
Deep Feature Selection and Multi-Sparsity
Functional Connectivity Networks for Autism
Classification
Lei Zhang 

Chongqing Jiaotong University
Yupan Ding 

Wuhan University
Zhanpeng Zheng 

Chongqing Jiaotong University
Hong Zhu 

Chongqing Jiaotong University
Lei Huang 

Chongqing Jiaotong University

Research Article

Keywords:

Posted Date: November 4th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-11239833/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-11239833/v1
https://doi.org/10.21203/rs.3.rs-11239833/v1
https://doi.org/10.21203/rs.3.rs-11239833/v1
https://creativecommons.org/licenses/by/4.0/


Deep Feature Selection and Multi-Sparsity

Functional Connectivity Networks for Autism

Classification

Lei Zhang1,∗, Yupan Ding2, Zhanpeng Zheng1, Hong Zhu1, Lei Huang1

1School of Mathematics and Statistics, Chongqing Jiaotong University, Chongqing 400074,

China
2School of Artificial Intelligence, Wuhan University, Wuhan, China

∗Corresponding author: chray@cqjtu.edu.cn

Abstract

Autism spectrum disorder (ASD) is associated with heterogeneous alterations in

functional brain organization, making reliable neuroimaging-based characterization

difficult. We developed a framework combining deep feature selection with multi-sparsity

functional connectivity networks to identify discriminative connectivity patterns and

classify ASD. Resting-state functional magnetic resonance imaging data from 871

participants in the Autism Brain Imaging Data Exchange I dataset (403 ASD and

468 typically developing controls) were analyzed. Pearson correlation networks were

constructed across 111 regions and thresholded at multiple sparsity levels. Deep feature

selection identified stable connections across training folds, while nested cross-validation

selected the optimal sparsity level and evaluated a linear support vector machine. The

framework achieved 86.2% accuracy, 88.8% sensitivity, 84.0% specificity, and an area

under the curve of 91.6%. Discriminative connections were concentrated in frontal,

occipital, and parietal regions, including the superior frontal gyrus and lateral occipital

cortex. These findings show that combining feature selection with multi-sparsity

connectome analysis can improve the identification of reproducible autism-associated

connectivity patterns. The results should be interpreted as research-level classification

rather than a clinical diagnostic test and require independent external validation.

Keywords: autism spectrum disorder, resting-state functional MRI, functional connectivity,

deep feature selection, brain network sparsity
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1 Introduction1

Autism spectrum disorder (ASD) is a complex and heterogeneous neurodevelopmental condi-2

tion characterized by challenges in social interaction, communication, and the presence of3

repetitive, restrictive behaviors and interests. The exact etiology of ASD remains inadequately4

understood, and it is often comorbid with neurodevelopmental disorders [1, 2]. Due to the5

disorder’s complexity and variability, early diagnosis and intervention are essential not only6

to facilitate timely support but also to improve long-term functional outcomes for affected7

individuals. However, current diagnostic practices primarily depend on behavioral assessments8

and clinical observations, with a notable absence of reliable and consistent biomarkers [3, 4].9

Functional magnetic resonance imaging (fMRI) has been widely employed to examine10

brain functional connectivity in ASD [5]. By measuring variations in blood oxygenation,11

fMRI allows non-invasive investigation of neural activity and inter-regional connectivity [6-9].12

Large-scale initiatives such as the Autism Brain Imaging Data Exchange (ABIDE) have13

aggregated extensive fMRI datasets from multiple laboratories worldwide, providing critical14

resources for studying ASD while introducing significant analytical challenges.15

Research has revealed widespread disruptions in functional connectivity across several16

brain networks in individuals with ASD. Altered intrinsic connectivity within the default mode17

network (DMN) has been linked to specific ASD symptoms [10]. Structural and functional18

abnormalities at key DMN nodes, as well as atypical connections between these nodes and19

other regions, appear to contribute to the manifestation of ASD traits [11]. Furthermore,20

impairments in executive function may arise from reduced adaptability and integrative21

capacity of frontoparietal-insular control regions within the functional network [12]. Chen22

et al. proposed that disruptions in multisensory brain circuitry might be essential for the23

early development of behavioral skills and the emergence of autism symptomatology in young24

children with ASD [13]. Other region-of-interest (ROI)-based studies have identified aberrant25

connectivity in the Superior Frontal Gyrus and Lateral Occipital Cortex as potentially26

relevant to social cognition and visuospatial processing deficits in ASD [14, 15], providing27

biologically interpretable targets for further investigation. These findings suggest that neural28

underpinnings of ASD are intricately linked to aberrant functional connectivity within specific29

brain networks.30

In recent years, researchers have increasingly explored the application of machine learning31

and deep learning techniques for the classification and prediction of ASD. Deep learning,32

especially convolutional neural networks (CNNs) and graph convolutional networks (GCNs),33

has shown significant advantages in processing high-dimensional and complex data [14, 15].34

For example, Hu et al. developed an interpretable segmented fully connected neural network,35
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achieving high accuracy rates [16]. Rakhimberdina et al. constructed a population graph using36

various combinations of imaging and phenotypic features, integrating multiple graph-based37

models with neural network architectures, which resulted in a 73.1% accuracy on the ABIDE38

dataset [17]. Shao et al. introduced a heterogeneous graph convolutional attention network39

model that combines attention mechanisms with heterogeneous GCNs, achieving an 82.9%40

accuracy in classifying the ABIDE dataset [18]. Although these approaches are powerful, they41

often face two limitations: (1) a lack of explicit interpretability regarding the contribution of42

specific functional connections or ROIs, and (2) insufficient consideration of network sparsity,43

which can be critical in small-sample, high-dimensional neuroimaging scenarios.44

However, existing methods have not yet fully leveraged functional connectivity features45

to elucidate the neural mechanisms of ASD. Li et al. introduced a deep feature selection46

model that identifies informative features with nonlinear behavior by selecting them at the47

input layer of deep neural network [19]. Shao et al. applied this approach to the ABIDE48

dataset, extracting functional connectivity features from fMRI data and achieving a 79.5%49

accuracy by constructing a graph convolutional network (GCN) for classification [20]. Chen50

et al. proposed a comprehensive framework for high-dimensional nonlinear variable selection51

using deep neural networks within a supervised learning context. This method utilizes52

a deep neural network comprising selection and approximation layers to model nonlinear53

systems. Its sparsity and feature selection capabilities enable it to identify the most significant54

variables within high-dimensional feature spaces, thereby improving its adaptability to medical55

classification tasks [21].56

Deep learning-based classification methods and feature extraction techniques are often57

designed for scenarios with very large sample sizes and relatively few features. However,58

medical datasets frequently face the challenge of small sample sizes, complicating the direct59

application of these methods to the ”small n, large p” problem [22]. To address this issue, we60

propose a support vector machine (SVM) classification method that integrates deep feature61

selection (DFS) with multi-sparsity functional connectivity networks. Specifically, we begin62

by constructing functional connectivity networks based on the correlations between different63

brain regions of the subjects. We then apply a connectivity retention strategy with varying64

thresholds to induce different levels of sparsity in these networks. Next, we use the DFS65

method to filter out functional connections that are highly associated with autism [21]. To66

further refine feature selection, we employ an inner cross-validation strategy to determine the67

optimal sparsity level for the functional connectivity networks, based on different degrees of68

network sparsity. Finally, we classify the data using the features from the optimally sparse69

brain networks. We tested this method on the ABIDE dataset, demonstrating its effectiveness70

in handling the small sample size and high dimensionality characteristic of medical datasets.71
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The main contributions of this approach are as follows:72

1. The proposed method leverages functional brain networks with varying levels of sparsity73

and integrates DFS to extract critical functional connections related to ASD.74

2. The proposed method achieved an accuracy of 86.2% and an AUC of 91.6% on ABIDE75

I and showed higher performance than the selected comparison methods under the76

reported evaluation protocol.77

3. Our method revealed critical brain region connections, particularly in the Superior78

Frontal Gyrus and Lateral Occipital Cortex, that exhibit strong discriminative power79

across different sparsity levels, providing insights into the neural mechanisms underlying80

ASD.81

The remainder of this article is organized according to the IMRaD structure. The Methods82

section describes the ABIDE I cohort, preprocessing, multi-sparsity network construction,83

deep feature selection, and nested cross-validation. The Results section reports classification84

performance and the identified connectivity patterns. The Discussion interprets the findings,85

considers limitations, and summarizes the conclusions.86

2 Methods87

2.1 Data Acquisition and Preprocessing88

The proposed framework was evaluated using the ABIDE I dataset, a widely used multisite89

resource in autism research. This multi-site dataset collects resting-state fMRI scans together90

with corresponding phenotypic information from 17 research institutions worldwide. In total,91

ABIDE I contains imaging data from 1112 participants, including 539 subjects diagnosed with92

ASD and 573 typically developing (TD) individuals. For consistency with widely adopted93

experimental protocols, we followed the data inclusion strategy reported in Abraham and94

Parisot [23, 24]. As a result, a subset of 871 participants with reliable data quality was95

retained for subsequent analysis. This curated cohort consists of 403 ASD subjects and 46896

TD controls. A detailed summary of the selected subjects is provided in Table 1.97

ABIDE provides data processed through multiple standardized pipelines for connectome98

construction, including the Connectome Computation System, the Configurable Pipeline for99

the Analysis of Connectomes (CPAC), and the Data Processing Assistant for Resting-State100

fMRI [25-27]. In our study, we followed the preprocessing protocol used by Parisot et al., opting101

for the CPAC pipeline due to its configurability. These pipelines incorporate a comprehensive102
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Table 1: Demographic Descriptive Statistics of the 871 Subjects Selected from the ABIDE Dataset.

Site ASD TD

Age Sex (M/F) FIQ Age Sex (M/F) FIQ

CALTECH 24.0±7.6 4/1 99.5±2.6 28.2±12.2 6/4 111.0±9.2
CMU 26.0±5.4 4/2 109.5±12.1 27.8±4.4 3/2 116.4±10.2
KKI 10.7±1.3 9/3 97.7±20.6 10.1±1.2 15/6 112.3±9.8

LEUVEN 18.2±5.1 23/3 109.4±13.1 18.4±4.9 26/4 115.4±13.1
MAX MUN 28.4±13.2 16/3 108.5±15.0 25.2±8.4 26/1 111.7±9.5

NYU 14.8±7.1 64/10 107.4±16.4 15.8±6.2 72/26 113.4±13.1
OHSU 11.4±2.2 12/0 106.0±22.0 10.2±1.0 13/0 114.1±11.1
OLIN 17.1±3.3 11/3 110.2±20.1 16.9±3.6 12/2 116.4±13.9
PITT 18.3±7.0 21/3 111.1±14.8 18.7±6.7 22/4 109.5±8.9
SBL 34.0±6.6 12/0 106.5±14.1 33.6±6.8 14/0 N/A
SDSU 15.3±1.8 8/0 123.1±11.6 14.0±1.9 13/6 107.3±10.5

STANFORD 10.2±1.6 9/3 115.1±15.6 9.8±1.7 9/4 112.9±15.2
TRINITY 17.0±3.2 19/0 108.2±16.5 17.1±3.8 25/0 110.9±12.2
UCLA 13.2±2.5 42/6 101.0±12.7 13.0±2.0 32/5 107.4±9.9
UM 13.7±2.4 38/9 109.3±16.4 14.8±3.6 55/18 108.4±9.8
USM 23.6±8.4 43/0 99.6±17.0 20.9±8.3 24/0 115.5±15.4
YALE 13.1±3.0 14/8 94.2±22.8 13.6±2.1 11/8 103.2±15.9
Total 17.1±8.0 349/54 105.8±17.1 16.8±7.2 378/90 111.1±12.1

FIQ: Full-Scale Intelligence Quotient. Age and FIQ are reported as mean ± standard deviation. FIQ
information is missing for TD participants from the SBL site.

set of preprocessing procedures, such as removal of non-brain tissue, correction for slice103

acquisition timing and head motion, normalization of global signal intensity, elimination104

of nuisance-related confounds, and temporal band-pass filtering in the frequency range of105

0.01–0.1 Hz. In addition, all functional images were spatially normalized to a common106

anatomical reference space.107

Concerning the regions of interest (ROIs) in the brain, we adopt the Harvard-Oxford (HO)108

atlas as the reference. This atlas, which comes with the FSL software suite, comprises both109

cortical and subcortical probabilistic atlases, enabling the division of the entire brain into 111110

distinct ROIs. These regions include critical structures such as the Thalamus, Caudate, and111

Putamen [28-31], providing a comprehensive framework for neuro-imaging analysis. For each112

subject, the functional connectivity brain network was quantified by computing the Pearson113

correlation coefficients. Let X = {X1,X2, · · · ,X871} denote the raw data for all the subjects.114

For each Xk, a corresponding Wk is generated, where Wk ∈ R
111×111 is a symmetric matrix115

with each element representing the correlation between the i-th and j-th brain regions.116

2.2 Brain Networks with Different Sparsity Levels117

The functional connectivity network constructed with Pearson correlation coefficients captures118

all the pairwise associations between brain regions, leading to a densely connected network.119

This may include blood-oxygen-level-dependent (BOLD) noise. To refine the network and120

reduce noise, we applied a thresholding process. By setting thresholds at different percentiles121
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of W, we retained the functional connections whose absolute values exceeded thresholds,122

thereby generating brain networks with varying degrees of sparsity. We constructed multiple123

sparse brain networks using thresholds at the following percentiles: 0, 5, 10, 15, 20, 25,124

30, 35, 40, 45, and 50. A threshold of 0 corresponds to the 0-th percentile of the weight125

matrix, meaning that all the correlation connections are retained. Conversely, a threshold126

of 50 corresponds to the 50-th percentile, indicating that only the top 50% of the strongest127

correlations are retained. This thresholding strategy is used to mitigate noise effects and to128

create sparse correlation matrices [32]. This process is expressed as follows:129

W
(new)
ij =

⎧

⎨

⎩

Wij, |Wij| > threshold

0, otherwise
(1)

where Wij denotes the i-th row and the j-th column element in matrix Wk.130

Fig. 1: Flowchart of DFS and multi-sparsity functional connectivity networks for enhanced ASD
classification. (a) Data preprocessing and construction of correlation-based brain networks. (b)
Construction of brain networks with varying sparsity levels and dimensionality reduction to 6105
dimensions, where 871 represents the number of subjects. (c) Neural network-based DFS frameworks
are used to extract key functional connections. (d) Nested cross-validation is employed to select the
optimal sparsity level for the brain networks, which are used for SVM classification.

2.3 Deep Feature Selection and Classifier Learning131

Medical datasets face the challenge of having a small sample size but a large feature dimension-132

ality, referred to as the “small n, large p” problem. After obtaining the sparsified correlation133
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matrix Wk(new) from (1), we first extract only its upper triangular part while removing134

the diagonal self-connections [33, 34]. This step reduces redundancy and computational135

cost, but does not change the total number of unique connectivity features derived from136

the matrix. For our data, each functional connectivity matrix contains N(N − 1)/2 = 6105137

unique connections, where N is the number of brain regions. Flattening the upper triangular138

part into a row vector yields139

wk = vec(triuWk(new)), (2)

where wk is the functional connectivity vector of length 6105 for the k-th subject, triu(·)140

denotes the operation of extracting the upper triangular part of the matrix, and vec(·) refers141

to the operation of flattening the matrix row-wise into a vector. At this stage, we obtain a142

feature matrix of size 871× 6105 (samples × features).143

Even after extracting only the upper triangular part of the above functional connectivity144

matrix, we still retain a feature set of 6105 dimensions for 871 samples. We employed the DFS145

method proposed by Chen et al. [21], which uses deep neural networks composed of selection146

and approximation layers. This DFS method is designed for high-dimensional nonlinear147

variable selection within a supervised learning framework. The core idea behind DFS is to148

convert the feature selection problem into a sparse constraint optimization problem. In this149

approach, sparse parameters are used in the selection layer to identify the most relevant150

features, while other parameters are employed in the approximation layer to model the151

relationships between the selected features and the target variables. This dual-layer design152

allows for efficient feature selection, improving the model’s performance and interpretability.153

With DFS, we reduce the dimensionality of the feature set and retain the most informative154

features, thereby enhancing the predictive power and generalization performance of our155

models.156

min
w,Θ

1

n

n
∑

k=1

ℓ
(

ykh(w
k;w,Θ)

)

+ λ1∥w∥2F

+ λ2∥Θ∥22, s.t., ∥w∥0 ≤ s,

(3)

where ℓ is the cross-entropy loss function, yk is the true label of the k-th sample, h(·) is the157

fitting function of the neural network, wk is the functional connectivity vector of length 6105158

for the k-th subject, obtained from (2), w is the final sparse weight vector of length 6105,159

initially randomly generated, and Θ represents the other parameters in the approximation160

layer. ∥ · ∥F denotes the Frobenius norm, s is a positive integer controlling the sparsity, and161

λ1 and λ2 are the regularization parameters.162

We performed five-fold cross-validation to identify important features from the dataset.163

7



Given the inherent variability in dataset splitting and the differences across multi-site data,164

the feature distributions generated in each fold of the training set may vary. To ensure that165

the features selected by the above DFS method exhibit robust adaptability, we applied a166

stringent feature retention criterion: a feature is retained in the final subset only if it appears167

consistently across all the folds. Features that do not meet this criterion are discarded. This168

process can be formally described as follows:169

wf =

⎧

⎪

⎨

⎪

⎩

1
m

m
∑

i=1

|wf,i| , if f ∈ Fi for all i

0, otherwise

, (4)

where wf is the final weight assigned to feature f . The weight is computed as the average170

of the absolute values of the feature’s weights across all m folds, if the feature f appears in171

every fold’s feature subset Fi. Specifically, wf,i is the weight of feature f in the i-th fold,172

obtained from w in (3). If feature f is not present in all the folds, its weight wf is set to 0.173

The term m denotes the total number of folds in the cross-validation.174

After identifying the important feature subset, we employed ten-fold nested cross-validation175

to select the most appropriate sparse network for each subset. Specifically, the data set176

was divided into training and testing sets according to the ten-fold cross-validation scheme.177

Each training set was further split into inner training and inner testing sets. Within the178

inner training sets, we trained models using feature subsets with varying levels of sparsity,179

selecting the subset that performed best on the inner testing sets. This optimal subset was180

then evaluated on the outer testing sets. The process was repeated for all the folds, and the181

final performance was obtained by averaging the results across the ten outer testing sets. For182

classification, we used a support vector machine (SVM) with a linear kernel. According to183

statistical learning theory, more complex models typically require larger sample sizes [35].184

Using a more complex classifier may lead to over-fitting. The overall workflow is illustrated185

in Fig. 1.186

3 Results187

3.1 ASD Classification Performance188

We have investigated the impact of different feature selection methods on performances of189

classifier. These methods included Principal Component Analysis (PCA), Autoencoders (AE),190

Multi-Layer Perceptron (MLP), and DFS. For PCA, we extracted features corresponding191

to [10, 30, 50, 80, 100, 200, 300, 400, 500, 600, 700, 800, 850, 871], ranging from the top 10192
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principal components to all the components. When using all the components, it indicates that193

they could explain 100% of the variance. For the other three methods, we extracted features194

with the following numbers: [50, 80, 500, 1000, 1500, 2000, 2500, 3000, 3500, 4000, 4500,195

5000, 5500, 6000]. It is noteworthy that we tested using all the 6,105 features, corresponding196

to the original functional connectivity input. For a fair comparison, we fixed the learning197

rate at 0.005 for the three neural network-based methods (AE, MLP, and DFS). Both AE198

and MLP used a batch size of 32 and 50 epochs.199

The DFS module serves as the core feature selection component in our framework. In our200

implementation, DFS consists of two fully connected hidden layers: the first hidden layer201

contains 50 neurons, and the second hidden layer contains 10 neurons. Both layers employ202

the ReLU activation function. The output layer is a softmax layer with two output neurons203

corresponding to the binary classification task. Network weights are initialized using the204

default initialization strategy, and biases are initialized to zero.205

A sparse selection layer is applied prior to the hidden layers, controlled by a target206

sparsity parameter s = 1000, which specifies the maximum number of features to retain in207

each iteration. The sparsity constraint is progressively enforced using a step size of 5 and a208

temperature parameter of 25 to smooth the feature selection probabilities.209

Two separate Adam optimizers are used: one for the selection layer with a weight decay210

coefficient of 0.0005, and another for the entire network with a weight decay coefficient of211

0.0025. The learning rate for both optimizers is set to 0.005. The cross-entropy loss function212

is used as the optimization objective.213

The model is trained for 10 epochs, with the feature support set updated at each epoch.214

During training, the model exhibiting the minimum validation loss is selected as the best-215

performing model, and the corresponding feature subset is recorded as the final selected216

feature set. Unless otherwise specified, the above parameter settings are used as the default217

configuration for all experiments. These hyperparameters were empirically chosen to balance218

convergence stability, selection sparsity, and classification performance.219

Table 2 shows the performance of each feature selection method as the number of fea-220

tures varies. We report multiple evaluation metrics, including Accuracy (ACC), Sensitivity221

(SEN), Specificity (SPE), AUC, F1 Score and Precision. Sensitivity is particularly crucial222

in disease diagnosis, as it reflects the true positive rate, which indicates the ability of a223

screening test to correctly identify patients with the condition. From Table 2, one can observe224

that the DFS method achieves a significantly higher classification accuracy, outperforming225

conventional feature selection approaches. Among the other three methods, PCA exhibits226

the best performance, while AE and MLP methods yield relatively poorer results. Addi-227

tionally, we compared our method with state-of-the-art methods, including DFC+SVM [36],228
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Table 2: Performance Comparisons of Different Feature Selection Methods.

Method Features ACC (%) SEN (%) SPE (%) AUC (%) F1 (%) Precision
(%)

PCA 300 73.0±3.4 67.0±11.3 78.2±10.2 74.4±5.5 69.3±5.7 73.8±6.7
AE 1000 69.4±6.3 65.6±16.2 72.9±17.3 70.6±7.1 65.8±8.4 70.6±11.5
MLP 1000 69.6±3.2 68.3±9.8 70.7±10.2 70.2±5.4 67.3±4.3 67.5±4.9
DFS 1000 86.2±2.4 88.8±4.5 84.0±6.9 91.6±1.7 85.7±2.0 83.3±6.0

All results are averaged from ten-fold cross-validation.

Table 3: Comparison of Methods on the ABIDE Dataset (871 Subjects)

Method Atlas ACC (%) AUC (%)

DFC+SVM [36] AAL 76.8 81.0
MVS+GCN [37] AAL 69.8 69.0
AE+DNN [38] Power 79.2 82.4
WL-DeepGCN
[39]

HO 77.3 82.6

HCAN [18] HO 82.1 84.6
DFS+SVM
[Ours]

HO 86.2 91.6

MVS+GCN [37], AE+DNN [38], WL-DeepGCN [39], and HCAN [18], in Table 3. These229

methods utilized the ABIDE dataset and selected the same cohort of 871 participants (403230

ASD and 468 TD). Our method achieved the highest results in both ACC and AUC, showing231

higher ACC and AUC than the selected comparison methods under the reported evaluation232

protocol. For context, the comparison methods are summarized below:233

• DFC+SVM: Time series are extracted from predefined brain regions based on the234

Automated Anatomical Labeling (AAL) atlas. Dynamic functional connectivity (DFC)235

is constructed by dividing the time series into non-overlapping windows and computing236

Pearson correlation coefficients between regions within each window. A multi-task237

feature selection scheme that combines elastic net and manifold regularization is applied238

to identify discriminative features. Classification is finally performed using a multi-239

kernel SVM, where Gaussian kernels corresponding to different feature subsets are240

integrated for prediction.241

• MVS+GCN: A multi-view graph convolutional network is proposed to jointly learn242

graph structures and multi-task embeddings, aiming to mitigate noise and heterogene-243

ity in brain networks. The model captures shared patterns across sparse networks244

constructed at different thresholds through a common embedding space, while enforc-245
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ing view consistency. In addition, prior subnetwork regularization is incorporated to246

emphasize biologically relevant systems, such as the salience and default mode networks.247

• AE+DNN: A deep learning framework is developed for ASD classification based on248

functional brain networks from resting-state fMRI. Networks are constructed using249

Pearson correlations among 264 ROIs defined by the Power atlas, from which topological250

features are extracted and normalized. An autoencoder (AE) is employed to learn251

compact latent representations, and its encoder is combined with additional layers to252

perform binary classification.253

• WL-DeepGCN: The framework integrates functional connectivity networks and pop-254

ulation graphs using advanced graph neural networks. Edge weights are adaptively255

learned in a latent space by incorporating non-imaging attributes such as site, gen-256

der, and age. Recursive feature elimination is applied for dimensionality reduction,257

while random edge removal, dropout, and batch normalization are used to improve258

generalization and training stability.259

• HCAN: A Heterogeneous Graph Convolutional Attention Network is proposed for260

ASD classification by jointly modeling fMRI and phenotypic data. A population graph261

is decomposed into multiple meta-path-based homogeneous graphs, each processed by262

residual GCNs, while a semantic attention mechanism weights their contributions. The263

fused representations are passed through dropout and an MLP classifier optimized with264

cross-entropy loss.265

3.2 Comparison Across Feature Counts266

We further investigated the performance of each method as the number of retained features267

varied, as shown in Fig. 2. It is clear that both the AE and MLP methods consistently yield268

suboptimal results, regardless of the number of features retained. This may be attributed269

to their inability to effectively capture important functional relationships across varying270

levels of sparsity. PCA demonstrated optimal performance with 300 features, beyond which271

incremental improvements were minimal. Conversely, the DFS method maintained an accuracy272

above 80% when limited to 3000 features or fewer. However, its accuracy experienced a273

significant drop as the number of features increased. This decline can likely be attributed to274

the inclusion of non-informative features, which, beyond a certain threshold, can hinder the275

classification process.276

It is noted that while 3000 features were initially considered, the final feature set used277

for classification was significantly reduced. This reduction was achieved by retaining only278
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the most critical features that consistently emerged across all folds of cross-validation. For279

example, in a dense functional brain network with 1000 features, we extracted and ranked280

the weights of each functional connection. As depicted in Fig. 3, each of the five folds of281

cross-validation retained 1000 important features, effectively eliminating 5105 functional282

connections from the original 6105. However, the final ranking of functional connections283

identified only 530 as the most significant, representing the shared features across all folds.

Fig. 2: Evaluation performance of the four methods with different numbers of features. For the
PCA method, the corresponding feature counts are [50, 100, 200, 300, 400, 500, 600, 700, 800]. For
example, the red solid line with diamond markers in the figure represents PCA, which achieves
its highest ACC when the x-axis value reaches 1000. However, the optimal feature count for PCA
should correspond to 300.

284

4 Discussion285

4.1 The Most Discriminative Consensus Connection286

Analyzing the brain regions involved in key functional connections is crucial for identifying287

essential neural links associated with the pathogenesis of ASD. This approach highlights the288

fundamental differences in brain connectivity between individuals with ASD and those with289

typical development (TD). To illustrate the relationship between the retained features and290

corresponding brain regions, we extracted the most discriminative consensus connections291

using a t-test and visualized them with the ’circularGraph’ function (https://github.com/292

paul-kassebaum-mathworks/circularGraph). This was performed for thresholds of 0%293

and 50%, which correspond to fully connected brain networks and networks retaining only294

connections above the median threshold, respectively.295

As shown in Fig. 4, 28 key consensus connections were identified from the fully connected296

network, while 29 connections were extracted at the 50% threshold. Both networks display297

12
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Fig. 3: The most important functional connections retained through five-fold cross-validation. (a)
to (e) represent the features retained in each fold during the five-fold cross-validation process for
the 111× 111 matrix. The lower triangular part of the matrix and self-connections are excluded.
Each row and column corresponds to one of the 111 brain regions defined by the HO atlas. If
the connection value between region i and region j is 1 (indicated in yellow on the heatmap), the
connection is retained; otherwise, it is set to 0 (indicated in purple on the heatmap). (f) illustrates
the common features identified through the five-fold cross-validation process, ranked in descending
order of importance.
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Fig. 4: Visualization of the most discriminative connectivity features (t-test, p<0.01). Arc colors
are randomly assigned for distinction, and thickness reflects discriminative strength (inverse of
p-value). Panels (a)–(f) show consensus connectivity maps from DFS using 0%, 10%, 20%, 30%,
40%, and 50% quantile thresholds.
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Fig. 5: Hub distribution of the top 10% functional connections in the ASD group. Node size
indicates regional connectivity, and line thickness reflects connection strength. Panels (a)–(f) show
0%–50% quantile thresholds in axial, sagittal, and coronal views.
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Table 4: Top 5 most discriminative connections selected from the ROIs in brain networks with
different levels of sparsity (all p-values < 0.001).

Threshold ROI A ROI B ASD TD

0% F1.L OLi.L 0.39±0.20 0.36±0.22
0% OLi.R PCN.R 0.37±0.23 0.34±0.24
0% F3t.R AG.R 0.45±0.20 0.48±0.18
0% Caud.R T1p.R 0.11±0.22 0.10±0.22
0% Thal.L T1p.R 0.47±0.20 0.41±0.24
10% OLi.R PCN.R 0.37±0.05 0.34±0.06
10% F3o.R POG.R 0.28±0.05 0.25±0.05
10% PRG.L SMC.L 0.53±0.03 0.55±0.03
10% OLi.L PAC.L 0.23±0.04 0.21±0.05
10% F1.R OP.R 0.33±0.04 0.35±0.04
20% F1.L OLi.L 0.39±0.04 0.36±0.05
20% F1.R OP.R 0.33±0.05 0.35±0.04
20% Put.R T1p.R 0.47±0.03 0.42±0.05
20% F2.L T1p.L 0.29±0.05 0.31±0.05
20% SMC.R FO.L 0.37±0.04 0.37±0.05

Threshold ROI A ROI B ASD TD

30% F1.L OLi.L 0.39±0.21 0.35±0.23
30% F1.L CALC.R 0.29±0.23 0.33±0.22
30% PRG.L SMC.L 0.53±0.03 0.54±0.03
30% Put.L Pall.L 0.67±0.02 0.66±0.02
30% F1.R LG.L 0.23±0.05 0.26±0.05
40% F1.L OLi.L 0.38±0.05 0.34±0.06
40% F1.R CALC.R 0.26±0.05 0.30±0.05
40% PRG.L SMC.L 0.52±0.04 0.54±0.03
40% AG.R SMC.R 0.27±0.06 0.29±0.06
40% OLi.R PCN.R 0.35±0.06 0.30±0.07
50% F1.R CALC.R 0.24±0.06 0.28±0.06
50% F1.L OLi.L 0.36±0.06 0.32±0.06
50% F1.R TOF.R 0.16±0.24 0.20±0.24
50% F1.R SPL.R 0.23±0.26 0.22±0.27
50% Thal.L H.L 0.42±0.23 0.34±0.28

similar connection patterns, suggesting that the DFS method consistently selects comparable298

connections across brain networks with varying sparsity levels. We extracted the five most299

important connections at different sparsity levels (in Table 4) and found that the Superior300

Frontal Gyrus and Left Lateral Occipital Cortex (inferior division) exhibited the strongest301

discriminative power. The Superior Frontal Gyrus is linked to self-awareness and sensory302

coordination [40], and heightened functional connectivity in this region has been associated303

with social and communication challenges in children with autism [41, 42]. Additionally, the304

lateral occipital cortex is known to play a critical role in facial recognition in individuals with305

autism. Its increased volume and gyral enlargement may contribute to the visual processing306

abnormalities commonly observed in autistic individuals [43, 44]. Notably, alongside prominent307

regions like the Superior Frontal Gyrus and Left Lateral Occipital Cortex (inferior division),308

the Right Intracalcarine Cortex and Right Superior Temporal Gyrus (posterior division)309

also exhibit significant discriminative capabilities, particularly in nearly half of the sparse310

networks. Therefore, these regions warrant further investigation to better understand their311

potential roles in the neural mechanisms underlying autism.312
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4.2 Altered Pattern of the Brain Network Connectome313

The top 10% of functional connections with the highest weights were identified as key hubs.314

As shown in Fig. 5, these ASD-related hubs are mainly located in the frontal, occipital,315

and parietal lobes. Notably, high-weight connections in the occipital lobe involve the316

occipital fusiform gyrus (OF), occipital pole (OP), intracalcarine cortex (CALC), and lingual317

gyrus (LG), which are critical for visual-spatial processing, body language, and emotion318

regulation [45]. Structural abnormalities in this region have been linked to IQ and ASD319

symptom severity [46, 47].320

Both the frontal and parietal lobes show notable associations with ASD. The frontal lobe,321

involved in cognition, emotion, and motor control, is linked to motor and non-motor deficits322

in ASD [48]. The parietal lobe supports social communication and motor development, with323

reduced right-lobe connectivity associated with poorer praxis and social skills [49]. As shown324

in Fig. 5, the right hemisphere displays stronger connections than the left, particularly in the325

right frontal pole (FP.R), superior frontal gyrus (F1.R), and middle frontal gyrus (F2.R),326

reflecting functional asymmetries such as rightward bias in motor and insula networks and327

leftward bias in visual-spatial networks, which may underlie language-area shifts in ASD [50,328

51].329

4.3 Limitations330

Several limitations should be considered. First, although ABIDE I is a large multisite331

dataset, evaluation was performed within the same aggregated cohort and did not include332

an independent external dataset. Second, differences in acquisition protocols, participant333

characteristics, and site composition may affect functional connectivity estimates and model334

performance. Third, the selected connections represent statistical associations and should335

not be interpreted as causal mechanisms or validated diagnostic biomarkers. Future studies336

should include site-held-out evaluation, harmonization analyses, and replication in independent337

cohorts such as ABIDE II.338

5 Conclusion339

This study presents a framework that combines deep feature selection with multi-sparsity340

functional connectivity networks to distinguish participants with autism from typically341

developing controls and to identify reproducible connectivity patterns. The strongest findings342

involved frontal, occipital, and parietal regions, including the superior frontal gyrus and343

lateral occipital cortex. These results support the value of examining connectivity across344
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multiple sparsity levels when studying autism-related brain network organization. Independent345

replication and external validation are required before the framework can be considered for346

clinical use.347
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