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Abstract. In this paper, we propose a dual-graph learning convolu-
tional network (dGLCN) to achieve interpretable Alzheimer’s disease
(AD) diagnosis, by jointly investigating subject graph learning and fea-
ture graph learning in the graph convolution network (GCN) framework.
Specifically, we first construct two initial graphs to consider both the sub-
ject diversity and the feature diversity. We further fuse these two initial
graphs into the GCN framework so that they can be iteratively updated
(i-e., dual-graph learning) while conducting representation learning. As
a result, the dGLCN achieves interpretability in both subjects and brain
regions through the subject importance and the feature importance, and
the generalizability by overcoming the issues, such as limited subjects
and noisy subjects. Experimental results on the Alzheimer’s disease neu-
roimaging initiative (ADNI) datasets show that our dGLCN outperforms
all comparison methods for binary classification. The codes of dGLCN
are available on https://github.com/xiaotingsong/dGLCN.

1 Introduction

Neuroimaging techniques (e.g., magnetic resonance imaging (MRI)) is an effec-
tive way to monitor the progression of AD, so they are widely used for early
AD diagnosis. Machine learning methods for early AD diagnosis usually include
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Fig. 1. The flowchart of the proposed dGLCN framework.
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traditional methods and deep learning methods. Deep learning methods obtain
higher diagnosis performance than traditional methods because of their powerful
feature extraction capability with the help of large-scale subjects. For example,
GCN generates discriminative representation for early AD diagnosis by aggregat-
ing the neighbor information of subjects [18,25,27]. However, previous methods
for medical image analysis (including traditional methods and deep learning
methods) still suffer from issues as follows, i.e., limited and noisy subjects, and
the interpretability.

Medical image analysis often suffers from the influence of limited and noisy
subjects [1,20] because either subject labelling or feature extraction requires
prior knowledge while experienced clinicians are always lacked. As a result, deep
learning methods built on limited and noisy subjects easily result in the over-
fitting issue, and thus they influence the generalizability of the diagnosis model
and the clinician’s judgement [15]. However, few studies of medical image analysis
have exploited them in the same framework.

Poor interpretability is a well-known drawback of deep learning methods.
Existing methods mostly focus on post-hoc interpretation, where the interpre-
tation model is built after the diagnosis model. In this way, the interpretation
model will be re-built if the input changes. Hence, the post-hoc interpretation
easily results in inflexible interpretation. Inspired by the interpretability of tra-
ditional methods, some deep learning methods employ either self-paced learning
[26] or feature selection [16] to explore the subject diversity or the feature diver-
sity. However, they usually require to have clean samples (i.e., without noise) in
the training process, so this might restrict their applications. In addition, these
methods fail to jointly consider the subject diversity and the feature diversity in
a unified framework, so that they cannot comprehensively capture the inherent
correlations of the data and interpret the model.

To address the above issues, we propose to conduct dual-graph learning in
the GCN framework (shown in Fig. 1), including graph construction, dual-graph
learning and graph fusion. Specifically, graph construction constructs two initial
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graphs, i.e., the subject graph and the feature graph, from the original feature
space, to consider the subject diversity and the feature diversity. Dual-graph
learning separately outputs two kinds of representation of the original features
by graph convolution layers and updates two initial graphs. Graph fusion fuses
two updated graphs to generate the final representation of the original data for
early AD diagnosis. As a result, the optimal dual-graph is captured. The updated
graphs containing the subject importance and the feature importance are able
to interpret the subjects and the features. Moreover, the subject graph and the
feature graph, respectively, contain the correlations among the subjects and the
correlations among the features. Furthermore, such correlations are learnt from
the new feature space (rather than the original feature space), thereby the correct
correlations among the data are captured and can improve the generalizability
of the model on the dataset with limited and noisy subjects. The contributions
of this paper are summarized as follows:

— Our method is the first work to consider dual-graph learning by comprehen-
sively capturing the correlations among the data to improve the generalizabil-
ity and contain interpretability. In the literature, [7] focused on graph learning
on a subject graph. [29] focused on learning a fixed feature graph and [4,5]
focused on constructing a fixed dual-graph. In particular, these mentioned
methods seldom consider the interpretability.

— Our method is able to identify the subjects and the brain regions related to
the AD. Moreover, it can be easily applied to interpret other disease diagnosis
on neuroimaging data.

2 Method

2.1 Graph Construction

We select the GCN framework as our backbone. The quality of its initial graph is
very important as the graph stores the correlations among the data. In particular,
if the correct correlations are captured, the quality of the graph is guaranteed.
Recently, it is popular to construct the subject graph, which contains the correla-
tions among subjects to indicate the subject diversity. That is, different subjects
have distinct characteristics and contributions to the diagnosis model. Moreover,
the higher the correlation between two subjects is, the larger the edge weight is.
In this work, we extract node features based on region-of-interests (ROIs), which
have structural or functional correlations to AD [19], so it is obvious that the
features (i.e., ROIs) are relevant. Moreover, distinct brain regions have different
influence to AD. However, to the best of our knowledge, few methods focused
on taking into account the correlations among ROIs (i.e., the features) and the
ROI diversity, but the feature graph can achieve both of them in this paper.
The graph is seldom provided in medical image analysis, so the graph should
be constructed based on the information among the data. In this work, we con-
struct the graphs where node features are the subject/features characteristics
and the edge weight measures the correlation between two subjects/features. In
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particular, the higher the correlation between two subjects/features is, the larger
the edge weight is. For simplicity, we employ the kNN method to construct both
the subject graph A € R™*™ and the feature graph S € R%*?, where n and d
denote the number of subjects and features.

2.2 Dual-Graph Learning

The initial graph obtained from the original feature space usually contains noise
or redundancy, so its quality cannot be guaranteed. In this case, graph learning
is an effective solution to improve its quality by iteratively updating it and the
representation from the new feature space rather than the original feature space.
As a result, graph learning is able to correctly capture the correlations among
the data. For example, the graph learning convolutional network (GLCN) in [7]
combines graph learning on the subject graph with the graph convolution in a
unified network. In this paper, we conduct dual-graph learning to simultaneously
update two initial graphs and the representation in this paper. To do this, we
first separately update each graph by graph convolution layers and then fuse
them for representation learning.

Subject Graph Update. Given the feature matrix X € R"*¢ and the initial
subject graph A, we employ graph convolutions to obtain

X" =o(D"/?AD"/?X'0}) (1)

where X! € R"*?% is a d;-dimensional representation in the [-th layer and o
denotes the activation function. A = A + I,, where I,, € R™*" is the identity
matrix, D and @', respectively, represents the degree matrix of A and the train-
able parameters of the I-th layer. After obtaining the new representation X',
we employ the kNN method to generate a subject graph A’ € R"*"  i.e., the
update of the initial subject graph A.

Feature Graph Update. Given the feature matrix X, we obtain its transpose
as X = XT € R4, In this paper, we design the feature graph S € R4*¢ to
explore the correlations among features as AD is influenced by the complex corre-
lations among ROIs (i.e., features) [21]. Specifically, we regard the n-dimensional
representation as the characteristics of the node (i.e., the ROI information) and
the edge weight as the correlation between two n-dimensional representation.
After the two-layer graph convolution, the new representation of X is

XH—I _ a(]’j-l/Qé]’j-lﬂX[éZ) (2)

where X! € R?*™ s a n;-dimensional representation in the [-th layer. S = S+14,
where Iy € R4*? is the identity matrix, D and @l respectively, represent the
degree matrix of S and the trainable parameters of the [-th layer. After obtaining
the new representation X', we utilize kNN method to generate a new feature
graph 8’ € R4 . e., the update of the initial feature graph S.
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2.3 Graph Fusion and Objective Function

Equation (1) and Eq. (2) learn the new representations of the original graph,
which are further utilized to construct the subject graph and the feature graph
separately. Meanwhile, the two graphs output the subject importance and the
feature importance, respectively. In particular, the subject importance contains
the weight of every subject while the feature importance involves the weight of
every feature. Such importance can be used to interpret subjects and ROIs as
well as can be fused into the original feature matrix for representation learning.
To do this, we combine them (i.e., A’ and S’) with X to have H € R"*? as

H = A'XS’ (3)

Compared with the original feature matrix X, the new feature matrix H takes
into account both the subject importance and the feature importance. Inspired
by [12] and [11], we define H as follows by adding the original graphs (i.e., A
and S) so that the updated graphs (i.e., A’ and S’) have tiny variation in every
iteration to achieve robust classification model.

H = (A + M A)X(S' + AoS) (4)

where A\; and Ao are parameters. After that, the new representation can be
obtained by the MLP
H'*! = o(H'W') (5)

where the H' € R"*% denotes the representation of the I-th layer while H® = H.
W' € Ré*di+1 ig the MLP parameters in the I-th layer.

After conducting the MLP, the output matrix H” is derived. We further use
the softmax function to obtain the label prediction Z = [zg, Z1, ..., Zn—1] € R"*¢,
where z; € R® denotes the label prediction for the i-th subject, i.e.,

exp (hi)
Zméc eXp (thm) .

where h;; and z;; represent the elements in the ¢-th row and the j-th column of
H and Z, respectively. The cross-entropy function is used to calculate the loss.

Loe==>_ Y yijlnz; (7)

iEN j=1

(6)

z;j = softmax (hZLJ) =

where y;; is the element of the i-th row and the j-th column of the real label Y.

We obtain optimal A’ and S’, where every element in A’ represents the
correlations between two subjects and every element in S’ denotes the correla-
tions between two ROIs. Moreover, they are symmetric matrices. Following [30],
we first calculate the £>-norm value of every row in S’ and then rank their /o-
norm values. In this way, the features whose corresponded rows in S’ with the
top fo-norm values are regarded as important features. We can also obtain the
important subjects by calculating the £3-norm value of every row in A’. We did
not follow [17] to set a sparse constraint on S’ as the two ways output similar
results in terms of feature importance while [17] is time-consuming.
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3 Experiments

3.1 Experimental Settings

Our dataset from the ADNI (www.loni.usc.edu/ADNI) includes 186 ADs, 393
mild cognitive impairment patients (MCIs) and 226 normal controls (NCs).
Moreover, 393 MCIs include 226 MCI non-converts (MCIn) and 167 MCI con-
verts (MClc). We use them to form four binary classification tasks, i.e., AD-NC
(186 vs. 226), AD-MCI (186 vs. 393), NC-MCI (226 vs. 393) and MCIn-MClc
(226 vs. 167) on the MRI data. The MRI data is first dealt with by the steps,
i.e., spatial distortion correction, skull-stripping, and cerebellum removal, and
then segmented into gray matter, white matter, and cerebrospinal fluid. Finally,
we use the AAL template [23] to obtain 90 ROIs for every subject.

The comparison methods include three traditional methods (i.e., ¢1-norm
support vector machines (£;-SVM) [28], self-paced learning (SPL) [10] and
boosted random forest (BRF) [13]) and five deep methods (i.e., graph convo-
lutional networks (GCN) [9], graph attention networks (GAT) [24], dual graph
convolutional networks (DGCN) [31], interpretable dynamic graph convolutional
networks (IDGCN) [30] and sample reweight (SR) [22]).

We obtain the author-verified codes for all comparison methods and let them
to achieve their best performance. Since the datasets used in this experiment do
not provide a predefined subject graph, we construct it with the kNN method
by setting k = 30. To avoid the over-fitting issue on the datasets with limited
subjects, in all experiments, we repeat the 5-fold cross-validation scheme 100
times with different random seeds on all datasets for all methods. We finally
report the average results and the corresponding standard deviation (std). We
adopt four commonly used metrics to evaluate all methods, including classifica-
tion accuracy, sensitivity, specificity and AUC.

3.2 Result Analysis

Table 1 shows the classification results of all methods on all datasets. First, our
method achieves the best results, followed by SR, GCN, IDGCN, GAT, DGCN,
BRF, SPL and ¢;-SVM, on all datasets for four evaluation metrics. Moreover,
our improvement has statistically significant difference (with p < 0.05 by t-test)
from every comparison method. For example, our method on average improves by
3.2% and 6.9%, respectively, compared to the best comparison method, i.e., SR,
and the worst comparison method, i.e., £1-SVM. It indicates that it is feasible
for our method to take into account both the subject diversity and the feature
diversity as they benefit our method to comprehensively capture the complex
correlations among the data, and thus improving the generalizability. Second, all
deep learning methods (i.e., SR, GCN, IDGCN, GAT, DGCN and our method)
outperform traditional methods, i.e., BRF, SPL and ¢;-SVM. For example, our
method on average improves by 6%, compared to the best traditional method
(i.e., BRF), on all datasets in terms of four evaluation metrics. The reason is that
(1) traditional methods are worse for representation learning than deep learning
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methods and (2) deep learning methods are still effective on the datasets with
limited subjects and our method achieves the best generalizability.

Table 1. Classification results (average + std) of all methods on four datasets.

Dataset Metrics | ¢1-SVM | SPL BRF GCN GAT DGCN | IDGCN | SR Proposed
AD-NC ACC T4.542.9 | 75.141.3 | 73.542.7 | 82.541.8 [83.942.0|79.6+3.0 |83.3+2.5 82.842.7|86.9+1.6
SEN 76.841.1 | 81.541.5 | 79.742.3 | 82.9+1.7 |84.141.1 | 744133 | 82.642.4(85.2133 |85.9416
SPE 73.741.3|70.742.0 | 66.T12.0 | 83.T+2.7 | 79.1+1.5 | 85.842.4 |83.2430 | 784413 |87.241.7
AUC 747415722412 | 73.2426 | 84.3425 |81.641.9|75.2429 |83.5425880.142590.6+25
AD-MCI ACC 66.443.3 | 67.142.3|65.342.2 | 673120 [67.2422|68.0+2.7 |66.812.4  67.6+25|68.T+1.5
SEN 66.744.2 | 63.642.2 | 67.642.4 | 674431 [65.241.9|60.6+25 |64.2425 67.2426|68.5+1.6
SPE 65.542.5 | 72.142.5 | 63.6+2.6 | 65.842.2 |75.2437 | 77.3+3.1 |T4.441.7 | 76.041.4 | 74.842.4
AUC 59.743.060.3£1.3 | 62.1423 | 62.411.5 |60.612.4|62.0£2.1 |61.6+2.6|60.611.7 | 65.5125
NC-MCI ACC 61.541.763.941.4 | 624424 624417 |64.T41.7 635431 |64.2426  64.4425|67.5424
SEN 575422 (591417614417 587424 |55.4416|61.441.8 |58.042.5(61.2419|61.711 5
SPE 62.342.5 | 64.542.0 | 65.9+2.4 | 64.341.5 |65.T+25 | 58.2+1.4 | 64.6+2.3 | 65.642.2 | 67.T+13
AUC 59.542.3 | 60.242.8 | 65.642.4 | 65.6+42.2 |62.41258|60.8+2.1 | 58.5+1.9 | 66.44+3.3 | 69.2425
MCIn-MClc | ACC 62.142.4 | 63.8426 |63.743.1 | 64.411.6 |63.942.4|62.6+£1.8 63.9+26|63.7+1.8|67.T124
SEN 65.9425 | 61.1121 |67.8423 67.9+1.9|66.611.4 622422 |62.9416|61.611.7|64.0L25
SPE 63.042.7 | 64.943.362.2435 | 61.9426 |55.942.2|67.9+2.8 |66.5+1.666.041.4|69.9+3.1
AUC 59.843.7 1 62.2432|62.643.3 628420 [61.2427|61.7+1.6 |62.312.462.5425|63.T+3.0
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Fig. 2. Results of (a) Ablation study of 8 methods, (b) Top 20 ROIs selected by our
method on AD-NC, (c) Subject interpretability of our method on AD-NC, and (d) our
method with different parameter settings (i.e., A1 and A2) on AD-NC.
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3.3 Ablation Analysis

We use Eq. (4) (i.e., H= (A’ + A\ A)X(S’ 4+ \28)) to make Eq. (3) have a tiny
variation in every iteration, so we generate 7 comparison methods to investigate
the effectiveness of both the subject importance and the feature importance,
i.e., H= A’XS'  H=AXS, H=A'X, H= AX, H= XS H = X8, and
H = X. We list the classification results of all eight methods in Fig.2.(a) and
Appendix A. First, dual-graph learning is very important in our method as the
subject graph A’ plays a greater role than the initial subject graph A. More-
over, the feature graph has the same scenario. For example, the method of A’X
improves by 9% compared to that of AX, while the method of XS’ outperforms
about 3%, compared to that of XS, in terms of classification accuracy, on dataset
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AD-NC. Second, dual-graph learning is more effective than graph learning on
one graph as more graphs could find more complex correlations among the data.
Third, it is of great importance to add a portion of the initial graphs into the
process of graph learning, mentioned in [3].

3.4 Interpretability

Feature Interpretability. We compare our method with three methods
(i.e., £1-SVM, BRF and IDGCN) to investigate their feature interpretability. To
do this, since we repeat the 5-fold cross validation scheme 100 times to obtain
500 matrices of S, we select the top 20 features (i.e., ROIs) from every exper-
iment to obtain the frequency of every feature within 500 times. We list the
ROIs selected by every method on all four datasets (i.e., the third column) as
well as the ROIs selected by all methods on all datasets (i.e., the second column)
in Appendix B and visualize top 20 ROIs selected by our method in Fig.2.(b)
and Appendix B. Obviously, ROIs selected by every method on all datasets are
related to AD. For example, the hippocampal formation right is selected by all
methods on all datasets and has been shown to be highly related to AD in [2]. In
addition, compared to all comparison methods, our method selects much more
ROlIs, e.g., the frontal lobe white matter and temporal lobe white matter, which
are highly related to AD in [6,8,14]. Above observations suggest that our method
is superior to all comparison methods, in terms of feature interpretability.

Subject Interpretability. We investigate the subject interpretability by eval-
uating the classification performance with different training rates. To do this, we
first employ four methods with subject interpretability (i.e., SPL, BRF, SR and
Proposed) to output the subject importance within 500 experiments and then
rank their importance in a descending order. With such an order, we increase
the proportion of the training subjects from 40% to 100% and report the clas-
sification accuracy in Fig.2.(c) and Appendix C. Obviously, all four methods
achieve the highest accuracy when the training rates are between 70% and 90%.
This indicates that there are noisy subjects in the datasets to affect the train-
ing process, and these methods can overcome this issue by learning the subject
importance. In addition, our method always achieves the best results on all
datasets with different rates as it is the most effective method to identify the
noisy subjects, compared to all comparison methods.

3.5 Parameter Sensitivity Analysis

We investigate the parameter sensitivity by setting & € {5,10,...,35}, and
A1, A2 € {1076,107°,...,107} and report the results in Fig. 2.(d) and Appendix
D. First, our method is sensitive to the settings of k, but it achieves good per-
formance while setting & = 30 on all datasets. Second, our method achieves the
best performance with A\; = 107° and Ay = 1073 on AD-NC, while is insensitive
to them on other datasets. These cases are consistent with [3] of adding a portion
of the initial graph into the process of graph learning.
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4 Conclusion

In this paper, we propose a dual-graph learning method in the GCN frame-
work to achieve the generalizability and the interpretability for medical image
analysis. To do this, we consider the subject diversity and the feature diver-
sity to conduct subject graph learning and feature graph learning in the same
framework. Experimental results on the ADNI verify the effectiveness of our
proposed method, compared to the state-of-the-art methods. In medical image
analysis, imbalanced datasets are very common, e.g., the number of normal con-
trols (i.e., majority class) is larger than the number of patients (i.e., minority
class), in the future, we will extend our method for interpretable medical image
analysis on imbalanced datasets with limited subjects.
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