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 A B S T R A C T

Conventional graph-based analyses of functional brain networks capture only pairwise in-
teractions, overlooking higher-order polyadic dependencies that are increasingly recognized 
as fundamental to brain computation. Here we apply hypergraph neural networks (HGNNs) 
to resting-state fMRI data from the ABIDE dataset (408 ASD, 476 typically developing sub-
jects; AAL atlas, 116 ROIs) and demonstrate that the synergistic integration of higher-order 
hypergraph structure with pairwise functional connectivity features is essential for accurate 
autism spectrum disorder (ASD) classification. Hypergraph representations are constructed 
via sparse group lasso, and two UniGNN variants (UniGCN and UniGIN) are benchmarked 
against SVM and standard GCN baselines. UniGIN with pairwise connectivity profiles as node 
features achieves the best performance (F1 = 0.77, AUC = 0.80, balanced accuracy = 0.76), 
substantially outperforming the same architecture with time-series-derived features (F1 = 0.64, 
AUC = 0.74) and all pairwise-only models. This result establishes that neither hypergraph 
topology alone nor pairwise connectivity alone suffices: the hypergraph defines meso-scale 
modular structure while pairwise features encode fine-grained dyadic interactions, and both 
scales are needed for optimal discrimination. Consensus network analysis reveals that group-
level differences are structured and systematic at the hypergraph level but region-specific at the 
pairwise level. Contrastive comparison of consensus hypergraphs shows that 9 of 10 hyperedges 
are topologically identical between ASD and TD groups, sharing a conserved triple-network 
(DMN–CEN–SN) backbone. The primary divergence involves the cerebellum: ASD exhibits a 
decoupling of visual–cerebellar coordination, the emergence of an isolated cerebellar module 
with expanded Vermis recruitment, and an aberrant fronto-cerebellar hyperedge absent in 
controls. These findings provide a multi-scale framework for understanding ASD-related brain 
network alterations and establish a methodological principle that advancing beyond pairwise 
interactions requires integrating, not replacing, dyadic analysis within higher-order topological 
representations.
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1. Introduction

The human brain is increasingly understood as a complex system whose remarkable computational capabilities arise not from 
the activity of isolated regions but from the coordinated interplay of distributed neural ensembles [1,2]. Functional magnetic 
resonance imaging (fMRI) has become an indispensable tool for probing this organization, offering a non-invasive window into 
the brain’s functional architecture through the blood oxygenation level-dependent (BOLD) signal [3,4]. Over the past two decades, 
network neuroscience has provided a powerful framework for analyzing fMRI data, modeling the brain as a graph where nodes 
represent brain regions and edges capture pairwise functional connectivity—typically quantified by measures such as Pearson 
correlation or coherence [5,6]. This perspective has yielded fundamental insights into principles of brain organization, including 
small-world topology, modular structure, and the existence of highly connected hubs, while also revealing alterations associated 
with neurological and psychiatric disorders [7–11].

Despite its transformative impact, the conventional graph-based paradigm rests on a fundamental simplifying assumption: that 
all functional interactions can be adequately captured by pairwise dependencies. This reductionist premise inherently excludes the 
possibility of polyadic interactions—emergent phenomena where the joint activity of three or more regions gives rise to information 
that cannot be decomposed into a sum of dyadic relationships [12,13]. A growing body of evidence, however, suggests that such 
higher-order interactions (HOIs) are not merely a theoretical curiosity but constitute a core computational primitive underlying 
complex cognitive functions, including multi-sensory integration, decision-making, and executive control [14–16]. The recognition 
that brain function may be fundamentally shaped by these multi-body interactions has catalyzed a paradigm shift, motivating the 
development of analytical frameworks capable of moving beyond pairwise connectivity [17].

Recent methodological advances have begun to address this challenge, drawing on tools from algebraic topology, information 
theory, and multivariate statistics [18–21]. As comprehensively reviewed in Ref. [22], approaches based on hypergraphs and 
simplicial complexes have proven particularly promising for capturing the rich landscape of HOIs in fMRI data, revealing synergistic 
interactions invisible to standard functional connectivity analyses and offering superior sensitivity in distinguishing clinical 
populations. This evolution in analytical methodology aligns with a broader trend in complex network science, where the study 
of HOIs has emerged as a frontier for understanding emergent collective phenomena across diverse domains, from social networks 
to biological systems [23–25].

While these developments have established the conceptual and mathematical foundations for HOI analysis, a critical method-
ological gap remains: the effective integration of such representations with powerful learning frameworks. Classical approaches 
to HOI detection, while valuable for hypothesis testing, often rely on predefined rules for hyperedge construction and do not 
directly leverage the predictive power of modern machine learning. In parallel, the field of graph representation learning has 
witnessed remarkable progress with the advent of Graph Neural Networks (GNNs), which learn expressive node embeddings through 
message passing and have achieved state-of-the-art performance in node classification, link prediction, and graph classification 
tasks [26,27]. GNNs have shown high efficiency for solving engineering tasks [28] and processing experimental data [29], including 
functional brain networks [30,31]. However, GNNs are inherently limited to pairwise graph structures and cannot directly operate 
on hypergraphs without substantial adaptation.

A pivotal development in bridging this gap came with the introduction of UniGNN — a unified framework that generalizes 
classical GNN architectures to hypergraphs by reinterpreting message passing as a two-stage aggregation process [32]. Within this 
framework, information is first aggregated within hyperedges and then across incident hyperedges, enabling the direct application 
of well-established GNN designs such as GCN, GAT, GIN, and GraphSAGE to hypergraph-structured data. This conceptual unification 
not only extends the expressive power of GNNs to higher-order representations but also facilitates the incorporation of sophisticated 
architectural innovations — including mechanisms to mitigate over-smoothing in deep networks — into hypergraph learning. 
UniGNN has demonstrated substantial performance gains over existing hypergraph neural networks (HGNNs) across multiple 
benchmark datasets, establishing its potential as a foundational tool for hypergraph representation learning.

The convergence of these developments — the neuroscientific imperative to characterize HOIs, the mathematical framework of 
hypergraphs for representing them, and the computational power of HGNNs for learning from them — creates an opportunity for 
advancing our understanding of brain function and dysfunction. However, to date, the application of UniGNN-like architectures 
to fMRI-based functional brain networks has remained largely unexplored. Key questions remain unanswered: How effectively can 
HGNNs capture clinically relevant HOI patterns from fMRI data? How do their classification performance and the interpretability of 
their learned representations compare with traditional pairwise approaches? What insights into network organization can be gleaned 
from the hypergraph structures identified by these models?

This study aims to address these issues by systematically evaluating the application of HGNNs for classifying functional 
brain networks derived from resting-state fMRI data for individuals with autism spectrum disorders (ASD) using an open-source 
dataset ABIDE [33]. We construct hypergraph representations of brain functional connectivity using Lasso-based hyperconnectivity 
extraction technique [34,35] and implement two highly advanced and optimized variants of the UniGNN architecture (UniGCN 
and UniGIN) [32] to learn discriminative embeddings capable of capturing HOIs. We compare their performance with traditional 
machine learning methods and classical deep GNN applied to pairwise interactions. Furthermore, we analyze the learned hypergraph 
structures to identify brain regions and cross-region interaction patterns that contribute most to classification decisions and relate 
these results to established principles of brain network organization using a consensus network-based approach [36,37] adapted to 
hypergraphs.

This work is situated within a broader scientific context that has been profoundly shaped by the contributions of Professor 
Stefano Boccaletti. Over the past decades, Prof. Boccaletti has played a significant role in the development of complex systems 
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science, making seminal contributions to our understanding of synchronization, network dynamics, and, crucially, the physics of 
HOIs [24,38,39]. His pioneering work on the structure and dynamics of complex networks has inspired generations of researchers 
and laid much of the theoretical groundwork upon which the present study builds. Beyond his scientific contributions, his sustained 
support and encouragement for interdisciplinary research bridging physics, neuroscience, and complex network theory have been 
instrumental in nurturing the community that now explores these frontiers. It is therefore a particular honor to contribute to this 
special issue celebrating his 60th birthday, and we hope that this work reflects the spirit of innovation and intellectual generosity 
that he has so consistently embodied.

2. Methods

2.1. Dataset

The Autism Brain Imaging Data Exchange I (ABIDE I) is a large-scale, multi-site collection of resting-state functional magnetic 
resonance imaging (rs-fMRI) and structural MRI data, designed to facilitate the study of brain connectivity in autism spectrum 
disorder (ASD). The initial release (ABIDE I) involves 17 international sites, yielding over 1000 samples of rs-fMRI data, spanning 
a wide age range and varying acquisition protocols [33].

In this study, we used data from the ABIDE Preprocessed repository [40], which contains ABIDE data preprocessed using 
several pipelines. We selected the preprocessing strategy performed using the Data Processing Assistant for Resting-State fMRI 
(DPARSF) [41], with bandpass filtering and global signal regression applied. Finally, we used BOLD time series parcellated into 
𝑀 = 116 regions of interest (ROIs) using the AAL atlas [42]. A total of 884 samples were loaded from the repository, including 408 
ASD and 476 typically developing (TD) subjects.

2.2. Pairwise functional connectivity assessment

For each subject, we estimated pairwise functional connectivity between all ROI pairs using the Pearson correlation coefficient, 
resulting in a symmetric connectivity matrix 𝐴 = 𝑀 ×𝑀 per subject. Pearson correlation is a widely used measure of statistical 
dependence in rs-fMRI studies and reflects temporal synchrony between spatially distinct brain regions. To reduce noise-driven 
connections, the statistical significance of each correlation coefficient was assessed, and all connections not meeting the significance 
threshold of 𝑝 < 0.05 were set to zero.

2.3. Hypergraphs assessment

Although the graph-based models have revealed many fundamental principles of cortical organization, they inherently assume 
that all functional interactions in the brain network are pairwise. However, brain functional connectivity exhibits behavior that goes 
beyond the scope of pairwise connections [12,43].

In the present study, each subject’s data was transformed into a hypergraph representation using sparse group lasso (SGL) 
method [44].

In accordance with the methodology, we treat each BOLD time series 𝑦𝑚 of ROI 𝑚 as a sparse linear combination of all other ROIs: 
𝑦𝑚 = 𝑋𝑚𝛽𝑚 + 𝜏𝑚, where 𝑋𝑚 is a predictor matrix containing all other ROIs except of 𝑚th and 𝛽𝑚 is a coefficient vector determining 
the degree of influence of ROIs in 𝑋𝑚 on the ROI 𝑚; 𝜏𝑚 is the noise term. The non-zero values of 𝛽𝑚 indicate the members of 
hyperedge ‘‘centered’’ in the ROI 𝑚 [45]. Then, we define the partitioning of the elements in 𝑋𝑚 into 𝐺 pre-determined anatomical 
groups derived from the AAL atlas anatomical labeling framework: central, parietal, frontal, temporal lobes, limbic node, cerebellum, 
vermis, insula and subcortical grei nuclei [46]. For each ROI 𝑚, SGL estimates the coefficient vector 𝛽𝑚: 

𝛽(𝑚) = argmin
𝛽

1
2𝑛

‖𝑦(𝑚) −𝑋
(𝑚)
𝛽‖22 + (1 − 𝛼)𝜆

𝐺
∑

𝑔=1

√

𝑝𝑔‖𝛽𝐺𝑔
‖2 + 𝛼𝜆‖𝑒‖1, (1)

where 𝑛 is the number of time points in the BOLD time series, 𝜆 ≥ 0 is a regularization strength that controls the sparsity of the 
model. The second term of this equation represents the group ⏞2 penalty that introduces the group sparsity: here, 𝛽𝐺𝑔

 corresponds 
to the subvector of coefficients belonging to the group 𝑔, 𝑝𝑔 is a size of the group 𝑔. The third term corresponds to the elementwise 
𝑙1 penalty, which is a standard lasso penalty that encourages the within-group sparsity. A measure 𝛼 ∈ [0, 1] controls the balance 
between these two penalties: 𝛼 = 0 gives the group lasso, 𝛼 = 1 gives the lasso, and 0 < 𝛼 < 1 combines both. In this research, both 
𝛼 and 𝜆 were set to 0.1.

Estimation of 𝛽𝑚, 𝑚 ∈ 1,… ,𝑀 , was performed for each subject. The subsets of non-zero values of 𝛽𝑚 were interpreted as a 
hyperedge 𝑒 ∈ 𝐸 ’centered’ at the node 𝑚. Then, we removed empty hyperedges, subedges and calculated the similarity of the 
remaining hyperedges to reduce structural duplication. Similarity was defined using the Jaccard coefficient 

𝐽 (𝑒𝑖, 𝑒𝑗 ) =
|𝑒𝑖 ∩ 𝑒𝑗 |
|𝑒𝑖 ∪ 𝑒𝑗 |

. (2)

Hyperedges exceeding a predefined similarity threshold of 0.9 were merged.
Finally, each subject was represented by a hypergraph in the form of a single incidence matrix 𝐻𝑠 ∈ {0, 1}𝑀×𝑁𝑠 , where 𝑁𝑠

denotes the number of retained hyperedges for subject 𝑠, which was comparable across subjects and groups. 
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2.4. Machine learning

To evaluate the discriminative power of the obtained representations, we employed multiple machine learning (ML) models 
spanning different methodological families. Each model was trained and evaluated using a stratified 𝑘-fold cross-validation scheme 
with 𝑘 = 5 to ensure robustness. Model performance was assessed using the F1-score and the area under the ROC curve (AUC), 
computed on held-out data. Hyperparameters were optimized using nested cross-validation within the training folds.

2.4.1. Support vector machine (SVM)
As a baseline approach, we employed an SVM classifier. For each subject, we obtained the degrees of nodes of the corresponding 

hypergraph by calculating the number of hyperedges that each of 𝑀 nodes belongs to and used these vectorized representations to 
train the model. The best performance was achieved using a model with a radial basis function (RBF) kernel, with 𝛾 = 0.1 and a 
regularization parameter of 𝐶 = 1.

2.4.2. Graph convolutional network (GCN)
To explicitly model the network structure of brain functional relationships, we employed a graph convolutional network (GCN) 

with a single GCNConv layer [47] consisting of 64 hidden units, followed by batch normalization, a ReLU activation function, global 
max pooling, a multilayer perceptron (MLP) classifier, and dropout with a rate of 0.3. Each node 𝑖 in each graph was represented 
by a feature vector constructed from summary connectivity measures [𝑠+𝑖 , 𝑠−𝑖 , 𝑠

(𝑎𝑏𝑠)
𝑖 , 𝜇(𝑎𝑏𝑠)

𝑖 , 𝜎𝑖, 𝑐𝑖], comprising:

1. 𝑠+𝑖  – sum of strength of the positive connections of the node 𝑖,
2. 𝑠−𝑖  – sum of strength of the negative connections of the node 𝑖,
3. 𝑠𝑎𝑏𝑠𝑖  – sum of strength of all connections of the node 𝑖,
4. 𝜇(𝑎𝑏𝑠)

𝑖  – mean of absolute connections of the node 𝑖,
5. 𝜎𝑖 – standard deviation of connections of the node 𝑖,
6. 𝑐𝑖 – correlation coefficient of the node 𝑖.

Additionally, we used the Adam optimizer with a learning rate of 1 × 10−4 and weight decay of 1 × 10−4, along with a binary 
cross-entropy loss function and a sigmoid output layer.

2.4.3. Unified graph convolutional network (unignn)
To capture higher-order interactions beyond pairwise connections, we employed the UniGNN [32] message-passing framework, 

which generalizes graph neural networks to hypergraphs. In particular, we used the Unified Graph Convolutional Network (UniGCN) 
and the Unified Graph Isomorphism Network (UniGIN). Both models utilize a two-stage message aggregation process according to 
the following rule: 

{

ℎ𝑒 = 𝜙1({𝑥𝑗}𝑗∈𝑒),

𝑥̃𝑖 = 𝜙2(𝑥𝑖, {ℎ𝑒}𝑒∈𝐸𝑖
)

(3)

where 𝜙1 and 𝜙2 are the aggregation functions for hyperedges and vertices, respectively. In the first stage, the messages are 
aggregated from all vertices belonging to a hyperedge 𝑒. In the second stage, each vertex is updated using the aggregated messages 
from its incident hyperedges.

UniGCN generalizes the message-passing process introduced for GCN [47] by incorporating normalization based on hyperedge 
degrees. UniGIN is a generalization of the Graph Isomorphism Network (GIN) that uses MLPs in its aggregation mechanisms, allowing 
it to capture higher-order structures.

For both models, we tested two node features parametrization strategies: (i) functional connectivity profiles and (ii) time series 
statistival descriptors, which capture, respectively, inter-ROI interaction patterns and intrinsic temporal characteristics of BOLD 
signals.

In the first approach, node features were determined directly from pairwise functional connectivity. Hence, for each subject, the 
𝑖th ROI was represented by the 𝑖th row of the adjacency matrix 𝐴. In the second approach, the node features were derived from 
statistical properties of the corresponding BOLD signals. For each node 𝑖, four descriptive statistics were computed: [𝜇𝑖, 𝜎𝑖, 𝑠𝑘𝑒𝑤𝑖, 
𝑘𝑢𝑟𝑡𝑖]. The fist two correspond to the mean and the standard deviation of BOLD time series of 𝑖th node, the third corresponds to 
the skewness and the fourth — to the kurtosis.

2.5. Consensus network analysis

Group-level consensus networks were constructed for both pairwise and higher-order representations of brain functional 
networks.

For the pairvase graphs, the first step was to average the binarized connectivity matrices 𝐴 across subjects: 

𝐴̄𝑠 = 1
𝑆
∑

𝐴𝑠, (4)

𝑆 𝑠=1
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where 𝑆 is a number of subjects in the corresponding group (ASD or TD). Then, the consensus graph 𝑐𝐺𝑠 for the subject 𝑠 with node 
set 𝑉 = 𝑣1,… , 𝑣𝑀 , 𝑀 = 116 can be defined by an adjacency matrix 𝑐𝐴𝑠: 

𝑐𝐴𝑠
𝑖,𝑗 =

{

0, if 𝐴̄𝑠
𝑖,𝑗 < 𝛾

1, otherwise
(5)

where 𝛾 = 0.8 is the threshold, which means that the pairwise consensus network included edges present in at least 80% of subjects 
within each group. These steps allow the identification of functional connections that are consistently present across subjects in the 
considered groups.

For HOIs, we generalize this approach as follows. For each subject 𝑠, the hypergraph can be represented as an incidence matrix 
𝐻𝑠 ∈ 0, 1𝑀 ×𝑁𝑠, where 𝑀 = 116 is a number of ROIs and 𝑁𝑠 is a number of hyperedges in the hypergraph 𝐻𝑠. At the first step, 
for all subjects, the hyperedges were pulled into a common set: 

𝜀𝐺 =
⋃

𝑠∈𝐺
{𝑒𝑠1 ,… , 𝑒𝑠𝑁𝑠

}, (6)

where 𝐺 is the subset of subjects corresponding to the considered group (ASD or TD). Since the hyperedges do not match exactly 
between subjects, we employed the similarity quantified by the Jaccard coefficient (2). The hyperedges 𝑒𝑖 and 𝑒𝑗 were considered 
equivalent if the corresponding Jaccard coefficient exceeded the pre-defined similarity threshold, which we chose to be 0.7.

The defined similarity allowed us to pool similar hyperedges observed across subjects into groups 𝐶𝑘, 𝑘 = 1,… , 𝑁𝑔 , where 𝑁𝑔
is a number of observed groups. For each node 𝑣, we calculated the frequency of its membership within the group 𝐶𝑘 as: 

𝑓𝑣𝑘 = 1
|𝐶𝑘|

∑

𝑒∈𝐶𝑘

1𝑒(𝑣), (7)

where 1𝑒(𝑣) is 1 if 𝑣 ∈ 𝑒 and 0 otherwise — indicator function. We included the node into the consensus hyperedge if its 𝑓 exceeded 
the pre-defined frequency threshold, which we set to be 0.6.

The final consensus hypergraph for the group 𝐺 was represented by the incidence matrix 𝑐𝐻 ∈ 0, 1𝑚×𝑁𝐺∗, where 𝑁𝐺 ∗ is a 
number of obtained consensus hyperedges.

The resulting pairwise consensus networks included 143 edges for the ASD group and 164 edges for the TD group. The consensus 
hypergraphs included 11 hyperedges for the ASD group and 10 hyperedges for the TD group. Consensus hypergraphs for both groups 
are illustrated in Fig.  1.

2.6. Contrastive hypergraph analysis and mapping to large-scale networks

To systematically characterize the structural differences between group-level consensus hypergraphs and to relate the obtained 
hyperedges to known principles of brain organization, we performed a contrastive analysis and mapped each hyperedge to 
established large-scale brain networks (LSNs).

2.6.1. Contrastive analysis
Consensus hyperedges from the ASD and TD groups were compared using the Jaccard similarity coefficient (2). For each TD 

hyperedge, the best-matching ASD hyperedge was identified as the one maximizing Jaccard similarity. Hyperedge pairs with 𝐽 = 1.0
were classified as identical (fully conserved across groups); pairs with 0.5 ≤ 𝐽 < 1.0 as partially overlapping ; and pairs with 𝐽 < 0.5 as
divergent. Hyperedges present in one group but lacking any close match (𝐽 < 0.5) in the other group were classified as group-specific.

2.6.2. Mapping to large-scale networks
Each AAL ROI was assigned to one of eight canonical LSNs based on established functional neuroanatomy [48–50]: the default 

mode network (DMN), central executive network (CEN), salience network (SN), sensorimotor network (SMN), visual network (VN), 
temporal/auditory network (TN), subcortical network (SC), and cerebellar network (CB). The complete mapping is provided in 
Table  A.4 in the Appendix. For each consensus hyperedge, the LSN composition was computed as the number of constituent ROIs 
belonging to each LSN, yielding an LSN profile vector that characterizes the functional network content of the hyperedge. 

All calculations were performed using the Python programming language. Pearson correlation was computed using the SciPy 
library [51]. Higher-order functional connectivity networks, SVM model, and consensus network algorithms were implemented 
using tools from the scikit-learn library [52]. UniGNN models were developed using the TopoModelX package [53].

3. Results

3.1. Machine learning classification

The performance of developed ML models is presented in Table  1.
Overall, the evaluated models demonstrated a pronounced hierarchy in discriminative performance, highlighting the critical role 

of both network representation and node feature parametrization.
The SVM baseline, which operated on vectorized hypergraph node degrees without leveraging the full network topology, achieved 

the lowest performance across all metrics (F1-score = 0.44, AUC = 0.54, balanced accuracy = 0.55). This result indicates that simple 
5 
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Fig. 1. Consensus hypergraph views for TD and ASD groups. The top panel depicts the ROIs location on the brain saggital view with labels 
corresponding to anatomical groups used to restore HOI; the color of the label corresponds to the color of nodes included in the corresponding 
group. The middle and lower panel shows consensus hypergraph structure obtained for TD and ASD group, respectively.

Table 1
Summary table of ML model performance.
 Model Node features F1-score AUC score Balanced acc 
 SVM – 0.44 ± 0.059 0.54 ± 0.047 0.55 ± 0.029  
 GCN summary feats 0.59 ± 0.044 0.55 ± 0.043 0.54 ± 0.035  
 UniGCN ts feats 0.62 ± 0.031 0.58 ± 0.072 0.59 ± 0.038  
 pairwise feats 0.61 ± 0.041 0.59 ± 0.032 0.59 ± 0.033  
 UniGIN ts feats 0.64 ± 0.026 0.74 ± 0.042 0.70 ± 0.039  
 pairwise feats 0.77 ± 0.042 0.80 ± 0.048 0.76 ± 0.037  

topological summaries of hypergraph structure, while informative for consensus-level group comparisons (see Section 3.2), carry 
insufficient discriminative power for individual-level classification. The GCN model, which explicitly incorporated pairwise graph 
structure via spectral convolutions and used summary connectivity features, yielded a moderate F1-score of 0.59 but exhibited a 
low AUC of 0.55 and balanced accuracy of 0.54, suggesting limited generalization and poor calibration despite the richer input 
representation.
6 
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Table 2
Comparison of the obtained results with state-of-the-art classification frameworks on ABIDE.
 Study Method Score  
 Han and Li [54] Unified Multi-View Hypergraph Learning (UMHL) AUC = 0.75 ± 0.015  
 Mehul et al. [55] Hypergraph neural model with learned hyperedges 

+ gated attention
AUC = 0.7703 ± 0.0185  

 Han et al. [56] Inter-Intra High-order Brain Network (𝐼2HBN) AUC = 0.8378 ± 0.0111 (NYU);  
 AUC = 0.8237 ± 0.0170 (UCLA) 
 Hao et al. [57] Autoencoder + Broad Learning System ACC = 0.718  
 Ours UniGIN AUC = 0.80 ± 0.048  

The transition to hypergraph-based architectures produced consistent improvements. UniGCN achieved comparable F1-scores for 
both time series and pairwise connectivity features (0.62 and 0.61, respectively), with AUC values of 0.58 and 0.59. However, the 
most substantial performance gain was observed with UniGIN, which demonstrated a clear advantage attributable to the choice of 
node feature parametrization. When using time series statistical descriptors (mean, standard deviation, skewness, and kurtosis of 
BOLD signals, ‘‘ts feats’’ in Table  1), UniGIN achieved an F1-score of 0.64, AUC of 0.74, and balanced accuracy of 0.70. In contrast, 
when pairwise Pearson correlation profiles were used as node features (‘‘pairwise feats’’ in Table  1), thereby encoding the full vector 
of each region’s functional connectivity with all other regions, performance increased substantially, reaching an F1-score of 0.77, 
AUC of 0.80, and balanced accuracy of 0.76.

This pattern reveals two complementary insights. First, the superiority of UniGIN over UniGCN suggests that the more expressive 
aggregation mechanism of GIN, which employs MLPs and has been shown to be maximally powerful among message-passing neural 
networks [27], is better suited to exploiting the structural information encoded in hypergraphs.

Second, and more critically, the dramatic performance gap between the two node feature strategies within UniGIN (a 13-point 
improvement in F1-score and a 6-point gain in AUC when switching from time series features to pairwise connectivity features) 
demonstrates that the hypergraph structure alone is insufficient for optimal classification. Rather, the integration of pairwise 
functional connectivity profiles into the node feature space — effectively embedding the topology of dyadic interactions within 
the framework of higher-order structure — is essential for maximizing classification accuracy. 

3.1.1. Comparison with the state-of-the-art on ABIDE
Table  2 reflects the current state-of-the-art results on ABIDE dataset classification with ML models specifically designed to perform 

on HOIs, including the results obtained in the current research. Although all papers report the accuracy/AUC metrics, the direct 
comparison of the results is limited due to the difference in ABIDE versions, subsets and parcellations under use. However, the 
large-scale review allows to determine that the reported AUC = 0.80 makes our results competitive with the current state-of-the-art 
on ABIDE.

3.2. Consensus network

The results in Table  1 indicate that node features derived from pairwise functional connectivity profiles consistently yielded better 
performance compared to the features based on BOLD time series. To study whether the reasons behind such behavior of HOI-based 
ML models may be reflected in a topological organization of functional connectivity networks, both pairwise and higher-order, we 
employed the consensus network approach, which has proved itself as a powerful tool that provides useful insights into group-level 
functional connectivity network structure [36,37].

We constructed consensus networks for both pairwise connectivity and higher-order (hypergraph) representations separately for 
ASD and TD groups. Fig.  2 shows the degree vectors for obtained topological structures.

The pairwise consensus network exhibits a considerable variability across ROIs and shows multiple localized peaks and 
fluctuations. The curves for ASD and TD groups have similar overall shape, with the differences observed at specific regions. Notably, 
several prominent peaks in the pairwise degree profile correspond to individual brain regions exhibiting strong local connectivity 
differences between groups, suggesting that ASD-related alterations at the pairwise level are regionally specific and distributed across 
multiple functional systems. Such localized differences in pairwise connectivity are consistent with established findings of region-
specific dysconnectivity in ASD, including altered connectivity patterns involving the default mode, salience, and sensorimotor 
networks [58,59].

In contrast, the consensus hypergraph degree profile exhibits a qualitatively different organizational pattern. The degree curves 
show extended plateaus where the node degree of the ASD group is consistently higher than that of the TD group, reflecting the 
aggregation of nodes into shared hyperedges in accordance with the anatomical grouping of ROIs. This plateau structure indicates 
that HOIs in the ASD group involve broader recruitment of brain regions into group-level hyperedges, which may be interpreted 
as an expansion or over-engagement of large-scale functional modules. The more regularized, block-wise organization of node 
degrees in the hypergraph consensus, compared to the noisy, region-specific profile of pairwise consensus, suggests that hypergraph-
level representations capture meso-scale organizational principles [11], corresponding to the coordinated activity of anatomically 
coherent brain subsystems, that are smoothed out or obscured at the level of individual pairwise connections.

Taken together, these results reveal a complementary structure: the pairwise consensus network highlights localized, region-
specific connectivity differences between ASD and TD groups, while the consensus hypergraph captures broader, more systematic 
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Fig. 2. Node degrees of consensus graph (upper panel) and consensus hypergraph (lower panel). The order of the brain regions corresponding 
to the areas of the anatomical atlas used is the same for both panels.

Table 3
Contrastive matching of consensus hyperedges (HEs) between TD and ASD groups. 𝐽 denotes 
Jaccard similarity. Nine out of ten TD hyperedges have identical matches in ASD. The two bottom 
rows indicate the divergent pair and the ASD-specific hyperedge.
 TD ASD J LSN composition (dominant networks)  
 HE0 HE10 1.00 DMN + CEN + SN + VN + SMN  
 HE1 HE8 1.00 DMN + SN + SMN + CEN (sensorimotor–salience)  
 HE2 HE6 1.00 DMN + CEN + TN + SN (fronto-temporo-parietal)  
 HE3 HE9 1.00 DMN + CEN + SN (DMN-dominant, cingulo-hippocampal)  
 HE4 HE2 1.00 DMN + CEN + SN (DMN-dominant, extended: cingulate + parietal) 
 HE6 HE4 1.00 DMN + CEN + VN + SN (fronto-parieto-occipital)  
 HE7 HE7 1.00 DMN + SN + TN + CEN (fronto-insulo-temporal)  
 HE8 HE5 1.00 DMN + SN + SC + CEN (fronto-subcortical)  
 HE9 HE0 1.00 DMN + CEN + SN + SMN (fronto-parieto-motor)  
 HE5 HE3 0.45 Divergent : TD = VN + CB; ASD = CB only (+Vermis)  
 – HE1 – ASD-specific: Frontal core + CB (fronto-cerebellar)  

divergences reflecting group-level modular organization of higher-order interactions. This dual characterization provides a multi-
scale view of functional brain network alterations in ASD and offers a neurobiological basis for interpreting the superior classification 
performance of the UniGIN model when pairwise connectivity features are embedded within a hypergraph learning framework.

3.3. Contrastive hypergraph analysis and LSN mapping

To further characterize the structural correspondence and divergence between consensus hypergraphs, we performed a pairwise 
Jaccard matching and mapped each hyperedge to canonical LSNs. The results are summarized in Table  3.

The contrastive analysis revealed a striking degree of structural conservation: 9 out of 10 TD consensus hyperedges had a 
topologically identical match (𝐽 = 1.0) in the ASD consensus hypergraph, meaning that the constituent ROI sets were completely 
identical between groups. The LSN composition of all consensus hyperedges is visualized in Fig.  3.

All shared hyperedges contained a common frontal ‘‘core’’ comprising 24 frontal ROIs spanning the DMN (medial prefrontal 
cortex, orbitofrontal cortex, rectus), CEN (dorsolateral prefrontal cortex), and SN (inferior frontal gyrus, supplementary motor area) 
components, augmented by varying combinations of parietal, temporal, occipital, limbic, or subcortical regions that define the 
functional specificity of each hyperedge.

Despite this conserved backbone, two key structural differences emerged. First, the only non-matching pair (TD HE5 ↔ ASD HE3, 
𝐽 = 0.45) revealed a qualitative reorganization of the visual-cerebellar module. In TD, this hyperedge comprised 14 visual network 
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Fig. 3. Large-scale network (LSN) composition of consensus hyperedges for TD (top) and ASD (bottom) groups. Each horizontal bar represents 
one consensus hyperedge; colored segments indicate the number of ROIs belonging to each LSN. Arrows on the right of the TD panel indicate 
the matched ASD hyperedge (𝐽 = 1.0). Dashed orange border marks the divergent pair (𝐽 = 0.45); dashed red border marks the ASD-specific 
hyperedge with no TD counterpart. (For interpretation of the references to color in this figure legend, the reader is referred to the web version 
of this article.)

ROIs (calcarine, cuneus, lingual, occipital, fusiform) jointly with 18 cerebellar ROIs, reflecting a coordinated visuo-cerebellar higher-
order interaction. In ASD, the visual component was entirely absent, and the hyperedge consisted exclusively of cerebellar regions, 
supplemented by all 8 Vermis subdivisions, yielding an isolated, purely cerebellar module of 26 ROIs.

Second, the ASD consensus hypergraph contained one additional hyperedge (ASD HE1) with no counterpart in TD. This ASD-
specific hyperedge bridged the frontal core (24 ROIs: DMN, CEN, SN components) with the entire cerebellar network (18 ROIs), 
establishing a fronto-cerebellar higher-order coupling that was absent from the TD group.

Taken together, these findings indicate that while the overall higher-order modular architecture is largely conserved between 
ASD and TD, the ASD group exhibits (i) a decoupling of visual and cerebellar systems at the hypergraph level, (ii) the emergence of 
an isolated cerebellar module with expanded Vermis recruitment, and (iii) the formation of an aberrant fronto-cerebellar hyperedge. 
The Vermis ROIs (8 subdivisions) were exclusively present in the ASD consensus and entirely absent from the TD consensus, and 
the ASD consensus covered all 116 AAL ROIs compared to 108 in TD. 

4. Discussion

This study presents a systematic evaluation of hypergraph neural networks for classifying functional brain networks in ASD, 
demonstrating that the joint modeling of higher-order hypergraph structure and pairwise connectivity features yields classification 
performance that substantially surpasses conventional graph-based and classical machine learning approaches. In this section, we 
discuss the key findings in the context of existing literature, consider their neuroscientific implications, and address the limitations 
and future directions of this work.

4.1. Multiscale integration drives classification performance

The central finding of this study is that neither higher-order structure alone nor pairwise connectivity alone suffices for optimal 
ASD classification. Rather, it is the synergistic combination of both scales of functional interaction — encoded through hypergraph 
9 



E.N. Pitsik et al. Chaos, Solitons and Fractals 210 (2026) 118675 
topology (capturing group-level, polyadic relationships) and pairwise connectivity profiles (capturing local, dyadic dependencies) 
— that produces the most discriminative representation. This conclusion is supported by the systematic ablation across model 
architectures and feature strategies summarized in Table  1.

The SVM baseline, which relied solely on hypergraph node degrees without modeling network topology, demonstrated near-
chance performance (AUC = 0.54), confirming that scalar summaries of hypergraph structure are insufficient for individual-level 
discrimination. The GCN model, which operated exclusively on pairwise graphs with summary features, achieved moderate F1-scores 
(0.59) but similarly low AUC (0.55), illustrating the limitations of purely dyadic representations even when processed through 
learned graph convolutions. These results are consistent with the broader literature on ASD classification using the ABIDE dataset, 
where specially optimized GNN-based approaches applied to pairwise functional connectivity typically achieve accuracies in the 
range of 65–75% [60,61], with more recent methods reaching up to approximately 80% when incorporating additional strategies 
such as phenotypic feature fusion, domain adaptation, or multi-view learning [62,63].

The hypergraph-based UniGNN models demonstrated a clear advantage over their pairwise counterparts. However, a crucial 
observation is that the choice of node features had a dramatic impact on performance. UniGIN with time series statistical descriptors 
achieved an AUC of 0.74, whereas the same architecture with pairwise functional connectivity profiles as node features reached 
an AUC of 0.80 — a substantial improvement that highlights the importance of embedding dyadic interaction patterns within the 
hypergraph learning framework. This finding underscores a key methodological insight: the hypergraph structure defines the higher-
order topological scaffold, essentially delineating which groups of brain regions interact jointly, while the pairwise connectivity 
profiles provide the fine-grained relational information that characterizes how individual regions within and across these groups 
are functionally coupled. Both levels of description are necessary for a complete and discriminative representation.

4.2. Neuroscientific interpretation: bridging scales of brain organization

The complementary roles of hypergraph structure and pairwise features in our framework resonate strongly with established 
principles of multiscale brain network organization. It is well recognized that the brain is organized hierarchically, with large-
scale networks (LSNs), such as the default mode, salience, and central executive networks, serving as meso-scale modules that 
coordinate the activity of their constituent brain regions [1,49]. Within each LSN, pairwise functional connections define the 
internal wiring that supports specialized information processing, while interactions among LSNs reflect higher-order coordination 
that underpins complex cognitive functions [2,11]. The disruption of both intra-network and inter-network connectivity has been 
repeatedly implicated in ASD, with evidence for reduced functional segregation and integration [6,59,64].

In our framework, the sparse group lasso (SGL)-derived hyperedges can be interpreted as data-driven approximations of 
such meso-scale functional modules. The SGL method enforces both regional sparsity and anatomical group structure, producing 
hyperedges that reflect coordinated multi-region activity patterns aligned with the known parcellation of the brain into functional 
subsystems. By using these hyperedges as the structural backbone for UniGIN, the model captures group-level (polyadic) interac-
tions that correspond to the coordinated engagement of distributed brain systems. Simultaneously, embedding pairwise Pearson 
correlation profiles as node features preserves the fine-grained topology of dyadic functional connections within and between these 
modules. This dual encoding thus provides the model with information at two complementary spatial scales: the broad, modular 
organization captured by hypergraph topology, and the detailed, region-specific connectivity captured by pairwise features.

This multi-scale perspective is further supported by the consensus network analysis (see Fig.  2). The pairwise consensus graph 
revealed numerous localized peaks in node degree, reflecting strong region-specific connectivity differences between ASD and TD 
groups distributed across multiple functional systems. In contrast, the consensus hypergraph exhibited extended plateau structures 
with consistently higher node degrees in the ASD group, corresponding to the broader engagement of anatomically coherent 
brain regions into shared hyperedges. These plateau patterns suggest an over-recruitment or expansion of large-scale functional 
modules in ASD at the meso-scale level, while the localized pairwise differences point to more specific intra-module and inter-
region dysconnectivity. The coexistence of these two patterns — stable, structured group differences at the hypergraph level and 
variable, region-specific differences at the pairwise level — mirrors the known duality of ASD neuropathology, which involves both 
system-level organizational anomalies and focal connectivity alterations [59,64].

The synergy between these two scales of representation directly explains why UniGIN with pairwise features outperforms all 
other configurations. By constructing hypergraphs, we define the clusters and group-level interactions in the brain (hyperedges) and 
leverage them in UniGIN’s message-passing mechanism. By embedding pairwise connectivity profiles as node features, we retain 
and propagate the underlying topology of dyadic interactions through these higher-order structures. This combined representation 
captures the maximum amount of information about brain function and dysfunction across multiple organizational scales, resulting 
in substantially improved classification accuracy.

This interpretation aligns with a growing body of evidence demonstrating that multi-scale approaches to brain network analysis 
provide superior sensitivity for detecting pathological alterations. Recent studies in the context of related neurodevelopmental 
and neuropsychiatric conditions have shown that the integration of pairwise and higher-order interaction descriptors yields 
more informative biomarkers than either representation alone [11,22]. Furthermore, emerging work on multi-view frameworks 
that combine pairwise functional connectivity with higher-order representations has demonstrated state-of-the-art classification 
performance across multiple brain disorder datasets [63,65], corroborating the principle that both scales of interaction carry 
complementary diagnostic information.
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4.3. Cerebellar reorganization as an ASD-specific higher-order signature

The contrastive analysis of consensus hypergraphs (Section 3.3, Fig.  3) revealed that, despite a remarkably conserved higher-order 
backbone shared between ASD and TD groups, the primary structural divergence involves the cerebellum and its interactions with 
other brain systems. Three converging observations support this conclusion.

First, the only divergent hyperedge pair (TD HE5 vs. ASD HE3) showed a qualitative shift: in TD, visual and cerebellar regions 
formed a joint hyperedge, whereas in ASD the visual component was entirely absent, replaced by an expanded, purely cerebellar 
module incorporating all Vermis subdivisions. This visuo-cerebellar decoupling suggests a disruption in the higher-order coordination 
between posterior cortical processing (visual network) and cerebellar circuits in ASD. Such a pattern is consistent with reports of 
reduced cerebro-cerebellar functional connectivity in ASD [66] and may relate to the visuomotor processing atypicalities frequently 
observed in this population.

Second, the ASD-specific hyperedge (ASD HE1) that bridged frontal executive regions with the cerebellum represents an aberrant 
fronto-cerebellar higher-order coupling not observed in TD. This finding is particularly noteworthy given the growing recognition of 
cerebellar contributions to cognitive and social functions [50,67]. Disrupted cerebro-cerebellar connectivity has been identified as 
a hallmark of ASD across multiple studies [66,68], but these findings have been largely based on pairwise functional connectivity. 
Our results extend this body of evidence to the higher-order domain, demonstrating that cerebellar dysconnectivity in ASD manifests 
not only as altered pairwise links but also as a reorganization of the polyadic interaction structure.

Third, the exclusive presence of all 8 Vermis subdivisions in the ASD consensus (absent in TD) points to an expansion of the 
cerebellar module that recruits midline structures implicated in motor coordination, affective processing, and autonomic regulation. 
The Vermis has been specifically implicated in ASD pathophysiology, with structural and functional abnormalities reported in 
postmortem and neuroimaging studies.

Importantly, these cerebellar-specific differences coexist with a highly conserved ‘‘triple network’’ backbone. All shared hyper-
edges contain components of the DMN, CEN, and SN — the three networks forming the triple network model of psychopathol-
ogy [49]. The preservation of this core structure suggests that higher-order organization among the principal cognitive networks 
remains largely intact in ASD at the group level, and that the primary disruption occurs at the interface between these networks and 
the cerebellum. This finding has implications for the interpretation of classification results: the discriminative information captured 
by UniGIN likely derives not from differences in the higher-order organization of canonical cognitive networks per se, but from the 
atypical cerebellar engagement and its altered coupling patterns with frontal and visual systems.

4.4. The role of model expressiveness

Beyond the feature engineering perspective, the architectural properties of UniGIN played a significant role in achieving the 
best performance. UniGIN builds upon the Graph Isomorphism Network (GIN) [27], which has been shown to be as powerful 
as the Weisfeiler–Lehman graph isomorphism test for distinguishing graph structures. In the hypergraph setting, UniGIN employs 
MLPs within its aggregation functions, enabling the model to learn non-linear transformations that capture complex patterns in 
both the within-hyperedge aggregation (messages from vertices to hyperedge) and the cross-hyperedge aggregation (messages from 
hyperedges to vertex). This is in contrast to UniGCN, which relies on normalization-based aggregation and achieved comparable 
but lower performance regardless of the node feature strategy used.

The higher expressiveness of UniGIN becomes particularly relevant when processing rich, high-dimensional node features (116-
dimensional pairwise connectivity profiles). The MLP-based aggregation can effectively leverage subtle patterns in these feature 
vectors that linear normalization-based methods cannot exploit. This observation is consistent with the theoretical analysis in [27,32] 
and suggests that as the complexity and dimensionality of node representations increase, more expressive aggregation mechanisms 
are required to fully capitalize on the available information.

4.5. Comparison with the state-of-the-art

The best classification performance achieved by UniGIN (F1 = 0.77, AUC = 0.80, balanced accuracy = 0.76) is competitive with 
recent state-of-the-art results on the ABIDE dataset, as summarized in Table  2. Earlier deep learning studies on the full ABIDE I 
cohort reported accuracies around 70% [69], while more recent GNN- and hypergraph-based approaches have achieved AUC values 
of 0.75–0.84 depending on the atlas, sample selection, and whether additional information is incorporated [55,56]. The application 
of the UniGNN framework to the ABIDE dataset — and specifically the investigation of the interplay between hypergraph structure 
and node feature parametrization — has not been previously reported.

It is important to note that our results are obtained using a rigorously validated pipeline with nested cross-validation, without 
the use of phenotypic information, multi-modal data, or data augmentation strategies that have been employed in some studies 
reporting higher performance figures. The use of stratified 5-fold cross-validation with nested hyperparameter tuning ensures that 
our performance estimates are unbiased and generalizable, making direct comparison with studies using less stringent validation 
protocols difficult. Within this rigorous evaluation framework, the performance of UniGIN with pairwise features represents a 
substantial improvement over both classical baselines and standard graph-based approaches.
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4.6. Limitations and future directions

Several limitations of the present study should be acknowledged. First, the ABIDE dataset, while providing a large and hetero-
geneous sample, is characterized by substantial inter-site variability in acquisition protocols, scanner hardware, and demographic 
composition. Although this heterogeneity increases the ecological validity of our results, it may also introduce confounding effects 
that could be mitigated through explicit site harmonization or domain adaptation techniques. Future work could explore the 
combination of UniGIN-based hypergraph learning with site-aware normalization or federated learning strategies to further improve 
generalizability across acquisition sites.

Second, the current study employs a static functional connectivity framework, computing pairwise correlations and hyper-
graph structures from the full time series of each subject. Dynamic approaches that capture temporal fluctuations in both 
pairwise and higher-order connectivity could reveal additional clinically relevant information and further improve classification 
performance [70].

Third, while the consensus network analysis provides valuable group-level insights into topological differences, a more detailed 
region-level and hyperedge-level analysis of the learned UniGIN representations, e.g. through attention-based interpretability or 
gradient-based feature attribution methods, could identify specific brain circuits and higher-order motifs most relevant for ASD 
classification.

Finally, although our framework demonstrates the benefits of integrating pairwise and higher-order representations, the current 
approach encodes these two scales sequentially (pairwise features as node attributes within a separately constructed hypergraph). 
Future architectures that jointly learn both the hypergraph structure and the pairwise feature transformation in an end-to-end 
manner could further optimize the balance between these complementary sources of information [65].

5. Conclusion

This study demonstrates that hypergraph neural networks, specifically UniGIN, provide a powerful framework for classifying 
functional brain networks in autism spectrum disorder when the complementary information from both higher-order and pairwise 
interaction scales is effectively integrated. The key finding is that optimal classification performance (F1 = 0.77, AUC = 0.80) is 
achieved only when pairwise functional connectivity profiles are embedded as node features within a hypergraph representation. 
Neither the hypergraph structure alone nor pairwise graph analysis alone yields comparable results.

This observation has a clear neuroscientific interpretation: the hypergraph captures meso-scale modular organization of the brain, 
delineating groups of regions that interact collectively, while pairwise connectivity features encode the fine-grained topology of 
dyadic functional relationships within and between these modules. Together, they provide a multi-scale representation that preserves 
the maximum amount of information about brain function and its disruption in ASD.

Consensus network analysis further supports this interpretation, revealing that group-level differences between ASD and typically 
developing subjects are structured and systematic at the hypergraph level but region-specific and localized at the pairwise level. The 
contrastive analysis of consensus hypergraphs identified the cerebellum as the primary locus of higher-order reorganization in ASD: 
visual-cerebellar decoupling, emergence of an isolated cerebellar module with expanded Vermis recruitment, and formation of an 
aberrant fronto-cerebellar hyperedge — all against a background of a highly conserved triple-network (DMN–CEN–SN) backbone.

These results establish a methodological principle for the application of higher-order network models in computational neuro-
science and clinical neuroimaging: advancing beyond pairwise interactions requires not the replacement of dyadic analysis but its 
integration within richer, multi-scale topological frameworks. Future work extending this approach to dynamic connectivity, multi-
modal imaging, and other neurological and psychiatric conditions holds significant promise for the development of interpretable 
and clinically actionable biomarkers of brain network dysfunction.
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Appendix. AAL ROI to large-scale network mapping

See Table  A.4.
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Table A.4
Assignment of AAL atlas ROIs to canonical large-scale brain networks (LSNs) 
used for consensus hyperedge characterization. Bilateral ROIs (_L, _R) are listed 
once. Mapping is based on established functional neuroanatomy [48–50].
 LSN AAL ROIs  
 DMN Frontal_Sup_Medial, Frontal_Med_Orb, Cingulum_Ant, 

Cingulum_Mid, Cingulum_Post, Precuneus, Angular, 
Hippocampus, ParaHippocampal, Temporal_Pole_Sup, 
Temporal_Pole_Mid, Rectus

 

 CEN Frontal_Mid, Frontal_Mid_Orb, Frontal_Inf_Tri, Parietal_Sup, 
Parietal_Inf, SupraMarginal

 

 SN Insula, Frontal_Inf_Oper, Frontal_Inf_Orb, Supp_Motor_Area, 
Amygdala

 

 SMN Precentral, Postcentral, Rolandic_Oper, Paracentral_Lobule  
 VN Calcarine, Cuneus, Lingual, Occipital_Sup, Occipital_Mid, 

Occipital_Inf, Fusiform
 

 TN Heschl, Temporal_Sup, Temporal_Mid, Temporal_Inf  
 SC Caudate, Putamen, Pallidum, Thalamus  
 CB Cerebelum_Crus1, Cerebelum_Crus2, Cerebelum_3, 

Cerebelum_4_5, Cerebelum_6, Cerebelum_7b, Cerebelum_8, 
Cerebelum_9, Cerebelum_10, Vermis_1_2, Vermis_3, 
Vermis_4_5, Vermis_6, Vermis_7, Vermis_8, Vermis_9, 
Vermis_10

 

 Other Frontal_Sup, Frontal_Sup_Orb, Olfactory  

Data availability

Data will be made available on request.
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