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Artificial Intelligence in Health

Abstract
Alzheimer’s disease (AD), a progressive neurodegenerative disease, is a major 
global public health problem. Early and accurate diagnosis is crucial for timely 
intervention, especially with the prevalence of the condition expected to triple by 
2050. Traditional methods have been enhanced by artificial intelligence (AI)–driven 
techniques, particularly Convolutional Neural Networks (CNNs) and Support Vector 
Machines (SVMs). These approaches enhance the early detection and classification 
of diseases by evaluating complex neuroimaging data. Using Matrix Laboratory, we 
developed hybrid models integrating CNNs and SVMs to detect AD, focusing on 
feature extraction, predictive accuracy, and model interpretability for clinical use. 
While Internet of Things-based wearable devices are reviewed for their potential in 
large-scale data processing and real-time monitoring, our empirical work emphasizes 
practical AI solutions. In conclusion, integration of multimodal neuroimaging data 
and advanced feature selection techniques holds the potential to enhance diagnostic 
precision of AD.

Keywords: Alzheimer’s disease; Neuroimaging data; Convolutional Neural Network; 
Support Vector Machine; Matrix laboratory

1. Introduction
Dementia presents a significant global health issue, impacting more than 50 million 
individuals, with estimates suggesting the number could rise to 152 million by 2050 
as a result of global aging.1 According to the World Health Organization, dementia 
is classified as a syndrome rather than a disease.2 It is characterized by a progressive 
decline in the cognitive function of an individual across multiple cognitive domains, 
consequently impairing functional abilities. The term “dementia” has been replaced by 
“major neurocognitive disorder” in the Diagnostic and Statistical Manual of Mental 
Disorders-5.3 Alzheimer’s disease (AD) is the leading cause of dementia, accounting for 
60–80% of all dementia cases. In the United States, the yearly financial burden of AD 
and other types of dementia amounts to US$305 billion, with expectations to exceed 
US$1.1 trillion by 2050.4 This includes costs associated with healthcare, hospice care, 
and lost productivity.5 AD is a progressive neurodegenerative condition characterized 
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by a decline in cognitive abilities, functionality, and 
behavior, with notable pathological indicators including 
the presence of extracellular amyloid-beta (Aβ) plaques 
and intracellular neurofibrillary tangles (NFTs). Aβ 
plaques are formed due to either inefficient clearance or 
excessive production and can be observed almost two 
decades before the onset of symptoms.6 NFTs are generated 
from hyperphosphorylated tau protein and appear roughly 
10–15 years before the symptoms manifest.7 AD advances 
from a stage without symptoms marked by biomarkers 
(preclinical AD) to mild cognitive impairment (MCI) and/
or mild behavioral impairment, eventually resulting in AD 
dementia.8 Different staging systems categorize AD along 
the continuum, varying in their definitions but taking into 
account pathological Aβ, NFTs, and cognitive, functional, 
and behavioral deficits, with differences in terminology 
based on clinical and research classifications.9

AD is a gradual, degenerative illness characterized 
by progressively worsening symptoms. Initial indicators 
include memory loss regarding recent events, mood changes, 
difficulties in understanding new information, confusion, 
communication challenges, and a decline in the ability to 
perform routine tasks. As the condition advances, symptoms 
become more severe, resulting in significant memory 
loss, difficulties recognizing family and friends, agitation, 
difficulties with reading and writing, negligence of personal 
hygiene, decreased appetite, changes in personality, and a 
growing reliance on others. In advanced stages, individuals 
may lose the ability to speak, experience incontinence, fail to 
recognize themselves or others, undergo severe disorientation, 
lose mobility, and enter prolonged periods of sleep.10 Because 
similar symptoms can occur with other conditions, seeking 
timely medical advice is vital. Particularly for those with 
several affected family members, this disease exerts pressure 
on the healthcare systems.11 With the incidence of dementia 
anticipated to increase significantly by 2050, improving 
detection and treatment methods is critical.12

The timely and precise identification of AD is essential 
for successful treatment and management. A  range of 
diagnostic and detection approaches has been created, 
including cognitive evaluations and sophisticated 
neuroimaging methods. Emerging diagnostic tools include 
biomarker-based tools, such as magnetic resonance 
imaging (MRI), positron emission tomography (PET), 
computed tomography (CT), blood-based biomarkers, 
cerebrospinal fluid-based biomarkers, ocular testing, 
and salivary biomarkers. The majority of these tools are 
in the research phase, although imaging is often used in 
combination with cognitive testing to diagnose AD.13

Research on AD encounters hurdles concerning data 
protection, ethics, and the incorporation of AI.14 The 

identification of the disease in its early stages depends on 
biomarkers, MRI, and PET imaging,15 while the Internet 
of Things (IoT) and ambient intelligence improve AI 
assessment and continuous monitoring.16

2. Motivation and scope
As a significant global health challenge, early detection of 
AD is crucial for enhancing patient outcomes. Existing 
diagnostic techniques have limitations, particularly during 
the initial phases of the disease. This research investigates 
the potential of machine learning (ML) and AI to overcome 
these obstacles. The study intends to improve the diagnosis 
of AD by utilizing advanced imaging techniques (including 
MRI, PET, and electroencephalography), hybrid AI models 
(such as Convolutional Neural Network [CNN]-Support 
Vector Machine [SVM]), and wearable IoT devices. In 
addition, the research tackles ethical considerations of 
AI in clinical environments and the difficulties of data 
integration to advance early detection, tailored care, and 
the management of neurodegenerative disorders.

3. Literature review
3.1. ML techniques in AD diagnosis

ML is frequently applied in biomedical research to 
forecast and classify diseases, including AD.17 Classifiers 
aid in identifying AD using clinical, MRI, and speech 
information, with continuous improvements expected 
to enhance diagnosis and treatment.11 Traditional ML 
techniques have provided the foundation for AD diagnosis, 
with research concentrating on automated algorithms to 
identify neural lesions associated with the disease.18

Gray et al.19 created a multimodal classification approach 
employing random forest (RF) classifiers, whereas Feng 
et  al.18 suggested a multilayer classification system to 
analyze feature-label correlations and introduced a sparse 
learning method for AD classification, though both 
techniques require significant computational resources.

Deep learning techniques, such as the fully stacked 
bidirectional long short-term memory model by Feng 
et  al.,18 have addressed these challenges, enhancing 
diagnostic accuracy by preserving spatial and semantic 
data in MRI and PET scans. Models such as SVMs, 
Decision Tree, and CNNs build on these principles, further 
advancing AD detection and classification.

3.1.1. SVM

SVM is an effective technique for AD classification, 
achieving 70–80% accuracy and demonstrating robustness 
to noise, particularly in small datasets.20 SVMs have 
historically shown strong theoretical grounding and real-
world performance in classification tasks.21 They have also 
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been applied to identify patients with and without rapid 
cognitive decline,22 a condition associated with accelerated 
cognitive deterioration, higher institutionalization rates, 
and increased mortality.23

3.1.2. CNN

CNNs are widely used deep learning architectures 
known for sparse interactions, shared parameters, and 
translation-equivalent representations.24 CNNs excel 
in extracting hierarchical and spatial information from 
MRI scans, enabling more accurate characterization of 
brain structures.25 Their effectiveness in medical imaging, 
including neuroimaging for AD detection, has been 
demonstrated in multiple studies.20 Despite their strengths, 
CNNs often require large datasets and may benefit 
from integration with classical classifiers to improve 
generalization.

3.1.3. Hybrid models combining SVMs and CNNs

Hybrid approaches combining CNNs and SVMs have 
shown strong performance in AD diagnosis by leveraging 
the strengths of both methods. CNNs automatically extract 
rich, high-level features from MRI data, while SVM 
enhances classification stability and accuracy, particularly 
in small or imbalanced datasets.20,26

For example, Kumar et al.27 introduced a hybrid model 
that uses CNN-based feature extraction combined with 
SVM classification to distinguish between moderate 
cognitive impairment and non-demented individuals. 
Similarly, Yang and Mohammed28 utilized CNN 
autoencoders to derive low-dimensional representations of 
MRI and PET scans, which were then classified using SVM 
to differentiate AD, MCI, and normal cognition. Murugan 
et al.26 also demonstrated that a CNN–SVM framework 
improves detection across various AD stages compared 
to standalone CNNs. Subasi29 further highlighted the 
potential of hybrid models, suggesting the need for 
comparative evaluation to better assess their performance.

In a related context, Yang and Mohammed28 emphasize 
the application of CNN-based autoencoders in predicting 
early AD. Their analysis demonstrates that CNNs create 
low-dimensional representations of MRI and PET scans, 
which are then classified with SVMs for distinguishing 
between AD, MCI, and normal cognition, thereby 
enhancing diagnostic precision.

In a similar vein, Murugan et al.26 utilized a hybrid 
model combining CNN and SVM to analyze MRI images 
for the purpose of detecting various stages of AD. The 
CNN focused on identifying intricate patterns associated 
with AD, while the SVM contributed to greater accuracy 
throughout the different phases of cognitive decline, such 

as MCI and advanced AD. This approach surpassed the 
performance of conventional CNN models and enhanced 
the diagnosis of early-stage AD.

Furthermore, Subasi29 highlighted the promise of hybrid 
CNN–SVM models, indicating that the application of AI 
methods to imaging data yields important insights into the 
progression of AD. These approaches utilize data-driven 
techniques that enhance diagnosis by effectively classifying 
imaging information for dependable identification of AD. 
While the precision of these hybrid models has improved, 
a comparative analysis is required to evaluate their overall 
performance.

3.1.4. Comparison of ML approaches

Table  1 presents a comparative evaluation of traditional 
ML classifiers for AD detection. Logistic regression (LR), 
SVM, and RF achieved high and consistent performance, 
each with 96% accuracy, indicating that the extracted 
feature set is well-suited for classical methods. Adaptive 
Boosting (AdaBoost) also performed competitively 
with an accuracy of 94.66%, while K-Nearest Neighbors 
(KNN) showed lower performance due to its sensitivity 
to high-dimensional MRI data. Although these models 
are effective, they rely on manually engineered features 
and lack the capacity to learn deeper spatial patterns 
from neuroimaging data. CNN architectures address 
this limitation through automated feature learning, and 
their integration with SVM classifiers offers a balanced 
strategy—leveraging CNN’s representational power and 
SVM’s robustness. This hybridization strengthens early 
AD detection and provides a more reliable framework for 
handling real-world variability in MRI datasets.

Recent studies published between 2021 and 2025 
highlight a clear shift toward multimodal neuroimaging, 
explainable AI, and hybrid architectures for AD diagnosis. 
Researchers have explored transformer-based models 
for MRI–PET fusion, interpretable CNNs for clinical 
transparency, and lightweight deep networks suitable 
for limited datasets. These advancements reveal ongoing 
challenges such as the need for high-quality annotated 
MRI data, improved generalization, and better integration 
between handcrafted features and deep representations. 
Although CNN–SVM hybrids have shown considerable 
promise, very few studies have compared their performance 
alongside traditional classifiers using a consistent feature 
extraction pipeline. This gap motivates the present work, 
which systematically evaluates classical ML models 
(LR, SVM, RF, AdaBoost, and KNN) and relates their 
performance to insights from recent deep learning 
developments to better understand their suitability for 
early AD diagnosis.
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3.2. Dataset analysis

Cognitive evaluations play a key role in AD research by 
helping assess disease severity and steering subsequent 
studies.31 Large-scale projects such as National Alzheimer’s 
Coordinating Center, Layton Aging and Alzheimer’s 
Center, Alzheimer’s Disease Neuroimaging Initiative, 
the UK Biobank, and the Vienna–Trans–Danube 
Ageing Project gather comprehensive longitudinal and 
multimodal information. These initiatives aim to identify 
clinical, biochemical, genetic, and imaging biomarkers to 
enhance early detection, predict disease progression, and 
support the development of therapies.32

3.3. Description of MRI and other medical imaging 
datasets used in studies

Medical imaging datasets are fundamental to AD research, 
providing structural and multimodal information essential 
for developing reliable diagnostic and predictive models. 
MRI remains the primary modality due to its high 
anatomical resolution, while PET, CT, and integrated 
datasets offer complementary insights. A brief overview of 

key MRI and multimodal datasets used in AD studies is 
summarized in Table 2.

3.4. Evaluation of ML

The comparative analysis of ML algorithms for AD 
detection relies on widely used performance metrics, 
including accuracy, precision, recall, F1-score, sensitivity, 
and specificity.36 These metrics collectively provide a 
comprehensive assessment by capturing different aspects 
of classification behavior. Accuracy reflects the overall 
correctness of predictions but fails to distinguish between 
positive and negative cases, making it insufficient on its 
own, especially in imbalanced datasets.37 Precision, recall, 
and the F1-score—computed based on true positives, 
false positives, and false negatives—offer deeper insight 
by quantifying the model’s ability to correctly identify AD 
cases while minimizing misclassifications.38 Sensitivity and 
specificity further enhance the evaluation by measuring 
the model’s capability to detect actual positive cases 
and correctly reject non-positive instances. Together, 
these metrics enable a balanced, reliable, and clinically 
meaningful evaluation of model performance.

Table 1. Comparison of different ML approaches and their accuracy30

Model Accuracy 
(%)

Precision 
(%)

Recall 
(%)

F1‑score 
(%)

Key limitations

RF 96 96 96 96 Can overfit noisy features; limited ability to capture spatial MRI patterns; 
interpretability decreases with more trees

AdaBoost 94.66 95 95 95 Sensitive to noise/outliers; weak learners’ misclassification affects entire model

SVM 96 96 96 96 High computational cost; performance depends on kernel choice; requires 
manual feature engineering

KNN 90.66 93 89 90 Suffers in high‑dimensional data; sensitive to feature scaling; slow predictions

LR 96 96 96 96 Assumes linear decision boundaries; cannot capture complex MRI patterns; 
depends on hand‑crafted features

Abbreviations: AdaBoost: Adaptive boosting; KNN: K‑nearest neighbors; LR: Logistic regression; MRI: Magnetic resonance imaging; RF: Random 
forest; SVM: Support vector machine.

Table 2. Summary of MRI and multimodal medical imaging datasets for AD studies

Dataset Name Description Features Ref.

DNI CNNs used to classify AD stages, including unbalanced and healthy 
cases

MRI images 27

EEG Signal FFT features extracted and fed to CNN for disease stage classification EEG signals from PhysioNet (European format) 22

ADNI Temporal analysis of MRI, PET, and DTI to predict disease 
progression

Cortical thickness, volume, and surface area 
features

33

Basic Early detection using T2‑Star MRI with augmentation (rotation, 
scaling, and flipping)

1,101 MRI samples augmented to 10,025; XAI 
(Score‑CAM, Grad‑CAM)

34

Augmented ADNI 
Handwritten dataset

Handwriting from 54 participants recorded through WACOM tablet 1D time‑series: timestamp, x/y coordinates, 
pressure, azimuth, altitude

35

Abbreviations: AD: Alzheimer’s disease; CNN: Convolutional Neural Network; DTI: Diffusion tensor imaging; EEG: Electroencephalography; FFT: Fast 
Fourier transform; Grad‑CAM: Gradient‑weighted class activation mapping; MRI: Magnetic resonance imaging; PET: Positron emission tomography; 
Score‑CAM: Score‑weighted class activation mapping; XAI: Explainable artificial intelligence.
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A list of formulas used for evaluating ML model are 
given below:39

Accuracy TP TN
TP FP TN FN

�
�

� � �
� (1)

Precision TP
TP FP

�
�

� (2)

Recall TP
TP FN

�
�

� (3)

Specificity TN
TN FP

�
�

� (4)

F Score Precision Recall
Precision Recall

1 2� �
�
�

� (5)

where FN = False negative; FP = False positive; 
TN = True negative; TP = True positive.

3.5. Overview of IoT in healthcare

The emergence of IoT in the healthcare sector brings 
considerable opportunities.40,41 It is essential for the remote 
monitoring of patients, both within healthcare facilities and 
at home.42 IoT plays a key role in the digital transformation 
of medicine, providing innovative business models 
that improve operational efficiency, decrease expenses, 
enhance performance, and boost patient satisfaction.43 The 
concept and functionality of such systems are illustrated 
in Figure 1.

3.5.1. IoT applications in healthcare

To provide a clear understanding of the evidence base, 
Table 3 brings together key information from the articles 
that we selected, facilitating comparison of topics such 
as antimicrobial resistance, dementia care, and emerging 
diagnostic technologies.

3.5.2. Types of wearable devices for AD patients

Wearable sensor technologies, along with the IoT, have 
the potential to provide affordable, objective, and reliable 
methods for monitoring and understanding functionality.67 
An overview of these capabilities is presented in Table  4 
which outlines the diverse services offered by modern 
wearable devices.

IoT-based wearable devices present a valuable 
opportunity for enhancing AD monitoring by capturing 
real-time physiological and behavioral indicators such 
as mobility patterns, sleep quality, or daily activity levels. 
Integrating these continuous data streams with MRI-
based diagnostic models could significantly improve early 
detection accuracy.

However, certain limitations exist. IoT sensors differ in 
precision, calibration, and sampling frequency, which may 
introduce noise into the dataset. Continuous monitoring 
also raises privacy concerns, as long-term behavioral data 
are highly sensitive. In addition, elderly patients may face 
usability difficulties, potentially affecting data reliability.

Figure 1. Internet of Things-powered intelligent health tracking device. Image created by the authors.
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Table 3. Applications of IoT in healthcare

Section Study/Focus Brief description Ref.

Remote monitoring IoT‑based portable physiological 
monitoring

Portable physiological monitoring integrated with expert systems. 44

IoT+Cloud long‑suffering monitoring Continuous monitoring, abnormality detection, alerts, and real‑time data 
transmission were validated.

45

Body‑temperature remote monitoring Infrared sensors+WiFi, accurate temperature measurement, guidance on ideal 
body sites.

46

Secure IoT‑healthcare integration Smartwatch+server+app using secure communication for vital sign monitoring. 47

ML‑based patient surveillance ML improves remote monitoring, data mining, and healthcare service delivery. 48

Remote ECG monitoring system Cloud‑linked ECG system enabling doctor–patient remote interaction, alarms, 
and reduced hospital visits.

49

IoT for post‑COVID monitoring IoT wearables+ML algorithms for remote monitoring and early medical assistance. 50

Private backend IoT monitoring server Backend server uploads vital sign data to the cloud with high accuracy and success rate. 51

CNN–LSTM patient activity 
monitoring

CNN–LSTM model yields 99.53% accuracy for human action recognition. 52

IoT for influenza/COVID‑19 
suspicion

Smart tracking system assists influenza/COVID‑19 patients and tracks mobility 
for risk behavior.

53

Locating systems UAV‑based source localization Deep neural networks+radar array for accurate, real‑time localization. 54

RFID+NB‑IoT for specimen logistics Tracks specimen locations and environmental conditions in hospitals. 55

Wearable tracking system for AD Indoor/outdoor tracking, step detection, anomaly alerts for AD patients. 56

Ontology‑based location and wellness 
sensing

Sensor‑agnostic APIs for environmental and patient‑location monitoring. 57

IoT for COVID‑19 remote monitoring A COVID‑19–based patient tracking system enables timely clinical decisions. 58

IoT for public bin waste levels Embedded device tracks trash levels; potential for hospital biomedical waste 
management.

59

Personalized medicine IoT adoption and patient engagement Validates IoT’s role in personalized care and secure computing environments. 60

LDA‑based diabetes personalization The LDA model predicts future diabetic treatment approaches. 61

Type‑1 diabetes pediatric care IoT+mHealth predicts glucose variation for individualized diet plans. 62

Personalized dental caries model ML‑based personalized prediction of dental caries risk. 63

5G‑enabled diabetic monitoring Real‑time diabetic monitoring with alerts and personalization. 64

VOC‑based health monitoring Exhaled VOC analysis for personalized disease diagnosis. 65

Meta‑learning personalization Meta‑learning model for individualized vital sign and activity detection. 66

Abbreviations: AD: Alzheimer’s disease; CNN: Convolutional neural network; COVID‑19: Coronavirus disease 2019; ECG: Electrocardiography; 
IoT: Internet of Things; LDA: Linear discriminant analysis; LSTM: Long short‑term memory; mHealth: Mobile health; NB‑IoT: Narrowband Internet of 
Things; ML: Machine learning; RFID: Radio‑frequency identification; UAV: Unmanned aerial vehicle; VOC: Volatile organic compound.

Table 4. Variety of services offered by wearable technology16

Wearable device Description of services Key features/Connectivity

Smart biomedical 
system

Provides clock monitoring, location tracking, medication time reminders, and an emergency call 
button.

Integrated with a mobile app 
for data access and alerts

Smart assistive 
health system

Offers audiovisual alerts; stores medication schedules in nonvolatile memory; displays medicine 
info on LCD; equips with sound effect for attention; and sends message alerts to physicians.

LCD and wireless 
communication

Environment‑ 
aware system

Monitors environment and user activity; provides GPS localization; detects falls; and enables 
mobile app interaction.

Mobile app service with 
real‑time GPS tracking

Halcyon device Focuses on patient‑device interactions, including instruction assignment, delivery, and movement 
tracking.

Connected to the mobile app 
for task management

Intelligent assistive 
tool

Tracks heart rate; provides medication reminders; monitors patient location; helps find lost items. Smartphone‑linked 
mobile application
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A deeper exploration of standardized protocols, secure 
data transmission, and multimodal fusion techniques 
would strengthen future studies in this direction.

3.5.3. AI integration with wearable devices for real-
time monitoring

The emergence of AI and wearable technology has 
revolutionized healthcare, offering innovative solutions 
for diabetes management.68 AI, broadly defined as the 
ability of computer systems to perform tasks typically 
requiring human intelligence, is playing an important 
role in healthcare.69 AI-powered systems can analyze vast 
amounts of data, identify patterns, and make predictions, 
enabling them to support clinical decision-making,70 
predict outcomes, and personalize treatment approaches.71 
This ability to process and interpret complex datasets 
is particularly valuable in diabetes management, where 
individual patient needs and responses to treatment 
vary widely.70 The use of AI and wearable technology 
facilitates immediate patient monitoring, supporting the 
early identification of diseases and fostering recovery.72 
ML and AI algorithms that analyze data from wearable 
devices provide valuable health insights, enabling the early 
detection of illnesses and the development of tailored 
treatment options.73

4. Research gaps
Even though AD research has advanced tremendously, 
there are still several important problems that remain 
unresolved:

4.1. Limited exploration of multimodal and 
standardized data

Many earlier studies utilized only MRI scans and did not 
combine them with other useful types of information 
such as PET scans, medical test results, or long-term 
data from wearable devices. Although studies by 
Fernandez Montenegro and Argyriou74 and Kumar et al.27 
demonstrated the potential benefits of using multiple 
data sources, they did not fully implement or standardize 
these methods. As a result, developing robust diagnostic 
systems capable of capturing both the physical changes in 
the brain and how the disease affects its function remains 
challenging.

4.2. Insufficient focus on early and subtle AD 
detection

Some recent research, including Yang and Mohammed,28 
do not focus on the detection of early-stage or preclinical 
AD, where structural changes are subtle. There is still a 
need for models capable of identifying minute volumetric 
and cortical alterations before clear symptoms manifest.

4.3. Lack of model interpretability and clinical 
explainability

A common problem in studies like those by Sai Krishna 
et al.,75 Gupta et al.,20 and Feng et al.18 is that very minimal 
attention was paid to explainable AI. Many deep learning 
models function as “black boxes,” making their decision-
making processes difficult to interpret and challenging for 
clinicians to trust or validate.

4.4. Dataset bias, imbalance, and poor 
generalization

Many studies did not attempt to address problems such as 
dataset imbalance, demographic bias, and cross-scanner 
variability. Without proper testing on diverse groups of 
people, the models may overfit and will not work well in 
real-world situations.

4.5. Limited scalability and lack of ethical 
considerations

Very few studies look at how these models would actually work 
in real hospital settings or consider important ethical issues 
such as patient privacy, consent, and bias in the algorithms. As 
Sai Krishna et al.75 pointed out, safely and ethically using AI in 
diagnosis is important but not well studied yet.

5. List of objectives
The purpose of this paper is to investigate the current 
limitations in diagnosing AD and to explore how 
contemporary technology can solve these issues.
•	 To test how well a CNN–SVM model works when 

using advanced medical imaging techniques, such as 
MRI scans

•	 To explore whether combining different types of data 
can improve early detection of AD and lead to better 
patient care and treatment

•	 To increase the diversity of the dataset and use 
advanced methods to choose the most important 
features.

6. Research methodology
This work uses structural MRI data derived from the 
Open Access Series of Imaging Studies (OASIS)76 dataset, 
which was accessed through its standard version on 
Kaggle. The dataset contains 9488 pre-processed MRI 
slices categorized into four AD stages—non-demented, 
very mild demented, mild demented, and moderate 
demented—based on Clinical Dementia Rating (CDR) 
scores. The MRI scans originate from a cohort of 416 
individuals aged 18–96  years, including 100 participants 
above 60 years clinically diagnosed with varying levels of 
cognitive impairment.

https://dx.doi.org/10.36922/AIH025400087
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Although OASIS dataset is well-known for its high-
quality T1-weighted MRI scans, it has some limitations. 
The scans were taken using different machines and 
settings, which can cause differences in image quality, 
structure, and feature extraction. Problems such as 
movement during scanning, uneven image intensity, and 
normal age-related changes in the brain can also affect 
MRI-based diagnosis.

The Kaggle version of the dataset only includes MRI 
scans, without other types of data such as PET scans, which 
could make diagnosis more reliable. There are also fewer 
cases of mild and moderate AD, which can make it harder 
for models to generalize well.

Preprocessing steps such as removing the skull, 
normalizing intensity, resizing images, and reducing 
noise help reduce some of these issues, but they cannot fix 
everything. All of these factors can affect how well the ML 
models perform and how reliably they work on new data.

The block diagram in Figure 2 illustrates the complete 
workflow followed in this work. The original MRI scans 
were provided as 3D volumes, which were converted into 
NIfTI (.nii) format using FSL and segmented along the 
z-axis (slices 100–160) to generate 2D JPEG images suitable 
for model training. All MRI slices were standardized to 
224×224 resolution and denoised to ensure uniformity 
across samples. Exploratory data analysis was performed 

on the dataset to examine label distribution, image quality, 
and basic demographic characteristics. Feature extraction 
was conducted using a pretrained ResNet-50 model to 
obtain high-level imaging features. These features were 
then combined with available clinical annotations and 
split into training and testing sets using an 80:20 ratio. 
Normalization was applied before feeding the feature 
vectors into the ML classifier.

The performance of each classifier was evaluated 
using accuracy, precision, recall, F1-score, and confusion 
matrices. This integrated pipeline ensured systematic 
preprocessing, robust feature extraction, and reliable 
evaluation for AD classification using the OASIS MRI 
dataset.

7. Results and discussion
7.1. Quantitative performance analysis

The proposed classification model showed slight variations 
in performance across different tests, with overall accuracy 
ranging from 75% to 99%. This shows that the model is 
sensitive to changes in the dataset but can adapt to different 
types of input. In the first test, the model had a precision of 
0.79 and a recall of 0.72, meaning it was moderately good 
at distinguishing AD cases from non-AD cases. In the next 
test, it performed perfectly with both precision and recall 
at 1.0, showing that under ideal conditions, the model can 
make very reliable predictions. In the final test, the model 

Figure 2. Block diagram of AD prediction workflow. Image created by the authors.
Abbreviations: AD: Alzheimer’s disease; CNN: Convolutional neural network; GUI: Graphical user interface; MRI: Magnetic resonance imaging; OASIS: 
Open Access Series of Imaging Studies; SVM: Support vector machine.

https://dx.doi.org/10.36922/AIH025400087


Artificial Intelligence in Health AI hybrid models for early AD detection

Volume 3 Issue 2 (2026)	 9� doi: 10.36922/AIH025400087 

achieved an accuracy of 83.33%, a precision of 0.875, and 
a recall of 0.7. This shows overall strong performance, 
though it also highlights that the model struggles slightly 
with less common cases due to class imbalance. These 
variations emphasize the need for better-balanced datasets 
and more robust sampling methods to strengthen the 
model’s reliability. Overall, the results show that AI has 
strong potential for early AD detection, but improvements 
in datasets, feature selection, and the use of explainable 
AI are needed to make the results more interpretable and 
useful for clinicians.

7.2. Behavior of clinical and imaging features

The dataset was thoroughly analyzed using histograms, 
correlation matrices, and example MRI images:
•	 Histograms show how key clinical and demographic 

measures are distributed. Mini-mental state 
examination (MMSE) scores, for example, are skewed, 
indicating that there are more people with lower 
cognitive function

•	 Box plots highlight outliers in MMSE, socioeconomic 
status (SES), and CDR scores, showing that the data 
are quite variable and emphasizing the need for careful 
preprocessing

•	 Correlation matrices show strong relationships 
between certain variables, especially between 
estimated total intracranial volume (eTIV) and 
normalized whole-brain volume (nWBV), indicating 
that brain volume measures are important predictors

•	 Sample MRI slices display noticeable structural 
changes at different stages of AD, helping to visually 

track how the disease progression.

The AD classification model was thoroughly evaluated 
using sample images, correlation matrices, histograms, and 
box plots of important numerical variables.
•	 Histograms (Figure  3) show how key clinical and 

demographic measures are distributed. MMSE scores 
are skewed, indicating that many AD patients have 
lower cognitive performance

•	 Box plots (Figure 4) show outliers in MMSE, SES, and 
CDR, indicating profound variability in the data and 
highlighting the need for careful preprocessing

•	 Correlation matrix (Figure  5) shows strong 
relationships between some variables. For example, 
eTIV and nWBV are highly correlated, suggesting that 
these brain-volume measures are closely related and 
may both play a role in classification

•	 Representative MRI images (Figure 6) show structural 
brain changes at different AD stages, helping to 
visually interpret disease progression and complement 
the numerical analysis.

7.3. Model interpretation and clinical applicability

Figure 7 provides case studies illustrating clinical detection 
of AD using the proposed model. This system operates as 
a binary classifier, requiring essential clinical parameters—
age, CDR, years of education (Educ), MMSE, and SES—to 
generate diagnostic predictions categorizing individuals as 
AD-positive or AD-negative. The Dementia Detection App 
interface (Figure 8) further showcases a user-friendly design 
enabling healthcare professionals to upload brain scans and 

Figure 3. Histograms of clinical variables. Image created by the authors.
Abbreviations: ASF: Atlas scaling factor; CDR: Clinical dementia rating; Educ: Years of education; eTIV: Estimated total intracranial volume; MMSE: Mini-
mental state examination; nWBV: Normalized whole-brain volume; SES: Socioeconomic status.
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receive immediate binary classification results (“Dementia 
Detected” or “No Dementia Detected”). By offering 
rapid, image-based preliminary screening, the application 
enhances clinical workflow efficiency while maintaining 
interpretability through its streamlined binary output.

7.4. Ethical considerations in AI-based AD diagnosis

Using AI to detect AD brings up important ethical issues 
that need careful attention to ensure that it is used safely in 
hospitals and clinics.

•	 Patient privacy is a key concern because MRI 
scans and medical records contain sensitive health 
information. Strong data protection, anonymization, 
and compliance with rules such a HIPAA and GDPR 
are needed to prevent misuse

•	 Informed consent is essential, so patients understand 
how their data will be used, stored, and incorporated 
into AI tools

•	 Algorithmic bias can happen if certain groups (by age, 
gender, or ethnicity) are underrepresented in datasets 

Figure 4. Distribution of key predictors. Image created by the authors.
Abbreviations: ASF: Atlas scaling factor; CDR: Clinical dementia rating; Educ: Years of education; eTIV: Estimated total intracranial volume; MMSE: Mini-
mental state examination; nWBV: Normalized whole-brain volume; SES: Socioeconomic status.

Figure 5. Correlation matrix of clinical variables. Image created by the authors.
Abbreviations: ASF: Atlas scaling factor; CDR: Clinical dementia rating; Educ: Years of education; eTIV: Estimated total intracranial volume; MMSE: Mini-
mental state examination; nWBV: Normalized whole-brain volume; SES: Socioeconomic status.
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Figure 6. Representative MRI images. Image created by the authors.
Abbreviation: MRI: Magnetic resonance imaging.

Figure 7. A representative clinical case of Alzheimer’s disease detection. Image created by the authors.
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like OASIS. This could make the AI less accurate for 
some people, raising fairness concerns

•	 Interpretability is also an important factor. Helping 
clinicians to understand AI predictions and gaining, 
there is critical trust before such an approach can be 
deployed in clinical practice. Using explainable AI and 
transparent decision-making helps make the technology 
safer and more reliable in healthcare settings.

8. Conclusion
This work shows that AI, especially the hybrid CNN–SVM 
models, can improve AD diagnosis by combining different 
types of data. The model performed well, with accuracy 
between 75% and 99%, though changes in precision and recall 
show it is sensitive to uneven datasets and feature differences. 
Testing with the OASIS MRI dataset confirmed that the 
model can reliably tell the difference between dementia 
and non-dementia cases under different conditions. The 
Dementia Detection App demonstrates the potential for 
using such models in clinical settings for quick MRI-based 
screening. However, the performance variations highlight 
the need for better-balanced datasets, improved feature-
selection methods, and the use of explainable AI to make the 
model’s decisions clearer and more trustworthy for doctors. 
Improving these areas is important to make the model 
reliable for early detection of AD in real-world settings.

Future research can expand on this study in several 
important ways. First, creating datasets that combine 
MRI, PET scans, medical records, and data from wearable 
devices would give a more complete picture of AD 

progression and help detect the disease earlier. Next, it is 
important to standardize MRI preprocessing steps, such as 
skull stripping, intensity normalization, and segmentation, 
because inconsistencies in these steps can affect model 
performance and make it hard to compare results across 
studies. In addition, it is necessary to develop strong, 
generalizable deep learning models that perform well 
across different MRI scanners, age groups, and diverse 
populations. This will make AI-based AD diagnosis more 
reliable and fairer for real-world clinical use.
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