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Abstract

The diagnosis of attention-deficit/hyperactivity disorder (ADHD) has long relied on subjec-
tive scales, lacking objective neuroimaging biomarkers. Static functional connectivity (sFC)
and dynamic functional connectivity (dFC), as commonly used metrics in resting-state func-
tional magnetic resonance imaging (rs-fMRI) analysis, provide important perspectives for
related research. However, existing unimodal approaches struggle to effectively integrate
the spatiotemporal characteristics of functional connectivity. To address this, this paper pro-
poses the multimodal fusion framework D-SFANet, which synergistically models the static
and dynamic features of brain functional connectivity through an attention mechanism: in
the static path, it integrates a multi-scale convolutional network with phenotypic informa-
tion extraction to extract hierarchical topological features; in the dynamic path, it combines
graph theory with a bidirectional long short-term memory network (BiLSTM) to capture
key state transition patterns in brain networks. Experimental validation demonstrates that
D-SFANet achieves significantly higher classification accuracy than existing mainstream
methods, robustly validating the effectiveness of its spatiotemporal fusion strategy.

Keywords: ADHD classification; multimodal fusion framework; D-SFANet; functional
connectivity

MSC: 68T07; 68T09

1. Introduction
Attention-deficit/hyperactivity disorder (ADHD) is a typical neurodevelopmental

disorder whose core symptoms are closely associated with abnormalities in brain functional
networks [1]. Resting-state functional magnetic resonance imaging (rs-fMRI) measures
oxygen-dependent blood signals (BOLD) to capture functional coupling characteristics
between brain regions [2]. Based on fMRI data, researchers can quantify functional con-
nectivity (FC) by calculating the statistical correlation (e.g., Pearson correlation coefficient)
between the time series of the BOLD signal from different regions of the brain, thus char-
acterizing collaborative neural activity patterns between regions of the brain [3]. Static
functional connectivity (sFC) is constructed based on an entire resting-state functional mag-
netic resonance imaging (rs-fMRI) scan (approximately 5 min), while dynamic functional
connectivity (dFC) is analyzed over a shorter time period. Due to the different time scales
employed, these two connectivity measures provide complementary information: sFC
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reflects relatively stable functional connectivity patterns throughout the entire scan, while
dFC captures dynamic fluctuations in functional connectivity at the second-to-minute level.
Representing the brain as both the sFC and the dFC networks helps to provide a more
comprehensive and multi-faceted understanding of the functional mechanisms of the brain
and their changes in disease [4].

Current research primarily uses sFC to construct classification models, i.e., by calcu-
lating the Pearson correlation coefficient of the BOLD signal time series between brain
regions throughout the entire scanning period to construct a stable connectivity matrix.
However, sFC implicitly assumes that brain networks remain constant during the scanning
period, and this inherent limitation makes it difficult to capture the dynamic functional
reorganization characteristics closely associated with ADHD [5]. In contrast, dFC analyzes
the temporal evolution of brain networks using a sliding-window method, offering a new
perspective for studying the dynamic pathological mechanisms of ADHD [6,7]. However,
existing dFC analysis methods face a critical challenge: short time windows (<60 s) improve
temporal resolution but are prone to noise interference, leading to feature distortion, while
long time windows (>90 s) improve feature stability but blur transient yet critical brain
state transitions [8–10]. It should be noted that sFC and dFC carry the spatial stability
and temporal dynamic characteristics of brain networks, respectively, and that the two
are complementary, providing new insights to improve the classification performance of
ADHD [11]. Therefore, how to effectively integrate static and dynamic dual-modal features
to construct a diagnosis model with spatiotemporal sensitivity has become a key issue in
current research.

While prior studies have explored static functional connectivity (sFC) modeling using
convolutional neural networks, dynamic functional connectivity (dFC) analysis based
on sliding-window strategies, graph-theoretic descriptors, and temporal modeling with
recurrent networks (e.g., LSTM or BiLSTM), these components are typically investigated in
isolation or combined in a loosely coupled manner. In particular, most existing multimodal
approaches either process sFC and dFC independently or rely on simple feature concatena-
tion or late fusion strategies, which fail to explicitly capture the mutual dependency and
complementary interactions between static and dynamic brain connectivity representations.

The primary novelty of this work lies in the proposed D-SFANet framework, which
introduces an attention-guided fusion mechanism to model the interaction between sFC-
derived and dFC-derived features. Specifically, static functional connectivity representa-
tions are first projected into a shared embedding space and subsequently used to attend
to dynamic functional connectivity features, enabling static-to-dynamic feature guidance
during the fusion process. This design allows the model to adaptively emphasize dynamic
connectivity patterns that are most relevant to the global structural characteristics encoded
by static connectivity, thereby achieving heterogeneous and adaptive integration across
temporal scales without relying on a fixed or heuristic fusion scheme.

As a secondary contribution, we incorporate phenotypic information into the feature
learning process through a phenotype-aware modulation mechanism, which adaptively
adjusts connectivity representations across subjects. This design enhances the robustness
and generalization ability of the model under heterogeneous clinical characteristics and
data acquisition conditions.

The effectiveness and necessity of each proposed component are systematically vali-
dated through targeted ablation studies on fusion strategies and phenotypic integration,
as well as repeated cross-validation with confidence interval estimation.
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2. Related Work
2.1. Classification Methods for ADHD

In recent years, various functional connectivity-based methods have made significant
progress in the field of diagnosis of ADHD. Compared with traditional subjective judg-
ment methods, rs-fMRI-based FC models can not only extract functional connectivity as a
potential biomarker for the classification of brain diseases but also identify areas of lesion,
making them more objective and therefore attracting widespread attention. For example,
Dongren Yao et al. utilized different region-of-interest (ROI) segmentation scale templates
to construct sFC and input it into a triplet GCN (TGCN) module to learn the functional
structural representation of brain connectivity networks on various scales, thus achieving
the classification of ADHD [7]. Zhang et al. designed a multi-GCN generative adversarial
network (MGCN-GAN) to learn representations of sFC by inferring individual structural
connectivity based on functional connectivity [12]. Jie et al. designed weighted correlation
kernels in convolutional neural networks to extract hierarchical features of dFC for the
diagnosis of disease [13]. Xing et al. [14] utilized a GCN to extract features from dFC
segments, and then processed them through long short-term memory (LSTM) layers to
learn dFC representations.

However, it is unrealistic to assume that brain connectivity is purely static or purely
dynamic. The aforementioned studies only used a single feature extracted from sFC or
dFC for classification, ignoring the temporal and stability characteristics of functional
connectivity. Recent studies have shown that integrating sFC and dFC may enhance
the performance of brain disease identification [11]. Based on this, this paper proposes a
classification model that integrates sFC and dFC features, aiming to combine the advantages
of both to more comprehensively and accurately capture abnormal functional connectivity
in the brains of patients with ADHD, thus improving diagnostic accuracy and reliability,
and providing stronger support for clinical diagnosis.

2.2. Feature Extraction of Functional Connectivity

In brain network research, researchers widely apply convolutional neural network
methods, applying convolutional operations to the processing of brain network image
data. For example, Biao Jie et al. constructed a CNN framework based on convolutional
kernels for the diagnosis of Alzheimer’s disease using fMRI data [13]. Kai Lin et al. pro-
posed a convolutional recurrent neural network (CRNN) for the classification of automated
encephalopathy [15]. Related studies have shown that phenotypic information plays an
important role in the evaluation of intellectual development and the diagnosis of mental
illness [16]. For example, Riaz et al. demonstrated the contribution of phenotypic character-
istics such as age and sex when using them as inputs to a resilient network feature selection
algorithm for the classification of ADHD using rs-fMRI [17].

Brain functional networks can be abstracted as graph structures with brain regions as
nodes and functional connections as edges. Graph theory methods are advantageous in
feature extraction and analysis of functional connections due to their ability to adapt to com-
plex network relationships and capture both global and local characteristics. Some studies
have integrated multiple graph theory features for the diagnosis of ADHD, achieving better
performance than single features [18] For example, Rezaei et al. used rs-fMRI to calculate
graph theory metrics of brain functional connectivity, combined with RFE feature selection
and an SVM classifier to classify untreated ADHD children and typically developing (TD)
children, and statistically analyzed brain network graph theory metrics [19]. Hu et al.
constructed a functional connectivity network based on rs-fMRI data using graph theory
and employed a 2LAGCN model with self-attention pooling mechanisms to distinguish
between ADHD patients and typically developing individuals [20].
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However, the above studies have obvious limitations: on the one hand, they mainly
focus on feature extraction of functional connectivity networks themselves, ignoring the po-
tential relationship between phenotypic features and functional connectivity features; on the
other hand, the studies are mostly concentrated on the graph theory characteristics of sFC,
and there is a lack of sufficient exploration of the temporal evolution characteristics of dFC.

To address these limitations, this paper proposes a solution: designing a CNN-based
sFC feature extraction method to overcome the limitations of traditional CNNs in terms
of insufficient fusion of phenotypic information and single-convolution-kernel scale, and
proposing a temporal topological feature extraction architecture to capture dFC features,
which calculates multi-scale topological features while implementing a BiLSTM to model
the temporal evolution of dFC. This collaborative strategy enables the retention of dFC’s lo-
cal spatial characteristics while capturing its global temporal dynamic topological character-
istics, achieving a unified representation of the spatiotemporal fusion of the brain network.

3. Methodology
The general framework of this paper is shown in Figure 1. The following sections

describe the model in detail.

Figure 1. Multimodal fusion framework process flow.

3.1. Static Functional Connectivity Feature Extraction

This paper is inspired by the BrainNetCNNs technique [21] and uses convolutional
neural networks (CNNs) to extract features from the sFC. In traditional image classification,
standard square convolution kernels (such as 3 × 3 or 5 × 5) are often used for feature extrac-
tion. However, functional connectivity matrices possess unique topological characteristics:
the i-th row represents the correlation between the i-th region of interest (ROI) and all
other ROIs. This global connectivity makes it challenging for traditional small convolution
kernels to fully preserve topological information. To address this issue, this paper proposes
a multimodal fusion-based static functional connectivity feature extraction method, whose
core architecture consists of a heterogeneous convolution encoder and a cross-modal atten-
tion mechanism. Based on the Automatic Anatomical Labeling Template (AAL-116), which
divides preprocessed fMRI data into 116 regions of interest (ROIs), the preprocessed sFC
matrix (size 116 × 116) is reconstructed into a two-dimensional topological brain region
map and input into a three-branch parallel convolutional network for multi-scale feature
decomposition: the first branch (local convolution) uses a 3 × 3 convolution kernel to extract
short-range functional coupling patterns between adjacent brain regions, the second branch
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(longitudinal global convolution) uses a 116 × 1 convolution kernel to focus on captur-
ing long-range functional interaction features across brain regions, and the third branch
(lateral convolution) uses a 1 × 116 convolution kernel to analyze distributed topological
structure features. The feature maps output by each branch are reduced in dimension via
a 2 × 2 max pooling layer and then concatenated and fused along the channel dimension.
The fused features are subsequently flattened into vectors and input into a 128-dimensional
fully connected layer for nonlinear mapping, ultimately generating a static topological
representation with high discriminative power.

In order to enhance the biological significance of feature representations, this study
innovatively introduces a phenotypic attention fusion mechanism: first, Z-score normaliza-
tion is performed on age features, and binary coding is implemented on gender features;
subsequently, phenotypic attention weight vectors are generated through the fully con-
nected layer, and the brain network features extracted by multi-scale convolution are
dynamically weighted, which is calculated as follows:

Ffinal = α⊙ FsFC ⊕ Fpheno (1)

where α is the attention weight,⊙ denotes the Hadamard product, and⊕ is the operation of
feature splicing. The design enables the model to adaptively enhance diagnostically relevant
biological features by establishing phenotype–brain function mapping relationships and
ultimately produces fused feature vectors that combine both static connectivity topology
and phenotypic modulation information.

3.2. Feature Extraction of Dynamic Functional Connectivity

To overcome the limitations of sFC averaging in processing temporal information,
this paper proposes a multi-scale spatiotemporal feature fusion framework based on
dFC. By capturing the time-varying characteristics of the functional coupling strength
between brain regions, this framework more sensitively reflects the dynamic reorganization
of ADHD-related neural circuits. Based on this architecture, graph theory metrics are
introduced to quantify the hierarchical topological relationships among nodes in dynamic
functional connectivity, including node hubness, subnetwork robustness, and whole-brain
information transmission efficiency [22].

This study selected betweenness centrality as an indicator to quantify the hubness of
nodes, calculating the proportion of nodes participating in the shortest path in the whole-
brain network to quantify the importance of functions of the brain region [23]. For the
network composed of 116 ROIs throughout the brain, traditional methods to calculate the
centrality of the interaction suffer from high time complexity (O(n³)). This study employs
an improved Infomap algorithm that uses a hierarchical dimensionality reduction strategy.

Specific improvements include the following: 1. Introducing the traversal probability
parameter τ, which allows random wandering to jump across communities with probability
τ/(n− 1) and improves the algorithm’s adaptability to the dynamic topology of the brain
network. 2. Iterative partitioning of the dynamic communities (Equation (2)), based on the
minimization of the length of the information flow description, L(M), to achieve a stable
clustering of the subnetworks in each time window, and the whole brain network efficiently
decomposed into m communities (m ≪ n). Based on this, the time-window functional
connectivity matrix is first divided into communities, and the median centrality of each
brain region is subsequently calculated at the subnetwork level (Equation (3)).

pα→β → (1− τ)pα→β +
τ

n
(2)

https://doi.org/10.3390/math14050851

https://doi.org/10.3390/math14050851


Mathematics 2026, 14, 851 6 of 21

BCi = ∑
s ̸=i ̸=t

ni
st

gst
(3)

where gst represents the shortest path from node s to node t, and ni
st denotes the shortest

path through node i in the shortest path from node s to node t.
Research suggests that ADHD may be associated with functional abnormalities in

specific regions of the brain. This study adopted the system of segmentation of the brain
region using the Automatic Anatomical Labeling Template (AAL-116), adding 26 cerebellar
and cerebellar vermis regions to construct the emotional cognitive network (ECN) [24,25],
ultimately forming a segmentation system comprising six functional modules (Table 1).
Local efficiency metrics were used to quantify the dynamic functional characteristics of the
modules. The calculation method involves removing the target node and then calculating
the average shortest path length of the subgraph formed by the remaining adjacent nodes,
thereby reflecting the rate of information integration in the brain regions and revealing
differences between ADHD patients and healthy controls in the dynamic reorganization of
the brain network. The formula is as follows:

Eloc =
1

NGi(NGi − 1) ∑
j ̸=k∈Gi

1
lj,k

(4)

where Gi denotes the subgraph formed by its neighboring nodes after removing node i,
NGi is the number of subgraph nodes, and lj,k denotes the shortest path length between
nodes j and k [26].

Table 1. Brain network partitioning.

Module Name Corresponding AAL Template Regions (Selected Representative Regions)

Sensorimotor Network (SMN)
Right Supplementary Motor Area, Bilateral Precentral Gyrus, Postcentral Gyrus, Superior
Parietal Lobule, Superior Parietal Gyrus, Supramarginal Gyrus, Insula, Superior Temporal
Gyrus, Heschl’s Gyrus

Visual Network (VN) Bilateral Superior, Middle, and Inferior Occipital Gyrus, Cuneus, Calcarine Sulcus, Fusiform
Gyrus, Lingual Gyrus

Attention Network (AN) Bilateral Middle, Inferior, and Superior Frontal Gyrus, Angular Gyrus, Inferior
Parietal Lobule

Default Mode Network (DMN) Bilateral Anterior Cingulate, Medial Superior Frontal Gyrus, Posterior Cingulate, Precuneus,
Middle Temporal Gyrus

Subcortical Network (SN) Bilateral Parahippocampal Gyrus, Hippocampus, Amygdala, Temporal Pole, Olfactory
Cortex, Thalamus, Caudate Nucleus, Putamen, Pallidum

Global efficiency is defined by quantifying the average reciprocal of the shortest
paths between all nodes in the network, representing the overall efficiency of information
transmission in the network. The higher the value, the stronger the brain network’s ability
to integrate information. This study constructed a dynamic functional connectivity matrix
based on a sliding time window and calculated global efficiency for each window to
characterize the spatiotemporal evolution of the functional state of the brain network [27].

In order to distinguish between brain time-slice modeling and conventional time-
series analysis, a two-layer BiLSTM architecture is used to achieve context-aware feature
encoding. The first layer captures forward–backward long-range dependencies within a
time window via the bidirectional LSTM(50), while the second layer extracts temporal latent

https://doi.org/10.3390/math14050851

https://doi.org/10.3390/math14050851


Mathematics 2026, 14, 851 7 of 21

patterns using LSTM(50) and finally compresses key dynamic features through Dense (25,
activation = ‘relu’) [28,29]. The mathematical representation of the BiLSTM is as follows:

Forward LSTM :
−→
ht = H

(
W

x
−→
h

xt + W−→
h
−→
h

−−→
ht−1 + b−→

h

)
(5)

Backward LSTM :
←−
ht = H

(
W

x
←−
h

xt + W←−
h
←−
h

←−−
ht−1 + b←−

h

)
(6)

Combined Output : yt = H
(

W−→
h y

−→
ht + W←−

h y

←−
ht + by

)
(7)

Here, W
x
−→
h
∈ Rdx×dh denotes the weight matrix from the input to the forward hidden

state, W−→
h
−→
h
∈ Rdh×dh denotes the weight matrix from the forward hidden state to itself,

W−→
h y
∈ Rdh×dy and W←−

h y
∈ Rdh×dy denote the weight matrices from the forward and

backward hidden states to the output, b−→
h
∈ Rdh is the bias term for the forward hidden

state, and by ∈ Rdy is the bias term for the output.
To eliminate feature redundancy and generate spatiotemporally consistent sample-

level representations, PCA (ncomponents = 50) is also used to eliminate feature redun-
dancy, and sample-level representations are generated by mean pooling. Compared
with traditional unidirectional LSTM, BiLSTM autoencoders can simultaneously capture
feedforward–feedback information transmission patterns of brain networks, which are
more consistent with the neural mechanisms of continuous contextual information guidance
in cognitive functions.

3.3. Integration of Static and Dynamic Features

Feature fusion is a key technique in deep learning tasks, especially in scenarios involv-
ing multiple sources of connectivity information. Effectively integrating heterogeneous
features to improve classification performance remains a critical challenge. Traditional
fusion strategies, such as direct feature concatenation, are simple to implement but often fail
to capture the complex dependency structure between static and dynamic representations.

To address the complexity of integrating static and dynamic features, this study
proposes a bidirectional cross-attention (BCA) mechanism. Given static features S ∈ RN×ds

and dynamic features D ∈ RT×dd , we first project them into a unified feature space via a
linear transformation:

S′ = SWs (Ws ∈ Rds×d) (8)

D′ = DWd (Wd ∈ Rdd×d) (9)

To model the interaction between static and dynamic features, we introduce a
static-guided attention mechanism in which the projected static features serve as query
vectors, while dynamic features act as key–value pairs. The attention distribution is
computed as follows:

α = softmax
(

S′D′√
d

)
(10)

D̃ = αD (11)
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Here, α denotes the attention weights that quantify the influence of static features on
dynamic features, and D̃ represents the dynamic feature representation reweighted under
the guidance of static structural information.

Finally, the original projected static features and the attention-weighted dynamic
features are concatenated to form the fused representation:

F = S′ ∥ D̃ (12)

This fusion strategy effectively integrates heterogeneous features by retaining the
global topological characteristics of static functional connectivity while incorporating
dynamic information that has undergone adaptive filtering based on static features.

Compared with bidirectional or symmetric attention mechanisms, the proposed static-
guided attention design offers several advantages. Static functional connectivity captures
stable and global interaction patterns of brain networks, providing a reliable structural
prior for feature selection. By using static features to guide the reweighting of dynamic con-
nectivity representations, the model can suppress transient or noisy temporal fluctuations
and emphasize dynamic patterns that are consistent with the underlying network organiza-
tion. This results in a more stable and interpretable fusion process, which is particularly
beneficial under limited sample sizes and inter-subject variability.

3.4. Classifiers

To improve the generalization ability and classification accuracy of the model, this
study adopts the voting classifier architecture [30]. This architecture integrates four base
classifiers: Logistic Regression, Support Vector Machine (SVC), Random Forest, and K-
Nearest Neighbors (KNN). By aggregating their prediction results and leveraging model
diversity, it compensates for the decision biases of individual classifiers. Specifically, a “soft
voting” strategy is used to integrate the output of the base classifiers: each classifier’s
predicted category probability is weighted in the voting process. This strategy considers
the probability outputs of different classifiers to make the final category determination,
potentially enhancing the model’s adaptability and classification accuracy across diverse
samples. Due to the limited scale of publicly available ADHD functional magnetic res-
onance imaging data, no additional samples were introduced in this study. To enhance
the robustness and statistical reliability of the performance evaluation, a 10-fold cross-
validation strategy was used to assess the model. Specifically, the experiment repeated the
10-fold cross-validation five times. The 95% confidence interval for the AUC was estimated
using bootstrap resampling based on all out-of-fold predictions, thus mitigating evaluation
bias caused by random data partitioning.

4. Experiments
4.1. Materials and Pre-Treatment

This study utilized multi-subject resting-state fMRI data from the ADHD-200
dataset [31], which includes samples from three sites—New York University (NYU),
the Kennedy Krieger Institute (KKI), and Peking University—along with their correspond-
ing phenotypic information (see Table 2 for details). All rs-fMRI data were preprocessed
using a standard pipeline, including slice-timing correction, head-motion realignment,
and spatial normalization to a standard template (e.g., MNI space). Spatial smoothing was
performed with a Gaussian kernel (FWHM = 4–8 mm). To reduce confounding motion
and physiology-related nuisance regression, we included Friston-24 motion parameters
and signals from white matter and cerebrospinal fluid, together with linear trend removal.
Temporal band-pass filtering was applied in the 0.01–0.1 Hz range. Volumes with excessive

https://doi.org/10.3390/math14050851

https://doi.org/10.3390/math14050851


Mathematics 2026, 14, 851 9 of 21

motion were identified and removed using framewise displacement (FD) with a threshold
of 0.5 mm, and subjects with a large proportion of censored volumes (e.g., >20%) were ex-
cluded. Global signal regression (GSR) was also considered and is explicitly reported where
it was applied, so as to ensure reproducibility and comparability with previous studies.

Table 2. Description of rs-fMRI datasets.

SITE
ADHD TD

Age (Year) Gender (M/F) Total Age (Year) Gender (M/F) Total

Peking 11.63 ± 2.94 75/11 86 11.12 ± 2.53 75/57 132
KKI 11.60 ± 2.89 20/8 28 11.41 ± 3.17 34/25 59
NYU 11.67 ± 3.18 90/31 121 12.19 ± 3.01 48/48 96

Total 11.62 ± 3.02 185/50 235 11.89 ± 3.26 157/130 287

This study is based on the Automatic Anatomical Labeling Template (AAL-116),
which divides preprocessed fMRI data into 116 regions of interest (ROI) and extracts
the signal dependent on average blood oxygen level (BOLD) within each ROI to form
the corresponding time series. The construction of sFC is based on the assumption that
“functional connectivity remains constant throughout the scan,” achieved by calculating
the Pearson correlation coefficient of all ROIs’ time series throughout the scan period. dFC
is calculated using a sliding-time-window method: the time series is first divided into
consecutive overlapping time windows, and the Pearson correlation coefficients between
ROIs are recalculated within each window to generate a static functional connectivity
matrix for that window. Finally, all window matrices are concatenated along the time
dimension to form a dynamic functional connectivity sequence. The specific construction
process of the static and dynamic functional connectivity matrices is detailed in Figure 2.

Figure 2. Illustration of static functional connections and dynamic functional connections.

4.2. Experimental Setup

This paper uses the Peking site experiment as an example to illustrate the parameter
settings. To suppress false weak connection interference and strengthen the interaction
characteristics of key brain regions, a threshold method based on the Pearson correlation
coefficient (r) between ROIs is used to perform sparsification processing on the functional
connectivity matrix: when |r| < θ, the value is set to zero and the original value of |r| ≥ θ

https://doi.org/10.3390/math14050851
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is retained. Reference [27] suggests controlling edge density within the 10–20% range to
maintain the small-world properties of the functional connectivity network. After valida-
tion of the grid search, set θ = 0.3. This sparsification strategy is applied simultaneously to
the feature extraction processes of sFC and dFC, respectively, by constructing sparsified
sFC and dFC matrices as dual-path inputs.

This paper uses a CNN combined with a phenotypic attention fusion strategy to
extract sFC features. First, BOLD signal time series for each ROI are extracted based on the
AAL-116 template. A 116 × 116 symmetric functional connectivity matrix is constructed by
calculating the Pearson correlation coefficient over the entire period of time. This matrix
is input into a multi-branch CNN architecture, where each branch undergoes 32-channel
convolution (ReLU activation) and 2 × 2 max pooling before being concatenated and fused,
resulting in a 128-dimensional fully connected feature vector.

At the same time, phenotypic characteristics are standardized and encoded: age is stan-
dardized using Z-scores, and gender is encoded using a binary system (male = 1/female = 0).
An innovative attention-weighted mechanism is introduced, which uses a sigmoid activa-
tion function to learn adaptive weights for CNN features, thereby reinforcing key topologi-
cal features related to phenotypes. Finally, the weighted features are concatenated with the
phenotypic vector to form a highly discriminative static feature representation.

In dFC feature extraction, the functional connectivity matrix is first calculated for
each sliding time window, and three graph-theoretic metrics—betweenness centrality, local
efficiency, and global efficiency—are extracted to characterize the topological properties
of the brain network. The improved Infomap algorithm is used to group the static sFC
matrix (visualization results shown in Figure 3, with different colors representing different
clusters), and the centrality of the relationship between nodes within each subgroup is
calculated based on this grouping. Furthermore, based on the six predefined functional
subnets (see Table 1), the local efficiency of each subnetwork (six subnetworks × seven
windows) and the global efficiency of the entire network (one × seven windows) are
calculated for each time window. Combined with the centrality of the intermediation
of 116 brain regions (116 × seven windows), a set of multidimensional dynamic features
is constructed. Figure 4 shows the dynamic evolution of the centrality of the difference
through a heat map (rows: 116 regions of the brain; columns: 7 time windows). Multiple
brain regions exhibit high centrality between locations in specific windows, indicating
that they served as key hubs in the dynamic network, providing evidence for analyzing
dynamic dependency relationships within the brain network.

To optimize the temporal parameters, a grid search was conducted to evaluate the
impact of window size (10–40 TR, step size 5) and step size (5–20 TR) on classification
performance (Figure 5, where the X/Y/Z axes correspond to window size, step size, and
accuracy, respectively). The results showed that the optimal performance was achieved
at a window size of 30 TR and a step size of 10 TR. Taking into account both stability and
generalization requirements, the final baseline configuration was set to a window size of
30 TR and a step size of 10 TR. Additionally, transfer learning fine-tuning was performed
based on multi-site heterogeneity to enhance cross-site generalization capabilities.

In the feature fusion stage, standardized time series are reshaped and inputted into
a BiLSTM autoencoder to extract time features, which are then fused with topological
features to form dynamic features. A fully connected layer is used to adjust the dimension
of the dynamic features to match the static features. An attention mechanism is used to
weight and fuse the two to generate a unified feature representation. Finally, the fused
features of all samples are entered into a voting classifier along with the labels to verify the
validity of the features.
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The experiments used a nested ten-fold cross-validation strategy: the outer loop eval-
uated the model performance, and the inner loop optimized the classifier hyperparameters
through grid search. Evaluation metrics including precision, sensitivity, specificity, bal-
anced accuracy, and the area under the ROC curve (AUC) were used to comprehensively
assess the efficacy of the classification.

Figure 3. Brain node clustering visualization graph.

Figure 4. Calculation results of meso-centrality.

Figure 5. Model classification accuracy with different window sizes and step sizes.
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4.3. Statistical Analysis

To investigate differences in the dynamic stability of the brain network between ADHD
patients and healthy controls, this study conducted a coefficient of variation (CV) analysis
based on the local efficiency characteristics of dFC. The coefficient of variation is defined
as the ratio of the standard deviation to the mean, providing a standardized measure of
the temporal fluctuation intensity of functional connectivity within modules: a higher CV
value indicates more intense fluctuations in local efficiency across time windows and lower
connectivity stability; conversely, a lower CV value suggests a more stable network state.
The specific analysis process was as follows: first, the local efficiency of each module was
calculated window by window, and then the CV values for each module were calculated
based on the full-time data; second, abnormal fluctuation modules were identified through
directional difference statistics (calculating the proportion of CV values in the ADHD group
that are greater than those in the control group), with some results shown in Table 3.

Table 3. Local efficiency (LE) differences across brain regions.

Brain Region ∆ LE (Group A) ∆ LE (Group B) ∆ LE (Group C) ∆ LE (Group D)

SMN 0.086460301 0.044320387 0.15717252 0.14212616
AN 0.230182178 0.009030409 0.177758271 0.120759675
SN 0.010650497 0.098286024 0.050879175 0.047869947

4.4. Ablation Experiment

To validate the effectiveness of static and dynamic pathways, this study designed a
systematic ablation experiment. In the static pathway analysis, two comparison schemes
were employed to evaluate feature contributions: (1) removal of phenotypic features and
use of only static functional connectivity features extracted via convolutional methods, and
(2) classification using only static features extracted from the paths. For dynamic paths,
a similar dual-control design was employed: (1) classification using only dynamic features
extracted from paths via graph theory, with the LSTM module removed, and (2) classi-
fication using only dynamic features extracted from dynamic pathways. To validate the
contribution of the proposed single-attention mechanism fusion guided by static functional
connectivity features to classification, feature contributions were evaluated using two com-
parison schemes: (1) removing the attention mechanism and using simple concatenation
to fuse static and dynamic connectivity features, and (2) using a bidirectional attention
mechanism to fuse static and dynamic connectivity features.

4.5. Runtime Profiling and Complexity Analysis

Meanwhile, we separately analyzed the theoretical time complexity and empirical
runtime of each major module (Table 4). Runtime evaluation was conducted at the subject
level, as feature extraction was performed independently for each subject, and the overall
runtime at the dataset level scaled linearly with the number of subjects.

As shown in Table 4, the primary computational cost comes from the dynamic func-
tional connectivity module, particularly feature extraction based on bidirectional long
short-term memory (BiLSTM) and the subsequent dimensionality reduction step of the
Principal Component Analysis (PCA). This result aligns with expectations, as modeling
time across multiple sliding windows is central to capturing dynamic brain connectivity
patterns. In contrast, static functional connectivity feature extraction—including spatial
modeling via convolutional neural networks and attention-based fusion with phenotypic
features—incurs minimal computational overhead.
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Table 4. Computational time of each module in the proposed framework.

Module Processing Step Time (s)

Static FC (sFC)
Static FC computation 0.025
CNN feature extraction 0.464
Attention-based fusion 0.009

Dynamic FC (dFC)

Sliding-window & graph metrics 6.309
BiLSTM autoencoder training 2.212
BiLSTM feature extraction + PCA 25.817
Feature aggregation 0.000

Classifier Voting classifier training & inference 5.690
Note: The reported computational time corresponds to the average runtime for processing a single subject,
including both feature extraction and classification stages. All experiments were conducted on the same hardware
platform to ensure fair comparison. The results indicate that the dynamic functional connectivity (dFC) module
is the most time-consuming component, mainly due to the BiLSTM-based feature extraction, while the static
functional connectivity (sFC) module is computationally efficient.

The voting classifier introduces additional costs due to ensemble learning and cross-
validation, yet its runtime remains moderate and does not constitute a primary com-
putational burden. In general, this framework achieves a reasonable balance between
modeling capability and computational efficiency, demonstrating its feasibility for practical
neuroimaging applications.

5. Results and Discussion
5.1. Comparative Framework

The framework proposed in the literature [19] utilizes graph theory to extract brain
network features from resting-state fMRI data, then uses a recursive feature elimination
algorithm to select the most discriminative subset of features, and finally uses a gradient-
boosting (GB) classifier for classification.

The Attentional Attribute Enhancement Network (AAEN) proposed in the litera-
ture [32] improves the performance of ADHD classification by combining multimodal
characteristics. The model is based on the Convolutional Variational Autoencoder (CVAE)
framework, which first extracts potential features of brain functional connectivity, subse-
quently introduces phenotypic attributes such as age and gender to generate attentional
weights, and dynamically weights the potential features to highlight key information.
Finally, enhanced features of brain connectivity are fused with original phenotypic data
and input into a Support Vector Machine (SVM) to perform classification.

Ref. [33] proposes a spatiotemporal attention autoencoder (STAAE) to perform spa-
tiotemporal modeling of functional magnetic resonance imaging of the resting state (rs-
fMRI) through unsupervised learning to solve the long-distance-dependent modeling
problem, and to construct a classification framework based on temporal templates of the
resting state (RSTT) to identify patients with ADHD.

The model proposed in [34] has three modules: data enhancement, feature selection,
and classification. Data enhancement connects the network with Gaussian noise, Mixup,
and sliding-window processing functions. Feature selection extracts local and global fea-
tures with the CNN and GAT. Finally, the feature fusion module fuses the two features to
generate an effective feature representation for the identification of patients with ADHD.

Shao et al. [35] extracted 1D functional connectivity and 3D Amplitude of Low-
Frequency Fluctuation (ALFF) features from fMRI data. They proposed an enhanced
gcForest model that integrates these features via a multi-granularity scanning structure,
generating augmented feature vectors for final classification through a cascade forest.
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To provide a more intuitive comparison of the differences between the aforementioned
five references and this study, Tables 5, 6, and 7 systematically compare whether phenotypic
information was incorporated, the static and dynamic functional connectivity features
extracted, and the methods used to fuse these two types of features, respectively.

Although the proposed framework achieved competitive mean AUC values across
different sites, the corresponding 95% confidence intervals remained relatively wide. This
observation indicates that the model performance still exhibits noticeable variability under
different data partitions, suggesting that further improvements are possible.

The relatively broad confidence intervals can be attributed to several factors. First,
the limited sample size and class imbalance inherent in publicly available ADHD neu-
roimaging datasets can amplify performance fluctuations across cross-validation folds. Sec-
ond, inter-site heterogeneity in data acquisition protocols, scanner characteristics, and sub-
ject demographics may further increase variability in model predictions. Inter-site hetero-
geneity may systematically shift both sFC topology and dFC temporal statistics, thereby
affecting learned representations and model performance. This motivates future work on
domain-adaptive learning to improve cross-site robustness and generalization. In addi-
tion, the high dimensionality of functional connectivity features relative to the number of
samples may introduce estimation uncertainty.

These results highlight the necessity of future work focusing on larger multi-site
datasets, improved feature selection or dimensionality reduction strategies, and more
robust domain-adaptive learning frameworks to enhance the generalizability and stability
of ADHD classification models.

Table 5. Comparison of data source and phenotype integration.

Work Data Source Phenotype Integration

[19] rs-fMRI → FC Not considered
[32] rs-fMRI → FC Yes
[33] rs-fMRI Not considered
[34] rs-fMRI → FC Not considered
[35] rs-fMRI Not considered
This work rs-fMRI → sFC & dFC Yes

Table 6. Comparison of static/dynamic FC modeling.

Work Static FC Modeling Dynamic FC Modeling

[19] Graph metrics Not considered
[32] Attention embedding Not considered
[33] Not modeled Attention autoencoder
[34] Deep FC features Window-based FC
[35] Handcrafted FC + ALFF Not considered
This work CNN multi-scale BiLSTM + graph metrics

Table 7. Comparison of static–dynamic fusion strategies.

Work Static–Dynamic Fusion Strategy Notes

[19] No fusion sFC only
[32] No fusion sFC only
[33] No interaction Only temporal modeling
[34] Late fusion/implicit No explicit cross-scale dependency
[35] No fusion Shallow classifier
This work Bidirectional cross-attention Explicit mutual conditioning
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To validate the effectiveness of each component of the feature extraction framework
proposed in this paper, ablation experiments were conducted using data from the PK site.
The results are shown in Table 8. In the static pathway, removal of phenotypic features
reduced the precision of the model from 73.91% to 68.18%, confirming that phenotypic
information plays a critical additional role in modeling static functional connectivity. In
the dynamic pathway, removal of BiLSTM temporal features resulted in a decrease in
classification precision from 77.27% to 72.73%, indicating that temporal encoding effec-
tively improves the ability to represent dynamic functional connectivity in time. The joint
classification precision of the feature fusion framework reached 86.36%, significantly out-
performing the static (73.91%) or dynamic (77.27%) single-feature baselines, and validating
the effectiveness of the multimodal feature synergy mechanism. The experimental results
indicate the following: (1) Phenotypic data and static functional connectivity features
extracted via convolution exhibit complementarity. (2) Temporal modeling enhances the
representational granularity of dynamic functional connectivity. (3) The bidirectional
feature fusion strategy exhibits a nonlinear gain effect.

Table 8. Classification performance of baseline and ablation variants.

Method Accuracy (%) Sensitivity
(%)

Specificity
(%) AUC (%) BAC (%)

Baseline 86.36 81.82 90.91 85.95 86.36
A 73.91 91.67 54.55 87.88 73.11
B 68.18 100.00 36.36 85.12 68.18
C 77.27 72.73 81.82 85.95 77.27
D 72.73 100.00 45.45 88.43 72.73
E 65.22 66.67 63.64 72.73 65.15
F 69.57 45.45 91.67 69.70 68.56

During the feature fusion stage, we further compared the classification performance
differences between simple feature concatenation, bidirectional attention fusion, and unidi-
rectional attention fusion guided by static features. Experiment E used direct concatenation
of static and dynamic functional connectivity features for classification, achieving an accu-
racy of only 65.22%. This result was significantly lower than those obtained using static
(73.91%) or dynamic (77.27%) features alone, indicating that simple concatenation struggles
to effectively capture the intrinsic dependencies between the two feature types and may
instead introduce redundant information and noise interference. Experiment F introduced
a bidirectional attention mechanism to model interactions between static and dynamic
features, improving the classification accuracy to 69.57%. Although this represents an
improvement over simple concatenation (65.22%), it remains significantly lower than the
unidirectional attention fusion strategy employed by our baseline model (86.36%). This
result indicates that symmetric bidirectional feature interactions do not yield further perfor-
mance gains and may instead weaken the global structural constraints provided by static
functional connectivity.

The experimental results demonstrate the following: (1) Phenotypic data exhibit com-
plementarity with static functional connectivity features extracted via convolution. (2) Tem-
poral modeling enhances the representational granularity of dynamic functional connec-
tivity. (3) The unidirectional attention mechanism-based feature fusion strategy, where
static functional connectivity guides dynamic functional connectivity, yields a nonlinear
gain effect.
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5.2. Categorized Performance

Table 9 summarizes the classification performance of the proposed framework at the
NYU, Peking, and KKI sites, including accuracy, sensitivity, specificity, and area under the
curve (AUC). As shown in the table, the proposed model demonstrates high accuracy and
AUC values at all three sites. Among them, the KKI site exhibits the best classification per-
formance, with an accuracy of 90.91% and an AUC value of 96.97%. The model also exhibits
a good balance of sensitivity and specificity across all sites. In particular, the specificity at
both the NYU and KKI sites reaches 100%, indicating that the model achieves extremely
high accuracy in identifying negative class samples. In general, the model demonstrates
outstanding classification performance at different sites, validating its effectiveness and
generalization in the ADHD classification task.

Table 9. Categorization performance of the proposed framework across sites.

Site Accuracy (%) Sensitivity (%) Specificity (%) AUC (%) AUC (95% CI) BAC (%)

NYU 83.20 70.45 98.50 79.60 79.60 [60.50, 83.10] 84.48
PK 85.40 88.20 82.10 92.10 92.10 [65.40, 80.20] 85.15
KKI 88.70 78.30 98.90 94.50 94.50 [67.10, 82.40] 88.60

Table 10 shows the results of the classification accuracy comparison between the
method proposed in this document and the existing state-of-the-art methods. Our method
demonstrates significant advantages in classification performance at all sites, achieving
accuracy rates of 85%, 86.96%, and 90.91% at the NYU, PK, and KKI sites, respectively, all
of which outperform all comparison methods. Specifically, compared to the static feature
extraction method in [32], our method effectively captures the dynamic characteristics of
brain networks through dynamic functional connectivity analysis and BiLSTM temporal
modeling, improving precision at the PK site by 8.76%. Compared to the spatiotemporal
attention autoencoder (STAAE) in Reference [33], our method uses a dual-path feature
extraction strategy (combining CNN static features with BiLSTM dynamic features), achiev-
ing a 14.31% improvement in accuracy at the highest-performing site (KKI). Additionally,
compared to [35], our method achieves accuracy improvements of 11.83% and 22.09% at the
NYU and PK sites, respectively, by introducing multi-scale topological feature extraction
and phenotypic information fusion. Table 10 summarizes the key differences between
existing ADHD classification studies and the proposed D-SFANet, highlighting how our
method explicitly models the mutual dependencies between static and dynamic functional
connectivity rather than simply stacking separate modules.

Table 10. Comparison of classification accuracy across sites and methods.

Site Proposed
Framework

Literature
[19]

Literature
[32]

Literature
[33]

Literature
[34]

Literature
[35]

NYU 85.00 – 76.42 82.20 73.00 73.17
PK 86.96 78.20 78.43 75.50 74.70 64.87
KKI 90.91 – 94.54 76.60 75.30 –

To validate the effectiveness of each component of the feature extraction framework
proposed in this article, ablation experiments were conducted using data from the PK site
The results are shown in Table 8. In the static pathway, the removal of phenotypic features
reduced the accuracy of the model from 73.91% to 68.18% (∆ = 5.73%), confirming that
phenotypic information plays a critical complementary role in modeling static functional
connectivity. In the dynamic pathway, removal of BiLSTM temporal features resulted in
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a decrease in classification precision from 77.27% to 72.73% (∆ = 4.54%), indicating that
temporal encoding effectively enhances the ability to represent dynamic functional connec-
tivity in time. The joint classification precision of the feature fusion framework reached
86.36%, significantly outperforming the static (73.91%) or dynamic (77.27%) single-feature
baselines, and validating the effectiveness of the multimodal feature synergy mechanism.
The experimental results indicate the following: (1) Phenotypic data and static functional
connectivity features extracted via convolution exhibit complementarity. (2) Temporal mod-
eling enhances the representational granularity of dynamic functional connectivity. (3) The
bidirectional feature fusion strategy exhibits a nonlinear gain effect.

5.3. Discussion

In this study, two independent feature extraction paths were designed by combining
the characteristics of static functional connectivity (sFC) and dynamic functional connec-
tivity (dFC), and the extracted features were fused to achieve the classification of ADHD.
In the dFC feature extraction path, the topological features of functional connectivity were
extracted on the basis of graph theory, and local efficiency was analyzed. Compared to con-
trols, the ADHD group exhibited significantly higher coefficients of variation (CV) of local
efficiency in both the attention network module (29 ADHD samples) and the sensorimotor
network module (26 ADHD samples), indicating greater temporal variability in these net-
works. Figure 6 shows some regions of the brain included in the modules of the attention
and sensorimotor network, and Figure 7 lists their corresponding names. The attention
network is closely related to maintaining and switching attention, whereas the sensorimotor
network is involved in sensory integration and motor coordination. The increased CV of
local efficiency in these networks suggests reduced stability of information integration over
time, which is consistent with the clinical phenotype of fluctuating attention allocation and
impaired sensorimotor coordination in ADHD.

Nevertheless, rs-fMRI-derived connectivity dynamics remains an indirect proxy
of neural activity; therefore, mechanistic interpretations should be made with caution.
To strengthen the biological basis of our interpretation, we relate the observed temporal
instability in graph efficiency derived from dFC to complementary neurophysiological
evidence. For example, Ronca et al. used attention-related EEG indices that were originally
developed in ADHD research—specifically, the frontal beta/theta ratio (i.e., the inverse
theta–beta Ratio)—to track fluctuations in attention processing and cognitive control in dif-
ferent experimental conditions, demonstrating that objective EEG markers can sensitively
capture dynamic variations in attentional state [36]. Although EEG and fMRI probe neural
processes at different temporal scales, both modalities support the notion that attention reg-
ulation in ADHD is characterized by increased temporal instability, which is conceptually
consistent with the elevated CV of local efficiency observed in our modules of the attention
and sensorimotor network. These findings reveal a core neural mechanism and significant
heterogeneity in ADHD, but the specifics need further validation using larger samples.

We emphasize that rs-fMRI connectivity dynamics provides an indirect measure of
neural activity; therefore, the mechanistic interpretation should be made with caution.
To improve biological grounding, complementary neurophysiological evidence indicates
that attentional dynamics and cognitive control in ADHD can be characterized using
objective EEG-derived indices (e.g., attention-related EEG markers). This evidence supports
the concept that ADHD is associated with increased temporal instability in attentional
regulation, consistent with the elevated variability in network efficiency observed in our
dFC-derived features. Future work will integrate neurophysiological attention indices with
fMRI connectivity dynamics to establish a more direct cross-modal mechanistic mapping.
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Figure 6. Representative brain regions associated with the attention network and sensorimotor
network (AAL-116).
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Figure 7. Visualization of representative brain regions associated with the attention network and
sensorimotor network (AAL-116).

6. Conclusions
This paper proposes a dual-path ADHD classification model that combines a convo-

lutional neural network (CNN) with a bidirectional long- and short-term memory network
(BiLSTM). The model extracts static functional connectivity (sFC) features (based on Pearson
correlation analysis) and dynamic functional connectivity (dFC) features (based on a sliding-
time-window method) from fMRI data through two independent pathways and combines
the two types of features for diagnostic classification. The experimental results demonstrate
that the model significantly outperforms various comparison algorithms on multi-site ADHD
datasets, validating its effectiveness and superiority. Additionally, analysis of the dynamic fea-
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ture path reveals abnormal characteristics of the brain network dynamics in ADHD patients,
providing new information for neuroimaging-based diagnosis.

Nevertheless, the proposed model still faces limitations related to the relatively small
sample size and inter-site variability, which may affect the stability of classification perfor-
mance. Future work will focus on validating the framework on larger multi-site datasets
and exploring more robust feature learning and domain-adaptive strategies to further
improve generalization and diagnostic reliability.
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