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Abstract

Fusing multimodal brain imaging has been a hot topic since different modalities
of brain imaging can provide complementary information. However, due to the
size of simultaneous recorded fMRI-EEG dataset being limited and the substantial
discrepancy between hemodynamic responses of fMRI and neural oscillations
of EEG, the joint modeling of fMRI and EEG images is a rarely explored area
and has not yielded satisfactory results. Existing studies have also indicated
that the relationships between region of interest (ROI) are not one-to-one when
synchronizing fMRI and EEG. Current graph-based multimodal modeling methods
overlook those information. Based on this, we propose a hypergraph based fMRI-
EEG modeling framework for asynchronous fMRI-EEG data named FE-NET. To
the best of our knowledge, this is the first attempt to jointly model asynchronous
EEG and fMRI data as Neural ODEs based hypergraph. Extensive experiments
have demonstrated that the proposed FE-NET outperforms many state-of-the-
art brain imaging modeling methods. Meanwhile, compared to simultaneously
recorded fMRI-EEG data, asynchronously acquired fMRI-EEG data is less costly,
which demonstrates the practical applicability of our method.

1 Introduction

A major goal in neuroimaging research is to develop predictive models aimed at analyzing the
association between comprehensive functional connectivity patterns across the brain and behavioral
traits, which can enhance the understanding of both normal brain function and dysfunction [1]. A
robust modeling method plays a significant role in assisting the diagnosis of neurological disorders,
predicting infant neurodevelopment, and assessing sleep quality [2; 3; 4]. Usually, researchers model
brain imaging in the form of graphs to accomplish this goal [5].

In recent years, modeling multimodal brain imaging has emerged as a focal point of research. fMRI
indirectly measures brain activity through the Blood Oxygen Level Dependent (BOLD) signal,
while EEG directly records brain activity by measuring the electric fields generated by cortical
pyramidal neurons. EEG enables non-invasive observation of brain electrical activity and serves as a
complementary modality to fMRI:

The integration of fMRI with EEG signals offers a promising approach to bridging the gap between
hemodynamic responses and neural oscillations, providing insights into the origins of fMRI signals
and their large-scale patterns. However, deep learning-based joint modeling of asynchronously
recorded fMRI and EEG is a relatively underexplored area and has not yielded satisfactory results.
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The reasons for this issue are twofold. One reason lies in the incompatibility of the equipment,
the sample size of simultaneously recorded fMRI-EGG datasets is markedly smaller than that of
asynchronously acquired datasets, thereby limiting the reliability of extant research relying on
synchronous recordings, another reason is the fundamental differences of the signal type make the
data distribution between fMRI and EEG highly complex, thereby rendering it difficult to bridge the
gap between them.

Existing studies [6] have indicated that the relationships between regions of interest (ROI) are not
one-to-one when synchronizing fMRI and EEG, Hyperedges in hypergraphs can connect multiple
nodes, providing a more comprehensive description of this relationship.

Neural ordinary differential equations (Neural ODEs) [7] can dynamically propagate information
across arbitrary timestamps, accommodating mismatched sampling rates and asynchronous time
points without manual alignment, the potential of using Neural ODEs for modeling asynchronous
data has been widely reported [8].

Based on the existing issues, we propose a fMRI-EEG modeling method based on Neural ODEs
hypergraphs. Our main innovations are as follows:

1) We have designed a GAN-based fMRI-EEG hypergraph generation (FEH) module, which employs
a novel Optimal fMRI-EEG Isomorph algorithm (OFEI) and Interactive Hyperedge Neurons (IHEN)
to generate multiple hypergraphs at various temporal and spatial scales. The strength of GAN-based
FEH lies in their ability to learn the complex data distribution between fMRI and EEG through
synchronized operation of OFEI and IHEN, thus narrowing the gap between the hemodynamic
responses and the neural oscillations.

2) We proposed a novel dynamic fMRI-EEG hypergraph embedding module (FED), which leverages
Neural ODEs to capture latent temporal dependencies between fMRI’s slow hemodynamic changes
(s̃econds) and EEG’s rapid neural oscillations (m̃illiseconds), Neural ODEs naturally handles incon-
sistency sampling rates and temporal mismatches by learning differential equations governing system
dynamics for asynchronous data.

3) To the best of our knowledge, this is the first attempt to model asynchronous EEG and fMRI data
as Neural ODEs based hypergraph. Comprehensive experiments show that the performance of the
proposed FE-NET surpasses many state-of-the-art methods, compared to simultaneously recorded
fMRI-EEG data. Asynchronously acquired fMRI-EEG data is less costly, which demonstrates the
practical applicability of our method.

2 Related Work

2.1 Hypergraph Learning

In recent years, the efficacy of hypergraphs in modeling and comprehending intricate correlations has
become evident. Initially introduced by [9], hypergraph learning embodies a transductive learning
approach, conceptualized as a dissemination process within the hypergraph structure.

Motivated by the remarkable success of deep learning, some researchers have ventured into developing
deep hypergraph learning techniques. For instance, Feng et al. [10] introduced hypergraph neural
networks (HGNN) to model and understand beyond-pairwise intricate correlations. Unlike Graph
Neural Networks (GNN), HGNN devises a vertex-hyperedge-vertex information propagation schema
to iteratively glean data representation. Bai et al. [11] delved deeper into the attention mechanism
on hypergraphs, aligning with the hypergraph convolution paradigms delineated in HGNN. Inspired
by [12], Hyper-Atten introduces a hyperedge-vertex attention learning module to dynamically discern
the importance of different vertices within the same hyperedge, thereby unveiling intrinsic correlations.
Moreover, Yadati et al. [13] proposed HyperGCN, a method for training a Graph Convolutional
Network (GCN) on hypergraphs for semi-supervised learning. HyperGCN is structured based on the
spectral theory of hypergraphs. Initially, HyperGCN transforms a hypergraph into a simple weighted
graph via a specific strategy and subsequently executes standard GCN on the graph to glean data
representations.

As elucidated, most prevailing deep hypergraph learning methods stem from the spectral theory
of hypergraphs. Consequently, these methods are typically defined on static hypergraphs system,
constraining their applications. Failing to capture the continuous evolution of fMRI-EEG hypergraph
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