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Fundamental mechanisms that control the brain’s ability to dynamically respond to cognitive demands are
poorly understood, especially during periods of accelerated neural and cognitive maturation, such as adoles-
cence. Using a sparsity-promoting feedback control framework we investigated the controllability of the
adolescence functional connectome. Critical feedback costs associated with a region’s control action on itself and
the rest of the brain were estimated using resting-state fMRI data from an early longitudinal sample in the
Adolescent Brain Cognitive Development (ABCD) study (n = 1394; median (IQR) age = 10.1 (1.1) years at
baseline and 12.1 (1.1) years at follow-up). A highly reproducible, core set of predominantly highly connected
regions retained their control action over the connectome under high feedback costs. They included posterior
visual areas, retrosplenial cortex, cuneus and precuneus, superior parietal lobule, ventral temporal cortex and
dorsolateral and lateral prefrontal cortices, i.e., both developed and developing brain regions. These regions were
central to the topological organization of the connectome, consistently engaged during spontaneous coordination
of resting-state networks, and overlapped with cognitive and topological brain hubs that play ubiquitous roles in
cognitive function and the organization of the connectome. Also, most received (integrated) and distributed
approximately equal amounts of neural information. These regions’ control action was developmentally stable, i.
e., critical feedback costs did not change significantly during puberty, suggesting that, despite ongoing matu-
ration and topological changes in the adolescent brain, fundamental mechanisms of system controllability may
be fairly well developed to facilitate information processing and response to cognitive demands.

1. Introduction state to another). Some of these tools have been applied to graph

(network) representations of brain circuits, in order to investigate the

The brain’s ability to respond to myriads of external inputs and
complex cognitive demands critically depends on its capacity to tran-
sition between states (physiological, cognitive, topological and/or dy-
namic), which are accompanied by specific patterns of interaction
between its regions (Myer-Lyndenberg et al., 2002; Deco et al., 2011;
Cocchi et al., 2013; Tognoli and Kelso, 2014; Breakspear, 2017; Vidaurre
et al., 2017; Shine and Poldrack, 2018; Taghia et al., 2018; Kringelbach
and Deco, 2020). However, the underlying mechanisms that regulate
(control) these state transitions are incompletely understood (Hansen
et al., 2015).

Recent work has used tools from control theory to elucidate the
brain’s controllability (the ability to effect transitions from one network

brain’s response to control inputs in specific regions (Pasqualetti et al.,
2014; Gu et al., 2015; Betzel et al., 2016; Lee et al., 2019; Parkes et al.,
2023). Most brain studies using control theoretic tools have used an
open-loop framework, i.e., one where the control action does not adapt
based on feedback from the system output, and have shown that state
transitions may be controlled by a small set of brain regions that are
active in a particular state (Gu et al., 2015, 2017). In addition, highly
connected regions form a ‘core’ network (van den Heuvel and Sporns,
2011), that supports the minimization of control energy (i.e., the overall
control effort, quantified by the values of the control inputs necessary to
enforce a transition) that is required for shifting the brain from one
dynamic state to another (Betzel et al., 2016), and optimize cognitive
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function (Cui et al., 2020). Within this framework, control energy has
also been correlated with temporal changes in functional connectivity
(Deng et al.,, 2022). Recent translational work has also used the
open-loop control framework to elucidate changes in brain dynamics
and controllability associated with neuropsychiatric disorders, such as
schizophrenia and psychosis, where networks lose their efficiency
(network dynamics are harder to control, and thus the required control
effort increases) as the brain remains in high-energy- states (Braun et al.,
2021; Zoller et al., 2021; Parkes et al., 2021). Network controllability
has also been examined as a predictor of language recovery after stroke
(Wilmskoetter et al., 2022).

In contrast to the open-loop framework, a closed-loop control
framework assumes that internal processes control the system’s dy-
namics, and feedback information drives adjustments to the controller’s
action, to optimize system performance. This type of control framework
has been used in brain stimulation, brain-machine interface and neu-
rofeedback (Wright et al., 2016; Zrennar et al., 2016; Sitaram et al.,
2017; Zhang et al., 2023). These applications specifically seek to opti-
mize either the brain’s dynamic response (e.g., to stimulation) or motor
behaviors through feedback signals. For example, motor learning criti-
cally depends on feedback information which is used to progressively
minimize errors associated with learning a new motor task.
Brain-machine interfaces also depend on feedback information to opti-
mize machine performance.

Few, if any, studies have used a closed-loop control framework to
address fundamental questions on how brain dynamics are controlled by
internal latent processes that are impossible to measure in the intact
human brain. Such latent processes, which are inherently based on
feedback, are not accounted for in an open-loop framework. For
example, the brain’s metabolic demands depend on its activity, and thus
on feedback information related to neural activation and coordination.
Our study is motivated by this important gap in knowledge, especially in
the context of the developing brain. To date, mechanisms and processes
driving the optimization of neural circuitry and brain dynamics, which
are likely controlled by biochemical processes that develop in parallel
with the brain, are incompletely understood.

A closed-loop control framework that accounts for the topological
organization of the brain, which is characterized by community struc-
ture and sparsity (Eavani et al., 2015), provides a powerful modeling
approach for addressing this fundamental question. The adult (devel-
oped) brain’s small-world and rich-club topological organization facil-
itates efficient local (domain-specific) computation and global
(domain-general) integration through sparse long-range connections
(van den Heuvel and Sporns, 2011; Bassett and Bullmore, 2017).
Therefore, a sparsity-promoting, feedback control framework is
conceptually appropriate for studying the controllability of brain net-
works (Lin et al., 2013; Constantino et al., 2019). In such a framework,
the controller’s action is spatially sparse, and is optimized through
balance between performance and feedback costs, a process that is likely
well-aligned with the action of biological mechanisms underlying the
controllability of brain networks. In recent work, we have applied this
control framework to investigate the controllability of macaque struc-
tural networks (Mitrai, et al. 2021) and in preliminary studies of human
functional networks in adolescence (Mitrai et al., 2023; Lim et al., 2024).

In this study, we used this framework to address the fundamental
question of controllability in developing brain networks in adolescence,
a sensitive period of heightened maturation (and profound reorganiza-
tion of brain circuits that includes elimination of redundant connections
and selective strengthening of remaining ones). We hypothesized that
despite its suboptimal and evolving organization, just like the adult
brain, the adolescent connectome is controlled by a relatively sparse set
of regions that play a critical role in its dynamics. To test this hypothesis,
we applied a sparsity-promoting feedback control framework to intrinsic
networks from a sample of ~1400 adolescents from the Adolescent
Brain Cognitive Development (ABCD) study (Casey et al, 2018) with
early longitudinal neuroimaging data (baseline (ages ~9-10 y) and
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two-year follow-up (ages ~11-12 y), spanning pre/early to late puberty.
We focused on two sets of critical costs, a) those associated with
self-control (i.e., cost at which a region’s dynamics are controlled only
by the action of that region), and b) high feedback costs at which a re-
gion retains (or loses) its control action on the brain. The latter set was
used to test the hypothesis that controllability of brain dynamics de-
pends on small set of regions that maintain their control action even at
high feedback costs. To elucidate the roles of network topology on
controllability, we then investigated associations between feedback
control costs and regional connectome characteristics, including
connectedness, information flow, and dynamics. Finally, we assessed
relationships between region-specific feedback control costs and de-
mographic and other participant characteristics, especially pubertal
stage, in order to elucidate the impact of brain development on the
connectome’s internal control.

2. Methods

The study was approved by the Boston Children’s Hospital
Institutional Review Board.

2.1. Sparsity promoting feedback framework

The control framework used in the study is described in detail in
prior work (Lin et al., 2013) Mitrai et al., 2023). Briefly, the brain is
represented as a linear time-invariant system described by:

dx(t)/dt = Ax(t) + Byu(t) + B2d(t) (@))

where x is the dynamic system state, u is the control input (in this
context the control action at each region)), d are the external input(s) to
the system, A describes the internal dynamic behavior of the system, and
B; and B, are matrices that map the control and external inputs to the
system state. The control input is related to the state by:

N
wy = =y KiaXg) 2

where K is the feedback gain matrix, and N the total number of regions.
Each element (i,j) of K represents the feedback control action that region
j exerts on region i, i.e., this matrix captures the relation between the
control action at region i and the dynamic state of other regions. K
represents the required exchange of information between regions when
the control action is estimated. It is the target of optimization (which
aims to balance control and feedback costs) and is obtained by penal-
izing its non-zero entries while maximizing control performance. The
optimization thus aims to:

minimizeytrace(P(K)) + pcard(K) 3

where p captures the feedback cost, card(.) is cardinality, and P(K) is
related to A and K by:

(A-K)P+P(A—-K)"+ (I+K'K) =0 (4)

As p increases, the cardinality of K decreases and thus its sparsity
increases.

This optimization problem was solved using the alternating direction
method of multipliers (ADMM) algorithm (Boyd et al., 2011; (Lin et al.,
2013)), restricting the range of p values to pe [10~%, 30]. The upper
bound was selected empirically, by examining the number of regions
retaining their control action as p increases, i.e., the cardinality of K (see
Figure S6 for an example). At p > ~20, the cardinality of K remained
almost constant. Within the selected range, two critical values were of
specific interest, p at which a region’s control action does not depend on
any other region (i.e., the feedback gain matrix becomes diagonal), and
a critical transition p value at which a region no longer exerts its control
action over the network (or retains its action if p has reached the upper
limit). Figure S1 summarizes the control analysis pipeline.
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2.2. Participants

Resting-state (rs) fMRI data from 1394 youth (53.7 % female, 53.7 %
white non-Hispanic, 21.7 % Hispanic) in the ABCD study were analyzed.
Median age (inter-quartile range (IQR)) was 10.1 (1.1) years at baseline
and 12.1 (1.1) years at follow-up. Detailed participant characteristics
are provided in Table 1. Youth with a diagnosis of Attention Deficit
Hyperactivity Disorder (ADHD), Autism Spectrum Disorder (ASD), or a
neuropsychiatric disorder (including bipolar and psychotic disorders
and schizophrenia) were excluded, as these have been associated with
abnormally connected brain circuits and aberrant neural dynamics (van
den Heuvel and Fornito, 2014; Kottaram et al., 2019; Cherkassky et al.,
2006; Assaf et al., 2010; Konrad et al., 2010; Chase et al., 2016). Also,
youth with clinical findings in their structural MRI were excluded
(Brooks et al., 2021). All participants had early longitudinal data (i.e.,
two assessments, at baseline and 2-year follow-up). The sample was
selected based on a requirement of two high-quality rs-fMRI runs (each 5
min long) at both assessments for replication analyses. Data quality in a
particular run was assessed based on median connectivity of the entire
connectome (which is inherently low at rest) and the number of frames
censored for motion (based on a displacement threshold of 0.3 mm). In
the selected runs, median percent of frames censored for motion was 0.8
%—1.3 % at baseline, and 0.5 %—0.8 % at follow-up. All analyses were
adjusted for the time of fMRI scan (rounded to the nearest hour, and thus
represented by a 0-23 variable), to account for differences in topological
parameters resulting from differences in the time of day at which par-
ticipants were scanned (Hu et al., 2023), and percent of frames censored
for motion (Brooks et al., 2021).

Table 1
Participant characteristics at baseline and follow-up.

Baseline Two-year follow-up (N
(N=1394) =1394)
Age (Median (IQR)); years 10.1 (1.1) 12.1 (1.1)
Sex Male 644 (46.3 %)
Female 748 (53.7 %)
Race-Ethnicity White Non- 748 (53.7 %)
Hispanic
Black Non- 173 (12.4 %)
Hispanic
Asian Non- 30 (2.2 %)
Hispanic
Other Non- 137 (9.8 %)
Hispanic
Hispanic 303 (21.7 %)
Missing 3 (0.2 %)
BMI Raw Score 17.49 19.04 (5.15)
(Median (4.03)
(IQR)) Z-Score -0.33 —0.33 (1.07)
(1.00)
Missing 4 7
Pubertal Stage Pre-Puberty 673 (48.3 242 (17.4 %)
%)
Early Puberty 316 (22.7 282 (20.2 %)
%)
Mid-Puberty 343 (24.6 471 (33.8 %)
%)
Late/Post-Puberty 26 (1.9 %) 327 (23.5 %)
Missing 36 (2.6 %) 72 (5.2 %)
Family Income <25,000 146 (10.5 123 (8.9 %)
%)
25,000 —49,999 191 (13.7 165 (11.8 %)
%)
50,000-99,999 341 (24.5 347 (24.9 %)
%)
100,000-199,999 424 (30.4 446 (32.0 %)
%)
>=200,000 193 (13.8 225 (16.1 %)
%)
Missing 99 (7.1 %) 88 (6.3 %)
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2.3. fMRI data processing

All analyzed rs-fMRI data (from the ABCD release 4.0) had been
minimally preprocessed by the Data Analysis, Informatics & Resource
Center (DAIRC; Hagler et al., 2019), and were further processed using
the Next-Generation Neural Data Analysis (NGNDA) pipeline. Process-
ing details are provided in Brooks et al., 2021. Briefly, each participant’s
fMRI data were corrected for motion, co-registered to their T1 structural
MRI, normalized to NMI space, denoised to suppress artifacts, and
harmonized across scanners (fMRI had been acquired at 21 sites of the
ABCD, using 3.0T Siemens, GE and Philips scanners). Repetition time
(TR) was 0.8 s across scanners. Voxel-level data were parcellated using 3
atlases (cortical, subcortical and cerebellar), resulting in 1088 parcels
(1000 cortical, 54 subcortical and 34 cerebellar; (Schaefer et al., 2018;
Tian et al 2020; Diedrichsen et al., 2009)). To facilitate computationally
tractable control analyses, the higher resolution data (1088 parcels)
were then further downsampled to 100 regions based on anatomical
boundaries and the delineation of large resting-state networks identified
in (Yeo et al., 2011). To assess the sensitivity of estimated control costs
to the spatial resolution of the data parcellation, in secondary analyses a
second higher-resolution parcellation using 300 cortical parcels (also
based on Schaefer et al., 2018) was used, resulting in a total of 388
regions.

Connectivity matrices were estimated using peak pairwise signal
cross-correlation (in the range 0-1) as a measure of connection strength.
Each matrix was thresholded using assessment-specific, cohort-wide
statistical thresholds (the same threshold was used for both runs within
each assessment). Given that the brain is overall weakly correlated at
rest, with a relatively low number of active functional connections, a
threshold equal to median + 1.5*IQR (moderate outlier threshold) was
selected. Values below the given threshold were set equal to 0, resulting
in relatively sparse adjacency matrices. There is currently no clear
consensus on an optimal approach for identifying true functional con-
nections from noisy connectivity matrices that include spurious edges.
Our approach is based on statistical considerations, preserves the
strongest functional connections (and thus those most likely overlapping
with their structural constraints), and allows for comparisons between
brains.

To assess the impact of thresholding on estimated control costs,
secondary analyses were also conducted using a less conservative
threshold, corresponding to the cohort-wide 75th percentile of cross-
correlation values. This threshold is approximately equal to brain-
specific proportional thresholds that retain 25 % of connections, and a
percolation-based threshold estimated independently (Brooks et al.,
2021)).

Before solving the control problem, each adjacency matrix A was
normalized using its maximum eigenvalue Apayx, to ensure that at time t
= 0 it represented a stable dynamic system:

1

Anorm =A—++———1 5
norm /1ma_x(A)+1 ()

2.4. Regional topological characteristics

2.4.1. Net information flow

To assess the direction of information transfer between pairs of re-
gions (their effective connectivity), a variant of the Granger causality
method was used (Chen et al., 2019; Geweke, 1982), which is based on
estimating the optimal lag between two time series, obtained by mini-
mizing the Akaike Information Criterion (AIC) value. Two test statistics
were further considered, the F;..; value, representing a directed edge
from region i to region j, and the corresponding p-value, used to assess
the significance of the directionality. Only significant directed regions
were considered. Net flow was calculated as the difference between
information in and out of a region. This approach was selected following
comparisons with other methods, in particular phase transfer entropy
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(PTE; Lobier et al., 2013), which lead to statistically (and topologically)
similar effective connectivity matrices.

2.4.2. Regional connectedness (node degree) and dynamic engagement

Degree was estimated from the adjacency matrix as the total number
of a region’s connections (edges). In addition, time-dependent adjacency
matrices (estimated by thresholding corresponding correlation matrices,
obtained using a 20-point sliding window (~16 s) with a one-point
increment) were used to estimate each region’s time-varying degree
(Lim, et al., 2025). Time points corresponding to frames censored for
motion were then excluded, and each region’s degree was normalized by
the brain-wide maximum estimated degree (across regions and time
points). If a region’s (normalized) degree was greater or equal to a
threshold of 0.5, the region was considered engaged. Frequency of region
engagement was defined as the number of time points in which a re-
gion’s degree met or exceeded this threshold.

2.5. Statistical analysis

Linear mixed effects regression models were developed to investigate
associations between estimated feedback control costs and pubertal
stage. The Pubertal Development Scale (Petersen, 1988) is used by the
ABCD study to measure pubertal stage. Parents are asked to answer
questions on their child’s physical changes, including skin and body hair
changes, height spurt, menstruation, breast development, changes in
voice (deepening), and facial hair. These responses are added and then
categorized on a scale 1 (pre-puberty) to 5 (post-puberty). In this study,
since a very small number of youth (<1 %) were in post-puberty, for
statistical modeling purposes they were combined with those in late
puberty in a single category (= 4).

Models included adjustments for sex, race/ethnicity (dichotomized
as white non-Hispanic vs racial/ethnic minorities, given small samples
and thus limited statistical power of individual racial categories), family
income and BMI z-score (stratified by sex). These parameters were also
independently examined in models to identify links between de-
mographic and other participant characteristics and estimated costs.
Models combined data from both baseline and two-year follow-up, and a
random intercept and slope were included in the models to account for
each participant’s repeated measurements. All statistical analyses
accounted for sampling differences across the 21 ABCD sites, using
propensity weights provided by the ABCD. All analyses assumed a sig-
nificance level a = 0.05, and p-values were corrected for False Discovery
Rate (FDR; (Benjamini and Hochberg, 1995)).

2.6. Similarity of spatial cost distributions

To compare the spatial distributions of control costs across resolu-
tions, between runs, and between thresholds, two similarity measures
were estimated, cosine similarity and the Barroni-Urbani (BU) coeffi-
cient. No resampling was necessary when comparisons were made at the
same resolution. However, across the two resolutions of interest (100 vs
388 regions), estimated costs were mapped back to the original 1088
regions. Then, pairs of vectors (each with 1088 elements) were
compared, using cosine similarity. In addition, to specifically compare
the spatial patterns of regions associated with high control costs at the
two resolutions, brain- and resolution-specific thresholds were imposed
on weighted vectors, to binarize them and compare them using the BU
coefficient. Two thresholds were selected, corresponding to the 75th and
the 90th percentile of control costs at which regions no longer maintain
their control action over the network.
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3. Results

3.1. Distribution of feedback control costs across participants and brain
regions

We first examined the consistency (across the cohort), of the spatial
distribution of costs at which individual regions maintained their con-
trol action over the network (or lost their action if costs are lower than
the upper limit of the examined range). These costs are shown in Fig. 1,
for baseline (a) and 2-year follow up (b), and were estimated from the
best-quality fMRI run, and adjacency matrices thresholded based on the
moderate outlying peak cross-correlation value. For each analyzed re-
gion, the figure also shows median (over participants) control costs (bar
graph below the heat map) and median degree (bar graph above the heat
map). Across participants, the highest costs were associated with regions
of the visual networks and the frontoparietal control network, both at
baseline and the two-year follow-up, and did not vary substantially with
age, within or across assessments. Corresponding findings for feedback
costs at which regions become self-controlled (i.e., their dynamics no
longer depend on the control action of other regions) are shown in
supplemental Figure S2.

The corresponding group-level (median) spatial distributions of costs
associated with self-control and loss of control action, respectively, are
shown in Fig. 2. Within the range of feedback costs associated with self-
control ([min, max] = [<0.01, 0.30]), higher values were estimated in
bilateral posterior areas overlapping with the visual peripheral network,
bilateral superior parietal lobules (SPL), and bilateral dorsolateral pre-
frontal areas that partly overlapped with the salience, but more exten-
sively with the frontoparietal control and default-mode (DM) networks.
Within the range of feedback costs associated with regions maintaining
(or losing) their control action over the network (median over partici-
pants of [min, max] = [8.58, 30.0]), the highest critical feedback costs
were estimated in left dorsolateral prefrontal cortical areas, overlapping
with the frontoparietal control network. In addition, high feedback costs
were estimated in other bilateral frontal regions, overlapping with the
DM and salience networks, as well as in posterior visual peripheral
areas, bilateral SPL, the left ventral temporal area (part of the inferior
temporal gyrus), overlapping with the frontoparietal control network),
the right precuneus and right retrosplenial cortex. Overall, most of these
regions had high critical feedback costs in both regimes of interest, and
belonged to primarily 3 resting-state networks, the DMN, frontoparietal
control, and visual peripheral network, i.e., a combination of developing
(DMN and control) and developed (visual peripheral) networks.

3.1.1. Effects of connectivity matrix thresholding on control cost estimates

Secondary analyses examined critical feedback costs estimated from
adjacency matrices that had been obtained with a less conservative
threshold (the 75th percentile of cross-correlation values). Results are
summarized in Figures S3-S5 (heat maps for costs as a function of
participant (S3) and region (S4), and spatial distribution of these costs
(S5)). There was substantial spatial overlap of high critical control costs
with those estimated using a more conservative threshold, although cost
values were overall higher with the less conservative threshold. Median
cosine similarity between critical costs estimated based on the two
thresholds was high across assessments (>0.87). Similarly, at both as-
sessments, the spatial distributions of high control costs (top 25 % and
top 10 %) was also consistently high (BU >0.84). These findings suggest
overall robustness of the results to thresholding.

3.1.2. Effects of fMRI run on control costs estimates

To assess the robustness of the results, the analyses were repeated
using the second best-quality run, and estimated control costs were
compared. At both assessments, cosine similarity of control costs in both
regimes was moderate (0.5-0.67), and similarity between statistical
model-predicted control costs (i.e., following adjustments for the
percent of frames censored for motion, to account for potential
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Fig. 1. Feedback costs at which regions lose their control action on the network, as a function of participants (y-axis) and analyzed regions (x-axis). The color range
corresponds to cost values, estimated from the best-quality run at baseline (a) and two-year follow up (b). Participants are sorted by age. Median (over participants)
node degree for each analyzed region is shown in the bar plot above each heat map, and median feedback costs in the bar plot below each heat map. All parameters
were estimated using adjacency matrices obtained by thresholding corresponding connectivity matrices, based on the moderate outlying peak cross-correlation value.

differences in network density between runs) was high (>0.85). These
results suggest statistical similarity of spatial control cost distributions
estimated from distinct rs-fMRI runs.

3.1.3. Effects of spatial resolution on control cost estimates

To assess the impact of the spatial resolution at which the control
costs were estimated, the analyses were repeated using a higher reso-
lution parcellation (388 regions). Only the best-quality run was
analyzed at this resolution. The spatial distribution of high critical costs
and corresponding distribution of region degree at the two resolutions as
shown in Fig. 3. Cosine similarity between critical cost estimates was
moderate (median (IQR): 0.45 (0.18) at baseline, and 0.44 (0.19) at
follow up). Similarity of spatial patterns of highest 25 % and 10 % costs

was also moderate at both assessments (median (IQR) BU: 0.63 (0.15) -
0.67 (0.10)). These statistics suggest that control cost estimates may be
sensitive to the spatial resolution of their assessment.

3.2. Associations between feedback control costs and topological
characteristics

The distributions of regional connectedness, frequency of intrinsic
activation (dynamic region engagement), net information flow and
feedback costs at which regions lost their control action, at baseline
(top) and two-year follow-up (bottom), are shown in Fig. 4. At both
baseline and follow-up, similarity between the spatial distributions of
degree and high control costs was high (median (IQR) BU: 0.91 (0.08) -
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Fig. 2. Spatial distribution of median (across participants) feedback costs at which (a) a region’s control action depends only on its own dynamic state, and (b) a
region loses its control action over the network. Distributions are shown separately for baseline (left) and two-year follow up (right), and two-dimensional (hori-
zontal, coronal, sagittal) slices and three-dimensional volumes are superimposed. Colors correspond to feedback cost values.
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Fig. 3. Spatial distributions of feedback costs (right panels) and regional connectedness (left panels) estimated at two spatial resolutions (100 and 388 regions) at
baseline. In left panels, color corresponds to median (across the sample) node degree, normalized to the maximum possible degree (99 and 387, respectively). In right
panels it corresponds to feedback costs at which regions lose their control action over the network.
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Fig. 4. Distribution of control costs and topological properties estimated from the baseline (top panels) and two-year follow-up (bottom panels) data. (A): feedback
costs associated with a region losing their control action over the network; (B): local connectedness (degree); (C): Frequency of node engagement; (D): net infor-
mation flow, (positive net flow indicates that the region receives more information than it outputs).

0.95 (0.05)), but moderate for dynamic region engagement (intrinsic
regional activation) and control costs (median (IQR) BU: 0.59 (0.24) -
0.66 (0.16)). Ordinary linear regression models investigated associa-
tions between regions with top 25 % and 10 % critical feedback costs,
respectively, and their topological properties.

A. Top 25 % of costs: Regions consistently associated with the top
25 % costs included posterior visual areas, bilateral prefrontal areas
overlapping with frontoparietal control, salience and DM networks,
bilateral parietal lobules overlapping with dorsal attention, control and
default-mode networks, a left ventral posterior temporal area of the
frontoparietal control network, and the right precuneus and

retrosplenial cortex. Across assessments, degree was positively corre-
lated with costs in all these regions, except for one area of the PFC (part
of the DMN) at follow-up (baseline: p < 0.01, standardized regression
coefficients (B) = 0.16 - 0.81, 95 % confidence interval (CI) = [0.11,
0.85]); follow up: p < 0.01, f = 0.29 - 0.82, 95 % CI = [0.23, 0.85]).
Dynamic region engagement was positively correlated with feedback
costs associated in most of these regions, both at baseline and follow up
(baseline: p < 0.04, = 0.06 to 0.24, 95 % CI = [0.01, 0.29]; follow up: p
< 0.01, B =0.09 - 0.24, 95 % CI = [0.04, 0.30]).

Across assessments, net information flow was negatively correlated
with critical costs in multiple regions (i.e., regions associated with high



J. Lim et al.

feedback costs receive and output similar amounts of information and
thus net flow is lower), including bilateral visual areas, prefrontal
cortical areas overlapping with salience, control and default-mode net-
works, left inferior temporal gyrus, right precuneus and right retro-
splenial cortex (p < 0.03, § = —0.33 to —0.06, 95 % CI = [-0.38,
—0.01]). At both assessments, net flow was positively associated with
high feedback costs in the left ventral posterior temporal area (p < 0.01,
B = 0.29, 95 % CI = [0.23, 0.34] at baseline, and p < 0.01, § = 0.11 to
0.26, 95 % CI = [0.05, 0.31] at follow up). Detailed associations and
related model statistics are provided in Table 2.

B. Top 10 % of costs: Regions consistently associated with the top
10 % highest feedback costs included bilateral posterior visual areas, left
prefrontal and temporal areas that are part of the frontoparietal control
network, and a left dorsal prefrontal region that is part of the DMN (the
right dorsal PFC was also associated with high control costs at follow
up). At both baseline and follow up, degree was positively correlated
with feedback costs in all of these regions, with the exception of the
dorsal prefrontal area at follow-up (baseline: p < 0.01, § = 0.16 to 0.79,
95 % CI = [0.11, 0.82]; follow-up: p < 0.01, p = 0.29 t0 0.78, 95 % CI =
[0.23, 0.81]). Dynamic engagement was positively correlated with
feedback cost in most regions, with the exception of the dorsal prefrontal
area at baseline (baseline: p < 0.01, § = 0.08 to 0.18, 95 % CI = [0.03,
0.22]; follow-up: p < 0.01, p = 0.14 to 0.24, 95 % CI = [0.09 to 0.30]).

At baseline, net information flow was negatively correlated with
feedback costs in the bilateral posterior visual areas (p < 0.01, p = —0.20
to —0.10, 95 % CI = [-0.25, —0.05]), and positively correlated in left
ventral posterior temporal areas (p < 0.01, = 0.29, 95 % CI = [0.23,
0.34]). At follow-up, net flow was negatively correlated with feedback
costs in the same regions, including left dorsal PFC (p < 0.01, p = —0.21
to —0.12, 95 % CI = [-0.27, —0.07]), but positively correlated in left
ventral posterior temporal areas (p < 0.01, f = 0.26, 95 % CI = [0.20,
0.31]). Detailed model statistics are provided in Table 2.

3.3. Pubertal changes in the distribution of feedback control costs

From baseline to follow-up, across regions age-related differences in
critical feedback cost values were on average <1 %. Generalized linear
mixed effects models that combined both baseline and follow-up sam-
ples, so that together they span the entire range of pubertal stages, were
developed to examine changes in critical costs as a function of pubertal
stage. Model statistics are summarized in Table 3. Consistently across
runs, in most brain regions, puberty-related differences in critical
feedback costs were nonsignificant. However, there was one exception.
Based on data from the best (but not second) run, youth in later pubertal
stages had higher feedback costs in the right cuneus (p = 0.01, p = 0.07,
95 % CI = [0.02, 0.13]).

3.4. Associations between feedback costs and participant characteristics

Consistently across fMRI runs, girls had higher costs associated with
self-control in the right ventral temporal area (p < 0.01, p = 0.01, 95 %
CI = [0.004, 0.016]) and lower costs in the left superior parietal lobule
(p < 0.04, p = —0.011, 95 % CI = [—0.019, —0.003]). They also had
higher costs associated with loss of control action in the bilateral inferior
temporal gyrus and the hippocampus (p < 0.05, f = 0.02 to 0.63, 95 %
CI = [0.001, 0.92]). They also had lower costs in the left superior pa-
rietal lobule and left postcentral gyrus (p = 0.02, § = —0.53 to —0.30, 95
% CI = [—0.89, —0.08]). BMI was associated with higher self-control
costs in the right visual lingual gyrus and cuneus (p < 0.03, p = [0.05,
0.06], 95 % CI = [0.01, 0.10]), and higher costs associated with loss of
control action in the left superior temporal gyrus (p < 0.02, p = 0.06, 95
% CI = [0.02, 0.10]). There were no (consistent across runs) significant
associations between critical control costs and race/ethnicity or family
income. Model statistics are provided in Table 4. However, racial/ethnic
minorities had lower critical control costs estimated from the best run in
left prefrontal areas and the left inferior parietal cortex compared to the
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Table 2

Statistics of ordinary linear regression models testing associations between
control costs and topological characteristics. Reported p-values have been cor-
rected for the False Discovery Rate.

PERCENTILE STATISTIC SCANNING PERIOD
OF CONTROL
COSTS BASELINE FOLLOW-UP
Topological Characteristic: Regional Connectedness (Degree)
Top 25 % Regions of Visual areas: Visual areas:
positive Bilateral striate Bilateral striate
correlations cortex; cortex;
+p) Bilateral cuneus; Bilateral cuneus;
Bilateral lingual Bilateral lingual
gyrus; gyrus;
Dorsal attention Dorsal attention
areas: areas:
Bilateral superior Bilateral superior
parietal lobule; parietal lobule;
Right frontal eye Right frontal eye
fields fields
Salience areas: Salience areas:
Bilateral lateral PFC Bilateral lateral PFC
Frontoparietal Frontoparietal
control areas: control areas:
Bilateral PFC, Bilateral PFC,
including including
dorsolateral, dorsolateral,
ventrolateral & ventrolateral &
medial posterior; medial posterior;
Left inferior parietal Right precuneus;
lobule; Left inferior parietal
Left ventral lobule;
posterior temporal Left ventral
cortex; posterior temporal
Left inferior cortex;
temporal gyrus Default-mode areas:
Default-mode areas: Bilateral dorsal PFC;
Bilateral dorsal PFC;  Right precuneus;
Right precuneus; Right retrosplenial
Right retrosplenial cortex;
cortex Left inferior parietal
lobule

Standardized p [0.165, 0.814] [0.287, 0.819]

95 % CI [0.110, 0.8484] [0.234, 0.851]

P-Value < 0.001 < 0.001

Top 10 % Regions of Visual areas: Visual areas:
positive Bilateral striate Bilateral striate
correlations cortex; cortex;
+p) Bilateral cuneus; Bilateral cuneus;

Standardized f
95 % CI
P-Value

Bilateral lingual

gyrus;
Frontoparietal

Bilateral lingual

gyrus;
Frontoparietal

control areas:

control areas:

Left dorsal & lateral
PFC

Left ventral
posterior temporal
cortex;
Default-mode areas:
Left dorsal PFC
[0.165, 0.789]
[0.110, 0.823]

< 0.001

Topological Characteristic: Regional Engagement

Top 25 %

Regions of
positive
correlations

+p)

Visual areas:
Bilateral striate
cortex;

Bilateral cuneus;
Bilateral lingual
gyrus;

Dorsal attention

Left lateral PFC
Left ventral
posterior temporal
cortex;
Default-mode areas:
Right dorsal PFC

[0.287, 0.775]
[0.234, 0.811]
< 0.001

Bilateral striate
cortex;

Bilateral cuneus;
Bilateral lingual
gyrus;

Dorsal attention

areas:

Left superior
parietal lobule;
Right frontal eye
fields

Salience areas:

areas:

Bilateral superior
parietal lobule;
Right frontal eye
fields

Salience areas:

(continued on next page)
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Table 2 (continued)

Neurolmage 322 (2025) 121562

Table 2 (continued)

PERCENTILE STATISTIC SCANNING PERIOD PERCENTILE STATISTIC SCANNING PERIOD
OF CONTROL OF CONTROL
COSTS BASELINE FOLLOW-UP COSTS BASELINE FOLLOW-UP
Bilateral lateral PFC Bilateral lateral PFC Standardized f [-0.325, —0.064] [-0.298, —0.073]
Frontoparietal Frontoparietal 95 % CI [-0.377, —0.008] [-0.352, —0.017]
control areas: control areas: P-Value < 0.034 < 0.014
Bilateral PFC, Bilateral PFC, Top 10 % Regions of Frontoparietal Frontoparietal
including dorsal, including positive control areas: control areas:
ventrolateral & dorsolateral, correlations Left ventral Left ventral
medial posterior; ventrolateral & +p) posterior temporal posterior temporal
Left inferior parietal medial posterior; cortex; cortex;
lobule; Right precuneus; Standardized p 0.286 0.257
Left ventral Left inferior parietal 95 % CI [0.233, 0.339] [0.204, 0.310]
posterior temporal lobule; P-Value < 0.001 <0.001
cortex; Left ventral Regions of Visual areas: Visual areas:
Default-mode areas: posterior temporal negative Bilateral striate Bilateral striate
Bilateral dorsal PFC; cortex; correlations (-p) cortex; cortex;
Right precuneus; Default-mode areas: Bilateral cuneus; Bilateral cuneus;
Right retrosplenial Bilateral dorsal PFC; Bilateral lingual Bilateral lingual
cortex Right precuneus; gyrus; gyrus;
Right retrosplenial Default-mode areas:
cortex; Left dorsal PFC
Left inferior parietal Standardized p [-0.200, —0.102] [-0.214, —0.121]
lobule 95 % CI [-0.255, —0.046] [-0.270, —0.065]
Standardized p [0.0579, 0.238] [0.093, 0.243] P-Value < 0.001 <0.001
95 % CI [0.003, 0.291] [0.038, 0.296]
P-Value < 0.040 P < 0.001
Top 10 % Regions of Visual areas: Visual areas:
positive Bilateral striate Bilateral striate Table 3
correlations cortex; cortex; Statistics of mixed effects linear regression models testing associations between
(CD)] Bilateral cuneus; Bilateral cuneus; feedback costs at which regions lose their control action over the network and

Top 25 %

Standardized f

Bilateral lingual

gyrus;
Frontoparietal

Bilateral lingual

gyrus;
Frontoparietal

control areas:

Left dorsal and
lateral PFC

Left ventral
posterior temporal
cortex;

[0.084, 0.178]

control areas:

Left lateral PFC;
Left ventral
posterior temporal
cortex;
Default-mode areas:
Bilateral dorsal PFC
[0.140, 0.243]

95 % CI [0.029, 0.232] [0.085, 0.296]

P-Value < 0.003 < 0.001
Topological Characteristic: Net Information Flow

Regions of Frontoparietal Frontoparietal

positive control areas: control areas:

correlations Left ventral Left ventral

“+B) posterior temporal posterior temporal

Standardized p
95 % CI
P-Value
Regions of
negative
correlations (-p)

cortex;

0.286

[0.233, 0.339]
< 0.001

Visual areas:
Bilateral striate
cortex;

Bilateral cuneus;
Bilateral lingual

gyrus;
Salience areas:

cortex;

Left dorsal PFC;
Right precuneus
[0.108, 0.257]
[0.054, 0.310]
< 0.002

Visual areas:
Bilateral striate
cortex;

Bilateral cuneus;
Bilateral lingual
gyrus;

Salience areas:

Bilateral lateral PFC

Bilateral lateral PFC

Frontoparietal Frontoparietal
control areas: control areas:
Right PFC, including  BilateralPFC,
dorsolateral & including
medial posterior; ventrolateral,

Left inferior
temporal gyrus
Default-mode areas:

dorsolateral &
medial posterior;
Default-mode areas:

Bilateral dorsal PFC;
Right precuneus;
Right retrosplenial
cortex

Bilateral dorsal PFC;
Left inferior parietal
lobule;

Right precuneus;
Right retrosplenial
cortex

pubertal stage in individual regions, separately for each analyzed runs. Reported
p-values have been corrected for the False Discovery Rate (FDR).

Associations Between Control Costs and Pubertal Stage

Control Type Statistic Value
BEST-QUALITY RUN
Cost at which regions lose control Regions of positive Right
action over the network correlations (+f) cuneus
Standardized p* 0.074
95 % CI [0.015,
0.133]
P-Value 0.041

SECOND-BEST-QUALITY RUN
None

rest of the cohort (which is predominantly white and non-Hispanic; p <
0.04, p = —0.02 to —0.17, 95 % CI = [—0.30, —0.04]). Model statistics
are provided in Table S1.

4. Discussion

In a large sample of youth with early longitudinal data from the
ABCD study, we have used a novel to Neuroscience, sparsity-promoting
feedback control framework to investigate the controllability of devel-
oping brain circuits, assuming that their dynamics and topology depend
on internal (latent) mechanisms. These mechanisms may represent a
combination of biological/biochemical processes that are not directly
measurable, but their action on the organization of the developing cir-
cuitry can be estimated. We selected this framework, which also assumes
that the controller’s action is sparse (i.e., a small number of regions with
specific characteristics control the organization of the entire con-
nectome), because it allowed us to incorporate the concepts of feedback
penalty and sparsity, both critical to optimal network dynamics, and
thus intrinsic and task-related synchronization of brain regions (Lizier
et al., 2023).

The adolescent brain is not fully developed, and thus its circuitry is
not yet topologically or dynamically optimal. Tracking the controlla-
bility of the adolescent connectome may provide important insights into
its developmental optimization. Two critical ranges of feedback costs
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Table 4

Statistics of mixed effects models testing associations between control costs and
common demographics. Reported p-values have been corrected for the False
Discovery Rate (FDR). Only statistics for regions that are repeated in both best
and 2nd best run are reported.

Associations Between Control Costs and Demographics

FEEDBACK COSTS AT WHICH REGIONS BECOME SELF-CONTROLLED

Demographic Statistic Value
Sex Regions of positive Right middle temporal gyrus (part
(Boys = 1; correlations (+f) of the default-mode network)
Girls = 2) p* 0.01
95 % CI [0.004, 0.016]
P-Value < 0.006
Regions of negative Left superior parietal lobule (part of
correlations (-p) dorsal attention network)
p* —0.011
95 % CI [-0.019, —0.003]
P-Value < 0.044
BMI Z-score Regions of positive Right visual lingual gyrus
(stratified by sex) correlations (+) Right cuneus
p* [0.055, 0.056]
95 % CI [0.010, 0.101]
P-Value < 0.026
FEEDBACK COSTS AT WHICH REGIONS LOSE CONTROL ACTION
Demographic Statistic Value
Sex Regions of positive Bilateral inferior temporal gyrus
correlations (+) (part of control and default-mode
network)
Bilateral hippocampus;
p* [0.019, 0.629]
95 % CI [0.001, 0.917]
P-Value < 0.048
Regions of negative Left superior parietal lobule
correlations (-f) Left postcentral gyrus
p* [-0.531, —0.296]
95 % CI [-0.889, —0.075]
P-Value < 0.022
BMI Z-Score, Regions of positive Left superior temporal gyrus
(stratified by sex)  correlations (+)
p* 0.059
95 % CI [0.015, 0.102]
P-Value < 0.016

were analyzed: a) costs at which the control action of individual regions
only depends on themselves, and (typically high) costs at which regions
lose their control action over the network. These costs were then
examined as a function of regional topological properties, pubertal
stage, and demographic characteristics.

In both regimes, high feedback costs were estimated in a small set of
developed (primary visual) and developing (including prefrontal) re-
gions. Higher costs were associated with higher regional connectedness
and higher dynamic consistency, i.e., the region was consistently acti-
vated during spontaneous brain coordination at rest. Posterior areas
associated with high feedback costs included regions that are part of the
peripheral visual network and are well developed in adolescence, but
also retrosplenial cortex, the cuneus and the superior parietal lobule
(SPL), all of which continue to develop during adolescence as visual
processing is refined, and also support other cognitive processes that
evolve during this period (Vann et al., 2009; Miller et al., 2014; Wang
et al., 2015; Mitchell et al., 2018; Palejwala et al., 2021). Other areas
associated with high feedback costs were parts of the ventral temporal
cortex (involved in visual recognition and categorization), which also
continues to maturate in adolescence (Conway, 2018; Nordt et al.,
2023). Together with the cuneus, SPL, and retrosplenial cortex, these
areas are cognitive hubs, are involved in information integration and
support multiple cognitive processes, including somatomotor process-
ing, spatial navigation and shifting, memory, attentional control, but
also posture and body part localization (Caminiti et al., 1996; Wopert
et al., 1998; Wolbers et al., 2003; Makino et al., 2004; Felician et al.,
2004; Molenberghs et al., 2007; Koenigs et al., 2009; Vandenberghe
etal., 2011; Schmostein, 2012; Lester et al., 2014; Passarelli et al., 2021;
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Balcerek et al., 2021).

A number of regions associated with high feedback costs were in the
prefrontal cortex, which undergoes accelerated maturation during
adolescence, as high-level cognitive processes continue to develop
(Nelson and Guyer, 2011; Somerville et al., 2013; Dumontheil, 2014;
Caballero et al., 2016; Kolk and Rakic, 2022). These regions included
dorsal and lateral prefrontal cortices, which support executive function
and decision-making, memory and learning, and cognitive control
(Wagner et al., 2001; Petrides, 2005 Fuster, 2015; Nee and D’Esposito,
2016), and are cognitive hubs as well (Gray et al., 2002; Milan et al.,
2016; Menon and D’Esposito, 2022; Friedman and Robbins, 2022).
Furthermore, together with the posterior areas associated with high
feedback costs, they are part of a core set of brain regions that play a
ubiquitous role in cognitive function (Dosenbach et al., 2006; Assem
et al., 2020).

Most of the regions associated with high feedback costs have also
been identified as topological hubs (i.e., highly connected and central to
the organization of the connectome) that continue to evolve in adoles-
cence (Tomasi and Volkow, 2011; Park and Friston, 2013; van der
Heuvel and Sporns, 2013; Power et al., 2013; Hwang et al., 2013; Ber-
tolero et al., 2015; Baker et al., 2015; Gordon et al., 2018; Oldham and
Fornito, 2019). An independent ongoing investigation of these regions’
topological characteristics in an overlapping sample has classified
several of them as hubs that are stable during puberty. Higher feedback
costs were associated with higher regional connectedness, suggesting
that hubs maintain their control action over the connectome even at
high costs. In addition, they were dynamically consistent, i.e., they were
repeatedly highly connected during spontaneous synchronization of
brain regions. These associations were also consistent across runs and
assessments (following adjustments for differences in network density
between runs and time of scan between assessments).

Finally, in most of these regions (with the exception of the ventral
temporal cortex) higher feedback costs were associated with lower net
information flow through them, i.e., with lower differences between
information input and output from these regions. Brain hubs play a
critical role in the communication between spatially distributed brain
regions, by integrating information from them (e.g., resulting from
domain-specific computations), and distributing the output of this syn-
thesis in response to cognitive demands (van den Heuvel et al., 2012).
Thus, information influx and outflux may be approximately equal in
these regions, and thus net flow is low. The correlation between high
feedback costs and low net flow again indicates that the identified re-
gions may indeed be brain hubs, and suggests a positive association
between controllability and communication cost.

Critical control costs were highly reproducible across thresholds,
fMRI runs (and thus snapshots of brain activity) and assessments, i.e.,
from ages 9 - 12 years. Although the study examined a relatively narrow
window of development (~3 years), in combination of the two assess-
ments spanned the entire period of puberty. In most regions (with the
exception of the right cuneus) these costs did not significantly change
with pubertal stage, suggesting that their control action may be
invariant to developmental changes at least during puberty, even if their
local topology changes during this period. Indeed, many of these regions
are elements of the DM and frontoparietal control networks, which are
partly inter-connected (Dixon et al., 2018), and their topological orga-
nization and properties continue to develop significantly in adolescence
(Fair et al., 2008; Sherman et al., 2014).

Despite its many strengths, including a novel to the field control
framework, large early longitudinal sample that captured the hetero-
geneity of the developing adolescent brain, and cutting-edge analytic
approaches for estimating topological/dynamic characteristics, the
study had some limitations. Although the sample spanned the entire
range of pubertal stages, it did not cover the entire adolescent period. To
date, there are no other equally large samples covering this period.
However, as the ABCD study continues to follow brain development in
this cohort, additional longitudinal data will become available. Thus, a
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future study could extend this investigation and track the brain’s
controllability, and the identified regions associated with high feedback
costs, at later ages. However, within the period of this investigation, the
identified invariance of control costs to age and pubertal stage is un-
likely the result of ceiling effects, as the upper penalty limit used in
calculations was much higher than the actual estimates. Furthermore,
this study purposely focused only on the strongest connections of
resting-state connectome, and estimated static and dynamic topological
characteristics and information flow, directly from the fMRI time series.
A few prior studies have examined the controllability of the structural
connectome, but such an investigation was outside the scope of the
present study. A future study could compare the controllability of
structural and functional circuits in the same cohort, since the ABCD also
collects diffusion MRI data. This study focused on brain regions with the
strongest intrinsic connections at rest that were reproducible across
snapshots (runs) of brain activity. It is, therefore, likely that they are
well aligned with their anatomical constraints. In the case of a structural
network, the control problem is solved in exactly the same way,
assuming linear system dynamics. Thus, regions that were found to be
critical to the controllability of the brain based on the strongest con-
nections of the functional connectome likely overlap with regions that
would be estimated from the structural connectome. Finally, the control
problem was solved assuming linear system dynamics, which may be a
simplification of potentially much more complex brain dynamics,
especially in the developing brain. However, a recent study in adults,
comparing linear and nonlinear models has shown that at the macro-
scale, human brain dynamics (encoded in electrophysiological and
resting-state fMRI signals) are well described by linear models (Nozari
et al., 2024), in part as a result of spatio-temporal averaging of micro-
scopic brain dynamics, which are nonlinear. It is anticipated that at this
scale, intrinsic dynamics of the adolescent brain are adequately
described by a linear model, especially for the purpose of estimating
control costs, but a future study could compare linear and nonlinear
models in youth.

Despite a few limitations, this study makes a significant and novel
contribution to the field by using a powerful modeling approach to a
address the fundamental question of how network dynamics are
controlled in the developing brain, which is suboptimally organized and
changes significantly, especially in adolescence. To the best of our
knowledge, this is the first large-scale application of this framework to
developing brain networks. The study has identified a parsimonious set
of highly reproducible (across snapshots of resting-state activity) and
developmentally stable regions that exert their action on intrinsic brain
network dynamics even at high feedback costs. Most of these regions are
core cognitive hubs and highly connected functional hubs that are
central to the organization of the connectome and cognitive function
across domains. An important finding is that in contrast to topological
characteristics that change as a function of age and neural maturation
(even within a period of two years), the distribution of regions exerting
their control action on the brain and the associated feedback costs do
not, at least within the period of observation in this study. These results
provide novel insights into an important yet relatively underexplored
mechanism of brain network dynamics. They suggest that even the un-
derdeveloped (and in some areas redundantly connected) adolescent
brain, fundamental mechanisms of system controllability may be well
developed, as reflected in the small set of distributed regions that exert
their action on the connectome, to facilitate information processing and
response to cognitive demands.
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