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Major Depressive Disorder (MDD) is a mental disorder negatively impacting the lives of numerous patients
worldwide. Currently, functional magnetic resonance imaging (fMRI) data are widely used for comput-
er-aided MDD diagnosis. However, fMRI samples exhibit high-dimensional complexity and dynamic depen-
dency, leading to suboptimal classification accuracy in traditional deep learning networks. To address these
challenges, we propose WG-Mamba, a novel Wavelet-enhanced Graph Mamba network with multi-scale
spatiotemporal-spectral fusion architecture, for feature extraction and classification of fMRI data between
MDD patients and healthy controls (HCs). First, the frequency block is designed to decompose fMRI signals
into multi-scale frequency features and filter noise through wavelet transform. Second, the spatial block uti-
lizes a graph neural network with a brain region adjacency matrix to model cross-regional dependencies,
capturing spatial features of the brain network. Third, the temporal block is designed based on Mamba to
extract temporal dynamics. Finally, a dynamic weight mechanism is designed to achieve deep coupling of
multi-scale features. The five-fold cross-validation on the REST-meta-MDD dataset shows WG-Mamba
achieves 83.72% classification accuracy. The model also exhibits strong interpretability by identifying core
brain regions associated with MDD, including the prefrontal cortex, anterior cingulate cortex, and limbic
system, providing novel insights into MDD neurobiological mechanisms.

KEYWORDS: Functional magnetic resonance imaging, Deep learning, Functional connectivity, Mamba,
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1. Introduction

Major depressive disorder (MDD) represents a high-
ly prevalent affective disorder, with core clinical fea-
tures encompassing persistent low mood, impaired
cognitive function, and elevated risk of suicidal be-
havior [23]. Statistics recently released by the World
Health Organization (WHO) indicate that the global
number of individuals affected by depressive disor-
ders has reached approximately 280 million [25].

This psychiatric condition is characterized by chron-
ic low mood and anhedonia, which can contribute
to a wide spectrum of psychological disturbances,
physical comorbidities, and potentially life-threaten-
ing outcomes [22]. At present, the clinical diagnostic
workflow for major depressive disorder mainly de-
pends on two core dimensions: self-reported symptom
descriptions from patients, and subjective assessment
scales administered by psychiatrists. Both of these ap-
proaches lack quantitative biological markers, making
it difficult to precisely capture the aberrant neural ac-
tivity underlying the pathogenesis of the disease [4]. A
key challenge in MDD research and clinical practice is
its pronounced heterogeneity. Patients exhibit diverse
symptom profiles, disease trajectories, and treatment
responses, rooted in distinct neurobiological mecha-
nisms. There is thus a pressing clinical demand to es-
tablish reliable, quantitative approaches for detecting
depressive disorders and exploring their associated
neurobiological markers to serve as supplementary
tools for clinical diagnosis [17].

Currently, a variety of in-vivo neuroimaging modal-
ities have been widely applied as core tools in neu-
rological disorder research, covering structural and
functional magnetic resonance imaging (MRI), scalp
and intracranial electroencephalography (EEG),
magnetoencephalography (MEG) for neural oscilla-
tion mapping, positron emission tomography (PET)
for molecular imaging, as well as diffusion tensor
imaging (DTI) for white matter tract analysis; these
techniques play an indispensable role in routine clin-
ical evaluation, pathological mechanism exploration,
and computer-aided diagnostic decision support [11].

Among in-vivo neuroimaging modalities, blood oxy-
gen level-dependent functional magnetic resonance
imaging (BOLD-fMRI) has been widely adopted to in-
vestigate the pathophysiological mechanisms under-
lying major depressive disorder, primarily owing to
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its three core advantages: no ionizing radiation expo-
sure, superior spatial localization precision, and the
ability to capture whole-brain neural activity patterns
across multiple dimensions [20]. Fang et al. distin-
guished two discrete MDD neural subtypes with en-
tirely divergent functional connectivity profiles using
resting-state functional MRI (rs-fMRI) recordings,
providing key insight into the heterogeneous nature
of depression [8]. These findings confirm that fMRI
has deepened the understanding of the pathogenesis
of MDD and established a new diagnostic foundation.

Driven by the rapid development of artificial intel-
ligence techniques, especially the widespread ap-
plication of deep learning (DL) architectures, the
interdisciplinary fusion of data-driven algorithmic
models and resting-state fMRI neuroimaging data-
sets has introduced an innovative research frame-
work to address the shortcomings of conventional
neuroimaging analysis pipelines, and to support the
identification of individualized neurobiological bio-
markers for major depressive disorder [21]. Many
studies have employed conventional ML methods
such as support vector machines (SVM) and logistic
regression (LR) for classification [32]. Zhang et al.
utilized SVM to distinguish between subclinical de-
pression, MDD, and healthy controls (HCs), achiev-
ing a classification accuracy of approximately 77.6%
[35]. Yamashita et al. developed a logistic regression
algorithm for classifying MDD from HCs, with a
classification accuracy of about 70% [28].

Nevertheless, conventional machine learning frame-
works rely heavily on the quality of handcrafted fea-
ture extraction performed during the preprocessing
step, and present inherent constraints when it comes
to modeling the topological organizational patterns
and temporal dynamic characteristics of brain net-
works. Deep learning methods, capable of capturing
higher-order nonlinear features, are increasingly
being applied in psychiatric classification. Wei et al.
adopted a 3D deep CNN to co-train heterogeneous
features obtained from rs-fMRI and sMRI scans, at-
taining a classification accuracy of 69.38% in MDD
patient identification tasks [24]. Dai et al. applied a
Transformer encoder framework to extract function-
al coupling features from large multi-center rs-fMRI
cohorts, obtaining an average classification accuracy
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of 78.11% for MDD versus healthy control identifica-
tion [5]. In practice, given the complexity of brain net-
work topology, graph convolutional neural network
(GCN) models may be more suitable than deep learn-
ing architectures such as CNNs for processing fMRI
data reflecting human brain functional information
[26]. Dai et al. proposed a novel feature extraction
method incorporating dynamic temporal informa-
tion, capturing functional connectivity (FC) at spe-
cific time points by calculating Pearson correlation
coefficients between brain region sequences across
time points. These features were then imported into a
GCN to carry out MDD classification, attaining 75.8%
classification accuracy and effectively pinpointing
depression-related brain regions [6].

The remarkable performance of deep learning
stems from its ability to extract effective represen-
tations from data, thereby supporting predictive
modeling tasks [13]. Blood oxygen level-dependent
(BOLD) signals captured by fMRI are inherently
time-series containing multi-frequency band neu-
ral rhythm information, encompassing multi-scale
dynamic information ranging from fast transient
neural activities to slow fluctuating brain network
states. However, the aforementioned deep learning
methods primarily extract features from the spatial
domain of the brain. This focus may limit their ca-
pacity to capture temporal dynamics of interregion-
al interactions. Recurrent neural networks (RNNs)
are suitable for time-series feature extraction, but
their inherent gradient vanishing/explosion prob-
lem makes it difficult to model long-term temporal
dependencies, often leading to loss of critical ear-
ly-stage brain activity features [31]. Although Trans-
former-based models achieve efficient modeling of
global temporal relationships through self-attention
mechanisms, their self-attention operations exhib-
it quadratic-time complexity with sequence length,
resulting in high computational costs [33]. In re-
cent years, modern structured state-space models
(SSMs) [9], such as Mamba [10], have emerged as ef-
ficient long-sequence modeling methods with linear
complexity, providing novel approaches for model-
ing both local and global dependencies [19].

In this paper,we propose a novel multi-scale spatio-
temporal-spectral fusion architecture, the WG-Mam-
ba network, for feature extraction and classification
of fMRI data from patients with MDD and HCs. Spe-
cifically, considering the non-stationary character-
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istics of fMRI signals, the framework is designed as
follows: First, a frequency block is implemented to
decompose fMRI signals into multi-scale frequency
features and filter noise through wavelet transform,
while simultaneously extracting dynamic fluctuation
features across different frequency bands of fMRI
signals without compromising temporal localization
accuracy. Second, a spatial block is designed to model
cross-regional dependencies of each frequency com-
ponent using a graph neural network with a brain re-
gion adjacency matrix, capturing spatial features of
the brain network. Third, an inverse DWT is applied
to reconstruct time series from the fused frequency
components, forming a temporal block that modifies
Mamba to extract temporal dynamic features. Finally,
the architecture deeply integrates multi-scale spatio-
temporal and frequency features to generate a com-
prehensive representation of brain activity.

2. Dataset and Preprocessing
2.1. Dataset Description

In this study, the fMRI data were sourced from the
publicly available multicenter dataset REST-meta-
MDD ( http://rfmri.org/REST-meta-MDD). This
datasetwas jointly constructed by the research team
led by Yan Chaogan from the Institute of Psycholo-
gy, Chinese Academy of Sciences, in collaboration
with 25 depression research teams from 17 institu-
tions across China. All data collection and prepro-
cessing followed a unified standardized protocol,
and the multicenter data integration was complet-
ed after rigorous quality control [29]. The REST-
meta-MDD dataset includes 1,300 patients with
MDD and 1,128 demographically matched healthy
controls, making it the largest publicly available
resting-state functional imaging dataset for depres-
sion worldwide. It contains complete demographic
information, clinical assessment data, and imaging
data, and is open for global researchers to access
and share. Detailed information on enrolment cri-
teria and data formats can be found in the supple-
mentary documentation on the official website. To
minimize the interference of multicenter scanning
parameter heterogeneity on model generalization
performance, this study analyzed data from a sin-
gle-center site designated as S20, which included
533 valid samples: 282 clinically diagnosed MDD
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patients and 251 healthy controls. There were no
statistically significant differences in age or gender
distribution between the two groups.

2.2. Preprocessing

In this study, all resting-state fMRI data preprocess-
ing was performed using the DPARSF toolkit, with
the official access address being http://www.rfmri.
org/DPARSF [30]. The preprocessing steps included:
(1) Exclusion of the first 10 time points in each partic-
ipant’s rs-fMRI sequence acquisition phase to elim-
inate signal drift interference caused by incomplete
stabilization of the magnetic field gradient during the
scan initiation phase. (2) Application of time slice
correction and six-parameter (rigid) linear trans-
formation for image realignment. (3) Rigid co-regis-
tration of individual T1-weighted structural images
with the corresponding average functional images of
the participants using a 6-degree-of-freedom linear
transformation, without resampling during registra-
tion to preserve spatial resolution information of the
original images to the greatest extent. (4) Division
of brain tissue into gray matter (GM), white matter
(WM), and cerebrospinal fluid (CSF) based on the
registered T1-weighted structural images using an
automatic segmentation algorithm. (5) Standardiza-
tion of all images to the Montreal Neurological In-
stitute (MNI) space. (6) Regression of head motion
artifacts using the Friston 24-parameter head motion
model, while simultaneously regressing white matter,
CSF signals, and linear drift terms to further reduce
interference from non-neural activity signals. (7) Fil-
tering of all time series data using a time bandpass
filter (0.01- 0.1 Hz). The frequency range was select-
ed because it aligns with the typical slow oscillatory
patterns of spontaneous brain activity that have been
widely validated in fMRI studies.

2.3. Brain Functional Connectivity
Construction

The construction of functional connectivity matrices
is implemented in three sequential steps, including re-
gion of interest (ROI) parcellation, BOLD time series
extraction, and functional connectivity calculation.

1 ROI Parcellation

Subsequent to the completion of rs-fMRI data
preprocessing, the 3D whole-brain volume is par-
cellated into discrete regions of interest via stan-
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dardized anatomical/functional atlas templates,
a widely adopted approach for reducing data di-
mensionality in neuroimaging analysis. The at-
las-based parcellation framework maps each in-
dividual voxel in the brain volume to a predefined
ROI based on established anatomical boundaries
or functional coherence patterns, following which
the average BOLD signal of all voxels within each
ROI is computed to generate region-level feature
representations. This parcellation procedure con-
verts high-dimensional voxel-wise features into
macroscopic ROI-level features, which not only
reduces computational complexity in subsequent
analysis but also significantly improves the neuro-
biological interpretability of derived results. Wide-
ly used parcellation templates in resting-state
fMRI studies include the Automated Anatomical
Labeling (AAL) atlas, Craddock functional atlas,
Harvard Oxford (HO) anatomical atlas, and POW-
ER functional connectivity atlas [3]. In this work,
the POWER functional atlas is employed for brain
parcellation, which partitions the entire brain into
264 functionally homogeneous ROIs covering cor-
tical, subcortical, and cerebellar regions.

2 Time Series Extraction

The fMRI data is a four-dimensional data, which
is composed of three-dimensional brain image
information and one-dimensional time informa-
tion. The extraction of time series is to convert
four-dimensional data into two-dimensional NxT
matrix M. Where, N is the number of brain re-
gions, T is the time, and Mij is the characteristic
value of brain region i at time j. Thwerefore, fMRI
data can be converted into time series data of each
brainregion. The schematic diagram of extracting
time series is shown in Figure 1.

Figure 1
The extraction of time series.
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3 functional connectivity

Quantification of inter-regional functional cou-
pling in resting-state fMRI analysis relies on
three mainstream correlation metrics: Pearson’s
correlation coefficient, partial correlation coef-
ficient, and wavelet correlation coefficient, each
with distinct applicability scenarios. For this
study, Pearson’s correlation coefficient is adopt-
ed for functional connectivity estimation, as it
demonstrates superior stability for low-sam-
pling-rate rs-fMRI data and is the most extensive-
ly validated metric for capturing linear temporal
dependencies between blood oxygen level-depen-
dent signal sequences of paired brain regions. The
mathematical expression for calculating the pair-
wise Pearson’s correlation coefficient is given as:

Zrl (xlt X )(x/t )C])

\/zf1 (D) Y, ()

Py =corr(X;,X;) @

In the above formula, x,, X; refer to the time series of
the i-th and j-th ROI respectively, x; and X, represent
the time series mean of the i-th and j-th ROI respec-
tively. p; is the correlation coefficient between two
ROIs,witharange of -1< py<L. If p,;is positive, it indi-
cates a positive correlation between the signal inten-
sities of the two ROIs over time, suggesting functional
synergy. If p; is negative, it indicates functional antag-
onism between the two ROIs, with a stronger correla-
tion as the absolute value increases. When Pi= 0, it
can be concluded that there is no correlation between
the signal intensities of the two ROIs over time. After
p;is computed, each value is converted to its absolute
value to focus on connection strength rather than di-
rectional functional relationships. This yields a cor-
relation coefficient matrix, where each row or column
represents the sequence of Pearson correlation coef-
ficients between a specific ROI and all other ROIs.

3. Methods

3.1. Preliminaries

As arepresentative state space model (SSM), Mam-
ba excels at modeling long-range dependencies in
sequential data, outperforming traditional recurrent
neural networks and Transformers in both efficien-
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cy and accuracy [27]. Mamba2 recently proposed
the concept of State Space Duality (SSD), simpli-
fying matrix A into a scalar form [7]. Mamba?2 is an
advanced Structured State Space Model (SSM) spe-
cifically designed for efficient long-sequence model-
ing. Mamba? operates using a structured state space
representation. This special case of selective state
space models (SSMs) is applicable to both linear and
quadratic scenarios. Without loss of generality, the
matrix transformation form of the selective state
space model can be expressed as.

t
Y=Y Cldgy Bt ®
-1

t
At:i:l_[AiJ ®
i=2

where ¢ €{1,...T} represents the current time step,
and 4, B,, CI are dynamically updated parameterized
matrices.

3.2. Architecture Overview

The overall architecture of WG-Mamba is illustrat-
ed in Figure 2. WG-Mamba primarily consists of a
frequency block layer (wavelet transform), a spa-
tial layer (graph neural network), a temporal layer
(Mamba), a dynamic fusion layer and a classifier
layer. The fMRI data used in this study were sourced
from the REST-meta-MDD dataset. For each sub-
ject, we utilized preprocessed fMRI data to extract
blood oxygen level-dependent signal sequences cor-
responding to regions of interest based on a brain at-
las template. Functional connectivity matrices were
constructed through pairwise Pearson correlation
analysis of time series, serving as adjacency matri-
ces for brain region maps to characterize functional
associations between brain regions. The fMRI time
series were first processed through the frequency
block layer, decomposed into different frequen-
cy components to achieve hierarchical capture of
multi-scale brain activity features. Local frequen-
cy patterns were extracted from each scale feature
via 1D-CNN, which was then input into the spatial
layer along with the functional connectivity matrix
to effectively model spatial dependencies between
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Figure 2
The overall architecture.
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brain regions and output refined spatial features of
the brain network. Multi-scale frequency features
incorporating spatial information were transformed
and reconstructed into time-series data that retains
spatial context. These sequences were input into the
temporal layer to capture long-range temporal de-
pendencies and extract temporal features, followed
by fusion of spatial and temporal features. Ultimate-
ly, these aggregated multi-scale features were fed
into the classifier to complete the prediction task.

3.3. Frequency Block

The Frequency Block serves as the core multi-scale
feature extraction module in the WG-Mamba archi-
tecture. By decomposing raw BOLD signals into dis-
tinct frequency components, this module overcomes

Temporal Block

Dynamic fusion
Classifier

Linear Linear

the limitation of traditional single-band analysis
in distinguishing temporal scales of brain activity.
A two-level discrete wavelet transform (DWT) is
employed to decompose fMRI time series into fre-
quency bands, aiming to capture hierarchical brain
activity features ranging from short-term signal
bursts and dynamic fluctuations to rapid neural os-
cillations. We utilize the Daubechies-2 (db2) wave-
let, which is a tight-branch orthogonal wavelet with
two vanishing moments. Its corresponding low-
pass filter achieves smooth fitting of local quadratic
trends, while the high-pass filter precisely extracts
first-and second-order abrupt change features of the
signal. These characteristics are highly compatible
with the coexisting slow-wave activity, transient re-
sponses, and nonlinear fluctuations in BOLD time
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series [34]. In MDD fMRI signal analysis, the db2
wavelet has been demonstrated to exhibit higher
matching with the time-domain morphology of the
hemodynamic response function (HRF) [18]. Giv-
en the original fMRI time series X=[x,,x,,....x;]ER’,
the DWT decomposes the BOLD signal into i-level
high-frequency detail coefficients ¢D, and i-level
low-frequency approximation coefficients c4, at lev-
el L using orthogonal high-pass and low-pass filters
Jrow and f,., Wwhere X is c4,. To enhance the discrim-
inative power of frequency features, a one-dimen-
sional convolution layer with kernel size 1 is applied
to encode the high-frequency and low-frequency de-
tail coefficients into hidden statesX,m and X,,,7 respec-
tively. Adaptive average pooling is then employed to
unify features of different scales into the same di-
mension. The calculation formula for the Frequency
Block is as follows:

N

cA [K1= ) ey [n] o [2kn] @
n=0
N

DK=Y eA iy [n] fyigh [2k—n] ©)
n=0

where N denotes the filter length, f,, andf,, are the
low-pass and high-pass filter coefficients of the db2
wavelet, k represents the filter scale parameter for

signal transformation, and n ranges from 1 to N/2.

We decompose the depth limit to L=2, where the
first layer (Level-1) captures short-term signal
bursts and dynamic fluctuations, while the second
layer (Level-2) isolates low-frequency oscillatory
components that organize predictable functional
networks. This is because each additional layer in
wavelet transformation reduces temporal resolu-
tion by half while doubling frequency resolution.
Excessive layers would lead to signal over-smooth-
ing, causing transient physiological activity to be
lost and failing to capture dynamic connectivity
changes in the brain. Typically, only a few key fre-
quency bands are of interest, making a two-layer
decomposition sufficient.

A two-level discrete wavelet transformation using
the db2 wavelet is applied to decompose the original
fMRI time series into three frequency subbands, in-
cluding the Level-1 detail component (cD,) that cap-
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tures high-frequency signal bursts and rapid neural
fluctuations, the Level-2 detail component (cD,) that
captures medium-frequency oscillatory patterns,
and the Level-2 approximation component (cA,)
that isolates low-frequency baseline brain activity.

Inverse discrete wavelet transform (IDWT) is then
applied to suppress high-frequency noise in fMRI
time series.

Di[K], if D [K]|2A

c
cDilk] _{ 0, otherwise ©

XiF :IDWT(CA 2,CD1 ,CDz) s (7)

where 1 denotes the threshold value for adaptive
thresholding of high-frequency.

X, €R"™" denotes the frequency-domain feature
vector of the i-th ROI, reconstructed via inverse
discrete wavelet transform from the raw frequen-
cy coefficients. Concatenating across all 264 ROIs
yields, X,=[X, X p s Xo6 | ER?T, and X, €R*4T is
reshaped.

3.4. Spatial Block

The brain network carries topological information,
and graph neural networks exhibit significant ad-
vantages in processing such node-edge connection
data. This design employs graph neural networks to
model spatial dependencies between brain regions
at the network level. The spatial block primarily
consists of ROI graph convolutional layers, normal-
ization layers (PairNorm), pooling layers (SAGPool-
ing), and spatial fusion. First, each subject is trans-
formed into an undirected graph G,=(V,E), where V'
represents the fMRI frequency coefficient feature
data of ROI extracted by the Frequency Block lay-
er, and E represents the edge weights reflecting the
connection relationships between nodes, which are
calculated using the Pearson correlation coefficient
p;mentioned earlier. The resulting adjacency matrix
A is as follows:

|pl.j| , if v; and v; are adjacent,
A= 1, ifi=], ®
0, otherwise
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The edge weights between nodes represent their
Pearson correlation coefficient values. The adjacen-
cy matrix 4, g, where n=264.

For each subband, a 1D convolutional layer with
kernel size 1 expands the feature dimension from
1 to C (C=16) channels. After ReLU activation, di-
mension permutation is performed to transpose the
channel and temporal axes, enabling AdaptiveAvg-
Pool1D to operate along the channel dimension. The
pooled features are then permuted back to yield a
single-channel temporal representation. The pro-
posed method ensures that the temporal dimension
remains unchanged for each subband, while simul-
taneously achieving feature compression and ex-
traction of critical information.

Xy =AdaptiveAvgPool ID(ReLU(Convid(c D;))) ()
Xp=AdaptiveAvgPoolID(ReLU(Convld(cA;))) (10)

XG:[X[ﬁ’Xhﬁ]u a1

where X, is formed by concatenating the coefficients
of each subband along the temporal dimension.The
calculation formulas for the graph convolutional lay-
er and the graph normalization layer are as follows:

XE'=o(GON(X A =o(Dy gDy X5 L) 2)

Xgl '=Norm(X 151) , (13)

where G is the input graph, W/ denotes the learnable
weight matrix, 4 =4+ is the adjacency matrix with
added self-loops, D, is the degree matrix, ;%4 D"
represents the normalized Laplacian matrix, o is the
activation function, and X/ and X" respectively de-
note the feature representations learned at the /-th
and (/+1)-th layers.

Research indicates thatin certain scenarios, the clas-
sification performance of Graph Neural Networks
may not improve with increasing layers, but could in-
stead experience a significant decline. This phenom-
enon is attributed to the over-smoothing problem in-
herent in GNNs. The node normalization layer in our
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model prevents all node embeddings from converg-
ing toward similar directions by standardizing node
data. This approach effectively mitigates overfitting
while addressing the over-smoothing issue, thereby
enhancing the robustness of GNNs.

First, perform centralization processing on the fea-
tures of each node to obtain:

n

-+l 1 1 1
By =hit == n a4
i=1

Assuming the scaling factor is s, then scale 4/ to
obtain:

—l+1
=/+1 .

hi :S'(l—).

1 —I+1
Vo Xl I,

Replace the term X||;""!||, in the above formula with
nZ||h;"!||, to obtain PairNorm in the scaling individ-
ually (SI) mode. Therefore, the above formula can be
rewritten as:

(15

—I+1
=l+17 hi
hi —S‘(T). (16)
Vi I,

A self-attention guided graph pooling module is pro-
posed to extract discriminative node features and
filter functionally relevant key nodes. Core nodes
associated with abnormal connectivity patterns are
retained via hierarchical node pooling layers, while
the graph structure size is reduced and network pa-
rameters are minimized simultaneously to mitigate
overfitting risks. High-level semantic information
of the brain functional network is effectively encod-
ed in the node representations generated from the
coarsened graph structure.

For the node feature matrix X} of the current layer,
the self-attention score matrix S} is computed via
graph convolution operation, based on which a top-k
node selection strategy is implemented to preserve
a subset of informative nodes from the brain func-
tional graph, with k denoting the predefined num-
ber of nodes for constructing the coarsened graph.



Information Technology and Control

During the node selection process, nodes are ranked
according to the indices idx corresponding to the top
k values in S/. The tanh activation function is then
applied to these top k elements in S/ to derive the
normalized self-attention scores s of the retained
nodes. The pooled node feature matrix X/ is ob-
tained by performing element-wise multiplication
between the indexed features of the retained nodes
and s. Correspondingly, rows and columns matching
the indices idx are extracted from the original adja-
cency matrix 45! to generate the adjacency matrix
A4 for the coarsened graph.

SL=GCN(XL,A,) a7
s=tanh(Sé) (18)
idx;=TOP(s) (19)
Xéﬂ :‘Xildxl S (20)
AIGH :Azl‘dxl,idxl, (D

where the X/"'eR¥1*T, The time series of the corre-
sponding K ROIs X} are extracted from the X, time
series based on the K ROI brain region indices.

The Spatial Fusion Layer is designed to effectively
integrate temporal dynamics and spatial domain in-
formation.

Xio = cat (X5, XET). 22)

The final output signal of the spatial block is X

rec*

3.4. Temporal Block

The temporal block serves as the core temporal fea-
ture extraction module in the WG-Mamba architec-
ture. It employs a Selective State Space Model (S4)
integrated with Gate-Locked Linear Unit (GLU) to
capture long-range dependencies from fMRI time
series. This module takes the spatially enhanced
temporal data output by the spatial block as input,
efficiently modeling the dynamic evolution of brain
activity to extract temporal features across the full
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sampling duration, capturing dynamic functional
connectivity patterns from short-term signal fluctu-
ations to sustained network states within the fMRI
scanning session.

This provides critical temporal dimension informa-
tion for final classification tasks. The underlying lay-
er of the temporal block is the Conv-SSD layer, which
captures temporal dependencies. The core module
Mamba?2 in this layer incorporates 1D convolutional
layers (1D-CNN), LayerNorm, and residual connec-
tions to enhance stability and performance during
training. First, a 1D convolutional layer with kernel
size 1 encodes the initial fMRI time series X, into
a hidden state X, Next, within the Mamba archi-
tecture, this module scans the entire X, sequence to
capture style features. Finally, the Conv-SSD layer
outputs result through residual connections with
the spatial block output. The computational formu-
las for each layer of the temporal block are as follows:

Xy=Convld(X,,.) (23)

Xp=SSD(X)1,4,B,C,A)+X,. (29)

3.5. Dynamic Fusion Layer

The dynamic weight mechanism operates on the
outputs of the spatial block and temporal block.
Rather than treating these features equally, we com-
pute adaptive fusion weights through a lightweight
attention mechanism:

W =c(W-GAP(X,..)bs) (25)

W=a(W-GAP(Xg)+b,), 26)

where GAP(.) denotes global average pooling. a(.) is
the sigmoid function. The normalized weights are
obtained via softmax:

C ep(y)
U exp(W, ) rexp(,)

(D)

L ewW)
“exp(W )+ exp(W,)

(28)
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The fused feature is then computed as:

Y=oy X, t0, X (29)

3.6. Classification Layer

The feature vector z serves as the input to the fully
connected layer, which is the residual output con-
catenated from the temporal block and spatial block.
The fully connected layer translates features to a for-
mat usable for the cross entropy loss function to eval-
uate classification performance. The loss of function
of WG-Mamba model is defined as in equation:

Loss=Min( ZCrossEntropy(yj,z_ DTH(z) (30)
J

z;=SoftMax(W- f (x;)+b) (31

H(z)=22,»log z;). (32)

Among them, (x,))) is a labeled sample in the fmri
data, and the function f(xj) is the feature vector ex-
tracted by the WG-Mamba model. The parameter z;
is the prediction, and the model parameter W and b
can be trained on the small samples data set. H(z) is
aregularization.

The WG-Mamba model and its classification accu-
racy and error are generated by multiple rounds of
computer iterative calculation.

4. Experiment and Result Discussion
4 1. Training Setup

In this study, a stratified 5-fold cross-validation
strategy was adopted to rigorously assess the gener-
alization performance of the proposed algorithm.

The experiment used the following hardware: Intel
i9-14900K CPU, NVIDIA RTX 4090 GPU with 24GB
VRAM, running on a 64-bit Linux operating system.

The training phase parameters were set as follows:
an initial learning rate of 0.0001, dropout regulariza-
tion rate to 0.5, weight decay coefficient 0.000001,
graph pooling ratio 0.3. The optimizer was Adam,
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batch size is set to 4. The training process is sched-
uled for a maximum of 100 epochs, with early stop-
ping enabled to prevent overfitting if the validation
loss plateaus for 10 consecutive epochs.

4.2. Statistical Metrics

To quantitatively evaluate the classification perfor-
mance of the proposed model, accuracy (ACC), preci-
sion, recall, and F1-score were selected as core eval-
uation metrics, which are commonly used in medical
imaging diagnostic tasks to comprehensively assess
model effectiveness from different dimensions.

For the binary classification scenario of major de-
pressive disorder diagnosis, where MDD subjects are
defined as the positive category and healthy partici-
pants as the negative group, four core entries in the
confusion matrix are specified as follows: True Pos-
itive (TP) corresponds to the count of MDD partici-
pant samples accurately assigned to the MDD group,
False Positive (FP) describes healthy control samples
incorrectly labeled as having MDD, False Negative
(FN) refers to MDD patient samples wrongly catego-
rized into the healthy control cohort, and True Nega-
tive (TN) represents the count of healthy participant
samples correctly identified as non-MDD cases.

The calculation formulas of each evaluation metric
are defined as follows:

| _ TPHIN -
M P TN+ FPTFN .

P
TP+FP

Precision= (34)

TP
TP+FN

Recall=

PrecisionxRecall

F1=2 (36)

X—m
Precision+Recall

Accuracy represents the ratio of correctly predicted
instances within the full evaluation sample set. Preci-
sion metric measures the ratio of accurately identified
positive cases to all samples predicted to belong to the
positive category. Recall is the proportion of positive
samples in the dataset that are correctly predicted.
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The Fl-score is computed as the harmonic average of
precision and recall metrics. In general, higher pre-
cision and recall values are preferable, yet the two
metrics often show a trade-off in practical scenarios.
Therefore, the F1 score was introduced as a compre-
hensive metric to balance precision and recall.

4.3. Classification of fMRI Data

The training process of the WG-Mamba architecture
was monitored across all 5 cross-validation folds,
with early stopping enabled to prevent overfitting.
The model demonstrated stable convergence, with
classification accuracy and cross-entropy loss sta-
bilizing within a 0.015 interval after the 62nd epoch,
and no significant overfitting was observed. The tem-
poral dynamics of average training accuracy and aver-
age loss function values across the five cross-valida-
tion folds are visualized in Figures 3-4, respectively.

On the held-out test partition from the REST-me-
ta-MDD S20 scanning site, our presented architec-
ture reached a mean peak classification accuracy
of 83.72% across all cross-validation folds, demon-
strating its robust discriminative performance in
identifying aberrant brain functional patterns cor-
related with major depressive disorder.

To rigorously verify the performance advantages
and generalizability of our presented WG-Mamba
architecture, we constructed a multi-group bench-
mark evaluation workflow, with all tests uniformly
executed on the public REST-meta-MDD dataset to
rule out performance deviations caused by inconsis-

Figure 3
The model training accuracy.
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tent data sources.A unified preprocessing pipeline,
evaluation protocol, and experimental environment
are adopted across all baseline methods and the pro-
posed framework:

The conventional machine learning baseline SVM
was implemented using the Scikit-learn (version
1.3.0) toolbox, with hyperparameters tuned through
stratified 5-fold cross-validation conducted on the
training partition, covering kernel function selec-
tion (linear/RBF) and regularization parameter ad-
justment (C € {0.01, 0.1, 1, 10}).

Graph neural network baselines, including GCN and
GAT, were constructed using the PyTorch Geometric
(version 2.3.1) library, with their network structures
and hyperparameters strictly consistent with the set-
tings in their original publications to ensure baseline
performance reaches the published level (Table 1).

4.4, Ablation Experiment

We conduct ablation studies on the held-out test
partition to validate the performance gains brought
by each component of the proposed framework and
associated technical designs. The WG-Mamba is
mainly composed of the frequency block(wave-
let-based) and the temporal block(conv-ssd-based),
spatial block (GCN-based). For the ablation trials,
model performance was evaluated using five key
metrics: accuracy (ACC), sensitivity (SEN), speci-
ficity (SPE), area under the receiver operating char-
acteristic curve (AUROC), and area under the preci-
sion-recall curve (AUPRC).

Figure 4
The Loss function value.
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Comparison results with baselines.

2026/2/55

Precision Recall F1
0.589+0.038 0.695+0.051 0.638+0.045
0.5981+0.041 0.6995+0.048 0.645+0.039
0.602+0.036 0.779+0.041 0.678+0.036
0.7062+0.031 0.6796+0.034 -
0.750+0.027 0.667+0.039 0.703+0.033
0.7129+0.029 0.8889+0.022 0.7912+0.025
0.819+0.021 0.797+0.024 0.793+0.022
0.7325+0.025 0.7843+0.023 0.7578+0.021
0.8345+0.011 0.8768+0.010 0.8492+0.012

SPE AUROC AUPRC
0.802+0.013 0.885+0.009 0.852+0.011
0.7298+0.022 0.8128+0.016 0.7798+0.019
0.7468+0.02 0.8298+0.015 0.7968+0.018
0.7628+0.019 0.8458+0.013 0.8128+0.016
0.7731+£0.016 0.8631+£0.011 0.8315+0.013

Method Samples Accuracy
SVM 533 0.581+0.042
GCN 533 0.6921+0.035
GAT 533 0.705+0.032
MSC-Mamba [15] 1642 0.6991+0.028
BrainGNN [16] 615 0.709+0.030
MAF-GNN [2] 533 0.7580+0.026
MFGCN [17] 533 0.776+0.023
MSSTAN [14] 533 0.8001+0.019
This Paper 533 0.8372+0.012
Table 2
Ablation experiments.
Ablation settings ACC SEN
This Paper 0.8372+0.012 0.8650+0.01
w/o Frequency block 0.765+0.021 0.7928+0.018
w/o Temporal block 0.782+0.019 0.8098+0.017
w/o Spatial block 0.798+0.017 0.8258+0.015
w/o Dynamic Layer 0.8111+0.014 0.8422+0.012

Predictive performance of all candidate baseline ap-
proaches is evaluated via stratified 5-fold cross-valida-
tion across the entire dataset partition, and quantita-
tive comparison outcomes are summarized in Table 2.

As presented in Table 2, the ablation experimen-
tal results demonstrate that the integration of the
WG-Mamba module yields the most substantial
improvement in classification performance, while
the incorporation of the wavelet-based frequency
block not only accelerates the training convergence
speed by reducing redundant high-frequency noise
components in raw BOLD signals, but also further
enhances the model’s discriminative capability for
subtle abnormal brain activity patterns. The final
optimized configuration of the proposed WG-Mam-
ba framework consists of the full combination of
the GCN-based spatial block, conv-SSD temporal
block, and wavelet frequency block, with dynamic

weight fusion applied across multi-scale features.
The proposed framework achieved optimal classifi-
cation performance on the held-out test set, with an
accuracy of 83.72%, a sensitivity of 86.50%, a speci-
ficity of 80.2%, an AUROC of 88.5%, and an AUPRC
of 85.2%, outperforming most existing end-to-end
deep learning methods for resting-state fMRI-based
major depressive disorder identification.

All ablation experiment results consistently
demonstrate that each core module of the proposed
WG-Mamba framework contributes significantly to
the performance improvement, and the multi-scale
spatiotemporal-spectral fusion design is reasonable
and effective.

4.5. Analysis of Relevant Brain Regions

This section primarily analyzes brain regions associ-
ated with depression. The parameter weights of each
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Region of Interest in the brain regions output by the
self-attention pooling layer in the WG-Mamba mod-
ule are crucial for generating discriminative features.

First, fMRI data covering all regions of interest were
fed into the WG-Mamba model for forward propaga-
tion. Second, spatial features of the fMRI data were
extracted at the spatial level using a graph neural
network. Hierarchical graph dimensionality reduc-
tion was achieved through self-attention TopK pool-
ing operations, which compress the graph structure
while selecting K key nodes and retaining informa-
tion from these critical nodes. These K nodes also
play a significant role in depression classification. In
this study, the value of K was set to 10. Finally, after
multiple iterations of model computation, the top
10 most important brain regions after TopK pooling
were statistically analyzed, and the 10 regions with
the highest frequency of occurrence were select-
ed as biomarkers. The top 10 ROIs with the highest
average node pooling scores were numbered as 20
8,201,175,206,92,88,89,105,110, and 6. These brain
regions correspond to the left ventral lateral pre-
frontal cortex (VIPFC), left dorsal lateral prefron-
tal cortex (DLPFC), right dorsal lateral prefrontal
cortex (DLPFC), ventral anterior cingulate cortex/
medial geniculate cortex (sgACC), medial prefrontal
cortex/frontal pole (mPFC/FP), posterior cingulate
cortex (PCC), precuneus, Superior Frontal Gyrus,
Medial Prefrontal Cortex, and left parahippocampal
gyrus. The distribution of these ROIs in the brain is
shown in Figure 5.

The study results indicate that the highest-ranked
prefrontal cortex, anterior cingulate cortex, and lim-

Figure 5
Tllustration of public relevant brain regions.
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bic system regions exhibit significant correlations
with MDD. The prefrontal cortex, primarily com-
posed of the dorsolateral prefrontal cortex (DLP-
FC) and ventral lateral prefrontal cortex (VIPFC),
is responsible for higher-order cognitive control,
emotional regulation, and reward processing. Func-
tional abnormalities in this region directly mediate
anhedonia, decision-making impairments, and cog-
nitive reappraisal deficits in MDD [1]. The anterior
cingulate cortex serves as a critical hub for emotion-
al and cognitive integration, with hyperactivation
of the superior geniculate nucleus (sgACC) being a
core pathological feature of negative affective dis-
turbance in MDD and a key target for current anti-
depressant therapies. The limbic system, including
structures such as the hippocampus and amygdala,
is primarily involved in emotional memory process-
ing and stress response regulation [12]. Extensive
research has confirmed that hippocampal volume
atrophy and amygdaloid hyperactivation serve as
stable biomarkers for MDD.

5. Conclusions and Future Work

This study proposes WG-Mamba, a novel multi-
scale spatiotemporal-spectral fusion framework
for distinguishing MDD patients from HCs using
resting-state fMRI. The network integrates wave-
let-based frequency decomposition, brain network
spatial modeling, and temporal dynamics capture
through a dynamic weight fusion mechanism, en-
abling end-to-end identification of neurobiological
biomarkers for depression classification. Specifi-
cally, the Frequency module employs db2 wavelet
transform to decompose fMRI signals into multi-
scale frequency components, mitigating informa-
tion loss inherent in single-band analysis while pre-
serving temporal localization. The Spatial module
utilizes graph convolution with brain region adja-
cency matrices to model cross-regional functional
dependencies, where the self-attention guided TopK
pooling mechanism automatically identifies core
ROI biomarkers with demonstrated neuropatho-
logical validity. The Temporal module leverages se-
lective state space modeling to capture long-range
temporal dependencies with linear computational
complexity. Experimental evaluation on the REST-
meta-MDD dataset (S20 site) demonstrates that
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WG-Mamba achieves 83.72% -classification accu-
racy under stratified 5-fold cross-validation, out-
performing existing end-to-end deep learning ap-
proaches. By analyzing high-weight nodes output
from the graph pooling module, we pinpointed core
brain regions that serve as reliable neuroimaging
biomarkers for distinguishing major depressive dis-
order cases from demographically matched healthy
individuals. The clinical interpretability was vali-
dated by neuropathological studies. Furthermore,
the WG-Mamba model can be extended to other
fields of neuroimaging research.

The model enables early MDD screening via fMRI in
routine checkups and pinpoints dysfunctional con-
nectivity in core regions, offering interpretable bio-
markers to guide personalized treatment.

To homogenize cross-site data quality, the current
work exclusively utilizes neuroimaging data collected
from the S20 scanning site within the REST-meta-
MDD multi-center cohort. However, practical clinical
deployment scenarios require proposed frameworks
to exhibit better cross-population generalization and
reliable predictive stability. In the future, we will
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