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Understanding how information flows across distributed brain networks

is central to linking brain structure, dynamics and function. Here we present a
neuroimaging framework that combines integrated effective connectivity
(iEC) and unconstrained signal flow mapping for data-driven identification

of human cerebral functional hierarchies. Simulations and empirical validation
show thatiEC recovers connectome directionality and aligns with histologically
defined feedforward and feedback pathways. The iEC-derived hierarchy
exhibits amonotonically increasing level along the axis where the sensorimotor,
association and paralimbic areas are sequentially ordered, consistent with
predictions from the structural model of laminar connectivity. This hierarchy is
not fixed but flexibly reorganizes across brain states; it becomes flatter during
externally oriented processing and steeper during internally focused conditions,
reflectingincreased engagement of interoceptive regions. Our study indicates
that macroscale directed functional connectivity can reveal biologically
grounded, state-dependent principles of signal flow in the human brain.

Human cognition arises from the ever-changing dynamical flows of
neural information across distributed brain networks. Cortical hier-
archy, one of the most fundamental architectures for this dynamic,
has been extensively investigated, with early studies"’ focusing on
the sensorimotor systems and more recent studies** expanding to
the whole-brainlevel, thereby highlightingits role as aglobal basis for
various cognitive functions. Indeed, evidence from histology**, tract
tracing’ and functional magnetic resonance imaging (fMRI)® indicates
that the primate brain exhibits a unique organizational axis from the

sensorimotor to association cortices, termed ‘functional gradient” or
‘global processing hierarchy”’. Although its important role has been
repeatedly provenin multiple cognitive domains, suchas perception,
action and social processing'° 2, as well as typical and atypical brain
development™, exactly how a hierarchical organization relates to
dynamical neural information flows across the whole brain remains
poorly understood.

Two major issues contribute to this lack of understanding: (1)
state-dependent functional brain dynamics and (2) the limitations of

'Center for Neuroscience Imaging Research, Institute for Basic Science, Suwon, South Korea. 2Department of Biomedical Engineering, Sungkyunkwan
University, Suwon, South Korea. ®Life-inspired Neural Network for Prediction and Optimization Research Group, Suwon, South Korea. “Department of
Intelligent Precision Healthcare Convergence, Sungkyunkwan University, Suwon, South Korea. °Thomas J. Watson Research Center, IBM Research,
Yorktown Heights, NY, USA. 8Oxford Centre for Integrative Neuroimaging, Nuffield Department of Clinical Neurosciences and Department of Experimental
Psychology, University of Oxford, Oxford, UK. ’School of Computer Science and Statistics and Trinity College Institute of Neuroscience, Trinity

College Dublin, Dublin, Ireland. ®Bristol Computational Neuroscience Unit, School of Engineering Mathematics and Technology, University of Bristol,
Bristol, UK. ®Institute of Neuroscience and Medicine, Forschungszentrum Jiilich, Jiilich, Germany. °Nathan S. Kline Institute for Psychiatric Research,
Orangeburg, NY, USA. "Center for the Developing Brain, Child Mind Institute, New York, NY, USA. “Department of Neurology and Neurosurgery, Montreal
Neurological Institute and Hospital, McGill University, Montreal, Quebec, Canada. *Centre for Integrative Neuroimaging, FMRIB, Nuffield Department

of Clinical Neurosciences, University of Oxford, Oxford, UK. “Integrative Neuroscience and Cognition Center, CNRS, Université Paris Cité, Paris, France.

SDepartment of Brain Science and Engineering, Sungkyunkwan University, Suwon, South Korea.

e-mail: waniwoo@skku.edu; hongseokjun@skku.edu

Nature Neuroscience


http://www.nature.com/natureneuroscience
https://doi.org/10.1038/s41593-026-02389-8
http://orcid.org/0009-0000-1067-7793
http://orcid.org/0000-0002-7353-8683
http://orcid.org/0000-0002-2060-4608
http://orcid.org/0000-0003-3532-1210
http://orcid.org/0000-0003-1530-8916
http://orcid.org/0000-0002-8880-9204
http://orcid.org/0000-0001-9256-6041
http://orcid.org/0000-0002-7423-5422
http://orcid.org/0000-0002-1847-578X
http://crossmark.crossref.org/dialog/?doi=10.1038/s41593-026-02389-8&domain=pdf
mailto:waniwoo@skku.edu
mailto:hongseokjun@skku.edu

Article

https://doi.org/10.1038/s41593-026-02389-8

conventional fMRI connectomics. The former refers to how our brain
continuously shifts between different states, often driven by exterocep-
tive stimuli, such as watching amovie with a high influx of multisensory
information, butalso by interoceptive signals, such as hunger or thirst
reflecting the ongoing physiological states of the body. Even atrest, the
brain organizes neural pathways to generate diverse thoughts during
mind wandering. Although this ‘state-dependent functional dynamic’
is a fundamental characteristic of our brain, only a few studies have
systematically compared different brain conditions with respect to
their dynamics, especially in the context of information flow along
the cortical hierarchy.

The second issue is that the current network neuroscience pre-
dominantly relies on undirected functional connectivity (FC). Given
that the brain functions are ultimately consequences of seamless feed-
forward (FF) and feedback (FB) interactions, the inability to infer such
connectome directionality substantiallyimpedes the field’s advance-
ment. This limitation has constantly motivated the field toinvestigatea
‘directed version’ of connectome analytics, namely effective connectiv-
ity (EC) mapping. This technique, which enables statistical inference
of the net influence of one brain area on another, has been increas-
ingly developed in recent studies, now even supporting whole-brain
assessment based on fMRI data'®”. However, because these methods
continue to flourish, EC research is encountering other challenges®,
whichare crucial to address to move forward to the next generation of
EC approaches. We highlight three such challenges here.

First, many EC methods"”"*have been proposed, each emphasiz-
ing its own unique mathematical principle. This diversity, although a
testament to the field’s vibrant interest, paradoxically led to a lack of
consensus among users regarding when and how to employ each algo-
rithm, raising concerns about the reproducibility of their findings®** .
Second, most EC methods have been validated on the scale of only
several dozen brain nodes?**? (see recent studies'®" for exceptions)
and rarely focused on dense cyclic and negative connections. Given
that the human cerebral cortex has been found to consist of at least
100 functionally distinct areas®®*, it becomes imperative to develop
EC methods capable of analyzing more complex networks to precisely
infer functional dynamics in the humanbrain. Third, biological valida-
tionremainsscarce. EC algorithms have been typically assessed using
artificially built ‘synthetic’ networks or applied primarily to studies
withafixed hypothesis on the connectivity configuration of a targeted
circuit®®*, thereby limiting the evidence level of human whole-brain
studies (but see recentadvances®>*).

Here we propose a unified imaging framework, termed integrated
EC (iEC), to address these challenges. We first undertook an extensive
validation of major existing EC algorithms and integrated them into
asingle iEC framework to synergize the complementary strengths of
individual algorithms while obviating the development of another
standalone method. Our EC framework has been tested on simula-
tions of biologically plausible networks and compared with empirical
tract-tracing and resting-state fMRI data across two network com-
plexities, both comprising more than 100 nodes and dense cyclic
connections. Itrevealed hierarchical connection polarity in the human
brain, with unimodal areas predominantly exhibiting positive outgoing
connections, whereas heteromodal areas exhibit a balanced ratio of
positive and negative connections. Given that these patterns closely
mirror known physiological characteristics of FB and FF pathways®~¢,
we further leveraged our method to estimate a cortex-wide hierarchical
level, which allows us to map signal flows in the human brain. Notably,
theidentified hierarchy showed aremarkably similar pattern not only
tothewidely accepted Mesulam’s classic model but also to cytoarchi-
tectural cortical types®, both spanning from low-level sensory (konio-
cortical) to higher-order (eulaminate and dysgranular) areas, as well
as up to the paralimbic (agranular) regions, the latter mainly known
for interoceptive monitoring of the internal milieu*®. Finally, we com-
pared the hierarchy map across the resting, externally oriented (movie

watching) and interoceptively focused (tonic pain) states. We found
that the cortical hierarchy undergoes considerable state-dependent
reorganization, each specific to a given condition. Together, our iEC
framework offers a unique opportunity for in vivo mapping of signal
flow hierarchy in the human brain and paves the way toward a quantita-
tive delineation of state-dependent network information flow.

Results
Our study consisted of two main phases (Fig. 1). First, we examined
individual EC algorithms and categorized them based on their dis-
tinct statistical characteristics. We then developed a new approach
to integrate their EC results (iEC), which demonstrated substantially
improved accuracy through multistep validations. Inthe second phase,
we utilized this iEC to comprehensively examine (1) unconstrained
large-scale signal flows; (2) the hierarchy emerging from this dynamic;
and (3) its flexible state-dependent reorganization in the human brain.
Specifically, we included the following nine individual EC algo-
rithms, each previously proven toyield high accuracy for directional-
ity mapping: regression dynamic causal modeling (rDCMY), vector
autoregression (VAR) model® (a lag order of 1), multivariate Granger
causality (MVGC*), fast adjacency skewness (FASK*) algorithm, cyclic
causal discovery (CCD*), best order score search (BOSS™) algorithm,
direct linear non-Gaussian acyclic model (directLINGAM*), greedy
relaxations of the sparsest permutation (GRaSP*’) algorithm and Patel’s
™ (Extended Data Table 1). Although non-exhaustive, this set was
chosento cover awide spectrum of methodological principles, includ-
ing both graphical and dynamical systems, linear and nonlinear and
pairwise and multivariate approaches (Extended Data Fig.1). We then
integrated these algorithms by computing a weighted sum of individual
ECestimates, with the weight optimized to maximize correspondence
withatarget connectivity metric (for example, ground-truth directed
networks). To prevent overfitting, the optimization was conductedina
strictly cross-validated manner using Bayesian optimization (see ‘iEC
framework’ in Methods).

Three-step validation of EC algorithms

To comprehensively assess both individual algorithms and iEC, we
conducted the following three validation steps: (1) comparison
with empirically derived directed anatomical connectivity from the
macaque brain via viral tracer injections; (2) simulation utilizing bio-
logically constrained directed networks from diffusion MRI-based
structural connectivity (SC); and (3) assessment of the ability of EC
algorithmsto reproduce dynamicsinherent to empirical fMRI signals
of the human brain.

Validation using macaque tract-tracing and fMRI data. We began
by leveraging macaque tract-tracing data* together with resting-state
fMRI 0f19 anesthetized macaques from PRIME-DE*, as these resources
serve as a gold-standard reference for directed whole-brain connec-
tivity mapping in the primate species (Fig. 2a). First, in the randomly
subsampled training data (n = 8), we estimated optimal integration
weights (B) for each algorithm. The median S values were thenused to
construct iEC matrices in the test set (n=11). We then compared the
resulting EC estimates against the fraction of labeled neurons (FLNs),
atract-tracing measure of directed anatomical connectivity via histo-
logical labeling (see Methods for details).

TheECalgorithmsrevealed varying degrees of correlation with the
ground truth of FLN data. Notably, their optimized S valuesindicated
thatonly one or two algorithms per methodological family contributed
strongly to the iEC (Fig. 2b): VAR (dynamical systems), LINGAM and
FASK (bothgraphical models) (one-tailed t-test; P < 0.001). Based on
this pattern, we constructed twoiEC variants: one using all algorithms
(fulliEC) and another using the top three (VAR, FASK and LINGAM; top 3
iEC). We then estimated their performance using test macaque subjects
(Fig.2c).Bothvariantsyielded similar accuracies (medianr=0.60) and
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Fig.1| Overview of the iEC approach and comprehensive network profiling
of the human brain. a, Taxonomy of EC algorithms. After comprehensive
research and classification, we have categorized individual EC algorithms into
two major groups: one based on ‘graphical models’ and the other based on
‘dynamical systems’. Among these, we selected representative EC algorithms
for each category through a fully data-driven validation, which included VAR,
FASK and LINGAM. b, Results of individual algorithms were then combined
using Bayes-optimized linear integration, which performs a weighted sum of
their EC results to create aniEC. ¢, Both individual and iEC algorithms were
evaluated through a three-step validation process: (1) empirical fMRI signals
from the macaque brain were fed into each EC algorithm, and the results were
validated against tract-tracing-based FLN; (2) simulated brain-like signals were
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inputinto each algorithm, and the estimated EC was compared to ground-truth
synthetic directed SCin the humanbrain; and (3) empirical fMRI signals from the
humanbrain were input into each algorithm, the resulting EC matrix was used to
simulate brain signals and the simulated FC, FCD and TD were compared against
empirical data. d, After methodological validation, the group-level iEC map from
empirical human fMRIwas profiled in terms of (1) degree distribution and (2)
signal flows across the network. Next, (3) the hierarchical levels across the whole
brain were estimated using a general linear model based on the iEC values and
evaluated based on architectonic data and finally (4) compared across different
brain states, including externally oriented, resting and internally oriented states.
Neg, negative; pos, positive.

significantly outperformed the best-performingindividual algorithm
(median r=0.52; Pypr < 0.001; two-sided Wilcoxon signed-rank test).
To complement this correlation-based assessment, we also evaluated
directionality of identified ECs using an F; score across two differently
thresholded EC matrices (15% and 30%). Again, iEC outperformed
individual algorithms at both thresholds (P=0.04 at 15%; P< 0.001
at 30%; Supplementary Fig. 1), confirming the advantage of iEC in the
identification of directed connectivities. To understand the source
of this advantage, we examined how the three dominant algorithms
contributed to constructing iEC (Fig. 2d). This analysis revealed that
each algorithm specializes in a different regime of this contribution.
Specifically, VAR captured widespread weak-strength connections,
whereas LINGAM and FASK were more sensitive to sparse yet strong
connections (Supplementary Fig.2). Thus, the gain of iEC did not arise
from simple averaging but from integrating algorithms that resolve
complementary portions of the EC landscape.

Because all algorithms so far have been applied directly to blood
oxygenation level-dependent (BOLD) signals, we next asked whether
region-specifichemodynamicresponse (HR) could affect the integrity
of our EC estimation. To test this, we repeated the analysis by applying
astate-of-the-art brain-area-specific HR deconvolution*® to empirical
BOLD signals (see Methods for details). Most algorithms, with the
exception of MVGC, showed high consistency of EC maps between
pre-deconvolution and post-deconvolution signals (all other indi-
vidual methods: r > 0.8). This consistency was especially high for the
iEC approach (r=0.91; see Extended Data Fig. 2 for the replication in
the human brain; r = 0.87). Owingto its low consistency for HR effects,
MVGC was excluded from all subsequent analyses. Based on these
largely intact ECresults, together witha previous study showing rather

compromised system identification after HR deconvolution®, in the
subsequent analyses we focused on the EC results identified using
original BOLD signals.

Inspecting the iEC result from the macaque brain showed that
positive ECs are both stronger and more prevalent, whereas negative
ECs are generally weak and sparse across the brain areas (Fig. 2a). Pre-
vious studies suggested that these connection polarities may reflect
intricately mixed excitatory and inhibitory effects, potentially aligned
with FF and FB signal pathways™®. Indeed, although a dominant por-
tion of FF connections has previously been found to target excitatory
neurons (thus exerting positive and amplifying influences to target
regions)*®, FB connections were associated with both excitatory and
inhibitory pathways***°, although the latter ‘suppressive’ effect has
traditionally been considered a major characteristic of FB. To assess
whether these distinct patterns canalso be captured inour macroscale
analysis, we profiled the iEC with respect to supragranular labeled
neuron (SLN) (fraction of SLNs), a marker to quantitatively index the
level of FF and FB connectivity (see ‘Macaque tract-tracing data’ in
Methods). Interestingly, when we categorized iECs into FF or FB by
applying a 0.5 threshold to their SLN value (range: 0-1; FF: SLN > 0.5;
FB:SLN < 0.5), the majority of iECs categorized to the FF pathway were
positive, whereas those assigned to FB showed amore balanced ratio of
positive and negative connections (Fig. 2e, right), mirroring previous
reports on the physiological nature of FF and FB pathways.

Validation using directed SC networks. Although validation using
the macaque FLN confirmed that the iEC framework canreliably cap-
ture experimentally defined hierarchical features, its applicability to
the human brain remains uncertain because an equivalent directed
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Fig. 2| Validation of individual and iEC algorithms using macaque tract-tracing
data. a, Individual ECs were inferred from anesthetized macaque fMRI data, which
were parcellated into 40 regions defined by viral tracer injection sites. Optimal 8
coefficients for each EC algorithm were derived from the training dataset (n=8
macaques) by maximizing the correlation between iEC and FLN. Using median
optimal Svalues, we constructed iEC from anindependent test dataset (n =11) to
assess generalizability. b, Box plot of optimal S values derived from the training
dataset. Each dot represents one macaque (n = 8), whereas boxes are color-coded
by methodological families: dynamical systems (blue) and graphical models
(yellow). Three algorithms (VAR, FASK and LINGAM) demonstrated notably higher
PBvalues (Pipr < 0.001in one-tailed t-test), indicative of significant contribution. c,
Performance comparison of individual EC and iEC algorithms in the test dataset.
TwoiEC variants were evaluated: one integrating all nine algorithms and another

using only the three algorithms with statistically significant S values. d, Profile of
algorithm contributioniniEC. Each dot represents a connection weight of asingle
macaque brain with a median performance foriEC (top 3), showing a correlation
of 0.6 with FLN. The FLN distribution exhibited a strong heavy-tail structure (right
vertical histogram), with the tail primarily captured by LINGAM and even more

so by FASK (upper landscape histogram). In contrast, VAR primarily captured
weaker connections, which, despite their relative weakness, accounted for more
than 50% of the total connections. e, Connection polarity investigated via SLNs.
Connections were categorized into FF and FB pathways based on an unbiased SLN
threshold of 0.5, and iEC values were profiled separately for each pathway. For
allbox plots, the center line indicates the median, the box bounds the 25th/75th
percentiles and the whiskers represent the most extreme non-outlier values
(hereafter the same for all subsequent figures).

connectivity reference is unavailable. To address this, we devised a
carefully curated simulation approach based on the group-averaged
SCderived from human diffusion MRI after parcellating the brain with
the Schaefer-100”® and Multimodal Parcellation (MMP)-360 atlases.
Directionality wasintroduced by rewiring the edges but only minimally
(20% of the connections) to preserve key topologies of the original
network (degree distribution, clustering coefficients and global con-
nectedness) (Supplementary Fig. 3). Based on these synthetic net-
works, we simulated whole-brain neural activity with the Hopf model,
anestablished dynamical framework for oscillatory neural signals® (see
Extended DataFig. 3 for replication with amore biophysically detailed

model). We then applied the same EC analyses used in the macaque
brain, comparing the outputs to the synthetic networks.

Across both low-resolution and high-resolution brain parcella-
tions, the EC results demonstrated high consistency with those of the
macaque brain. Indeed, the distributions of optimized S values closely
mirrored those fromthe macaque data (Extended Data Fig.4a), and the
iEC outperformed allindividual algorithms in recovering an EC struc-
ture across two network resolutions (Extended Data Fig. 4b). Taken
together, our simulation provides robust evidence for the resilience
andscalability of the iEC framework, supporting its translational value
inthe human brain.
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Fig. 3| Validation of iEC framework using human fMRI data. a, Schematic of
the validation. Individual ECs were first estimated from resting-state fMRI data.
TheiEC was then constructed by integrating individual ECs using the optimal

P coefficients from a training set (n = 220 participants). For validation, the
resulting EC matrices and the constructed iEC were used as a network backbone
to simulate fMRI signals via the Hopf model. The simulated time series were
then used to compute the FC and FCD, which were compared to their empirical
counterparts. b, Distribution of the optimized S values across 50 independent
runs of Bayesian optimization on the training set. Each dot represents the
optimal weight obtained from a single run, reflecting each algorithm’s relative
contribution to the iEC model. The effect of VAR and FASK was demonstrated to
be significant (one-sided t-test against O; P < 0.001). ¢, The overall fit scores of
each EC algorithm and iEC were evaluated with a metric of ‘static FC correlation

minus the FCD KS distance’ in a held-out testing set (n = 220). Each dot represents
onerealization of the iterative simulations. Two iEC variants were evaluated:
oneintegrating all nine algorithms and another using only the algorithms with
statistically significant S values. Top 2 iEC showed significantly higher fit than

the best individual algorithm (two-sided Wilcoxon signed-rank test; P<107).

d, Comparison of empirical and iEC-simulated FC and FCD. Left: each dot
represents an FC value between a pair of brain regions. The red line shows the
least-squares linear fit. Middle: cumulative distribution functions (CDFs) of FCD
from empirical and simulated data. The maximum distance between the Hopf
model (blue) and empirical (red) data (vertical dashed line) represents the KS
distance between the two distributions. Right: comparison of empirical and
simulated TD structures. Each dot in the scatter plot represents the mean time lag
ofabrainregion. Group-averaged delay maps are shown on the cortical surface.

Validation using human fMRI. Finally, we evaluated the EC algorithms
using humanresting-state fMRIfrom the Human Connectome Project
(HCP) (440 subjects split into training and testing sets). Given the
absence of an established ground truth, we adopted a model-based
validation strategy to assess how well each inferred EC matrix could
reproduce empirical signal properties of the human brain (Fig. 3a).
Specifically, we used each EC matrix as a ‘directed-connectivity scaf-
fold’ for simulating whole-brain dynamics and compared the result-
ing simulated signals to empirical fMRI data. The rationale for this
approach was that, should the inferred EC effectively approximate
aninherent structure of whole-brain information flows, the resulting
simulated dynamics would closely replicateits empirical counterpart.

To test this, we employed two complementary metrics: static FC
and functional connectivity dynamics (FCD). To quantify their com-
bined effect, we adopted acomposite score from previous studies*>**,
defined as Pearson correlation (r) between empirical and simulated FC
minus Kolmogorov-Smirnov (KS) distance between their FCD distribu-
tions (fit = r - KS). Ahigher score signifies a closer match between the
signal properties of the simulated and empirical data. We leveraged
this score to optimize 8 for each algorithm in the construction of iEC
within the training data. Our analysis focused on group-level results
from the MMP-360 atlas (see Extended Data Fig. 5 for the results of
Schaefer-100). Upon examining the optimized S values, we found that
only VAR and FASK made significant contributions to iEC estimation
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negative ratio of out-degree connections based on the seven functional networks
(each dot represents a cortical region from the group-level iEC; see Extended
DataFig. 6c forin-degree). Note that the dichotomized pattern between positive
and negative connections in the unimodal regions gradually convergesinto a
form with amore balanced ratio in higher-order heteromodal areas.
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d, Signal propagation based on a linear dynamical system® across 22 modules
of the MMP-360 atlas. Modules are categorized into functionally specialized
subnetworks for easier interpretation of the signal flow patterns. Edge thickness
indicates signal strength, and color represents positive (red) and negative (blue)
signal flows, respectively. e, Stratification of signal propagation based on the
proportion of positive and negative signal flows within and between unimodal
and heteromodal systems. Each dot represents one intermodule signal flow. SM,
somatomotor; Vis, visual; DAN, dorsal attention network; VAN, ventral attention
network; FPN, frontoparietal network; DMN, default mode network.

(one-tailed t-test; Pypr < 0.001; Fig. 3b). This finding closely aligns with
the algorithmic contributionsin the macaque brain, underscoring the
robustness of our iEC method.

Based on this observation, we constructed two variants of iEC: one
incorporatingall algorithms (fulliEC) and the other limited to those with
significant contributions (top 2iEC) and assessed generalizability on the
held-out testing set. The EC results from these two models were consist-
ent with the findings in the macaque brain (Fig. 3¢). Specifically, both
iEC variants significantly outperformed the best-performingindividual
algorithm (VAR). In fact, the top 2 iEC yielded an even higher fit com-
pared to the full iEC (Wilcoxon signed-rank test; two-tailed; P= 0.013),
highlighting an advantage of implementing a parsimonious EC model.
When evaluating the two metrics comprising the fit score (Fig. 3d), the
simulated FC was highly correlated with the empirical FC (r= 0.81),and
their FCD distributions were also closely matched (KS = 0.13; the value
closer to zero indicating a better model fit), suggesting strong fidelity
in both spatial and temporal domains. We also investigated another
dynamics-sensitive measure called time delay (TD), which quantifies
anintrinsiclag relationship across the brain regions®*. Although TD was
notincludedinthe foptimization process, iEC-based simulations repro-
duced empirical TD with high similarity (r= 0.42). Collectively, these
multilevel assessments support the validity of iEC across network com-
plexities and species, as well asits ability to capture network dynamics.

Investigation of iEC profiles and signal flow hierarchy in the
human brain

Profiling of the human whole-brain iEC. Having validated our iEC
method, we next applied it to the resting-state fMRI of 220 healthy

subjects (test dataset) to characterize human whole-braingroup-level
EC architectures. The connectivity matrix sorted out by the Yeo-
Krienen functional networks revealed distinct modular structures
(Fig. 4a); within-module connections were predominantly positive,
whereas the between-module ones were largely negative, which may
reflect a nature of functional organization in terms of network inte-
gration and segregation. Furthermore, in line with previous electro-
physiological and tract-tracing evidence®, the human brain ECs also
exhibited a heavy-tailed connectivity distribution (tail index =1.45;
Fig. 4b), indicating the presence of infrequent yet strong positive
connections. Incontrast, the negative connections showed the comple-
mentary pattern, characterized by weaker but considerably prevailing
ECs across the entire brain (40%).

Next, we examined the directionality of iEC with respect to two
network indices: weighted degree distribution and intrinsic signal flow.
First, whenwe separately estimated positive and negative out-degree
iECs (see Fig. 4c for out-degree ECs and Extended Data Fig. 6 for
in-degree ECs), the sensory cortices showed a clear dominance of
positive connections, whereas in more hierarchically higher areas (for
example, heteromodal or limbic), they exhibited a more prominent
ratio of negative connections. Indeed, when we categorized them based
onapreviously established network-level hierarchy®, this gradient of
signed connection polarity was clearly observed, and itis well aligned
with the previous macaque result (Fig. 2e; mostly positive ECs from
FF versus a balanced presence of positive and negative ECs from FB).

To move beyond degree measures and ask how this connectivity
structure shapes inter-areasignal transmission, we employed arecently
developed linear dynamical system approach® to model unconstrained
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Fig. 5| TheiEC-derived signal flow hierarchy in the human brain. a, Schematic
of our approach to estimate the hierarchy. To illustrate the process of hierarchy
determination, we putside by side a previous diagram of hierarchical signal
flow (Fig. 4e) and its theoretical laminar model. Inspired by FLN-based
hierarchy determination in the macaque brain, we used the iEC matrix toinfer
the hierarchy level across the entire human brain. b, The resultant iEC-derived
hierarchy map is shown. The insular and paralimbic areas are positioned at the
top of the hierarchy, whereas the sensorimotor areas are located at the bottom.
¢, Difference between our EC-based hierarchy and the FC-based functional
gradient. Brain areas with higher EC-based hierarchy (>mean +1s.d.) but lower
functional gradient (<mean - 1s.d.) are marked in red, whereas those with
opposite profiles (higher gradient but lower hierarchy) are marked inblue in
both graphs and cortical surfaces. d, Cortical zones proposed by Mesulam’

Paralimbic

Heteromodal association

Unimodal association

(left), indicating different levels of cortical hierarchy. Note that within the
neocortex, the paralimbic areas are at the top of the hierarchy. These four zones
are superimposed on the Brodmann parcellation (middle). The hypothetical
signal-processing pathways across hierarchical levels proposed by Mesulam
are shown (right). All figures are sourced from a previous study’. e, Relationship
between the EC-based hierarchy and histological cortical types (each dot
represents a cortical region). f, Signal flow was analyzed across 27 modules
derived from Mesulam’s cortical zones. Positive signals originating from primary
and unimodal areas decreased along the hierarchy, whereas negative signals
progressively occupied the emission of higher-order areas. Panel d reproduced
with permission from ref. 9, Oxford Univ. Press. Cortical-type schematicine
adapted fromref. 37, under a Creative Commons license CC BY 4.0.

signal propagation from predefined seed areas (Fig. 4d and Methods).
This analysis revealed that positive signals predominantly originate
from hierarchically lower cortical areas, whereas negative signals are
almost exclusively sent from the higher-order to lower-order regions.
Moreover, both unimodal and heteromodal areas showed strong posi-
tive signaling within their own modules, suggesting the presence of
specialized local subsystems embedded within the broader hierarchy

(Fig.4e).Insum, our findings show thatiEC has high potential toreca-
pitulate the principle of signal flows across the areas with varying
hierarchical levels.

Retrieving signal flow hierarchy from iEC. The iEC analyses so far
have provided converging evidence that it could capture asilhouette
of hierarchical brain organization, including (1) a robust relationship
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signal flows (A) in these states compared to the resting state is presented as a

line graph, separately for positive and negative streams. Module-wise A values
were z-scored across the 27 modules and converted to two-sided P values; false
discovery rate (FDR) correction was applied separately to positive and negative
streams. *Uncorrected P < 0.05; ***P;p, < 0.05. Bottom: in the graph, the findings
of ‘decreased positive signal flow’and ‘increased negative signal flow’ are
bothrelated to enhanced hierarchy at the primary sensory and visual association
areas. Similarly, ® ‘decreased negative signal flow’ in the default mode area means
its diminished hierarchy during a tonic-pain condition, which may cause the
steepened hierarchy in this brain state.

between iEC patterns and FF/FB connectivity in the macaque brain
(Fig. 2e); (2) adifferent proportion of positive/negative signaling along
the sensory-association axis in the human brain (Fig. 4c,d); and (3)
the observation that the majority of negative signal flows occurred in
the heteromodal-to-unimodal pathways (Fig. 4e). These observations
collectively motivated a direct test of whether iEC could be used to
estimate cortical hierarchical level.

To answer this question, we adopted an established modeling
framework’, originally designed in macaque studies to quantify corti-
cal hierarchy from FF and FB connectivity. Although this framework
traditionally relies on histological data (for example, SLN values),
our preceding results suggest that the signed iEC matrix contains
analogous information from which we could infer directional signal
asymmetry (Fig. 5a). We therefore used the group-level iEC matrix asa
substitute for SLN to reconstructasignal flow hierarchy of the human
brain using this framework (see Supplementary Fig. 4 for replication
using held-out dataset).

Mapping this hierarchy revealed adistinct and organized structure
(Fig. 5b): primary sensory and motor areas occupy the lowest tiers,
whereas paralimbic cortices, such as the anterior cingulate, insular and
parahippocampal regions, are positioned at the highest levels of corti-
cal hierarchy. This pattern was partly comparable, yet remained distinct
from a well-established functional gradient®, a dimension-reduced
topographic map of undirected FC running on a sensory-association
axis (Fig. 5¢). Although the EC-based hierarchy was significantly cor-
related with the functional gradient (r= 0.34; P < 0.001), paralimbic
regions exhibited higher values exclusively in the EC-derived hierarchy
map. This emphasis on the paralimbic regions aligns with Mesulam’s
initial proposition®, in which these regions were conceptualized as a
‘neural bridge’ linking the neocortex and interoceptive areas monitor-
ingtheinternal milieu (Fig.5d). The validity of our EC-based hierarchy
map was further supported by post hoc cytoarchitecture and myelo-
architecture analyses (Extended DataFig. 7a). When cortical regionsin
Campbell’s atlas®® were sorted based on their hierarchical values, the
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pattern closely matched aknown hierarchy stream: from primary sen-
soryareastounimodal and heteromodal association areas and finally to
paralimbicareas. A significant correlation with myeloarchitecture (by
Nieuwenhuys’s atlas depicting a cortical myelin level®) was also found
(r=0.42; P<0.001), underscoring the relationship between the signal
flow hierarchy and its anatomical substrates®’.

Mostimportantly, our validation drew upon the seminal structural
model theory®, which posits that FF and FB connections depend on the
laminar structure of the connected areas. According to thismodel, FB
connectionstypically originate from areas with simpler laminar struc-
tures (‘agranular’ or ‘dysgranular’) and target areas with more elaborate
laminar structures (‘eulaminate’ or ‘koniocortex’), and vice versafor the
FF connections. Inspired by this theory, we tested our hierarchy map
by examining its whole-brain profile across different cortical types
(Fig. 5e). This analysis revealed a highly significant alignment (gen-
eral linear model; t=5.14; P< 0.001), with a progressive hierarchical
increase matching decreased granular layers (see Extended DataFig. 7b
for the result with the functional gradient). Finally, we reexamined
unconstrained signal flow after sorting cortical areas according to
Mesulam’s cortical zones. This analysis revealed that the progression
of signed signaling closely matched FF and FB motifs implied by the
hierarchy map (Fig. 5f): primary sensory and unimodal association
areas predominantly emitted positive signals, heteromodal regions
exhibited a more balanced mixture of positive and negative signal
flow and paralimbic regions were characterized almost exclusively by
negative signal emission.

State-dependent reorganization of signal flow hierarchy. Although
the hierarchy derived from aresting state showed compelling biologi-
cal evidence, it represents only a single brain state, characterized by
the absence of explicit environmental engagement. We therefore
asked whether this hierarchical structure stays stable across brain
states, or whether itis dynamically reconfigured to adapt to changing
contextual demands.

Totest this, we analyzed two additional fMRI datasets representing
major non-resting brain states. The first was acquired while watching a
movie (Forrest Gump), capturing an externally focused (exteroceptive)
state, and the second was scanned during the experience of tonic pain
induced by oral capsaicin eliciting aninternally focused (interoceptive)
state. For each state, we reconstructed the hierarchy using the same
procedure applied to the resting state. When directly correlating the
spatial pattern of whole-brain hierarchy, its global trend was largely
preserved in both movie-watching and tonic pain states compared
to the rest (Fig. 6a; r=0.46 and 0.64, respectively; both P<107). Yet,
scrutinizing the details of each state displayed itsidiosyncratic hierar-
chical changes (Fig. 6b). As previously shown, the resting state showed
amonotonically increasing hierarchy across the cortical zones. During
the movie-watching state, however, the primary sensory and unimodal
association areas showed an elevated hierarchy, whereas the hetero-
modal association and paralimbic areas exhibited an opposite pattern,
overall suggesting asignature of ‘flattened cortical hierarchy’, consist-
ent with recent findings from naturalistic fMRI®2. Signal flow analysis
provided a parsimonious account of this change (Fig. 6¢, left), in which
weobserved (1) anoverall decrease in positive signals from the primary
sensory areas and (2) reduced negative signals from paralimbic areas,
collectively resulting in less differentiated hierarchical levels across
the whole brain. This state-dependent reorganization during movie
watching suggests ashiftin cognitive load toward externally oriented
processes, asindicative of altered FF and FB signaling along the sensory
and attention pathways®>**,

In contrast, inthe sustained pain condition, we observed an oppo-
site pattern: a‘steeper’ hierarchy formed between the paralimbic and
non-paralimbicareas (Fig. 6b, pale purple). Again, signal flow mapping
provided a parsimonious account for this change, demonstrating a
decreased negative signal emission from the heteromodal association

areas (particularly from the angular gyrus; Fig. 6¢, right), which may
cause their hierarchy levels to diminish (thus resulting in a larger dis-
parity between the heteromodal and paralimbic areas). Unlike the
movie-watching state, this reorganization concentrated negative
signaling more strongly from the paralimbic system, which may reflect
the prioritization of an allostatic control to cope with sustained pain®.
Finally, despite these state-dependent shifts, a common motif per-
sisted across all three conditions: strong negative signal emission from
‘paralimbic/heteromodal to unimodal’ regions (especially from the
cingulate and orbitofrontal areas; Fig. 6a). Thus, although the broad
spatial backbone of functional hierarchy is partly preserved across
states, the degree of hierarchy and its detailed functional dynamics
are flexibly reweighted according to external and internal dynamics.

Discussion

Ever since Hubel and Wiesel’s discovery in the visual cortex®, func-
tional hierarchy has been a central topic in systems neuroscience,
serving as a primary basis for studying the principle of neural infor-
mation flow. Although early studies focused on sensory hierarchy®,
over the last two decades this notion has expanded to emphasize its
whole-brainrepresentation spanning from sensorimotor to association
areas>**%°"% In this study, we reconstructed asignal flow hierarchy of
the human cerebral cortex in a fully data-driven manner by analyzing
different brain states across multiple fMRI datasets. Given that the
hierarchy isinherently organized by ‘directed’ FF and FB pathways"*,
we employed macroscale EC, linearly combining the results of existing
individual algorithms (iEC). This collective inference not only boosted
theaccuracy of directionality estimation but also revealed interesting
relationships between signed (positive and negative) connections
and histologically derived FF and FB pathways, providing a crucial
hint to infer a hierarchical structure fromin vivo fMRI. Our signal flow
hierarchy showed strong alignment with the spatial distribution of
hierarchy-indexed cytoarchitectonic and myeloarchitectonic features
and the laminar proportion of granular cells, effectively recovering the
‘sensorimotor-association-paralimbic’ axis originally proposed in
Mesulam’s cortical zone. Moreover, this functional axis does not always
adheretothe same hierarchy observed at restbut reorganizes dynami-
cally according to brain conditions, potentially enhancing behavioral
adaptability to rapidly changing environments. Our findings offer a
new avenue to quantitatively probe state-dependent neural informa-
tion flows along the biologically validated signal flow hierarchy inboth
typical and atypical human brain conditions.

The idea that fMRI-based iEC enables the estimation of cortical
hierarchy was builtupon multiple observations onouriEC profilesand
theirinterpretationin light of previous literature. Traditionally, the FB
connections (for instance, those between the cortex and thalamus)
were primarily considered to exert a modulatory (often inhibitory)
effect, refining bottom-up sensory information®’°, However, emerging
evidence indicates amore active role of FB connections, notonly asa
modulator butalso asadriver increasing neural activity (excitatory)”’?,
especially for hierarchically proximate cortical areas**°. In contrast to
such mixed neurophysiological effects of FB, FF connections have been
almost exclusively associated with excitatory effects on the targeted
area (but see recent perspectives’). For example, experimentally
silencing macaque V1 through cooling strongly suppresses neural
activity across hierarchically connected areas from V2 to V5/middle
temporal, highlighting the driving role of FF pathways™”.

Importantly, these distinct excitatory-inhibitory patterns
between FF and FB connections also seem observable in our macro-
scale iEC profiles, assuming that positive iEC generally represents an
excitatory effect, whereas negative iEC relates more to an inhibitory
effect. Parallel to this notion, when associating the sign of iECand SLNs,
a histological metric quantifying the degree of FF and FB pathways in
the macaque brain, we found a unique ‘signed iEC asymmetry’ gradi-
ent: FF connections, as determined by SLN, showed adisproportionate
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ratio of positive iECs, whereas FB connections additionally exhibited a
marked increaseinnegativeiECs, resulting in a more balanced distribu-
tion. Asimilar asymmetry gradient was observed inthe human brain, in
which low-level sensory areas, key sources of FF signaling”’®, showed a
dominant proportion of positive iECs, whereas the higher-order asso-
ciationareas (major sources of FB signaling’”’®) displayed progressively
enhanced negative iECs. This cross-species convergence, together with
the hypothesized role of FF and FB connections, suggests that despite
itsmacroscale nature derived from fMRI, iEC may contain biologically
meaningful signals to infer the trace of FF and FB connections, provid-
ing a testable ground to reconstruct the functional hierarchy in vivo.

Our iEC-based method revealed several biologically noteworthy
findings in hierarchy mapping. First, compared to the widely used con-
nectome compression approach (functional gradient®), which places
the default mode network at the apex of the hierarchy, our iEC-based
hierarchy map emphasizes the paralimbic regions to characterize a
hierarchical stream of the human brain, paralleling Mesulam’s original
proposition’. This suggests that although many studies currently frame
the sensory-to-association axis as a major functional organization
principle, the axis should also incorporate the interoception-related
cortical areas as yet another pivotal anchor. This finding highlights the
importance of homeostatic and allostatic regulation of the internal
environment in goal-driven interactions with the external world and
issupported by our observation onthe elevated paralimbic hierarchy
(with flattened hierarchy elsewhere) during the tonic pain condition
(Fig. 6b), suggesting that the brain may inherently prioritize interocep-
tive over exteroceptive inputsin certain contexts. Second, the validity
of our hierarchy was corroborated by histological architectural maps®*
and cortical type analysis based on the ‘structural model of laminar
connectivity”®'. Notably, when we compared this hierarchy to the one
reconstructed based only onthe positiveiEC (thus attributing their dif-
ference to negativeiECs), the paralimbic areas with a diminished lami-
nar organization (dysgranular and agranular cortices) exhibited the
largest hierarchy changes across the entire brain (Extended DataFig. 8),
suggesting asubstantial contribution of negative iECs in capturing the
properties of hierarchically higher-order cortical regions, particularly
their potential FB modulation effects.

Our findings underscore theimportance of dynamic and flexible
reconfiguration of the signal flow hierarchy according to brain states.
This phenomenon, termed ‘state-dependent hierarchical reorganiza-
tion’, is critical for adaptive brain function. Despite the largely static
nature of its ‘anatomical’ hierarchy, the state-dependent mechanism
enables transient reconfiguration of the large-scale functional architec-
ture, allowing the brain to effectively respond to moment-by-moment
environmental and task-related changes, thereby enhancingits overall
viability. Notably, a seminal study” had already conjectured this possi-
bility: ‘Another possibility is that a hierarchy exists onlyinaloose sense,
forinstance, at the level of the different cerebral lobes, but not in any
precisely definable manner for individual cortical areas’. Drawing an
analogy with human societies, *...Some organizations have an utterly
rigid hierarchy, in which every individual knows precisely his or her
place within a pecking order. Others are less well defined... may be
inherently fluid and context dependent, in that one person ranks above
anotherinone particular circumstance but below the otherin another
circumstance’. Our discovery of state-dependent reorganization offers
new insightsinto how the brain forms such acontext-dependent corti-
calhierarchy, with the flexibly elevated or flattened hierarchy in specific
cortical regions across different environmental contexts exemplifying
this phenomenon. This will provide a critical hint for understanding
functional brain adaptability, especially when implementing biologi-
cally more detailed circuit mechanisms such as neuromodulatory
controls via cortico-subcortical loops”.

Beyond the biological implications, our findings also offer meth-
odological insights for large-scale network simulations of the human
brain, afield recently garnering great attention in computational and

clinical neuroscience®®®'. Although a previous study focused on bio-
physical parameters governing ‘local’ dynamics (for example, recurrent
excitatory and inhibitory-to-excitatory connections)®, recent evi-
denceincreasingly indicates that area-specific properties of long-range
connections are also critical in shaping macroscale dynamics®***. In
parallel, our findings highlight the role of heterogeneous connec-
tional topology and properties, such as the embedding of cortical
hierarchy, directed signal flows and their weighted signs, in simulating
more brain-like functional dynamics. Indeed, our post hoc analysis
showed that ‘negative’iECs, despite their substantially weak strength,
are essential for capturing cortical hierarchy in paralimbic regions
(Extended Data Fig. 8). Amid ongoing debates regarding the role of
macroscale inter-areal connections in shaping spatiotemporal brain
activity patterns®#, our study underscores the necessity of accounting
for heterogeneity in global connectivity structures, an aspect largely
overlooked in previous modeling research.

Pioneered by Friston et al.in 2003, EC has evolved to encompass
conceptssuchasdirected FC and information flow®, Although decades
of methodological advances have produced a proliferation of algo-
rithms for estimating directionality, overabundant methods—each
tailored to specific modeling assumptions or limitations—have made
it difficult for researchers to select the most appropriate approach
for their scientific questions. Developing a unified framework rather
thanyetanotherisolated algorithmis thusacritical step forward, sup-
ported by a comparative study showing that simultaneously leverag-
ing diverse statistical measures provides a more robust approach to
dependence estimation than any single metric®. Our framework rests
ontwo key properties: (1) ECalgorithms empirically and theoretically
cluster into distinct methodological categories and (2) algorithms
within the same category exhibit high redundancy, whereas those
across categories offer complementary information. For example,
dynamical-systems-based algorithms produce dense Gaussian-like
edge distributions, whereas graphical-model-based algorithms yield
sparser ones with heavy-tailed distributions. Even within graphical
models, the multivariate (for example, FASK) versus pairwise (for exam-
ple, LINGAM) distinction—reflecting whether indirect, multi-hop path-
ways are considered—further modulates EC-matrix sparsity. Crucially,
our data-drivenintegration exploits these topological characteristics
in a context-dependent manner: it does not simply rank these algo-
rithms but adapts to the objective. For example, to reconstruct dense
anatomical architectures (such as FLN), the framework prioritizes
the high-sensitivity pairwise algorithm (LINGAM), maximizing edge
recovery. Conversely, to simulate complex brain dynamics—in which
false-positive connections are likely detrimental to model fidelity—the
framework shifts toward the high-specificity multivariate algorithm
(FASK), whichrigorously prunes redundant pathways. Thus, the inte-
gration weights function as a sophisticated mechanism, selecting a
minimal and complementary set of algorithms optimized for the spe-
cificbiological context. This approach shows superioraccuracy across
parcellation schemes and species (human and macaque) and recovers
bothstatic and dynamic features of empirical brain datain whole-brain
simulations. Together, our framework offers a streamlined, cohesive
pathway for EC mappingin the human brain.

Several limitations should be acknowledged. First, region-specific
variability in hemodynamic response function (HRF) can theoreti-
cally confound directed connectivity estimates. Although spatialand
temporal averaging of macroscale fMRI may linearize signal dynamics
and partially mitigate this effect, neurovascular coupling remains a
concern; higher-resolutionimaging or multimodal data (for example,
concurrent electroencephalography-fMRI) will be essential to separate
intrinsic neuralinteractions from vascular confounds. Second, unlike
resting or tonic-pain conditions, movie watching involves correlated
audiovisual inputs that caninduce spurious coactivations*’. Although
this shared variance could distort connectivity estimates, it may also
reflect genuine multimodal integration driving signal-flow-hierarchy
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reorganization toward external demands; explicit stimulus-feature
models (for example, movie-encoding analyses) will help disentangle
input-driven synchrony from exteroception-induced signal propaga-
tion. Third, our linear weighting strategy, although preserving topolog-
ical properties, computational efficiency and interpretability, may miss
some nonlinear interactions among algorithms. Finally, we excluded
subcortical structures (for example, thalamus and hippocampus)
because Barbas’s structural model—the theoretical basis for hierarchy
construction—is cortex-centric, relying on laminar-specific FFand FB
projections. Moreover, owing to the characteristic low signal-to-noise
ratio of fMRI signals in deep brain structures, iEC profiles computed
over the entire brain showed almost negligible EC magnitudesinthose
areas, yielding a cortical hierarchy map virtually identical to the one
including subcortical structures (correlation between maps with and
without subcortices; r=0.96). Future studies using higher-gradient
field MRI data may scrutinize the effects of subcortical structures on
iEC mappingin greater depth.

Online content
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maries, source data, extended data, supplementary information,
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Methods

Data acquisition

Macaque tract-tracing data. For gold-standard directional valida-
tion, we leveraged macaque tract-tracing data from a previous study*.
The tracersinjected into specific cortical targets were transported to
neuron cell bodies across the brain, except the injection site. These
neurons, termed labeled neurons (LNs), were quantified in source
areas projecting to the target. Connection strength was defined as
FLN: source area LNs divided by total LNs, excluding the injection
site. This dataset also provides SLNs, which indicate the proportion
of LNs in layers Il and IIl. This ratio characterizes the FF nature of the
connections"’: ahigher (or lower) SLN indicates that the cortical region
predominantly involves FF (or FB) pathways.

Macaque neuroimaging data and preprocessing. We also analyzed
3-Tresting-state fMRIdatafrom19 anesthetized macaques in PRIME-DE
database (University of California, Davis site)*. Data were acquired
using a Siemens Skyra scanner with a four-channel clamshell coil
(1.4-mm isotropic voxels; repetition time (TR) =1,600 ms, echo time
(TE) =24 ms and field of view (FOV) =140 mm). We preprocessed the
MRI data using the HCP minimal preprocessing pipeline’’, encom-
passing gradient and susceptibility distortion correction, motion
correction, cortical surface reconstruction, surface resampling to a
standard tessellated mesh and alignment to a grayordinate space. The
fMRI time series were denoised using 12 motion-related regressors
plus derivatives and five principal components from white matter and
ventriclesand their derivatives (32 regressorsintotal), then high-pass
filtered at 0.008 Hz.

Human neuroimaging data and preprocessing. Three human fMRI
datasets were analyzed: resting, movie watching and tonic-pain states.
For resting state, we analyzed the S1200-release data from HCP and
retained 440 participants after excluding excessive motion (mean
framewise displacement > 0.2 mm; mean age 28.8 years; 245 females).
For movie watching, we used the data‘StudyForrest” and retained 13
participants, excluding two participants with excessive head motion
(mean framewise displacement > 0.2 mm; mean age 29.4 years; six
females). Finally, for tonic-pain state, we reused data from a previous
study®?, including 48 participants (mean age 22.8 years; 21 females)
after excluding four participants who reported higher avoidance rat-
ings during the control run than during the capsaicin run and one
participant with insufficient MRI brain coverage.

HCP datawere acquired on a3-T Siemens Connectome Skyra with
a 32-channel receive head coil. T1-weighted structural images were
acquired with 0.7-mmisotropic voxels (TR =2,400 ms, TE = 2.14 msand
FOV =224 mm x 224 mm). The StudyForrest data were acquired while
participants watched the movie, Forrest Gump, on 3-T Philips Achieva
dStream scanner with a 32-channel head coil. T1-weighted structural
images were captured with 0.67-mm isotropic voxels (TR=2,500 ms,
TE=5.7 ms and FOV =191.8 mm x 256 mm x 256 mm). In the tonic
pain dataset, capsaicin-rich hot sauce was applied to participants’
tongues while they continuously rated pain intensity during a20-min
scan. T1-weighted structural images were acquired on a 3-T Siemens
Prisma scanner with a 64-channel head coil (0.7-mm isotropic voxels;
TR=2,400 ms, TE =2.34 msand FOV =224 mm x 224 mm).

fMRI preprocessing. Our fMRI preprocessing adhered as closely to
the original HCP pipeline’® as possible across all datasets to maintain
consistency. These included correction of spatial and gradient distor-
tions and head motion, intensity normalization, bias-field removal,
registration to T1-weighted structural images and transformation to
2-mm Montreal Neurological Institute (MNI) space. Structured noise
was removed with ICA-FIX for HCP data®. For the movie-watching and
tonic pain datasets, we employed ICA-AROMA, which operatesonacon-
ceptual basis similar to ICA-FIX but is designed for general (non-HCP)

datasets. In addition, we regressed out the mean cerebrospinal fluid
and white matter signals and high-pass filtered the data at 0.008 Hz.
Parcel-level time series were computed by averaging the time series for
every vertex within each region of the Schaefer-100 or MMP-360 atlas.

Diffusion MRI and SC. To construct an SC matrix for a simulation
purpose, we employed independent HCP Q3 diffusion-weighted MRI
from 86 young adult participants. The detailed information on the
magnetic resonance sequences and preprocessing pipelines is thor-
oughly documented in the original paper®.

After the preprocessing steps, we first estimated fiber orientation
distributions from diffusion-weighted MRI with multishell, multitis-
sue constrained spherical deconvolution in MRtrix3%. We then ran
a deterministic tractography algorithm to construct the tractogram
fromthe estimated fibers, employing the algorithm’s default settings
(except for maximum streamline length (250 mm) and number of
streamlines (five million)), and performed SIFT2 filtering’®. Group-level
SCmatrices were then generated by counting streamlines between the
parcels in both Schaefer-100*® and MMP-360 atlases and averaging
them across subjects.

ECalgorithms

In this study, we included a diverse set of nine EC algorithms
(Extended Data Table 1), each previously benchmarked for their
ability to estimate directionality and representing the field’s major
methodological paradigms.

Rather than developing a new algorithm, we unified existing
approachesintoa cohesive, generalizable framework to leverage their
complementary strengths (iEC). A cornerstone of this framework is a
new taxonomy that classifies these algorithms into two principal fami-
lies: (1) dynamical systems and (2) graphical models. This classification
is substantiated not only by their distinct theoretical assumptions but
also by empirical, data-driven clustering of the EC results from each
algorithm (Extended Data Fig.1).

Dynamical systems category. Dynamical systems methods assume
that observed brainsignals are generated by interacting components
evolving over time. These models formalize interactions through dif-
ferential equations, oftenin continuous time. Directional influences are
embedded in the system’s temporal evolution, allowing directionality
tobeinferred fromhow past activity shapes future dynamics. Because
they explicitly track how regional activity evolves in response to oth-
ers, they inherently accommodate recurrent interactions such as FB
loops. Moreover, by modeling the magnitude and sign of influence,
they represent both excitatory and inhibitory effects between regions.

(1) rDCMV is acomputationally efficient implementation of
DCM thatinfers directed interactions by fitting a Bayesian
linear regression model in the frequency domain. Assuming
afixed canonical HRF, this algorithm simplifies an underlying
generative model, yet performs comparably to spectral DCM,
particularly for resting-state fMRI data.

(2) VAR¥isalinear autoregressive model that estimates direc-
tional influence by assessing how past activity in one region
predicts future activity in another. We applied a first-order
VAR model, following previous studies showing limited gain
from higher orders given the low temporal resolution of
fMRI". To reduce overfitting, we applied L2 regularization to
the least-squares estimation of the VAR coefficient matrix.
The regularization parameter A was optimized using a training
dataset to maximize predictive accuracy with respect to the
ground-truth target (for example, FLN in the macaque data),
as shown in Supplementary Fig. 5.

(3) MVGC* extends VAR by testing whether adding the past activ-
ity of one region improves the prediction of another region’s

Nature Neuroscience


http://www.nature.com/natureneuroscience

Article

https://doi.org/10.1038/s41593-026-02389-8

future activity. Specifically, it compares a full model, which
includes both the target region’s own past activity and that

of the potential source region, with a restricted model that
includes only the target region’s own history. A significant im-
provement in prediction by the full model indicates a directed
influence from the source to the target region.

Graphical models category. Graphical models estimate directional
dependencies among brainregions by analyzing statistical relation-
ships, without assuming temporal order or agenerative mechanism.
They operate on contemporaneous statistical structures—pairwise
or multivariate—to identify the minimal set of direct interactions
explaining the observed dependencies. Directionality is inferred
using statistical criteria such as conditional independence (for
example, absent connections given a third region), non-Gaussianity
in marginal distributions and score-based searches (for example,
Bayesian information criterion, shortly BIC) over candidate graphs
to optimize model fit and parsimony. These principles enable con-
structing sparse, interpretable directed networks even without
temporal resolution.

(1) FASK?is a two-step algorithm that first identifies adjacencies
using conditional independence testing and then orients
edges based on skewness in the joint distribution. It supports
FB loops and works efficiently on high-dimensional data.

(2) CCD"isamethod thatidentifies directed connections by
checking whether dependencies remain after conditioning
on subsets of the remaining regions. Loss of dependence
suggests indirect or mediated relationships. Unlike classical
Bayes-net algorithms, CCD does not assume acyclicity, allow-
ing the recovery of cyclic (recurrent) pathways.

(3) BOSS"“isascore-based algorithm that searches over variable
ordering to identify the most plausible causal graph. For each
ordering, it constructs a directed graph by regressing each
node on its predecessors and evaluates the result using a pe-
nalized likelihood score (for example, BIC). This method bal-
ances model fit and sparsity and accommodates both acyclic
and cyclic structures.

(4) IndirectLiNGAM*, the model assumes linear relations and
non-Gaussian noise to uniquely identify a directed acyclic
graph. It infers causal order by iteratively identifying exog-
enous variables and removing their influences from the data.

(5) GRaSP*isan algorithm that estimates sparse directed net-
works by iteratively adding or removing edges while optimiz-
ing a scoring function (for example, BIC). GRaSP allows mini-
mal cyclicity and is particularly effective in high-dimensional
settings in which sparse connectivity is expected.

(6) Patel’s T*is a pairwise asymmetry-based measure that infers
directionality by evaluating how often an activity in one
region is accompanied by an activity in another, relative to the
reverse pattern.

For graphical models with binary outputs, we employed a sub-
sampling ensemble to obtain stable continuous estimates. Following
Bithimann and van de Geer”, we generated 100 graphs per algorithm
using random subsamples of size N/2, drawn without replacement from
the full fMRI time series of length N. We then averaged the resulting
graphs. Therefore, each edge weight reflected selection frequency
across subsamples.

All graphical models (except Patel’s 7) were implemented using
the Tetrad toolbox (https://github.com/cmu-phil/tetrad), which
provides standardized implementations of graphical algorithms.
To ensure comparability, we used the BIC score with a penalty value
of 2 for all Tetrad-based algorithms'®***, Other algorithm-specific
parameters were left at their default values as provided by the
Tetrad developers.

iEC framework. Finally, we performed an integration of the results
fromindividual EC algorithms to construct the iEC:

M=

. 1
iEC = P 1/3,, EC,

The B coefficients were determined by Bayesian optimization to
maximize the objective function p:

p* = argmax p(iEC,T)

B={ By>---:Bn}

where p denotesthe correlation betweeniEC and target matrix 7. This
target matrix differed across validation stages: (1) the FLN matrix for the
macaque analysis; (2) synthetic directed SC for the simulation analysis;
and (3) empirical human fMRIsignal properties for the human analysis.

Evaluation framework and signal-level modeling

Next, we evaluated individual EC algorithms and iEC in three stages.
First, macaque ECs estimated from resting-state fMRI were compared
with anatomical connectivity derived from gold-standard tract trac-
ing (FLN) to test the recovery of biologically validated directionality.
Second, we generated synthetic directed networks by rewiring diffu-
sion MRI-based SC using the ‘randmio_dir_connected.m’ function in
the Brain Connectivity Toolbox’®. For each realization, 20% of edges
werereassigned while retaining connectedness and preserving degree
and clustering structure (pre-rewiring and post-rewiring correlations:
r> 0.9 for clustering coefficient and r> 0.78 for degree distribution).
These ground-truth directed networks were then used as coupling
matrices to generate oscillatory dynamics via the Hopf model, and
EC estimates from the simulated signals were compared back to the
ground-truth directed networks. Third, EC estimates inferred from
the resting-state fMRI of the human brain were used as long-range
coupling matricesinthe Hopf model and evaluated based on how well
the simulated signals reproduced the functional characteristics of
empirical fMRI. Specifically, we computed a composite score, defined
as ‘Pearson correlation between empirical and simulated FC’ minus ‘KS
distance between their FCD distributions’ (overall fit = r - KS).

Hopf whole-brain model. In the simulation-based validation steps,
whole-brain signals were generated using the Hopf model. Local
dynamics were modeled with Landau-Stuart oscillators, coupled
through along-range connectivity matrix:

dx;

Ttl =[a;—x? = y?|x; = w; 3, + G Y, Gy (x; — x ;) + € (¢)
J

dyi _ 2 2

o == =Y+ exi+ GG (i =y ) + eni ()
7

Here, x; and y; are state variables describing the local oscillator
for region i; a;is a bifurcation parameter set to —0.01 for all regions
to place them near the Hopf bifurcation point; w; is an intrinsic fre-
quency of each node, empirically estimated from the peak frequency
of its time series; G is a global scaling parameter; C; is a connectivity
matrix (either synthetic SC or EC depending on the analysis); and n,(t)
represents additive Gaussian noise with amplitude €= 0.02. Simula-
tions were integrated with the Euler-Maruyama method (d¢ = 0.1).
Hyperparameter settings followed a previous study®, and the simula-
tion duration matched the empirical fMRI signal after discarding an
initial burn-in period.

Balanced excitation-inhibition model. To test whether the simulation
results by the Hopf model could be replicated using amore biologically
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grounded model, we also implemented the balanced excitation-inhi-
bition model®. This neural mass model includes local excitatory and
inhibitory populations within each brain region, governed by synaptic
conductances mediated by N-methyl-D-aspartate and y-aminobutyric
acidreceptors. Afeedbackinhibition control mechanismstabilizes local
circuitdynamics by maintaininginhibitory firing rates at -3 Hz. Regional
interactions are mediated by long-range connectivity, and simulated
BOLDsignals are generated using the Balloon-Windkessel hemodynamic
model. Fixed parameters followed those ina previous study®’, and free
parameters were tuned to match large-scale empirical signal properties.

Cross-validation strategy. To ensure out-of-sample generalizability of
our findings, we separated the training and test data at each validation
stage. Formacaque data (N=19), we used 8-train/11-test split. For the simu-
lation analysis, we generated 100 independent whole-brain simulations
and split them into 20:80 training/test datasets. For the human brain,
datafrom 220 HCP participants were used for training, and datafroman
independent set of 220 participants were used for testing. Bayesian opti-
mizationwas performed using MATLAB’s ‘bayesopt.m’, which constructs
aprobabilistic surrogate model (typically aGaussian process) to balance
exploration and exploitation while searching for the optimal values.

HRF deconvolution. To assess the influence of regional hemodynamic
variability on EC estimates, we performed a post hoc control analysis
using the data-driven HRF deconvolution method used in a previous
study*®. This method detects spontaneous large-amplitude BOLD tran-
sients as pseudo-events, estimates region-specific and subject-specific
HRFs with a time-shifted general linear model with canonical basis
functions andrecoverslatent neural signals by Wiener deconvolutionin
the frequency domain. We repeated the EC analysis onthe deconvolved
signals and compared them with the original BOLD-based results.

Neuroanatomical data

Cortical types. To validate the biological significance of our EC-based
hierarchy findings, we used cortical-type information based on the
reevaluated von Economo’s micrographs’. These data capture laminar
complexity, including the development of layer 1V, relative prominence
of superficial versus deep layers, subdivision of layers, sharpness of
laminar boundaries and the presence of large pyramidal neurons in
superficial layers. The cortical types assigned to each brain areabased
onthis laminar information range from highly laminated koniocortical
and eulaminate cortices to dysgranular and agranular regions with
progressively reduced laminar differentiation. To assign cortical types
tothe MMP-360 atlas, we used the Brodmann cortical atlas along with
the cortical-type annotations presented in a previous study’. We then
projected this annotated Brodmann atlas to the MMP-360 atlas. We
tested thelinear relationship between cortical types and our EC-based
hierarchy levels using the ‘fitglm.m’ functionin MATLAB.

Cytoarchitecture and myeloarchitecture. We further correlated the
finding of whole-brain hierarchy with cytoarchitectonic information
according to a cortical parcellation of the Campbell atlas®. This atlas
delineates 17 distinct cortical regions using histological differences
in laminar structure and is largely consistent with Mesulam’s organi-
zational scheme’. For the myeloarchitecture, we used the cortical par-
cellation of the Vogt-Vogt legacy data described ina previous study®.

Mesulam'’s cortical zone. The foundational cortical zones (limbic,
paralimbic, heteromodal association, unimodal association and pri-
mary sensorimotor) were originally established in the macaque brain.
Mesulaminferred the human homologs of these zonesinthe Brodmann
atlas by leveraging evidence of cytoarchitectonics, electrophysiologi-
calrecordings, functional imaging and the behavioral effects of focal
lesions’. We mapped this Brodmann-based annotation onto the MMP-
360 atlas and subdivided its 22 modules into 27 while preserving the

originalboundaries of the MMP. This was used to visualize and interpret
the whole-brain signal flows across different brain states.

EC profiling

Below, we describe three methods that we used to profile the net-
work characteristics of the whole-brain EC, including connectome
profiles, signal flows and the functional hierarchy estimation of the
cerebral cortex.

Degree and positive/negative EC ratio. For connectome profiling,
we measured weighted in-degree and out-degree from EC matrix, with
columns as sources and rows as targets:

N N
In—degree (i) = ) |[ECy| Out—degree (j) = Y |[ECy]
=i p=t

We further computed the proportion of each signed EC (positive
and negative). For in-degree:

N

> I(EC; >0

Positive ratiojn.gegree () = #
_— - TLI(EC <0)
Negative ratioj,.gegree () = —————

N

where /is an indicator function that yields 1 if the connection meets
the given condition. Out-degree ratios were computed in the same
way. Similarity between the target matrices (for example, synthetic
directed SC) and inferred ECs was quantified with Pearson correlation
using MATLAB’s ‘corr.m’, with FDR correction for multiple comparisons.

Signal flow analysis. To model unconstrained signal propagation on
the EC matrix*’, we first normalized the EC matrix:

EC

EC= —————
AEC)ax + €

-1

Here Ais the largest eigenvalue of the EC matrix, c=1to ensure
system stability and /denotes the identity matrix. Signal propagation
was then simulated with the linear dynamical system x = ECx(t). For
visualization, node-level flows were summarized within the MMP-22
modules, or MMP-27 modules when profiling them across Mesulam’s
hierarchy subdivisions.

Data-driven iEC-based hierarchy estimation. Finally, we estimated
cortical hierarchy using amodel adapted from the macaque studies’.
Inthe original framework, the proportion of supragranular projections
(SLN) predicts the hierarchical distance between the source and target
areas"'?’, Motivated by a series of findings implicating the potential
relationship between the signed iEC and FF and FB pathways, we sub-
stituted the SLN with iEC and fit the general linear model:

g(E[EC;])=6,-6;

where 6;is the hierarchical level of areaiand gis alink function relating
the expected EC; to hierarchical distance. In matrix form:

g(ELYD = X0

where Y is the vectorized EC matrix, 0 is the vector of hierarchical
levels and Xis the incidence matrix describing source-target relations
constructed from the EC. Following a previous study'®°, we set the link
functiongtotheidentity function and solved the equation using least
squares. Before fitting, we retained the top 15% of absolute EC weights
to balance a trade-off between sensitivity and specificity. The overall
hierarchy pattern was stable across thresholds (Supplementary Fig. 6).
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Assessment of state-dependent hierarchy changes. To examine the
state dependence of functional hierarchy, we repeated the hierarchy
estimation across different brain conditions using the movie-watching
and tonic-pain datasets, which have been preprocessed with the same
pipeline applied to resting-state data. We then quantified their differ-
ences in positive/negative signal flow across the MMP-27 modules.
Differences (for example, positive out-degree difference between the
movie-watching and resting states) were standardized as zscores, and
significant modules were identified using one-tailed (a = 0.05) and
two-tailed (a = 0.025) thresholds.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

This study analyzed previously released datasets and atlas resources
together with one restricted dataset. HCP S1200 resting-state
and diffusion MRI data are available via ConnectomeDB (https://
db.humanconnectome.org/). StudyForrest movie-watching data are
available via StudyForrest (https://www.studyforrest.org/). PRIME-DE
macaque MRIdatafromthe University of California, Davissite are available
via PRIME-DE/NITRC (https://fcon_1000.projects.nitrc.org/indi/PRIME/
ucdavis.html). Macaque tract-tracing FLN/SLN data are available via
https://github.com/seanfw/macaque_hierarchy. The cytoarchitectonic
datausedinthis study were based on the Campbell atlas reconstructions®”
andareavailableviahttps://github.com/ggsegverse/ggsegCampbell. The
myeloarchitectonic dataare available via https://github.com/NOEL-MNI/
noelMyelin. Cortical-type annotations were derived from a previous
study’ using published atlas information as described in Methods. All
processed derivative datanecessarytoreproduce the analyses and figures
reported in this study are available via https://github.com/COMBINE-
SKKU/SignalFlow_Hierarchy. The tonic-painrawimaging datausedinthis
study are not publicly available. De-identified datamay be made available
from the corresponding authors upon reasonable request, subject to
institutional approval and any applicable data use agreements. Source
dataare provided with this paper.

Code availability
The custom code used for iEC estimation, signal flow analysis,
hierarchy estimation, whole-brain simulations and figure genera-
tion is publicly available via https://github.com/COMBINE-SKKU/
SignalFlow_Hierarchy.
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Extended Data Table 1| Summary of EC algorithms used in the iEC framework

Method 1st Category 2nd Category Linearity Scope
rDCM Dynamical systems Dynamic causal Linear Multivariate
models

VAR Dynamical systems Lag-based Linear Multivariate
MVGC Dynamical systems Lag-based Linear Multivariate
CCD Graphical model Hybrid Nonlinear Multivariate
FASK Graphical model Hybrid Linear Multivariate
BOSS Graphical model Bayes Net Linear Multivariate
GRaSP Graphical model Bayes Net Linear Multivariate
DirectLINGAM Graphical model Hybrid Linear Pairwise
Patel's T Graphical model Hybrid Nonlinear Pairwise

Each algorithm is categorized by its primary modeling class, methodological subtype, whether it assumes linear or nonlinear interactions, and whether it operates in a multivariate or pairwise
manner.
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Extended Data Fig. 1| Similarity of EC patterns across algorithms in macaque
and human fMRI datasets. Pairwise Pearson correlations were computed
between EC matrices derived from 9 algorithmsin the macaque fMRI dataset
(N=19 macaque subjects) and 8 algorithms in the human fMRI dataset (N = 220
human participants), using both Schaefer-100 and MMP-360 parcellations.

The macaque analysis included all 9 algorithms, whereas MVGC was excluded
from the human analyses owing to its susceptibility to hemodynamic response

CCD

Human fMRI (N=220)
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function (HRF) variability observed in the macaque dataset. Heat maps indicate
Pearson correlation strength between algorithmic outputs (dark blue, low;
yellow, high). Across species and parcellations, the analysis revealed consistent
clustering of algorithms within theoretical families, notably among Dynamical
systems-based methods (for example, rDCM and VAR) and Graphical model-
based methods (for example, FASK, CCD and LiNGAM), providing empirical
support for the proposed taxonomy of EC algorithms.
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Extended Data Fig. 2| The impact of HRF deconvolution on the EC estimates.
To evaluate the influence of hemodynamic response function (HRF) variability
on ECestimation, we applied a blind deconvolution approach, designed to
remove region-specific HRFs from observed BOLD signals. a, Group-level
correlations between EC estimates obtained before and after HRF deconvolution
inthe macaque brain; each point denotes one algorithm (n = 9 algorithms). All
algorithms, with the exception of MVGC, exhibited high consistency (r> 0.8),
suggesting that most methods are robust to HRF variability. b, Scatter plots
comparing original and deconvolved iEC edge strengths for macaque (left) and
human (Schaefer-100 parcellation; right) datasets. Each dot represents a single

(full)  (top3)
directed connection. The strong correlations (r = 0.91for macaque; r= 0.87 for
human) indicate that the iEC framework is stable and resilient to HRF-induced
distortions. ¢, Accuracy of EC methods after HRF deconvolution, measured as
Pearson correlation with the ground-truth FLN in the independent macaque
test set (n =11 macaque subjects, biological replicates; one correlation value per
subject). Box plots: center line, median; box limits, 25th and 75th percentiles;
whiskers, most extreme points within 1.5x the interquartile range; all data points
are overlaid. d, Difference in accuracy before versus after HRF deconvolution
(original — deconvolved) for the same macaque test subjects. Points denote
individual subjects; black horizontal lines and error bars indicate mean + SEM.
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Extended Data Fig. 3| Comparison of the simulation results between the
Hopfmodel and the biophysical model. The functional connectivity (FC) and
functional connectivity dynamics (FCD) obtained from empirical data were
compared to those generated by each simulation model. a, For macaque data,
simulations used the group-level FLN matrix as the directed network backbone.
Each dot represents one FC edge, and red lines indicate least-squares linear fits.
Both models produced FC patterns that correlated with empirical FC, with the
Hopf model showing asslightly higher correlation (r = 0.56) than the balanced
excitation-inhibition (BEI) model (r = 0.54), as indicated by red linear fits. b,
FCD distributions were evaluated using cumulative distribution functions
(CDFs) of the lower-triangular elements of the FCD matrices; similarity to
empirical data was assessed using the Kolmogorov-Smirnov (KS) test. The Hopf

b Correlation with empirical FCD (macaque)
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model more closely matched empirical FCD (KS = 0.07) than the BElmodel
(KS = 0.25), with the two model distributions differing significantly (p=2.0x10%,
two-sample two-sided KS test comparing model-derived FCD distributions).
c,d, Same analysis asin (a,b), but applied to human fMRI (Schaefer-100). Here,
the simulations were based on group-level structural connectivity restricted
to the left hemisphere. The Hopf model again showed a higher correlation
withempirical FC (r= 0.48 vs. 0.44) and a better match to empirical FCD
distributions (KS = 0.09 vs. 0.24), with a significant difference between model
FCDs (p=1.31x10"%, two-sample two-sided KS test). These results highlight the
Hopf model’s sufficient validity to capture both static and dynamic features of
empirical brain activities across the two primate species.
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Extended Data Fig. 4 | Simulation-based validation of the iEC framework.

a, Optimized Ss derived from the training data across two parcellations
(Schaefer-100 and MMP-360), using n = 20 independently generated synthetic
directed networks per parcellation in the training set (computational replicates).
Each dot denotes one synthetic network. Box plots: center line, median; box
limits, 25th and 75th percentiles; whiskers, most extreme points within 1.5x the
interquartile range; all data points are overlaid. Asterisks denote significant
non-zero B values after one-sided ¢-tests with FDR correction; Schaefer-100 VAR,
P=2.94x107", LINGAM, P = 7.74x10"3; MMP-360 VAR, P = 7.40x107", LINGAM,
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the fulliEC model.

P=3.92x107°. b, Correlation between EC estimates and their directed-SC
ground truths in the testing data, with n =80 independently generated synthetic
directed networks per parcellation (computational replicates). Each dot denotes
one synthetic network. Box plots are defined asin a. The full iEC framework (8
algorithms) outperformed the best-performing individual algorithm at both
network resolutions (Schaefer-100 median r = 0.75; MMP-360 median r = 0.65;
two-sided Wilcoxon rank-sum test; P=9.39x1072 for both parcellations). The
reduced top-3 model (VAR, FASK and LINGAM) showed similar performance to
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Extended DataFig. 5| Validation of iEC framework using human fMRI

data (Schaefer-100 atlas). a, Distribution of optimized S values across 50
independent Bayesian optimization runs on the group-average from the
training set. Each dot represents one independent optimization run (n =50
computational replicates per algorithm). Box plots: center line, median; box
limits, 25th and 75th percentiles; whiskers, most extreme points within 1.5x the
interquartile range; all data points are overlaid. Asterisks denote algorithms
with significant contributions after two-sided ¢-tests with FDR correction; VAR,
P=3.12x10"°; FASK, P=3.74x1072. b, Overall fit scores of EC algorithm and iEC
evaluated ina held-out testing set (group-average from n = 220 participants;

computational replicates). The fit was computed as the static FC correlation
minus the FCD KS distance. Box plots are defined as in a.iEC variants (full model
and top-2 contributing algorithms) showed higher overall fit than individual EC
algorithms. ¢, Comparison of empirical and iEC-simulated FC/FCD. Left, each
dotrepresents one FC edge and the red line indicates the least-squares linear

fit. Middle, cumulative distribution functions (CDFs) of FCD from empirical and
simulated data; the vertical separation indicates the KS distance. Right, each dot
represents the mean time lag of one brain region, and the red line denotes the
least-squares linear fit. Group-averaged delay maps are shown on the cortical
surface.
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Extended DataFig. 6 | The iEC network profiling of the resting-state human
brain. a, Degree distribution of the iEC. Color bars indicate weighted degree
values. b, Positive-to-negative ratio of outdegree and indegree connections.
Color bars indicate the ratio scale, with cool colors denoting negative-dominant
regions and warm colors denoting positive-dominant regions. ¢, Distribution of
positive and negative incoming-connection ratios profiled according to the Yeo-
Krienen functional networks. Each dot represents one MMP-360 parcel assigned

0

to the indicated functional network (visual, n = 55; somatomotor, n = 55; dorsal
attention, n = 45; ventral attention, n = 48; limbic, n = 28; frontoparietal, n = 46;
default mode, n = 83). Box plots: center line, median; box limits, 25th and 75th
percentiles; whiskers, most extreme points within 1.5x the interquartile range;
all data points are overlaid. Red indicates positive-connection ratio and blue
indicates negative-connection ratio.

Nature Neuroscience


http://www.nature.com/natureneuroscience

Article https://doi.org/10.1038/s41593-026-02389-8

a Comparison with cyto- and myelo-architectures b Functional gradient and cortical types
Functional gradient 10 o ot ; 1
10} o 8 ]
K < - N
- (7} H '
3 < 3 4 g 1
S ) Cortical types 5 E
& A Lo & T ;
5% 8 s* i 4
‘ 2210
(&) w
o

o g ~ e Y 1
o J 777 Y u .
. H 7 yF 57, ; : ¢ 1
£ . 5 ] “~ o 3 Koniocortex Y e oA 1
! . . 0
Le . ’ w===Eulaminate-lIl
ore TR R o | N N

P R
Eulaminate-Il & & 3¢ 3¢
& @ @

?@ @5\;; *:: ;“\::\ S “:f @05°\@ \"«\vo °(\6°Q‘°Q?'°<\&\v:&3“° @\“\v “"&d‘(\v\& ° Myelinaticm1 Sglue (inversed) 0 EE)‘;:;T;:?J(IZI %&{\\ (&\&\\‘\ @N&(\ Q/\a\""(\\ 0\\6‘3‘ \>9
Agranular

Extended Data Fig. 7 | Functional gradient measured using cortical type atlas. within 1.5x the interquartile range; all data points are overlaid. Right, association
a, Left, iEC-based hierarchy values displayed for parcels grouped according to between parcel-wise hierarchy values and inverted myelination values; each
the 17 Campbell cytoarchitectonic regions. Each dot represents one MMP-360 dot represents one parcel with a valid myeloarchitectural estimate (n =319 valid
parcel assigned to the indicated Campbell region (Precentral, n = 9; Postcentral, regions). The solid line indicates the least-squares linear fit (Pearson r = 0.42,
n=4;Audiopsychic, n = 6; InterPrecentral, n = 47; InterPostcentral, n =10; two-sided P=1.18x107. b, Functional connectivity gradient values across
Visuopsychic, n=23; Visuosensory, n = 6; LimbicC, n= 6; Temporal, n=98; cortical types. Each dot represents one MMP-360 parcel assigned to the indicated
Audiosensory, n =9; Frontal, n =36; Parietal, n=46; Insula, n = 9; Prefrontal, cortical type (koniocortex, n = 6; eulaminate-Ill, n = 116; eulaminate-Il, n = 145;
n=14;LimbicA, n=35; Olfactory, n =2; LimbicB, n =1). Box plots: center line, eulaminate-1, n = 54; dysgranular, n =10; agranular, n = 29). Box plots are defined

median; box limits, 25th and 75th percentiles; whiskers, most extreme points asina.
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Extended Data Fig. 8| Impact of negative connections on the signal flow
hierarchy. To assess the impact of negative connections on hierarchy estimation,
we compared the directed functional hierarchy derived from the original intact
iEC (blue) with the hierarchy derived from positive iEC only (orange). Each

dot represents one MMP-360 parcel assigned to the indicated cortical type
(koniocortex, n = 6; eulaminate-lll, n =116; eulaminate-Il, n = 145; eulaminate-I,

n =54; dysgranular, n =10; agranular, n = 29). Box plots: center line, median; box

limits, 25th and 75th percentiles; whiskers, most extreme points within 1.5x the
interquartile range; all data points are overlaid. Numbers above each cortical
typeindicate the difference between mean hierarchical levels of the two models
(intactiEC minus positive-only iEC). Differences were smallest in koniocortex
and increased toward less-granular cortical types, suggesting that inclusion of
negative connectionsimproves hierarchy estimation in higher-order cortical
areas.
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Software and code

Policy information about availability of computer code

Data collection  This study is a secondary analysis of previously acquired datasets; no new data-collection software was used by the authors for the present
study. Information on all datasets analyzed in this work is provided in the Data section below. Software, toolboxes, and algorithms used for
preprocessing and analysis are listed under Data analysis.

Data analysis Data analysis was performed primarily in MATLAB R2024b (MathWorks); the public codebase is compatible with MATLAB R2020a or later and
was tested on R2023a and R2024a. Java/OpenJDK 11 and cifti-matlab toolbox v2.1.0 were used for Tetrad-based causal-discovery analyses
and HCP/CIFTI handling, respectively. Whole-brain effective-connectivity analyses evaluated regression Dynamic Causal Modeling (rDCM
v1.2), Vector Autoregression (custom MATLAB implementation; lag order 1), Multivariate Granger Causality (MVGC toolbox; v2), Fast
Adjacency Skewness (FASK; Tetrad/causal-cmd v1.12.0), Causal Cyclic Discovery (CCD; Tetrad/causal-cmd v1.12.0), Best Order Score Search
(BOSS; Tetrad/causal-cmd v1.12.0), directLiNGAM (Tetrad/causal-cmd v1.12.0), Greedy Relaxation of the Sparsest Permutation (GRaSP;
Tetrad/causal-cmd v1.12.0), and Patel’s T (custom MATLAB implementation). Bayesian optimization used MATLAB bayesopt; hierarchy
estimation used MATLAB fitglm; graph rewiring used randmio_dir_connected from the Brain Connectivity Toolbox (2019-03-03 release). For
HCP resting-state fMRI, we analyzed the ICA-FIX-cleaned CIFTI files distributed as part of the HCP S1200 release. For the StudyForrest and
tonic-pain datasets, denoising used ICA-AROMA (v0.4.4). Diffusion MRI processing used MRtrix3 (v3.0.8) for multi-shell multi-tissue
constrained spherical deconvolution and tractography. HRF deconvolution used the rsHRF toolbox v2.4.0.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

This study analyzed previously released datasets and atlas resources together with one restricted dataset. HCP S1200 resting-state and diffusion MRI data are
available through ConnectomeDB (https://db.humanconnectome.org/). StudyForrest movie-watching data are available through StudyForrest (https://
www.studyforrest.org/). PRIME-DE macaque MRI data from the UC Davis site are available through PRIME-DE/NITRC (https://fcon_1000.projects.nitrc.org/indi/
PRIME/ucdavis.html). Macaque tract-tracing FLN/SLN data are available at https://github.com/seanfw/macaque_hierarchy. Cytoarchitectonic data used in this study
were based on the Campbell-atlas reconstructions of Pijnenburg et al. (2021) and can be accessed at https://github.com/ggsegverse/ggsegCampbell.
Myeloarchitectonic data are available at https://github.com/NOEL-MNI/noelMyelin. Cortical-type annotations were derived from Garcia-Cabezas et al. (2020). The
tonic-pain raw imaging dataset used in this study is not publicly available. Preprocessed derivative data necessary to reproduce the analyses and figures reported
here are available at https://github.com/COMBINE-SKKU/SignalFlow_Hierarchy

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender This study reports self-reported participant sex as a biological attribute. For the HCP dataset, 195 males and 245 females
were included; for the StudyForrest dataset, 7 males and 6 females; and for the Tonic-pain dataset, 27 males and 21 females.
Sex was not a main target of our hypotheses in this work, thus not included as a variable in the analyses

Reporting on race, ethnicity, or HCP data were not originally grouped by race, ethnicity, or other socially relevant groupings.
other socially relevant

groupings

Population characteristics For the HCP dataset, we analyzed data from 440 participants (mean age 28.8 years, 245 females). In the StudyForrest
dataset, 13 participants were included (mean age 29.4 years, 6 females). For the Tonic-Pain dataset, data from 48
participants were analyzed (mean age 22.8 years, 21 females).

Recruitment Subjects were not recruited for the present study

Ethics oversight The HCP data were acquired following protocols approved by the Washington University Institutional Review Board. For the

StudyForrest data, participants provided informed consent for the public sharing of all obtained data in anonymized form,
with the study approved by the Ethics Committee of Otto-von-Guericke University. The Tonic-Pain data collection was
approved by the Institutional Review Board of Sungkyunkwan University

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size We included all available data from the relevant datasets, after applying several exclusion criteria explained below.

Data exclusions  In our study, we excluded participants exhibiting excessive head motion, defined as a mean framewise displacement greater than 0.2 mm. The
HCP S1200 release dataset initially included 1,200 young adults, but after excluding individuals with excessive head motion, the final sample
consisted of 440 participants. The StudyForrest dataset initially included 15 participants, but two were excluded, resulting in a final sample of
13. For the Tonic-Pain dataset, 48 healthy participants were included after excluding 4 participants who reported higher avoidance ratings
during the control run than during the capsaicin run, and 1 participant whose MRI brain coverage was insufficient.

Replication Replication of the main results was conducted at the group level using a training dataset (n=220) and a testing dataset (n=220). Additionally,
analyses were performed at the resolution of 360 cortical parcels (MMP-360) and replicated at a resolution of 100 cortical parcels

(Schaefer-100).

Randomization  No experimental groups exist.
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Blinding No experimental groups exist and therefore blinding is not relevant to the study.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
[ ] Antibodies [] chip-seq
Eukaryotic cell lines |:| Flow cytometry
Palaeontology and archaeology |:| |X| MRI-based neuroimaging

Animals and other organisms
Clinical data

Dual use research of concern

XNXXNXNXXNX s
OOooogg

Plants

Plants

Seed stocks n/a

Novel plant genotypes  n/a

Authentication n/a

Magnetic resonance imaging

Experimental design

Design type Resting state / movie watching / tonic-pain functional MRI

Design specifications Resting state and movie watching MRI experiments do not involve a specific experiment design.
To induce tonic pain, we delivered the capsaicin-rich hot sauce onto the participants’ tongues, and participants
continuously rated their pain during the run. The fMRI scan duration was 20 minutes to fully cover the entire period of
sustained pain from its initiation to the complete remission.

Behavioral performance measures  na

Acquisition
Imaging type(s) Resting-state / movie watching / tonic-pain functional MRI
Field strength 3 Tesla
Sequence & imaging parameters HCP S1200 dataset: MRI scans were conducted using a customized 3-T Siemens Connectom Skyra scanner equipped

with a standard Siemens 32-channel RF receive head coil. T1-weighted structural images were acquired with 0.7-mm
isotropic voxels, a TR of 2400 ms, a TE of 2.14 ms, and a field of view (FOV) of 224x224 mm. T2-weighted functional
images were obtained with 2.0-mm isotropic voxels, a TR of 720 ms, a TE of 33.1 ms, and an FOV of 208x180 mm.

StudyForrest dataset: In this dataset, participants engaged in a naturalistic audio-visual task by watching and listening to
the movie Forrest Gump. MRI data were acquired using a 3-T Philips Achieva dStream scanner with a 32-channel head
coil. T1-weighted images were captured with 0.67-mm isotropic voxels, a TR of 2500 ms, a TE of 5.7 ms, and an FOV of
191.8x256x256 mm. T2-weighted functional images were acquired with 1.4x1.4x1.5 mm isotropic voxels, a TR of 2000
ms, a TE of 30 ms, and an FOV of 240 mm.

Tonic-pain dataset: To induce tonic pain, capsaicin-rich hot sauce was applied to the participants’ tongues, and they
continuously rated their pain during the run. The fMRI scan duration was 20 minutes, covering the entire period from
pain initiation to complete remission. MRI data were acquired using a 3-T Siemens Prisma scanner with a 64-channel
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head coil at Sungkyunkwan University. T1-weighted structural images were obtained with 0.7-mm isotropic voxels, a TR
of 2400 ms, a TE of 2.34 ms, and an FOV of 224x224 mm. T2-weighted functional images were acquired with
2.7x2.7x2.7 mm isotropic voxels, a TR of 460 ms, a TE of 27.2 ms, and an FOV of 220 mm.

Area of acquisition Whole brain

Diffusion MRI X Used [ ] Not used

Parameters To estimate fiber orientation distributions from the preprocessed DWI data, we employed a multi-shell, multi-tissue constrained
spherical deconvolution process using MRtrix3. Following this, we used a deterministic tractography algorithm to construct the
tractogram from the estimated fibers. The algorithm’s default settings were applied, with modifications to the maximum streamline
length (250 mm) and the number of streamlines (5 million).

Preprocessing

Preprocessing software The preprocessing steps of fMRI data are thoroughly documented in the respective original manuscript for each dataset. In
brief, we aimed to adhere as closely as possible to the HCP pipeline across all datasets to maintain consistency. This pipeline
includes several critical steps: correcting for spatial and gradient distortions, compensating for head motion, normalizing
signal intensity, removing bias fields, aligning data with T1-weighted structural images, and conforming to the 2-mm standard
Montreal Neurological Institute space.
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Normalization This pipeline includes several critical steps: correcting for spatial and gradient distortions, compensating for head motion,
normalizing signal intensity, removing bias fields, aligning data with T1-weighted structural images, and conforming to the 2-
mm standard Montreal Neurological Institute space.

Normalization template 2-mm standard Montreal Neurological Institute space.

Noise and artifact removal head motion artifacts and structured noise were mitigated using a combination of independent component analysis and
FMRIB’s ICA-based X-noiseifier (ICA+FIX). However, it is important to note that this specific classifier is not universally
applicable to other neuroimaging data obtained with varying MRI specifications and acquisition protocols. Therefore, for the
movie-watching and tonic pain datasets, we opted to employ ICA-AROMA

Volume censoring The first five volumes were discarded to ensure the fMRI signal reached a steady-state magnetization.

Statistical modeling & inference

Model type and settings nine distinct effective connectivity algorithms were used the details of which are written in the main script
Effect(s) tested No effects were tested

Specify type of analysis:  [X| Whole brain || ROI-based  [_] Both

Statistic type for inference parcel-wise

(See Eklund et al. 2016)
Correction n/a

Models & analysis

n/a | Involved in the study
|:| |X| Functional and/or effective connectivity

|:| |X| Graph analysis

|:| |X| Multivariate modeling or predictive analysis

Functional and/or effective connectivity Effective connectivity estimation: we estimated effective connectivity for the entire cortex using nine distinct
algorithms. The full list of algorithms is provided in the main manuscript

Graph analysis The weighted degree was calculated as the sum of the connection weights either from a node (outdegree) or
to a node (indegree). To calculate the ratio, we counted the number of positive or negative connections
relative to the total number of connections either originating from a node (for outdegree ratio) or
terminating at a node (for indegree ratio). Signal flow analysis was conducted by applying the connectivity
matrix to a linear dynamical system and solving the system’s equations at each subsequent time point
(Parkes et al., 2022; Science Advances).

Multivariate modeling and predictive analysis  The hierarchy estimation was performed by fitting a general linear model to the effective connectivity
weights, utilizing an incidence matrix that represents the connections between brain regions. The model
estimated the beta coefficients, which correspond to the hierarchical values assigned to each brain region.
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