PC-AGL: Light-Weighted Prior Constrained
Adaptive Graph Learning for fMRI Analysis to
Diagnose Autism Spectrum Disorders
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Abstract—Resting-state functional magnetic resonance imaging
(rs-fMRI)-derived functional connectivity (FC) has emerged as
a potent metric for analyzing neuropsychiatric disorders, with
autism spectrum disorder (ASD) being a prime focus. However,
existing deep learning-based automated diagnostic methodologies
suffer from several limitations, including the neglect of global
representations, excessive parameterization, and insufficient in-
terpretability. In this study, we propose a novel prior constrained
adaptive graph learning (PC-AGL) method for ASD diagnosis.
Firstly, a graph model integrated with a priori constraints is
constructed on the basis of discriminative FC. Subsequently, a
comprehensive convolutional kernel is devised to amalgamate
short-range and long-range representations. The Autism Brain
Imaging Data Exchange (ABIDE) dataset is employed for ASD
detection. Our results indicate that the PC-AGL approach
achieves an accuracy of 73% in ASD identification, while concur-
rently reducing the training parameters by 85% compared to the
state-of-the-art model. The reduction in model parameters not
only showcases its potential for deployment in edge computing
applications but also the discriminative patterns unveiled may
offer data-driven insights into the underlying brain-neurological
mechanisms of ASD.

Index Terms—Graph Learning, Prior Constrained, fMRI,
Functional Connectivity, Autism Spectrum Disorders

I. INTRODUCTION

Alterations in functional connectivity (FC) have been sug-
gested as potential clinical neuroscience biomarkers to facili-
tate the diagnosis of neurodevelopmental disorders, such as
autism spectrum disorders (ASD) [1] [2]. The majority of
diagnoses of such psychiatric disorders rely on the evalua-
tions by clinical experts and these cognitive assessments may
lead to objective biases [3] [4] [5]. Recently, computer-aided
diagnosis (CAD) using rs-fMRI has attracted the interest of
researchers [6] [7],especially for the connectomic approaches
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The connectomic CAD integrates machine learning and
deep learning methods including support vector machine, deep
neural networks (DNNSs) [9], convolutional neural networks
(CNNs) [10], and graphic convolutional networks (GCNs)
[11], with CNNs-based approaches predominating. CNNs rely
on local receptive fields to learn short-range representations
but lack global perspective capture [12]. In contrast, brain
functional connectivity naturally fits graph structures, and
GCNs can comprehensively learn brain topology—via multi-
layer stacking, they effectively capture local/global relation-
ships among brain regions of interest (ROIs), facilitating
analysis of inter-regional complex interactions (especially
fMRI time series correlations) [13] and handling both node
(brain region) static features and edge (FC) features [14].
For instance, Graph Attention Network (GAT) (GNN with
attention mechanism) achieved 72.40% ASD detection accu-
racy [15]; higher-order node embedding and ROI location
coding improved major depressive disorder detection [16];
Dynamic Graph Convolutional Network (dGCN) utilized dy-
namic graphs to attain 72.0% accuracy on ADHD dataset
[17]. However, existing GCNs for functional connectivity lack
prior knowledge guidance, and the constructed brain graphs
suffer from redundant connections and low signal-to-noise
ratio, often leading to suboptimal outcomes.

Consequently, methods leveraging complementary strengths
of CNNs and GCNs are required. A common approach treats
functional connectivity as images to learn local features via 2D
convolutional kernels [18], [19], but it relies on pixel spatial
neighborhoods rather than ROI positional/functional relation-
ships, neglecting FC topological information. To address this,
BrainNetCNN [20] incorporated edge-to-edge (E2E), edge-to-
node (E2N), and node-to-graph (N2G) modules, enabling pre-
diction of cognitive/motor developmental scores for preterm
infants’ structural networks with lower computational cost
than GCNs. Its core modules also enhance CAD classifica-



tion performance [21]. Nevertheless, BrainNetCNN assumes
uniform connection counts across ROIs (overlooking neural
activity differences), assigns identical convolutional kernels
to all brain regions (disregarding heterogeneity), and treats
all FC connections as valid (increasing harmful information
redundancy for model training).

Another solution employs an element-wise weighting mech-
anism to update node representations [22], enhancing ROI con-
volutional connectivity, but sequential ROI-wise convolution
significantly reduces computational efficiency. Focusing on
functional brain network topology, conditional Graph Convo-
lutional Network (cGCN) [23] applied to FCs achieved 70.7%
classification accuracy on ABIDE [24]. However, cGCN-based
methods overlook brain region heterogeneity, either ignoring
brain network topology’s impact on representation learning or
being constrained by assumptions (e.g., uniform ROI connec-
tion counts), which may lead to inaccurate diagnostic support.

To address the above issues, we propose a prior constrained
adaptive graph learning (PC-AGL) to diagnose ASD, which
effectively captures topological information by defining an
adaptive convolutional neighborhoods and focusing on the
heterogeneity between specific brain regions. The experi-
mental results on ABIDE demonstrate that, under the same
circumstances, PC-AGL can achieve performance close to that
of the state-of-the-art methods while significantly reducing
the model parameters. Meanwhile, the ablation experiments
have verified the effectiveness of PC-AGL. The confusion
experiments indicate that even when the label error rate
reaches 30%, PC-AGL can still maintain a relatively good
performance, further proving the effectiveness of the proposed
method. The main contributions of this work include three
aspects:

o The contrast mask has the ability to conduct statistical
analysis on the functional pattern of brain activity and
subsequently impose constraints on the convergence of
model training.

o To fully understand the heterogeneity between brain
regions, we conduct the adaptive aggregation of ROIs
graph-level representations.

o The proposed method surpasses existing works in the
aspect of classification. Its structure is relatively simple
and fundamental, and the number of its parameters is
significantly fewer than that of the GNN-based methods.

The ¢ hapter 2 of this paper introduces the PC-AGL frame-
work. In Chapter 3, comparative experiments are designed,
and ablation and confusion experiments verify the superiority
and robustness of the model. Chapter 4 discusses the key
factors affecting masking performance, and disease-related
biomarkers are explored through masking experiments.

II. METHOD

A. Proposed PC-AGL

PC-AGL comprises three components: prior mask construc-
tion, graph learning and classification, and loss optimization
(Fig. 1) A statistical contrast mask was derived from functional

connectivity differences between ASD and HC groups in the
training set. Graph convolution operates exclusively on edges
preserved in this mask, ensuring biologically relevant neigh-
borhood constraints. Ultimately, Node features are updated via
masked aggregation and classified through an MLP.

1) Construction of contrast mask: The objective of the
module is to generate a comparison mask by a prior informa-
tion that most accurately characterises the differences between
patient and normal human brain networks. In more detail, a
FC is generated by calculating the Pearson correlation (PCC)
between ROI’s time series in order to obtain the connectivity
patterns between whole-brain ROIs. Two-sample t-tests were
performed on the FC of the training set data for each cross-
validation split, yielding the difference matrix P.The data
acquisition process is inherently limited, which results in the
acquisition of neural images from different data sites that
exhibit a range of noise characteristics. In order to obtain a
more precise brain link network, these noises can be efficiently
eliminated through the process of thresholding. Networks
constructed with lower thresholds exhibit a reduction in the
number of connections, thereby facilitating a more discernible
topological relationship between brain regions. In contrast,
brain networks constructed with higher thresholds may exhibit
a greater degree of noise. For the P matrix, the connectivity of
the edges is filtered by a threshold, below which connections
are considered to exist, and vice versa. To ensure optimal
performance, the threshold value should range from 0.1 up
to 0.0001. By mapping the binarised direct connection A as a
mask onto the adjacency matrix of a graph, the most discrim-
inative brain network connectivity relations are automatically
brought to the fore.

2) Adaptive graph convolution: The fMRI image is divided
into ROIs based on the selected atlas. Each ROI is considered
as a node, and functional connections between any two ROIs
are considered as edges. The graph is defined as G = (V, E),
where V' = {v1, ..., v, } represents the set of nodes (ROIs), and
E is the set of edges, the (v;, v; ) set of vertices connecting
v; to v;. Following masking by the A matrix, each node
is connected solely to a diminished number of other nodes.
In particular, the number of neighbours associated with each
brain region is not constant, but is rather defined by the number
specified in the A matrix. This guarantees that brain regions
which are classified as "hubs’ will have a greater number of
neighbours.

In this paper, the edge convolution approach, as derived
from reference Wang [25], is employed for the implementation
of the graph convolution layer.

vi= max ho(wllz; — ;) (1)
Jji(i,j)€e

In Equation 1, x; denotes the feature vector of the central
node v; and z; is the feature of the neighbouring node v;
with which it is connected. In addition to the original feature
of the central node, the node value difference is x; — x;
added as a supplementary feature. hy represents the nonlinear
activation function, which is implemented by the MLP and the
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Fig. 1: The overview of our proposed PC-AGL. A) The prior mask block generates a contrastive mask by utilising the data
from the training set, thereby characterising the differences between the brains of the two groups of subjects. B) The edge
convolution module performs feature computation through the acquisition of structural information from the selected brain

network. C) Flow of the proposed model.

corrected linear unit (ReLU) in Equation 2. Here 6 denotes the
trainable parameter. The characteristic convolution output z,
is the maximum activation value of its neighborhood.

’
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= maz (ReLU(x;||x; — x;))
= maz (maz(0, (ReLU (x;||x; — x;)))
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In consideration of the considerable heterogeneity between
brain regions, the input FCs is subjected to processing through
a contrast mask containing a priori information, thereby facil-
itating the acquisition of a differentiated representation that
is pertinent to group discriminatory information. This is due
to the fact that the contrast mask captures the relevance of
connectivity relationships between brain regions in relation
to disease classification, while also mitigating the issue of
overfitting. The masking process can be described in Equation
3:

where the a; € RN represents line ¢ of the A matrix,
FC; € RN represents line i of the function connection.
For reasons of save computing resources and Memory, in the
concrete implementation, this article will z; compressed into
a; € Rt#maz(k) L is the length of the node representation
vector.

3) Loss function: In this work, we use the binary cross
entropy as the loss function and the Adam optimizer for model
training, which can be described by Equation 4.

Lpce = % ZLi

“)
= >l Tog(p) + (1~ ) log(1 — po)]
7

where y; represents the label of the sample ¢, and p;
represents the probability that the sample ¢ is predicted to be
positive class. In order to prevent the classifier from overfitting,
we incorporate L2 loss into the classifier layer., as shown in

Equation 5:

Lclassifer =A Z wZQ (5)
i=1

where, w; is the parameter of the classifier layer. The total
loss function is shown in shown in Equation 6:

L=Lpcg+ Lclassifer (6)

III. EXPERIMENTS AND RESULTS
A. Dataset and Preprocessing

The Autism Brain Imaging Data Exchange I (ABIDE)
dataset, a publicly available multi-site resource, provided phe-
notypic and imaging data for 1,112 participants (539 ASD, 573



TABLE I: THE RESULTS OF THE COMPARISON EXPERIMENTS UNDER TEN-FOLD CROSS VALIDATION.

Method Accuracy (%) Sensitivity (%)  Specificity (%) AUC (%) Params (M) FLOPs (MFlops)
Logistic Regression 64.4+14 61.5+3.1 66.3 = 1.3 68.0 £ 2.1 - -
SVM(linear kernel) 62.4+1.2 59.6 £ 1.9 64.2 £ 3.5 65.6 + 2.2 - -
BrainNetCNN [20] 66.5+ 1.4 62.6 +0.7 69.7+ 2.0 71.2+1.3 - -

BrainTGL [26] 67.8+ 1.7 62.2+1.9 729+ 1.8 67.6+1.5 - -
LCC-FC [27] 67.9+0.9 65.5 + 3.9 70.4£3.3 71.5+1.0 - -
BrainNetCNN [20] 66.5+ 1.4 62.6 £0.7 69.7 £ 2.0 71.2+1.3 0.6 56.9
ASD-DiagNet [28] 68.1+1.0 60.0 £ 1.0 75.0+ 1.4 67.5+ 1.0 5.6 11.1

BolT [29] 71.3+4.6 64.8+ 7.9 — 77.6 3.4 - -
c¢GCN [23] 71.6 £0.7 65.2+ 1.5 73.0£1.3 73.2+1.2 2.0 102.6
Our method(PC) 72.7+0.5 68.7+ 1.0 76.0 + 0.8 74.8+0.9 0.3 32.8
Our method 73.0 0.8 67.2 + 2.6 78.0 £ 1.2 74.8+0.9 15.3 46.9

Note: PC Indicates parameter compression, All models are experimented on AAL116 atlas.

typically developing controls; ages 6—64). Following HIPAA-
compliant anonymization per INDI protocols, 884 subjects
(408 ASD, 476 controls; ages 7-64) were included after
quality screening. fMRI data underwent C-PAC preprocessing
(0.01-0.1 Hz bandpass filtering, no global signal regression)
[30]. Four brain atlases (AAL116 [31], CC200 [32], CC400
[33], Harvard Oxford [34]) defined 116, 200, 400, and 90
regions of interest. ROI time series were z-score normalized
across subjects for model input.
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Fig. 2: Experimental Setting. A) The comparison experiments
are divided into four parts. Under the premise of the same
prior, PC-AGL(base) was compared with machine learning
methods, deep learning methods, and the model compressed
PC-AGL(PC). B) The ablation experiments aim to demonstrate
the importance of the prior information and the adaptive
graph convolution module respectively. A total of three groups
are set up, which are: prior+PC-AGL, prior+KNN-GCN, and
random mask+PC-AGL. C) The confusion experiments were
conducted to assess model robustness by progressively shuf-
fling the labels in the training set to varying degrees and
subsequently evaluating model performance on the unaltered
test set.

B. Experimental Settings

The performance of PC-AGL was rigorously evaluated
through comparison experiments, ablation experiments, and

confusion study, as illustrated in Fig. 2. Furthermore, we
conducted ROI occlusion experiments to identify potential
biomarkers that may facilitate disease classification or advance
our mechanistic understanding of disease pathogenesis. All
reported results represent the mean values obtained from ten-
fold cross validation to mitigate stochastic variability.

C. Parameter Settings

All experiments were implemented in PyTorch. A prior
mask was thresholded at p = 0.05. Optimization used Adam
with adaptive learning rate, lower-bounded at 10~5. Model
weights were saved only upon validation accuracy improve-
ment. Lo regularization was applied, with optimal coefficients
selected from 0.1,0.01,0.001, 0.0001. For fair comparison in
comparison and ablation experiments, batch size was fixed at
10; other hyperparameters followed original model defaults
[20], [22], [23], [25]. In cGCN, the final RNN layer was
removed since input functional connectivity matrices lack
temporal structure. SVM and logistic regression used 1000
iterations and default hyperparameters.

D. Quantification and statistical analysis

Model performance was evaluated using accuracy, sensitiv-
ity, specificity, and area under the curve (AUC).

TP+TN

Accuracy(ACC) = TP TN+ FPTFN (7

L TP
Sensitivity(SEN) = TP+ FN (8)

o TN
Speci ficity(SPE) = TN+ FP 9

1 m—1

Area under the curve(AUC) = 3 (Tit1—2:)(Yir1—Yi)

i=1
(10)

TP, TN, FP, and FN denote true positive, true negative, false
positive, and false negative counts. AUC is computed via
trapezoidal integration of the ROC curve, where z; and y;
represent false positive rate and true positive rate at each point.
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Fig. 4: Confusion experiments.

E. Experimental Results

1) Comparison Experiments: The comparison experiments
entailed the utilisation of identical prior information in deter-
mining the convolutional neighbourhood by all methods. As
shown in Table 1, the proposed adaptive graph convolution
model method captures the differences in brain networks
using prior information and exhibits superior performance. The
accuracy of this model is 73.0%, the sensitivity is 67.2%,
the specificity is 78.0%, and the AUC is 74.8%, which is
significantly better than existing methods.

PC-AGL also employs a parameter compression technique,
significantly reducing the number of parameters with minimal
performance degradation. The original PC-AGL has 15.3M
parameters, the highest among lightweight networks. To fur-
ther reduce parameters, we replaced fully-connected layers
with convolutional layers, resulting in the parameter com-
pressed version, PC-AGL(PC), which has 0.3M parameters
and 32.8M FLOPs. This version outperforms BrainNetCNN,
ASD-DiagNet, and cGCN in accuracy while requiring fewer
computations. Shallow deep learning architectures typically
reduce parameters through matrix multiplication, but the large
dimension of functional connectivity (6670 after flattening the
AAL atlas) increases parameter count when fully-connected
layers are used. Replacing them with convolutional layers

reduces parameters but can impair performance [35]. PC-
AGL(PC) mitigates this issue through prior constraints, bal-
ancing model size and performance. This lightweight archi-
tecture facilitates rapid deployment and fine-tuning for fMRI-
based disease diagnosis, demonstrating PC-AGL’s efficient
model design with low parameter redundancy.

2) Ablation Experiments: To validate the effectiveness of
each module in the proposed PC-AGL, an experimental study
was conducted on each individual module (Fig. 3). Specif-
ically, the prior information was replaced with randomly
generated matrices to construct PC-AGL(random), which was
then compared with PC-AGL(base) that used the prior in-
formation. This was done to verify the effectiveness of the
prior information guidance. Furthermore, the adaptive graph
convolution module was substituted by a module that applied
the k-Nearest Neighbors (k-NN) algorithm to determine the
convolutional neighborhood of cGCN (where k represents the
number of neighbors considered for each ROI) [25], [36],
to ascertain the efficacy of adaptive graph convolution in
aggregating neighbourhood information. In the ablation ex-
periment scenario, the k-NN+GCN model reaches its optimal
performance when k = 5. However, this performance is still
considerably lower than that of PC-AGL(base), suggesting that
the adaptive graph convolution module can understand the
heterogeneity of brain regions and has the ability to extract
discriminatory features (Fig. 3). Notably, compared with PC-
AGL(random), PC-AGL(base) shows higher efficiency, stabil-
ity, and portability.

3) Confusion Study: To assess robustness to label noise,
we conducted confusion experiments using AAL atlas based
FC, the atlas that yielded the highest accuracy in prior
comparison and ablation experiments. Training labels were
randomly disrupted at 10%, 20%, and 30% , and validation
accuracy was used as the primary evaluation metric. PC-
AGL achieved 73.7% accuracy with clean labels, declined by
only 0.8% to 72.9% at 10% disrupted labels, and remained
above 70% at 30% disrupted labels. PC-AGL(PC) and PC-
AGL(base) showed similar degradation patterns, indicating
that parameter compression preserves discriminative capacity
under label corruption and that the full model is robust to label
errors (Fig. 4).

TABLE II: THE TOP TEN BRAIN REGIONS WITH THE HIGH-
EST CLASSIFICATION CONTRIBUTIONS IN THE AAL ATLAS.

Index Brain Regions Degradation (%)
8 Middle frontal gyrus (R) 2.147
55 Fusiform gyrus (L) 1.243
38 DaHippocampus (R) 0.960
31 Anterior cingulate gyrus (L) 0.847
100 Cerebellum 6 (R) 0.791
96 Cerebellum 3 (R) 0.791
88 Temporal pole (middle) (R) 0.734
46 Cuneus (R) 0.734
35 Posterior cingulate gyrus (L) 0.678
14 Inferior frontal gyrus (triangular) (R) 0.678
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Fig. 5: Activation patterns of brain regions obtained by PC-AGL. The utilisation of darker colour representations of brain
regions exerted a more substantial influence on model performance, thereby indicating that these regions may assume a pivotal

role in disease discrimination.

4) Occlusion experiments: The masking method [37] was
used to identify key ROIs for classification by training the
model to zero out individual regions and evaluating per-
formance degradation. The resulting blocking pattern was
mapped to the cortical surface (Fig. 5). The occlusion exper-
iment divided the dataset into training, validation, and testing
sets with a ratio of 2.67:1.33:1, and was repeated 10 times
to eliminate random influences. The ten most significant brain
regions for classification were identified, as shown in Table
II, including the right middle frontal gyrus, left fusiform
gyrus, right hippocampus, among others, exhibit pronounced
lateralization.

Prior studies have linked these regions to ASD, such as the
fusiform gyrus and frontal cortex showing structural asym-
metries [38], and hippocampus involvement [39]. Functional
connectivity changes in the cingulate cortex and temporal
gyrus are also potential biomarkers for ASD behaviors [40].
Our findings align with these results.

Additionally, while GCNs typically aggregate local ROI
features, fMRI based CAD studies face limitations in local
receptive fields and incomplete information aggregation. By
enhancing the GCN to incorporate both local and global
brain connectivity information through selective aggregation,
we improved classification performance while maintaining a
lightweight model. The occlusion and confusion experiments
validate the robustness and efficacy of this approach, offering
a new direction for lightweight CAD.

IV. DISCUSSION

Sparse representation enhances classification performance
and reduces model parameters, enabling lightweight models.
However, studies show that applying a two-sample T-test
or specifying sparsity introduces additional hyperparameters,
with no fixed optimal value established [41]. The optimal
parameter is typically determined by the model’s overall
robustness, though sparse representation may vary across folds
in cross validation. In previous research, the final sparse
representation is often derived from repeated experiments or
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.. 0.70}
Q
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Fig. 6: Hyperparameter optimization. The overall performance
of the model generally shows a decreasing trend as the P-value
gradually decreases.

meta-analysis [41]. Factors like equipment differences, data
volume, and noise can affect statistical results, leading to
instability [42]. Therefore, in this paper, the prior construction
adopts the overlapping part of multiple two-sample t-tests
between individuals with ASD and HC in the training set.
Different P-values lead to variations in the performance of PC-
AGL. Hyperparameter optimization is carried out within the
range of p, spanning from 0.1 to 0.0001 and within the HO110,
AALI116, CC200, CC400 atlas (Fig. 6). Among these, PC-
AGL attains its optimal performance when p equals 0.05 with
AAL atlas, achieving an average accuracy of 73.0%. Moreover,
the classification performance of the model deteriorates as the
restriction on the p becomes increasingly stringent. When p
is set to 0.001, the average accuracy of PC-AGL remains
approximately 70%, suggesting that our model can depend
on a limited number of precise features to acquire a robust
and stable feature representation. Meanwhile, even if the p
is loosened to 0.1, although the classification performance is
still considerably lower compared to the optimal settings, the
computational consumption is significantly increased. The p
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Fig. 7: Visualization of prior information. In the AAL atlas, as the p-value constraint was progressively strengthened, fewer

critical brain regions were retained in the mask, while the model demonstrated optimal performance at p < 0.05 .

of 0.05 serves not only as a statistically significant threshold
but also proves to be the best in terms of both classification
performance and computational consumption.

As p becomes stricter, prior information emphasizes regions
like the temporal lobe, superior colliculus, parietal lobe, and
limbic system, which overlap with brain regions identified in
the masking experiments (Fig. 7). These regions are strongly
linked to ASD [41]. With p = 0.05, repeated experiments yield
an optimal model, balancing classification performance and
parameter count. In these experiments, the AAL atlas shows
significant loss reduction after 15 epochs, with convergence
after 50 epochs.

V. CONCLUSIONS

In this study, the graph convolution method of prior infor-
mation obtained by PC-AGL model through statistical test can
effectively distinguish ASD patients from HC population. The
proposed a priori is effective for various graph segmentation
data, providing novel insights for future related studies. The
graph convolutional module adaptively convolves different
brain regions, making it suitable for the highly heterogeneous
data in the brain. Furthermore, due to its shallow model
structure, the PC-AGL model is easy to tune, highly efficient,
and deployable on mobile devices, with a wide range of
potential applications. However, PC-AGL does have some
limitations. To utilize the graphic convlutional module, a front
mask layer is required, which limits high parallel efficiency
in some high-speed computation scenarios. In this study,
we plan to experiment with several ways to construct the
prior information further, aiming to find a better approach.In
subsequent work We will also extend PC-AGL to different
brain disease to verify its adaptability across a wide domain.
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