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Abstract—In brain disease research, despite the increasing
sophistication of existing graph neural network approaches, it
is still a challenge to simultaneously analyse abnormal brain
regions associated with diseases and to consider inter-subject
relationships to improve the accuracy of disease diagnosis. In
this paper, we propose a new graph neural network model for
brain disease analysis by fusing information from individual
and population graphs. The model designs an individual graph
coarsening network to learn the most discriminative features
to construct the population graph and identify abnormal brain
regions. The individual graph data are fused into the population
graph, and then a population hierarchical graph convolutional
neural network is constructed to learn the relationship between
different subjects and fully integrate the global information. Ex-
perimental results show that the proposed method achieves good
classification accuracy while identifying the most discriminative
brain regions, providing interpretable analyses for the study of
brain diseases.

Index Terms—graph neural network, fusion, individual graph,
population graph, IPGNN, AD patients

I. INTRODUCTION

Neuroimaging techniques can provide a deeper understand-
ing of the pathological basis of neurological diseases such
as Alzheimer’s disease. The most widely used functional
magnetic resonance imaging (fMRI) is a non-invasive imaging
technique that studies the functional activity of the brain
through the measurement of blood oxygen level dependence
(BOLD). In particular, resting-state fMRI BOLD signals can
be used to reveal abnormal brain activity in the resting state.

Currently, methods based on graph neural network (GNN),
such as graph convolution network (GCN) [1], graph attention
network (GAT) [2], provide new perspectives for studying
brain disease issues. Work on GNN-based brain network anal-
ysis can be divided into two main categories: one is based on
individual graphs [3], [4], and the other is based on population
graphs [5]-[7]. In the individual graph-based brain network
construction method, nodes represent brain regions of interest
(ROIs) and edges represent functional connections between
ROIs. Individual graphs focus on correlations between brain
regions while ignoring correlations between subjects. In popu-
lation graph-based brain network construction methods, nodes
represent subjects and edges represent correlations between
subjects, which are usually described by pairs of imaging
features or phenotypic data (e.g., age, gender, genes). Pop-
ulation graphs focus on correlations between subjects but fail

to describe the brain structure of individual subjects, making
it difficult to perform interpretable analysis. In addition, many
brain network structures give more attention to topology and
ignore the construction of edge weights.

In order to exploit both the inter-subject correlation and the
connectivity between brain regions of each subject, we propose
a new graph neural network, the individual population graph
neural network (IPGNN), by fusing individual and population
graphs. Further, we also combine the advantages of different
networks in the construction of IPGNN. We first learn the most
discriminative brain regions (which can be used as biomarkers
of diseases) based on the individual GNN, and later construct
a population graph based on the features obtained from the
individual GNN. A hierarchical GCN is constructed based
on the population graph to capture the features of nodes at
different levels and perform high-performance classification
of brain diseases by fully integrating the global information.
Our proposed IPGNN network improves the classification
performance while identifying the most discriminative brain
regions and mapping them to neurobiological findings, pro-
viding interpretable analyses for brain disease research.

The rest of this paper is organised as follows. Section II
introduces our proposed graph neural network architecture
based on the fusion of individual graph and population graph.
Section III gives the classification experiment of the proposed
model IPGNN applied to the ADNI dataset and performs
abnormal brain area analysis. The conclusion of this paper
is given in Section IV.

II. METHOD

The overall framework of the IPGNN network proposed in
this paper is shown in Fig. 1. Based on the preprocessed fMRI
BOLD signal, an individual graph with brain regions as nodes
is constructed for each subject. Coarse features are generated
using the individual graph coarsening network, and the coarse
features of each subject are embedded as node (subject)
features of the population graph. Further, calculate the higher-
order functional connectivity (HOFC) [8] graph metric of
BOLD signals to obtain the edge weights of the population
graph. The hierarchical graph convolutional neural network
is constructed based on the population graph to achieve the
classification and prediction of subjects. The construction of
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Fig. 1: The overall framework of the proposed IPGNN.

the IPGNN network is described in detail in the following
subsections.

A. Individual Graph Construction

The construction of individual graph 1is crucial for
subsequent network learning. Given an individual graph
G1(V1, E1,W1), Vi represents the set of nodes, each node
represents a brain region (ROI), and the number of nodes
is N = |Vi|. Wi = {wjli,j € Vi} € RN*N represents
the weighted adjacency matrix, which is obtained from the
Pearson correlation of BOLD time series between ROIs. Ey
is the set of edges such that e;; = 1 when wj;; is greater than
a threshold 7 , indicating that there is an edge between v; and
v;. When w;; is less that the threshold 7 , e;; = 0, indicating
there is no edge between v; and v;. The node feature matrix
of G is represented by X; € RV*?, where d is the feature
dimension.

B. Individual Graph Coarsening

The individual graph coarsening model is shown in Fig.
2. We use positive and negative coarsening modules on the
input individual graph G to obtain real and false coarsening
graphs, which are used as positive and negative samples
for comparative learning. This allows obtaining the most
important node features in the individual graph G, reducing
the output embedding size of the individual graph, as well
as improving the robustness of the model. The coarsening
network is improved based on CGIPool [9].

In the positive and negative coarsening module, we calculate
the 1D attention score vector of each node in the input
individual graph G through two parallel graph attention

networks and a multi-head attention mechanism. The positive
coarsening module selects the node indexes of the top k
important nodes based on the real sample score vector y; to
form a real coarsening graph Gllr that represents GG; to the
greatest extent. The negative coarsening module generates a
false coarsening graph G/1 ¢ containing the unimportant nodes
in G; based on the negative sample score vector y} We use the
edge selection mechanism in the attention network to compute
the edge importance score vector y. for edges in G;. Then,
we define the fusion score y/d of the nodes and select the top
k ranked nodes to construct the coarsened graph Gll.

Ya = 0(Yp — Yg) + Ye. (D

With the global mean pooling function in the weight sharing
encoder network, G'1, Gllr and Gl1 5 are mapped to their feature
vectors g € R', g. € R' and g}- € R?, respectively. By
minimizing the following mutual information loss function
L7, the mutual information between each pooling layer input
and the coarsened graph can be maximized. In addition, the
addition of a regularized loss function prevents the generation
of over-fitting, thus further improving the performance of
graph representation learning:

1 & , ,
> " [llog o(Tu(gi, 9,.4)) + log(1 — o(Ta(gi, 95,,)))+
i=1

i=

(@)

where M is the number of subjects in the data set, o is
the sigmoid function, T, is the discriminator network, A is
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Fig. 2: Individual graph coarsening module.

the regularization coefficient (weight decay), and 6 are the
parameters of the model.

Since global pooling takes into account the features of
the graph, we perform global maximum pooling and global
average pooling on the coarsened graph, and then splice along
the feature dimensions (columns) to obtain individual graph
coarsened features.

C. Population Graph Construction

Considering the similarity between subjects, we then con-
struct the population graph Go(Va, Fa, W2) with node set
Vo = {v1,v9,- -+ ,up} and edge set Fs. There are M nodes,
each node represents a subject, and the features on the nodes
are coarsened features obtained from the individual graph
coarsening network. We use HOFC to construct the topological
connection of G, that is, design W5, which we describe in
detail next. Define diagonal matrix D := diag(d;), where
di=>" ; Wij is the degree of the vertex v;.

HOFC can be used to describe more advanced structures in
complex networks and has proven to be a useful complement
to brain functional connectivity. We construct the HOFC by
the following steps:

1) Calculate the functional connectivity matrix
{Wh1,Wia, -+ ,Wipm} for M subjects. Stack them to
obtain the matrix B = [Wyy; Wig; -+ ; Wyp] € RNMXN,

2) Let b; denote the jth column of B, j = 1,2,...,N.
Calculate the Pearson correlation between b; and b; to obtain
the correlation matrix Q € RV*V,

3) Perform K-mean clustering on @ to classify N brain
regions into K clusters. Let {s; = k,j = 1,2,--- ,N;k =
1,2,---, K} denotes the cluster to which the jth brain region
belongs.

4) For jth subject, based on the clustering results, rearrange
Whj as P =[P, P+, Py, -+, Pg] € RNV, where P

is the concatenation of columns with the same cluster labels.
Compute the mean for each cluster: Fk:m > Py and
get the rearranged functional connectivity matrix of the brain
network F = [Fy, Fy, ..., Fx] € RV*X_ Calculate the Pearson
correlation for each column in F' to obtain the final HOFC
matrix Z; € REXK,

Considering Z; of the jth subject as an adjacency matrix
of a graph structure, two graph metrics, node degree D,
and local efficiency FEj,.q;, are computed as the feature
2j = [Daeg, Elocar) On this node v;. We refer to x; as the
HOFC feature, which is subsequently used to construct the
edge weights of the population graph Gs.

To design the edge weight w;; between nodes v; and v; of
G, we input z; and x; into the graph siamese neural network.
To prevent gradient vanishing during network training, these
two feature vectors are first normalized and rescaled to unit
norm vectors Z; and ;, respectively. Two fully connected
layers with shared weights encode Z; and Z; in parallel as h;
and h;,

hi = o(QF; +b),
hj = O'(Q.%j -|— b),

where o is the activation function, (2 is the trainable weight
in the fully connected layer, and b is the bias term.

Mapping h; and h; to a common potential space and then
applying cosine similarity to compute the similarity between
these two subjects, we get the following w;; with values
between [0,1].

3)

+1) % 0.5. 4)

( hi" h;

wi; = (et
T kel Ryl
Performing the same operation for all subject pairs, we

eventually obtain the weight matrix W5 for G5, and com-
plete the construction of Go. In our experiments, each fully



connected layer contains 128 hidden units, and we use the
ReLU nonlinear activation function. In addition, we introduce
dropout regularization to enhance the generalisation ability and
stability of the model and effectively avoid overfitting.

D. Population Graph Hierarchical GCN

The problem of over-smoothing due to too many layers
of aggregation/propagation steps produces indistinguishable
node representations, which degrades model performance and
increases computational complexity. As a result, GCN mod-
els are usually limited to shallow architectures, yet shallow
embeddings may not be able to propagate node features
sufficiently to fuse heterogeneous information [10]. To address
this problem, we propose a hierarchical graph convolution net-
work, as shown in Fig. 3. The multi-layer graph convolutional
layers help to capture node features at different scales, and the
convolutional outputs of each layer are batch normalized and
activated by the ReLU function, which greatly enhances the
nonlinear representation of the model.
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Fig. 3: Hierarchical graph convolutional network module.

To improve the learning performance of the network, we
introduce ChebConv in GCN to complete the graph convolu-
tion operation, the improved graph convolution operation is as
follows:

H'"' = o(Ugg(M)UTHY), (5)

where H' is the feature vector of the Ith graph convolution
layer. L = I — D~ 2W,D~z is the Laplacian matrix of Go
whose eigenvalue decomposition is L = UAUT. gg(A) is
the convolution kernel which is implemented by the following
Chebyshev kernel:

K—1
M=) BTi(A), (©6)
k=0

where Ty (.) is the kth order Chebyshev polynomial, fj, is

the parameter updated iteratively during training, and A is the

rescaled eigenvalue matrix.
Substituting (6) into (5), we get the final graph convolution
operation:

N

H'" = o(U( " AT A)UTH?)
=0

BT (UAUTYH?) (7
0

E

- 0<k:

(Ki B T(D)HY),

where L = 2L /Amax—1I and Apax is the maximum eigenvalue.

The edge weights are the weight inputs to the graph convo-
lutional layers and help to dynamically adjust the importance
of each edge. The hierarchical GCN model obtains the features
of each layer and makes the features of different layers
all contribute to the final classification. Finally, through the
weighted splicing of the features of each layer, the model can
fully integrate the global information, better extract the key
features, and complete the final classification task.

E. Total Loss Function
In the population graph hierarchical graph neural network,
we use the following cross-entropy loss function:
M C
Lepr ==Y Y iclog fic, ®)
i=1 c=1
where C' represents the number of classes, and y;. and
Yic denote the ture and predicted labels of the ith subject
belonging to the class {¢,c =1,2,---,C}, respectively.
Then, the total loss function L;,ss of IPGNN is

Lioss = Legr + aLui, ©))
where « is the hyperparameter that balances these two terms.

III. EXPERIMENTS AND RESULTS
A. Dataset Preprocessing and Experimental Settings

We quantitatively evaluate our IPGNN model on the public
Alzheimer’s Disease Neuroimaging Initiative (ADNI) dataset
[11]. 623 subjects are contained in our experiment, includ-
ing 105 Alzheimer’s disease (AD) patients, 169 Cognitively
Normal (CN), 210 Early Mild Cognitive Impairment (EMCI),
and 139 Late Mild Cognitive Impairment (LMCI). The basic
information of the subjects is shown in Table I.

TABLE I: Data information used in ADNI experiments.

L Age (Mean+ .
Clinical label ~Number  Gender (F/M) Standard deviation) Age (Max/Min)
EMCI 210 118/92 72.305+6.799 90/56
LMCI 139 55/84 72.014+7.779 88/57
AD 105 55/50 74.181+7.541 89/56
CN 169 95/74 75.142+6.380 96/65

All the fMRI data are acquired through a 3T Siemens Tim
Trio whole-body scanner. The important scan parameters are
as follows: TR (repetition time) = 3000 ms, TE (echo time) =
30 ms, matrix size = 64x64, flip angle = 80°, T = 140 vol-
umes. The fMRI data are preprocessed using the preprocessing



TABLE II: Comparison of results of the binary classification experiment for AD and MCI. M(multimodal): X :uses only

imaging data, v :uses both imaging and non-imaging data.

Methods M Subjects (Number) Acc (Var) Sen (Var) Spe (Var) AUC (Var) F1 (Var)
BrainGNN [3] X AD (34) : MCI (100) 77.61 (4.30) 81.81 (3.09) 54.83 (3.69) 53.07 (5.65) 84.77 (2.01)
MYVS-GCN [4] X AD (34) : MCI (99) 69.23 (4.32) 72.61 (3.26) 60.21 (2.74) 59.66 (5.43) 73.71 (2.69)

EV-GCN [6] V' AD (289) : MCI (251) 79.40 — — 83.83 —
LG-GNN [7] v AD (34) : MCI (100) 82.09 (1.40) 8296 (0.91) 51.66 (4.84) 68.33 (3.47) 88.91 (1.12)
Proposed IPGNN X  AD (105) : MCI (349)  92.52 (0.09) 96.56 (0.11)  79.09 (2.29) 91.87 (0.43) 95.22 (0.03)

TABLE III: Comparison of results of the binary classification experiment for MCI and CN.

Methods M Subjects (Number) Acc (Var) Sen (Var) Spe (Var) AUC (Var) F1 (Var)
PopulationGCN [5] v MCI (121) : CN (100)  67.41 (0.82) 75.96 (1.33) 57.00 (1.41) 62.34 (1.58) 71.65 (0.76)
InceptionGCN [13] v MCI (121) : CN (100)  71.04 (1.12)  72.69 (2.66)  69.00 (1.29) 64.07 (1.50)  72.58 (1.57)

EV-GCN [6] v' MCI (121) : CN (100)  71.06 (0.81)  62.00 (6.36) 78.71 (1.91) 66.19 (1.49) 74.82 (0.54)
LG-GNN [7] v' MCI (121) : CN (100) 76.48 (0.44) 75.00 (2.45) 77.88 (1.20) 68.85 (1.33)  78.23 (0.37)
Proposed IPGNN X MCI (349) : CN (169) 79.92 (0.11) 62.87 (2.68) 88.24 (0.68) 77.96 (0.28) 66.30 (0.47)

TABLE IV: Comparison of results of the binary classification experiment for LMCI and EMCI.

Methods M Subjects (Number) Acc (Var) Sen (Var) Spe (Var) AUC (Var) F1 (Var)
STNet [14] X LMCI (145) : EMCI (165) 79.36 80.95 77.00 83.21 —
Lei et al. [15] X LMCI (38) : EMCI (44) 81.71 78.95 84.09 92.11 —
Shao et al. [16] X LMCI (187) : EMCI (273) 75.48 83.84 63.26 71.00 —
song et al. [17] v LMCI (38) : EMCI (44) 85.50 92.10 81.80 — —
Proposed IPGNN X  LMCI (139) : EMCI (210)  87.39 (0.14) 93.33 (0.28) 78.30 (0.90) 89.34 (0.15)  89.90 (0.09)

pipeline provided by SPMI12 and the CONN Toolbox, the
main steps of which include: realignment; motion estimation
and slice correction; singularity detection; segmentation (grey
matter/white matter/CSF) and normalisation to MNI (Montreal
Neurological Institute) space; and spatial smoothing (6 mm
full-width-half-maximum (FWHM) with a Gaussian kernel).
Finally, the brain is partitioned into N = 132 ROIs based on
the in-built atlas of the CONN toolbox. The BOLD time series
of all voxels in each ROI are averaged to obtain the average
time series for each ROI.

In the experiment, the loss function parameter « is set to
be 0.01, the pooling ratio r is set to be 0.8, dropout is set
to be 0.3, the maximum number of epochs is set to be 300,
the Adam optimizer [12] with a learning rate of 0.01 is used,
and the weight decay is 5 x 10, The discriminator consists
of a two-layer MLP and a sigmoid function. Ten-fold cross-
validation is used to evaluate the datasets.

B. Quantitative Results

To validate the effectiveness of our IPGNN method, we
report in this section the results of quantitative comparison of
our model with other existing methods on the ADNI dataset.
Five commonly used statistical metrics, namely accuracy
(Acc), sensitivity (Sen), specificity (Spe), area under the curve

(AUC) and F1 score, are used to evaluate the classification
performance of the proposed framework network.

1) Binary classification experiment: As shown in Tables II,
IIT and IV, we conduct three binary classification experiments,
namely, AD vs. MCI (including LMCI and EMCI), MCI vs.
NC, and LMCI vs. EMCI. In these three sets of experiments,
the classification accuracy of our model reaches 92.52%,
79.92% and 87.39%, all of which are better than other existing
methods, which demonstrates the effectiveness of our IPGNN
model in classifying brain diseases.

2) Multi-classification experiment: We also conducted two
multi-classification experiments: a three-classification experi-
ment (AD vs. MCI vs. CN) and a four-classification experi-
ment (AD vs. LMCI vs. EMCI vs. CN). Only one metric of
accuracy is used for model evaluation. The results of the three-
and four-classification experiments are shown in Tables V and
VI, respectively, and the corresponding confusion matrices are
shown in Fig. 4. The classification accuracy of the three-
classification (AD vs. MCI vs. CN) is 75.12%, which is
3.36% higher than the existing algorithms. The classification
accuracy of four-classification (AD vs. LMCI vs. EMCI vs.
CN) is 66.61%, which is 5.94% better than the existing
algorithms. These results further indicate that our IPGNN
model outperforms other existing models.
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(a) AD:MCIL:CN (b) AD:CN:EMCI:LMCI

Fig. 4: Visual view of the confusion matrix for multi-

classification experiments of the ADNI dataset.

TABLE V: Comparison of results of the three-classification
experiment of AD, MCI and CN.

Methods Subjects (Number) Acc
STNet [14] AD (99) : MCI (310) : CN (164)  71.76
MRN [18] AD (345) : MCI (613) : CN (360)  63.23

Proposed IPGNN  AD (105) : MCI (349) : CN (169) 75.12

TABLE VI: Comparison of results of the four-classification
experiment of AD, LMCI, EMCI and CN.

Methods Subjects (Number) Acc
STNet [14] AD (99) : LMCI (145) : EMCI(165) : CN (154) 60.67
wck-CN [19] AD (31) : LMCI (45) : EMCI(50) : CN(48) 57.00
Proposed IPGNN  AD (105) : LMCI (139) : EMCI (210) : CN(169)  66.61

C. Detection of the Most Abnormal Brain Regions

In addition to quantitative experiments, we also conducted
qualitative analyses to detect abnormal brain regions in AD
patients to give the network interpretability. We calculate the
top 15 most weighted brain regions for each subject, which
are the most likely abnormal brain regions. The top 15 brain
regions with the highest frequency of occurrence are analysed
and brain maps are visualised using RESTplus and BrainNet
Viewer. Fig. 5 shows the location of the most abnormal brain
regions in patients under different experiments.
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The experiments show that 1) With MCI as the control
group, the abnormal brain regions in AD patients are mainly
concentrated in the temporal pole (TP), precentral gyrus
(PreCG), insular cortex (IC), superior frontal gyrus (SFG),
hippocampus, central opercular cortex (CO), planum polare
(PP), inferior frontal gyrus (IFG), lingual gyrus (LG), lateral
occipital cortex (LOC), middle temporal gyrus (MTG), and
cuneal cortex (Cuneal).

2) With CN as the control group, the abnormal brain regions
in MCI patients are mainly concentrated in the temporal
pole (TP), precentral gyrus (PreCG), parahippocampal gyrus
(PaHC), cerebelum 3 (Cereb3), vermis 3 (Ver3), inferior tem-
poral gyrus (ITG), intracalcarine cortex (ICC), middle frontal
gyrus (MidFG), lingual gyrus (LG), superior frontal gyrus
(SFG), and hippocampus.

3) With EMCI as the control group, the abnormal brain
regions in LMCI patients are mainly concentrated in the
lingual gyrus (LG), intracalcarine cortex (ICC), cuneal cor-
tex (Cuneal), precentral gyrus (PreCG), supramarginal gyrus
(SMG), supracalcarine cortex (SCC), insular cortex (IC), tem-
poral occipital fusiform cortex (TOFusC), precuneous cortex
(Precuneous), superior temporal gyrus (STG), Superior Pari-
etal Lobule (SPL).

We compare the results of the qualitative analyses in this
paper with existing findings and obtain that these regions,
such as the lingual gyrus, precentral gyrus, hippocampus,
insular cortex, frontal gyrus, and temporal gyrus, are the
main abnormal brain regions in AD patients [20], [21]. It has
been shown that changes in cortical morphometric information
and wedge cortical thickness are accurate indicators of the
conversion of MCI to AD [22], [23]. Liu et al. [24] found
abnormalities in the inferior temporal gyrus, inferior occipital
gyrus, postcentral gyrus, lingual gyrus, and anterior gyrus in
MCI patients compared to NC. Lee et al. [25] found that LMCI
patients had reduced functional connectivity in the precuneus,
bilateral medial frontal gyrus and left angular gyrus compared
to EMCI patients. Our findings are consistent with all of these
reports, demonstrating that our proposed IPGNN model not
only achieves high-precision classification, but also reliably
extracts abnormal brain regions in AD patients.
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Fig. 5: The top 15 abnormal brain areas a) AD patients, b) MCI patients, and ¢) LMCI patients.



IV. CONCLUSION

In this paper, we have fused the information from individual
and population graphs to propose a new graph neural network
model for brain disease diagnosis - IPGNN. We have processed
the fMRI data through an individual graph coarsening network
to obtain the most representative coarsened features, and then
fused these features as node features into a population graph,
and introduced the HOFC graph metrics as edge weights of the
population graph to measure the similarity between subjects.
We have conducted several binary and multiclassification
experiments on the public ADNI dataset, and the results show
that our proposed IPGNN model has excellent recognition per-
formance for AD and MCI. In addition, the model can be used
for the detection of abnormal brain regions to assist in disease
diagnosis and provide interpretable analyses for the classifica-
tion results. By fusing individual and population graphs, the
IPGNN model overcomes the limitations of individual graph-
based brain networks in ignoring the relationships between
subjects and the difficulties in detecting abnormal brain re-
gions in population graph-based brain networks, effectively
improving the performance of the model. In this work, we
analyse and process the functional connections between pairs
of brain regions. Future work can explore more complex
and deeper connections between multiple brain regions and
build a hypergraph neural network. And more information
can be incorporated into the learning, such as non-imaging
information.
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