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ABSTRACT

The decline of brain functions due to the neurodegenerative process occurring over time with
aging is often referred to as Alzheimer's Disease (AD). This gradual breakdown of brain tissue is
responsible for the greater incidence of dementia and diminished capacity for thinking as adults
age. The continued research in this field has been complicated by the fact that pathological
changes in the brain frequently occur long before clinical symptoms are present. With advances
in both Al and neuroimaging technology, there are promising possibilities for identifying
disease-specific biomarkers for diagnosing AD at early asymptomatic stages. This review will
provide a detailed overview of how Al and neurocimaging-based biomarkers are being integrated
to diagnose AD as early as possible. The review assesses many types of biomarkers related to
Alzheimer’s Disease (AD) including genetic, molecular, Cerebrospinal Fluid (CSF), blood, and
digital biomarkers as well as their use in identifying pathological changes. Additionally, the review
provides a description ofimportant neuroimaging methods (MRI, PET, CT, and EEG) that contribute
to obtaining structural and functional information about brain abnormalities associated with AD.
Specific mention is made of Artificial Intelligence (Al) technologies such as machine learning,
deep learning, convolutional neural networks, and predictive analytical models that allow for
automatic extraction of features from large-scale medical data, identification of patterns, and
classification of data. In addition to exploring the potential benefits of Al-based diagnostic tools
for improving accuracy, shortening the time it takes to arrive at a diagnosis, and assisting in
making clinical decisions, the review also highlights many of the potential obstacles to successful
implementation of Al-driven diagnostic tools. Though there has been substantial evidence
produced that supports the viability of these tools, a number of factors remain as substantial
barriers to successful implementation: heterogeneous data sets; limited data availability;
difficulties in interpretation; ethical issues; no standardized method of clinical validation. Moving
forward, researchers will explore several possible solutions to these issues: integrating multiple
types of data; developing explainable Al models; and creating individualized predictive models
to provide better disease management. As a whole, the combination of artificial intelligence and
neuroimaging offers an exciting potential to revolutionize the early detection and diagnosis of
Alzheimer’s disease, enabling timely intervention, enhanced patient outcomes, and improved
treatment strategies.
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INTRODUCTION

An example of progressive neurological disease is the so-called
Alzheimer’s Disease (AD). Alzheimer’s disease is characterized
by such clinical manifestations as low level of cognitive function,
lack of memory, strange behaviour, and inability to perform
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daily routine on one’s own (Mace et al., 2025). One can claim
that Alzheimer’s disease is one of the most common causes of
dementia in the world. Furthermore, this disease affects the elderly
population only. The main characteristics of Alzheimer’s disease
are the presence of Beta-Amyloid (Ap) plaques in extracellular
space and neurofibrillary tangles of hyperphosphorylated tau
protein inside the neurons (DeTure et al., 2019). Due to these
characteristics, neurons start working improperly, synapses
get destroyed, and finally the brain suffer from atrophy. The
disease has become a significant public health issue due to the
fast-growing number of people who have reached old age. In
terms of the recent global statistics, millions of people around the
world suffer from dementia, with Alzheimer’s disease comprising
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about 60-70% of all these cases (Pritam et al., 2022). The number
of people suffering from this disease will grow drastically over
the coming years due to the increased life expectancy rates. The
growing prevalence of the disease not only affects its patients but
also creates a great pressure on the healthcare system, families of
these people, and economies. The growing prevalence rate of this
disease leads to an increased level of expenditure on health care
related to treatment, care, and hospitalization.

In spite of the remarkable progress made in medical science
and the research being done on neuroscience, the diagnosis of
Alzheimer’s disease still poses a big problem (Pritam et al., 2022).
The conventional methods of diagnosing the illness usually
employ clinical assessment, neuropsychological tests, cognitive
testing, and analysis of the patient’s history. But most of the time,
such techniques detect the presence of Alzheimer’s only when
there are already some signs of the disease, which is usually at
an advanced stage of the pathology. Neurodegeneration can start
long before any clinical signs are observed (DeKosky et al., 2003).
Also, there is the possibility that traditional diagnostic procedures
may suffer from subjectivity as well as variation in different
medical practitioners. This is because cognitive testing can lead
to inaccurate diagnosis in some instances due to the influence
of certain conditions like education level, age, emotional state,
and neurologic conditions. In addition to this, neuroimaging
techniques and laboratory tests, although helpful, may involve
specialized skills as well as costs. Differentiating between
Alzheimer's disease and other types of dementia or age-related
cognitive impairment can also be hard in certain cases. These
challenges bring out the need for effective diagnostic procedures.

The early diagnosis of Alzheimer's disease has received much
attention due to various benefits that arise from the condition
being identified early. The early identification of the changes that
happen within the body before neurons suffer any damage may
help in making important decisions clinically, and as a result, delay
the disease progression, thereby maintaining brain functioning
for a prolonged period of time. Early diagnosis will also be
useful for counselling the patients and their caregivers, changing
lifestyles, and other things. Additionally, early identification of
individuals at high risk of the disease will help in enrolling such
people in clinical trials that seek to develop disease-modifying
drugs (Cummings et al., 2016).

There has been increasing importance of using biomarkers in the
field of diagnosing Alzheimer's disease during the last few years.
These are biological markers that indicate the presence of any
biological activity going on inside the body. In case of Alzheimer's
disease, these biomarkers may include CSF biomarkers, blood
biomarkers, genetic biomarkers, and neuroimaging biomarkers
concerning Amyloid beta deposition, tau protein pathology,
neuronal injury, and brain changes. The development of
neuroimaging techniques including MRI and PET scans has made
it possible to identify brain changes because of this disease easily
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(Miesr et al., 2015). On the other hand, the fast progress in the
field of Artificial Intelligence (AI) has brought significant changes
in many aspects of health care such as medical imaging and
disease forecasting. Various Al techniques, especially Machine
Learning (ML) and Deep Learning (DL), have demonstrated
a great potential in analysis of big and complex data sets with
extremely high accuracy. In combination with biomarkers and
neuroimages, Al methods can help find some hidden patterns
and anomalies that cannot be discovered by means of traditional
data processing methods. It becomes possible to use Al to conduct
automated data feature extraction, classification, forecasting,
and risk evaluation, thus facilitating quicker and more accurate
diagnosis for clinicians (Ghaftar Nia et al., 2023).

Considering the rising significance of Artificial Intelligence
technology and biomarker studies, it is essential to have a
comprehensive knowledge base about the latest advances in this
highly dynamic area. It is the main goal of the present review
to provide a thorough analysis of Artificial Intelligence-based
biomarkers and neuroimaging techniques for the early detection
and diagnosis of Alzheimer’s disease. The presentreviewisaimed at
discussing various types of biomarkers, neuroimaging techniques,
Artificial Intelligence methodologies used in Alzheimer’s disease
studies, and their clinical importance. Moreover, the challenges
and perspectives related to the application of Artificial Intelligence
techniques in clinical practice in Alzheimer’s disease studies are
emphasized as shown in Figure 1 (Toumaj et al., 2024).

Pathophysiology of Alzheimer’s Disease

Alzheimer’s Disease (AD) is a multifactorial progressive
neurodegenerative disease caused by some pathologic factors
that are capable of causing injury to neurons and their cognitive
functioning. Even though the etiologic cause of the disease has
not been identified yet, there are certain physiological factors
which have been found to be associated with AD pathology. The
pathophysiology of Alzheimer’s disease involves accumulation
of amyloid beta peptide, dysfunctional activity of tau protein,
neuroinflammation, vulnerability to AD genetically and cellular
damage due to oxidative stress. These factors interact with each
other and eventually lead to synaptic dysfunction, neuronal
death, and changes in brain structure (Lepeta et al., 2016).

Amyloid-Beta Hypothesis

For a long period, amyloid-beta theory has been viewed as one of
the most credible theories concerning the origin of Alzheimer's
disease. As per the theory, the emergence of Alzheimer's
disease is caused by the incorrect APP processing. The normal
physiological function of the protein includes processes of
neuron regeneration and growth. In normal conditions, the
protein is processed through non-amyloidogenic mechanism.
In contrast, the APP processing by B- and y-secretase under
the conditions of Alzheimer's disease results in the formation
of AP peptides, namely AB40 and AP42 (Hur et al., 2022). All
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the peptides are dangerous, but the most dangerous is AP42
because it tends to aggregate in insoluble extracellular plaques.
The presence of amyloid-beta plaques affects the work of neurons
and initiates several negative physiological mechanisms. Namely,
the formation of amyloid-beta interrupts the synaptic processes,
disrupts the balance of calcium and provokes inflammation.
Moreover, amyloid-beta plaques cause the oxidation and death
of neurons.

While the amyloid-beta hypothesis has helped us gain more
insight into the pathophysiology of Alzheimer’s disease, several
findings have shown that the presence of amyloid alone cannot
explain the progression of Alzheimer’s disease. Studies have
suggested that the amyloid pathology might work along with
other factors like tau pathology and inflammation in Alzheimer’s
disease (Stancu et al., 2014).

Tau Protein Abnormalities

Abnormally modified tau protein constitutes another
distinguishing characteristic of Alzheimer’s disease. Tau protein
refers to microtubule protein, whose major function is to provide
stability to the structure of nerve cells and help in intracellular
transport of these nerve cells. Normally, the tau protein
associates with microtubules to ensure proper functioning of
neurons (Jhonson et al., 2004). However, in the case of patients
with Alzheimer’s disease, there develops an abnormal situation
in terms of hyperphosphorylation of tau proteins. As a result,
such proteins become dysfunctional and get dissociated from
the microtubules to form intracellular aggregates, known as
Neurofibrillary Tangles (NFTs). Neurofibrillary tangle formation
is another major factor in neuronal degeneration and brain
shrinkage. Research has shown that the occurrence and evolution
of the pathological presence of tau are related to a significant
extent with cognitive decline and the degree of the disease
itself. In contrast to the occurrence of amyloid deposits that can
develop many years before the onset of symptoms, the pathology
related to the presence of tau is often linked to memory loss and
functional decline (DeTure et al., 2019).

Neuroinflammation

Another crucial factor involved in the development of
Alzheimer's disease is neuroinflammation. Neuroinflammation is
associated with the functioning of microglia and astrocyte cells.
They have a protective role in the central nervous system when
functioning normally and maintain the balance in the brain since
they eliminate the dead cells and toxins. Nevertheless, prolonged
activation of the immune cells leads to chronic inflammation.
The formation of amyloid-beta plaques and neurons' damage
stimulates microglia activation and secretion of pro-inflammatory
agents, for example, cytokines, chemokines, and reactive oxygen
species. While an acute inflammatory process gives protection,
chronic inflammation is dangerous and causes damage to
neurons. Chronic neuroinflammation is accompanied by an
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increase in the amount of amyloid, hyperphosphorylation of tau
proteins, and neurons' death. Also, signaling in the presence of
chronic inflammation negatively influences the synapses and
promotes cognitive impairment. Scientific research shows that
neuroinflammation is not only the effect but also the component
of Alzheimer's disease (Wang et al., 2023).

Genetic Factors

Moreover, it is obvious that genes contribute to an increased
susceptibility towards Alzheimer's. This eitheris in cases of familial
(early onset) form, of which few, which involves a mutation in a
specific gene, namely the Amyloid Precursor Protein (APP) gene,
as well as in Presenilin-1 (PSEN1) or Presenilin-2 (PSEN2) genes
which may be involved in alteration of the processing of amyloid
peptides and can lead to higher formation of amyloid beta species
which in the pathogenic one’s cause diseases. Most patients,
nevertheless, suffer from AD with a late onset and sporadically
influenced by many factors (genes, environmental conditions and
life style) and risk factors (Qiu et al., 2009).

Oxidative Stress

There is another key player in Alzheimer's: oxidative stress. In
a nutshell, Oxidative Stress happens if the cellular antioxidants
balance their defensive abilities by generating over-the-top free
radicals (Almughamisi et al., 2026). The brain's metabolic rate is
very high; this is one thing the oxidative protection cannot match.
That means Alzheimer-suffering patients generally face a bigger
danger of suffering from it. The free radicals have a way to damage
the lipids, protein structure, even DNA let alone membranes then
you just know nothing can work right, and the Neurons have been
injured or killed. Scientists think that one cause of Alzheimer's is
that amyloid plaques build up and mitochondria malfunction; this
leads to the production of so much free radicals that more Amyloid
can stick and tau-protein build up and eventually, the Neurons
are injured. These processes together promote inflammation of
brain and impairment of neurons' connections that leads to cell
death. It makes sense why the scientific community has to focus
so much attention on decreasing of oxidative damage. To put it
in a nutshell, Alzheimer’s develops due to several co-dependent
biological process that make Neurons die, and result in a loss
of cognitive function. This knowledge can bring about new
biomarkers and have been extensively researched to bring about
innovative Al solutions for a more accurate diagnostic tool as well
as for individual therapeutic management strategies as shown in
Figure 2 (Ali et al., 2023).

Biomarkers in Alzheimer’s Disease

In the diagnosis, monitoring, and characterization of Alzheimer's
Disease (AD), the application of biomarkers has increasingly
become indispensable. A biomarker is defined as an objective
measure used to study and indicate normal biologic processes,
the action of drugs, or responses to therapeutic treatment of
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disease (Puntmann et al., 2009). Because the process that leads to
Alzheimer's disease begins a decade or more before it is clinically
evident, researchers are exploring biomarkers that can detect AD
earlier and support a clinician’s efforts to discriminate it from
other neurodegenerative conditions. Discoveries over the last
few years in molecular biology, genetics, and neuroimaging have
characterized multiple biomarkers of amyloid accumulation,
tau pathology, neuron degeneration, and architectural brain
abnormalities that may enable a new generation of biomarkers
that target a range of AD-associated phenomena in CSF, blood,
gene expression, and brain imaging (Mankhong et al., 2022).
Combined approaches to biomarkers have shown tremendous
promise for more precise and earlier detection.

Cerebrospinal Fluid Biomarkers

Alzheimer disease CSF biomarkers: One of the most studied
and clinically tested CSF biomarkers used for the diagnosis of
Alzheimer’s Disease. Cerebrospinal Fluid (CSF) surrounds your
brain and spinal cord which means abnormalities occurring in
the central nervous system can manifest within the fluid. By
measuring particular proteins in CSF samples, it is possible to
get an idea of the specific underlying pathologies of the brain
occurring throughout Alzheimer’s (Blennow et al., 2017).

Amyloid-beta 42 (AB42)

Amyloid-beta 42 (A42), a marker of disease which may predict
the future risk of dementia Amyloid beta 42 is a substance
in Cerebrospinal Fluid (CSF), which is strongly suspected
to contribute to the disease processes occurring in the brain
(Hannson et al., 2019). A42 is created by the enzymatic cutting
of amyloid precursor protein, a large protein precursor, and is a
strongly aggregated and more readily deposited protein product
compared to the less soluble variantA40. In individuals with
Alzheimer’s disease CSF concentration of A42 levels tend to
be lowered, as the more amyloid beta peptides are deposited in
brain tissues in the form of amyloid plaques the levels in CSF
decline. Lower levels may even be observed for some years before
the clinical manifestation of the disease and can be a useful
tool for prediction. The reduced levels of CSF A42 have shown
promising results in numerous studies when distinguishing
between Alzheimer’s disease patients and cognitively healthy
controls or patients with other types of dementia. Because A42
alone, however, has its limitation, A42 is generally measured in
combination with some markers based on tau (Spies et al., 2010).

Total Tau (t-Tau)

Tau proteins are essential structural and transport molecules of
the microtubules in neurons, responsible for maintaining cell
integrity. Tau proteins are released into the CSF as a consequence
of neuronal damage (Tsitsopoulos et al., 2013). Total Tau (t-Tau)
Total tau represents the sum concentration of all tau protein in the
CSF and can be an indication of neurodegeneration and neuronal

Life Science Research Communications, Vol 2, Issue 3, Sep-Dec, 2026

damage. Increased total tau levels has frequently been described
in Alzheimer's Disease patients and are generally regarded as
proportional to neuronal damage in this population (Mattsson et
al., 2016). It does not distinguish between Alzheimer’s pathology
from other sources of neuron damage, unlike the amyloid beta
tests, and therefore, while it provides valuable data as part of a
biomarker combination, it would not by itself diagnosis the
condition, although it can offer a good indicator of disease
progression and severity.

Phosphorylated Tau (p-Tau)

This indicates that p-Tau represents a more specific marker of
Alzheimer’s disease pathology. In AD, tau proteins are abnormal
hyperphosphorylated, forming neurofibrillary tangles in neurons.
The level of phosphorylated tau in CSF is well correlated with
the underlying tau pathology and formation of neurofibrillary
tangles. It also appears more specific to AD than does total tau,
with promising evidence in differentiating Alzheimer's from
other forms of neurodegenerative diseases. A panel composed of
lower A42 and higher t-Tau/p-Tau has already been one of the
most utilized profiles of AD biomarkers (Van Harten et al., 2022).

Blood Biomarkers

while the biomarkers found in CSF can offer
much-needed insights, CSF is accessed via lumbar puncture
which can be inconvenient and might not be suitable for
large-scale screening. Hence, much effort has been made into
blood biomarkers that are easy and cost-effective to obtain by

simply using simple blood test methods.

However,

Plasma Tau

Plasma tau proteins, a new class of biomarkers, hold promise
for Alzheimer's diagnosis and follow-up. Development of
ultrasensitive tau detection methods allows for the quantification
of low plasma concentrations. Several research findings indicate
that increased plasma tau is related to clinical symptoms and
disease severity, with specific phospho-forms such as p-taul8l
and p-tau217 showing significant diagnostic ability in a blood test
for Alzheimer's (Ashton et al., 2025). This has implications for
population-based screening programs to facilitate early detection
of at-risk individuals. Additional validation studies, however,
need to be performed before it can be implemented in routine
practice.

Neurofilament Light Chain (NfL)

NfL a biomarker of neurodegeneration The NfL, one component
of the structure of the axone, can pass into our body fluid when
neuronal lesions or neuron degeneration occurs (Yuan et al.,
2021). High blood NfL concentrations in patients diagnosed of
many types of neurodegenerative disease, such as the Alzheimer's
disease, have been reported. Higher plasma concentrations
are markers of an active neuronal loss and may correlate with

209



Sharma, et al.: AI-Based Biomarkers and Neuroimaging in Alzheimer’s Detection

clinical decline and progressiveness of the disease. While NfL is
not a disease specific biomarker, it is a good general marker for
neurodegeneration which may be useful for tracking patients.
This marker together with others may have a higher value for
diagnosis and prediction.

Genetic Biomarkers

The understanding of diseases risk including the predisposition to
the AD can help find affected individual with a greater tendency.
Genetic predisposition is an essential determinant of Alzheimer's
Disease, both the familial and the sporadic forms (Dorszewska et
al., 2016).

APOE €4

In relation to the development of late-onset Alzheimer's disease,
APOE is a genetically significant contributing factor, having the
strongest established linkage. In humans, three major variations
(APOE 2, 3 and 4 allele) of the APOE gene occur, among which
is the APOE4 allele, which is highly correlated with disease
likelihood (Laws et al., 2003). In relation to development of
Alzheimer's, one copy of APOE 4 appears to confer risk, whilst
a second copy has a high probability of presenting an even
greater risk of development, and potential earlier age of onset.
As one APOE 4 copy does not directly lead to development, but
contributes by acting on various mechanisms contributing to
the pathogenesis of Alzheimer's namely amyloid metabolism,
deposition and repair, APOE genetic profiling is routinely
considered for in Alzheimer's research (Fortea et al., 2024).

Gene Mutations

Mutations in specific genes have also been identified with the
cause of Alzheimer's disease. APP gene mutation, PSEN1 gene
mutation, and PSEN2 gene mutation are usually linked with the
earliest occurring forms of Alzheimer's disease (Rademakers et
al., 2003). These gene mutations influence amyloid metabolism
and thus increase the number of damaging amyloid-beta
peptide. However, the number of people suffering from familial
Alzheimer's disease are smaller compared with people from the
non-familial Alzheimer's cases.

Imaging Biomarkers

An introduction to brain biomarkers used to measure structural
changes during the progression of Alzheimer's disease. These
imaging techniques are non-invasive tools that allow physicians
to capture the structural, functional, and molecular changes in the
brain that occur with this form of neurodegenerative dementia
(Laforce et al., 2018). The different types of brain biomarkers for
the study and analysis of Alzheimer's' are discussed below.

Magnetic Resonance Imaging (MRI)

Magnetic Resonance Imaging (MRI) is widely used for evaluating
structural changes associated with Alzheimers disease. MRI
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provides high-resolution images of brain tissues and allows the
assessment of regional brain atrophy. One of the most important
findings observed in Alzheimer’s disease is hippocampal atrophy,
which is strongly associated with memory impairment (Dhikav
et al., 2011). MRI can also identify cortical thinning, ventricular
enlargement, and reductions in gray matter volume. Additionally,
advanced MRI techniques such as functional MRI and diffusion
tensor imaging can provide information regarding neuronal
connectivity and functional alterations (Dijkhuizen et al., 2012).

Positron Emission Tomography (PET)

With the use of advanced tracer technology, Positron Emission
Tomography (PET) may assess not only anatomic information but
also some changes of molecular or biologic nature in the brain such
as detection of both tau pathology and/or Amyloid-Beta (Abeta)
plaque deposition (Chen et al., 20219). Amyloid PET could be
able to demonstrate accumulation of Abeta in a relatively early
stage, whereas FDG-PET may asses regional metabolism which
is depressed in the regions afflicted with Alzheimer Disease (AD)
(Maleki Balajoo et al., 2022). Although its utility is evident, PET
is relatively costly, and not readily available.

Computed Tomography (CT)

Computed Tomography (CT) imaging provides cross-sectional
views of the brain anatomy, and may also be utilized for assessing
brain atrophy, as well as to rule out other potential neurological
diseases (Fox et al., 2004). The CT imaging has been shown to
be less sensitive than MR imaging for the subtlest abnormalities
encountered in the very earliest stages of AD. CT imaging may be
more readily available, inexpensive, and acquisition of images can
be performed quickly in many centers, supporting an important
role of CT imaging as a tool that helps a physician identifying
structural abnormalities and supporting differential diagnosis
in clinical practice. In summary, biomarker techniques have
revolutionized the diagnosis and characterization of AD through
improved early and accurate detection of pathological features of
the disease, whereas combination of several biomarker modalities
with Artificial Intelligence based approaches will further boost
diagnosis specificity and will support tailored therapies for the
AD as shown in Table 1, (Wahul et al., 2025).

Artificial Intelligence in Alzheimer’s Diagnosis

With the continuous development of biomedical data resources,
computing technologies, and machine learning algorithms,
Artificial Intelligence (AI) has become a prominent technology,
which has made a significant contribution to the diagnosis and
management of neurological diseases such as Alzheimer's Disease
(AD) (Patel et al., 2021). The application of Al technologies in
Alzheimer's disease has shown its capacity to enhance diagnostic
efficiency, monitor the progression of underlying pathology in
early stages, and implement personalized treatment approaches.
Alzheimer's disease diagnosis usually involves the application
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Figure 1: Overview of Alzheimer's disease progression and diagnostic pathway.

of imaging examination, cognitive tests, biochemical and
immunological indicators and genetic tests in clinic examination.
However, traditional diagnosis method cannot detect pathological
change in early stage well. By learning from a lot of different kinds
of biomedical data including scans, biomarkers, blood markers,
genes and patients’ status, Al techniques have the capacity to mine
concealed regularities hidden in those high-dimension data and
help to make an early prediction. Several Al methodologies can be
adopted to apply to the AD diagnosis including machine learning,
deep learning, predictive analytics and clinical decision-support
systems (Mohsen et al., 2025). These are becoming a central part
of the precision medicine applications.

Machine Learning

Machine learning is a subfield of artificial intelligence which
permits the systems to achieve knowledge of data with none
explicitly programming, to form predictions and identify
knowledge patterns from knowledge. The machine learning
algorithms area unit significantly used in Alzheimer's disease
analysis to classify patient into specific classes, discover the
new Alzheimer's disease biomarkers, and predict progression
of disease (Grueso et al., 2021). The structure of the Machine
Learning models comprises of data preprocessing, feature
extraction, training and classification, respectively. The clinical
information, neuroimage feature, genetic data and biomarker
levels are typically used as input. Machine learning models then
capture the relationship in the dataset and then apply these trends
to classifying an individual as normal, MCI or Alzheimer’s disease.
Advantages are: Accuracy, less human bias, Handling huge
dimensionality datasets. Several ML techniques are successful for
the diagnosis of Alzheimer disease (Dara et al., 2023).

Life Science Research Communications, Vol 2, Issue 3, Sep-Dec, 2026

Random Forest

Random Forest is an ensemble machine learning that uses a set
of decision trees to improve prediction accuracy, because not
using one but multiple trees, but several individual ones and to
combine results so to perform final prediction. Random Forest
has been applied in study on AD because they work fine for the
high number and the complex interactions of features available
for AD-related datasets like the ones in neuroimaging, for
biomarkers, in demographic information and for genetic data
(Lia et al., 2022). These models offer information about feature
importance which make researchers find the most critical
biomarkers for disease development. The fact that it has built-in
methods for missing values and a way to reduce the possibility of
over-fitting contribute to make Random Forest highly attractive
in clinical context. It has already been shown that these models
have satisfactory accuracy on distinguishing AD from healthy
participants as well as from those with mild cognitive impairment
in AD classification.

Support Vector Machine (SVM)

In the field of Alzheimer’s research, SVM is one of the frequently
used supervised ML techniques (Arya et al., 2023). It performs
classification of various groups by identifying the boundaryline or
the hyper-plane which differentiates the various groups and tries
to increase the difference between the various groups to improve
the classification accuracy. As SVM are particularly successful
for high-dimensional biological information from MR scans and
biomarker-based data set. Hence, a lot of researches used SVM
techniques on classification of healthy subject from patient with
mild Alzheimer’s to severe disease and to estimate progression of
disease. Research shows the efficiency in distinguishing between
the different types of AD. Another main strength of SVM is that
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it is one of the few techniques used even with smaller samples of
patients with promising efficiency, however the parameter, and
the kernel selection for better results need optimization of the
algorithm for classification.

Decision Trees

Another popular algorithm that falls under this category is the
usage of decision trees in disease classification. Decision trees,
as the name itself suggests, use tree-like models to arrange data
that leads to final classification outcomes, with a split of datasets
based on selected characteristics of data, repeating recursively,
until finally a disease is diagnosed. The data sets can vary widely,
in the Alzheimer's disease context it can consist of biomarker
results, images, etc. This type of classification algorithm has
certain advantages due to the clarity and easy to follow nature of
visual representation. Decision trees also present the advantage to
interpret, easily, the results leading to a specific classification thus
enabling clinical decision (Chen et al., 2021). However, single
decision trees are often observed to be unstable and perform
poor by causing over fitting, hence many ensemble techniques
including random forests incorporate them.

Deep Learning

Machine learning and artificial intelligence are both fields that
contain machine learning technologies and artificial intelligence
techniques. Machine learning has, more recently developed
in more details into a concept, called deep learning. The deep
learning is an artificial algorithm by using information to
perform different patterns which contains machine learning,

- @ - — 2
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etc... It represents itself with deep stacked layers of artificial neural
network for pattern recognize, in order to learn representation
directly from data without the previous feature extracted (Shin
et al., 2012). This method can find some pattern through huge
amount data and help a doctor when dealing Alzheimer disease.

Convolutional Neural Networks (CNN)

Convolutional Neural Networks (CNNs), a popular category of
deep neural architectures, are frequently applied to the area of
medical image analysis. CNN-based techniques are well-suited
for the analysis of pictorial data that occurs frequently with
MRI, PET, and CT imagery (Hussain et al., 2024). Image data in
medical applications can undergo pattern detection via CNN’s,
which will utilize these “filters to extract feature representations
automatically” In instances such as Alzheimer’s detection, there
are various features that the CNN can recognize: “hippocampal
volume, cortical thickness, and pattern of organization among
brain tissues”. Researchers are successfully designing CNN
algorithms for medical data as studies have been published
showing high diagnostic precision in distinguishing Alzheimer’s
from normal subjects, and some that identify individuals who
have Mild Cognitive Impairment (MCI) and may likely decline
(Sorour et al., 2024). Such methods will further benefit from
fewer labour-intensive feature engineering processes.

Recurrent Neural Networks (RNN)

A deep learning approach to longitudinal analysis of Alzheimer's
Disease (AD) is progressive. Patients often have medical records
and clinical assessments taken on several occasions during their
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Figure 2: Major molecular mechanisms involved in Alzheimer's disease pathology.
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Table 1: Major biomarkers used in Alzheimer's disease diagnosis.

Biomarker Type Clinical significance Limitations
Amyloid-f Amyloid biomarker Detects amyloid Can be

(AP42, plaque deposition; useful for early abnormal years
AP42/AB40 ratio) diagnosis Before symptoms;

Limited disease
severity correlation

Total Tau (t-tau) Neurodegeneration Indicates neuronal injury and Elevated in Multiple
biomarker degeneration Neurological disorders;
low specificity
Phosphorylated Tau Highly associated May vary
Tau (p-taul8l, pathology biomarker with neurofibrillary across assays
p-tau2l17, p-tau231) tangles; improves diagnostic accuracy and clinical settings
Neurofilament Neurodegeneration Reflects axonal damage and disease ~ Increased in Several
Light Chain (NfL) biomarker progression Neurodegenerative
diseases, not specific
to Alzheimer's
Glial Fibrillary Neuroinflammation Indicates astrocyte activation and Can increase in other brain
Acidic biomarker early disorders
Protein (GFAP) pathological changes and injuries
YKL-40 Neuroinflammation Associated with Limited
biomarker Glial activation specificity and routine clinical
and inflammatory response use
Neurogranin Synaptic dysfunction Reflects synaptic loss Mostly measured in CSF;
biomarker and cognitive decline limited standardization
Brain Imaging biomarker Shows structural Atrophy may occur in normal
atrophy (hippocampal brain changes aging and
volume loss) related to disease progression other dementias
Reduced Functional imaging Detects Reduced High cost and
Glucose biomarker brain metabolic activity limited availability
Metabolism
(FDG-PET)
a-Synuclein Associated biomarker Helps identify Not specific for

overlapping neurodegenerative

Alzheimer's disease

processes

life span thataccumulate information about progression of disease.
Recurrent Neural Network (RNN) is a category of deep learning
methods used to predict output values using previously predicted
or previously calculated outcomes. RNN model can be trained
and is able to capture the relationship of input output variables
and can utilize that information to analyze temporal progression
or future events (Yang et al., 2019). In case of studying medical
history, it may be important to include time-series data of some
variables such as multiple evaluations of cognitive score over
time, levels of AD biological markers, patient's status throughout
life-time and clinical records. RNN can utilize that information
by including memory cells in the deep learning structure, analyze
trends in disease over time and forecast clinical consequences or
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predicts future health states (Patharker et al., 2024). RNN was
successfully utilized to predict future decline of AD on the base
of clinical, biomedical data. Long Short-Term Memory (LSTM)
network is a type of RNN that can effectively capture long-range
interactions in sequences. LSTM was employed by several
recent study of Alzheimer to predict disease severity or stage
(Aghajanian et al., 2025).

Predictive Analytics

Predictive analytics involve using machine learning algorithms,
historical data, and statistical methods to predict the likelihood of
future events. Scientists have developed algorithms for predicting
which individuals are most likely to develop Alzheimer’s
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disease before they develop more obvious cognitive problems
(Spasov et al., 2019). Alzheimer's research centers predict risk
by combining patient data sources including health history and
biomarkers from clinical data, genetics, and medical images of
brains to assess disease risk and rate of progression. Models may
be used to predict who among those with MCI (Mild Cognitive
Impairment) may develop Alzheimers. Having risk scores
means patients can participate in preventive therapies and take
Lifestyle measures to try to keep brains healthier, which would
mean having more healthy neurons available when treatments are
prescribed. Predictive models may also help trial planners choose
suitable participants to receive innovative therapies (Weissler
et al., 2021). The systems that employ Artificial Intelligence can
also identify populations needing extra observation and early
healthcare services.

Clinical Applications

With the introduction of AI into clinical care, exciting
opportunities exist for enhancing the accuracy of the diagnosis of
Alzheimer's disease, and its management. As a clinical decision
support tool, an AI may help clinicians make better decisions
using various pieces of patient data. For instance, neuroimaging
techniques, such as MR and PET imaging, have traditionally been
vital for diagnosing neurological diseases, and Al analysis may
accelerate this diagnostic process through the automated detection
of abnormalities (Bacon et al., 2024). Moreover, Al offers further
possibilities, such as processing biomarker data. If multiple
biomarkersare coupled withimagingdataand geneticinformation,
an Al model can provide a tailored approach to disease diagnosis
and prediction. The future of Al also offers potential applications
in remote patient monitoring and digital health systems, utilizing
technology such as wearables to perform constant real-time
cognitive and behavioural assessments. However, a number of
obstacles may hinder clinical adoption. Future clinical adoption
of an AI decision support will be dependent upon overcoming
obstacles concerning data quality, model interpretability, privacy,
and the ethical implications. Big and unbiased data needs to be
made available to facilitate generalisation of such AI models.
Transparency and the explanation of how the algorithm comes
to conclusion should also be in place so that clinicians will
trusts such Al model in decision making and utilize Al in
assisting clinical processes. Al is currently at a crucial juncture
in Alzheimer's diagnosis and with the combination of techniques
such as machine learning, deep learning, predictive modeling,
AT has huge potential in early detection of diseases and enabling
highly individualized Alzheimer's patient care (Fabrizio et al.,
2021). Future developments will allow Al to play an even greater
role in Alzheimer's disease, as shown in Figure 3.

Neuroimaging Approaches

Alzheimer disease and

neuroimaging  Alzheimer

diagnosis
Disease

understanding  with
(AD) diagnosis, and
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pathogenesis evaluation and understanding has substantially
relied on different neuroimaging approaches (Marquez et al.,
2019). These methods allow us to probe into alterations of the
structure, function, and molecules within the AD affected brain.
Alzheimer pathology can begin in the brain many years prior to
clinical symptom onset, and the imaging studies become more
useful in an early detection of the disease and to follow disease
progression with time. The improvements of imaging technique
render us able to visualize the abnormalities that occur during
AD such as the deposition of amyloid plaque, degeneration of
neuronal cell, alternation in neuronal connection, and change
in the brain metabolism and functionality. Different kinds of
cognitive tests and clinical observation might be unable to
perceive minimal alterations in the disease in the early phase of
Alzheimer’s disease while neuroimaging examination provides
a quantitative measure to confirm the diagnosis, to characterize
the pathogenesis and importantly to develop Al-driven disease
risk prediction and identification of biomarkers of AD. The main
types of neuroimaging techniques used to study AD are:

o Magnetic Resonance Imaging (MRI).
o Positron Emission Tomography (PET).
o Functional Magnetic Resonance Imaging (fMRI).

o Electroencephalogram (EEG).

Magnetic Resonance Imaging (MRI)

MRI is one of the most common neuroimaging techniques
used to examine structural brain changes found in Alzheimer's
disease. It relies on strong magnetic fields and radiofrequency
pulses to produce detailed image scans of the brain’s structures
without the use of ionizing radiation. Due to its good spatial
resolution and soft tissue contrast, MRI has become a valuable
tool in the assessment of neurodegenerative conditions. Changes
found in MRI of the Alzheimer's brain include: Atrophy of the
hippocampus (a structure critical for learning and memory
that is extremely vulnerable to Alzheimer's-related cell loss).
The decrease in size of the hippocampus is one of the first signs
of the condition on brain scans. The progressive reduction
of the thickness of the outer part of the cortex (Gray matter).
Progressive dilatation of brain ventricles. Reduction of overall
brain volume. It’s not limited to changes in the hippocampus;
Alzheimer's is also typically associated with shrinkage in regions
such as the frontal, temporal, and parietal lobes. Changes in
structure can correspond with the worsening of Alzheimer's
as cognitive symptoms progress. Other methods MRI is being
explored more for its use as an imaging technique for identifying
and characterizing other changes occurring in Alzheimer's, such
as: Using Diftusion Tensor Imaging (DTI), a special kind of MRI
technique used for examining water diffusion in the body that
may reveal white matter abnormalities in Alzheimer's (Ji et al.,
2017). Functional MRIs are also being studied in an attempt to
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identify Alzheimer-related differences in brain activity patterns.
MRI has advantages that include being non-invasive, using no
radiation, providing good anatomical images and having the
capacity to distinguish between various tissues in the body. Its
limitations include its cost, time-consuming procedures, and
its failure to adequately show evidence of early disease onset in
Alzheimer’s.

Positron Emission Tomography (PET)

The Positron Emission Tomography (PET) scan is a useful
tool in assessing metabolic and cellular functions in the body’s
organs such as the brain (Phelps et al., 2000). For AD the test
takes radioactive tracer substances which in turn build up into
regions with the particular disease being visualized to determine
abnormalities with regard to Alzheimer’s.

1) Assessment of the amount of beta-amyloid being deposited
is being done with special PET scan imaging. Amyloid in brain
tissues deposits and builds up even a number of years before there
are any symptoms related to Alzheimer’s. With special tracer
for amyloid PET imaging will show the area of plaque build-up
within brain cells (Kung et al., 2012), which allows one to observe
at an early time that one has increased risk factors or if they
already have AD without outward signs yet.

2) FDG-PET scanning. This is another used PET scan for AD.
PET can tell the activity level of glucose metabolism in the brain’s
cells. Glucose in brain’s neurons fuels with high energy level
to provide brain cells with its need of glucose to be carried out
properly. A decrease of metabolic activities and consumption rate
of glucose may be an indication of loss of brain functioning and
or disease progression. It has been shown that patients that has
suffered Alzheimer’s, there is often a decline in metabolism in
either areas of their parietal or temporal cortex of their brains.
This decrease can often be detected during the progression stage
of Alzheimer (Mosconi et al., 2008). PET has now been used to
examine tau pathology through imaging of the abnormal tangle
formed from tau in Alzheimer’s disease, which will help for better
understanding from both the assessment of both beta-amyloid
and tau pathologies simultaneously in the disease process
(Moloney et al., 2021). However, due to expense, accessibility to
special facility and radioactive exposure PET cannot be widely
available.

Functional Magnetic Resonance Imaging (fMRI)

Functional Magnetic Resonance Imaging (fMRI) is a high-tech
method of imaging brain activity by observing changes in oxygen
levels in the blood. Functional MRI differs from other methods
of imaging the brain that the other images mainly observe for
anatomical alterations like MRI and not changes of activity. Since
the activity of neurons within the brain demands a supply of blood,
when active blood flows throughout, supplying the necessary
oxygen and nutrients and increasing the oxygen level in the
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surrounding tissues of brain. The Blood Oxygen Level-Dependent
(BOLD) signal generated by the brain from fMRI is observed
and presented on images showing brain activity. The studies in
Alzheimer disease research have utilized fMRI widely (Galvin et
al., 2011). These studies were aimed at examining the change in
functionality and network connections of the brains of people. It
has been proved through the fMRI study that the communication
of signals in between different parts of human brain is not that
consistent in people suffering with Alzheimer disease, especially
the sections of brain that are involved in different cognitive tasks.
The most talked about brain network DMN, which consists of
the brain sections responsible for cognitive functions as well as
memory, shows abnormal brain activity in Alzheimer patients,
even at an earlier stage. Additionally, functional MRI images
provide us an overview of compensatory responses, in the event
that one brain area enhances functioning to compensate the loss
of functionality. The information provided by the technique has
very importance in study and understanding about brain diseases.
Functionality, is what that concerns a number of scientists
studying such diseases, so non-invasive, as this technique is, is
it worth applying. Unfortunately, it may get hard sometimes to
interpret the signals that generate out of this process of brain
examination because of complexity.

Electroencephalography (EEG)

Electroencephalography ~ (EEG) is a
neurophysiological procedure performed for the recordation of
electrical activity generated by neurons (or brain cells) (Beniczky
et al., 2020). EEG allows us to assess the activity of the brain over
time with use of electrodes that have been placed on the outer
skull region. Different than MRI, and PET imaging techniques
EEG has excellent temporal resolution, allowing for rapid
assessment of neural dysfunction in real-time. In recent years, the
interest has grown about usage of EEG, since it is cheap, mobile,
allows examination of the neural abnormalities associated with

non-invasive

Alzheimer’s Disease, and has the ability to define alterations in
EEG which can be unique to AD. In the context of AD, there
have been evidences showing characteristic patterns of alteration
in EEG including slowing of the brain wave activity, diminution
of higher frequency waves, and increased low frequency activity.
Such patterns indicate defective neuronal interaction and
impaired cognition. EEG is also used to examine the functional
interconnectivity of brain regions as well as changes in neural
networks related to disease progression (De Haan et al., 2009).
A variety of EEG-derived markers have shown evidence as
useful indicators for early diagnosis and forecast of cognitive
deterioration. Moreover, the usage of EEG for Alzheimer’s
classification by applying Artificial Intelligence is now a subject
of interest and several studies demonstrated good performance
achieved by applying various artificial intelligent algorithms
like machine learning and deep learning for that task. The main
drawbacks of EEG include relatively low special resolution
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compared with PET and MRI imaging and susceptibility of EEG
signals to artifact and external noise. In conclusion, neuroimaging
is providing new avenue in diagnostics of AD with visualization
of various pathological changes (molecular, structural and
functional) in the brain in addition to various forms of Al
integrated analysis and biomarker-based techniques, as shown in
Table 2.

CURRENT CHALLENGES AND LIMITATIONS

While Artificial Intelligence (AI), biomarker technologies, and
neuroimaging have shown tremendous promise in enabling
early and accurate diagnosis of Alzheimer's Disease (AD) and
improved management outcomes for patients, there are several
challenges and obstacles to its broad adoption and application
in clinical settings. Efforts toward developing sophisticated
machine learning algorithms, deep learning systems, and
biomarker-integrated diagnostic tools have been quite successful,
but the integration of these technologies from the research
laboratory into standard clinical use has proved to be arduous.
Many aspects-data utilization and acquisition, model reliability
and predictive validity, ethical issues, costs and reimbursement,
and the need for validation in clinical practice-are persistent issues
in the development of effective and widely deployable Al tools for
AD diagnostics (Sagkriotis et al., 2025). Successfully addressing
these problems will provide the necessary technology framework
that allows health care professionals to accurately and efficiently
make important decisions and provide timely interventions for
the benefit of patients.

Small Datasets

A Significant Challenge for AD diagnosis models - The
paucity of sufficient training datasets for developing Artificial
Intelligence models for diagnosing Alzheimer’s Disease (AD),

2 @

PatientData  Imaging  preaare
Clinical History MRI Scans Anatomical
Cognitive Scores PET Scans Analysis
(MMSE) Identify
@ Biomarkers

an enormous and diverse data is an unavoidable requisite. In
general, large amounts of high-quality training data are needed
to build robust deep learning AI models and optimize their
performance. Nevertheless, collecting large training data in
Alzheimer’s research could be rather difficult to comply, due to
a host of clinical and/or experimental restrictions. The size of
Neuroimaging based patient studies usually limited by cost, scan
duration (MRI and PET scans can be costly) and the procedures
to obtain CSF and longitudinal data can be considered to be
invasive, this is one reason why patients were less readily enrolled
in AD studies (De Leon et al., 2004). Datasets used, may vary
due to different participating hospitals or sites; patients may show
variation in demographic features, imaging methods, and clinical
assessments across differing clinical practices or sites and thus
this would potentially affect generalization capabilities. Limited
sized data increases the probability of generating sampling bias
so, Al model built from small sized sample is capable to perform
very well at experiments, but the model may not perform well at
clinical practices.

Overfitting

Overfitting is another crucial challenge. In machine and deep
learning for Alzheimer's disease, overfitting happens when an Al
modelbecomes so highlytuned to the specific training setandlearn
to capture irrelevant patterns and noise instead of generalizable
characteristics of the disease pathology. The model is good at
training, but when it is used on unseen and new data. This type of
issue is really serious in medicine since usually training datasets
tend to be relatively small and of high dimensions. For instance,
many neuroimaging datasets can contain thousands of Features
from MRI or PET data. Whereas available patient number are
still smaller than feature number. There were some methods
developed to deal with over-fitting including data augmentation,

Risk

%
@3 | B

o

‘ : 95%
45%

TR sogass S
Supervised Risk Final

Learning Assessment Classification
Training & Classification | | Clinical Report
Validation Probability

Figure 3: Workflow of Al-based Alzheimer diagnosis system.
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cross-validation approaches, regularization, ensemble learning.
And transfer learning where existing trained model were utilized.
Nevertheless, the optimal compromise between complexity of the
model and generalization remains to be found. New datasets will
give better results (Nguyen et al., 2022).

Ethical Issues

Ethical Concerns Artificial Intelligence has continued to become
more popular across healthcare system use; it has raised ethical
considerations about the use of diagnostic Al technologies that
collect, use, and store sensitive personal patient information that
includes personal medical records, genomic data, biomarker
profiling, and neurological imaging results. The protection
of patient’s confidential information, privacy, and data can
compromise patients with any information theft and unauthorized
usage that can harm patients and organizations alike. Data
governance processes, as well as specific laws to protect the data,
are needed. Algorithmic bias is one of the most critical issues faced
in using the AT for health-tech development (Mohammed et al.,
2025). The AI system learns using training data that represents
particular demographic segments if the dataset that Al has been
trained upon does not encompass diverse and relevant data-based

patterns, there could be a likelihood that AT algorithms develop
bias that’s expressed in an unequal health-related decision and
result to health system disparity. In the case that there is specific
racial group training, it might lead to a poorer prediction rate if
other ethnicity demographic based models being tested for the
same diagnosis. Al's transparency, explainability is another issue.
One main area for Al concerns a variety of deep learning systems:
that it's usually a 'black box' (Marey et al., 2024). Many Al-based
deep learning systems for diagnose can be described as 'black
boxes' and the underlying decision-making logic might not clear
for physicians to understand what is leading their final outcome.
Health care providers may be less trust and confidence with the
AT diagnoses or predictions if there is any uncertainty with the
decision processes, so, the results derived cannot be understood.
Lastly, the discussion of informed consent, data ownership and
decision liability are other concerns related to AL

Cost

Financial factors, too, pose significant obstacles for the adoption
of Al-based biomarkers and neuroimaging in AD diagnosis
(Ben-Jaafar et al., 2026). Training and utilizing an Al system
can be extremely costly, demanding massive computing power,

Table 2: Comparison of neuroimaging techniques for Alzheimer's disease diagnosis.

Technique Advantages
Magnetic Non-invasive;
Resonance provides detailed
Imaging (MRI) structural brain images;
detects
hippocampal atrophy
Computed Tomography Widely available;
(CT scan) quick imaging
process;
lower cost than MRI

Fluorodeoxyglucose Positron Detects reduced

Emission glucose metabolism and
Tomography functional abnormalities
(FDG-PET) before structural changes
Amyloid PET Detects amyloid

plaque accumulation

in early disease stages
Tau PET Direct visualization of

tau pathology; useful
for disease staging

Single-Photon Emission Measures

Computed Tomography Cerebral blood

(SPECT) flow; relatively lower cost than
PET
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Disadvantages Diagnostic accuracy

Expensive; Structural Moderate to high
changes may

appear later in disease
progression

Lower sensitivity Moderate
for early Alzheimer's
changes;

radiation exposure
High cost; Limited
accessibility; radiation
exposure

High

Expensive; High
amyloid deposits
may exist

without symptoms
Limited availability; High
costly procedure
Lower Spatial Moderate
Resolution

and sensitivity
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specific software and talented individuals to implement and
maintain it. In addition, neuroimaging scans such as PET and
MRI scans may not be available or affordable in low-resource
environments. PET imaging requires specialized equipment
as well as radioactive tracers, driving up costs significantly. A
variety of biomarker tests, from CSF to genetic tests and novel
blood assays, can all contribute to the overall burden of the
treatment regimen. Furthermore, many Al-based applications
will need continuous upgrades, maintenance and technical
support; the financial burden associated with these procedures,
and limited resources in many health systems, will most likely
result in low-cost diagnostic solutions and tools being the only
ones available (Pagallo et al., 2024).

Clinical Validation Issues

While many of the research studies demonstrate encouraging
outcomes, the majority of Al-based diagnostic systems have not
yet undergone thorough clinical validation for general use in
health care settings. Most research trials for deep learning and
machine learning models are conducted in laboratory settings
and may not mimic the complexity of an actual clinical setting.
Variations between patient cohorts, medical imaging equipment
and healthcare delivery may result in varying degrees of model
accuracy when the Al systems are implemented into the clinical
setting. The accuracy achieved with a training data set often
does not transfer to similar accuracies when the algorithms are
applied to independent external test data sets. Standardization
of the methods of data extraction, data processing, training
process, and model evaluation is an additional problem that
limits comparison between models. Many of the studies reported
thus far use retrospective data, and larger prospective clinical
studies conducted on an international multicentre scale and of
sufficient follow-up duration is required before the models can be
proven reliable and generally applicable. Before deployment into
the clinical sphere, many new health care diagnostic technologies
also need to satisfy regulatory oversight processes. Agencies need
to be convinced about the safety, efficacy, reproducibility, clinical
utility and cost-effectiveness of Al based approaches before they
can be granted approval for use (Kardjadj et al., 2025).

FUTURE PERSPECTIVES

Al technologies, biomarker-related advances and brain imaging
technique, such as imaging biomarkers, have revolutionized our
current diagnostic methods and treatment for AD patients. Many
technologies have showed great promising, however, further
changes for a faster, accurate and early detection for disease
prediction, and individually personalized for the treatment
in future research could be foreseen. In the recent study, there
are significant efforts to establish the composite technology
based on biologic information, clinical data and technology
information system for precision care (Vrahatis et al., 2023).
Many promising technologies for shifting current care from
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symptom assessment towards predictive, preventative medicine
will bring opportunities for patients and future study for AD with
individualized, multi-modal marker integrated and explainable
Al based, wearable healthcare technology.

Personalized Medicine

A leading frontier in Alzheimer’s disease diagnosis and treatment
is personalised medicine. Today, therapies for patients typically
provide broad similarities to an assortment of patients irrespective
of their genetics, stages of illness and how these individuals
answer therapeutic responses. Nonetheless, Alzheimer’s has
numerous differences among sufferers from a bio-standard
point of reference point - making it increasingly important for
personalized medications. Personalised medicine strives to
create healthcare measures for each individual’s unique attributes
including genotype, biomarkers patterns, family members health
record and day-to-day lifestyles. Innovations made within
Artificial Intelligence (AI) can help recognize distinctive markers
of sickness to give each affected individual particular clinical
and treatment options strategies. For example, an Al application
could analyze specific knowledge collected via body biomarkers,
cerebral spinal fluid markers, brain imaging information and
genetic info to anticipate health progress and therapeutic replies,
helping medical professionals determine viable alternatives
and attain superior treatments effects. Personalized medication
might even contribute in order to early precautionary programs
(Silva-Spinola et al., 2022). Using Artificial intelligence to discover
people with the elevated chance before signs appear, personalized
treatments (such as lifestyle improvements and neurological
education) may help postpone condition development.

Multi-Modal Biomarkers

Future approaches to Alzheimer’s disease diagnosis will involve
combining different biomarker types instead of relying on a
single biomarker (Inamdar et al, 2025). Although individual
biomarkers may offer useful insights into certain aspects of the
disease, none are adequate to encompass the whole range of
Alzheimer’s disease processes. By considering several biomarkers
together, from cerebrospinal fluid or blood samples, genetic data
or neuroimaging, the understanding of how the disease progresses
and who is susceptible might improve substantially, contributing
to early diagnostic decisions. Using data from structural MRI
scans, PET imagery and additional biomarker information will
also play an important role in developing the best diagnostic
criteria (Vemuri ef al., 2010).

Explainable Artificial Intelligence

In diagnostic Al systems with promising results, a primary
challenge to clinical translation is transparency of deep learning
models (many of which operate as black-boxes wherein the logic
leading to the diagnosis is not easily explainable). Explainable
Artificial Intelligence (XAI) refers to a set of research techniques
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Figure 4: Future direction of Al-assisted Alzheimer's disease management.

that aim to make AI transparent and comprehensible. XAI
enables understanding how the AI arrives at the diagnosis,
while also revealing which input variables lead to a diagnosis/
risk assessment/etc. In the context of AD diagnosis, it allows
for a deeper clinical understanding of why a certain diagnosis
was reached for the given patient. As interpretability increases,
clinician trust will improve and will ease assimilation into the
clinical workflow of AD treatment. Moreover, XAl can aid in
identifying bias of the algorithm and foster fairness in the clinical
diagnosis process, also helping in clinical regulatory process
validation. In the future, it would be desirable that the prediction
performance is in balance with explainability in the models
(Viswan et al., 2024).

Wearable Devices

Another exciting area in future diagnosis and monitoring of
Alzheimer’s is the role of wearable healthcare technologies (Yang
et al., 2025). The development of new sensor technologies and
the advances in mobile health have led to ability to accumulate
information about patients and behaviours in real world
context using device that individuals use every day. Wearable
tech like smartwatch, biosensors and portable monitoring
systems which collect data on levels of physical activity, sleep
characteristics, variability in heartbeat, movement patterns and
even data relating to task and performance can be used to capture
information which can indicate to subtle behavioural changes in
the early stages of Alzheimer’s disease. Algorithms AI powered
analyses can use these generated data from wearable device
and spot abnormal patterns that indicate potential decline in
mental performance and therefore enhance early identification
of a diagnosis (Chudzik et al., 2024). This technology can also
be useful in the remote monitoring and telemedicine approach;
where the number of visits to hospital can be reduced and
improve accessibility for people who may be in isolated rural
settings or older people. In conclusion the future diagnosis and
treatment for Alzheimer’s will rely on personalized approach,
using different biomarkers to increase accuracy with transparent
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AT technologies as well as wearable technologies to achieve this.
With the ongoing innovation and teamwork, the diagnosis of
Alzheimer’s disease can reach much more people, early detection
will contribute to successful treatment of Alzheimer’s disease, as
shown in Figure 4.

CONCLUSION

Currently, the most significant challenge to the medical health
system is Alzheimer's disease, a type of neurodegenerative
disorder of progressive nature and escalating global spread that
causes tremendous Socioeconomic impact. Alzheimer's diseases'
clinical diagnosis remains to be a crucial dilemma, as physical and
pathological characteristics are usually initiated as early as many
years before the manifestation of visible signs and symptoms
of the illness. Current methods of diagnosis might not detect
alterations associated with the Alzheimer's diseases at its early
stages. It thus becomes mandatory to search for better advanced
methods to diagnose and treat Alzheimer’s disease in its early
stages as early as possible to ensure efficient medical intervention
and better patient management. Developments in Alzheimer’s
diseases Biomarker research and neuroimaging methods have
remarkably increased our perception of the pathophysiology in
Alzheimer’s Diseases. Bio fluids obtained by Cerebrospinal Fluid
(CSF), and blood analysis, genetic study and scanning images has
become an essential indicator for the amyloid deposition and tau
pathology. Furthermore, with growing interest in Al, analysis
with huge set of data can be done at speed using machines
through machine learning and deep learning approaches. Both
the neuroimaging-based and the bio-fluid-based biomarkers for
AD that use ML and DL has promised prospects and many studies
have addressed the implementation and capabilities of those
methods for the detection, classification, severity estimation of the
AD. However, various technical constraints including over-fitting
and under-fitting of model and insufficient data are yet needed
to be solved. This review has broadly looked at the applications
and capabilities of the neuroimaging and biomarkers in AD
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diagnosis for which AT approaches is applied. Future will address
the challenges related to personalized medicine, interpretability
and transparency, wearable gadgets to be in closer relationship
to patients' home, and comprehensive integration of biomarkers.
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