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ABSTRACT

Graph Convolutional Networks (GCNs) are widely applied in classification tasks by aggregating the neighbor-
hood information of each sample to output robust node embedding. However, conventional GCN methods do
not update the graph during the training process so that their effectiveness is always influenced by the quality
of the input graph. Moreover, previous GCN methods lack the interpretability to limit their real applications. In
this paper, a novel personalized diagnosis technique is proposed for early Alzheimer’s Disease (AD) diagnosis
via coupling interpretable feature learning with dynamic graph learning into the GCN architecture. Specifically,
the module of interpretable feature learning selects informative features to provide interpretability for disease
diagnosis and abandons redundant features to capture inherent correlation of data points. The module of
dynamic graph learning adjusts the neighborhood relationship of every data point to output robust node
embedding as well as the correlations of all data points to refine the classifier. The GCN module outputs
diagnosis results based on the learned inherent graph structure. All three modules are jointly optimized to
perform reliable disease diagnosis at an individual level. Experiments demonstrate that our method outputs

competitive diagnosis performance as well as provide interpretability for personalized disease diagnosis.

1. Introduction

Alzheimer’s Disease (AD) is an irreversible neurodegenerative dis-
ease that significantly affects elders’ daily activities in memory, recog-
nition, behaviors, or even lives [1,2]. Millions of people worldwide
suffer from AD, which has been one of the leading causes of death
among elderly population [3,4]. Unfortunately, there is no cure for AD,
so an early intervention with existing therapeutics will help delaying its
deterioration [5,6]. Neuroimaging techniques like Magnetic Resonance
Imaging (MRI) provide effective methods to monitor AD progression,
and machine learning techniques are developed to facilitate the process
of disease diagnosis on neuroimaging data [4,7,8].

Personalized diagnosis technique is an effective strategy to improve
diagnosis performance under limited training data and heterogeneous
testing data [3,9]. In medical fields, data collection is limited by many
factors, such as subjects’ privacy and costs of data collection, which
make hard to collect a large amount of data to train a robust classi-
fier for disease diagnosis [10,11]. Moreover, the heterogeneousness is
common in AD pathology. This is because subjects are collected from
different places, devices, or doctors, and all these factors make to-
be-diagnosed data presents apparent heterogeneity [12-14], and thus
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conventional classification techniques easily output suboptimal diagno-
sis results for these data points [2,7]. Therefore, personalized diagnosis
methods are designed to improve performance of disease diagnosis in
aforementioned complex scenarios. The key to conducting personal-
ized diagnosis is to refine classifiers via considering the distribution
information of both diagnosed and undiagnosed patients [8,15].

In recent years, deep learning draws wide attention in personalized
disease diagnosis, generally outputting better diagnosis performance
than conventional machine learning methods. For example, Farooq
et al. demonstrated that deep learning techniques can output highly dis-
criminative feature representation for AD classification [16]. However,
most deep learning methods do not consider the structure information
of the data which has been proved effective to improve classifica-
tion performance in conventional machine learning [17-19]. Graph
Convolutional Networks (GCNs) use the distribution information of
data points to conduct semi-supervised classification and have more
discriminative ability than other deep learning methods for disease
diagnosis [3]. However, current GCN models need to address the
following issues. First, the performance of GCN highly depends on
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the quality of the graph which keeps unchanged during the training
process. When a low-quality graph is input, classification performance
gets affected. To address this issue, Zhu et al. designed a GCN model to
exploit the importance of interactions between neighbor nodes [20].
Second, using a fixed graph cannot dynamically consider the data
distribution of the training data and new unseen testing data, and
thus fails to flexibly refine classifiers for specific testing data. As a
result, the fixed graph in GCN easily outputs suboptimal performance
in personalized diagnosis. Both two factors could result in suboptimal
or biased diagnosis results on heterogeneous testing data. Third, sim-
ilar to other deep learning methods, GCN cannot output interpretable
diagnosis results [21-23].

Graph learning is a widely used strategy to address the first two
issues by exploiting the distribution of the data [2,24]. On one hand,
original data usually contains noise and redundancy so that outputting
the low-quality graph [25]. On the other hand, in most cases, al-
though a graph is well predefined, graph methods could not output
reasonable results, because this graph is constructed independently
from the classification tasks [11,26]. Therefore, how to dynamically
adjust graph structure is crucial to improve performance of disease di-
agnosis. Gan et al. proposed an effective personalized diagnosis method
by simultaneously using dynamic graph learning and semi-supervised
learning [3], where dynamic graph structure can capture effective
correlation of brain regions. Compared with a fixed graph, dynamic
graph learning can adjust connectivity or edges weights in a learning
manner [27], thus being able to output more flexible and effective
graphs for specific learning tasks. However, previous personalized di-
agnosis methods (e.g., [3,8,271]) use separated classifiers to implement
disease diagnosis instead of using an end-to-end manner, thus having
limited improvement.

In real medical applications, interpretable diagnosis results are im-
portant in pathology research and case study by providing reasonable
explanations for disease diagnosis [28]. Bron et al. proposed using
a feature selection method before SVM to improve AD classification
performance as well as search for Region-Of-Interests (ROIs) to provide
more biological interpretability [29]. To conduct interpretability for
AD, three principal approaches including voxel-level methods, patch-
level methods, and region-level methods, are employed to extract fea-
tures from medical data like MRI [30]. Comparing with other two
approaches, region-level methods get more focus because it generates
a lower-dimensional and higher-level representation for brain regions.
For example, Liu et al. proposed using a feature selection method
to select the most discriminative brain regions for exploiting corre-
lations between brain regions [31]. However, most of these methods
(e.g., [31-33]) recognize important features in a shallow linear re-
gression manner, and thus have limited discriminative ability [30].
In addition, these conventional methods separate selecting important
features from performing classification. As a result, the feature selection
aims at keeping the information as much as possible, rather than
achieving minimal classification errors, and thus eventually outputting
suboptimal diagnosis results.

In this paper, an Interpretable Dynamic Graph Convolutional Net-
works (IDGCN) is proposed to improve the performance of personalized
diagnosis for AD and output interpretable results. To do this, inter-
pretable feature leaning and dynamic graph leaning are embedded into
a GCN architecture. More specifically, the interpretable feature learning
provides interpretability for diagnosis results and a pre-classification
makes selected features be classification-oriented. In addition, the dy-
namic graph learning dynamically updates the graph structure for GCN
to output superior diagnosis results by adjusting similar and dissimilar
correlation of all objects. Thus, by jointly optimizing feature learning,
graph learning, and the GCN, the proposed disease diagnosis method
cannot only produce reliable personalized diagnosis but also provide
interpretability for diagnosis results. In our experiments, we have em-
ployed six data sets of ADNI to validate effectiveness of the proposed
personalized diagnosis method. The experimental results show that our
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method can output competitive diagnosis performance with compari-
son to state-of-the-art classification methods, as well as interpret AD
diagnosis results from aspects of brain regions.

Compared to previous methods, our proposed method integrates the
graph learning with the interpretability in the GCN framework, the
contributions of our proposed method can be summarized as follows.

« It is very popular for coupling the graph learning with the learn-
ing tasks in a framework for conventional machine learning meth-
ods [11,25]. A few literature of deep learning models focused
on this. For example, Jiang et al. proposed simultaneously con-
ducting graph learning and representation learning in a frame-
work [34]. All of them ignore the interpretability, which is very
useful for real applications, especially for medical image analysis.
A number of conventional machine learning methods (e.g, [3,
32]) focused on separately conducting feature selection and clas-
sification to achieve the interpretability, while many deep learn-
ing models are difficult to achieve the interpretability. On the
contrary, our method simultaneously considers feature selection
and the graph learning in the GCN model.

2. Method

Throughout the paper, we use boldface uppercase letters, boldface
lowercase letters, and normal italic letters, respectively, to denote
matrices, vectors, and scalars. Specifically, X € R™¢ denotes a data
matrix containing n d-dimensional data points. x' and x; respectively
stands for the ith row and the jth column of a matrix X. Besides, a graph
structure can be represented as G = (V, £), where V and &, respectively,
stand for the set of vertexes and edges of a graph, which usually can
be represented by an adjacency matrix A € R"™*".

In this section, we provide a detailed introduction to our Inter-
pretable Dynamic Graph Convolutional Networks (IDGCN) for AD di-
agnosis, which involves three modules, i.e., the module of interpretable
feature learning, the module of dynamic graph learning, and the GCN
module, shown in Fig. 1.

2.1. Dynamic GCN

In traditional machine learning, classifiers trained with the training
data are used to predict labels of the testing data, under the assumption
that both the training data and the testing data have the same distribu-
tion. However, this assumption is not always hold in real applications.
First, the training data is often heterogeneous to the testing data in
medical data analysis. Second, conventional classifiers are constructed
for all testing data while ignores their individual diversity, i.e., different
subjects generally have different information or characteristics from
others, and thus personalized classifier is preferred [32], where a
classifier is constructed for each testing data by considering the con-
sistency between training set and the testing set. In the literature, the
transductive semi-supervised learning, e.g., GCN, which can construct
the classifier based on both the training data and the testing data for
the individual subject, is becoming a popular method for personalized
diagnosis [35].

Graph structure is widely used to represent the correlation among
objects [4,21]. With computer-aid disease diagnosis methods, graph
structure is widely used to analyze the correlation between patients or
symptoms. For example, brain functional connectivity analysis on fMRI
can help understand neurological disorders in brain region level [22].
By considering the correlation between diagnosed patients and undi-
agnosed patients, classification models can usually output more promi-
nent diagnosis performance, as similar patients usually present similar
properties. In this paper, we employ GCN to conduct disease diagnosis,
which involves two steps, i.e., the graph construction and the GCN.

Constructing a graph matrix that can represerﬁt thjellzcorrelation of
x' —x

exp(*——), where 6 is

objects usually can be formulated as: a;; = T
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Fig. 1. The architecture of the proposed IDGCN model. In specific, the module of interpretable feature learning aims at finding the most important features to provide interpretability
and relieving the impact of redundant features to capture the intrinsic correlation of data points. The module of dynamic graph learning automatically learns the graph structure
for training a robust GCN model by adjusting the correlation of the training data and the testing data. The GCN module uses the learned graph structure to output personalized
diagnosis. All these three modules are jointly optimized to output personalized diagnosis in an end-to-end learning manner.

length scale for the input space and the adjacency matrix A = {q; ; }:',j=l
is the matrix form of graph structure. Given with an initial graph A,
the problem of disease diagnosis under the GCN framework [36] can
be converted to the problem of node classification, i.e.,

(€Y

where H" € R™ is a d;-dimensional feature representation in the /th
layer and A and D are respectively the adjacency matrix and its degree
matrix.

The objective function of the GCN is minimizing the following loss
function:

HU+D = a(f)*%Kﬁ*%H(”wg))

c

Z Z Vijlnz; ; 2
i€l j=1
where Z € R"™ is the output of the GCN.

GCN is widely used in semi-supervised classification on graph-
structured data, aiming at predicting labels of unlabeled nodes of the
graph via aggregating information of neighbors. However, it has at least
two problems to be addressed for conducting the disease diagnosis of
AD, i.e., the inflexibility of a fixed graph and the lack of interpretability.

The graph structure is a critical input of the GCN, and its quality
directly links to classification performance [34]. In most cases, this
graph is constructed artificially based on prior knowledge, or using the
popular k-nearest-neighbor (kNN) strategies. However, two drawbacks
possibly result in a suboptimal graph for the GCN. First, this graph
is constructed by primitive data usually containing redundancy. Even
though two nodes are close to each other in terms of distance, they
could be not inherently similar to each other, because distribution of
the data can be easily distorted by redundant features [25]. Second,
this graph is predefined independently of learning tasks, which easily
output suboptimal results. To solve these two problems, the dynamic
graph learning is often used for jointing the interpretable feature lean-
ing module and the GCN module. Specifically, a regularization of graph
learning is added to the GCN, i.e., given the initial graph A € R™", the
regularization term L; is defined as:

Egcn ==

n
R i j12 2
Lo min Y [Ix' = x/ [Ty + 4 AN
ij=1

5., Vi, Al = l,aij >0.

3
where A = {ai/.}”_'j:1 € R™" is the graph and || - || indicates the
Frobenius norm. To reduce the complexity, a weight vector a € R'* is
introduced to dynamically polish this graph structure in Eq. (3) [34]:
. a;;exp(ReLU (|X'W — x/W|aT))
4. =

4
Y Z;f:] a;;exp(ReLU (x'W — x/W|aT)) @

where 4;; is the prediction of a;;. Finally, the objective function of the
dynamic GCN is:

(5)

Both graph A and the new representation Z are updated iteratively
by minimizing Eq. (5). As a result, if A is low-quality, the dynamic GCN
still outputs robust classifier.

Lagen = Loen+ Ly.

gen
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2.2. Interpretability

Through processing MRI or Positron Emission Tomography (PET)
images via region-level methods, multiple Region-Of-Interest (ROI) can
be divided, and consequently, some important information like gray
matter tissue volumes can be extracted for each ROI. Thus, a feature
representation can be obtained for each subject, in which each feature
element corresponds to a specific brain region. To provide interpretabil-
ity for AD diagnosis, we can select the most informative brain region to
discriminate patients. Therefore, this problem of interpretable learning
can be converted to the problem of feature selection [8]. The key to
conduct feature selection is to learn a weight vector of features. Hence,
important features, i.e., brain regions, can be preserved to provide
interpretability for disease diagnosis [37,38].

In real applications, original data usually is high-dimensional in
which most features are redundant or irrelevant to learning tasks.
Therefore, it is difficult to capture inherent correlation of the data
for a specific task. To solve this problem, the interpretable feature
learning is first utilized to conduct feature selection by preserving the
most informative and discriminative features, which is a simple but
effective way to explore the inherent correlation as well as provide
interpretability for classifiers.

Generally, sparse learning conducts feature selection via enforc-
ing weights corresponding to irrelevant features to be zero, so that
important features can be recognized [39]. The unsupervised sparse
learning based feature selection method is to minimize the following
loss function as:

Loparse = IX = XWI% + A[W]|,

sparse

©

where /1 is a tuning parameter to balance the magnitude of two terms,
ie., data reconstruction and sparse learning. W € R?*¢ is a trainable
weight matrix, and X € R"™ is a matrix representation of data
points. The ||W]|, is the £,-norm regularization of the weight matrix
W, being used to obtain sparsity. Specifically, if the ith feature is a
redundant feature, the corresponding weight of the feature (i.e., w;) is
zero. Under this sparse constraint, a sparse weight matrix (i.e., W) is
outputted, which enables to store as much information as original data
and removes redundant features, ie., through feature selection. It is
worth noting that the #,-norm constraint is hard to be optimized [40].
To address this issue, in this paper, we follow the literature [40] to
convert the optimization of the #-norm regularization to its approxi-
mate version, ie., the optimization of the ¢, ;-norm regularization. As
a result, we have:

Loparse = X = XWIIT + AWl
where [|W],; Yis1\/ X |wl?j|, which leads to the row spar-

sity in W. Moreover, we employ the forward-background splitting
method [41] to optimize Eq. (7), ie.,

7

W« Prox21 ;(W = 1N wL parse) (8
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Algorithm 1: The pseudo of our IDGCN method.

Input: X € R™¢, label informationY, and hyper-parameters 4,
Ay and A,;

Output: W € R?*¢ predictions of the unlabeled data;

1. Constructing graph matrix A of X;

2. Initialize model weights W, Wé and a;

3. while epoch < 5000 do

4. X< {X, W} by Eq. (7);

5. A < {X,a} by Eq. (4);

6. Z<— {XA, wg} by Eq. (1);

7. L« {[:dgcmﬁsparse’ [’pre—clas} by Eq' (12);

8. Back-propagate £ to update model weights;
9. Epoch + = 1;

end while

where 7 is the learning ratio in Eq. (7). Moreover, we have the following
equation:

Prox21, = argmin %up —OI% + AP, ©

Based on the literature [40], we have the closed solution of Eq. (9)
as follows:

TIEP R .
llo"ll» AO’,l'f 1< ”01”2

pr =< ol
0,

where p* and o/, respectively, denote the ith row of the matrix P and
0.

(10)
otherwise

2.3. Loss function

Our model first learns a weight matrix to evaluate the importance of
each feature. Being forced with a sparse constraint, the weight matrix
enables us to use partial important features to preserve the information
as much as possible. However, preserved features possibly do not
cater for classification tasks, and thus result in suboptimal diagnosis
results so that being unable to provide interpretability. Therefore,
classification-oriented features are actually needed. Therefore, a learn-
ing task is vital to evaluate new feature representation, i.e., by adding a
pre-classification. It is noteworthy that we did not employed the GCN to
implement pre-classification because the graph structure has not been
updated and the complexity of the GCN is high. Alternatively, a single
fully connected layer with the activation function of softmax(-) is used
to pre-predict labels on the representation (i.e., X = XW). To do this,
we evaluate the cross-entropy error of pre-classification by minimizing
the following loss function:

c

£prefclas == Z

i€eL j=

yi,jlnzij an
1

where Z? = sof tmax()zW”) and W? is a trainable weight matrix in
the single-layer of pre-classification, Y is the ground truth, L is the
set of labeled nodes, and ¢ is the number of classes. By introducing
such a supervision in the training process, it can more accurately
recognize important features especially for classification tasks. Finally,
the proposed interpretable dynamic GCN is to minimize the following
loss function:

L= Lapen + A1 Lyparse + oL (12)

sparse pre—clas

where 1, and 4, are two non-negative hyper-parameters to make a
trade-off for three terms. Moreover, the pseudo of our proposed method
is summarized in Algorithm 1.
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Table 1

The brief information of six AD data sets.
Data sets #(Samples) #(Features) #(Classes)
AD-NC 51:52 90 2
AD-MCI 51:99 90 2
NC-MCI 52:99 90 2
MCIn-MCIp 44:56 90 2
ADNI-3cla 51:52:99 90 3
ADNI-4cla 51:52:44:56 90 4

3. Experiment
3.1. Experimental setting

3.1.1. Data sets

Raw digital imaging data downloaded from ADNI database,> had
202 subjects, which included 51 AD patients, 99 Mild Cognitive Im-
pairment (MCI) patients, and 52 normal controls (NC). Moreover, 99
Mild Cognitive Impairment (MCI) patients included 43 MCI converters
(MCIp) and 56 MCI non-converters (MCIn).

We followed the literature [2] to process these raw MRI images.
Specifically, we sequentially applied spatial distortion correction, skull-
stripping, and cerebellum removal on these images and then segmented
the MRI images into gray matter, white matter, and cerebrospinal fluid,
followed by warping them into the Automated Anatomical Labeling
(AAL) template [42] to obtain 90 regions. Therefore, we extracted 90
ROIs for each subject and each ROI was represented by one feature.
We finally obtained 90 gray matter volumes from an MRI image and
used them as the original feature matrix X. We further combined these
subjects to form six subsets which include four binary data sets (i.e., AD
vs. NC, AD vs. MCI, NC vs. MCI, MCIn vs. MCIp), one three-class data
set (i.e., AD vs. NC vs. MCI) and one four-class data set (i.e., AD vs. NC
vs. MCIn vs. MCIp). The basic information of all data sets is summarized
in Table 1.

3.1.2. Comparison methods
The comparison methods included four semi-supervised learning
methods and we listed their details as follows.

Robust Feature-Sample Linear Discriminant Analysis (RFS-LDA)
[32] uses both the labeled training data and the unlabeled testing
data to detect the sample outliers and feature noise.

Graph Convolutional Networks (GCN) [36] encodes the graph
structure and the node representation to conduct the layer-wise
propagation.

Graph Learning-Convolutional Networks (GLCN) [34] integrates
the graph learning and the graph convolution to dynamically
learn the optimal graph structure.

Attention-based Graph Neural Network (AGNN) [35] replaces
the intermediate fully-connected layers of the GCN model with
the propagation layers under attention mechanisms, to learn a
dynamic and adaptive local summary of the neighborhood.

RFS-LDA is a non-graph method while other comparisons as well as
our method are graph methods. Among graph methods, GCN employs
a fixed graph structure, while the others dynamically refine the graph
structure during the training process. GLCN constructs a dynamic graph
in the first layer relying on the graph Laplacian regularization, and
AGNN adaptively updates the graph structure by computing the atten-
tion for the neighborhood of nodes. Our proposed method adaptively
updates the graph structure, and more importantly, also focuses on
interpretability, ie., via selecting important features to construct an
intrinsic graph.

2 http://www.loni.usc.edu/ADNL
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Fig. 2. The classification accuracy (ACC) and the corresponding STandard Deviation (STD) of all methods with different label ratios on all data sets.

3.1.3. Setting

In our experiments, the random splits strategy was used to con-
duct experiments for all methods. In specific, we randomly selected
[10%,20%,30%,40%] of labeled subjects for training, 50% of the re-
mainder for validation, and the other 50% for testing which is the
counterpart for classification tasks. The random splits were repeated
20 times to reduce random errors, and the average of 20 results was
set as the final result for each experiment. ADNI data sets do not
provide the graph structure that presents the correlation of subjects,
so we constructed it by the kNN strategy, where k is empirically set
as y/n according to [43], and this graph was used as the initial graph
for all graph-based methods. We adjusted hyper-parameters for each
method by referring to the corresponding literature to output their
best results. For our method, we set the maximum epochs as 5000, the
learning rate as 0.001, and 0.005 for the graph learning layer and the
GCN module, respectively. The training process stops if the validation
loss does not decrease for 50 consecutive epochs. We also set 4,4, €
[1073,1072,...,10°] and 4, € [0.25,0.5,...,2] for model selection. To

conduct interpretable learning, we set [|w'[|, (where W[, = 1/, wzj)
as the importance of the ith brain regions according to [44]. By sorting
weights of each region (i.e., feature), the top important regions was
selected to interpret diagnosis results.

3.2. Personalized diagnosis

In this section, we conducted personalized diagnosis on all data sets
with different settings of label ratios, and summarized the results in
Fig. 2.

Our method achieved the best diagnosis performance, followed by
GLCN, AGNN, GCN, and RFS-LDA. Compared to the best comparison
method (i.e., GLCN) and the worst comparison method (i.e., RFS-LDA),
our method on average improved by 1.16%, and 4.10%, on all six
data sets at different label ratios. Moreover, we conducted the paired-
sample t-tests at 95% significance level between our method and each
comparison method in Fig. 2. Experimental results show that our
method has statistically significant difference from each comparison
method, ie., p < 0.05. The reasons could be that interpretable feature
learning and dynamic graph leaning polish the graph structure for GCN
to promote diagnosis performance. Compared to AGNN which uses an
attention mechanism to aggregate the neighborhood information, our
method on average improved by 1.42% on all six data sets. The reason
could be that feature redundancy defers the method from finding
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inherent distribution of nodes as well as their neighbor. In contrast, our
method uses an interpretable learning to refine important information,
thus is more robust to redundancy. The advantages of dynamic graph
learning can be testified from observation that two dynamic graph
based methods (i.e., GLCN and our method) improved by 2.01% than
GCN on all data sets, which means dynamic graph learning outputs
good graph structure to promote the classification performance of
GCN. By embedding graph learning to adjust consistency between
the training set and the testing set, dynamic graph methods refine
classifiers for the testing set and output good personalized diagnosis
results. Moreover, our method jointly optimizes the feature learning,
the graph learning and the GCN, as a result, all three parts achieve
their optimal status to output superior classification performance.

Our method slightly outperformed GLCN, even though two methods
use similar dynamic graph learning mechanism in Eq. (5), i.e., learning
the new feature representation for the graph construction. Differently,
our method adds a pre-classification (i.e., Eq. (11)) to regulate new rep-
resentation, while GLCN uses a graph Laplacian regularization. It means
the new representation of our method is classification-oriented, while
GLCN is graph-oriented. Therefore, the new feature representation of
our method is easier to output better diagnosis performance, compared
to the GLCN.

All graph-based methods outperformed the non-graph method, i.e.,
RFS-LDA, which does not consider the correlation of subjects. For
example, the worst graph-based comparison method (i.e., GCN) has an
average improvement of 0.54% than RFS-LDA. Actually, considering
the correlation of subjects is important to improve diagnosis perfor-
mance, because patients with the same disease usually have similar
symptoms or features. Therefore, making use of the correlation through
a graph structure could make more accurate diagnosis.

3.3. Interpretability analysis

To evaluate the interpretability of our method, we compared our
proposed method with two feature selection methods, ie., Robust
Feature-Sample Linear Discriminant Analysis (RFS-LDA) [32] and ANal-
ysis Of VAriance (ANOVA) [45] in term of classification performance
on all six data sets. More specifically, we used three feature selection
methods to select 15 most important features (i.e., top 15 features) and
then reported the classification results in Fig. 4. As a result, our pro-
posed method outperformed all comparison methods. For example, our
method improved about 8% on data set AD-MCI, compared to ANOVA,
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Fig. 4. The classification accuracy of three feature selection methods.

in terms of classification accuracy. This indicates the effectiveness of
our proposed method in terms of interpretability.

In our experiments, we repeated the process of feature selection
20 times to obtain top 15 brain regions of all methods. Moreover,
we visualized the selected brain regions of our method in Fig. 5,
summarized the frequency of top 15 features of all methods in Fig. 3
and further listed the names of top 15 brain regions in Table 2.

From Fig. 5, the top 15 brain regions selected by our method have
been shown relative to AD [31,46]. In particular, some brains regions
were consistently selected across six data sets, such as the regions of

RRIEY &w‘,-%

(d) MCIn-MClp

(e) ADNI-3cla

middle temporal gyrus right, hippocampal formation left, precuneus
left, and uncus left, which has been shown in [47].

Based on Fig. 3, ANOVA and RFS-LDA, respectively, selected 44
and 36 regions across six data sets while our method only selected
27 regions. This implies that our method is more stable than the
comparison methods. However, ANOVA and RFS-LDA selected some
brain regions unrelated to AD [46], e.g., postcentral gyrus. This verifies
the effectiveness of our method again.

3.4. Ablation analysis

In this section, we analyze the effectiveness of each part in our
method. To do this, we decompose our proposed objective function in
Eq. (12) to form the comparison methods, i.e., IDGCNnP, IDGCNnl, and
IDGCNwL2. Compared to Eq. (12), IDGCNnP removes the L,,,_,, for
investigating the effectiveness of the pre-classification, while IDGCNnI
does not have the £, for investigating the effectiveness of the
reconstruction of the original X. IDGCNwL2 replaces the £, ;-norm with
¢,-norm in Eq. (7), aiming at investigating the interpretability. Besides,
compared to our method, GCN without considering any above parts is
also included in this section.

All experiments used 40% of labeled data in the experiments, and
experimental results are shown in Fig. 6.

First, three methods considering partial components of our method,
i.e., IDGCNnP, IDGCNnl, and IDGCNwL2, outperformed GCN with-
out considering any component in our method. This indicates that
each part in our method is reasonable as well as effective. Second,
IDGCNwL2 outperformed either IDGCNnP or IDGCNnl. The reason
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Fig. 5. Top 15 brain regions selected by our method.
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Table 2
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Top 15 brain regions selected by three feature selection methods.

ANOVA RFS-LDA

Proposed

Middle temporal gyrus right
Inferior frontal gyrus left
Parahippocampal gyrus left
Nucleus accumbens right
Postcentral gyrus left
Hippocampal formation left
Inferior temporal gyrus right
Lateral occipitotemporal gyrus left
Lateral ventricle right
Superior occipital gyrus right
Precuneus left

Uncus left

Lingual gyrus left

Superior frontal gyrus left
Temporal pole left

Precuneus left
Uncus left

Middle temporal gyrus right
Inferior frontal gyrus left
Parahippocampal gyrus left
Lingual gyrus left
Hippocampal formation left
Inferior temporal gyrus right
Nucleus accumbens right

Postcentral gyrus left

Lateral occipitotemporal gyrus left
Medial frontal gyrus left

Globus palladus left

Superior occipital gyrus right
Middle temporal gyrus left

Precuneus left

Uncus left

Hippocampal formation left
Middle temporal gyrus right
Inferior frontal gyrus left
Parahippocampal gyrus left
Nucleus accumbens right
Postcentral gyrus left
Temporal pole left
Amygdala left

Lateral occipitotemporal gyrus left
Caudate nucleus left

Lingual gyrus left

Superior frontal gyrus left
Inferior temporal gyrus right

1007 EEGCN

I IDGCNnI
[CJIDGCNnP
INIDGCNwL2
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60

40

20

C @Y @
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Fig. 6. The classification accuracy (ACC) and the corresponding STandard Deviation
(STD) of ablation analysis on six data sets.

is that IDGCNwL2 considers both the feature learning and the pre-
classification, while either IDGCNnP or IDGCNnlI only considers one of

them. Moreover, IDGCNwL2 is worse than our method, and this verifies
the importance of the interpretability.

3.4.1. Parameters’ sensitivity analysis

Fig. 7 shows the variations of the classification accuracy with dif-
ferent settings of three hyper-parameters of our objective function in
Eq. (12), i.e., 4, A, and 4,.

Obviously, our method is sensitive to parameters’ setting as the
classification accuracy on some data sets has the fluctuation of 20%.
Moreover, we cannot figure out which parameter play a more important
role as all three modules of our model jointly devote to the classification
task. 4, is relatively less sensitive to final classification, compared to
the others, as it is set to control the performance of pre-classification
instead of final classification.

4. Conclusion

This paper proposed a new GCN method to exploit the interpretabil-
ity of GCN model. To do this, the proposed method integrates feature
selection with graph learning in the GCN model, in a semi-supervised
learning manner, and then applied the proposed method for AD diag-
nosis. Experimental results demonstrated the effectiveness of our pro-
posed method, compared to state-of-the-art semi-supervised methods,
in terms of classification tasks.

(d) MCIn-MCIp

(e) ADNI-3cla

(f) ADNI-4cla

Fig. 7. The classification accuracy of the proposed method with different parameters’ setting.
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Since incomplete data is very common in medical field, we plan
to extend our proposed method to conduct personalize diagnosis on
incomplete data in our future work.
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