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Abstract

Background: Timely intervention and effective control of Alzheimer’s disease (AD) have
been shown to limit memory loss and preserve cognitive function and the ability to perform
simple activities in older adults. In addition, magnetic resonance imaging (MRI) scans
are one of the most common and effective methods for early detection of AD. With the
rapid development of deep learning (DL) algorithms, AD detection based on deep learning
has wide applications. Methods: In this research, we have developed an AD detection
method based on three-dimensional (3D) convolutional neural networks (CNNs) for 3D
MRI images, which can achieve strong accuracy when compared with traditional 3D
CNN models. The proposed model has four main blocks, and the multi-layer fusion
functionality of each block was used to improve the efficiency of the proposed model. The
performance of the proposed model was compared with three different pre-trained 3D CNN
architectures (i.e., 3D ResNet-18, 3D InceptionResNet-v2, and 3D Efficientnet-b2) in both
tasks of multi-/binary-class classification of AD. Results: Our model achieved impressive
classification results of 91.4% for binary-class as well as 80.6% for multi-class classification
on the Open Access Series of Imaging Studies (OASIS) database. Conclusions: Such results
serve to demonstrate that multi-stage feature fusion of 3D CNN is an effective solution
to improve the accuracy of diagnosis of AD with 3D MRI, thus enabling earlier and more
accurate diagnosis.

Keywords: 3D CNN; multi-features fusion; transfer learning; Alzheimer’s disease with
3D MRI

1. Introduction
The World Alzheimer Report 2018 estimated that, globally, one person develops

dementia every three seconds. In 2018, approximately 50 million individuals were living
with dementia, a figure projected to more than triple to 152 million by 2050. The most
common causes of dementia include Alzheimer’s disease (AD), vascular dementia (VaD),
and dementia with Lewy bodies (DLB) [1]. While both the prevalence and incidence of
dementia increase with advancing age, approximately 5% of cases have an onset before
the age of 65 [2]. AD is the leading cause of dementia, accounting for 60% to 80% of all
cases, and represents one of the primary contributors to physical and mental health decline
among the elderly worldwide [3]. Importantly, AD is an irreversible neurodegenerative
disorder, and current therapeutic options can only delay disease progression rather than
reverse it [4]. Early diagnosis of AD is therefore critical—not only to allow individuals and
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their families to plan and adapt but also because accurate and timely diagnosis is essential
for the development and implementation of future disease-modifying treatments [5,6].

Alzheimer’s disease (AD), a neurodegenerative disorder with an unclear patholog-
ical etiology, remains challenging to diagnose definitively through noninvasive clinical
methods [7–9]. Several established imaging techniques, most notably magnetic resonance
imaging (MRI) and positron emission tomography (PET), have been employed in recent
years to support the early diagnosis of AD [10,11]. However, PET imaging presents several
limitations: while it offers functional insights, its spatial resolution is limited in certain
contexts, making precise localization of pathological changes difficult [1]. Additionally,
the high cost and limited availability of PET scanners pose significant challenges for
widespread clinical and research use. In contrast, structural MRI offers high spatial resolu-
tion, widespread availability, and the ability to visualize and quantify gray matter atrophy,
making it a powerful tool for tracking AD progression [1,9,11]. As a result, MRI-based
approaches are gaining increasing attention in AD research, with significant potential for
advancing diagnosis and monitoring strategies on a global scale.

In recent years, the trend is to use deep learning (DL) and machine learning (ML)
techniques, which have made breakthroughs in medical image analysis [12–14]. The appli-
cation of ML and DL algorithms in AD detection research has achieved many surprising
results [15]. In previous studies, ML algorithms, including support vector machine (SVM),
K-nearest neighbors (KNN), and decision tree (DT), have achieved promising results in AD
diagnosis using structural MRI images [14,16]. In the past decade, convolutional neural
networks (CNNs) have shown significant potential in AD diagnosis. In addition, for the
image classification task based on ML/DL applications, the combination of different types
of features also significantly increases the accuracy of the model [17,18]. The application of
CNNs in AD detection based on MRI images is mainly divided into two main methods.
First, the 3D CNN [19] method can automatically learn discriminative features for region
of interest (ROI)-based AD diagnosis without manual feature extraction [20], and the 3D
CNN can automatically segment the hippocampus and classify AD using structural MRI
images. Second, the 2D CNN [1,12,21] is used to classify AD based on three views of 3D
MRI images. The advantage of the 3D CNN method is that it directly analyzes 3D MRI
images, while the 2D CNN needs to analyze 3D MRI images from three different views (i.e.,
axial, coronal, and sagittal) and then synthesize them [22]. The synthesis of results from
analysis in three different views is likely to lead to inaccurate prediction results. However,
the 2D CNN method has a lighter structure than the 3D CNN [9], thus significantly saving
hardware resources and implementation time. Therefore, the development of a lightweight
3D CNN that combines the advantages of 3D CNN and 2D CNN in AD detection with
3D MRI images shows great development potential. We have summarized and compared
the most recent studies on AD classification models based on 2D CNN and 3D CNN
in Table 1 below.

Table 1. AD classification research using 2D/3D CNN with 3D MRI imaging.

Reference Year Dataset Image Type Method Classification
Type

Accuracy
(%)

No. of
Layers/No. of

Parameters

Priyadharshini et al. [23] 2024 PPMI
database MRI 3D CNN Multi-class 97 23 layers

Parmar et al. [24] 2020 ADNI fMRI 3D CNN Multi-class 93 8 layers

Pan et al. [25] 2020 ADNI MR 2D CNN Multi-class 84 8 layers

Oh et al. [26] 2020 ADNI MRI
Convolutional
autoencoder
(CAE)-based

Multi-class 86.6 371 K
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Table 1. Cont.

Reference Year Dataset Image Type Method Classification
Type

Accuracy
(%)

No. of
Layers/No. of

Parameters

Balboni et al. [27] 2022 ADNI MRI

Spatial warping
network

segmentation
(SWANS) 3D- CNN

Multi-class 90 10 layers

Rogeau et al. [28] 2024 ADNI MRI 3D CNN Multi-class 89.8 3D VGG16

Alp et al. [29] 2024 ADNI MRI Vision Transformer
(ViT) Multi-class 99 x

Zhang et al. [30] 2021 ADNI MRI 2D CNN Multi-class 78.79
Transfer learing
with ResNet and

DenseNet

Zhang et al. [31] 2021 ADNI MRI 3D CNN Multi-class 95.6
Transfer learing

with
3D-ResAttNet34

Kang et al. [9] 2023 ADNI MRI

3D Deep
Convolutional

Generative
Adversarial
Networks

(DCGANs)

Multi-class 92.8 Transfer learing
with 3D ResNet

Our main motivation for this research remains to develop an approach that combines
the strengths of both 2D CNN and 3D CNN. By leveraging the advantages of each approach,
we aim to create a more robust and accurate framework for early diagnosis and classification
of Alzheimer’s disease using structural MRI data. This paper describes the following work
that was performed:

• We proposed a multi-stage feature fusion-based 3D CNN model that fuses feature
extraction across multiple blocks of a CNN to avoid information loss and improve
classification accuracy [32].

• Optimize model parameters to achieve high computational efficiency at low cost.
• Compare our proposed approach with other 3D CNN models applied in AD

classification [33].
• Preprocessing stage for structural MRI data to remove noise and reconstruct image

with four feature image (i.e., white matter, grey matter, cerebrospinal fluid, and bias
correction) to improve image quality and reduce computational complexity [34].

Our paper is structured as follows. Section 2 provides materials and methods. The
results obtained from the proposed method and comparison with state-of-the-art methods
are presented in Section 3. Section 4 provides a discussion and future research directions.
In Section 5, we conclude the paper.

2. Materials and Methods
2.1. The Open-Access Series of Imaging Studies (OASIS) Dataset

In this study, we used the Open Access Series of Imaging Studies (OASIS) database [35,36]
for the experiments with the proposed models. The OASIS database includes more than
400 subjects over 4 different patient groups with Clinical Dementia Rating (CDR) (i.e.,
Non-Demented (CDR = 0), Very Mild Demented (CDR = 0.5), Mild Demented (CDR = 1.0),
and Moderate Demented (CDR = 2.0)). However, the Moderate Demented (CDR = 2.0)
group only included 2 patients, so we excluded this group from the experiments. Details of
the OASIS database are described in Table 2 below.
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Table 2. Demographic and CDR details of OASIS subjects.

Categories CDR = 0 CDR = 0.5 CDR = 1.0 CDR = 2.0

Age (year) 43.8 ± 23.72 76.21 ± 7.14 77.75 ± 6.68 82.0 ± 4.0

Male 127 48 9 1

Female 209 52 19 1

Total 336 100 28 2

2.2. Data Preprocessing

The OASIS database was processed using SPM12 (Statistical Parametric Mapping v.12)
software [34], including realignment, co-registration, and spatial and intensity normaliza-
tion steps. In addition, these images were segmented into Bias Correction, Gray Matter
(GM), White Matter (WM), and Cerebrospinal Fluid (CSF) maps. In total, 464 3D MRI
images (i.e., size of 91 × 109 × 91 voxels) were preprocessed and normalized according
to the intensity range (0, 1). Finally, we synthesized the images into a database for eval-
uating models. The details of the analysis and synthesis process are given in Figure 1a.
Figure 1b–d show examples of 3 different types of patient MRI images after preprocessing
with 3 different view modes (i.e., axial, coronal, and sagittal).

 

Figure 1. (a) Preprocessing scheme of MRI with SPM12; examples of (b) Normal, (c) Very Mild, and
(d) Mild with three views: axial, coronal, and sagittal; Note: Bias Correction (i1) mean i1 value after
applied bias correction method.

2.3. Proposed Architecture of Classification Model Based on 3D CNN

Our proposed model processed 3D MRI images of size (91 × 109 × 91) voxels. Due to
the single channel for MRI images, we set the size of the input image to (91 × 109 × 91 × 1).
The input images were 3D cubes containing axial, sagittal, and coronal views of the brain.
In detail, the proposed model consists of 4 blocks (i.e., Blocks 1 to 4). Each block consists of
a 3D CNN layer (i.e., 3 × 3 × 3 kernel), a 3D Maxpooling layer (stride 2 × 2 × 2), and a
Normalization layer, and a rectified linear unit (ReLU) activation function was used for all
convolutional layers. The outputs of each block were connected to each other by a fusion
block. Then, several fully connected (FC) layers were added after the last pooling layer
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to process the features. The 3D feature map was generated when the result was flattened
and concatenated into a 1D vector as input to the FC layer. Finally, a softmax layer was
added to the last FC layer and used to predict the class probabilities (i.e., normal, very
mild, and mild) while fine-tuning with backpropagation. The model details are depicted
in Figure 2 below.

Figure 2. Proposed 3D fusion CNN for classification of Alzheimer’s disease with 3D MRI image.

2.4. Evaluation Metrics

This study used a stratified 5-fold CV technique to evaluate the model. In addition,
various evaluation metrics were used to demonstrate the appropriate quality of the pro-
posed model. The most common evaluation metrics used were the F1-score, accuracy,
specificity, sensitivity, and precision, which are shown in [1,7,10,19]. We also evaluated
our model using common evaluation metrics because these metrics are commonly used
measures in the literature for DL models, which helps to compare our results with those of
other studies.

3. Results
Based on the research results described in [33,37], we selected 3D ResNet-18,

InceptionResNet-v2, and EfficientNet-b2 to compare with our proposed model (Figure 3).
Our model is considered to have a much lighter structure, as a result of the optimization
process in the proposed model compared to traditional models. In addition, we observed
during the optimization of the proposed model that as the number of layers of the model
increases, it can easily overfit the training data. This observation allows our proposed
model to be much smaller in size but still achieve the same performance as the models
with large structures. All networking was implemented with Python v3.12.5, TensorFlow
framework v.2.18.0 and trained on a PC with an Intel® Xeon (R) E5-2650 Processor paired
with a NVIDIA Quadro P2000 GPU.

Figure 3. Procedure of testing with 3D MRI and 3D CNN models.
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3.1. Preparation of Dataset for Training Proposed Classification Model

After preprocessing, OASIS is used to train and test 4-DL models. We divide the
dataset into two types of multi-class and binary class for classification tasks. All evaluations
of models were performed on these datasets. The details of the OASIS dataset for each
classification task are presented in Tables 3 and 4 below.

Table 3. OASIS dataset for binary classification.

Normal AD

Train/Validation 269 102

Test 67 26

Table 4. OASIS dataset for multi-class classification.

CDR = 0 (Normal) CDR = 0.5 (Very
Mild) CDR = 1.0 (Mild)

Train/Validation 269 80 16

Test 67 20 10

3.2. Evaluation Performance of Proposed Model

To evaluate the performance of our model with the other three models on the OASIS
dataset, we set up hyperparameters to train all four models in both multi-class and binary
classification modes. The details are presented in Table 5. We chose the ResNet-18 model to
train simultaneously with our model and conducted a t-test to compare the performance of
our model with a model of ResNet-18.

Table 5. Hyper-parameters of proposed 3D fusion CNN for training.

Hyper-Parameters Value

Epoch 30

k-folds 5

Batch size 32

Learning rate 0.0001

Data augmentation Rotation angles = (−20, −10, −5, 5, 10, 20)

Optimizer Adam

Loss function Cross-entropy

Metrics Train_accuracy, train_loss, val_accuaracy, val_loss

Figure 4 and Table 6 below detail the process of training and testing our model with
5-fold cross-validation and five evaluation metrics of binary classification. When observing
Figure 4 and Table 6, we can see that from the fourth and fifth cross-validations, the model
enters a steady state with quite stable acc and loss values as well as quite low values of
other evaluation metrics.

Similarly to above, Figure 5 and Table 7 below describe in detail the process of training
and testing our model with 5-fold cross-validation and five evaluation metrics for multi-
class classification tasks. When observing Figure 5 and Table 7, we can see that from the
fourth and fifth cross-validations, the model enters a steady state with quite stable acc and
loss values as well as quite low values of other evaluation metrics. The t-test results show
that our model has higher accuracy than the ResNet-18 model at each k-fold. However, at
k = 3, k = 4, there is no significant difference between the two models.
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Figure 4. Acc and loss of training and validation during training with binary classification of proposed
3D fusion CNN model.

Table 6. Five-fold results with 5 evaluation metrics during training with binary classification.

Parameter
Cross-Validation Average (Mean ± SD)

(95% CI)k = 1 k = 2 k = 3 k = 4 k = 5

F1-score 0.9278 0.9255 0.9407 0.9742 0.9927 0.9522 ± 0.0267
(0.9151–0.9892)

Accuracy 0.9265 0.9355 0.9523 0.9886 0.9901 0.9586 ± 0.0264
(0.9219–0.9953)

Specificity 0.9321 0.9269 0.9412 0.9623 0.9923 0.9510 ± 0.0239
(0.9177–0.9842)

Sensitivity 0.9123 0.9117 0.9320 0.9615 0.9957 0.9426 ± 0.0321
(0.8980–0.9872)

Precision 0.9256 0.9360 0.9307 0.9709 0.9961 0.9515 ± 0.0272
(0.9141–0.9897)

Figure 5. Acc and loss of training and validation during training with multi-class classification of
proposed fusion 3D CNN model.
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Table 7. Five-fold results with 5 evaluation metrics during training of model with multi-class classification.

Parameter
Cross-Validation Average (Mean ± SD)

(95% CI)k = 1 k = 2 k = 3 k = 4 k = 5

F1-score 0.9155 0.9156 0.8904 0.9604 0.9521 0.9268 ± 0.0259
(0.8909–0.9627)

Accuracy 0.9236 0.9298 0.8896 0.9769 0.9601 0.9360 ± 0.0303
(0.8939–0.9781)

Specificity 0.9228 0.9305 0.8936 0.9556 0.9678 0.9341 ± 0.0260
(0.8980–0.9701)

Sensitivity 0.9286 0.9288 0.8821 0.9774 0.9551 0.9344 ± 0.0319
(0.8902–0.9786)

Precision 0.9144 0.9159 0.8845 0.9654 0.9668 0.9294 ± 0.0320
(0.8850–0.9738)

In Table 8 below, we compare our model’s acc with ResNet-18 after performing k-fold
cross-validation. We trained our model and ResNet-18 on k-1 folds and evaluated them on
the remaining fold, then recorded the accuracy metric. Finally, we performed a t-test with
the acc of these models. The t and p values show that our model has significantly higher
(p < 0.05) accuracy than the Restnet-18 model after each k-fold.

Table 8. t-test for comparison of accuracy between our model and ResNet-18 model with k-fold
cross-validation.

k = 1 k = 2 k = 3 k = 4 k = 5 t-Test

Acc of Binary
Classification

ResNet-18 0.7621 0.8022 0.8629 0.8782 0.8817 t-statistic: 9.2936
p-value: 0.0007Our 0.8721 0.9021 0.9384 0.9432 0.9496

Acc of Multi-class
Classification

ResNet-18 0.7522 0.7715 0.8099 0.8267 0.8398 t-statistic: 8.5168
p-value: 0.001Our 0.8012 0.8823 0.9015 0.9218 0.9312

3.3. Comparison of Performance of Proposed Model with Three Different Classification 3D CNN
Models Based on Transfer Learning

The comparison of our model with three other transfer learning models based on
3D CNN is performed through four steps: first, we compare five evaluation metrics after
training; second, we compare the performance of all four models with the test set in both
multi-class and binary-class tasks; third, we compare the activation map with the grad cam
method; and fourth, we compare the sizes of the four models.

3.3.1. Comparison Evaluation of Metrics After Training

In Table 9 below, we compare the training/validation values of the four models. The
results show that all models have a train-acc greater than 93%, in which our model achieves
a train-acc of 98.6%, while the train-acc of ResNet-18 is lowest, only reaching 93.64% for
multi-class and 94.47% for binary class. The InceptionResNet-v2 model achieves the lowest
validation-acc in both multi/binary classification tasks. Our model achieves a validation
acc greater than 93% for both multi- and binary classes for 3D MRI images of the OASIS
dataset with a trained model.
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Table 9. Comparison of training metrics of four models with multi-class classification of OASIS dataset.

Task Evaluation
Metrics

Model

3D ResNet18 3D
InceptionResNet-v2

3D
Efficientnet-b2 Proposed

Multi-class
Classification

Train Acc 0.9364 0.9921 0.9736 0.9860

Validation Acc 0.8416 0.8098 0.9057 0.9360

Train Loss 0.0261 0.0056 0.0098 0.0174

Validation Loss 0.1651 0.1827 0.1398 0.1152

Binary
Classification

Train Acc 0.9447 0.9949 0.9952 0.9886

Validation Acc 0.8851 0.8604 0.9155 0.9586

Train Loss 0.0056 0.0016 0.0029 0.0101

Validation Loss 0.1125 0.1230 0.0879 0.0771

3.3.2. Comparison of Performance of Multi-Class and Binary Classification with Test Set

We present the classification performance of the selected models used in this study in
Figure 6 (multi-class classification) and Figure 7 (binary classification). From the results, it
is evident that our model has the best performance among all the reference models. The
performances of ResNet-18, InceptionResNet-v2, and EfficientNet-b2 are outstanding for
general image classification tasks, but in this study, they achieve low performance. This is
because of the lack of a large enough training dataset due to the limited number of patients
and the imbalanced AD-to-normal ratio in OASIS.

Figure 6. Comparison of confusion matrices for multi-class classification: (a) 3D ResNet-18, (b) 3D
InceptionResNet-v2, (c) 3D Efficientnet-b2, (d) proposed model.
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Figure 7. Comparison of confusion matrices for binary classification: (a) 3D ResNet-18, (b) 3D
InceptionResNet-v2, (c) 3D Efficientnet-b2, (d) proposed model.

For multi-class classification, we also analyzed the incorrectly predicted subjects
thoroughly, and we found that many of them had a Clinical Dementia Rating (CDR) of
0.5. When classifying subjects according to the CDR, 0.5 is associated with the very mild
class, which is an intermediate transitional stage between normal and AD. Patients in this
stage may transition to AD within a short time after the initial stage. This shows that the
model achieves high accuracy with the AD/normal group but low accuracy for the very
mild group, so we will focus on developing new methods for classifying the very mild
group in our future work.

For binary classification, due to the more balanced amount of data in each class, the
segmentation efficiency of the models is significantly improved. However, the ResNet-18
and IncaeptionReNet-v2 models still have a high false prediction rate for subjects with
a CDR = 0.5. Our model has superior accuracy, with four features extracted from four
different CNN layers, avoiding information loss and overcoming the disadvantage of data
imbalance between classes of the OASIS dataset.

3.3.3. Comparison of Activation Maps with Grad Cam Method

In this part, we demonstrate several CAM-based images obtained from 3D MRI and
four different DL models, which show the effectiveness of the feature fusion module. We
compare the visualization of our proposed model with three traditional DL models in
three classes of patients (i.e., very mild, mild, and normal) with three view modes. The
proposed model used an attention mechanism-based multi-stage feature fusion module
to realize fusion of local regional features of 3D MRI images. Figure 8 shows the specific
visualization results. The above visualization results verify the effectiveness of the attention
mechanism-based multi-stage fusion module. As can be seen from Figure 8, our proposed
multi-feature fusion learning method focuses on the areas strongly related to AD, which
verify that the model has been well trained, and the fusion information has been well
learned to classify multi-class data.
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Figure 8. Examples of activation maps with Grad CAM of three different subjects: (a) 3D ResNet-18,
(b) 3D EfficientNet-b2, (c) 3D InceptionResNet-v2, (d) proposed model.

3.3.4. Comparison of Model Sizes for Proposed Model and Three Transfer Learning Models
Based on 3D CNN

In Table 10 below, we compare the sizes of the four 3D CNN-based classification
models in this study. The results show that InceptionResNet-v2 is the model with the
largest size (258.08 MB), which is much larger than our model (5.28 MB) by 48.87 times.
Meanwhile, the classification performance of our model is still better. This shows that
focusing on optimizing the model for specific tasks can give outstanding results. ResNet-18
and InceptionReNet-v2 have been studied and applied in many different studies. How-
ever, a large-sized model is not effective and often gives an average accuracy, but it has
wider applicability.

Table 10. Comparison of sizes of models.

Model Trainable Params Total Params

3D ResNet-18 33,236,548 (126.79 MB) 33,244,486 (126.82 MB)

3D InceptionResNet-v2 67,654,115 (258.08 MB) 67,714,659 (258.31 MB)

3D Efficientnet-b2 9,898,577 (37.76 MB) 9,980,865 (38.07 MB)

Proposed 1,387,929 (5.28 MB) 1,386,489
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4. Discussion
The main objective of this study was to develop a lightweight AD classification model

based on 3D MRI images and improve the accuracy already achieved with the Alzheimer’s
disease classification model compared to a normal control. This approach merged features
extracted from different CNN layers used in most CNN-based classification models. The
fused features were then fed into the classifier block, which outperforms in accuracy
compared with other CNN approaches. The fused features from MRI images appear to
be extremely effective in improving the accuracy and reliability of deep learning models,
considering the data and computational constraints. The results confirm the effectiveness
of the proposed approach. The proposed solution is a single and less complex model,
achieving a comparable or better performance when compared to complex models.

In this study, the selection of ResNet-18, InceptionResNet-v2, and EfficientNet-b2 as
benchmarks against the proposed CNN is justified for several key reasons: (1) ResNet-18 is
a relatively shallow residual network that mitigates the vanishing gradient problem and
allows for training deeper networks. It serves as a lightweight and fast baseline. In addition,
InceptionResNet-v2 combines inception modules (multi-scale processing) with residual
connections, allowing for efficient extraction of complex features. In addition, EfficientNet-
b2 uses a convolutional scaling method in depth, width, and resolution, providing a state-of-
the-art balance of accuracy and efficiency with fewer parameters and lower computational
costs. By combining all three, we capture a wide range of model complexity, depth, and
efficiency. (2) All three networks are pre-trained on ImageNet and are therefore ideal for
transfer learning, especially in medical imaging tasks where labeled data is often limited.
Therefore, fine-tuning the model also yields good results with small datasets. Comparing a
proposed CNN with them validates its relative strengths in terms of accuracy, efficiency,
and generalization.

Our proposed model performs better in both binary and multi-class classification than
previous studies. Our model accuracy is 91.40% for binary classification and 80.6% for
multi-class classification on a 3D MRI database at the patient level. Unlike other models,
which evaluate at the slide level and then aggregate at the patient level, our study evaluates
directly at the patient level, thereby improving the stability of the model.

As shown in Figure 3, our model only includes four 3D CNN blocks, which is a small
architecture. Therefore, to increase the accuracy of the proposed model, we can increase the
number of CNN blocks, thereby increasing the number of features extracted for each block.
However, this method also increases the model size and shows the high customizability
and applicability of the model. Moreover, the 3D MRI data is input into the model, meaning
it is possible to evaluate the volumetric ROI affecting the diagnosis of AD (i.e., based on
the activation map of Figure 8), which is a prominent feature compared to the model based
on 2D CNN.

Figure 6 shows the experimental results of the four models in this study. We found that
the classification performance of the very mild class is relatively low for all four models.
We believe that the current dataset has a large imbalance between classes, and there is
no significant difference in features between very mild and normal. Therefore, we plan
to apply methods to solve this problem, including the synthetic minority oversampling
technique (SMOTE) [38], two-dimensional Fourier Bessel series expansion-based empirical
wavelet transform [39], radiomics feature [12], and class-weighted losses [40].

We have developed a classification model based on 3D CNN, which is different from
2D CNN models. Three-dimensional CNN models can extract spatial features, thereby
significantly reducing the number of datasets required. In addition, our model is small
in size, is easy to use to train parameters, and converges faster. This is the big advantage
of 3D CNN compared to 2D CNN, which requires a training set of tens of thousands of
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data [41,42]. However, 3D CNN also requires a more complex data structure. Many other
studies also require smaller datasets, which are summarized in Table 1, with the ADNI
dataset including around 500 data.

In the future, we will develop the research in the following directions: 1. Testing
the model with different datasets (OASIS-3/4 [35,36], Alzheimer’s Disease Neuroimag-
ing Initiative (ADNI) database (adni.loni.usc.edu)) and aiming for multi-center research.
2. Analyzing the GM volume to see if there are any structural changes in these regions
that can be used as biomarkers of different types of AD. Integrating more clinical data
into the model to assess the progression of AD through different stages. Addressing these
limitations requires continuous research, robust validation, and careful consideration of
ethical and practical factors to improve the effectiveness and reliability of AI models in
clinical practice.

5. Conclusions
In this paper, we have proposed a 3D CNN-based AD classification model that com-

bines features extraction from different 3D CNN layers to improve the accuracy of the
model. We rigorously evaluated our proposed technique using a commonly used training
and validation protocol. The performance of our proposed technique ranks highly when
compared to other 3D CNN-based classification models for AD classification. Most im-
portantly, we further show that the model has a small size that is suitable for deployment
on low-end hardware while still ensuring good accuracy. Our analysis was performed in
detail for both multi- and binary-class classification in AD.
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