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A B S T R A C T

Resting-state functional magnetic resonance imaging (rs-fMRI) is a non-invasive neuroimaging technique widely utilized in the research of Autism 
Spectrum Disorder (ASD), providing preliminary insights into the potential biological mechanisms underlying ASD. Deep learning techniques have 
demonstrated significant potential in the analysis of rs-fMRI. However, accurately distinguishing between healthy control group and ASD has been 
a longstanding challenge. In this regard, this work proposes a model featuring a dual-path cross-attention framework for spatial and temporal 
patterns, named STDCformer, aiming to enhance the accuracy of ASD identification. STDCformer can preserve both temporal-specific patterns 
and spatial-specific patterns while explicitly interacting spatiotemporal information in depth. The embedding layer of the STDCformer embeds 
temporal and spatial patterns in dual paths. For the temporal path, we introduce a perturbation positional encoding to improve the issue of signal 
misalignment caused by individual differences. For the spatial path, we propose a correlation metric based on Gramian angular field similarity to 
establish a more specific whole-brain functional network. Subsequently, we interleave the query and key vectors of dual paths to interact spatial and 
temporal information. We further propose integrating the dual-path attention into a tensor that retains spatiotemporal dimensions and utilizing 2D 
convolution for feed-forward processing. Our attention layer allows the model to represent spatiotemporal correlations of signals at multiple scales 
to alleviate issues of information distortion and loss. Our STDCformer demonstrates competitive results compared to state-of-the-art methods on the 
ABIDE dataset. Additionally, we conducted interpretative analyses of the model to preliminarily discuss the potential physiological mechanisms of 
ASD. This work once again demonstrates the potential of deep learning technology in identifying ASD and developing neuroimaging biomarkers for 
ASD.

1. Introduction

Resting-state functional magnetic resonance imaging (rs-fMRI) is a non-invasive and non-radioactive technique that reflects the 
neural activity of the brain. The potential of deep learning in analyzing the blood oxygen level-dependent (BOLD) time series of fMRI 
has been recognized [1]. The deep learning model holds promise in capturing specific dynamic features or abnormalities of brain-wide 
functional connectivity associated with neurodevelopmental disorders such as Autism Spectrum Disorder (ASD) from fMRI data [2].

The simultaneous emergence of studies emphasizing the temporal dynamics of fMRI signals (e.g., [3][4][5]) and studies highlight-

ing the spatial correlation of fMRI signals (e.g., [6][7][8]) implies that both temporal and spatial features are crucial for identifying 
ASD. Consequently, there is a growing research interest that considers the joint representation of temporal and spatial patterns. Fig. 1

briefly shows the necessity of spatiotemporal information for identifying ASD. Fig. 1(a) and (b) illustrate that considering only tempo-

ral features [9] or only spatial features [10] results in fuzzy boundaries between ASD and HC representations. Fig. 1(c) demonstrates 
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Fig. 1. t-SNE plot of features fed into the classifier. (a) and (b) showcase results from the temporal model Transformer and the spatial model Graph Attention Network 
(GAT), respectively. (c) showcase the results from our spatial-temporal model STDCformer.

that our STDCformer, which integrates spatiotemporal information, enables more distinctly discrimination between ASD and healthy 
control group (HC).

Studies that simultaneously consider spatial and temporal patterns have also highlighted the importance of synergistic spatiotem-

poral information for fMRI-based ASD identification. However, capturing the spatiotemporal information upon which ASD relies 
from complex fMRI data poses challenges. Some studies have proposed frameworks that tightly couple temporal feature extraction 
functions with spatial feature extraction functions to learn the spatiotemporal patterns of fMRI [11][12][13]. These models deeply 
integrate spatiotemporal information. However, models that mix spatiotemporal information for analysis struggle to extract effec-

tive domain-specific representations and increase the difficulty of hyperparameter tuning. Therefore, some studies have proposed 
loosely coupled frameworks that separately capture temporal and spatial features on different branches to capture the spatiotemporal 
information of fMRI [14][15]. These studies have enhanced the ability to extract features capable of identifying ASD from inter-

twined spatiotemporal information by specially designing networks for temporal and spatial paths. However, these models do not 
emphasize the deep interaction between temporal and spatial features. Taken together, we reconsider whether we can simultaneously 
integrate the advantages of tightly coupled and loosely coupled models. Concurrently, we are also considering the ability to adapt to 
individualized noise at the temporal scale and to construct stable brain networks at the spatial scale.

To this end, we propose a dual-path cross-attention model, named STDCformer, which can interact explicitly deeply with spa-

tiotemporal relationships while preserving pattern-specific information. Roughly, STDCformer initially embeds temporal and spatial 
features separately in dual paths, and the spatiotemporal dual-path features interact through cross-attention, integrated into spa-

tiotemporal attention tensors for forward processing using 2D convolutions. Considering individual differences, heterogeneity, noise, 
and other issues in fMRI signals, we have purposefully designed a series of structures to address these challenges. In summation, the 
main contributions of this paper are as follows.

• We propose a novel dual-path cross-attention framework called STDCformer for more accurate fMRI-based ASD identification. 
STDCformer explicitly deeply integrates temporal and spatial information while preserving domain-specific patterns in the mul-

tivariate time series.

• In the temporal path embedding layer of STDCformer, we propose perturbation position encoding injected into token features 
to adapt to alignment biases caused by individual differences.

• In the spatial path embedding layer of STDCformer, we propose constructing whole-brain functional connections by channel-

wise structural similarity of signal Gramian angular field images to finely describe the global dynamic structural correlations of 
whole-brain neural activities.

• In the self-attention layer of STDCformer, we design a dual-path cross-attention mechanism and propose integrating dual-path 
attention into a preserving spatiotemporal dimensions tensor and using 2D convolution for feedforward to reduce information 
loss and distortion.

• We extracted and analyzed fMRI-derived ASD neuroimaging biomarkers from our STDCformer.

2. Related work

2.1. Spatiotemporal feature extraction

In the context of existing fMRI-based ASD recognition, we categorize spatiotemporal deep learning into two types: tightly coupled 
spatiotemporal patterns and loosely coupled spatiotemporal patterns.

Tightly coupled spatiotemporal patterns refer to a paradigm where temporal and spatial information is interwoven. For instance, 
Azevedo et al. [11] and Park et al. [16] concatenate time feature extraction modules and spatial feature extraction modules. However, 
this approach may increase the difficulty of hyperparameter tuning and could lead to error accumulation. Therefore, some studies 
attempt to supplement spatial information in the temporal feature extraction model or transform the spatial feature extraction model 
into a dynamic form. Zhang et al. [17] designed a kernelized attention mechanism under the Transformer framework to jointly 
learn functional connectivity information and dynamic information of the brain. Deng et al. [12] introduced a spatial attention layer 
connected to a temporal attention layer under the Transformer framework to learn a spatiotemporal common representation. Gadgil 
2

et al. [13] considered the spatiality and dynamics of fMRI signals in the context of spatiotemporal graph convolutional networks. Xing 
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et al. [18] considered the spatiality and dynamics of fMRI signals in the context of dynamic graph convolutional networks. These 
models deeply integrate temporal and spatial information. Models where temporal and spatial patterns intertwine emphasize the 
potential synergistic mechanisms of spatiotemporal information. However, the complex entanglement of temporal and spatial patterns 
exacerbates the robustness challenges in analyzing fMRI data with heterogeneity and individualized biases. Additionally, the flexibility 
and scalability of such models also have limitations. Therefore, architectures with loosely coupled spatiotemporal patterns are favored.

Loosely coupled spatiotemporal modeling refers to a paradigm where time information and spatial information are modeled 
separately on different branches. For instance, Liu et al. [14] developed a spatiotemporal cooperative attention learning model 
with parallel temporal attention and spatial attention to model the association between fMRI and neurological disorders. Cui et 
al. [19] designed a dual-branch graph neural network to extract temporal and spatial features separately. Liu et al. [15] combined 
features extracted separately by dynamic graph convolution and LSTM to learn the spatiotemporal representation of time series. These 
methods emphasize the complementarity of time and space information by integrating heterogeneous information from different paths 
for competitive ASD recognition performance. Modeling time patterns and spatial patterns on different paths allows researchers to 
flexibility design architectures for corresponding branches tailored to the temporal and spatial characteristics. However, the loosely 
coupled model may not delve deeply into the interaction of spatiotemporal information compared to the tightly coupled model. The 
specific spatiotemporal patterns of highly heterogeneous ASD are unstable. The profound interaction of spatiotemporal features aids 
in addressing the challenge of ASD heterogeneity by modeling the evolution patterns of multiple information scales. Therefore, one 
of the key considerations in this work is how to deeply and explicitly interact with time-specific and space-specific information while 
preserving temporal and spatial specificity.

This work is based on a highly scalable Transformer architecture because we have found that models emphasizing temporal dy-

namics often outperform those emphasizing spatial relationships. We adapt the Transformer into dual paths to model temporal and 
spatial patterns. The dual-path embedding layers include modifications for adapting to the temporal dynamics and establishing whole-

brain functional connections to emphasize temporal-specific and spatial-specific information. The dual-path attention layers include 
our designed explicit cross-attention and dual-path feature integration modules to emphasize deep interactions of spatiotemporal 
information.

2.2. Brain functional connectivity construction

The functional connectivity (FC) patterns represented by rs-fMRI data contain sensitive information for ASD identification. The 
graphs naturally adapt to brain networks, where nodes typically represent regions of interest (ROIs) in the brain, and edges represent 
functional associations between ROIs [7].

Quantifying FC between brain regions through Pearson correlation coefficients among ROIs quantifies the level of synchronization 
or coordination of activity across different ROIs [20]. However, some methods for measuring static functional connectivity (sFC) 
across the entire brain assume that brain activity remains constant over time [7][19]. This approach overlooks the dynamic changes 
in brain activity, capturing only overall average features. Therefore, dynamic FC (dFC) is considered a promising approach because it 
reflects the complex temporal characteristics of brain activity [15][21][22]. The evolving characteristics of brain networks over time 
captured by dFC include valuable sensitivity and specificity information for identifying brain anomalies. However, the effectiveness 
of dFC depends on the choice of the length of time windows and the sliding step size. Moreover, within shorter time windows, dFC 
may suffer from unstable connections due to noise, a concern heightened particularly for ASD, which exhibits higher heterogeneity. 
Although some studies have enhanced the stability of dFC through multiple templates [23] or multiple perspectives [8], this comes 
at the cost of increased computational complexity.

To address this, we propose a weakened form of dFC that considers the temporal dynamics of ROIs while maintaining the stability 
of sFC measurements. We thus consider the similarity between Gramian angular fields (GAFs) of ROIs. GAF combines phase and 
amplitude information of time series and is independent of sliding windows. GAF not only considers global features of signals but 
also captures subtle changes within signals. Additionally, the high resolution of GAF allows for the representation of richer nonlinear 
features within the signal.

3. Methods

This work introduces a dual-path cross-attention model named STDCformer for fMRI-based ASD identification, which compre-

hensively integrates spatial-temporal specific information and spatial-temporal depth interaction. The pipeline of STDCformer is 
illustrated in Fig. 2.

3.1. Problem statement

This work is treated as a multivariate time series classification task. We define 𝑋 as a multivariate BOLD sequence with 𝑚 time 
points for 𝑛 regions of interest (ROIs), i.e., 𝑋 ∈ℝ𝑚×𝑛, and its corresponding label is 𝑦. Our primary objective is to comprehensively 
consider spatiotemporal representation to complete 𝑋 ↦ 𝑦.

3.2. Temporal feature embedding

In the temporal path feature embedding layer, we propose a method that injects perturbation position encoding (PPE) to address 
3

the signal alignment bias issue caused by individual differences significantly affecting the fMRI signal.
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Fig. 2. Pipeline of the proposed STDCformer. The core of STDCformer lies in its dual-path embedding layers and dual-path cross-attention. In the temporal path 
embedding layer, perturbation positional encoding (PPE) is injected into token features extracted by LSTM. In the spatial path embedding layer following the graph 
convolutional paradigm, the graph topology is constructed based on GAF-SSIM. Inside the dual-path cross-attention block, query vectors from the temporal and spatial 
paths are exchanged, then the attentions of both paths are merged into a dual-path integrated tensor (DAIT) and forwarded using 2D convolution.

Due to variations in brain structure, brain function, head motion, and physiological noise among different individuals, fMRI signals 
may not be perfectly aligned in temporal or space, even in the case where preprocessing has been done using spatial normalization 
techniques. Therefore, there are limitations in the generalization of sequence position annotation across individuals using vanilla 
positional encoding. To address this issue, this work proposes an extremely simple and practical positional encoding method that 
reduces these limitations by adding a random subtle noise 𝑜𝑝 to each position.

PPE =

⎧⎪⎪⎨⎪⎪⎩
sin

(
pos+𝑜𝑝

10000
𝑖
𝑑𝑒

)
, if 𝑖%2 = 0

cos
(

pos+𝑜𝑝

10000
𝑖
𝑑𝑒

)
, if 𝑖%2 = 1

𝑖 ∈ℤ[0,𝑚), (1)

where pos is the position index in the input sequence, dim(𝑜𝑝) = dim(pos) and PPE ∈ ℝ𝑚×𝑑𝑒 . While appropriate dim(𝑜𝑝) aids the 
model in accommodating individual noise, it should be noted that excessive random subtle noise may lead to distortion in positional 
encoding.

The introduction of position encoding with random subtle noise enables adaptation to small variations in the data, so it is more 
universally applicable for different individuals in terms of annotating sequence positions. This contributes to enhancing the model’s 
adaptability and robustness to changes. Additionally, the random subtle noise introduces a level of randomness, so it aids the model 
in better capturing dynamic changes and uncertainties in the data. It is beneficial for handling dynamic changes in data, such as brain 
activity.

PPE is combined with token features just like other conventional methods. To compensate for the lack of global attention in 
capturing local details, we utilize LSTM to extract the dynamic features of the input’s multi-dimensional time series. The embedding 
features of the temporal-path are

𝑍𝑇
emb

= 𝜀𝑇 (𝑋) + PPE (2)

Here, 𝑍𝑇
emb

∈ℝ𝑚×𝑑𝑒 . 𝜀𝑇 is LSTM network.

3.3. Spatial feature embedding

The spatial feature embedding layer is a type of graph convolutional layer. Innovatively, we propose a signal spatial correlation 
measure based on the Structural Similarity Index between channel Gramian angular fields (GAF-SSIM) to construct whole-brain 
functional connectivity (BFC).

3.3.1. GAF-based whole-brain functional connectivity

We propose initially representing the time series of each channel as a Gramian Angular Field (GAF) image. In comparison to the 
temporal domain, GAF captures higher-order statistical information about the spatiotemporal structure of the signal while preserving 
the sequential information of the signal. Additionally, GAF is capable of processing signals with alignment offsets, which helps adapt 
to fMRI data with individual differences. GAF has two variants: GASF (Gramian Angular Summation Field) and GADF (Gramian 
Angular Difference Field) [24]. GADF emphasizes the short-term dynamic changes and fluctuations in time series data, while GASF 
focuses more on capturing the overall dynamic information and structure of time series data. Considering the multi-center bias of 
fMRI signals and the instability of local dynamic relationships in time series data caused by individual differences, we use GASF to 
4

describe the fMRI sequences for each brain region. For 𝑐-th region of 𝑋, note as 𝑋𝑐 , its GASF is
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𝑐 =𝑋𝑇
𝑐
⋅𝑋𝑐 −

√
𝐼 −

(
𝑋𝑐

)2𝑇
⋅
√

𝐼 −
(
𝑋𝑐

)2
(3)

where 𝐼 is the unit row vector.

Subsequently, we utilize the widely adopted Structural Similarity Index (SSIM) to assess the similarity of GAF images between 
channels as a proxy for the correlation between variables. SSIM takes into account the internal information of images and is more 
suitable for data with structural features such as GAF images. Moreover, SSIM is not dependent on absolute brightness and contrast 
levels of images and is insensitive to scaling and data noise. Thus, SSIM provides a more robust measure of similarity between GAF 
images across channels. The SSIM between 𝑐1-th and 𝑐2-th is

Γ𝑐1 ,𝑐2 =

(
2𝜇𝑐1𝜇𝑐2 + 𝛿1

)(
𝜎𝑐1𝑐2

+ 𝛿2

)
(
𝜇2
𝑐1
+ 𝜇2

𝑐2
+ 𝛿1

)(
𝜎2
𝑐1
+ 𝜎2

𝑐2
+ 𝛿2

) (4)

where 𝜇𝑐1 and 𝜇𝑐2 are the mean of 𝑐1
and 𝑐2

, respectively. 𝜎𝑐1 and 𝜎𝑐1 are the standard deviation of 𝑐1
and 𝑐2

, respectively. 
𝜎𝑐1𝑐2

is the covariance of 𝑐1
and 𝑐2

, 𝛿1 and 𝛿2 represent constants. Γ stands for Whole Brain Functional Connectivity (BFC).

In summation, in the construction of BFC, GAF-SSIM provides a more detailed measurement of the non-linear structure of signals 
and perceptual similarity compared to other methods that calculate correlation within the temporal domain.

3.3.2. Graph convolutional-based feature embedding

In the graph convolutional network paradigm, we represent spatial features to capture the spatial topological structure of complex 
brain networks. Graph convolutional networks can flexibly adapt to the irregular connectivity patterns, such as BFC, which facilitates 
the reflection of advanced abstract associations of neural activities between regions of interest (ROIs) in the brain. We obtain an 
adjacency matrix by thresholding the BFC, preserving only the essential information. Thresholding involves setting weak connections 
in BFC to zero, ensuring sparsity of the graph to reduce computational and storage costs, while enhancing the specificity of functional 
connections. The adjacency matrix 𝐴 of thresholding Γ is

𝐴𝑐1 ,𝑐2
=

{
1, if Γ𝑐1 ,𝑐2 ≥ 𝜏

0, else
(5)

where 𝜏 is the threshold. The hyperparameter 𝜏 controls the sparsity of the graph structure. To adapt to the distribution of connection 
strengths in the functional connectivity matrices of different individuals’ whole-brain networks, this study employs the percentile 
method to determine the dynamic threshold 𝜏 . Specifically, we define the proportion of retained connections as 𝑟, then 𝜏 is the 
connection strength at the (1 − 𝑟) × 100th percentile in the functional connectivity matrix Γ. An excessively large 𝜏 would result in 
the graph structure being overly sparse, leading to information loss, while an excessively small 𝜏 would result in the inclusion of too 
many false connections in the graph structure.

According to 𝐴, we can gain the whole-brain functional graph 𝐺 = {𝑉 , 𝐸}. Where 𝑉 and 𝐸 are the node set and edge set respec-

tively. In 𝐺, each node represents a Region of Interest (ROI), and edges indicate functional connections between ROIs. Considering 
that the Graph Attention Network (GAT) is capable of globally aggregating information across the entire graph and is adaptable 
to different types of graph structures, we choose GAT as the spatial feature extractor. The adaptive attention mechanism in GAT 
allows each node to dynamically allocate different weights to neighboring nodes during the information propagation process, which 
is advantageous for analyzing complex Brain Functional Connectivity (BFC). The embedding features of spatial-path are

𝑍𝑆
emb

= 𝜀𝑆 ( ,𝐸) (6)

where 𝜀𝑆 is GAT network. 𝑍𝑆
emb

∈ℝ𝑛×𝑑𝑒 , 𝑑𝑒 is embedding dimensions. 𝑐 = Γ𝑐 is the embedding feature of 𝑉𝑐 .

3.4. Multi-head dual-path cross-attention

We propose a spatiotemporal dual-path cross-attention block (DCA) to interact and integrate the complex spatiotemporal patterns 
in fMRI. The Structure of Dual-Path Cross-Attention Block (DCA) as shown in Fig. 3. Our DCA block also includes two steps: computing 
attention and feedforward. In the cross-attention stage, we interact spatial-temporal features by interleaving query and key vectors of 
dual-path. In the feedforward stage, we propose merging dual-path attention into spatiotemporal dual-path attention integrated tensor 
(DAIT) and then utilizing 2D convolution for nonlinear transformation to enhance the model’s ability to co-represent spatiotemporal 
patterns.

3.4.1. Cross-attention layer

Spatiotemporal dual-path cross-attention captures long-range spatiotemporal dependencies in time series data and helps enhance 
the model’s generalization ability to adapt to multi-center fMRI data. Furthermore, the deep interaction of spatiotemporal information 
can more robustly extract potential spatiotemporal patterns in fMRI data. It is advantageous for alleviating the issue of disease pattern 
instability caused by the heterogeneity of ASD.

Initially, the embedded features of the spatiotemporal dual paths, 𝑍𝑇
emb

and 𝑍𝑆
emb

, are subjected to linear transformations indepen-

dently to obtain two sets of query, key, and value, denoted as {𝑄𝑇 , 𝐾𝑇 , 𝑉𝑇 } and {𝑄𝑆, 𝐾𝑆, 𝑉𝑆}, respectively. Where, the dimensions 
5

of the query, key, and value for the temporal path are all 𝑚 × 𝑑𝑒, while for the spatial path are all 𝑛 × 𝑑𝑒.
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Fig. 3. The structure of dual-path cross-attention block (DCA).

For temporal attention, we exchange the key vector 𝐾 to intergrating the temporal and spatial pattens, as

𝛼𝑇
(
𝑄𝑆,𝐾𝑇 ,𝑉𝑇

)
= softmax

(
𝑄𝑆, (𝐾𝑇 )𝑇√

𝛿𝑇

)
𝑉𝑇 , (7)

𝛼𝑇 ∈ℝ𝑛×𝑑𝑒 Similarly, for spatial attention,

𝛼𝑆
(
𝑄𝑇 ,𝐾𝑆,𝑉𝑆

)
= softmax

(
𝑄𝑇 , (𝐾𝑆 )𝑇√

𝛿𝑆

)
𝑉𝑆, (8)
6

𝛼𝑆 ∈ℝ𝑚×𝑑𝑒 .
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Due to the different dimensions of 𝑍emb and 𝛼, the residual connections in STDCformer first undergo dimension alignment using 
1 × 1 convolution before being added together.

3.4.2. Feed forward layer

To prevent the loss and distortion of spacetime information, we propose integrating dual-path features into a tensor while 
preserving the spacetime dimensions. Additionally, we employ two-dimensional convolution for forward processing to enhance spa-

tiotemporal correlation analysis at a local scale. Initially, 𝛼𝑆 and 𝛼𝑇 are synthesized into the spatiotemporal dual-path attention 
integrated tensor (DAIT) through

 = 𝛼𝑆 × 𝛼𝑇 , (9)

 ∈ ℝ𝑚×𝑛×𝑑𝑒 . × is outer product.  simultaneously preserves both the temporal and spatial dimensions.  comprehensively inte-

grates spatiotemporal patterns and is utilized in downstream feedforward layers. To enhance the interaction of spatiotemporal local 
features, the feedforward layers in this work employ 2D convolution to accommodate the dimensions of spatiotemporal attention 
after concatenation.

 = Conv2D(), (10)

 ∈ℝ𝑚×𝑛×𝑑𝑒 . The 𝑑𝑒 dimension is used as a channel in the STDCformer, similar to other feedforward layers. Like other feedforward 
layers, the input and output dimensions of the feedforward layer in STDCformer remain consistent, i.e., 𝑑𝑒 .

For the stacked DCA block, the spatial and temporal dimensions of  are respectively compressed by 1 ×1 convolutions and serve 
as the input for the temporal and spatial paths of the subsequent layer’s DCA, as illustrated in Fig. 3 (a). For the final layer of DCA, 
DAIT adaptively pools the 1 × 𝑑𝑒 input for the prediction head, as depicted in Fig. 3 (b).

3.5. Prediction head

We obtain the predicted label 𝑦̂ from  through a multi-layer perceptron (MLP). The training process is supervised by the ground 
truth diagnostic labels 𝑦 through minimizing the cross-entropy loss ,

 = CrossEntropy(𝑦̄, 𝑦) (11)

3.6. Implementation

To mitigate the issues of vanishing and exploding gradients for more stable training of STDCformer, we employ the He initialization 
method, particularly suited for ReLU activation functions, to initialize the network weights, with biases initialized to zero. The 
Adaptive Moment Estimation (Adam) optimizer is utilized for optimizing the parameters of STDCformer, as its adaptive learning rate 
capability aids in faster convergence of the model. The configuration of tunable hyperparameters within the STDCformer architecture 
is grounded in experimentation.

4. Experiments and result analysis

4.1. Datasets

We evaluated STDCformer on Autism Brain Imaging Data Exchange (ABIDE) [25]. The ABIDE-I database consists of rs-fMRI and 
phenotypic data collected from 1112 subjects across 17 sites. In this study, we employed a subset of the data preprocessed using the 
C-PAC pipeline, which included 871 samples. We utilized 90 brain regions defined as ROIs using the Automated Anatomical Labeling 
(AAL) atlas. The time series lengths varied across different sites, ranging from 78 to 296. We excluded data from the site with the 
shortest time series length (78 temporal points). Additionally, we truncated the sequences of all remaining subjects based on the 
shortest remaining sequence length. We also excluded subjects with missing values. In summary, we utilized data from 836 subjects 
across 16 sites, with each subject having 116 temporal points of 90 ROIs. Among these 836 subjects, there were 386 ASD patients 
and 450 healthy controls.

4.2. Implementation details

Our STDCformer is implemented in PyTorch. All experiments were conducted on a PC equipped with an Intel Core i7-12700K 
CPU and an Nvidia RTX 3090 GPU.

In this work, the optimizer used is Adaptive Moment Estimation (Adam) with an initial learning rate of 1e-3. The learning rate 
is dynamically adjusted by ReduceLROnPlateau based on the validation loss, with a patience of 10 epochs and a minimum learning 
rate of 1e-6. The number of epochs is set to 100, with a batch size of 64. In STDCformer, the embedding dimensions for both the 
temporal and spatial pathways are set to 32. In the temporal path embedding layer, there are 2 layers of LSTM, and the parameter 
𝑜𝑝 of PPE is set to randomly vary within ±0.005. In the spatial path embedding layer, there are 3 layers of GAT. In DCA, there are 8 
attention heads for multi-head self-attention on each pathway, and the feedforward layer is ResNet18. The number of DCAs is 2. The 
7

classification head consists of a single-layer fully connected network.
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Table 1

Comparison with baseline methods.

Method ACC AUC SEN SPE F1

ResNet-1D 0.6265 0.6207 0.5427 0.6987 0.5717

Dlinear 0.6333 0.6088 0.4818 0.7358 0.4914

TCN 0.5595 0.5590 0.5513 0.5667 0.5375

LSTM 0.6131 0.6132 0.6154 0.6111 0.5963

GCN 0.6429 0.6214 0.3636 0.8791 0.4828

GAT 0.6369 0.6355 0.6154 0.6556 0.6115

Transformer [9] 0.6032 0.5830 0.6025 0.5635 0.5837

iTransformer [29] 0.5979 0.5875 0.4474 0.7275 0.4987

Crossformer [30] 0.6587 0.5892 0.3005 0.8778 0.3513

Autoformer [31] 0.6372 0.6128 0.5083 0.7174 0.5316

PatchTST [32] 0.6252 0.6019 0.6046 0.5992 0.5836

STDCformer 0.6905 0.7017 0.7143 0.6703 0.6790

We employ 5-fold stratified cross-validation for evaluation. The quantitative metrics utilized are accuracy (ACC), area under the 
curve (AUC), sensitivity (SEN), specificity (SPE), and F1 score (F1).

4.3. Comparison experiences

4.3.1. Comparison with baseline methods

STDCformer is compared with a series of baseline methods. STDCformer is compared against a series of baseline methods, includ-

ing: ResNet-1D and Dlinear [26]; TCN [27] and LSTM [3] widely used for time series analysis; GCN [28] and GAT [10] for the graph 
convolution paradigm; a series of X-formers. The results are reported in Table 1.

The Table 1 demonstrates that our STDCformer exhibits the best performance in terms of ACC, AUC, SEN, and F1. In specificity, 
models such as GCN, GAT, iTransformer, Autoformer, Pyraformer, and Crossformer outperform STDCformer, but they also exhibit 
significantly low sensitivity.

Within the group of TCN vs. LSTM, LSTM consistently outperforms TCN. This phenomenon may be due to the gate mechanism 
of LSTM, which flexibly learns and maintains the time series internal structure and patterns. In contrast, TCN is better at capturing 
short-term dependencies due to the fixed convolution kernel size limitation. Therefore, LSTM is better suited for data like fMRI, which 
involves multicenter biases and individualized differences. Thus, we chose LSTM as the token embedding model for the temporal path.

Within the group of GCN vs. GAT, GAT significantly outperforms GCN in balancing sensitivity and specificity. This phenomenon 
may be due to the node-level attention mechanism in GAT, which can more flexibly capture relationships between nodes. Furthermore, 
the sparsity in calculating attention scores in GAT helps the model focus more on important information. This characteristic enhances 
the robustness of the model to multi-center biases and individual differences in fMRI data. Thus, we chose GAT as the feature 
embedding model for the spatial path.

Within the X-former group, it is interesting to concentrate that models such as iTransformer and Crossformer, which emphasize 
the interaction of dimensional information at the spatial scale, perform less well than the vanilla Transformer. This phenomenon 
suggests that capturing the correlation of neural activity between brain regions from fMRI data under the self-attention paradigm 
is challenging. On the contrary, models like Autoformer and PatchTST, which further emphasize temporal scale features, show 
performance improvements. In summation, improvements focusing on the dynamic nature of fMRI signals and efforts to introduce 
more powerful spatial information extraction models (such as graph convolution) are allworth considering.

4.3.2. Comparison with the state-of-the-art methods

STDCformer is compared with a series of state-of-the-art (SOTA) methods. The competing methods include:

• Method focusing on temporal patterns in the Transformer paradigm: BolT [5].

• Methods emphasizing spatial patterns in the graph convolution paradigm: BrainGNN [7], MVS-GCN [33].

• Methods that simultaneously highlight spatiotemporal patterns: TCN-GNN [11], ST-Transformer [12], ST-GCN [13], BrainTGL 
[15], STA-GIN [34], STCAL [14].

The results are reported in Table 2. Unmarked competing methods indicate implementation based on publicly available code in the 
paper, and ∗ Indicates reproduction of the pipeline proposed in the paper.

In the methods that consider the spatiotemporal patterns in Table 2, only BrainTGL and STCAL exhibit performance comparable 
to Bolt, which emphasizes only temporal patterns, and MVS-GCN, which focuses solely on spatial patterns. In contrast to other 
methods considering spatiotemporal patterns, the common characteristic of BrainTGL and STCAL is the representation of both time 
and space patterns in different branches. This feature implies the rationality of adopting a dual-path architecture. Furthermore, the 
superior performance of Bolt compared to the vanilla Transformer underscores once again the necessity of specialized transformations 
8

tailored for the dynamics of time series. Additionally, within the spatial relationship group based on graph modeling, the performance 
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Table 2

Comparison with SOTA methods.

Method ACC AUC SEN SPE F1

BolT 0.6814 (0.0360) 0.7430 (0.0322) 0.6049 (0.1137) 0.7477 (0.1192) 0.6381 (0.0685)

BrainGNN 0.6420 (0.0426) 0.6159 (0.0399) 0.4641 (0.1607) 0.7677 (0.1550) 0.5212 (0.0774)

MVS-GCN 0.6687 (0.0284) 0.6613 (0.0283) 0.6547 (0.1191) 0.6679 (0.0986) 0.6514 (0.0711)

TCN-GNN 0.6071 (0.0260) 0.5682 (0.0251) 0.4194 (0.1070) 0.7170 (0.1128) 0.4407 (0.0469)

STAGIN 0.6302 (0.0402) 0.6269 (0.0348) 0.5832 (0.1203) 0.6707 (0.1212) 0.5906 (0.0429)

ST-Transformer 0.6026 (0.0356) 0.5868 (0.0309) 0.4963 (0.0783) 0.6774 (0.1014) 0.5251 (0.0536)

ST-GCN 0.6111 (0.0400) 0.5921 (0.0436) 0.5153 (0.0937) 0.6689 (0.0694) 0.5362 (0.0720)

BrainTGL 0.6731 (0.0320) 0.6592 (0.0335) 0.6114 (0.0574) 0.7071 (0.1244) 0.6213 (0.0240)

STCAL* 0.6804 (0.0185) 0.6694 (0.0179) 0.6327 (0.0485) 0.7060 (0.0616) 0.6413 (0.0451)

STDCformer 0.6905 (0.0124) 0.7017 (0.0101) 0.7143 (0.0355) 0.6703 (0.0535) 0.6790 (0.0337)

Fig. 4. Performance comparison of STDCformer and competitor.

improvement of MVS-GCN using multi-view graphs compared to BrainGNN suggests the crucial role of graph topology in identifying 
ASD.

Our method demonstrates an overall advantage in the standard deviation of performance across 5-fold data. This not only under-

scores the stability of our model but also partially reflects its superiority in adapting to data variances. Such superiority stems not 
only from the ability of our model’s positional encoding to accommodate individual noise but also from its capability to learn more 
comprehensive and intrinsic spatiotemporal features through modules like cross-attention and DAIT, thus enabling it to adapt to local 
noise associated with individual differences.

4.3.3. Comprehensive analysis of comparison experiences

We compared the highest ACC models from each group of baseline and SOTA methods with our STDCformer in Fig. 4.

Fig. 4 illustrates the advantages of our STDCformer in terms of performance balance, especially in balancing sensitivity and speci-

ficity. This advantage is particularly prominent when compared to baseline methods. Additionally, our STDCformer demonstrates 
a significant advantage in sensitivity. Sensitivity measures the ability of the model to identify true positive cases. High sensitivity 
indicates that the model can better capture cases that truly have the disease. Therefore, high sensitivity contributes to the early 
detection and treatment of ASD. Furthermore, we observe that the performance of most SOTA methods surpasses that of base-

line methods. This phenomenon indicates the significance and necessity of designing and adapting models specifically for fMRI 
data.

4.4. Ablation studies

4.4.1. Effectiveness of dual-path architecture

We demonstrate the effectiveness of the dual-path architecture through three sets of ablation experiments.

• The first set of experiments consists of ablating at the entire path level. We individually employ temporal path (T-Path) and 
spatial path (S-Path) to perform tasks. Since single paths cannot achieve cross-attention, the self-attention layer in this set of 
experiments is the same as that in a vanilla Transformer.

• The second set of experiments primarily demonstrated the effectiveness of the dual-path architecture of the embedding layer. 
We degraded the embedding layer to output a single embedding feature. This set comprised four experiments: retaining only 
the temporal embedding feature (T Embedding); retaining only the spatial embedding feature (S Embedding); concatenating the 
9

temporal embedding module and spatial embedding module sequentially (T-S Embedding); concatenating the spatial embedding 
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Table 3

Effectiveness of spatiotemporal dual-path framework.

Method ACC AUC SEN SPE F1

T-Path 0.6429 0.6444 0.6667 0.6222 0.6341

S-Path 0.6587 0.6421 0.4286 0.8556 0.5366

T Embedding 0.6310 0.6342 0.6795 0.5889 0.6310

S Embedding 0.5893 0.5825 0.4872 0.6778 0.5241

T-S Embedding 0.6369 0.6355 0.6154 0.6556 0.6115

S-T Embedding 0.5928 0.5828 0.4545 0.7111 0.5072

T Attention 0.6683 0.6675 0.6588 0.6763 0.6458

S Attention 0.6071 0.6094 0.6364 0.5824 0.5976

STDCformer 0.6905 0.7017 0.7143 0.6703 0.6790

module and temporal embedding module sequentially (S-T Embedding). In T-S Embedding, the node features of graph convolution 
are the output of the temporal embedding module, and the temporal embedding module adopts a channel-wise independent 
approach. In S-T Embedding, the node features of graph convolution correspond to the time series. To maintain the dual-path 
architecture of the self-attention layer, we obtained two sets of Q, K, and V vectors through two sets of linear layers for cross-

attention.

• The third set of experiments mainly demonstrates the effectiveness of cross-attention in the dual-path architecture. We retain 
cross-attention but degrade the model to have only single-path cross-attention. This set includes two experiments: introducing 
spatial features only in the query vectors in the temporal path (T Attention); introducing temporal features only in the query 
vectors in the spatial path (S Attention).

The results are reported in Table 3.

In Table 3, the superior performance of our STDCformer compared to all ablation experiments highlights the effectiveness of 
the dual-path architecture. Overall, experiments solely emphasizing spatial information perform less effectively compared to ex-

periments solely emphasizing temporal information. This phenomenon is attributed to spatial pathways only emphasizing global 
dependency among variables while disregarding local dynamic details in temporal. Additionally, graph convolutions may suffer from 
over-smoothing, diminishing the modeling of dependencies among distant nodes. Hence, we propose supplementing spatial informa-

tion within models that primarily model sequential information.

The T-Path and S-Path experiments exhibit advantages in sensitivity and specificity, respectively. This phenomenon underscores 
the necessity of integrating temporal and spatial information. It is noteworthy that the performance of experiments T-Path and S-

Path, compared to state-of-the-art (SOTA) methods (Table 2), is not significantly inferior, and the comprehensive performance of 
experiment T-Path surpasses that of baseline methods (Table 1). This observation highlights the effectiveness of our modifications to 
the temporal path and spatial path.

Results from the second set of experiments, modifying the embedding layer architecture, are intriguing. Firstly, the performance 
of T Embedding and S Embedding, which embed single-path information but extend to dual-path attention, is inferior to that of 
experimental T-Path and S-Path. This result suggests that the information embedded in features may not be sufficient to support 
the learning of dual-path attention. Results from the second set of experiments, modifying the embedding layer architecture, are 
intriguing. Firstly, the performance of T Embedding and S Embedding, which embed single-path information but extend to dual-path 
attention, is inferior to that of experimental T-Path and S-Path. This is partly attributed to the exchange of information between 
single paths leading to partial loss or confusion of information during transmission, and partly to the overfitting risk and increased 
training complexity brought by modeling single-path embedding through cross-path attention. Secondly, both the enhancement of T-S 
Embedding over T Embedding and the enhancement of S-T Embedding over S Embedding are narrow. This phenomenon indicates the 
challenging nature of hybrid analysis of spatiotemporal patterns. Moreover, the significantly lower performance of S-T Embedding 
compared to T-S Embedding suggests the potential distortion of information in an entangled analysis of spatiotemporal patterns. 
Simultaneously, this result indicates that the structure of connecting temporal and spatial feature extraction modules within a single 
path is inflexible. Cross groups, the performance degradation caused by experimental T-S Embedding and S-T Embedding is more 
severe than the performance degradation caused by ablating self-attention layers. This phenomenon confirms the importance of 
embedding temporal and spatial information in different paths.

To further elucidate the efficacy of the dual-path architecture we designed, we conducted Leave-One-Site-Out (LOSO) cross-

validation on the 16 sites adopted in this study. The accuracy across the 16 sites is illustrated in Fig. 5. From Fig. 5, it can be observed 
that our dual-path architecture exhibits advantages in generalization across most sites. It is noteworthy that the generalization of 
the temporal pathway (T-Path) is overall inferior to that of the spatial pathway (S-Path). This phenomenon arises because spatial 
patterns consider the relative relationships between signals among brain regions rather than the dynamics of the signals themselves, 
thus being less sensitive to noise. This underscores the importance of considering the whole-brain functional connectivity patterns. It 
is noteworthy that, in comparison to spatial paths, although our method introduces temporal paths, it is not further affected by the 
sensitivity of temporal patterns to differences between sites, but rather enhances generalization ability. This phenomenon indicates 
10

that our model captures effective features for ASD identification from signals.
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Fig. 5. The effectiveness of dual-path architecture in enhancing model generalization.

Fig. 6. The impact of PPE.

Fig. 7. The impact of GAF-SSIM.

4.4.2. Ablation studies on temporal embedding layer

In the temporal embedding layer, the most significant modification in this work is the introduction of Perturbed Position Encoding 
(PPE). We demonstrate the effectiveness of PPE by comparing it with no position encoding (W/o pos) and the commonly used 
sinusoidal position encoding (Vanilla pos). The results are in Fig. 6.

The results in Fig. 6 indicate that our PPE contributes to enhancing the model’s ability to recognize ASD. Specifically, PPE enhances 
the sensitivity of the model. This is attributed to the introduction of stochastic noise in PPE, which increases the randomness of the 
model, thereby emphasizing the extraction of primary features from the data and improving the model’s generalization capability. 
Furthermore, the improvements in AUC and F1 brought about by PPE are noteworthy. By adding stochastic noise to the positional 
encoding, the model exhibits greater robustness to minor variations in the input data, thus better accommodating individual differ-

ences. Additionally, stochastic noise can be seen as a form of data augmentation and regularization, aiding in reducing the risk of 
model overfitting.

4.4.3. Ablation studies on spatial embedding layer

In the spatial embedding layer, the primary contribution of this work is proposing to establish whole-brain functional connectivity 
(BFC) based on GAF-SSIM. We demonstrate the effectiveness of constructing BFC using GAF-SSIM by comparing it with Pearson 
correlation coefficient (PCC), cosine similarity (COS), and dynamic time warping (DTW). The results are in Fig. 7.

Fig. 7 demonstrates that the BFC constructed by our GAF-SSIM exhibits the best performance on all metrics. In particular, the BFC 
built by GAF-SSIM shows significant superiority in terms of SEN. Compared to the BFC constructed via PCC, the BFC constructed via 
11

COS disregards the influence of signal amplitude, thus showing better performance in cosine similarity when dealing with significant 
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Table 4

Effectiveness of DCA.

Method ACC AUC SEN SPE F1

W/o Cross 0.6826 0.6905 0.7922 0.5889 0.6971

W/o DAIT

Fusion 0.6131 0.6132 0.6154 0.6111 0.5963

T-Dim 0.6369 0.6355 0.6154 0.6556 0.6115

S-Dim 0.6108 0.5995 0.4545 0.7444 0.5185

STDCformer 0.6905 0.7017 0.7143 0.6703 0.6790

individual differences in BOLD signals. The BFC constructed via DTW shows markedly enhanced performance in terms of ACC and 
AUC. DTW robustly measures the lag and shape differences between two time series by elastically aligning local segments of the 
time series, enhancing its robustness against global noise [35]. This implies that DTW can adapt to deviations between different sites 
to a certain extent. However, DTW is sensitive to local noise of individuals, and local alignment may lead to the neglect or ampli-

fication of minor signal changes, thus affecting the identification of key features. Therefore, the BFC constructed via DTW exhibits 
lower sensitivity compared to the BFC constructed via COS. In contrast, our proposed GAF-SSIM combines the phase and amplitude 
information of time series to capture the global nonlinear relationships of temporal information, enhancing cross-individual consis-

tency. Furthermore, GAF-SSIM provides a higher resolution feature representation that assists in accurately reflecting the complex 
relationships between brain regions.

4.4.4. Ablation studies on dual-path cross-attention

We demonstrate the effectiveness of self-attention and feedforward in the dual-path cross-attention (DCA) block through two 
groups of ablation experiments. In the first group (W/o Cross), we omitted cross-attention and instead calculated the attention for 
temporal and spatial paths separately in parallel, then integrated the attention from both branches into a Dual-Path Integrated Tensor 
(DAIT) for feedforward processing. The second group (W/o DAIT) comprises three experiments: (Fusion) DAIT is not used, where 
temporal path attention vectors and spatial path attention vectors are encoded into the same dimension by two linear layers, then 
the dual-path features are fused into one feature using softmax gating and feedforward through 1D convolution before being input 
to the prediction head; (T-Dim) Only the temporal dimension of DAIT is retained (with spatial dimension averaged), and fed through 
one-dimensional convolution before being input to the prediction head; (S-Dim) Only the spatial dimension of DAIT is retained (with 
temporal dimension averaged), and fed through one-dimensional convolution before being input to the prediction head. Note that, to 
ensure the stacking of DCA blocks, in the second set of three experiments, we only modified the last DCA. The results are in Table 4.

Table 4 demonstrates the effectiveness of DCA in our STDCformer. Additionally, it reveals that DAIT significantly impacts model 
performance more than cross-attention. When retaining information from both paths and only omitting interleaved attention (W/o 
Cross), the accuracy decreases by only 0.79%. However, despite the high SEN of W/o Cross, its SPE is low. Considering the trade-off 
between SEN and SPE, the advantage of cross-attention should still be emphasized. The performance of the three experiments in the 
W/o DAIT group significantly deteriorates compared to the STDCformer with DAIT. Special note that Fusion performs worse than 
using only the time dimension T-Dim. This phenomenon offers that even in deep layers, there exists considerable heterogeneity in 
information from both paths. Furthermore, it implies that temporal information complements spatial information. Therefore, both 
the dimension of time and the dimension of space should be preserved simultaneously.

Furthermore, we present in Fig. 8 the AUC-ROC curves of the experiments in Table 4 to visually demonstrate that our DCA 
outperforms the configurations of other ablation experiments in terms of overall performance.

5. Discussion

5.1. Limitations of STDCformer

STDCformer still has some gaps that can be improved. In terms of model architecture, our approach relies on a single template to 
partition brain regions, which may introduce bias when applied universally across all subjects. Therefore, in future work, we intend to 
explore extracting features from multiple templates and further enhancing model stability through consistency comparisons between 
templates. Regarding data input, STDCformer embeds temporal and spatial features through dual pathways. Thus, we will consider 
decomposing signals into components such as trend and seasonality for targeted learning of spatiotemporal patterns, which could 
potentially aid the model in capturing spatiotemporal patterns more effectively.

Furthermore, our current method lacks learnable parameters for integrating spatiotemporal features into DAIT, which may limit 
the model’s ability to capture deeper dependencies between spatiotemporal features. Future efforts will involve considering adaptive 
fusion techniques, such as gating mechanisms, to potentially enhance the effectiveness of features for ASD identification. Additionally, 
this study did not incorporate non-imaging information such as demographic or clinical data. Integrating non-imaging information 
not only introduces more information beneficial for precise ASD identification but also assists the model in capturing potential 
associations between individual characteristics and imaging phenotypes, thus facilitating interpretative analyses of the model. Our 
12

next steps will explore strategies for appropriately integrating non-imaging information into deep learning models.
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Fig. 8. Verify the effectiveness of DCA through the AUC-ROC curve.

Table 5

Top-10 importance ROIs for ASD identification.

Rank Map Abbreviation Description

1 Frontal_Sup_Orb_R Right Superior Frontal Gyrus, Orbital

2 Heschl_L Left Heschl’s gyrus

3 Postcentral_L Left Parietal Lobe

4 Cingulum_Ant_R Right Anterior Cingulate Gyrus

5 Fusiform_R Right Fusiform Gyrus

6 Temporal_Inf_R Right Inferior Temporal Gyrus

7 Frontal_Sup_L Left Superior Frontal Gyrus

8 Temporal_Pole_Sup_R Right Superior Temporal Pole

9 Temporal_Inf_L Left Inferior Temporal Gyrus

10 Calcarine_R Right Calcarine Sulcus

Fig. 9. Visualization of top-10 importance ROIs for ASD identification.

5.2. Rs-fMRI-derived neuroimaging markers

We extracted the ROI importance ranking from STDCformer based on Shapley Additive exPlanations (SHAP) [36]. The fMRI-

derived top-10 important brain regions are reported in Table 5 and visualized in Fig. 9.

The top-10 important brain regions (as shown in Table 5 and Fig. 9) revealed by STDCformer associated with ASD identification 
are largely consistent with those reported in the existing literature, as shown in Table 6. Please note that the clues we provide are very 
preliminary and not rigorous. However, the preliminary clues provided in this article may be somewhat helpful for ASD research. In 
13

the future, we will further validate these clues on a larger scale and more comprehensive data.
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Table 6

References to our recommended ROIs.

Area ROI References

Frontal lobe
Frontal_Sup_Orb_R

[37][38][39]
Frontal_Sup_L

Parietal lobe Postcentral [40]

Temporal lobe

Heschl_L

[41][42][43][44][45]

Fusiform_R

Temporal_Inf_R

Temporal_Pole_Sup_R

Temporal_Inf_L

Occipital lobe Calacarine_R [46]

Cingulate gyrus Cingulum_Ant_R [47][48][49]

5.2.1. Anomalies in regulating negative emotions may be one of the symptoms in individuals with ASD

In Table 5, the regions primarily involved in emotion regulation, such as Frontal_Sup_Orb and Cingulum_Ant, both show activity 
on the right side. The right-sided regions of the frontal lobe and cingulate gyrus are predominantly associated with the regulation of 
negative emotions. Meanwhile, the right Temporal_Inf and Fusiform, which are involved in emotion regulation and facial expression 
recognition, also showed abnormalities. Abnormal neural activity in Frontal_Sup_Orb_R and Cingulum_Ant_R may suggest potential 
clues regarding behaviors such as anxiety, anger, and feelings of loneliness in individuals with ASD.

5.2.2. Abnormalities in language may be one of the symptoms in individuals with ASD

In Table 5, both the left Heschl, left Temporal_Inf and left Frontal_Sup regions demonstrate relatively high levels of contribution. 
For more typical right-handed individuals, the left Heschl and left Temporal_Inf regions are proximal to Wernicke’s area in the 
temporal lobe, and left Frontal_Sup region is proximal to Broca’s area in the frontal lobe. Wernicke’s area and Broca’s area together 
form the language hub. Anomalies in Heschl_L and Frontal_Sup_L may suggest potential clues regarding language-related impairments 
in individuals with ASD.

5.2.3. Anomalies in sensation may be one of the symptoms in individuals with ASD

In Table 5, the auditory cortex Heschl, somatosensory cortex Postcentral, and visual cortex Calcarine regions exhibit higher levels 
of contribution. Furthermore, we examined the feature effects in SHAP. The results indicate that neural activation levels in the Heschl 
and Calcarine regions are lower in ASD patients, while the activation level in the Postcentral region is higher. The abnormalities in the 
Heschl and Calcarine regions may suggest difficulties in auditory and visual information processing in ASD patients. The heightened 
activation level in the Postcentral region, located in the parietal lobe of the brain, may imply increased sensitivity to tactile stimuli in 
ASD patients. Their somatosensory sensitivity may be related to a preference for activities involving pressure touch, such as hugging 
or gentle tapping. In addition, these sensory abnormalities in individuals with autism spectrum disorder may be one of the potential 
clues as to why they struggle to form new behavioral patterns and resort to repetitive stereotypical behaviors.

5.3. Implication of findings

The STDCformer extension we propose expands the current applications of deep learning in neural imaging analysis and demon-

strates the potential of deep learning techniques in handling complex medical image data.

By identifying brain regions associated with ASD from the STDCformer, the transparency of the model’s decision-making process 
is enhanced, providing a more diverse perspective for understanding the neural basis of ASD and exploring its underlying biological 
mechanisms. While there remains a considerable gap between these findings and real-world insights into ASD, this demonstrates the 
potential value of AI-guided neuroimaging biomarker development for ASD diagnosis and the discovery of new therapeutic targets.

Our approach maintains good stability while achieving competitive performance, opening new possibilities for personalized and 
precise ASD diagnosis using deep learning. Furthermore, the robustness of our STDCformer in multicenter data suggests its potential 
for broader and more diverse applications in various clinical settings.

From the perspective of model architecture, the STDCformer offers a novel deep learning framework designed to handle both 
temporal and spatial data. This framework may be applicable to other fields that require simultaneous consideration of temporal 
dynamics and spatial relationships.

6. Conclusion

This work proposes a spatial-temporal dual-path cross-attention model named STDCformer for identifying ASD based on fMRI data. 
STDCformer deeply interacts and integrates spatial-temporal pattern information while retaining domain-specific information in both 
time and space. We anticipate extending our work to additional domains. The dual-path architecture, perturbation position encoding, 
14

GAF image similarity-based correlation measurement, and dual-path attention integrated tensor modules proposed in STDCformer 
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have generality. Thus, our work may potentially assist the model of the multi-head self-attention paradigm in various scenarios. 
Moreover, neuroimaging biomarkers derived from STDCformer through interpretable techniques could offer clues to understanding 
the physiological mechanisms of ASD. In conclusion, our work once again demonstrates the potential of deep learning technology in 
ASD research.
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