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Abstract—Identifying the progression stages of
Alzheimer’s disease (AD) can be considered as an
imbalanced multi-class classification problem in machine
learning. It is challenging due to the class imbalance issue
and the heterogeneity of the disease. Recently, graph
convolutional networks (GCNs) have been successfully
applied in AD classification. However, these works did not
handle the class imbalance issue in classification. Besides,
they ignore the heterogeneity of the disease. To this end,
we propose a novel cost-sensitive weighted contrastive
learning method based on graph convolutional networks
(CSWCL-GCNSs) for imbalanced AD staging using resting-
state functional magnetic resonance imaging (rs-fMRI). The
proposed method is developed on a multi-view graph
constructed using the functional connectivity (FC) and
high-order functional connectivity (HOFC) features of the
subjects. A novel cost-sensitive weighted contrastive
learning procedure is proposed to capture discriminative
information from the minority classes, encouraging the
samples in the minority class to provide adequate
supervision. Considering the heterogeneity of the disease,
the weights of the negative pairs are introduced into
contrastive learning and they are computed based on the
distance to class prototypes, which are automatically
learned from the training data. Meanwhile, the cost-
sensitive mechanism is further introduced into contrastive
learning to handle the class imbalance issue. The proposed
CSWCL-GCN is evaluated on 720 subjects (including 184
NCs, 40 SMC patients, 208 EMCI patients, 172 LMCI patients
and 116 AD patients) from the ADNI (Alzheimer's Disease
Neuroimaging Initiative). Experimental results show that
the proposed CSWCL-GCN outperforms state-of-the-art
methods on the ADNI database.

Index Terms—Alzheimer’s Disease Staging, cost-
sensitive weighted contrastive learning, imbalanced
classification, rs-fMRI

[. INTRODUCTION

LZHEIMER’S disease (AD) is a neurodegenerative
disease characterized by decreased cognitive functions
such as memory, language, and attention [1]. It progresses
slowly and gradually and, eventually, it damages most areas of

the brain. According to the severity of the disease, the AD
progression always includes four stages, i.e. significant
memory concern (SMC), early mild cognitive impairment
(EMCI), late mild cognitive impairment (LMCI), and AD.
Since the subjects in the adjacent AD stages present similar
clinical symptoms, accurately identifying AD progression
stages for a subject is challenging.

The resting-state functional magnetic resonance imaging (rs-
fMRI) can capture slight functional changes in the brain by
measuring the blood oxygenation level-dependent (BOLD)
signals as a neurophysiological index of neural activity [2].
Based on rs-fMRISs, both functional connectivity (FC) and high-
order functional connectivity (HOFC) [3] can be extracted as
effective biomarkers to identify AD stages. Identifying AD
stages based on rs-fMRIs can be considered as a multi-class
classification problem in machine learning. Although many
works have been developed for AD classification [4]-[7], most
of them are limited to binary classification that differentiates
AD patients from normal controls, without simultaneously
considering multiple stages in AD progression.

One challenge in AD staging, ie. multi-class AD
classification, is that the class distribution in the training data is
skewed, i.e. the numbers of subjects at different AD stages are
quite different. For example, in ADNI dataset [8], only 5.9%
subjects belong to the SMC class and more than 31.5% subjects
belong to the EMCI class. Since most AD classification
methods were developed without considering the potential of
class imbalance, directly using them on multi-class AD
classification would undermine the learned representations in
minority classes.

Recently, graph neural networks (GNNs) have been
proposed for AD classification based on rs-fMRIs [9]-[12]. It
provides an intuitive way of modelling subjects and
associations or similarities between them. In GNNs, a node is
represented by a specific feature representation of a subject, and
the edge weights are used to capture the similarities between
each pair of nodes. Different from traditional AD classification
methods that only used the features of individual patients,
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Fig.1. The confusion matrices of the results on classifying ADNI data using GCN. The color of the matrix elements indicates the
classification accuracy. (a) Confusion matrix of the classification results of GCN on balanced ADNI data. (b) Confusion matrix of the
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classification results of GCN on imbalanced ADNI data. respectively.
GNNs consider the inter-subject correlation. However,

previous GNNs-based studies assumed the training data were
perfectly or nearly balanced across multiple classes [13]-[15].
When they are applied on imbalanced data, their performance
degrades. Fig.1 shows an example that the classical graph
convolutional network (GCN) performed multi-class
classification on both balanced and imbalanced data generated
from ADNI. The confusion matrices in both subfigures give the
classification results of GCN on balanced data and imbalanced
data, respectively. From both figures, one may observe that the
diagonal elements in the confusion matrix of Fig. 1(a) are large,
indicating that most samples were correctly classified by GCN
on the balanced data. However, the performance of GCN on
imbalanced data is significantly worse compared to its
performance on the balanced data. This is because the training
loss is dominated by the majority classes when GCN is trained
on the imbalanced data, and the model is thus updated towards
behaving significantly better on majority classes than minority
ones. Therefore, the network tends to overfit to the samples in
majority classes, whereas failed to differentiate the samples in
the minority classes such as SMC.

To solve the aforementioned problem, several GNNs-based
methods for imbalanced classification have been developed
[16]-[23]. These works handled the data imbalance issue by
data augmentation via under(over)-sampling [16]-[19], or
weight assignment to adjust the portion of different classes in
training loss [20]-[23]. However, these methods suffered the
problems of over-fitting or discarding valuable information.
Furthermore, they ignored to mine more knowledge in the
minority classes, making the model fail to leverage adequate
prior knowledge in minority classes.

Contrastive learning holds great promise for learning
discriminative representations from insufficient training data
[24]. 1t successfully mines the discriminative knowledge from
the insufficient data by maximizing the agreement of samples
in the positive pairs against that in the negative pairs [25], [26].
Recent studies have investigated contrastive learning on GCNs.
Typical works include Graph Contrastive Learning (GraphCL),

Graph Contrastive Coding (GCC) and Deep Graph Infomax
(DGI) [27]-[29]. These methods aimed to learn effective
representations from the overall training data. However, they
cannot be directly applied to the task of identifying AD stages
using rs-fMRIs. This is because AD is a progressive
neurodegenerative disease with heterogeneity in diverse
phenotypes. The patients even in the same AD stage may
demonstrate different variations in rs-fMRIs [30], [31]. The FC
and HOFC features extracted from the rs-fMRIs of the patients
thus carry different amount of knowledge for classification.
This will be an obstacle for existing contrastive learning
methods to capture effective representations for classification.

To address the above issues, we propose a cost-sensitive
weighted contrastive learning method based on GCN (CSWCL-
GCN), a new learning framework that simultaneously considers
both class imbalance and heterogeneity in multi-class AD
classification. The proposed method is developed based on a
dual-channel GCN structure whose input is a multi-view
population graph. Considering the heterogeneity of the disease
and different amount of information carried by each subject, the
weights of the negative pairs are introduced into contrastive
learning and they are computed based on the distance to class
prototypes, which are automatically learned from the training
data. Meanwhile, the cost-sensitive mechanism is also
introduced into contrastive learning to balance the contribution
of subjects in different classes. In summary, the main
contributions of this paper can be concluded as follows:

1) We propose a novel CSWCL-GCN for identifying AD
stages. Different from most AD classification methods that only
consider binary classification settings, our method leverages
multi-class classification that directly differentiates a subject
from five classes of NC, SMC, EMCI, LMCI, and AD.

2) We propose a novel cost-sensitive weighted contrastive
learning (CSWCL) procedure for imbalanced classification.
Both issues of limited supervision caused by insufficient
training samples in the minority classes and data heterogeneity
are considered in the proposed CSWCL procedure.
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3) We propose an automatic learning procedure to identify
the class prototypes in CSWCL, where the weights for the
negative pairs are adaptively evaluated based on the distance of
the samples to the class prototypes.

The rest of the paper is organized as follows: In Section 2,
the related works on imbalanced learning are reviewed. In
Section 3, the details of the proposed CSWCL-GCN are
presented. In Section 4, we report both ablation study and
comparative study with experimental results. Finally, we draw
the conclusion in Section 5.

Il. RELATED WORKS

Imbalanced data is ubiquitous in many real-world
applications. Traditional methods for handling imbalanced data
include data-level approaches, algorithm-level approaches and
hybrid approaches [32]. The data-level approaches try to
rebalance the class distributions using a data pre-processing
step including over-sampling minority classes or under-
sampling majority classes. Representative works of data-level
approaches include Synthetic Minority Over-sampling
Technigue (SMOTE) and Random Under-Sampling (RUS) [33],
[34]. The algorithm-level approaches modify the contribution
of different classes in the learning procedure by cost-sensitive
learning or introducing a prior probability for each class [35],
[36]. The hybrid approaches integrate both data-level and
algorithm-level approaches [37], [38].

In practice, GNNs are also readily biased to majority classes
in imbalanced classification [39]-[42]. This is because the class
assignment for the node in GNNs is not simply determined by
node features, but also affected by its neighbors in the graph.
The nodes in the majority classes tend to have more frequent
connections with its neighbors. In addition, the majority classes
would dominate feature propagation between nodes. Therefore,
node classification in graph is more challenging.

In literature, there are data-level approaches for GNNs to
handle imbalanced node classification. Zhao et al. proposed
GraphSMOTE that generated new synthetic nodes for minority
classes and introduced an edge generator to simultaneously
model the relations [16]. Qu et al. proposed IMGAGN that
addressed imbalanced classification issue on graphs by
introducing a graph generator and a GCN discriminator to
discriminate between real and fake nodes [17]. Park et al.
proposed GraphENS that synthesized the whole ego network
for minor class to tackle class-imbalanced node classification
issue [18]. Zhou et al. proposed SPARC that gradually learned
the rare category-oriented network representation and the
characterization model under the framework self-paced
learning [20].

There are also algorithm-level approaches for GNNs to
handle imbalanced node classification. Shi et al. proposed DR-
GCN that incorporated both class-conditioned adversarial
learning and latent distribution alignment between the labeled
and unlabeled data into the training loss [19]. Chen et al.
proposed ReNode to address the topology-imbalance issue by
reweighting the influence of labeled nodes adaptively based on
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their relative positions to class boundaries [21]. Wang et al.
proposed RSDNE and RECT for semi-supervised network
embedding with completely imbalanced labels [22]. Yun et al.
proposed LTE4G that jointly considered both class long-
tailedness and degree long-tailedness for imbalanced node
classification [23].

Although these approaches alleviated the imbalance issue in
node classification to some extent, they did not capture more
discriminative information from the minority classes. Besides,
they did not consider the data heterogeneity issue in medical
applications.

I1l. METHOD

A. Problem Statement
The notations used in this paper are shown in Table I.

TABLE I
NOTATIONS USED IN THE PAPER
Notations Description
N Number of nodes in the graph
K Number of classes
NO® Number of labeled nodes in the graph
N,E” Number of labeled nodes of the k-th class in the graph
O The dimension of the node representation in the I-th
layer
T Transpose operation
g() The GCN-based encoder
h(-) shared distance layer across FC and HOFC views
diag(") O_perator_that converts a vector into a_diagonal_ matrix,
with the input vector's elements forming the diagonal.
diff(,) Difference function in the embedding space
Vi True label for the i-th subject
I, The index set of the labeled samples in the k-th class
. The probability that the i-th subject predicted to be the
ik k-th class
AFC, pAHOFC The adjacency matrices for GF¢ and gHoF¢
XFC€, XHOFC Node feature matrices for G*¢ and G7°F¢
FC ~HOFC The FC and HOFC graphs, GF¢ = (XF¢ AFC) ,
g vg gHOFC — (XHOFC’AHDFC)
xf¢, xHorc The FC and HOFC feature vectors for the i-th subject
pE, pliore The prototype vectors of the k-th class in FC and
k Pk

HOFC views

The i-th node representations in the I-th layer of the
FC and HOFC channels

The node matrices of the [-th layer in the FC and
HOFC channels

The matrix of the global node representations

The learnable weight matrices of the I-th layer in the
FC and HOFC channel

S, Sk The support sets

Q,Q; The query sets

(ZiFC)(l), (ZLHOFC)(D

FCN) HOFC\()
(Z"HW, (2707
Zglobal

(WFC)(l)’ (WHOFC)(l)

Let x7¢,x9F¢ € RP be the FC and HOFC feature vectors
extracted from the rs-fMRI of the i-th subject, respectively, N
is the total number of nodes in the graph, and x; =
((xFOT, (xHOFYTHYT | i=1,--,N . The xf°F¢ can be
considered as an augmentation view of xI¢ for the i-th subject.
Let XFC = (Xfc' ~~,X§C T ¢ RNXD and XHOFC —
(xHOFC ... xHOFONT ¢ RNXD pe the feature matrices for both
FC and HOFC views, and A"¢and A#9FC are the adjacency
matrices in both views, respectively. We consider semi-
supervised node classification based on a multi-view attributed
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Fig.2. Framework of imbalanced AD staging using CSWCL-GCN

graph G = {GF¢,GHOFC} | where GFC = (XFC¢, AFC) and
GHOFC = (XHOFC AHOFCY Following the common settings of
semi-supervised node classification, only a part of nodes

T
XLFC — (x N(l)) and XULHOFC — (XHOFC _”‘ngfc
have labels y' = (y;, -, ¥yo), where N is the number of the

labeled nodes in the graph, and y; € R is the label of the i-th
subject, i = 1,---,N®,

Given multi-view attributed graph G = {GF€, G¥#9F¢} and the
labels y;s corresponding to a part of nodes, i = 1,---,N®, the
goal of CSWCL-GCN is to simultaneously optimize the
parameters of G so that the unlabeled nodes can be classified
well, especially when the labeled samples are imbalanced. The
objective function of optimizing the network can be formulated
as:

ngnL(XFc,XHOFc,yl)

_ Z £(f 5 (XFC, XHOFC), ) + R(XVFC, XLHOFC) 1)
xfce{xfc ..... xFC

XHOFCE{XHOFC

where fy: {xI€, ”OFC} — y; isa function learned by the network,
fo(xF€, x9FCY) is the prediction of the i-th subject and £(-) is a
loss (e.g. cross entropy) that measures the difference between
the predictions and true labels, R(-) is the regularization for
cost-sensitive weighted contrastive learning.

B. CSWCL-GCN: The proposed model

Fig. 2 shows the framework of the proposed CSWCL-GCN.
The network has two channels, each one of which is a node-
level graph encoder that generates node representations using
GCNSs. The generated embeddings in both channels are then
combined by attention and fed into the downstream network for
classification. Following most GCN works [43], [44], we set
three graph convolution layers for the GCN encoders in both
channels.

To extract information in both channels of CSWCL-GCN,
we design the propagation rule at the [-th layer as follows:

(ZFC)(Z) = RelU ((ﬁFC)_%KFC (ﬁFC)_%(ZFC)(l—I) (WFC)(I)) ,
l=1,,L
(ZHOFC)(I) = RelLU ((ﬁHOFC)_%A'HOFC ('ﬁHOFC)_%(ZFC)(l—l)(wHOFC)(l)),
©)
=1L
where both (WF€)® and (WHOFC)D are the trainable weight
matrices in the [-th GCN layer of both channels, respectively;

@)

AFC = AFC +1 and AFOFC = AHOFC 41 are the enhanced
adjacency matrices by adding the identity matrix I to A¥¢and
AHOFC respectively, helping the node’s information retained in
network propagation. The DF¢ and D#9FC are the diagonal
degree matrices of AF¢ and AF¢, respectively, ReLU(:) is the
rectified linear unit (RELU) activation function, and (zZF¢)©® =
XFC’ (ZHOFCY(©) — XHOFC.

Since each node includes different amounts of FC and HOFC
information, their contribution to the objective function is also
different. To this end, we introduce the attention mechanism to
encode different amount of node information into the global
node representation. Let ZF¢ = (z£¢, .., z8)T = (ZF©)® and
ZHOFC — (z{-IOFC’_“’ZII\-;OFC)T — (ZHOFC)(L) be the output
embedding matrices of GCNs in both FC and HOFC views,
respectively, zF¢,z!oF¢ ¢ RP™ The global node
representations are obtained using the following fusion strategy:

29'°P% = diag(ayc) - 2 + diag(ayorc) - Z"FC 4
where dgc, ayorc € RY record the attention values of the
nodes in both views, respectively. Both ey and ayorc are
learned as follows:

(@pc, Ayorpc) = att(ZFC,Z2707C) (5)
where att(ZF¢, Z#OFC) is computed in the same way as in [45].

The computed global node representations Z9°?%! in Eq. (4)
are fed into the fully connected layer for final classification. The
prediction result is denoted as Y = [9;, | € R¥*K,where 9, is
the probability that the i-th node predicted to be the k-th class,
and Y is calculated as follows:

Y = softmax(Z9°P4E + n) (6)
where & and i are the parameters of the fully connected layer.

Suppose I, is the indexed set of the labeled samples in the k-
th class. For the i-th sample where i € I, the true label is y; .
The cross-entropy loss function L, for classifying all
labeled nodes is calculated as follows:

kK1
_Zkzlwz YiInPy @)

where N,E” is the number of training samples in class k.

Liass =

C. Cost-sensitive weighted contrastive learning

Existing studies have indicated that both FC and HOFC
reflect the correlation of two brain regions at different levels [3],
[46]. Meanwhile, both FCs and HOFCs extracted from the same
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subject share the same information. However, the samples in
the minority classes are always limited and they provide
inadequate supervision in the learning procedure. Although
over-sampling or under-sampling strategies can be used to
generate a balanced dataset to train the classifier, they cannot
capture more knowledge from the minority classes. To this end,
we propose cost-sensitive weighted contrastive learning
(CSWCL) to capture more classification information without
over-sampling minority classes. Specifically, given a set of
multi-view subjects z; = [(zF)T, (zfF)T]T,i=1,--,N, we
consider (zf¢,z{°"¢) as a positive pair and both (z/¢, z/"°"¢)
and (z;'°"¢,z{°) i#j, as negative pairs. Our goal is to
optimize the GCN encoders in both channels by mapping multi-
view embeddings of the same subject, i.e. zf¢ and z!°F¢, to
nearby points while mapping multi-view embeddings of
different subjectsi.e. z{“ and z/°"“, i # j, to faraway points in

the embedding space. To achieve this goal, zf¢ and z/°F¢ are
used as anchors in the FC and HOFC views, respectlvely. We
fix the anchor in one view and enumerate positive and negative
pairs in the other view, and construct the following two losses
for contrastive learning across two views:

()
exp |

N
Lif = _Z log o SFC (8)
" )t o (D)
+
N Si_
HOFC _ exp( T )
Lo = _Z log T SHOFC 9)
i=1 exp( )+2} 1 Lizj exp< )

where  s;t = sim(zf¢,zf°F¢) = Slm(ZHOFC zf¢) is  the
similarity of the positive pairs, s/ = sim(2{¢,z/'F¢), i # j,
and s{?F¢ = sim(zf'°F¢,2[€), i # j, are the similarity of the

negative pairs, 7 is the temperature hyper-parameter; and 1;..;
takes the value of 1 if i # j, otherwise it takes the value of 0.

The above losses equally consider each pair of graph nodes
in contrastive learning. However, each graph node carries
different amount of information, making negative pairs have
different contributions from each other in the contrastive
learning procedure. That is, if a graph node carries more class
information, it should contribute more in the learning procedure.
This can be achieved by assigning a larger weight in contrastive
learning; In contrast, it contributes less to the loss and should
be assigned a smaller weight. To this end, we further introduce
weighting mechanism in contrastive learning and propose a
weighted contrastive learning method, in which the negative
pairs with different amount of information have various
contributions. This is conducive to learning better node
representations.

Considering different sizes of multiple classes in the training
data, we further introduce the cost-sensitive mechanism based

on the class sizes. The weights of the anchors in both FC and

. . )
HOFC views, i.e. z¢ and z/°F¢, can be computed as w; = %
k

i €.
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Conclusively, the losses of CSWCL for FC and HOFC
features are formulated as follows:

+
N® Si
exp |7

FC —

Liswe = — § w;log o
i= 2L HOFC . YN HOFC
=1 exp T +E Z] 1]1#) (pj

Bl
-exp

HOFC _—
’Ccswcl -

N® exp (i)

T

Z wilog ——= sHOFC A1)
i=1 exp(T‘) EFC-3N 1 f€ exp( ”T )

and @}°"¢ denote the weights of negative pairs in

1
= T and
W are normalization factors; w; is the weight

J J

of the i-th sample in the embedding space. The weight of
positive pairs should also be considered in CSWCL. However,
it will not affect £ES, ., or LHOFC hecause all the weights of
positive pairs will be normalized in the components of L£S
or Leguei -

The loss function of CSWCL is obtained by combining
LEE . and LHOFC as follows:

cswcl
HOFC
Lcswcl + Lcswcl

FC
where @;
the contrastive learning across two views, EF¢ =

EHOFC —

Lcswc] (12)

D. Jointly learning multi-view prototypes for weights
evaluation in CSWCL

The weights of negative pairs in CSWCL are evaluated based
on the distance between the node representations and the
prototypes of the class they belong to. A class prototype is
closely surrounded by nodes of the same class, and it serves as
the representative of that class. If a node is close to a class
prototype in the embedding space, it carries large amount of
class information, and vice versa. On the other hand, the class
prototypes should be far from each other in the embedding
space so that the nodes in different classes can be differentiated
from each other.

To learn the class prototypes in both FC and HOFC views,
we develop an adaptive learning procedure. Let pf¢ and ploF¢
are the prototypes of the k-th class in FC and HOFC views,
respectively. To compute the prototypes p%¢ and p%°F¢ in both
views, we divide the training set into two parts, i.e., the support
sets S = {Sy|k = 1,---,K} and the query sets Q = {Q,lk =

-,K}. Qg only includes one query sample q; in the k-th
class of the training data, and S, includes the remaining
training samples in the k-th class except the query sample.
Given class k, we compute the prototypes Pf¢ and PF¢ for
class k as follows:

pic=—z 2[5k =1-K (13a)
ISkl
V€S
1
pII;IOFC T ZLHOFCrk =1, ;K (13b)
|Sk|
viESk
Since S, includes most samples in the class, both p£¢ and

piOF¢ computed with Eq. (13) are close to the class centers and

they are not sensitive to the selection of the query sample.
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Fig. 3. Cost-sensitive weighted contrastive learning with class prototypes for imbalanced data. (a) D. Jointly learning multi-view prototypes;

(b) Weighted contrastive learning; (c) Cost-sensitive mechanism.

Given z; = [(zfO)T, zF°FHT]T in  the multi-view
embedding space, its distance representation to all the
prototypes can be computed as follows:

dff = dif f(zf€, pf),k=1,--,K (14a)
dHOFC — dlff(ZlHOFC, ngFC)’k — 1’ "',K (14b)
e P (15a)

A€ =llyeqa,. k) dFPFE (15b)

d; = [(dfO)7, (dFore)T]” (15c)

where df, and d” OFC are the distance representations to all the
prototypes in each view, diff(z,p) =z — p is the distance
function to compute the distance representation. The above
procedure can be implemented by a shared distance layer
denoted as h(), i.e. d; = h(z;).

The distance representation of a query sample in the k-th
class should be similar to that of the prototype in the same class.
To learn such representations, we feed both q; =
[(qE)T, (qHOF)T]T and the corresponding prototype pj
[(pr)T, (px into the shared distance layer,
respectively. We have:

h, =h(p) k=1, K

h! =h(q)k=1,K

C)T HOFC)T]T

(16)

where h,, and h? are the distance representations of both
prototypes and query sample of the k-th class, respectively. Let
HS = (hy,---,hy)7 be a matrix whose rows are the distance
representations of the prototypes. For h?, we have:

¥, = softmax ((H%)" -hY), (17)
where §;, = (7,1,, 71x)" € R¥ is a vector whose element
records the similarity between th and h,s. Obviously, if the
network is optimized, ¥, ,, k = [, tends to be 1, whereas ¥, s,
k # 1, tend to be 0. We therefore have the following loss to
learn the prototypes and the shared distance layer:

ZZ ylkln3Ilk

=1 k=1
Based on the learned prototypes, the weights of negative

pairs in Eqs.(10)-(11) are determined by the distance between
the sample to the prototype of the class it belongs to in the
embedding space, i.e.

(18)

proto =

1
ofc = 19
J ||dsz<z“,p:)|| (192)
HOFC __
(78 ; 1
j ||dlff(Z,H°FC»PkOFC)|| (195)
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where ¢[¢ and ¢°" denote the weight of negative pairs in
Egs. (10)-(11).

Fig. 3 shows the pipeline of cost-sensitive weighted
contrastive learning with class prototypes.

E. Optimization

In summary, the overall objective function of CSWCL-GCN
is formulated as follows:
L= Lclass + AILCSWCI + AZLprom (20)
where A, and A, are hyperparameters for Lig,¢; and L, ,
respectively, and L 455, Leswer, and Ly,0r, are defined by Eq.
(7), (12), and (18), respectively.
The following Algorithm 1 provides the training procedure
of CSWCL-GCN.
Algorithm 1 The training procedure of CSWCL-GCN
Input: GF¢ = (XFC,AFC), GHOFC = (XHOFC AHOFC) - Jabel matrix Y €
RN*K; maximal number of iterations A; the GCN layer number L = 3;
Output: The trained network.
Initialization: (ZF€)(©® « XFC, (ZHOFC)(©)  XHOFC | 3 randomly set
the network parameters (WF)® (WHOFCYD | = 1,... L
Procedure:
forA=1toAdo
Compute Y using Egs. (2), (3), (5), (4) and (6) in turn;
Compute L, Using Egs. (7);
Divide the training sets into support set and query sets and compute HS
using Egs. (13), (16) in turn;
Compute L, using Egs. (17), (18) in turn;
Compute L, by Egs. (19), (10), (11), (12) in turn, respectively;
Compute the overall loss £ in Eq. (20);
Update the network parameters using the gradient decent;
end for

IV. EXPERIMENTS

A. Experimental settings

1) Datasets and preprocessing

Our proposed CSWCL-GCN is evaluated on the ADNI
(Alzheimer's Disease Neuroimaging Initiative) [1], which is a
multicenter database for AD study. It includes MRI, PET,
biospecimen, genetic and clinical data. In this study, we only
used the rs-fMRI data. We selected 720 subjects in this study,
including 184 normal controls (NCs), 40 SMC subjects, 208
EMCI subjects, 172 LMCI subjects and 116 AD subjects. Table

I1 shows the demographic information of the subjects.
TABLE II
DEMOGRAPHIC INFORMATION OF DATA USED IN OUR STUDY

Age(mean=®SD, years)  Age range(years) Sex(M/F)
NCs 75.7+6.1 [65, 96] 101/83
sSMC 7735454 66, 83] 22/18
EMCI 721+7.2 [56, 91] 118/90
LMCI 724+76 [57, 89] 59/113
AD 747475 56, 89] 56/60
Total 735+7.1 [56, 96] 364/356

In our experiments, we construct a multi-view population
graph G = {GF¢,GH9FC} using FC and HOFC features,
respectively. Specifically, we adopt AAL atlas to parcellate the
brain into 116 regions. Then we compute Pearson’s correlation
between the BOLD signals of two brain regions as the FC, and
obtain a 116116 correlation matrix of FCs [47]. We consider
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each row in the FC matrix as the description of a brain region,
and further calculate the Pearson correlation between two rows,
resulting in a new 116x116 correlation matrix, in which each
element is the HOFC between two brain regions. After that, the
upper triangular elements in both FC and HOFC matrices for
each subject are reshaped into a 6670-dimensional feature
vector, which includes redundant and noisy information for AD
staging. We adopt the recursive feature elimination (RFE)
method [48] to extract 500 discriminative FC and HOFC
features, respectively, and use the extracted FC and HOFC
features as the nodes in both GF¢ and G°F¢, respectively.

To compute the adjacent matrices AF¢ and AHOFC for GF¢
and GHOFC we consider two factors. The first factor is the
similarity between the nodes in both FC and HOFC views. We
this study, we use the following Eq. (21) to compute the
similarity between the nodes in each view:

. o (x FC)
Slm(xfc,xfc) = exp( 52 (21a)
. p? (xHOFC, xHOFC
Slm(x{ch,x}H”Fc) = exp( “( 557 )) (21b)

where p(-,) is the Euclidean distance function, and o is the
kernel width.

The second factor is the difference between phenotypic
measures of two subjects. Following [12], we use y(-,-) to
compute the distance between phenotypic measures. For
categorical phenotypic measures such as sex, y(+,-) is defined
as the Kronecker function § and, for quantitative phenotypic
measures such as age, y(-,) is defined as the following Eg.

(22):
, Ny = (L M) =My (DI <6
y, 0, M, ) = {7 M) M) (22)
where My, (i) and M, (j) are the h-th phenotypic measure for
subject i and j, respectively, and 8 is the threshold.
Let af¢ and a;'?" be the elements in the adjacent matrices

AF¢ and AHOFC, respectively. Considering the above two

factors, af¢ and af/?" are computed as:
= Sim(xF¢,x! )Z ¥ (M (D), My (7)) (233)
HOFC Slm(XHOFC HOFC)Z Y (M, (D), My () (23b)

2) Experimental settings

All the models in this study are trained using Adam
Optimizer in Pytorch. We use the following experimental
settings for GCN-based models: the GCN layer number L=3,
learning rate = 0.003, epochs = 500, and dropout rate = 0.3. In
our model, both hyperparameters in Eq. (20) are set as 4, =
0.02 and A, = 0.1 based on prior experience. When we
construct the graph in both FC and HOFC views, both node
similarity and sex are considered to compute the adjacent
matrices using Eq. (23). All the models are evaluated using the
stratified five-fold cross validation.

3) Evaluation metrics

Following previous works in imbalanced classification [19],
we evaluate the performance of the models with F1-macro, F1-
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weighted and AUC scores. Specifically, both F1-macro and F1-
weighted scores evaluate model performance across different
classes. F1-macro takes the average accuracy of each class and
F1-weighted takes the weighted average to account for the issue
of class imbalance. In this study, we use the Python sklearn
package to calculate both metrics.

B. Ablation study

To verify the effectiveness of each component in the loss of
CSWCL-GCN, we compare its performance with several
variants. All the networks have the same architectures with
different losses.

MV-GCN: A CSWCL-GCN variant that uses L, as the
loss.

P-GCN: A CSWCL-GCN variant that uses L., and
Lyroto as the loss.

CP-GCN: A CSWCL-GCN variant that uses L4ss, £ and
Loroto as the loss.

WCL-GCN: A CSWCL-GCN variant that uses L;455: Lvet
and Lyt as the loss.

NG
e _ exp(sit/T)
Lva == P log—= SFC (24a)
y i i,
=1 exp (?) + EHOFC - 3N Ny - @ OFC - exp <T’>
NO
exp(s{ /)
£igre == log— sore (24b)
R e R A TR L exp( i )
— rFC HOFC
Lwc] - Lwcl + Lwcl (240)

CSWCL-GCN: The proposed maodel.
Table 111 summarizes their features.

TABLE III
METHODS FOR COMPARISON
Lclass Lcl [’prom Lwcl Lcswcl

MV-GCN N X X X
P-GCN N X N X X
CP-GCN N v N X X
WCL-GCN v X v v X
CSWCL-GCN J % J % J

(proposed)

" L o155 Objective function in Eq. (7);
L,,: Objective function computed by £, = LEF + LHOFC;
Loroto: Objective function in Eq. (18);
L, Objective function in Eq. (24a),(24b),(24c);
L cswer: Objective function in Eq. (20).
1) Effectiveness of learning prototypes in embedding
space
CSWCL-GCN learns the class prototypes in the training
procedure. Since each class is represented by the prototype, the
imbalance issues caused by the majority and minority classes
are solved. To fully show the effectiveness of learning
prototypes by minimizing Ly,;o¢, we compare the performance

of MV-GCN with that P-GCN, which includes Lo, in the

loss while MV-GCN does not. As Table III shows, P-GCN
yields better performance compared with MV-GCN, indicating

IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. xx, NO. X, 2020

the effectiveness of learning prototypes by minimizing Ly,,o¢0
in handling the class imbalance issue in AD staging.

2) Effectiveness of weighted contrastive learning

Both CSWCL-GCN and WCL-GCN are developed based on
weighted contrastive learning, in which the negative pairs have
different contributions to the contrastive loss in the learning
procedure. To verify the effectiveness of weighting mechanism
in contrastive learning, we compare the performance of both
methods with that of CP-GCN, which learns the node
representations using classical contrastive learning. As shown
in Table IV, both CSWCL-GCN and WCL-GCN vyield better
results than CP-GCN, indicating that weighted contrastive
learning is conducive to learning better node representations for
subsequent classification.

TABLE IV
RESULTS OF ABLATION STUDY

Methods Fi-macro (%)  Fl-weight (%) AUC (%)
MV-GCN 6237 +087  6454+112  80.88+0.30
P-GCN 6426095 6569083 8230100
CP-GCN 65384100  67.04+177 8313080
WCL-GCN 67544078 69504062  84.49+095
C%g’:’()cp'asf(g'\‘ 75004390 8241424  88.90+186

C. Comparison with imbalanced classification methods

The proposed CSWCL-GCN leverages the knowledge in the
minority classes as the supervision via cost-sensitive weighted
contrastive learning. To verify its advantage in imbalanced
classification, we compare the performance of CSWCL-GCN
with existing strategies for imbalanced classification including
over-sampling [49], reweighting [50] and GraphSMOTE [16].
The following methods are developed for comparison:

MV-GCN-OS: An MV-GCN variant that uses over-
sampling strategy for imbalanced classification. The training
samples in minority classes are randomly copied until the
number of samples in minority classes are comparable to those
in majority classes. A multi-view graph is then constructed
using both training and testing samples in FC and HOFC views.
Then MV-GCN is applied, and cross-entropy loss is used as the
learning criterion.

MV-GCN-RW: An MV-GCN variant that reweights the
samples in the cross-entropy loss. A multi-view graph is first
constructed using both training and testing samples in FC and
HOFC views. Then an MV-GCN is then applied, and the cost-
sensitivity mechanism is introduced into the cross-entropy loss
as the learning criterion, in which the samples are reweighted
by the inverse ratio of the class sizes to the total number of
training samples.

GraphSMOTE [16]: SMOTE on graphs. Both FC and
HOFC features of each subject are first concatenated, and a
graph is then constructed using both training and testing
samples. The GraphSMOTE is applied on the graph.

Table V provides the experimental results. According to the
table, one may observe that both MV-GCN-OS and MV-GCN-
RW achieve better performance on the task of imbalanced AD
staging than MV-GCN. However, their performance is still
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limited in Fl-macro, F1l-weighted and AUC because both
methods either simply repeat the training samples in minority
classes or reweight the samples in the loss, without capturing
more discriminative knowledge in the minority classes. The
classification performance of GraphSMOTE is better than those
of both MV-GCN-0OS and MV-GCN-RW. It generates edges
that connect synthetic and original nodes in the graph and
encodes the similarity between the nodes in an embedding
space. In addition, an edge generator is trained to model the
relations between the newly generated samples. However, the
discriminative knowledge in the minority classes is not fully
considered in GraphSMOTE. Different from these methods, the
proposed CSWCL-GCN captures more discriminative
knowledge from the minority classes via self-supervised
contrastive learning across two views, and further considers the
heterogeneity of the disease via reweighting negative pairs in

contrastive learning. Therefore, it outperforms other methods.
TABLE V
RESULTS OF COMPARISON WITH REPRESENTATIVE IMBALANCED
CLASSIFICATION METHODS

Methods Fl-macro (%) Fl-weighted (%)  AUC (%)
MV-GCN-0S 62.69+095  64.65+0.97  81.28+0.75
GraphSMOTE [16] 64.67+121  6640+1.13  82.47+0.67
MV-GCN-RW 63.66+134 6491070  81.91+0.57
CSWCL-GCN
(broposed) 75.09+390  8241+24  88.90+186
D. Comparison with graph contrastive learning

methods

The proposed CSWCL-GCN reweights the multi-view node
representations based on its distance to the prototypes, ensuring
that negative pairs have different contributions in the
contrastive learning. In addition, the cost-sensitive mechanism
is added to balance the contributions of anchors in the loss of
contrastive learning. These modifications to classical
contrastive learning are conducive to learning better node
representations. To verify the advantage of cost-sensitive
weighted contrastive learning in our method, we compared the
performance of CSWCL-GCN with other graph contrastive
learning methods including GraphCL [27], GCC [28],and DGI

[29], and provided the comparison results in Table VL.
TABLE VI
RESULTS OF COMPARISON WITH REPRESENTATIVE METHODS THAT
COMBINES GRAPH AND CONTRASTIVE LEARNING

Method Fl-macro(%)  Fl-weighted(%) AUC(%)
GraphCL[27] 6457F108 66624156  82.67+068

GCCI28] 65454088 67424128 82854055

DGI[29] 63274102 65204137 824140384
Cf;’:’c;'asf dC)N 75004390 8241424  88.90 +186

From the table, one may observe that our proposed method
yields better results in F1-macro, F1-weighted and AUC scores,
indicating that it is more effective than other graph contrastive
learning methods in AD staging. This is because the proposed
method utilizes cost-sensitive weighted contrastive learning to
learn more discriminative node representations. In addition, the
discriminative knowledge in the minority class is captured to
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provide more node

representations.

supervision for learning better

V. CONCLUSION

A novel CSWCL-GCN based on rs-fMRIs is proposed for
imbalanced AD staging in this study. It is developed based on
cross-view information including both FC and HOFC features.
Meanwhile, a novel cost-sensitive weighted contrastive
learning procedure is proposed to capture discriminative
information from the minority classes. Both heterogeneity of
the disease and data imbalanced issue are handled in the
learning procedure. Experimental results show that CSWCL-
GCN outperforms the state-of-the-art methods on the ADNI
database. In summary, our proposed method is not only efficient
and reliable for AD staging, but also provides a solid foundation
for using GCNs on imbalanced AD staging.

Although our proposed method outperforms the state-of-the-
art methods for AD staging, it still has limitations. For example,
we use mean-pooling to compute the class prototype for each
class, which assumes that the class information be well-
represented by a single prototype. A single prototype may not
adequately capture data in the class, particularly when
dealing with non-unimodal distributions, which is common
in medical applications due to data heterogeneity. In our
future work, we plan to develop more advanced prototype
learning methods to handle both class imbalance issue and
data heterogeneity in medical applications.
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