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ABSTRACT

Predicting disease states from functional brain connectivity
is critical for the early diagnosis of severe neurodegenerative
diseases such as Alzheimer’s Disease and Parkinson’s Dis-
ease. Existing studies commonly employ Graph Neural Net-
works (GNNs) to infer clinical diagnoses from node-based
brain connectivity matrices generated through node-to-node
similarities of regionally averaged fMRI signals. However,
recent neuroscience studies found that such node-based con-
nectivity does not accurately capture “functional connec-
tions” within the brain. This paper proposes a novel approach
to brain network analysis that emphasizes edge functional
connectivity (eFC), shifting the focus to inter-edge relation-
ships. Additionally, we introduce a co-embedding technique
to integrate edge functional connections effectively. Experi-
mental results on the ADNI and PPMI datasets demonstrate
that our method significantly outperforms state-of-the-art
GNN methods in classifying functional brain networks.

1. INTRODUCTION

Neurodegenerative diseases, such as Alzheimer’s disease
(AD) and Parkinson’s disease (PD), are among the most
prevalent disorders affecting the brain and nervous system.
Symptoms include memory loss, cognitive decline, behav-
ioral changes, and motor dysfunction, ultimately leading to
life-threatening conditions [1]. The prevalence of these dis-
eases is rising, with nearly 7 million and 1 million Americans
currently living with AD and PD, respectively, and these
numbers are projected to increase significantly [2]. As nei-
ther disease has a cure and current treatments merely slow
progression, early detection at prodromal stages is essential.

Traditional diagnostic methods for neurodegenerative dis-
eases rely heavily on clinical assessments and imaging data.
However, recent advances in GNNs offer promising avenues
for early detection by enabling the analysis of complex, non-
Euclidean brain network data [3]. Studies have focused on
the early stage of mild cognitive impairment (EMCI) of AD
where an effective treatment could be applied to control or
delay[4]. In neuroimaging studies, the human brain is of-

ten modeled as a network, with regions of interest (ROIs)
serving as nodes and functional or structural connections be-
tween them as edges. These brain networks, derived from
techniques such as functional magnetic resonance imaging
(fMRI) or diffusion tensor imaging (DTI), reveal critical in-
sights into the brain’s organizational and connectivity patterns
[5].

Early detection of neurodegenerative diseases using graph
learning typically begins with constructing a brain’s func-
tional connectivity matrix. Most methods employ node-based
functional connectivity (nFC) [6], defined at the region level,
to generate connectivity matrices. Here, brain regions are
represented as nodes, with edges reflecting activity-based
similarities, providing a static view of node-to-node interac-
tions [7]. However, recent neuroscience research suggests
that nFC may not fully represent connectivity, as it approx-
imates region-to-region similarity rather than directly cap-
turing connections. Neuroscientific evidence increasingly
supports eFC, which directly represents dynamic relation-
ships between edges. Studies have demonstrated that eFC
matrices outperform traditional nFC matrices in tasks such as
brain community detection [8].

Most existing GNN methods are based on node-level
connectivity matrices, typically calculated using Pearson’s
correlation coefficients to measure similarity between aver-
aged signals at the region level—an indirect representation
of connections between nodes. The recent neuroscientific
definition of functional connections based on edge feature
measurements. To bridge the gap between these GNN meth-
ods and the recent neuroscientific studies [8] suggesting edge
focused calculations, we introduce a novel GNN architec-
ture. Specifically, our GNN model co-embeds edge-to-edge
relationships (edge attributes) directly from functional sig-
nals and node-to-node relationships (node attributes) from
connectivity matrices in a unified framework as shown in
Fig.1. This approach more accurately reflects the brain’s
interconnected nature, where the dynamic interplay between
pathways is essential to understanding cognitive processes
and behaviors.

We evaluate our model using data from the Alzheimer’s
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Disease Neuroimaging Initiative (ADNI) and Parkinson’s
Progression Markers Initiative (PPMI) databases. By in-
corporating edge-to-edge relationships, our model enhances
the functional representation capabilities of GNNs, aligning
them more closely with the brain’s intrinsic connectivity and
improving the early detection of neurodegenerative diseases.

2. METHOD

2.1. Edge Functional Connectivity

We generate edge-attribute matrices from time series fMRI
signals that record brain network activity across N regions,
represented as nodes, over T seconds. The data matrix X con-
tains time series xt

n over the acquisition time t ∈ {1, . . . , T}
of temporal signals for each brain region n ∈ {1, . . . , N}.

Note that the traditional way of using the Pearson corre-
lation coefficient averages temporal signals between regions,
resulting in x̂n where n = 1, . . . , N . In contrast, we generate
an edge matrix from the time series that keeps brain network
activity over T across N regions. When we have time series
at two different regions i, j ∈ N , we multiply the z-scores
zi and zj of these two rows xi and xj , resulting in edge time
signals (eTS) rij = zi · zj , which is a vector with the length
T . This calculation is done for all pairs of nodes (i.e., regions
in the brain).

Fig. 1(a) shows an eTS matrix with the dimension of T ×
Ne, where Ne is N × (N − 1) the total number of possible
region combinations. Each element in this matrix represents
the co-fluctuation magnitude between pairs of brain regions.
The value of these co-fluctuations is positive when the activity
of two regions is moving in the same direction at the same
time.

To incorporate the raw edge representations, eTS, into
GNNs, we construct the eFC matrix. The eFC matrix cap-
tures the dependency of each edge, reflecting the similarity in
their co-fluctuations. The definition of the eFC matrix EFC is:

EFC =
ET

TS · ETS
√
d ·

√
d
T
, (1)

where ETS denotes edge time signals eTS and d =
diag(ET

TS · ETS). Dot product is the normalization matrix
obtained by the outer product of the standard deviation vector
c with itself, where the elements of d · dT range from σ2

min

to σ2
max. As shown in Fig. 1(b), this results in a matrix

Ne ×Ne, where each entry represents the dependency of one
edge relative to all other edges.

Given its high dimensionality of the edge matrices and
the inconsistency with node features, we further employ a co-
embedding method to integrate the eFC matrix into a unified
graph representation suitable for training GNNs as follows.

Fig. 1: Edge features in our method: (a) edge time series
(eTS) with the size of T × Ne, and (b) eFC matrix with the
size of Ne ×Ne.

2.2. Co-embedding of Node and Edge Attributes

Traditional GNN approaches often focus on node features
only and are susceptible to the loss of information that is con-
tained in edges, leading to sub-optimal representations. While
node-based connectivity measures capture co-activation be-
tween regions through node-to-node feature similarity, edge-
based connectivity reveals high-order relationships between
regions. For instance, edge-based clustering allows a node to
belong to multiple clusters, a flexibility not afforded by node-
based clustering. Incorporating both node and edge features is
essential, as they offer complementary perspectives on fMRI
data.

We propose a co-embedding approach that integrates both
nodes and edges as inputs, merging them into a unified node-
edge representation. In GNN models, the hidden layers up-
date the node feature representations by aggregating node fea-
tures from the previous layer with the edge feature representa-
tions. Inspired by recent co-embedding approaches for GNNs
[9], we take nodes and edges as the input and combining them
into a node-edge representation, updating the node embed-
ding with the edge embedding layer. It is designed to be a uni-
fied framework, where layers compute low-dimensional rep-
resentations for nodes by considering both the node’s features
and the features of their connecting edges.

Our model aggregates node representations and edge rep-
resentations with the node features from the previous layer.
Node-edge representations, which allow the model to bet-
ter capture relationships between local nodes and edges, can
lead to more accurate predictions.We represent a brain graph
G = (V,E) consisting of a finite set V = {vi|i = 1, ..., N}
of N nodes and edges E ⊂ V ×V , and a weighted adjacency
matrix W = [wi,j ]

N
i,j=1 measuring the strength of each edge.

N = |V | and Ne = |E| denote the number of nodes and
edges, respectively.

Let Av ∈ RN×N be the node feature matrix derived from
the correlation matrix of brain regions of the node, and Ae ∈
RNe×Ne be the eFC matrix. Ae(m,n) ranges from -1 to 1,
where 1 indicates a positive connection, 0 indicates no con-
nection, and -1 indicates a negative (opposite) connection,
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where m,n ∈ {1, . . . , Ne}.
In Graph Convolutional Networks (GCNs) methods, each

hidden layer aggregates features from neighboring nodes (de-
fined by the adjacency matrix) and the outputs of the previous
layer. Thus, the feature representation H

(l+1)
i at the layer l+1

is defined as:

H
(l+1)
i = σ

(
H(l)

(
W

(l)
0 +AW

(l)
1

))
, (2)

where A is the adjacency matrix.W0 and W1 are learnable
weights.

However, in our co-embedding model, edge features are
also integrated into the node embeddings. Our objective is to
produce a matrix with the dimension of V × V , which inte-
grates both the node and the edge features. To address the
challenges associated with the high dimensionality of edge
features and inconsistencies between node and edge features,
we propose direct co-embedding of the original edge matri-
ces.

The feature representation H
(l+1)
i of node i in the (l +

1)-th layer is updated by incorporating edge embeddings as
follows:

H
(l+1)
i = σ

(
H(l)

[
W

(l)
0 +Φ(Eefc)W

(l)
1

])
. (3)

For each pair of connected nodes u, v ∈ Eefc, Eu,v
efc ∈ R

represent the feature vector of the edge between nodes u and
v. Here, Φ is a function that retrieves edge features associ-
ated with the node representation from the edge functional
connectivity Eefc.

3. EXPERIMENTAL RESULTS

3.1. Data

We evaluated our method on fMRI data in the ADNI1 and the
PPMI2 databases.

The ADNI dataset consists of fMRI scans of 250 patients,
including 27 AD patients, 75 CN patients, 69 early MCI pa-
tients, 46 late MCI patients and 33 SMC patients. CN, early
MCI, and SMC patients are considered patients without the
disease, while AD and late MCI patients are classified as pa-
tients with the disease. The PPMI dataset consists of fMRI
scans of 209 patients, including 15 control and 114 in the ex-
perimental group, with 67 prodromal and 14 SWEDD. Each
patient is classified as a separate label during the preprocess
state. All fMRI data was processed by using fMRIPrep [10]
for preprocessing and BOLD signal extraction.

3.2. Classification Performance

In our method, we used two layers of modified graph convo-
lutional layers [11], where one is the node layer aggregating

1https://adni.loni.usc.edu/
2https://www.ppmi-info.org/

edge information to node representation, and the other one is
the edge layer aggregating node information to edge repre-
sentation. The experiment was done with Epoch 300, with
a learning rate of 0.0001, weight decay of 0.0005, a dropout
rate of 0.5, and a hidden dimension of 1024.

We compared the classification performance on both
datasets using our method with the results of CNN, GCN
[12], CRGNN [13], and MGNN [14].

• CNN: We used two layers of 1D convolution with batch
normalization. The experiment was conducted over 300
epochs with a learning rate of 0.0001, weight decay of
0.0005, dropout rate of 0.5, and a hidden dimension of
512.

• GCN: The experiment used two graph convolutional lay-
ers as described in [12]. The experiment was conducted
over 300 epochs with a learning rate of 0.0001, a weight
decay of 0.0005, a dropout rate of 0.3, and a hidden di-
mension of 512.

• CRGNN [13]: The experiment had 300 epochs, λ1 and λ1

as 0.0001, 116 nodes, respectively, and a learning rate of
0.001.

• MGNN [14]: The experiment was conducted over 300
epochs, with a learning rate of 0.0001, weight decay of
0.0005, a dropout rate of 0.5, and a hidden dimension of
512. For topological features, we used dim=45 and K=10
(i.e., the features are calculated up to the 10th order).

Table 1. 10-fold cross-validation results on ADNI dataset to
compare classification performances.

Model Accuracy Precision F1 Score
CNN 0.7640± 0.0413 0.7510± 0.1167 0.7330± 0.0711
GCN 0.7440± 0.0413 0.7420± 0.1167 0.7194± 0.0711

CRGNN 0.7680± 0.0620 0.7665± 0.1370 0.6196± 0.0808
MGNN 0.7680± 0.0534 0.7680± 0.0561 0.7249± 0.0693

Our method 0.8000± 0.0876 0.8437± 0.0614 0.7659± 0.1181

Table 2. 10-fold cross-validation results on PPMI dataset to
compare classification performances.

Model Accuracy Precision F1 Score
CNN 0.6802± 0.1075 0.6533± 0.1350 0.6141± 0.1342
GCN 0.6802± 0.1157 0.6028± 0.1809 0.6156± 0.1525

CRGNN 0.6556± 0.0808 0.5882± 0.0924 0.5111± 0.0882
MGNN 0.6945± 0.1037 0.6310± 0.1532 0.6323± 0.1329

Our method 0.7083± 0.0572 0.6821± 0.0860 0.6700± 0.0587

Table 1 and 2 present the classification performances of
our method and four comparison methods on the ADNI and
PPMI datasets, respectively. Our method consistently outper-
forms all four methods on both datasets across three different
metrics, including Accuracy, Precision, and F1 Score, with
particularly substantial gains observed on the ADNI dataset.
The superior performance of our model is attributed to its
unique capability to jointly embed edge and node attributes,
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effectively preserving the rich structural and functional char-
acteristics of brain connectivity patterns that are often over-
looked by traditional approaches.

4. CONCLUSION

Extracting the complex dynamics of disease progression to
predict disease states from brain functional networks is a sig-
nificant challenge. To address this, we introduced a novel
GNN architecture that captures brain functional connectiv-
ity patterns associated with neurodegeneration by incorporat-
ing new edge-based functional connection information along-
side node feature representations. Experiments on two bench-
mark datasets—ADNI and PPMI—demonstrate the effective-
ness of our approach in disease classification tasks, outper-
forming widely used GNN methods. These results validate
our method’s utility and highlight promising future research
directions in neuroscience and clinical applications. Our work
contributes to the growing evidence that advanced neural net-
work architectures can markedly enhance our ability to di-
agnose and understand neurodegenerative disorders when de-
signed to integrate domain-specific knowledge.
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