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1 INTRODUCTION

1.1 Background and Motivation

Alzheimer’s Disease (AD) is a neurodegenerative disease that causes the deterioration of
brain tissue and, consequently, the decline in mental abilities. Reports for 2020 indicate
that someone develops dementia every three seconds worldwide [18], while Centers for
Disease Control and Prevention (CDC) ranked AD as the sixth leading cause of death in
the United States in 2019 [3].

The causes of AD are believed to involve abnormal accumulations of tau and beta-
amyloid proteins, which begin years before symptoms occur. Due to the time window
preceding the onset of symptoms, individuals suffering from this condition are frequently
diagnosed at an advanced stage, when considerable and irreversible brain damage has
already occurred.

Current diagnostic methods such as Cerebrospinal Fluid (CSF) analysis and Positron
Emission Tomography (PET) imaging are invasive or expensive. Therefore, prioritizing
the identification of novel, non-invasive biomarkers—such as Magnetic Resonance Imaging
(MRI) and blood-based biomarkers—is essential for enhancing clinical diagnostic proce-
dures and improving risk prediction. Machine Learning (ML) can significantly contribute
to this effort due to its ability to process and analyze large, complex datasets, such as MRI
scans. Furthermore, ML and particularly Deep Learning (DL), are capable of handling
multimodal data, including clinical data, blood-based biomarkers and neuropsychological
information, thereby providing more comprehensive insights and improving diagnostic
accuracy.

1.2 Organization of the Thesis

The thesis is organized as follows:
Chapter 2 provides an overview of AD, detailing its key symptoms, risk factors,

genetic predisposition, and pathological hallmarks, while also examining standard diag-
nostic methods and their limitations. It further reviews the latest advancements in ML
techniques, highlighting ongoing limitations and challenges.

Chapter 3 presents the research methods and contributions of the thesis to the early
diagnosis of AD, divided into several subsections:

• Transfer Learning for Alzheimer’s Diagnosis Using Medical Image Data:
This section investigates the effectiveness of transfer learning and DL techniques
in diagnosing AD using MRI scans. The study evaluates the performance of two
pre-trained models, ResNet-152 [15] and AlexNet [25], using both raw MRI data
and skull-stripped images.

• Convolutional Autoencoders for Alzheimer’s and Mild Cognitive Impair-
ment: This section leverages a 3D convolutional autoencoder to extract meaningful
representations from brain MRI volumes. Subsequently, these representations are
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used by additional classification layers to accurately diagnose AD and Mild Cogni-
tive Impairment (MCI).

• An Android Application for Alzheimer’s Diagnosis: This section proposes
a mobile application designed to help in the early diagnosis of AD. The applica-
tion facilitates the administration of the Mini-Mental State Examination (MMSE)
clinical test and uses ML models to analyze MRI images and clinical data.

• Diagnosing Alzheimer’s Disease Using Blood Biomarkers and Calibrated
Decision Tree-Based Models: This section presents a ML approach for diag-
nosing AD based on demographic, genetic and blood biomarker data. The study
investigates the use of Random Forest (RF) models for classification, evaluating
their performance both with and without calibration. In addition to standard RF,
the calibrated CaliForest [36] variant and XGBoost [8] are also explored to deter-
mine the most effective model.

• Using MRI-Extracted Features to Predict CSF Biomarkers and Diagnose
Alzheimer’s Disease: This section investigates the potential of structural brain
features derived from MRI scans to estimate CSF biomarker levels and diagnose
AD. Firstly, MRI-extracted features are analyzed for their correlation with invasive
CSF biomarkers using Spearman correlation. Next, regression models are applied
to estimate CSF biomarker levels. Multiple classification models are trained to
assess diagnostic accuracy under two setups: using MRI-derived features alone and
incorporating CSF biomarkers.

Chapter 4 presents a collateral project that explores Convolutional Neural Network
(CNN) models for classifying malaria from segmented blood cell images, integrating ex-
plainable Artificial Intelligence (AI) techniques.

Chapter 5 concludes the thesis by synthesizing key findings and describing potential
directions for future research.
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2 LITERATURE REVIEW

This section examines the current state of research on AD biomarkers, including genetic
markers, neuroimaging techniques, and cognitive assessments, while also discussing ad-
vancements in early diagnosis. In a prior study, we conducted a comprehensive analysis
of the biomarkers currently employed in AD diagnosis as reported in the literature, iden-
tified the most effective ML models for predictive analysis, and reviewed key resources,
including publicly available datasets, that facilitate experimental research in this domain
[50].

CSF Biomarkers
CSF biomarker analysis has been incorporated into the National Institute on Aging

and Alzheimer’s Association (NIA-AA) research framework, supporting AD diagnosis
even before the onset of significant cognitive symptoms [20]. The key CSF biomarkers
used in AD diagnosis include: (1) Aβ42, whose reduced levels in CSF indicate amyloid
plaque deposition in the brain; (2) the Aβ42/Aβ40 ratio; (3) total tau (t-tau); (4) phos-
phorylated tau (p-tau). Although CSF biomarkers are valuable for diagnosing AD, their
widespread clinical application is limited by the invasive nature of lumbar puncture and
the significant cost of biomarker analysis.

Genetic Biomarkers
Genetic biomarkers play an increasingly significant role in assessing the genetic risk

for AD, as they help identify individuals who are more likely to develop this condition.
APOE ε4 is the most significant genetic factor that contributes to the risk of developing
Late-Onset Alzheimer’s Disease (LOAD), which refers to cases that arise after the age of
65.

Neuroimaging Biomarkers
Neuroimaging biomarkers, particularly MRI and PET, play a crucial role in the diag-

nosis and monitoring of AD. MRI scans provide high-resolution, non-invasive images of
brain structures, enabling the detection of neurodegenerative changes such as cortical at-
rophy and hippocampal shrinkage. PET scans use radiotracers to assess brain metabolism
and molecular abnormalities, allowing for the detection of pathological protein accumu-
lations such as beta-amyloid and tau.

However, PET imaging is significantly more expensive than MRI, limiting its ac-
cessibility. Moreover, PET imaging interpretation can be affected by factors such as
hyperglycemia and certain medications [44, 2].
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Cognitive Assessments
There is no single definitive test for diagnosing AD. However, several cognitive assess-

ments are available to evaluate memory, reasoning, and problem-solving abilities. Some
of the most widely recognized tests include MMSE [13], Montreal Cognitive Assessment
(MoCA) [30], and Clinical Dementia Rating (CDR) [29], among others. Cognitive screen-
ing tests are widely used for assessing cognitive function, but they do not always capture
the underlying disease progression and can produce false positives in individuals with
lower educational backgrounds [40].

Prospects for the Future in Alzheimer’s Prediction
Existing diagnostic methods, such as CSF analysis, PET and MRI, provide valuable

insights into Alzheimer’s pathology, but are limited by cost, availability and invasiveness.
Emerging research highlights blood-based biomarkers as a valuable non-invasive diagnos-
tic option. Blood-based amyloid-related and tau-related biomarkers correlate with AD
pathology [12, 35]. However, differences in measurement techniques complicate consis-
tency, highlighting the need for standardization before these biomarkers can be reliably
implemented in clinical settings [56].
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3 RESEARCH METHODS AND CONTRIBUTIONS
TO EARLY
ALZHEIMER’S DIAGNOSIS

3.1 Transfer Learning for Alzheimer’s Diagnosis Using Medical
Image Data

3.1.1 Introduction

This section presents the potential of leveraging Transfer Learning (TL) for classifying
AD and Cognitively Normal (CN) individuals using DL models trained on MRI slices.
The study explored how TL could improve classification accuracy, particularly in sce-
narios with limited medical imaging data sets, utilizing pretrained models. Specifically,
the effectiveness of ResNet-152 and AlexNet was evaluated in terms of classification per-
formance, training time, and the impact of skull stripping as a preprocessing technique.
The experiments were conducted using both original MRI slices and skull-stripped slices
to assess whether removing non-brain tissue influenced classification results. Fine-tuning
was performed by unfreezing deeper layers of the pre-trained models and adjusting their
weights. 1-cycle policy was employed to dynamically adjust the learning rate. The find-
ings of this study were published in [51].

3.1.2 State of the Art

Raza et al. [41] proposed a CNN-based TL approach to classify AD, Late Mild Cogni-
tive Impairment (LMCI), MCI and CN individuals using 2D Gray Matter (GM) slices
extracted from MRI scans, with the best-performing model achieving a test accuracy of
0.9784.

Khan et al. [24] introduced a TL-based approach for the multi-class classification of
AD, distinguishing between CN individuals, Early Mild Cognitive Impairment (EMCI),
LMCI and AD. The classification was performed using pre-trained VGG16 and VGG19
architectures, originally trained on the ImageNet dataset [11]. The results demonstrated
that VGG19 achieved a classification accuracy of 0.9847, outperforming VGG16, which
achieved an accuracy of 0.9712.

In the study conducted by Sharma et al. [46], TL was employed for the diagnosis of
AD using a dataset from Kaggle [23], comprising 6,200 2D brain images. The proposed
model was based on a modified pre-trained InceptionV3 [52] architecture, achieving a
notable classification accuracy of 0.9492.

3.1.3 Dataset and Data Preprocessing

The dataset in this study comprised 169 CN and 122 AD T1-weighted MRI scans from
Alzheimer’s Disease Neuroimaging Initiative (ADNI) [1]. Initial preprocessing included
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Gradwarp, B1 non-uniformity correction, and N3 bias field correction. The following
data preprocessing steps were subsequently applied to the medical image slices:

• Skull Stripping. Brain tissue extraction from the MRI scans was performed using
a custom U-Net [43] from the DeepBrain Python package [19].

• Slicing. Each 3D volume was sliced along axial, coronal, and sagittal planes; only
the middle third of slices from each plane were retained.

• Resizing. All slices were resized to (256× 256), preserving important anatomical
details.

3.1.4 Training Methodology

Two DL architectures were examined: AlexNet and ResNet-152. Following the slicing
step, two distinct datasets were created: one containing 2D slices from the original MRI
scans and another one composed of slices from skull-stripped images. The 1-cycle policy
[47, 48, 49] was applied as a learning rate scheduling strategy, dynamically adjusting the
learning rate within predefined upper and lower bounds.

3.1.5 Results

ResNet-152 was initially trained with only its classification head adapted for the binary
classification task. Table 1 and Table 2 summarize key results. The highest accuracy
(0.998) was achieved on sagittal-plane slices without skull stripping.

Table 1: Results of ResNet-152 with original slices. This table is adapted from [51].

MRI Plane Accuracy Training Time Epochs
Axial 0.9969 1h 53s 13

Coronal 0.9821 18m 25s 5
Sagittal 0.998 17m 9s 7

Table 2: Results of ResNet-152 with skull-stripped slices. This table is adapted from [51].

MRI Plane Accuracy Training Time Epochs
Axial 0.908 56m 24s 12

Coronal 0.9783 49m 11s 13
Sagittal 0.9592 17m 9s 7

The next experiment focused on fine-tuning the best-obtained model, which was
trained on sagittal-plane slices without skull stripping. To determine the most suitable
learning rate, a 1-cycle learning rate policy was employed, with the maximum learning
rate threshold identified through a learning rate range test following the methodology
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outlined in [48]. The network’s head was trained for three epochs using the identified
maximum learning rate, achieving a test accuracy of 0.9976. To explore further per-
formance improvements, all layers were unfrozen, and the model underwent fine-tuning.
A new learning rate range test was then conducted to determine the most appropriate
learning rate, and the model was trained for two additional epochs using this threshold,
refining its test accuracy from an initial 0.998, achieved on original sagittal-plane slices,
to 0.9996, marking an overall improvement of 0.0016.

AlexNet underwent similar training. Table 3 and Table 4 show that the best perfor-
mance (0.9662) also came from sagittal-plane slices without skull stripping.

Table 3: Results of AlexNet with original slices. This table is adapted from [51].

MRI Plane Accuracy Training Time Epochs
Axial 0.8954 2m 50s 17

Coronal 0.9416 2m 50s 17
Sagittal 0.9662 1m 59s 17

Table 4: Results of AlexNet with skull-stripped slices. This table is adapted from [51].

MRI Plane Accuracy Training Time Epochs
Axial 0.6774 40s 4

Coronal 0.7883 2m 40s 16
Sagittal 0.8387 2m 20s 20

For the fine-tuning step of the best-performing model, the same approach as that
applied to the ResNet-152 model was used. First, a learning rate range test determined
the maximum threshold for the 1-cycle policy, and the head of the network was trained
for three epochs using this threshold, achieving a test accuracy of 0.8539. All layers
were then unfrozen, and a new learning rate range test was conducted to refine the
maximum threshold for 1-cycle. With this updated threshold, the model was trained for
an additional seven epochs, achieving a test accuracy of 0.9856—an improvement of 0.194
over the initial best-performing AlexNet model.

3.1.6 Conclusions

This study explored the use of TL for classifying AD and CN individuals using ResNet-
152 and AlexNet. Models trained on original MRI slices consistently outperformed those
trained on skull-stripped slices, suggesting that skull stripping may have led to a loss of
relevant information or to the introduction of noise or artifacts into the images. AlexNet
required less training time, but ResNet-152 achieved higher accuracy (up to 0.9996),
benefiting from its deeper structure. By leveraging pre-trained deep learning models, the
study demonstrated that high classification performance could be achieved despite the
relatively small dataset size.
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3.2 Convolutional Autoencoders for Alzheimer’s and Mild Cog-
nitive Impairment Diagnosis

3.2.1 Introduction

This section presents the potential of leveraging a 3D convolutional autoencoder as a
robust classifier for brain MRI volume analysis, specifically targeting AD and MCI diag-
nosis. In addition, it addressed the challenges of imbalanced datasets common in medical
imaging by incorporating strategies such as oversampling, undersampling, and data aug-
mentation.

3.2.2 State of the Art

In their research, Yagis et al. [55] conducted experiments on the Open Access Series of
Imaging Studies (OASIS) [32] dataset, using a 2D Convolutional Autoencoder (CAE)
specifically to extract latent representations. A separate stacked CNN then distinguished
CN individuals from those with AD, achieving a 0.7466 classification accuracy on an
independent dataset.

Mansingh et al. [28] conducted a comparative study using data from the ADNI
database and found that a CAE significantly outperformed Independent Component
Analysis (ICA), registering an accuracy rate of 0.9942 and converging more rapidly.

Hosseini-Asl et al. [17] introduced a 3D-CNN-based approach for diagnosing AD,
leveraging a pretrained 3D-CAE to capture anatomical shape variations in brain MRI
scans. Each CAE layer extracted increasingly specific anatomical features, from cortical
thickness to ventricle size. Fully connected layers were then attached to the encoder and
fine-tuned on data from ADNI subjects, attaining high accuracies across multiple binary
tasks (e.g., 0.976 for AD vs. CN) and 0.891 for the three-class task (AD vs. MCI vs.
CN).

3.2.3 Dataset and Data Preprocessing

The experiments were performed using 1.5T MRI scans from ADNI (ADNI1), comprising
baseline images of 638 subjects: 195 labeled as CN, 133 labeled as AD, and 310 labeled
as MCI. Only the first medical visit from each patient was retained, to avoid potential
bias arising from multiple scans of the same individual. The scans had already undergone
Gradwarping, B1 Non-Uniformity Correction, and N3 Bias Field Correction.

A sequence of additional preprocessing steps was applied to each volume, including
resizing to (256, 256, 184), class-wise rigid registration, and Contrast Limited Adap-
tive Histogram Equalization (CLAHE)-based contrast enhancement. Figure 1 displays
a comparison of axial-plane views of preprocessed MRI scans from AD, MCI, and CN
subjects.
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Figure 1: Axial plane comparison of preprocessed MRI scans across AD, MCI, and CN
groups.

Three data-balancing strategies were then employed on the training set to address
class imbalance:

• Standard Random Oversampling (SRO): Duplicating samples from the minority
classes to match the size of the largest class.

• Hybrid Sampling Strategy (HSS): Undersampling the largest class and oversampling
the minority class to match the number of samples in the medium-represented class.

• Data Augmentation Strategy (DAS): Generating synthetic samples through bright-
ness adjustment and elastic deformation transformations until each class reached
300 samples.

3.2.4 3D Convolutional Autoencoder Architecture

A 3D convolutional autoencoder was first trained on unlabeled data to learn meaningful
representations from input data. Fully connected layers were then added to the encoder,
leveraging its pre-trained weights for classification. Due to limited computational re-
sources, the images were resized to (128, 128, 92). Table 5 summarizes the autoencoder
architecture.

The classifier attached to the encoder included a flattening layer, a dense layer of 128
units with Rectified Linear Unit (ReLU), and a final softmax layer for the three classes.
Table 6 summarizes this classification model.
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Table 5: Summary of the 3D Convolutional Autoencoder Architecture.

Type Kernel/Pool Size Filters/Channels Output Shape Activation
Input Layer - 1 (128, 128, 92, 1) -
3D Convolution (3, 3, 3) 32 (128, 128, 92, 32) ReLU
Batch Normalization - - (128, 128, 92, 32) -
Max Pooling (2, 2, 2) - (64, 64, 46, 32) -
3D Convolution (3, 3, 3) 64 (64, 64, 46, 64) ReLU
Batch Normalization - - (64, 64, 46, 64) -
Max Pooling (2, 2, 2) - (32, 32, 23, 64) -
3D Convolution (3, 3, 3) 128 (32, 32, 23, 128) ReLU
Batch Normalization - - (32, 32, 23, 128) -
3D Convolution (3, 3, 3) 64 (32, 32, 23, 64) ReLU
Batch Normalization - - (32, 32, 23, 64) -
UpSampling3D (2, 2, 2) - (64, 64, 46, 64) -
3D Convolution (3, 3, 3) 32 (64, 64, 46, 32) ReLU
Batch Normalization - - (64, 64, 46, 32) -
UpSampling3D (2, 2, 2) - (128, 128, 92, 32) -
3D Convolution (3, 3, 3) 1 (128, 128, 92, 1) Sigmoid

Table 6: Summary of the 3D Convolutional Classification Model Architecture.

Type Kernel/Pool Size Filters/Channels Output Shape Activation
Input Layer - 1 (128, 128, 92, 1) -
3D Convolution (3, 3, 3) 32 (128, 128, 92, 32) ReLU
Batch Normalization - - (128, 128, 92, 32) -
Max Pooling (2, 2, 2) - (64, 64, 46, 32) -
3D Convolution (3, 3, 3) 64 (64, 64, 46, 64) ReLU
Batch Normalization - - (64, 64, 46, 64) -
Max Pooling (2, 2, 2) - (32, 32, 23, 64) -
3D Convolution (3, 3, 3) 128 (32, 32, 23, 128) ReLU
Batch Normalization - - (32, 32, 23, 128) -
Flatten - - (3014656) -
Dense - 128 (128) ReLU
Dense - - (3) Softmax

3.2.5 Evaluation Metrics and Results

The autoencoder was trained with Mean Square Error (MSE) loss and Root Mean Square
Propagation (RMSProp), while classification used categorical cross-entropy and Adaptive
Moment Estimation (Adam).
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The distinct data-balancing approaches (SRO, HSS, DAS) were each used to train
the autoencoder and the subsequent classifier. Table 7 lists autoencoder performance
(validation and test losses), and Table 8 displays classification accuracy on each dataset.

Validation Loss Test Loss
SRO 0.0478 0.0486
HSS 0.0533 0.0524
DAS 0.0598 0.0628

Table 7: Performance metrics of autoencoder training on three datasets.

Validation Acc Testing Acc
SRO 0.906 0.8984
HSS 0.8298 0.8672
DAS 0.7678 0.875

Table 8: Performance metrics of autoencoder classification on three datasets.

3.2.6 Conclusions

The model trained on the SRO dataset achieved the highest validation and test accura-
cies (0.906 and 0.8984), benefiting from a balanced class distribution without introducing
synthetic distortions. In contrast, while the DAS dataset enhanced diversity via aug-
mentation, it might also have introduced distortions that deviated from the original data
distribution. The HSS dataset yielded intermediate results, as the reduction in training
samples due to undersampling may have limited the model’s ability to learn diverse pat-
terns and thus affected its generalization compared to SRO. These findings underscore
how data balancing strategies significantly influence classification outcomes.
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3.3 An Android Application for Alzheimer’s Diagnosis

3.3.1 Introduction

This section presents the development of AlzDiagnostics, a mobile application designed
to serve as an accessible tool to help diagnose AD. The application integrates multiple
diagnostic modules, combining cognitive assessment and medical imaging analysis to offer
preliminary insights into the user’s cognitive state. Specifically, AlzDiagnostics incorpo-
rates: (1) A cognitive evaluation module based on the MMSE test; (2) A neuroimaging
analysis module analyzing MRI brain scans using a custom CNN; (3) An ML-based di-
agnostic module leveraging XGBoost, integrating user-specific information (age, gender,
marital status, education, and race) alongside MMSE test results.

While AlzDiagnostics provides valuable diagnostic insights, it is intended as a sup-
plementary tool rather than a standalone diagnostic solution, and any results should be
verified by medical professionals. The results of this study are published in [9].

3.3.2 State of the Art

Zorluoglu et al. [57] developed MCS, a mobile application for cognitive screening compris-
ing 33 questions derived from 14 different assessments. The authors also administered the
MoCA test to validate its correlation with MCS results, thus demonstrating the reliability
of their tool.

The MMSE mobile application [54], created by Yasin Tanriverdi, provides a digi-
tal implementation of the MMSE test, allowing clinicians and caregivers to efficiently
administer the test and record patient responses.

Nirjon et al. [31] proposed MOBI-COG, an application that automates the Mini-Cog
test [5], which comprises a three-word recall task and a clock drawing test. During the
test, the individual memorizes three unrelated words, draws a clock with hands set to a
specific time, and then recalls the words.

3.3.3 Alzheimer’s Diagnosis Module

MMSE Test Evaluation
One of the application’s key features is the MMSE test, which presents users with a

structured set of questions. The maximum possible score is 30, and any score below 24
suggests potential cognitive impairment. The application stores these results to facilitate
long-term monitoring of cognitive changes.

MRI Evaluation Module
The second diagnostic module allows users to upload an MRI scan through their phone

camera. The uploaded scan is analyzed using a custom CNN-based model, and the result
is provided to the user while also being stored in the database. Figure 2 illustrates the
user experience flow for submitting and analyzing an MRI.
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Figure 2: User Experience for Submitting and Analyzing an MRI. This figure is reused
from [9].

Socio-Demographic and Neuropsychological Model
The third diagnostic module leverages an XGBoost model, utilizing two primary data

inputs: the MMSE cognitive test result and user-provided demographic details (age,
gender, marital status, education, and race), collected at account registration. This
information is processed to generate a diagnostic outcome.

3.3.4 Dataset and Data Preprocessing

MRI-Based Model
A dataset of 6,400 MRI images categorized into four groups (Non-Demented (ND),

Veritably Mild Demented (VMD), Mild Demented (MD), and Moderate Demented (MOD))
was sourced from Kaggle [26]. Each image was resized to 48 × 48 pixels prior to training.

Socio-Demographic and Neuropsychological Model
This model was trained on a dataset obtained from ADNI, which included 16,202

entries from 2,425 participants, labeled as CN, MCI, and AD. Variables retained were
MMSE score, age, gender, marital status, education level, and race. All other clinical
variables were removed to align with the model’s input structure.
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3.3.5 Models and Results

CNN Model
A custom CNN model was employed for the MRI classification task and was trained

using the Adam optimizer. The architecture comprised three convolutional layers—each
followed by a max pooling layer—followed by fully connected layers. Several experi-
ments with different parameter configurations were conducted, and the final configuration
achieved a test accuracy of 0.98.

MMSE Result and User Information-Based Model
Three ML algorithms—Naive Bayes, Random Forest, and XGBoost—were evaluated

using various parameter configurations, with the results presented in Table 9. The best-
performing model, XGBoost, was further evaluated on an independent dataset from OA-
SIS, where it maintained an accuracy of 0.76.

Table 9: Comparison of ML Models Based on Best Test Accuracy

ML Model Best Accuracy
Naive Bayes 0.61
Random Forest 0.72
XGBoost 0.76

3.3.6 Conclusions

AlzDiagnostics is a mobile application for early AD detection that combines cognitive
testing with ML-based diagnostic tools. It includes an MMSE-based module for assess-
ing cognitive performance, a custom CNN model for analyzing MRI scans (0.98 accuracy),
and an XGBoost model that integrates MMSE results with demographic data (0.76 ac-
curacy on an independent OASIS dataset). These results highlight the potential of AI-
driven tools in supporting early AD detection. However, AlzDiagnostics should be used
as a decision-support tool, with users advised to seek professional medical evaluation for
confirmation.
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3.4 Diagnosing Alzheimer’s Disease Using Blood Biomarkers and
Calibrated Decision Tree-Based Models

3.4.1 Introduction

This section presents the development and implementation of an ML approach aimed at
distinguishing AD patients from CN individuals using non-invasive blood biomarkers. An
extensive literature review identified several features strongly correlated with AD—such
as the APOE-ε4 genotype, plasma tau, and amyloid-beta levels—which formed the basis
of the proposed model. RF models were selected for their accuracy and interpretabil-
ity, and calibrated variants (including Platt-scaled RF and Califorest) were employed to
enhance predicted probability reliability. XGBoost was also evaluated against RF-based
approaches. By leveraging blood biomarkers, this study aimed to reduce reliance on
invasive diagnostic methods while maintaining high diagnostic accuracy.

3.4.2 State of the Art

In their study, Luz et al. [27] used ADNI subsets for AD classification. They compared a
dataset of 146 plasma proteins to one that combined these proteins with CSF biomarkers,
and Support Vector Machines (SVM) on the combined dataset yielded a 0.98 AUC for
AD classification.

Beltrán et al. [4] employed an RF classifier to predict MCI-to-AD conversion using
plasma biomarkers, cognitive scores, and demographic variables. The model reached an
ROC AUC of 0.71 on a dataset of 320 patients; incorporating MRI and brain atrophy
features improved the AUC to 0.77.

Jia et al. [22] investigated ML models using multimodal data—sociodemographic fac-
tors, self-reported health information, and blood biomarkers—for AD diagnosis. Among
the six models evaluated, the best performance (AUC up to 0.818) was achieved with
the logistic regression model when all features were combined. For interpretability, this
model identified p-tau, Neurofilament Light (NFL), age, total tau, and education as the
top five predictors.
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3.4.3 Dataset

We used data from the ADNI database, merging three tables:

1. ADNI Plasma Biomarker Data Table

Feature Description

pT217_F Phosphorylated tau at position 217, an early indicator of AD pro-
gression

AB42_F Amyloid-beta 42 (Aβ42), linked to plaque formation in the brain

AB40_F Amyloid-beta 40 (Aβ40), involved in AD pathology when ana-
lyzed alongside Aβ42

AB42_AB40_F Ratio of Aβ42 to Aβ40, used to assess AD risk and progression

pT217_AB42_F Combination of pT217 and Aβ42 for improved AD detection, cap-
turing both tau and amyloid-related pathologies

NfL_Q NFL, a biomarker for axonal damage and neurodegeneration

GFAP_Q Glial Fibrillary Acidic Protein (GFAP), an indicator of neuroin-
flammation

Table 10: ADNI Plasma Biomarker Data Table: Key Features

2. ADNI Merge Table

Feature Description

AGE Participant’s age at study visit (years), crucial for AD risk assess-
ment

APOE4 allele Genetic biomarker for AD risk, encoded as 0 (absent) or 1
(present)

DIAGNOSIS Clinical diagnosis: CN, MCI, or AD

Table 11: ADNI Merge Table: Retained Features
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3. ADNI Laboratory Data Table

Feature Description

RCT1 Total Bilirubin, indicating liver function

RCT3 Gamma-Glutamyl Transferase (GGT), assessing liver function

RCT4 Alanine Aminotransferase (ALT), measuring liver enzyme levels

RCT13 Albumin, providing insights into nutritional status and
liver/kidney health

RCT29 Direct Bilirubin, assessing liver and bile duct conditions

RCT1407 Alkaline Phosphatase, essential for diagnosing liver and bone dis-
orders

RCT1408 Lactate Dehydrogenase (LDH), indicating tissue damage and liver
disease

Table 12: ADNI Laboratory Data Table: Retained Features

After merging the three tables, the dataset comprised 260 entries, of which 168 were
CN cases and 92 were AD cases.

3.4.4 Model Training and Evaluation

For training the RF model, a grid search was used to optimize the hyperparameters and
enhance classification performance. The model was configured with class weights set to
’balanced’, achieving a cross-validation accuracy of 0.8894, a test accuracy of 0.90, and a
ROC AUC of 0.9240.

The calibration of the best RF model was further evaluated using the Brier Score Loss
(0.0973) and Log Loss (0.3330). Calibration was then applied to the RF model using Platt
scaling. The calibrated model achieved a test accuracy of 0.8846, a Brier Score Loss of
0.0882, and a Log Loss of 0.3133. The calibration curves of the uncalibrated and the
calibrated models are presented in Figures 3 and 4.
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Figure 3: Calibration curve before Platt
scaling

Figure 4: Calibration curve after Platt
scaling

The CaliForest model [37] was subsequently applied using the optimal hyperparame-
ters from the RF model, with Synthetic Minority Oversampling Technique (SMOTE) [7]
employed for dataset balancing, achieving a test accuracy of 0.8654, a Brier Score Loss of
0.1022, and a Log Loss of 0.3542. This shows a slight decline in calibration performance
compared to the RF model calibrated with standard Platt scaling.

XGBoost experiments with SMOTE and a grid search for optimal hyperparameters
yielded a test accuracy of 0.9230 and a ROC AUC of 0.9232. The model demonstrated
better calibration (Brier Score Loss 0.0796, Log Loss 0.2935) compared to the calibrated
RF model (Brier Score Loss 0.0882, Log Loss 0.3133).

3.4.5 Conclusions

This research demonstrated the potential of ML techniques using blood-based biomarkers
for early AD diagnosis. Hyperparameter optimization led to a best RF model achiev-
ing 0.90 test accuracy (ROC AUC 0.9240) and an XGBoost model achieving 0.9230 test
accuracy (ROC AUC 0.9232). Calibration experiments revealed that while Platt scal-
ing improved probability estimates for the RF model, it slightly reduced its accuracy,
while the uncalibrated XGBoost model provided well-aligned probabilities. Calibration
experiments with Califorest led to a reduction in test accuracy to 0.8654, accompanied
by noticeable deviations in the calibration curve, highlighting challenges in achieving
consistent probability estimates.
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3.5 Using MRI-Extracted Features to Predict CSF Biomarkers
and Diagnose Alzheimer’s Disease

3.5.1 Introduction

This section presents the development and evaluation of an ML approach designed to
predict CSF biomarker levels and diagnose AD using structural brain features extracted
from MRI scans. Several structural brain features were extracted and analyzed for their
correlation with CSF biomarker levels using Spearman correlation. Regression models
were employed to estimate CSF biomarker levels. For AD classification, multiple ML
algorithms were trained and evaluated under two experimental conditions (using only
MRI-derived features versus integrating CSF biomarker data).

3.5.2 State of the Art

Cacciaglia et al. [6] investigated the CSF p-tau/Aβ42 ratio and Gray Matter Volume
(GMV) in Cognitively Unimpaired (CU) individuals (first-order descendants of AD pa-
tients) using Region Of Interest (ROI) assessments and whole-brain voxel-wise regression.
Whole-brain analysis revealed a significant positive association between CSF p-tau/Aβ42
levels and GMV in widespread areas.

Ott et al. [34] examined the relationship between Ventricular Volume (VV) and CSF
biomarkers in preclinical and early AD using linear regression. They found that in CN
individuals with the APOE4 allele, larger VV was associated with lower CSF Aβ levels,
while in AD patients, larger VV was linked to higher tau levels.

De Leon et al. [10] found a significant inverse correlation between MRI-measured
hippocampal volume and CSF p-tau231 levels.

3.5.3 Dataset and Data Processing

The dataset used in this study was obtained from the ADNI and includes 102 individuals
diagnosed with AD and 105 CN controls, all of whom underwent lumbar puncture for
CSF biomarker analysis and structural MRI scanning. Scans were converted to NIfTI
format, bias-field corrected, skull-stripped, and non-linearly registered to the MNI152
template [14].

Morphometric features were extracted using FastSurfer [16], with key features de-
scribed in Table 13:
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Table 13: Key Morphometric Features Extracted from MRI Scans

Feature Description
Hippocampal Volume Total volume of the hippocampus, a region crucial for mem-

ory, commonly affected in Alzheimer’s Disease.
GM Density The density of GM tissue, which declines in neurodegenerative

diseases.
Ventricular CSF Volume The volume of cerebrospinal fluid in the brain’s ventricles,

typically increasing as brain tissue atrophies.
Choroid Plexus Volume Volume of the choroid plexus, which produces cerebrospinal

fluid and may change in neurological disorders.
Ventricular CSF Ratio Ratio of ventricular CSF volume to total brain volume, used

to assess brain atrophy.
WM Hypointensities Volume Total volume of hypointense regions in White Matter (WM),

which reflects WM degeneration associated with AD.
Left Entorhinal Cortex (ctx-lh-entorhinal) Cortical thickness of the left entorhinal cortex, one of the

earliest regions affected in AD.
Left Posterior Cingulate (ctx-lh-posteriorcingulate) Cortical thickness of the left posterior cingulate cortex, asso-

ciated with memory. Atrophy in this area is an early marker
of AD, correlating with episodic memory decline.

Left Precuneus (ctx-lh-precuneus) Cortical thickness of the left precuneus, a region involved in
spatial navigation and memory retrieval. Early atrophy in
this area is associated with impaired visuospatial abilities and
episodic memory decline in AD.

Right Entorhinal Cortex (ctx-rh-entorhinal) Cortical thickness of the right entorhinal cortex, linked to
memory function and neurodegeneration.

Right Posterior Cingulate (ctx-rh-posteriorcingulate) Cortical thickness of the right posterior cingulate cortex, as-
sociated with Alzheimer’s progression.

Right Precuneus (ctx-rh-precuneus) Cortical thickness of the right precuneus, involved in cognition
and early Alzheimer’s pathology.

Brain Segmentation Volume Total volume of the segmented brain, used as a general mea-
sure of atrophy and brain structure.

Subcortical GM Volume Volume of subcortical GM, including key deep brain struc-
tures related to motor and cognitive function.

To ensure consistent and comparable biomarkers across individuals, we computed
brain volume ratios rather than relying on absolute volumetric values. In addition, we
calculated the Precuneus Asymmetry Index and Entorhinal Asymmetry Index as po-
tential biomarkers of neurodegeneration. Derived CSF ratios, such as t-tau/Aβ42 and
p-tau/Aβ42, were also included in the dataset.

3.5.4 Predicting CSF Biomarkers from MRI Features

The first set of experiments aimed to assess the correlation between extracted MRI fea-
tures and CSF biomarker ratios. Using Spearman correlation, several MRI-derived fea-
tures were found to be negatively correlated with CSF biomarker ratios (t-tau/Aβ42 and
p-tau/Aβ42), including total brain volume, subcortical GM volume, the hippocampus-to-
total brain volume ratio, posterior cingulate cortical thickness, and the Choroid Plexus
Volume/Ventricular Volume ratio. In contrast, the Ventricular CSF Ratio showed a pos-
itive correlation, suggesting that ventricular enlargement is linked to increased disease
severity.
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Based on the correlation analysis, predictive models were constructed using MRI-
extracted features that showed significant associations with CSF biomarker ratios, with
the regression results presented in Table 14.

Table 14: Performance of Regression Models

t-tau/Aβ42 p-tau/Aβ42
Model RMSE R2 RMSE R2

Linear 0.2267 0.1663 0.0230 0.1593
Lasso 0.2267 0.1666 0.0226 0.1891
Ridge 0.2310 0.1344 0.0230 0.1622
Random Forest 0.2203 0.2130 0.0217 0.2539

3.5.5 Diagnosing Alzheimer’s Disease Using MRI and CSF Data

The subsequent experiments focused on leveraging ML models to distinguish between AD
and CN individuals using the most predictive biomarkers—features identified via feature
importance assessments from the best regression model (Random Forest). Several ML
models were trained on two feature sets—(1) MRI-only and (2) MRI + CSF ratios—with
the results presented in Tables 15 and 16, respectively.

Table 15: Classification Performance of Different ML Models on the MRI-Only Dataset

Model Accuracy Precision Recall F1 Precision Recall F1

(CN) (CN) (CN) (AD) (AD) (AD)

Logistic Regression 0.8293 0.86 0.83 0.84 0.79 0.83 0.81

Ridge Classifier 0.7805 0.82 0.78 0.80 0.74 0.78 0.76

Random Forest 0.7073 0.70 0.83 0.76 0.71 0.56 0.62

SVM 0.8293 0.83 0.87 0.85 0.82 0.78 0.80

XGBoost 0.8049 0.86 0.78 0.82 0.75 0.83 0.79

Gradient Boosting 0.7561 0.74 0.87 0.80 0.79 0.61 0.69
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Table 16: Classification Performance of Different ML Models on the MRI + CSF Dataset

Model Accuracy Precision Recall F1 Precision Recall F1

(CN) (CN) (CN) (AD) (AD) (AD)

Logistic Regression 0.9512 0.96 0.96 0.96 0.94 0.94 0.94

Ridge Classifier 0.9512 0.96 0.96 0.96 0.94 0.94 0.94

Random Forest 0.9512 1.00 0.91 0.95 0.90 1.00 0.95

SVM 0.9024 0.95 0.87 0.91 0.85 0.94 0.89

XGBoost 0.9512 1.00 0.91 0.95 0.90 1.00 0.95

Gradient Boosting 0.9024 0.95 0.87 0.91 0.85 0.94 0.89

The results indicate that models trained using MRI-only features achieved moder-
ate accuracy, with the best-performing models (Logistic Regression and SVM) reaching
0.8293 accuracy. The inclusion of CSF biomarker ratios (tau/Aβ42 and p-tau/Aβ42) sig-
nificantly enhanced classification performance, with most models achieving an accuracy
of 0.9512.

3.5.6 Conclusions

This study investigated whether structural features from preprocessed brain MRI scans—
specifically, volumetric measurements and cortical thickness across various brain re-
gions—could be used to estimate CSF biomarker ratios (tau/Aβ42 and p-tau/Aβ42) as
non-invasive substitutes for lumbar puncture. The correlation analysis using Spearman’s
correlation revealed that key MRI features, such as the hippocampus-to-total brain vol-
ume ratio, ventricular CSF ratio, and posterior cingulate cortical thickness, were linked
with these CSF ratios. RF regression achieved the best performance in predicting CSF
biomarkers, with an RMSE of 0.2203 (R2 of 0.2130) for tau/Aβ42 and an RMSE of 0.0217
(R2 of 0.2539) for p-tau/Aβ42. For AD classification, Logistic Regression reached 0.8293
accuracy using MRI features alone, which improved to 0.9512 when CSF biomarker ratios
were added, highlighting their strong discriminative power.
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4 ADDITIONAL RESEARCH PROJECTS

4.1 Convolutional Neural Networks for Malaria Detection in Med-
ical Image Data

4.1.1 Introduction

Malaria is a severe infectious disease and a global health concern, especially in tropi-
cal regions. Traditional diagnostic methods, such as microscopy and Rapid Diagnostic
Test (RDT), are limited by the need for expert interpretation and sensitivity issues.
This study investigated DL-based malaria detection using a publicly available National
Institutes of Health (NIH) dataset of segmented red blood cell images. Two CNN ar-
chitectures—a custom-built model and a fine-tuned pre-trained VGG16—were employed
for classifying parasitized versus non-parasitized cells. Explainable AI techniques such
as Gradient-weighted Class Activation Mapping (GRAD-CAM) and Local Interpretable
Model-Agnostic Explanations (LIME) were applied to enhance model interpretability.

4.1.2 State of the Art

Recent research has demonstrated the potential of CNN-based malaria detection. Taluk-
dar et al. [53] achieved 0.95 accuracy in malaria detection using a custom CNN on thin
blood smear images from the NIH database.

Rajaraman et al. [39] explored the use of pre-trained CNN models as feature extrac-
tors for malaria diagnosis on the NIH dataset, with their best approach (using ResNet-50)
achieving an accuracy of 0.957.

Jameela et al. [21] evaluated various TL models, with VGG19 attaining the highest
accuracy of 0.972, demonstrating its effectiveness for malaria classification.

4.1.3 Dataset and Data Preprocessing

The NIH-provided dataset [33] comprised 27,558 segmented red blood cell images from
Giemsa-stained blood smears, evenly split between parasitized and uninfected samples,
all manually annotated by an expert. Preprocessing involved min-max normalization
to rescale pixel intensities and resizing all images to 128×128 pixels. Data augmenta-
tion—through rotation, flipping, saturation adjustments, and brightness modifications—was
applied exclusively to the training set to enhance generalization, increasing the dataset
size from 22,046 to 132,276 images.
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4.1.4 Models

Two CNN architectures were explored:

• Custom-built CNN: The model comprised four convolutional blocks, each con-
taining two convolutional layers followed by a max pooling layer. The output of the
final block was flattened and passed through a fully connected layer with ReLU ac-
tivation, then through a dropout layer, and finally a sigmoid-activated output layer
for binary classification. Hyperparameter tuning via grid search was performed to
optimize parameters such as batch size, learning rate, dropout rate, and number of
filters.

• Pre-trained VGG16: The VGG16 model pre-trained on ImageNet was fine-tuned
by sequentially unfreezing additional layers.

4.1.5 Results and Model Explainability

Data augmentation led to a slight improvement in classification accuracy for the custom
CNN model (from 0.964 to 0.9651). Fine-tuning experiments with VGG16 revealed that
progressively unfreezing more layers increased accuracy, with the fully fine-tuned model
achieving 0.9669 accuracy.

Explainability techniques were employed to enhance the transparency of the custom-
built CNN’s decision-making process. As shown in Figure 5, the LIME [42] explanation
suggests that the model relies on specific irregular structures within the cell to identify
parasitized samples, while the GRAD-CAM [45] heatmap highlights a distinct, localized
region with high activation that aligns with visible indicators of infection.

4.1.6 Conclusions

The study demonstrated that both custom-built CNNs and fine-tuned VGG16 models
can effectively differentiate between malaria-infected and uninfected cells, achieving ac-
curacies up to 0.9669. Moreover, explainability methods such as LIME and Grad-CAM
provided insights into the decision-making process, confirming the detection of biologi-
cally relevant features.
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Figure 5: Visualization of model predictions and interpretability methods for a parasitized
cell image. This figure is reused from [38].
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5 CONCLUSIONS AND FUTURE WORK

This research has demonstrated the potential of applying ML approaches for AD diagno-
sis, highlighting the importance of early detection.

Our TL-based approach for AD diagnosis using MRI slices showed that models trained
on original slices performed better than those trained on skull-stripped images, with
ResNet-152 achieving an evaluation accuracy of 0.9996.

In addition, a 3D CAE was leveraged for multi-class classification of brain MRI vol-
umes (CN vs. MCI vs. AD), where employing the SRO oversampling strategy yielded
the highest validation (0.906) and test (0.8984) accuracies.

The development of AlzDiagnostics, a mobile application that integrates MRI evalu-
ation via a custom CNN (achieving 0.98 accuracy) and cognitive assessment through an
XGBoost model (with 0.76 accuracy), further demonstrates the feasibility of combining
neuroimaging and cognitive data to enhance early AD detection.

This study also investigated the potential of blood-based biomarkers to distinguish CN
individuals from those diagnosed with AD. Experiments using RF and XGBoost models,
along with calibration techniques (Platt scaling and CaliForest), confirmed that several
plasma—and even liver function—biomarkers exhibit associations with AD pathology,
with XGBoost achieving the highest classification accuracy of 0.9230.

We next examined whether CSF biomarkers can be estimated from MRI-derived fea-
tures. Spearman’s rank identified several key MRI features that correlate with CSF
biomarkers. Using RF regression, the best predictions yielded an RMSE of 0.2203 (R2 =
0.2130) for tau/Aβ42 and an RMSE of 0.0217 (R2 = 0.2539) for p-tau/Aβ42. Moreover,
Logistic Regression achieved 0.8293 accuracy using only MRI features, which increased
to 0.9512 when CSF biomarker ratios were included.

Finally, a collateral study explored malaria diagnosis using a custom-built CNN and
a pre-trained VGG16 model on NIH red blood cell images. The fully fine-tuned VGG16
achieved an evaluation accuracy of 0.9669, compared to 0.9651 for the custom CNN.
Explainability techniques, including Grad-CAM and LIME, confirmed the models’ ability
to detect biologically relevant features.

Future work should aim at expanding datasets and integrating multimodal data
sources—such as PET, Functional MRI (fMRI), and electronic health records—to improve
robustness and generalizability. In addition, future studies should assess the applicability
of the proposed methods for detecting MCI, as some experiments focused exclusively on
AD vs. CN classification. Research should also explore advanced data augmentation
techniques, such as the use of Generative Adversarial Networks (GAN) for generating
realistic synthetic MRI scans to address class imbalance.
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