
mosillo et al., 2024; Moore et al., 2024). The reference atlas
comprises 20 group-level functional networks defined in pre-
vious studies (Braga and Buckner, 2017; Gordon et al., 2017b,
2020, 2023; Lynch et al., 2024) (Fig. S2), reflecting the current
consensus on large-scale brain organization. These networks in-
cluded the default mode (DMN, Networks 1-4), visual (Networks
5-8), frontoparietal (Network 9), dorsal attention (DAN, Networks
10-11), language (Network 12), salience (Network 13), cingulo-
opercular/action-mode (CO/AMN, Network 14), parietal memory
(PMN, Network 15), auditory (Network 16), somatomotor (Net-
works 17-19), and somato-cognitive-action networks (Gordon et
al., 2023) (SCAN, Network 20). This atlas was chosen because
it represents relatively fine-grained cortical functional systems
while preserving a coherent hierarchical organization (Lynch et al.,
2024). Its major parcellation is consistent with those in the well-
known Yeo 17-network (Yeo et al., 2011) and Du 15-network (Du
et al., 2024) atlases while major differences exist in finer subdivi-
sions rather than fundamentally distinguished organizations. For
example, the default-mode network is fractionated into parietal,
anterolateral, dorsolateral, and retrosplenial components. These
components are typically merged within broader networks in the
Yeo 17-network and Du 15-network atlas.

The group-level functional network served as a reference for
defining networks and generating seed-based correlation maps
for each participant. For each network, the seed time series
was defined as the mean time series within the group-level net-
work mask. Individual seed-based correlation maps were aver-
aged across participants in the MSC dataset and thresholded at
z > 1 (corresponding to the top ~15.9% of connections), yielding
the MSC-derived templates (Fig. S3). These templates were sub-
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sequently applied to generate individualized functional networks
for participants in both the MSC and the HCP datasets. Whole-
brain functional connectivity matrices were computed for each
grayordinate; as an illustrative example, we visualized the connec-
tivity profile of a single grayordinate (Fig. S4). For each grayordi-
nate, connectivity maps were thresholded using the same crite-
ria as the group template, and n? values were computed to quan-
tify the proportion of variance in the connectivity profile explained
by each network. Each grayordinate was then assigned to the net-
work with the highest n? value.

For the neonatal dataset (dHCP), a group-level functional
template was first constructed from a high-quality subset of 32
neonates with minimal head motion (mean FD < 0.1 mm) to
ensure robustness (Fig. S10). Individualized functional networks
were then derived for each neonate using the same TM procedure,
ensuring methodological consistency across developmental
cohorts.

Convergent and divergent functional
network topography in adults

We first derived participant-specific topographic maps by corre-
lating the seed time series of each individualized functional net-
work (mean of that in all network vertices, Pearson’s r, Fisher z-
transformed) to characterize interactions among large-scale func-
tional networks. This procedure yields a connectivity map (includ-
ing both positive and negative correlations) for each network that
reflectsits spatial topography. Based on these individualized func-
tional topography maps, we constructed a FOCA matrix by com-
puting Pearson’s correlation coefficients between the maps of all
network pairs. Positive correlations were interpreted as conver-
gent couplings, whereas negative correlations reflected divergent
couplings.

Across-subject consistency was assessed by computing pair-
wise correlations of the FOCA matrix between participants. In-
terindividual variability was quantified using the median abso-
lute deviation (MAD), a robust nonparametric measure of disper-
sion (Cui et al., 2020). Iterative split-data analyses (Laumann et
al., 2015; Gordon et al., 2017b) were performed to examine the ef-
fect of the scan acquisition length on reliability. For each subject,
motion-censored data segments of varying lengths were randomly
selected and splitinto independent halves, where the FOCA matrix
was separately estimated. The similarity between the two halves
was quantified using Pearson’s correlation analysis and repeated
1000 times per period.

We averaged the functional topographic maps across partici-
pants to generate group-level representations for each network
and to summarize convergent and divergent topographic pat-
terns. We computed pairwise Pearson’s correlation coefficients
between all network-specific functional maps and constructed a
FOCA matrix to quantify the interactions among networks. Hierar-
chical clustering was then applied to the FOCA matrix to identify
large-scale patterns of network interactions. Clustering was per-
formed using the average distance method and distance metric
(1 minus Pearson’s correlation coefficient), implemented in MAT-
LAB R2020b. Inter-cluster relationships were further summarized
by averaging the intra- and inter-cluster correlations, enabling the
assessment of large-scale modular organization.

The same analytical pipeline was applied to an independent
cohort from the HCP dataset to evaluate replicability. Group-
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and individual-level measures of the FOCA matrix were compared
across datasets to assess generalizability. Finally, we repeated the
analysis using the HCP dataset with and without global signal re-
gression (GSR) and compared the resulting functional topogra-
phies and FOCA matrices to examine the robustness to prepro-
cessing choices.

Internetwork covariance constrained by
fundamental organizational features of
the brain

We incorporated nine cortical neurobiological axes (Sydnor et
al., 2021), including the anatomical hierarchy, quantified by the
T1lw/T2w ratio; evolutionary hierarchy, quantified by macaque-
to-human cortical expansion; allometric scaling, quantified as the
relative extent of areal scaling with the overall brain size; aer-
obic glycolysis, quantified from positron emission tomography
(PET) measures of oxygen consumption and glucose use; cere-
bral blood flow, quantified via arterial spin labelling; gene ex-
pression, quantified by the first principal component of genes ex-
pressed in the brain; neurosynth, quantified by the first principal
component of meta-analytical decoding; externopyramidization,
quantified as the ratio of supragranular to infragranular pyramidal
soma size; and cortical thickness, quantified from structural MRI
(HCP S1200 dataset), to determine whether internetwork covaria-
tion is shaped by the fundamental organizational features of the
cortex.

For each brain map, network-by-network similarity matrices
were derived by averaging feature values within each network and
calculating the feature alignment matrix by estimating the align-
ment (1 minus the pairwise difference) between each pair of net-
works (see Fig. 3d). These matrices were subsequently entered
into a multiple linear regression model to explain the observed
network interactions of the functional network topography. Model
performance was evaluated using 10-fold cross-validation, with
the adjusted R? serving as the primary metric of prediction accu-
racy. The procedure was repeated across 100 random folds to as-
sess robustness. Finally, the relative feature weights of each neu-
robiological axis were computed to determine their contributions
to explaining the FOCA matrix.

Convergent and divergent functional
network topography in neonates

Using the individualized functional networks for each neonate,
we generated corresponding functional topographic maps. For
each neonate, the FOCA matrix was computed by correlating the
spatial distributions of all network pairs. We applied the adult-
derived hierarchical clustering solution to the neonatal matrices
and assessed the correspondence of the FOCA matrix across in-
dividuals to enable direct comparisons throughout development.
Group- and individual-level analyses were performed to assess
the correspondence of the FOCA matrix during development. At
the individual level, the similarity to group-level reference ma-
trices was quantified by calculating Pearson’s correlation coeffi-
cients. Finally, we examined the robustness of the neonatal results
to global signal regression by recomputing the FOCA matrix using
data processed with and without GSR and assessed the similarity
of the resulting matrices.
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Developmental refinement and
neurodevelopmental outcomes of
internetwork covariance during the early
postnatal period

We investigated the developmental changes in internetwork co-
variance during the early postnatal period by modelling age-
related trajectories of the FOCA matrix in neonates using mass
univariate generalized additive model (GAMs). For each network
pair among the 20 functional networks, correlation coefficients
were fitted as a smooth function of PMA at scan, while control-
ling for sex, mean FD, and scan-birth intervals. Significant age-
related effects were identified by examining the fitted GAM coeffi-
cients across network pairs, with multiple comparisons corrected
using the false discovery rate (FDR). We characterized age-specific
patterns by constructing group-level functional topographies for
each PMA week between 37 and 44 weeks. This approach enabled
the visualization of week-by-week changes in the convergent and
divergent functional topographies captured by the FOCA matrix.

We tested whether neonatal internetwork covariance would
predict later outcomes by following 238 neonates who underwent
a behavioural assessment at 18 months using the Bayley Scales of
Infant and Toddler Development, Third Edition (Bayley-Ill). FOCA
profiles from each network at birth were entered as predictors in
multiple linear regression models, with cognitive, language, and
motor scores as dependent variables. All the models controlled for
sex, mean FD, scan age, and scan-birth intervals. The statistical
significance of the regression coefficients was assessed using the
FDR correction (g < 0.05).

Comparisons between FOCA and
conventional FC

We compared FOCA against conventional FC in three aspects: (i)
stability to preprocessing choices, (ii) shared vs. unique informa-
tion content, and (iii) developmental sensitivity, and predictive va-
lidity. First, we calculated the mean-normalized root mean square
error (RMSE) between connectivity matrices generated with and
without GSR, normalized by the mean value of the matrix, to com-
pare the stability of FOCA with that of conventional FC. Group-level
differences in stability were assessed using two-sample t tests.
Then, we computed the coefficient of determination (R?) between
the FOCA and FC profiles and focused on negative connections to
evaluate whether FOCA provides information beyond FC. In ad-
dition, subject-level dissimilarity was quantified as 1 minus Pear-
son’s r between group- and individual-level negative connections,
and differences between methods were assessed using paired t
tests. Next, the developmental effect was assessed by comparing
FOCA- or FC-derived connectivity between neonates and adults
using two-sample t tests, with effect sizes estimated using Cohen’s
d. Last, to confirm the predictive validity of FOCA or FC features,
linear support vector regression (SVR) models were trained to pre-
dict chronological age from FOCA or FC features during the neona-
tal period. Prior to prediction, confounding variables (sex, mean
FD, and scan-to-birth interval) were regressed out from both the
features and chronological ages. The prediction accuracy was de-
fined as the Pearson correlation coefficient between the predicted
and actual age in held-out folds. Robustness was confirmed by re-
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peating the 10-fold cross-validation 100 times, and group-level dif-
ferences in predictive performance were assessed using paired t
tests.

Supplementary data

Supplementary data are available at PSYRAD Journal online.
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