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Abstract
Alzheimer’sDisease (AD) is one of themost common forms of neurodegenerative disease that involves
the accumulation of amyloid beta plaques and tau tangles. The early diagnosis of AD is crucial as it
helps patients to start preventive interventions to slow the disease’s progression.We created aGuided-
Attention Feature ExtractionDeep LearningNetwork (GADL) for the early diagnosis of Alzheimer’s
disease (AD).We applied aGADL for the prediction ofmild cognitive impairment (MCI) progression
toADand classification betweenMCI and cognitively normal (CN).We trained themodel with
magnetic resonance imaging images in the Alzheimer’s DiseaseNeuroimaging Initiative (ADNI)
database by subject-level data splitting and verified its generalizability in the Australian Imaging
Biomarkers and Lifestyle Flagship Study of Aging (AIBL) database. Ourmethod outperformed other
subject-level studies with an accuracy of 80.29% for the prediction ofMCI progression toAD and
83.70% forCNversusMCI classification in theADNI dataset. The accuracies of ourmodels when they
were applied to theAIBL dataset are recorded as 79.38% and 79.83%, respectively. These results prove
the high performance of ourmodels in terms of its generalizability. The evaluation results showed that
the proposed approach has competitive performance in comparisonwith recent studies in terms of its
performance and generalizability. These results suggest that deep learningwith guided attention can
be an effective early diagnosis technique and a prognostic tool for Alzheimer’s disease.

1. Introduction

Alzheimer’s disease (AD) is one of themost commonneurodegenerative diseases. Currently,more than 6.7
millionAmericans aged�65 years suffer fromADand this number could increase tomore than 13.8million by
2060 [1].Mild cognitive impairment (MCI) occurs before dementia and, without timely treatment,MCI can
slowly progress to ADwithin 3 years [2]. AlthoughADpathology is irreversible and incurable with current
treatments, there are systematic treatments available thatmay helpmanage symptoms or delay disease
progression, especially in theMCI stage [3]. Therefore, early diagnosis of AD is particularly important for early
preventive interventions to alleviate disease progression. The clinical diagnosis of AD relies on various types of
clinical information, includingmedical history, neurological assessments, and behavioral tests. However, these
early diagnostic techniques are inaccurate, with 18.18%misdiagnoses leading to inappropriatemedication [4].

Neuroimaging plays an important role in discovering the pathological signs for the diagnosis of AD, such as
brain atrophy in the hippocampus or temporal lobe, abnormal graymatter volume, and amyloid depositions
[5, 6].Magnetic resonance imaging (MRI) can effectively provide information about brain structures with a high
contrast of soft tissues and high spatial resolution, allowing important AD-related biomarker extraction for early
diagnosis [7, 8]. However,manual diagnosis by doctors usingMRI scans is time-consuming and depends on the
expertise of the clinician, which could lead to an inappropriate diagnosis. Therefore, computer-aided
approaches based onMRI are crucial for the rapid and accurate diagnosis of AD.

Deep learning has demonstrated remarkable success in computer-aided diagnosis, particularly inmedical
imaging classification.Owing to evident differences in brain atrophy between individuals who are cognitively
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normal (CN) and thosewithAD, numerous convolutional neural network approaches based on structuralMRI
have exhibited excellent diagnostic capabilities for CNandAD [9–12]. Thesemethods have shown that essential
brain structures, such as the hippocampus and amygdala,may be of critical importance inADdiagnosis.
Progressive cerebral atrophy initiallymanifests in themedial temporal lobe, followed by the hippocampus,
amygdala, and para-hippocampus [13]. However, the diagnosis of AD fromCN is too late for effective early
interventions compared to early-stage diagnosis.

Recently,many studies have shifted their attention toward developing deep-learning-based approaches to
address the classification betweenMCI andCN, aswell as predicting the progression fromMCI toAD [14, 15].
These efforts aimed to identify the signs of cognitive decline earlier, allowing for timely intervention and
treatment strategies. In 2023, EL-Geneedy et al [14] proposed anMRI-based deep learning approach to classify
patients who are CNand thosewithMCI and stratify them into different dementia stages.Hoang et al [15]
demonstrated that anMRI-based vision transformer approach could classify the progression ofMCI toADwith
high performance. However, these approaches have not considered duplicate informationwhen usingmultiple
images of the same patient in both the training and test datasets. Ignoring this could lead to data leakage, which
could significantly affect the reliability of the results.

Wen et al [16]highlighted the issue of overly optimistic outcomes arising fromdata leakage in several AD
classification studies, emphasizing that when defining the training, validation, or test datasets, wemust split
them at the subject level and not at the image or slice level. There are two common strategies to splitMRI scan
data: (1) slice-level/image-level split, inwhich different slices or scans of the same subjects are contained both in
training and test datasets (data leakages will occur), and (2) subject-level split, the scans from the same subjects
can only be contained in training or test datasets.Whenmodels are trainedwith data leakage, their
generalizability becomes uncertain. Although theymay yield considerable results in specific databases, their
performance can decrease dramatically when evaluated in other databases. Therefore, the evaluation of amodel
using an independent dataset is essential for clinical applications.

In this study, we propose aGuided-Attention Feature ExtractionDeep LearningNetwork (GADL) that can
predict the progression ofMCI toAD and classify CNversusMCImore efficiently and accurately using brain
atrophy information generated byADversus CN classifier on the presumption that the same brain regionswill
also be important forMCI classification. Ourmodel overcomes the data leakage problemby splitting the
training, validation, and test datasets at the subject level, thereby avoiding overly optimistic and inappropriate
results.

2.Material andmethod

2.1.Materials
The image data used in this studywere obtained from theAlzheimer’sDiseaseNeuroimaging Initiative (ADNI)
[17] and theAustralian Imaging Biomarkers and Lifestyle Flagship Study of Aging (AIBL) [18]. TheADNI and
AIBL are the largest clinicalmedical imaging databases used for the development of early diagnosticmethods
and the identification of related biomarkers of AD.

The datawere divided into five groups: CN,MCI, AD, progressiveMCI (pMCI), and stableMCI (sMCI).We
defined pMCI as patients withMCIwho converted toAD after 3 years, whereas sMCI included patients with
MCIwho remained in theMCI state after 3 years. For the ADNI database, 1.5 T/3 T three-dimensional (3D)T1-
weighted structuralMRI scans of patients in the ADNI-1, ADNI-2, or ADNI-3 phaseswere obtained.We
collected only patient data with complete non-imaging information, such as age, apolipoprotein E (APOE) type,
Mini-Mental State Examination (MMSE) score, or neurological evaluation, including 405 patients withAD, 760
whowereCN, 1078withMCI, 270with pMCI, and 273with sMCI. For theAIBL database, we also obtained
1.5 T/3 T 3DT1-weightedMRI scans frompatients with fully essential non-imaging information, including 243
patients whowere CN, 66withMCI, 16with pMCI, and 25with sMCI. Table 1 presents the key demographic
details of the participants from theADNI andAIBL datasets.

To remove noise fromdata acquisition and enhance differences in brain structure, we used a brain image
pre-processing protocol involving image registration and biasfield correction using the FunctionalMagnetic
Resonance Imaging of the Brain Software Library (FSL;OxfordUniversity Innovation,Oxford, UK), which can
be downloaded fromhttps://fsl.fmrib.ox. ac.uk/. First, we reoriented images tomatch the orientation of the
standard template images (Montreal Neurological Institute 152)with the ‘fslreorient2std’ function of the FSL.
Because the acquisition protocols ofMRI images among the ADNI andAIBL are different, the FSL Linear Image
Registration Tool algorithmwas used to align each image to theMontreal Neurological Institute standard
template. Next, a biasfield correctionwas applied using theN4ITKmethod [19]. The detailed T1-weightedMRI
scan pre-processing pipeline is shown infigure 1.
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2.2.Overall architecture - GADL
In this study, we proposed aGADL for the early diagnosis of AD, including the prediction of the progression of
MCI toAD andCNversusMCI classification. The overall architecture is illustrated infigure 2.Our approach
contained twomajor components: a guided-attention feature extractor and a task classificationmodel. Because
MCI is an intermediate stage betweenCNandAD, brain atrophy that occurs in patients withAD alsomanifests
in patients withMCI, albeit to a lesser extent. According toCalandrelli et al [20] there is evidence of cortical
thickness and brain atrophy in regions similar to those affected byADpathology, such as themiddle temporal
lobe, in patients withMCIwho later progress to AD. Therefore, we guided our feature extractor by a pre-trained
model using theCNversus AD task to learn the important brain structures that differ betweenCNandAD.

Figure 1.T1-weightedmagnetic resonance imaging (MRI) pre-processing pipeline. The upper panel is a pre-processing protocol
involving image registration and bias field correction. The lower panel is the sagittal, coronal, and axial plane of theMRI scan
processed by our pipeline.

Table 1.Patient demographics of the Alzheimer’s diseaseNeuroimaging
Initiative (ADNI) and theAustralian Imaging Biomarkers and Lifestyle
Flagship Study of Aging (AIBL) database.

Dataset Type Gender Age MMSE

ADNI CN 338 M/422 F 75.8± 6.9 27.05± 2.12

MCI 628 M/450 F 74.3± 7.8 26.71± 2.61

pMCI 156 M/114 F 74.2± 6.9 25.19± 2.11

sMCI 166 M/107 F 74.8± 7.3 27.62± 2.00

AD 227 M/178 F 75.7± 7.7 25.91± 1.26

AIBL CN 96 M/147 F 74.9± 6.3 28.95± 2.33

MCI 35 M/31 F 76.5± 7.0 26.65± 1.35

pMCI 9 M/7 F 76.3± 5.4 24.98± 3.45

sMCI 12 M/13 F 76.0± 6.5 27.13± 2.84
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2.3. Guided-attention feature extractor component
In contrast to two-dimensionalmedical imaging, 3DMRI provides important pathological brain structural
information in all three planes: axial, coronal, and sagittal. Directly applying the original 3D images with
dimensions 193× 229× 193 requires a significant amount of computational time. Therefore, we extracted the
originalMRI scan intomultiple sub-planes, such as left sagittal, right sagittal, and inferior axial, given that the
originalMRI scan, Î ´ ´ ´I RB Sag Cor Ax, where ´ ´Sag Cor Ax is sagittal, coronal, and axial spatial resolution
and the batch size is B, will be extracted to sub-plane ( ) ( )¢ Î ´ ´ ´ ´I Ri

B w H w w1 2 with ´ =w w C1 2 , where
C H andW, , are channels, height, andwidth of related planes ( ´ ´Sag Cor Ax for sagittal-based planes,

´ ´Cor Sag Ax for coronal-based planes, and ´ ´Ax Sag Cor for axial-based planes).
In this study, we extracted 3DMRI scans into six sub-planes: left–right sagittal, superior–inferior axial, and

anterior–posterior coronal, where

( ) ( )¢ =I Plane Extraction I 1i

[ ] ( )¢ = ¢ ¢ ¼ ¢I I I I, , , . 21 2 6

Each sub-planewas trained individually with CNversus AD tasks to learn specific important brain domains
in each plane using a convolutional neural network block DCNN . The extracted features are Î ´F Ri

B 256, where

( ) ( )= ¢F D I 3i CNN i

[ ] ( )= ¼F F F F, , , . 41 2 6

The convolutional neural network block is a combination of the ResNet (Python Software Foundation,
Wilmington, DE,USA) architecture and the convolutional attentionmodule. The detailed architecture of the
convolutional attentionmodule is shown infigure 3. The dual-attentionmechanismwasfirst introduced by
Woo et al [21] and consists of two components: channel and spatial attention. In this study, we applied dual
attention to a convolutional attentionmodule to extract spatial information from each sub-plane image. In the
channel attention block, themaximum- and average-pooling layers were applied to aggregate the spatial
information before using the sharedmulti-layer perceptron layer to compute the channel attention score by
element-wise summation. In the spatial attention block, we aggregated channel information using two pooling
operations (maximumandmean), followed by the generation of a spatial attentionmap by applying a
convolution layer:

Figure 2.Guided-Attention Feature ExtractionDeep LearningNetwork Architecturewith two components: Guided-attention feature
extractor and task classificationmodel for specific task.
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( ) ( )¢ =Y Fully Connected Layer F 5i i

([ ]) ( )¢ = ¢ ¢ ¼ ¢Y torch cat Y Y Y. , , , 61 2 6

( ) ( )= ¢- CrossEntropyLoss Y Y, 7CN ADL

where ¢ Î ´ ´Y RB 6 256 is the output of the fully connected layer and Y is the target label for theCN versus AD
classification task.

After trainingwith theCNversus AD task, we froze theweight and used the convolutional neural network
block as a pre-trained feature extractor in the task classificationmodel to predictMCI progression and classify
the CNversusMCI stages.

2.4. Classificationmodel
In this component, we used the features extracted by the feature extractor to classify specific tasks, such as pMCI
versus sMCI orCN versusMCI. The detailed architecture of the task classificationmodel is shown infigure 2.
The originalMRI scanwas extracted into six sub-planes using the same plane extraction as the previous
component [ ] ( ) ( )Î  ¢ ¢ ¢ ¼ ¢ ¢ Î´ ´ ´ ´ ´ ´ ´I R I I I I I R: , , , ,B Sag Cor Ax

i
B w H w w

1 2 6
1 2 . Given that the convolutional

neural network blocks are [ ]= ¼E E E E, , , ,1 2 6 inwhich Ei is the pre-trained feature extractor for each sub-
plane, the features extracted by thosemodels are [ ]= ¼F F F F, , , ,1 2 6 with Î ´F Ri

B 256:

( ) ( )= ¢F E I 8i i i

[ ] ( )= ¼  ¢ Î ´ ´F F F F F R, , , . 9B
1 2 6

6 256

After aggregating the features from ´ Î ´F R6 i
B 256 to ¢ Î ´F RB x6 256, we inputted those into dual-classifier

architecture involving a fully connected layer and a self-attention classifier.

( ) ( )¢ = ¢Y FullyConnected F 10

( ) ( )¢ = ¢¢Y SelfAttention F , 11

inwhich, ¢Y and  Î ´Y RB 2 are the classification score given by the fully connected layer and self-attention
classifiers, respectively.

In the self-attention classifier, we aggregated feature embeddings using self-attention scores. After down
sampling using the linear layer, we transformed each feature into two vectors, U andV:

( ) ( )¢ = ¢¢F nn Linear F. 12

( ) ( )= AttentionU FU 13

( ) ( )= AttentionV FV 14

( ) ( )=W nn Linear U V. 15*

( ) ( )¢ = ¢Y F Softmax W , 16*

Figure 3.Convolutional block attentionmodule with channel and spatial attention features extracted by the conventional neural
network block, which then goes to the fully connected layer to classify cognitively normal (CN) andAlzheimer’sDisease (AD) stages.
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where AttentionU is the combination of nn Linear. and nn Sigmoid. ; AttentionV is the combination of
nn Linear. and nn Tanh. . After calculating the classifier scores using the dual classifier, the outputs are
concatenatedwith normalized clinical data (APOE,MMSE, AGE, etc) to generate thefinal feature
representation ( )¢  Î Å´ ´Y Y R R, B B2 5. This representation is subsequently fed into a classificationmodule
composed of a sequence of linear layers to performdisease classification.

( ) ( )¢ = ¢Y Classifier Y_1 17final

( ) ( )¢ = ¢Y Classifier Y_2 , 18final

Weestimated the loss of each classifier and overall loss:

( ) ( )= ¢CrossEntropyLoss Y Y, 19final1L

( ) ( )= CrossEntropyLoss Y Y, 20final2L

( ) ( )a a= + -1 , 211 2L L L

where ¢Yfinal and ¢ Î¢ ´Y Rfinal
B 2 are classification logits and Y is the target label for the specific classification task,

such asCN versusMCI or sMCI versus pMCI.
To address the issue of class imbalance in our dataset, we applied imbalanceweighting directly within the

loss function 1L and 2L . Specifically, we used class weights inversely proportional to the frequency of each class,
ensuring thatminor classes had a higher impact on the loss calculation. This helped themodel learnmore
effectively from all classes, rather than being biased toward themajority class. Theweighted loss was computed
as follows:

( ( ) ) ( )å= ⋅
=

w f x y, 22weighted
i

N

y i i
1

i
L L

where wyi
is theweight assigned to the true class yi of sample xi andL is the base loss such as 1L and 2L .

2.5. Experiment setting
In this study, we conducted experiments using one guided-attention task (CNversus AD) and two binary-
classification tasks (sMCI versus pMCI andCNversusMCI). For the guided-attention task, the training and test
sets for 80% and 20%of the total samples in theCNandADdatasets, respectively, all used subject-level splits.
For other binary-classification tasks, wefirst split the total dataset into two parts: the test dataset and the
training-validation dataset, with 20%and 80%, respectively, using subject-level splits. The training-validation
dataset was then split into training and validation datasets using afive-fold cross-validation (CV) scheme. All the
datasets were acquired from theADNI database. Themodel was separately trained and evaluated for each
classification task. For theCN versusMCI task, only cognitively normal (CN) andmild cognitive impairment
(MCI) subjects were used. For the pMCI versus sMCI task, themodel was trained and evaluated solely onMCI
subjects, further divided into progressiveMCI (pMCI) and stableMCI (sMCI). There is no sequential
dependency between the two tasks; the output of the CNversusMCI classification does not feed into the pMCI
versus sMCI task. Consequently, nomisclassified samples from thefirst task are used in the second. This ensures
that the performance of each classification task is not affected by the other.

To establish a baseline performance, we conducted an experiment using only the clinical data without
incorporating any component of the proposed neural network. This experiment was performed using a logistic
regressionmodel, a widely usedmethod for clinical prediction tasks [16, 20]. The results from this analysis
reflect the performance of a traditional clinical approach and serve as a comparison point for evaluating the
effectiveness of our proposedmethod. To evaluate the generalizability of ourmethods, we usedCN,MCI, sMCI,
and pMCI data fromAIBL as an evaluation dataset. TheGADLmodel was implemented using the PyTorch
library [22]. TheGADLwas trained using anAdaptiveMoment Estimation (Adam) as an optimizer for 100
epochs, with a learning rate of 1e-5, weight decay of 1e-4, and batch size of 8.Our experiments were performed
on amachinewith an Intel(R)Xeon(R)Gold 6258 R central processing unit@ 2.70 GHzwith 256GB random-
accessmemory (Intel Corporation, Santa Clara, CA,USA). The training took approximately 20 h using a 4x
NVIDIAGeForce RTX 3090 (Nvidia Corporation, Santa Clara, CA,USA).

The evaluation criteria used in this studywere accuracy, sensitivity, specificity, and area under the curve as
follows:

( )=
+

+ + +
Acc

TP TN

TP TN FP FN
23

( )=
+

Sen
TP

TP FN
24

6

Phys. Scr. 100 (2025) 065020 GMHoang et al



( )=
+

Spec
TN

TN FP
, 25

where TP, TN, FP, and FNdenote the true positive, true negative, false positive, and false negative values,
respectively, andAcc, Sen, and Spec denote the accuracy, sensitivity, and specificity, respectively.

3. Results

3.1. Performance on guided-attention taskwithCNandAD classification
With the presumption that the same brain regions inCNversus ADwill also be important forMCI classification,
we guided our feature extractor by pre-training each sub-planemodel using theCNversus AD task in the ADNI
database. Ourmodel achieved accuracies of 95.83%, 94.79%, 94.46%, 93.11%, 95.33%, and 94.74%using left-
right sagittal, superior-inferior axial, and anterior-posterior coronal plane respectively. To ensure the reliability
of the feature extractormodel, we visualized themodel activation heatmap using explainable artificial
intelligence. Figure 4 shows the highlighted regionsmeasured using the attention score duringmodel prediction.
The upper panel offigure 4 shows the left and right sagittal planes, with attention scores highlighted in the
medial temporal lobe, including the hippocampus and amygdala, which are among the first brain domains
affected byAD [13]. In themiddle panel, the guided-attention feature extractionmodel focuses on the gray
matter and part of the temporal lobe in the superior and inferior axial planes. In the lower panel, the graymatter,
hippocampus, and temporal lobe in the anterior and posterior coronal planes are highlighted using ourmodel.
These highlighted brain regions suggest that the features extracted by ourmodel included essential brain
structures for AD, such as themedial temporal lobe and hippocampus.

Figure 4.Visualization of important pathological locations of feature extraction by the guidingmodel. Upper panel: left-right sagittal
planes.Middle panel: superior-inferior axial planes. Lower panel: anterior-posterior coronal planes.

7

Phys. Scr. 100 (2025) 065020 GMHoang et al



3.2. Performance ofMCI progression toADprediction in theADNI database
First, we predicted the progression ofMCI toAD. Table 2 compares our classification performancewith that of a
previous study [23–32]. Using only clinical data, including age, APOE,MMSE, and neurological evaluation, the
classification performance had 71.09%accuracy, 77.11% sensitivity, 65.94% specificity, and 74.94%AUC.
When combining ourGADLwith clinical data, we achieved 80.29± 1.53% accuracy, 85.73± 2.13% sensitivity,
74.43± 3.9% specificity, and 85.71± 0.44%AUC.Our results outperformed those of current state-of-the-art
studies using subject-levelMRI scans for predicting the progression ofMCI toAD [23–32]. Thefive-foldCV
accuracy and receiver operating characteristic curves are shown infigure 5(a).

3.3. Performance of CNandMCI classification in theADNI database
Second, we conducted aCNversusMCI experiment using theADNI database. Table 3 shows the performance of
theCNversusMCI classification in the ADNI database. Using only clinical data, the accuracy, sensitivity,
specificity, andAUCwere 78.2%, 72.28%, 83.07%, and 82.32%, respectively.Whenwe applied theGADL to
clinical data, we achieved 83.70± 1.47% accuracy, 85.97± 1.47% sensitivity, 79.93± 4.85% specificity, and
91.24± 0.11%AUC.Our approach consistently outperformed previous studies for all four indicators of
classification performance [30, 31, 33–37]. Thefive-fold CV accuracy and receiver operating characteristic
curves of the CNversusMCI classification tasks are shown infigure 5(b).

3.4. Generalization performance in theAIBLdatabase
To verify the generalizability of our approach, we used the AIBL as an independent dataset to evaluate our
model. The experimental performances for both pMCI versus sMCI andCNversusMCI are shown in table 4.
The classification performance in pMCI versus sMCI task had 79.38± 1.70% accuracy, 76.66± 2.27%
sensitivity, 87.30± 0.44% specificity, and 84.06± 1.07%AUC. For theCN versusMCI classification task, we

Figure 5.The five-fold cross-validation (CV) performance in theAlzheimer’s diseaseNeuroimaging Initiative (ADNI) database for
(a). the prediction of progression frommild cognitive impairment (MCI) toAD. (b). CNversusMCI classification tasks.

Table 2.Prediction performance of the progression ofmild cognitive impairment (MCI) toAlzheimer’sDisease in the ADNI dataset.

Study Acc (%) Sen (%) Spec (%) AUC (%)

Li et al [23] 71.1 — — 76.19

Zhang et al [24] 73.68 65.91 79.05 72.1

Zhang et al [25] 76.88 77.25 76.5 78.45

Zhang et al [26] 73.2 53.26 82.96 68.06

Xin et al [27] 77.1 82.0 68.2 80.7

Guan et al [28] 73.54 69.46 76.55 75.7

Gao et al [29] 75.3 77.3 74.1 78.6

Hu et al [30] 77.2 79.97 71.59 81.53

Mulyadi et al [31] 67.85 — — 75.67

Gao et al [32] 77.8 75.4 79.6 82.8

Clinical Data 71.09 77.11 65.94 74.97

GADL 80.29± 1.5 85.73± 2.1 74.43± 3.9 85.71± 0.4
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achieved 79.83± 7.22% accuracy, 93.72± 3.02% sensitivity, 76.86± 9.39% specificity, and 94.64± 0.18%
AUC.Compared to the performance in the ADNI database, ourmethod showed no clear decline in performance
for pMCI versus sMCI andCNversusMCI inmost of themetrics.

3.5. Ablation study
To investigate the effect of our proposed approach including subject-level splitting and guided-attention
mechanism,we conducted two ablation experiments. In the first experiments, we split data in training and
validation datasets by slice level while the test dataset will be kept as an independent dataset. The results are
shown in table 5.We observed that themodel will return over-optimistic performance when training and
validating in slice-level datasets. Therefore, whenwe evaluated them in independent test datasets, the
performance dropped significantly. By trainingwith subject-level, our approach could learnmore informative
features and overcome the limitations. In the second experiment, to validate the effectiveness of transferring the
CNversus ADmodel to the pMCI versus sMCI classification task and other components, we conducted an
ablation study comparing following training strategies: (a) using the pretrainedCNversus ADmodel and fine-
tuning it on pMCI versus sMCI data (Pretrained), (b) training amodel from scratch directly on the pMCI versus
sMCI classification task (FromScratch), (c) training themodel without the dual attentionmodule, and (d)
training themodel without the support of clinical data. As shown in table 6, the Pretrainedmodel outperforms
themodel trained from scratch, demonstrating the benefit of leveraging knowledge learned from theCNversus
AD classification task.Moreover, without dual-attention, and clinical data, themodel performance decrease
significantly ensuring the effectiveness of those components.

4.Discussion

Early-stage diagnosis and progression classification are crucial for AD treatment because it allows patients to
start early intervention to delay disease progression or treat disease symptoms.However, traditional early
diagnostic techniques using clinical data are inaccurate and lead to inappropriatemedications, and computer-
aided approaches with high accuracy and generalizability are lacking. In this study, we proposed aGADL for the

Table 3.Cognitively normal versusMCI classification performance in theADNI dataset.

Study Acc (%) Sen (%) Spec (%) AUC (%)

Hu et al [30] 79.07 79.82 78.17 85.8

Mulyadi et al [31] 69.05 — — 75.17

Hao et al [33] 76.1 85.53 62.79 75.82

Mora-Rubio et al [34] 66.41 65.3 65.91 —

Zhang et al [35] 71.26 74.61 67.96 71.47

Poloni and Ferrari [36] 75.58 72.94 77.81 83

Zhang et al [37] 73.77 89.13 50.41 73.14

Clinical Data 78.2 72.28 83.07 82.32

GADL 83.70± 1.4 85.97± 1.4 79.93± 4.8 91.24± 0.1

Table 4.Generalization performance of classificationmodel
in theAIBL datasets.

pMCI versus sMCI CNversusMCI

Accuracy (%) 79.38± 1.70 79.83± 7.22

Sensitivity (%) 76.66± 2.27 93.72± 3.02

Specificity (%) 87.30± 0.44 76.86± 9.39

AUC 84.06± 1.07 94.64± 0.18

Table 5.Performance of the progression ofMCI toADandCNversus
MCI classification in the ADNI database by Slice-level data splitting.

CN versusMCI pMCI versus sMCI

TrainingAccuracy (%) 100± 0.00 99.16± 0.95

ValidationAccuracy (%) 98.76± 0.57 98.30± 0.38

Test Accuracy (%) 71.63± 2.32 64.24± 1.21
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early-stage diagnosis and progression classification of AD.We conducted two tasks: predicting the progression
ofMCI toAD andCNversusMCI classification, with considerable performance and high generalizability.

Ourmodel contained twomajor components: a guided-attention feature extractor and a task classification
model. In the guided attention feature extractor, we hypothesized that the convolution neural networks block
can learn important brain atrophy regions to extract the necessary information by trainingwithCN versus AD
tasks. Brain atrophy occurs in patients with AD, especially in the greymatter and the temporal lobe, involving
the hippocampus and amygdala [13], which can be easily recognized inMRI images. BecauseMCI is the
intermediate stage betweenCNandAD, these brain atrophy regions also occur inMCI, but at a lower level.

However, without any guidance, the deep learningmodel cannot determine the brain regions that need to be
focused on, which can lead to an overfitting of themodel. By guiding the feature extractor with the results from
theCNversus AD tasks, we can tell themodel which brain structures or features are important as AD
pathological biomarkers. To ensure the interpretability of ourmethods, we visualized the activation heatmap of
themodel during prediction. As shown infigure 4, ourmodel focused on themedial temporal lobe, particularly
the hippocampus and amygdala, in agreement with other studies on the pathological regions of AD [13, 20, 38].
These results indicated that our feature extractor could extract important brain structures related toAD. A
possible reason for this is that the dual-attentionmechanism in the convolution attentionmodule could
effectively enhance and recognize the spatial differences in the brain regions between the AD andCNgroups.

Using the pre-trained feature extractor, we extracted the necessary information and trained the classification
model for specific tasks, such as sMCI versus pMCI orCNversusMCI classification. As shown in tables 2 and 3,
the proposedmethod outperformed the othermethods in terms of accuracy, sensitivity, specificity, andAUC for
both classification tasks. These results supported our hypothesis that the brain atrophy features extractedwith
guiding tasks can be used to diagnose AD at an early stage as well as classify the progression of AD.

Data leakage is amajor problem inmedical imaging-based deep-learning studies, particularly in AD
diagnosis. This can lead to overfitting in training or overoptimistic performance [16]. Themain reason for data
leakage is incorrect data splitting. In the ADNI andAIBL databases, each patient could havemultiple time-point
data. In addition, each image data point can be extracted intomulti-slice two-dimensional images. Therefore, if
we split the training, validation, and test datasets by slice or image levels, information that specifically represents
the patient instead of the disease could occur in both the training and validation sets. Themodel learns that
information, which leads to an overly optimistic performance. In this study, to overcome data leakage
limitations, we split our dataset by subject level.We also checked for data leakage in all fold splitting by five-
foldCV.

In computer-aided diagnosis, the generalizability of amodel is an important criterion.Without a
generalization evaluation, themodel could yield considerable results in a specific database; however, the
performancemay decline dramatically when applied to other databases. Thismakes it difficult to apply the
model to newdata, which limits its clinical application.We evaluated ourmethod using the AIBL database, an
independent dataset with different national cohorts, and the ADNI database to verify its robustness and
generalizability. As shown in table 4, the proposed approach could predict both classification tasks without an
obvious decline in performance. These results suggest that the proposedGADLmethod has favorable
generalizability and robustness across different datasets.

Although ourGADL approach achieved favorable performance in both the ADNI andAIBL databases with
both classification tasks (sMCI versus pMCI andCNversusMCI), there were still several limitations to this
method. In other transfer learning tasks in computer vision, the feature extractor is typically trained using
millions or hundreds ofmillions of images. However, the feature extractor in ourmethodwas trained onlywith
limited data, which could affect the interpretability of themodel regarding the important brain structures that
need to be focused on. In the future, we plan to pre-train our feature extractor usingmore databases, in addition
to theADNI database, to overcome this limitation. Second, the spatial information extracted by the feature
extractor can be further improved in the futurewith the development of computer vision techniques, especially
vision transformers.

Table 6.Ablation study of the progression ofMCI toAD in theADNI database.

Pretrained Dual attention Clinical data ACC SEN SPEC

✓ ✓ ✓ 80.29± 1.5 85.73± 2.1 74.43± 3.9

✗ ✓ ✓ 77.17± 2.4 80.00± 1.7 69.02± 2.8

✓ ✗ ✓ 76.38± 1.6 79.28± 1.5 74.34± 2.0

✓ ✓ ✗ 78.74± 2.6 85.71± 1.8 74.00± 3.3
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5. Conclusion

In conclusion, this paper proposed a novelmethod, theGADL, for the diagnosis of early stage and progressive
AD,which includes twomajor components: (1) the guided-attention feature extractor extracts important brain
atrophy information, guided by patients who are CN,withMCIAD tasks and (2) a task classificationmodel to
classify specific binary-classification tasks, such as patients with sMCI versus pMCI or patients who areCN
versus patients withMCI based on the features extracted by the feature extractor. The proposedGADL approach
was evaluated using two independent databases (the ADNI andAIBL)with subject-level data splitting to ensure
model generalizability. Experimental results indicated that ourGADLwith brain information extracted by the
feature extractor not only outperformed recent state-of-the-art subject-level studies in ADNI andAIBL datasets
but also achieved high generalizability across different datasets.
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