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Early detection and accurate diagnosis of brain morphological abnormalities are essential for the 
effective management and treatment of Alzheimer’s disease (AD) and mild cognitive impairment (MCI). 
Structural magnetic resonance imaging (MRI) is a powerful support tool to aid in disease diagnosis and 
prediction. In this research study, we present an innovative approach to predict Alzheimer’s disease 
(AD) and mild cognitive impairment (MCI) using MRI data, which integrates regional interest (ROI)-
based methodology and deep learning within a comprehensible framework. The proposed method 
involves dividing the brain into 138 predetermined sections based on anatomical information. Next, 
we apply three-dimensional vision transformers (3D-ViTs) to each ROI individually, harnessing the 
power of deep learning. To improve prediction accuracy, we employ a deep belief network (DBN) 
as an ensemble learning model. Evaluating our approach on the baseline structural MRI dataset 
obtained from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) cohort, and comparing it 
against five other competing models, we demonstrate its performance across four binary classification 
tasks and a three-class classification test (AD vs MCI vs CN (Cognitively Normal)). The proposed 
system outperforms existing models and provides interpretable insights into the brain regions that 
significantly contribute to solving each classification problem. Our findings align with the existing body 
of literature and hold promise for guiding future research directions in this domain.
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Alzheimer’s disease (AD) is a progressive neurodegenerative disorder that is the most common cause of dementia. 
Early and accurate diagnosis is crucial for patient care and the development of new treatments. Changes in the 
brain caused by Alzheimer’s disease are known to begin 20 or more years before the disease appears, highlighting 
the importance of early detection for better patient management and treatment outcomes1–3. Early detection 
allows for timely interventions that can delay the progression of symptoms, improving the quality of life for 
patients and easing the burden on caregivers. However, the standard diagnosis process, which is primarily based 
on neuropsychological assessments, is often subjective and less reproducible, necessitating the development of 
more objective and reliable methods.

Recent advances in neuroimaging and machine learning have opened new avenues for diagnosing and 
predicting the progression of Alzheimer’s disease. Among the various neuroimaging techniques, Magnetic 
Resonance Imaging (MRI) plays a critical role in detecting structural and functional brain changes associated 
with AD. In particular, deep learning (DL) techniques have shown promise in automating the analysis of MRI 
data to aid in the diagnosis and classification of Alzheimer’s disease.

Deep learning approaches have gained considerable traction in medical image analysis, particularly in the 
classification of AD using MRI data4. DL techniques are capable of directly learning complex and high-level 
features from MRI datasets, enabling accurate and timely diagnosis, which is crucial for appropriate patient 
treatment and care4. Studies have demonstrated the potential of DL in the automatic diagnosis of AD and mild 
cognitive impairment (MCI) using T1-weighted MRI images, achieving excellent performance in the accurate 
diagnosis of AD and MCI5. The use of Convolutional Neural Networks (CNNs) has been prevalent in classifying 
different stages of AD, such as MCI and cognitive normal (CN), achieving high accuracy rates for classification6,7.
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Despite these advances, challenges remain in implementing deep learning for AD diagnosis, including the 
need for large, annotated datasets, model interpretability, and integration into clinical workflows8. Deep learning 
techniques contribute to the classification of MCI, AD, and controls by automatically learning hierarchical 
features from MRI data, enabling the identification of intricate patterns associated with different AD stages8. 
Deep CNNs have been adopted to distinguish different stages of MCI from normal controls, stable MCI, and 
converted MCI, achieving high accuracy in discrimination among the groups and in the prediction of conversion 
risk from MCI to AD9. However, challenges such as the need for large datasets, computing resources, and careful 
parameter setting to prevent overfitting or underfitting have been identified in the implementation of deep 
learning for AD classification using MRI scans10.

To address these limitations, we propose the integration of 3D Vision Transformers with Region of Interest 
(ROI)-based analysis for AD diagnosis. Vision Transformers (ViT) have demonstrated success in encoding long-
range relationships in images, making them potentially valuable in AD diagnosis. Studies have utilized ROI 
analysis for AD diagnosis, showing that 3D texture features from ROIs could detect subtle texture differences 
between tissues in AD patients and normal controls11. These findings suggest that the integration of 3D Vision 
Transformers with ROI-based analysis could lead to more accurate and reliable diagnostic tools for Alzheimer’s 
disease.

In this study, we propose a novel strategy that combines the advantages of ROI-based methods, Vision 
Transformers, and ensemble methods for the early prediction of AD. We segment MRI brain scans into 138 
volumes containing specific subregions and then train the complex relationship between those ROIs and 
AD classes using the 3D ViTs separately. A deep belief network (DBN) is then applied as an ensemble meta-
learning model that combines the ViT predictions and generates the class labels. Using brain ROIs and ensemble 
techniques helps avoid overfitting and increases the robustness of the model while keeping the dataset size and 
computational resources reasonable

Knowing which parts of the brain are affected and how various areas of the brain relate to symptomatic 
information is clinically significant. Motivated by such interpretability demands, we present an ensemble 
3D ViT-based model that can be used to infer regional abnormalities and provide insight into the complex 
relationship between these abnormalities and disease progression. Compared to other recently proposed models 
for AD classifiers, our framework is technically and methodologically different.

The main contributions of this study are as follows. 

	1.	� We propose a novel integration of 3D Vision Transformers with a Region of Interest (ROI)-based analysis ap-
proach, specifically designed for Alzheimer’s disease classification. This integration allows for the extraction 
and analysis of fine-grained features from specific brain regions, enhancing the model’s interpretability and 
diagnostic precision.

	2.	� We introduce a new ensemble learning framework that leverages Deep Belief Networks (DBNs) to aggregate 
predictions from multiple 3D Vision Transformer models. This framework not only improves classification 
accuracy but also enhances the robustness and generalization capability of the model across different data-
sets.

	3.	� Our method enhances explainability by segmenting MRI brain scans into 138 distinct volumes correspond-
ing to clinically relevant subregions. This segmentation enables a detailed examination of regional brain 
abnormalities, offering insights into how specific brain areas contribute to Alzheimer’s disease progression.

	4.	� Through extensive experiments, we demonstrate that our model not only achieves state-of-the-art perfor-
mance in Alzheimer’s disease classification but also provides a significant improvement in explainability 
and interpretability, making it a valuable tool for clinicians. The proposed framework offers insights into the 
complex relationships between different brain regions and Alzheimer’s disease, thereby advancing both the 
scientific understanding and practical application of deep learning in medical imaging.

Dataset and preprocessing
The AD dataset used in this work is from12. This dataset was constructed using samples from the Alzheimer’s 
disease neuroimaging project database (ADNI) (http://adni.loni.usc.edu/). A public-private partnership led 
to the creation of the ADNI database in 2003. The main goal of ADNI has been to determine whether serial 
magnetic resonance imaging, PET, other biological markers, clinical, and neurophysical evaluations can be used 
in conjunction to follow the progression of early Alzheimer’s disease and mild cognitive impairment.

We evaluated 532 brain volumes, which are baseline MRI scans labeled according to change in diagnosis 
over two years. The baseline dataset includes 168 cognitively normal people (CN), 247 who have mild cognitive 
impairment (MCI), and 117 who have Alzheimer’s disease (AD). Within the MCI group, participants were 
further classified as 107 with stable MCI (sMCI) and 140 with progressive MCI (pMCI) based on their disease 
development over 24 months. A longitudinal analysis problem was solved by training the network to differentiate 
between sMCI and pMCI scans. Table 1 presents some of their clinical features, including median age, gender, and 

Feature CN sMCI pMCI AD

Median Age (range) 74.2 [59.8; 89.6] 74.4 [55.9; 91.4] 74.3 [48.1; 88.3] 75.8 [55.1; 91.4]

Gender (M/F) 84/84 63/44 82/58 64/53

ApoE4 carriers (non-carriers) 293/101/9 93/60/13 57/91/29 104/155/62

Table 1.  Clinical and Biological Features.
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ApoE4 allele distribution12. AD subjects had to meet the National Institute of Neurological and Communicative 
Disorders and Stroke-Alzheimer’s Disease and Related Disorders Association criteria (NINCDS-ADRDA) for 
probable AD13. All MCI cases were amnestic14.

The images needed further processing to extract the individual ROIs and correct for non-uniformities.15. 

	1.	� Brain Extraction: Initially, we applied a brain extraction procedure using Pincram, which is a versatile meth-
od of accurately labeling the adult brain on 3D T1-weighted magnetic resonance head images16. This step 
removed non-brain tissues from the MRI scans, ensuring that only the brain regions were analyzed.

	2.	� Registration to a Standard Template: To ensure consistent ROI extraction across subjects, all MRI images 
were registered to a standard template using the MALPEM4D pipeline. This pipeline incorporates symmetric 
affine intra-subject registration and corrects for differential bias between intra-subject acquisitions using 
unweighted differential bias correction12.

	3.	� ROI Identification: MALPEM4D17 was used to create structural segments for 138 brain regions. Each re-
gion in the mask volumes was assigned a distinct voxel value corresponding to the region number.To evalu-
ate our model’s performance, we divided the ADNI dataset into training and validation sets using an 80/20 
split. All reported results reflect the model’s performance on the validation set.

The proposed approach
In this section, we present our novel approach for predicting and describing regional anomalies to determine the 
clinical state of a brain along the spectrum of progression of AD. As illustrated in Fig. 1, we propose the ROI-
3DViT-DBN ensemble model for the early prediction of AD. We begin with an extension of ViT18 that models 
pairwise interactions between all 3D spatial MRI-ROI tokens and then apply DBN to fine-tune the classification 
performance. In what follows, we will describe the different components of the proposed system.

Transformers expect tokens as input, and these are encodings, typically equal in size, of the input signal. The 
proposed system uses a 3D Embed-to-Tokens block19, which uses tubelet embeddings to extract and linearly 
embed non-overlapping tubelets that span the 3D MRI input volume (Fig. 2).

The input of each transformer in Fig. 3 receives the sequence of reshaped input tokens z ∈ RN , which is 
obtained using

	 z = [ Ex1 Ex2, . . . , ExN ] + p� (1)

where E is the projection operation and is obtained using a learned 3D convolution filter followed by flattening 
to a 1D vector. p ∈ RN  is a positional embedding index that ranges from 1 to N. Next, a sequence of L = 8 
encoder transformer layers is used to process the tokens. Layer normalization (LN), Multi-Headed Self-Attention 
(MSA)18, and MLP blocks are incorporated into each layer (l) as follows:

	 yl = MSA
(
LN

(
zl
))

+ zl� (2)

	 zl+1 = MLP
(
GELU

(
MLP

(
LN

(
yl
))))

+ yl� (3)

Fig. 1.  Overall approach for detecting regional anomalies and forecasting clinical statuses throughout 
Alzheimer’s disease progression.
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Where GELU is a nonlinear activation function20 that separates the two linear projection layers. The encoded 
output is then normalized, sent to a global average pooling layer, and another MLP. Finally, a softmax function 
is used to compute the network output and a sparse categorical cross-entropy loss function is used to train the 
network.

The predictions from the ROI 3DViT class outputs were combined using ensemble learning to create a forecaster 
for the entire brain. We experimented with several ensemble learning methods and deep belief networks, 
which are made up of multiple restricted Boltzmann machines (RBM)21, and consistently achieved the best 
classification performance.

To prevent overfitting during the training of robust 3DViT models and mitigate the impact of class imbalance, 
we incorporated a dropout rate of 0.1 in the multi-head attention layers. This allowed us to randomly “ignore” 

Fig. 3.  The proposed 3D-ViT for Alzheimer’s disease detection.

 

Fig. 2.  The tubelet embedding used to encode the ROIs.
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certain features during training. Using spline interpolation, the ROIs were rescaled to a size of 28× 28× 28 
voxels to allow the use of the same network architecture for the different regions. A kernel and stride size of 
8× 8× 8 were used in the projection operation E. Due to the class imbalance present in the MRI dataset (e.g., 
more subjects with Mild Cognitive Impairment (MCI) than with Alzheimer’s disease (AD)), we employed 
accuracy, F1 score, AUROC, and Cohen’s kappa statistic as evaluation metrics.

The schematic representation of our proposed approach is illustrated in Figure 1. In the proposed system, 
we begin by preprocessing the MRI input, as described in Section 2. Specifically, we partition these MRI images 
into regions of interest (ROIs) using the MALPEM4D anatomical template17. Next, we train a 3D volumetric 
image transformer (3DViT) for each of these ROIs and for each classification problem under investigation. The 
classification tasks addressed in this article include the discrimination of AD vs. CN, MCI vs. CN, AD vs. MCI, 
and the multiclass classification problem AD vs. CN vs. MCI.

To enhance the robustness and precision of our classification framework, we leverage an ensemble learning 
approach to combine the predictions from individual 3DViT models. Each ViT model outputs a feature vector 
representing a Region of Interest (ROI) in the brain. This feature vector then serves as the input to an ensemble 
model, which acts as a classifier, translating the ROI features into specific disease categories (e.g., AD vs. CN). 
The field of ensemble learning offers a variety of models well-suited for this task. Common choices include:

Logistic Regression: A statistical method used to predict the probability of a binary outcome based on one 
or more features.

Decision Trees: Supervised learning algorithms used for classification and regression. They recursively 
partition data based on features until subsets are pure or a stopping criterion is met.

Bagging or Bootstrap Aggregating: An ensemble method that combines predictions from multiple decision 
trees to improve accuracy and robustness.

Random Forests: An ensemble method that combine multiple decision trees, each trained on a random 
subset of data and features, to improve accuracy and robustness.

AdaBoost: An ensemble method that combines weak learners into a strong learner by iteratively training 
each model on data, adjusting instance weights based on previous model performance.

Gradient Tree Boosting: Ensemble methods that combine multiple decision trees, each trained on the 
residuals of the previous model, to improve accuracy and robustness.

Histogram-Based Gradient Boosting: A variant of gradient tree boosting that uses histograms for data 
distribution approximation, making it more efficient and scalable.

Support Vector Machines (SVMs): A supervised learning algorithm used for classification and regression. 
They find the hyperplane that maximizes the margin between classes.

Multilayer Perceptrons (MLPs): Feedforward neural networks used for classification and regression. They 
process data through multiple layers of artificial neurons, each applying a non-linear transformation.

Hard Voting: An ensemble method that combine predictions from multiple models to make a final prediction. 
Hard voting chooses the class with the most votes.

Soft Voting: An ensemble method that combines predictions from multiple models to make a final prediction. 
In soft voting, we choose the class with the highest predicted probability.

Results
In this section, we present the predictions of the proposed system and compare our results with several proposed 
methods in the literature. We also use the proposed framework to show the role that each ROI plays in obtaining 
network prediction. We evaluated three binary classification problems (AD vs. CN, MCI vs. CN, AD vs. MCI, 
and pMCI vs. sMCI) and one three-class classification problem (AD vs. MCI vs. CN).

All networks were trained for a maximum of 1000 epochs, with early stopping conditions that stopped 
training after 50 epochs if the loss function did not improve. The proposed architectures have been implemented 
in Keras with a Tensorflow backend. Before going to the classification experiments and the analysis of ROI 
regions, we present experiments comparing several ensemble models and illustrating the role played by DBNs 
in the proposed system.

Ensemble model selection: In this study, we applied several ensemble methods to the four AD tasks 
investigated to select the best performance method. The algorithms examined are logistic regression, bagging 
meta-estimator, Forests of randomized trees, AdaBoost, Gradient Tree Boosting, Histogram-Based Gradient 
Boosting, Support Vector Machines, Support vector machines (SVMs), Gaussian Naive Bayes, Decision Trees, 
Multilayer Perceptron, Hard Voting, Soft voting, and deep belief network.

The results of this comparison are presented in Tables 2 to 5. As can be seen, the DBN consistently 
outperformed all other ensemble models across all four AD classification tasks (AD vs. CN, MCI vs. CN, AD 
vs. MCI, pMCI vs. sMCI). This finding establishes the DBN as a promising approach for achieving superior 
performance in Alzheimer’s disease prediction using MRI data.

The results achieved in the four prediction tasks are shown in Table 2 to Table 5. One can see that the deep 
belief network consistently outperforms all other ensemble models in all AD classification tasks. Therefore, we 
used this network as part of our system and in the remaining experiments in this paper.

AD/MCI Disease Prediction: We conducted several studies to evaluate the efficacy and validity of our 
approach by comparing it with current methods in the literature. We specifically investigated the four following 
strategies. 

	1.	� rDNN3: A method for diagnosing Alzheimer’s disease (AD) or moderate cognitive impairment (MCI) using 
magnetic resonance imaging that systematically incorporates voxel-based, region-based, and patch-based 
methodologies into a cohesive framework. They regarded anatomical forms of areas as atypical patches, 
compared to other existing approaches that employ cubical or rectangular shapes.
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	2.	� Full 3D CNN22: Based on structural MRI images of the brain, they trained a full cubic 3D CNN to identi-
fy Alzheimer’s disease. Then, they used four distinct gradient-based and occlusion-based visualization ap-
proaches to highlight key areas in the input picture to illustrate the network’s classification conclusions.

	3.	� Plain and residual CNN23: They examined two distinct 3D convolutional network designs for brain MRI 
classification: simple (VoxCNN) and residual convolutional neural networks (ResNet).

	4.	� Sparse autoencoders and 3D CNN24: The authors used sparse autoencoders and 3D convolutional neural 
networks to predict the disease based on an MRI scan of the brain. Their findings showed that a 3D technique 
can capture local 3D patterns, which can improve classification performance, though by a slight margin.Ta-

Model Accuracy AUROC F1-Score Kappa

Logistic Regression 0.72 0.56 0.64 0.15

Bagging Classifier 0.72 0.56 0.64 0.15

Random Forest Classifier 0.65 0.56 0.55 0.14

Adaboost Classifier 0.72 0.56 0.64 0.15

Gradient Tree Boosting 0.70 0.53 0.60 0.08

Histogram-Based Gradient Boosting 0.72 0.65 0.71 0.32

Support Vector Machines 0.72 0.56 0.64 0.15

Decision Trees Classifier 0.70 0.56 0.64 0.15

Multi-layer Perceptron 0.74 0.59 0.67 0.23

Hard Voting 0.72 0.56 0.64 0.15

Soft Voting 0.74 0.59 0.67 0.23

Deep Belief Network 0.74 0.60 0.69 0.25

Table 3.  The performance of different ensemble methods in the prediction task AD vs. MCI.

 

Model Accuracy AUROC F1-Score Kappa

Logistic Regression 0.76 0.72 0.74 0.47

Bagging Classifier 0.79 0.74 0.76 0.51

Random Forest Classifier 0.76 0.72 0.74 0.47

Adaboost Classifier 0.64 0.59 0.61 0.19

Gradient Tree Boosting 0.71 0.65 0.66 0.33

Histogram-Based Gradient Boosting 0.64 0.63 0.64 0.27

Support Vector Machines 0.76 0.72 0.74 0.47

Decision Trees Classifier 0.62 0.60 0.62 0.21

Multi-layer Perceptron 0.79 0.74 0.77 0.52

Hard Voting 0.76 0.72 0.74 0.47

Soft Voting 0.86 0.83 0.85 0.69

Deep Belief Network 0.90 0.91 0.90 0.81

Table 2.  The performance of different ensemble methods in the prediction task AD vs. CN.

 

Model Accuracy AUROC F1-Score Kappa

Logistic Regression 0.66 0.58 0.58 0.19

Bagging Classifier 0.63 0.54 0.52 0.09

Random Forest Classifier 0.65 0.57 0.58 0.17

Adaboost Classifier 0.68 0.62 0.64 0.26

Gradient Tree Boosting 0.61 0.53 0.51 0.06

Histogram-Based Gradient Boosting 0.66 0.60 0.62 0.22

Support Vector Machines 0.66 0.58 0.58 0.19

Decision Trees Classifier 0.65 0.59 0.60 0.19

Multi-layer Perceptron 0.74 0.68 0.70 0.40

Hard Voting 0.74 0.69 0.71 0.41

Soft Voting 0.69 0.62 0.63 0.27

Deep Belief Network 0.84 0.81 0.88 0.65

Table 4.  The performance of different ensemble methods in the prediction task CN vs. MCI.
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bles 6 and 7 show the findings of the four competing approaches. The binary prediction, i.e., tasks with two 
classes, is presented in Table 6, and the generalization to three classes is given in Table 7. The proposed model 
outperforms other methods in all tasks. The proposed model achieved an accuracy of 90% and an AUROC 
of 91% in the AD vs. CN task. In the CN versus MCI task, our approach achieved an accuracy of 84% and 
an AUROC of 81%. In the AD vs. MCI task, the proposed approach achieved an accuracy of 74% and an 
AUROC of 60%. For the patients who convert from stable MCI (sMCI) to progressive MCI (pMCI) over 24 
months, our model achieves an AUROC of 91%. Finally, the proposed model achieves an accuracy of 60% 
and an AUROC of 66% in the three-class prediction problem AD vs. CN vs. MCI.

Model Accuracy AUROC F1-Score Kappa

Logistic Regression 0.57 0.59 0.48 0.22

Bagging Classifier 0.57 0.59 0.48 0.23

Random Forest Classifier 0.54 0.58 0.46 0.19

Adaboost Classifier 0.58 0.62 0.51 0.29

Gradient Tree Boosting 0.49 0.52 0.35 0.06

Histogram-Based Gradient Boosting 0.51 0.56 0.44 0.14

Support Vector Machines 0.61 0.63 0.52 0.32

Decision Trees Classifier 0.52 0.59 0.49 0.19

Multi-layer Perceptron 0.54 0.60 0.48 0.24

Hard Voting 0.59 0.61 0.51 0.27

Soft Voting 0.59 0.62 0.52 0.28

Deep Belief Network 0.60 0.66 0.53 0.32

Table 5.  The performance of different ensemble methods in the prediction task AD vs. CN vs. MCI.

 

Task Model Accuracy AUROC F1-Score

AD vs. CN Lee et al.3 0.86 0.82 0.85

Rieke et al.22 0.72 0.67 0.69

Khvostikov et al.25 0.88 0.89 0.89

Korolev et al.23 0.77 0.77 0.77

Payan and Montana24 0.77 0.77 0.77

Proposed* 0.88 0.86 0.90

Proposed 0.90 0.91 0.90

AD vs. MCI Lee et al.3 0.70 0.53 0.60

Rieke et al.22 0.71 0.53 0.60

Khvostikov et al.25 0.66 0.49 0.55

Korolev et al.23 0.72 0.59 0.68

Payan and Montana24 0.71 0.56 0.65

Proposed* 0.74 0.58 0.68

Proposed 0.74 0.60 0.69

CN vs. MCI Lee et al.3 0.73 0.66 0.68

Rieke et al.22 0.65 0.59 0.58

Khvostikov et al.25 0.79 0.78 0.83

Korolev et al.23 0.65 0.60 0.61

Payan and Montana24 0.65 0.64 0.64

Proposed* 0.71 0.64 0.80

Proposed 0.84 0.81 0.88

pMCI vs. sMCI Lee et al.3 0.88 0.87 0.87

Rieke et al.22 0.80 0.79 0.80

Khvostikov et al.25 0.92 0.91 0.90

Korolev et al.23 0.74 0.75 0.74

Payan and Montana ? 0.77 0.76 0.77

Proposed* 0.89 0.88 0.86

Proposed 0.94 0.95 0.94

Table 6.  Performance comparison with four existing binary prediction tasks. Proposed* utilizes demographic 
and clinical features: age, gender, marital status, education, and APOE status.
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In Tables 6 and 7, we incorporated additional clinical and demographic features: age, gender, marital status, 
education, and APOE status. However, for tasks other than AD vs. CN vs. MCI, the results indicate that the 
inclusion of these features did not lead to improved performance.

Next, we conducted experiments where we used the 138 pre-trained 3D ViTs to solve the prediction problems 
we studied in this paper. Fig. 4, Fig. 6, and Fig. 9 show bar plots describing the performance of the five ROIs that 
achieve the highest AUROC scores in the three AD prediction problems investigated in this paper. Visualizations 
of these regions on MRI scans are shown in Fig. 5, Fig. 7, Fig. 8, and Fig. 10. These ROIs represent crucial areas 
of the brain highlighted by our model predictions, shedding light on the neural regions essential to distinguish 
between different stages of the disease.

Fig. 5.  Visualization of the top five ROIs in terms of AUROC in the AD vs. CN prediction task.

 

Fig. 4.  The top five ROIs in terms of AUROC scores for the task AD vs. CN.

 

Task Model Accuracy AUROC F1-Score

AD vs. CN vs. MCI Lee et al.3 0.57 0.65 0.52

Rieke et al.22 0.48 0.51 0.33

Khvostikov et al.25 0.52 0.56 0.41

Korolev et al.23 0.53 0.61 0.48

Payan and Montana24 0.52 0.57 0.44

Proposed* 0.65 0.70 0.56

Proposed 0.60 0.66 0.53

Table 7.  Performance comparison with four existing three-class classification tasks. Proposed* utilizes 
demographic and clinical features: age, gender, marital status, education, and APOE status.
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The supplementary material includes a series of comprehensive lists, each detailing the 138 brain regions 
ordered by their AUROC scores for the three different diagnostic tasks. This detailed breakdown offers insights 
that can be of significance for both clinical applications and neuroscience research.

Discussions
Our study develops a new method for the prediction of Alzheimer’s disease (AD) using magnetic resonance 
imaging (MRI) data. We compared our proposed method with several established approaches from the literature 
and evaluated its performance across various classification tasks.

A key contribution of our work lies in the comprehensive evaluation of various ensemble methods for AD 
prediction. We compared a range of models, including logistic regression, bagging meta-estimators, random 
forests, AdaBoost, gradient tree boosting, histogram-based gradient boosting, support vector machines (SVMs), 

Fig. 8.  Visualization of the top five ROIs in terms of AUROC in the CN vs. MCI prediction task.

 

Fig. 7.  Visualization of the top five ROIs in terms of AUROC in the AD vs. MCI prediction task.

 

Fig. 6.  The top five ROIs in terms of AUROC scores for the task AD vs. MCI.
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decision trees, multilayer perceptrons (MLPs), Hard Voting, and Soft Voting, against a deep belief network 
(DBN). Our results consistently demonstrated the DBN’s superiority across all AD classification tasks.

Additionally, a series of comprehensive lists, each detailing the 138 brain regions ordered by their AUROC 
scores for the three different diagnostic tasks, are presented in the supplementary material. We want to highlight 
that the top two regions in the AD versus CN task (Supplementary Fig. 1, Supplementary Fig. 4) are the 
hippocampus and the amygdala. There is abundant academic literature showing the importance of these two 
regions in the early prediction of Alzheimer’s disease (see, for example,26 and27).

Further insights into the role of individual ROIs can be obtained by comparing the figures in the supplementary 
material and noting how the relevant importance of brain regions differs between tasks. For example, the brain 
stem region plays an important role in solving the CN vs. MCI and pMCI vs. sMCI problems, as it achieves high 
AUROC scores compared to other brain ROIs (Supplementary Fig. 3 and Supplementary Fig. 4). However, in 
the AD vs. CN problem (Supplementary Fig. 1), the brain stem does not appear to play a similar role, as many 
other brain regions surpass it in AUROC.

We have also noted that ensemble methods, such as the DBN used in our study, often exhibit superior 
performance. This advantage can be attributed to the enhanced robustness and generalization capabilities 
provided by the ensemble learning strategy, particularly when focusing on individual Regions of Interest (ROIs). 
By concentrating on individual ROIs, the method helps avoid overfitting and reduces the impact of confounding 

Fig. 10.  Examples of the five high predicted ROIs with the ensemble 3D-Vit-DBN model for the task of pMCI 
vs. sMCI.

 

Fig. 9.  The top five ROIs in terms of AUROC scores for the task CN vs. MCI.
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factors that could negatively affect the model’s generalization ability. Furthermore, this approach allows for more 
accurate extraction of relevant features.

In addition, the role of specific ROIs in distinguishing between MCI, AD, and controls offers valuable insights 
into the clinical relevance of these regions. By understanding which ROIs contribute most to classification 
performance, we can better interpret the underlying neurobiological differences associated with these conditions 
and improve the clinical applicability of our model. In what follows, we provide a examples of how several of our 
ROI results relate to the existing literature on Alzheimer’s disease.

Analysis of ROI-based diagnostic results
Differential involvement of brain regions
The ROIs identified for different classifications (AD vs. CN, AD vs. MCI, CN vs. MCI) reflect varying degrees of 
neurodegeneration and functional impairment associated with each condition. For instance:

•	 AD vs. CN: The left hippocampus and left amygdala are prominent in this classification. These regions are 
critical for memory formation and emotional processing, and they are often among the first to show patho-
logical changes in AD, such as tau and amyloid-beta accumulation. Their early involvement can lead to sig-
nificant differences in classification performance, as these areas are susceptible to the neurodegenerative pro-
cesses of AD28.

•	 AD vs. MCI: The right precentral gyrus and left anterior insula are highlighted here. The precentral gyrus is 
involved in motor function 29,30, while the anterior insula plays a role in emotional awareness and cognitive 
processing 31. The transition from MCI to AD often involves not just memory deficits but also changes in 
executive function and motor skills. This may explain why these regions are more predictive in distinguishing 
between these two groups 32.

•	 CN vs. MCI: The left triangular part of the inferior frontal gyrus and the right hippocampus are significant 
here. The inferior frontal gyrus is associated with higher-order cognitive functions, including language and 
decision-making33,34. Its involvement suggests that cognitive decline in MCI may be detected through chang-
es in executive function and language processing, which are less affected in CN individuals35,36.

Pathological correlates
The classification performance of these ROIs can be attributed to their association with specific pathological 
features of Alzheimer’s disease. Notably, regions such as the hippocampus and entorhinal area are recognized 
as early sites of tau pathology, a hallmark of AD. The presence of neurofibrillary tangles in these areas has been 
shown to significantly impair memory and cognitive function, making them critical for differentiating AD from 
CN and MCI37.

Clinical implications
Understanding the predictive power of specific ROIs for Alzheimer’s disease classifications can significantly 
enhance clinical practice. By identifying key regions, clinicians can not only develop focused therapeutic 
approaches aimed at preserving function in these critical areas38 but also improve the accuracy of early diagnosis. 
This, in turn, can lead to more effective management of Alzheimer’s disease and mild cognitive impairment39.

In summary, the differences in AUROC scores for various ROIs across the classification tasks can be 
attributed to the distinct roles these regions play in cognitive function and their susceptibility to pathological 
changes. Discussing these aspects not only provides insight into the validity of the results but also enhances the 
clinical relevance of the findings.

Conclusions
In this paper, we introduced an innovative approach for early detection of Alzheimer’s disease (AD) and 
mild cognitive impairment (MCI) using MRI data. Our method, which combines regional interest (ROI)-
based analysis and 3D vision transformers, outperformed existing models in accuracy and interpretability. By 
dividing the brain into 138 predetermined sections and leveraging deep belief networks, we achieved superior 
performance on several classification tasks. Importantly, our model provides insights into the key brain regions 
that drive classification decisions. Our findings hold promise in improving the diagnosis of AD and MCI and in 
guiding treatment strategies. Moving forward, this work provides a foundation for further research in this area 
that ultimately advances diagnostic tools and treatments for these conditions and improves the lives of affected 
individuals.

Data availability
The dataset used in this study MALPEM-ADNI can be downloaded from ​h​t​t​p​s​:​/​/​d​o​i​.​g​i​n​.​g​-​n​o​d​e​.​o​r​g​/​1​0​.​1​2​7​5​1​/​
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