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Abstract

Parkinson's disease (PD) and Alzheimer's disease (AD) are
the two most prevalent and incurable neurodegenerative dis-
eases (NDs) worldwide, for which early diagnosis is critical
to delay their progression. However, the high dimensionality
of multi-metric data with diverse structural forms, the hetero-
geneity of neuroimaging and phenotypic data, and class im-
balance collectively pose significant challenges to early ND
diagnosis. To address these challenges, we propose a dynam-
ically weighted dual graph attention network (DW-DGAT)
that integrates: (1) a general-purpose data fusion strategy to
merge three structural forms of multi-metric data; (2) a dual
graph attention architecture based on brain regions and inter-
sample relationships to extract both micro- and macro-level
features; and (3) a class weight generation mechanism com-
bined with two stable and effective loss functions to mitigate
class imbalance. Rigorous experiments, based on the Parkin-
son Progression Marker Initiative (PPMI) and Alzhermer's
Disease Neuroimaging Initiative (ADNI) studies, demon-
strate the state-of-the-art performance of our approach.

Code —
https://github.com/AlexanderLeung9/DW-DGAT.git

Extended version — https://arxiv.org/abs/2601.10001

Introduction
Parkinson's disease (PD) and Alzheimer's disease (AD) are
incurable neurodegenerative diseases (NDs) that primarily
affect middle-aged and elderly individuals (Balestrino and
Schapira 2020; Scheltens et al. 2021). Over time, patients
succumb to complications arising from NDs. Early diagno-
sis is crucial for initiating treatment to slow disease progres-
sion. However, neuroimaging changes in the early stages of
NDs are often too subtle for physicians to detect. Specifi-
cally, there exists an intermediate prodromal (PRO) stage be-
tween healthy controls (HC) and PD, and an early mild cog-
nitive impairment (EMCI) stage between cognitively normal
(CN) and AD. The tiny differences among these cohorts ne-
cessitate the use of highly sensitive neuroimaging modalities
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for accurate diagnosis, among which magnetic resonance
imaging (MRI) and diffusion tensor imaging (DTI) are two
economical yet promising and complementary candidates.

T1-weighted MRI reflects static brain structures, includ-
ing gray matter (GM), white matter (WM), and cere-
brospinal fluid (CSF). DTI is an advanced MRI that can re-
veal pathological alterations in WM and has shown promise
in distinguishing early NDs from healthy subjects (Poewe
et al. 2017; Mayo et al. 2019). However, fully exploiting DTI
data remains challenging. First, DTI provides multiple 3D
metrics, such as fractional anisotropy (FA), mean diffusiv-
ity (MD), local diffusion homogeneity based on Spearman’s
or Kendall’s coefficient concordance (LDH-S or LDH-K)
(Gong 2013), the axial diffusivity (AXD, equivalent to the
first eigenvalue L1), the radial diffusivity (RDD, defined
as the mean of L2 and L3), and the 1st to 3rd eigenvec-
tors (V1∼V3), among others. Although these metrics offer
complementary insights into the pathological brain changes,
directly using all of them results in significant memory
consumption and prohibitive computational costs. Second,
when conducting brain region-level analysis on these met-
rics, it can yield 2D brain regional networks and 1D brain
regional statistics that differ structurally from the original
3D metrics. As a result, existing studies often utilize only a
limited subset of DTI or MRI metrics due to the difficulty
of fusing multiple structural forms and high-dimensional
data. For example, Huang et al. (2025) employed GM from
MRI along with L1 and V1 from DTI for PD diagnosis.
Song et al. (2022) combined resting-state functional MRI
(rs-fMRI) and FA deterministic networks for AD diagnosis.

Regarding neuroimaging data, there are two main types
of analysis methods. The first type aims to extract features
directly from brain images but faces challenges such as
high memory consumption and computational cost in high-
dimensional 3D images (Cobbinah et al. 2022; Yang et al.
2023) or incomplete perspectives in 2D slice images (Chen
et al. 2024b). The second type segments the brain into mul-
tiple regions of interest (ROIs), constructs 2D brain net-
works, and applies graph-based analysis for feature extrac-
tion (Zhang et al. 2023b; Huang et al. 2024). Therefore, it
reduces the ND diagnosis problem to a graph classification
task. Athough significant progress has been made, existing
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methods still rely on limited information sources, often over-
looking other structural forms and data modalities.

In addition to neuroimaging data, phenotypic data, such as
sex, age, and clinical assessment scores, are commonly used
in diagnosis by physicians. However, directly fusing these
low-dimensional but highly informative data with high-
dimensional neuroimaging data often compromises their di-
agnostic value. This raises a challenge in designing an ar-
chitecture capable of accurately extracting sample features
at both levels. Graph neural networks (GNNs) have shown
promise in modeling inter-sample relationships, but they
face two key challenges. First, graph construction is criti-
cal, as there is no unique inherent graph that precisely re-
flects the objective relationships between samples. Second,
GNNs typically perform better in transductive learning set-
tings than in inductive ones; therefore, transductive learning
is widely adopted in the neurological field (Ghorbani et al.
2022; Song et al. 2022; Zhang et al. 2022; Liu et al. 2022;
Song et al. 2025). However, transductive learning requires
loading all samples during training, resulting in a significant
memory burden and reduced flexibility for clinical use.

Finally, medical datasets often suffer from class imbal-
ance, which leads conventional deep learning methods to
misclassify minority-class samples as majority-class ones.
Traditional strategies typically rely on over-sampling via
data generation (Balakrishnan et al. 2023) based on mi-
nority classes, or on under-sampling via a bootstrapping
method (Roy et al. 2023) or feature fusion (Yue et al.
2024) based on majority classes. However, data generation is
complex for multi-metric and multi-form medical data that
contains numerous subtle yet critical details; meanwhile,
under-sampling risks severe overfitting in small-sized, high-
dimensional datasets. Hence, cost-sensitive approaches have
emerged as promising alternatives in medical image analysis
(Kavitha and Kasthuri 2024). However, a single fixed cost
function tailored to a specific dataset structure often fails to
generalize to more diverse datasets.

In this study, we fuse MRI and DTI metrics of differ-
ent structural forms through a general-purpose and efficient
strategy to maximize their utility in ND diagnosis. Based
on the fused data, we design a single graph attention (SGA)
module to learn long-range dependencies among ROIs, and
a global graph attention (GGA) module based on phenotypic
data to capture demographic relationships among subjects.
Lastly, we incorporate a class weight generator (CWG) that
dynamically generates class weights to guide the classifier
within an cooperative training framework.

Our contributions are summarized as follows.

• We propose a data fusion (DF) method to efficiently fuse
1D, 2D and 3D multi-metric data for subsequent analysis.

• We design a dual graph attention network (DGAT) to
learn micro- and macro-level graph features.

• We develop a dynamically weighted (DW) mechanism to
alleviate the issue of class imbalance in medical datasets.

• The superiority and generalizability of the proposed DW-
DGAT are validated on PD and AD datasets.

Related Work
Data fusion. Although abundant multi-metric data can
provide rich information for deep neural networks, effi-
ciently fusing data with diverse structural forms for diagno-
sis remains challenging. For instance, some studies integrate
multiple structural forms of data in a high-level embedding
space using specialized architectures (Bi et al. 2024; Ding,
Hsu, and Liu 2024), but these designs are typically limited to
a few specific metrics and structural forms. Recently, Bour-
riez et al. (2024) introduced the ChAda-ViT network, which
adaptively handles images with varying numbers of chan-
nels and projects them into a common embedding space.
However, this method is restricted to 2D image data. A gen-
eralized approach capable of integrating multi-metric data
across cubic, planar, and linear structures is still lacking.

Brain network analysis. Since the brain can be viewed
as an ensemble of ROIs, many researchers have focused
on analyzing graphs constructed from these regions and
their interconnections. Convolutional layers and fully con-
nected (FC) layers are widely used for message passing
in ND-specific GNNs, aggregating information from node
neighbors layer by layer (Kawahara et al. 2017; Xu et al.
2021; Kan et al. 2022a; Zhou et al. 2024), thereby en-
abling feature extraction from a single graph. Another im-
portant analytical technique is the attention mechanism (Kan
et al. 2022b; Ying et al. 2021; Yu et al. 2024; Shehzad
et al. 2025), which encodes nodes and edges via multi-head
self-attention (MHSA) or graph attention networks (GATs),
capturing global dependencies among ROIs. Additionally,
graph pooling is widely employed in neuroscience to se-
lect key ROIs while discarding irrelevant ones, thus enabling
versatile GNNs to adapt to brain networks (Peng et al. 2020;
Li et al. 2021; Zhang et al. 2023a; Xu et al. 2024).

Subject relationship analysis. Different from brain net-
work analysis, subject relationship analysis addresses the
problem of node prediction and primarily focuses on pheno-
typic data. There are mainly two types of methods to lever-
age phenotypic data. The first type incorporates phenotypic
data without any learnable parameters, preserving their orig-
inal characteristics (Ghorbani et al. 2022; Liu et al. 2022).
Consequently, the diagnostic performance heavily depends
on the quality of the phenotypic data used to construct a
graph representing subject relationships. In contrast, the sec-
ond type of methods incorporates learnable parameters to
model phenotypic data, aiming to construct a more accurate
relationship graph among subjects (Song et al. 2022; Zhang
et al. 2022; Song et al. 2025). However, these methods risk
constructing suboptimal graphs when noisy node features
are included in the adjacency graph. Recently, Chen et al.
(2024a) proposed GCN-MHSA, which builds the adjacency
graph solely from node features via an attention mechanism,
in contrast to previous methods that rely on convolutional or
affine operations.

Class imbalance. Medical datasets often suffer from the
issue of class imbalance. To alleviate this, Ghorbani et al.
(2022) proposed RA-GCN, a network based on a re-
weighted cost-sensitive strategy that resembles the train-
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ing paradigm of generative adversarial networks (GANs)
(Goodfellow et al. 2020). However, GAN training is notori-
ously unstable and prone to collapse without appropriate hy-
perparameter tuning and regularization (Arjovsky and Bot-
tou 2017). Although several techniques have been proposed
to address these issues (Gulrajani et al. 2017), RA-GCN re-
mains a relatively plain design. In our experiments, it oc-
casionally exhibits instability and fails to converge. In this
work, we propose a similar generative cooperative strategy
but go a step further by explicitly addressing the instability
and non-convergence issues inherent in GAN training.

Datasets
We built two datasets from the Parkinson Progression
Marker Initiative (PPMI) (Marek et al. 2018) and the
Alzheimer's Disease Neuroimaging Initiative 3 (ADNI3)
(Weiner et al. 2017), which are globally authoritative and
publicly available ND data sources. The PPMI dataset con-
tains three cohorts: HC, PRO, and PD, with 69, 72, and 175
subjects, and 121, 123, and 392 neuroimaging samples, re-
spectively. The ADNI3 dataset contains another three co-
horts: CN, EMCI, and AD, with 163, 118, and 29 subjects,
and 234, 193, and 37 neuroimaging samples, respectively.
All acquisitions are at time points of 0, 12, and 24 months.

We used the PANDA toolkit (Cui et al. 2013), which pro-
vides a fully automated pipeline based on the FMRIB Soft-
ware Library (FSL) (Smith et al. 2004), to preprocess the
data. As shown in Figure 1, the pipeline first registers DTI to
T1-MRI, and then generates six 3D diffusion metrics with a
voxel size of 2 mm in standard space. Furthermore, three 2D
deterministic brain region connectivity networks—FA, FN
(Fiber Number), and FL (Fiber Length)—are constructed,
along with two 1D vectors containing statistical information
on ROI surface size and ROI voxel size. Sex, age, years
of education, race, and Montreal Cognitive Assessment
(MoCA) scores are used as phenotypes in both datasets. Ad-
ditionally, the PPMI dataset includes MDS-UPDRS Part II
scores, and the ADNI3 dataset includes Mini-Mental State
Examination (MMSE) scores. These three clinical assess-
ment scores were selected because they are easy to adminis-
ter by community health providers and patients.

Methodology
The overall architecture of our proposed methodology is il-
lustrated in Figure 1, which consists of four key components:
DF, SGA, GGA, and CWG. The DF module fuses the 1D,
2D, and 3D data into a matrix X whose rows represent ROIs
and columns correspond to metrics. The SGA first constructs
an ROI graph from X, and then pools the graph and flattens
it back into an ROI sequence. Next, it uses a small ViT en-
coder (Dosovitskiy et al. 2020) to compute the class token
(CLS) for each sample. The GGA dynamically constructs a
phenotypic adjacency graph based on the current batch of
samples and captures sample-level graph features through
two MHSA graph convolution (GC) layers. In the training
phase, the CWG dynamically adjusts the class weights of
each sample to balance the classifier output.

Data Fusion
This module fuses three structural forms of metrics. Let
R = 90 be the ROI count based on the AAL-90 atlas.
To merge the two 1D vectors, we compute the ratio of the
number of surface voxels to the total voxel count in each
ROI. For each 2D deterministic network, we first rescale
all values to the range [0, 1] using a min-max function,
and then apply the L1-norm to each row to produce an R-
dimensional vector. Let the 3D neuroimage of every met-
ric be {wi,j,k|i, j, k ∈ N, wi,j,k ≥ 0, wi,j,k ∈ R}, and the
brain template be {ti,j,k|ti,j,k ∈ [1, R], i, j, k, ti,j,k ∈ N}.
We segment the ROIs by masking wi,j,k with ti,j,k along
the ROI numbers {r|r ∈ [1, R], r ∈ N}. Specifically, for
i, j, k that satisfy ti,,j,k = r, the corresponding wi,j,k are
collected. For each ROI, we calculate its centroid coordi-
nates (x̄, ȳ, z̄)r, centroid weight wr, average weight w̄r,
and maximum weight ŵr, as defined in Eq. 1, 2, 3, 4.

(x̄, ȳ, z̄)r =
1∑

i,j,k wi,j,k
∗∑

i,j,k

i · wi,j,k,
∑
i,j,k

j · wi,j,k,
∑
i,j,k

k · wi,j,k

 ,

i, j, k ∈ {i, j, k | ti,j,k = r}
(1)

wr = wround (x̄), round (ȳ), round (z̄) (2)

w̄r =

∑
i,j,k wi,j,k

|{wi,j,k}|
, i, j, k ∈ {i, j, k | ti,j,k = r} (3)

ŵr = max ({wi,j,k}) , i, j, k ∈ {i, j, k | ti,j,k = r} (4)

Since the MRI-derived features exceed 1 in range, they are
normalized by dividing both wr and w̄r by ŵr, and scaling
each ŵr by max ({ŵr}). Next, we concatenate wr, w̄r, and
ŵr to form a vector. Finally, we concatenate the 1D, 2D, and
3D features for each ROI, and then stack the ROI features
into X ∈ RR×F for each sample.

Single Graph Attention
The SGA module utilizes two crucial techniques to extract
features of an ROI graph.

The first is graph pooling. Initially, a matrix is computed
based on the pairwise Euclidean distances between the ROI
features. The centrality distance of each ROI is then obtained
by summing its distances to all other ROIs. Subsequently,
we zero out the features for the 50% of ROIs with the great-
est centrality distances, as these ROIs are assumed to have
weaker connectivity and thus contribute less to ND diagno-
sis. Furthermore, a Gaussian kernel function is used to com-
pute the mean similarity of each ROI based on its centrality
distance, with the kernel width σ set to the average of R
centrality distances. After appending the mean similarity to
the metric features of each ROI, all ROIs are stacked into
X1 ∈ RR×F ′

according to their original indexing order.
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Figure 1: The architecture of the proposed methodology.

The second technique is the ViT encoder. SGA uses
an embedding layer to project X1 into Y1 ∈ RR×E ,
where E = 384. A learnable CLS t1 ∈ R1×E is then
prepended to Y1, yielding the extended ROI embeddings
Y2 ∈ R(1+R)×E . Next, learnable positional embeddings
P2 ∈ R(1+R)×E are added to Y2, resulting in Y3, which
enables SGA to capture positional relationships among
ROIs. Y3 is fed into a small ViT encoder composed of
12 MHSA blocks to compute global attention. Layer nor-
malization is applied afterward to stabilize the output. Fi-
nally, the CLS xi is read out as the representation of the
sample. N sample representations form the sample matrix
X2 = [x1,x2, . . . ,xN ]⊤ ∈ RN×E .

Global Graph Attention
We observed an important phenomenon in our experiments:
conventional Graph Convolutional Network (GCN) tends to
perform better when the underlying adjacency graph more
accurately reflects the true relationships among samples. To
this end, we enhance the GCN from two aspects.

First, we construct the adjacency matrix A2 from the
static phenotypic feature matrix P = [p1,p2, . . . ,pN ]⊤ ∈
RN×P . Specifically, we measure the pairwise distances be-
tween samples based on the transformed cosine similarity
defined in Eq. 5. Then, we apply a Gaussian kernel function,
with σ set to the median of all off-diagonal pairwise dis-
tances, to build a similarity matrix A1 ∈ RN×N . Next, we
remove self-loops from A1 and apply the renormalization
trick (Kipf and Welling 2016) to obtain A2.

di,j =

{
1− pi·pj

∥pi∥2·∥pj∥2
, i ̸= j

1, i = j
(5)

Second, we redesign the GC layer of the GCN by replac-
ing its affine weight matrix with MHSA. Let (Hk)i,j be the
element in the i-th row and j-th column of a matrix. We

compute the matrix Hk ∈ RN×E for the k-th sample as
shown in Eq. 6.

(Hk)i,j = (A2)k,i ∗ (X2)i,j (6)

Then, we compute the neighbor aggregation Zh
k ∈ RN×d for

each attention head to adaptively adjust the edge weights of
the adjacency graph, as defined in Eq. 7 and Eq. 8, where
h ∈ [1, H], WQ,WK ,WV ∈ RE×E , and d = E/H .
We first obtain Qk,Kk,Vk ∈ RN×E and then split them
along the feature dimension into H heads, i.e., Qk =
[Q1

k,Q
2
k, . . . ,Q

H
k ] with Qh

k ∈ RN×d. The per-head out-
puts are concatenated as Zk = [Z1

k,Z
2
k, . . . ,Z

H
k ] ∈ RN×E ,

and the outputs from all samples are stacked to form Z =
[Z1;Z2; . . . ;ZN ] ∈ RN×N×E .

Zh
k = softmax(

Qh
k(K

h
k)

⊤
√
d

)Vh
k (7)

Qk,Kk,Vk = Hk ∗ (WQ,WK ,WV ) (8)
Finally, the hidden representation of the GC layer is obtained
by summing Z along the second axis, i.e., H =

∑
j Zi,j,k ∈

RN×E , followed by a layer normalization and a GELU ac-
tivation (Hendrycks and Gimpel 2016). In addition, each of
the two MHSA-GC layers outputs features with twice the
dimensionality of its input, while the final FC layer reduces
the dimensionality to half of its input.

Class Weight Generator
The architecture of CWG is highly similar to DGAT, except
that it consists of C GGAs, where C denotes the number of
classes. The supporting graphs of GGAs are constructed by
masking A2 according to the corresponding class labels, al-
lowing each GGA to focus exclusively on the samples within
its class. The logits generated by the GGAs are summed
element-wise, and then passed through a batch normalized
(BN) MLP to produce the final class weights.
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Compared to RA-GCN (Ghorbani et al. 2022), we de-
velop two more stable and effective loss functions for both
the generator and the classifier. The class weights are de-
noted as W = [w1,w2, . . . ,wN ]⊤ ∈ RN×C ; the DGAT
scores as S = [s1, s2, . . . , sN ]⊤ ∈ RN×C ; and the one-hot
labels as Y ∈ NN×C . We define the two losses L1 in Eq. 9
for DGAT and L3 in Eq. 14 for CWG, where CESGA is a
standard cross-entropy loss computed from the SGA logits
and Y, and α = 0.5 is a hyperparameter.

L1 = min
DGAT

1

2
(L2 +CESGA) (9)

L2 = − 1

N

N∑
i=1

C∑
j=1

Yi,j ·Ri,j · logOi,j (10)

Oi,j =
exp (Si,j −max (si))∑C
k=1 exp (Si,k −max (si))

(11)

Ri,j =
Qi,j

min (qi)
(12)

Qi,j =
exp (− (Wi,j −min (wi)))∑C
k=1 exp (− (Wi,k −min (wi)))

+ ϵ (13)

L3 = min
CWG

L2 −
α

N · C

N∑
i=1

C∑
j=1

Ri,j · logRi,j

 (14)

Eq. 11 and Eq. 13 subtract the extreme elements of vec-
tors to align their values on the same side of the y-axis, thus
avoiding division by large numbers in the softmax function,
which may cause numerical instability. A small constant ϵ
equal to the double-precision machine epsilon is added to
Eq. 13 to prevent gradient vanishing. To address class imbal-
ance, Eq. 13 inverts the numerical relationship among class
weights, while Eq. 12 penalizes the classifier for incorrect
class predictions without affecting the other classes, thus en-
suring function stability. Algorithm 1 outlines the training
steps in an epoch for CWG and DGAT.

Experiments
Implementation Details
The proposed method was implemented using Python 3.9,
PyTorch 1.13.1+cu116, and CUDA drivers of v525 or v535
based on Ubuntu 20.04. All networks ran on a 24 GB GPU.
The random seed was fixed at 231 for all experiments. GGA
used H = 6 on the PPMI dataset and H = 8 on the ADNI3
dataset. Our network was trained for 500 epochs using the
Adam optimizer (Kingma and Ba 2014) with a learning rate
of 0.001. The dropout rate was set to 0.5. The batch size
was set to 64 for both our network and baseline networks.
All experiments were evaluated via ten-fold cross-validation
(CV). To prevent data leakage, samples from the same sub-
ject at different time points were strictly assigned to either
the training set or the test set.

The evaluation metrics include accuracy (ACC), balanced
accuracy (BA), F1 score, and specificity (SPE). BA accounts
for class imbalance, where 1.0 indicates perfect classifica-
tion, and 1

C or lower values mean a random guess.

Algorithm 1: Training procedure of CWG and DGAT.

Input: X′
1 = [X1

1;X
2
1; . . . ;X

N
1 ] ∈ RN×R×F ′

, P, Y
Output: DGAT

1: for a batch of samples in all training samples do
2: Build the adjacency graph A2 from P
3: Build masked graphs M0, M1, M2 from Y
4: Ai

2 = A2 ∗Mi, i ∈ [0, C), i ∈ N
5: Wi

1 = CWGi.forward(X′
1,A

i
2) ∈ RN×C

6: W1 = [Wi
1[:, i]]

C−1
i=0 ∈ RN×C // concat vectors

7: S = DGAT.forward(X′
1,A2) ∈ RN×C

8: L3 = CWG.cooperative loss(W1,Y,S)
9: Descend gradients of CWG from L3

10: Update parameters of CWG
11: Wi

2 = CWGi.forward(X′
1,A

i
2), i ∈ {0, 1, 2}

12: W2 = [Wi
2[:, i]]

C−1
i=0 ∈ RN×C // class weights

13: L1 = DGAT.cooperative loss(S,Y,W2)
14: Descend gradients of DGAT from L1

15: Update parameters of DGAT
16: end for
17: return DGAT

Comparative Experiments

We compared our method with three categories of networks
across the two datasets. These include public vision net-
works (a three-layer MLP, VGG-19-BN (Simonyan and Zis-
serman 2015), ResNet-34 (He et al. 2016), and a small
ViT (Dosovitskiy et al. 2020)), public GNNs (GCN (Kipf
and Welling 2016), MA-GCNN (Peng et al. 2020), GATv2
(Brody, Alon, and Yahav 2021), ChebNetII (He, Wei, and
Wen 2022), and GCN-MHSA (Chen et al. 2024a)), and ND-
specific methods (BrainNetCNN (Kawahara et al. 2017),
BrainGNN (Li et al. 2021), BrainNet-T (Kan et al. 2022b),
LG-GNN (Zhang et al. 2022), and RA-GCN (Ghorbani et al.
2022)). Since the comparison networks cannot handle the
full high-dimensional input, we provided them with core
metrics—three 2D deterministic matrices—to ensure com-
patibility. Specifically, networks based on 2D input received
three vertically stacked matrices. For 1D-input networks,
we followed the practices of Song et al. (2022) and Huang
et al. (2024), i.e., extracting the upper triangular elements of
each symmetric matrix and then concatenating them into a
1D vector. The phenotypic graph was adopted for all public
GNNs that rely on an adjacency graph but do not define a
specific construction method. The input formats and other
settings of ND-specific methods were kept as their original
design. All models were trained until they approximately
reached their minimum loss, with training capped at 500
epochs. Finally, we reported the average of their best evalu-
ation performance across all folds, as presented in Table 1.

From Table 1, we observe that our method outperforms
the second-best network by 7.57% on HC vs. PRO vs. PD
and by 4.62% on CN vs. EMCI vs. AD in terms of accu-
racy. The best-performing vision network, GNN, and ND
method are ViT-small, ChebNetII, and LG-GNN, respec-
tively. Among them, ViT-small and ChebNetII achieve com-
parable performance, both surpassing LG-GNN. Notably,
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Methods or
Networks

HC vs. PRO vs. PD CN vs. EMCI vs. AD

ACC(%) BA(%) F1(%) SPE(%) ACC(%) BA(%) F1(%) SPE(%)
BrainGNN 64.15±3.96 41.02±5.45 54.83±6.56 70.51±2.72 56.90±3.10 44.15±8.19 53.76±6.67 72.08±4.10
BrainNet-T 63.52±3.47 38.10±5.44 53.11±8.53 69.05±2.72 56.47±3.29 40.86±2.57 54.04±2.57 70.43±1.29
BrainNetCNN 61.79±3.09 37.92±6.31 53.01±9.11 68.96±3.15 53.66±8.73 38.13±7.16 50.95±8.12 69.07±3.58
ChebNetII 66.99±4.13 44.01±5.74 58.17±5.57 72.00±2.87 62.90±2.76 50.15±8.34 58.36±5.57 75.07±4.17
GATv2 65.08±3.52 40.98±7.06 54.79±5.72 70.49±3.53 62.07±2.82 48.39±4.95 58.86±5.49 74.19±2.48
GCN 63.96±3.93 38.97±4.12 53.60±5.57 69.49±2.06 59.41±3.97 41.29±4.78 53.50±7.74 70.64±2.39
GCN-MHSA 61.54±4.21 33.33±0.00 46.97±5.18 66.67±0.00 50.86±3.22 34.19±2.75 40.03±4.83 67.10±1.38
LG-GNN 66.04±4.80 42.61±5.59 56.92±7.44 71.30±2.80 61.64±3.56 43.56±3.36 58.08±3.88 71.78±1.68
MA-GCNN 50.69±12.23 37.50±3.96 44.12±13.46 68.75±1.98 53.28±3.49 36.64±3.71 40.45±7.07 68.32±1.85
MLP 63.26±3.98 39.08±5.26 52.78±5.53 69.54±2.63 56.69±4.84 40.08±5.60 47.67±10.45 70.04±2.80
RA-GCN 61.54±4.21 33.33±0.00 46.97±5.18 66.67±0.00 55.07±3.92 37.02±4.30 44.12±9.12 68.51±2.15
ResNet-34 62.57±3.84 39.20±3.76 53.74±5.83 69.60±1.88 54.42±4.78 40.56±4.77 49.03±7.30 70.28±2.39
VGG-19-BN 63.96±2.81 38.61±3.73 53.51±2.55 69.31±1.87 60.64±4.28 42.41±3.70 55.93±5.21 71.21±1.85
ViT-small 66.99±3.23 45.65±5.53 59.54±4.61 72.82±2.77 64.03±3.93 46.71±6.23 59.62±6.52 73.35±3.11
DW-DGAT 74.56±5.99 59.31±8.73 70.57±7.31 79.66±4.36 68.65±4.35 66.18±9.48 66.79±5.23 83.09±4.74

Table 1: Evaluation scores of all methods and networks based on ten-fold cross-validation. Bold font indicates the best scores,
while underlined font indicates the second-best.

Modules
HC vs. PRO vs. PD CN vs. EMCI vs. AD

ACC(%) BA(%) F1(%) SPE(%) ACC(%) BA(%) F1(%) SPE(%)
baseline 63.05±3.62 36.15±5.09 50.64±6.86 68.08±2.54 56.03±3.23 40.58±4.46 52.13±6.50 70.29±2.23
DF 65.41±3.84 44.18±6.97 58.78±9.13 72.09±3.48 60.78±3.94 43.90±5.05 58.11±6.74 71.95±2.53
DF+SGA 67.45±3.63 46.62±4.25 61.50±5.45 73.31±2.12 61.42±4.29 47.27±7.35 59.48±9.80 73.63±3.67
DF+SGA+GGA 71.70±5.30 55.59±9.58 68.42±10.16 77.79±4.79 65.09±3.14 64.31±9.97 64.66±10.44 82.15±4.99
complete 74.56±5.99 59.31±8.73 70.57±7.31 79.66±4.36 68.65±4.35 66.18±9.48 66.79±5.23 83.09±4.74

Table 2: Ablation experiments on DW-DGAT. The baseline is a basic two-layer MLP based on three deterministic networks.
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Figure 2: Loss histories of RA-GCN and DW-DGAT.

RA-GCN suffers from overfitting on HC vs. PRO vs. PD. To
further investigate this, we compared the training loss his-
tories of RA-GCN and DW-DGAT in their best-performing
folds, as illustrated in Figure 2. The figure reveals that the
adversarial training architecture of RA-GCN hampers effec-
tive convergence, with its loss stagnating at a high level. In
contrast, the loss of DW-DGAT gradually decreases, demon-
strating the stability and effectiveness of the proposed CWG.

To visualize the AUCs of all compared networks, we
plotted their ROC curves. As shown in Figure 3, our ROC
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Figure 3: ROC curves and AUCs of all networks.

curves consistently dominate all others. Figure 4 presents
the t-SNE visualizations of ViT-small, ChebNetII, and DW-
DGAT. While DW-DGAT exhibits relatively less distinct
inter-class boundaries, it achieves the most compact intra-
class clusters, and identifies the largest number of samples
from the minority classes.

Ablation Experiments
We conducted ablation experiments to investigate the con-
tributions of each module in the proposed methodology, as
shown in Table 2. Notably, the most contributive module is
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Figure 4: The t-SNE visualization results of three networks
on two datasets, where class-0 in purple indicates normal.

GGA, which improves accuracies by 4.25% on HC vs. PRO
vs. PD and 3.67% on CN vs. EMCI vs. AD, totaling 7.92%.
The second most contributive module is DF, which improves
accuracies by 2.36% and 4.75% on the two tasks, respec-
tively, totaling 7.11%. We attribute the success of GGA to its
graph construction method and the MHSA-GC layers, which
jointly enhance the relevance between phenotypic features
and sample labels, enabling more precise message propa-
gation. Specifically, the cosine similarity in graph construc-
tion mitigates the effects of large range variances in phe-
notypic features and normalizes the feature range to [0, 1].
This ensures that the σ does not deviate excessively from
the extreme values on either end, providing a balanced com-
promise between extremes (Gretton et al. 2006). Moreover,
since the phenotypic features may not strictly align with
the underlying sample relationships, the MHSA-GC layers
adaptively adjust these relationships during neighbor ag-
gregation, yielding more accurate neighborhood structures.
In summary, the progressively increasing evaluation scores
demonstrate the effectiveness of the proposed modules.

Discussion
Temporal and Spatial Complexity Analysis
Based on the notations defined in the Methodology section,
we analyze the temporal and spatial complexities of the pre-
diction computations in the DW-DGAT classifier, which are
crucial considerations for clinical applications.

Temporal Complexity Analysis. The temporal complex-
ity of the embedding layer is O(N · R · F ′ · E). The tem-
poral complexities of the MHSA and the feed-forward (FF)
layer in the ViT encoder are O(N · (R + 1)2 · E) and
O(N · (R + 1) · E2), respectively. Therefore, for L =

12 encoder layers, the temporal complexity of the SGA is
O
(
N · E · (R · F ′ + (R+ 1)2 + (R+ 1) · E)

)
. The tem-

poral complexities of the first and the second MHSA-GC
layers are O(N3 · E · 2E) and O(N3 · 2E · 4E), respec-
tively. The temporal complexity of the last linear layer in the
GGA is O(N · 4E · 2E). Thus, the temporal complexity of
the GGA is O(N3 · E2). In total, the temporal complexity
is O(N · E · (R · F ′ + (R + 1)2 + (R + 1 + N2) · E).
While the total complexity contains an O(N3) term, it re-
duces to O(E · (R · F ′ + (R + 1)2 + (R + 2) · E)) =
O(E · R · (F ′ + R + E)) when the batch size N is fixed.
Under the reported experimental settings, the classifier re-
quires 139.02 GFLOPs, while the generator requires 169.29
GFLOPs.

Spatial Complexity Analysis. The spatial complexity of
the embedding layer is O(N · R · (F ′ + E)). The spatial
complexities of the MHSA and the FF layer are O(N ·H ′ ·
(1 + R) · (1 + R + E)) and O(N · (1 + R) · E), respec-
tively, where H ′ is the number of attention heads of the ViT
encoder. Hence, for L encoder layers and F ′ < R ≪ E,
the spatial complexity of the SGA is O(N · H ′ · (1 + R) ·
(1 + R + E)). The spatial complexities of the first and the
second MHSA GC layers are O(N ·H ·N · (N + E)) and
O(N ·H ·N · (N +2E)), respectively. The spatial complex-
ity of the last FC layer in the GGA is O(N · 2E). Thus, the
spatial complexity of the GGA is O(N2 · H · (N + 2E)).
Since H < H ′ ≤ 2H , the spatial complexity is O(N · H ·
((1 + R) · (1 + R + E) + N · (N + 2E))) in total. While
the total complexity contains an O(N3) item, it reduces to
O(H · ((1+R) · (1+R+E)+2E)) = O(H ·R · (R+E))
when the batch size N is fixed. Under the reported experi-
mental settings, the classifier consumes approximately 2728
MB of GPU memory, whereas the generator consumes ap-
proximately 3288 MB.

Conclusion
In this paper, we proposed a data fusion strategy to inte-
grate multi-structured, high-dimensional metrics, providing
a solid foundation for subsequent feature extraction. Next,
we introduced DW-DGAT, a dual graph attention network
with a class weight generator for ND diagnosis, which effec-
tively captures reduced ROI graph features and fuses sam-
ple phenotypic information at both micro and macro levels,
while mitigating class imbalance. A series of comparative
and ablation experiments based on two datasets coming from
the PPMI and the ADNI3 data sources demonstrated the su-
periority and generalizability of our proposed method, par-
ticularly the GGA module.

Nevertheless, our network is not without limitations. The
3D data fusion strategy does not account for the large differ-
ences in voxel numbers across ROIs, potentially neglecting
latent features in larger ROIs.
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