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 A B S T R A C T

Alzheimer’s disease is an incurable condition that predominantly affects the human brain, leading to the 
shrinkage of various brain regions and the disruption of neuronal connections. Current state-of-the-art methods 
for detecting Alzheimer’s disease using 3D MRI images are resource-intensive and time-consuming. In this 
paper, we propose a Regions of Interest (ROI)-guided detection paradigm to address these challenges. We 
employ a 3D ResNet integrated with a Convolutional Block Attention Module (CBAM), demonstrating that 
emphasising ROIs in brain imaging can substantially reduce both computational expenditure and training time. 
Our model exhibits robust performance in discriminating Alzheimer’s disease from mild cognitive impairment, 
achieving an accuracy of 88% across the entire brain and 92% within targeted ROIs on the ADNI dataset. 
The accuracy on the OASIS dataset is even higher, reaching 98% for all regions and 98.33% for the ROIs. 
When distinguishing Alzheimer’s disease from cognitively normal individuals, the accuracy improves further, 
achieving 93.33% for the ROIs on the ADNI dataset and 97.8% on the OASIS dataset. In differentiating 
cognitively normal individuals from those with mild cognitive impairment, the model attains an accuracy 
of 88.2% for the ROIs on the ADNI dataset and 98.6% on the OASIS dataset. These findings highlight a 
notable enhancement in detection accuracy through the utilisation of fewer, yet more salient brain regions, 
underscoring the efficacy of our ROI-guided approach.
1. Introduction

The burgeoning field of medical imaging and artificial intelligence 
(AI) has witnessed remarkable advancements in recent years, trans-
forming the diagnosis and treatment of numerous medical conditions. 
Among these developments, the analysis of Magnetic Resonance Imag-
ing (MRI) has emerged as an indispensable tool for investigating brain-
related disorders, particularly Alzheimer’s Disease (AD) [1]. This pro-
gressive neurological disorder gradually impairs critical brain regions, 
leading to a reduction in brain mass. The progression of AD affects 
multiple areas, including the limbic system, frontal lobe, temporal lobe, 
parietal lobe, and hippocampus, primarily located within the cerebrum. 
The cerebrum governs most higher-order functions such as memory, 
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language, and coordination. Currently, no definitive cure exists for 
Alzheimer’s disease, rendering early detection and intervention critical 
for mitigating its impact and improving the quality of life for affected 
individuals [2].

According to the Alzheimer’s Association, AD progresses through 
three stages: mild (early), moderate (middle), and severe (late). Tradi-
tionally, medical professionals detect these stages by manually analy-
sing MRI images to identify shrinkage in brain regions, particularly 
within the cerebrum [3,4]. Manual evaluation processes are suscep-
tible to significant human error, potentially resulting in erroneous 
predictions or misleading assessments. Moreover, conventional detec-
tion methods are labour-intensive and inherently subjective, relying 
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heavily on the expertise and judgement of medical professionals, which 
may vary [5]. By contrast, deep learning offers a more effective and 
precise alternative by autonomously analysing MRI scans, reducing 
human error, processing large volumes of data swiftly, and detecting 
nuanced patterns that facilitate earlier and more accurate diagnoses. 
The integration of AI into clinical workflows enhances diagnostic ac-
curacy and supports the development of personalised treatment plans, 
thereby improving patient outcomes [5,6].

Recent progress in machine learning and deep learning has paved 
the way for innovative diagnostic strategies for AD. Inan et al. [7] and 
Arya et al. [8] conducted comprehensive reviews of machine learning 
and deep learning methods for AD, focusing on sMRI and PET imaging 
data from the ADNI and OASIS datasets. Biswas et al. [9] developed a 
system for early diagnosis by classifying disease severity using machine 
learning algorithms. Ayus et al. [10] introduced ALZ-IS, an automated 
Alzheimer’s identification system based on HReENet, and Lei et al. [11] 
proposed a hybrid federated learning approach with a Brain-region 
Attention Network.

El-Assy et al. [12] designed a dual CNN-based framework for early 
detection, while Balasundaram et al. [1] employed a multilayered CNN 
and ResNet50 to target the hippocampus region. Helaly et al. [13] 
presented the DL-AHS framework for hippocampus segmentation and 
AD detection. Furthermore, Carcagni et al. [14] incorporated a vision 
transformer with CNNs for sMRI images, and Sang et al. [15] utilised 
a graph convolutional neural network for AD classification.

Several other studies have pursued multimodal approaches. Wang 
et al. [16] predicted AD progression from MCI using multimodal data 
integration, while Yaqoob et al. [17] proposed a ResNet-self archi-
tecture with a fuzzy entropy-controlled path-finding algorithm. These 
studies collectively underscore the diversity and innovation charac-
terising the advancement of Alzheimer’s Disease diagnosis through 
sophisticated machine learning and deep learning techniques.

Nevertheless, models utilising 3D MRI images [1,7–9,13,14,17–
19] face substantial computational challenges. Training with 3D MRI 
data demands significant resources in terms of computational power 
and memory [20,21]. The complexity of 3D models necessitates so-
phisticated preprocessing tools and extended training durations, ren-
dering these models cost-prohibitive and less feasible for widespread 
deployment. In contrast, 2D MRI-based models are comparatively less 
demanding computationally and faster to train [10,11,16,22–25]. How-
ever, reliance on 2D slices may result in the loss of critical spatial 
information inherent in 3D data, potentially diminishing diagnostic 
accuracy and the ability to detect subtle volumetric changes crucial for 
early AD diagnosis [7].

Rangaraju et al. [26] proposed a 3D MRI-based Dual Attention 
Aware Depth-Wise Separable Convolution (DA-DSC) network, achiev-
ing 99.87% test accuracy on the ADNI dataset. Ramya et al. [27] 
introduced a framework combining 2D Adaptive Bilateral Filtering, 
ECLAHE image enhancement, and ROI segmentation, achieving 96.92% 
accuracy using Logistic Regression classifiers.

Moreover, Odusami et al. [28] developed an early feature fusion 
framework by integrating MRI and PET images, enhancing classifi-
cation through a modified ResNet18 architecture. Further, Odusami 
et al. [29] fused sMRI and FDG-PET data using a static pulse-coupled 
neural network with a Laplacian pyramid, employing a Mobile Vision 
Transformer (MViT) optimised by Pareto-Optimal Quantum Dynamic 
Optimisation to classify AD stages, demonstrating high precision and 
sensitivity.

The present research addresses key limitations identified in the 
existing literature on Alzheimer’s Disease detection. Despite notewor-
thy progress, current state-of-the-art methods remain computationally 
intensive and time-consuming, thereby limiting real-world applica-
bility. Furthermore, many approaches require manual intervention, 
decreasing feasibility for deployment.

In this study, a computationally efficient and fully automated model 
is proposed for Alzheimer’s Disease detection using 3D MRI images. 
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Unlike most studies relying on entire brain scans [7,8], the proposed 
method focuses on Region of Interest (ROI)-based analysis to signifi-
cantly reduce training time without compromising performance [11,
14,16].

A unified pipeline is developed, autonomously executing prepro-
cessing using FastSurfer-processed 3D images, followed by training 
and prediction phases, eliminating the need for manual intervention. 
This end-to-end automation enhances reproducibility and reliability of 
experimental outcomes.

A GitHub repository containing the full codebase has been provided 
to validate the reproducibility of the results. Additionally, attention 
mechanisms are incorporated within the CNN architecture to priori-
tise salient features and suppress irrelevant background noise, thereby 
improving model discriminative capability and overall diagnostic per-
formance [12,22,30].

In this study, a 3D ResNet integrated with a Convolutional Block 
Attention Module is employed. FastSurfer is utilised for MRI prepro-
cessing to achieve accurate and efficient skull stripping. By processing 
3D MRI data directly, the need for 2D conversion is eliminated. Per-
formance comparisons are conducted using two settings: processing 
all brain regions and focusing only on the six most affected regions 
(ROIs). This approach demonstrates reduced runtime and enhanced 
classification accuracy on two benchmark datasets, ADNI and OASIS, 
for discriminating Alzheimer’s Disease from mild cognitive impairment 
and cognitively normal subjects.

The novelty of our work lies in emphasising specific Regions of 
Interest (ROIs) within 3D MRI brain scans. This ROI-based methodol-
ogy optimises computational resource utilisation and minimises train-
ing time while achieving robust and accurate detection outcomes. 
Transformer-based architectures, such as Vision Transformers (ViTs), 
were deliberately avoided due to their substantial computational de-
mands and the necessity for extensive datasets to achieve optimal 
performance. Instead, a ResNet18 integrated with a Convolutional 
Block Attention Module (CBAM) was employed, providing an effective 
balance between computational efficiency and predictive capability, 
and aligning well with the constraints and scope of our dataset.

2. Materials and methods

In this section, we provide an overview of our proposed method, in-
cluding dataset collection, preprocessing, ROI selection, augmentation, 
registration, and model selection. A schematic diagram is shown in Fig. 
1. The process begins with data collection, where 3D image data are 
obtained from the ADNI (ADNI 1.5T Screening) and OASIS (OASIS1) 
datasets. After data collection, we segment the 3D MRI images. Using 
the FastSurfer tool, we perform skull stripping and segmentation.

For model training and testing, we divide the dataset into an 80/20 
split (80% for training and 20% for testing). To improve image contrast 
while preserving details, we apply CLAHE (Contrast Limited Adap-
tive Histogram Equalisation) during image loading [31]. Subsequently, 
image sharpening is applied to enhance image quality.

To ensure consistency across samples, MRI registration is performed 
by aligning a moving image with a fixed image through a non-linear 
registration process. To enhance the model’s robustness, we apply 
rotation-based data augmentation techniques, introducing variations 
into the dataset.

We consider the 3D ResNet model as our base architecture. Addi-
tionally, we extend the 3D ResNet by integrating an attention mech-
anism called CBAM (Convolutional Block Attention Module). CBAM 
is a powerful attention mechanism designed to enhance the represen-
tational power of CNNs by capturing channel-wise and spatial-wise 
dependencies in feature maps [32,33]. By adaptively attending to 
relevant features, CBAM improves both the performance and inter-
pretability of CNN and neural network-based 3D models across various 
computer vision tasks [32].

Finally, we conduct evaluation procedures to assess the model’s 
performance across all brain regions and specific regions of interest 
(ROIs), ensuring accurate and efficient disease prediction with reduced 
runtime.
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Fig. 1. Overall pipeline for detection of Alzheimer’s disease from 3D MRI.
2.1. Datasets

We use MRI images from two sources: the Alzheimer’s Disease 
Neuroimaging Initiative (ADNI) and the Open Access Series of Imaging 
Studies (OASIS).

ADNI dataset
We utilise structural magnetic resonance imaging (sMRI) data that 

is T1-weighted and acquired at a field strength of 1.5 T (1.5T) [18]. 
The dataset includes individuals who underwent screening and received 
scans at 6 and 12 months. For this study, we select the original scan for 
each participant prior to the initiation of any medication or treatment. 
These baseline scans provide consistent data for our investigation.

Within the ADNI dataset, participants are categorised into three 
diagnostic groups: Mild Cognitive Impairment (MCI), Alzheimer’s Dis-
ease (AD), and Cognitively Normal (CN). The Alzheimer’s Disease (AD) 
group includes 133 subjects aged between 68 and 83 years, with a 
gender distribution of 69 males and 64 females. The Mild Cognitive 
Impairment (MCI) group comprises 316 subjects, also aged between 68 
and 83 years, with 206 males and 110 females. The Cognitively Normal 
(CN) group consists of 196 subjects aged from 71 to 82 years, with 103 
males and 93 females.

OASIS dataset
The OASIS dataset includes preprocessed MRI images from 1688 

subjects, ranging in age from 18 to 96 years. Three or four separate 
T1-weighted MRI scans were performed for each individual during a 
single scanning session. The cohort comprises both male and female 
subjects, all of whom are right-handed [34]. The data originates from 
the Open Access Series of Imaging Studies (OASIS-1). Regarding sub-
ject distribution, the AD group comprises 117 subjects with Clinical 
Dementia Rating (CDR) values of 1.0 and 2.0. The CN group consists 
of 1301 subjects with a CDR value of 0.0, indicating no cognitive 
impairment. The MCI group includes 270 subjects with a CDR value 
of 0.5, representing mild cognitive impairment.

2.2. 3D MRI preprocessing

In this step, traditional preprocessing methods are applied to en-
hance the clarity and quality of the MRI images. Skull stripping is 
performed to remove non-brain regions, followed by the application of 
CLAHE (Contrast Limited Adaptive Histogram Equalisation) to improve 
3 
image contrast. Image sharpening is employed to further enhance 
detail, and MRI registration is conducted to align the images. Addi-
tionally, data augmentation techniques are applied to increase dataset 
variability and improve model robustness (see Fig.  2). 

The entire image dataset was divided into two parts after applying 
FastSurfer QuickSeg to extract the brain regions. The split was per-
formed in an 80/20 ratio, with 20% allocated for testing and 80% for 
training. This procedure was applied separately to both the ADNI and 
OASIS datasets. Additionally, the dataset was balanced by oversampling 
the minority class prior to splitting in order to prevent the model from 
being biased towards the dominant class.

2.2.1. Skull stripping
FastSurfer QuickSeg [35], a deep learning architecture, was used for 

skull stripping to extract the brain from raw MRI images, improving 
brain analysis by removing non-brain tissues. A visual example of the 
skull-stripped MRI is shown in Fig.  3. The entire research workflow 
and experiments are fully reproducible, and the complete codebase has 
been open-sourced. The code is available on GitHub.2

2.2.2. Region of interest selection
After extracting the brain using FastSurfer QuickSeg (Quick Segmen-

tation), specific regions of interest (ROIs) were selected by removing 
non-relevant brain areas. Six ROIs significantly affected by Alzheimer’s 
Disease progression were identified: the left and right cerebral white 
matter, the left and right cerebellum white matter, and the left and 
right hippocampus. Only these ROIs were retained, while other brain 
regions were removed.

The selection of these six ROIs was based on findings from prior re-
search in Alzheimer’s Disease (AD) detection. These regions are known 
to play critical roles in AD progression. The cerebral white matter is 
often affected early in AD, exhibiting significant atrophy and disruption 
of neural pathways, making it crucial for early detection [36]. Although 
less studied, the cerebellar white matter has also been associated 
with cognitive decline in AD, with emerging research highlighting its 
importance. The hippocampus is widely recognised for its pronounced 
volume loss in AD, which strongly correlates with cognitive deterio-
ration. By focusing on these specific regions, the proposed approach 
captures early signs of the disease that may not be as apparent across 
the entire brain, thereby improving model sensitivity and accuracy.

2 GitHub: https://github.com/FahimFBA/Alz-Predict-ROIvsNonROI/.

https://github.com/FahimFBA/Alz-Predict-ROIvsNonROI/
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Fig. 2. Visual illustration of FastSurfer QuickSeg.
Fig. 3. Visual illustration of skull stripping.

2.2.3. Histogram equalisation
To improve image contrast while preserving details, CLAHE (Con-

trast Limited Adaptive Histogram Equalisation) was applied during the 
image loading process. CLAHE, a variation of the Adaptive Histogram 
Equaliser [37], mitigates the over-amplification of contrast. Instead of 
being applied to the entire image, CLAHE operates on discrete small 
regions known as tiles. Bilinear interpolation is subsequently used to 
combine neighbouring tiles and eliminate artificial boundaries. A visual 
illustration of the CLAHE application is shown in Fig.  4.

Without CLAHE, the images exhibit poor contrast and diminished 
detail, as shown on the input side of Fig.  4. CLAHE enhances both 
contrast and detail, as illustrated on the output side of the same figure.

We have several 2D slices stacked along a specific dimension to 
create a 3D MRI image. The clip limit is set to 2.0, controlling the 
degree of contrast enhancement, where a higher value results in greater 
contrast. The tile grid size is defined as 8 × 8, denoting the size of 
the contextual regions (tiles) used for histogram equalisation. Each 2D 
slice is divided into non-overlapping tiles. The histograms are then 
clipped and equalised for each tile. After processing each tile, bilinear 
interpolation is used to smooth transitions between adjacent tiles, and 
the processed tiles are combined back into the full 2D slice. The above 
4 
Fig. 4. Visual illustration of CLAHE.

steps are applied sequentially to each 2D slice within the 3D MRI 
volume.

2.2.4. Image sharpening
Unsharp masking [38] was used to enhance the sharpness of the 

images. Unsharp masking is a linear image processing technique that 
sharpens an image by amplifying high-frequency components. Image 
sharpening enhances the edges and fine details, making the images 
clearer and improving overall image quality.
enhanced_image = original + amount × (original − blurred)

2.2.5. Augmentation and registration
After preprocessing steps, data augmentation was performed using 

random rotation. This random rotation introduced variations in the 
training images, followed by a symmetric diffeomorphic registration 
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approach, which was utilised to ensure accurate alignment between 
images.

The method involved rotating images by random angles selected 
within a specified range. The angle was chosen randomly between a 
negative and positive range, allowing clockwise or counterclockwise 
rotations. This rotation alters the orientation but preserves the size 
and shape of the image. Random rotation enables the model to learn 
from different perspectives, simulating real-world variations in MRI 
acquisition. 

No hyperparameter tuning was applied in this research. Key settings 
such as learning rate, batch size, number of epochs, number of filters 
in convolutional layers, and dropout rate were fixed. Specifically, the 
learning rate was set to 0.001, the batch size to 32, the dropout rate to 
0.2, and L2 regularisation with a strength of 0.01 was used. The Adam 
optimiser was employed with a learning rate of 0.001. 

Random rotation as part of data augmentation improved the model’s 
adaptability to different image orientations. In practical scenarios, MRI 
images may be acquired at varying angles; random rotation helps the 
model generalise better to such variations. Including random rota-
tion during training enables the model to learn orientation-invariant 
features, enhancing its robustness to new, unseen data while adding 
minimal computational cost. 

The impact of data augmentation, including random rotation, on 
model performance was evaluated. Models trained with augmenta-
tion demonstrated improved accuracy, better feature recognition, and 
reduced overfitting on unseen datasets. 

Registration is another crucial preprocessing step, where all MRI 
images are aligned to a common anatomical space. This ensures consis-
tent analysis across samples, even if images were acquired at different 
positions or angles. Accurate alignment enhances the model’s ability to 
learn relevant features. 

The influence of registration errors on model performance was also 
assessed. It was observed that minor registration inaccuracies did not 
significantly impact classification accuracy, indicating the robustness of 
the proposed method. 

2.3. 3D ResNet model architecture

The 3D model starts with an input layer, followed by a 3D con-
volutional layer with 64 filters for Regions of Interest (ROIs) and 128 
filters for all brain regions. This layer captures spatial features from 
the input volume using a 5 × 5 × 5 kernel and a stride of 2 × 2 × 2. 
Batch normalisation and a ReLU activation function follow this layer to 
stabilise training and introduce non-linearity. A 3D max pooling layer 
with a 3 × 3 × 3 pool size and a 2 × 2 × 2 stride is then applied to reduce 
spatial dimensions and control overfitting through down-sampling.

The network proceeds through four sets of residual blocks, each 
containing multiple residual blocks. The first set consists of three 
residual blocks, each with a 3D convolutional layer (64 filters for ROIs, 
128 for all brain regions) using a 5 × 5 × 5 kernel, followed by batch 
normalisation and ReLU activation. This is repeated for another 3D 
convolutional layer with the same configuration. A Convolutional Block 
Attention Module (CBAM) is then applied, enhancing feature represen-
tation through channel attention (using global average pooling, global 
max pooling, dense layers, and sigmoid activation) and spatial attention 
(using 3D convolution and sigmoid activation).

The second set of residual blocks contains sixteen blocks, each with 
3D convolutional layers with 128 or 256 filters. The third set includes 
thirty-six blocks with 256 or 512 filters. The fourth set comprises six 
blocks with 512 or 1024 filters. Each set follows the same CBAM 
configuration and connection pattern.

After these residual block sets, batch normalisation and ReLU ac-
tivation functions are applied to the resulting feature maps. Spatial 
dimensions are reduced through global average pooling, which com-
putes the average value of each feature map. This pooled output is 
flattened into a single vector. Finally, a dense (fully connected) layer 
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with units equal to the number of output classes produces the final 
predictions. Depending on the task, a softmax activation function is ap-
plied for binary classification, resulting in predicted class probabilities 
or scores. The model architecture is given in Fig.  5.

2.4. Details of model architecture

Our model is based on a 3D ResNet with a Convolutional Block At-
tention Module (CBAM) to detect Alzheimer’s Disease (AD) using MRI 
scans. The design focuses on both spatial and channel-wise features, 
with special attention to brain Regions of Interest (ROIs).

The model begins with an input layer followed by a 3D convo-
lutional layer, utilising 64 filters for ROIs and 128 filters for other 
brain regions. These filter numbers were selected to effectively capture 
detailed patterns while maintaining computational efficiency. The ker-
nel size is set to 5 × 5 × 5, allowing the model to capture both fine 
and coarse features within the 3D MRI scans. This kernel size enables 
the identification of critical brain structures associated with AD while 
keeping the network lightweight and less resource-intensive.

To reduce feature map dimensions while preserving essential spatial 
information, a stride of 2 × 2 × 2 and a pooling size of 3 × 3 × 3 
are used. Residual blocks are incorporated to facilitate training and 
mitigate degradation issues in deep networks. The model architec-
ture begins with 64 and 128 filters to capture low-level features and 
progressively increases to 256, 512, and 1024 filters to extract higher-
level, more complex patterns. Increasing the number of filters allows 
the model to learn subtle differences as it progresses deeper into the 
network.

The Convolutional Block Attention Module (CBAM) helps the model 
focus on the most important features in the data. CBAM applies chan-
nel attention to prioritise the most informative channels, enhancing 
features strongly correlated with AD. It also applies spatial attention 
to emphasise specific brain regions within the MRI scans, particularly 
those most affected by AD.

Following feature extraction through residual blocks and CBAM, 
global average pooling is applied to reduce the spatial dimensions and 
summarise the learned features. The resulting feature vector is then 
passed through a dense (fully connected) layer to perform the final 
classification, predicting the presence or absence of AD.

CBAM proves particularly effective for AD detection by ensuring 
the model focuses on the most critical areas and features indicative 
of the disease. As changes associated with AD are often subtle and 
localised, CBAM enhances the model’s capability to detect these minor 
variations, improving overall diagnostic accuracy. The proposed model 
is thus designed to efficiently and accurately detect AD, even when the 
pathological changes in the brain are difficult to observe.

2.5. Evaluation metrics

Several evaluation metrics were employed to assess the performance 
of the model, including accuracy score, confusion matrix, precision 
score, recall score, area under the curve (AUC), and F1 score.

• Accuracy score: The accuracy score is one of the most widely 
used metrics in machine learning and deep learning. It expresses 
the proportion of accurately predicted instances (True Positives 
and True Negatives) relative to the total instances (True Positives, 
True Negatives, False Positives, and False Negatives). It provides 
an overall measure of the model’s prediction correctness.

Accuracy = Number of Correct Predictions
Total Number of Predictions

• Precision: Precision assesses the accuracy of positive predictions 
(True Positives). It measures the ratio of correctly predicted posi-
tive instances to the total predicted positives (True Positives and 
False Positives). Thus, it provides insight into the reliability of the 
model’s positive classifications.

Precision = True Positives

True Positives + False Positives
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Fig. 5. Visual illustration of 3D-ResNet architecture.
• Recall: Recall represents the ability of the model to capture 
all relevant instances by calculating the ratio of True Positive 
predictions to the total actual positives.

Recall = True Positives
True Positives + False Negatives

• F1 score: The F1 score combines precision and recall using their 
harmonic mean and provides a balanced evaluation metric. It is 
particularly suitable for assessing model performance in scenarios 
involving imbalanced class distributions.

F1 Score = 2 × Precision × Recall
Precision + Recall

• AUC-ROC score: The Area Under the Receiver Operating Char-
acteristic Curve (AUC-ROC) score evaluates how well a binary 
classification model can distinguish between two classes, such 
as positive and negative samples. The ROC curve plots the true 
positive rate (how often the model correctly predicts positives) 
against the false positive rate (how often the model incorrectly 
predicts negatives as positives) at various threshold settings.
The AUC score represents the area under the ROC curve and 
ranges from 0 to 1. Here, 1 indicates that the model correctly 
identifies all positive and negative cases, 0.5 suggests the model 
is no better than random guessing, and 0 implies completely 
incorrect predictions.

AUC = ∫

1

0
TPR(FPR) 𝑑(FPR)

These evaluation metrics provide a comprehensive assessment of the 
model’s accuracy, precision, recall, discrimination ability, and overall 
performance, offering valuable insights into its effectiveness for binary 
classification tasks.

3. Experimental analysis

In this section, the performance evaluation and analysis of the 
proposed model are presented. The system specifications used for the 
experiments are as follows: the operating system was Ubuntu 16.04.1, 
with an Intel(R) Core(TM) i7-7700 CPU running at 3.60 GHz. For 
6 
Table 1
Experimental results on two datasets for AD vs MCI.
 Experiment Accuracy Recall AUC Precision 
 ADNI (All Regions) 88% 88% 93% 83.33%  
 ADNI (6 ROIs) 92% 91.67% 94% 92%  
 OASIS (All Regions) 98% 97.7% 99.55% 98%  
 OASIS (6 ROIs) 98.33% 98% 99.8% 98.33%  

graphics processing, the system utilises an NVIDIA TITAN Xp GPU with 
12 GB of VRAM. Additionally, the system is equipped with 32 GB of 
RAM.

3.1. Results

This section provides an overview of the performance evaluation of 
the model across three distinct binary classification tasks: Alzheimer’s 
Disease (AD) versus Mild Cognitive Impairment (MCI), Cognitively 
Normal (CN) versus Alzheimer’s Disease (AD), and Cognitively Normal 
(CN) versus Mild Cognitive Impairment (MCI). 

Alzheimer’s disease (AD) vs. Mild cognitive impairment (MCI)
The results for the AD vs. MCI classification task are summarised 

in Table  1. For the ADNI dataset using all brain regions, the model 
achieved an accuracy of 88%, a recall of 88%, an AUC of 93%, and 
a precision of 83.33%. When focusing on the six selected Regions of 
Interest (ROIs), the performance improved, achieving an accuracy of 
92%, a recall of 91.67%, an AUC of 94%, and a precision of 92%.

For the OASIS dataset using all brain regions, the model achieved 
an accuracy of 98%, a recall of 97.7%, an AUC of 99.55%, and a 
precision of 98%. When focusing on the six ROIs, the performance 
slightly improved further, reaching an accuracy of 98.33%, a recall of 
98%, an AUC of 99.8%, and a precision of 98.33%.

These results highlight the effectiveness of focusing on specific brain 
regions impacted by Alzheimer’s Disease, especially when advanced 
preprocessing and segmentation techniques are applied. The consistent 
improvements observed using the six ROIs suggest that targeted analy-
sis can yield more accurate and reliable predictions in the AD vs. MCI 
classification task. 
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Table 2
Experimental results on two datasets for CN vs AD.
 Experiment Accuracy Recall AUC Precision 
 ADNI (All Regions) 88.89% 89% 93.5% 89.33%  
 ADNI (6 ROIs) 93.33% 93% 94% 92%  
 OASIS (All Regions) 95% 95% 99.38% 96.2%  
 OASIS (6 ROIs) 97.8% 98% 99.6% 97.5%  

Table 3
Experimental results on two datasets for CN vs MCI.
 Experiment Accuracy Recall AUC Precision 
 ADNI (All Regions) 87.27% 87% 88.5% 88.21%  
 ADNI (6 ROIs) 88.2% 88% 91.12% 89%  
 OASIS (All Regions) 98.05% 98% 99.5% 98%  
 OASIS (6 ROIs) 98.6% 98.6% 99.85% 98%  

Table 4
Training time for each epoch (in seconds).
 Experiment ADNI OASIS

 All regions 6 ROIs All regions 6 ROIs  
 AD vs MCI 500 to 520 470 to 480 1700 to 1900 1362 to 1500 
 AD vs CN 345 to 366 330 to 350 1500 to 1660 1150 to 1350 
 CN vs MCI 430 to 450 423 to 450 1700 to 1850 1350 to 1400 

Cognitively normal (CN) vs. Alzheimer’s disease (AD)
The performance metrics for the CN versus AD classification task 

are summarised in Table  2. Experiments were conducted using both 
the ADNI and OASIS datasets, comparing the use of all brain regions 
versus six selected ROIs.

For the ADNI dataset using all brain regions, the model achieved an 
accuracy of 88.89%, a recall of 89%, an AUC of 93.5%, and a precision 
of 89.33%. When utilising the six ROIs, the accuracy improved to 
93.33%, with a recall of 93%, an AUC of 94%, and a precision of 92%.

For the OASIS dataset, using all brain regions, the model achieved 
an accuracy of 95%, a recall of 95%, an AUC of 99.38%, and a precision 
of 96.2%. When focusing on the six ROIs, further improvements were 
observed, with an accuracy of 97.8%, a recall of 98%, an AUC of 99.6%, 
and a precision of 97.5%.

Cognitively normal (CN) vs. Mild cognitive impairment (MCI)
The performance metrics for the CN versus MCI classification task 

are detailed in Table  3. Experiments were performed using both the 
ADNI and OASIS datasets, comparing performance with all brain re-
gions versus six selected ROIs.

For the ADNI dataset using all brain regions, the model achieved an 
accuracy of 87.27%, a recall of 87%, an AUC of 88.5%, and a precision 
of 88.21%. When focusing on the six ROIs, slight improvements were 
observed, with an accuracy of 88.2%, a recall of 88%, an AUC of 
91.12%, and a precision of 89%.

For the OASIS dataset, the model achieved an accuracy of 98.05%, a 
recall of 98%, an AUC of 99.5%, and a precision of 98% when using all 
brain regions. When utilising the six ROIs, the model further improved, 
achieving an accuracy of 98.6%, a recall of 98.6%, an AUC of 99.85%, 
and a precision of 98%.

These results suggest that focusing on specific brain regions affected 
by cognitive impairment enhances model performance, as reflected by 
improvements in accuracy, recall, AUC, and precision, consistent across 
all three binary classification tasks. 

3.2. Model complexity analysis

Table  4 summarises the training time required for each epoch across 
different experiments and datasets. Training times are reported in 
seconds for various configurations of the model and datasets. 
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Table 5
Key 3D ResNet configuration parameters for whole brain and Regions of Interest.
 Specification All brain regions 6 ROIs  
 Filter Number 128 64  
 Kernel Size 7 × 7 × 7 5 × 5 × 5  
 ResNet Configuration [3, 16, 36, 6] [3, 8, 36, 6] 

Table 6
Number of parameters.
 Parameter type All brain regions 6 ROIs  
 Trainable parameters 264,960,646 59,232,646 
 Non-trainable parameters 9,984 9,856  
 Total parameters 264,970,630 59,242,502 

Table  4 provides a comparison of training times for different datasets
and Regions of Interest (ROIs). The time required varies depending 
on the dataset and whether all regions or only specific ROIs are used. 
Generally, the training time is higher for the OASIS dataset compared 
to the ADNI dataset, reflecting the increased complexity and size of the 
OASIS dataset. Training times are reduced when only six ROIs are used 
compared to utilising all brain regions.

When the model processes the entire brain, it requires a larger 
and more complex network to learn from the various brain structures, 
resulting in a significantly higher number of parameters [39]. In con-
trast, when focusing on selected ROIs, the model complexity is reduced, 
allowing it to operate with fewer parameters while maintaining high 
accuracy. These regions are smaller and exhibit less variation compared 
to the whole brain, making the learning process more efficient.

Table  5 outlines the essential configuration parameters of the model 
for whole brain and ROI-focused experiments.

Table  6 presents the total number of parameters, including both 
trainable and non-trainable parameters, for models trained on the 
entire brain versus only selected ROIs. For the whole brain, the model 
employs 128 filters with a 7 × 7 × 7 kernel size, structured in a ResNet 
architecture with [3, 16, 36, 6] layers. For the ROI-based configuration, 
64 filters with a 5 × 5 × 5 kernel are used, maintaining a similar 
architecture but reducing the first block’s depth to [3, 8, 36, 6]. This 
adaptation significantly reduces the model complexity while preserving 
strong predictive performance.

3.3. Comparison with state-of-the-art methods

The accuracy of the proposed model is compared with previous 
state-of-the-art methods in Alzheimer’s Disease research. Table  7 sum-
marises the comparative analysis. The results demonstrate the superior 
performance and reliability of the proposed model across different 
experiments and datasets, showing notable advancements over existing 
methods.

It is important to note that many prior studies did not report 
detailed analyses of model time complexity. They primarily focused 
on improving predictive accuracy and model interpretability. Neverthe-
less, time complexity remains a critical consideration, and addressing it 
is planned for future work. Working with 3D MRI data naturally entails 
high computational demands, a common characteristic in this field.

While this study emphasised accuracy improvements, the model 
complexity aligns with standard practices for handling high-dimensional
MRI data. A comparison of accuracy improvements achieved is pre-
sented below.

In the ‘‘AD vs. CN’’ classification, the proposed model achieves 
an accuracy of 88.89% on the ADNI dataset using all brain regions, 
surpassing the 83.64% accuracy reported by Inan et al. [7] and 85.69% 
reported by Lei et al. [11]. When focusing on ROIs, the model achieves 
93.33%, outperforming Pan et al.’s 90.6% [24] and Yoon et al.’s 
91.7% [42].
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Table 7
Comparison in terms of accuracy: previous research works vs our research work.
 Study Dataset AD vs. CN AD vs. MCI CN vs. MCI  
 Inan et al. [7] ADNI, OASIS 83.64% (ADNI) 91.54% (OASIS) 82.69% (ADNI) 
 Lei et al. [11] ADNI-1, ADNI-2, 

ADNI-3, AIBL, 
MCAD

85.69% 69.89% 63.34%  

 Wang et al. [16] ADNI-1, ADNI-2, 
ADNI-3

– 92.92% (Conversion 
from MCI to AD 
within 4 years)

–  

 Pan et al. [24] ADNI, OASIS 90.6% – –  
 ELGeneedy et al. [40] OASIS 99.68% – –  
 Sang et al. [15] ADNI 87.50% – –  
 Carcagnìet al. [14] ADNI, OASIS 75.625% – –  
 Chen et al. [41] ADNI-1, ADNI-2, 

ADNI-GO
95.32% – –  

 Yoon et al. [42] ADNI, AIBL 91.7% 90.1% 89.9%  
 Saoud et al. [43] MALPEM-ADNI 90% 74% 84%  
 Our Model ADNI (All 

regions)
88.89% 88% 87.27%  

 ADNI (6 ROIs) 93.33% 92% 88.2%  
 OASIS (All 

regions)
95% 98% 98.05%  

 OASIS (6 ROIs) 97.8% 98.33% 98.6%  
In the ‘‘AD vs. MCI’’ task, the model attains an accuracy of 88% with 
all brain regions and 92% with ROIs on the ADNI dataset, significantly 
surpassing Lei et al.’s 69.89% [11]. With the OASIS dataset, accuracies 
of 98% and 98.33% are achieved for all regions and ROIs, respectively, 
setting a new benchmark.

For the ‘‘CN vs. MCI’’ classification, the model achieves 87.27% 
accuracy (all regions) and 88.2% (ROIs) on the ADNI dataset, consider-
ably outperforming prior works. On the OASIS dataset, accuracies reach 
98.05% and 98.6%, confirming the robustness and effectiveness of the 
proposed approach.

3.4. Discussion

The analysis conducted in this study involves two types of pre-
processed images: one encompassing all brain regions and another 
focusing solely on six Regions of Interest (ROIs).  For all brain re-
gions, the advantages include detailed visualisations where different 
brain areas are colour-coded, enhancing understanding and facilitating 
advanced research.  However, the RGB format results in larger image 
sizes, increasing dataset complexity and imposing higher computa-
tional demands.  Additionally, the detailed colouring may alter the 
original greyscale MRI appearance, potentially limiting its utility for 
certain medical analyses.  This increased resource consumption can 
pose challenges for researchers with limited computational capacity. 
Fig.  6 shows different views of full brain MRIs.

In contrast, focusing on Regions of Interest (ROIs) provides a more 
manageable dataset by concentrating on specific brain areas, thus re-
ducing complexity and resource requirements.  This targeted approach 
enhances efficiency for studying particular brain regions pertinent to 
specific research objectives. Nevertheless, this method may overlook 
valuable information from other brain areas and could miss unexpected 
findings revealed through a comprehensive whole-brain analysis. Fig. 
7 illustrates different views of brain MRI scans focused on ROIs.

The proposed method enhances ResNet by integrating an ROI-
guided approach with a Convolutional Block Attention Module (CBAM), 
allowing the model to focus on critical regions in 3D MRI scans. 
This approach improves accuracy and processing speed compared to 
conventional CNN models. Transformer-based models are powerful but 
require large datasets and substantial computational resources, posing 
challenges in the context of medical imaging.  Our approach efficiently 
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handles large volumetric datasets, making it more practical for clinical 
applications.

Graph Convolutional Networks (GCNs) model inter-relationships 
such as brain connectivity but require additional preprocessing, such 
as constructing adjacency matrices, which can introduce bias or affect 
generalisability.  The proposed method circumvents these complexities 
by directly processing MRI images without additional graph construc-
tion steps. Federated learning offers promise for data privacy but 
faces challenges such as handling non-uniform data distributions and 
communication overheads.  While promising, this study prioritises 
improving model performance on centralised datasets before extending 
to decentralised approaches.

The model’s superior performance on the OASIS dataset compared 
to ADNI is likely attributed to differences in data quality, distribution, 
and sample characteristics. OASIS may possess more consistent imag-
ing protocols and cleaner datasets, facilitating better feature extrac-
tion, whereas ADNI data may introduce greater variability, impacting 
generalisation performance.

The ROI-guided approach significantly reduces computational com-
plexity by focusing on the most relevant brain regions. As a result, 
it increases accuracy and reduces the time required for training and 
inference.  The incorporation of CBAM further boosts performance 
by enabling the model to attend to critical spatial and channel-wise 
features, enhancing feature representation and classification accuracy. 
Together, the integration of CBAM and ROI selection improves model 
efficiency, achieving higher accuracy while reducing computational 
costs compared to traditional whole-brain methods.

Saliency maps were generated for both the full brain regions and 
the Regions of Interest (ROIs) using the ADNI dataset. Fig.  8(a) displays 
the saliency map for the entire brain region, while Fig.  8(b) shows the 
saliency map for the ROIs.

By examining these saliency maps, it can be inferred that the 
selected ROIs are appropriate for application in classification tasks 
such as Alzheimer’s disease detection.  The saliency map for the full 
brain region indicates that the model predominantly focuses on the 
areas defined as ROIs, validating their relevance.  This observation 
underscores the critical role of Regions of Interest (ROIs) in enhancing 
the accuracy and interpretability of Alzheimer’s disease identification.
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Fig. 6. Instances from ADNI dataset (first row) (a) Sagittal View (b) Coronal View (c) Axial View and (d) Sagittal View with crosshairs pointing to the centre and OASIS dataset 
(second row).
Fig. 7. Preprocessed MRI brain scan using FastSurfer from ADNI dataset (first row) (a) Sagittal View (b) Coronal View (c) Axial View and (d) Sagittal View with crosshairs pointing 
to the centre and OASIS dataset (second row).
3.5. Future work

This research will be extended by addressing the current limitations 
observed with the ADNI dataset.  At present, the accuracy for the 
ADNI dataset ranges from 87.27% to 93.33%, whereas for the OASIS1 
dataset, it ranges from 97.8% to 98.6%.  To improve performance, 
specific issues associated with the ADNI dataset will be investigated 
and resolved. Currently, the analysis focuses on six Regions of Inter-
est (ROIs); however, it is recognised that this may not fully capture 
the complexity of Alzheimer’s-affected brain regions.  Thus, future 
work will include additional ROIs to enhance regional coverage and 
representation.  The updated pipeline will also be validated across ad-
ditional benchmark datasets to ensure robustness and generalisability. 
In parallel, a web application is under development that will leverage 
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the proposed pipeline to enable accurate Alzheimer’s disease detection 
from raw 3D MRI inputs, facilitating practical clinical deployment.

4. Conclusion

In this study on Alzheimer’s disease detection, a 3D ResNet model 
was applied to 3D MRI images preprocessed using FastSurfer QuickSeg, 
employing the ADNI 1.5T and OASIS-1 datasets. MRI data from all 
brain regions were compared with six specific Regions of Interest 
(ROIs). Experimental results demonstrated that focusing on six ROIs 
yielded superior performance: for the ADNI dataset, accuracies im-
proved to 93.33% for AD vs. CN, 92% for AD vs. MCI, and 88.2% for CN 
vs. MCI. The OASIS dataset exhibited even higher accuracies of 97.8% 
for AD vs. CN, 98.33% for AD vs. MCI, and 98.6% for CN vs. MCI.
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Fig. 8. Comparison of saliency maps between the full region image (left) and the region of interest (ROI) image (right). The saliency map highlights the most significant areas of 
the image, where brighter regions indicate higher importance.
This ROI-guided approach not only enhanced detection accuracy 
but also reduced computational resource requirements, making ad-
vanced imaging analysis more accessible and cost-effective. The find-
ings demonstrate the effectiveness of targeted brain region analysis and 
highlight the potential of integrating AI into medical diagnostics to 
deliver more precise and efficient healthcare solutions.
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