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Abstract Neurodevelopmental disorders such as attention deficit hyperactivity disorder (ADHD) and autism
spectrum disorder (ASD) share overlapping clinical symptoms, complicating diagnosis and motivating
objective, data-driven approaches using neuroimaging and machine learning. Graph neural networks
(GNNSs) have shown strong performance in this domain, yet many existing studies rely on single-modality
data, transductive learning, and feature selection procedures that may introduce information leakage and
inflate reported accuracy. This study proposes a multimodal graph learning framework that integrates
resting-state fMRI (rs-fMRI), structural MRI (sMRI), and demographic data for classifying ADHD, ASD, and
healthy controls (HC). The framework integrates temporal stability-based functional connectivity, hybrid
feature selection, and adaptive multi-graph learning to exploit complementary information across these
modalities. Using the ADHD-200 and ABIDE datasets, the framework is evaluated under three protocols
that progressively tighten control over information leakage: transductive learning with global feature
selection, inductive learning with global feature selection, and inductive learning with fold-wise feature
selection. Results show that classification performance is highest under the transductive, globally-selected
setting (85.5% accuracy for HC vs ADHD vs ASD, 92.5% for HC vs ASD, and 90.4% for HC vs ADHD), but
decreases under the strictest leakage-aware protocol (70.9%, 81.7%, and 79.3%, respectively). This
performance gap indicates that conventional evaluation protocols can substantially overestimate real-
world generalization. Importantly, the proposed framework still achieves reasonable accuracy under the
strictest setting, suggesting genuine discriminative capability beyond evaluation artifacts. These findings
emphasize that leakage-aware evaluation, although yielding lower numbers, provides a more realistic and
trustworthy estimate of model performance, highlighting its importance for developing reliable
neuroimaging-based GNN models.

Keywords Multimodal learning; Neuroimaging; ChebGCN; Information leakage.

modalities is resting-state functional Magnetic
Resonance Imaging (rs-fMRI), which represents brain
activity through Blood Oxygen Level-Dependent
(BOLD) signals and is commonly used to construct
functional connectivity networks [7]. Meanwhile,
Structural MRI (sMRI) provides anatomical information

l. Introduction

Neurodevelopmental Disorders (NDDs) are a group of
neurological disorders that affect brain development
and function, including attention deficit hyperactivity
disorder (ADHD) and autism spectrum disorder (ASD)
[11, [2]. These disorders generally emerge during

childhood and significantly impact cognitive abilities,
behavior, motor skills, and social interactions [3], [4].
The overlap of symptoms between ADHD and ASD
makes the diagnostic process particularly challenging
and often leads to misclassification, highlighting the
need for more objective diagnostic approaches [5], [6].
Advances in neuroimaging technology have enabled
the exploration of brain biomarkers associated with
ADHD and ASD. One of the most widely used

about the brain, such as regional volumes and cortical
morphology [8]. In addition to neuroimaging data,
demographic information such as age and sex has also
been reported to improve classification performance
when integrated with neuroimaging features [7].
Nevertheless, several limitations remain in
neuroimaging-based classification studies. Many
approaches still rely on single-modality data, limiting
their ability to capture complementary functional,
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structural, and phenotypic information simultaneously
[9], [10]. In addition, most studies focus on static
functional connectivity despite the inherently dynamic
nature of brain activity, which may provide more
discriminative biomarkers [11]. Furthermore,
suboptimal feature selection procedures may introduce
redundant and noisy features that reduce classification
performance [12], [13].

Several Graph Neural Network (GNN)-based
methods have been proposed for the classification of
neurodevelopmental disorders using neuroimaging
data. Shao et al. [14] proposed the Heterogeneous
Graph Convolutional Attention Network (HCAN), which
constructs a heterogeneous population graph from
fMRI and phenotypic data for ASD classification,
arguing that the homogeneous graphs used in previous
studies were unable to fully exploit phenotypic
information. Another relevant approach is IFC-GNN,
which explores interaction functional connectivity
based on rs-fMRI and phenotypic data to distinguish
ASD from Healthy Controls (HC), achieving an
accuracy of 80.66% [7]. Meanwhile, DAGMNet
proposes a dual-branch attention-pruned GNN that
fuses multimodal sMRI and fMRI features, achieving
91.59% accuracy [15]. In addition, B2P-GL utilizes a
population graph learning strategy for ADHD
classification and reports competitive performance in a
transductive graph setting [16]. Although these
methods demonstrate promising performance, they
share several limitations: HCAN and DAGMNet
operate exclusively in transductive settings, B2P-GL
constructs population graphs globally before the train-
test split, and IFC-GNN applies global feature selection
without discussing potential leakage implications all of
which may contribute to optimistic performance
estimates.

More broadly, in transductive settings, testing nodes
may still be exposed during graph training, potentially
leading to optimistic performance estimation [17]. Many
neuroimaging-based GNN studies also do not explicitly
distinguish between transductive and inductive
evaluation, nor systematically assess how graph
construction and feature selection strategy affect
generalization [18], [19], which complicates fair
comparison across studies and may overstate real-
world performance.

To the best of the authors' knowledge, no prior study
on multiclass ADHD-ASD-HC classification has jointly
integrated temporal stability-based dynamic functional
connectivity, multimodal rs-fMRI and sMRI features,
phenotypic data, and adaptive graph fusion within a
single framework that also systematically evaluates
transductive versus inductive settings and global
versus fold-wise feature selection. While the proposed
framework builds on established components temporal
stability features, DFS, mRMR, and ChebGCN its

novelty lies in integrating them into a leakage-aware
multimodal framework and in the systematic
investigation of how the evaluation protocol affects
model generalization.

To address these challenges, this study proposes
an Adaptive Multi-Modal Graph Learning Framework
based on Chebyshev Graph Convolutional Networks
(ChebGCN). The framework is evaluated on ADHD-
200 [20] and ABIDE datasets [21], which provide rs-
fMRI, sMRI, and phenotypic data. Dynamic functional
connectivity (dFC) features are extracted from rs-fMRI
using a sliding-window approach [22], [23], followed by
temporal-stability feature extraction adapted from the
Generated Interaction  Functional  Connectivity
framework [7]. Subsequently, Deep Feature Selection
(DFS) is applied to select rs-fMRI features, while
regional volume features from sMRI are optimized
using Minimum Redundancy Maximum Relevance
(mRMR) [8], [24]. All features are then integrated with
demographic data to construct a multimodal inter-
subject similarity graph. The constructed graphs are
processed using a multigraph ChebGCN architecture
[71, [25] equipped with an adaptive fusion mechanism
to learn the relative contribution of each modality,
trained under both transductive and inductive settings
across multiclass (ADHD-ASD-HC) and binary
classification tasks. The main contributions of this study
are summarized as follows:

1. Systematically evaluating transductive and
inductive settings alongside global and per-fold
feature selection strategies to investigate the
impact of information leakage on model
generalization.

2. Adapting an existing temporal stability-based
dynamic functional connectivity representation by
employing a simplified edge-wise exponential
kernel to improve computational efficiency.

3. Employing a hybrid modality-specific feature
selection strategy that combines DFS for rs-fMRI
and mRMR for sMRI.

4. Integrating rs-fMRI, sMRI, and phenotypic
information within a leakage-aware multimodal
Multigraph ChebGCN framework equipped with
an adaptive fusion mechanism for unified ADHD-
ASD-HC classification.

Il. Method

This study proposes an adaptive multi-graph learning
framework that integrates multimodal neuroimaging
and demographic data for ASD and ADHD
classification, as illustrated in Fig. 1. rs-fMRI data are
processed to extract temporal stability-based dynamic
functional connectivity features, while sMRI data are
represented as ROI-based volumetric features and are
optimized using mMRMR feature selection prior to graph
construction. Demographic attributes, including age
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Fig. 1

and sex, are also encoded to construct complementary
subject-similarity graphs. These heterogeneous graphs
are jointly learned using ChebGCN, with an adaptive
fusion mechanism that integrates shared and
complementary multimodal information. The fused
representations are then wused for multi-class
classification of HC, ADHD, and ASD subjects.

A. Dataset

This study utilizes publicly available neuroimaging
datasets, namely ADHD-200 and ABIDE [21], which
are part of the International Neuroimaging Data-sharing
Initiative  (INDI) [26]. These datasets provide
multimodal data including rs-fMRI, sMRI, and
phenotypic information. All neuroimaging data used in
this study were obtained in preprocessed form from the
Preprocessed Connectomes Project (PCP), where
standardized preprocessing pipelines had been
applied prior to public release. Specifically, rs-fMRI
data were obtained from the fMRIPrep derivatives,
which include slice-timing correction, head-motion
correction, skull  stripping, BOLD-to-T1w  co-
registration, spatial normalization to MNI space, brain
masking, and susceptibility distortion correction when
applicable [27]. Structural MRI (sMRI) data were
processed using FreeSurfer [28] to extract cortical and
subcortical morphometric features. The preprocessed
rs-fMRI images were subsequently parcellated into 116
regions of interest (ROIs) using the Automated

verview of the Proposed Multimodal Brain Graph Learning Framework with Adaptive Fusion.

l

Subject Classification

Anatomical Labeling (AAL) atlas [29]. ROI-wise BOLD

time series were extracted wusing Nilearn's
NiftiLabelsMasker, with z-score standardization
(standardize=True) applied prior to functional

connectivity estimation.

Subject selection was performed based on the
availability of complete multimodal data and to obtain a
balanced class distribution. In the multi-class
classification scenario, the dataset consists of 188
ADHD subjects from ADHD-200, 188 ASD subjects
from ABIDE, and 188 healthy control (HC) subjects,
with 94 HC subjects from each dataset. In total, this
study includes 564 subjects. In the binary classification
scenario, HC subjects were selected from the same
dataset as the corresponding disorder group to
minimize potential inter-dataset bias. Specifically, the
ADHD vs HC classification utilized 188 ADHD subjects
and 188 HC subjects entirely from ADHD-200.
Meanwhile, the ASD vs HC classification utilized 188
ASD subjects and 188 HC subjects entirely from
ABIDE. This strategy was applied to maintain
consistency in data distribution, acquisition
characteristics, and preprocessing protocols across
classification scenarios. Subjects were included only if
complete rs-fMRI, sMRI, and phenotypic data were
available. Subjects with missing imaging modalities or
incomplete demographic information were excluded,
and no data imputation was performed. Since
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preprocessed ADHD-200 and ABIDE datasets were
used, no additional motion-based exclusion, nuisance
regression, or quality-control procedures were applied.
The selected subjects were acquired from multiple sites
within the ADHD-200 and ABIDE datasets. The
demographic characteristics of the ADHD-200 dataset
are summarized in Table 1, while those of the ABIDE
dataset are presented in Table 2.

B. Functional Data Processing

Data from rs-fMRI are used to characterize functional
connectivity (FC) between brain regions based on
temporal correlations of BOLD signals. While
conventional FC assumes stationarity, brain activity is

Table 1. Demographic information of ADHD-200

Sample
Data type Age range Sex

Source

ADHD | HC M F
KKI 22 34 | 80-13.0 33 | 23
Neuro- 15 15 | 11.1-20.9 19 11
IMAGE
NYU 107 | 43 | 7.2-18.0 | 103 | 47
OHSU 13 5 7.3-113 10 8
Peking 31 41 | 84-158 48 | 24
Pittsburg 0 39 | 10.1-189 | 22 17
Washu 0 11 7.2-9.9 4 7

Table 2. Demographic information of ABIDE

Data Sztample Sex

Source ype Age range

ASD | HC M
SDSU 8 20 | 8.7-17.2 22
Trinity 19 14 | 12.0-25.7 | 33
UM 15 74 | 8.2-28.38 70 19
Yale 22 28 | 7.0-17.8 34 16
Leuven 26 1 1121-320| 24 3
Pitt 23 25| 9.3-352 42 6
Olin 14 14 1 10.0-240| 23 5
OHSU 12 12 | 8.0-15.2 24 0
KKI 12 0 | 82-125 9 3
NYU 37 0 | 71-388 27 10

inherently dynamic, motivating the use of dynamic
functional connectivity (dFC) to capture time-varying
patterns [11], [22]. To model these dynamics, a sliding-
window approach is applied [30], in which the BOLD
time series is segmented into overlapping windows, as
illustrated in Fig. 1, which provides an overview of the

proposed functional processing pipeline, including
temporal stability feature extraction. For each window,
an FC matrix is computed using the Pearson
correlation coefficient, as defined in Eq. (1) [30].

te1 (i () = %) (% (1) — X))

VI () — %,)? \/ZZ:l(xj ) — fj)z
where 7;; denotes the correlation between the i-th and
Jj-th ROls, x;(t) and x;(t) represents the BOLD signals
of the i-th and j-th ROls at time t, respectively, x; and
%; denote their mean signals, and T is the number of
time points within a window. This process is repeated
across all windows, resulting in a sequence of FC
matrices that capture the temporal evolution of brain
connectivity, forming a tensor of size P X R X R, where
P is the total number of sliding windows generated for
a subject and R is the number of ROls.

A window length of 30 time points with a step size
of 15 is used, resulting in 50% overlap [31]. Since FC
matrices are symmetric, only the upper triangular
elements are retained. For R =116 ROIls, this
produces E =R(R—1)/2= 6670 unique FC per
window. Each FC matrix is then vectorized by retaining
these upper triangular elements, yielding an edge-wise
feature vector v, €RE for the t-th window.
Consequently, the dynamic FC of each subject is
represented as a temporal sequence {v,}f_;, where
v¢(e) denotes the connectivity value of the e-th edge at
the t-th sliding window and e € {1, ..., E}.

C. Temporal Stability Feature Extraction

The temporal feature extraction stage in this study is
inspired by the interaction functional connectivity
framework proposed by [7], which models relationships
between functional connectomes across different time
points using an exponential kernel function. To improve
computational efficiency and scalability, this study
adopts a simplified formulation by applying the
exponential kernel in a diagonal manner, comparing
the same edge across consecutive time windows.
Unlike the original GIFC framework, which models
pairwise interactions between all connections and
results in high computational complexity, proposed
approach focuses on edge-wise temporal consistency,
significantly reducing the feature dimensionality and
computational cost. The temporal stability of each edge
is computed based on the temporal differences
between consecutive windows. The temporal
difference is first defined as Af=| v.(e) — s viy1(€) |
and the temporal stability is then calculated using an
exponential kernel as shown in Eq. (2) [7].

1 P-1 A€
fe iy, (- 5) @

where where f, denotes the temporal stability of edge
e, s is a scaling factor set to 1, and ¢ is determined in

rij

(1)
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a data-driven manner as the standard deviation of
edge-wise temporal differences | v.(e) —v.q1(€) |
across all edges and consecutive windows for each
subject individually. The normalization factor 1/(P — 1)
ensures that the resulting feature is independent of the
number of windows. This formulation provides a
measure of temporal stability for each functional
connection across the sequence of windows. Values
closer to 1 indicate more stable connectivity patterns,
while lower values reflect higher temporal variability.
The final output is a one-dimensional feature vector of
size x"S/™t € R®670 for each subject, representing the
temporal stability profile of all functional connections.
These features are used as input for subsequent
multimodal graph learning.

D. Structural Data Processing

Structural MRI (sMRI) data are used to capture
anatomical characteristics of the brain that complement
functional connectivity information. In this study,
structural features are derived from preprocessed
FreeSurfer [28] outputs, specifically the automated
subcortical segmentation, which provides volumetric
measurements of brain structures. For each subject, 45
regional volumetric features are extracted, forming a
feature vector xSMR' € R*>. These features represent
subcortical regions associated with
neurodevelopmental disorders. Unlike the functional
modality, which is based on the AAL atlas, the
structural features are derived from FreeSurfer
segmentation, resulting in heterogeneous feature
representations across modalities. However, since
both modalities are represented as subject-level
feature vectors and integrated through a graph-based
fusion mechanism, the difference in atlas space does
not introduce misalignment during learning process.
Finally, the features are normalized and refined using
the mMRMR method prior to multimodal integration.

E. Feature Selection
1. DFS

DFS is employed in this study to identify the most
informative features from high-dimensional functional
connectivity representations derived from rs-fMRI data.
This approach is adopted following the framework
proposed by [7], which integrates feature selection
directly into a deep neural network architecture through
an embedded learning mechanism.  Unlike
conventional feature selection methods, DFS
incorporates a weighted input layer between the input
layer and the first hidden layer of a Multilayer
Perceptron (MLP). This layer establishes a one-to-one
correspondence between each input feature and a
learnable weight parameter. Given an input feature
vector X = [x,x,,..,x,]and corresponding weight
vector w = [wy,w,,...,w,] associated with the input
(feature selection) layer, the transformed input is
defined as xi'=xi-wi. where n denotes the number of

input features, and w; represents the importance
weight associated with the i-th feature. This formulation
enables the model to selectively emphasize relevant
features while suppressing irrelevant ones during
training. To promote sparsity and improve feature
selection capability, an Elastic Net regularization is
applied to the weight vector w, combining both L1 and
L2 norms. The regularization term for the feature
selection layer is defined as Eq. (3) [7].

iw) = i (T2 0w I 4tz 1w ) (3)

where p,; controls the overall regularization strength
and p, € [0,1] balances the contribution between L1
and L2 penalties. The L1 norm encourages sparsity by
driving irrelevant feature weights toward zero, while the
L2 norm stabilizes the learning process. In addition, a
similar regularization is imposed on the weights of the
hidden layers to reduce overfitting, as defined in Eq. (4)

[7].

1-8,

L (W) = 8, (25
et 7ACT )

where W®denotes the weight matrix of the k-th layer,
and §;, §, are hyperparameters controlling the strength
and balance of regularization. The overall loss function
optimized during training is formulated as Eq. (5) [7].
I(W) = lee (W) + L (W) + L (W) (5)

where [, represents the cross-entropy loss used for
classification. The model parameters, including the
feature weights w, are optimized using the Adam
optimizer. After training, the learned weights | w; | are
interpreted as feature importance scores. An elbow-
point analysis of the sorted weight distribution identified
762 candidate features, which defined the search
region for model selection. Candidate feature numbers
(400, 500, 600, 700, and 800) were subsequently
evaluated using the validation set, and the feature
number yielding the highest validation accuracy was
selected for each classification task. This end-to-end
mechanism enables DFS to simultaneously perform
feature selection and nonlinear representation learning
while reducing redundant and less informative
functional connectivity features.

2. mRMR

mMRMR is employed to select informative structural
features from sMRI data by balancing feature
relevance to class labels with feature redundancy [24].
This is particularly important for sMRI, where regional
brain volumes may exhibit anatomical correlations,
introducing redundancy. The mRMR objective aims to
select a feature subset S c F that maximizes the trade-
off between relevance and redundancy, as defined in
Eqg. (6) [24].

max[D(S,y) — R(S)] (6)

L=1] 7 () 2+
S o] o
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where the relevance and redundancy terms are defined
in Eq. (7) and Eq. (8) [24].
D(S,y) = 5 Twes 1 (xi5¥) (7)
1
R(S) = (57 Doxyjes | (X5 %)) (8)

where S denotes the selected feature subset from the
original feature set F, x; represents the i-th feature, and
y denotes the class label. The function I(a; b) indicates
the mutual information between variables a and b,
while | S | represents the number of selected features.
The term R(S) denotes the redundancy among
features within the selected subset. In practice, mMRMR
employs a greedy incremental search strategy to
iteratively select features by maximizing the trade-off
between relevance and redundancy. The ranked
structural features were then evaluated with candidate
feature counts of 10, 20, 30, and 40, and the feature
count that achieved the highest validation accuracy
was selected for each classification task.
F. Multimodal Graph Construction
A population-based graph representation is
constructed to model relationships between subjects
using multimodal data, including rs-fMRI, sMRI, and
demographic information. In this formulation, each
node represents a subject, while edges encode
similarity between subjects based on their feature
representations. For each modality, a separate graph
is constructed. Let xEm) denote the feature vector of the
i-th subject for modality m, where m €{rs-fMRI, sMRI}.
The similarity between two subjects iand j is computed
using a Gaussian similarity function, as defined in Eq.
(9) [32], [33]
™ — ™2\ ,
AE}”) _Jexp 207 , J € KNN()

0, otherwise

©)

where Ag.”)denotes the edge weight between subjects
i and j, KNN(i) denotes the set of k-nearest neighbors
of node i, and ¢,, controls the similarity scale for
modality m. The parameter g, is determined in a data-
driven manner as the median of pairwise distances

between neighboring nodes, as defined in Eq. (10)
. = median({ll x™ — x}m) I j (10)

L
€ kNN(D)})
This strategy adapts the similarity scale to the intrinsic
distribution of each modality and improves robustness
to feature variability. The kNN strategy ensures that the
resulting graph is sparse by retaining only the most
similar neighbors, thereby reducing noise and
preserving meaningful local structures for graph-based
learning [32]. For demographic data, similarity is
constructed based on attribute matching rather than
Gaussian similarity. For each pair of subjects, similarity
is computed by counting the number of demographic

attributes they share in common, including age and
gender. For age, values are rounded to the nearest
integer prior to comparison. The aggregated matching
scores are then normalized to the range [0,1] to ensure
comparable scaling with other modalities. Unlike the rs-
fMRI and sMRI graphs, the demographic graph does
not apply kNN sparsification, as subjects with few
shared attributes naturally receive low similarity scores,
resulting in a sparse connectivity structure.

Although modality-specific graphs are constructed
independently, the node features are integrated into a
unified representation. Specifically, for each subject i,
the feature vectors from rs-fMRI, sMRI, and
demographic data are concatenated into a single

feature vector X; = [x*/™", xf™"i, xfemo]. This unified
representation is used as input to the graph neural
network, while modality-specific relationships are
preserved through separate graph Laplacians. Each
modality produces an adjacency matrix A™ € RV*V,
where N denotes the number of subjects. The
corresponding degree matrix D™ is defined as Eq.

(1) [7].

N
m) _ (m)
Dy~ = ZA”
j=1

The normalized graph Laplacian for each modality is
then computed as Eq. (12) [7].

LW = [ — (D) ~1/2Am) (p(m)y-1/2 (12)
where [ is the identity matrix. This formulation enables
the construction of modality-specific graphs that
capture complementary relationships across different
data sources. By maintaining separate graph structures
for each modality, the framework preserves distinct
characteristics of functional, structural, and phenotypic
information prior to integration in the subsequent graph
learning stage [34], [35].

G. Adaptive Multi-Graph ChebGCN with Layer-
wise Fusion Model

ChebGCN is selected due to its ability to capture multi-
hop neighborhood information efficiently through
polynomial approximation, making it suitable for sparse
population  graphs. To learn discriminative
representations from multimodal graphs, a Multi-Graph
ChebGCN is employed. This model operates on
multiple modality-specific graphs constructed in the
previous stage, enabling efficient learning of both local
and global relationships between subjects [25]. Given
a graph Laplacian L(™for modality m, the Chebyshev
graph convolution is defined using a truncated
expansion of Chebyshev polynomials, as defined in Eq.
(13) [25].

(11)

K-1 ) (13)
g™ ax = Z 0™ T, (L™)x
k=0
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where gém) * x denotes the graph convolution output, x
is the input node feature vector, B,Em) are learnable
parameters, K is the order of the polynomial, and T ()
denotes the Chebyshev polynomial of order k. The
scaled Laplacian L(™ is defined as Eq. (14) [25].

(14)

fm — Lm —

max
with A being the largest eigenvalue of L. The
Chebyshev polynomials are computed recursively as
To(x) = LT1(x) = X, T (x) = 2XT—1(X) — Tr—2(%) .
Using this formulation, the propagation rule of the
ChebGCN layer for modality m is given by Eq. (15) [25].

K-1 (1 5)
g+im = 4 <Z Ty (i(m))H(l'm)G)}(f'm)>

k=0
where H&™ denotes the node feature representation

at layer [ for modality m, G),((l'm)are learnable weight
matrices, and o(-) is a nonlinear activation function
such as ReLU. The initial input is defined as H(®™ = X,
where X denotes the input feature matrix.

To integrate information from multiple modalities,
the learned representations from each modality-
specific graph are combined using an adaptive fusion
mechanism, as defined in Eq. (16)

Y (16)
HO = Z a,, HEm

m=1
where «,, denotes the learnable weight that controls
the contribution of modality m, and M is the total
number of modalities. This mechanism allows the
model to automatically emphasize more informative
modalities while reducing the influence of less relevant
ones. The model is trained under a transductive
learning setting, where the full graph structure is
available during training, while labels are provided only
for a subset of nodes.

H. Evaluation Strategy

Model performance is evaluated using a stratified K-
fold cross-validation framework to ensure robust and
unbiased estimation. In each fold, one subset is held
out for testing while the remaining data are used for
training and validation. A stratified split is maintained to
preserve class distribution across all folds, with the test
set kept completely unseen during training and model
selection. All features are normalized using z-score
standardization computed exclusively on the training
data of each fold, and the resulting parameters are
subsequently applied to the test data to prevent data
leakage [36], [37]. The proposed model is optimized
using the Adam optimizer with the categorical cross-
entropy loss. The output logits are converted into
posterior class probabilities using the softmax function
in Eq. (17) [38]

. exp(oyy) (17)
T Ng1exp(0y4)
where o; - denotes the output logit of subject i for class
r, M is the total number of classes, and p;, is the
predicted probability that subject ibelongs to class r.

The network parameters are optimized by minimizing
the categorical cross-entropy loss in Eq. (18) [38]

J =~ Sty l0g i (18)

where N, is the number of training subjects and ¢; . is
the one-hot encoded ground-truth label. Model
performance is assessed using Accuracy, Macro F1-
score, and AUC. The Macro F1-score is computed as
Eq. (19) [39]

1

Fmacro = _E y:lE‘ (19)

where E. denotes the F1-score of class r, and M
represents the number of classes. Finally, the average
performance over all cross-validation folds is reported
together with the 95% confidence interval in Eq. (20)
[40]

Sm (20)

Closy, = M E Loo75k 1=
VK
where m is the mean performance metric across the K
cross-validation folds, s,, is the corresponding standard
deviation, and to.o75,K~1 is the critical value of the

Student's t-distribution with K — 1 degrees of freedom.
It is important to note that the graph construction
strategy and feature selection procedure vary across
experimental settings, as described in the Experiment
Setup section. These variations are intentionally
designed to systematically analyze the impact of
evaluation protocols on model generalization capability
and potential information leakage.

lll. Result
A. Experiment Setup and Implementation Details

This study evaluates ADHD, ASD, and HC classification
under three experimental settings to analyze the effects
of graph learning protocols and feature selection
strategies on model generalization. The experiments are
conducted for both multiclass (HC vs ADHD vs ASD)
and binary classification tasks. Setting 1 (Transductive
Learning with Global Feature Selection). Feature
selection is performed globally using all subjects before
cross-validation, and graphs are constructed using the
complete dataset prior to the train-test split.
Consequently, both training and test subjects are
present in the graph during model training, allowing test
subjects to indirectly influence the graph topology and
feature space. This setting may therefore lead to
optimistic performance estimates due to information
leakage.
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Algorithm 1.
evaluation procedure (Setting 3) of the proposed

Leakage-aware training

Multi-Graph ChebGCN

and

Input: Preprocessed subject dataset

D= {(XirSfmn:Xismn:Xidemo)}{izl}N

Number of folds K, candidate feature sizes
Crstmri» Csmri» Validation split ratio p
Output: Aggregated performance metrics
(Accuracy, Macro-F1, AUC) with 95% CI

(1)

(18)

(19)

(20)

Generate stratified K-fold partition
{(g;{train’g;{test)}{kzl}l( such that g-;{train N

Tkt = @ and class proportions are preserved
fork =1to Kdo
Split ;&4 into 7/ (749 gand
Tval(validation)

X , ratio (1-p):p
Compute p, o from {X;} .__ i for each
{ieT, 7}

modality m € {rsfmri, smri}

Apply z-score standardization to
TJ*, 704, and 7% using Y, o

for each candidate size ¢ € Cp¢fyrq dO

Fit DFS on {x/*/™"} , only —

(ie s/
obtain weight vector w, select top-c
features
Evaluate resulting feature subset on
T.X, record validation accuracy

End for

Select ¢/pmri

over Crsfmri

for each candidate size ¢ € G, do
Fit mMRMR (MIQ) on {Xf"m'}{ie 7ty only

= argmax validation accuracy

— select top-c features
Evaluate resulting feature subset on
T.X, record validation accuracy
end for
Select ¢;,,,;; = argmax validation accuracy
over Csmri
Retain only the selected cgfn @Nd comy
features for all subjects in 7%, 7,7, and
Tkest (no refitting on val/test data)
Construct modality-specific graphs
Atrain (m)1 Aval (m), Atest(m) independently
for each modality.
Compute normalized Laplacians Li;4, (m),
Lval (m)1 Ltest(m)
Initialize the Multi-Graph ChebGCN using
the predefined hyperparameter configuration
summarized in Table 3
Initialize parameters © and adaptive fusion

Setting 2 (Inductive Learning with Global Feature
Selection). Feature selection is still performed globally
before cross-validation; however, graph construction is
performed independently within each fold using only
training subjects. Test subjects are completely excluded
from graph construction, and no edges are created
between test and training subjects. During inference, the
trained model is applied independently to each unseen
test subject using the parameters learned from the
training graph, without updating the graph topology or
model parameters. This setting prevents information
leakage arising from graph construction, although
potential leakage from global feature selection remains.

Setting 3 (Inductive Learning with Fold-wise Stable
Feature Selection). Feature selection is performed
exclusively on the training subjects within each fold, and
graphs are constructed using only the selected training
features. Test subjects are excluded from both feature
selection and graph construction, and no edges are
established between test and training subjects. During
inference, predictions are generated independently for
each unseen test subject using the trained model,
ensuring that no information from test subjects is
exposed during feature selection, graph construction, or
model optimization. Consequently, this setting
represents a strictly leakage-aware evaluation protocol
and provides a more realistic estimate of model
generalization to unseen subjects. The complete
leakage-aware training and evaluation procedure
adopted in Setting 3 is summarized in Algorithm 1. The
algorithm describes subject partitioning, train-only
normalization, fold-wise feature selection, graph
construction, model training, validation with early
stopping, and final testing. All preprocessing operations
that may introduce information leakage are performed
exclusively on the training subset, while the validation
subset is used for model selection and the test subset is
reserved solely for final performance evaluation.

All experiments were conducted using Python in the
Google Colab environment with GPU acceleration
support. The proposed framework was evaluated using
stratified 10-fold cross-validation to obtain a more robust
and unbiased performance estimation. For functional
data processing, a sliding window approach was applied
with a window size of 30 and a step size of 15. Temporal
stability features were computed using an exponential
kernel with a scaling factor of o = 1. Feature selection
was performed using a hybrid strategy, where DFS was
applied to rs-fMRI features, while mMRMR with the Mutual
Information Quotient (MIQ) criterion was used for sMRI
features. Graphs were constructed using a k-nearest
neighbor (kNN) approach followed by Gaussian
similarity weighting. The main experimental settings and
hyperparameters are summarized in Table 3.

B. Results Under Different Evaluation Settings
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weights a.
(21) for epoch =1to E do
(22) Forward propagation on 7;/** using
Lirain (m)
(23) Compute cross-entropy loss
(24) Update © and a using Adam
(25) Evaluate on 7;’* using L., (m) for early
stopping
(26) End for
(27)  Apply the best saved model to 7;¢*¢ using
Ltest(m)
(28) Predict class labels for all test subjects
without updating model parameters
(29) Compute fold-level Accuracy, Macro-F1, and

AUC
(30) End for

(31) Compute mean + SD and 95% CI.
(32) Return aggregated performance metrics.

Table 3. Experimental Settings and
Reproducibility Details
Parameter Value
Number of Feature rs-fMRI 6670
Number of Feature sMRI 45
Candidate Feature Selection [400, 500, 600,
rs-fMRI 700, 800]
Candidate Feature Selection [10, 20, 30, 40]
sMRI
Number of hidden layers 2
Hidden dimension 64
Chebyshev polynomial order 2
Dropout rate 0.3
Learning rate 0.001
Optimizer Adam
Weight decay 0.0001
Batch handling Full-batch
Validation split 0.15
Epochs 100
Random seed 42
Hardware Google Colab +
NVIDIA Tesla T4

Tables 4—6 summarize classification performance under
three evaluation settings for multiclass (HC vs ADHD vs
ASD) and binary (HC vs ASD and HC vs ADHD) tasks
using different modality combinations. Overall, stricter

evaluation protocols consistently reduced classification
performance across all tasks and modalities. Setting 1
consistently achieved the highest performance across
all tasks and modality combinations. As shown in Table
4, the multimodal configuration achieved the best
accuracies of 85.5% for HC vs ADHD vs ASD, 92.5% for
HC vs ASD, and 90.4% for HC vs ADHD. However, the
transductive evaluation strategy combined with global
feature selection may have contributed to optimistic
performance estimates due to potential information
leakage. As presented in Table 5, classification
performance decreased under Setting 2 across most
tasks and modality combinations, reflecting the effect of
inductive evaluation on model generalization. Although
global feature selection was still applied, the multimodal
configuration remained the best-performing approach,
achieving accuracies of 80.7% for HC vs ADHD vs ASD,
85.9% for HC vs ASD, and 86.7% for HC vs ADHD.
Table 6 further demonstrates the impact of the strict
leakage-aware evaluation adopted in Setting 3. When
both inductive evaluation and fold-wise feature selection
were applied, the multimodal configuration still achieved
the highest performance among all modality
combinations, with accuracies of 70.9% for HC vs ADHD
vs ASD, 81.7% for HC vs ASD, and 79.3% for HC vs
ADHD, although these values were lower than those
obtained under Settings 1 and 2. Quantifying this effect
for the multimodal configuration, accuracy declined from
Setting 1 to Setting 3 by 14.6 percentage points (17.1%
relative) for HC vs ADHD vs ASD (85.5%—70.9%), by
10.8 percentage points (11.7% relative) for HC vs ASD
(92.5%—81.7%), and by 11.1 percentage points (12.3%
relative) for HC vs ADHD (90.4%—79.3%).

The optimal numbers of selected features varied
across evaluation settings and classification tasks. For
Setting 1, the best-performing rs-fMRI/sMRI feature
combinations were 500/40 for HC vs ADHD vs ASD,
500/40 for HC vs ASD, and 400/40 for HC vs ADHD. In
Setting 2, the corresponding combinations were 500/30,
400/30, and 700/10, respectively. Under Setting 3, the
optimal rs-fMRI  feature  numbers decreased
substantially to 103, 220, and 252, while the optimal
sMRI feature numbers were consistently 40. These
results indicate that the optimal feature subset depends
on both the classification task and the evaluation
protocol, rather than a fixed number of selected features.
Beyond the variation in optimal feature subsets, the
relative contribution of each modality remained
consistent across all evaluation settings. rs-fMRI
consistently outperformed sMRI in nearly all tasks,
indicating that functional connectivity provides more
discriminative information than structural features for
distinguishing HC, ADHD, and ASD subjects.
Multimodal combinations, particularly those integrating
rs-fMRI, sMRI, and demographic information, generally
achieved better performance than any single modality,
confirming that structural, functional, and demographic
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Table 4. Performance under Setting 1 (Transductive Learning with Global Feature Selection).

HC vs ADHD vs ASD (%) HC vs ASD (%) HC vs ADHD (%)
Modality Acc F1- AUC  Acc F1- AUC  Acc F1- AUC
(95% ClI) Score (95% ClI) Score (95% CI) Score
sMRI 546+44 534+ 738 + 643+48 642+ 733 + 58050 575 + 615 #
(51.4-57.9) 44 3.4 (60.7-68.0) 4.9 6.0 (54.2-61.7) 52 7.3
rs-fMRI 759+6.3 758+ 886 + 86.2+45 861 + 941 + 857+41 856 + 938 #
(71.2-80.7) 6.2 34 (82.8-89.5) 4.6 4.0 (82.6-88.7) 4.1 3.0
sMRI+ 65.8+35 646+ 820 + 740+35 739 + 821 + 651+7.8 646 + 704 #
demo (63.2-68.4) 3.8 2.8 (71.3-76.6) 3.7 4.2 (59.3-71.0) 83 8.6
rs-fMRI+ 839+22 839+ 955 + 92.6%41 925 + 978 + 889+56 888 = 956 #
dem (82.2-85.5) 2.2 1.5 (89.4-95.7) 4.2 2.0 (84.7-93.1) 5.7 2.6
sMRI+ 777+37 774+ 924 + 875+66 874 + 935 + 889+51 888 + 946 *
rs-fMRI (74.9-80.4) 3.6 1.9 (82.6-92.4) 6.6 4.8 (85.0-92.7) 5.1 3.0
Multimodal 85.5+4.3 852% 952 + 925+40 925 % 97.9 * 90.4%6.3 904 * 96.5 %
(82.2-88.7) 42 1.2 (89.5-956) 4.0 24 (85.7-95.2) 6.4 29
features provide complementary information for multimodal model and the rs-fMRI + demographic

classification. Furthermore, binary tasks consistently
achieved higher performance than the multiclass task,

configuration was not statistically significant (adjusted p
= 0.25), despite a moderate-to-large effect size (r =

suggesting that separating two groups is relatively easier 0.499). These results indicate that multimodal
integration  provides a statistically  significant
performance improvement over most modality

HC

ADHD

True Label

HC ADHD
Predicted Label

ASD

Fig. 2. Confusion Matrix for Multiclass HC-
ADHD-ASD Classification (Setting 3, Best Fold)

than simultaneously distinguishing three clinically
related classes. To statistically validate the superiority of
the multimodal configuration, the Wilcoxon signed-rank
test was performed on the fold-wise classification
accuracies under Evaluation Setting 3, and Holm-
Bonferroni correction was applied to account for multiple
pairwise comparisons. The statistical comparison results
are summarized in Table 7. The multimodal
configuration significantly outperformed the sMRI, rs-
fMRI, sMRI + demographic, and rs-fMRI + sMRI
configurations after multiple-comparison correction
(adjusted p < 0.05), with large effect sizes (r = 0.886). In
contrast, the performance difference between the

combinations under the leakage-aware evaluation
protocol, whereas the additional contribution beyond the
rs-fIMRI + demographic configuration is comparatively
limited. Beyond group-level statistical confirmation,
examining class-wise classification patterns provides
deeper diagnostic insight. Fig. 2 illustrates the confusion
matrix for the best-performing fold under Setting 3 for the
HC vs ADHD vs ASD task. ADHD exhibits the most
stable classification, with 18 out of 19 samples correctly
classified and no misclassifications as ASD, indicating
strong feature separability. HC shows the highest
misclassification rate, with 6 out of 18 samples
incorrectly assigned to either ADHD or ASD, suggesting
heterogeneous feature representations that partially
overlap with both disorder classes. ASD samples are
mostly correctly identified (16 out of 19) but show
moderate confusion with HC. This asymmetric
misclassification pattern where ADHD is the most
discriminative class while HC and ASD exhibit partial
feature overlap provides class-specific insights that
aggregate metrics such as accuracy, F1-score, or AUC
cannot capture. Overall, the performance gap between
Setting 1 and Setting 3 highlights the impact of
transductive learning and global feature selection on
optimistic performance estimation. Nevertheless, the
relatively stable performance under Setting 3, supported
by statistical validation and class-wise analysis,
indicates that the proposed framework has reasonable
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Table 5. Performance under Setting 2 (Inductive Learning with Global Feature Selection).

HC vs ADHD vs ASD (%) HC vs ASD (%) HC vs ADHD (%)
Modality Acc F1- AUC  Acc F1- AUC  Acc F1- AUC
(95% ClI) Score (95% Cl) Score (95% CI) Score
sMRI 497+57 483+ 705 + 622+81 615+ 661+ 551+52 525 + 581 +
(45.4-53.9) 6.6 5.2 (56.1-68.3) 8.9 123 (51.1-59.0) 6.3 6.9
rs-fMRI 723+86 721+ 886 + 822+64 821 + 892 + 827+46 826 + 891
(65.8-78.8) 8.7 5.2 (77.4-87.0) 6.5 6.3 (79.2-86.2) 4.7 4.7
sMRI+ 56.4+57 556+ 753 + 641+86 639 + 669 + 60.7+7.2 599 * 634 %
demo (52.1-60.7) 6.0 5.6 (57.6-70.6) 8.7 9.7 (55.3-66.1) 74 5.3
rs-fMRI+ 775+89 773+ 916 + 841+75 840 + 919 + 851+62 851 = 922
demo (70.8-84.2) 9.2 4.2 (78.5-89.7) 7.5 7.2 (80.5-89.8) 6.2 4.2
sMRI+ 752+57 751+ 903 + 843+82 842 + 912 + 830+59 828 + 913
rs-fMRI (70.9-79.5) 96 3.2 (78.1-90.5) 8.3 6.9 (78.6-87.4) 6.0 3.2
Multimodal 80.7+4.5 80.7%* 93.6 *+ 859%57 859 * 929 * 86.7%+3.9 86.7 + 927 *
(77.3-84.1) 4.5 2.0 (81.6-90.2) 5.7 5.9 (83.8-89.6) 4.0 23
Table 6. Performance under Setting 3 (Inductive Learning with Fold-wise Stable Feature Selection).
HC vs ADHD vs ASD (%) HC vs ASD (%) HC vs ADHD (%)
Modality Acc F1- AUC  Acc F1- AUC  Acc F1- AUC
(95% CI) Score (95% Cl) Score (95% Cl) Score
sMRI 53.7+58 530+ 732 + 606+6.3 601+ 653 + 585+75 579 + 593
(49.3-58.1) 6.0 3.6 (55.9-65.3) 6.3 6.1 (52.8-64.1) 7.6 9.3
rs-fMRI 546+6.0 542+ 736 + 758+7.3 757 + 819 + 740+7.7 732 + 856
(50.1-59.1) 6.0 5.0 (70.3-81.3) 7.3 8.4 (68.2-79.8) 8.6 5.6
sMRI+ 57.4+50 565+ 766 + 609+64 604 + 696 + 580+6.1 571 + 629 *
demo (563.7-61.2) 92 3.6 (56.1-65.7) 6.7 6.9 (53.4-62.6) 638 7.6
rs-fMRI+ 63.7+71 635+ 803 + 792+83 791 + 887 £ 79.8%53 79.7 * 870 #
demo (58.3-69.1) 7.2 5.7 73.0-855) 83 7.2 (75.8-83.8) 5.3 5.7
sMRI+ 640+72 637+ 832 + 816+84 815 + 830 + 798+6.8 796 + 88.8 %
rs-fMRI (58.6-69.5) 7.2 5.1 (75.3-88.0) 85 7.0 (74.7-85.0) 7.1 4.9
Multimodal 70.9+6.7 70.9% 86.6 *+ 81.7+53 81.6 + 873 + 79.3+64 792 + 884 #
(65.9-76.0) 6.5 3.7 (77.7-85.6) 5.3 6.4 (74.4-84.1) 6.5 5.0

generalization capability on unseen subjects.
C. Analysis of Adaptive Modality Fusion

Table 8 presents the average adaptive fusion weights
learned by the proposed model under Setting 3.
Overall, the learned weights are relatively balanced
across modalities, indicating that the model effectively
integrates complementary information from fMRI,
sMRI, and demographic data. For the HC vs ADHD vs
ASD and HC vs ASD tasks, demographic features
receive slightly higher weights, whereas for HC vs
ADHD, sMRI contributes marginally more in the first
fusion layer. These results suggest that the proposed

adaptive fusion mechanism dynamically adjusts
modality importance according to the classification task
rather than relying on a single dominant modality.

IV. Discussion
A. Discussion of Main Findings

The results demonstrate that evaluation protocols and
feature selection strategies substantially influence the
reported performance of graph-based neuroimaging
models. Across all classification tasks, Setting 1
consistently achieved the highest performance,
whereas Setting 3 produced lower but potentially more
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Table 7. Statistical Comparison of Modality
Configurations for HC-ADHD-ASD Classification
Under Evaluation Setting 3 Using the Wilcoxon
Signed-Rank Test

Comparison Effect Adjusted Significant
Size(r) p-value

Multimodal vs 0.886 0.0098 Yes

sMRI

Multimodal vs 0.886 0.0156 Yes

rsfMRI

Multimodal vs 0.886 0.0098 Yes

sMRI+demo

Multimodal vs 0.499 0.2500 No

rsfMRI+demo

Multimodal vs 0.886 0.0098 Yes

rsfMRI+sMRI

realistic estimates of model generalization capability.
The superior performance observed in Setting 1 may
be attributed to the transductive graph construction and
global feature selection strategy, where all subjects are
involved during graph construction prior to the train-test
split, potentially allowing indirect information sharing
between training and testing data. In contrast, Setting
3 employs inductive learning with fold-wise stable
feature selection, minimizing potential information
leakage and providing a stricter evaluation framework.
The considerable performance gap between Setting 1
and Setting 3 highlights that evaluation strategies can
substantially affect reported classification accuracy and
emphasizes the importance of leakage-aware
protocols in neuroimaging-based graph learning
studies. Across all evaluation settings, rs-fMRI
consistently outperformed sMRI, indicating that
functional connectivity provides more discriminative
information  than  structural  brain  features.
Nevertheless, multimodal integration consistently
improved performance, suggesting that rs-fMRI, sMRI,
and demographic variables provide complementary
information. Although demographic variables alone
have limited predictive value, the adaptive fusion
mechanism assigned relatively high weights because
age and sex complement neuroimaging features rather
than acting as primary discriminative variables.
Consequently, modality weights reflect each modality's
contribution to the combined prediction rather than its
standalone performance. However, because the
ADHD-200 and ABIDE datasets differ in acquisition
sites, scanner characteristics, and demographic
distributions, age and sex may partially encode site-
specific rather than disease-specific information.
Therefore, the relatively high adaptive fusion weights
assigned to demographic variables should be
interpreted cautiously, and future studies should

Table 8. Learned Adaptive Fusion Weights under
Setting 3

Task Layer XfmRI XsMRI Xdemo
HC vs 1 0.3244  0.3299  0.3457
ADHD

vs ASD 2 0.3222 0.3290 0.3488
HC vs 1 0.3311  0.3318  0.3371
ASD 2 0.3305 0.3297  0.3398
HC vs 1 0.3286  0.3367  0.3347
ADHD 2 0.3299 0.3332  0.3369

employ harmonization techniques (e.g., ComBat)
together with external validation to better separate
disease-related from site-related effects.

B. Comparison with Previous Studies

Table 9 presents the comparison between the
proposed framework and previous studies for
multiclass and binary classification tasks. Overall, the
proposed framework achieved competitive
performance under both conventional and stricter
evaluation settings. Although the best results were
obtained under Setting 1, the model maintained
competitive accuracies under the leakage-aware
Setting 3, achieving 70.9% for HC vs ADHD vs ASD,
81.7% for HC vs ASD, and 79.3% for HC vs ADHD.
These findings suggest that the proposed multimodal
graph learning framework retains useful discriminative
information even when strict evaluation procedures are
applied. Table 9 further demonstrates that differences
among previous studies extend beyond classification
accuracy. Earlier graph-based approaches such as
IFC-GNN [7], HCAN [14], DAGMN [15], B2P-GL [16],
and MMGCN [41] differ substantially in sample size,
preprocessing pipeline, feature selection strategy,
graph construction, and validation protocol. Several
previous studies adopted transductive graph
construction or did not explicitly report whether graph
construction and feature selection were performed
independently within each training fold, which may
increase the risk of information leakage. In contrast, the
proposed framework explicitly separates feature
selection and graph construction within each training
fold under Setting 3, thereby providing a more rigorous
leakage-aware evaluation. Regarding preprocessing
specifically, HCAN [14] and IFC-GNN both relied on
data preprocessed through the C-PAC pipeline (via the
Preprocessed Connectomes Project) [7], consistent
with the PCP-preprocessed derivatives used in our
framework, whereas DMDC [42] and ESTGCN [43]
each applied independent, non-PCP preprocessing
pipelines (FSL-based processing for DMDC; SPM-12
combined with the Athena toolbox and the Craddock
200 atlas for ESTGCN). This heterogeneity in
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preprocessing pipelines across compared studies
further limits the extent to which absolute accuracy
values can be directly attributed to modeling choices
alone.

C. Limitations and Clinical Implications

Despite the promising results, several limitations
should be acknowledged. First, combining subjects
from the ADHD-200 and ABIDE datasets may

introduce site- and dataset-specific bias because the
images were acquired using different scanners and
acquisition protocols. Although demographic variables
(age and sex) improved multimodal classification, they
may only partially capture acquisition-site
characteristics, as ADHD-200 and ABIDE differ in
scanner protocols and demographic composition.
Since no explicit harmonization technique (e.g.,
ComBat) was applied, residual site effects cannot be

Table 9. Comparison of Classification Performance Under Different Evaluation Protocols for HC vs ADHD

vs ASD, HC vs ASD, and HC vs ADHD Tasks

HC vs ADHD vs ASD
Study Dataset Sample Modality Validation Evaluation Setting ACC AUC
Size Protocol (%) (%)
DMDC [42] ADHD-200 890 rs-fMRI Hold-out Subject-level train/test 62.0 -
+ ABIDE split split
Set 1 ADHD-200 564 rs-fMRI + sMRI 10-fold CV  Transductive and global 85.5 95.2
(Ours) + ABIDE + demography feature selection
Set 3 ADHD-200 564 rs-fMRI + sMRI 10-fold CV  Inductive and fold-wise 70.9 86.6
(Ours) + ABIDE + demography stable feature selection
HC vs ASD
HCAN [14]  ABIDE 871 rs-fMRI + 10-fold CV  Transductive population 82.9 84.6
demography graph and feature
selection procedure not
explicitly reported
IFC-GNN ABIDE 871 rs-fMRI + 10-fold CV  Global feature selection 80.7 -
[71 demography setting and  unclear
graph construction
protocol
MMGCN ABIDE 949 rs-fMRI + 10-fold CV  Per-fold feature 78.3 84.0
[41] Demography selection and graph
construction protocol not
explicitly reported
DAGMNet  ABIDE 871 rs-fMRI + sMRI+ 10-fold CV  Transductive population 91.6 96.8
[15] demography graph setting
B2P-GL ABIDE 850 rs-fMRI + 10-fold CV  Transductive population 83.4 83.0
[16] Demography graph with global graph
construction
Set 1 ABIDE 564 rs-fMRI + sMRI 10-fold CV  Transductive and global 92.5 97.9
(Ours) + demography feature selection
Set 3 ABIDE 564 rs-fMRI + sMRI 10-fold CV  Inductive and fold-wise 81.7 87.3
(Ours) + demography stable feature selection
HC vs ADHD
B2P-GL ADHD-200 938 rs-fMRI + 10-fold CV  Transductive population 78.6 78.8
[16] Demography graph with global graph
construction
ESTGCN ADHD-200 216 rs-fMRI 10-fold CV  Graph construction and 75.4 -
[43] feature selection not
explicitly reported
dGCN [44]  ADHD-200 603 rs-fMRI + 10-fold CV  Inductive  subject-level 72.0 -
Demography graph classification
Set 1 ADHD-200 564 rs-fMRI + sMRI 10-fold CV  Transductive and global 90.4 96.5
(Ours) + demography feature selection
Set 3 ADHD-200 564 rs-fIMRI + sMRI 10-fold CV  Inductive and fold-wise 79.3 88.4
(Ours) + demography stable feature selection
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excluded and may have influenced both the learned
representations and the adaptive fusion weights.
Second, this study relied on PCP-preprocessed rs-
fMRI data and predefined structural MRI features
without investigating alternative  preprocessing
strategies. Furthermore, although DFS and mRMR
identified discriminative features, their biological
relevance was not systematically analyzed, limiting the
interpretability of the proposed framework. The
confusion matrix was also presented only for the best-
performing cross-validation fold, which may not fully
represent the average classification behavior across all
folds. Finally, the proposed framework was evaluated
only through internal cross-validation on 564 subjects
and has not yet been validated using an independent
external cohort. Therefore, the reported performance
should be interpreted as an estimate of internal
generalization rather than  definitive clinical
applicability. Future work should incorporate larger
multi-site datasets, harmonization methods, external
validation, and explainable graph learning to improve
robustness and biological interpretability.

Despite these limitations, the proposed leakage-
aware multimodal graph learning framework has
important  practical implications. The results
demonstrate that leakage-aware evaluation provides
more reliable performance estimates, while integrating
rs-fMRI, sMRI, and demographic information
consistently improves classification compared with
single-modality models. Although further external
validation is required, the proposed framework
provides a promising basis for computer-aided decision
support in distinguishing ADHD, ASD, and healthy
controls, while encouraging more rigorous and
reproducible evaluation practices in neuroimaging-
based machine learning.

V. Conclusion

This study proposed a multimodal Multi-Graph
ChebGCN framework for the classification of HC,
ADHD, and ASD and investigated the effects of
evaluation protocols and feature selection strategies on
model performance and information leakage. Results
showed that Setting 1 achieved the highest accuracies,
while performance decreased under the leakage-aware
Setting 3, which yielded multimodal accuracies of 70.9%
for HC vs ADHD vs ASD, 81.7% for HC vs ASD, and
79.3% for HC vs ADHD, highlighting the impact of
evaluation protocols on reported model performance
Across all settings, rs-fMRI outperformed sMRI, and
multimodal integration consistently achieved the best
performance. Overall, the proposed framework
maintained competitive performance under leakage-
aware evaluation. Future work will explore larger multi-
site datasets, fully inductive graph learning, and

explainable graph learning to improve robustness and
interpretability.
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