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Data-Efficient Psychiatric Disorder Detection on Frequency-enhanced

Brain Networks via Self-supervised Learning

Abstract—Psychiatric disorders involve complex neural activity
changes, with functional magnetic resonance imaging (fMRI)
data serving as key diagnostic evidence. However, data scarcity
and the diverse nature of fMRI information pose significant
challenges. While graph-based self-supervised learning (SSL)
methods have shown promise in brain network analysis, they
primarily focus on time-domain representations, often over-
looking the rich information embedded in the frequency do-
main. This omission limits the models’ ability to fully exploit
the available data, resulting in suboptimal data efficiency. To
overcome these limitations, we propose Frequency-Enhanced
Network (FENet for abbreviation), a novel SSL framework
specially designed for fMRI data that integrates time-domain and
frequency-domain information to improve psychiatric disorder
detection in small-sample datasets. FENet constructs multi-
view brain networks based on the inherent properties of fMRI
data, explicitly incorporating frequency information into rep-
resentation learning. Additionally, it employs domain-specific
encoders to capture temporal-spectral characteristics, including
an efficient frequency-domain encoder that highlights disease-
relevant frequency features. Finally, FENet introduces a domain
consistency-guided learning objective, balancing utilizing diverse
information and generating frequency-enhanced brain graph
representations. Experiments on two real-world medical datasets
demonstrate that FENet outperforms state-of-the-art methods
by 24.6% and 17.7% in detection accuracy while maintaining
strong performance in minimal data conditions. Furthermore,
we analyze the correlation between various frequency-domain
features and psychiatric disorders, emphasizing the critical role
of high-frequency information in disorder detection. Our code is
available at https://anonymous.4open.science/r/FENet-1B81.

Index Terms—Psychiatric disorder detection, data scarcity,
brain networks, self-supervised learning, frequency-enhanced
brain graph representation.

I. INTRODUCTION

PSYCHIATRIC disorders, including depression, autism
spectrum disorder (ASD), and attention deficit hyperac-

tivity disorder (ADHD), are complex mental health conditions
characterized by distinct neurological and behavioral patterns
on brain networks [1]–[3]. Functional magnetic resonance
imaging (fMRI) measures brain activity and connectivity by
detecting blood-oxygen-level-dependent (BOLD) signal fluc-
tuations [4], [5], offering valuable insights into neural function
and dysfunction. Consequently, fMRI has been widely used to
investigate neurodevelopmental and brain disorders’ functional
abnormalities, facilitating diagnosis and biomarker discovery
[6], [7].

However, effectively analyzing fMRI data for psychiatric
disorder detection remains challenging due to data scarcity
and the complexity of its diverse information [8]–[10]. A
major hurdle is the difficulty in collecting large, high-quality
datasets, as psychiatric diagnosis often requires long-term clin-
ical observation and expert evaluation [11], [12]. Additionally,

(a) Time-domain brain networks for the health control and
patient

(b) Frequency-domain brain networks for the health control and
patient

Fig. 1: Illustration of fMRI information diversity in psychiatric
disorder detection. Brain network analysis from the health
control and patient fMRI data reveals that disease states
correlate with connection pattern changes in the time domain
and neural oscillation changes in the frequency domain.

high neuroimaging costs and ethical constraints further limit
data availability, resulting in small, imbalanced datasets with
inconsistent preprocessing, making it difficult to train robust
diagnostic models. Beyond data limitations, fMRI inherently
contains both time-domain (temporal) and frequency-domain
(spectral) information. However, integrating these complemen-
tary domains is challenging due to their distinct representa-
tions and the complexity of brain signals. Specifically, time-
domain features capture BOLD signal fluctuations, modeling
the functional connectivity of brain networks. As shown in
Figure 1a, changes in connectivity patterns reflect transitions
from healthy to diseased states [13]. In contrast, frequency-
domain features capture neural oscillations, revealing intrinsic
brain rhythms and disease-specific frequency changes [14],
[15]. For example, in ASD, low-frequency correlations decline
with age, while high-frequency signals highlight disorder
traits [16], [17]. Figure 1b shows differences in spectral
coefficients between healthy and patient groups. This diversity
complicates the diagnostic process, as existing models often
struggle to capture the full spectrum of information. Thus,
time-frequency joint modeling is crucial for accurate psychi-
atric disorder detection as integrating frequency information
provides complementary insights and improves data efficiency,
particularly in small-sample settings.

Recent advancements have increasingly focused on graph
learning-based approaches, with graph neural networks
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(GNNs) [18]–[20] emerging as a powerful tool for fMRI data
analysis. Given their ability to model non-Euclidean structures,
GNNs are particularly well-suited for brain network construc-
tion and extracting complex representations that reflect brain
function [21]–[25]. For example, BrainGNN [26] utilizes ROI-
aware GNN to enable biomarker discovery, while BrainGB
[27] sets a benchmark summarizing the brain network con-
struction pipelines and modularizing the process of GNN
for brain network analysis. However, these models heavily
rely on large labeled datasets, often scarce in psychiatric
disorder research. To mitigate data scarcity, recent studies have
explored self-supervised learning (SSL) on graphs [28], [29]
to enable representation learning from unlabeled data. Some
SSL methods select positive and negative sample pairs in aug-
mented brain networks, which encourages better representation
learning at the node level [30]–[33]. Other approaches leverage
the temporal characteristics of fMRI data by constructing aug-
mented views across different time windows aiming to capture
the inherent temporal dependencies in the representations [34],
[35].

Despite their promising performance, existing SSL methods
encounter several limitations when applied to fMRI data, pri-
marily due to their neglect of frequency information, leading
to suboptimal data efficiency. First, most SSL approaches rely
heavily on time-domain data augmentation strategies, such
as edge or attribute perturbation [30]–[33]. However, these
operations often disrupt the structural integrity of brain net-
works [34], potentially distorting their inherent time-frequency
properties and leading to inauthentic representations. To ad-
dress this, we construct biologically consistent multi-view
representations of fMRI data across both time and frequency
domains. Second, existing SSL methods typically adopt time-
domain encoders, which face inherent limitations in model-
ing the complex brain functions and intrinsic cyclic patterns
that are better captured in the frequency domain [36], [37].
As a result, these methods often fail to exploit frequency-
related neural activity, overlooking critical features that are
particularly valuable in limited-sample scenarios. To remedy
this, we propose carefully designed pretext tasks to incorpo-
rate frequency-domain analysis and facilitate effective time-
frequency joint modeling. Third, most traditional SSL objec-
tives are designed to learn representations within a single time
domain, lacking the capability to align cross-domain features.
This makes it difficult to effectively integrate complementary
information from both time and frequency domains, resulting
in incomplete utilization of the available data. To address
this, we refine the SSL objective to support cross-domain
representation alignment, enabling the model to learn joint
time-frequency embeddings that are more comprehensive and
discriminative.

In this paper, we propose FENet, a novel SSL framework
that integrates time- and frequency-domain analysis to capture
diverse information from fMRI data, enhancing data efficiency
and improving diagnostic performance in limited-sample sce-
narios. Specifically, FENet focuses on biologically consistent
modeling of multi-view brain networks in time and frequency
domains, offering complementary perspectives on fMRI data.
Meanwhile, FENet employs dedicated domain-specific en-

coders: a time-domain GNN (TGNN) and a frequency-domain
GNN (FGNN)), which collaboratively perform time-frequency
joint modeling, fully leveraging the complementary informa-
tion to enhance data efficiency. Notably, the FGNN incorpo-
rates adaptive graph filtering to selectively capture informative
frequency components, while the integration of Fourier Graph
Operator (FGO) layers [14] reduces computational complexity
to a log-linear scale, enabling efficient and scalable frequency-
domain analysis in complex brain networks. Furthermore,
FENet employs a learning objective based on canonical corre-
lation analysis (CCA) [38], guided by the domain consistency
concept to capture domain-invariant features and optimize
both time- and frequency-domain representations. This en-
ables FENet to generate frequency-enhanced brain network
representations for effective psychiatric disorder detection. The
contributions of this work can be summarized as follows:

• We propose FENet, a novel non-contrastive SSL frame-
work for data-efficient psychiatric disorder detection,
which is the first to integrate time- and frequency-domain
analysis for brain network representation learning.

• We introduce a novel data augmentation strategy that
constructs brain networks in both the time and frequency
domains, ensuring biological consistency with real brain
networks while effectively modeling the diverse informa-
tion embedded in fMRI data.

• We design a frequency-domain information encoder,
which enables the selective learning of the frequency
components for the psychiatric disorders with the pro-
posed graph filter and FGO layers.

• We conduct extensive experiments on two real-world
medical datasets, demonstrating that FENet achieves
state-of-the-art performance in limited-sample settings.
Additionally, frequency domain analysis reveals a signifi-
cant correlation between high-frequency components and
psychiatric disorders.

The structure of the paper is as follows: Section II reviews
related work. Then, the preliminary definitions and notations
are introduced in Section III. Section IV presents the details
of the proposed FENet method. Section V outlines the exper-
imental setup, followed by the results and their discussion in
Section VI. Lastly, Section VII concludes the paper.

II. RELATED WORK

In this section, we introduce the most related works from
three perspectives: graph representation learning for brain sig-
nals, SSL on graphs, and frequency-based time series analysis.

A. Graph Representation Learning for fMRI Data

Graph representations of brain signals are widely recognized
for their effectiveness in capturing the underlying dynamics of
brain functions using GNNs [39], [40]. In these models, nodes
typically correspond to regions of interest (ROIs), while edges
that quantify functional connectivity between different ROIs
are generally defined by the correlations between their respec-
tive brain signals. Building on this concept, BrainGNN [26]
introduces a novel ROI-aware GNN with an ROI-selection
pooling layer highlighting the salient brain ROIs. Recently,
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BrainGB [27] further established a benchmark that formulates
the implementation of GNN models for brain network analysis,
systematically demonstrating how different GNN mechanisms
influence brain network modeling and performance. Despite
the promising results achieved by these approaches in captur-
ing the features of brain networks, they are still limited by the
scarcity of labeled data. To address this challenge, SSL-based
methods have emerged as an effective solution, which involves
pre-training with limited data to learn effective representations,
followed by fine-tuning to improve generalization and accu-
racy. For instance, A-GCL [30] and SF-GCL [41] investigate
contrastive learning (CL) for brain signals by introducing
random edge manipulation to generate augmented data views.
Besides, BraGCL [31] improves model interpretability by
perturbing unimportant nodes and edges. Further, GATE [34]
enhances the pair constructions for SSL. UCGL [35] ex-
tends this approach by integrating a spatio-temporal graph
convolution technique. While these SSL-based methods have
improved the representation learning of brain signals, they
focus exclusively on time-domain features. Consequently, they
fail to comprehensively capture information in the frequency
domain and their correlation with psychiatric disorders. To
bridge this gap, our approach explores the frequency-domain
characteristics of brain signals and integrates them with time-
domain details, enabling a more comprehensive representation.

B. Self-supervised Learning on Graphs

Existing SSL-based methods [42]–[45] typically construct
pairs from the input through augmentation and learn the
representations by maximizing agreement between positive
(similar) pairs while minimizing the similarity between neg-
ative (dissimilar) pairs. The effectiveness of SSL heavily
depends on negative pair setting and the learning objective
functions. Data augmentation techniques are widely used in
negative sample constructions. For example, GraphCL [46]
employs edge perturbation, node feature masking, or sub-
graph sampling, while GCA [47] integrates structural and
attribute information for adaptive augmentation. Additionally,
some methods leverage graph spectral features, such as SpCo
[48] and SFA [49] to guide the edge perturbation process,
which emphasizes high-frequency information related to graph
structures. However, these random perturbations can inevitably
disrupt intrinsic biological structures in brain data, leading to
implausible outcomes. In contrast, approaches like GATE [34]
and UCGL [35] create augmented views based on the time-
series properties, focusing on learning temporal dependencies
instead of applying random perturbations. However, they still
overlook a detailed examination of frequency information.
To address this issue, we construct graphs that preserve the
biological features while also incorporating the temporal-
spectral characteristics of fMRI data for better multiple graph
view construction, both in the time and frequency domains.

In terms of the learning objective functions, they are
generally categorized into contrast-based and similarity-based
approaches. Contrastive-based methods, such as GraphCL
[46] and GCA [47], require careful design of positive and
negative sample pairs. However, constructing negative pairs

is generally challenging, especially in data-limited conditions
[50], which impacts their effectiveness. On the other hand,
the similarity-based methods do not rely on selecting negative
pairs. Examples include CCA-SSG [38], which simplifies SSL
via CCA that aims at maximizing the correlation between two
augmented views [51]. Similarly, GATE [34] employs CCA
for brain signal analysis to capture the correlation between
representations of adjacent augmented views in the window of
time. However, no prior work has explored using CCA to align
time- and frequency-domain representations. We are the first
to introduce the concept of domain consistency to guide CCA
in maximizing the correlation of representation from different
domains.

C. Frequency-Based Time Series Analysis

Brain signals are inherently time series data, with frequency
information capturing oscillatory patterns and functional con-
nectivity that play critical roles in many diseases [14], [15].
Consequently, incorporating frequency information is essen-
tial in representation learning. Existing methods have made
significant progress in this area. Techniques such as Fourier
Transform decompose time series into frequency components,
revealing patterns and periodicities at various scales. These
methods have been widely applied in time series analysis,
including FEDformer [52], Fredformer [53], FreTS [54]. A
few studies have incorporated frequency information in graph
learning, such as StemGNN [55] and FourierGNN [56]. How-
ever, these methods focus solely on the frequency domain and
overlook the time domain, which also contains complemen-
tary information of fMRI data. However, these approaches
focus solely on frequency-domain features while neglecting
the complementary information present in the time domain.
This limitation restricts their applicability, particularly in sce-
narios involving limited labeled fMRI datasets, where fully
leveraging both domains is crucial for effective representation
learning.

BTSF [57] is the first to integrate time-frequency affinity
into the SSL paradigm, enhancing the discriminative power
of frequency feature fusion. Furthermore, Zhang et al. [36]
introduce a pre-training model to uncover general properties
connecting time and frequency information and leverage SSL
to capture these properties. Despite these advancements, there
is a lack of studies examining the time-frequency integration
in brain network modeling. Integrating frequency information
into the traditional SSL approaches for brain networks remains
challenging due to a lack of prior knowledge on biologi-
cally relevant frequency features and the high computational
cost of extracting frequency-domain features from graphs. To
overcome these issues, FENet introduces carefully designed
pretext tasks that examine the contribution of different fre-
quency components to disease detection, facilitating in-depth
frequency analysis and enhancing representation learning for
brain networks. Additionally, it incorporates efficient FGO
layers, reducing the computational complexity to log-linear
complexity.
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TABLE I: Notations and explanations related to FENet frame-
work. The four blocks (from top to bottom) show the notation
of variables about brain networks, graph Fourier transformer,
SSL, and FENet’s hyper-parameters, respectively.

Notation Description

GT = (V, E,XT,A) Time-domain brain networks
GF = (V, E,XF,A) Frequency-domain brain networks

V The node set of the brain network
E The edge set of the brain network

A ∈ RN×N Adjacency matrix of the brain network
XT ∈ RN×D Time-domain node feature matrix

with D-dimensional BOLD signals,
XT = [x1

T, . . . ,x
N
T ],xT ∈ RD

XF ∈ RN×D Frequency-domain node feature matrix with
D-dimensional spectral coefficient, XF =
[x1

F , . . . ,x
N
F ],xF ∈ RD

N Number of nodes (ROIs) in the brain network

D ∈ RN×N Diagonal matrix of the graph
L ∈ RN×N Laplacian matrix of the graph
I ∈ RN×N Identity matrix
U ∈ RN×N Orthonormal matrix of eigenvectors
Λ ∈ RN×N Diagonal matrix with eigenvalues, Λ =

diag(λ)

S ∈ RK×K Fourier graph operator
H ∈ RN×N Graph filter matrix
W ∈ RN×N Learnable parameter matrix

ZT,ZF,ZTF ∈ RN×D Time-domain, frequency-domain and fused
brain graph representations

KL,KH Parameters for frequency threshold setting
γ, β Trade-off coefficient for learning objective

III. PRELIMINARIES

In this section, we provide preliminaries of this paper,
including spectral graph theory, the concept of domain con-
sistency, and the criterion of CCA. Table I summarizes the
notations that are frequently used in this paper, where bold
lowercase letters (e.g., x), bold uppercase letters (e.g., X),
and calligraphic fonts (e.g., V) to denote vectors, matrices,
and sets, respectively.

A. The Spectral Graph Theory

In time series data, frequency components are characterized
by periodic patterns in the signal, capturing changes or rates of
oscillation over time. Similarly, in graph-structured data, the
frequency component is defined by variations in the signal
among connected nodes, reflecting how the signal changes
between the neighboring nodes. Low-frequency information in
graph-structured data suggests that signals among neighboring
nodes are similar or aligned, while high-frequency informa-
tion indicates greater variability or differences in the signal
between connected nodes. Graph Fourier Transform (GFT)
is commonly adopted to represent frequency information in
graph data [58].

For a given graph G = (V, E ,X,A), where V and E
represent the set of nodes and edges, X ∈ RN×D denotes the
graph signals, A ∈ RN×N is the adjacency matrix encoding
the connection weights between node pairs, and N is the
number of nodes, the GFT aims to map the graph signal into
the spectral domain. This is achieved through eigenvector-

based feature decomposition of the graph Laplacian matrix,
defined as:

L = D−A (1)

where D ∈ RN×N is a diagonal matrix encoding the degree
of each node. The Laplacian matrix L ∈ RN×N is real,
symmetric, and positive semi-definite, allowing for eigende-
composition:

L = UΛU⊤, (2)

where U ∈ RN×N is the orthonormal matrix of eigenvectors
and Λ = diag(λ) is the diagonal matrix of eigenvalues. The
eigenvalues of the graph Laplacian, indexed as 0 < λ1 ≤
· · · ≤ λN , are referred to as the graph frequency components.
Their associated eigenvectors constitute the Fourier modes.
These components provide a foundation for analyzing the
graph signals in the spectral domain. Thus, for the given graph
signal X, using the GFT, one can transform X from the spatial
domain to the spectral (frequency) domain as follows:

XF = U⊤X. (3)

As U is the orthonormal matrix, the inverse graph Fourier
transform (IGFT) is given by:

X = UXF. (4)

To preserve certain information of graph data in the
frequency domain, the process involves filtering, which is
achieved by first transforming the signal using the GFT
to the frequency domain, conducting the filtering, and then
converting it back to the time domain as follows:

X̃ = UHU⊤X. (5)

Here, the H ∈ RN×N is a diagonal filtering matrix that offers
flexibility in analyzing specific frequency components and X̃
is the filtered feature matrix. For example, larger eigenvalues
are associated with higher variance eigenvectors, which can
be interpreted as higher graph frequencies [16].Consequently,
the frequency information of graph signals can be selectively
retained by applying filters H.

B. Domain Consistency Concept

The concept of domain consistency between time and fre-
quency information is first introduced by Zhang et al. [36]
in the context of SSL for time series modeling. It aims
to align the time- and frequency-domain representations by
emphasizing the domain invariant feature learning in latent
space. For a given time series data X = [x1, . . . ,xN ], it is
assumed that the latent representations of the time domain ziT
and frequency domain ziF derived from the same original time
series xi, i ∈ [1, N ] should closely align, while representations
from different original time series xj , j ∈ [1, N ] should
be pushed farther apart. This concept guides the learning
objective to learn the domain invariant features effectively,
thereby achieving the integration of information from both
domains effectively.
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C. Canonical Correlation Analysis

CCA [51] is a statistical technique used to analyze the
correlations between two sets of variables. It aims to find a
linear transformation that maximizes the correlation between
the transformed variables. It has been widely applied in multi-
view fusion and fMRI analysis [34], [38], [59], to enhance
the understanding of relationships between different views of
a graph. Specifically, assuming Ga and Gb are two views of
the graph, it optimizes the correlation:

max
θ1,θ2

LCCA := EGa,Gb

[
f⊤
θ1(Ga)fθ2(Gb)

]
,

s.t.Cov (fi(Gj), fi(Gj)) = I, (i = θ1, θ2; j = a, b),
(6)

where fθ1(·) and fθ2(·) are two feedforward neural net-
works normally sharing parameters, Cov(·, ·) represents the
covariance matrix and I is an identity matrix. The learned
feedforward neural networks provide mappings that align the
representations of nodes in the two views. Since CCA does
not rely on the non-trivial construction of negative sample
pairs, it offers greater flexibility for graph-level representation
learning in SSL settings while also being scalable to large and
complex graphs. However, traditional CCA is computationally
expensive. To address this issue, a recent study proposed soft
CCA [60], which relaxes the hard decorrelation constraints by
applying the Lagrangian theorem within convex optimization.
The formulation of soft CCA is defined as follows:

min
θ1,θ2

LDIST (fθ1(Ga), fθ2(Gb))+

β (LSDL (fθ1(Ga)) + LSDL (fθ2(Gb))) ,
(7)

where LDIST (·, ·) is used to measure the correlation be-
tween two view representations, LSDL(·), referred to as ran-
dom decorrelation loss, computes the L1 distance between
each representation and the identity matrix functioning as
the regularization, and the β is a trade-off coefficient. The
decorrelation term can be viewed as a soft constraint, as the
loss is minimized rather than strictly enforced to zero. By
jointly optimizing the decorrelation loss LSDL(·) alongside
other objectives, such as minimizing the distance between
views in the embedding space, the model can explore a
broader set of globally optimal solutions. Therefore, soft CCA
can effectively enhance the correlation between two graph
views after transformation while also enforcing regularization
to reduce computational costs and avoid overfitting in SSL
settings.

IV. THE PROPOSED METHOD

The overall framework of the proposed FENet model is
illustrated in Figure 2. The core idea can be summarized as fol-
lows:(i) Constructing biologically meaningful brain networks
from fMRI data in both the time and frequency domains; (ii)
Employing domain-specific encoders to fully exploit the time-
frequency characteristics in multi-view brain networks; (iii)
Leveraging a domain consistency objective to integrate time-
and frequency-domain representations.

A. Problem Definition

Let {X1,X2 . . . ,XM} represent M samples of fMRI data
and {y1, y2, . . . , yM}, ym ∈ {0, 1} represent the correspond-
ing labels. Each of Xm = [x1,m, . . . ,xN,m] ∈ RN×D

represents the BOLD signals for N ROIs in brain networks and
D is the dimension of each signal. Given X, the main objective
of this study is to find the representation of ZTF, which effec-
tively integrates information from both the time and frequency
domains. Specifically, ZTF is obtained by training a mapping
function fθT,θF , where θT and θF denote the parameters of
the time-domain and frequency-domain encoders, respectively.
These encoders transform the input fMRI data into meaningful
representations for downstream tasks. To this end, we for-
mulate the task as a graph classification problem, aiming to
optimize the mapping function such that fθT,θF(X) → y.

B. Multi-view Brain Network Construction

Unlike traditional augmentation methods that may disrupt
the underlying brain network structure, our approach lever-
ages the temporal-spectral characteristics of brain signals
to construct distinct yet semantically consistent multi-view
brain networks in both the time and frequency domains. This
strategy provides complementary views of the fMRI data while
preserving biologically meaningful structures throughout the
augmentation process.

1) Time-domain Brain Graph: To ensure biological rele-
vance, both brain network views are constructed based on
functional connectivity, a widely adopted modeling approach
in clinical research [5]. For the time-domain brain network
GT = (V, E ,XT,A) , the N ROIs are treated as the node set
Vwith each node’s feature represented by its corresponding
BOLD signals, forming the feature matrix XT. The functional
connectivity defines the correlations between pairs of ROIs,
computed using the Pearson correlation coefficient(PCC) [61]
as follows:

aij =

∑D
d=1(x

i,d − x̄i)(xj,d − x̄j)√∑D
t=1(x

i,d − x̄i)2
√∑D

d=1(x
j,d − x̄j)2

, (8)

where xi,d and xj,d are the BOLD signals of node i and
j at d-th dimension, x̄i and x̄j denote the mean values of
BOLD signals over time. The resulting connection strengths
aij representing the connection strength between node i and
node j are organized into the adjacency matrix A ∈ RN×N ,
reflecting the pairwise relationships across all ROIs. Finally,
the edge set E retains the top 20% strongest connections to
form the final time-domain brain network structure.

2) Frequency-domain Brain Graph: Unlike the traditional
Fourier Transform performs on time series data, our ap-
proach leverages the GFT on graph structure data to generate
frequency-domain brain networks. This enables the extraction
of spectral representations and the identification of intrinsic
neural oscillations that align with brain connectivity pat-
terns. Specifically, given a time-domain brain graph GT =
(V, E ,XT,A), we transform the brain signals XT from the
time domain to the spectral domain XF using the GFT opera-
tion FG(·): XF = FG(X) = U⊤XT. This formulation allows
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Fig. 2: Overview of FENet model. The FENet model consists of three modules: multi-view graph construction, time-frequency
representation learning, and learning objective.

us to explicitly introduce frequency information in the model
and analyze brain activity patterns from a spectral perspective
as GF = (V, E ,XF,A), where V, E , and A are defined the
same as its time-domain brain graph. Here, XF ∈ RN×D is the
transformed feature matrix in the graph spectral domain, where
each row of XF represents a spectral coefficient corresponding
to an eigenvalue λi.

C. Time-frequency Representation Learning

Diverging from conventional SSL models that focus solely
on encoding two graph views within the time domain, our
approach employs distinct graph encoders for multi-view brain
networks. Specifically, we define the TGNN encoder fθT(·) for
the time domain and FGNN encoder fθF(·) for the frequency
domain. This tailored design facilitates more effective encod-
ing of the complementary information inherent in fMRI data.

1) Time-domain Graph Neural Network Encoder: Graph
convolutional networks (GCNs) [18], [62] are employed as
the TGNN encoder due to their effectiveness in handling
non-Euclidean and irregular data structures, which are char-
acteristic of fMRI data. Specifically, we leverage GCNs to
model the interdependencies between BOLD signals across
ROIs, enabling time-domain feature extraction by aggregating
information from neighboring ROIs. More specifically, we
obtain the node features X(l+1)

T at the (l + 1)-th layer from
the preceding layer as:

X(l+1)
T = σ

(
D̃

−1/2
ÃD̃

−1/2
X(l)

T W(l)
)
, (9)

where Ã = A + I is the adjacency matrix of the graph
with added self-loops, D̃ is the diagonal degree matrix of Ã,
W ∈ RN×N is the learnable parameter matrix, σ(·) denotes
the activation function, and X(l)

T denotes the node features in

l-th hidden layer, where it’s noteworthy that the node feature
in the 0-th layer hidden layer is the input itself. Finally, we
consider the node features learned in the last layer of graph
convolution as the time-domain representation, which denotes
as ZT = fθT(GT),ZT ∈ RN×D.

2) Frequency-domain Graph Neural Network Encoder: To
efficiently capture disease-related frequency information with
acceptable computational complexity, we introduce a novel
frequency-domain encoder, FGNN, as shown in Figure 3.
This module consists of two primary components: a graph
filter and FGO layers. The graph filter captures the crucial
frequency components by integrating biological-inspired prior
knowledge. Meanwhile, the FGO network introduces log-
linear multiplication to replace standard linear multiplication,
improving model scalability.
Graph Filter. Spectral graph theory provides a powerful
framework for analyzing the structural properties of brain
networks, where the spectral components naturally corre-
spond to frequency characteristics and offer insights into
both global and local connectivity patterns. Specifically, the
GFT decomposes BOLD signals into different graph fre-
quency components. Low-frequency components, associated
with smaller Laplacian eigenvalues, capture globally coherent
brain activity, reflecting stable functional connectivity across
the brain network. In contrast, high-frequency components,
corresponding to larger eigenvalues, emphasize localized vari-
ations and abrupt changes, often linked to abnormal or dis-
rupted brain regions—patterns commonly observed in psychi-
atric disorders [14]. This spectral decomposition enables in-
depth frequency-based analysis of brain networks, facilitating
both the examination of frequency-specific information and
the extraction of informative features for downstream tasks.

In this study, we leverage the eigenvalues Λ of the brain net-
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Fig. 3: The framework of the FGNN module consists of a graph filter and serval FGO network layers.

works to decompose brain frequency components into distinct
bands: low-frequency components within λmin and λL, high-
frequency components within λH and λmax, and the remaining
range considered as middle-frequency components. To exam-
ine how different frequency components relate to cognitive
states or mental disorders, we design corresponding graph
filters. This enhances the learning at each specific frequency
range, capturing more biologically relevant information and
improving model explanation. Specifically, a low-pass graph
filter HL = diag(hL),HL ∈ RN×N is defined, where hL
takes the value of 1 for eigenvalues (λmin < λi < λL) and
0 otherwise. Similarly, a band-pass filter HM ∈ RN×N and
a high-pass filter HH ∈ RN×N are constructed based on
their respective frequency bands. After filtering we obtain
the filtered signals as X′

F, H = HHXF, X′
F, M = HMXF,

and X′
F, L = HLXF corresponding to the high-, middle-, and

low-frequency components of the brain network, respectively.
We then selectively integrate the frequency components that
capture more salient information to construct the filtered
feature matrix X̃F ∈ RN×K , where K is the dimension of
frequency components, which serves as input for frequency-
domain representation learning.

Fourier Graph Operator. Encoding frequency-domain fea-
tures on graphs often incurs high computational costs due
to complex eigendecomposition and graph convolution oper-
ations. To alleviate this burden, FGNN incorporates an effi-
cient learnable layer, the FGO, inspired by FourierGNN [56],
significantly reducing computational overhead while effec-
tively capturing frequency information. Specifically, FGNN
extracts frequency information by using N -invariant FGOs,
denoted as S ∈ RN×K×K , enabling straightforward matrix
multiplication within the frequency-domain brain networks,
as shown in Figure 3. Here, S is a tailored Green’s kernel
κ [56], a translation-invariant kernel where κ[i, j] = κ[i − j]
represents its invariance property when sliding from node
i to node j. This operation transforms the ([N ] × [N ])
matrix into a RK×K matrix-valued projection. The FGO
parameterizes graph convolutions analogous to the shared-
weight convolution kernels in traditional convolutional neural
networks (CNNs). The operation is defined as: F−1

G (XFS0:p),
which equals to Ap:0XTW0:p in time domain. Here, F−1

G (·)
is the IGFT, Ap ∈ RN×N represents as the p-th sparsity
pattern of A, Wp ∈ RK×K is the p-th weight matrix. This
convolutional kernel operates over the input features through
matrix multiplications of size ([K] × [K]) in the graph’s
Fourier space. By stacking multiple FGO layers, the model
can efficiently capture informative features while maintaining

log-linear computational complexity. Thus, FGNN performs a
recursive multiplication between the filtered frequency-domain
brain graph embeddings X̃F and FGO layers S0:p to obtain the
representation Z̃F ∈ RN×K in Fourier space. This process can
be defined as:

Z̃F =

P∑
p=0

σ
(
X̃FS0:p + bp

)
,S0:p =

p∏
j=0

Sj , (10)

where p is the number of FGO layers, Sj ∈ RK×K is the p-th
step FGO, bp ∈ RK are the complex-valued biases parameters.

Our model aims to minimize the distance between the
time- and frequency-domain representations in the latent time-
frequency space, thereby learning domain-invariant features.
This objective is further discussed in Section IV-D. To achieve
this, we transform the learned frequency-domain representa-
tions Z̃F in Fourier space back into the time-space, facilitat-
ing the alignment of representations from both domains and
contributing to more effective model training. This conversion
is achieved by applying IGFT operation F−1

G (·) as follows:
F−1
G (X̃F) = UX̃F. The resulting representation is then passed

through a multilayer perceptron (MLP) to project it into
the time-frequency latent space, ensuring alignment with the
representation learned in the time domain. Finally, we denote
the representation learned from the frequency domain as:
ZF = fθF(GF),ZF ∈ RN×D.

3) Computation Complexity Analysis: This section high-
lights the improved efficiency of encoding frequency-domain
features in SSL settings due to the use of our FGNN. As-
sume the frequency-domain graphs consist of N nodes and
|E| edges, and let each node have D dimension features.
Traditional methods apply GCN that performs matrix mul-
tiplications for aggregating node features. This leads to a
computational complexity of O(2N |E|2+2ND2). In contrast,
our proposed FGNN replaces conventional GCN layers with an
efficient feature encoding process involving graph filtering and
recursive multiplications utilizing the efficient FGO layers. We
suppose K frequency components represent the filtered node
features in the Fourier space, where K ≪ N and the FGO
operator has size K ×K. We apply a third-order summation
for the FGOs, yielding a total computational complexity for the
frequency-domain encoder of O(NKlogN +3NK2), includ-
ing GFT and IGFT operations. Overall, the log-linear com-
plexity significantly reduces computational overhead while
preserving essential frequency-domain information.
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Fig. 4: Illustration of the learning objective. For each
BOLD signal xn, its time-domain representation znT and the
frequency-domain representation znF are obtained via their
respective domain-specific encoders. The learning objective is
to ensure that these two representations remain close in the
latent time-frequency space, promoting consistency between
the two domains.

D. Time-Frequency Domain Consistency Learning Objective

Our learning objective adopts a non-contrastive SSL ap-
proach for graph-level representation learning without relying
on contrastive pairs. Guided by the concept of time-frequency
domain consistency (as illustrated in Figure 4), the objec-
tive enforces proximity between the time- and frequency-
domain representations of the same BOLD signal in the
latent space. This encourages the model to capture domain-
invariant features, facilitating the comprehensive integration
of diverse information from fMRI data. Specifically, we ex-
tend the application of CCA to the SSL framework. The
correlation term aims to maximize the alignment between the
two graph views by minimizing the distance between their
representations in the latent time-frequency space, thereby ex-
tracting domain-invariant features. Additionally, we introduce
a regularization term (decorrelation term) for each domain
to prevent model collapse. This term encourages the learned
representations to retain domain-specific semantic information
by maintaining diversity across different feature dimensions.
The overall process, taking the time-domain and frequency-
domain representations as input, can be formulated as:

L = ∥ZT − ZF∥2F + γ
∥∥∥Z⊤

T ZT − I
∥∥∥2

F
+ β

∥∥∥Z⊤
F ZF − I

∥∥∥2

F
, (11)

where γ and β are trade-off coefficients. The first term
minimizes the disparity between the two graph views, en-
hancing their alignment. The second and third terms serve as
regularization losses, preserving the semantic features of each
domain. By minimizing the loss function, the model learns
optimized representations from both domains. The final fused
representation ZTF is then obtained by averaging these opti-

mized time- and frequency-domain representations, effectively
integrating information from both domains.

The overall training process of FENet is outlined in Al-
gorithm 1. Initially, we apply the encoders for each domain
graph separately to learn enhanced brain signal representations
by optimizing Equation (11). After convergence during the
pretraining, a subset of data is used for model fine-tuning,
further refining the representation learning process.

Algorithm 1 Overview of FENet Training

1: Input: The fMRI datasets for M samples and their labels
{Xi, yi}Mi=1; Training epoch E.

2: Output: Trained encoders fθT(·) and fθF(·).
3: Initialize: The model parameters θF and θF.
4: Pretraining:
5: for i = 1, 2, . . . ,M do
6: Compute multi-view brain graphs Gi

T and Gi
F in time

and frequency domain.
7: for t = 1, 2, . . . , E do
8: Compute Zi

T = fθT(Gi
T)▷ Obtain time-domain

representations
9: Compute Zi

F = fθF(Gi
F)▷ Obtain frequency-

domain representations
10: Optimize model parameters θF and θF with loss

function (see equation 11).
11: end for
12: return Brain graph representations Zi

TF
13: end for
14: Fine-tunning:
15: for t = 1, 2, . . . , E do
16: for Each batch in {Zi

TF, y
i}Mi=1 do

17: Compute ŷi = ϕ(Zi
TF)▷ Predicted labels with

classifier
18: Optimize ϕ(·) with Lclass(ŷ

i, yi).
19: end for
20: end for

V. EXPERIMENTS

A. Datasets

We conducted our experiments on two real-world medical
datasets: the autism brain imaging data exchange (ABIDE) 1

and the attention deficit hyperactivity disorder (ADHD-200) 2

datasets.
ABIDE Dataset. This database aggregates data from 17
different acquisition sites, offering resting-state fMRI scans
from 1,112 participants, including individuals diagnosed with
autism spectrum disorder (ASD) and healthy controls (HC).
In addition, it contains phenotypic information on executive
functioning, language, visuospatial ability, motor functioning,
and emotional status, assessed via self-report. For this study,
we meticulously curated the data and retained a subset of 743
participants, consisting of 364 individuals with ASD (aged
7-24) and 379 HC (aged 6-22). This selection provides a
relatively balanced distribution across the two groups.

1https://fcon 1000.projects.nitrc.org/indi/abide/
2https://fcon 1000.projects.nitrc.org/indi/adhd200/

https://fcon_1000.projects.nitrc.org/indi/abide/
https://fcon_1000.projects.nitrc.org/indi/adhd200/
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ADHD-200 Dataset. Collected from eight independent imag-
ing sites, the ADHD-200 dataset was designed to facilitate
early diagnosis of ADHD and inform clinical treatment deci-
sions. It includes detailed phenotypic data such as diagnostic
status, dimensional ADHD symptom measures, age, sex, intel-
ligence quotient (IQ), and lifetime medication status. For our
experiments, we employed a sample of 459 participants, com-
prising 229 typically developing individuals and 230 children
and adolescents with ADHD (aged 7-21).

B. Data Preprocessing

In this study, we obtained fMRI data from both the ABIDE
and ADHD datasets. We then processed these fMRI sig-
nals using the graph theoretical network analysis (GRETNA)
toolbox3, which operates in conjunction with the SPM12
software4. The preprocessing steps included slice timing cor-
rection, head motion correction, spatial normalization, and
Gaussian smoothing. Next, the automated anatomical labeling
(AAL) atlas was used as the reference space to divide the
brain into 116 ROIs, from which BOLD time series were
subsequently extracted.

C. Baselines

For baseline methods used in the comparison, we in-
cluded the GNN-based approaches, BrainGNN [26] and
BrainGB [27], which employs supervised learning strate-
gies. Additionally, we considered three contrastive SSL meth-
ods, GCA [47], SpCo [48], and MA-GCL [63], along with
two similarity-based SSL methods, GATE [34] and CCA-
SSG [38]. Open-source codes for all comparison methods
are adopted, and the grid search technology is performed
to determine their optimal hyperparameters. To ensure a fair
comparison, we apply the same dynamic window strategy and
utilize a grid search technique to identify the best practices for
each comparison method. Details for each comparison method
are outlined below.

• BrainGNN 5 [26] designs a novel ROI-aware GCN model
combined with ROI-selection pooling layers to improve
the interpretability of analyzing fMRI data. This serves
as the baseline graph-based method for fMRI data.

• BrainGB 6 [27] comprehensively summarizes the current
methods for constructing brain networks and proposes a
generic GNN architecture to standardize the process of
brain network analysis.

• GCA 7 [47] introduces a novel adaptive enhancement
method for contrastive SSL. This approach perturbs the
graph’s topology and semantics as priors, highlighting
important structural connections while preserving crucial
semantic information at the node level.

• SpCo 8 [48] combines graph spectral information with
SSL, addressing imbalances in spectral learning. The

3https://www.nitrc.org/projects/gretna/.
4https://www.fil.ion.ucl.ac.uk/spm/software/spm12/.
5https://github.com/xxlya/BrainGNN Pytorch
6https://github.com/HennyJie/BrainGB
7https://github.com/CRIPAC-DIG/GCA
8https://github.com/liun-online/SpCo

method introduces a spectral-contrastive learning module
that effectively enhances existing SSL methods.

• MA-GCL 9 [63] designs different encoders to enhance
view diversity, addressing the issue of semantic label
changes caused by graph perturbations. It employs three
techniques to reduce high-frequency noise and enhance
view diversity safely.

• CCA-SSG 10 [38] proposes an efficient similarity-based
SSL framework by utilizing the CCA as the learning
objective. This allows the structure of this model to be
concise and achieves significant results compared with
other SSL methods.

• GATE 11 [34] presents a similarity-based SSL method,
introducing the concept of a population graph and uti-
lizing an enhanced CCA method to improve the model’s
sensitivity to spurious signals.

For supervised learning methods such as BrainGNN and
BrainGB, we train the model following their original con-
figurations. Among the aforementioned comparison methods,
GCA, SpCo, CCA-SSG, and GATE represent state-of-the-art
SSL models, and we adhere to their original literature and
official code. For SSL methods, such as contrast-based models
(i.e., GCA, SpCo, and MA-GCL), positive and negative sample
pairs of nodes are constructed by corrupting the input graph
using a corruption function. For similarity-based methods (i.e.,
CCA-SSG and GATE), we perturb the graph using a random
masking function to generate two views.

D. Implementation Details

We implement FENet in PyTorch and conduct all ex-
periments on an NVIDIA Tesla P100 GPU with 16GB of
memory. Model parameters are optimized using the AdamW
optimizer [64] with a learning rate of 1e−5. The time-domain
information encoder is configured as a standard two-layer
GCN model to mitigate the over-smoothing issue in GCN.
Based on empirical evaluations, the frequency-domain infor-
mation encoder comprises three FGO layers for effective fea-
ture extraction in the frequency-domain graph. To effectively
set the frequency thresholds for low-pass, band-pass, and high-
pass filters in graph signal processing, we optimized the λL as
the lowest 20% of eigenvalues, while the λH as the top 20%
of eigenvalues. To evaluate the performance of both encoders,
we tune the hyperparameters in Equation (11) and compare
the model’s classification accuracy; ultimately, γ and β are
set to 1e−5 and 1e−4. The training procedure consists of two
phases: pretraining and fine-tuning. In the pretraining phase,
we train for 99 iterations, whereas in the fine-tuning phase, we
randomly select 20% labeled samples to adjust model parame-
ters. For a comprehensive performance assessment, we employ
5-fold cross-validation and repeat the experiments five times
with different random seeds. All reported results include the
average performance and the corresponding standard deviation
across these runs. We use the mean and standard deviation of
the following metrics to assess the classification performance:

9https://github.com/GXM1141/MA-GCL
10https://github.com/hengruizhang98/CCA-SSG
11https://github.com/LarryUESTC/GATE

https://www.nitrc.org/projects/gretna/
https://www.fil.ion.ucl.ac.uk/spm/software/spm12/
https://github.com/xxlya/BrainGNN_Pytorch
https://github.com/HennyJie/BrainGB
https://github.com/CRIPAC-DIG/GCA
https://github.com/liun-online/SpCo
https://github.com/GXM1141/MA-GCL
https://github.com/hengruizhang98/CCA-SSG
https://github.com/LarryUESTC/GATE
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TABLE II: Performance (%) on the ABIDE and ADHD datasets. SL represents supervised learning, and SSL represents self-
supervised learning. The best results are bold and the second are underlined.

Methods ABIDE ADHD

ACC AUC Recall F1-score ACC AUC Recall F1-score

SL BrainGNN 58.4 ± 2.8 50.8 ± 4.1 55.6 ± 4.7 55.6 ± 9.5 55.8 ± 1.2 58.0 ± 4.9 46.3 ± 4.2 55.9 ± 4.2

BrainGB 61.1 ± 3.9 62.3 ± 3.6 65.4 ± 5.2 63.6 ± 10.2 56.2 ± 7.1 59.6 ± 5.2 56.2 ± 4.6 61.6 ± 6.3

SSL

MA-GCL 52.8 ± 5.8 52.7 ± 4.3 51.1 ± 5.1 49.7 ± 4.8 50.1 ± 5.6 48.5 ± 6.2 46.5 ± 3.7 45.2 ± 6.4

GCA 53.1 ± 6.1 52.9 ± 6.1 64.4 ± 7.4 61.8 ± 5.2 50.8 ± 2.4 52.4 ± 5.1 59.4 ± 3.6 53.6 ± 4.4

SpCo 61.1 ± 5.2 56.0 ± 7.8 68.5 ± 4.9 58.8 ± 5.3 55.8 ± 4.1 58.0 ± 4.9 58.5 ± 3.7 55.9 ± 5.1

CCA-SSG 61.7 ± 5.3 52.6 ± 6.2 65.8 ± 5.9 62.8 ± 4.1 56.6 ± 5.8 60.3 ± 2.6 60.3 ± 4.4 58.0 ± 8.6

GATE 62.9 ± 3.4 62.8 ± 6.1 64.4 ± 7.3 65.0 ± 5.2 60.1 ± 5.2 52.6 ± 3.8 62.8 ± 9.3 60.9 ± 5.5

FENet (ours) 87.5 ± 3.9 84.7 ± 4.1 83.3 ± 4.8 86.9 ± 4.8 77.8 ± 4.1 67.9 ± 4.4 66.7 ± 2.9 75.0 ± 5.2

accuracy, the area under the ROC curve (AUC), recall, and
F1-score.

VI. RESUTLTS AND DISCUSSION

A. Performance Comparison

We evaluate the proposed model against various baseline
methods, as summarized in Table II. The results indicate that
our method outperforms all baselines across multiple metrics.
Specifically, for autism detection, FENet shows 24.6%, 21.9%,
14.8%, and 21.9% relative improvements in terms of accu-
racy, AUC, recall, and F1-score. Similarly, ADHD detection
demonstrates 17.7% higher accuracy, 15.3% improvement in
AUC, 3.9% increase in recall, and 14.1% gain in F1-score,
highlighting its effectiveness in psychiatric disorder classifica-
tion. Existing SSL-based approaches outperform supervised
methods overall, indicating that self-supervised training ef-
fectively learns brain graph representations under data-scarce
conditions. The suboptimal performance of methods such
as MA-GCL and GCA may be attributed to their reliance
on manually defined contrastive learning objectives, which
lack relevant prior knowledge. In contrast, similarity-based
approaches offer greater flexibility but still fail to incorpo-
rate frequency information. While SpCo emphasizes high-
frequency spectral information under graph perturbations, it
remains encoded in the time domain, limiting its ability to
capture frequency-domain semantic information. In contrast,
our model integrates frequency information into a similarity-
based framework and accounts for temporal, spatial, and
frequency features, resulting in the best overall performance.

B. Data-efficient Ability Study

We highlight that the ultimate success of SSL hinges on
effectively utilizing limited samples, indicating that a well-
designed SSL method can leverage additional labeled data
for fine-tuning downstream tasks and further boosting per-
formance. To validate the robustness of our model under
limited-sample conditions, we keep the unlabeled training data
fixed and vary the proportion of labeled data used for fine-
tuning. We adopt CCA-SSG as a baseline for comparison,
which shares a CCA-based learning objective and performs
as the benchmark model for similarity-based SSL. As shown

(a) ABIDE

(b) ADHD

Fig. 5: Accuracy (%) of FENet and CCA-SSG at different
labeled data rates for fine-tunning.

in Figure 5, our method consistently outperforms the baseline
(CCA-SSG) across all percentages of labeled data in both
datasets. Specifically, when the amount of fine-tuning data
is reduced to 20% of the full dataset, the performance gap
becomes most pronounced, that FENet surpasses CCA-SSG
by 25.8% and 21.2% on the ABIDE and ADHD datasets,
respectively, consistent with the results reported in Table II.
Moreover, even with only 10% of labeled data, our model
maintains strong performance, achieving 78.8% accuracy on
ABIDE and 72.1% on ADHD. These findings demonstrate
the data efficiency of our method, showing that it can deliver
reliable results even under limited supervision.
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(a) ABIDE

(b) ADHD

Fig. 6: Performance (%) of the model at different filter settings.
The vertical lines (error bars) on the graph represent the
variance of the data.

C. Ablation Study

1) Effectiveness of Graph Filter: We incorporate frequency
information to investigate its contribution to brain disorder
detection, particularly emphasizing the role of high-frequency
components. Additionally, we evaluate the impact of different
graph filter settings. As shown in Figure 6, the high-pass filter
attains the highest AUC and recall on the ADHD dataset, sug-
gesting that high-frequency information, particularly related
to exposure tasks, is closely associated with ADHD—where
faster neural oscillations are indicative of cognitive processing
deficits [15]. In contrast, the band-pass filter capturing middle-
frequency components has a limited impact on classification,
especially for ADHD. Moreover, detection based on low-
frequency components significantly outperforms state-of-the-
art baselines that ignore the frequency information, achiev-
ing 73.8% and 72.2% accuracy on the ABIDE and ADHD
datasets, respectively. This highlights the importance of global
brain structural changes in enhancing disease detection. These
findings are consistent with existing medical studies [14], [15],
confirming that both low- and high-frequency information
is crucial for psychiatric disorder detection. Therefore, our
method applies both low-pass and high-pass filters to extract
low- and high-frequency components of brain signals while
filtering out mid-frequency components to enable efficient and
effective frequency-domain analysis, which achieves superior
performance across both datasets.

(a) ABIDE

(b) ADHD

Fig. 7: Performance (%) of the model with different learning
objective settings. The vertical lines (error bars) on the graph
represent the variance of the data.

2) Effectiveness of Learning Objective: To validate the
effectiveness of our learning objective, namely, the improved
CCA strategy guided by domain consistency for integrating
time-frequency information, we conducted comparative exper-
iments using several variants of our method with alternative
objective functions. In particular, we designed three variants:
i) CCA strategy: a variant using CCA but with identical trade-
off coefficients applied to representations from both domains;
ii) Cosine Similarity: replacing our CCA-based objective with
a cosine similarity strategy following [65]; iii) Cosine Simi-
larity + decorrelation loss: an improved version of the cosine
similarity approach, enhanced by incorporating an additional
decorrelation term to examine its contribution. Experimental
results shown in Figure 7 demonstrate that the CCA strategy
consistently outperforms the baseline cosine similarity loss,
indicating its effectiveness in multi-view fusion. However, its
performance is slightly inferior to our proposed method. We at-
tribute this to the differing levels of discriminative information
in the time and frequency domains; applying distinct trade-
off coefficients for each decorrelation term enables better bal-
ancing of representation learning across domains.Additionally,
incorporating the decorrelation term noticeably improves the
cosine similarity-based model, highlighting the importance of
preserving domain-specific semantic information. Nonetheless,
its performance remains inferior to the CCA strategy. This gap
likely arises because cosine similarity lacks explicit constraints
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(a) ABIDE

(b) ADHD

Fig. 8: Accuracy (%) of FENet with different values of γ and
β in Equation (11).

for aligning cross-domain representations, making it prone
to training instability and local optima. As a result, while it
achieves competitive recall, its overall performance is limited
due to insufficient global alignment of time-frequency features.

3) Effect of Decorrelation Intensity: To achieve an op-
timal trade-off between time-domain and frequency-domain
information, we conduct a sensitivity analysis by adjusting
the decorrelation parameters in the objective function, which
controls the influence of each domain. This analysis eval-
uates the effectiveness of different information sources. As
shown in Figure 8, the results on both datasets indicate that
the model performs well within a narrow parameter range
(γ ≤ 1e−5, β ≤ 1e−4). We attribute this to the model’s
adherence to the domain consistency principle, which en-
hances overall performance by encouraging the learning of
fusion representations that capture shared attributes between
time-domain and frequency-domain data. Conversely, larger
parameter values lead to the learning of irrelevant embed-
dings rather than discriminative ones, ultimately reducing
performance. Notably, the parameter for frequency-domain
decorrelation is more significant than that for the time domain,

suggesting that the model preserves greater invariance in
frequency representations. This implies that frequency-domain
signals provide richer dynamic features in the integrated brain
network representation. Based on these findings, we set the
parameters γ to 1e−5, and β to 1e−4 to achieve a balanced
utilization of time-domain and frequency-domain information.

VII. CONCLUSION

This paper introduces FENet, an innovative and effective
SSL framework designed to learn diverse information about
fMRI data under limited-sample conditions, facilitating effi-
cient disease detection. FENet explicitly integrates frequency
and time information to provide a holistic understanding
of brain activities. Specifically, multi-view brain graphs in
both time and frequency domains are constructed, and cor-
responding information encoders in two domains are em-
ployed to extract temporal-spectral features while exploring
their correlations with brain function. Further, to balance the
utilization of these features, FENet uses a domain consistency-
guided learning objective to maximize the invariance across
two views, constructing frequency-enhanced brain network
representations. Experimental results on two real-world neural
imaging datasets demonstrate that FENet significantly out-
performs existing baselines. Moreover, our analysis high-
lights that frequency information provides critical insights
into disease-related brain dynamics, with high-frequency com-
ponents playing a particularly significant role in capturing
localized disruptions and neural oscillation abnormalities as-
sociated with psychiatric disorders. In future research, we will
further enhance the modeling of temporal dependencies across
multiple domains. Additionally, we aim to design an adaptive
representation fusion module that leverages frequency-domain
information, enabling a more effective joint analysis of time-
domain and frequency-domain features.
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