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LCGNet: Local Sequential Feature Coupling
Global Representation Learning for Functional
Connectivity Network Analysis with fMRI

Jie Zhou, Biao Jie , Zhengdong Wang, Zhixiang Zhang, Tongchun Du, Weixin Bian, Yang Yang, Jun Jia

Abstract— Analysis of functional connectivity networks
(FCNSs) derived from resting-state functional magnetic res-
onance imaging (rs-fMRI) has greatly advanced our under-
standing of brain diseases, including Alzheimer’s disease
(AD) and attention deficit hyperactivity disorder (ADHD).
Advanced machine learning techniques, such as convolu-
tional neural networks (CNNs), have been used to learn
high-level feature representations of FCNs for automated
brain disease classification. Even though convolution op-
erations in CNNs are good at extracting local properties of
FCNs, they generally cannot well capture global temporal
representations of FCNs. Recently, the transformer tech-
nique has demonstrated remarkable performance in vari-
ous tasks, which is attributed to its effective self-attention
mechanism in capturing the global temporal feature repre-
sentations. However, it cannot effectively model the local
network characteristics of FCNs. To this end, in this paper,
we propose a hovel network structure for Local sequential
feature Coupling Global representation learning (LCGNet)
to take advantage of convolutional operations and self-
attention mechanisms for enhanced FCN representation
learning. Specifically, we first build a dynamic FCN for each
subject using an overlapped sliding window approach. We
then construct three sequential components (i.e., edge-
to-vertex layer, vertex-to-network layer, and network-to-
temporality layer) with a dual backbone branch of CNN
and transformer to extract and couple from local to global
topological information of brain networks. Experimental
results on two real datasets (i.e., ADNI and ADHD-200) with
rs-fMRI data show the superiority of our LCGNet.

Index Terms— Functional connectivity network, Convolu-
tional neural network, Transformer, Disease classification.

. INTRODUCTION

HE human brain is a system of remarkable complexity,
where brain regions functionally interact to produce cog-
nition, emotion and behavior. Benefiting from the development
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of neuroimaging technology, functional magnetic resonance
imaging (fMRI) provides a new powerful tool to quantify
spontaneous neuronal activities [1]. By describing the hu-
man brain as a network/graph, we can construct functional
connectivity networks (FCNs) based on rs-fMRI data, where
each node usually represents a specific brain region-of-interest
(ROI) and each functional connectivity denotes the interaction
between paired ROIs. Functional connectivity network offers
a novel method to measure how information integration and
segmentation relate to human behavior and how this organi-
zation is related to neurological disorders [2], [3].

Previous studies have applied FCNs to the analysis of brain
diseases, such as Alzheimer’s disease (AD) and its prodromal
state (i.e., mild cognitive impairment, MCI) [4], and atten-
tion deficit hyperactivity disorder (ADHD) [5]. For example,
studies based on rs-fMRI have revealed abnormal connec-
tivity patterns [6] and network properties [7] for patients
with AD/MCI. Recently, studies successfully applied FCNs
to brain disorder identification, including AD [8], MCI [9]
and ADHD [10]. Also, studies have built many machine
learning models to improve the performance of fMRI-based
brain disease classification [11]-[14].

Recently, motivated by successful applications of deep
learning techniques in the natural image analysis field, studies
have used convolutional neural networks (CNNs) to learn
high-level feature representation of FCNs, and have shown
strong performance in brain disease classification in compar-
ison with traditional machine learning methods [15], [16].
However, the limitations of the convolutional operations limit
the network’s ability to capture global information (e.g., long-
distance relationships among temporal brain networks), which
are usually critical for dynamic FCN (dFCN) analysis. In
contrast to CNNs, sequence transduction models such as long
short-term memory (LSTM) networks can preserve some crit-
ical information that requires long-term memory and discard
some irrelevant information [17], and have been applied to
dFCN analysis and achieved promising results in brain disease
classification [18]. However, existing LSTM methods can not
capture long-term dependencies conveyed in fMRI data.

Meanwhile, transformer [19], a relative newcomer to the
deep learning field, has been applied across borders in medical
image analysis field [20], achieving state-of-the-art results
in image segmentation [21] and detection [22]. The main
contribution of the transformer architecture is the introduction
of self-attention and multi-head mechanisms, which can obtain
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Fig. 1.

Architecture of the proposed LCGNet, including (a) dynamic functional connectivity network construction, (b) local sequential feature

coupling global representation learning that consists of three network components, i.e., edge-to-vertex (E2V): extracting features of ROIs, vertex-
to-network (V2N): characterizing the local and global representation of the brain network, and network-to-temporality (N2T)): capturing temporal
dynamic representation of the brain network, to hierarchically couple local and global representation of brain networks, and (c) classification.

global representations by relating different positions within
the sequence, thus effectively avoiding information loss and
capturing inherent sequential structure compared with LSTM.
Therefore, transformer architecture could provide more ex-
pansive receptive fields than CNN methods when extracting
high-level features from dFCNs [19], and have been applied
to brain network analysis [23]. Even though the transformer
architecture helps model global dependencies via a multi-
head attention mechanism, it cannot effectively capture local
topological information in graph data. Therefore, it is crucial
to integrate the local connectivity feature with the global
topological information for brain network analysis [24].

To this end, we present a novel network structure of
Local sequential features Coupling Global representation,
called LCGNet, that combines local features from CNN and
global representations from the transformer to classify brain
diseases based on dFCN with rs-fMRI data. Fig. 1 shows the
schematic diagram. Accordingly, we first build a dFCN for
each subject using an overlapped sliding window approach.
Then, we construct another three layers (i.e., edge-to-vertex
(E2V) layer, vertex-to-network (V2N) layer and network-to-
temporality (N2T) layer) that consist of a dual backbone
branch of CNN and transformer to extract and couple from
local to global topological information of brain network.
Besides, a feature alignment unit (FAU) is designed to solve
the semantic divergence problem caused by the inconsistent
feature dimensions of the two branches (i.e., CNN and global
transformer) in the coupling process. Experimental results on
two datasets demonstrate that the proposed LCGNet method
not only significantly improves brain disease classification
performance, but also provides a novel insight into interaction
dynamics of brain activities in diseases, thus helping to better
understand the pathology of brain diseases.

The main contributions of this paper are as follows.

We propose a novel local sequential feature coupling

global representation learning framework to couple local
and global topological information of brain networks for
disease classification using CNN and transformer as the
dual-branch backbone.
Three coupling network structures are created to learn
hierarchical (from local connectivity to global network)
higher-level interaction information of brain networks.
We investigate dynamic patterns of brain connectivity in
patients, providing potential biomarkers for classifying or
predicting brain disease.
We evaluate the proposed method on two real datasets
with brain diseases, with extensive experimental results
demonstrating the effectiveness of the proposed method.
This paper is structured as follows. In Section Il, we give
a brief overview of the related works. Then, we introduce the
data used in this study and the proposed LCGNet method in
Section I1l. Next, we report the experimental setting and the
experimental results in Section IV. In Section V, we discuss
the experimental results, analyze the impact of the coupling
process and network hyperparameters, and also present the
limitations of our method. Finally, We conclude this work in
Section VI.

Il. RELATED WORKS
A. Functional Connectivity Network Analysis

Functional connectivity networks (FCNs), which charac-
terize the functional interactions among brain regions at the
whole-brain level, offer a promising tool for understanding
the function of the human brain and the pathogenesis of
some brain diseases. Studies have proposed various methods
to measure functional connectivity between regions with fMRI
data [3], [25]. Typically, functional connectivity is computed
by the temporal correlation between distinct ROIs, implicitly
assuming functional connectivity is constant throughout the
whole recording periods, and previous studies applied a static
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FCN (sFCN) analysis. For example, Jie et al. [26] introduced
a hyper-connectivity network construction method to charac-
terize hyper-order interaction of brain regions, enhancing the
model’s accuracy in brain disease classification tasks. Sun
et al. [27] developed a hyperparameter-free method to build
SFCNs for Autism spectrum disorder (ASD) identification.

Recently, more emerging evidences [28] have suggested
that regarding functional connectivity as dynamic over time,
referred to as dynamic FCNs (dFCNs), which can characterize
changes in patterns of spontaneous neural activity in brain
regions associated with cognitive and behavioral abilities [29],
thus provide a critical cue to uncover the disruptions of the
human brain with disease [15]. For example, studies have
reported rs-fMRI changes in AD patients beyond traditional
SFCNs [30], and shown remarkable spatial-temporal changes
in function of the human brain [2]. On the other hand, studies
have successfully applied dFCNSs to classification or prediction
of brain diseases using machine learning methods, which
typically extract network metrics (e.g., connectivity strengths,
spatial-temporal variabilities of brain regions, etc.) as features
for brain disease classification [31], [32]. More recently, deep
learning methods (e.g., CNNs), which can automatically learn
features of dFCNSs in a data-driven manner, thus alleviating
experts’ domain knowledge on feature engineering to some
extent, have been used for brain network analysis.

B. CNN-based Brain Disease Classification

As powerful feature learning techniques, deep learning
methods play an important role in medical image analysis [33].
For example, Sarraf et al. [34] used the LeNet-5 [35], one
of the earliest CNNs, to distinguish AD patients with the
fMRI data. Kawahara et al. [36] developed an FCN-specific
CNN framework (called BrainNetCNN) for predicting clinical
neurodevelopmental outcomes. However, these studies mainly
focus on sFCN analysis, therefore ignoring the dynamics of
brain networks.

So far, few studies have applied deep learning methods to
dFCN analysis. For example, Jie et al. [16] built a weighted
correlation kernel (wc-kernel) based CNN framework to learn
the hierarchical features from dFCNs for MCI classification.
Huang et al. [37] developed a CNN-based network structure
to integrate information from sFCN and dFCN for brain dis-
ease classification. Unfortunately, these CNN-based methods
excel at extracting local features but encounter challenges in
capturing global representations from dFCNs. One strategy
to alleviate such a limitation is to expand the receptive
fields by introducing deeper network architectures [38], [39].
Another strategy is integrating the attention mechanism into
CNNs [40], [41], which has demonstrated remarkable suc-
cess in capturing long-distance dependencies in natural lan-
guage processing (NLP). However, the former usually requires
deeper convolutional layers, which may introduce difficult-to-
interpret problems in the medical image diagnosis process. The
latter is often too inefficient for capturing feature dependencies
between long-distance relationships among FCNs. In addition,
studies have tried to apply temporal-sequential-based methods
to learn the long-distance feature relationships of FCNs, and
achieved promising results.

TABLE |
DEMOGRAPHIC INFORMATION FROM THE ADNI AND ADHD-200
DATASETS.

Dataset Group # Subject  Scan  Male/Female Age
AD 31 99 16/15 747 T4
ADNI IMCI 45 145 27/18 72:3 81
eMClI 50 165 20/30 72:4  7:1
NC 48 154 20/28 76:0 6:8
ADHD 118 436 25/93 112 27
ADHD-200 NC 98 356 51/47 12:2 211

C. Temporal Feature Learning Methods

In recent years, studies have developed recurrent neural net-
works (RNNs), such as long short-term memory (LSTM) [42]
and gated recurrent units (GRU) [43], to learn the long-
distance feature dependencies of brain network for brain
disease classification with fMRI data. Also, studies integrate
some components, including RNN, CNN and attention mech-
anism, to further improve the classification performance. For
example, Zhao et al. [44] attempted to introduce an atten-
tion module into a convolutional recurrent neural network to
identify schizophrenia, and Lei et al. [45] developed a self-
attention based stacked bidirectional LSTM for MCI classifica-
tion. However, the inherent sequential nature of RNN severely
hinders the parallelization within training samples [19], and
makes dependency modeling difficult [46]. Therefore, these
studies can not fundamentally solve the problem of long-
distance feature-dependent learning in brain networks.

Transformer has received widespread attention in the field.
Dosovitskiy et al. [47] proposed a vision transformer for
image recognition. Meanwhile, the transformer has been suc-
cessfully applied to the field of medical imaging [48], [49].
However, so far, few studies have used transformers for
identifying brain diseases with fMRI data. For example, Zhang
et al. [50] proposed a diffusion kernel attention network for
brain disease classification by applying a transformer to FCN
construction. Kang et al. [51] devised a method of learning
global inter-network relations for ASD diagnosis. However,
these studies mainly focus on sFCN analysis, ignoring the tem-
poral dynamics of the brain network. Therefore, the problem
of efficiently characterizing local-to-global sequence feature
dependencies on a dynamic brain network remains.

To address the above-discussed issues, we propose a novel
deep learning network via a double branch structure (i.e.,
CNN branch and global transformer branch) and three stages
of feature coupling to efficiently characterize local-to-global
sequence feature dependencies of brain networks.

I1l. MATERIALS AND METHOD
A. Subjects and Data Preprocessing

In this study, we use two datasets. The first dataset contains
174 subjects (a total of 563 scans) with rs-fMRI data from
the ADNI' dataset, including 48 normal controls (NC), 50
early MCI (eMCI), 45 late MCI (IMCI), and 31 AD. The
following specifications are used to acquire the data: the image
resolution ranges from 2:29 to 3:31 mm, the slice thickness is

Ihttp://adni.loni.usc.edu
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3:31 mm, the TE (echo time) is 30 ms, and the TR (repetition
time) varies from 2:2 to 3:1s. The rs-fMRI data from the New
York University Child Study Center (NYU) site of the ADHD-
2007 dataset consists of 118 ADHD and 98 NC subjects. The
data acquisition parameters are as follows: the matrix size is
49 58, the axial slices number is 47, the slice thickness is
4mm, FOV = 240 mm, TR = 2s, TE = 15ms, flip angle =
90, and the voxel size is 3 3 4mm3. Table | shows the
demographic information of the subjects.

Following our previous study [52], for each subject in
the ADNI dataset, we use the standard pipeline to perform
data pre-processing by FSL FEAT softwared. Specifically,
the collected data is firstly corrected for the time difference
among all slices. Then, head motion estimation is performed.
Considering the noise influence of head motion on FCN
construction, all subjects with excessive head motion and
frame-wise displacement (FD) larger than 0:5mm for more
than 2:5 minutes are all excluded from this study. To ensure
consistency and scale rationality of rs-fMRI time series across
subjects, we use [53] to perform global drift removal and
bandpass filtering between 0:015{0:15Hz. After that, we
perform structural skull stripping and map the fMRI data
of skull stripping into the Montreal Neurological Institute
(MNI) standard space, followed by spatially smoothing with
the full-width-half-maximum of 6 mm. Finally, each subject’s
whole brain in rs-fMRI space is partitioned into 116 regions-
of-interest (ROIs) by automated anatomical labeling (AAL)
template [54]. In this way, for a given ROI, its average rs-
fMRI time series can be calculated by averaging the blood-
oxygen-level-dependent (BOLD) signals of all voxels in this
brain region.

For each subject from ADHD-200 dataset, the data are
processed with Athena® pipeline. Specifically, the first four
echo-planar imaging (EPI) volumes are removed to achieve
signal equalization. Then, slicing timing and head motion
correction are performed. The averaged echo-planar images
are then co-registeredto 4 4 4 MNI template space. Besides,
the possible effects of white matter, cerebrospinal fluid and
head motion are removed. Finally, we extract the averaged
time series of specific brain regions from the gray matter time
series based on the AAL atlas.

B. Proposed Feature Coupling Learning Framework

The LCGNet framework that we propose consists of three
parts: (1) dynamic functional connectivity network construc-
tion, (2) local sequential feature coupling global representation
learning, and (3) classification. Fig. 1 shows the schematic.

1) Dynamic Functional Connectivity Network Construction:
We follow the study [15], [16] to construct a dFCN for
each subject using an overlapped sliding window strategy.
Specifically, we divide the fMRI time series into T consecutive
and overlapping windows with the length of L and the step
of R. Then, we compute the Pearson correlation coefficient
(PCC) between the mean time series of any two ROIs at

Zhttp://neurobureau.projects.nitrc.org/ADHD200/ Introduction.html
Shttp://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FEAT
4http://www.nitrc.org/plugins/mwiki/index.php/neurobureau:Athena

]

Fig. 2. Implementation details of the global transformer branch.

the t-th time window and obtain an FCN Ft 2 RN N(t =
1; ; T) as follows:

F(i; §) = corr(x}; x}) @)

where corr represents the correlation of average time series
between paired brain regions, x¢ and x} represent the segments
of the BOLD signals for the i-th and j-th brain regions at
the t-th time window, respectively, and N is the number of
ROIls. Then, we obtain a set of FCN with T windows, i.e.,
G = fFLF%;,  ;F'g 2 RT N N which characterize the
dynamics of the brain network. Finally, we flatten each FCN
into a row vector and obtain a new representation G 2 RT N®
which will serve as the input for our proposed LCGNet
method.

2) Local Sequential Feature Coupling Global Representation
Learning: To take full advantage of the complementary infor-
mation of local sequential features and global representation
of brain network, we design three network components (i.e.,
E2V, V2N and N2T layers) with double-branch structure (i.e.,
CNN branch and global transformer branch), as shown in
Fig. 1. Here, the CNN and transformer branches are used for
extracting local sequence features and global representations
of the brain networks, respectively.

CNN Branch. In the proposed LCGNet method, the convo-
lutional operations in three network components are defined
to extract hierarchical (from local to global, and from low-
level to high-level) sequential features from the constructed
dFCNSs, respectively. Specifically, in the E2V network structure
of the first component, the convolution kernel has a size
of S; N and the stride moves by (1;N), respectively.
This operation can be interpreted as calculating the weighted
combination of all functional connectivities connected to the
specific ROI, reflecting local properties of the brain region.
In the V2N network structure, the kernel size and the stride
are set to S, N and (1;1), respectively. Therefore, the
convolutional operation in the V2N component can be under-
stood as aggregating features of all brain regions, revealing
the properties of the whole brain network. Finally, in the
V2T component, we set the size of the convolutional kernel
and the stride as S3 1 and (2;1), respectively, to extract
temporal features. The features obtained by this component
can be considered as a temporal representation of the brain
network. Each convolutional operation is succeeded by batch
normalization, rectified linear unit (ReLU) activation and a
dropout (with a dropout rate of 0:2 in our experiments).

Global Transformer Branch. In each of the three com-
ponents, the global transformer branch consists of a multi-
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head self-attention (MHSA) module and a feed forward (FF)
module, as shown in Fig. 2. Layer normalization (LN) and
residual connection operations are also executed in this branch.

We first reshape the output Xcnn 2 RH W C of the CNN
branch (H, W, and C are the height, width, and channels,
re%pectively) into a two-dimensional feature representation
Xenn 2 RY P Then, we add additional learnable position
encoding Epes 2 R P to the sequence features to preserve
the sequence information of the temporal features: X =
inn + Epos. Next, we generate three key components, i.e.,
the queries Q 2 RH Pk the keys K 2 R™ P« and the values
V 2 RH Dv from X with three trainable projection matrices
WQ 2 RP Dk WK 2 RD D« WV 2 RD Dv Here, we
set Dk = Dy, and Dy is the dimension of a key vector. Thus,
in each head (there are 1 heads operating in parallel), we can
obtain the output matrix Z 2 RH Pv as follows:

Z= Softmax(%lé:T)V 2
K

Considering the effect of the high-dimensional noise charac-
teristics of rs-fMRI data on the brain network construction, the
output of the MHSA is nonlinearly encoded by the FF module.
Here, the FF module consists of two convolutional layers,
each with batch normalization and ReLU activation. We use
5 kernels of size 1 for each layer in our experiment. Besides,
inspired by attention scheme [55], a channel fusion strategy is
developed to mitigate the negative impact of noise on global
representation. With the FF module, we can achieve a lower
number of parameters and a higher performance for LCGNet.
The global transformer branch can be applied M times in
each component to fuse the sequential feature information of
the brain network iteratively. The output X{? 2 R* P of its
m-th iteration can be expressed as follows:

Xt = MHSA(LN(Xgt 1) +Xgp * @
Xgt = FF(LNX@) +XgE (m=1; ;M)

In this manner, the sequential features of brain network
obtained by the global transformer branch in three components
reflect the different level feature representation. For example,
the feature in the first component (i.e., E2V) reflects the
changes in feature mapping from local functional connectivity
edges to the level of whole-brain nodes, the second component
(i.e., V2N) characterizes the local and global representation of
the whole brain network, and the final component (i.e., N2T)
reflects temporal dynamic representation of the brain network.

Feature Coupling. In Fig. 1(b), feature coupling is shown
in the alternating process from the CNN branch to the global
transformer branch. The whole feature coupling is divided into
two parts: local-to-global (L2G) and global-to-local (G2L).
Specifically, the L2G coupling serves to feed the local se-
quential feature from the CNN into the global transformer to
enrich the local details of the global transformer branch; the
G2L coupling serves to provide the global representation from
the global transformer branch to the convolutional operation to
enhance the global perception of the CNN branch. In this way,
the features coupled from the CNN and global transformer

branches can convey complementary information on the local
and global properties of dFCNs.

Further, convolution and reshape layers are employed in
feature alignment unit (FAU) to align the features coupled
from the two branches. Specifically, when transferring local
sequence information Xcn, from the CNN branch to the
global transformer branch, the FAU uses downsampling and
reshaping layers to align the channel dimensions and spatial
positions, respectively. This process can be represented as
Xgt = Reshape(Down(Xcnn)). Conversely, when trans-
ferring global information Xg¢ from the global transformer
branch to the CNN branch, the FAU uses reshaping and
upsampling layers to achieve alignment of spatial positions
and channel dimensions. This process can be represented as
Xenn = Up(Reshape(Xgyy)). Here, Down and Up represent
the downsampling and upsampling operations, respectively,
both achieved by convolution operations with a convolution
kernel of size 1. In addition, since both branches of the CNN
and global transformer tend to capture two kinds of features
(i.e., local sequential feature and global representation of the
dFCN), FAU is also a bridge that can eliminate the feature
differences between those two kinds of features in a continuous
coupling process.

We summarize description of local sequential feature cou-
pling global representation learning in Algorithm 1, where
Con denotes the convolution operations.

Algorithm 1 Pseudocode of the Local Sequential Feature
Coupling Global Representation Learning

Input: dFCN G, block size M;
Output: X¢nn;

1: Xenn = G;

2. forp=1;, ;3do

/* CNN branch */
3 Xenn = Conp(Xenn);

4 X = FAU(Xcnn) + EBs;
/* global transformer branch */
5 form=1; ;M do
6: X0 = MHSA(LN(Xg D)+ Xg %
7: X§ = FF(LN(CRGD) + X,
8 end for
9: Xenn = FAU(Xg"t]) + Xenn;
10: end for

11: return Xcnn.

3) Classification: We employ two fully connected layers
(with the number of neurons of 32, 16 in our experiments)
and one softmax layer as the classifier and use ReLU as the
activation function in those fully connected layers and adopt
a dropout with the rate of 0:2.

V. EXPERIMENT
A. Experimental Settings

In this study, we use five-fold cross-validation to conduct
four groups of classification tasks to validate the effectiveness
of the LCGNet. Three of them are binary classification tasks
(ADHD vs. NC, eMCI vs. NC and AD vs. NC classifications)
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TABLE Il
PERFORMANCE OF ALL METHODS IN FOUR GROUPS OF CLASSIFICATION TASKS.
Method ADHD vs. NC (%) eMCI vs. NC (%) AD vs. NC (%) AD vs. IMCI vs. eMCI vs. NC (%)
ACC SEN SPE AUC Fl-score ACC SEN SPE AUC Fl-score ACC SEN SPE AUC Fl-score ACC ACCnc ACCemct ACCimcr ACCAD

Baseline [56] 63.0 56.1 68.6 67.8 62.8 63.6 50.0 75.0 70.0 69.2 75.0 80.0 66.7 86.7 66.7 35.0 22.0 69.5 21.0 6.7
M2FL [32] 75.6 77.2 749 605 77.0 67.7 473 84.7 60.3 74.0 76.1 80.0 741 610 70.8 44,0 36.0 87.6 22.0 0.0
BrainNetCNN [36] 79.7 85.2 75.2 87.2 821 75.9 813 70.4 836 788 80.8 73.3 852 911 733 50.8 46.7 72.3 45.0 22.2
CRNN [57] 85.0 90.0 78.8 923 87.0 845 84.0 848 876 857 92.8 86.7 96.7 90.1 89.6 61.7 65.3 63.3 65.0 46.7
Transformer [19] 83.0 87.0 783 89.9 85.1 829 90.6 74.1 86.2 853 90.8 86.7 92.6 916 86.7 61.1 55.6 719 56.5 66.7
LCGNet (Ours) ~ 90.3 90.0 90.8 947 912  87.8 90.6 852 902 885 953 933 967 965 933 667 556 65.6 73.9 80.0
and one of them is a multi-classification task (AD vs. IMCI
vs. eMCI vs. NC classification). For each classification task, Ne 1L1% B . B ¢ 1%
we divide all subjects into five subsets of approximately equal
size, and select one of the subsets as the test set in order, eMCI| 15.6% [Raugl 31%  11.8% eMCIy 12.4% 0% 0.0%
while the remaining four subsets are used as the training set.
Additionally, 20% of the training set is further selected as IMC1 268% ) 8.7% . mMCry 9.1%  S06% 3%
the validation set in each cross-validation to determine the
optimal parameters of the model. To improve the model’s gen- AD Rl 133% AD CRLL 132%
eralizability, we use all scans of each subject as independent eMCI IMCI  AD eMCI IMCI  AD
samples with the same class label. The average performance
of a specific method on the five test sets is recorded as the
final result. ~e KA 19.9%

We set the number of epochs and batch size to 200 and
16, respectively, and use Adam as the optimizer with a cross- eMCI

entropy loss function in the experiment. For each global
transformer branch in three components (E2V, V2N and N2T),
we set the dimension D to 116, 16, and 32, and the dimension
D, to 116, 16, and 32, respectively. We set the following
values for the other parameters: T = 52=34, L = 70,
N=116,R=2,1 =4, M =3,S; =2,S;, =2, S3 =8,
H; = 51=33, H, = 50=32, H3 = 22=13, C; = 16, C, = 16,
C3 = 32.

B. Methods for Comparison

We compare the LCGNet with two conventional machine
learning methods, namely, Baseline [56] and M2FL [32]. In ad-
dition, we also compare our LCGNet with some popular deep
learning methods, such as BrainNetCNN [36], CRNN [57],
and Transformer [19].

Specifically, the Baseline and the BrainNetCNN methods
construct static FCNs using the entire rs-fMRI data for each
subject based on PCC (i.e., without using sliding time win-
dows). For the Baseline method, we extract the vectorized
local clustering coefficients of all brain regions as features
of the sFCN, and then perform classification using a linear
support vector machine (SVM) with default parameters. For
BrainNetCNN, three convolution filters are designed to mine
the high-level topological features, and then those features
are fed into two fully connected layers for brain disease
classification. Similar to our method, the M2FL, CRNN,
and Transformer treat dynamic FCN (dFCN) as input, as
mentioned in Section 111-B.1. For M?FL, all ROIs’ temporal
and spatial features are extracted from dFCN, followed by
the multi-task method and multi-kernel SVM technique for
feature selection and classification, respectively. For CRNN,
the consecutive convolution layers and an LSTM layer are

IMCI

20.0% 13.3%

AD

NC  eMCI IMCI

AD

Fig. 3. Confusion matrices obtained by six methods in AD vs. IMCI vs.
eMCI vs. NC classification.

defined to capture the temporal features of dFCNs, and then
three fully connected layers are used for classification. For
Transformer, the dFCNs are treated as a sequence of data, and
the cascaded transformer blocks are used to extract spatial-
temporal features for classification. The hyperparameters of
all methods are selected by using cross-validation method.

C. Classification Performance

To evaluate the performance of the model, we use five
quantitative metrics, i.e., accuracy (ACC), sensitivity (SEN),
specificity (SPE), area under receiver operating characteristic
curve (AUC), and F1-score. Table Il gives the obtained results
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in all six methods, with the best results highlighted in bold.
Furthermore, we present the confusion matrices for the multi-
class classification task in Fig. 3.

As shown in Table Il and Fig. 3, the results of our pro-
posed LCGNet method consistently outperform the competing
methods. For instance, our method achieves the following
accuracy for different classification tasks: 90:3% for ADHD
vs. NC, 87:8% for eMCI vs. NC, 95:3% for AD vs. NC, and
66:7% for AD vs. IMCI vs. eMCI vs. NC. In contrast, the
best accuracy of the competing methods is 85:0%, 84:5%,
92:8%, and 61:7% for those classification tasks, respectively.
All these results demonstrate the effectiveness of the proposed
LCGNet method for brain disease classification. Furthermore,
we have several exciting findings from Table Il and Fig. 3.
Firstly, compared to the traditional machine learning methods
(i.e., Baseline and M2FL), the deep learning based methods
(i.e., BrainNetCNN, CRNN, Transformer, and LCGNet) can
achieve better performance, indicating that deep learning based
methods can better characterize the complex interaction in-
formation of brain networks, thus obtain better classification
performance. Secondly, our LCGNet method exhibits higher
sensitivity and specificity than the competing methods. Higher
sensitivity means a low rate of missed diagnoses, which has
significant practical implications for the early detection of
brain diseases and subsequent drug intervention in clinical
diagnosis. Additionally, our LCGNet achieves the best perfor-
mance in terms of AUC and F1-score values, thus explaining
the nice classification performance of the learning classifier.

D. Discriminative Brain Regions

This section identifies the important brain regions involved
in three brain disease classification tasks. Specifically, we
calculate the average feature vectors for each channel in the
first feature coupling over all time periods, resulting in C;
feature vectors for each subject. Then, a standard t-test is
applied to measure the group differences between patient and
NC groups. The occurrence number of each brain region in
all five-fold cross-validation is calculated. We sort them by
how often they appear in the experiment and pick the top
10 as discriminative regions. Fig. 4 shows the brain regions
identified by LCGNet, while the names of these corresponding
ROIs are listed in Table 11I.

From Fig. 4, some important brain regions, such as the
frontal gyrus, cortex and occipital gyrus, agree with those
found in previous studies on ADHD [5], [58], [59]. Notably,
there are nearly half of the abnormal frontal brain regions
for ADHD classification. In fact, lesions in the frontal lobe,
as the site of execution for many inhibitory functions, have
been shown to cause severe changes in personality, prosocial
behavior, and action control [60]. For eMCI vs. NC classifica-
tion, the hippocampal formation plays the roles regarding long
short-term memory and spatial orientation [61]. Usually, the
hippocampus is considered the first area to be damaged by AD.
In addition, the obtained brain regions, including angular gyrus
(ANG) [62], inferior frontal gyrus (opercular) (IFGoperc) [63]
and inferior occipital gyrus (I0G) [64], have been reported in
existing studies. In addition, in the three binary classification

TABLE Il
THE NAMES AND ABBREVIATIONS OF THE TOP 10 DISCRIMINATIVE
ROIs IDENTIFIED BY THE LCGNET FOR ADHD vs. NC, EMCI vs. NC,
AND AD vs. NC GROUPS.

Groups ROI name Abbr.
Middle frontal gyrus right MFG.R
Orbitofrontal cortex (middle) right ORBmid.R
Orbitofrontal cortex (inferior) left ORBInf.L
Middle cingulate gyrus left DCG.L
ParaHippocampal gyrus left PHG.L
ADHD vs. NC Lingual gyrus right LING.R
Superior occipital gyrus left SOG.L
Middle occipital gyrus left MOG.L
Postcentral gyrus left PoCG.L
Left lobule VIII of cerebellar hemisphere CRBLS8.L
Inferior frontal gyrus (opercular) left IFGoperc.L
Rectus gyrus right REC.R
Hippocampus left HIP.L
Inferior occipital gyrus right I0G.R
Angular gyrus left ANG.L
eMCl vs. NC Paracentral lobule left PCL.L
Pallidum left PAL.L
Heshl gyrus left HES.L
Left lobule X of cerebellar hemisphere (flocculus) CRBL10.L
Lobule I, Il of vermis Vermis12
Suplementary motor area left SMA.L
Suplementary motor area right SMAR
Lingual gyrus right LING.R
Inferior occipital gyrus right I0G.R
Superior parietal gyrus left SPG.L
AD vs. NC Superior parietal gyrus right SPG.R
Superior temporal gyrus left STG.L
Superior temporal gyrus right STG.R
Right Lobule 111 of cerebellar hemisphere CRBL3.R
Right lobule VIII of cerebellar hemisphere CRBL8.R

tasks, there contain some cerebellar regions, such as CRBLS.L,
Vermisl2 and CRBL3.R, indicating that the cerebellum may
provide valuable information for brain disease diagnosis.

E. Functional Connectivity Analysis

Furthermore, we investigate the difference of functional
connectivity between selected brain regions in Fig. 4, using
standard t-test. Fig. 5 graphically illustrates the results between
three group pairs (i.e., ADHD vs. NC, eMCI vs. NC, and AD
vs. NC groups). From Fig. 5, we can see several interest-
ing observations. Firstly, compared to the NC group, three
patient groups exhibit significant differences in functional
connectivity, indicating potential abnormalities of functional
connectivity between those brain regions. Secondly, some im-
portant functional connectivity focus on specific regions, such
as MOG.L, IFGoperc.L, IOG.R, SPG.L and CRBL3.R, may
play important roles in revealing information communication
and integration of brain networks. Thirdly, the functional
connectivity within the cerebellum has more minor variations
in three group pairs, while the functional connectivity between
the cerebellum and cerebrum has more significant changes,
indicating that the cerebellum may contain auxiliary infor-
mation for diagnosing brain diseases [65]. Moreover, Fig. 5
shows that AD patients have more widespread changes than
eMCI patients, affecting multiple bilateral areas of the brain
(e.g., SMA, SPG, and STG) [66]. Specifically, eMCI patients
show decreased functional connectivity in the medial temporal
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Fig. 4. Top 10 discriminative brain regions identified by the proposed LCGNet in the tasks of (a) ADHD vs. NC, (b) eMCl vs. NC and (c) AD vs. N

classification. Here, different colors represent different brain regions.

Fig. 5.
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Functional connectivity patterns between the top 10 discriminative brain regions identified by the proposed LCGNet in three tasks. The

brain regions with the same brain lobe are the same color, and the node size indicates the significance of the abnormal functional connectivity
centered on that region. Red and blue edges denote the increased and decreased functional connectivity in patient groups, respectively.

Fig. 6. The discriminative power of learning features of all six methods
for ADHD vs. NC classification.

lobe (hippocampus), ANG, 10G, and IFGoperc with NC. AD
patients show altered functional connectivity in regions linked
to the parietal lobe (SPG), lateral temporal lobe (STG), and
cerebellum (CRBL3.R, CRBL8.R). These results suggest that
changes in functional connectivity of AD start from the early
medial temporal lobe, spread to the temporal and parietal
cortex, and eventually affect other brain regions [67], [68].

F. Discriminative Power of Learned Features

This section investigates the discriminative power of fea-
tures learned by the LCGNet. To do this, we first obtain the
32 features of all training subjects in the first fully connected
layer of the learned model in the first cross-validation. It is
worth noting that these features can be considered local to
global and low-level to high-level features of brain networks.

Fig. 7. The discriminative power of learning features of all six methods
for eMCI vs. NC classification.

For comparison, we extract all subject features learned in the
competing methods, including hand-crafted features used by
the traditional machine learning methods (i.e., Baseline and
MZ?FL), and features learned by the deep learning methods
(i.e., BrainNetCNN, CRNN and Transformer). Specifically,
there are a total of 116 clustering coefficient features in the
Baseline method, 116 spatio-temporal mean features in the
M2FL method, and 32 features in all deep learning methods.
Then, we use the standard t-test to calculate the discriminative
power of these features between three group pairs. Figs. 6-8
report the experimental results.

From Figs. 6-8, we can see that the p-values of features
learned by our method are less than the competing methods,
indicating that coupling local and global sequence features
provides strong discriminative power, thus enhancing the gen-
eralization ability of the learning classifier. These results also
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Fig. 8. The discriminative power of learning features of all six methods
for AD vs. NC classification.
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Fig. 9. Visualization of FCN features from the first fully connected layer
in four deep learning methods (i.e., BrainNetCNN, CRNN, Transformer,
and LCGNet) via UMAP.

indicate that the features learned by LCGNet can be treated as
image-based biomarkers for early diagnosis of brain diseases.

Furthermore, we map the 32 features of the first fully con-
nected layer into 2-dimensional space using uniform manifold
approximation and projection (UMAP) [69] to visualize the
coupling features obtained by the LCGNet. Fig. 9 shows
the results. For comparison, we also give the results of the
other deep-learning methods (i.e., BrainNetCNN, CRNN, and
Transformer). As shown in Fig. 9, the features obtained by
the LCGNet have smaller intra-class distances and larger inter-
class distances than the competing methods, indicating that the
LCGNet method can capture the intrinsic differences between
patients and NC, and thus achieve better performance in brain
disease classification.

V. DiIscussIioN
A. Significance of Results

Brain networks derived from rs-fMRI have been widely
applied to the analysis of brain diseases. Deep learning meth-
ods, such as CNN and transformer, have also been applied

TABLE IV
THE CLASSIFICATION ACCURACY OF THE PROPOSED LCGNET AND
VARIANTS.
Method ADHD vs. NC (%) eMCI vs. NC (%) AD vs. NC (%) AD vs. IMCI vs. eMCI vs. NC (%)
LCGNet-CNN 815 827 90.3 59.4
LCGNet-GT 843 84.7 92.8 635
LCGNet-Single 87.6 86.3 93.3 64.7
LCGNet-Static 81.2 80.9 87.1 58.3
LCGNet (Ours) 90.3 87.8 95.3 66.7

to brain network analysis. However, CNN-based methods are
good at extracting local features but have difficulty in learning
the global representation of brain networks. Transformer-based
methods can capture global features but face challenges in
learning local representations of brain networks. To overcome
this limitation, we present a novel network structure of local
sequential feature coupling global representation for brain
disease classification with rs-fMRI data in this paper. Unlike
existing methods, the proposed method can not only couple
local and global topological information of brain networks,
but also learn hierarchical higher-level interaction information.
Experimental results on two real rs-fMRI datasets demonstrate
that our LCGNet can significantly improve brain disease clas-
sification performance compared with some existing methods.

In addition, our findings also suggest that the brain regions
identified by the LCGNet are associated with the disease
pathology of ADHD and AD. For example, for eMCI and AD
classification tasks, the brain regions, including the hippocam-
pus (HIP), frontal gyrus, parietal gyrus, occipital gyrus, rectus
gyrus (REC), lingual gyrus (LING), and temporal gyrus, have
been reported in previous studies [62]-[64]. Recent related
study [70] also suggests that although the cerebellum may
not be directly associated with the origin of AD, it may still
provide helpful information for the prognosis of AD. Similar
findings are also observed in the ADHD classification task. For
example, studies have found that damage to the cerebellum
can lead to motor disorders, loss of posture maintenance, and
motor learning ability [65]. This helps explain the common
delay in fine motor skills in ADHD.

Further analysis of the connectivity of brain regions demon-
strates that the significantly altered connections of patients
are concentrated on the specific brain regions that are usually
correlated with AD and MCI pathology. Moreover, we also
find that AD patients have sparser functional connectivity
compared to eMCI patients, suggesting, in part, that the
functional brain damage in AD patients persistently worsens
with disease progression.

Finally, the analysis on features (from local to global, and
from low-level to high-level) shows that, compared with the
competing methods, features learned by LCGNet are more
discriminative, indicating that our LCGNet can capture the in-
trinsic differences of brain networks between patients and NC,
thus achieving better performance in disease classification.

B. Effect of Key Components

To further evaluate the contributions of key components
used in the proposed method, we compare LCGNet with its
three variants (i.e., LCGNet-CNN, LCGNet-GT and LCGNet-
Single). For the LCGNet-CNN, we only use CNN branches
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Fig. 10.  Results achieved by the proposed LCGNet method with
different head numbers in four classification tasks.

and remove all global transformer branches of the LCGNet.
Therefore, the feature learning of brain networks can be
understood as the extraction of local sequential features. For
the LCGNet-GT, we rely solely on the global transformer
branch and remove the CNN branches of the LCGNet. The
features learned by the LCGNet-GT characterize the global
dynamics of brain networks. For the LCGNet-Single, we only
remove the global transformer branches in components E2V
and V2N, and use all the other components of the LCGNet.
In other words, we only perform a single coupling step (i.e.,
coupling the local and global information of the extracted
temporal features from dFCNSs). To verify the effectiveness of
MHSA mechanism in dFCNs, we compare the performance
of LCGNet on static brain networks (called LCGNet-Static).
LCGNet-Static is similar to the transformer method, which
uses an edge-to-node feature extraction layer with a convolu-
tion kernel size of (1 116) and a stride of (1, 1), followed
by the global transformer branch. Table IV reports the results.

As shown in Table 1V, LCGNet achieves the best re-
sults, further validating its effectiveness. For example, the
methods with coupling step (i.e., LCGNet, LCGNet-Single)
perform better than the methods using only a single branch
(i.e., LCGNet-CNN and LCGNet-GT). LCGNet significantly
outperforms LCGNet-Static. This indicates that, in dynamic
brain networks, MHSA can more effectively integrate the
spatio-temporal feature information of brain network changes
than the single spatial information of static networks, thereby
improving the model’s effectiveness.

C. Effect of Parameters

Now we investigate the impact of two parameters (i.e., the
number of heads | and blocks M in the global transformer
branch) on the classification performance. Specifically, we
test the values for the parameters I from 1;2;3;4 with the
fixed M = 3. Also, we test the values of M in the set of
1;2;3;4 with the fixed 1 = 4. Figs. 10 and 11 illustrate the
classification accuracies of the proposed LCGNet method with
different parameters. For comparison, in Figs. 10 and 11, we
also show the results of two variants (i.e., LCGNet-Single and
LCGNet-GT) with the corresponding parameters.
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Fig. 11. Results achieved by the proposed LCGNet method with
different block numbers in four classification tasks.

TABLE V
THE CLASSIFICATION ACCURACY OF ALL METHODS USING THE
CRADDOCK [71] FUNCTIONAL PARCELLATION.

Method ADHD vs. NC (%) eMCI vs. NC (%) AD vs. NC (%) AD vs. IMCI vs. eMCI vs. NC (%)
Baseline 60.2 576 714 337
M2FL 69.2 615 727 387
BrainNetCNN 81.0 75.4 818 527
CRNN 85.6 86.2 92.8 62.7
Transformer 832 815 87.3 60.5
LCGNet (Ours) 89.1 89.2 945 66.5

From Figs. 10 and 11, we can see that, for all parameter
values, the LCGNet consistently outperforms its two variants,
further suggesting the efficacy of our method. For example,
the performance of our LCGNet shows an upward trend as the
number of heads increases. This also highlights the structural
advantages of MHSA: MHSA, as a dynamic operation, can
adaptively learn brain network features at different scales
(i.e., node, brain network, and temporal dynamic), and can
parallelly learn multi-view feature representations of brain
networks, greatly enhancing the model’s expressiveness and
flexibility. However, there is a performance drop when the
number of blocks is set to 4. This may be because the current
model can already utilize local and global information to fit
the feature distribution of the data, and increasing the number
of blocks may introduce attention noise, which impairs the
learning of discriminative features.

D. Evaluation of Using Different Functional Parcellations

To further validate the effectiveness of the proposed method,
we conduct experiments using the functional parcellation pro-
posed by the Craddock et al. [71], which divides the brain into
200 ROIs. We follow the same preprocessing steps as the AAL
parcellation, and report the results of six methods in Table V.
This table shows that our LCGNet method achieves better clas-
sification accuracy than the competing methods. This further
indicates that our LCGNet method has good robustness for
different spatial scales of functional parcellation.

E. Analysis of Generalization Capabilities

To access the generalization capabilities of the learned
coupled features, we validate the proposed LCGNet on two
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additional groups of experiments. We first test the performance
of the LCGNet by using ADNI-83, which is downloaded from
the ADNI website (from same site), containing 83 scans of 27
NC, 24 eMCI, and 7 AD subjects. The experimental results
show that LCGNet achieves 86:1% and 93:3% accuracy on the
eMCI vs. NC and AD vs. NC classification tasks, respectively.
We then test the performance of the LCGNet by using Peking
University (PKU)-84, which is downloaded from the ADHD-
200 website (from a different site), containing 84 scans of 23
NC and 19 ADHD subjects. Our LCGNet achieves 69:0%
accuracy on the ADHD vs. NC classification task. These
suggest that LCGNet has good generalization ability.

In addition, we identify top 10 abnormal brain regions
associated with ADHD and eMCI diseases on the two inde-
pendent datasets. For ADHD, we use all the data from the
PKU site (including 388 scans of 116 ADHD and 78 NC
subjects, named PKU); for eMCI, we select the eMCI and
NC data from the ADNI and ADNI-83 datasets (including 395
scans of 74 eMCI and 75 NC subjects, named ADNI_eMCI).
Experimental results show that our method discovers several
brain regions consistent with previous ADHD-200 and ADNI
datasets, such as MFG, ORBiInf, IFGoperc, 10G, and ANG,
etc. These results further validate the good generalization
capability of our LCGNet.

F. Limitations and Future Work

Our current study still has some limitations that need
to be addressed in our future work. One limitation is that
the construction of dFCN is based on a single-scale time
window approach. It is interesting to utilize multi-scale brain
connectivity network construction methods, such as [72], to in-
vestigate changing patterns of functional connectivity further.
Another limitation is that the size of our dataset is relatively
small, a common challenge in medical image analysis. As
future work, we will test the proposed LCGNet on larger
datasets. Besides, clinical information such as mini-mental
state examination (MMSE) scores may be correlated with
brain disease status, and thus, using this information would
help improve the performance of brain disease diagnosis.
It is interesting to use both rs-fMRI and clinical scores at
baseline time as input to predict longitudinal progression of
diseases in the future, which will be our future work. Finally,
CNN methods for brain network feature extraction usually
require careful design. In the future, we intend to adopt more
flexible graph neural network methods to analyze dynamic
brain networks.

VI. CONCLUSION

This paper introduces LCGNet, a novel learning net-
work that integrates convolutional and transformer operations.
Specifically, our approach employs a feature-coupled learning
network to model local-to-global feature dependencies from
dFCN and utilizes feature alignment units to address the issue
of coupled feature dimension inconsistency. Compared with
existing approaches, our LCGNet can leverage the structural
advantages of both CNN and transformer, thus further im-
proving the classification performance of brain disease. The

experimental results from the ADNI and ADHD-200 datasets
not only demonstrate the effectiveness of our method, but also
provide new insights into the underlying pathological func-
tional connectivity changes associated with brain disorders.
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