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INTRODUCTION 

1.1. The Global Challenge of Alzheimer's Disease 

Alzheimer's Disease (AD) is the most prevalent cause 

of dementia, characterized pathologically by amyloid-

beta plaques and tau neurofibrillary tangles, leading 

to significant cognitive decline. The rising global 

incidence necessitates a shift from symptomatic 

treatment to early and accurate diagnosis, ideally at 

the Mild Cognitive Impairment (MCI) stage, to enable 

timely intervention. 

1.2. MRI as a Neuroimaging Biomarker 

Magnetic Resonance Imaging (MRI) is the 

foundational neuroimaging technique in AD, 

providing non-invasive, high-resolution visualization 

of brain structure. Structural MRI (MRI) biomarkers, 

particularly hippocampal atrophy and global brain 

volume loss (atrophy), are well-established indicators 

of AD progression. Functional MRI (fMRI) and 

Diffusion Tensor Imaging (DTI) offer insights into 

functional connectivity and white matter integrity, 

complementing structural assessments. 

1.3. Integrating AI and MRI for Enhanced 

Diagnosis 

Conventional visual assessment of MRI is subjective 

and can miss subtle, early-stage changes. Artificial 

Intelligence (AI), encompassing Machine Learning 

(ML) and Deep Learning (DL), offers a 

computational framework to analyse vast, complex 

MRI datasets, automate image interpretation, and 

extract subtle disease-related features beyond human 

capacity. 

Scope of the Review: This paper reviews the state-of-

the-art applications, methodologies, challenges, and 

future directions of AI in processing and interpreting 

MRI data for the detection, classification, and 

prognosis of AD. 

2. AI Methodologies for MRI Analysis in AD 

AI applications in AD neuroimaging are broadly 

categorized into traditional ML and modern DL 

techniques, each tailored to different stages of the 

analysis pipeline. 

ABSTRACT 

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder characterized by cognitive decline, memory 

impairment, and structural brain alterations. Early and accurate diagnosis remains a critical challenge in clinical 

practice. Magnetic resonance imaging (MRI) provides high-resolution, non-invasive insights into structural and 

functional brain changes associated with AD, including hippocampal atrophy, cortical thinning, and white matter 

alterations. Recent advancements in artificial intelligence (AI), particularly machine learning and deep learning 

algorithms, have revolutionized the analysis of MRI data, enabling automated detection, classification, and prediction 

of disease progression with high accuracy. This review highlights the integration of MRI-based neuroimaging with AI 

techniques for early diagnosis, risk stratification, and monitoring therapeutic outcomes in AD. We discuss current AI 

methodologies, including convolutional neural networks and ensemble learning models, their performance in 

differentiating AD from mild cognitive impairment and healthy aging, and the challenges related to data heterogeneity, 

interpretability, and clinical translation. 

Keywords: Neuroimaging, Alzheimer’s disease (AD), artificial intelligence (AI), Magnetic resonance imaging (MRI) 



Anmol Rana, Int. J. Sci. R. Tech., 2025 2(12), 502-505 |Review 

                 

              INTERNATIONAL JOURNAL OF SCIENTIFIC RESEARCH AND TECHNOLOGY                                                              503 | P a g e  

2.1. Traditional Machine Learning (ML) 

ML models (e.g., Support Vector Machines (SVM), 

Random Forests, and K-Nearest Neighbours (KNN)) 

were the initial computational approach. 

They rely on a distinct two-step process: (1) Feature 

Extraction (e.g., Voxel-Based Morphometry (VBM) 

for Surface-Based Morphometry (SBM) for cortical 

thickness, or Region-of-Interest (ROI) measurements 

like hippocampal volume) and (2) Classification. 

Limitations: Performance is highly dependent on the 

quality and selection of hand-crafted features, which 

may limit the capture of complex, distributed 

pathological patterns. 

2.2. Deep Learning (DL) Architectures 

DL models, particularly Convolutional Neural 

Networks (CNNs), have become dominant due to 

their ability to automatically learn hierarchical, 

discriminative features directly from raw image data. 

2D CNNs: Used on individual axial, coronal, or 

sagittal slices of MRI scans. Simple but discards 3D 

spatial context. 

3D CNNs: Analyse the entire 3D volume of the MRI 

scan, preserving spatial context. These models, such 

as vggnet, Resnet variants, and specialized medical 

imaging architectures (e.g., 3D U-Net for 

segmentation), often achieve superior performance in 

AD classification and staging (e.g., distinguishing AD 

vs. Normal Control (NC), or MCI Converter (MCI-c) 

vs. MCI Non-Converter. 

Graph Neural Networks (GNNs): Emerging methods 

that model the brain as a graph, where regions (nodes) 

are connected by structural or functional links 

(edges), allowing for the analysis of disrupted brain 

network connectivity derived from DTI or fMRI. 

3. Applications and Performance in AD Diagnosis 

and Prognosis 

AI-enhanced MRI analysis demonstrates high utility 

across key clinical tasks. 

3.1. Diagnosis and Classification 

AI models consistently achieve high accuracy (often 

$>90\%$) in the binary classification of AD vs. NC, 

particularly using 3D CNNs on T1-weighted MRi to 

detect volume atrophy patterns. Classification of the 

prodromal stage (MCI) is more challenging, but 

models show increasing success in separating MCI 

patients from NC and AD, facilitating earlier clinical 

action. 

3.2. Prognosis and Progression Prediction 

Predicting which MCI patients will convert to AD 

(MCI-c) is clinically critical. AI models are trained to 

leverage subtle MRI features that precede overt 

dementia. DL models focusing on hippocampal shape 

analysis or longitudinal change in brain volume (using 

serial scans) have shown prognostic value, often 

outperforming traditional statistical methods in 

predicting conversion time. 

3.3. Image Preprocessing and Feature Extraction 

AI tools are crucial for automating preparatory steps: 

Segmentation: DL models (like U-Net) accurately and 

rapidly segment brain tissues (gray matter, white 

matter, CSF) and specific ROIs (e.g., hippocampus, 

ventricles) which are then used as quantitative 

biomarkers. 

Registration and Normalization: AI can improve the 

efficiency and accuracy of aligning individual scans 

to a common template (e.g., MNI space), essential for 

group studies and inter-patient comparisons. 

3.4. Multimodal Data Fusion 

The most robust AI systems often incorporate 

multimodal data fusion, combining structural and 

functional MRI with other data types: 

MRI + PET: Fusing structural atrophy (MRI) with 

metabolic changes (FDG-PET) or amyloid/tau burden 

(Amyloid/Tau-PET) significantly boosts diagnostic 

accuracy and clinical staging. 

MRI + Clinical Data: Incorporating demographic 

(age, gender), cognitive scores (e.g., MMSE, CDR), 

and genetic data with neuroimaging further 

personalizes prediction models. 
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4. Challenges and Limitations in Clinical 

Translation 

Despite impressive performance in research, 

translating AI-MRI models into routine clinical 

practice faces significant hurdles. 

4.1. Data Scarcity and Heterogeneity 

Limited Datasets: AI, especially DL, requires 

massive, well-labelled datasets. While the 

Alzheimer's Disease Neuroimaging Initiative (ADNI) 

is pivotal, it's often insufficient for robust model 

training and validation. 

Data Heterogeneity: Differences in MRI scanners, 

pulse sequences, and acquisition parameters across 

different sites and institutions (the "scanner effect") 

limit the generalizability of models trained on single-

site data. 

4.2. The "Black Box" Problem and Explainable AI 

(XAI) 

The complex nature of DL models makes their 

decision-making process opaque (the black box 

problem). Clinicians are reluctant to trust a diagnosis 

without a clear, human-understandable explanation. 

Explainable AI (XAI) techniques (e.g., SHAP, LIME, 

Grad-CAM) are being developed to generate saliency 

maps that highlight which specific brain regions or 

features within the MRI image drove the model's 

prediction, increasing clinical trust and offering new 

biological insights. 

4.3. Regulatory, Ethical, and Reproducibility 

Issues 

Standardization and Validation: A lack of 

standardized reporting and benchmarking for AI-AD 

research hinders comparison and replication. 

Regulatory Approval: Clinical deployment requires 

rigorous, FDA/EMA-level validation on diverse, 

prospective datasets, which is often missing. 

Ethical Concerns: Issues of data privacy, bias in 

training data leading to unequal performance across 

different demographic groups, and establishing 

clinical liability remain critical. 

5. Future Directions and Emerging Trends 

The field is rapidly evolving to address current 

limitations and capitalize on new technological 

advancements. 

5.1. Federated Learning and Collaborative 

Networks 

Federated Learning allows models to be trained on 

data distributed across multiple institutions without 

sharing the raw patient data, directly addressing 

privacy concerns and the data scarcity problem by 

enabling access to larger, more diverse cohorts. 

Increased collaboration across international 

neuroimaging consortia is crucial for building robust, 

generalizable AI models. 

5.2. Synthetic Data Generation 

Generative Adversarial Networks (GANs) are being 

explored to synthesize realistic MRI images, 

potentially augmenting limited datasets and 

facilitating the study of disease progression without 

requiring decades of patient follow-up. 

5.3. Towards Personalized Medicine 

Future AI models will move beyond binary 

classification to provide highly personalized, patient-

specific predictions of progression trajectory, 

treatment response, and risk profiles by integrating 

ultra-high-field MRI (e.g., 7T MRI) with genetic and 

fluid biomarkers. The goal is to integrate these tools 

into Clinical Decision Support Systems (CDSS), 

augmenting rather than replacing, the clinician's role. 

CONCLUSION 

AI-driven analysis of MRI data represents a 

transformative advance in the fight against 

Alzheimer's Disease. DL models, particularly 3D 

CNNs, have shown remarkable performance in 

automating the identification of structural atrophy, 

classification of AD and its prodromal stages, and 

prediction of disease conversion. While significant 

challenges remain concerning generalizability, 

interpretability, and clinical integration, the rapid 

development of XAI and federated learning promises 

to bridge the gap between bench research and bedside 

application. Continued rigorous, multi-site validation 
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is essential to ensure these powerful computational 

tools deliver on their potential to revolutionize the 

early diagnosis and personalized management of AD.                                            
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