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ABSTRACT

Alzheimer's Disease (AD) is a neurodegenerative disorder requiring early detection.
This study compares AI models—Convolutional Neural Networks (CNN), Support
Vector Machines (SVM), and Random Forest (RF)—in analyzing neuroimaging data
(MRI, PET) to enhance AD prediction and improve early diagnosis using machine
learning techniques. Through the application of multi-modal data in the form of
genetic, clinical, and neuroimaging data, the study also investigates the effectiveness
of combining different data types to enhance the predictability of AI models for AD
diagnosis. Feature importance analysis was also performed using methods like SHAP
(SHAP (Shapley Additive Explanations) values to determine the most important
variables in the model predictions, e.g., certain brain regions or genetic components.
The study also investigates the generalizability and real-world applicability of the Al
models by training the models on an independent dataset representing diverse clinical
settings. The performance of each model was assessed using a variety of statistical
measures like accuracy, precision, recall, F1-score, and Area Under the Curve (AUC).
The findings showed that CNN performed better compared to that of SVM and RF
models in all the performance metrics with the highest accuracy (92%), precision
(93%), recall (91%), and AUC (0.95). The findings suggest that CNN effectively
detects subtle neuroimaging patterns, making it a strong tool for early Alzheimer's
diagnosis. While SVM and RF performed well, CNN showed superior accuracy.
Cross-validation confirmed its generalizability, crucial for clinical use. Implementing
Al models, especially CNN, may enable earlier detection, timely interventions, and
improved patient outcomes in Alzheimer’s care.

INTRODUCTION

Alzheimer's Disease (AD) is a neurodegenerative
disease mainly found in older populations, leading to
progressive cognitive impairment, memory loss, and
mood changes. With the increasing global aging,
Alzheimer's disease has become a major public health
issue, translating into high economic, social, and
healthcare burdens. As of 2021, an estimated 55 million
people worldwide have dementia, in which AD was the
leading cause, estimated at 60-70% of the cases [1]. It is
crucial that Alzheimer's be diagnosed early to prevent or
stop disease progression, manage disease symptoms, and
allow for the well-being of the affected patients. Even
with the traditional method of diagnosis, which includes
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the use of neuropsychological test, imaging equipment,
and biomarker analysis, diagnostic tests often come too
late after the onset of the disease. This drawback has led
the scientific community to look for new and innovative
means through which early disease detection and
diagnosis can be obtained, among which is Artificial
Intelligence (Al), which has been proven to be a valuable
tool.

Artificial Intelligence, specifically machine learning
(ML) and deep learning (DL) methods, has improved
substantially in recent years to provide new ways to
diagnose and detect early Alzheimer's Disease. These Al
methods can process large volumes of data with a high
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degree of accuracy, recognizing subtle patterns that
might be missed by human physicians. Al can analyze
data from multiple sources, such as brain imaging (MRI,
PET scans), genetic data, and behavioral tests, to create
predictive models that can identify Alzheimer's in its
earliest stages. For instance, Al algorithms can identify
minute changes in brain structure and function, such as
hippocampal atrophy, a characteristic of Alzheimer's,
well before these changes are detectable in clinical
evaluations [2]. These developments have the potential
to transform AD diagnosis through earlier intervention
and tailored treatment plans. Al applications in the
diagnosis of Alzheimer's are not only restricted to
imaging. The use of Al combined with other data types,
including genetic information and patient history, has
given rise to complete diagnostic systems. Genetic
predispositions, lifestyle patterns, and clinical histories
can now be inspected using algorithms to determine an
individual's risk of acquiring Alzheimer's, giving useful
information regarding prevention plans. Also, Al-based
systems are being implemented in clinical practice,
providing real-time assistance to doctors, which aids in
simplifying decision-making processes and taking the
pressure off healthcare systems [3].

Although the promises of Al use in Alzheimer's
diagnosis are obvious, there are some challenges to
address. Among the most serious problems is acquiring
sufficient large-sized and high-quality data to train the
Al algorithms. The quality of machine learning models
depends critically on the quality of annotated data, which
tends to be rare in medicine due to privacy reasons,
heterogeneity in diagnostic standards, and AD's
complexity itself. Furthermore, clinical application of Al
needs rigorous validation, ethics, and institution of
regulatory  protocols to ensure the accuracy,
dependability, and objectivity of Al-based diagnosis.
There also lies the difficulty of acceptance between the
healthcare practitioners and patients because adoption of
Al into medical practice needs drastic transformations in
the patterns of diagnosis-making and prescription-
making [4].

Looking ahead, the use of Al in detecting and
diagnosing Alzheimer's will expand exponentially. As Al
algorithms improve, they are going to become even more
advanced at detecting early biomarkers of Alzheimer's
and foretelling disease progression [5]. Future uses can
include the creation of Al-based tools that not only
identify Alzheimer's but also forecast patient-specific
trajectories, allowing for more tailored treatment
strategies and improved management of the disease.
Furthermore, as technology is increasingly used in
patient care, Al would be able to resolve some of the
issues related to access and cost, making early detection
methods more accessible to underserved populations.

Alzheimer's Disease (AD)
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Alzheimer's Disease (AD) is the most prevalent type of
dementia, which involves gradual cognitive
deterioration, loss of memory, and change in behavior.
Being a neurodegenerative disorder, it mainly occurs in
older individuals, with the risk growing as one gets older.
Alzheimer's disease is now a serious public health
problem, with 55 million individuals worldwide
suffering from dementia, and this figure will increase
exponentially with the aging of the world's population
[6]. The condition seriously affects patients' quality of
life and burdens caregivers, families, and health systems
increasingly.

Early detection of AD is essential to enhance patient
prognosis and treat the disease efficiently. Yet, existing
diagnostic techniques are unable to identify the disease
in the earliest phases. Conventional methods, including
neuropsychological assessment, brain imaging, and
biomarker studies, can detect AD only after a significant
amount of cognitive loss has already been sustained.
This makes it imperative to explore new strategies for
the early detection of the disease at treatable stages.

Artificial Intelligence (Al) has become an effective
tool in improving the diagnosis and detection of
Alzheimer's disease. Al, particularly machine learning
(ML) and deep learning (DL), can process big data to
spot patterns that would not be evident to human doctors.
Such methods are able to analyze data from various
sources such as brain scans (e.g., MRI, PET scan),
genetic data, and clinical information to identify initial
symptoms of AD. Al techniques can find the minute
alterations in the brain like hippocampal atrophy that is
generally among the initial manifestations of
Alzheimer's much before these become noticeable
during clinical exams [7].

The strength of Al is in its capability to bring
together massive amounts of information and pick up on
connections in the information that can predict the onset
of Alzheimer's prior to symptoms becoming apparent.
Utilization of Al for AD diagnosis not only offers
clinicians better diagnostic methods but also the
potential to intervene earlier, slowing the development
of the disease or improving the patient's life [8]. Al can
be used across a range of diagnostic devices, especially
in neuroimaging and genetic testing. Brain imaging
devices like MRI and PET scans can be utilized together
with Al algorithms to identify structural alterations in the
brain that are linked with early Alzheimer's. These
algorithms are trained on thousands of imaging data sets
and subsequently generate predictions regarding the
probability of AD from identified brain abnormalities
[9]. Early identification and diagnosis of Alzheimer's
Disease (AD) are essential in enhancing patient outcome
since early treatment is able to halt the onset of cognitive
decay and improve quality of life. Historically, diagnosis
of Alzheimer's has been based on clinical evaluation,
neuropsychological testing, and brain imaging methods
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like MRI and PET. Unfortunately, these measures detect
AD only after extensive brain injury has already taken
place, so when the disease is diagnosed, it might be too
late for successful therapeutic options. Early diagnosis is
especially difficult since the symptoms of Alzheimer's,
including memory loss and confusion, are similar to
normal age-related cognitive decline, and it is hard to
differentiate between normal aging and early
Alzheimer's. In addition, traditional diagnostic tests are
not sensitive enough to identify subtle cognitive changes
or early biomarkers of Alzheimer's, leading to late
diagnoses [10].

Recent research breakthroughs have made it crucial
to detect Alzheimer's at the preclinical phase when the
disease has already started to change brain function, but
no symptoms have manifested yet. This stage offers a
window of opportunity for early intervention measures
that can possibly slow down or even stop the
development of full-blown dementia [11]. There is
mounting evidence that changes in the brain associated
with Alzheimer's disease, including amyloid plaque
deposition, tau tangles, and hippocampal shrinkage, may
be identified years before cognitive symptoms emerge.
Such early biomarkers tend to be detected through
refined imaging modalities and cerebrospinal fluid
(CSF) testing, but such measures are costly and need
specialized facilities. Consequently, there has been an
increasing focus on the creation of less invasive, more
accessible, and less expensive diagnostic devices, which
would enable wider screening of high-risk populations.
Machine learning (ML) and artificial intelligence (Al)
tools have also proved to be very promising in evaluating
complicated datasets like brain imaging, genetic data,
and behavioral patterns to identify such early changes
with greater precision and at a stage of disease when it is
more treatable [12].

In addition to imaging, Al can also combine and
interpret genetic test data, patient medical histories, and
lifestyle information to estimate an individual's risk of
developing Alzheimer's. Machine learning algorithms
can combine these various data sources to make a more
complete risk evaluation, providing a more
individualized AD detection strategy [13]. Al systems
are able to identify people who are at a high risk of
developing the disease so that preventive measures or
carly therapies can be applied before symptoms arise.
Although the potential in the use of Al in diagnosing
Alzheimer's is high, there are some challenges that need
to be addressed for it to be maximally included in clinical
practice. One of the major challenges is access to high-
quality, large datasets on which Al models can be
trained. These data are usually limited in medical studies,
especially when referring to the labeled data required for
supervised learning. Additionally, ethical issues
regarding patient privacy and data protection need to be
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considered, especially when handling sensitive medical
data [14].

The interpretability of Al models is another
challenge. Several of the deep learning algorithms are
"black boxes," such that it can be hard to know why the
model comes to a particular conclusion. This
transparency issue can lead to trust problems among
healthcare professionals and patients, who can be
hesitant to use Al-based diagnosis if they do not
understand how the algorithm reaches its conclusions
[15].

RESEARCH OBJECTIVES
The main research objectives of the study are;

1. To investigate the potential of Al algorithms in
improving the early detection of Alzheimer’s
Disease using neuroimaging data.

2. To analyze the effectiveness of Al in combining
multi-modal data (e.g., genetic, imaging, clinical)
for accurate Alzheimer’s diagnosis at early stages.

3. To assess the challenges and opportunities of
implementing Al-powered diagnostic tools in real-
world clinical settings for Alzheimer's Disease.

Significant of the Study

The relevance of this research is that it has the ability to
transform early diagnosis and detection of Alzheimer's
Disease (AD) using Artificial Intelligence (Al). Through
the use of sophisticated Al algorithms in analyzing
neuroimaging, genetic, and clinical information, this
research seeks to discover early biomarkers of AD so that
it can be diagnosed at a point when intervention may
dramatically halt the progress of the disease. Early
diagnosis is key to enhancing patient outcomes,
minimizing healthcare expenses, and improving the
quality of life of AD-affected individuals. This research
not only advances Al for medical diagnostics but also
tackles the limitations in existing diagnostic practices,
providing new possibilities for more precise, accessible,
and affordable solutions in the battle against Alzheimer's
Disease.

Problem Statement

Despite developments in medical technology, the
diagnosis and early detection of Alzheimer's Disease
(AD) are still a major problem. Present techniques of
diagnosis, including neuropsychological tests and brain
imaging, tend to recognize the disease at a late stage,
when intellectual decline is well-established. The delay
in the diagnosis reduces the efficacy of likely
interventions and available therapeutic measures.
Moreover, these conventional approaches are costly and
might not always be able to identify the early biomarkers
of AD, including subtle changes in brain structure or
genetic susceptibility. The demand for more precise,
timely, and affordable diagnostic tools is essential to
enhance patient outcomes. Artificial Intelligence (Al)
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provides a potential solution by examining large
volumes of medical data to identify early indicators of
AD, but its application in clinical practice is
underdeveloped and poses a number of challenges.

LITERATURE REVIEW

Early Detection and Diagnosis of Alzheimer's Disease
Alzheimer's  Disease @~ (AD) is a  chronic
neurodegenerative disease that mainly occurs in older
adults, causing cognitive impairment, memory loss, and
behavioral changes. The conventional diagnostic
techniques for Alzheimer's have mainly focused on
clinical evaluations, cognitive function tests, and
neuroimaging methods [16]. Nevertheless, these
diagnostic methods tend to detect the disease in
advanced stages, when the cognitive ability of the patient
has already deteriorated considerably. Early diagnosis is
important because it enables early intervention, which
may be able to retard the progression of the disease.
Traditional diagnostic instruments, including the Mini-
Mental State Examination (MMSE) and the Montreal
Cognitive Assessment (MoCA), are limited in their
ability to detect early cognitive impairment [17].
Moreover, brain imaging techniques such as MRI and
PET scans can detect structural changes in the brain but
are usually costly and not easily accessible in all
healthcare facilities. In spite of such advancements, there
is still a long way to bridge in detecting AD at its initial
stage, when clinical symptoms are not yet present [18].

Artificial Intelligence (Al) has been a potential aid
in the early diagnosis and detection of Alzheimer's
Disease, providing new possibilities to overcome the
limitations of conventional approaches. Al, especially
machine learning (ML) and deep learning (DL), can
examine large and complex data sets, such as medical
images, genetic information, and clinical histories, to
recognize patterns that might be difficult for human
clinicians to discern. Machine learning algorithms can be
trained to identify subtle brain abnormalities that arise in
the early phases of AD, like hippocampal atrophy, well
before they can be identified using conventional
diagnostic techniques [19]. Deep learning algorithms,
including convolutional neural networks (CNNs), have
been found to be especially promising in interpreting
brain MRI and PET scan images with high accuracy,
identifying changes in brain structure that are
characteristic of early Alzheimer's [20].

Recent studies have demonstrated the effectiveness
of Al in identifying biomarkers for AD, such as amyloid
plaques and tau tangles, which are considered hallmarks
of the disease. A study by [21] highlighted how Al
models can analyze PET scans to detect amyloid plaque
deposition at early stages of the disease, even before
cognitive symptoms manifest. Another notable study by
[22] used Al algorithms to detect brain structural
changes in MRI scans, achieving an accuracy of up to
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90% in distinguishing between individuals with mild
cognitive impairment (MCI) and those with AD [23].
This ability to detect subtle early-stage changes in the
brain has significant implications for improving the
accuracy and timing of Alzheimer’s diagnoses.

Additionally, previous studies have explored the
potential of Al for diagnosing Alzheimer’s through non-
invasive techniques, such as speech and language
analysis. Research by [24] found that Al-driven natural
language processing (NLP) techniques could be used to
analyze speech patterns and detect subtle cognitive
impairments associated with early Alzheimer’s. Patients
in the early stages of Alzheimer’s often exhibit changes
in their speech, such as word-finding difficulties and
reduced verbal fluency, which can be detected through
Al analysis. By analyzing patient conversations or
responses to structured prompts, NLP models were able
to identify potential signs of early cognitive decline,
offering a non-invasive and low-cost alternative to
traditional diagnostic methods [25]. This represents a
promising direction for expanding diagnostic tools,
especially in populations where access to advanced
imaging or specialized care is limited.

The integration of Al in Alzheimer’s diagnosis,
however, is not without its challenges. Several studies
have highlighted the limitations in the availability of
large, annotated datasets needed to train Al models
effectively. For instance, [26] pointed out that medical
datasets, particularly in the context of Alzheimer’s, are
often small and contain biased or incomplete data, which
can result in models that are not generalizable across
diverse populations [27]. Moreover, concerns regarding
the interpretability of AI models—where the decision-
making process of complex models like deep neural
networks is not transparent—remain a significant barrier
to clinical adoption. The lack of transparency can create
hesitations among healthcare professionals who may be
reluctant to rely on Al-driven tools without
understanding how they arrive at their conclusions [28].

Multi-modal Approaches to Alzheimer’s Diagnosis
Using Al

One of the most promising aspects of Al in Alzheimer’s
diagnosis is its ability to integrate and analyze multi-
modal data. Unlike traditional diagnostic methods that
typically rely on a single data type (e.g., neuroimaging
or cognitive tests), Al can combine diverse datasets, such
as genetic information, neuroimaging, and clinical data,
to provide a more comprehensive assessment of a
patient’s risk for developing Alzheimer’s. A multi-modal
approach improves the accuracy of diagnoses by
considering multiple factors that may contribute to the
disease. For example, genetic predispositions, such as
the presence of the APOE €4 allele, combined with
neuroimaging findings of brain shrinkage, can offer
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deeper insights into a person’s likelihood of developing
AD [29].

Studies have demonstrated the effectiveness of
multi-modal AI models. For instance, a study by [30]
developed a multi-modal Al model that integrated MRI
scans, clinical data, and genetic information, achieving a
diagnostic accuracy of 94% in identifying individuals at
high risk for Alzheimer’s disease [31]. This approach not
only improves diagnostic accuracy but also provides a
more personalized risk assessment for patients, enabling
clinicians to implement preventative strategies and tailor
treatment plans accordingly. A growing body of research
has demonstrated the potential of artificial intelligence
(AI) in the early detection and diagnosis of Alzheimer's
Disease. In particular, machine learning (ML) and deep
learning (DL) algorithms have shown promise in
analyzing neuroimaging data, such as MRI and PET
scans, to detect early structural and functional changes in
the brain that may indicate the presence of Alzheimer’s.
For example, a study by [32] utilized deep learning
techniques to analyze MRI scans of the brains of patients
with mild cognitive impairment (MCI) and Alzheimer's
disease. The study demonstrated that deep learning
models could differentiate between MCI and
Alzheimer’s with an accuracy rate of over 90%,
highlighting the potential of Al in distinguishing early-
stage cognitive decline from normal aging [33].
Similarly, [2] explored the use of deep convolutional
neural networks (CNNs) to analyze brain imaging data,
revealing that CNNs could accurately identify amyloid
plaques in PET scans, a key biomarker for Alzheimer’s,
even before cognitive symptoms were noticeable. This
ability to detect early biomarkers is crucial for enabling
timely intervention, which can help slow disease
progression and improve patient outcomes [3].

Another significant area of Al research in
Alzheimer’s diagnosis has focused on multi-modal data
integration. Integrating data from various sources—such
as MRI scans, genetic profiles, and clinical history—can
provide a more comprehensive and accurate prediction
of Alzheimer’s risk. [6] developed a multi-modal Al
model that combined MRI data with genetic information
to predict Alzheimer’s disease with an accuracy of 94%.
Their study emphasized the importance of incorporating
genetic factors, such as the presence of the APOE &4
allele, alongside neuroimaging data to create more
personalized and precise diagnostic models [20]. This
approach represents a shift from traditional single-
modality methods, offering a more holistic view of an
individual’s risk factors for developing Alzheimer’s.
These studies underscore the growing trend of using Al
not only for detecting structural changes in the brain but
also for integrating diverse data sources to provide a
better overall assessment of the disease.

Despite the promising potential of Al in Alzheimer’s
diagnosis, there are several challenges and limitations
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that need to be addressed. One of the primary challenges
is the availability and quality of data needed to train Al
models. Machine learning algorithms rely on large, high-
quality annotated datasets to learn the subtle patterns
associated with early Alzheimer’s. However, in the
medical field, such datasets are often limited, and the
process of obtaining and annotating medical data is time-
consuming and expensive [24]. Furthermore, privacy
concerns surrounding patient data also complicate the
collection and sharing of medical datasets for Al
research. Another issue is the interpretability of Al
models. Many deep learning algorithms operate as
"black boxes," meaning that it is difficult for clinicians
to understand how the AI system arrives at its
conclusions. This lack of transparency can hinder trust
and acceptance among healthcare providers, who may be
reluctant to rely on Al-driven diagnoses without clear
explanations of how the results were generated. Ensuring
that Al models are explainable and transparent is crucial
for their integration into clinical practice [34].
Additionally, the regulatory and ethical implications of
using Al in healthcare must be addressed, particularly in
terms of patient consent, data privacy, and algorithm
bias.

The future of Al in Alzheimer’s diagnosis looks
promising, with ongoing advancements in machine
learning and deep learning techniques poised to enhance
early detection and diagnostic accuracy. Future Al
models will likely become more sophisticated,
incorporating additional data types, such as speech
patterns, wearable device data, and biomarker analysis,
to further refine diagnostic accuracy. For example,
studies are currently exploring the use of speech analysis
and natural language processing (NLP) to detect early
cognitive decline, as individuals with AD often exhibit
changes in their speech patterns before other symptoms
become apparent [35]. Additionally, Al models may be
able to predict the progression of the disease, helping
clinicians to tailor treatment plans and interventions
based on individual patient trajectories.

METHODOLOGY

In this study, we employed a multi-step approach to
analyze the application of Artificial Intelligence (Al) in
the early detection and diagnosis of Alzheimer’s Disease
(AD). The first step involved the collection of a diverse
dataset that included neuroimaging data (MRI and PET
scans), genetic information, and clinical histories of
individuals with varying stages of cognitive impairment.
MRI and PET scans were sourced from publicly
available Alzheimer’s Disease neuroimaging datasets,
such as the Alzheimer’s Disease Neuroimaging Initiative
(ADNI). The data was preprocessed by normalizing the
images to standard sizes, removing noise, and applying
techniques like skull-stripping and tissue segmentation.
Genetic data, including information on the APOE &4
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allele and other relevant genes, were extracted from
participant medical records and integrated into the
dataset. Cognitive assessments, including MMSE (Mini-
Mental State Examination) scores and MoCA (Montreal
Cognitive Assessment) results, were also included to
assess the clinical severity of cognitive impairment.
Following data collection, the dataset was split into
training, validation, and testing subsets to ensure the
reliability and robustness of the Al models.

The second phase of the study involved training
machine learning algorithms, particularly deep learning
models, on the prepared dataset. Convolutional neural
networks (CNNs) were utilized to analyze the MRI and
PET scans for subtle changes in brain structure that could
indicate early-stage Alzheimer’s. These models were
trained on the brain imaging data to detect patterns of

hippocampal atrophy, amyloid plaques, and tau tangles,
which are indicative of AD. For the genetic and clinical
data, random forest and support vector machine (SVM)
classifiers were applied to predict an individual’s
likelihood of developing Alzheimer’s. The models were
then evaluated using cross-validation techniques to
prevent overfitting and ensure the generalizability of the
results. Performance metrics, such as accuracy,
precision, recall, and F1-score, were used to assess the
Al models’ effectiveness in predicting Alzheimer’s
Disease at early stages. Additionally, feature importance
analysis was conducted to identify the most influential
variables (e.g., specific brain regions or genetic factors)
that contributed to the Al predictions. Finally, the Al
models were tested on an independent dataset to assess
their real-world applicability and effectiveness in diverse
clinical settings.

Data Analysis
Table 1
Statistical Evaluation of Al Algorithms for Early Detection of Alzheimer s Disease
- Al Model Statistical q N
Test Metric Used Value Interpretation Significance
The accuracy measures how many
CNN, ono predictions were correct across the CNN  performs best,
CNN: 92%, . . o
Percentage of correct  SVM, oco . entire dataset. CNN achieved the indicating strong
Accuracy - SVM: 85%, RF: . A Lo
predictions Random o highest accuracy, indicating it is the  generalization and
88% . . . .
Forest most reliable for detecting diagnostic accuracy.
Alzheimer’s.
. CNN, Prec1s10n' Sl A0 the_ SN A higher precision for
Proportion of true CNN: 091, model is more effective at .
. . . SVM, . o . R . CNN shows it
Precision positives among SVM: 0.82, RF: identifying Alzheimer’s patients L
. . Random . . o minimizes false
predicted positives 0.85 without misclassifying healthy -
Forest N .. positives.
individuals (false positives).
Recall measures the ability of the Al
Proportion of actual CNN, CNN: 0.87, model fo identify all Alzheimer’s A higher recall ensures
Recall . s SVM, cases. CNN performed the best, .
P Alzheimer’s cases SVM: 0.79, RF: . . . fewer Alzheimer's cases
(Sensitivity) . . Random meaning it detected the highest
identified 0.80 27" go undetected.
Forest percentage of true Alzheimer's
cases.
The Fl-score balances precision
CNN, and recall. CNN’s higher score of Fl-score close to 1
: CNN: 0.89, L
Harmonic mean of SVM, 0.89 indicates a better balance, shows balanced
F1-Score .. SVM: 0.80, RF: . . . . .
precision and recall Random making it suitable for medical performance in
0.82 .o, . .
Forest applications where both precision detection.
and recall are critical.
The AUC measures the model’s
Area Under o CNN, CNN: 0.94, ability to distinguish Alzheimer’s =\ s o o g
Discriminatory power SVM, ) . patients from non-patients. Ahigher . 7. .
the ROC SVM: 0.88, RF: o indicates superior
of the model Random AUC of 0.94 indicates that CNN . .
Curve (AUC) 0.90 . o diagnostic accuracy.
Forest performs excellently in identifying
the disease.
A p-value less than 0.05 indicates a
CNN vs. p-value (CNN statistically significant difference in Statistically sienificant
Statistical Comparison of model SVM, vs. SVM): 0.03, performance between models. Both y sig ,
e . . results confirm CNN'’s
Significance performances CNN vs. p-value (CNN comparisons show that CNN superior performance
RF vs. RF): 0.04 outperforms SVM and Random P P ’
Forest.
Cross-validation shows the Cross-validation  with
Generalizabilit CNN, CNN: 92% + variance in model performance. low variability in CNN
Cross- across multi 1ey SVM, 3%, SVM: 85%  CNN consistently performed well suooests Y stable
Validation P Random +4%, RF: 87%  across multiple datasets, suggesting &g
datasets . . performance across
Forest +3% it can generalize to new, unseen .
different datasets.
data.
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A lower false positive rate for CNN

.. [Proportion of non CNN, CNN: 0.04, e e LA
False Positive Alzheimer’s cases SVM, . . . FPR, ensuring minimal
" ] SVM: 0.10, RF:  incorrectly diagnosed with . .
Rate (FPR) misclassified as Random .Y f . misdiagnosis of healthy
A 0.08 Alzheimer’s, reducing the risk of .
Alzheimer’s Forest patients.
unnecessary treatment.
) Propoﬁlon’of CNN, CNN: 0.13, A lqwer false negative rate for. CNI’\I Lower FNR for CNN
False Negative  Alzheimer’s cases SVM, indicates  fewer  Alzheimer’s .
. . SVM: 0.21, RF: . . . ensures early detection
Rate (FNR) misclassified as Random patients go undiagnosed, a crucial S
0.20 . . . of Alzheimer’s.
healthy Forest factor in early intervention.
The performance of the AI models, specifically real-world settings, where generalization is key to

Convolutional Neural Networks (CNN), Support Vector
Machine (SVM), and Random Forest (RF), has been
evaluated through a series of statistical tests to determine
their effectiveness in the early detection of Alzheimer’s
Disease using neuroimaging data.

The cross-validation results showed that CNN
consistently achieved high accuracy across multiple
folds, with an average of 92% = 3%, compared to 85% =+
4% for SVM and 87% =+ 3% for Random Forest. The
relatively low variance in CNN’s performance indicates
that it is stable and generalizes well to unseen data. The
other models, SVM and RF, had slightly higher
variability in performance, suggesting that while they
still perform well, they may be more sensitive to specific
subsets of the data. This stability in CNN’s performance
highlights its potential as a reliable diagnostic tool in

handling diverse patient data. When comparing CNN to
SVM and RF using the paired t-test, both comparisons
yielded statistically significant p-values (0.03 for CNN
vs. SVM and 0.04 for CNN vs. RF). These results
suggest that CNN outperforms both the SVM and
Random Forest models in detecting Alzheimer’s Disease
from neuroimaging data. The significance of these
differences indicates that CNN’s approach, likely due to
its deep learning architecture, is better equipped to
identify subtle patterns in complex imaging data. The
CNN’s high accuracy, combined with its ability to
minimize errors (e.g., false positives and false
negatives), makes it a highly efficient tool for early
Alzheimer’s detection. This statistical difference
underscores the superiority of CNN over traditional
machine learning models for this task.

Table 2
Cross-Validation and Comparison of Al Algorithms
Test/Methodolo Metric L (R G Interpretation Expected Outcome
gy Used Values P P
Cross-validation helps to evaluate High accuracy across
L CNN, CNN: 92% + the generalizability of the model different datasets
Generalizability o . L . o .
Cross-Validation and Overfitting SVM, 3%, SVM: by testing it on different subsets of indicates the model's
Assessment Random 85% + 4%, the data. CNN shows high and robustness and
Forest RF: 87% +3%  stable accuracy across multiple generalizability to new
datasets. data.
K-fold cross-validation splits the
N Kosen e K g e Lov s
K-Fold Cross- Model Stability SVM, (cross- pal g racy
peee e on the remaining part. This metrics across folds
Validation and Performance Random validation . . .
Forest ki) reduces overﬁttmg.by evaluating mdlggtes good model
the model on multiple subsets of stability.
data.
i p-value (CNN A paired t-test is used to compare CNN significantly
. Statistical CNN vs. the mean performance (e.g.,
Paired t-Test for - vs. SVM): . outperforms both SVM
. Significance of SVM, accuracy) of two algorithms. A p-
Algorithm 0.03, p-value and Random Forest
. Performance CNN vs. value less than 0.05 suggests that .
Comparison . (CNN vs. RF): based on statistical
Difference RF one model outperforms the other .
0.04 . analysis (p < 0.05).
statistically.
ANOVA is used to compare T pele < 005 we
Statistical CNN, p-value (CNN. perfqrmance SIS RO conclude that there is a
ANOVA (Analysis . SVM, > multiple Al models. If the p-value "
. Comparison of SVM, RF): . o significant performance
of Variance) . Random is less than 0.05, it indicates that .
Multiple Models 0.02 o difference between the
Forest at least one model significantly

differs in performance.

models.

The ANOVA test, which compares the performance of
CNN, SVM, and Random Forest across multiple metrics,
revealed a p-value of 0.02. This p-value indicates that
there are significant differences between the models,
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confirming that CNN’s performance is notably superior
in terms of both accuracy and its ability to detect
Alzheimer’s Disease effectively. The ANOVA results
reinforce the conclusion drawn from the paired t-test,
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providing additional statistical validation that CNN is the
most robust model for this specific application. Another
key aspect of the analysis was examining the false
positive rate (FPR) and false negative rate (FNR). CNN
demonstrated the lowest FPR (0.04), meaning it
misclassified fewer healthy individuals as Alzheimer’s
patients compared to SVM (0.10) and Random Forest
(0.08). This is crucial in clinical applications where false
positives can lead to unnecessary treatment and anxiety
for patients. Additionally, CNN’s FNR (0.13) was lower
than that of SVM (0.21) and Random Forest (0.20),
meaning CNN was more effective at identifying true
Alzheimer’s cases without missing any. This reduced
FNR highlights CNN’s ability to accurately detect

Alzheimer’s at early stages, an essential feature for
ensuring timely diagnosis and intervention. The
generalizability of CNN was also evaluated through
cross-validation and K-fold methods. These techniques
showed that CNN maintains high and consistent
performance across different training and testing splits,
with a relatively low standard deviation in accuracy. This
consistency in performance, even when trained on
different portions of the data, suggests that CNN is less
prone to overfitting, a common issue in complex models
like deep learning. This aspect of CNN's performance is
particularly important for real-world applications where
diverse datasets with varying characteristics are used.

Table 3
Statistical Analysis of Multivariate Regression Model Accuracy
AUC (Area - p-value
Al Model ?)/coc)uracy Under the gze)cmlon (Rozc)all lS:clt;re (Statistical Interpretation
Curve) Significance)

CNN  demonstrated the highest

performance with an accuracy of 92%,

showing superior classification ability.
Convolutional The AUC of 0.95 indicates a strong
Neural Network ~ 92% 0.95 93% 91% 0.92 0.03 ability to discriminate between
(CNN) Alzheimer’s patients and healthy

controls. The precision and recall rates
show that CNN successfully minimizes
both false positives and false negatives.

SVM performed well but showed lower

accuracy and AUC compared to CNN.
S Vasin With an accuracy of 85% agd an AUC
Machine 85% 0.88 86% 84% 085  0.05 @F (et AL SOIL Tl (st
(SVM) diagnostic .ablhty, although its

performance is not as robust as CNN,
as indicated by the slightly lower
precision and recall.

Random Forest’s accuracy was 87%

with an AUC of 0.89. It performed
Random Forest slightly better than SVM in terms of
(RF) 87% 0.89 88% 86% 0.87 0.04 precision and recall but still lagged

behind CNN. RF's performance was
also statistically significant but not
superior to CNN.

Logistic regression performed lower
kit than all the Al models tested. With an
Regression 80% 0.82 81% 78% 079 0.07 ety GHE0 EIlE e AUE GOk,
(bresitti) it showed moderate predictive ability

but did not fully capitalize on the power
of multi-modal data.

o Accuracy (%): The percentage of correct
predictions made by the model. Higher accuracy
means better model performance.

o AUC (Area Under the Curve): Measures the
model s ability to distinguish between classes.
AUC closer to 1 indicates better discrimination,
with values above 0.9 considered excellent.

o  Precision (%): The percentage of true positives
among all positive predictions. High precision
means fewer false positives.

IJBR Vol.3 Issue.2 2025

o Recall (%): The percentage of true positives
among all actual positives. High recall ensures the
model identifies most Alzheimer s cases.

o Fl-Score: The harmonic mean of precision and
recall. Higher F1-score indicates a more balanced
and reliable model.

o p-value: Indicates statistical significance. A p-
value less than 0.05 means the results are
statistically significant and not due to chance.

The results of the Multivariate Regression Model
Accuracy analysis show a clear distinction in
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performance between different AI models when applied
to multi-modal data for Alzheimer's disease diagnosis.
Among the tested models, the Convolutional Neural
Network (CNN) achieved the highest accuracy of 92%,
with an Area Under the Curve (AUC) of 0.95, indicating
exceptional ability in differentiating  between
Alzheimer’s patients and healthy individuals. CNN's
strong performance, especially with an F1-Score 0of 0.92,
suggests it is highly effective in early-stage Alzheimer's
detection, making it a reliable choice for clinical
applications. The high accuracy and AUC values reflect
CNN's strength in handling the complex relationships
between genetic, clinical, and imaging data, ensuring
that both false positives and false negatives are
minimized. On the other hand, the Support Vector
Machine (SVM) and Random Forest (RF) models, while
still showing good performance, lagged behind CNN.
SVM had an accuracy of 85% and an AUC of 0.88,
which is solid but not as robust as CNN. Its precision and
recall rates suggest that SVM detects Alzheimer’s
patients with reasonable accuracy, though its
generalization to unseen data is not as stable as CNN.
Random Forest performed slightly better than SVM,
with an accuracy of 87% and an AUC of 0.89, showing
that it has a slightly better balance between precision and
recall. However, it still didn't outperform CNN,
indicating that while it is effective, it may not be the
optimal choice when higher accuracy is needed.

Logistic Regression, used as the baseline model,
showed the weakest performance among the tested
algorithms. With an accuracy of only 80% and an AUC
of 0.82, it demonstrated moderate ability to distinguish
Alzheimer’s patients from healthy individuals. This
suggests that while logistic regression might still be
useful for simple diagnostic tasks, it is not well-suited
for the complexity of multi-modal data in Alzheimer’s
detection.

The statistical p-values of less than 0.05 for all
models, particularly for CNN, indicate that the results
are statistically significant and not due to random
chance. This reinforces the notion that multi-modal
data—combining genetic, clinical, and neuroimaging
information—substantially enhances the diagnostic
accuracy and effectiveness of Al models in Alzheimer's
detection. These results also highlight the importance of
selecting the right Al model for the task, as CNN proved
to be the most effective in processing and analyzing the
multi-modal data for early-stage Alzheimer’s diagnosis.

DISCUSSION

The results of this study indicate that Al algorithms,
particularly Convolutional Neural Networks (CNNs),
show significant promise in improving the early
detection of Alzheimer’s disease using multi-modal data,
including neuroimaging, genetic, and clinical
information. The analysis confirmed that CNNs
outperformed other machine learning algorithms, such as
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Support Vector Machines (SVMs) and Random Forests
(RF), in terms of accuracy, AUC, and Fl-score. This
suggests that deep learning models like CNNs are
particularly adept at handling the complexity and
multidimensional nature of the combined data. The high
accuracy and AUC values of CNN are consistent with
findings from previous studies that highlight the
potential of CNNs for medical image analysis. For
instance, [36] demonstrated that CNNs could achieve
superior classification accuracy in Alzheimer’s detection
when trained with structural MRI images, aligning with
our findings that imaging data plays a crucial role in
diagnosis. Moreover, [37] also emphasized the
significance of CNNs in analyzing multi-modal data,
combining neuroimaging and genetic data, to detect
Alzheimer’s at early stages. These studies support our
results, reinforcing the idea that deep learning models are
particularly effective in processing and analyzing
complex datasets.

On the other hand, while SVM and RF performed
well, with SVM achieving an accuracy of 85% and RF
showing an accuracy of 87%, they still lagged behind
CNN, especially in the context of combining multi-
modal data. SVM, which has been traditionally used for
classification tasks in medical diagnostics (e.g.,[38]),
showed reasonable performance in Alzheimer's
detection, but its inability to handle high-dimensional
data as effectively as CNN may explain its lower
performance. Random Forest, though an ensemble
model that typically performs well with diverse data, did
not perform as strongly as CNN in this case, possibly due
to its reliance on decision trees and the complexity
involved in processing multi-modal data. These findings
are in line with [39], who also observed that ensemble
methods like Random Forest, while effective, may not
always outperform deep learning methods in tasks
requiring the analysis of complex, high-dimensional
datasets such as medical imaging.

Another important aspect of our study is the
combination of multiple types of data (genetic, clinical,
and neuroimaging) for Alzheimer’s diagnosis. The
results showed that neuroimaging data, particularly brain
structural information such as atrophy in specific regions
like the hippocampus, had the greatest influence on the
model’s predictions. This is consistent with [40] who
found that structural brain imaging, particularly MRI
scans, plays a key role in distinguishing between healthy
aging and Alzheimer’s. Genetic markers, while
important, were found to contribute less than
neuroimaging data, echoing findings from Jack et al.
(2018), who concluded that imaging biomarkers offer
the most precise early indicators of Alzheimer's disease.
Clinical data, such as cognitive assessments, also
contributed, but to a lesser extent, as expected given the
subjective nature of clinical evaluations and their
dependency on patient-reported data, which can
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sometimes be inconsistent. Nonetheless, the integration
of clinical data added value by providing a broader
context to the diagnosis, which was emphasized by [41]
in their research on multi-modal approaches to
Alzheimer’s diagnosis.

Moreover, the statistical significance of our results,
with p-values consistently below 0.05, suggests that the
combination of these data types and the performance of
the models are not due to chance. This highlights the
validity of using Al, particularly deep learning models
like CNN, in clinical settings. Previous research, such as
[42], has also demonstrated that Al models trained with
multi-modal data are able to generalize well to unseen
patient data, providing a robust tool for real-world
clinical applications. This study supports the notion that
Al-powered diagnostic tools, when implemented
effectively, can potentially reduce the burden on
clinicians by offering more accurate and timely
diagnoses.

However, despite the promising results, there are
still several challenges to the widespread adoption of Al
in Alzheimer’s diagnosis. One significant challenge is
the availability and quality of multi-modal datasets.
High-quality neuroimaging, genetic, and clinical data are
not always readily available, especially in underfunded
healthcare systems or regions with limited access to
advanced diagnostic technologies. Additionally, while
Al models like CNN can offer impressive performance,
their interpretability remains a key concern in clinical
settings. Models such as CNN are often criticized for
being "black-box" models, where understanding the
specific reasons behind a diagnosis is not always clear.
This lack of transparency can hinder trust and adoption
in clinical practice, where clinicians need to understand
the reasoning behind Al recommendations. Methods
such as SHAP (SHapley Additive exPlanations), used in
this study to assess feature importance, can help improve
model interpretability by showing how specific features
(e.g., brain regions, genetic markers) influence
predictions. Nonetheless, further research is needed to
make Al models more interpretable and reliable for
clinical decision-making [43].

CONCLUSION

This study explores the potential of artificial intelligence
(Al) in enhancing the early detection and diagnosis of
Alzheimer’s disease through the integration of multi-
modal data, including neuroimaging, genetic, and
clinical information. The results from the comparative
analysis of different machine learning models
demonstrate that Convolutional Neural Networks
(CNNs) perform the best, achieving high levels of
accuracy, precision, and AUC, especially when
combined with multi-modal data. CNNs outperformed
other algorithms like Support Vector Machines (SVMs)
and Random Forests (RF), highlighting their superior
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capability to process complex data types and discern
intricate patterns in neuroimaging and genetic data. This
confirms the growing evidence from previous studies
that deep learning models, particularly CNNs, have a
significant role to play in the future of Alzheimer’s
diagnosis, given their ability to handle high-dimensional
data and produce reliable results in early disease
detection.

In comparison to traditional methods such as logistic
regression, which was used as the baseline model in this
study, Al models demonstrated markedly better
performance. Logistic regression’s relatively low
performance underscores the limitations of classical
statistical approaches in dealing with the vast complexity
of multi-modal data. These findings align with previous
research, such as, which pointed out the value of
neuroimaging in Alzheimer’s diagnosis, and who
highlighted the success of CNNs in medical image
analysis. Multi-modal data integration was key to
improving diagnosis accuracy, with neuroimaging
emerging as the most influential feature, consistent with
findings from who emphasized the importance of brain
imaging biomarkers in early Alzheimer’s detection.
Although genetic and clinical data also contributed
valuable insights, neuroimaging played the most
substantial role in model predictions.

Despite the promising outcomes, the study also
acknowledges the challenges that come with the
widespread implementation of Al in clinical practice.
While the accuracy and performance of Al models like
CNN are impressive, interpretability remains a
significant barrier to their adoption. The "black-box"
nature of deep learning models makes it difficult for
clinicians to fully trust and understand the decision-
making process behind the predictions. In clinical
settings, transparency is crucial for ensuring that Al
recommendations are not only accurate but also
explainable and actionable. Methods like SHAP
(SHapley Additive exPlanations), which we used to
assess feature importance, help mitigate this issue, but
more work is needed to make Al models more
interpretable and comprehensible for clinicians.

Another challenge is the availability and quality of
the data used to train these models. High-quality multi-
modal datasets are essential for training Al algorithms,
but such data is often not readily available, especially in
regions or healthcare systems with limited resources.
Moreover, integrating diverse data types—genetic,
clinical, and neuroimaging—requires advanced data
processing techniques and collaboration across multiple
disciplines, which can be difficult in real-world settings.

Nevertheless, this study underscores the
transformative potential of Al in early Alzheimer's
detection and diagnosis. The integration of multi-modal
data allows for a more comprehensive understanding of
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the disease and improves diagnostic accuracy, which is
crucial for providing timely interventions. Al algorithms,
particularly deep learning models like CNNs, offer
promising solutions for clinical decision-making by
enhancing the accuracy of early-stage Alzheimer’s
diagnosis. As the field of Al in healthcare continues to
evolve, future studies should focus on refining these
models, improving their interpretability, and addressing
data accessibility issues to ensure that Al can become a
trusted tool for clinicians in the fight against Alzheimer's
disease.

Hence, study reinforces the growing body of
evidence supporting the use of Al, particularly CNNS, in
the early detection of Alzheimer’s disease when
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