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Traditional models of brain connectivity have primarily focused on pairwise interactions, over-
looking the rich dynamics that emerge from simultaneous interactions among multiple brain regions.
Although a plethora of higher-order interaction (HOI) metrics have been proposed, a systematic eval-
uation of their comparative properties and utility is missing. Here, we present the first large-scale
analysis of information-theoretic and topological HOI metrics, applied to both resting-state and task
fMRI data from 100 unrelated subjects of the Human Connectome Project. We identify a clear tax-
onomy of HOI metrics — redundant, synergistic, and topological—, with the latter acting as bridges
along the redundancy–synergy continuum. Despite methodological differences, all HOI metrics align
with the brain’s overarching unimodal-to-transmodal functional hierarchy. However, certain metrics
show specific associations with the neurotransmitter receptor architecture. HOI metrics outperform
traditional pairwise models in brain fingerprinting and perform comparably in task decoding, un-
derscoring their value for characterizing individual functional profiles. Finally, multivariate analysis
reveals that — among all HOI metrics — topological descriptors are key to linking brain function
with behavioral variability, positioning them as valuable tools for linking neural architecture and
cognitive function. Overall, our findings establish HOIs as a powerful framework for capturing the
brain’s multidimensional dynamics, providing a conceptual map to guide their application across
cognitive and clinical neuroscience.
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The brain’s remarkable computational and adaptive abil-
ities have been traditionally explored using network mod-
els [1–5], where nodes represent distinct brain areas
and connections denote pairwise relationships between
them. Structural connectivity (SC) maps the anatomical
wiring of the brain [6, 7], while functional connectivity
(FC) captures statistical dependencies in neural activ-
ity [8–10]. Over the past two decades, these network
models have significantly advanced our understanding of
brain function in health [11–13], during tasks or cogni-
tive states [14–19], and in clinical populations [20–23].
However, by focusing solely on dyadic interactions, they
often miss the complex group-level dynamics underpin-
ning processes like rapid network reconfiguration during
decision-making and learning, or the evolution of brain
dynamics across age [24–27].

Mounting evidence from micro- to macro-scale stud-
ies [28–31] increasingly highlights the importance of
higher-order interactions (HOIs) [32–34] — the collec-
tive dynamics involving simultaneous interactions among
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three or more brain regions [35–40]. Such interac-
tions underpin crucial neural mechanisms, including neu-
ronal avalanches, cell assemblies, and distributed encod-
ing [10, 25, 27, 39, 41–43]. Recent advances in infor-
mation theory and algebraic topological approaches pro-
vide robust theoretical and computational frameworks
for characterizing higher-order properties, thereby bridg-
ing traditional network models and the emergent spa-
tiotemporal complexity of neural systems [44–48].

Building on seminal works [49, 50], information-
theoretic approaches provide a robust framework for cap-
turing the collective dynamics of neural systems, by
characterizing the interactions among brain regions in
terms of different kinds of information: redundancy and
synergy [51–53]. Redundant interactions reflect dupli-
cated or overlapping information between regions, often
within the same functional module — such as sensory-
motor systems — and are hypothesized to support ro-
bust and fault-tolerant coding [27, 46, 54]. In contrast,
synergistic interactions arise when information is acces-
sible only through the joint activity of multiple regions,
revealing computations not captured by individual re-
gions [37, 44]. These typically span distinct networks,
including the default mode and frontoparietal systems,
and have been linked to cognitive integration, flexibil-
ity, and consciousness [46, 55, 56]. While it is known
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that conventional FC analyses predominantly capture re-
dundancy [43, 54, 57–59], synergy is increasingly rec-
ognized as critical for distributed computation [25, 60–
63], development [64], aging [24, 65, 66], neuromodula-
tion [67, 68], and it is clinically relevant in conditions such
as Alzheimer’s disease [69, 70], stroke [71], schizophre-
nia [72], and autism [73].

Parallel to these developments, topological data anal-
ysis (TDA) [74–76] has emerged as a powerful tool to
probe the geometrical and topological structure of high-
dimensional neural data [77, 78]. By leveraging concepts
from algebraic topology [79] — such as persistent ho-
mology [80, 81] and Reeb-like graphs [82, 83] — TDA
detects invariant features, like homological cycles, which
reveal hidden higher-order relationships within brain net-
works [84–91]. A growing body of literature shows that
these approaches capture aspects of the brain’s architec-
ture that are invisible by traditional pairwise analyses,
offering fresh insights into emergent properties relevant
to consciousness [85, 92], health [93], cognition [47] and
disease [94–96].

However, the growing interest in HOIs and the result-
ing rapid development of diverse methodological frame-
works — especially in information theory and topological
data analysis — has led to a fragmented research land-
scape. Existing approaches often operate in isolation,
each grounded in distinct theoretical assumptions and
computational principles. As a result, it remains unclear
how these methods relate, whether they capture over-
lapping or complementary aspects of brain organization,
and under what conditions one may be preferred over
another.

Here, we address this critical gap by providing the
first systematic comparison of higher-order frameworks
in the human brain. We evaluated ten widely used met-
rics — spanning information-theoretic and topological
approaches — and benchmarked them against classical
pairwise connectivity using resting-state and task-based
fMRI data from 100 unrelated subjects in the Human
Connectome Project [97, 98]. By mapping their relation-
ships, spatial profiles, and behavioral relevance, our anal-
yses uncover three distinct clusters of HOI metrics and
reveal how they align with known cortical hierarchies and
micro-architecture. While pairwise functional connectiv-
ity performs comparably in task decoding, higher-order
metrics provide added value in brain fingerprinting and
brain–behavior mapping. Together, this work provides
a first insightful lens to navigate the growing landscape
of higher-order analyses and establishes a foundation for
their broader application in cognitive and clinical neuro-
science.

RESULTS

To provide a comprehensive benchmark of higher-
order descriptors of human brain organization, we ana-
lyzed resting-state and task fMRI data from 100 healthy

unrelated subjects of the Human Connectome Project
(HCP) [97, 98]. Following standard preprocessing, we
extracted regional time series using a combined parcella-
tion that included 100 cortical regions from the Schaefer
atlas [99] and 16 subcortical regions from the Tian at-
las [100], yielding 116 regional signals per subject (see
Methods). This whole-brain representation serves as the
foundation for computing a range of higher-order met-
rics spanning from information theory to topological data
analysis.

As a baseline measure of pairwise interdependence,
we consider functional connectivity (FC) as the Pear-
son correlation between all pairs of regional time series
[101, 102]. This widely used measure captures zero-lag
linear relationships and serves as a reference point for
evaluating more complex, higher-order descriptors.

Next, we quantified redundant and synergistic depen-
dencies using three complementary information-theoretic
frameworks, among the most employed in the field.
First, we used the Integrated Information Decomposi-
tion (PhiID) in its bivariate form [46, 103], estimating
synergy (PhiID Syn) and redundancy (PhiID Red) as
information that persists from past to future between
pairs of regions. Second, we employed Partial Entropy
Decomposition (PED) [57, 104] on triplets of regions to
isolate the synergistic (PED Syn) and redundant (PED
Red) components of their joint entropy. Third, we cal-
culated the O-information [50], a multivariate measure
quantifying the net balance between synergy and redun-
dancy in triplet interactions; negative values (O-Syn)
indicate synergy-dominated relationships, while positive
values (O-Red) reflect redundancy dominance. Each
redundant-synergistic pair is hereafter referred to as a
conjugate metric, reflecting complementary dimensions
of a single decomposition framework.

In parallel, we examined topological features of brain
interactions. From the FC matrix, we derived two ho-
mological scaffolds [85]: the frequency-based scaffold
(Fscaff ), which weights edges by the number of one-
dimensional loops they appear in, and the persistence-
based scaffold (Pscaff ), which weights edges by the per-
sistence of these loops. Both approaches identify edges
contributing to persistent homological features, i.e. one-
dimensional loops, thereby retaining the most topolog-
ically informative connections [85]. Finally, to capture
higher-order temporal structure, we relied on a recent
topological approach [47, 105] to identify hypercoherent
triangles (Triangles) — triplets of mutually coherent in-
teractions irreducible to pairwise links — and tracked
the evolving homological scaffold over time (TScaffold).
Together, these metrics — spanning topological and
information-theoretic approaches — provide a compre-
hensive lens to characterizing higher-order interdepen-
dencies in large-scale brain organization (Table I; Fig. 1).
Although applications here focus on triplets for consis-
tency and tractability, most frameworks are extensible
to larger sets of regions (See Methods for a detailed de-
scription of each framework).
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Figure 1. Overview of the approaches and applications. (a) Schematic illustration of the metrics used to characterize
functional relationship from fMRI data. Approaches include functional connectivity (FC), homological scaffolds derived from
persistent topology (Pscaff, Fscaff), and the bivariate form of Integrated Information Decomposition (PhiID), which partitions
information into redundant and synergistic components. Other approaches explicitly capture three-way dependencies, including
O-Information, Partial Entropy Decomposition (PED), and a time-resolved topological method that tracks hypercoherent
triangles (Triangles) and the evolving scaffold over time (TScaffold). (b) We consider several brain applications, including
the structural–functional cartography of higher-order organization, subject-level brain fingerprinting, cognitive task decoding,
and associations between brain organization and behavioral traits. Information-theoretic and topological descriptors offer
complementary perspectives on brain micro-architecture, function, and individual variability.

Method Type Temporal

FC [1] Linear ✗
Pscaff, Fscaff [85] Topology ✗
PhiID Red, PhiID Syn [103] IT ✓
O-Red, O-Syn [50] IT ✗
PED Red, PED Syn [57] IT ✗
TScaffold, Triangles [47, 105] Topology ✓

Table I. Overview of the metrics to characterize large-
scale brain organization. Each method is classified by
its analytical domain (Type: Classic, Topology, or Informa-
tion Theory [IT]) and whether it incorporates temporal infor-
mation (Temporal). While all genuine higher-order metrics
were applied to triplets for consistency, most are extensible
to larger region sets. Time-resolved metrics were averaged
across time to enable comparison with static descriptors (see
Methods).

Higher-order taxonomy

We begin by examining how each connectivity met-
ric maps onto the brain’s large-scale organization and
how they relate to one another in terms of spatial dis-
tribution and informational content (Fig. 2). To enable
consistent comparisons across methods, we projected all
metrics onto brain regions and pairwise connectivity by
aggregating weights into region-wise nodal scores and
edge-wise connectivity scores, respectively (see Methods
for details). Figure 2a shows the resulting connectivity
matrix and cortical maps, averaged across resting-state
fMRI data of the 100 subjects (each with 2 sessions and 2
phase-encoding directions, see Methods for details). All
values are expressed as percentile ranks to enable com-
parison across methods.

The spatial patterns reveal distinct organizational sig-
natures. As shown in the top row of Fig. 2a, metrics such
as FC, redundancy-based observables (e.g., PhiID Red,
PED Red, O-Red), and triangle-based metrics tend to
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Figure 2. Navigating the landscape of higher-order brain observables. (a) Nodal- and edge-level spatial distributions of
the connectivity metrics examined in this study, averaged across 400 resting-state fMRI scans (100 subjects, each with 2 sessions
and 2 phase-encoding directions, see Methods for details). Metrics shown in the first row predominantly highlight contributions
from sensory-motor regions, whereas those in the second row exhibit more distributed patterns, both in nodal values and
edge-level connectivity. (b) Edge-level similarity between all metrics, computed using Spearman correlation, reveals clusters

of methods with shared spatial structure. (c) A Ward-linkage hierarchical clustering based on a distance metric
√

2(1− ρ)
shows a clear separation between redundancy, topological, and synergistic descriptors, confirming the complementarity of their
underlying representations. (d) Structure–function cartography positions each measure in relation to group-average structural
and functional connectivity, highlighting differences in their alignment with anatomical and functional architecture, revealing
distinct groupings.

highlight sensory and visual cortices and connections be-
tween regions belonging to the same resting state network
(RSN) [106]. This is shown in SI Fig. S1 (nodal projec-
tions by RSN) and SI Fig. S2 (within vs. between-RSN
connectivity). In contrast, metrics that capture synergis-
tic interactions (e.g., PhiID Syn, PED Syn) can be asso-
ciated with interactions between regions belonging to dif-
ferent resting state networks and assign greater weight to
transmodal systems, including the frontoparietal and de-
fault mode networks. These findings align with prior ob-
servations linking redundancy to stable, stimulus-driven
processing in unimodal systems, and synergy to integra-

tive processing in transmodal regions involved in abstract
cognition [46, 57]. Yet, this is the first time these princi-
ples are systematically confirmed across a unified set of
classical, topological, and information-theoretic metrics.

To quantitatively assess the relationships between the
different metrics while preserving the richness of the orig-
inal data, we computed pairwise Spearman correlations
across their edge-level projections (Fig. 2b). The re-
sulting similarity matrix revealed a structured organi-
zation, which we visualized through ward-linkage hier-
archical clustering of the corresponding distance matrix
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Figure 3. Multimodal characterization of informational and topological gradients. (a) Gradients derived from
conjugate information-theoretic and topological metrics exhibit a spatial organization that closely aligns with the sensory-
association (S-A) axis [107]. The upper panel shows subject-averaged cortical maps for four individual gradients, as well
as their mean, which defines the unified higher-order interaction axis (HOI axis). Scatter plots illustrate the relationship
between each gradient and the S-A axis, where each brain region is positioned by its R–S value (x-axis) and S-A value (y-axis).
(b) Correlation profiles between each gradient (y-axis) and cortical maps, including measures of receptors, transporters, and
metabolism (x-axis) reveal distinct molecular signatures associated with each gradient. Grey entries indicate non-significant
correlations (p > 0.05) using spin-permutation test (see Methods) [108]. (c) A two-dimensional cartography where each metric
is positioned by its average Spearman correlation with receptors (y-axis) and metabolism (x-axis), revealing distinct clusters
associated with redundancy, synergy, and topology. (d) The HOI axis shows a positive correlation with receptor distributions
and cortical hierarchies (see Methods), and a negative correlation with metabolism.

(Fig. 2c). This analysis uncovered three major clusters.
The first comprises redundancy-dominated metrics — in-
cluding FC, PhiID Red, PED Red, O-Red, and Trian-
gles — which capture overlapping or shared information
between regions. A second cluster consists of the three
metrics based on the topological scaffold (Pscaff, Fscaff,
and Tscaffold), reflecting mesoscale structural features.
The third cluster groups synergy-dominated metrics —
PhiID Syn, PED Syn, and O-Syn — highlighting connec-
tions that contribute to unique integrative information.
However, this clustering structure shifts when looking at
the nodal-level projections: Tscaffold aligns more closely
with synergy-based metrics than with topological or re-
dundant metrics (see SI Fig. S3 for the nodal-level coun-
terpart of Fig. 2b-d).

To further investigate how these metrics relate to
canonical models of brain organization, we computed
their correlations with group-average structural and func-
tional connectivity (Fig. 2d). This structure–function
cartography places each measure in a two-dimensional

space defined by its correspondence with structural con-
nectivity (SC; x-axis) and functional connectivity (FC; y-
axis). Redundancy-based metrics —including FC, PhiID
Red, PED Red, and Triangles — cluster in a region with
strong correlation to FC but weaker links to structure.
Pscaff and Fscaff also align with FC, but exhibit stronger
coupling to SC, suggesting a link between the topological
relations between the functional links and the underlying
physical structure of the network. In contrast, synergy-
based metrics — including PhiID Syn, PED Syn, and
O-Syn — are located in a distinct quadrant character-
ized by negative correlations with FC and low positive
and negative correlations with SC. This decoupling sug-
gests that synergy captures integrative dynamics not ac-
cessible with the classical FC approach. Remarkably, the
scaffold-based metric (TScaffold) occupies an intermedi-
ate position, with a clear shift in the clustering when
transitioning from nodal- to edge-level projections, bridg-
ing the gap between redundant and synergistic frame-
works (see SI Fig. S4 for comparison between nodal and
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edge projections). This suggests that the Tscaffold might
encode a blend of local redundancy and distributed syn-
ergy, representing the correlation architecture by which
the structural connectivity sustains different kinds of
synergy in brain function. Together, these findings re-
veal that connectivity metrics cluster according to their
unique properties, each capturing distinct but comple-
mentary dimensions of brain organization.

Multimodal Characterization of Topological and
Informational Gradients

Previous work showed how macroscale cortical gradi-
ents derived from conjugate information-theoretic met-
rics of synergy and redundancy reveal fundamental prin-
ciples of brain organization [46, 57]. Building on this
foundation, we systematically compared informational
gradients computed via three complementary frameworks
— phiID, PED, and the O-information metric — and a
novel topological gradient based on scaffold and trian-
gles metric [47, 105] to explore the relationship between
informational and topological gradients. Specifically, for
each brain region i, we computed the four gradients as
the difference between synergy and redundancy in each
conjugate metric (e.g., PhiID Syn(i) − PhiID Red(i)),
as well as the difference between TScaffold and Triangles
(Fig. 3a).

Nodal-level projections of conjugated metric pairs con-
verged on similar spatial patterns. That is, all four gra-
dients peaked in frontoparietal regions and diminished in
sensorimotor areas, with strong inter-gradient similarity
(Pearson’s ρ > 0.8). Furthermore, each gradient aligns
strongly with the established sensorimotor–association
(S–A) axis, recently defined as the average of multi-
ple cortical hierarchies [107]. All gradients were posi-
tively correlated with the S–A axis (Spearman’s r > 0.6,
p < 0.001). On this basis, we can summarize all the
gradients above by considering a unified higher-order in-
teractions axis (HOI axis), defined as the mean of these
four gradient differences (Fig. 3a). This unified gradient
provides a single metric that integrates informational and
topological signatures of cortical organization (see also SI
Fig. S5 for these results at the individual level).

To investigate the micro-architectural properties of
these gradients, we correlated each nodal projection
with the cortical maps of four metabolic markers, four
transporters, and 15 receptors — following recent ap-
proaches [109, 110] (Fig. 3b). This analysis reveals
a notable dichotomy: redundancy- and triangle-based
metrics exhibited stronger associations with metabolism,
whereas synergy- and scaffold-based metrics aligned more
closely with receptor densities . Consistent with these
results, the redundancy–synergy gradients and the com-
posite unified HOI gradient correlated positively with
receptor maps and negatively with metabolism. Sig-
nificance was assessed against autocorrelation-preserving
spin-based null models [108, 111]

As shown in Fig. 3c, the different molecular profiles of
our metrics can be captured in a two-dimensional car-
tography, where each metric is positioned according to
its average correlation with metabolism maps (x-axis)
and receptor expression (y-axis). This cartography re-
veals three distinct clusters: (i) a synergy group — com-
prising PhiID Syn, PED Syn, O-Syn, and TScaffold —
characterized by strong positive correlations with recep-
tors and negative correlations with metabolism maps; (ii)
a scaffold-specific group — including scaffold frequency
and scaffold persistence (P/Fscaff) — positively corre-
lated with both receptors and metabolism maps; and (iii)
a redundancy group — consisting of PhiID Red, PED
Red, O-Red, and Triangles — aligned positively with
metabolism maps and negatively with receptors.

Finally, to contextualize the HOI axis within the
broader landscape of cortical organization, we examined
its correspondence with four established macroscale hi-
erarchies: evolutionary and developmental cortical ex-
pansion [112, 113], T1w/T2w ratio as a proxy for cor-
tical myelination [114, 115], and functional specializa-
tion [116]. As shown in Fig. 3d, we observed robust
positive correlations between the HOI axis and both re-
ceptor profiles and cortical hierarchies, while the corre-
lations with metabolic attributes were consistently neg-
ative. Thus, this axis not only integrates complemen-
tary informational and topological signatures, but cru-
cially it also mirrors the fundamental principles shap-
ing cortical structure. The convergence of these two ele-
ments reinforces the view that redundancy and synergy
are deeply embedded within the hierarchical organization
of the brain.

Brain fingerprinting and task decoding

We next evaluate how each connectivity measure sup-
ports two key applications in functional neuroimaging:
brain fingerprinting [117], the ability to reliably identify
individuals based on their functional connectivity pat-
terns, and task decoding [14, 118, 119], the classification
of ongoing cognitive states from brain activity.

To evaluate brain fingerprinting performance, we em-
ployed two complementary metrics. The identification
rate quantifies the ability to correctly match the same
subjects across sessions, capturing the proportion of ac-
curately identified individuals within a dataset [117]. In
parallel, individual identifiability (Idiff ) metrics the dis-
tinctiveness of a subject’s connectivity profile, defined
as the difference between average within-subject and
between-subject similarity [120]. These two metrics to-
gether provide a comprehensive view of individual trait
stability and separability. As shown in Fig. 4a, when
considering whole-brain connectivity, PhiID Red achieves
the highest identification rates, nearing perfect subject
matching. Fscaff and FC follow behind. However, when
evaluated by Idiff, the highest scores are observed for the
synergy and redundancy components of O-information.
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Figure 4. Comparison of connectivity metrics for brain fingerprinting and task decoding. (a) Functional brain
fingerprinting performance measured via identification rate (left) and individual identifiability score Idiff (right), using whole-
brain connectivity. While PhiID Red and scaffold-based metrics achieve the highest identification rates, redundancy- and
synergy-based metrics yield higher Idiff, suggesting they better capture group-level separation. (b) Region-level fingerprinting
performance, computed separately within and between the seven Yeo resting-state networks [106]. The best-performing method
varies by metric and network: functional connectivity (FC) is no longer dominant, with information-theoretic descriptors (e.g.,
PhiID Red, Red, Syn) showing improved identifiability, especially in transmodal regions. (c) Task decoding accuracy using a
support vector machine (SVM) in a leave-one-subject-out cross-validation, based on whole-brain connectivity. FC consistently
performs among the top methods. (d) Task classification accuracy at the resting-state network level, again showing strong
performance for FC, particularly in transmodal and associative systems. Together, these results highlight a trade-off: while
information-theoretic metrics enhance subject identifiability, FC remains the most effective for decoding task states.

This suggests that O-information metrics better distin-
guish individuals at the group level, as reflected in the
larger separation between intra- and inter-subject simi-
larity. In other words, group-level separability comes at
the cost of higher within-subject variability, which un-
dermines identification accuracy.

To examine the spatial specificity of these results, we
also assess fingerprinting performance within and be-
tween canonical resting-state networks (Fig. 4b). While
no single metric dominates across all networks and met-
rics, PhiID Red achieves the best identification rates
across most of the systems. In contrast, synergy- and
redundancy-based metrics (O-Syn and O-Red) again lead
in individual identifiability, particularly within trans-
modal networks such as the frontoparietal and default
mode systems. These findings align with prior evi-
dence that higher-order cognitive areas contribute most
strongly to inter-individual variability in brain organiza-

tion [117, 120–122]. Notably, restricting our analyses to
transmodal cortex was almost as discriminative as whole-
brain data, reinforcing the view that cognitive individu-
ality is rooted in distributed, high-order networks.

We next assessed the ability of each connectivity mea-
sure to decode cognitive states from fMRI data. Follow-
ing recent approaches [123], we trained a support vector
machine (SVM) to classify task conditions using a leave-
one-subject-out cross-validation strategy, applied at both
whole-brain (Fig. 4c) and network-level (Fig. 4d) con-
nectivity. Across tasks and brain networks, FC consis-
tently ranks among the best-performing metrics, with
redundancy-based approaches (PhiID) leading the pack.

Together, these findings reveal a clear dissociation be-
tween connectivity features that support individual iden-
tification and those that decode cognitive states. Higher-
order metrics — particularly those based on PhiID re-
dundancy, frequency scaffolds, and O-information syn-
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ergy and redundancy — enhance subject discriminabil-
ity. In contrast, classical pairwise approaches such as FC
remain most effective for decoding dynamic brain states.
These results emphasize the importance of aligning con-
nectivity metrics with the specific goals of neuroscientific
inference, whether focused on trait-level individuality or
state-level cognition.

FC decomposition and brain-behavior analysis

To comprehensively evaluate how higher-order connec-
tivity metrics contribute to explaining pairwise FC pat-
terns in both resting-state and task fMRI, we defined
row-wise multilinear regression models aimed at recon-
structing the FC matrix. Specifically, for each brain re-
gion i, we predict its FC profile — that is, its connectivity
to all other regions j ̸= i — using the different higher-
order profiles as predictors.

Regression coefficients were estimated using ordinary
least squares, and the goodness-of-fit for each region
was quantified by the adjusted R2, reflecting how well
the model predicted that region’s observed FC profile
(SI Fig. S6 for a schematic illustration). This regres-
sion approach builds on previous methodologies [124–
126], uniquely focusing on individual node-level connec-
tivity. As expected, the model that includes all HOI
metrics explained almost fully the FC (range 0.90-0.99).
To disentangle the relative contribution of each measure,
we performed dominance analysis to partition the to-
tal variance explained (R2) into distinct contributions
from three classes of metrics: redundant, synergistic, and
topological (Fig. 5a).

Our analysis revealed distinct patterns across tasks.
Topological contributions remained relatively stable
across cognitive conditions, whereas redundant and syn-
ergistic contributions varied substantially by task type.
Specifically, synergistic contributions were most pro-
nounced during “social” cognitive tasks (e.g., emotion,
gambling, relational tasks), while redundancy dominated
during rest, motor, and language conditions. We vi-
sualize these differences using a ternary plot (Fig. 5b),
where each region’s profile for a given task is positioned
based on the normalized contribution of the three met-
ric classes. This visualization qualitatively reveals dis-
tinct clusters corresponding to different cognitive tasks.
To further explore how each region reconfigures across
tasks, we defined a measure of task flexibility: the av-
erage distance of a region’s task-specific positions from
its centroid in the ternary space. High flexibility indi-
cates greater modulation of a region’s functional pro-
file across cognitive states. Intriguingly, mapping this
flexibility across the cortex (Fig. 5c) revealed a striking
spatial pattern: task flexibility was negatively correlated
with dopamine transporter (DAT) maps. In other words,
brain regions with lower DAT density exhibited greater
shifts in their functional contributions across tasks, sug-
gesting that dopaminergic tone may act to stabilize or

constrain higher-order functional reconfiguration. This
highlights a potential neurochemical mechanism under-
pinning regional adaptability in large-scale brain dynam-
ics.

Finally, to determine whether certain methods better
capture brain–behavior relationships, we performed par-
tial least squares correlation (PLSC) analyses [127, 128].
This multivariate technique identifies latent components
that maximize covariance between functional metrics and
cognitive performance [129]. We independently applied
PLSC to each metric across all tasks, assessing how ef-
fectively each method explained individual differences in
behavior.

The PLSC analysis consistently identified a single sta-
tistically significant latent variable for most methods
(Fig. 5d), reflecting multivariate associations between
functional brain profiles and behavioral outcomes. Topo-
logical representations consistently outperformed tradi-
tional FC, explaining greater shared covariance and cor-
relations. Specifically, triangles captured the highest
covariance (approximately 80% across tasks), followed
by PED redundancy and PED synergy (60–70%), while
FC explained only 40–50%. Statistical significance was
established through permutation testing (1,000 repeti-
tions).

Interestingly, although the triangles approach cap-
tured the most covariance, scaffold-based representations
yielded the strongest correlations between brain connec-
tivity and cognitive scores. Figure 5e–f illustrates the
loadings of the first significant latent variable for the
scaffold-rest condition. This apparent dissociation re-
flects a key property of PLSC: covariance can be high
even when correlation is modest if the latent variables
have large variance, whereas smaller latent variances
can yield high correlations despite lower shared covari-
ance. In our case, brain regions with the highest posi-
tive loadings (top 5%, warm colors) were predominantly
located in visual cortices, whereas the highest negative
loadings (cool colors) clustered primarily within the de-
fault mode network (DMN). Behaviorally, cognitive do-
mains including Working Memory, Verbal Episodic Mem-
ory, Sustained Attention, Spatial Orientation, Language,
Fluid Intelligence, and Executive Function also showed
negative loadings. Concordance in sign indicates a posi-
tive brain–behavior association: individuals with reduced
scaffold-derived connectivity in transmodal DMN regions
and increased connectivity in unimodal visual areas tend
to perform worse on a broad set of cognitive tasks. This
pattern was not significant for Processing Speed and
Episodic Memory (see SI Fig. S7 for analogous results
across other methods, where associations were generally
weaker).
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Figure 5. Multivariate analyses reveal task-dependent contributions and behavioral relevance of higher-order
metrics. (a) Dominance analysis quantifies the relative contribution of three families of higher-order metrics — redundant,
synergistic, and topological — in predicting region-wise FC across tasks. While topological metrics contribute consistently,
synergistic components dominate in socially relevant tasks (e.g., emotion, gambling), and redundant components are more
prominent during rest, motor, and language conditions. (b) Ternary plot of brain regions colored by task, showing the
normalized contributions of the three metric classes per region and task. Clustering patterns highlight task-specific functional
configurations. (c) Cortical map of task flexibility, defined as the average distance of a region’s task-specific positions from
its centroid in the ternary space (from panel (b)). Regions with higher flexibility show greater task-driven reconfiguration.
Flexibility is negatively correlated with dopamine transporter (DAT) density, suggesting a stabilizing role of dopaminergic tone
in shaping functional adaptability. (d) Variance explained (top) and brain–behavior correlation (bottom) from the first latent
variable (LV1) of partial least squares correlation (PLSC), performed independently across tasks and metrics. Topological
methods, particularly Triangles and TScaffold, outperform traditional FC in explaining covariance between connectivity and
cognitive scores. (e) Spatial distribution of the strongest brain loadings for the TScaffold-rest condition, highlighting positive
contributions in visual cortices and negative ones in the default mode network (DMN). (f) Behavioral loadings associated with
LV1 for TScaffold-rest. Negative loadings dominate across multiple cognitive domains, indicating that reduced transmodal
connectivity and increased unimodal coupling are linked to lower cognitive performance. Error bars reflect 95% confidence
intervals from bootstrapping.

DISCUSSION

Recent strides in information theory and compu-
tational topology have increasingly offered novel ap-
proaches to characterize multiregional higher-order in-
teractions (HOIs) from neuroimaging recordings [27,
44, 130], extending beyond standard pairwise functional
connectivity (FC). While individual HOI methods have
shown promise in capturing complex neural dependen-
cies overlooked by traditional FC, the field still lacks a

systematic understanding of how these metrics relate to
one another, how they complement or extend classical
connectivity metrics, and what unique neurobiological in-
sights they offer.

Here, we addressed this gap by mapping the land-
scape of diverse HOI metrics, characterizing their inter-
relations, biological underpinnings, and evaluating their
utility in three key neuroimaging applications: brain fin-
gerprinting, task decoding, and brain–behavior associa-
tions. Our comparative analysis, at nodal and edge-level
projections, consistently reveals three families of observ-
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ables: redundancy-based metrics, synergy-based metrics,
and topological scaffolds (Fig. 2).

These findings are notable in two major respects. First,
despite their distinct theoretical principles, information-
theoretic approaches — including O-Information [50],
Partial Entropy Decomposition (PED) [57, 104], and
Integrated Information Decomposition (PhiID) [103] —
converge reliably into synergy and redundancy clusters.
This convergence suggests that the brain conveys dif-
ferent kinds of synergy and redundancy with a simi-
lar spatial and network organization. While previous
work hinted at this alignment [46, 48, 57], here we
systematically validated it across multiple HOI frame-
works. Second, topological descriptors consistently align
with informational modes: triangles align with redun-
dancy, scaffolds correlate with synergy, particularly at
the nodal level. This cross-framework correspondence
suggests that distinct topological motifs may implement
different modes of information processing, reflecting un-
derlying structure–function relationships in the brain.

These observations are consistent with previous studies
linking synergy negatively with both FC and structural
connectivity (SC) [46], whereas redundancy and trian-
gles positively correlate with these traditional connectiv-
ity metrics. Notably, homological scaffolds [47] exhibit a
uniquely dual role: nodally, they reflect synergy; at the
edge level they correlate strongly with FC and SC. This
suggests that scaffolds function as integrative structures,
balancing anatomical constraints with dynamic informa-
tion integration.

Our findings further align with recent topological HOI
research: while Varley et al. reported that O-information
synergistic interactions are particularly represented in cy-
cles and three-dimensional cavities of data clouds [131],
Poetto et al. [132] demonstrated that (significantly larger
than expected) PhiID synergistic contributions appear on
edges internal to topological cycles. By extending these
observations to our definitions of scaffolds, we suggest
that the association between topological scaffolds and
synergistic interactions reflects a general organizational
principle of higher-order neural dynamics.

Yet, what are the biological underpinnings of these
organizational common profiles? And, do consistent
patterns emerge across different frameworks? To ad-
dress this, we examined how nodal projections of mul-
tiple metrics relate to cortical hierarchies, receptor ex-
pression, and metabolism maps (Fig. 3). Remarkably,
synergy/scaffold and redundancy/triangle gradients con-
verge onto a shared HOI axis, which strongly aligns with
the well-known Sensorimotor–Association (S–A) cortical
hierarchy [107]— suggesting that computational modes
(synergy vs. redundancy) are embedded within evolu-
tionary, anatomical, and functional gradients [116, 133].

Examining the biological substrates of the HOI axis re-
vealed robust associations with cortical neuro-chemistry.
The axis correlated positively with neurotransmitter re-
ceptor density, and negatively with metabolic maps
and transporter distribution, thus suggesting a clear

physiological dissociation. This pattern was mirrored
across individual metrics: redundancy- and triangle-
based ones mapped onto metabolically efficient senso-
rimotor regions, supporting stable, low-cost communi-
cation; synergy- and scaffold-based ones instead were
enriched in receptor-dense association cortices. These
findings point to two complementary regimes of brain
function respectively—one optimized for reliable signal-
ing [109], and a second for flexible, neuromodulator-
driven integration [46]. These results are also consistent
with prior work linking transmodal regions to complex
cognition, executive control, and consciousness [109, 134],
as well as with emerging models in which neuromodula-
tion enables dynamic network reconfiguration in support
of adaptive behaviour [69, 135].

When considering neuroscientific applications, higher-
order connectivity metrics surpassed pairwise FC in brain
fingerprinting [117] (Fig. 4). O-Red and O-Syn achieved
the largest identifiability scores (Idiff) [120], whereas
PhiID-Red and scaffold-based topological metrics pro-
duced the highest identification rates, supporting recent
findings [93]. These metrics resolve fine-grained, high-
order dependencies that conventional FC misses. No-
tably, restricting our analyses to transmodal cortices was
almost as discriminative as whole-brain data, reinforc-
ing the view that cognitive individuality is rooted in dis-
tributed, high-order networks [132].

The pattern reverses for cognitive task decoding: clas-
sical FC consistently ranked among the top-performing
metrics when considering whole-brain connections or
distinct functional networks (Fig. 4). Hence, fea-
tures that maximize trait-level identification differ from
those best suited to capture cognitive states. PhiID
redundancy, frequency-domain scaffolds, O-information
synergy and redundancy enhance the former –subject
discriminability–, whereas classical FC is still optimal for
the latter –decoding cognitive states. This aligns with ex-
tensive evidence indicating that task-related brain recon-
figuration can be effectively captured using classical FC
analyses, such as increased integration during cognitively
demanding tasks like the N-back [19, 136], or decreased
segregation in FC during motor execution tasks [17, 137].
Again, these results show that an appropriate alignment
of the chosen metric with the inferential goal — trait
versus state in this case — is critical for neuroscientific
applications.

Multivariate brain–behaviour analyses further under-
score the importance of higher-order topology (Fig. 5).
Triangle metrics explain the largest overall variance, yet
scaffold metrics show the strongest and most generaliz-
able correlations with behavioural performances across
tasks. Because scaffolds sit between nodal synergy pro-
files and the structural constraints of SC and FC, they
appear to integrate redundant and synergistic informa-
tion into network configurations that directly support be-
havioral variability.

Finally, we characterized task-dependent FC reconfig-
uration in terms of HOI contributions. By assigning each
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region a triplet of indices (redundant, synergistic, topo-
logical) per task, we find that cognitive demands modu-
late the balance of interaction types: socially and rela-
tionally demanding tasks amplify synergy/scaffold con-
tributions, whereas sensorimotor and language tasks em-
phasize redundancy and triangles. These results are both
in agreement with previous literature [46, 48] and with
the alignment between the HOI and S-A axis. This nu-
anced modulation of HOI profiles underscores the flexi-
bility of the brain’s high-order architecture in supporting
context-dependent processing (Fig. 5)

Our findings should be considered in light of several
limitations that might offer directions for future work.
First, we focused on a subset of widely used information-
theoretic and topological frameworks, selected for their
prevalence in the neuroscience literature and widespread
use in resting-state fMRI research. Nonetheless, recent
extensions of O-information [52, 138–143], as well as
other metrics that probe the importance of higher-order
structure beyond synergy and redundancy [69, 144, 145],
may yield complementary insights. Second, our analy-
ses were conducted on fMRI data from healthy subjects
of HCP. Assessing the generalizability of our findings to
clinical populations and across different age groups re-
mains an important direction for future research [24, 69],
as well as their use to study mesoscale brain organi-
zation [146]. Third, the relatively slow sampling of
fMRI constrains inference on fast neural dynamics; in-
tegrating higher-temporal-resolution modalities such as
MEG, EEG, or intracranial recordings would offer im-
portant complementary perspectives on the dynamics of
HOIs [140]. Fourth, redundancy estimates are known to
be sensitive to preprocessing choices; although we used
established pipelines [147], we did not systematically ex-
plore variation across preprocessing strategies, parcella-
tion schemes, or denoising approaches [148, 149]. A com-
prehensive assessment of these factors would help clarify
their impact on the robustness and generalizability of
findings related to higher-order connectivity.

In conclusion, our findings suggest that higher-order
interactions reveal latent axes of brain organization that
are not accessible via pairwise connectivity. These axes,
rooted in distinct computational, structural, and molec-
ular substrates, provide a principled framework to inter-
pret integration, segregation, and their behavioral corre-
lates in the human brain.

METHODS

Data sources and preprocessing

HCP data

We used fMRI data from the Human Connectome
Project (HCP), specifically the U100 unrelated subjects
subset from the HCP 900 Subjects Data Release [14, 97].
This cohort includes 100 healthy adult participants (54

females, 46 males; mean age = 29.1 ±3.7 years), selected
to ensure no family relationships. Per HCP protocol,
all participants provided written informed consent ap-
proved by the Washington University Institutional Re-
view Board. Ethical approval for analyses on the HCP
data was obtained from the Swiss Ethics Committee on
research involving humans. All procedures adhered to
relevant guidelines and regulations.

MRI data were acquired on a 3T Siemens Prisma scan-
ner using the HCP standard scanning protocol. Struc-
tural MRI consisted of a high-resolution T1-weighted 3D
MPRAGE sequence (TR = 2400 ms, TE = 2.14 ms, TI =
1000 ms, flip angle = 8°, FOV = 224 × 224 mm, voxel size
= 0.7 mm isotropic). Diffusion-weighted imaging used
spin-echo echo-planar imaging (EPI) with three b-value
shells (1000, 2000, and 3000 s/mm², 90 directions per
shell plus 6 b=0 volumes; TR = 5520 ms, TE = 89.5 ms,
flip angle = 78°, FOV = 208 × 180 mm). Resting-state
fMRI scans (rfMRI REST1 and rfMRI REST2) were col-
lected over two sessions using gradient-echo EPI (TR =
720 ms, TE = 33.1 ms, flip angle = 52°, FOV = 208 ×
180 mm, voxel size = 2 mm isotropic), each with two
phase-encoding directions: left–right (LR) and right–left
(RL).

In addition to resting-state scans, seven task-
based fMRI paradigms were acquired across two
sessions: gambling (tfMRI GAMBLING), relational
(tfMRI RELATIONAL), social (tfMRI SOCIAL), work-
ing memory (tfMRI WM), motor (tfMRI MOTOR),
language (tfMRI LANGUAGE; including story-listening
and arithmetic), and emotion (tfMRI EMOTION).
Working memory, gambling, and motor tasks were
recorded on the first day, while relational, social, lan-
guage, and emotion tasks were acquired on the second.
For each session, both LR and RL phase-encoding ac-
quisitions were used to compute all the different scores.
All analyses used the minimally preprocessed HCP data.
Full acquisition and preprocessing details are available in
the original HCP publications [14, 97].

Brain parcellation

We employed a parcellation of the brain into 116 re-
gions of interest, combining 100 cortical parcels from
the Schaefer atlas [99] with 16 subcortical regions from
the Tian atlas [100]. This combined cortical–subcortical
parcellation was used consistently across structural and
functional connectivity analyses.

Group-level structural connectivity

A group-representative structural connectome was
constructed using diffusion-weighted MRI data from the
same 100 unrelated HCP subjects. Diffusion scans were
processed with MRtrix3, following a standard pipeline
comprising multi-shell, multi-tissue response function es-
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timation, constrained spherical deconvolution, and trac-
tography with 2 106 streamlines per subject. Cortical
and subcortical segmentations based on the Schaefer (100
regions) and Tian (16 regions) atlases, respectively, were
used to parcellate the brain and generate individual con-
nectivity matrices. A group-level structural connectome
was then computed by averaging across subjects, preserv-
ing edge weights corresponding to streamline counts.

Functional Data Preprocessing

We used the minimally preprocessed fMRI data pro-
vided by the HCP [150], which includes artifact removal,
motion correction, and registration to standard space.
Key steps in the HCP functional pipeline included volu-
metric and grayordinate-based spatial preprocessing, and
weak high-pass temporal filtering (cutoff > 2000 s).

For resting-state fMRI, we applied additional prepro-
cessing: a Butterworth bandpass filter ([0.008 Hz, 0.08
Hz]) was applied in both forward and reverse directions
(python nilearn NiftiLabelsMasker).

For task fMRI, the same preprocessing steps were ap-
plied, with the exception of bandpass filtering, as the
optimal frequency bands for task-based signals remain
task-dependent [151]. The resulting region-wise time se-
ries were used for all functional connectivity and classifi-
cation analyses.

Brain maps from neuromaps

We used the neuromaps toolbox (https://github.
com/netneurolab/neuromaps) [152] to obtain a set of
brain maps capturing cortical hierarchies together with
metabolism, and neurotransmitter receptor and trans-
porter brain topographies. Surface-based maps were
transformed to the standard fsLR32k cortical surface us-
ing linear interpolation and parcellated into 100 corti-
cal regions using the Schaefer-100 atlas in fsLR32k space
[99]. Volumetric data were retained in MNI152 space and
parcellated using the Schaefer-100 volumetric atlas.

Maps depicting cortical hierarchies included the
T1w/T2w ratio as a proxy for intracortical myelina-
tion [114, 115] and the evolutionary and developmen-
tal expansion maps [112, 113]. Also from neuromaps,
we recover the Margulies gradients as a proxy for the
functional hierarchies, and the Metabolic maps include
cerebral blood flow, cerebral blood volume, oxygen
metabolism, and glucose metabolism [153, 154]. Neu-
rotransmitter maps encompassed densities of 19 differ-
ent neurotransmitter receptors and transporters span-
ning 9 neurotransmitter systems: serotonin (5-HT1a, 5-
HT1b, 5-HT2a, 5-HT4, 5-HT6, 5-HTT), dopamine (D1,
D2, DAT), norepinephrine (NET), acetylcholine (α4β2,
M1, VAChT), histamine (H3), glutamate (mGluR5),
GABA (GABAa/BZ), opioid (MOR), and cannabinoid

(CB1) [21, 109, 155, 156]. These maps provide a high-
resolution, multi-receptor perspective on the molecular
architecture of the human cortex [152].

Higher-order frameworks

O-Information (Ω): Red and Syn

The total correlation [157] TC and the dual total cor-
relation [158] DTC, are given by the following formulas:

TC(Xn) =
n∑

i=1

H(Xi) −H(Xn) , (1)

DTC(Xn) = H(Xn) −
n∑

i=1

H(Xi | Xn
−i) . (2)

Here, Xn is a vector of n random variables,
Xn = (X1, ..., Xn), H(·) represents the Shannon entropy,
and Xn

−i represents the vector of n − 1 variables com-
posed by all minus Xi i.e., (X1, . . . , Xi−1, Xi+1, . . . , Xn).
Both TC and DTC are non-negative generalizations of
mutual information, meaning they are zero if and only
if all variables X1, . . . , Xn are statistically independent
of one another.

For a set of n random variables Xn = (X1, . . . , Xn),
the O-Information [50] (denoted by Ω) is calculated as
follows:

Ω(Xn) = TC(Xn) − DTC(Xn) , (3)

In our study, we employ the O-information to investi-
gate third-order interactions. For three variables Xi, Xj ,
and Xk, the O-information is equivalent to the interac-
tion information [159] and can be expressed as:

Ω(Xi, Xj , Xk) = H(Xi) + H(Xj) + H(Xk)

−H(Xi, Xj) −H(Xi, Xk) −H(Xj , Xk)

+ H(Xi, Xj , Xk) (4)

The O-information is a real-valued measure that captures
the balance between redundancies and synergies in ar-
bitrary sets of variables, thus extending the properties
of the interaction information of three variables [159]
to larger sets (see related discussion in Ref. [49]). In
particular, the sign of the O-information serves to dis-
criminate between redundant and synergistic groups of
random variables: Ω > 0 corresponds to redundancy-
dominated interdependencies (O-Red), and Ω < 0 char-
acterizes synergy-dominated variables (O-Syn). These
metrics were computed using the HOI toolbox, specifically
the class of functions named Oinfo from the repository
(https://github.com/brainets/hoi.io) [160].
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Integrated information decomposition (Phi ID): PhiID Red
and PhiID Syn

Consider three random variables: two source variables
Xi and Xj , and a target variable Y . The Partial Infor-
mation Decomposition (PID) [49] decomposes the total
information provided by Xi and Xj about Y , given by
Shannon’s mutual information I(X∗;Y ), as follows:

I(Xi, Xj ;Y ) = Red(Xi, Xj ;Y ) + Syn(Xi, Xj ;Y )

+Un(Xi;Y |Xj) + Un(Xj ;Y |Xi), (5)

where Red(Xi, Xj ;Y ) represents the information
provided by Xi and Xj about Y (redundancy),
Syn(Xi, Xj ;Y ) denotes the information provided jointly
by Xi and Xj about Y (synergy), Un(Xi;Y |Xj) is
the unique information provided by Xi about Y , and
Un(Xj ;Y |Xi) is the information that is provided only
by Xj about Y . The four terms of this decomposition
are naturally structured into a lattice with nodes
A = {{12}, {1}, {2}, {1}{2}}, corresponding to the
synergistic, unique in source one, unique in source two,
and redundant information, respectively. To compute
these terms, it is necessary to estimate redundancy.
A common approach for this is the Minimum Mutual
Information (MMI) estimator, which defines redundancy
as the minimum mutual information between each
source and the target. Synergy, in contrast, captures the
additional information provided by the weaker source
when the stronger source is already known [161]. This
choice is motivated by the fact that the MMI approach
has been benchmarked on Gaussian data [161], and there
is a long-standing body of literature supporting the use
of Gaussian models to represent fMRI data [162–164].

Consider the stochastic process of two random vari-
ables Xt = {Xi

t , X
j
t } and denote the two variables in a

current state t, by Xi
t and Xj

t , and the same two vari-

ables in a past state t−τ , by Xi
t−τ , and , Xj

t−τ . The Inte-
grated Information Decomposition (ΦID) is the forward

and backward decomposition of I(Xi
t−τ , X

j
t−τ ;Xi

t , X
j
t ),

called the time delay mutual information, in redundant,
synergistic and unique information [103]. The ΦID can
be represented by the forward and backward interactions
of the product A×A, resulting in 16 distinct atoms: syn-
ergy to synergy, redundancy to redundancy, unique in
source one to unique in source two (and backward), and
redundancy to synergy, among others. Following previ-
ous work [46], our analyses focus on two specific atoms
quantifying the temporal persistence of redundancy and
synergy: the redundancy to redundancy atom (ϕRed) and
synergy to synergy atom (ϕSyn).

To compute these terms, it is necessary to employ
an estimator for the redundancy to redundancy atom
(ϕRed). Building on the Minimum Mutual Information
(MMI) principle and following recent work on this ap-
proach, we compute it as follows:

ϕRed(Xi, Xj) = min
i,j

{MI(Xi, Xj)} (6)

Once this approximation is obtained, all 16 Partial
Information Decomposition (PID) atoms can be esti-
mated. In particular, this allows for the computation
of the synergy to synergy atom (ϕSyn). These metrics
were computed using the HOI python toolbox, specifi-
cally the class phiID atoms from the repository (https:
//github.com/brainets/hoi.io) [160].

Partial Entropy Decomposition (PED): PED Red and PED
Syn

The Partial Entropy Decomposition (PED) frame-
work [57, 104] offers a principled way to decompose
the joint entropy of a set of discrete random vari-
ables into “atoms” that capture distinct modes of in-
formation sharing—specifically, redundancy and synergy.
While aligning with the axioms of information decompo-
sition [49, 165]. For a system

X = {X1, X2, . . . , XN},

the joint entropy is given by

H(X) = E
[
− logP (x)

]
, (7)

where x denotes a particular configuration of X.
Central to PED is the idea of “shared entropy”. Rather

than summarizing a distribution with a single scalar
h(x) = − logP (x), this method seeks to determine how
different components of x jointly exclude probability
mass—that is, how they “share” information.

This concept is generalized by considering all non-
empty subsets of the system. Given a collection of sources
a1, . . . , ak (each ai representing a subset of components).
Redundancy is defined through the measure first pro-
posed by Makkeh et al. [166] and used in Varley et al. [57]:

hsx(a1, . . . , ak) = log
1

P (a1 ∪ · · · ∪ ak)
, (8)

and its expectation yields the global measure

Hsx(A1, . . . , Ak) = E
[
hsx(a1, . . . , ak)

]
. (9)

Not every collection of subsets constitutes a valid
“atom” in this decomposition. Following [49], Varley et
al. [57] restrict their attention to combinations where no
source is a subset of any other. Formally, if s is the
power set of the components (excluding the empty set),
the domain of valid atoms is defined as

Λ =
{
λ ∈ P1(s) : ∀ ai, aj ∈ λ, ai ̸⊂ aj

}
. (10)

Within the lattice Λ, the partial entropy atom asso-
ciated with a given collection α is obtained via Möbius
inversion:

hx
∂(α) = hsx(α) −

∑
β⪯α

hx
∂(β) . (11)
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Consequently, the joint entropy can be exactly recovered
as

h(x) =
∑
α∈Λ

hx
∂(α) . (12)

For systems of three variables, PED allows us to de-
compose classical information-theoretic quantities into
contributions attributable to redundancy and synergy. In
particular, one may define a measure of redundant struc-
ture as

SR(Xi, Xj , Xk) = {i}{j}{k} , (13)

which captures the information redundantly available
from each individual variable. In contrast, the synergistic
structure is given by the sum of all atoms representing
information that emerges only when variables are consid-
ered jointly:

SS(Xi, Xj , Xk) = {i, j}{i, k}{j, k}

+ {i, j}{i, k} + {i, j}{j, k} + {i, k}{j, k}

+ {i}{j, k} + {j}{i, k} + {k}{i, j}.
(14)

Homological Scaffolds: Fscaff and Pscaff

Persistent and frequency-based scaffolds are built on
top of FC matrices and designed to highlight mesoscale
structures [85]. These methods identify groups of inter-
acting regions by selecting topologically relevant groups
of links that collectively form topological loops. The
construction of these scaffolds relies on persistent ho-
mology, a technique in computational topology that
analyzes the shape and structure of high-dimensional
datasets [167, 168].

Our approach begins with a weighted functional net-
work, W = (V,E, ω), where V represents vertices (brain
regions), E represents edges (functional connections),
and ω : E → R denotes the edge weights (i.e. Pear-
son correlations). To capture the network’s topological
features across different intensity scales, we employ a
weight rank filtration [169]. This involves constructing
a sequence of binary graphs, Gw = (V,Ew), where an
edge e ∈ E is included in Gω if its weight ω(e) is larger
than or equal to a threshold ω. For each Gω, we asso-
ciate its clique complex Kω. A clique complex is a sim-
plicial complex where every k-clique in Gω is promoted
to a (k−1)-simplex [169]. The family of complexes {Kω}
then defines a filtration, Kω ⊆ K ′

ω for ω > ω′, allowing us
to track the emergence and disappearance of topological
“holes” as the filtration progresses.

We compute the generators gki of the k-th homological
group Hk along this filtration. Each generator identifies
a specific hole in the network’s mesoscopic connectivity,
such as a one-dimensional cycle (loop). The importance
of each hole is quantified by its persistence (πg = δg −

βg), where βg and δg are the “birth” (appearance) and
“death” (disappearance) weights of the hole during the
filtration, respectively.

These persistent homology generators are then pro-
jected onto a weighted network to form the homological
scaffolds [85]. We defined two types of scaffolds:

• Frequency-filtered scaffold (Fscaff): This scaf-
fold assigns weights to connections based on the
number of topological loops they are part of. If an
edge e belongs to multiple generators gi, its weight
ωf
e is defined as the sum of indicator functions for

each generator it belongs to:

ωf
e =

∑
gi

1e∈gi

where 1e∈gi is 1 if edge e is part of generator gi,
and 0 otherwise. Edges frequently participating in
such loops are considered more significant.

• Persistence-based scaffold (Fscaff): Here, con-
nection weights are determined by the persistence
of the topological loops during the filtration pro-
cess. If an edge e belongs to multiple generators gi,
its weight ωπ

e is defined as the sum of the persis-
tence values of those generators:

ωπ
e =

∑
gi|e∈gi

πgi

Links contributing to loops that persist over a
broader range of filtration values (i.e., have higher
πgi) are given higher importance, indicating more
robust topological features.

By definition, both scaffolds share the same edge set of
links, but with different weighting schemes. This con-
struction highlights the role of links that are part of many
and/or long-persistence cycles, effectively isolating func-
tionally important edges within the network.

Triangles and temporal scaffold

To characterize higher-order functional interactions
over time, we rely on the recent topological ap-
proach [105], which generalizes edge-centric analy-
ses [170] to dynamic simplicial complexes based on
co-fluctuations among triplets of brain regions. Let
{x(t)}Ni=1 be a multivariate time series with N brain re-
gions and T time points, where each signal xi is first
z-scored to ensure comparability across regions: zi =
xi−µ[xi]

σ[xi]
. While second-order co-fluctation are defined as

a temporal unrapping of the Pearson correlation coeffi-
cient [170], i.e. wij = zizj , we define the instantaneous
third-order co-fluctuation among regions (i, j, k) at time
t as:

ξijk(t) =
zi(t)zj(t)zk(t) − µ[zizjzk]

σ[zizjzk]
, (15)

.CC-BY 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted June 25, 2025. ; https://doi.org/10.1101/2025.06.24.661306doi: bioRxiv preprint 

https://doi.org/10.1101/2025.06.24.661306
http://creativecommons.org/licenses/by/4.0/


15

where µ[·] and σ[·] denote the temporal mean and stan-
dard deviation of the product time series. To differentiate
concordant group interactions from discordant ones in a
3-order product, concordant signs are always positively
mapped, while discordant signs are negatively mapped.
Formally,

sign [ξ0...k(t)] := (−1)sgn[(k+1)−|∑k
0 sgn[zi(t)]|], (16)

where sgn[•] is the signum function of a real number. As
a result, each co-fluctuation is assigned a signed magni-
tude:

wijk(t) = sign[ξijk(t)] |ξijk(t)|. (17)

For each time point t, the full set of pairwise and
triplet co-fluctuations defines a weighted simplicial com-
plex Kt, consisting of edges (i, j) with weight wij(t) =
zi(t)zj(t), and triangles (i, j, k) with weight wijk(t) as
defined above. In this setting, triangles capture coordi-
nated fluctuations among three regions beyond pairwise
correlations.

To extract the mesoscale organization of these time-
varying simplicial complexes, we construct a topological
filtration, considering multiple thresholds based on the
weights of Kt, generating a sequence of nested simplicial
complexes that approximates with increasing precision
the original weighted simplicial complex. At each step,
triangles violating the simplicial closure condition—i.e.,
triangles whose minimum edge weight is lower than the
triangle weight—are excluded and recorded in a violation
list ∆v (Triangles).

In a similar fashion as described in the previous sec-
tion, by applying persistent homology to the well-defined
filtration constructed from Kt, we identify generators of
one-dimensional cycles and construct a temporal scaf-
fold graph (Tscaffold). Each edge weight equals the
number of 1D-cycles in which that edge participates,
thus highlighting links that frequently close topological
loops. We compute both triangle-based and scaffold-
based metrics at every time point and derive their
static counterparts by averaging these metrics across
time. These metrics were computed using the original
Julia code from the repository (https://github.com/
andresantoro/RHOSTS).

Nodal and Edge projections

To analyze the information conveyed by the different
higher-order metrics at the edge and node levels, we ap-
plied a downward projection approach. Specifically, for
all metrics defined at the triplets level — including O-
information redundancy and synergy, PED synergy and
redundancy, as well as the violating triangles — we com-
puted edge- and node-level summaries by aggregating
contributions from associated triplets. That is, for each
edge (i, j) we assign a weight wij equal to the average sum
of the weights of triplets including that edge, i.e. triplets

of the form (i, j, •) with a weight wij•, and the average is
computed over the number of triplets nij• which include
that edge. Formally:

wij =
1

nij•

∑
k∈Nij

wijk,

where Nij denotes the set of nodes forming a triangle
with edge (i, j). Similarly, we define the nodal strength
wi of node i as the average sum of weights of the triangles
connected to node i. Formally:

wi =
1

ni••

∑
(j,k)∈J i

wijk,

where Ji is the set of node pairs (j, k) that form a triplet
with node i. This procedure enables comparison across
metrics at a common resolution.

Clustering

To investigate the similarity structure among the
different metrics, we performed hierarchical clustering
based on pairwise dissimilarity. We first computed a dis-
similarity matrix between all pairs of the 11 edge or nodal
projections using the distance metric

√
2(1 − ρ) [171,

172], where ρ is the Spearman correlation coefficient be-
tween each pair of metrics. This measure captures the
degree to which two metrics share a similar spatial dis-
tribution across functional connections (Figure 2b) or
cortical regions (SI Figure S3a). We then applied ag-
glomerative hierarchical clustering using the dendrogram
function from the scipy.cluster.hierarchy module in
Python. The linkage method used was ward linkage,
which merges clusters based on minimizing the total
within-cluster variance, choosing at each step the pair of
clusters whose merger results in the smallest increase in
the overall sum of squared distances. The resulting den-
drogram provides a data-driven representation of how the
metrics group together based on their spatial dissimilar-
ity, revealing shared patterns or functional relationships
across different metrics.

Statistical analysis

To assess the significance of the spatial associations
between the nodal projections of our metrics and var-
ious cortical maps (including metabolic attributes, re-
ceptor densities, and cell-type gene expression), we em-
ployed both spatially informed permutation testing and
subject-level analyses. Specifically, we used a spin per-
mutation test to evaluate whether observed correlations
exceeded what would be expected by chance given the
spatial autocorrelation of cortical anatomy. This method
preserves the spatial structure of cortical maps while
randomizing their alignment through rotations on the
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spherical surface, generating a null distribution against
which empirical correlations can be compared. We per-
formed 1000 spin permutations using the spin test
function from the ENIGMA Toolbox (https://github.
com/MICA-MNI/ENIGMA) [173] , following established pro-
cedures for spatial statistical inference in surface-based
neuroimaging data. In parallel, we computed Spear-
man correlations at the individual subject level, corre-
lating each participant’s nodal projection with each cor-
tical map. This produced a distribution of correlation
values across subjects, which we tested against zero us-
ing two-sided one-sample t-tests. To correct for multiple
comparisons across brain features, we applied Bonferroni
correction. This dual approach allowed us to assess both
the spatial robustness and individual-level consistency of
our results.

Partial Least Square Correlation (PLSC)

To examine the relationship between brain activity and
behavior across the four different methods, we rely on
Partial Least Square Correlation (PLSC) analyses. These
analyses aimed to find connections between the func-
tional links of each method and 10 cognitive scores across
subjects. For each method, we consider the same number
of functional connections, corresponding to

(
N
2

)
entries.

To enhance the stability of the functional connections, we
averaged them over the two resting-state fMRI recordings
(i.e., REST 1 and REST 2). The cognitive scores con-
sidered belong to 10 cognitive subdomains in the HCP
dataset, covering behavioral traits like episodic mem-
ory, executive functions, fluid intelligence, language, pro-
cessing speed, self-regulation/impulsivity, spatial orien-
tation, sustained visual attention, verbal episodic mem-
ory, and working memory [14]. When multiple raw scores
were available for a subdomain, we obtained a single score
through principal component analysis.

We performed the PLSC analysis separately for each
of the methods. PLSC identifies linear combinations
of functional connectivity values that maximally covary
with linear combinations of cognitive scores, determined
through singular value decomposition of the data covari-
ance matrix [128]. The weights of these linear combi-
nations are commonly referred to as brain function and
cognitive saliences, representing the left and right singu-
lar vectors of the data covariance matrix. We assessed
the statistical significance of the PLSC components us-
ing permutation testing (1000 permutations; correlation
patterns with p < 0.05 were considered significant) [128].
To evaluate the reliability of non-zero salience values, we
implemented a bootstrapping procedure (1000 random
data resampling with replacement) and calculated stan-
dard scores with respect to the bootstrap distributions
(salience values were considered reliable if the 95% CI
did not cross the zero) [128]. We quantified the amount
of cognitive traits’ variance explained by functional con-
nectivity values by summing the squared singular values

corresponding to the significant PLSC components. This
sum was normalized by the total sum of squared singular
values obtained for each PLSC analysis [128]. Notice that
we rely on the pypls package for computing the PLSC
analyses (https://github.com/netneurolab/pypyls).

Code availability

One of the key outcomes of this work is the de-
velopment of a collection of ready-to-use code for
analyzing time series data from various higher-
order interaction perspectives. All code is pub-
licly available in the following GitHub repository:
https://github.com/nplresearch/HOI lenses analysis.
The analyses were conducted using Python (tested
on version 3.10) for computing the Partial Entropy
Decomposition (PED), PhiID, and O-information, and
Julia (tested on version 1.10.4) for analyses involving
Triangles, Fscaffold, and Pscaff. The implementa-
tions of O-information and PhiID are based on the
open-source Python toolbox HOI [160], available at
https://github.com/brainets/hoi.
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[111] F. Váša and B. Mǐsić, “Null models in network neu-
roscience,” Nature Reviews Neuroscience 23, 493–504
(2022).

[112] J. Hill, T. Inder, J. Neil, D. Dierker, J. Harwell, and
D. Van Essen, “Similar patterns of cortical expansion
during human development and evolution,” Proceedings
of the National Academy of Sciences 107, 13135–13140
(2010).

.CC-BY 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted June 25, 2025. ; https://doi.org/10.1101/2025.06.24.661306doi: bioRxiv preprint 

http://dx.doi.org/10/b4fwzz
http://dx.doi.org/10/b4fwzz
http://dx.doi.org/10/bhdmnj
http://dx.doi.org/10/bhdmnj
http://dx.doi.org/10/gqd3gc
http://dx.doi.org/10/gqd3gc
http://dx.doi.org/10/f7xchv
http://dx.doi.org/10/f7xchv
http://dx.doi.org/10/gcv326
http://dx.doi.org/10/gcv326
http://dx.doi.org/10/gm5qwz
http://dx.doi.org/10/gm5qwz
http://dx.doi.org/10.1007/978-3-319-70658-0_87-1
http://dx.doi.org/10.1007/978-3-319-70658-0_87-1
http://dx.doi.org/10.1098/rsos.201971
http://dx.doi.org/10.1098/rsos.201971
http://dx.doi.org/https://doi.org/10.1016/j.neuroimage.2021.118245
http://dx.doi.org/10.1088/2632-072X/abb4c6
http://dx.doi.org/10/gf268v
http://dx.doi.org/10/f46ktq
http://dx.doi.org/10/f46ktq
http://dx.doi.org/10/gd738m
http://dx.doi.org/10.1038/s41593-020-00711-6
http://dx.doi.org/10.1038/s43588-023-00519-x
http://dx.doi.org/10.1038/s43588-023-00519-x
http://arxiv.org/abs/2109.13186
http://arxiv.org/abs/2109.13186
http://dx.doi.org/10.48550/arXiv.1702.01591
http://dx.doi.org/10.48550/arXiv.1702.01591
http://dx.doi.org/10.48550/arXiv.1702.01591
http://arxiv.org/abs/1702.01591
http://dx.doi.org/10.1038/s41567-022-01852-0
http://dx.doi.org/10/b3t59j
http://dx.doi.org/10/b3t59j
http://dx.doi.org/10.1038/s41593-022-01125-9
https://doi.org/10.1101/2025.06.24.661306
http://creativecommons.org/licenses/by/4.0/


21

[113] P. Reardon, J. Seidlitz, S. Vandekar, S. Liu, R. Patel,
M. T. M. Park, A. Alexander-Bloch, L. S. Clasen, J. D.
Blumenthal, F. M. Lalonde, et al., “Normative brain
size variation and brain shape diversity in humans,” Sci-
ence 360, 1222–1227 (2018).

[114] M. F. Glasser and D. C. Van Essen, “Mapping human
cortical areas in vivo based on myelin content as re-
vealed by t1- and t2-weighted mri,” Journal of Neuro-
science 31, 11597–11616 (2011).

[115] M. F. Glasser, T. S. Coalson, E. C. Robinson, C. D.
Hacker, J. Harwell, E. Yacoub, K. Ugurbil, J. Anders-
son, C. F. Beckmann, M. Jenkinson, et al., “A multi-
modal parcellation of human cerebral cortex,” Nature
536, 171–178 (2016).

[116] D. S. Margulies, S. S. Ghosh, A. Goulas, M. Falkiewicz,
J. M. Huntenburg, G. Langs, G. Bezgin, S. B. Eick-
hoff, F. X. Castellanos, M. Petrides, E. Jefferies, and
J. Smallwood, “Situating the default-mode network
along a principal gradient of macroscale cortical orga-
nization,” Proceedings of the National Academy of Sci-
ences of the United States of America 113, 12574–12579
(2016).

[117] E. S. Finn, X. Shen, D. Scheinost, M. D. Rosen-
berg, J. Huang, M. M. Chun, X. Papademetris, and
R. T. Constable, “Functional connectome fingerprint-
ing: Identifying individuals using patterns of brain con-
nectivity,” Nature Neuroscience 18, 1664–1671 (2015).

[118] J.-D. Haynes and G. Rees, “Decoding mental states
from brain activity in humans,” Nature reviews neu-
roscience 7, 523–534 (2006).

[119] R. A. Poldrack, Y. O. Halchenko, and S. J. Hanson,
“Decoding the large-scale structure of brain function
by classifying mental states across individuals,” Psycho-
logical Science 20, 1364–1372 (2009), pMID: 19883493,
https://doi.org/10.1111/j.1467-9280.2009.02460.x.
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[162] J. Hlinka, M. Paluš, M. Vejmelka, D. Mantini, and
M. Corbetta, “Functional connectivity in resting-state
fmri: is linear correlation sufficient?” NeuroImage 54,
2218–2225 (2011).

[163] E. Nozari, M. A. Bertolero, J. Stiso, L. Caciagli, E. J.
Cornblath, X. He, A. S. Mahadevan, G. J. Pappas, and
D. S. Bassett, “Is the brain macroscopically linear? a
system identification of resting state dynamics,” arXiv
preprint arXiv:2012.12351 (2020).

[164] M.-A. Schulz, B. T. Yeo, J. T. Vogelstein, J. Mourao-
Miranada, J. N. Kather, K. Kording, B. Richards, and
D. Bzdok, “Different scaling of linear models and deep
learning in ukbiobank brain images versus machine-
learning datasets,” Nature communications 11, 4238
(2020).

[165] C. Finn and J. T. Lizier, “Pointwise Partial Informa-
tion Decomposition Using the Specificity and Ambigu-
ity Lattices,” Entropy 20, 297 (2018).

[166] A. Makkeh, A. J. Gutknecht, and M. Wibral, “Intro-
ducing a differentiable measure of pointwise shared in-
formation,” Phys. Rev. E 103, 032149 (2021).

[167] G. Carlsson, T. Ishkhanov, V. de Silva, and A. Zomoro-
dian, “On the Local Behavior of Spaces of Natural Im-
ages,” International Journal of Computer Vision 76, 1–
12 (2008).

[168] P. Y. Lum, G. Singh, A. Lehman, T. Ishkanov,
M. Vejdemo-Johansson, M. Alagappan, J. Carlsson,
and G. Carlsson, “Extracting insights from the shape
of complex data using topology,” Scientific reports 3,

.CC-BY 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted June 25, 2025. ; https://doi.org/10.1101/2025.06.24.661306doi: bioRxiv preprint 

http://dx.doi.org/10.1038/s44260-024-00011-1
http://dx.doi.org/10.1103/PhysRevE.111.L033301
http://dx.doi.org/10.1038/s42003-025-08198-2
http://dx.doi.org/10.1038/s41592-018-0235-4
http://dx.doi.org/10.1038/s41592-018-0235-4
http://dx.doi.org/10.1016/j.neuroimage.2013.04.127
http://dx.doi.org/10.1016/j.neuroimage.2013.04.127
http://dx.doi.org/10.1073/pnas.1010459107
http://dx.doi.org/10.1073/pnas.1010459107
http://dx.doi.org/10.1073/pnas.1010459107
http://dx.doi.org/10.1147/rd.41.0066
http://dx.doi.org/10.1147/rd.41.0066
http://dx.doi.org/10.1016/S0019-9958(78)90275-9
http://dx.doi.org/10.1016/S0019-9958(78)90275-9
http://dx.doi.org/10.1109/TIT.1954.1057469
http://dx.doi.org/10.1109/TIT.1954.1057469
http://dx.doi.org/10.1103/PhysRevE.91.052802
http://dx.doi.org/10.3390/e20040297
http://dx.doi.org/10.1103/PhysRevE.103.032149
http://dx.doi.org/10/dgb3fz
http://dx.doi.org/10/dgb3fz
https://doi.org/10.1101/2025.06.24.661306
http://creativecommons.org/licenses/by/4.0/


23

1236 (2013).
[169] G. Petri, M. Scolamiero, I. Donato, and F. Vaccarino,

“Topological Strata of Weighted Complex Networks,”
PLoS ONE 8 (2013), 10/gm8bs6.

[170] J. Faskowitz, F. Z. Esfahlani, Y. Jo, O. Sporns, and
R. F. Betzel, “Edge-centric functional network rep-
resentations of human cerebral cortex reveal overlap-
ping system-level architecture,” Nature Neuroscience
23, 1644–1654 (2020).

[171] J. C. Gower, “Some distance properties of latent root
and vector methods used in multivariate analysis,”

Biometrika 53, 325–338 (1966).
[172] G. Bonanno, F. Lillo, and R. N. Mantegna, “High-

frequency cross-correlation in a set of stocks,” (2001).
[173] A. F. Alexander-Bloch, H. Shou, S. Liu, T. D. Satterth-

waite, D. C. Glahn, R. T. Shinohara, S. N. Vandekar,
and A. Raznahan, “On testing for spatial correspon-
dence between maps of human brain structure and func-
tion,” Neuroimage 178, 540–551 (2018).

.CC-BY 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted June 25, 2025. ; https://doi.org/10.1101/2025.06.24.661306doi: bioRxiv preprint 

http://dx.doi.org/10/gm8bs6
http://dx.doi.org/10/gj36k7
http://dx.doi.org/10/gj36k7
https://doi.org/10.1101/2025.06.24.661306
http://creativecommons.org/licenses/by/4.0/

	Beyond Pairwise Interactions: Charting Higher-Order Models of Brain Function
	Abstract
	Results
	Higher-order taxonomy
	Multimodal Characterization of Topological and Informational Gradients
	Brain fingerprinting and task decoding
	FC decomposition and brain-behavior analysis

	Discussion
	Methods
	Data sources and preprocessing
	HCP data
	Brain parcellation
	Group-level structural connectivity
	Functional Data Preprocessing
	Brain maps from neuromaps

	Higher-order frameworks
	O-Information (): Red and Syn
	Integrated information decomposition (Phi ID): PhiID Red and PhiID Syn
	Partial Entropy Decomposition (PED): PED Red and PED Syn
	Homological Scaffolds: Fscaff and Pscaff
	Triangles and temporal scaffold

	Nodal and Edge projections
	Clustering
	Statistical analysis
	Partial Least Square Correlation (PLSC)
	Code availability
	Conflicts of interest
	Acknowledgments
	Contributions


	References


