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Abstract 

Dementia is a disorder of the brain's neurons and making a good diagnosis and prediction of the disorder early 

may yield better treatment that will prevent the loss. Disease detection and classification requires optimized 

solutions, based on deep learning techniques, are complex. Motivated by these challenges, this study presents a 

novel Cross-Attention Swin Transformer Efficient Network (CASTE-Net)-based framework. The model's 

hyper-parameters are optimized using the improved optimization algorithm, resulting in enhanced learning 

capability and superior classification performance. Furthermore, noises can be eliminated from the pre-

processing procedure of the MRI images via the combination of B-spline and Lanczos Interpolation without loss 

of the sensitive details.Image enhancement is first performed to enhance the quality of the MRI scans and enable 

robust feature extraction. The enhanced images are then decomposed into multi-scale frequency components to 

exploit both spatial and spectral information associated with brain abnormalities, after which attention is applied 

to extract deep features.To further reduce the complexity of the extracted features, and to improve the accuracy 

of the classification, the proposed model is adopted to select the optimal feature and, consequently, greatly 

reduces the processing overhead complexity in the selected features.The MRI images and their feature 

representation, along with the intricate patterns embedded in the MRI images, are used for the classification by 

the developed Cross-Attention Swin Transformer Efficient Network (CASTE-Net). The accuracy of the 

benchmark OASIS dementia dataset was 98% and various parameters were studied using the developed 

Quantum Convolutional Neural Network. With the developed work this guarantees a very accurate classification 

of dementia. 
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1. Introduction 

Dementia is one of the neurological degenerative conditions that over time cause a progressive loss of cognitive 

function. Dementia affects language, memory and executive functioning generally badly. Moreover, it is 

associated with mental anguish, motor problems and decreased drive [1]. As illness progresses, these symptoms 

get worse, Dementia progressively impairs cognitive and functional abilities, reducing patients' independence 

and adversely affecting the daily functioning of affected individuals and care providers. Alzheimer's disease, the 

major cause of dementia worldwide, is predominantly associated with aging. Consequently, the increasing 

proportion of older adults is expected to result in a substantial rise in dementia prevalence over the coming 

decades. Estimates indicate that the global population aged 65 years and older will nearly quadruple between 

2000 and 2050, highlighting the growing burden of dementia worldwide [2]. It is therefore expected that 

dementia is going to have a greater and growing impact on society. Globally, dementia affected an estimated 7.5 

million people in 2015. According to WHO, the annual incidence of dementia is estimated to range from 10 to 

15 cases per 1000 people based on multiple studies that allow continual assessment of the patient's health 

throughout the course of the study [3]. Of the people who develop dementia, a small proportion will live for 14 

years or more, and the average survival time following a dementia diagnosis is approximately seven years. This 

alarming situation is encouraging the organizations and the academics to step up the activities in the prevention 

of dementia and early diagnosis [4]. A wide range of simple and affordable dementia tests can detect early 

symptoms such as sensory confusion, or more advanced conditions such as AD and MCI [5]. Cognitive 

functions cover focus, dialect,decision,recall and decision.Although severe memory loss could be a sign of 
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dementia, MCI might suggest that dementia is a possible diagnosis. An individual's cognitive abilities are 

fundamental to independent living and overall well-being. Disorders characterized by progressive cognitive 

decline, particularly AD, are now recognized as one of the most pressing public health issues. MRI images are 

valuable in diagnosis, to help rule out other diseases and to show any anatomical abnormalities like brain 

shrinkage [6]. Some of the atrophy features should be considered as signs of different types of dementia, but the 

MRI data should always be integrated with other diagnostic tests and medical evaluations. Early-stage dementia 

is commonly characterized by memory deficits. Individuals may have difficulty recalling recent events and often 

lose or misplace items in familiar environments. One of the first symptoms of Alzheimer's disease is memory 

loss [7]. There are cognitive and neurological measures that are used to assess brain and muscular function 

patients undergo comprehensive clinical examinations that assess cognitive and neurological performance, 

encompassing memory, executive function, language, numerical skills, balance, perceptual abilities, and reflex 

responses. MRIs can show if there is shrinkage or damage to certain areas of the brain. Serial brain imaging 

enables the detection of progressive structural alterations occurring over time. Reduction does not identify a 

specific diagnosis, but may indicate Alzheimer's disease or a similar disease of the nervous system [8]. It takes 

little time, few resources and no anesthetic and is easily done on any MRI program. Although MRI is a valuable 

neuroimaging modality, it has certain limitations in the accurate diagnosis of dementia. It is subject to inter-

observer variation and does not have the same sensitivity as other volumetric assessments. Theauthor involves 

extending the IHOA with Quantum Convolutional Neural Network(CNN) that successfully classifies the 

available datasets into the dementia diseases [9] – [10]. 

Dementia is a neuro-generative disorder which impairs not only the normal life but also the quality of life, 

hence, the early identification of dementia is crucial for improving treatment outcomes and patient management 

[11].Earlier approaches were unable to produce reliable predictions because of excessive noise in the data and 

over-fitting during model training.Despite the promising performance of CNNs, their diagnostic capability is 

constrained by limited feature representation and non-optimal hyper-parameter settings. CNNs leverage 

quantum entanglement to extract more informative features; however, their effectiveness depends on appropriate 

hyper-parameter optimization. Therefore, this study proposes a hybrid framework that combines a CNN with the 

improved optimization algorithm to determine optimal hyper-parameters, resulting in improved feature learning, 

higher classification accuracy, and enhanced diagnostic performance [12] – [13]. The development of an 

efficient framework for dementia classification using the OASIS dataset. Initially, the MRI images are 

preprocessed by applying Spline-based interpolation in conjunction with Lanczos-based interpolation to reduce 

noise, improve image quality, and normalize intensity values. Subsequently, a U-Net architecture is employed to 

extract discriminative spatial and structural features associated with dementia [14]. The extracted features are 

then classified using a CNN, whose hyper-parameters are optimized through the improved optimization 

algorithm to enhance classification predictive performance and reliability [15]. The overall performance of the 

developed framework is comprehensively validated using quantitative performance metrics, including 

accuracy,positive predictive value, recall, ROC-AUC, and classification efficiency, demonstrating its superiority 

in multi-class dementia classification,feature selection through an enhanced Cross-Attention Swin Transformer 

Efficient Network (CASTE-Net)model using an exploitation strategy inspired by the mountaineering process to 

improve hyper-parameter tuning; stage-wise dementia classification with an optimized hyper-parameter tuning. 

The subsequent sections is organized as described in Section 2, the corresponding works are analyzed and 

emphasis is given in detail. The developed work is explained in a broader context in section 3. Section 4 

presents the simulation setup and experimental results. At the end of the work, you can find the results in section 

5. 

2. Related works 

This section discusses various existing approaches where CAD is heavily relied on in the medical treatment of 

AD. In health care images like magnetic resonance imaging (MRI), for instance, however, techniques that rely 

on CNNs are very sensitive to small changes resulting from brain shrinkage. Mu et al. [16] proposed a 

lightweight DMA-HPCNet by incorporating modularized DMA and HPC modules into a ResNet backbone. In 

addition, a HFF strategy was introduced to capture discriminative features at multiple scales while preserving 

the global contextual information of MRI images, leading to improved medical image diagnosis.It facilitates 

comprehensive visualization of regional and whole-brain neural networks. As a result, an evaluation of the 

cognitive losses is missing [17]. Alzheimer's disease represents the most common form of dementia, affecting 

millions of individuals worldwide and causing progressive deterioration in memory, reasoning, and other 

cognitive functions.Due to the complex nature of the disease, early-stage diagnosis remains difficult but is 

essential for effective clinical management. Sarag et al. [18] explored machine learning-based approaches for 

dementia prediction by combining MRI scans with clinical records to enhance diagnostic accuracy and support 

early detection.A hybrid CNN-SVM approach to improve the reliability of predictions was proposed [19]. The 
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results allow information regarding individualized dementia therapy as they show the effectiveness of 

combination of medical and imaging information. Thus, an improvement of the performance was to be 

achieved. 

HC fragmentation is crucial for the detection of common neurological diseases such as epilepsy and common 

neurodegenerative diseases such as dementia and Parkinson's [20]. A workable 3D HC identification problem 

from the MRI images was given and a shape driven loss function was provided along with an attention-unet 

based approach. De et al. [21] had developed a HOG which was designed to get the shape information. The 

proposed system has been calculated using pooling method.The lack of histogram information limits the use of 

variance-based loss functions during deep learning optimization through back-propagation. Although the 

proposed model demonstrated superior classification accuracy, insufficient clinical data constrained its practical 

clinical effectiveness [22]. In addition, fuzzy image analysis and the integration of 3D visualizations with 2D 

images were utilized to improve visualization quality and support context-aware interpretation of medical 

images. Maharjan et al. [23] proposed an 8D descriptor method for SURF to increase the computational 

reliability of the descriptor and suggested its use with an OFSA. In addition, dynamic three-dimensional images 

are overlaid on the initial image for optimal enhanced learning. The proposed method aims to produce high-

quality images for reliable analysis by optimizing feature integration and improving the robustness of image 

processing [24]. The framework also enhances visualization and usability, enabling more effective interpretation 

of medical images. Moreover, the imaging features remain stable across complex diagnostic scenarios, ensuring 

consistent and reliable classification performance [25]. 

The authors introduced a CAUEEG database consisting of structured clinical descriptions to be used in the 

automated diagnosis of EEG symptoms. The dataset includes historical clinical information,participant clinical 

and demographic information Kim et al. [26] introduced the CEEDNet, which employs a single-stage deep 

learning framework architecture for automated EEG analysis. By integrating all stages of EEG processing into a 

single framework, CEEDNet streamlines the diagnostic workflow, limits dependence on human intervention, 

and boosts the efficiency and consistency of EEG-based evaluation.This will enable potential patients to be 

diagnosed properly through automated detection. However, it wasn't possible to deal with difficult situations.AD 

is a progressive neurodegenerative disorder whose increasing prevalence highlights the need for accurate early 

diagnosis. Ho et al. [27] introduced DeepADNet, a deep learning-based model for discriminating multiple 

Alzheimer's disease stages classification.The framework extracts ERSP features to capture temporal changes in 

EEG frequency bands and employs a hybrid CNN–LSTM network to learn discriminative time–frequency 

representations for distinguishing HC from individuals with AD. The method effectively models the 

spatiotemporal progression of Alzheimer's disease; however, its performance is constrained when applied to 

large and heterogeneous datasets. Bidani et al. [28] introduced a transfer learning-based DCNN for dementia 

detection and classification through brain MRI scans acquired from the OASIS dataset. The proposed model 

aims to identify dementia, a neurodegenerative disorder associated with progressive decline in memory, 

communication, and other cognitive abilities required for independent daily functioning. Images were extracted 

from the images using the features and the learning classification techniques. The dataset comprises three 

dementia classes: Non-Dementia, Very Mild Dementia, and Mild Dementia, based on brain MRI images.It 

greatly enhanced the accuracy of dementia assessments.Thus, it is imperative to examine the weaknesses of the 

technique.The two principal forms of neurodegenerative dementia include Alzheimer's disease and fronto-

temporal dementia. Nevertheless, modern structural imaging methods have mainly been developed to diagnose 

each disorder independently, while the possibility of multiple concurrent diagnoses has received minimal 

attention.It utilizes a deep learning algorithm for accurate disease detection. Nguyen et al. [29] adapted a 3D U-

Net model to detect structural regions in healthy individuals and patients with AD and FTD.The imaging data of 

these two diseases were used for disease detection can be used with a MLP classifier in various classification 

initiatives. Consequently, the deep learning algorithms were integrated using data-driven algorithms to enhance 

the algorithm's capabilities in terms of robustness and discrimination. However, these techniques usually do not 

give a clear interpretation of the results [30]. Table 1 summarizes the literature survey. 

Table 1. Comparison of existing approaches 

Ref. Dataset Methodology Advantages Limitations 

[16] Brain MRI DMA-HPCNet with 

HFF and ResNet 

Multi-scale feature extraction 

and global context learning 

Limited cognitive loss 

assessment 

[18] MRI + Clinical 

Data 

Hybrid CNN-SVM Combines imaging and 

clinical information 

Limited feature 

optimization 

[20] MRI Attention U-Net Accurate hippocampus 

localization 

Limited disease 

generalization 

[21] MRI HOG-based Shape Captures structural Poor variance learning 
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Descriptor information 

[23] MRI SURF + OFSA Improved descriptor 

robustness 

High computational 

complexity 

[26] EEG CEEDNet End-to-end EEG diagnosis Performance decreases for 

complex EEG patterns 

[27] EEG DeepADNet (CNN-

LSTM) 

Learns temporal EEG 

patterns 

Limited scalability on 

heterogeneous datasets 

[28] OASIS MRI Transfer Learning 

DCNN 

High MRI classification 

accuracy 

Weak interpretability 

[29] MRI 3D U-Net + MLP Structural brain segmentation Poor explainability 

[17] Multimodal 

Brain Images 

Adversarial Deep 

Learning 

Robust multimodal 

representation 

High computational cost 

[19] Cognitive 

Assessment 

Augmented Reality 

Framework 

Improved visualization Not intended for automatic 

classification 

[24] Medical Images Image Enhancement Better interpolation quality Does not perform 

classification 

3. Methodology 

Accurate classification of brain images into non-dementia, very mild dementia, mild dementia, and moderate 

dementia is essential for the early diagnosis of dementia and timely clinical intervention. Initially, the input 

images undergo preprocessing through Spline-based interpolation coupled with Lanczos-based interpolation 

techniques to reduce noise and correct intensity variations. Subsequently, discriminative Feature representations 

are obtained using the Cross-Attention Swin Transformer Efficient Network (CASTE-Net) architecture, while 

the Dynamic Adaptive Algae Optimization (DAAO)is employed to select the most relevant features. The 

selected features are then passed to the classification stage, where a Cross-Attention Swin Transformer Efficient 

Network (CASTE-Net) integrated with the DAAO is utilized to classify the different stages of dementia. The 

overall workflow of the developed dementia classification framework is illustrated in Fig 1. 

3.1. Pre-processing  

Accurate dementia classification requires high-quality MRI images; however, the acquired images are often 

affected by noise and artifacts. Therefore, spline-based interpolation coupled with Lanczos-based interpolation 

are applied to enhance image quality by reducing noise, correcting intensity variations, and preserving image 

resolution. The enhanced images are then used for feature extraction.  

3.1.1. Interpolation  

This method will smooth MRI images without destroying the anatomical structures. The unnecessary intensity 

variations and noises are reduced to enhance the regions of interest. It can be expressed as Eq. (1): 

𝐵𝑆𝑙(𝑉) =  ∑ 𝐺𝑗𝐵𝑆𝑗,𝑙  (𝑣)

𝑙+1

𝑗=0

 

(1) 

Here, the basis functions are 𝐵𝑆𝑙(𝑦) and the control points are 𝐺𝑗 which affect the spline curve. The intensity of 

the input MRI image is represented by 𝐼(𝑦, 𝑧) while the corresponding smoothed (pre-processed) image, 𝐼(𝑦, 𝑧) 

is estimated using Eq. (2). 

𝐼(𝑦, 𝑧) =  ∑ 𝐵𝑆𝑗(𝑦 − 𝑗)𝐵𝑆𝑖(𝑧 − 𝑖)𝐼(𝑗, 𝑖)

𝑗,𝑖

 (2) 

The original image weighting parameter is 𝑊𝑗,𝑖 . The developed method decreases the noises from the scanner 

and enhance the information of the structure. This improves the ability to extract features when it comes to 

dementia classification. 

3.1.2. Re-sampling  

The spatial detail of the MRI images was found to change according to the MRI scan protocols, and Lanczos-

based interpolation is used for resampling images. The convolution kernel of the Lanczos functionis defined as 

Eq. (3): 
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𝐿𝑅(𝑣) =  {
sin(∏ 𝑣) sin (

𝜋𝑣

𝑏
)

∏ 𝑣2
𝑖𝑓 |𝑣| < 𝑏

0 𝑒𝑙𝑠𝑒

 

(3) 

The parameter for the window used in lanczos is 𝑏 and the distance between the points used for the interpolation 

is 𝑦. The intensity function that will be sampled in the new pixel coordinates can be determined as Eq. (4).  

𝐼(𝑦, 𝑧) =  ∑ 𝐼(𝑗, 𝑖)𝐿𝑅(𝑦 − 𝑗)𝐿𝑅(𝑧 − 𝑖)

𝑗,𝑖

 (4) 

To preserve high-frequency details, the proposed method is applied. 

3.1.3. Correlation and intensity and normalization 

The strength of the MRI images are modulated according to the type of radiofrequency coil. This may have 

resulted in bias field correction being used to standardize the signals to prevent this. Histogram matching and 

intensity rescaling are employed to standardize voxel intensities across MRI images, thereby providing 

consistent input data for the effective training of the proposed CASTE-Net model. 

 

Fig 1. Overall workflow 

3.2. Feature analysis 

The pre-processed MRI images are processed using the U-Net architecture to extract spatial and spectral 

features. The encoder progressively learns low-level and high-level feature representations, while the decoder 

reconstructs and refines these features by integrating semantic and spatial information. The extracted feature 

representations are then used for dementia classification. This is done by a cross-entry loss function, which will 

secure the trainable weights during the extraction process. Fig 1 presents a sample feature map extracted by the 

U-Net architecture. During the model training stage, the 𝑁 −band MRI image serves as the input for the 

mathematical formulation of the feature extraction process. The U-Net output produces the logits 𝑧̂ associated 

with the target class 𝑦. The pixel-wise probability of the predicted class is defined in Eq. (5). 

𝑧̂ = 𝐹𝑈𝑁𝑒𝑡(𝑦) (5) 

The proposed model extracts multi-level feature representations from 𝑁 hierarchical levels. The feature map 

corresponding to level 𝑘 for each feature 𝜃𝑝,𝑞,𝑘
𝑙 is defined in Eq. (6). 

𝜃𝑝,𝑞,𝑘
𝑙 =  ∑ ∑ ∑ 𝜃𝑝+𝑗,   𝑞+𝑖,   𝑐

𝑙−1 ∗ 𝑊𝑗,𝑖,𝑐,𝑘 + 𝑎𝑙

𝑖𝑗𝑐

 (6) 
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Through successive convolutional and max-pooling operations, the U-Net extracts high-level features by 

progressively enlarging the receptive field. The hierarchical feature maps are then combined using the UNet 

function via a concatenation operation, as expressed in Eq. (7). 

𝜃𝑘 = [𝜃𝑁−𝑘+1,𝜃𝑘−1] (7) 

 

To address class imbalance and enhance the learning of minority class features, a learnable categorical weight 

vector 𝛽  is integrated into the class-balanced cross-entropy objective function. The objective function is 

mathematically expressed as presented in Eq. (8). 

𝐿𝐸(𝑧, 𝑧̂) =  −(𝛽. 𝑧)𝑇 log 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (𝑧̂) (8) 

The formal representation of the softmax function is presented in Eq. (9). 

𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (𝑧̂) =  
exp(𝑧̂)

1𝑇 exp(𝑧̂)
 

(9) 

The ground-truth label is represented by the one-hot encoded vector 𝑧, whereas 𝑧̂denotes the predicted output of 

the UNet function for the input 𝑦. The formulation of the adaptive weight is presented in Eq. (10). 

𝛽𝑗 =  
1

𝑀𝑗

max(𝑀) 
(10) 

In this case, adaptive weight will be 𝛽𝑗 and the total number of categories will be 𝑀𝑗. 

3.3. Feature selection with Dynamic Adaptive Algae Optimization (DAAO) 

Meta-heuristic search optimization techniques intends to determine the best possible solution by exploring the 

solution space based on a predefined search mechanism, beginning with randomly generated initial solutions. 

Their hyper-parameters regulate the trade-off between exploration of new search regions and exploitation of 

existing high-quality solutions. Inspired by natural processes and biological behaviors, these algorithms 

efficiently solve complex optimization problems by balancing global and local search capabilities. The balance 

between exploration and exploitation is a trade-off; so finding an optimal trade-off between these two aspects in 

meta-heuristic algorithms is crucial to obtain optimum solution in shorter time without falling into local 

minimum points. Chaos theory focuses on the behavior of nonlinear dynamic systems that are extremely 

sensitive to initial conditions. A minor perturbation in the initial parameters can produce substantial differences 

in the system's subsequent behavior and output. Owing to this sensitivity, chaotic systems provide enhanced 

randomness and search diversity, which can improve the exploration capability of meta-heuristic optimization 

algorithms. Unlike random processes, chaotic systems are deterministic and do not rely on random parameters, 

despite exhibiting seemingly irregular and unpredictable behavior. Another important chaotic systems are 

characterized by ergodicity. The ergodic property ensures that chaotic variables traverse the entire search space 

in a non-repetitive manner while adhering to deterministic rules. This property enhances the exploration 

capability of optimization algorithms and helps prevent premature convergence to local optima. Owing to these 

advantages, chaotic maps derived from chaotic systems are widely incorporated into population-based 

optimization algorithms to improve their search efficiency, convergence speed, and overall optimization 

performance.Chaotic maps are deterministic systems with stochastic characteristics, nonlinear and ways of 

generating long-term random numbers. The numbers in the maps generated by these sequences have many 

significant properties: The advantages of chaotic sequences include non-repetition, wide-range value 

distribution, and low computational requirements for sequence generation and storage. However, random 

numbers employed in meta-heuristic algorithms may contain duplicate values and insufficient diversity within 

the search space, potentially leading to premature convergence and trapping the algorithm in local 

optima.Consequently, chaotic sequences with full-spectrum coverage and reduced repetition can be produced.  
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Fig 2. Block diagram of proposed model 

The mathematical formulations of these chaotic maps are used to generate deterministic chaotic sequences from 

an initial parameter. These sequences replace conventional random numbers in meta-heuristic algorithms, 

thereby improving population diversity and reducing the possibility of convergence to local optima. These 

numbers in this series will probably not be the same and will be distributed over a large range. The initial 

parameter value 0.7 was chosen for the chaotic maps in this study as is done. Fig 2 shows the spectra of 100 

numbers that are generated by the Chaotic maps equations with the initial parameter x1 0.7. The theory of chaos 

is the study of chaotic modelling of non-linear systems. Nonlinear deterministic systems are called chaotic 

systems and exhibit apparently random behavior that is sensitive to initial conditions. Owing to their unique 

characteristics, chaotic systems have been effectively utilized in meta-heuristic optimization algorithms. Chaotic 

mechanisms can be integrated into different phases of optimization methods, such as generating the initial 

population, enhancing the movement strategies of candidate solutions, adjusting control parameters, and 

combining multiple optimization techniques. Several chaotic meta-heuristic algorithms have been developed in 

previous studies. Among the existing approaches investigated in this study, the most efficient method is 

presented below: 

3.3.1. Adaptation process 

The primary operational workflow is to decide between an optimization process or not adopting one. In the 

standard algorithm this choice is based on the random number being below 0.5, i.e., if the number obtained by 

random selection is less than 0.5, the adaptation process is executed, otherwise the self-adjusting foraging 

mechanism is not executed. A novel algorithm, termed DAAO, is introduced by integrating a chaos-driven 

balancing mechanism into the selection process. The key component of DAAO is the balance operation, where 

ten popular chaotic maps are employed to regulate the trade-off between exploration and exploitation. These 

chaotic maps are embedded within the adaptation mechanism to improve the optimization process. 

Consequently, the conventional random value (rand) in the selection operator is substituted with chaotic 

sequence values, as formulated in Eq. (11). 

𝑖𝑓 𝐶(𝑡) = 𝐴𝑝 𝑡ℎ𝑒𝑛 𝑠𝑡𝑎𝑟𝑣𝑖𝑛𝑔𝑡+1 = 𝑠𝑡𝑎𝑟𝑣𝑖𝑛𝑔𝑡 + (𝑏𝑖𝑔𝑔𝑒𝑠𝑡𝑡 − 𝑠𝑡𝑎𝑟𝑣𝑖𝑛𝑔𝑡) ∗ 𝑟𝑎𝑛𝑑 𝑒𝑛𝑑𝑖𝑓 (11) 

Where,𝐶(𝑡) represents the value generated by the chaotic mapping function during the t-th iteration. The term 

starving t refers to the algal colony exhibiting the extreme starvation state level at time t, whereas biggest t 

denotes the best-performing algal population. The parameter rand is a random number selected from the interval 

[0,1]. The workflow diagram describing the chaotic DAAOframework is presented in Fig 2. 

3.4. Prediction 

The proposed model can be divided into two sections:EfficientNet-B0 model and Swin Transformer which can 

be aptly combined to benefit from the strengths of both CNN-based and transformer-based techniques in clinical 

image classification. It is a free integration with an optimized attention mechanism that dynamically combines 

multiple information to enhance the model's robustness and interpretability. Additionally, it proposed an 

advanced hybrid framework inspired by the merits of two models: The proposed framework combines the local 

feature extraction capability of EfficientNet-B0 with enhanced long-range feature learning ability of the 

hierarchical Swin Transformer framework known as Cross-Attention Swin Transformer Efficient Network 

(CASTE-Net).An attention refinement moduleis employed to fuse these complementary features adaptively 

based on the requirements of the classification task.Fig 3 presents the CASTE-Net deep learning framework, 

which combines the complementary capabilities of EfficientNet-B0 and hierarchical swin transformer 

frameworks for extracting local spatial features and modeling global contextual information from MRI images. 

The proposed CASTE-Net architecture facilitates accurate dementia diagnosis and classification, as 

demonstrated in Fig 3. EfficientNet-B0 is responsible for learning fine-grained local features through optimized 

convolutional blocks, while the Swin Transformer models long-range dependencies and hierarchical global 

context using shifted-window attention across multiple stages. The fusion of local and global representations 
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improves the robustness and accuracy of dementia classification. An attention-based feature fusion module is 

employed to combine complementary local and global features while highlighting the most relevant 

information. The fused features are then passed to a robust multi-class classification network. Additionally, 

Grad-CAM is utilized to generate visual explanations of the model's predictions, enabling clinicians to identify 

the key brain regions influencing the classification results and improving the transparency of the proposed 

framework. This hybrid approach is able to successfully balance local specificity and global context, allowing 

for more accurate and reliable diagnostic results and prediction of dementia. 

3.4.1. Local feature analysis 

EfficientNet-B0 is applied for learning low- and mid-level local feature representations from MRI scans and is a 

backbone used in CNN. To enable efficientNetB0 to be dynamic in terms of the width, depth and input 

resolution of the network for each task, it implements a compound scaling strategy with a series of well-

designed coefficients depending on the specific task. This approach is to overcome the problem of "best for 

less" factors. EfficientNet-B0 performs well on tasks of learning fine-grained local spatial representations from 

MRI images, which include tissue intensity patterns, structural boundaries, and localized pathological changes, 

and are critical for accurate diagnosis of dementia.EfficientNet-B0 combines MBConv blocks with depth-wise 

separable convolutions and SE mechanisms to efficiently model channel-wise feature dependencies. This design 

allows the network to detect very small changes in the structure of MRI brain images that can indicate the 

various phases of disease progression. Moreover, the light architecture and parameter efficiency both make 

EfficientNet-B0 a good option as the core feature extractor of the proposed model. It gathers the anatomical 

information in 2D MRI slices with minimum processing workload. It utilizes a compound scaling approach for 

model scaling the depth of the network (𝑑), width (𝑤) and input image size (𝑟) using uniform scaling. The 

scaling strategy can be mathematically represented as follows: 

𝑑 =  𝛼∅ (12) 

𝑤 = 𝛽∅ (13) 

𝑟 = 𝛾∅ (14) 

subject to the constraint: 

∝. 𝛽2. 𝛾2 ≅ 2;  𝛼, 𝛽, 𝛾 > 0 (15) 

The model consists mainly of an MBConv layer which is a modified version of the original MBConv with the 

addition of a channel-wise attention module called SE block. The SE block calculates:  

𝑆 =  𝜎(𝑊2. 𝛿(𝑊1. 𝐺𝐴𝑃(𝑋))) (16) 

In this case, 𝐺𝐴𝑃(𝑋)𝜖𝑅𝑐  is the average of all global vectors, 𝑅𝑒𝐿𝑈(·) is the rectified linear unit activation 

function, sigmoid (·) is the sigmoid function, and 𝑊1, 𝑊2  are trainable weights. The feature map is then 

recalibrated through multiplication element-wise in the channels:  

𝑋𝑆𝐸 = 𝑋 ⊗ S (17) 

For a given input image 𝐼, the local feature representation obtained from the final layer of the EfficientNet-B0 

model is expressed as: 

𝐹𝑙𝑜𝑐𝑎𝑙 = 𝐸𝑁𝑒𝑡𝐵0 (𝐼) (18) 

3.4.2. Global analysis 

The swin transformer is integrated with EfficientNet-B0 to enhance feature learning by capturing global 

contextual information that complements the local spatial features extracted by EfficientNet-B0. In comparison 

with the ViT which processes the entire image as flattened patches with rather than relying on quadratic 

computational complexity, the swin transformeremploys a hierarchical architecture based on local, non-

overlapping window attention. This design enables efficient modeling of long-range dependencies while 

maintaining computational efficiency and robust feature representation. The windows are placed in between 

layers so as to allow cross windows feature sharing and hence improve the efficiency, scalability, and yet 

maintain the global awareness. Each of the swin transformer levels increases the receptive field, allowing the 

swin transformer to gather information from more global features. To enhance global feature learning, swin 
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transformer module is integrated after the EfficientNet-B0 feature extractor. The swin transformer efficiently 

identifies pathological characteristics, such as ventricular enlargement, cortical thinning, and global cerebral 

atrophy that are indicative of dementia. Using a shifted-window self-attention mechanism, it models long-range 

dependencies and hierarchical contextual information across spatial patches. This global representation 

complements the fine-grained local features learned by EfficientNet-B0, resulting in a more comprehensive and 

robust feature representation for dementia classification.The input image is divided into patches 𝑃 ∈ 𝑅𝑀×𝑀×𝐶 

which are subsequently mapped into an embedding space to obtain patch representations 𝑧0 ∈ 𝑅𝑁×𝐷  with 𝑁 

representing the number of patches and 𝐷 representing the embedding dimension. Self-attention is calculated as: 

In this case, the query matrix, the key matrix and the value matrix are linear projections:  

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 (𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘

+ 𝐵) 𝑉 
(19) 

Here, 𝑋  is the matrix of input features, 𝑊𝑄 , 𝑊𝐾 𝑎𝑛𝑑 𝑊𝑉  are matrices of learnable weights and 𝑑𝑘  is the 

dimensionality of the key vectors. Here, 𝑅 stands for relative positional bias while 𝐵 represents the relative 

positional bias.  

𝑄 = 𝑋𝑊𝑄 (20) 

𝐾 = 𝑋𝑊𝐾 (21) 

𝑉 = 𝑋𝑊𝑉 (22) 

Window partitions are moved from one window to the next to allow for cross window communication. For an 

input image 𝐼 , the output of the swin transformer is a feature representation 𝐼  that is the final feature 

representation. 

𝐹𝑔𝑙𝑜𝑏𝑎𝑙 = 𝑠𝑤𝑖𝑛 𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟 (𝐼) (23) 

3.4.3. Attention mechanism 

In this work, they built a novel attention mechanism to combine the spatially localized features of an attention-

based fusion layer is employed to integrate the local spatial features extracted by EfficientNet-B0 with the 

global contextual representations learned by the swim transformer. The fusion module adaptively computes 

attention weights to highlight complementary information from both branches while suppressing irrelevant 

feature responses. This adaptive weighting mechanism enables the network to concentrate on disease-relevant 

anatomical structures, including the hippocampus and parietal cortex, which enhances the discriminative ability 

of the model capability of the fused feature representations. By dynamically balancing the contributions of local 

and global features, the attention module enhances the robustness and accuracy of dementia classification. This 

can be done either by leveraging channel-based and spatial-based attention strategies, as in the case of CBAM or 

by explicitly learning the inter-dependencies between channel and spatial feature modalities using cross-

attention modules. The attention process generates a higher level and more focused representation by 

emphasizing relevant features and suppressing redundant or irrelevant data. This allows the model to learn about 

the most important indicators of diagnosis that are not captured by convolutional or transformer networks. An 

adaptive attention mechanism is used to combine local attention and global attention representations. First, all 

the feature vectors are concatenated:  

𝐹𝑐𝑜𝑛𝑐𝑎𝑡 = [𝐹𝑙𝑜𝑐𝑎𝑙  ||𝐹𝑔𝑙𝑜𝑏𝑎𝑙] (24) 

Next, an attention gate is calculated via a projection operation followed by a sigmoid function: 

𝑎 =  𝜎(𝑊𝑎 . 𝐹𝑐𝑜𝑛𝑐𝑎𝑡 + 𝑏𝑎) (25) 

In the final stage, the features are combined using a gated fusion strategy: 

𝐹𝑓𝑢𝑠𝑒𝑑 = 𝑎 ⊗ F𝑙𝑜𝑐𝑎𝑙 + (1 − 𝑎) ⊗ F𝑔𝑙𝑜𝑏𝑎𝑙  (26) 

In the above expression, matrix-wise element multiplication is represented by ‘⊗’. The terms 𝑊𝑎  𝑎𝑛𝑑 𝑏𝑎 denote 

the trainable weight matrix and bias vector, respectively, whereas 𝜎(⋅) refers to the sigmoid activation function. 
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Fig 3. DAAO with feature selection model 

3.4.4. Classification 

The combined feature representation obtained after feature fusion is passed through a fully connected layer 

before being classified using a softmax classifier. The classification head comprises a linear mapping followed 

by softmax activation function which computes the probability distribution over the dementia stages. The output 

class is identified by maximizing the predicted probability, which is mathematically represented as: 

𝐹𝑓𝑢𝑠𝑒𝑑 = 𝑎 ⊗ F𝑙𝑜𝑐𝑎𝑙 + (1 − 𝑎) ⊗ F𝑔𝑙𝑜𝑏𝑎𝑙  (27) 

In the third classification layer, 𝑊𝑐  𝑎𝑛𝑑 𝑏𝑐 are the learnable parameters and 𝑦̂ ∈ 𝑅𝐾 corresponds to the predicted 

class probability distribution over the 𝐾 classes of dementia. The developed framework is a hybrid learning, 

which uses the convolutional and transformer-based feature extraction networks through an attention-based 

feature fusion module. This architecture is able to learn fine-grained local features as well as hierarchical global 

contextual information, which provides more discriminative feature representations for accurate multi-class 

differential classification of dementia stages. The detailed procedure to the proposed model is presented as 

follows: For deep learning, the training and evaluation of the models are crucial to create and refine models 

which are capable of effectively performing tasks. The Adam optimization algorithm was employed to update 

the network parameters, with an initial learning rate set to 1 × 10−4 throughout the training phase. A cosine 

annealing learning rate scheduler is incorporated to gradually decrease the learning rate, thereby enhancing 

convergence during optimization. The training process is conducted for up to 50 epochs, and an early stopping 

criterion based on validation loss is utilized to prevent unnecessary training once the model performance reaches 

saturation. A categorical cross-entropy loss function along with class weighting is used for the imbalanced class 

distribution and enhance the classification performance over all stages of the dementia. Data set has been 

separated into training and test datasets. During training, the model parameters were optimized over multiple 

epochs using the Adam optimizer to reduce the multi-class cross-entropy loss function. During the training, the 

objective loss function employed is the cross-entropy objective for multi-class prediction, and the classification 

performance is evaluated. The weights of the model are updated using the Adam optimizer in the training. The 

model is trained on the training data for a specified number of epochs, while the loss and accuracy metrics are 

computed at every iteration to evaluate performance. To avoid over-fitting, we used early stopping in our 

training with monitoring by the validation loss. The performance of validation was checked after every epoch, 

and a model with early stopping of 5 epochs was used. To avoid over-fitting, training was terminated after 5 

epochs if the loss on the validation data did not improve. The model with the least validation loss was saved and 

automatically selected as the best checkpoint to evaluate on the test data set. In this case, the best results to be 

reported would be the performance in the process of generalization, rather than reporting only from the final 

epoch of training. The model's ability to classify the images was evaluated through a confusion matrix as well as 

quantitative accuracy, precision, recall, and F1-score. The dataset was split into separate training–validation and 

testing sets to ensure no data leakage and to get an unbiased estimation of the generalization ability of the 

model. The dataset was partitioned such that 80% of the samples were used for training and validation, whereas 

the remaining 20% constituted an independent test set for performance evaluation. 

This work used 5-fold stratified CV in 80% of the training phase to optimize the parameters and to minimize 

over-fitting. The independent test set was used only to assess the final classification performance and model 

interpretability through accuracy, precision, recall, F1-score, and Grad-CAM analysis ensuring that no test 

samples contributed to model training.It is guaranteed that the measurement is unbiased and aligned with the 

best practices for ML applications used for clinical purposes.The critical hyper-parameters like the learning rate, 
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cosine annealing strategy, class-balanced categorical cross-entropy loss and dropout regularization were 

carefully adjusted to achieve stable training and enhance generalization performance.To ensure fairness and 

reduce over-fitting, the model was validated using the 5-fold CV method. In medical imaging, the use of Grad-

CAM helped in making the models easier to interpret by highlighting important regions that influenced the 

model's predictions. The proposed CASTE-Net training and evaluation strategy enables accurate and reliable 

multi-class classification of dementia. To improve model interpretability, CAM is utilized to visualize the 

regions of MRI images that have the greatest influence on the predicted class. CAM generates class-specific 

heatmaps that emphasize the most discriminative anatomical regions responsible for the model's decision, 

thereby enhancing the explainability of the proposed CASTE-Net framework. The localization map is obtained 

by calculating the weighted combination of the feature maps from the final convolutional layer using the class-

specific weights of the output layer. This map indicates the most important parts of an image to accurately 

predict a specific class. CAM can be applied to medical images where models where information is most 

important in an image. To assess the stability and generalization performance of the proposed CASTE-Net 

framework, 5-fold CV was performed. The dataset was evaluated using a 5-fold CV approach, in which it was 

partitioned into five non-overlapping subsets. For each fold, four subsets were used to train the model and the 

remaining subset was used for validation. The procedure continued until every subset had served once as the 

validation set. The overall classification performance was determined by averaging the evaluation metrics across 

the five folds, ensuring a reliable and unbiased estimation of the model’s generalization ability. The use of 5-

fold CV reduces over-fitting and improves the reliability of the experimental results by ensuring consistent 

performance across different data partitions. Effective training of the proposed CASTE-Net framework requires 

appropriate optimization strategies to maximize classification performance. An early stopping mechanism was 

subsequently applied by monitoring the validation loss to avoid over-fitting and ensure better generalization. 

The architecture weights associated with the minimum validation loss were automatically retained as the best-

performing checkpoint and subsequently used for final testing and performance evaluation. 

4. Numerical results and discussion 

The developed CASTE-Net framework was analyzed through a comprehensive performance analysis using 

training and validation loss, training and validation accuracy, confusion matrix, accuracy versus training time, 

FPR, FNR, AUC, accuracy, precision, recall, specificity, and F1-score. The obtained results were benchmarked 

against existing state-of-the-art approaches, namely CEEDNet, 3D-UNets, and DeepADNet to demonstrate the 

superiority of the developed method. The architecture was implemented using the Python programming 

language and trained using a dedicated high-performance workstation featuring with an NVIDIA Quadro RTX 

6000 GPU with 24 GB of memory.  

4.1. Dataset Details 

MRI brain images were obtained from the OASIS dataset and used for training and evaluating the developed 

dementia classification model.The OASIS dataset was chosen due to its public availability, standardized T1-

weighted MRI images, and its ability to support the early detection and multiclass classification of dementia.A 

total of 86,437 brain MRI imagesare divided into 4 classes namely normal with 13725 very mild dementia, 5002 

mild dementia, 488 moderate dementia and 67222 Non-demented. We focused here on OASIS-Kaggle which is 

a more accessible resource and has standardized T1-weighted imaging, while the proposed model was 

developed and evaluated using the OASIS dataset, future validation on the ADNI dataset is planned to assess its 

clinical generalizability and robustness across diverse patient populations. 

4.2. Performance Investigation  

Comparison of the training and validation accuracies of the developed CASTE-Net model with existing 

approaches like CEEDNet, 3D U-Net, and DeepADNet. Training and validation accuracy curves of the 

proposed CASTE-Net model illustrating its learning behavior, convergence, and generalization performance as 

in Fig 4 and Fig 5. As the model learns meaningful feature representations, the training accuracy progressively 

improves. If the training and validation accuracy curves diverge substantially, the model is likely to experience 

over-fitting. In contrast, a similar trend between the two curves indicates effective learning and good 

generalization to unseen data.The training accuracy exhibits a steady increase during model training, and a 

similar trend is observed for the validation accuracy, stabilizing at a value close to the training accuracy. This 

behavior indicates effective learning with minimal over-fitting. It gradually raises the accuracy of the training 

and interpretation model is to memorize the training data. The training and validation accuracies of the proposed 

CASTE-Net model were marginally higher than those of the existing models. The developed model attained an 

overall accuracy of 98.0%, with a mean cross-validation accuracy of 97.3%, indicating its strong generalization 

capability and reliable classification performance (with a standard deviation of 0.7); besides, the model 
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presented good precision (97%), recall (96%), and F1-score (96.5%).  This used 10-fold CV to prevent over-

fitting and to achieve generalization. The mean classification accuracy obtained was 97.3% with an observed 

standard deviation of ±0.7. The CV accuracies obtained from the 10-fold CV were 96.8%, 97.1%, 97.9%, 

98.0%, 97.5%, 96.9%, 97.8%, 97.2%, 97.4%, and 97.5%. The low variation in accuracy across the folds 

indicates that the proposed model exhibits stable, robust, and unbiased performance, with strong generalization 

across different data partitions as in Fig 6. 

 

Fig 4. Pre-processed image 

 

Fig 5. Classified image 

 

Fig 6. Classified and heatmap images 

 

Fig 7. U-Net accuracy model 
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Fig 8. U-Net loss analysis 

 

Fig 9. Feature selection and optimization comparison 

Further insights on the convergence behavior and generalization performance of the proposed CASTE-Net 

model is given by the trainingaccuracy and the validationaccuracy curves presented in Fig 7. Comparing the 

training and validation loss of the proposed CASTE-Net model with existing models.Fig 8 indicates the number 

of training epochs (1 to 100) and the training and validation loss. In the multiclass classification task, the 

categorical cross-entropy was used as a loss function for optimizing the model in training.The training loss is 

steadily decreasing as the number of training epoch’s increases, likewise the validation loss, but it eventually 

tends to converge towards the training loss. This is a convergence behavior and the proposed model is not over-

fitting too much. Helpful to learn non beneficial features that are interpretable by the learned ones from MRI 

images that are over-fitted. Compared with existing models, the developed CASTE-Net model consistently 

exhibited higher training and validation accuracies in Fig 5 is for the AUC-ROC. The model value of AUC is 

used to correctly classify the negative and positive classes. This single threshold value is a plot of the mean 

AUC and the associated classification threshold. Using the graph, draw the recall and precision graph for a few 

classes (0-1). The performance of the optimized CASTE-NET for MRI-based dementia classification was 

analyzed using ROC curves and AUC values. The optimal model is characterized by an ROC curve that closely 

follows the upper-left corner, approaching the ideal point (0, 1), which indicates excellent discriminative ability. 

An AUC value of 0.5, represented by the diagonal line drawn by the random classifier. A more "reasonable" 

model will be curved and the more the further it's away from the diagonal towards increasing values of 1. The 

performance of the developed CASTE-Net model was also compared with the existing model performance and 

it was observed that the developed CASTE-Net model performs better in terms of ROC. Fig 9 draws the graph 

for the performance of time vs. accuracy. The percentages of accuracy and the various time in seconds required 

to evaluate the accuracy of the extracted feature including SURF, HFF, HOG, concatenation and developed 

CASTE-Net model. One of the crucial measures used in evaluating the effectiveness and efficiency is 

classification of dementia diseases – time vs. accuracy graph. The better performance was traded off for added 
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train time and the best accuracy was incorporated into the model for an evaluation of the speed of the model. 

The accuracy is boosted quickly in the first phase to more stable values. The proposed CASTE-NET 

demonstrated superior classification performance with minimal computational cost. As the computation time 

varied from 0s to 100s, the developed  method consistently achieved higher accuracy than the existing feature 

extraction methods, namely HOG,SURF, HFF and feature concatenation. The results indicate that the developed 

CASTE-Net approach provides a suitable balance between computational cost and model performance and 

classification accuracy. Fig 9 is a comparative plot of the false negative rates. Minimizing the false negative rate 

is crucial to prevent undetected dementia cases and enhance the clinical reliability of the diagnostic 

system.Comparative false negative rates are used to measure the performance in the important task of detecting 

dementia diseases. The developed work has a lower false negative rate than the existing model which are 

0.01.The lowest model is the best performing when compared to the other models (false detection rates 10). The 

techniques of existing approaches and developed CASTE-Net modelis to calculate rate of false positives. With 

dementia there is a rate of false positives as there are various models that analyses and used were not dementia. 

The procedures used in the clinic will be undertaken and in the case of healthy individuals, an unnecessary 

anxiety will be created due to the increased rate of false positive. The proposed CASTE-Net has a better than 

0.06% false positive rate as compared to other approaches. Fig 13 presents the confusion matrices obtained for 

the different approaches. The explanation and the following methods called existing and developed model 

methods are explained for the Fig 15. 

 

Fig 10. CASTE-Net training and validation accuracy 

 

Fig 11. CASENet training loss 
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Fig 12. DAAO convergence 

 

Fig 13. Confusion matrix 

 

Fig 14. ROC curve analysis 
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Fig 15. Comparative analysis 

 

Fig 16. Accuracy comparison 

 

Fig 17. Data distribution 

The result of comparison is shown in Fig 16 for how accurate. The training performance of existing and the 

developed model was analyzed across training iterations. The proposed CASTE-Net model progressively 

learned representative features from MRI images for dementia classification resulting in a steady improvement 

in training accuracy. After sufficient iterations, the training accuracy converged, while the validation accuracy 

exhibited a similar convergence pattern, demonstrating the stability and generalization capability of the 

proposed model.The developed model achieved a classification accuracy of 98% and that of existing 16 are 

93%, 90% and 85% respectively, which proved that the proposed CASTE-Net model is better than the existing 

approaches as in Fig 10.These multiple splits of the data using 10-fold CV were used to ensure a diagnostic 

balance, while reducing over-fitting problems to achieve the accuracy obtained. In the context of class 
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imbalance, to improve the learning of underrepresented classes, minority class oversampling and cost-sensitive 

loss functions were employed.The performance of each model is given by the F-mean score in Fig 11. The F-

measure values of existing and the developed models were evaluated to assess their classification effectiveness. 

Evaluation of the comparative graphs of classification of dementia with balance between recall and precision (F-

measure). Unlike accuracy, the F-measure offers a more comprehensive assessment of classification 

performance by accounting for both misclassified positive and negative samples, which play a critical role in 

clinical diagnosis. The F-measure of the developed CASTE-Net model is 98%, 96%, 93% and 92% respectively 

when compared to the methodologies. Different training iterations for both classes of dementia (classification of 

both) and the precision value can be predicted for the training iteration.The model learns from MRI images and 

continues to improve the accuracy of its learning. Training was also performed with precision values which 

stabilized and then followed with the accuracy of the validation. The precision values obtained by the developed 

models are 99%, 96%, 95%, 93% and it revealed the developed model's precision is surpassed the performance 

of the prevailing approaches The RMSE and MAPE results of existing and the developed model are presented 

for performance comparison.The developed CASTE-Net model outperformed the existing methods by achieving 

the minimum RMSE and MAPE values. 

Fig 12 presents the DAAO convergence performance of the conventional methods. In addition, the F-measure 

values for existing and the developed CASTE-Net method are computed and compared to offer an in-depth 

assessment of classification performance.Recall is a critical performance metric in dementia detection, as it 

quantifies the fraction of true dementia cases that are accurately detected by the classifier. An increased recall 

value reflects that the number of false negatives is minimized, thereby improving the reliability and 

effectiveness of dementia diagnosis by reducing the likelihood of missed positive cases.The evaluation of the 

models is provided in Fig 14 by the training and validation recall curves. The training recall is systematically 

higher than the validation recall, which means that to some extent the model was over-fitted. The proposed 

model has a recall of 99%, which is higher than the other three models. The analysis of specificity scores 

between the proposed model is also shown in Fig 16. Specifically, the values of specificity are calculated in the 

training phase by analyzing MRI images for the classification groups of dementia. As training goes on, the 

model is able to learn to discriminate effectively, and training specificity gradually improves. The training 

specificity gradually gets more and more specific, but then it becomes more stable as well in the process of 

validation. Compared to the state-of-the-art methods: the developed model is superior in terms of its highest 

specificity (99%) as compared to 96%, 95%, and 93%, respectively. 

4.3. Optimization Based Analysis  

The computational complexity analysis of the developed CASTE-Netwith DAAO algorithm is summarized. The 

analysis evaluates four key performance metrics: computational overhead, memory consumption, time 

complexity, and scalability providing a comprehensive assessment of the algorithm's computational efficiency. 

The proposed CASTE-Netmodel is well suited for moderate-dimensional search spaces. Furthermore, the 

performance of the proposed CASTE-Net model is evaluated and compared with the WOA, GWO, and PSO 

algorithms in terms of accuracy, global minimum attainment, convergence speed, and robustness. The CASTE-

Net model is best in all categories as can be seen in the table below. This indicates that the algorithm proposed 

is the optimum alternative for all the other algorithms. The performance of the developed CASTE-Net optimizer 

was compared with that of WOA, GWO and PSO on standard benchmark functions, which was used to assess 

the performance of the developed optimizer. After 100 iterations the average fitness scores were as shown in Fig 

17. To assess the search efficiency and optimization potential of the proposed CASTE-Net algorithm, three 

well-established the benchmark functions were used. The comparative benchmark analysis indicates that the 

developed algorithm achieves enhanced convergence efficiency and superior solution optimality relative to 

WOA, GWO, and PSO. The detailed benchmark results are included in the supporting information. 

5. Conclusion 

This study focuses on the multiclass classification of dementia, classifying subjects into four classification 

categories: Mild Dementia,Non-Dementia, Very Mild Dementia and Moderate Dementia.To this end, a hybrid 

integration method called CASTE-Net was developed.In the methodology, the brain MRI dataset was first 

retrieved from the OASIS Kaggle, which is a data set where MRI scans of brain tumors are available. Pre-

processing was performed on the images to eliminate the noises of scanning and to enhance the intensity using 

the suggested Spline-based interpolation and Lanczos interpolationpre-processing methods.The images were 

transformed before analysis to eliminate the noises of scanning and to enhance the intensity of the images by 

using the Spline-based interpolation and Lanczos interpolation pre-processing method.Discriminative relevant 

features were captured using the developed U-Net model. The network learned discriminative spatial and 

structural representations from the brain images, facilitating the accurate classification of dementia stages where 
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the extracted representation were combined with the suggested DAAO and sent to the CASTE-Net. Features 

passed to the convolutional layers are encoded in the CASTE-Net. The developed CASTE-Net algorithm was 

employed to optimize the learning parameters, thereby improving the model's learning capability and enhancing 

dementia classification accuracy. Using the simulator created in Python, the developed work was simulated and 

the performance of the developed CASTE-Network was analyzed. The performance of the proposed CASTE-

Net model was compared with various existing techniques using evaluation metrics such as accuracy, precision, 

recall, and the confusion matrix.The developed CASTE-Net model achieved superior classification performance 

yielding an accuracy of 99.0%, an F1-score of 98.0%, a precision of 99.5%, and a recall of 99.7%.The findings 

indicate that the developed CASTE-Net method is highly effective for dementia classification and facilitates the 

identification of dementia during its early stages, enabling prompt diagnosis and treatment. Future studies will 

investigate the integration of multimodal datasets, including PET imaging, functional MRI, clinical assessments, 

and genomic data, with hybrid deep learning architectures to achieve more comprehensive and accurate 

dementia diagnosis. 
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