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Introduction 

Alzheimer's Disease (AD) is one of the most prevalent 

neurodegenerative disorders worldwide, with millions of 

new cases diagnosed annually.1 It is primarily characterized 

by a progressive decline in memory and cognitive function, 

along with behavioral changes, eventually leading to 

complete dependency and loss of functionality.2 Early 

diagnosis of AD is essential for timely intervention and 

management, which can potentially slow disease progression 

and improve patients' Quality of Life (QoL).3 However, 

traditional diagnostic methods, such as clinical assessments 

and neuroimaging techniques, face significant limitations in 

terms of accuracy, cost, and availability.4 This has led to 

increased interest in advanced computational techniques, 

including Swarm Intelligence (SI) methods, to improve the 

performance of AD diagnosis models. SI algorithms, 

inspired by the collective behavior of biological systems like 

ants, bees, and bird flocks, are highly adaptive and 

decentralized, making them suitable for solving complex 

optimization problems encountered in medical diagnosis.5 

Among these techniques, Particle Swarm Optimization 

(PSO), Ant Colony Optimization (ACO), and Bee Colony 

Optimization (BCO) have shown significant potential in 

applications such as feature extraction, classification, and 

parameter optimization in AD detection models.6,7 These 

approaches not only enhance the computational efficiency and 

robustness of diagnostic models but also improve performance 

when dealing with high-dimensional, noisy medical data (e.g., 

EEG and MRI).8,9 

 

Applications of SI Techniques in EEG-Based AD Detection 

Electroencephalography (EEG) is a non-invasive technique 

widely used in the study of neurodegenerative diseases due to its 

ability to capture brain activity patterns with high temporal 

resolution. EEG-based biomarkers, such as power spectral 

density, coherence, and complexity measures, have been 

employed in AD research to identify changes in brain connectivity 

and activity. Several studies have demonstrated the efficacy of SI 

techniques in improving the diagnostic performance of EEG-

based AD detection models. For example, a study by Zeng et al. 

used PSO to optimize feature selection for an EEG-based AD 

detection model, achieving a significant improvement in 

classification accuracy compared to conventional machine 

learning methods.10 Similarly, Singh et al. combined ACO with 

Convolutional Neural Networks (CNNs) to enhance feature 

extraction, achieving higher sensitivity and specificity in detecting 

early-stage AD than traditional EEG analysis techniques. 

Moreover, hybrid approaches integrating multiple SI algorithms  

have been proposed to enhance model performance further.11  

A study by Kaur introduced a hybrid PSO-ACO 
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framework for feature selection and classification of 

MRI images in patients with AD.11 The results 

indicated that the hybrid model outperformed 

standalone SI algorithms and other feature selection 

methods, highlighting the potential of SI techniques 

for robust and reliable AD diagnosis using EEG 

data.12 

 

Applications of SI Techniques in Neuroimaging-

Based AD Detection 

Neuroimaging modalities, such as MRI and PET, are 

widely used in the diagnosis and monitoring of AD 

because they can detect structural and functional 

changes in the brain. SI algorithms have been 

employed to optimize feature extraction and 

classification in these high-dimensional imaging 

datasets. For instance, MRI-based studies have 

utilized PSO and ACO to identify subtle structural 

changes in brain regions associated with AD, such as 

the hippocampus and entorhinal cortex. These 

techniques have shown significant improvements in 

classification accuracy compared to conventional 

machine learning models.13 Recent studies have also 

explored the use of hybrid SI models for multimodal 

neuroimaging data, combining information from 

multiple sources (e.g., MRI and PET) to improve the 

sensitivity and specificity of AD diagnosis.14 For 

instance, a study by Kaur et al. proposed a hybrid SI 

model combining PSO and Genetic Algorithm (GA) 

for feature selection and classification in multimodal 

imaging data.15 The model demonstrated superior 

performance in differentiating between AD, mild 

cognitive impairment (MCI), and healthy controls, 

suggesting that SI techniques can effectively handle 

the complexity and variability of neuroimaging 

data.16 

 

Advantages and Limitations of SI Techniques in AD 

Diagnosis 

SI techniques offer several advantages over 

traditional machine learning and Deep Learning (DL) 

methods, particularly in handling optimization and 

feature selection tasks. Their decentralized nature 

enables them to explore large search spaces 

effectively, reducing the risk of overfitting and local 

optima. Moreover, SI algorithms are relatively easy 

to implement and adapt to various problem domains, 

making them highly versatile tools for AD diagnosis. 

However, several challenges arise when applying SI 

techniques in AD research. One major limitation is 

the computational complexity of these algorithms, 

which can increase significantly with dataset size. 

Additionally, SI techniques often require careful 

parameter tuning to achieve optimal performance, 

which can be time-consuming and may limit their 

practical utility in large-scale clinical studies. 

Furthermore, the lack of interpretability in SI-based 

models poses a challenge for their adoption in clinical 

settings, where model transparency and explainability are 

critical.17 

 

Future Directions and Practical Implementation  

Given the ongoing advancements in computational power 

and algorithm design, future research should focus on 

developing hybrid SI models that combine the strengths 

of different swarm algorithms with DL architectures. This 

integration could leverage DL's hierarchical feature-

extraction capabilities while maintaining the optimization 

efficiency of SI techniques. Moreover, efforts should be 

directed towards improving the interpretability and 

robustness of SI-based models to facilitate their clinical 

adoption.18 In resource-constrained settings, such as those 

in developing countries or regions under economic 

sanctions, implementing SI techniques for AD diagnosis 

could be facilitated by focusing on low-cost EEG-based 

systems, which are more accessible and affordable than 

advanced imaging modalities like MRI or PET. Open-

source software platforms and low-cost hardware 

solutions, combined with SI-based optimization, can 

provide an effective means of deploying AI-driven 

diagnostic tools in these regions. Collaborations with 

international research groups and the use of cloud-based 

computational resources can further support the 

development and deployment of these technologies, 

enabling more equitable access to advanced AD 

diagnostic tools worldwide.19 

In this section, we outline the methodologies used to 

implement SI techniques for AD diagnosis across two 

primary modalities: EEG signals and neuroimaging data. 

Each modality requires distinct preprocessing, feature 

extraction, and classification methods tailored to its 

unique data characteristics. This section aims to provide a 

detailed and systematic approach to integrating SI 

algorithms for both EEG and imaging data to achieve 

optimal diagnostic accuracy and robustness. 

 

        EEG Signal-Based Methodology 

EEG is widely used in the study of neurological disorders 

due to its ability to capture brain electrical activity with 

high temporal resolution. For AD diagnosis, EEG offers 

several potential biomarkers that can reflect changes in 

brain function, connectivity, and complexity. However, 

the effectiveness of these biomarkers heavily depends on 

robust feature extraction and classification techniques. 

Here, we discuss the step-by-step methodology for 

implementing SI algorithms in EEG-based AD 

diagnosis.20 

 

Preprocessing and Signal Enhancement  
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Raw EEG signals often contain noise and artifacts 

from sources such as muscle activity and eye blinks, 

which can obscure the relevant information needed 

for accurate diagnosis. To address this, we first apply 

several preprocessing steps, including bandpass 

filtering (0.5–50 Hz), Independent Component 

Analysis (ICA), and artifact removal algorithms, 

to enhance signal quality.21 The filtering helps 

isolate the frequency bands of interest, such as 

delta, theta, and alpha waves, which are often 

altered in AD patients. ICA is used to separate 

and eliminate unwanted noise components, 

thereby improving the clarity of the EEG data.22 

 

Feature Extraction Using SI Techniques  

Feature extraction plays a critical role in 

transforming raw EEG signals into a meaningful 

representation for machine learning models. 

Traditional feature extraction methods include 

Power Spectral Density (PSD), coherence, and 

entropy measures.23 However, these techniques 

often struggle to capture the complex and 

nonlinear dynamics of brain activity in AD 

patients. To overcome this limitation, we employ 

SI algorithms such as PSO and ACO to optimize 

feature selection.  For instance, PSO can be used 

to identify the most discriminative frequency 

bands and spatial channels by maximizing 

classification accuracy while minimizing the 

feature set size. This approach reduces 

computational complexity and improves model 

interpretability.24 In parallel, ACO is used to tune 

the feature extraction model's parameters, 

ensuring it captures subtle changes in brain 

connectivity patterns associated with AD.25 

 

Classification and Model Optimization 

Once the optimal features are selected, we employ 

SI-based classification models, such as a hybrid 

PSO-SVM framework, to differentiate between 

AD patients and healthy controls. PSO is used to 

optimize the SVM parameters, including the 

penalty parameter 𝐶 and the kernel function 

parameters. This optimization ensures the 

classifier achieves high sensitivity and 

specificity, even with noisy, high-dimensional 

EEG data. Another approach involves integrating 

SI algorithms with DL architectures, such as 

CNNs, for automatic feature learning. In this 

hybrid model, PSO is used to initialize the CNN 

weights, accelerating training and avoiding local 

minima.26 

 

Neuroimaging-Based Methodology 

Neuroimaging modalities, such as MRI and PET, 

provide detailed information about the structural and 

functional changes in the brain associated with AD. 

These techniques are particularly valuable for 

detecting early-stage AD, where subtle alterations in 

brain morphology and metabolism can serve as 

biomarkers for diagnosis. The following sections 

describe the methodology for applying SI techniques 

to neuroimaging data.27 

 

Image Preprocessing and Feature Extraction 

Preprocessing neuroimaging data typically involves 

several steps to enhance image quality and normalize the 

data for further analysis. For MRI data, preprocessing 

includes skull stripping, tissue segmentation (e.g., gray 

matter, white matter, and cerebrospinal fluid), and 

spatial normalization to a standard template (e.g., MNI 

space). For PET images, preprocessing involves 

correcting for motion artifacts and normalizing them to 

a Standard Uptake Value (SUV). Once the images are 

preprocessed, feature extraction is performed using SI-

based techniques to identify key Regions of Interest 

(ROIs) that are highly indicative of AD. PSO is used to 

optimize ROI selection by maximizing classification 

performance while minimizing redundancy. This 

process helps identify brain regions such as the 

hippocampus and entorhinal cortex, which are 

commonly affected in AD.28 

 

Feature Selection and Dimensionality Reduction  

Due to the high dimensionality of neuroimaging data, 

dimensionality reduction is crucial for effective 

classification. Traditional methods like Principal 

Component Analysis (PCA) and Linear Discriminant 

Analysis (LDA) are often insufficient for capturing the 

nonlinear relationships in the data. Therefore, we 

integrate SI algorithms, such as the BCO, to select an 

optimal subset of features that best represent the 

underlying disease patterns. BCO is particularly useful 

for exploring the vast search space of voxel-based 

features, ensuring that the selected feature subset is both 

compact and informative. This approach not only 

improves the model's interpretability but also reduces 

the risk of overfitting.29 

 

Classification and Model Evaluation  

We use a hybrid SI-optimized model, such as a PSO-

based DL network, to automatically learn hierarchical 

representations of the data. In this framework, PSO is 

used to optimize the network architecture, including the 

number of layers, the number of neurons per layer, and 

the activation functions. This hybrid approach leverages 

the feature extraction capabilities of DL while 

maintaining the optimization efficiency of SI techniques. 
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To evaluate the performance of the proposed 

models, we use cross-validation methods, such as k-

fold cross-validation, and performance metrics, 

including accuracy, sensitivity, specificity, and 

Area Under the Curve (AUC).30 The results are 

compared with those of traditional machine learning 

models to demonstrate the superiority of SI-based 

methods in terms of diagnostic accuracy and 

robustness. For example, and for better 

understanding, see the general representation of one 

of the SI techniques based on an AD detection 

model in Error! Reference source not found.. 

        Discussion 

The methodologies employed in the research of 

Alzheimer's diagnosis using SI have been 

extensively evaluated across various studies, 

revealing distinct advantages and drawbacks for 

each technique. PSO, utilized in approximately 

35% of EEG-based studies, excels in feature 

selection and optimization. Its high convergence 

rate and computational efficiency make it 

particularly well-suited for large datasets typical in 

Alzheimer's research. However, its reliance on 

swarm behavior can lead to suboptimal solutions 

in complex landscapes, requiring careful 

parameter tuning.  ACO, accounting for roughly 

20% of applications, is often employed for 

parameter tuning to enhance classification 

accuracy. ACO's strength lies in its ability to 

explore multiple solutions simultaneously, thereby 

significantly improving model performance. 

Nonetheless, it may require extensive 

computational resources, especially as the problem size 

increases, leading to potential scalability issues.   BCA 

is used in approximately 15% of studies, particularly in 

neuroimaging tasks for ROI identification. BCA's 

unique foraging strategy allows it to efficiently explore 

the search space, making it effective for identifying 

subtle patterns in complex datasets. However, its 

performance can be sensitive to parameter settings, 

hindering its adaptability across diverse applications. 

In hybrid models that integrate SI with traditional 

machine learning techniques, about 25% of research 

articles utilize PSO with Support Vector Machine 

(SVM) frameworks. This combination optimizes SVM 

parameters and can increase classification accuracy by 

up to 10% compared to conventional SVM models. 

Nevertheless, this approach may not always 

generalize well across different datasets, limiting its 

broader applicability. DL applications involving SI 

techniques for network optimization and weight 

initialization constitute around 30% of the studies. 

These hybrid models achieve diagnostic accuracy 

improvements of up to 15% and reduce training times 

by 20% compared to baseline DL models. Despite these 

advancements, the complexity of DL networks can 

make them prone to overfitting, particularly with 

limited data. The comparative analysis of SI techniques 

for AD detection is shown more clearly in Error! 

Reference source not found.. 

Overall, the inclusion of SI techniques has led to 

significant performance gains across various metrics: a 

10-15% increase in sensitivity and specificity, a 5-12% 

improvement in overall accuracy, and a considerable 

 

Figure 1. PRISMA flowchart of study selection procedure. 
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reduction in computational complexity and time by 

approximately 20-30%, depending on the specific 

algorithm and task. These enhancements 

underscore the potential of SI to revolutionize 

Alzheimer's disease diagnosis by enabling earlier 

and more accurate detection through improved 

analytical methodologies. When applied to EEG, 

MRI, Positron Emission Tomography (PET), and 

Diffusion Tensor Imaging (DTI) modalities, SI 

enhances feature selection and parameter 

optimization, enabling more precise and scalable 

diagnostic systems. Table 1 provides a summary 

comparison of accuracy and precision with and 

without SI in diagnosing AD based on the 

reviewed studies. 

Lastly, SI techniques, such as PSO, ACO, and 

BCA, are shown to significantly improve the 

diagnostic accuracy and precision of AD detection 

using EEG, MRI, PET, and DTI modalities. The 

reviewed studies demonstrate that integrating SI 

methods improves feature selection, parameter 

tuning, and pattern recognition, thereby enhancing 

the AD diagnosis performance of ML models. This 

comparison highlights the potential of SI to overcome the 

limitations of conventional methods and provide more 

scalable, efficient, and reliable diagnostic solutions. 

While we recognize that several previous studies have 

been reviewed, we believe our work offers new 

refinements that clearly demonstrate the unique 

advantages of SI techniques, such as PSO, ACO, and 

BCA, for AD diagnosis. These insights aim to provide 

additional insights into existing frameworks by 

demonstrating the feasibility and adaptability of these SI 

methods compared to traditional approaches, which was 

the main motivation for our work. However, we 

acknowledge that SI techniques can pose a computational 

complexity and interpretability problem. Nevertheless, 

since some SI methods are in the early stages of 

development for clinical use, we believe that a critical 

examination of their computational feasibility and 

interpretability is a focus for future work. Indeed, we 

suggest addressing these limitations in our reviews, 

including more detailed discussions of computational 

efficiency, especially for large-scale EEG and MRI 

datasets, for future work. Another reason for focusing 

more on EEG and MRI was that they have been used in 

many other AD studies, and there is now abundant 

evidence of their utility in AD diagnosis. However, other 

techniques, such as PET and Functional Near-Infrared 

Spectroscopy (fNIRS), also deserve attention in future 

directions.31 We chose PSO, ACO, and BCA to represent 

a representative subset of SI algorithms that are widely 

applicable to medical data, as they were the most widely 

used methods in this field. However, we suggest adding 

more SI techniques, such as the Firefly Algorithm (FA) 

and Gray Wolf Optimization (GWO).32,33 

Furthermore, our revision will focus on addressing 

interpretability as a "black box" problem in clinical 

settings. This is a major challenge for integrating AI and 

SI techniques into real-world applications, and we seek to 

 

Figure 2. The comparative analysis of SI techniques for AD detection. 

 

 

 

 

Table 1. Comparison of diagnostic accuracy and precision 

in AD using SI and traditional approaches across 

neuroimaging modalities such as EEG, MRI, PET, and 

DTI. 

Modality Metric 
Traditional 

ML% 

With 

SI% 

Improve-

ment% 

EEG 
Accuracy 78 91 13 

Precision 75 89 14 

MRI 
Accuracy 82 94 12 

Precision 80 92 12 

DTI 
Accuracy 79 90 11 

Precision 78 88 10 

PET 
Accuracy 81 95 14 

Precision 79 93 14 
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elucidate strategies that can mitigate these concerns 

in clinical settings. Finally, we extend to resource-

limited settings and provide practical frameworks 

that can enable the deployment of SI-enhanced EEG 

systems in clinical settings.  

 

Conclusion 

The application of SI methods, such as PSO, ACO, 

and BCA, has shown considerable promise in 

enhancing the accuracy and efficiency of AD 

diagnostic models. In EEG-based studies, PSO has 

been widely used due to its high convergence rate and 

computational efficiency, making it ideal for feature 

selection and parameter optimization. However, 

PSO's tendency to get trapped in local optima 

necessitates careful tuning and hybrid approaches for 

improved robustness. ACO, on the other hand, is 

well-suited for parameter tuning and optimization in 

classification tasks, owing to its ability to explore 

multiple potential solutions simultaneously. This 

capability enhances model performance, but the 

computational cost can be a limitation in larger 

datasets. In the context of neuroimaging-based 

studies, BCA has been particularly effective in 

identifying subtle patterns in MRI and PET data by 

exploring the search space with its unique foraging 

strategies. However, its performance is sensitive to 

parameter configurations, which may hinder its 

adaptability across diverse applications. The 

integration of SI techniques with traditional machine 

learning and DL models has yielded notable 

performance improvements. Hybrid models 

combining PSO with SVM frameworks, for instance, 

have been shown to increase classification accuracy 

by up to 10% compared to conventional SVM 

models. Similarly, incorporating SI techniques into 

DL architectures for network optimization and 

weight initialization has achieved up to a 15% 

increase in diagnostic accuracy and a 20% reduction 

in training time compared to baseline models. 

Despite these advancements, SI techniques still face 

challenges, including increased computational 

complexity, the need for careful parameter tuning, 

and potential overfitting in DL applications. Future 

research should focus on developing hybrid models 

that leverage the strengths of various SI techniques 

and DL architectures while addressing these 

limitations. This could pave the way for more 

effective and clinically relevant AD diagnostic tools, 

ultimately contributing to better disease management 

and patient outcomes. 
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