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Abstract—Neuroimaging analysis is an important research
direction to reveal the information-processing mechanism of the
human brain in a non-invasive way. Recently, the development
of graph neural networks (GNNs) provides new insight into
neuroimaging analysis due to their powerful graph representation
learning ability in characterizing the non-Euclidean structure
of brain networks. However, previous studies on neuroimaging
analysis are largely centralized in the spatial static functional
connectivity and ignore the temporal characteristics of neural
dynamics observed in complex brain networks. In this study, we
propose a spatio-temporal interactive graph representing net-
work (STIGR) for dynamic neuroimaging analysis by capturing
the spatio-temporal interaction from both local and global per-
spectives. From local perspective, a hybrid graph convolution net-
work is developed to effectively capture complex spatio-temporal
dynamics. From global perspective, a novel Transformer-based
self-attention module is designed to help STIGR extract the long-
term temporal correlation. To effectively model the connection
relationship of dynamic graphs, the adjacency matrix of DAN-
GCN is adaptively learned by contrastive learning. A cross-fusion
unit is finally used to increase the interactions between local
and global graph representations for extracting discriminative
graph representation. To demonstrate the graph representation
capability of the proposed framework, extensive experiments
are conducted on neuroimaging data at three feature levels,
node level, edge level, and global level, respectively. Thanks
to the adopted dynamic graph attentive representation, the
potent interpretability enables STIGR to detect the remarkable
temporal association patterns among different brain regions
based on dynamic neuroimaging signals.

Index Terms—Neuroimaging analysis, graph neural networks,
dynamic functional connectivity, model generalizability and in-
terpretability, self-attention mechanism, functional magnetic res-
onance imaging, electroencephalography

I. INTRODUCTION

The human brain is a complex neurobiological system
that coordinate human behavior and cognition. Analyzing
and comprehending the human brain network has become an
enthralling endeavor for researchers with a variety of purposes,
including mental disease diagnosis, brain-computer interface,
and neuromorphic computing. Thanks to the recent advances,
the activity of the human brain network can be captured
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Fig. 1. Overview on different types of spatial and temporal modeling
techniques. (A) is temporal modeling that attempts to infer dependencies
between activities at different time steps. (A1), (A2) and (A3) illustrate previ-
ously commonly used temporal modeling techniques, including: RNN/LSTM,
IDCNN, and self-attention. (B) is spatial modeling exploring correlations
between activities at different brain regions. (B1), (B2) and (B3) illustrate
commonly used spatial modeling techniques, including: extracting structural
connectivity via Pearson correlation coefficients, characterizing spatial similar-
ity based on connectome embeddings, modeling adjacent correlation through
graph convolution. (C) is the example of different types of spatial-temporal
modeling. Specificlly, (C1) is the independent mode which seperately models
spatial and temporal representation using different network blocks. (C2) is the
alternative model that models the spatial and temporal representations using
different network blocks one after the other (e.g. STGCN in [1]]). (C3) is the
hybrid mode that jointly models spatial and temporal representations using
only one network block (e.g., our STIGR).

through various neuroimaging techniques such as Magnetic-
Resonance Imaging (MRI), Electroencephalography (EEG),
Functional Near-Infrared Spectroscopy (fNIRS), etc. These
techniques record brain activities by investigating different
physiological parameters: 1) MRI detects the variations of
blood-oxygen-level-dependent signals through utilizing a static
magnetic field; 2) EEG records the electrogram of the sponta-
neous electrical activity of the brain; 3) fNIRS measures the
blood flow signals through light sources and detectors placed
on top of our head. Although these neuroimaging techniques
can record brain activities at a fine spatial and temporal resolu-
tion [2], it lacks a general method that can effectively analyze
the varying spatial-temporal dynamics of the underlying brain
network. Especially for the development of computer-aided
analysis systems on neuroimaging, different analysis models
need to be established separately for different neuroimaging
data. The technique heterogeneity makes it challenging to
integrate them into a cross-platform analysis system, which
greatly increases the training cost for neuroimaging analysts.
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Graph neural networks (GNNs) is an optimizable trans-
formation on all graph attributes (nodes, edges, and global
context), which is robust to preserve the symmetries property
of graph-structured data and permutation invariances [3]]. The
inherent graph-structure nature of the brain contributes to the
prevalence of learning the representation of the brain network
with GNN [4]] so as to decode traits or states from human brain
signal measurements such as fMRI, EEG, and fNIRS. There-
fore, GNNs-based graph representation learning is expected
to become a general model for analyzing these neuroimaging
measurements. Some findings in recent studies could also
demonstrate the potential of GNNs to address heterogeneity
in different neuroimaging measures. For example, when GNN
models were applied to diagnose depression based on fMRI,
EEG, and fNIRS data, they all focused on functional changes
occurring in prefrontal cortex regions [5], [6], [7]]. Although
these studies have shown potential strengths for learning the
network representation of the brain, most of them still learn
graph representation in a static manner. In neuroimaging anal-
ysis, static graph representation learning focuses on learning
representations by viewing the entire spatio-temporal signal
as a single fixed graph, while dynamic graph representation
learning focuses on learning representations from viewing the
entire spatio-temporal signal as multiple dynamic subgraphs
that change over time. There is no absolute advantage or
disadvantage between static and dynamic graph representation
learning. Dynamic manner contains more information and has
a higher upper limit in model accuracy, while static manner
contains less redundant information, which is more conducive
to model learning. However, growing studies suggest that
distinct functional brain activity can vary within a very short
period involving different activated brain regions, which can
provide important insights in the field of neuroimaging anal-
ysis [8]], [9]. Therefore, it is necessary to extend the GNNs
by incorporating the dynamic feature of the brain network
to explore spatial and temporal correlation in neuroimaging
analysis flexibly.

Spatial temporal graph neural networks (STGNNS) is the
recent advance in representation learning for time-series data,
which can serve as one potential solution to capture the
dynamic changes that occur in the brain over time from
neuroimaging data [[1], [10]. However, these methods of di-
rectly applying STGNNSs to brain network analysis have some
inherent limitations. First, current STGNNSs typically model
spatial and temporal dependencies independently or alterna-
tively, which fails to capture the inter-relationship between
spatial and temporal dynamics [11]. That is to say, these
models remain restricted in their ability to comprehensively
investigate how spatial and temporal elements interact with one
another in dynamic brain network. Second, STGNNs usually
apply convolution over the temporal scale of the input dynamic
graph, they can not globally model spatio-temporal long-range
dependencies that extend beyond the receptive field due to the
restriction of the convolution kernel size [12]]. Third, a fixed
adjacency matrix is used to describe the topological informa-
tion of the brain network in traditional STGNNs. Due to the
complexity of brain activity, the connectivity of brain regions
is not static but evolves over time [13]]. Representing brain

topological information directly with a fixed adjacency matrix
makes it challenging to capture the temporal dependence of
dynamic graphs accurately.

In this study, we propose the spatio-temporal interactive
graph representing network (STIGR) for dynamic brain net-
work analysis to learn discriminative spatio-temporal graph
representations. The STIGR framework comprises three key
components: dynamic adaptative-neighbor graph convolution
network (DAN-GCN), spatio-temporal dual-attention network
(ST-DAN), and contrastive learning-based adjacent matrix
learning (CL-AM), which address aforementioned limitations
of existing STGNNs. DAN-GCN is proposed to capture the
complex inter-relationship between spatial and temporal dy-
namics by learning the intrinsic local dynamic graph repre-
sentation between adjacent time periods. ST-DAN is designed
based on the Transformer architecture to complement long-
range dependencies via capturing the global attentive spatio-
temporal representations. CL-AM is developed through uti-
lizing contrastive learning to adaptively learn the adjacency
matrix of the DAN-GCN to accurately model the connection
relationship of dynamic graphs. Finally, we use a cross-
fusion unit to increase the interactions between these spatio-
temporal representations, allowing for the extraction of more
discriminative graph representations for different downstream
tasks (e.g., classification, prediction, or interpretation). The
major contributions of this work are summarized as follows:

o We present for the first time to construct a general cross-
platform and cross-task neuroimaging analysis framework
from both spatial and temporal perspectives, which ad-
dresses previous difficulty in revealing complex spatial-
temporal patterns of neuroimaging data.

o We proposed two novel spatial-temporal modeling com-
ponents, DAN-GCN and ST-DAN, which utilize graph
convolution and attention mechanisms to learn discrim-
inative spatial-temporal representations from local and
global perspectives, respectively. By exploiting con-
trastive learning, we adaptively learned the adjacency ma-
trix of DAN-GCN guided by ST-DAN, which improves
the interaction between local and global spatial-temporal
representation learning processes.

o Extensive experiments demonstrate the successful per-
formance of our proposed STIGR in cross-platform/task
neuroimaging analysis across various types of neuroimag-
ing data, including MRI, EEG, and fNIRS. Specifi-
cally, the proposed framework outperforms state-of-the-
art (SOTA) neuroimaging analysis methods in tasks such
as mental disorder diagnosis, motor imagery classifica-
tion, and brain age prediction. Moreover, the learned
graph representation facilitates interpretable deep learn-
ing, allowing for the exploration of salient neuroimaging
patterns from node, edge, and global perspectives.

The rest of the paper is organized as follows. In Section II,
we briefly review the related work regarding graph learning
for brain network analysis and spatio-temporal prediction in
the brain network. In Sections III, we introduce the detail of
the proposed framework. Section IV presents the comprehen-
sive experimental studies. Finally, this paper is concluded in
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Fig. 2. An illustration of the general training and analysis framework for the proposed STIGR. For each preprocessed neuroimaging data from temporal
perspective =T (temporal signal), a stack of ST-DANs is first employed to extract the spatial-temporal representations globally. For each preprocessed
neuroimaging data from spatial perspective x (dynamic graph), a stack of DAN-GCNs (along with the CL-AM module that adaptively learns adjacency
matrices based on contrastive learning) is also utilized to capture graph spatial-temporal representations locally. The learned graph representations from two
perspectives (temporal signal and dynamic graph) are fused via gated fusion module to obtain discriminative graph representations with local and global
interactions. Based on the learned representations, a general cross-platform/task neuroimaging analysis pipeline is constructed to analyze different kinds of
neuroimaging data including MRI, EEG, and fNIRS, from three representation levels: node level, edge level, and global level.

Section V.

II. RELATED WORKS

In this section, we first review the related works on graph
representation learning for brain network analysis. Then, some
previous works on modeling spatio-temporal dynamics in brain
networks are introduced.

A. Graph Representation Learning for Neuroimaging Analysis

Graphs are a kind of data structure that describes a com-
plicated system containing a set of objects and relationships
[14]. Due to the majority of data in practical applications
coming in the form of graphs (e.g., social network, knowledge
graph, brain network, etc.), research on graph representation
learning has raised widespread interest in the machine learning
community. The intuition behind graph representation learn-
ing is to embed graphs into low-dimensional spaces while
preserving graph topology and node attributes. Given that
most neuroimaging problems can be modeled as graph rep-
resentation learning tasks, it has recently played an important
role in advancing deep learning applications in neuroimaging.
For example, Parisot et al. [15] applied the vanilla GCN to
learn discriminative topological graph representation of static
functional connectivity (FC) brain networks for identifying in
ASD and Alzheimer’s disease. In [16], hypergraph learning
was used to model the high-order relations for edge-level
representation detection among multiple regions of interest
(ROIs), which was used to calculate a unified hypergraph
similarity matrix to estimate the learning ability of individ-
uals. Additionally, for emotion recognition, [[17] proposed
a regularized GNN network to represent local and global
inter-channel relationships in EEG signals while solving the
challenge of model robustness to cross-subject EEG variations
and noisy labeling. With the above static graph representation
learning approaches, brain network analysis can benefit from
convenient operations such as storing a fixed graph data
structure and performing graph transformations. Since the

topological property is consistently revealed, the reliability
of graph measures in static brain connectivity can be easily
studied.

Recently, dynamic graph representation learning has been
demonstrated to effectively characterize the time-evolving
brain connectivity at a system level. For predicting the age
and gender of healthy individuals, Gadgil et al. [[1] introduced
a spatio-temporal GCN (STGCN) to model the non-stationary
nature of short sub-sequences of fMRI time series. Following
his work, Kim et al. [4] incorporated two attention-based mod-
ules in STGCN to learn dynamic graph representation of the
brain connectome. A novel readout function and Transformer
encoder are then employed for temporal attention statistical
interpretation. Apart from the applications in fMRI data, [[18§]]
also designed a jumping knowledge graph convolution based
on STGCN to explore intrinsic connections and relationships
among multi-channel EEG signals for sleep stage classifi-
cation. Impressively, these works provide evidence that the
dynamics of brain connectivity can be highly reproducible
across repeated scanning sessions. Compared with static graph
representation learning methods, they can better learn the data-
driven graph topology information and effectively capture the
dynamics of brain activity.

B. Modeling Spatio-Temporal Dynamics in Neuroimaging
Analysis

Most previous work on neuroimaging analysis has focused
on exploring correlations between different signal channels in
spatial domain. For example, the FC measure in fMRI data,
which captures the inter-channel relations between different
ROIs, is always served as the “fingerprints” to extract valuable
feature representation for different neuroimaging analysis tasks
in [19], [20], [21]. Common spatial patterns are also a well-
known spatial filtering algorithm to effectively analyze multi-
channel EEG/fNIRS signals from a spatial perspective [22],
[23]]. In addition to spatial correlation, these neuroimaging
data also possess high temporal resolution to record salient
temporal properties such as scan times and rest intervals,
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which play an important role in investigating rapid activity and
dynamic oscillation in different brain states. With advances in
deep learning, especially sequence transduction models such as
Recurrent Neural Networks (RNNs), Long Short-Term Mem-
ory (LSTM) networks, and Transformers [24]], several studies
began to analyze neuroimaging from a temporal perspective
and achieved decent performance in corresponding applica-
tions. For example, LSTM is successfully adopted in [25]] and
[26] to conduct EEG-based emotion recognition and fMRI-
based ADHD classification, respectively. Through sequence
modeling, dynamic connectivity features can be characterized
as potential temporal biomarkers [27]. Nevertheless, all the
methods discussed above focus only on the spatial or temporal
dependencies of neuroimaging signals, failing to jointly study
spatial and temporal dependencies, which have been shown to
be one of the key approaches to understanding how the brain
works [28]].

Fortunately, there were a few early attempts to combine spa-
tial and temporal features for neuroimaging analysis. Hartvig
et al. [29] first proposed two statistical inference models
to separately estimate the spatial and temporal activation
patterns of fMRI data. Based on this work, Derado et al.
[30] developed a two-stage autoregressive model to account
for the spatial dependencies between voxels and the temporal
dependencies between scanning sessions. Jrad et al. [31] also
apply a two-stage method to address the EEG-based visual
feedback error-related potentials task by extracting temporal
features and spatial features by using global field power and
SVM, respectively. Yet, these methods rarely explored the
important spatio-temporal interaction, i.e., ignoring how the
connectome-scale brain network temporally evolves, possibly
due to neuroimaging data scarcity in the past. More recently,
deep learning models have been capable of automatically
extracting the hierarchical non-linear hidden features with
different levels of complexity. Zhao et al. [32] proposed a
3D convolutional neural network (CNN) architecture to fully
utilize the features on spatial and temporal dimensions for
EEG-Based motor imagery classification. Mao et al. [33]]
further extend the 3D CNN to 4D architecture to simultane-
ously generate both spatial and temporal characteristics from
targeted networks in fMRI data. Considering the fact that the
brain network is a natural fit for graph theory, several STGNNs
were presented to measure intra-subject temporal dynamics
and inter-regional spatial associations [1[], [4]. Among these
representative STGNNs, STGCN is an efficient variant by
applying convolution over the time-varying dynamic graphs.
In this way, the spatial and temporal nature of neuroimaging
data can be exploited by STGCN, thus can be more promise
to learning discriminative graph representation.

III. METHODOLOGY
A. Problem Definition

The primary goal of our work is to learn the effective
graph representation of neuroimaging data for downstream
auxiliary classification/prediction/interpretation tasks. To cap-
ture the dynamic property of neuroimaging data, we model
the time-series signal into a dynamic graph network G(X) =

{G(x1),...,G(x7)} with T timestamps, where G(x;) repre-
sents the graph representation of input x at the ¢-th timestamp.
Specifically, the dynamic graph at the ¢-th timestamp G(x;)
contains a set of vertices V(t) € RY*T (ie., N involved
ROIs in fMRI and channels in EEG) as well as an adjacency
matrix A € RY*¥ corresponding to the connections between
V(t), ie., G(t) = {V(t), A(t)}. Typically, in neuroimaging
analysis, the adjacency matrix A is measured by the Pearson
correlation coefficient between different v; as,

S (veliy k) — v (D) (ve (5, k) — ve(j))

VI Wil k) — (@) (G, k) — 00)?

(D
where 7 and j represent the ith and jth nodes, respectively.
Therefore, our task is to learn a mapping function f that
computes the correspondences between the dynamic spatio-
temporal graph representation of input neuroimaging signal
X € RVXT and the ground-truth label Y. The optimization
problem can be reached as follows:

At(la]) =

= arg;ninEx,y[ﬁ(f(G(X)%Y)] 2

where [ is the expectation of the loss function £ over space
of (X,Y).

B. Model Design

In this section, we illustrate the graph representation learn-
ing framework of STIGR, as shown in Figure 2} The STIGR
mainly consists of three components including 1) DAN-GCN,
2) ST-DAN, and 3) CL-AM. Two novel modules DAN-GCN
and ST-DAN are performed for jointly learning the spatial-
temporal graph representation of neuroimaging data at local
and global levels, respectively. The CL-AM is introduced to
adaptively learn the adjacency matrix of DAN-GCN to model
the dynamic graph node connections. Finally, late adding
fusion is leveraged to combine the local and global spatio-
temporal representations for extracting discriminative graph
representations with local and global interactions. Due to
different downstream tasks, the obtained graph representation
is fed into different head networks for further classifica-
tion/prediction/interpretation.

1) Dynamic Adaptative-Neighbor GCN: As we can see
in Figure [3] the main task of DAN-GCN is to capture
the spatio-temporal inter-dependences between adjacent scan-
ning sessions based on the graph construction of dynamic
adaptative-neighbor (Gpan € {Vpan,Apan}). In other
words, our proposed dynamic adaptative-neighbor graph can
connect individual spatial graph of adjacent time sessions into
one graph to simultaneously capture the complicated spatio-
temporal inter-dependences. It is worth noting that we divided
the 7" timestamps signal into D number of scanning sessions
with length S (e.g., D = [T/S]|) to explore the short-
term dynamics of the brain network. The scale of Gpan
is determined by the number of adjacent scanning sessions,
e.g., we set it to 1 as shown in Figure resulting in
Vpan = [V(d —1),V(d),V(d + 1)] € R3¥*5 (as shown
in Figure 3(a)) and Apany with the size of 3N x 3N (as
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Fig. 3. Dynamic adaptative-neighbor graph construction. (a) is an example of input of the dynamic adaptative-neighbor graph, which would be generated
along the time axis. (b) is the adjacency matrix of the dynamic adaptative-neighbor graph in (a).
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Fig. 4. (a) Workflow process of DAN-GCM at ¢-th timestamp. (b) The layered
architecture of DAN-GCN.

shown in Figure 3(b)). Inspired by the recent advance in [T1]],
we leverage Apan to record three kinds of adjacency matrix
€ N x N, i.e., spatial connectivity graph, temporal connectivity
graph, and padding matrix as follows:

o Spatial connectivity graph matrix (Agg), is placed on
the diagonal of Ap 4y, with the aim of representing the
dynamic graph in each adjacent scanning session based
on the 10% top remarkable spatial correlation computed
by Eq. (2).

o Temporal connectivity graph matrix (Apg) is the self-
adpative learned matrix through CL-AM module, which
will be elaborated in the following subsection.

o Padding matrix (Ap) is placed to fill the remaining empty
space for padding operations by setting all its members
to 0.

In this way, Gpan can be constructed to extract the local
spatio-temporal correlations of dynamic graph matrices by
the following dynamic adaptative-neighbor graph convolution
module (DAN-GCM).

By expanding such a dynamic graph correlation estimation
to the whole time course, we utilize DAN-GCM to capture
hybrid spatio-temporal relations among the whole dynamic
brain network as shown in Figure ] Based on the constructed
Gpan, graph convolution is performed to aggregate the hybrid
graph representation of the central node with its neighbors
within adjacent scanning sessions. Given the [-th input graph

{
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- .
g g : Attention Forward Norm [ fusion
§ inng 1
T |8 g Spatial — Feed Add& ||
; ! i Forward Norm [T
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Fig. 5. The structure of the proposed ST-DAN.

representation as hEQ € R3V*3 graph convolution can be

formulated as follow:

20 = o(Apan (WOW + b)) 3)

where the variables W € RS*S and b € R are learnable
parameters and o represents the activation function of rectified
linear unit (ReLU) in this work. As we can see in Figure
MAa), after graph convolution, we perform the max pooling
and then reserve only the graph representation matrix D" of
N xS at the current timestamp. As such, each scanning session
of spatio-temporal graph input H®) is parallelly processed
by DAN-GCM to construct a DAI\/I—GCN layer to generate
the local graph representations {h((il) }dD:1 as shown in Figure
MAb). Note that we need to perform zero-padding to assist
the kernel of DAN-GCM in processing the first and last
scanning sessions. Then, an aggregation layer is employed to
concatenate h() as follows,

H(Z)/ — <hgl)l7”'7h(Dl)/> GRDXNXS 4)

where (.) denotes the concatenation operator. In the tail of
DAN-GCN, the layers of batch normalization, ReLU activa-
tion, and dropout are cascaded to output the extracted local
spatio-temporal graph representation H 1), The input of the
first DAN-GCN layer H(%) is set as the dynamic graph input
signal X in this paper, ie., H® = X € RV*T. The final
output after L layers DAN-GCN is represented as H) for
further convenience. It is worth mentioning that the length of
the scanning session S increases with the number of layers,
thereby expanding the receptive field of our DAN-GCN in the
temporal dimension.
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2) Spatio-Temporal Dual-Attention Network: In addition
to modeling the short-term dynamic behavior in DAN-GCN,
characterizing global temporal dependency is also significant
in estimating the time-varying architecture of FC network
across the scanning time. The Transformer [24] is an effective
framework to capture the global self-attention by calculat-
ing the dependency of temporal tokens/patterns on others.
However, the vanilla Transformer was designed for one-
dimensional sequence data and did not take into account the
spatial dependencies of the inherent spatio-temporal properties
of our brain network analysis tasks. To this end, we develop
ST-DAN based on the Transformer encoder, which learns
global spatio-temporal representation by decoupling attention
in temporal and spatial dimensions.

As shown in Fig. |5| the input time-series sequences X’ €
RTXN is first fed into the position embedding to obtain
the hidden feature representation £ € R”7*Y that encoded
with position information. Then, a dual self-attention structure
(stacked L layers), including temporal attention block and
spatial attention block, is designed to extract the attention
focus from temporal and spatial dimensions over the input
embedded feature sequence FE. For each input time-series
signal, we defined the attention at different time points on
the same node (e.g. ROI of fMRI and channel of EEG) as
temporal attention, while the attention of different nodes at the
same time point as spatial attention. In the temporal attention
block, three matrix representations ), K, and V (queries,
keys, and values) is first learned given the input embedded
representation E as,

Q:fQ(E>7K:fK(E)7VZfV(E) &)

where fo, fx, and fy are the corresponding projection
functions of queries, keys and values. Then, the queries
is compared against key-value pairs through dot-product
similarity to obtain the attention distributions on values. If the
queries and the keys are similar (i.e., high attention weight)
means that the corresponding values are assumed to be more
related. The resulting weighted values matrix forms the output
of the attention block. Following [24], the multi-head attention
(MHA) is adopted to extract the temporal-level attention,
which projects the queries, keys, and values h times with
different linear projection heads. The output representation of
temporal attention block E/T can be formulated as follows:

Epr =MHA(E) = (heady, ..., head,) W°  (6)

T

head; =Att;(Q,K,V) = softmax(?/l%

where (.) is a concatenation operator. The W° € RNXN
represents the learned linear transformation matrices of the
final head concatenation. Correspondingly, the construction of
the spatial attention block is the same as the temporal attention
block. However, the spatial-level @), K, and V matrix are
learned over the transpose of the input embedding feature
(i.e., ET € RY*T) to model the attention from all nodes at
the same timestamp. The output representation of the spatial
attention block is denoted as Eg. Since the temporal and
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Fig. 6. The structure of the CL-AM.

spatial attention blocks run in parallel to calculate E and Eg
respectively, they fail to bridge the inter-dependencies between
spatial and temporal representation. Therefore, we fused the
temporal and spatial attention representation as E=FEr®Eg
(where @ denotes the element-wise addition) and passed to
two specific feed-forward networks. In this way, our network
can well extract the spatio-temporal inter-dependencies while
keeping exploring the modality-specific inner-dependencies.
To facilitate the model optimization, residual connections with
layer normalization (shorted as Add& N orm) are respectively
applied to our dual attention structure as shown in Fig. [3
In this paper, we stack L spatio-temporal attention layers to
successively update the fused embeddings. Finally, our ST-
DAN outputs temporal and spatial representations E;L) and
EgL) for further global-local feature fusion and CL-based
adjacent matrix learning, respectively.

3) Contrastive Learning-based Adjacent Matrix Learning:
Since we expect the proposed DAN-GCN to dynamically
capture the hybrid graph representation of each central node
and its neighbors in adjacent scanning sessions, it is necessary
to simultaneously model the node’s connections within the
same session and between different sessions. As we illustrated
above, the node connections within the same session are
modeled by the spatial connectivity graph matrix Agg using
the Pearson correlation coefficient. However, node connections
between various sessions are challenging to obtain due to
their sophisticated cross-temporal connectivity characteristic.
To this end, we proposed the CL-AM module, which employs
contrastive learning to address the cross-temporal connectivity
problem.

The intuition behind contrastive learning is to group ’pos-
itive’ samples closer and diverse ’negative’ samples far from
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Algorithm 1 Pseudo-code of the STIGR
Require: Preprocessed data X, and label Y
Ensure: Predicted probabilities of testing set Y;ﬁe d
1 [ X1t Xte Yir yte] « Split(X,Y)
2: Initialize STIGR.
3: for e =1,..., epochs do //e: # of training epoch
/I Spatio-temporal Dual-Attention Network

4 E = PositionEmbedding (X7
5: for{=0,...,L do // I: # of attention layers
IEY = E; EY) = ET
6 EO =MHA(E <’>) & MHAEY)
7 EYY = AddNorm(FFN(EW), E®)
5“) = AddNorm(FFN(EM)T, EWT)
/ Dynamlc Adaptative-Neighbor GCN
9: forl=0,...,L do // [: # of DAN-GCN layers

0. AD, = CL-AM(EX)
1:  HUH) = DAN- GCN(H(”,A(D”AN) I
122 end for
13 R= E;L) @ HW) // final dynamic graph
representation

/I Connect to different predict heads for different tasks
14: output < Predictor(R)
15:  Loss + aL(output, Y'") +
16:  STIGR.update(Loss)
17: end for
18: Yt  «+ STIGR.predict (X*¢)

pre

(H(O) _ Xtr)

(1 — Oé)ﬁCL

each other by measuring the similarity metric of two em-
beddings. Unlike common contrastive learning methods [34]],
[35]], in this paper, we defined the scanning sessions at the
same node as the ’positive’ samples and the scanning sessions
at different nodes as the ’negative’ samples. In this way, we
can learn the temporal connectivity graph Ar¢ by measuring
the similarity metric between the embeddings of different
scanning sessions based on contrastive learning. Since the
representations of scanning sessions are already available from
ST-GCN'’s spatial stream, the ST-DAN can be considered as a
shared encoder for the CL-AM module to encode the underly-
ing share information between different scanning sessions. As
we can see from Figure @ the spatial-level representation Eg
is divided into D sequences to learn the pair-wise temporal
connectivity based on contrastive learning. Take the learning
of the A%~ as an example. The feature representations of
scanning sessions d — 1 and d are first encoded by the spatial-
level attention network of ST-DAN. Then, the representations
of two scanning sessions are fed into two different linear
projection heads to map the representation to latent space for
better similarity calculation [36]. Two groups of embeddings
at the previous session d — 1 and current session d are
therefore obtained and denoted as P and C, respectively.
Taking the embeddings of N nodes at two sessions as samples
for contrastive learning, our CL-AM is trained to predict which
of the N x N possible (previous session, current session)
pairings actually occurred. Therefore, the CL-AM maximizes
the similarity of the previous and current sessions embeddings
of the N ’positive’ pairs while minimizing the similarity of the

embeddings of the N2 — N ’ negative’ pairings by optimizing
the contrastive loss function L%, as follows,

’gL:Z(l—SC” +AY > scy, (8)

ioiFEf

where m indicates the m-th pair-wised temporal connectivity.
The L7 consists of two loss terms to simultaneously guar-
antee to attract of “positive” pairs while repelling “negative”
pairs. The X is a positive constant trading of the importance
of the first and second terms of the loss. The notation SC'
is the similarity correlation matrix computed between the
embeddings of the two scanning sessions along the node
dimension:

PC;

SCy = — 1
7 B2 - 1G]l

©))
where || - |2 is 12-norm. Finally, by optimizing the L{}
loss, the temporal connectivity graph Apg can be well mod-
eled by the learned similarity matrix S for further dynamic
graph convolution operation. Since the number of pair-wise
temporal connectivity varies from different tasks, the overall
contrastive loss is defined as Lo = ), Lg%, for final
optimization. Except for the feature similarity perspective,
constrative learning in our work can also be interpreted from
the view of contrastive predicting coding, i.e., by considering
the embedding of the previous session P as a prediction
to the current session embedding C. The interpretation of
contrastive learning in the predictive view is consistent with
observations in neuroscience that the brain predicts various
levels of abstraction [37]].

4) Architecture: In this paper, due to the limited neuroimag-
ing data, the stacked layer number L of ST-DAN and DAN-
GCN are both set to 2. To expand the receptive field of DAN-
GCN on the temporal level, different scanning session lengths
S are adapted in different DAN-GCN layers (e.g., S = 30
in the first DAN-GCN and S = 15 in the second DAN-
GCN). Therefore, adjacent matrices Ap 4 for different DAN-
GCN layers are learned independently through different CL-
AM modules. After we obtained the final outputs E(TL) and
H@) a simple adding fusion is leveraged to combine the
local and global spatio-temporal representations for extracting
discriminative graph reg)resentatlons with local and global
interactions as R = B, ( Finally, the fused feature is
fed into different heads for different downstream tasks. For our
classification task, the classification head network is composed
of graph global average pooling [38]] (used to represent the en-
tire graph at global-level for further binary classification) and
two dense layers. Since contrastive learning is incorporated
into our model, the overall optimization function in (1) needs
to be revised as follows:

= arg;ninEX,y[ozﬁ(f(G(X)), Y)+ (1 —a)ler] (10)

where « is a learnable parameter to balance the loss weights
automatically. To ease the understanding of our whole learning
framework, the pseudo-code is shown in Algorithm [I]
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TABLE I
MODEL PARAMETER SETTINGS FOR EACH DATASET ON CLASSIFICATION
TASK
For fMRI data
# of graph node 190 | # of temporal point 90 Batch size 128

Max position embeddings 512 Length of S (11,12) [15,30] Training epochs 50
GlobalAveragePooling-64(Relu)-Dropout(0.5)-10(Relu)-1(Sigmoid)
For BCICIV_2a

Classification head network

# of graph node 22 # of temporal point 600 Batch size 32
Max position embeddings 1024 | Length of S (11,12) | [100,200] | Training epochs 30
Classification head network GlobalAveragePooling-Dropout(0.5)-1(Sigmoid)
For BCIC2015
# of graph node 56 # of temporal point 240 Batch size 128

Max position embeddings 512 Length of S (11,12) [40,80] Training epochs 50
GlobalAveragePooling-64(Relu)-Dropout(0.5)-10(Relu)- 1 (Sigmoid)

For fNIRS-BCI
# of temporal point 120 Batch size 16
Length of S (11,12) [30,40] Training epochs 100
GlobalAveragePooling-64(Relu)-Dropout(0.5)-10(Relu)- 1(Sigmoid)

Classification head network

# of graph node 52

Max position embeddings 512

Classification head network

IV. EXPERIMENTS AND RESULTS
A. Data Acquisition

We evaluate the performance of our STIGR on the three
different kinds of publicly available neuroimaging datasets: 1)
fMRI data on Autism Brain Imaging Data Exchange I & II
(ABIDE I/I]E]) datasets and ADHD-200 Consortium (ADHD-
ZO(ﬂ) dataset, 2) EEG data on brain-computer interface (BCI)
Competition IV 2a (BCICIV_Zﬂ) and BCI Challenge 2015
(BCIZOl, and 3) fNIRS based BCI dataset (fNIRS-BCI .

ABIDE I & II: The ABIDE I contains 1035 valid fMRI
samples with 505 ASD subjects and 530 typical controls (TCs)
aggregated from 17 different brain imaging sites. The ABIDE
II dataset is also a multi-site dataset consisting of 19 different
sites with 1113 valid subjects, including 521 ASD participants
and 592 TCs. The preprocessed graph-structure time series
signal according to the preprocessing pipeline Configurable
Pipeline for the Analysis of Connectomes (C-PAC) can be
directly downloaded from ABIDE I. Since ABIDE II only
provides raw data without preprocessing, the Data Processing
Assistant for Resting-State fMRI (DPARSF) [39] tool was
applied to preprocess the raw signals in our work. The
Craddock 200 (CC200) functional parcellation atlas was used
to aggregate the preprocessed brain signals into 200 ROIs for
reducing information redundancy.

ADHD-200: The ADHD-200 includes 939 valid fMRI sam-
ples from 8 international imaging sites involving 358 children
and adolescents with ADHD and 581 TCs. Thanks to the
data-sharing efforts of ADHD-200, the preprocessed data with
CC200 parcellation is also open-sourced.

BCICIV_2a: The BCICIV_2a is an EEG-based motor im-
agery dataset collected from nine subjects. The brain signals
of four different motor imagery tasks are recorded using 22-
channel EEG, namely the imagination of movement of the left
hand, right hand, both feet, and tongue, respectively. The EEG
data were sampled at 250 Hz, bandpass filtered between 0.5

Thttp://fcon_1000.projects.nitrc.org/indi/abide
Zhttp://fcon_1000.projects.nitrc.org/indi/adhd200/
3https://www.bbci.de/competition/iv/
“https://www.kaggle.com/c/inria-bci-challenge
Shttp://bnci-horizon-2020.eu/database/data-sets

and 100 Hz, and a 50-Hz notch filter was applied to suppress
line noise. Two sessions were provided for training and testing,
respectively.

BCIC2015: The BCIC2015 EEG dataset was collected
for 26 healthy subjects performing an error detection task
designed based on the “P300-Speller” paradigm [40]. Each
participant in this experiment was given a set of letters and
numbers (36 items) to form words. Select one-word item at a
time by flashing groups of screen items in random order. The
goal of this challenge is to determine when the selected item
is incorrect by analyzing 55 channels of EEG signals after the
subject has received feedback. Their signals were sampled at
600 Hz and were bandpass filtered by a 5-th order Butterworth
filter between 1 and 40 Hz.

JNIRS-BCI: The fNIRS-BCI dataset was collected from
eight subjects (age 26 + 2.8 years, three males and five
females). Subjects were instructed to perform a cue-guided
mental arithmetic task, i.e., subtract a one-digit number se-
quentially from a two-digit one for 12 seconds after the
cue. The task-related period was followed by a 28-second
rest period. During the mental arithmetic experiments, the
changes of oxygenated hemoglobin (HbO) and deoxygenated
hemoglobin (HbR) in the prefrontal cortex are recorded by a
52-channel fNIRS. To remove baseline drift, a bandpass filter
with a passband of 0.002-0.018 Hz was adopted for all signals
in the fNIRS-BCI dataset.

B. Model Settings

For a more reliable performance evaluation, cross-validation
(CV) is conducted on ABIDE I & II, ADHD-200, BCIC2015,
and fNIRS-BCI. Since BCICIV_2a sampled their data in two
sessions, it is natural to train and test on the two sessions’
data in an independent set (IS) manner, which is also the
most common performance evaluation method on these two
datasets. To evaluate with BCICIV_2a data, six combinations
of binary motor imagery tasks, left-hand versus right-hand
(L/R), left-hand versus feet (L/F), left-hand versus tongue
(L/T), right-hand versus feet (R/F), right-hand versus tongue
(R/T), and feet versus tongue (F/T), are tested. Since some sub-
jects in these datasets have different lengths of time courses,
we need to maintain the same sequence length for each subject
sample to normalize the inputs for model training. Random
cropping is commonly used to maintain the same sequence
length while augmenting data samples, i.e., each sample is
randomly cropped into a certain number of sequences with a
fixed length. For a fair test, the cropped sequences of the same
sample cannot be overlapped in both the training set and the
testing set. The detailed model parameter settings of STIGR on
the classification task of different datasets are shown in Table
[l All the experiments are conducted under the same runtime
environment using one intel core 17-8700K@3.70GHz, one
NVIDIA GeForce RTX 2080 Ti GPU, and 64GB RAM.
The experiment results are compared in terms of accuracy
(ACC), sensitivity (SEN), specificity (SPE), and area under
the receiver operating characteristic curve (AUC).
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Note: Since both ABIDE I/Il and ADHD-200 are cross-site datasets collected from different medical institutions using different scanning devices and protocols, it would cause large
data heterogeneity and lead to inaccurate analysis [41]]. In other words, training a model with more data from these datasets does not guarantee better model accuracy.

Fig. 7. Performance comparison with the state-of-the-art methods on ABIDE I, ABIDE II, and ADHD-200.

TABLE 11 TABLE III
PERFORMANCE COMPARISON WITH OTHER SOTA METHODS ON PERFOTRMANCE COMPARISON WITH SOTA METHODS ON FNIRS-BCI
BCICIV_2A DATASET DATASET
Method task A01 A02 A03 A04 A05 A06 A07 A08 A09 mean MCthOd Validation Acc Sen SpC
LR 7810 6110 7988 6908 9409 7149 9170 9585 9410 8171
LF 8507 7118 8025 8611 87.14 8092 8267 83.02 9171 83.12 Panagiotis et al. 2018 [46] CV 92.52 - -
) LIT 8894 7988 8754 8511 8647 7806 8751 9235 09886 8675 ]
A;':]"; CL;I' RIF 8888 7431 7500 8367 8579 7225 7989 7815 7847 79.60 Lu et al 2020 [47] 5-fold CV 95.30 - -
' RIT 9824 7571 9131 77.04 8224 7603 8648 8436 8752 84.33 Wang et al. 2022 [48] S-fold CV 9297 93.06 9355
F/T 8025 8579 8470 7777 7373 8060 8581 8058 9272 8355 -
mean 8658 7466 83.11 7980 86.58 7623 8568 8572 9023 83.18 Han et al. 2022 [49] 5-fold CV ~ 95.26  96.63  95.33
LR 9026 6847 9546 7847 9132 7259 9480 9722 9410 86.96 Ours 5f0ld CV 9751 97.63 96.13
L/F 9791 8331 9031 8706 8192 8122 9791 8929 9514 8935
Bangetal, T 9478 7223 9352 83.65 85797675 9792 9374 986l 88.78 Note: [46] adopted leave-p-out cross-validation, where 70% of data were randomly
2021 (43 RE 9584 7702 9305 8962 8823 7884 9756 8958 8441 8824 chosen to be used for training and the rest (p observations) were kept for testing.
R/T 9755 7328 9618 8581 87.84 7435 9619 8857 9373 88.17
BT 7607 7505 8267 7776 7571 7882 8511 9100 9028 8139
mean 9207 7489 9220 8374 8504 77.09 9492 9157 9271 8715
L/R 8681 6458 9583 6736 6806 67.36 80.56 9722 9236 80.02 . . .
LF 9722 6389 9306 8264 6597 7083 9792 842 9653 83.64 data heterogenele. and lead to 1n.accurate analysis [41]. In
Gureta, T 9722 6597 9444 8819 743l 7222 9375 9236 9722 8619 other words, training a model with more data from these
soo fa]  RE 9722 8056 9306 8958 7083 6458 9375 8819 8403 8464 datasets d t tee bett del A
RT 100 6667 9444 8681 6597 7153 9375 8958 7847 8349 atasets does not guarantee better model accuracy. AS we
TF 6944 7361 6944 6250 6806 7014 79.86 82.64 8542 72.99 can observe, deep learmng technlques such as CNN, stacked
mean 9132 6921 9005 7951 6887 6944 8993 8843 8970 81.83 . .
LR 9514 5833 9702 7992 8403 6528 8542 9583 9375 8396 autoencoder (SAE), and graph isomorphism network (GIN)
LE 9792 7778 9504 8542 6806 6319 9931 9375 9514 8619 have recently aroused intense scholarly interest in developing
LT 9792 6875 9514 8611 8056 7569 9722 9514 9792 8827 ;
;’;;;;:‘:' RE 931 8056 9583 w42 7178 ssse 100 9 sse2 sses  related methods for CAD of mental disorders. However, they
RIT 1000 6944 9653 8194 8264 70.14 9722 8958 7222 8441 struggle to reach an accuracy improvement when the sample
TF 7569 7986 7986 6875 6L11 6667 88.19 8681 88.19 7724 X T
mean 9433 7245 9340 8126 7570 6608 9456 9201 8877 8428 size becomes larger (>800) due to the data heterogeneity issue.
L/R 9444 7708 9826 8333 8827 8125 7639 9653 9132 8642 At this point, STIGR shows a powerful generalization capabil-
L/F 9722 8958 9688 8819 8021 8472 9653 9201 9722 9140 ! | . A
LT 9757 8160 9444 8958 8299 8299 9410 9340 9861 9059 ity on cross-site datasets thanks to the extracted hybrid spatio-
Ours R/F 9757 8858 9688 9132 79.17 8091 9722 9514 8438 9024 . .
R/T 9896 8264 9896 8438 8299 8299 9653 9201 90.63 90.01 temporal graph representation. For EEG data, our STIGR still
TE 8681 9082 8648 7986 78.13 8056 9271 8§9.58 8993 86.04 outperforms current SOTA methods on both BCICIV_2a and
mean 9543 8743 9531 8611 8044 8224 9225 9311 9202 89.28

C. Performance Comparison

In this section, the proposed STIGR is compared with
SOTA methods on fMRI, EEG, and fNIRS-BCI datasets in the
preliminary classification (global-level representation learning)
task, respectively. For fMRI datasets, our STIGR achieves
competitive accuracy of 72.73% (SEN: 76.08%, SPE: 68.84%,
and AUC: 79.03%), 72.53% (SEN: 73.00%, SPE: 71.56%, and
AUC: 77.59%), and 76.15% (SEN: 79.47%, SPE: 72.35%,
and AUC: 81.75%) on ABIDE I, ABIDE II, and ADHD-
200, respectively, as shown in Figure [7} It is worth noting
that both ABIDE I/Il and ADHD-200 are cross-site datasets
collected from different medical institutions using different
scanning equipment and protocols, which can create large

BCIC2015 datasets. The proposed method achieves 89.28%
mean accuracy across subjects on BCICIV_2a and 75.53%
inter-subject accuracy in 4-fold CV on BCIC2015, respec-
tively. The classification results of BCICIV_2a dataset for each
subject and six binary classification tasks are shown in Table
M The highest average accuracy on the six motor imagery
classification tasks is provided by our STIGR model for seven
of the nine subjects. It also outperforms the SOTA method
[43]] by 2.13% in overall average accuracy on BCICIV_2a
dataset. Since BCIC2015 dataset is used for open competition
on Kaggle, we compared the performance of our STIGR with
the winning algorithm. The winning algorithm without using
leaky features achieves 72.94(£3.7)% accuracyﬂ while our
STIGR outperforms it with 75.53(%4.2)% accuracy in 4-folds

Ohttps://github.com/alexandrebarachant/bci-challenge-ner-2015
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TABLE IV
PERFOTRMANCE COMPARISON WITH OTHER REPRESENTATIVE STGNN ARCHITECTURES IN NEUROIMAGING FIELD
Section A: Performance comparison with STGNNSs architectures on fMRI datasets
Method ABIDE 1 ABDIE 11 ADHD-200
ACC SEN SPE AUC ACC SEN SPE AUC ACC SEN SPE AUC
STGCN 68.2 71.5 64.1 72.8 68.4 70.3 66.1 74.1 72.6 77.5 65.1 78.6
STAGIN 69.5 74.6 64.1 75.6 68.8 71.3 64.9 75.1 73.2 75.0 66.0 77.2
BrainGNN 68.7 69.8 65.8 73.4 67.6 70.7 64.1 73.7 72.9 78.9 61.3 77.8
STIGR(ours) 727t 761  68.87 79.07 | 7257  73.0 716" 776" | 7627 795 7247 81.8F
Section B: Performance comparison with STGNNs architectures on EEG & fNIRS-BCI datasets
Method BCICIV_2a BCIC2015 fNIRS-BCI
L/R L/F L/T R/F R/T T/F ACC SEN SPE ACC SEN SPE
STGCN 78.6 80.9 82.4 79.4 82.4 79.5 70.9 54.9 79.8 94.3 94.0 95.1
STAGIN 79.4 81.7 83.6 80.6 83.5 79.6 72.1 51.9 80.9 94.7 93.9 95.8
BrainGNN 81.8 83.6 86.2 82.4 83.8 80.9 70.1 55.2 77.5 95.0 94.7 97.0
STIGR(ours) 86.47 914t  90.6 90.2f 90.0t 86.0f | 7557 578 86.8" | 97.5T 961  97.6
Based on the Wilcoxon rank-sum test with Holm p-value correction (o = 0.05), the T indicates the marked method is significantly better than the compared methods.
CV scheme. For the fNIRS data, as we see in the table TABLE V
previous studies have achieved an average accuracy of 92.52% ABLATION STUDY OF OUR STIGR MODEL.
to 95.30% over eight subjects on the fNIRS-BCI dataset. Our Component ADHD-200 BCICIV 22
STIGR also achieved the highest average accuracy, sensitivity, Method 5 N-GCN  STDAN  CL-AM Accuracy A Accuracy A
and specificity of 97.51%, 97.63%, and 96.13%, respectively. @ - - - 68.4 - 80.5 -
Furthermore, compared with the study [48] that also applies ® v - - 732 w8 852 446
.. . . © v v - 74.9 +6.5 872 +67
Transformer in its classification framework, our STIGR ex- @ P v v 762 V18 803 188

hibits a significant accuracy improvement of 4.54%. Generally
speaking, the proposed model achieves competitive classifi-
cation performance while maintaining strong robustness and
versatility generalization on different types of neuroimaging
datasets (including fMRI, EEG, and fNIRS).

Apart from the comparison with SOTA methods, we attempt
to evaluate the effectiveness of STIGR in comparison with
other STGNN architectures. To the best of our knowledge,
no STGNN-based methods have been proposed on these neu-
roimaging datasets. Therefore, several representative STGNN
architectures proposed in neuroimaging domain are applied
for comparison, including STGCN [1], STAGIN [4]), and
BrainGNN [50]. The comparison results are summarized in
Table As we can see, the overall performance of STIGR
consistently maintains its lead among the competitors by
dominating 100% (12/12) of evaluation metrics, where nine
of them show statistical significance by the Wilcoxon rank-
sum test at p < 0.05 on fMRI datasets. On the EEG and
fNIRS datasets, our STIGR exhibits strong generalization,
which also dominates 100% (12/12) of the evaluation metrics
and achieves statistical significance on eight metrics. Since
STGCN and STAGIN were originally proposed for fMRI data,
their performance on EEG datasets, especially for BICCIV_2a,
has a large gap with our proposed method. As for the fNIRS
dataset, all three SOTA STGNNSs achieve comparable accuracy
of around 95% but are also 2.5% ~ 3.2% less accurate than
our proposed STIGR. These findings further demonstrate the
robustness and generalizability of our STIGR on different
types of neuroimaging datasets. Overall, we can conclude that
our STIGR achieves the highest accuracy on all datasets with

Arefers to the relative performance improvement over the baseline model. v represents
the given function participates in the training process.

an appropriate trade-off between specificity and sensitivity
compared to STGNNs SOTA methods.

D. Ablation Study

Since the proposed modules (i.e., DAN-GCN, ST-DAN, and
CL-AM) account for the performance improvement of STIGR,
we conduct ablation studies to evaluate their effectiveness
contributions. Experiments are carried out on ADHD-200 and
BCICIV_2a datasets and evaluated on 10-fold CV and IS
schemes, respectively. Accordingly, the experimental results
are tabulated in Table E In particular, we choose STGCN
[1] (case (a)) as the baseline model because it is the first
spatio-temporal graph convolutional network proposed in the
field of neuroimaging, has a relatively simple architecture,
and can be flexibly extended. Model (b) replaced the STGCN
in baseline with our proposed DAN-GCN, and model (c) is
designed by introducing the ST-DAN module based on model
(b). The proposed STIGR with all components is termed as
(d) in Table [V] To our surprise, our model with only DAN-
GCN component (case (b)) improves the baseline by 4.8% and
4.6% mean accuracy on ADHD-200 and BCICIV_2a datasets,
respectively. This result fully demonstrates the effectiveness
of DAN-GCN in capturing hybrid spatio-temporal relations
as well as the importance of both spatial and temporal feature
extraction in dynamic neuroimaging data. That is to say, DAN-
GCN can serve as a potent backbone model to extract the
dynamic FC correlation within adjacent scanning sessions. In
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Fig. 8. (a) and (b) are the visualization of discriminative ROIs and FCs obtained from node-level and edeg-level representation, respectively. (c) Identification
of remarkable ROIs and dynamic FC patterns specific to ADHD. The dash lines indicate the involved ROIs are repeatedly highlighted throughout the whole

time sequence. The darker color of the link between ROIs we observe, the more highly correlated the FC it represents. Here 7" = 30 timestamps.

addition, by introducing the ST-DAN module on top of model
(a), we observe a significant improvement in the accuracy
of ADHD-200 and BCICIV_2a by 1.7% and 2.1% in model
(b). The performance improvement can be attributed to our
ST-DAN module supplementing the missing global spatio-
temporal representation of DAN-GCN through the globally
self-attention mechanism. Thus, our model is developed to
obtain the dynamic graph representation through DAN-GCN
in the short-term (adjacent graph) while applying ST-DAN
to extract the spatio-temporal dependency in the long-term
(global attention). Since the CL-AM module is proposed based
on DAN-GCN and ST-DAN, we cannot evaluate its effective-
ness by eliminating the other two components. We evaluate
the effectiveness of CL-AM module by directly comparing
the performance of model (c) and model (d), which achieve
1.3% and 2.1% accuracy improvement on ADHD-200 and
BCICIV_2a, respectively. This observation indicates the im-
portance of adjacent matrix construction in graph convolution
while demonstrating the great potential of contrastive learning
in modeling representation similarity. The overall model (d)
containing all three components (DAN-GCN, ST-DAN, and
CL-AM) surpasses the baseline by 7.8% and 8.8% accuracy
on two evaluated datasets. From the above analysis, we can
conclude that all three components are demonstrated to make
clear contributions to the performance improvement of our
STIGR.

E. Exploration of Learned Graph Representation

In previous experiments, we validated the graph represent-
ing the ability of our STIGR to predict binary global properties
of graph subjects. However, except for global property, each
graph representation still contains node and edge information
which are also important to neuroimaging analysis. As shown
in Figure 2] an ideal graph representation learning frame-
work can utilize the learned graph representation to address
different graph tasks, including node-level, edge-level, and
global-level. In this section, we explored the potential of our
STIGR in learning node-level and edge-level representation for

model interpretation. Additionally, experiments on regression
prediction tasks are also performed to verify its global-level
representation ability further.

1) Node-level and Edge-level: Since exploring task-related
salient ROIs and functional connectivity is crucial in neu-
roimaging analysis, learning node-level and edge-level repre-
sentations is necessary, especially for dynamic neuroimaging
graph representation learning. Thanks to the graph neural
network, the node-level and edge-level representation can be
directly obtained by our STGIR (i.e., the final learned graph
matrix R and adjacent matrix A). Since our neuroimaging
data contain both node- and edge-level information, message
passing algorithm (MPA) [51] is leveraged to exchange the
information from neighboring nodes or edges for yielding
graph representation (in node or edge-level) of increasing
expressiveness and power. Therefore, our final node-leve and
edge-level representation (R and AF) can be obtained as
(RN, AF) = MPA(R, A). Accordingly, the final learned node-
level and edge-level representations of STIGR can directly ex-
hibit remarkable ROIs and reproducible FC patterns, revealing
the unique task-related neurological activities. To validate the
practical potential of our learned node-level and edge-level
representations in model interpretation, we take the ADHD
dataset as a case study in this section.

Figure [8[a) shows discriminative ADHD-related ROIs in-
ferred by our learned node-level representation. Through man-
ual investigation, all five top predicted ADHD-specific ROIs,
i.e., Right Inferior Frontal Cortex (164), Cingulate Gyrus
(29), Left Middle Frontal Gyrus (125), Right Cerebelum (190),
and Right Cingulate Gyrus (6), have been validated to have
associations with the neurological manifestations of ADHD
by previous literature. For example, [52] found that the right
inferior frontal cortex region (164), a key cognitive control
hub region, is consistently dysfunctional in ADHD subjects.
A significant volumetric decrease in the cingulate gyrus (29)
was also founded among the treated group with ADHD [53]. In
addition, we visualized top-10 FC connections with the highest
scores based on learned edge-level representation. As shown
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in Fig. [B[b), we can observe the strongest connectivity in the
right inferior frontal cortex region (164) and the cingulate
gyrus (29). This finding is consistent with a recent study
showing that these two regions exhibit increased positive
functional connectivity in adolescents with ADHD. Based
on Ahmadi’s study [54]], significant FC changes were found
between the cingulate cortex (55) and superior temporal gyrus
(119) in ADHD patients compared to TCs, which is also found
in our learned edge-level representation. It is interesting to
note that all five top ADHD-specific ROIs in the node-level
representation were observed in the top 10 discriminative FC-
connected regions in the edge-level representation, showing
the great consistency between the two perspective represen-
tations. These observations suggest that node- and edge-level
representations learned from our STIGR framework can be
directly used for clinical interpretation analysis without ad-
ditional visualization algorithms, demonstrating the feasibility
of our learned graph representation in solving node-level and
edge-level downstream tasks.

Furthermore, by simultaneously utilizing the learned node-
and edge-level representation, significant activity patterns in
dynamic neuroimaging graphs can be easily obtained. In this
case study, we attempt to detect the reproducible dynamic
FC patterns specific to ADHD only in light of these ADHD-
related ROIs. That is, they have no significant change in BOLD
signals among the TC group. We showcase the two eligible
dynamic FC patterns in Figure[§[c). It is efficient to investigate
how these dynamic interaction brain networks evolve along the
time axis and identify the reproducible dynamic FC patterns
as neuroimaging biomarkers. Through the statistical analysis,
66.9% of ADHD subjects (242/362) on ADHD-200 are found
to exhibit similar dynamic FC patterns shown in Figure
[[c). This result suggests that the dynamic activity patterns
identified by STIGR have great potential in advancing the
understanding of brain activity mechanisms (e.g., analyzing
the dynamic variation of neural stimulation between salient
brain regions).

2) Global-level: In this section, to further validate the
representing ability of learned graph representations at the
global-level, we design experiments on the brain age predic-
tion (regression task) based on the ABIDE I dataset. Brain
age prediction is a common neuroimaging analysis problem,
especially in the field of diagnosis of psychiatric disorders. It
is essential to help identify novel biomarkers and develop a
comprehensive system for early diagnosis of mental disorders
[55]. An increasing number of neuroimaging studies in deep
learning perform age prediction and classification tasks si-
multaneously to demonstrate the generalization ability of their
models across different tasks [56], [57]. However, during the
model training process, they need to completely separate the
two tasks and train each task from scratch with some model ar-
chitecture modifications. Given the strong representing ability
of our STGIR model, we attempt to address this limitation by
directly exploiting global-level graph representations learned
from the previous classification task. Specifically, we use our
STIGR trained on classification tasks as a feature extractor to
extract high-quality representations (learned global-level graph
representations). After that, these representations are put into
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Fig. 9. Performance comparison of brain age prediction on the ABIDE I
dataset.

a three-layer fully-connected network for training and finally
perform age prediction. In this way, only a simple regression
head needs to be trained instead of training the entire model
in previous studies. As we can see from Fig.[9] compared with
recent research of brain age prediction research on the ABIDE
I dataset [57]-[61]], our method achieved comparable perfor-
mance with a mean absolute error (MAE) of 3.05(£0.28)
years. It is worth noting that this is a rough comparison since
these methods employ various data volumes and validation
methodologies. As we expected, our method outperforms the
SOTA method with an MAE decrease of 0.18 years. That
is, by leveraging the learned graph representations, we save
numerous training time for regression tasks while achieving
SOTA performance. Combining the observations analyzed in
the previous subsection, we can conclude that our STIGR
is able to learn powerful graph representations for solving
different graph tasks of nodes, edges, and global perspectives.

V. CONCLUSION

In this paper, we propose an efficient graph representation
learning framework, called STIGR, for capturing discrimi-
native spatio-temporal graph representations of neuroimaging
data. Our framework formulates the spatio-temporal represen-
tations with local and global patterns from two major com-
ponents DAN-GCN and ST-DAN, respectively. Specifically,
DAN-GCN is a novel graph convolution operation proposed
based on the intuition of simultaneously exploring spatio-
temporal dependencies by considering the temporal connec-
tion of dynamic graphs. In order to supplement the missing
global spatio-temporal representation, ST-DAN is developed
to learn the global spatio-temporal representation based on
the self-attention mechanism and fuses it with DAN-GCN. As
such, both local and global spatio-temporal dependencies are
leveraged to improve the dynamic graph representation ability
of our proposed model. In addition, we also designed CL-AM
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module based on contrastive learning to adaptively learn the
adjacent matrix of DAN-GCN for capturing the graph node
connections in a dynamic manner. To evaluate the effectiveness
and generalization ability of STIGR, comprehensive experi-
ments are performed on three different kinds of neuroimaging
datasets, including fMRI, EEG, and fNIRS. Evaluation results
show that our STIGR achieves superior performance and
outperforms the current state-of-the-art on all comparative
datasets. Ablation studies are also conducted to verify the
contribution of the proposed three key components. Thanks
to the powerful graph representation capability of STIGR, the
learned graph representation can be well utilized to explain
brain activity from node and edge level (i.e., ROI analysis
and connectivity analysis), respectively. The global-level graph
representation learned from STIGR is also demonstrated to
have great potential in different downstream tasks of classifi-
cation and regression. In the future, we expect to combine our
STIGR framework with multi-modality learning to explore the
feasibility of learning multimodal graph representations.
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