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Abstract— Alzheimer’s disease is the most common age-
related problem and progresses in different stages, from cog-
nitively normal to early mild cognitive impairment, and severe
dementia. This study investigates the predictive potential of
resting-state functional magnetic resonance imaging (rs-fMRI)
and its derived functional connectivity (FC) in understand-
ing Alzheimer’s progression. Leveraging deep learning and
graph-based models, we introduce two key contributions: 1)
a comparative analysis of rs-fMRI time points and FC for
Alzheimer’s prediction. 2) an innovative graph transformer
variant incorporating self-clustering for enhanced prediction
accuracy. Experiments on the Alzheimer’s Disease Neuroimag-
ing Initiative dataset with 830 subjects reveal two notable
conclusions. Firstly, rs-fMRI time points offer limited utility
compared to functional network connectivity for transformer-
based models, even when considering temporal information.
Secondly, a clustering-based attention module proves effective
for classifying brain networks in predicting Alzheimer’s disease
progression, providing valuable insights for future research and
clinical applications.

I. INTRODUCTION

Dementia continues to fly under the radar within health-
care systems, a result of insufficient educational outreach,
awareness initiatives, and restricted access to diagnostic and
care services for dementia [1], [2]. The diagnosis often
comes later than ideal, leading to a bleak prognosis as even
the most advanced FDA-approved medications show only
modest effectiveness in alleviating cognitive and behavioral
symptoms. Early therapeutic interventions not only enhance
cognitive and behavioral functions in elderly patients but
also empower them to make pivotal healthcare decisions,
significantly enhancing their overall quality of life.

In recent years, mental health has become a focal point
of concern, prompting significant efforts from traditional
machine learning [3], genetics [4], [5], and especially
deep learning [6], [7] to address underlying issues, where
Alzheimer’s disease (AD) also takes the spotlight as the
prevailing form of dementia in the elderly population, char-
acterized by an irreversible decline in memory, cognition,
and behavior. Mild cognitive impairment (MCI), positioned
between typical age-related cognitive decline and dementia
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[8], becomes a crucial target for preventive treatments for
AD due to its propensity to precede various forms of de-
mentia. The existing preventive medications, while approved,
grapple with limited effectiveness over an initial period,
sparking debates around their cost-to-benefit equilibrium.
Early identification and regular follow-ups for individu-
als displaying MCI symptoms prove pivotal in discerning
potential risks of progression to AD or other forms of
dementia. Numerous ongoing studies are dedicated to this
cause, leveraging diverse data sources such as multimodal
neuroimaging, genetic data, and clinical records. For exam-
ple, the Global Alzheimer’s Association Interactive Network
(GAAIN), funded by the Alzheimer’s Association, hosts
thirty-four live datasets (GAAIN Data 2017). Within this
landscape, longitudinal studies emerge as crucial connectors
[8], bridging the realms of clinical observation and neu-
ropathological models.

In this paper, our focus shifts towards harnessing the
potential of powerful graph-based deep learning models to
discern the predictive capabilities concerning Alzheimer’s
disease. Our objective is to delve into a comparative analy-
sis, exploring the efficacy of employing functional network
connectivity (FNC) matrices (where temporal information
is condensed into correlations) as features, contrasting with
the utilization of resting-state time points (rsfMRI) that
incorporate both temporal and spatial information. More-
over, we introduce a novel variant of a self-clustering-based
graph transformer tailored specifically for analyzing brain
networks. This approach aims to enhance the understanding
of intricate connections within brain function, providing a
fresh perspective on the transformative potential of graph-
based deep learning in unraveling the complexities associated
with Alzheimer’s disease prediction. We leverage data from
the Alzheimer’s Disease Neuroimaging Initiative (ADNI),
encompassing a cohort of 860 subjects. Through this explo-
ration, we seek to demonstrate the efficient of deep learning
models in deciphering complex brain activity patterns and
identifying early-stage dementia.

II. MATERIALS AND METHODS

A. The ADNI Dataset

In this study, we extracted the relevant data from the
database of ADNI, which is available publicly upon approval
from the ADNI. We used the rsfMRI data of a total of 830
subjects where the labels for subjects were classified into
early-stage Alzheimer’s disease (AD) (n=53), mild cognitive
disorder (MCI) (n=308), and healthy controls (n=469). Data
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were split into training (n = 623), validation (n = 124),
and holdout test (n = 125) subsets, and a 5-fold cross-
validation was performed to ensure stable results in the
experiments. We conducted preprocessing on the raw rs-
fMRI data utilizing a combination of FSLv6.0 and SPM12
toolboxes, encompassing several key steps, namely: 1) rigid
head motion correction; 2) distortion correction; 3) removal
of dummy scans; 4) normalization to the Montreal Neurolog-
ical Institute space; and 5) a 6mm Gaussian kernel smooth-
ing. Subsequently, we employed a fully automated spatially
constrained independent component analysis to extract 53
intrinsic components (ICNs) using the Neuromark fmri 1.0
template [9] as the 53 nodes of graph models with 136
time points for each corresponding node. These ICNs were
categorized into seven functional domains based on their
anatomical locations and functional characteristics, which
included subcortical, auditory, visual, sensorimotor, cognitive
control, default mode, and cerebellar domains. Functional
network connectivity (FNC) was computed as the Pearson
correlation between the time courses of these intrinsic con-
nectivity networks.

B. Proposed Architecture

The depicted architecture in Fig. 1 outlines the operational
framework of our approach, which systematically evaluates
and compares the predictive efficacy of two distinct inputs:
rsfMRI time points and FNC. Our model was trained
and optimized separately for rs-fMRI and FNC inputs.
For rs-fMRI time points, we employed two methods: 1)
Applying a Temporal Convolutional Networks (TCN) block
to capture time series information, and concatenating it with
Laplacian eigenvectors (LEs) of raw time series, extracting
the Pearson correlation between output of TCN and using
it as the input to the transformer model. 2) Directly using
rsfMRI time points combined with Laplacian eigenvectors
as the input to the model. Laplacian eigenvectors extracted
from the node time series captured essential relative
spatial position information. For training the architecture
using only FNC, input features were FNC matrix, and
there were no time series and no LEs. Subsequent steps
involved a self-clustering graph attention block dynamically
learning functional clusters within the brain, considering
neighborhood relations through self-attention. This process
was followed by a 3-layered fully connected layer for
the final prediction in both cases. The architecture is
specifically designed to assess and contrast the model’s
efficacy when processing rs-fMRI time points versus FC
as inputs, offering valuable insights into their respective
contributions to Alzheimer’s disease prediction.

1) Problem Definition: The brain is spatially divided into
N regions of interest (ROIs), which represent graph nodes
indexed by the set V = 1, ...,N. Let the characteristics of
node i be denoted by hi(raw) ∈ RT , representing the BOLD
time series of length T , or the Pearson’s correlation of BOLD
time series between ROIs viewed as hi( f nc) ∈RN , constructed
as the FNC matrix of dimension N×N. FNC is computed as

Fig. 1. Overall Architecture of clustering-based graph transformer model
for early stage AD detection. TCN and LE blocks are optional.

Pearson’s correlation using fMRI data series between ROIs
which is also used to construct an adjacency matrix. An
edge set E made up of |E| unordered pairs (i, j) represents
the connections between ROIs. For each edge linking two
nodes (i, j) ∈ E, the connection strength, ei, j, is the Pearson
correlation coefficient between time series of node i and node
j. The resultant graph is denoted by the tuple G = (V,E).
Let Hraw ∈ RN∗T ,H f nc ∈ RN∗N ,E ∈ R|E|∗1, and A ∈ RN∗N

symbolize the nodes features, edge features, and adjacency
for the graph structure G. The Adjacency matrix Ak ∈ RN×N

is formed as in Equation 1. ,where Nk is the number of ROIs
in the k-th subject.

Ak
i, j =

{
0, i = j
ei, j, otherwise (1)

2) Temporal Convolutional Networks: Temporal Convolu-
tional Networks form the first block of our architecture when
using rsfMRI time points as input features, and are responsi-
ble for extracting temporal features from the 1D time-series
data of each brain node. It is well documented that tem-
poral convolutional networks [10] can perform equally well
or sometimes even better than Recurrent Neural Networks
(RNNs) and Long-Short term memory networks (LSTMs)
for many kinds of sequential data. Some advantages of this
convolutional operator are, for instance, (1) low memory
requirement for long input sequences, especially compared
to LSTMs and Gated Recurrent Units (GRUs), which com-
monly consume big chunks of memory to store partial results
for the multiple gates (convolutional kernels, in contrast, are
shared across a layer), (2) better parallelization because a
TCN layer is processed as a whole instead of sequentially
as in RNNs, and (3) easier to train (e.g., it is known
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that LSTM training can commonly encounter issues with
vanishing gradients).

Formally, given a single ROI time series ti ∈ RT and a
filter f ∈ RK , the dilated causal convolution operation of t
with f at time t is represented as:

hi(TCN) = ti ∗ f (t) =
K−1

∑
s=0

f (s)× ti(t −d · s), (2)

where d = 2ld−1 is the dilation factor, and ld denotes level of
dilation in the network. When d = 1, a dilated convolution
reduces to a regular convolution. Using larger dilation
enables an output at the top level to represent a wider range
of inputs, thus effectively expanding the receptive field of
the network.

3) Laplacian Eigenvector Block: Positively acknowledged
for their effectiveness in transformer-based models, posi-
tional encodings (PE) guide our attention to LEs, a pivotal
element in spectral graph theory. These eigenvectors function
as a representation of the inherent graph structure, mirroring
the principles outlined in Graph Transformer [11]. Unlike
traditional transformer PE, Laplacian PE is explicitly de-
signed for graphs, providing an efficient means to encode
distance/similarity-aware information. To address the mul-
tiplicity challenge resulting from arbitrary signs, we adopt
a robust training strategy inspired by established practices
in [11], [12], involving the random flipping of eigenvector
signs. The Laplacian eigenvectors are computed as:

I −D
− 1

2
e AD

− 1
2

e =UT
ΛU

Here, De represents the degree matrix, while Λ and U denote
the eigenvalues and eigenvectors, respectively. Specifically,
we harness the m smallest non-trivial eigenvectors associated
with each node for its positional encoding, referred to as λi
for node i.

4) Input Representation for Self-Clustering based Graph
Model: Incorporating various feature representations for
Alzheimer’s prediction, we first explore the use of rsfMRI
time points in conjunction with a TCN block. The input
to the self-clustering graph attention block for rsfMRI
time points is defined as ĥi = hi(TCN) + λi, where λi
signifies the PEs specific to node i. The resulting node
features ĥi collectively form the matrix Ĥ with dimensions
N × D, where N is the number of nodes, and D is the
output dimension of the TCN block concatenated with m
eigenvectors. Additionally, an alternative approach involves
utilizing rsfMRI time points directly, incorporating Laplacian
eigenvectors as ĥi = hi(raw) + λi. Furthermore, when using
FNC as features, the input directly involves the FC matrix:
ĥi = hi(FNC). These diverse feature representations contribute
to a comprehensive understanding of the importance of
features for Alzheimer’s disease progression within multiple
frameworks.

5) Self Clustering graph attention block : Within the
framework of the Transformer architecture [13], this module
introduces a customized approach designed specifically for
brain analysis. Diverging from conventional Transformer
models, it doesn’t treat all nodes uniformly during the train-
ing process. Instead, following the principles of BrainGNN
[14] and BrainRGIN [15], it integrates domain-specific
knowledge concerning functional clusters within the brain.
This approach recognizes the intrinsic divisions in brain
regions and their distinct interactions, essential for a com-
prehensive understanding of brain functionality. The input
format for the clustering-based transformer is elucidated in
Section II-B.4.

Let W (K)
(l)
i , W (Q)

(l)
i and W (V )

(l)
i , parameters of attention

block as in Fig. 1, be defined as a function of the PE (λi)
for key, query, and value matrix. While θ1 is the shared
parameter across all key, query, and values to learn the
clustering assignment for nodes, other parameters θ(k)2,
θ(q)2, and θ(v)2 are defined for key, value, and query for the
cluster-specific attention updates. Here, θ1 ∈RN×kr , where kr
is defined as the number of clustered communities, λi is the
LE encoded position for node i, and ReLU is the rectified
linear unit activation function. The mathematical formulation
for the clustering-based attention block can be defined as:

w(k)(l)i = θ(k)(l)2 · relu(θ (l)
1 ·λi)+b(l)k (3)

w(q)(l)i = θ(q)(l)2 · relu(θ (l)
1 ·λi)+b(l)q (4)

w(v)(l)i = θ(v)(l)2 · relu(θ (l)
1 ·λi)+b(l)v (5)

KROI = W(K)(l) · Ĥ (6)

QROI = W(Q)(l) · Ĥ (7)

VROI = W(V)(l) · Ĥ (8)

The update equations for layer l are defined as:

ĥl+1
i = O l

h

[
ĥi + ∥K

k=1

(
∑
j∈Ni

wk,l
i j ·VROI · ĥl

j

)]
(9)

wk,l
i j = softmax j

(
ŵk,l

i j

)
(10)

ŵk,l
i j =

QROI ·KT
ROI√

Dk
(11)

Here, k = 1 to K denotes the number of attention heads,
and ∥ denotes concatenation. O l

h ∈ RN×D represents linear
transformations for node features after concatenating the
outputs from multi-head attention. Upon obtaining the ulti-
mate feature representations from the self-clustering attention
block, we employ a 3-layered fully connected layer equipped
with dropout and ReLU activation functions to achieve the
final prediction.
In summary, we provide two major contributions:

• We conducted a detailed comparative analysis to access
the predictive power of rs-fMRI time points and FNC
for Alzheimer’s disease prediction.

• We present a novel attention mechanism designed for
graphs with sub-networks, allowing distinct attention
mechanisms for each cluster.
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III. EXPERIMENTAL SETUP AND RESULTS

A. Training the model

The neural network architecture depicted in Fig. 1 was
implemented using Pytorch [16], and Pytorch Geometric
[17] for the specific graph neural network components. The
number of nodes was 53 (corresponding to NeuroMark ICA
Components), and the number of time points T for each
node (i.e., 136). To ensure training robustness, we adopted
a weighted random sampling strategy with a replacement
inspired by the weighted random sampler concept. Each data
point di is assigned a weight wi based on its classification
significance, forming a normalized probability distribution
P(di) = pi. This weighted random sampling is applied to
create independent training and validation sets, preventing
overlap and preserving model evaluation integrity. The ap-
proach mitigates biases, enhances generalization, and ensures
a stable training process.

From the meticulous exploration of hyperparameters, we
established fixed configurations for three models: the first
model involves employing 4 TCN blocks and incorporates 8
eigenvectors (λi) for each node, and integrating two layers
of the self-clustering graph attention block, generating output
features of dimensionality D set at 128. The choice of 7 for
the number of clustered communities (kr) aligns with the
seven functional networks delineated by [18]. The second
model mirrors the first but excludes the TCN block, while
the third model purely uses the FNC features. Our neural
network training spanned 200 epochs, optimizing with the
Adam optimizer [19] and utilizing the CrossEntropy loss
function. The number of attention heads used for all the
transformer models was fixed to be 8. To ensure efficiency,
we implemented an early stopping mechanism, halting train-
ing if the validation loss failed to decrease over 30 consec-
utive epochs. The learning rate underwent reduction by a
factor of 0.3, with a patience setting of 30. Throughout, a
batch size of 32 was employed. All other hyperparameter
settings remained uniform across these input configurations.
The results reported are the average scores from a holdout
test set with 5-fold cross-validation.
We compared our proposed model with popular models
like Brain Network Transformer [20], BrainNetCNN [21],
BrainRGIN [15] and Graph Transformers[11]. To evaluate
the performance of our model, we conducted proof-of-
concept experiments to classify the AD, MCI, and healthy
controls for Alzheimer’s classification in a highly imbalanced
dataset setting. Furthermore, it is important to note that all
the configurations for baseline models were used as outlined
in the original paper and further optimized to achieve optimal
performance.

B. Results

Our model, incorporating self-clustering, demonstrates ro-
bust classification performance with a notable improvement
in the area under the curve (AUC) compared to the original
Graph Transformer and other baseline models. When using
static FNC features, our model outperforms BrainRGIN,

TABLE I
COMPARISON OF DIFFERENT MODEL PERFORMANCES WHEN USING

STATIC FNC VS RESTING-STATE FMRI AS FEATURES

Model Features AUC ± Std. Dev F1 ± Std. Dev
Using static FNC features

BrainRGIN [15] FNC 0.64±0.03 0.63±0.02
Graph Transformer FNC 0.68±0.02 0.65±0.01
Ours FNC 0.76±0.03 0.68±0.02
BrainNetCNN [21] FNC 0.72±0.01 0.67±0.01
Brain Network Transformer [20] FNC 0.76±0.02 0.692±0.01

Using rsfMRI timepoints features
Graph Transformer [11] rsfMRI + LPE 0.62±0.02 0.65±0.01
Ours with TCN rsfMRI + LPE 0.66±0.02 0.68±0.03
Ours rsfMRI + LPE 0.65±0.03 0.63±0.03

Graph Transformer, and BrainNetCNN, achieving an AUC
of 0.76 and an F1 score of 0.68. Brain Network Transformer
achieves comparable performance with an AUC of 0.76 and
an F1 score of 0.692.

However, using resting-state fMRI timepoints as features
resulted in a surprising performance decline. With features
extracted from TCN, our model achieved an AUC of 0.66
and an F1 score of 0.68, while without TCN, the AUC was
0.65 with an F1 score of 0.63. Notably, the original Graph
Transformer model performed even worse when using time
points as features compared to FNC features.

IV. DISCUSSION AND CONCLUSION

In conclusion, our study presents a preliminary version
of our model, augmented with a self-clustering mechanism,
demonstrating robust performance in Alzheimer’s disease
classification, even amidst highly imbalanced class propor-
tions. The integration of static functional network connectiv-
ity (FNC) features into our novel method yields significant
enhancements, surpassing benchmarks set by established
techniques such as BrainNetCNN, BrainRGIN, and Graph
Transformer.

A pivotal aspect of our findings revolves around the
detrimental impact of directly integrating timepoints as fea-
tures into model. Despite attempts to enrich the model with
temporal information through Temporal Convolutional Net-
works (TCN) in resting-state fMRI timepoints, we observed
a pronounced decline in Alzheimer’s disease classification
performance. This underscores the critical importance of
feature selection, highlighting the superiority of connectivity-
based features over timepoints, especially within transformer
models.

In conclusion, our study showcases the potential of self-
clustering mechanisms in enhancing neuroimaging-based
classification tasks. Moving forward, further research into
refining and optimizing self-clustering methodologies holds
promise for advancing the field of neuroimaging-based dis-
ease classification, ultimately contributing to improved diag-
nostic accuracy and patient care in Alzheimer’s disease and
beyond.
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