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A B S T R A C T

Deep learning using structural MRI has been widely applied to early diagnosis study of Alzheimer’s disease.
Among existing methods, attention-based 3D subject-level methods can not only provide diagnosis results but
also interpret the significant brain regions, thereby attracting considerable attention. However, the performance
of previous attention-based methods might be still restricted by: (i) the gap between attention scores and
semantic significant regions; (ii) using only single-scale features or simply fusing multi-scale information by
addition or concatenation for classification decision-making. To overcome these two issues, we propose an
innovative dual-branch model called LA-GMF, which consists of two major modules: logits-constraint attention
(LA) and graph-based multi-scale fusion (GMF). The LA module is designed to guide the model to focus on
key areas to enhance the diagnostic performance of local lesions, by reducing the inconsistency between
attention scores and class prediction probabilities. Meanwhile, by combining the graph neural network and
the self-attention mechanism, the GMF module not only introduces the interaction between patches, but also
explores the correlation and complementarity between features at different scales, thereby extracting feature
representations more comprehensively. Experiments on the popular ADNI and AIBL datasets validate the
potential of our model in boosting early AD diagnosis accuracy. Additionally, our interpretation experiments
demonstrate the superior interpretability performance of the proposed method over recent state-of-the-art
attention-based methods. Our source codes are released at: https://github.com/nollexu/LA-GMF.
1. Introduction

Alzheimer’s disease (AD) is one common neurodegenerative dis-
ease characterized by progressive cognitive decline, memory loss, and
impairment of daily life functions [1]. Currently, because there is no
fundamental medical treatment to cure AD, early diagnosis and inter-
vention are crucial to alleviate symptoms, delay disease progression,
and improve life quality of patients. Structural magnetic resonance
imaging (sMRI), which is a non-invasive neuroimaging technique and
can generate 3-dimensional (3D) images to provide detailed informa-
tion about brain structure and morphology, is one very important tool
for early screening of AD [2]. However, manually examining sMRI
is laborious, time consuming and even error prone. Hence, various
computer-aided diagnostic methods have been proposed for early AD
diagnosis, so as to reduce the workload of neurologists and boost their
diagnosis accuracy and efficiency.

Traditional machine learning methods for AD diagnosis can be
roughly divided into two categories: (i) Voxel-based methods [3,4],
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which utilize high-dimensional vectors as features and usually contain a
large amount of redundancy and noise, resulting in high computational
cost and poor diagnostic performance, and (ii) ROI-based methods [5,
6], which manually extract features, such as volume, shape, and cortical
thickness, from brain regions, thereby easily leading to information
loss, i.e., rough and difficult to reflect the small changes related to brain
diseases. Additionally, this manual feature extraction process is often
subjective and time-consuming.

In recent years, deep learning methods have been widely used in
computer-aid diagnosis (CAD), because of their powerful capability
on automatically learning and extracting effective features from data.
According to the input type of the network, existing deep learning
models for AD diagnosis based on sMRI can be roughly divided into
four categories [7]: 2D slice-level, ROI-based, 3D patch-level, and 3D
subject-level. Specifically, 2D slice-level methods extract a set of 2D
slices from 3D sMRI as the model input according to some general or
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Fig. 1. The overall architecture of the proposed LA-GMF. It mainly consists of two modules, LA and GMF. 𝛼 represents the attention score vector, and TOPK(𝛼) represents the
selection of 𝐾 important patches from different feature maps based on attention scores. 𝐿𝐴 represents the attention loss. 𝐿𝐵 and 𝐿𝐺 are the cross-entropy losses in the backbone
network and graph branch network, respectively. AGNN, Attention-based Graph Neural Network, is a graph neural network architecture proposed in [25].
customized strategies (e.g., using all slices in a certain direction [8],
or selecting the most informative slices based on image entropy [9]).
These methods have fewer network parameters and can easily borrow
existing successful models through transfer learning. However, ana-
lyzing 3D sMRI in a 2D manner can easily lose spatial information.
ROI-based methods [10,11] usually require to segment disease-related
regions under the guidance of prior medical knowledge, and then feed
the segmented regions into the model to extract features and classify
diseases. However, disease-related changes often span multiple brain
regions, and these methods might not fully cover the relevant disease
areas. 3D patch-level methods [12–16] usually utilize a data-driven
method or based on medical prior knowledge to select local patches
with large information content or related to diseases as model inputs.
However, there methods usually divide patch localization and classifi-
cation into two independent stages, and neglect the patch interactions,
thereby often leading to the sub-optimal learning performance. 3D
subject-level methods [17–19] adopt the entire sMRI as the model
input and are able to utilize complete spatial information, but they are
usually difficult to capture the local nature of AD pathology, thereby
possibly causing poor diagnosis performance.

In order to overcome aforementioned limitations, various attention-
based 3D subject-level methods [20–24] have been proposed to enable
the model to focus more on local positions while maintaining a global
perspective. These methods have achieved some significant improve-
ments, but still face some challenges and drawbacks. Firstly, the num-
ber of voxels in the entire sMRI is usually large, while the number of
subjects related to AD is relatively small. This makes it insufficient to
guide the mining of discriminative regions solely based on the classifi-
cation loss. Secondly, attention mechanisms do not always accurately
reflect actual semantic information, i.e., some semantically important
regions often obtain small the attention weights, this is the notorious
attention-semantic gap, which often reduces the model interpretability
and representation learning capability. Thirdly, most existing methods
are based on single-scale features for decision-making, or rely solely
on relatively basic methods (like addition or concatenation) for multi-
scale information fusion, which might not be able to effectively capture
the relevant and complementary information between scales, and thus
possibly restricting the model capability.

Based on above observations, we propose an innovative dual-branch
framework, namely LA-GMF, which mainly consists of two modules:
logits-constrained attention (LA) and graph-based multi-scale fusion
(GMF). For clarity, we show its overall architecture in Fig. 1. The
2

proposed framework directly utilizes the whole 3D sMRI as the input
to explore the complete spatial information, the LA module to mine
discriminative patches for better capturing local pathology, and the
GMF module to leverage multi-scale patches for learning more powerful
feature representations.

In summary, our main contributions are listed as follows:

1. We propose a novel interpretable dual-branch framework, which
can simultaneously mine significant patches from the whole 3D
sMRI and classify it for AD diagnosis in an end-to-end manner.

2. We propose a new attention mechanism with an additional loss,
which connects attention scores of patches with their corre-
sponding class prediction probabilities, to reduce the attention-
semantic gap.

3. We design a novel graph-based multi-scale fusion module, which
employs the graph neural network and self-attention to extract
multi-scale features of key patches mined by the LA module,
to enhance the patch interaction and effectively fuse cross-scale
information for boosting the model diagnosis performance.

4. Extensive experimental results demonstrate that the proposed
framework outperforms recent state-of-the-art methods on AD
diagnosis, with better interpretation capability.

The rest of this paper is organized as follows. Section 2 briefly
reviews some related sMRI-based methods for AD diagnosis. Section 3
presents the proposed framework. Section 4 introduces the datasets and
preprocessing methods used in our experiments, shows and analyzes
experimental results. Finally, Section 5 concludes this paper and points
out the future work.

2. Related work

Based on the input type, the proposed framework is one 3D subject-
level method, however, it is also inspired by the idea of 3D patch-level
methods. Hence, in this section, we briefly review some popular 3D
patch-level and 3D subject-level methods for AD diagnosis.

2.1. 3D patch-level methods for AD diagnosis

3D patch-level methods extract patches from sMRI as the model
input. They regard that brain atrophy usually occurs locally, i.e., only
a few areas in sMRI are highly correlated with pathological features.

For instances, Liu et al. [13] propose a multi-model deep learning
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framework, which can simultaneously perform automatic hippocampal
segmentation and AD classification, by using a patch containing the
hippocampus as the input. Liu et al. [12] construct a CNN-based
multiple instance learning (MIL) model, which utilizes pre-identified
local image patches based on anatomical landmarks as the input,
for AD classification and mild cognitive impairment (MCI) conversion
prediction. Zhou et al. [14] design a dual attention multi-instance ar-
chitecture, which can not only capture the relative importance of each
patch, but also recognize the discriminative features within the patch,
thereby obtaining better classification performance. Wang et al. [16]
propose an innovative patch-based MIL framework for AD diagnosis.
They employ the Relief algorithm [26] to select patches as the model
input, and make the network capture local and global information by
integrating inter-patch local attention blocks and outer-patch global
attention blocks.

These methods demonstrate that mining the significant 3D patches
can boost model classification performance. However, they usually fail
to consider patch interactions and require to initialize patch extraction
locations based on prior knowledge or through an independent local-
ization stage, thereby restricting their model performance. In contrast
to the 3D patch-level methods, the proposed framework abolishes the
task-independent patch localization phase and introduce interactions
between patches, so as to facilitate the feature representation learning.

2.2. 3D subject-level methods for AD diagnosis

3D subject-level methods utilize the entire 3D sMRI image as the
model input, so that they can fully integrate and utilize spatial infor-
mation. For example, Korolev et al. [17] adopt VGG- and ResNet-like
3D networks for AD classification. This is the first study to diagnose AD
based on the whole brain sMRI. Fan et al. [18] introduce a UNet style
model for AD diagnosis tasks, and experimentally demonstrate that
skipping connections and deep supervision can achieve better classifi-
cation model performance. Li et al. [19] propose a multi-channel con-
trastive learning strategy for AD diagnosis, which further improves the
model classification accuracy and generalization ability by combining
supervised classification loss with unsupervised contrastive loss.

Above methods can achieve promising performance on multiple
datasets, however, features from disease-related regions often play an
important role in disease identification. Therefore, various attention-
based 3D subject-level methods have been proposed to enable models
to focus more on local positions while maintaining a global perspec-
tive. For example, Jin et al. [27] insert a sparse attention module
consisting of a convolutional layer and a rectified linear unit (ReLU)
layer into 3D ResNet for AD and normal control (NC) recognition.
Zhang et al. [20] propose ResAttNet based on residual connections
and self-attention mechanisms, so as to simultaneously capture local
and global information of sMRI for boosting diagnostic performance.
Wu et al. [22] capture possible brain atrophy by adding attention
modules after custom multi-scale ensemble blocks. Pei et al. [23]
employ images from multiple scales as model inputs, they combine
attention mechanisms and custom global context blocks to fuse features
of different scales for the classification of AD and MCI. Zhang et al. [24]
propose a UNet framework for progressive MCI (pMCI) and stable MCI
(sMCI) recognition, by utilizing fine-grained spatial attention maps to
highlight disease-related semantic features, and coarse-grained seman-
tic attention maps to emphasize disease-related detailed features, so as
to achieve disease diagnosis through hierarchical fusion of multi-scale
features.

Relative to 3D subject-level methods, our framework using the at-
tention mechanism focuses more on local feature details and enhances
model interpretability. Compared with attention-based 3D subject-level
methods, we introduce an additional loss function to narrow the gap
between attention scores and semantically salient regions. Moreover,
we further explore the correlation and complementarity between multi-
scale features based on the graph neural network and self-attention
3

mechanism.
Fig. 2. The structure of the backbone network, which consists of 5 stages, with each
one containing a Conv_Block. The number of output channels in each Conv_Block is
16, 32, 64, 128, and 256, respectively.

3. Method

In this section, we introduce three major components in the pro-
posed framework, including the backbone network, LA and GMF mod-
ules.

3.1. Backbone network

Because AD datasets usually contain a small number of subjects,
i.e., hundreds of individuals, we design a relatively small-sized 3D con-
volutional neural network as our backbone, which consists of 5 stages,
including 11 convolutional layers, 4 max-pooling layers, a global av-
erage pooling (GAP) layer, and a classification layer. For clarity, we
present the architecture of our backbone network in Fig. 2.

In Fig. 2, The Conv_Unit(k, shortcut) represents a convolutional unit
that consists of a 3D convolutional layer, a Batch Normalization layer,
and a ReLU activation function. By default, the shortcut parameter is
set to False, i.e. when the shortcut parameter is not specified, there
is no residual connection added. The parameter 𝑘 specifies the size
of the convolutional kernel. Conv_Block denotes a convolutional block
consisting of two Conv_Unit instances. Specifically, Conv_Unit(2) used
in the first layer of the network, which has an output channel number
of 16, stride of 2, and padding of 0, implements the downsampling
and channel expansion operations. In Conv_Block(k), the convolution
operation does not change the shape of the input, i.e., if 𝑘 = 3, the
adding of the convolution operation is set to 1 and stride is set to 1.
f 𝑘 = 1, no padding is added, and stride is set to 1. 2 × 2 × 2 Maxpool
epresents a max-pooling operation with a kernel size of 2 × 2 × 2, a
stride of 2, and zero padding.
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3.2. Logits-constraint attention

Given the feature map 𝐅 ∈ R𝑑×𝐻
32 ×

𝑊
32 ×

𝐷
32 obtained from the last

convolutional layer, with a downsampling factor of 32, where 𝑑 is
the number of channels in the feature map, 𝐻 , 𝑊 and 𝐷 represent
the height, width, and depth of the input sMRI, respectively. Us-
ing a reshape operation, we transform it into a feature matrix 𝐓 =
[𝐭0, 𝐭1,… , 𝐭𝑁 ] ∈ R𝑁×𝑑 (𝑁 = 𝐻

32 × 𝑊
32 × 𝐷

32 denotes the number of 3D
patches), where 𝐭𝑖 ∈ R𝑑 denotes the feature embedding of the 𝑖th 3D
atch. Subsequently, we apply a two-layer MLP combined with the
igmoid function to calculate attention scores, as illustrated below:

𝑖 =
1

1 + exp{−𝐰⊤relu(Φ𝐭⊤𝑖 )}
, (1)

where 𝛼𝑖 ∈ (0, 1) represents the attention score of the 𝑖th patch
embedding, 𝐰 ∈ R𝑙×1 and Φ ∈ R𝑙×𝑑 represent the parameters of the
two fully connected layers, with 𝑙 being the dimension of the hidden
layer.

After obtaining the attention score 𝛼, we utilize it to weight the
embedding vectors, and then after GAP operation we feed it into the
classification layer to obtain the corresponding logits vector for the
entire image. They can be described as:

𝐭𝑖 ← 𝛼𝑖𝐭𝑖, (2)

𝐳𝐼 = 1
𝑁

𝑁
∑

𝑖=1
𝐭𝑖𝜽, (3)

where 𝐳𝐼 ∈ R1×𝐶 represents the image-level logits vector in the main
branch, 𝐶 represents the total number of classes, 𝜽 ∈ R𝑑×𝐶 denotes
the parameters of the classification layer. By sharing the classification
layer, we can obtain the logits vector for each patch embedding in 𝐓
as follows:

𝐳𝑖 = 𝐭𝑖𝜃, (4)

where 𝐳𝑖 ∈ R1×𝐶 represents the logits vector corresponding to the 𝑖th
patch embedding.

Finally, we adopt the 𝓁2-norm to calculate the distance between
probabilistic 𝐳𝑖,𝑐 and 𝛼𝑖 for the 𝑖th patch embedding, and employ it as an
additional loss to supervise model training to reduce the gap between
the attention score and semantic classification. The loss is:

𝐿𝐴 =

√

√

√

√

√

𝑁
∑

𝑖=1
(

exp(𝐳𝑖,𝑐 )
∑𝐶

𝑗=1 exp(𝐳𝑖,𝑗 )
− 𝛼𝑖)2, (5)

here 𝑐 denotes the true class of the corresponding image. More specif-
cally, Eq. (5) aims to make the patches with high class prediction prob-
bilities have large attention scores, thereby reducing the inconsistency
etween attention scores and semantic significant regions.

Considering the challenge of directly capturing local and subtle
tructural abnormalities from the whole brain sMRI, the attention map
enerated by Eq. (1) can provide key guidance for identifying and
ocalizing subject specific whole brain atrophy caused by AD.

.3. Graph-based multi-scale fusion module

3D patch-level methods have proven that mining the significant 3D
atches can effectively improve the model classification performance.
nspired by them, we hope to employ attention mechanisms to identify
mportant patches from the entire sMRI data and further classify them
n an end-to-end manner. However, due to the use of CNN as the
ackbone network, the extracted patches usually only involve local in-
ormation, ignoring the information exchange between patches, which
ight become a bottleneck for improving the model performance.

ortunately, as a powerful and flexible modeling framework, Graph
eural Network (GNN) can explore the relationships between patches
4

nd enhance their interaction. Additionally, compared with high-level t
eature maps that capture abstract and semantic information, low-
evel feature maps play an irreplaceable role in supplementing detailed
nformation, such as textures and edges. In order to obtain more
xpressive feature representations, it is crucial to exploit both low- and
igh-level features. However, existing multi-scale methods usually only
use information from different scales through simple concatenation
r addition, which might ignore the correlation and complementarity
etween scales.

Based on the above analysis, we design a graph-based multiscale
usion (GMF) module. Specifically, we first extract key patches in
eature maps of different scales based on the attention map as the input
f the graph branch. Next, we construct multiple graphs based on the
eature matrices of these key patches and utilize graph convolutional
etworks (GCN) [28] to model the interactions between features within
cales. In addition, we also introduce a self-attention mechanism to
apture the correlation between different scales. In order to achieve
more comprehensive and effective fusion, we further utilize AGNN

o mine the complementary relationship between scales based on the
cale-specific graph structure and the similarity between the fused
eatures. We show the detailed introduction of the GMF module in the
ollowing.

Let
{

𝐓(𝑚)}𝑀
𝑚=1 represent the inputs of GMF module, where 𝐓(𝑚) ∈

𝐾×𝑑 denotes the feature matrix corresponding to the 𝑚th scale, 𝑀
epresents the number of scales, 𝐾 is the number of patches with the
ighest attention scores that we selected based on Eq. (1). We initially
mploy cosine similarity along with 𝑀 thresholds

{

𝑒𝑚
}𝑀
𝑚=1 to construct

adjacency matrices
{

𝐀(𝑚)}𝑀
𝑚=1, where 𝐀(𝑚) ∈ R𝐾×𝐾 denotes the graph

tructure of the 𝑚th graph, and it is obtained by:

(𝑚)
𝑖,𝑗 =

{

1 if cos(𝐭(m)
i , 𝐭(m)

j ) >= 𝑒𝑚,
0 otherwise;

(6)

where 𝐭(𝑚)𝑖 ∈ R𝑑 and 𝐭(𝑚)𝑗 ∈ R𝑑 represent the 𝑖th and 𝑗th rows in
he feature matrix 𝐓(𝑚), respectively. Specifically, we fused features
rom two scales to make the final decision. We extract the feature
ectors corresponding to 𝐾 voxel positions from the feature map output
rom the last convolutional block, forming the feature matrix 𝐓(1).
eanwhile, in the feature map output from the previous stage of

onvolutional blocks, we treat the 2 × 2 × 2 blocks as a whole, and then
latten them, next, reduce the dimensionality through a linear layer
ith an input dimension of 8 and an output dimension of 2 to obtain

he feature matrix 𝐓(2), which has the same size as 𝐓(1).
Then, we employ the graph convolutional layer g(m)(⋅) to generate

ode representations 𝐇(𝑚) ∈ R𝐾×𝑑 based on the node features 𝐓(𝑚) and
he graph structure 𝐀(𝑚) of each graph, i.e.,

(𝑚) = g(m)(𝐓(m),𝐀(m)) = 𝜎
(

𝐃̂(𝑚)− 1
2 𝐀̂(m)𝐃̂(𝑚)− 1

2 𝐓(m)𝛩(m)
)

, (7)

where 𝐀̂(𝑚) = 𝐀(𝑚) + 𝐈𝐾 denotes the adjacency matrix with self-loops,
𝐾 ∈ R𝐾×𝐾 is an identity matrix. Since our 𝐀(𝑚) is generated using
osine similarity, which already includes self-loops, 𝐀̂(𝑚) is equal to
(𝑚). 𝐃̂(𝑚) is a diagonal degree matrix, e.g., 𝐃̂(𝑚)

𝑖𝑖 =
∑𝐾

𝑗=1 𝐀̂
(𝑚)
𝑖𝑗 , 𝜎(⋅)

represents an activation function, and 𝛩(𝑚) ∈ R𝑑×𝑑 is the weight matrix
of g(m)(⋅).

We merge
{

𝐇(𝑚)}𝑀
𝑚=1 and convert them into a 3D matrix 𝐉 =

𝐉1, 𝐉2,… , 𝐉𝐾 ] ∈ R𝐾×𝑀×𝑑 , which is then fed into a self-attention module
o fuse multi-scale information. In the self-attention module, we first
tilize three projection matrices (i.e., 𝐖𝑄,𝐖𝐾 ,𝐖𝑉 ∈ R𝑑×𝑑) to translate
to 𝐐, 𝐊 and 𝐕. Then, we compute the inter-scale attention to update
as follows:

= Attention(𝐐,𝐊,𝐕) = sof tmax(𝐐𝐊𝑇
√

𝑑
)𝐕, (8)

By concatenating features of different scales at the same location,
we transform 𝐉 into 𝐉 ∈ R𝐾×𝑀𝑑 . Then, in order to better fuse multi-
scale information, we utilize 𝑀 parallel single-layer AGNN to promote

he fused vector to retain scale-specific relevant information, based on
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the original graph structure and the cosine similarity between the fused
feature vectors. A single-layer AGNN consists of a linear layer and an
attention-guided propagation layer, as shown below:

𝐄(𝑚) = 𝜎(𝐉𝐖(𝑚)), (9)

̃(𝑚) = 𝐏(𝑚)𝐄(𝑚), (10)

here 𝐄(𝑚) ∈ R𝐾×𝑑 is a matrix after dimension reduction by a projection
atrix 𝐖(𝑚) ∈ R𝑀𝑑×𝑑 , 𝜎(⋅) represents the activation function. 𝐏(𝑚) ∈
𝐾×𝐾 is the propagation matrix, e.g., 𝐏(𝑚)

𝑖 = sof tmax
(

[𝛽(𝑚) cos

𝐄(𝑚)
𝑖 ,𝐄(𝑚)

𝑗 )]
𝑗∈ (𝑖)∪{𝑖}

)

, 𝛽(𝑚) ∈ R is the parameter of the propagation
ayer,  (𝑖) represents the neighborhood of node 𝑖, and 𝐄̃(𝑚) is the
utput of the 𝑚th AGNN.

By adding the outputs of 𝑀 AGNN, the final output of the GMF
odule 𝐔 = [𝐮0,𝐮1,… ,𝐮𝐾 ] ∈ R𝐾×𝑑 can be obtained as:

= 1
𝑀

𝑀
∑

𝑚
𝐄̃(𝑚). (11)

3.4. Loss function

In addition to the attention loss 𝐿𝐴 described in Eq. (5), the pro-
posed framework also contains two classification losses, 𝐿𝐵 and 𝐿𝐺,
where 𝐿𝐵 is used in the backbone network for model training and 𝐿𝐺
is to guide the optimization of the GMF module, while collaboratively
optimizing the convolutional parameters of the backbone network to
guarantee that the network can accurately learn classification decisions.
Specifically, by feeding one whole sMRI into the backbone network, its
final output is 𝐳𝐼 , 𝐿𝐵 is represented by:

𝐿𝐵 = −
𝐶
∑

𝑖=1
𝑦𝑖 ⋅ log

⎛

⎜

⎜

⎝

𝑒𝐳
𝐼
𝑖

∑𝐶
𝑗=1 𝑒

𝐳𝐼𝑗

⎞

⎟

⎟

⎠

, (12)

here 𝐲 ∈ R𝐶 is the image label vector and 𝑦𝑖 ∈ {0, 1}.
Given the fused feature matrix 𝐔 in the graph branch, we utilize the

ame method as Eq. (3) to obtain its logits vector 𝐳𝐺 by combining a
inear layer with a GAP layer. Then, we can obtain the classification
oss of the graph branch. The specific process is:

𝐺 = 1
𝐾

𝐾
∑

𝑖=1
𝐮𝑖𝜽𝐺 , (13)

𝐺 = −
𝐶
∑

𝑖=1
𝑦𝑖 ⋅ log

⎛

⎜

⎜

⎝

𝑒𝐳
𝐺
𝑖

∑𝐶
𝑗=1 𝑒

𝐳𝐺𝑗

⎞

⎟

⎟

⎠

. (14)

ased on the aforementioned three losses, we can obtain the final loss
s follows:

= 𝜆(𝜏) × 𝐿𝐴 + 𝐿𝐵 + 𝐿𝐺 (15)

here 𝜆(𝜏) is a weighted function changing with the number of epochs
o adjust the term 𝐿𝐴.

For clarity, we present the detailed training procedure in Algorithm
.

. Experiments

.1. Datasets

In our experiments, we evaluate the proposed framework on two
opular datasets: the AD Neuroimaging Initiative (ADNI, http://adni.
oni.usc.edu), the Australian Imaging, Aging Biomarkers and Lifestyle
lagship Study (AIBL, https://aibl.csiro.au). ADNI consists of a total
f 1335 1.5T/3T T1-weighted baseline sMRI scans spanning two ADNI
tages (i.e., ADNI-1, ADNI-2). These subjects are categorized into three
roups: AD, MCI and NC, comprising 324 AD subjects, 518 MCI subjects
nd 493 NC subjects. AIBL is composed of baseline sMRI scans from
31 different subjects, including 75 AD and 456 NC subjects. The de-
ographic information of the subjects in these datasets is summarized

n Table 1.
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Algorithm 1 LA-GMF

Input: Training data {𝐗𝑖, 𝐲𝑖}𝑁𝑖=1, where 𝐗𝑖 is a whole sMRI and 𝐲𝑖 is its
label vector, the number of training epochs T.

Output: Well trained model LA-GMF.
1: for 𝜏 ∈ [1, 𝑇 ] do
2: for 𝐗𝑖, 𝐲𝑖 in {𝐗𝑖, 𝐲𝑖}𝑁𝑖=1 do
3: 𝐓 ← reshape(𝑓−1

𝐶𝑁𝑁 (𝐗𝑖), (𝑁,−1)) ⊳ Obtain and reshape the
feature map of the last convolutional layer.

4: 𝛼, 𝐳𝐼 , {𝐳𝑖}𝑁𝑖=1 ← Eqs. (1)-(4)
5: 𝛼 ← topk(𝛼) ⊳ Obtain the 𝐾 positions with the highest

attention scores.
6:

{

𝐓(𝑚)}𝑀
𝑚=1 ← getPatches(𝑓𝐶𝑁𝑁 (𝐗𝑖), 𝛼) ⊳ Extract multi-scale

patches using top-k indices from the backbone.
7:

{

𝐀(𝑚)}𝑀
𝑚=1 ,

{

𝐇(𝑚)}𝑀
𝑚=1 ← Eqs. (6)-(7) ⊳ Create 𝑀 graphs

and perform graph convolution operations.
8: 𝐉 ← Eq. (8) ⊳ Perform self-attention and reshape

operations.
9:

{

𝐄̃(𝑚)
}𝑀

𝑚=1
← Eqs. (9)-(10) ⊳ Calculate the output of 𝑀

AGNN
10: 𝐔 ← Eq. (11) ⊳ Obtain the fused output
11: 𝐿 ← Eq. (15) ⊳ Calculate the final loss
12: end for
13: Back-propagate 𝐿 to update model parameters;
14: end for

4.2. Image preprocessing

We preprocess all sMRI scans using a standard pipeline. First, we
convert the DCM files to NIFTI format based on the SimpleITK [29]
library (only required when processing the AIBL dataset). Then, we
adopt the fslreorient2std tool to reorient the image to match the orien-
tation of the standard template image. Next, we employ the robustfov
tool to crop the sMRI image to effectively remove the neck and lower
head areas. This preprocessing step facilitates subsequent registration
and skull stripping operations. The FLIRT tool [30] is used to register
all sMRI images into a Colin27 template [31], remove global linear
differences, and resample all images to the same resolution (i.e. 1 ×
1 × 1 mm3) and size (i.e. 191 × 217 × 191). Finally, we apply the BET
tool [32] to remove the skull and dura mater. It is worth noting that
fslreorient2std, robustfov, FLIRT and BET are all integrated tools in the
FSL package [33].

4.3. Comparison methods

We employ five 3D CNN models as the comparison methods, which
utilize the whole sMRI as the model input and train the model in an
end-to-end manner. We briefly describe them as follows:

• VoxCNN [17]: which extends the VGG model to a 3D CNN
structure for AD diagnosis.

• VoxResNet [17]: which extends the ResNet model to a 3D version
for AD diagnosis.

• Attention ResNet [27]: which implements a simple attention
via 3D convolution with the ReLU function, and embed the at-
tention module into a 3D ResNet network, so as to provide
interpretability analysis.

• pABN [21]: which designs a parallel attention-augmented bi-
linear network for AD diagnosis, aiming to extract fine-grained
representations with small parameter overhead.

• AMSNet [22]: which integrates the multi-scale fusion module
of dilated convolution and improves the attention mechanism

in [27].

http://adni.loni.usc.edu
http://adni.loni.usc.edu
http://adni.loni.usc.edu
https://aibl.csiro.au
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Table 1
Baseline demographic information of subjects included in three public datasets (i.e., ADNI-1, ADNI-2, and AIBL). Gender is presented in the form of male/female. Age, years of
education, and MMSE scores are presented as mean ±standard deviation (SD).

Dataset Group
type

Gender
(Male/Female)

Age
(Mean ± SD)

Education
(Mean ± SD)

MMSE
(Mean ± SD)

ADNI-1 AD 93/91 75.30 ± 7.44 14.59 ± 3.12 23.40 ± 2.04
MCI 176/110 74.51 ± 7.16 15.60 ± 2.93 27.04 ± 1.76
NC 107/107 75.89 ± 4.99 16.07 ± 2.86 29.13 ± 0.99

ADNI-2 AD 81/59 74.59 ± 8.24 15.77 ± 2.63 23.09 ± 2.06
MCI 136/96 71.47 ± 7.21 16.39 ± 2.60 27.88 ± 1.75
NC 127/152 73.05 ± 5.98 16.62 ± 2.52 29.03 ± 1.23

AIBL AD 29/46 73.56 ± 7.52 – 20.31 ± 5.47
NC 191/265 72.36 ± 6.12 – 28.71 ± 1.22
4.4. Experiment setup

We conducted our experiments by using the framework PyTorch on
a single GPU (i.e. NVIDIA GeForce 3090 24 GB).

All images used in our experiments are cropped to 160 × 192 × 160
y removing uninformative background parts. Additionally, we aug-
ent training images by using translation and the mirror operation to

nlarge the diversity of training data, where translation is to translate
he image by one voxel in one of six directions (up, down, front, back,
eft, right) with equal probability, and the mirror operation is to mirror
he left and right brains of the input image with a probability of 0.5.

We adopt a five-fold cross-validation strategy to comprehensively
valuate the performance of the proposed framework. Specifically, we
esign four sets of experiments to examine the model performance
n different tasks, including AD-NC, AD-MCI, MCI-NC and AD-MCI-
C. For the binary classification task of AD-NC, We randomly divide

he ADNI dataset into 5 subsets, with four of these subsets (including
0% subjects of the dataset) dedicated to model training and the
emaining one used for testing. For the AIBL dataset, we utilize it as
n independent testing set to assess the model’s generalization ability.
or the other three tasks, we report the average results of the model
sing five-fold cross-validation on the ADNI dataset. During the model
raining process, we adopt Stochastic Gradient Descent (SGD) as the
ptimizer, initialize the learning rate to 0.001 and decay it by 0.5 for
very 20 epochs. Additionally, we totally train the model 100 epochs,
ith setting the batch size as 3.

We utilize three crucial metrics – F1-score, Area Under the Curve
AUC), and Accuracy – to rigorously assess the model during the testing
hase, ensuring a comprehensive evaluation.

In the proposed framework, there is one essential hyperparameter
(𝜏) to weight the loss function 𝐿𝐴, where 𝜏 is the number of current

training epochs. For the binary classification task of AD-NC, we rec-
ommend to set 𝜆(𝜏) as 0 (𝜏 ≤ 20) and 0.2 (𝜏 > 20). When processing
AD-MCI, MCI-NC and AD-MCI-NC tasks, we recommend to set 𝜆(𝜏)
as 0 (𝜏 ≤ 40) and 0.2 (𝜏 > 40). This is because the classification
performance is low in the early stage of network training, imposing
attention constraints based on logits can easily lead to trivial solutions.
Therefore, for these three relatively difficult new tasks, we choose to
postpone the application of the 𝐿𝐴 constraint. Additionally, considering
that high-level features typically carry more semantic information, to
ensure our graph towards homogeneity, we set the thresholds used for
graph construction to 𝑒1 = 0.4 and 𝑒2 = 0, where 𝑒1 represents the
threshold employed for high-level features.

4.5. Classification results

Table 2 shows the classification results of all methods on the ADNI
and AIBL datasets for AD-NC classification. As we can see, the pro-
posed LA-GMF achieves better performance than the other comparison
methods on the two datasets, in terms of all the three metrics, F1-score,
AUC and Accuracy. Specifically, compared to the best competitor, LA-
GMF obtains the improvements of 1.06%, 0.07%, and 0.89% in terms
6

of F1-score, AUC, and accuracy, respectively, on the ADNI dataset.
On the AIBL dataset, LA-GMF obtains 1.5% and 0.97% higher perfor-
mance than the best competitors, in terms of F1-score and Accuracy,
respectively.

We believe that the outstanding performance of LA-GMF can be
attributed to two main factors: Firstly, compared with methods that
ignore the attention mechanism or rely only on image classification
loss to guide attention mining, LA-GMF constrains attention scores
through probability logic vectors. This effectively bridges the gap be-
tween attention scores and semantic categories, significantly enhancing
the model’s representation learning capabilities. Secondly, the graph
branch network of LA-GMF not only models the complex relationships
between related patches, but also combines self-attention mechanisms
to deeply explore the complementarity and correlation between fea-
tures at different scales, providing richer information for the final
classification decision.

In order to comprehensively evaluate the generalization perfor-
mance of LA-GMF, we further compare LA-GMF with five comparison
methods on two binary classification tasks (AD-MCI and MCI-NC) and
one ternary classification task (AD-MCI-NC). The detailed results are
shown in Table 3, which suggests that LA-GMF still have superior
classification performance over the comparison methods on these three
more challenging tasks. For example, on the AD-MCI classification task,
LA-GMF improves AUC and accuracy by 1.35% and 1.18%, respec-
tively, compared to the best competitor. On the MCI-NC classification
task, LA-GMF improves F1-score, AUC and Accuracy by 0.42%, 1.89%
and 0.69%, respectively. Interestingly, we note that existing attention-
based 3D subject-level methods perform worse than methods without
attention on these more challenging tasks. The reason might be that
the attention mechanism is too simple or inflexible, so that it fails to
effectively identify and focus on the key relationships on more difficult
tasks, thereby introducing noise or misdirection which can degrade the
model performance.

4.6. Ablation study

In this subsection, we conduct a detailed evaluation of two key
components in the proposed framework, namely the LA module and
the GMF module, based on the AD-NC binary classification task on
the ADNI dataset. In order to comprehensively verify the effectiveness
of these two modules, we design four methods, including Baseline,
Baseline+LA, Baseline+LA+GCN and LA-GMF. Baseline indicates that
only the backbone network is used for diagnosis. Baseline+LA embeds
the LA module into the backbone network. Baseline+LA+GCN adds a
graph branch based on single-scale features to Baseline+LA, and uses
a two-layer GCN for feature processing. LA-GMF is a complete model
using two-scale information. During this experiment, we adopt the
same experimental setting as that in Section 4.5.

Table 4 shows the classification results of the four methods on the
AD-NC task. As we can see, compared to Baseline, LA can boost F1-
score from 88.04% to 88.31%. Additionally, the graph branch network

using single-scale modeling further improves F1-score to 89.45%. By
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Table 2
Comparison of five-fold cross-validation results obtained by different methods on ADNI and AIBL datasets for AD-NC binary classification. We bold and underline the best and
second-best results at each setting, respectively.

Model ADNI AIBL

F1-score AUC Accuracy F1-score AUC Accuracy

VoxCNN 86.71 ± 2.23 91.79 ± 1.52 89.84 ± 1.45 68.70 ± 7.72 92.91 ± 1.20 88.66 ± 4.89
VoxResNet 87.12 ± 1.23 93.16 ± 1.32 90.21 ± 0.76 68.84 ± 2.39 93.41 ± 0.72 89.30 ± 1.48
Attention ResNet 87.16 ± 2.41 93.92 ± 0.74 89.97 ± 1.74 66.66 ± 5.98 92.24 ± 0.43 88.44 ± 3.98
pABN 79.70 ± 4.03 88.57 ± 2.21 84.83 ± 2.25 57.05 ± 6.71 85.64 ± 1.94 86.78 ± 2.56
AMSNet 89.94 ± 1.33 94.86 ± 1.10 92.13 ± 0.99 72.72 ± 4.25 93.16 ± 1.56 91.27 ± 2.03
LA-GMF 91.00 ± 2.11 94.93 ± 1.74 93.02 ± 1.57 74.22 ± 1.10 93.41 ± 0.72 92.24 ± 0.28
Table 3
Comparison of the five-fold cross-validation results of different methods on the three tasks (AD-MCI, MCI-NC and AD-MCI-NC) within the ADNI dataset. For the AD-MCI-NC task,
we report macro-averaged results. We bold and underline the best and second-best results at each setting, respectively.

Task Metrics VoxCNN VoxResNet Attention ResNet pABN AMSNet LA-GMF

AD-MCI F1-score 59.48 ± 4.81 61.08 ± 4.37 59.53 ± 6.53 44.71 ± 17.14 55.49 ± 7.80 60.76 ± 3.71
AUC 73.24 ± 4.23 73.77 ± 4.72 72.66 ± 4.06 65.33 ± 6.76 70.94 ± 4.11 75.12 ± 3.38
Accuracy 72.57 ± 1.47 72.57 ± 2.78 70.79 ± 1.93 67.58 ± 4.78 70.67 ± 2.26 73.75 ± 1.89

MCI-NC F1-score 67.22 ± 2.79 69.73 ± 2.23 68.48 ± 4.10 65.03 ± 3.82 69.38 ± 3.27 70.15 ± 3.04
AUC 73.26 ± 2.74 73.35 ± 2.77 70.38 ± 2.77 68.87 ± 6.56 72.15 ± 3.45 75.24 ± 2.59
Accuracy 70.33 ± 1.76 69.34 ± 2.26 67.46 ± 1.90 66.97 ± 4.48 69.05 ± 3.12 71.02 ± 2.27

AD-MCI-NC F1-score 59.07 ± 2.22 58.53 ± 2.59 56.59 ± 1.99 55.19 ± 2.33 56.87 ± 1.23 61.35 ± 2.53
AUC 76.29 ± 1.37 74.40 ± 3.08 74.78 ± 1.14 72.23 ± 2.29 73.20 ± 2.91 76.60 ± 1.86
Accuracy 60.00 ± 2.00 58.88 ± 2.93 57.90 ± 1.13 56.78 ± 1.83 57.68 ± 1.79 61.42 ± 2.39
Table 4
Classification results obtained by Baseline, Baseline+LA, Baseline+LA+GCN and LA-GMF on the AD-NC (ADNI) task. We bold and underline the best and second-best results at
each setting, respectively.

Metrics Baseline Baseline+LA Baseline+LA+GCN LA-GMF

F1-score 88.04 ± 1.17 88.31 ± 2.67 89.45 ± 2.29 91.00 ± 2.11
AUC 94.22 ± 1.06 94.67 ± 2.05 94.63 ± 1.24 94.93 ± 1.74
Accuracy 90.82 ± 1.22 91.19 ± 1.63 91.92 ± 1.51 93.02 ± 1.57
introducing dual scale features and combining them with the fusion
module, the model can achieve 91.00% F1-score, which is better than
that only using single-scale features. Similar findings can be observed
on other metrics and tasks. These results indicate that: (1) The proposed
LA module, which aims to locate significant discriminative regions,
can guide the network to learn better feature representations. (2)
The interaction between patches introduced by our graph branching
network is very beneficial to diagnostic tasks. (3) Our proposed fusion
module using dual-scale features can be greatly contributed to the
improvement of model performance.

In addition to the overall evaluation of the module, we also conduct
ablation experiments on the internal design of the LA module to eval-
uate the effectiveness of different implementations. Specifically, our
experimental settings are shown as follows:

1. (FC & MLP): Utilizing FC for patch classification and MLP to cal-
culate attention weight. Note that the FC for patch classification
has different parameters from that for image classification.

2. (Shared FC & FC): Using shared FC for patch classification, while
using additional FC to calculate attention weights. Note that the
additional FC has different parameters from that for patch and
image classification.

3. (All Shared FC): Shared FC is employed for both patch classifi-
cation and attention calculation.

4. (All MLP): Using two independent MLPs for patch classification
and attention calculation, respectively.

5. (MLP & Shared FC): MLP is employed for patch classification,
but shared FC is used for attention calculation.

6. (Shared FC & MLP): Shared FC is employed for patch classifica-
tion, and MLP is used for attention calculation. This is our choice
in the proposed framework.

When using shared FC to obtain the attention weight, it requires to
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modify the calculation way of the attention mechanism to match the
dimensions of logits and attention. Here, we adopt the similar calcula-
tion way in loss-based attention [34]. Specifically, the patch-level logits
are first obtained by shared FC, and then the 𝐿2 norm of the logits is
calculated and processed by sigmoid to obtain the attention score. We
display the experimental results of above six cases in Table 5, which
demonstrates that using shared FC for patch classification and MLP for
attention calculation can obtain better performance than the other five
cases. This phenomenon might be because shared FC can simultane-
ously classify patch- and image-level features to better maintain their
semantic consistency. Additionally, MLP introduces non-linear layers,
which can learn better learn attention weights.

4.7. Interpretation experiments

In addition to classification experiments, we also evaluate the inter-
pretability of the proposed framework from both ROI and patch aspects
based on the AD-NC classification task. We select two attention based
methods, i.e. Attention ResNet and AMSNet, for comparative analysis.
Due to the existence of two parallel attention modules in pABN, it is
difficult to effectively extract patches, so we exclude it here. Addition-
ally, in order to better evaluate the interpretation performance of the
LA module, we only replace LA with one popular attention mechanism,
i.e., loss-based attention [34], in our framework and maintain the
remaining modules unchanged, in which loss-based attention connects
attention mechanism with loss function to mine significant patches. We
refer to this modified model as Loss-Attention.

ROI-based Interpretability Evaluation. As shown in Fig. 3, we
upsample the attention maps and overlay them on the original images
to provide visualization-based explanations, where dark red indicates
larger weights and dark blue indicates smaller weights. This provides
preliminary evidence that our method can accurately localize important
brain regions. However, this visualization method is unstable and
can only provide a qualitative explanation of the model’s positioning
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Table 5
Classification results of ablation experiments within the LA module on the AD-NC (ADNI) task. We bold and underline the best and second-best results at each setting, respectively

Metrics Baseline+LA
(FC & MLP)

Baseline+LA
(Shared FC & FC)

Baseline+LA
(All Shared FC)

Baseline+LA
(All MLP)

Baseline+LA
(MLP & Shared
FC)

Baseline+LA
(Shared FC &
MLP)

F1-score 87.16 ± 1.56 87.55 ± 2.22 86.80 ± 2.55 87.84 ± 1.73 87.56 ± 2.86 88.31 ± 2.67
AUC 94.01 ± 1.21 93.97 ± 2.51 93.60 ± 1.22 94.45 ± 1.05 93.43 ± 1.72 94.67 ± 2.05
Accuracy 90.09 ± 0.98 90.33 ± 1.53 90.08 ± 1.68 90.21 ± 1.37 90.57 ± 1.54 91.19 ± 1.63
Fig. 3. Heatmaps generated by four different models. From the second to the fifth row, the heatmaps are generated by Attention ResNet, AMSNet, Loss-Attention and LA-GMF,
respectively.
ability. Therefore, we designed a quantitative evaluation method based
on ROI and average precision (AP).

We upsampled the attention map to the original image size and then
divided it into multiple ROIs using the AAL template [35] (as both our
image and AAL template are registered onto the Colin27 template, this
approach is feasible). The top 20 ROIs with the highest scores in each
image are counted as sample-level discriminative regions mined by the
model. For each method, we saved 5 model weights (one for each fold).
Among the discriminant regions of all samples mined by the five model
weights, the top 20 ROIs with the highest frequency of occurrence are
regarded as the population-level discriminant regions corresponding to
this method.

Several literatures [36–38] have illustrated that the hippocampus,
amygdala, fusiform, parahippocampal gyrus, entorhinal cortex, uncus
and precuneus are the most relevant brain regions for Alzheimer’s
8

Table 6
The corresponding number of brain regions in AAL.
ROI AAL

Hippocampal, uncus 37/38
Parahippocampal,
entorhinal cortex

39/40

Amygdale 41/42
Fusiform 55/56
Precuneus 67/68

disease. Table 6 shows the corresponding indices of these brain regions
in the AAL template.

We calculate the AP of the important brain regions in Table 6 and
the discriminative brain regions mined by each method to evaluate the
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Fig. 4. Comparison of classification results using different numbers of patches on the AD-NC (ADNI) task.
Table 7
The top 20 brain regions with the highest scores among the four methods. The bold
font represents the area related to Alzheimer’s disease.

Method Index AP

Attention ResNet 41, 38, 84, 93, 110, 37, 83, 3, 15, 34,
91, 88, 19, 78,7, 57, 79, 5, 26, 60

0.250

AMSNet 41, 111, 47, 82, 18, 42, 64, 40, 112, 12,
43, 39, 86, 17, 37, 31, 80, 48, 44, 115

0.238

Loss-Attention 42, 41, 39, 40, 37, 38, 55, 83, 89, 87,
56, 84, 88, 97, 76, 107, 75, 96, 98, 22

0.773

LA-GMF 41, 42, 40, 39, 38, 37, 55, 56, 96, 98,
89, 108, 107, 83, 90, 97, 87, 95, 84, 88

𝟎.𝟖𝟎𝟎

interpretability of the model. AP is defined as:

𝐴𝑃 =
∑𝑁𝑡

𝑖=1 (𝑃 (𝑖) × 𝑒(𝑖))
𝑁𝑠

, (16)

where 𝑁𝑠 and 𝑁𝑡 represent the number of significant and total brain
regions in the sequence, respectively; 𝑒(𝑖) ∈ {0, 1} represents whether
the 𝑖th brain region is significant, and 𝑃 (𝑖) represents the precision of
the 𝑖th region containing significant brain regions, namely:

𝑃 (𝑖) =
𝑚𝑖
𝑖
, (17)

where 𝑚𝑖 is the number of searched significant brain regions in the
first 𝑖 brain regions. The discriminative brain regions selected by the
four methods and their AP scores are shown in Table 7. We can see
that the proposed method achieves 55.0%, 56.2% and 2.7% higher
AP than Attention ResNet, AMSNet, and Loss-Attention respectively.
This demonstrates the superior interpretation performance of the pro-
posed framework, which might be significantly beneficial to clinical
diagnosis.

Patch-based Interpretability Evaluation. Literature [39] shows
that powerful interpretation methods often achieve the best perfor-
mance with only a small number of patches. Therefore, in addition
to ROI-based interpretability, we also use classification accuracy as
a metric to evaluate the model’s ability to select important patches
without using any medically relevant prior knowledge. Fig. 4 shows the
classification accuracy of four models using different patch quantities.
From this, we can see that LA-GMF can achieve the best performance
using only 10 patches, indicating that the discriminative patches mined
by LA have higher information content.
9

5. Conclusion

This paper proposes an attention-guided deep learning framework,
namely LA-GMF, to mine the significant patches from the whole-brain
sMRI for identifying discriminative locations related to AD and boost-
ing its diagnosis performance. In the proposed framework, the logits-
constraint attention utilizes the patch prediction class probability to
constrain the attention score, so as to reduce the gap between the
attention mechanism and semantic significant regions. Meanwhile, the
graph-based multi-scale fusion module effectively integrates multi-scale
information while retaining the characteristics of the scale itself to
learn better feature representations. Experimental results on two pub-
lic datasets demonstrate the superior classification and interpretation
performance of the proposed framework, i.e., integrating feature ex-
traction, discriminative localization and multi-scale feature fusion into
an end-to-end deep learning framework is feasible and beneficial for
automatic diagnosis of AD.

However, AD diagnosis often requires a comprehensive evaluation
combining multiple modalities. Our current approach relies solely on
structural MRI, in the future, we plan to integrate clinical diagnostic in-
formation with other modalities to further boost AD diagnosis accuracy.
Additionally, our method does not take into account the timing charac-
teristics of AD, in the future, we will consider longitudinal tracking data
in the ADNI data set to improve AD diagnosis performance. Moreover,
the proposed framework focuses on binary classification tasks in this
paper, in the future, we will extend the proposed framework to more
multi-classification tasks.
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