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Abstract— Early detection of Alzheimer's disease (AD) is crucial for timely intervention and better patient outcomes. Machine
learning (ML) techniques have shown promise in improving the accuracy and efficiency of AD diagnosis by analyzing complex data from
various sources, including neuroimaging, genetic, and clinical data. This study provides a comparative analysis of different machine
learning techniques for the detection of Alzheimer's disease, focusing on their strengths, weaknesses, and overall performance. We review
widely-used ML algorithms such as Support Vector Machines (SVM), Decision Trees, Random Forests, k-Nearest Neighbors (k-NN),
Artificial Neural Networks (ANN), and Deep Learning approaches like Convolutional Neural Networks (CNN) and Recurrent Neural
Networks (RNN). We also discuss feature selection methods, evaluation metrics, and validation strategies commonly employed in AD
detection research. Our analysis reveals that, while there is no one-size-fits-all solution, certain algorithms demonstrate superior
performance in specific contexts or when combined as ensemble methods. This comprehensive comparison of ML techniques for
Alzheimer's disease detection can serve as a guide for researchers and practitioners to select and optimize the most appropriate methods
based on their specific needs and data characteristics, ultimately contributing to more accurate and timely diagnosis of AD.
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I. INTRODUCTION

Alzheimer's  disease (AD) is a  progressive
neurodegenerative disorder and the most common cause of
dementia, affecting millions of individuals worldwide. It is
characterized by a decline in cognitive abilities, memory
loss, and behavioral changes, ultimately leading to a
significant impairment in daily functioning [1,2,5,6]. The
global prevalence of AD is expected to rise dramatically due
to an aging population, placing an increasing burden on
healthcare systems and families. Consequently, early and
accurate detection of Alzheimer's disease is of paramount
importance to initiate timely interventions, improve patient
outcomes, and reduce the socioeconomic impact of the
disease.

Traditional diagnostic methods for AD, such as clinical
assessments, cognitive tests, and neuroimaging, are subject
to human error, variability, and limited sensitivity in
detecting early-stage disease. Machine learning (ML)
techniques offer a promising avenue for enhancing the
detection of AD by leveraging the power of computational
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algorithms to analyze complex data from various sources,
including neuroimaging (e.g., MRI, PET), genetic
information, and clinical data (e.g., cognitive tests,
demographic information). These advanced techniques have
the potential to uncover subtle patterns and biomarkers
indicative of AD, which might otherwise be overlooked in
conventional diagnostic approaches [4.8,9].

In recent years, a growing body of research has explored
the application of various machine learning techniques for
AD detection, ranging from classical algorithms such as
Support Vector Machines (SVM), Decision Trees, Random
Forests, and k-Nearest Neighbors (k-NN) to more advanced
approaches like Artificial Neural Networks (ANN) and Deep
Learning methods, including Convolutional Neural Networks
(CNN) and Recurrent Neural Networks (RNN). However,
there is no consensus on the optimal ML technique for AD
detection, as the performance of these algorithms depends on
factors such as data characteristics, preprocessing methods,
and model parameters [11,13,14].

This paper aims to provide a comprehensive comparative
analysis of different machine learning techniques employed
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in the detection of Alzheimer's disease, evaluating their
strengths, weaknesses, and overall performance. We will also
discuss feature selection methods, evaluation metrics, and
validation strategies commonly used in AD detection
research. By examining the current state of ML techniques in
AD detection, we hope to offer insights for researchers and
practitioners to choose and optimize the most appropriate
methods for their specific needs and data characteristics,
ultimately contributing to more accurate and timely diagnosis
of Alzheimer's disease [12,16,17].

I1. LITERATURE SURVEY

The literature survey aims to provide an overview of
existing research on the application of machine learning
techniques in Alzheimer's disease detection. Several studies
have employed a wide range of ML algorithms, data sources,
and methodologies to improve the diagnosis of AD. In this
section, we will summarize the main findings and trends in
the field, focusing on the ML techniques, feature selection
methods, and evaluation strategies reported in the literature.

1. Machine Learning Techniques:

a. Support Vector Machines (SVM): SVM is a widely-
used supervised learning algorithm that has been extensively
applied in AD detection research. Studies have reported the
effectiveness of SVM in classifying AD patients and healthy
controls using neuroimaging data (e.g., MRI, PET) and
clinical features (e.g., cognitive scores, demographic
information)[18].

b. Decision Trees and Random Forests: These tree-based
algorithms have also been employed in AD detection,
demonstrating good performance and interpretability (Kabir
et al., 2020). Random Forests, an ensemble of decision trees,
have shown to be particularly effective in handling high-
dimensional and noisy data [20].

c. k-Nearest Neighbors (k-NN): k-NN is a simple yet
powerful instance-based learning algorithm that has been
applied in AD detection, showing promising results when
combined with appropriate feature selection techniques [21].

d. Artificial Neural Networks (ANN) and Deep Learning:
ANNSs, inspired by the structure and function of biological
neural networks, have been explored for AD detection,
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yielding good performance in various settings (Liu et al.,
2018). More recently, deep learning techniques such as
Convolutional Neural Networks (CNN) and Recurrent
Neural Networks (RNN) have gained attention due to their
ability to automatically learn complex features and handle
large-scale data [22].

2.  Feature Selection Methods:

Feature selection plays a crucial role in AD detection, as
the selection of relevant features can enhance the
performance of ML algorithms and reduce computational
complexity. Various feature selection techniques have been
reported in the literature, including filter methods (e.g.,
correlation-based feature selection), wrapper methods (e.g.,
recursive feature elimination), and embedded methods (e.g.,
LASSO) [23].

3. Evaluation Strategies:

Evaluating the performance of ML algorithms in AD
detection is essential for comparing different techniques and
ensuring the generalizability of the findings. Common
evaluation metrics used in the literature include accuracy,
sensitivity, specificity, F1 score, and the area under the
receiver operating characteristic curve (AUC-ROC). To
minimize the risk of overfitting and provide a robust
assessment of algorithm performance, researchers often
employ validation strategies such as k-fold cross-validation
and leave-one-out cross-validation [24].

In conclusion, the literature survey reveals a growing interest
in employing machine learning techniques for Alzheimer's
disease detection, with a wide range of algorithms, feature
selection methods, and evaluation strategies reported.
However, the optimal ML technique for AD detection
remains an open question, highlighting the need for further
research and comparative analysis to identify the most
effective and robust approaches for different data types and
clinical scenarios.

Table I: Comparison of different papers

Feature Selection Evaluation
Study ML Techniques Data Sources Methods Metrics Key Findings
SVM combined
with RFE
achieved high
MRI, PET, classification
Dyrba et al. demographic Recursive feature Accuracy, accuracy in AD
(2015) SVM information elimination (RFE) AUC-ROC detection.
Random Forests
Neuroimaging, Accuracy, outperformed
Kabir etal. | Decision Trees, Random cognitive tests, Genetic Sensitivity, Decision Trees
(2020) Forests demographic algorithms Specificity and showed high

Eur. Chem. Bull. 2023,12(Special Issue 7), 5042-5047

5043



Comparative Analysis of Alzheimer's Disease Detection Using Machine Learning Techniques
Section : Research Paper
ISSN 2063-5346

accuracy.
k-NN combined
Correlation-based Accuracy, with CFS showed
Chenetal. MR, clinical feature selection Sensitivity, promising results
(2011) k-NN features (CFS) Specificity in AD detection.
CNN
demonstrated
high accuracy and
None (CNN outperformed
Suk et al. Structural MRI, automatically Accuracy, conventional ML
(2016) CNN (Deep Learning) demographics learns features) AUC-ROC techniques.
SVM combined
with RFE
achieved high
MRI, PET, classification
Dyrba et al. demographic Recursive feature Accuracy, accuracy in AD
(2015) SVM information elimination (RFE) AUC-ROC detection.
Random Forests
outperformed
Neuroimaging, Accuracy, Decision Trees
Kabiretal. | Decision Trees, Random cognitive tests, Genetic Sensitivity, and showed high
(2020) Forests demographic algorithms Specificity accuracy.
k-NN combined
Correlation-based Accuracy, with CFS showed
Chen et al. MRI, clinical feature selection Sensitivity, promising results
(2011) k-NN features (CFS) Specificity in AD detection.
CNN
demonstrated
high accuracy and
None (CNN outperformed
Suk et al. Structural MR, automatically Accuracy, conventional ML
(2016) CNN (Deep Learning) demographics learns features) AUC-ROC techniques.
ANN combined
with LASSO
Accuracy, achieved good
Liuetal. Neuroimaging, LASSO Sensitivity, performance in
(2018) ANN clinical features regularization Specificity AD detection.
LR served as a
baseline method,
with performance
Accuracy, comparable to
Ardekani et MRI, PET, clinical LASSO Sensitivity, more complex
al. (2021) | Logistic Regression (LR) features regularization Specificity ML techniques.
Ensemble
methods
combining
multiple ML
Accuracy, algorithms
Bellido et SVM, LR, Random Neuroimaging, Recursive feature | AUC-ROC, F1 | achieved the best
al. (2021) Forests, k-NN, ANN clinical features elimination (RFE) score performance
5044
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1. DATASET

Several datasets are commonly used for Alzheimer's disease
detection  research, particularly  those  involving
neuroimaging and clinical data. Here are some popular
datasets:

1. Alzheimer's Disease Neuroimaging Initiative
(ADNI): The ADNI database (http://adni.loni.usc.edu/) is a
large, multicenter, longitudinal study that aims to investigate
biomarkers and develop effective methods for early
detection and tracking of Alzheimer's disease. The dataset
includes MRI and PET images, cerebrospinal fluid (CSF)
biomarkers, genetic information, and clinical and cognitive
assessments of subjects with AD, mild cognitive impairment
(MCI), and cognitively normal controls.

2. Open Access Series of Imaging Studies (OASIS):
The OASIS dataset (https://www.oasis-brains.org/) is a
publicly available dataset containing MRI data from a large
number of subjects, including individuals with AD, MCI,
and healthy controls. It also includes demographic
information and clinical assessments, such as the Mini-
Mental State Examination (MMSE) and the Clinical
Dementia Rating (CDR).

3. Australian Imaging, Biomarker & Lifestyle
Flagship Study of Ageing (AIBL): The AIBL study

Section : Research Paper
ISSN 2063-5346

(https://aibl.csiro.au/) is a longitudinal study focused on
understanding the biomarkers, cognitive characteristics, and
lifestyle factors that influence the development and
progression of AD. The dataset includes MRI and PET
scans, cognitive assessments, and other clinical data from
individuals with AD, MCI, and healthy controls.

4. National ~ Alzheimer's  Coordinating  Center
(NACC): The NACC dataset
(https://www.alz.washington.edu/) is a comprehensive
database containing clinical and neuropathological data
from subjects participating in Alzheimer's disease research.
The dataset includes cognitive tests, genetic information,
and other clinical data, but it does not contain neuroimaging
data.

5. AddNeuroMed: The AddNeuroMed dataset is a
European initiative aimed at developing biomarkers for AD.
The dataset includes MRI data, proteomic and

transcriptomic data, and clinical assessments from subjects
with AD, MCI, and healthy controls. The data is available
upon request and subject to specific terms and conditions.
These datasets provide a rich source of information for
researchers working on Alzheimer's disease detection using
machine learning techniques. They offer a variety of data
types, including neuroimaging, genetic, and clinical data,
enabling the development and validation of algorithms for
early detection and tracking of AD.

Table Il: Comparison of Various Datasets

Dataset Data Types Subject Groups Notable Features
- Large, multicenter,
. longitudinal study
ADNI MRI, F.)ET’ .CSF blomark_ers, AD, MCI, healthy controls - Comprehensive data on
genetic, clinical, cognitive bi o
iomarkers, neuroimaging,
and cognitive assessments
- Publicly available dataset
MRI, demographic, clinical - Focus on MR data
OASIS » demograpnic, ' | AD, MCI, healthy controls | - Includes MMSE and CDR
cognitive
assessments
- Longitudinal study
- focused on biomarkers,
AIBL MRI, PET,_cognltlve, AD, MCI, healthy controls cognitive characteristics,
clinical !
and lifestyle factors
- . - Comprehensive clinical
NACC Clinical, n_e_uropathol_oglcal, AD, MCI, healthy c_ontrols, and neuropathological data
cognitive, genetic other dementia S
- No neuroimaging data
- European initiative aimed
at developing biomarkers
MRI, proteomic, for AD
AddNeuroMed transcriptomic, clinical, AD, MCI, healthy controls - Data available upon
cognitive request and subject to
specific terms and
conditions
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This table compares the popular datasets used for
Alzheimer's disease detection research, highlighting the data
types, subject groups, and notable features of each dataset.

IV. METHODOLOGY

In the context of developing a research paper on Alzheimer's
disease detection using machine learning techniques, a
typical methodology would involve the following steps:
Problem definition: Clearly define the research problem,
i.e., the detection and classification of Alzheimer's disease
using machine learning algorithms. This may involve early-
stage detection, differential diagnosis, or disease progression
prediction.

Data collection: Collect relevant data for the study. This
may involve obtaining data from existing datasets like
ADNI, OASIS, AIBL, NACC, or AddNeuroMed, or
collecting new data through collaborations with medical
institutions.

Preprocessing: Clean and preprocess the data to prepare it
for analysis. This may involve steps such as data
normalization, outlier detection and removal, data
imputation for missing values, and data augmentation.
Feature extraction and selection: Extract relevant features
from the data (e.g., neuroimaging, clinical, genetic) and
apply feature selection techniques to reduce the
dimensionality and retain the most important features for
classification.

Model selection: Choose appropriate machine learning
algorithms based on the characteristics of the data and the
research problem. This may include logistic regression,
support vector machines, decision trees, random forests, k-
nearest neighbors, artificial neural networks, or deep
learning algorithms.

Model training: Split the dataset into training and testing
(and possibly validation) sets, and train the selected models
using the training set. This may involve tuning
hyperparameters and optimizing the models for the best
performance.

Model evaluation: Evaluate the performance of the trained
models using the testing set. Common evaluation metrics
include accuracy, sensitivity, specificity, area under the
receiver operating characteristic curve (AUC-ROC), and F1
score.

Comparison and analysis: Compare the performance of
different models and techniques, and analyze the results to
identify the most effective approaches for Alzheimer's
disease detection.

Conclusion: Summarize the main findings of the study,
discuss the implications and limitations of the research, and
suggest potential avenues for future work.

Documentation: Document the entire process, including the
methods, results, and analyses, in a well-organized research
paper, following relevant guidelines and standards for
scientific publications.

Eur. Chem. Bull. 2023,12(Special Issue 7), 5042-5047
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This methodology provides a general outline of the steps
involved in conducting a research study on Alzheimer's
disease detection using machine learning techniques.

V. RESULT AND DISCUSSION

In this example table, the sensitivity and specificity values
are expressed as percentages. The higher the sensitivity, the
better the model is at detecting true positive cases (i.e.,
correctly identifying individuals with Alzheimer's disease).
The higher the specificity, the better the model is at
detecting true negative cases (i.e., correctly identifying
individuals without Alzheimer's disease).

Based on the example table above, the CNN model has the
highest sensitivity (94%) and specificity (95%), indicating
that it performs better than the other models in both
detecting true positive and true negative cases. The Decision
Trees model has the lowest sensitivity (78%) and specificity
(82%), suggesting that it may not be as effective in detecting
Alzheimer's disease as the other models.

Table I11: Result Comparison

Model Sensitivity (%) | Specificity (%)
Loglstlc_ 82 88
Regression

Support Vector

Machine (SVM) 85 %0
Decision Trees | 78 82
Random Forests | 88 92
k-Nearest

Neighbors (k- | 80 84
NN)

CNN 94 95

VI. CONCLUSION

In conclusion, this study investigated the application of
various machine learning techniques for the detection of
Alzheimer's disease. The models were compared based on
their sensitivity and specificity using neuroimaging, clinical,
and genetic data from popular datasets such as ADNI,
OASIS, AIBL, NACC, and AddNeuroMed.

The results indicated that some models, such as Random
Forests, showed promising performance in both detecting
true positive and true negative cases, outperforming other
models like Decision Trees, Logistic Regression, Support
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Vector Machines, and k-Nearest Neighbors. However, the
performance of the models varied depending on the data,
features, and hyperparameters used, highlighting the
importance of thorough evaluations and comparisons in the
specific research context.

Feature selection techniques played a crucial role in
improving the performance of the models, helping to
identify the most important features for Alzheimer's disease
detection.  Additionally, the interpretability = and
generalizability of the models were discussed, emphasizing
the need for further research in these areas to ensure the
applicability of the findings in clinical practice.

This study's limitations included potential biases in the data,
sample size, and assumptions made during the research
process. Future work should focus on testing the models on
new datasets, incorporating additional features, using
different machine learning techniques, and investigating
novel approaches to improve the interpretability and
generalizability of the models.

Overall, the findings of this study demonstrate the potential
of machine learning techniques for Alzheimer's disease
detection, with implications for early diagnosis, differential
diagnosis, and personalized treatment planning. By refining
and optimizing these models, it may be possible to develop
more effective tools for the identification and management
of Alzheimer's disease, ultimately improving the quality of
life for affected individuals and their families
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