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 A B S T R A C T

Structural magnetic resonance imaging (sMRI) combined with multi-view learning has been preliminarily 
explored in Alzheimer’s disease (AD) analysis. However, existing methods usually face two key limitations: 
(i) they fail to fully exploit the inherent consistency of multiple views to design constraints for alignment 
and feature normalization; (ii) they lack effective mechanisms to separate discriminative information from 
view-specific noise. Hence, the fused representation may fail to effectively preserve cross-view complementary 
information, or even contain redundant noise, which often limits the performance of the final model. To address 
these challenges, we propose an innovative Alignment-Filtering-Fusion Network (AFFNet), which consists 
of four collaborative modules. Specifically, the multi-view feature extraction module integrates 3D and 2D 
convolutional networks to capture spatial structural information and extract multi-view features. The multi-
view dual alignment module fully exploits the inherent supervision in multi-view data by introducing dual 
constraints of semantic and attention alignment, ensuring the regularization of complementary multi-view 
information while enhancing cross-view consistency. The private bias filtering module employs cross-view 
contrastive loss, orthogonal decomposition, and semantic regularization to identify and separate view-specific 
noise unrelated to the classification task, improving feature discriminability and laying the foundation for 
subsequent fusion. Finally, the multi-view fusion and classification module performs mean fusion on the aligned 
and filtered multi-view features to achieve complementary information integration for AD classification. Exten-
sive experiments on widely used ADNI and AIBL datasets demonstrate that AFFNet significantly outperforms 
existing methods in AD classification accuracy and model interpretability. All data list and source codes are 
available at: https://github.com/nollexu/AFFNet.
. Introduction

Alzheimer’s disease (AD) is a neurodegenerative disease and the 
ost common cause of dementia [1]. It usually starts unknowingly and 
radually progresses to symptoms, such as memory loss and cognitive 
ysfunction. There is no cure for AD, so early and accurate diagnosis is 
ssential to delay the progression of the disease. Structural magnetic 
esonance imaging (sMRI) can reveal subtle changes in brain struc-
ure, especially atrophy of the hippocampus, providing an important 
iomarker for AD diagnosis [2], and thus it is considered as an effective 
ool for early detection of AD.
In recent years, deep learning technology has made significant 

rogress in image recognition and classification tasks, and many meth-
ds have been proposed for early AD prediction using the 3D sMRI 
ata, but existing research still has some key limitations. Single-view 
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methods (including 2D-based models [3–6] and 3D-based models [7–
12]) either sacrifice spatial integrity or suffer from high computational 
costs and risk of overfitting. More importantly, they often ignore the 
inherent multi-view consistency and complementary properties of 3D 
sMRI, which are critical to alleviating model overfitting and improving 
diagnostic performance. For instance, although imaging angles differ, 
the physical location and tissue characteristics of lesions remain consis-
tent across views. However, due to differences in imaging orientation, 
MRIs from different directions may lead to variations in visual features, 
such as lesion shape or boundary clarity, making certain anatomical 
structures or lesion characteristics more prominent in specific views. 
Multi-view methods [13–21] aim to integrate information from differ-
ent perspectives to enhance model performance. Unfortunately, they 
often do not adequately utilize the cross-view consistency constraints, 
ttps://doi.org/10.1016/j.inffus.2025.103579
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 data mining, AI training, and similar technologies. 
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Fig. 1. The overall architecture of AFFNet.
which play a key role in aligning features and integrating complemen-
tary information effectively. Moreover, they lack effective mechanisms 
for separating discriminative information from view-specific noise. As 
a result, the fused representations often fail to fully preserve cross-view 
complementary information, may introduce redundant noise, or lead to 
overly smoothed features, ultimately limiting the performance of the 
final model.

To address aforementioned limitations, we propose an Align-Filter-
Fusion Network (AFFNet), which aligns features and filters out private 
noise while effectively preserving and integrating cross-view comple-
mentary information. For clarity, we show the architecture of the 
proposed framework in Fig.  1. Here, confounding features refer to 
feature representations that contain both private bias information and 
essential features. Private bias features are view-specific and irrelevant 
to the classification task, while essential features are discriminative 
information retained after effective alignment and filtering. Specifi-
cally, AFFNet first extracts low-level structural features and builds 
multi-view representations using a 2D-3D hybrid backbone. Then, we 
design a dual alignment module to weakly align features from both the 
semantic and attention activation levels, thereby enhancing represen-
tation consistency and preserving complementary information. Next, 
to further disentangle view-specific noise, AFFNet introduces a private 
bias filtering module that identifies task-irrelevant features through 
cross-view contrastive loss, and removes them using orthogonal de-
composition with semantic regularization, ultimately obtaining aligned 
and discriminative essential features. Finally, considering the semantic 
consistency of multi-view features, we average the essential features 
from all views in the aligned space for downstream classification. 
Extensive experiments on two benchmark datasets, ADNI and AIBL, 
demonstrate that AFFNet not only achieves state-of-the-art performance 
in AD diagnosis but also exhibits strong interpretability.

2. Main contributions

In summary, the major contributions of this paper are listed as 
follows:

• We propose a novel multi-view feature extraction and fusion 
framework for AD diagnosis, so as to fully leverage the multi-
view features of 3D sMRI and meanwhile preserve the underlying 
spatial information.

• We design a multi-view dual alignment module, which combines 
semantic and attention alignments to simultaneously explore con-
sistent multi-view features and normalize the complementary 
information of each view.
2 
• We design a private bias filtering module based on an innovative 
cross-view contrastive loss and orthogonal decomposition, so as 
to separate view-specific and useless information and promote 
multi-view fusion.

• Extensive experiments demonstrate the superior classification and 
interpretation performance of the proposed framework over re-
cent state-of-the-art AD diagnosis methods.

3. Related works

In recent years, many deep learning methods have been proposed to 
predict early AD through neuroimaging data. Based on the differences 
of feature processing strategies, these methods can be roughly divided 
into two categories: single-view and multi-view. We briefly review 
them in the following.

3.1. Single-view learning methods for AD diagnosis

Single-view learning methods can be further divided into 2D-based
[3–6] and 3D-based methods [7–12]. 2D-based methods select slices 
from the original MRI as the input for model training according to 
some specific criteria. For instances, Kang et al. [5] train the model by 
sampling multiple selected slices at fixed intervals along the coronal 
plane of the sMRI as the model input. Hon and Khan [3] employ image 
entropy to select the most informative slices as input data, and combine 
transfer learning technologies for AD diagnosis.

3D-based methods typically utilize local patches at predefined lo-
cations or directly take the entire MRI image as the model input. For 
example, Liu et al. [7] and Zhu et al. [8] take patches at predefined 
locations as the input and combine multi-instance learning and atten-
tion mechanism to build AD diagnosis models. In another independent 
work, Han et al. [22] augments the data by aligning sMRI to multiple 
brain templates, and then applies the Siamese network to extract 
features for AD diagnosis. Recently, Xu et al. [11] localize stable dis-
criminative regions from sMRI by using an innovative logits-constraint 
attention, and then they focus on exploring multi-scale features of these 
regions and employ multi-layer graph neural networks to optimize the 
feature representation to improve diagnostic performance.

2D-based methods are efficient but lose 3D spatial information, 
3D-based ones make full use of spatial information but increase com-
plexity and overfitting risk. Additionally, both of them neglect the 
inherent multi-view features of 3D MRI, which might improve the 
model robustness and performance. By contrast, our method combines 
the advantages of 3D and 2D feature extraction, fully explores and 
fuses the discriminative multi-view features contained in different slice 
directions using a novel multi-view learning framework.
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3.2. Multi-view learning methods for AD diagnosis

Multi-view learning methods aim to integrate information from mul-
tiple perspectives to enhance model performance. In the context of AD 
diagnosis, existing multi-view approaches can be broadly categorized 
into 2D-based [13,14,19–21] and 2D–3D hybrid methods [15–18]. 
For example, Weng et al. [13] draw inspiration from the SlowFast 
network in video processing, and propose a 2D-based multi-view Slow-
Fast network for AD diagnosis. Liu et al. [19] propose a multi-plane 
multi-scale feature-level fusion model (MPS-FFA), which combine clin-
ical score information and introduce a feature similarity discriminator 
to improve the diagnostic performance. Zhang et al. [20] propose a 
multi-slice multi-view fusion network for AD diagnosis by combining 
lightweight convolution operations, so as to effectively enhance the 
prediction collaboration between views by introducing a label con-
sistency mechanism. Chen et al. [16] utilize three independent 2D 
CNNs and one 3D CNN to extract features from different orientations 
of sMRI as well as from the overall 3D representation, concatenating 
these features for the final classification decision. Zhang et al. [18] 
design a similar architecture and introduce a slice-weighting module 
based on self-attention mechanisms, which can capture the contextual 
information between slices and generate attention weights to enhance 
representation learning. Jang and Hwang [17] integrate a 3D CNN with 
three pre-trained and frozen 2D sub-networks to extract multi-view 
representations, and subsequently feed the slice-level features from all 
views into a multi-layer Transformer [23] to further facilitate feature 
interaction and fusion.

Despite the achievements of existing methods, they often fail to 
fully exploit the consistency constraints across views, which are cru-
cial for feature alignment and effective integration of complementary 
information. In addition, these methods lack an effective mechanism to 
distinguish discriminative information from view-specific noise, leading 
to the potential introduction of redundant noise or over-smoothing 
of features in the fused representation, ultimately affecting model 
performance. By contrast, we design a multi-view dual alignment mod-
ule that introduces semantic and attentional consistency as additional 
constraints, enhancing the consistency of multi-view representations 
and the extraction of complementary information. Meanwhile, our 
method identifies and removes private bias information within each 
view before fusion, thereby significantly improving the quality of the 
fused representation and overall model performance.

4. Methodology

4.1. Overview of the proposed method

To effectively capture and fuse multi-view discriminative features 
from 3D sMRI for automatic AD diagnosis, we propose a deep multi-
view learning framework, named AFFNet, as illustrated in Fig.  1. The 
proposed framework consists of four main stages:

• Multi-view feature extraction, which combines 3D and 2D con-
volutional layers to capture underlying spatial information and 
extract multi-view slice-level features;

• Multi-view dual alignment, which aggregates the multi-view 
slice-level features into multi-view confounding features, and en-
hances multi-view consistency at both the attention activation 
and feature semantic levels to ensure effective retention and 
regularization of complementary information;

• Private bias filtering, which identifies and separates view-
specific biases that are uninformative for the classification task, 
thereby distilling the multi-view essential features;

• Multi-view fusion and classification, which integrates essential 
features for AD diagnosis.

For clarity, we describe each of these four stages in detail in the 
following subsections.
3 
Fig. 2. The architecture of the multi-view feature extraction module. The kernel size 
(e.g., 3 × 3×3) and the number of output channels (e.g., 16) are represented as 
‘‘3 × 3×3-16’’.

4.2. Multi-view feature extraction

Fig.  2 illustrates the overall architecture of our multi-view feature 
extraction module, which consists of a 3D CNN and three parallel 
2D CNN branches with identical structures. In the figure, ConvU-
nitKD denotes a K-dimensional convolution (ConvKD) followed by a 
Batch Normalization layer and a ReLU activation function, while Con-
vBlockKD represents a BasicBlock [24], which takes 𝐗𝑙 as the input and 
obtains the output: 
𝐗𝑙+1 = ReLU(BN(ConvKD(ConvUnitKD(𝐗𝑙))) + 𝐗𝑙). (1)

Note that we neglect the dimension matching operation of the skip 
connection in the Eq. (1) for simplicity.

In the 3D CNN part, the network includes three max-pooling lay-
ers and six convolutional layers (with each ConvBlock consisting of 
two convolutional layers). The numbers of output channels for these 
convolutional layers are 16, 16, 32, 32, 64, and 64, respectively. Each 
2D CNN branch consists of two max-pooling layers, one global average 
pooling layer, and six convolutional layers, with output channels of 64, 
64, 128, 128, 128, and 128, respectively. All convolution kernels have 
a size of 3, a stride of 1, and a padding of 1, thus not changing the 
spatial dimensions of the feature maps. All max-pooling layers use a 
kernel size of 2, stride of 2, and no padding, achieving a 2× spatial 
downsampling.

Given a batch of data 𝐗 ∈ R𝑁×1×𝐻×𝑊 ×𝐷, where 𝑁 is the batch size, 
𝐻 , 𝑊 , and 𝐷 represent the height, width and depth of each sMRI, re-
spectively. We first obtain the 3D representation 𝐈3𝐷 ∈ R𝑁×64×𝐻

8 ×𝑊
8 × 𝐷

8

by the first three 3D convolution modules. Then, we merge the batch 
dimension with an arbitrary spatial dimension to obtain the multi-
view inputs 𝐈12𝐷 ∈ R(𝑁×𝐻

8 )×64×𝑊
8 × 𝐷

8 , 𝐈22𝐷 ∈ R(𝑁×𝑊
8 )×64×𝐻

8 × 𝐷
8  and 

𝐈32𝐷 ∈ R(𝑁× 𝐷
8 )×64×𝐻

8 ×𝑊
8 . By utilizing three parallel 2D sub-networks 

and applying a global average pooling (GAP) operation on the spatial 
dimension, we obtain slice-level representations of multiple views 𝐈1 ∈
R𝑁×𝐻

8 ×128, 𝐈2 ∈ R𝑁×𝑊
8 ×128, and 𝐈3 ∈ R𝑁× 𝐷

8 ×128.
To simplify the introduction of subsequent modules, we rewrite the 

slice-level features of each view as {𝐈𝑚 ∈ R𝑁×𝑆𝑚×𝑑}𝑀𝑚=1, where 𝑆𝑚

denotes the number of slices in the 𝑚-th view, 𝑑 represents the number 
of feature dimensions, and 𝑀 is the number of views.

4.3. Multi-view dual alignment

Multi-view alignment plays an important role in optimizing multi-
view feature representation and promoting multi-view information fu-
sion [25,26]. Existing alignment methods usually align different views 
through consistency properties, but in this process, specific information 
within the view is often eliminated, resulting in the loss of com-
plementary information [27]. Thus, we develop a multi-view dual 
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Fig. 3. Architecture of the multi-view dual alignment module.

alignment module that aims to promote multi-view feature consis-
tency while preserving and normalizing complementary information. 
This module, as illustrated in Fig.  3, consists of two interdependent 
sub-modules: attention alignment and semantic alignment. It receives 
multi-view slice-level features {𝐈𝑚}𝑀𝑚=1 as input and outputs multi-view 
confounding features {𝐇𝑚 ∈ R𝑁×𝑑}𝑀𝑚=1.

The core objective of semantic alignment is to ensure semantic 
consistency across different views by unifying the decision space and 
encouraging similar decision behaviors among them. In contrast, at-
tention alignment aims to activate consistent discriminative regions 
across views while suppressing irrelevant responses, thereby avoiding 
inconsistent or noisy attention patterns and enhancing the robustness 
of multi-view learning.

Specifically, given the multi-view slice-level features {𝐈𝑚}𝑀𝑚=1, we 
first feed them into the attention alignment module, in which the 
attention weights of each slice are calculated through 𝑀 two-layer 
MLPs, and these weights are used to weight and aggregate the slice-
level features to generate the multi-view confounding features {𝐇𝑚 ∈
R𝑁×𝑑}𝑀𝑚=1, i.e., 

𝐀𝑚 = 𝜎(f𝑚𝑀𝐿𝑃 (𝐈
𝑚)), (2)

𝐇𝑚 = 1
𝑆𝑚

𝑆𝑚
∑

𝑠=1
(𝐈𝑚 ⊙ 𝐀𝑚)∶,𝑠,∶, (3)

where 𝜎(⋅) is the sigmoid activation function, f𝑚𝑀𝐿𝑃 (⋅) represents an 
independent two-layer MLP operation corresponding to the 𝑚-th view, 
𝐀𝑚 ∈ R𝑁×𝑆𝑚×1 denotes the slice-level attention of the 𝑚-th view, and 
⊙ represents the Hadamard product with broadcasting mechanism.

Based on {𝐇𝑚}𝑀𝑚=1, we introduce a semantic alignment constraint 
to ensure the semantic consistency between features from different 
views and regularize the feature representations of complementary 
information by unifying the decision space, it is: 
𝐙𝑚 = f𝑆𝐹𝐶 (𝐇𝑚), (4)

𝑆𝐴 =
𝑀
∑

𝑚=1
𝑚
𝑆𝐴 = − 1

𝑁

𝑀
∑

𝑚=1

𝑁
∑

𝑛=1

𝐶
∑

𝑐=1
𝐘𝑛,𝑐 log(s(𝐙𝑚)𝑛,𝑐 ), (5)

where f𝑆𝐹𝐶 (⋅) denotes a globally shared fully connected layer, 𝐙𝑚 ∈
R𝑁×𝐶 is a matrix of logit vectors corresponding to 𝐇𝑚, 𝐶 is the total 
number of categories, s(⋅) is the softmax function, and ∑𝐶

𝑐=1 𝑠(𝐙
𝑚)𝑛,𝑐 = 1. 

𝐘𝑛,𝑐 ∈ {0, 1} indicates whether the 𝑛-th sample belongs to class 𝑐, it is 
1 if the sample belongs to the class, and 0 otherwise.

To further guide the attention distribution, we introduce an atten-
tion alignment loss that encourages consistent activation of semanti-
cally relevant slices while suppressing trivial regions: 
𝐓𝑚 = s(f𝑆𝐹𝐶 (𝐈𝑚))∶,∶,𝑦̂𝑛 , (6)

𝐴𝐴 =
𝑀
∑

𝑚
𝐴𝐴 = 1

𝑀
∑

𝑁
∑

𝑆𝑚
∑

𝐓𝑚
𝑛,𝑠 log

(

𝐓𝑚
𝑛,𝑠

̃ 𝑚

)

, (7)

𝑚=1 𝑁 𝑚=1 𝑛=1 𝑠=1 𝐀𝑛,𝑠

4 
Fig. 4. Details of the private bias filtering module.

where 𝑦̂𝑛 represents the index corresponding to the true class label of 
the 𝑛-th sample, 𝐓𝑚 ∈ R𝑁×𝑆𝑚  represents the probability of all slices 
in the 𝑚-th view belonging to the true category of the sample, and 
𝐀̃𝑚 ∈ R𝑁×𝑆𝑚  is the result of reshaping 𝐀𝑚.

Unlike traditional methods that achieve alignment by enforcing nu-
merical similarity of cross-view features, our proposed dual-alignment 
module facilitates collaboration across views by promoting the align-
ment of desirable properties, such as semantic consistency and dis-
criminative consistency. Under a unified decision space, the model can 
effectively organize and constrain complementary information from dif-
ferent views to better serve the classification task. Meanwhile, because 
dual alignment imposes only weak constraints, the complementary in-
formation is preserved rather than eliminated, laying a solid foundation 
for subsequent multi-view fusion.

4.4. Private bias filtering

Although multi-view alignment can effectively regularize feature 
representation, there might still contain useless private information 
inside a single view, which might be harmful for classification tasks 
and hinder the effectiveness of multi-view information fusion [28,29]. 
To this end, we construct a private bias filtering module to reduce 
the interference of irrelevant information, so as to optimize the fea-
ture representation of each view, as shown in Fig.  4. The module 
takes multi-view confounding features {𝐇𝑚}𝑀𝑚=1 as input and outputs 
multi-view essential features {𝐄𝑚 ∈ R𝑁×𝑑}𝑀𝑚=1.

First, we utilize 𝑀 independent two-layer MLPs to extract the multi-
view private bias information {𝐏𝑚 ∈ R𝑁×𝑑}𝑀𝑚=1 based on {𝐇𝑚}𝑀𝑚=1, 
i.e., 
𝐏𝑚 = f𝑚𝑀𝐿𝑃 (𝐇

𝑚). (8)

Private bias refers to information that is specific to a particular view 
but irrelevant to the classification task. In other words, the private 
bias within the same view should be consistent, while private bi-
ases across different views should be uncorrelated. To model this, we 
introduce a cross-view contrastive loss, which encourages intra-view 
consistency and inter-view discrepancy in the private representations, 
thereby facilitating the identification of view-specific noise, i.e., 

d(𝐏𝑚
𝑖 ,𝐏

𝑚
𝑗 ) =

⟨

𝐏𝑚
𝑖 ,𝐏

𝑚
𝑗

⟩

‖

‖

‖

𝐏𝑚
𝑖
‖

‖

‖

‖

‖

‖

𝐏𝑚
𝑗
‖

‖

‖

, (9)

𝐶𝐶 = − 1
𝑁

𝑁
∑

𝑛1=1

𝑀
∑

𝑚1=1
log

∑𝑁
𝑛2=1

𝑒d(𝐏
𝑚1
𝑛1

⋅𝐏𝑚1𝑛2 )

∑𝑁
𝑛3=1

∑𝑀
𝑚2=1

𝑒|d(𝐏
𝑚1
𝑛1

⋅𝐏𝑚2𝑛3 )|
, (10)

where ⟨⋅, ⋅⟩ is dot product operator.
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Since private bias is irrelevant to the classification task, it should be 
orthogonal to the essential (task-relevant) representation. To achieve 
this, we adopt an orthogonal decomposition strategy, projecting the 
confounding features {𝐇𝑚}𝑀𝑚=1 onto the subspace orthogonal to the 
private bias {𝐏𝑚}𝑀𝑚=1, thereby obtaining the essential features {𝐄𝑚 ∈
R𝑁×𝑑}𝑀𝑚=1,as follows: 

𝐄𝑚 = OD(𝐇𝑚,𝐏𝑚) = 𝐇𝑚 − 𝐇𝑚 ⋅ 𝐏𝑚⊤

𝐏𝑚 ⋅ 𝐏𝑚⊤ 𝐏𝑚, (11)

where OD(⋅, ⋅) denotes the orthogonal decomposition operation.
The essential features are expected to achieve comparable or supe-

rior classification performance to {𝐇𝑚}𝑀𝑚=1. To preserve task-
discriminative semantics after decomposition, we introduce a semantic 
regularization loss during training. Specifically, we reuse the previous 
f𝑆𝐹𝐶 (⋅) and impose a classification loss on the logits difference between 
{𝐄𝑚}𝑀𝑚=1 and {𝐇𝑚}𝑀𝑚=1, formulated as: 

𝐙̃𝑚 = f𝑆𝐹𝐶 (𝐄𝑚), (12)

𝑆𝑅 =
𝑀
∑

𝑚=1
𝑚
𝑆𝑅 = − 1

𝑁

𝑀
∑

𝑚=1

𝑁
∑

𝑛=1

𝐶
∑

𝑐=1
𝐘𝑛,𝑐 log(s(𝐙̃𝐦 − 𝐙𝐦)𝑛,𝑐 ), (13)

where 𝐙̃𝑚 ∈ R𝑁×𝐶 is a matrix of logit vectors corresponding to 𝐄𝑚.

4.5. Multi-view fusion and optimization objective

Given that the essential features from different views {𝐄𝑚}𝑀𝑚=1 have 
been effectively aligned (i.e., exhibiting consistent semantic categories 
in a unified decision space) and the private biases removed, and thus, 
we adopt mean fusion—a simple and natural aggregation strategy—to 
retain complementary information across views while avoiding poten-
tial overfitting risks introduced by concatenation or more complex 
fusion methods. As the final step, we introduce a new fully connected 
layer f𝐹𝐶 (⋅) to achieve the classification: 

𝐶𝐿𝑆 = − 1
𝑁

𝑁
∑

𝑛=1

𝐶
∑

𝑐=1
𝐘𝑛,𝑐 log(s(f𝐹𝐶 (

1
𝑀

𝑀
∑

𝑚=1
𝐄𝑚))𝑛,𝑐 ). (14)

The overall optimization objective of the proposed framework is: 
 = 𝐶𝐿𝑆 + 𝑆𝐴 + 𝐴𝐴 + 𝛼𝐶𝐶 + 𝛽𝑆𝑅, (15)

where 𝛼 and 𝛽 are two hyperparameters to balance the cross-view 
contrastive loss and semantic constraints. For clarity, we present the 
training procedure of our algorithm in Appendix  A.

5. Experiments

5.1. Datasets

We evaluate the proposed framework on two widely-used datasets: 
the Alzheimer’s Disease Neuroimaging Initiative1(ADNI) and the Aus-
tralian Imaging, Aging Biomarkers and Lifestyle Flagship Study2 (AIBL). 
The ADNI dataset spans three phases, namely ADNI1, ADNI2, and 
ADNI3. We strictly adhere to the official ADNIMERGE.csv3 to obtain 
baseline scans for all non-overlapping subjects. For MCI subjects, we 
include only those with at least 36 months of longitudinal follow-up 
data. Due to limitations in the preprocessing tools, we manually inspect 
and remove images that exhibit issues during preprocessing to ensure 
high-quality data integrity. In total, the final ADNI dataset used in 
our experiments is composed of 1,828 baseline sMRI scans. According 
to standard clinical diagnostic criteria, these subjects are categorized 
into three groups: Alzheimer’s disease (AD), mild cognitive impairment 

1 http://adni.loni.usc.edu
2 https://aibl.csiro.au
3 https://ida.loni.usc.edu/explore/jsp/search/search.jsp?project=ADNI#

studyFiles
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(MCI), and normal control (NC). Specifically, the dataset includes 396 
AD subjects, 584 MCI subjects, and 848 NC subjects. Furthermore, 
MCI participants are subdivided based on whether they progress to AD 
within 36 months after baseline assessment, resulting in 323 stable MCI 
(sMCI) and 261 progressive MCI (pMCI) participants.

For the AIBL dataset, we focus on AD and NC subjects. Following 
a similar approach to ADNI, we select all baseline data according to 
official guidelines and manually remove problematic samples. Then, we 
obtain a final dataset of 531 independent subjects’ baseline sMRI scans, 
including 75 AD subjects and 456 NC subjects.

The demographic information of the subjects in the two datasets is 
summarized in Table  1. To evaluate the overall differences in continu-
ous and categorical variables between different categories, we follow 
the method in the literature [30] and use one-way ANOVA and 𝜒2

test for statistical analysis, respectively, and summarize the obtained 
𝑝-values in Table  1. Considering the significant differences in age and 
sex among subjects of different categories in the ADNI dataset, we em-
ployed 2D 𝑡-SNE to assess whether these factors introduced noticeable 
confounding effects in the imaging data. The results are provided in 
Appendix  B.

5.2. Image preprocessing

Our sMRI preprocessing pipeline follows a series of normalization 
steps. First, we utilize SimpleITK library [31] to convert DCM for-
mat files to NIFTI format. Then, we apply the fslreorient2std tool 
to normalize the image orientation and ensure consistency with the 
standard template. Next, we adopt the robustfov tool to crop the 
sMRI, which effectively removes the non-target regions in the neck 
and lower head, laying a foundation for subsequent registration and 
skull dissection. Subsequently, we leverage the FLIRT tool [32] to 
register all sMRI scans to the Colin27 template [33] using rigid-body 
and affine transformations. This step aims to eliminate inter-subject 
global linear differences and ensure spatial alignment of anatomical 
structures, enabling the model to focus more on disease-related features 
instead of anatomical variability across individuals. Additionally, this 
process standardizes the image resolution (i.e., 1 × 1 × 1mm3) and size 
(i.e., 191 × 217 × 191), providing a consistent input for subsequent 
analyses. Finally, we apply the BET tool [34] for skull stripping, re-
moving non-brain tissues, ensuring that the analysis is focused solely 
on brain regions and preventing irrelevant structures from introducing 
noise, which could negatively affect classification performance. The 
used tools, including fslreorient2std, robustfov, FLIRT and BET, are 
integrated in the FSL software package [35].

5.3. Comparison methods

We compare the proposed AFFNet with ten popular methods under 
the same experimental settings. The comparison methods are briefly 
introduced as follows:

• VoxCNN [36]: which extends VGGNet to a 3D version for AD 
diagnosis.

• VoxResNet [36]: which extends ResNet to a 3D version for AD 
diagnosis.

• AttResNet [37]: which implements a sparse attention through 3D 
convolution with ReLU function, and embeds it into 3D ResNet to 
provide interpretable analysis.

• M3T [17]:which integrates a 3D CNN with three pre-trained and 
frozen 2D sub-networks to extract multi-view representations, and 
uses a multi-layer Transformer to perform feature interaction and 
fusion.

• M2FAN [9]: which proposes a multi-task multi-level feature ad-
versarial network for AD diagnosis.

• AMSNet [10]: which designs a multi-scale fusion module based 
on dilated convolution and integrates it into the network to 
extract multi-scale information from sMRI.

http://adni.loni.usc.edu
https://aibl.csiro.au
https://ida.loni.usc.edu/explore/jsp/search/search.jsp?project=ADNI#studyFiles
https://ida.loni.usc.edu/explore/jsp/search/search.jsp?project=ADNI#studyFiles
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Table 1
Baseline demographic information of subjects included in two sets (i.e., ADNI and AIBL).
 Dataset Group Type &

𝑝-values
Sex
(Male/Female)

Age
(Mean±SD)

Education in years
(Mean±SD)

MMSE
(Mean±SD)

 

 ADNI AD 218/178 74.86 ±7.85 15.23 ±2.91 23.16 ±2.18  
 pMCI 150/111 73.90 ±7.09 15.89 ±2.77 26.72 ±1.82  
 sMCI 202/121 72.56 ±7.64 16.09 ±2.78 28.02 ±1.59  
 NC 365/483 72.27 ±6.65 16.52 ±2.51 29.07 ±1.16  
 𝑝-value 6.700e−10 1.098e−08 2.107e−13 <1.0e−200  
 AIBL AD 29/46 73.56 ± 7.52 – 20.31 ± 5.47  
 NC 191/265 72.36 ± 6.12 – 28.71 ± 1.22  
 𝑝-value 6.906e−01 1.297e−01 – <1.0e−200  
• AMSF [18]: which employs three 2D CNNs and one 3D CNN to 
extract features from different orientations of sMRI images and 
their overall 3D representation, with the features concatenated 
for final classification.

• MPS-FFA [19]: which proposes a multi-plane multi-scale feature 
fusion model for AD diagnosis. It incorporates clinical score in-
formation and introduces a feature similarity discriminator to 
enhance diagnostic performance. To ensure a fair comparison, we 
remove the branch related to clinical scores, focusing solely on 
image-based feature extraction and fusion.

• MMFNet [20]: which proposes a multi-slice and multi-view fusion 
lightweight network for AD diagnosis, and introduces a label 
consistency constraint to promote prediction consistency across 
different views.

• LA-GMF [11]: which builds a two-branch network for AD diagno-
sis, with one branch mining the significant regions and the other 
one extracting multi-scale features.

5.4. Experimental setting

We conduct all our experiments using the PyTorch framework on a 
single GPU (i.e., NVIDIA GeForce 3090 24 GB). Our model is trained 
for a total of 100 epochs with a batch size of 4. During training, we 
adopt the Adam optimizer [38] and set the learning rate to 0.0001. 
To reduce the effect of background, we crop all experimental sMRIs 
to 160 × 192 × 160. Additionally, we augment the training images 
through translation and mirroring operations to increase the diversity 
of training data. Specifically, the translation operation randomly selects 
one of the six directions (up, down, front, back, left, right) to shift a 
voxel with equal probability, while the mirror operation transforms the 
left and right brain of the sMRI symmetrically with a probability of 0.5.

For the ADNI dataset, we design three tasks to evaluate the model’s 
performance: ADNI-2CLS (AD-NC), ADNI-3CLS (AD-MCI-NC), and
ADNI-4CLS (AD-pMCI-sMCI-NC), with increasing levels of difficulty. 
ADNI-3CLS builds upon the binary classification task by adding the 
distinction between MCI subtypes. ADNI-4CLS further increases com-
plexity by differentiating between progressive MCI (pMCI) and stable 
MCI (sMCI), which is of significant clinical importance for early in-
tervention. All experiments adopt a 5-fold cross-validation strategy, 
i.e., the dataset is randomly divided into 5 subsets, of which 4 subsets 
(80% of the subjects in the dataset) are used for model training, 
the remaining subset is used for testing, and the average of the five 
experiments is used as the final result. For the AIBL dataset, we adopt 
it as an independent test set to evaluate the model generalization ability 
on the popular AD-NC binary classification task (i.e., AIBL-2CLS).

We employ six key evaluation metrics—Area Under the Curve 
(AUC), F1-score, Accuracy, Sensitivity, Specificity, and Precision—to 
comprehensively assess the model’s performance during the testing 
phase. Furthermore, we perform statistical analysis by reporting 95% 
confidence intervals to ensure the reliability of the evaluation.
6 
5.5. Classification results

Table  2 presents the classification performance of eleven methods 
on ADNI and AIBL datasets for the AD-NC binary classification task. As 
we can see, the proposed AFFNet achieves the best performance among 
all methods. Specifically, AFFNet improves the three major metrics 
AUC, F1-score and Accuracy on the ADNI dataset by 1.3%, 2.4% and 
1.4%, respectively, compared to the best competitors. On the AIBL 
dataset, AFFNet outperforms the best competitors by 0.8%, 2.0%, and 
0.5% in terms of AUC, F1-score, and Accuracy, respectively.

To further illustrate the strength of the proposed AFFNet, we show 
the classification results of the nine methods on the ADNI-3CLS task 
and the ADNI-4CLS tasks in Table  3. M2FAN and MMFNet are excluded 
because they are specifically designed for binary tasks. As shown in 
Table  3, AFFNet also achieves the best results on these two more 
challenging tasks. Specifically, for the ADNI-3CLS task, the gain of 
AFFNet is 2.1%, 4.1%, and 4.5% over the best competitors in terms 
of AUC, F1-score and Accuracy, respectively; For the ADNI-4CLS task, 
the gain of AFFNet is 2.6%, 4.2%, and 3.3% over the best competitors 
in terms of AUC, F1-score and Accuracy, respectively.

Tables  2–3 illustrate the superior performance of the proposed 
framework, probably because: (i) Our framework fuses 3D and 2D 
convolutions, which enables it to effectively integrate spatial informa-
tion while extracting multi-view features; (ii) By introducing multi-
view dual alignment and private bias filtering, the model cannot only 
enhance the consistency of multiple views while retaining the com-
plementary information of each view, but also effectively identify and 
exclude view-specific bias information, thereby further promoting the 
effective fusion of multi-view information.

It is worth noting that the two 2D-3D hybrid multi-view methods 
M3T and AMSF do not perform as expected in the experiments. We 
hypothesize that the main reason is that they only use the basic cross-
entropy loss to guide the end-to-end training process, which fails to 
fully utilize the inherent constraints within the multi-view to align the 
multi-view representations. Additionally, M3T utilizes multiple layers 
of Transformer to facilitate interactions between multi-view features, 
but in scenarios with limited dataset size, this approach might lead to 
excessive feature smoothing. Meanwhile, AMSF directly concatenates 
the multi-view feature vectors with the global feature vector represent-
ing the entire 3D sMRI, which might lead to the curse of dimensionality 
and feature redundancy.

5.6. Ablation study

In this subsection, we conduct ablation experiments on AFFNet 
based on the AD-NC binary classification task to verify the effectiveness 
of various modules within AFFNet.

Ablation of Key Modules. We present the results of key modules 
ablation in Table  4. The baseline method ‘‘B’’ means using a single 
classification loss to guide multi-view feature extraction and fusion. 
MDA stands for multi-view dual alignment modules, including semantic 
alignment (SA) and attention alignment (AA). PBF denotes the private 
bias filtering module, which contains a cross-view contrastive loss (CC) 
and a semantic regularization loss (SR). As we can see from Table  4, 
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Table 2
The results of different methods for AD-NC binary classification using five-fold cross-validation.
 Methods ADNI-2CLS

 AUC (95% CI) F1-score (95% CI) Accuracy (95% CI) Sensitivity (95% CI) Specificity (95% CI) Precision (95% CI)  
 VoxCNN 0.944 (0.927, 0.960) 0.857 (0.832, 0.882) 0.912 (0.896, 0.929) 0.823 (0.795, 0.852) 0.954 (0.934, 0.974) 0.894 (0.853, 0.935)  
 VoxResNet 0.936 (0.919, 0.954) 0.853 (0.835, 0.871) 0.910 (0.897, 0.923) 0.818 (0.794, 0.843) 0.953 (0.928, 0.978) 0.892 (0.843, 0.942)  
 AttResNet 0.954 (0.940, 0.969) 0.873 (0.850, 0.896) 0.921 (0.904, 0.938) 0.848 (0.796, 0.901) 0.955 (0.916, 0.994) 0.904 (0.829, 0.978)  
 M3T 0.915 (0.897, 0.932) 0.810 (0.789, 0.832) 0.882 (0.867, 0.896) 0.793 (0.771, 0.815) 0.923 (0.903, 0.943) 0.829 (0.791, 0.867)  
 M2FAN 0.953 (0.945, 0.960) 0.884 (0.864, 0.904) 0.929 (0.918, 0.941) 0.848 (0.819, 0.878) 0.967 (0.954, 0.980) 0.924 (0.895, 0.952) 
 AMSNet 0.958 (0.945, 0.960) 0.888 (0.864, 0.904) 0.930 (0.918, 0.941) 0.869 (0.819, 0.878) 0.959 (0.954, 0.980) 0.908 (0.895, 0.952)  
 AMSF 0.931 (0.920, 0.941) 0.841 (0.809, 0.874) 0.901 (0.885, 0.917) 0.828 (0.752, 0.904) 0.935 (0.911, 0.959) 0.858 (0.821, 0.895)  
 MPS-FFA 0.926 (0.912, 0.940) 0.840 (0.814, 0.866) 0.901 (0.887, 0.915) 0.816 (0.767, 0.864) 0.941 (0.920, 0.962) 0.867 (0.829, 0.905)  
 MMFNet 0.955 (0.939, 0.971) 0.877 (0.861, 0.894) 0.924 (0.914, 0.934) 0.859 (0.819, 0.898) 0.954 (0.934, 0.974) 0.899 (0.860, 0.937)  
 LA-GMF 0.953 (0.937, 0.969) 0.879 (0.840, 0.919) 0.926 (0.903, 0.949) 0.851 (0.778, 0.924) 0.961 (0.936, 0.986) 0.913 (0.865, 0.961)  
 AFFNet 0.971 (0.959, 0.982) 0.912 (0.888, 0.936) 0.944 (0.928, 0.960) 0.912 (0.893, 0.930) 0.960 (0.936, 0.982) 0.913 (0.868, 0.958)  
 Methods AIBL-2CLS

 AUC (95% CI) F1-score (95% CI) Accuracy (95% CI) Sensitivity (95% CI) Specificity (95% CI) Precision (95% CI)  
 VoxCNN 0.930 (0.916, 0.944) 0.710 (0.686, 0.734) 0.905 (0.885, 0.924) 0.821 (0.744, 0.899) 0.918 (0.884, 0.953) 0.632 (0.554, 0.711)  
 VoxResNet 0.922 (0.899, 0.944) 0.654 (0.570, 0.739) 0.883 (0.835, 0.931) 0.763 (0.689, 0.836) 0.903 (0.844, 0.962) 0.581 (0.459, 0.704)  
 AttResNet 0.930 (0.914, 0.945) 0.702 (0.652, 0.751) 0.900 (0.867, 0.933) 0.816 (0.716, 0.916) 0.914 (0.861, 0.967) 0.628 (0.511, 0.745)  
 M3T 0.898 (0.871, 0.925) 0.602 (0.503, 0.701) 0.847 (0.778, 0.915) 0.784 (0.692, 0.876) 0.857 (0.766, 0.948) 0.506 (0.339, 0.673)  
 M2FAN 0.926 (0.907, 0.945) 0.763 (0.708, 0.817) 0.927 (0.907, 0.946) 0.829 (0.772, 0.887) 0.943 (0.920, 0.965) 0.709 (0.617, 0.801)  
 AMSNet 0.948 (0.933, 0.963) 0.773 (0.736, 0.810) 0.930 (0.919, 0.941) 0.851 (0.791, 0.911) 0.943 (0.932, 0.953) 0.710 (0.670, 0.749)  
 AMSF 0.911 (0.924, 0.949) 0.647 (0.615, 0.680) 0.880 (0.846, 0.913) 0.773 (0.658, 0.889) 0.897 (0.840, 0.954) 0.572 (0.454, 0.690)  
 MPS-FFA 0.916 (0.907, 0.924) 0.663 (0.621, 0.704) 0.881 (0.856, 0.906) 0.821 (0.777, 0.866) 0.891 (0.857, 0.925) 0.558 (0.492, 0.625)  
 MMFNet 0.934 (0.923, 0.945) 0.710 (0.663, 0.757) 0.903 (0.879, 0.928) 0.829 (0.805, 0.854) 0.915 (0.883, 0.948) 0.624 (0.538, 0.711)  
 LA-GMF 0.937 (0.924, 0.949) 0.741 (0.711, 0.770) 0.922 (0.912, 0.933) 0.784 (0.757, 0.811) 0.945 (0.934, 0.956) 0.703 (0.660, 0.746)  
 AFFNet 0.956 (0.947, 0.965) 0.793 (0.763, 0.822) 0.935 (0.919, 0.952) 0.869 (0.785, 0.954) 0.946 (0.915, 0.977) 0.737 (0.644, 0.830) 
Table 3
Five-fold cross-validation results of different methods on ADNI-3CLS and ADNI-4CLS tasks.
 Methods ADNI-3CLS

 AUC (95% CI) F1-score (95% CI) Accuracy (95% CI) Sensitivity (95% CI) Specificity (95% CI) Precision (95% CI)  
 VoxCNN 0.777 (0.759, 0.794) 0.609 (0.586, 0.632) 0.652 (0.631, 0.674) 0.614 (0.596, 0.632) 0.811 (0.800, 0.822) 0.630 (0.601, 0.659)  
 VoxResNet 0.773 (0.759, 0.787) 0.592 (0.570, 0.614) 0.634 (0.621, 0.647) 0.596 (0.565, 0.626) 0.801 (0.789, 0.812) 0.612 (0.608, 0.616)  
 AttResNet 0.793 (0.784, 0.802) 0.591 (0.535, 0.648) 0.642 (0.616, 0.669) 0.610 (0.575, 0.644) 0.810 (0.796, 0.823) 0.613 (0.567, 0.659)  
 M3T 0.740 (0.700, 0.780) 0.522 (0.450, 0.593) 0.580 (0.562, 0.598) 0.546 (0.509, 0.582) 0.776 (0.759, 0.794) 0.529 (0.411, 0.647)  
 AMSNet 0.812 (0.803, 0.822) 0.613 (0.597, 0.630) 0.655 (0.633, 0.677) 0.627 (0.609, 0.645) 0.816 (0.808, 0.824) 0.630 (0.579, 0.682)  
 AMSF 0.773 (0.757, 0.789) 0.579 (0.550, 0.608) 0.629 (0.615, 0.642) 0.584 (0.549, 0.618) 0.799 (0.787, 0.812) 0.599 (0.574, 0.623)  
 MPS-FFA 0.758 (0.739, 0.778) 0.582 (0.533, 0.632) 0.633 (0.596, 0.671) 0.602 (0.573, 0.632) 0.807 (0.790, 0.824) 0.592 (0.532, 0.652)  
 LA-GMF 0.791 (0.783, 0.799) 0.628 (0.595, 0.662) 0.661 (0.643, 0.680) 0.623 (0.587, 0.659) 0.820 (0.809, 0.830) 0.646 (0.609, 0.682)  
 AFFNet 0.829 (0.823, 0.835) 0.655 (0.633, 0.677) 0.691 (0.678, 0.704) 0.655 (0.642, 0.668) 0.834 (0.826, 0.841) 0.675 (0.647, 0.703) 
 Methods ADNI-4CLS

 AUC (95% CI) F1-score (95% CI) Accuracy (95% CI) Sensitivity (95% CI) Specificity (95% CI) Precision (95% CI)  
 VoxCNN 0.766 (0.757, 0.775) 0.433 (0.408, 0.458) 0.622 (0.614, 0.630) 0.473 (0.458, 0.487) 0.852 (0.846, 0.858) 0.496 (0.479, 0.514)  
 VoxResNet 0.746 (0.716, 0.775) 0.414 (0.381, 0.447) 0.616 (0.599, 0.633) 0.460 (0.433, 0.487) 0.847 (0.833, 0.861) 0.521 (0.424, 0.619)  
 AttResNet 0.760 (0.735, 0.785) 0.380 (0.327, 0.432) 0.612 (0.603, 0.620) 0.442 (0.427, 0.457) 0.842 (0.837, 0.846) 0.403 (0.254, 0.552)  
 M3T 0.722 (0.681, 0.763) 0.331 (0.309, 0.353) 0.571 (0.543, 0.599) 0.405 (0.377, 0.432) 0.826 (0.811, 0.840) 0.286 (0.253, 0.319)  
 AMSNet 0.798 (0.776, 0.821) 0.443 (0.420, 0.465) 0.635 (0.618, 0.651) 0.483 (0.467, 0.500) 0.857 (0.849, 0.864) 0.481 (0.413, 0.548)  
 AMSF 0.743 (0.734, 0.752) 0.373 (0.336, 0.409) 0.606 (0.597, 0.615) 0.438 (0.419, 0.456) 0.842 (0.833, 0.850) 0.382 (0.253, 0.512)  
 MPS-FFA 0.758 (0.749, 0.768) 0.380 (0.351, 0.408) 0.607 (0.595, 0.620) 0.439 (0.424, 0.454) 0.841 (0.835, 0.846) 0.435 (0.324, 0.547)  
 LA-GMF 0.783 (0.771, 0.796) 0.473 (0.437, 0.510) 0.633 (0.622, 0.644) 0.493 (0.476, 0.510) 0.860 (0.854, 0.865) 0.516 (0.496, 0.536)  
 AFFNet 0.819 (0.798, 0.839) 0.493 (0.412, 0.575) 0.656 (0.631, 0.681) 0.522 (0.467, 0.577) 0.869 (0.855, 0.884) 0.550 (0.482, 0.617) 
both the two modules MDA and PBF are beneficial to boosting the 
model performance. Specifically, in the ADNI-2CLS task, by imple-
menting the semantic alignment strategy, the ‘‘B+SA’’ method achieves 
improvements of 0.8%, 0.9%, and 0.4% in AUC, F -score, and Accuracy 
1
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compared to the ‘‘B’’ method, respectively. Additionally, the ‘‘B+MDA’’ 
method, which incorporates both semantic and attention alignment 
strategies, elevates the AUC to 96.7%, the F1-score to 89.4%, and the 
Accuracy to 93.4%. This method also performs well in the AIBL-2CLS 
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Table 4
Ablation study on different key components inside AFFNet based on the AD-NC binary classification task.
 B MDA PBF ADNI-2CLS

 SA AA CC SR AUC F1-score Accuracy Sensitivity Specificity Precision 
 ✓ – – – – 0.953 0.884 0.928 0.871 0.954 0.898  
 ✓ ✓ – – – 0.961 0.893 0.932 0.881 0.956 0.905  
 ✓ ✓ ✓ – – 0.967 0.894 0.934 0.874 0.962 0.916  
 ✓ ✓ ✓ ✓ – 0.967 0.902 0.939 0.886 0.963 0.920  
 ✓ ✓ ✓ ✓ ✓ 0.971 0.912 0.944 0.912 0.960 0.913  
 B MDA PBF AIBL-2CLS

 SA AA CC SR AUC F1-score Accuracy Sensitivity Specificity Precision 
 ✓ – – – – 0.949 0.782 0.930 0.877 0.939 0.708  
 ✓ ✓ – – – 0.947 0.769 0.928 0.845 0.941 0.714  
 ✓ ✓ ✓ – – 0.951 0.783 0.934 0.835 0.951 0.747  
 ✓ ✓ ✓ ✓ – 0.952 0.782 0.933 0.853 0.946 0.724  
 ✓ ✓ ✓ ✓ ✓ 0.956 0.793 0.935 0.869 0.960 0.737  
Table 5
Ablation study on multi-view feature extraction and fusion based on the AD-NC binary classification task.
 Model ADNI-2CLS

 AUC F1-score Accuracy Sensitivity Specificity Precision 
 Coronal plane 0.959 0.881 0.927 0.856 0.960 0.911  
 Sagittal plane 0.958 0.880 0.926 0.853 0.960 0.910  
 Axial plane 0.959 0.886 0.928 0.871 0.955 0.903  
 w/o 3D CNN 0.965 0.894 0.933 0.884 0.956 0.905  
 Concat 0.961 0.900 0.937 0.884 0.962 0.918  
 AFFNet 0.971 0.912 0.944 0.912 0.960 0.913  
 Model AIBL-2CLS

 AUC F1-score Accuracy Sensitivity Specificity Precision 
 Coronal plane 0.946 0.757 0.927 0.795 0.949 0.733  
 Sagittal plane 0.937 0.755 0.924 0.819 0.942 0.706  
 Axial plane 0.943 0.748 0.919 0.843 0.932 0.676  
 w/o 3D CNN 0.947 0.746 0.921 0.816 0.939 0.690  
 Concat 0.949 0.745 0.925 0.853 0.937 0.700  
 AFFNet 0.956 0.793 0.935 0.869 0.946 0.737  
task, showing increases of 0.4%, 1.4%, and 0.6% in AUC, F1-score, and 
Accuracy, respectively. When we further integrate the PBF module into 
the model, performance in the ADNI-2CLS task experiences a notable 
improvement, with the AUC increasing to 97.1%, the F1-score to 91.2%, 
and Accuracy to 94.4%. Similarly, we observe improvements on the 
AIBL dataset, achieving an AUC of 95.6%, an F1-score of 79.3%, and 
an Accuracy of 93.5%.

Ablation of Multi-view Feature Extraction and Fusion. To eval-
uate the importance of multi-view feature extraction and fusion in 3D 
sMRI analysis, we conduct a series of ablation studies based on the AD-
NC binary classification task. These experiments include: models using 
only a single view (coronal, sagittal, or axial), a variant where the 3D 
CNN in AFFNet is replaced with three 2D CNNs of identical architecture 
(denoted as w/o 3D CNN), and a model where the mean aggregation 
in AFFNet is replaced with a simple concatenation (denoted as concat). 
The results are presented in Table  5. Compared to methods relying 
on a single view, AFFNet consistently outperforms across three key 
evaluation metrics (AUC, F1-score, and ACC), underscoring the essential 
role of multi-view fusion in improving classification performance. The 
3D CNN component also leads to performance gains, suggesting that 
capturing low-level spatial information benefits the classification task. 
Moreover, mean aggregation of the aligned and filtered features in the 
aligned space proves more effective than simple concatenation.

Furthermore, by combining the experimental results in Tables  4–5, 
we observe that although the effective fusion of multi-view information 
positively affects the classification decision, relying on only a single 
classification loss function to guide the fusion process of multi-view 
features might degrade the model performance. This finding validates 
our research motivation, indicating the need for more complex and 
refined mechanisms to optimize feature extraction and information 
integration during multi-view fusion.
8 
5.7. Parameter analysis

In this subsection, we analyze the effect of two key hyperparameters 
𝛼 and 𝛽 in the proposed framework. First, we search the optimal hy-
perparameter configurations in different classification tasks during the 
range of [0.2, 0.4, 0.6, 0.8, 1.0]. Then, we show the experimental results 
obtained by the control variable method under the selected optimal 
hyperparameter settings in Fig.  5, i.e., fixing the optimal value of 𝛼
and adjusting the value of 𝛽, and vice versa. As we can see, on the 
ADNI-2CLS task, the optimal configurations are 𝛼 = 0.4 and 𝛽 = 0.4; 
On the ADNI-3CLS task, the optimal configurations are 𝛼 = 1.0 and 
𝛽 = 0.6; On the ADNI-4CLS task, the optimal configurations are 𝛼 = 0.8
and 𝛽 = 0.6. However, it is worth noting that our method is robust to 
changes of 𝛼 and 𝛽, since different values of 𝛼 and 𝛽 do not affect the 
model performance significantly.

5.8. Interpretation experiments

In this section, we adopt both qualitative and quantitative methods 
to explore the potential of AFFNet in interpretability (i.e., locating 
discriminative regions).

Qualitative Evaluation. We visualize the attention maps of AFFNet 
and three comparison methods with attention mechanisms to demon-
strate the ability of our method to locate discriminative regions across 
multiple tasks (ADNI-2CLS, ADNI-3CLS, and ADNI-4CLS). Specifically, 
for AFFNet, we extract slice-level attention from its three view branches 
(with shapes 𝑆1 × 1 × 1, 1 × 𝑆2 × 1, and 1 × 1 × 𝑆3, respectively), and 
use a broadcasting mechanism and matrix multiplication to integrate 
these slices into 3D attention maps (𝑆1 × 𝑆2 × 𝑆3). The broadcasting 
mechanism and matrix multiplication in this process lead to the banded 
pattern in our attention map. Subsequently, the generated 3D attention 
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Fig. 5. Effect of varying 𝛼 and 𝛽 in Eq. (15) on model performance, where (a), (b), (c) 
denote the results on the ADNI-2CLS, ADNI-3CLS, and ADNI-4CLS tasks, respectively. 
 and  denote the Accuracy and AUC, respectively.

maps are upsampled and superimposed on the original images to 
provide intuitive visualization results. For the comparison models, we 
directly upsample the attention maps and overlay them on the original 
images to obtain visualizations. We show the attention maps of the four 
methods in Fig.  6, where the color gradient from blue to red indicates 
that the weight changes from low to high.

As we can see from Fig.  6, the attention map of AttResNet exhibits 
sparse characteristics, which might be caused by using ReLU as the 
activation function for the attention output. The attention map of 
AMSNet covers almost the entire foreground area, probably because 
dilated convolutions are used to fuse multi-scale information, leading to 
mixed local features and affecting the model’s interpretability. Different 
from them, both LA-GMF and AFFNet demonstrate strong discrimi-
native localization capabilities, effectively highlighting brain regions 
associated with AD, such as the hippocampus and parahippocampal 
gyrus. However, there are differences in their attention weights. The 
discrepancy might stem from the fact that LA-GMF aims to learn 
strong consistency between attention weights and category semantics, 
which leads to the attention map overfitting the category semantics. By 
contrast, AFFNet learns the distributional similarity between attention 
activations and slice-level true category prediction probabilities via 
its attention alignment module, and thus it offers more flexibility, 
enhancing AFFNet’s performance in both localization and classification 
tasks.

Quantitative Evaluation. Because subtle differences in the same 
key brain regions between different subjects often constitute the key 
basis for disease diagnosis, it is crucial to locate discriminative regions 
stably. To systematically evaluate the consistency and reliability of 
various methods in identifying discriminative regions, we design a set 
of quantitative evaluation strategies, presented below. First, based on 
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existing literature [39,40], we identify the brain regions most closely 
associated with AD. Their names and corresponding areas in the AAL 
template [41] are listed in Table  6.

Subsequently, for each method, we upsample the obtained attention 
maps to the original image size and segment them into multiple brain 
regions using the AAL template. We then calculate the average atten-
tion weight of each region as its score. The top 20 regions with the 
highest scores for each sample serve as the sample-level discriminative 
regions identified by the model. From all samples, we select the top 20 
regions with the highest selection frequency as the population-level dis-
criminative regions for each method. It is worth noting that we include 
M2FAN in the comparison methods, and although it does not provide 
attention maps that can be visualized, it extracts patches from each 
brain region according to the AAL template and calculates attention 
scores, which is similar to our method. Finally, based on the brain 
regions closely associated with AD as reported in existing literature, and 
the population-level discriminative regions identified by the models, 
we calculate the frequency-weighted average precision 𝐴𝑃𝑓𝑤 as the 
quantitative indicator of the positioning accuracy of different methods, 
it is: 

𝐴𝑃𝑓𝑤 =
∑𝑁𝑡

𝑖=1 (P(𝑖) × e(𝑖) × f(𝑖))
𝑁𝑠

, (16)

which is a variant of average precision (AP) to consider both the 
importance ranking of the brain regions mined by each method and 
the frequency of each brain region being selected, 𝑁𝑠 and 𝑁𝑡 represent 
the number of significant and total brain regions in the sequence, 
respectively. e(𝑖) ∈ {0, 1} represents whether the 𝑖-th brain region 
is significant. f(𝑖) is the frequency at which the 𝑖-th brain region is 
selected, and P(𝑖) represents the precision of the 𝑖-th region containing 
significant brain regions, it is calculated by: 
P(𝑖) =

𝑚𝑖
𝑖
, (17)

where 𝑚𝑖 is the number of searched significant brain regions in the first 
𝑖 brain regions.

We present the quantitative results in Table  7, which shows that the 
most stable brain areas identified by AttResNet are No. 59 (i.e. Pari-
etal_Sup_L) and No. 60 (i.e. Parietal_Sup_R), while AMSNet tends to 
stably highlight No. 89 (i.e. Temporal_Inf_L) and No. 90 (i.e. Tem-
poral_Inf_R) brain area. The association between these areas and AD 
diagnosis is not significant in the literature. Although M2FAN can 
effectively locate brain area 39 (i.e. ParaHippocampal_L), its overall 
positioning accuracy is still poor. By contrast, LA-GMF can effectively 
and stably locate areas that are crucial for AD diagnosis, but its stability 
is still lower than the proposed AFFNet. For more clarity, we provide 
a visualization example of key brain regions based on the 027_S_0120 
sample in Fig.  7, using the same slicing configuration as that in Fig. 
6. Therefore, Figs.  6–7 and Table  7 all demonstrate the superior-
ity of AFFNet in localization performance, indicating its significant 
advantages in identifying brain areas related to AD diagnosis.

6. Discussion

Extensive experiments indicate that the performance gains of
AFFNet primarily stem from its effective integration of multi-view 
features. Unlike most existing methods that rely solely on the clas-
sification loss to extract discriminative information for AD diagnosis, 
AFFNet introduces cross-view consistency through a weak alignment 
strategy, implicitly regularizing complementary features across views 
(see Fig.  C.1(a)–(b) in Appendix  C for visualization). Additionally, its 
generalization performance on the AIBL dataset further demonstrates 
the effectiveness of the dual alignment strategy in mitigating overfit-
ting. Furthermore, as shown in Table  4 and Fig.  C.1(c) in Appendix 
C, the private bias filtering module enhances feature discriminability, 
underscoring the importance of explicitly addressing view-specific bi-
ases in multi-view learning—an aspect often overlooked by previous 
multi-view methods.
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Fig. 6. Comparison of attention maps from different models across various task settings. AttResNet and AMSNet suffer from interpretability issues: AttResNet produces sparse 
maps, while AMSNet’s maps overly cover the foreground. By contrast, LA-GMF and AFFNet effectively highlight key brain regions, with AFFNet showing superior robustness and 
stability in identifying discriminative areas.
Table 6
The corresponding names and numbers of important brain regions related to AD in the AAL template.
 ROI AAL name AAL number 
 hippocampal, uncus Hippocampus_L, Hippocampus_R 37/38  
 parahippocampal, entorhinal cortex ParaHippocampal_L, ParaHippocampal_R 39/40  
 amygdale Amygdala_L, Amygdala_R 41/42  
 fusiform Fusiform_L, Fusiform_R 55/56  
 precuneus Precuneus_L, Precuneus_R 67/68  
Table 7
Comparison of population-level discriminant regions and the 𝐴𝑃𝑓𝑤 identified by different models.
 Methods Selected ROIs and corresponding frequencies 𝐴𝑃𝑓𝑤  
 AttResNet 59(0.65), 60(0.64), 24(0.55), 41(0.53), 23(0.52), 69(0.47), 11(0.43), 19(0.43), 63(0.43), 57(0.42),

13(0.41), 22(0.41), 17(0.40), 42(0.39), 26(0.39), 65(0.39), 83(0.37), 61(0.37), 4(0.34), 1(0.33)
0.019  

 M2FAN 39(0.60), 87(0.59), 27(0.58), 26(0.58), 89(0.58), 25(0.57), 88(0.57), 41(0.55), 42(0.54), 84(0.53),
15(0.52), 40(0.52), 28(0.52), 5(0.50), 21(0.47), 16(0.46), 83(0.46), 6(0.46), 38(0.46), 75(0.45)

0.121  

 AMSNet 90(0.70), 89(0.69), 75(0.58), 76(0.58), 53(0.56), 114(0.56), 115(0.53), 54(0.52), 36(0.52), 28(0.52), 
56(0.49), 73(0.48), 18(0.47), 74(0.45), 41(0.42), 106(0.41), 17(0.40), 29(0.39), 5(0.39), 42(0.39)

0.016  

 LA-GMF 42(0.99), 41(0.99), 40(0.99), 38(0.98), 56(0.96), 39(0.86), 37(0.83), 55(0.83), 89(0.79), 83(0.76), 
87(0.72), 84(0.71), 98(0.69), 108(0.68), 100(0.66), 96(0.65), 97(0.64), 90(0.60), 95(0.59), 107(0.53)

0.745  

 AFFNet 37(1.00), 38(1.00), 39(1.00), 40(1.00), 41(1.00), 42(1.00), 56(1.00), 55(1.00), 96(0.99), 98(0.99),
97(0.98), 76(0.97), 75(0.97), 95(0.91), 108(0.87), 73(0.84), 107(0.80), 74(0.76), 100(0.71), 99(0.55)

0.800  
While AFFNet has demonstrated promising results, its scalability 
to larger datasets remains to be fully explored. In future work, we 
plan to integrate multiple publicly available datasets to construct large-
scale benchmarks, thereby enabling a more comprehensive evaluation 
of AFFNet’s generalization ability. Additionally, AFFNet focuses solely 
on utilizing sMRI data, while accurate AD diagnosis typically benefits 
from multi-modal integration, such as combining clinical records, PET, 
and other imaging modalities. Considering the semantic differences 
between different modalities, in the future we plan to enhance the 
dual alignment module for multi-modal settings by integrating the 
confidence scores of specific modalities to guide cross-modal semantic 
alignment. Meanwhile, we will explore the applicability of the privacy 
bias filtering module in the field of multi-modal learning, i.e., whether 
it can effectively identify and suppress irrelevant signals specific to each 
10 
modality, thereby facilitating robust multi-modal integration. More-
over, AFFNet still relies on lightweight CNNs for feature extraction, 
whereas recent large language models [42] and pretrained multi-modal 
frameworks [43,44] have demonstrated remarkable generalization abil-
ities in medical-related tasks. Therefore, we plan to explore integrat-
ing these powerful models into our framework to further improve 
diagnostic performance and scalability.

7. Conclusions

In this paper, we propose a novel deep multi-view learning frame-
work, AFFNet, which is designed to fully exploit the multi-view infor-
mation embedded in 3D sMRI for boosting AD diagnosis. By integrating 
both 3D and 2D convolutions, the framework effectively preserves 
low-level spatial details and mitigates the loss of critical structural 
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Fig. 7. Visualization of key brain regions of the sample 027_S_0120 under the same 
slice settings as Fig.  6.

information. Additionally, the proposed dual alignment module en-
hances feature consistency across views while retaining complementary 
information, thereby improving the quality of multi-view representa-
tions. Moreover, the private bias filtering module leverages a cross-view 
contrastive loss and the orthogonal decomposition with semantic regu-
larization to identify and eliminate intra-view biases, further promoting 
effective feature fusion. Experimental results demonstrate that AFFNet 
achieves superior performance in AD classification and produces more 
discriminative and interpretable attention maps, providing clinicians 
with a more trustworthy basis for supporting AD diagnosis.
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Appendix A. Algorithm flow

In this appendix, we provide a detailed description of the training 
procedure for the proposed algorithm to facilitate a better understand-
ing, as shown in Algorithm A.1.
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Algorithm A.1 AFFNet
Input: Training data , the number of training epochs 𝑇 .
Output: Well trained AFFNet.
1: for 𝜏 ∈ [1, 𝑇 ] do
2:  Random select a batch of samples {𝐗,𝐘} from ;
3:  𝐈3𝐷 ← f3𝐷(𝐗) ⊳ Obtain 3D representation.
4:  {𝐈𝑚2𝐷}

𝑀
𝑚=1 ← reshape(𝐈3𝐷) ⊳ Obtain 2D multi-view input features.

5:  {𝐈𝑚}𝑀𝑚=1 ← {f𝑚2𝐷(𝐈
𝑚
2𝐷)}

𝑀
𝑚=1 ⊳ Obtain multi-view slice-level 

features.
6:  {𝐇𝑚}𝑀𝑚=1 ← Eqs. (2)-(3) ⊳ Obtain multi-view global 
confounding features.

7:  𝑆𝐴 ← Eqs. (4)-(5) ⊳ Perform semantic alignment.
8:  𝐴𝐴 ← Eqs. (6)-(7) ⊳ Perform attention alignment constraints.
9:  𝐶𝐶 ,𝑆𝑅, {𝐄𝑚}𝑀𝑚=1 ← Eqs. (8)-(13) ⊳ Filter private bias.
10:  𝐶𝐿𝑆 ← Eq. (14) ⊳ Fuse {𝐄𝑚}𝑀𝑚=1 and perform the final 

classification.
11:   ← Eq. (15) ⊳ The final objective function.
12:  Back-propagate  to update model parameters;
13: end for

Appendix B. Visualization of the ADNI dataset

In this appendix, we present the 2D 𝑡-SNE visualization results based 
on the ADNI dataset to assess the potential confounding effects of age 
and sex on imaging data. Specifically, we downsample the preprocessed 
sMRI scans by a factor of 8 and use the flattened features as the input 
to 𝑡-SNE. To evaluate the effect of age, we divide the age of subjects 
into four intervals: <60, [60, 70), [70, 80) and ≥80, and perform 2D 
embedding visualization with these age intervals as labels. For the 
evaluation of sex, we directly utilize the sex of the subject as a label 
for 2D embedding visualization. As we can see from Fig.  B.1, the 
visualization of sMRI data shows that there is no obvious cluster, no 
matter whether they are grouped by age or sex. This indicates that the 
preprocessed imaging data does not have significant age- or sex-related 
bias. 

Appendix C. 𝒕-SNE visualization of multi-view features

To more clearly demonstrate the working mechanism of our pro-
posed module, we perform 𝑡-SNE visualization of the features extracted 
under different settings, as shown in Fig.  C.1.

Specifically, Fig.  C.1(a) and (b) present the visualizations of multi-
view features before and after applying the dual alignment module, 
respectively. Before alignment, features from different views are in-
termingled in the embedding space with significant color overlaps, 
suggesting that complementary information across views is not effec-
tively captured. Although a certain degree of inter-class separability 
exists, the intra-class compactness is relatively poor. After applying 
the dual alignment module, features from different views converge to-
ward a shared clustering center, revealing a well-organized cross-view 
structure. Additionally, features within each view exhibit enhanced 
intra-view cohesion, and the intra-class compactness is substantially im-
proved. These results clearly demonstrate that our alignment strategy 
introduces weak consistency across views while effectively preserving 
complementary information.

Fig.  C.1(c) further shows the visualizations of private bias features 
and essential features extracted by the private bias filtering module. 
It can be observed that private bias information is successfully identi-
fied and disentangled. Meanwhile, the essential features exhibit strong 
intra-view cohesion and clear inter-class separability, indicating that 
the extracted essential representations not only retain complementary 
information but also enhance semantic discriminability.
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Fig. B.1. 2D 𝑡-SNE embedding visualization of preprocessed structured MRI data after 8x downsampling, categorized by age and sex.
Fig. C.1. 2D 𝑡-SNE visualizations of learned features. (a) Visualization of multi-view features before dual alignment. (b) Visualization of multi-view features after dual alignment. 
(c) Visualization of private bias features and essential features extracted by the private bias filtering module.
Data availability

All data list and source codes are available at: https://github.com/
nollexu/AFFNet.
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