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Abstract: Alzheimer’s disease (AD) is a progressive neurodegenerative disorder and the leading cause of dementia among the elderly. Early
and accurate prediction is crucial to mitigate its social, emotional, and economic impact. This study synthesizes state-of-the-art research on
the use of machine learning (ML) and deep learning (DL) techniques for the early- stage prediction of AD, drawing from clinical records,
neuroimaging, and electronic health records (EHR). Feature engineering, including neuropsychological tests, MRI-derived brain volumetrics,
and cerebrospinal fluid (CSF) biomarkers, plays a pivotal role in predictive accuracy.

Ensemble classifiers such as Random Forest, Support Vector Machines, and XG Boost have shown robust performance, with recent
models achieving up to 93% accuracy on benchmark datasets like ADNI and OASIS. Additionally, real-world EHR- based models have
demonstrated the feasibility of scalable prediction in clinical settings. This work consolidates current methodologies, highlights key
challenges—such as data heterogeneity and model interpretability—and proposes future directions for integrating multi-modal data and
explainable Al in AD prediction.
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I.INTRODUCTION

Alzheimer’s disease (AD) affects over 55 million people globally and is expected to nearly triple by 2050. It causes
irreversible cognitive decline, eventually impairing a person’s ability to perform basic daily tasks. Despite growing therapeutic
efforts, a definitive cure remains elusive, thus emphasizing the importance of early detection and diagnosis. Mild Cognitive
Impairment (MCI), often a prodromal stage of AD, provides a window of opportunity for intervention. However, the subtle nature
of early symptoms complicates timely diagnosis using traditional clinical methods.

In recent years, the advent of artificial intelligence— particularly machine learning (ML)—has revolutionized biomedical
research, offering advanced tools for analyzing large and complex datasets. Neuroimaging modalities like structural MRI,
functional PET, and EEG, alongside cognitive assessments and EHR-derived variables, serve as valuable sources for predictive
modeling. Supervised learning algorithms such as decision trees, support vector machines, and ensemble methods like random
forest and XG Boost have shown promising results. Deep learning architectures, including convolutional neural networks (CNNSs)
and autoencoders, are particularly effective in identifying spatial and volumetric brain changes indicative of AD.

The importance of early detection and diagnosis of Alzheimer’s disease becomes even more evident when considering the
limitations of traditional clinical approaches. Since Mild Cognitive Impairment (MCI) often represents a transitional stage
between normal aging and Alzheimer’s disease, identifying subtle changes at this stage can significantly influence patient
outcomes. However, these changes are usually difficult to capture through conventional methods alone, making advanced
computational approaches essential in improving diagnostic reliability. Machine learning techniques provide the ability to process
and analyze large and complex datasets derived from neuroimaging modalities such as MRI, PET, and EEG, along with cognitive
assessments and variables obtained from electronic health records. By leveraging algorithms like decision trees, support vector
machines, random forests, and gradient boosting methods, researchers are able to build models that recognize patterns and
correlations which may not be immediately apparent to human observers. These algorithms are particularly valuable in reducing
diagnostic uncertainty and offering support for clinical decision-making.

Deep learning methods, including convolutional neural networks and autoencoders, further enhance this capability by
automatically learning high-level features from raw imaging data. Their effectiveness lies in capturing spatial, volumetric, and
functional changes in brain structures that are closely associated with Alzheimer’s disease progression. In addition, the
combination of imaging data with non-imaging factors such as genetic profiles, cognitive test scores, and fluid biomarkers has been
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shown to substantially improve classification performance, making predictions more robust and clinically relevant.

At the same time, real-world applications of these methods highlight both opportunities and challenges. While studies
using longitudinal data and electronic health records demonstrate the scalability of machine learning for large populations, issues
such as standardization of data collection, interpretability of complex models, and the need for validation across diverse patient
groups continue to pose significant barriers. Addressing these challenges is essential to translate current research into practical
tools that can support clinicians in real healthcare settings.

Overall, the integration of machine learning into the study of Alzheimer’s disease represents a critical step toward
improving early diagnosis and monitoring. By drawing on neuroimaging data, cognitive assessments, and clinical variables, and
by applying both traditional and deep learning methods, researchers are steadily building more accurate and reliable models.
Although significant challenges remain, these advancements provide a clear direction for developing diagnostic approaches that
are not only scientifically rigorous but also practically applicable in clinical environments.

ILLITERATURE
“Li, Q., Yang, X., Xu, J., Guo, Y., He, X., Hu, H., Lyu, T.,Marra, D., Miller, A., Smith, G., DeKosky, S., Boyce, R. D,
Schliep, K., Shenkman, E., Maraganore, D., Wu, Y., & Bian, J. (2023). Early prediction of Alzheimer’s disease and
related dementias using real-world electronic health records. Alzheimer’s & Dementia, 19(8), 3506- 3518.
https://doi.org/10.1002/alz.12967”

This paper presents a Li et al. (2023) explored the early prediction of Alzheimer’s disease and related dementias (ADRD)
using real-world electronic health records (EHRs) from the OneFlorida+ network. The study developedmachine learning models
using both knowledge-driven and data-driven approaches, applying logistic regression and gradient boosting trees (GBT) to predict
ADRD up to five years before diagnosis.

Four computable phenotypes (CPs) were employed to define cases with varying stringency, and SHAP values were used
for feature importance analysis. The data-driven GBT model consistently outperformed other methods, achieving AUCs up to 0.939
for 0- year prediction.

Risk factors identified included age, stroke, depression, and preventive care behaviors. Unlike prior research focused heavily
on neuroimaging, this study emphasized scalability in clinical settings by leveraging routinely collected EHR data. The findings
support the feasibility of using ML with EHRs for early ADRD detection and underscore the need for external validation and
integration into clinical workflows.

“Dara, O. A, Lopez-Guede, J. M., Raheem, H. I., Rahebi, J., Zulueta, E., & Fernandez-Gamiz, U. (2023).Alzheimer’s disease
diagnosis using machine learning: Asurvey. Applied Sciences, 13(14), 8298.
https://doi.org/10.3390/app13148298”

This research proposes a explores the application of machine learning and artificial intelligence in diagnosing Alzheimer's
disease. The paper reviews over 80 publications since 2017, focusing on fundamental machine learning architectures like support
vector machines, decision trees, and ensemble models for detection. It also examines approximately 50 papers detailing specific
architectural or design approaches.

The literature is categorized by data-related, methodology- related, and medical-fostering components to highlight
underlying challenges. The study emphasizes the potential of computer-aided analysis models to enhance the exploration of
neuroimaging and non-image biomarkers. Challenges include the absence of intelligent feature selection techniques and notable
error rates in deep learning methods used for image classification.

The survey concludes by discussing prospective avenues and recommendations for future research in Alzheimer's disease
diagnosis.

“M. S. Chong and S. Sahadevan, “Preclinical Alzheimer’s disease: Diagnosis and prediction of progression,” The Lancet
Neurology, vol. 4, no. 9, pp. 576-579, 2005, doi: 10.1016/S1474- 4422(05)70168-X.”

This study explores research on accurately predicting which individuals with symptomatic pre-dementia will develop clinical
Alzheimer's disease (AD). The focus is on recent longitudinal studies examining the use of clinical assessment, psychometric
testing, neuroimaging, and biomarkers.

The review highlights various diagnostic tools, including neuropsychological tests (e.g., episodic memory, semantic
memory, attention processing, mental speed), structural MRI (e.g., entorhinal cortex and hippocampal volumes), functional
imaging (e.g., SPECT, PET, fMRI), and other biomarkers like EEG and CSF analysis (e.g., total-tau, phosphorylated-tau, AB1- 42
concentrations). The authors emphasize the need for consensus guidelines for Mild Cognitive Impairment (MCI) to standardize
assessment and facilitate research, noting that MCI currently requires more evidence of diagnostic and therapeutic usefulness before
widespread clinical adoption.

“I. Malik, A. Igbal, Y. H. Gu, and M. A. Al-antari, “Deep learning for Alzheimer’s disease prediction: A comprehensive
review,” Diagnostics, vol. 14, no. 12, p. 1281,
2024, doi: 10.3390/diagnostics14121281.”

This research proposes a explores investigates various modalities, feature extraction methods, datasets, machine learning
techniques, and validation approaches for Alzheimer's disease (AD) detection. The survey scrutinizes 116 relevant papers published
from 2015 onwards, sourced from major repositories like Elsevier, IEEE, and Springer.

It discusses the application of diverse deep learning techniques, including DNN, CNN, AE, RNN, DBN, GAN, and hybrid DL,
alongside traditional machine learning methods such as SVMs, ANNSs, and ensemble approaches for AD diagnosis. The paper
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highlights the significance of imaging modalities like MRI, fMRI, PET, EEG, and MEG, and extensively covers popular datasets
such as ADNI, OASIS, and the Harvard Medical School Dataset.

Key challenges, including the need for improved interpretability in deep learning models and effective integration of feature
selection, are also addressed.

“S. Palmqvist et al., “Blood biomarkers to detect Alzheimer disease in primary care and secondary care,” JAMA, vol. 332,
no.15, pp. 1245-1257, 2024, doi:10.1001/jama.2024.13855.”

The study prospectively evaluated a clinically available Alzheimer's disease (AD) blood test in primary and secondary
care settings in Sweden, involving 1213 patients with cognitive symptoms. The research focused on the diagnostic accuracy of
plasma phosphorylated tau 217 (p-tau217) and the amyloid probability score 2 (APS2), which combines p-tau217 with the
amyloidp 42 to amyloid-p 40 ratio. Both biomarkers demonstrated high diagnostic accuracy, ranging from 88% to 92%, for
identifying AD pathology in both care settings. Notably, the APS2 significantly improved diagnostic accuracy compared to
standard clinical evaluations by primary care physicians and dementia specialists.

The findings suggest that these blood tests could streamline AD diagnosis and treatment, with future studies needed to
evaluate their impact on clinical care.

“M. V. Fernandez et al., “Genetic and multi-omic resources for Alzheimer disease and related dementia from the Knight
Alzheimer Disease Research Center,” Scientific Data, vol. 11, p. 768, 2024, doi: 10.1038/s41597-024-03485-9.”

This open-access data resource encompasses comprehensive genetic and multi-omic data from participants across the
dementia spectrum, including cognitively unimpaired individuals, those with mild cognitive impairment, and those with dementia.
The dataset includes demographic, clinical, cognitive, and imaging data, alongside fluid biomarkers and neuropathological
assessments. A key feature is the inclusion of whole-genome sequencing, RNA sequencing, and proteomics data, providing rich
multi-omic profiles.

This valuable longitudinal resource facilitates research into the complex biology of Alzheimer's disease and related
dementias, enabling the identification of genetic variants and biological pathways, and supporting the development of predictive
models for disease progression.

“V. Patil, M. Madgi, and A. Kiran, “Early prediction of Alzheimer’s disease using convolutional neural network: A review,”
Egypt. J. Neurol. Psychiatry Neurosurg., vol. 58, Art. no. 130, 2022, doi: 10.1186/s41983-022-00571-w.”

This research provides a comprehensive overview of Alzheimer's disease (AD) and explores machine learning (ML)
methods for its early identification. It emphasizes that early detection is crucial for developing more advanced AD treatments. The
survey delves into currentresearch in this field, analyzing various classification methods employed by researchers, with a particular
focus on those utilizing ADNI datasets.

The paper discusses the application of machine learning, a subfield of Artificial Intelligence, which leverages probabilistic
and optimization techniques to learn from complex datasets for AD diagnosis. While the abstract mentions two ML methods, the
title specifically highlights Convolutional Neural Networks (CNNs) as a key technique for early prediction. The review details
essential research topics, including the datasets used, the evaluation measures employed, and the specific machine learning methods
applied in this domain.

Overall, the article aims to provide a broad understanding of the current work and proposes a model to enhance
comprehension of existing research in early AD prediction using CNNSs.

“K. H. Aqil, P. Dumpuri, K. Ram, and M. Sivaprakasam, “Predictive modeling of Alzheimer’s disease progression:
Integrating temporal clinical factors and outcomes in time series forecasting,” Intelligence-Based Medicine, vol. 10, p.
100159, 2024, doi: 10.1016/j.ibmed.2024.100159.”

This research presents a comprehensive study on employing a combination of cognitive scores and artificial intelligence
algorithms for diagnosing Alzheimer's disease (AD) and mild cognitive impairment (MCI). The research meticulously analyzes
clinical and demographic variables, including age, education, and various cognitive and functional scores, examining their
distributions and correlations with AD and MCI.

The study utilizes several machine-learning classifiers, evaluating their performance using metrics such as accuracy,
precision, and area under the ROC curve (AUC). Key findings highlight the influence of gender on AD prevalence, the
potential protective effect of education, and the significance of functional decline and cognitive performance scores within the
models.

The results demonstrate the effectiveness of ensemble methods and the robustness of the models across different data
subsets, underscoring the potential of Al in enhancing diagnostic accuracy for both Alzheimer's disease and mild cognitive
impairment. The paper also discusses implications for early diagnosis and intervention, alongside future research directions.

IHI.LMETHODS
To perform customer segmentation through unsupervised learning, we adopted a structured and hands-on methodology.
This process began with the collection of real-world data, followed by careful data preprocessing to ensure it was suitable for
analysis. We then implemented machine learning algorithms tailored for unsupervised tasks and concluded by visualizing the
results to interpret customer groupings effectively. The following outlines each stage of the approach used in this project.

Published By: Fifth Dimension Research Publication https://fdrpjournals.org/ 59|Page



Survey on Optimization Techniques Medical Image Feature Extraction for Brain Disease Prediction

MRI Image

~ "5
Image 3D
Preproce ssing Autoenccoder

!

2D AlexNet

| v

& ~
Transfer 3D CNN
Learning

AD Prediction

!

AD dicision

. J

Fig: Optimization Techniques Medical Image Feature Extraction for Brain Disease Prediction

3.1 Data Acquisition and Preprocessing
Multimodal Data Integration: Leverage diverse data types for a more comprehensive analysis. The papers highlight:
Neuroimaging: MRI (structural, functional), PET (FDG-PET, amyloid-PET, Tau-PET), EEG, MEG, fNIRS.
Biomarkers: Cerebrospinal Fluid (CSF) analysis (e.g., AB,tau), blood plasma biomarkers(e.g., ptau217, Ap42:AB40 ratio).
Cognitive and Clinical Data: Neuropsychological test scores, demographic information (age, education), clinical assessments of
cognitive and functional status. Genetic and Multi-omic Data: Whole-genome sequencing, RNA sequencing, proteomics (from
resources like Knight ADRC).
Standardized Datasets: Utilize widely recognized datasets such as: Alzheimer's Disease Neuroimaging Initiative (ADNI) Open
Access Series of Imaging Studies (OASIS) Harvard Medical School Dataset Feature Extraction and Selection: This is a crucial
step.

For imaging, techniques like volumetric analysis or extracting features from specific brain regions (e.g., hippocampus,
entorhinal cortex) are common. Intelligent feature selection techniques are noted as an area for improvement.

3.2. Model Development

3.2.1. Artificial Intelligence and Machine Learning Algorithms:

i. Deep Learning (DL): Highly prominent for imaging data. Consider: Convolutional Neural Networks (CNNs): Particularly
effective for image classification and analysis. Deep Neural Networks (DNNs), Autoencoders (AE), Recurrent Neural Networks
(RNNs), Deep Belief Networks (DBN), Generative Adversarial Networks (GANSs), and hybrid DL models.

ii. Traditional Machine Learning (ML): Still relevant for various data types, especially when combined with cognitive and
biomarker data. Consider: Support Vector Machines (SVMs) Decision Trees and Random Forest Artificial Neural Networks
(ANNs) Ensemble Methods (e.g., bagging, boosting) often yield robust results.

iii. Predictive Modeling: Develop models for both diagnosing existing AD/MCI and predicting progression. iv. Addressing
Challenges: Interpretability and Explainability: For deep learning models, investigate methods to understand why a model makes
a certain prediction. Limited Labeled Data: Explore techniques like transfer learning or data augmentation.

3.3 Evaluation and Validation

i. Performance Metrics: Evaluate model performance using standard metrics such as: Accuracy Precision Recall (Sensitivity)
Specificity F1-score Area Under the Receiver Operating Characteristic (ROC) curve (AUC) Longitudinal Studies: If possible, use
longitudinal data to validate predictive models for disease progression. Cross- validation: Employ robust cross-validation
techniques to ensure model generalization. By combining these methods, a project can effectively leverage the rich data available
and the power of Al to contribute to the early diagnosis and prediction of Alzheimer's disease.

IV.CONCLUSION
Optimization techniques play a crucial role in enhancing the accuracy and efficiency of feature extraction from medical
images used in brain disease prediction. By systematically applying advanced algorithms such as genetic algorithms, particle
swarm optimization, and deep learning—based methods, researchers are able to select and refine the most relevant features that
contribute to improved diagnostic performance. These techniques not only streamline the computational process by reducing
unnecessary complexity but also help minimize noise in the data, ensuring that the extracted features are both meaningful and

Published By: Fifth Dimension Research Publication https://fdrpjournals.org/ 60|Page



Survey on Optimization Techniques Medical Image Feature Extraction for Brain Disease Prediction
robust. As aresult, the reliability of medical image analysis increases, enabling more accurate and timely diagnosis of neurological
conditions such as brain tumors, Alzheimer’s disease, and stroke.

The application of optimization further strengthens the diagnostic pipeline by improving the stability and adaptability of
models across different datasets and imaging modalities.

For instance, genetic algorithms mimic natural selection to iteratively identify optimal feature subsets, while particle
swarm optimization simulates collective intelligence to explore large solution spaces efficiently. When combined with deep
learning architectures, these approaches provide a powerful framework for automatically learning complex patterns that might
otherwise remain hidden in high- dimensional medical images. Such synergies highlight the value of optimization not just as a
computational enhancement, but as an integral component of modern brain disease prediction systems.

Looking ahead, future research should place greater emphasis on hybrid optimization strategies, which combine the
strengths of multiple algorithms to overcome the limitations of any single approach. By integrating techniques like genetic
algorithms with swarm-based methods or embedding them within deep neural networks, it becomes possible to achieve even higher
levels of accuracy, speed, and generalization. At the same time, incorporating multimodal imaging data—for example, structural
MRI alongside PET or EEG—will allow optimization frameworks to work with richer and more diverse sources of information.
This multimodal integration is particularly important for complex neurological disorders, where relying on a single imaging
modality may overlook subtle but clinically relevant signals.

In summary, optimization techniques not only refine the technical aspects of medical image analysis but also directly impact
the clinical effectiveness of predictive models.

Through reducing computational overhead, minimizing noise, and improving robustness, these methods enhance the
precision and timeliness of brain disease diagnosis. Continued exploration of hybrid optimization approaches and multimodal
integration will be essential for advancing both the accuracy and the real-world applicability of predictive models. By pursuing
these directions, future research can pave the way for more dependable diagnostic systems capable of addressing critical
neurological conditions such as tumors, Alzheimer’s disease, and stroke.
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