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Abstract. Alzheimer’s disease (AD) is a progressive neurodegenerative disorder characterized by a
significant genetic component, making the identification of genetic risk factors critical for predicting
disease onset and progression. This review explores the genetic characteristics associated with AD,
focusing on key genes such as APOE, APP, PSEN1, and PSEN2, and their roles in amyloid
deposition, tau tangles, and overall disease pathology. By utilizing genetic databases like the
Alzheimer’s Disease Neuroimaging Initiative (ADNI), AlzGene, and the National Alzheimer’s
Coordinating Center (NACC), researchers can integrate genetic findings with neuroimaging
techniques such as magnetic resonance imaging (MRI) and positron emission tomography (PET) to
better understand the interplay between genetic, environmental, and lifestyle factors in AD
development. In addition, advanced machine learning models, including support vector machines
(SVM), random forest (RF), convolutional neural networks (CNN), autoencoders (AE), and deep
learning algorithms, combined with Polygenic Risk Scores (PRS), are increasingly used to integrate
genetic, imaging, and clinical data for more precise AD risk prediction. While these advancements
offer promising pathways for early diagnosis and intervention, significant challenges remain. These
include difficulties in data integration across diverse sources, the development of robust and
personalized predictive models, and addressing ethical concerns related to the use of genetic data.
Future research will need to focus on overcoming these challenges to create more effective
personalized prediction models that incorporate genetic, environmental, and lifestyle factors. Such
developments hold the potential to revolutionize early detection, diagnosis, and treatment strategies
for AD.
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1. Introduction

Alzheimer's Disease (AD) is a progressive neurodegenerative disorder, predominantly affecting the
elderly, and is characterized by a gradual decline in cognitive functions. Clinically, AD presents with
symptoms of dementia, impacting various cognitive domains such as orientation, comprehension,
memory, thinking, calculation, learning ability, language, and judgment [1]. What distinguishes AD
from other forms of dementia and normal aging is its subtle onset of cognitive decline in the presence
of clear consciousness, with short-term memory loss often being an early and hallmark symptom.

On a biological level, AD is primarily marked by the accumulation of extracellular amyloid plaques
and intraneuronal neurofibrillary tangles (NFTs) within the brain. These pathological features are
closely associated with the degeneration of neurons, ultimately leading to brain atrophy. Amyloid
plaques consist of B-amyloid peptides (AB), while NFTs are formed by hyperphosphorylated tau
proteins, both of which contribute significantly to neuronal dysfunction and death.

Epidemiologically, AD is a major public health concern. The World Alzheimer's Report indicated
that in 2015, over 45 million individuals worldwide were living with AD, a figure projected to double
every 20 years [2]. It is currently the fifth leading cause of death globally, adding to the urgency of
developing effective diagnostic and therapeutic strategies [2]. Given the increasing prevalence of AD
and the profound burden it imposes on patients, families, and healthcare systems, early diagnosis and
intervention are essential.
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The investigation of genetic factors becomes to an important way to identifying individuals at risk
for AD. Many patients present with specific genetic mutations, such as those in the apolipoprotein E
(APOE) gene, particularly the 4 allele, which is strongly associated with sporadic AD cases and
accounts for up to 60-80% of heritability [3]. Among familial AD cases, particularly those with early-
onset (before the age of 65), mutations in the presenilin 1 (PSEN1), presenilin 2 (PSEN2), and
amyloid precursor protein (APP) genes are responsible for approximately 70% of cases [4]. These
genetic alterations contribute to neuronal dysfunction, triggering the cognitive decline seen in AD.
Therefore, understanding these genetic markers offers a promising pathway for predicting AD risk,
especially in elderly populations.

Identifying the genetic underpinnings of AD and developing predictive models based on these
findings are crucial for advancing early diagnosis and intervention strategies. By targeting genetic
factors, potential therapeutic approaches can be devised to slow the progression of the disease,
offering patients a better quality of life. Recent advancements in neuroinformatics and bioinformatics
have greatly facilitated this effort. These fields enable researchers to integrate genetic data with
advanced computational and imaging techniques, allowing for the analysis of large datasets and the
establishment of predictive models that link genetic risk factors to AD progression. Consequently,
these models hold the potential to enhance early detection and inform more personalized treatment
strategies.

The aim of this review is to provide a comprehensive overview of the genetic characteristics
associated with Alzheimer's Disease and their application in predicting the risk of developing the
condition. The review will focus on key genes, including APOE, APP, PSEN1, and PSEN2, and will
explore the role of genetic databases, imaging technologies, and predictive models in advancing our
understanding of AD. By synthesizing current research, this review seeks to highlight the significance
of genetic factors in AD and their potential applications in clinical practice.

2. Genetic Characteristics of Alzheimer's Disease

2.1. Key Genes and Their Functions
2.1.1. APOE4 Gene.

The APOE4 gene is one of the most significant genetic risk factors for late-onset Alzheimer's disease
(LOAD) [5]. The apolipoprotein E (APOE) gene, located on chromosome 19, has three major alleles:
APOE2, APOE3, and APOE4 [5]. While the APOE?2 allele has been shown to decrease the risk of
Alzheimer's disease (AD) and promote longevity, its precise protective mechanism remains unclear.
The APOES3 allele, being the most common, has no significant impact on the risk of AD [6]. In
contrast, the APOE4 allele is associated with an increased risk of AD, as it not only has more toxic
effects but also limits the protective functions of glial cells. Individuals carrying one copy of the
APOEA4 allele have a 3-4 times higher risk of developing AD, while those with two copies face an 8-
12 times increased risk [6].

The APOEA4 allele affects AD risk primarily through its impact on lipid metabolism and amyloid-3
(AP) clearance in the brain. The brains of APOE4 carriers are less efficient at clearing amyloid
plaques, leading to their accumulation, which in turn causes neuronal damage characteristic of AD
pathology. However, the presence of APOE4 alone is not sufficient to cause AD. Environmental
factors and interactions with other genetic elements also play a substantial role. Recent
epidemiological studies suggest that lifestyle and environmental factors may interact with APOE
alleles to modulate the risk of developing AD [7]. Factors such as physical exercise, diet, education,
traumatic brain injury, smoking, and even sunlight exposure are under investigation for their
interactions with APOE alleles [7]. Interestingly, younger preclinical APOE4 carriers may benefit
most from preventive lifestyle interventions, while older non-carriers with dementia may experience
the most pronounced effects.
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2.1.2. APP, PSEN1, PSEN2 Genes.

The APP, PSEN1, and PSEN2 genes are closely associated with early-onset familial Alzheimer's
disease (EOFAD). The APP (amyloid precursor protein) gene, located on chromosome 21, encodes
a protein responsible for generating amyloid-B (AB) [7]. Mutations in APP lead to an overproduction
of amyloid- peptides, the building blocks of amyloid plaques. The PSEN1 (presenilin 1) and PSEN2
(presenilin 2) genes, located on chromosomes 14 and 1, respectively, encode critical components of
the y-secretase complex, responsible for the cleavage of APP. Mutations in these genes result in the
increased production of the toxic amyloid-f42 peptide, which aggregates to form plaques,
contributing to the pathology of AD.

These genes are primarily associated with EOFAD and are useful in identifying individuals at high
risk for early-onset AD. Mutations in PSEN1, PSEN2, and APP are major pathogenic causes of early-
onset AD, accounting for about 5% of AD cases [8]. Genetic testing for these mutations is
recommended for families with a history of early-onset AD, providing opportunities for early
diagnosis and potential intervention.

2.2. Other Relevant Genes

Recent advancements in genome-wide association studies (GWAS) have identified several additional
genes associated with an increased risk of AD, including CLU (clusterin), PICALM
(phosphatidylinositol-binding clathrin assembly protein), and CR1 (complement component 3b/4b
receptor 1) [9]. These genes contribute to the complex genetic landscape of AD.

CLU is involved in lipid transport and amyloid clearance. Variants in the CLU gene have been linked
to altered amyloid-p metabolism and increased AD risk. PICALM plays a role in clathrin-mediated
endocytosis and synaptic function. Variants in PICALM have been shown to affect neuronal
communication and amyloid-p clearance, influencing susceptibility to AD. CR1, part of the immune
system's complement pathway, is associated with a reduced ability to clear amyloid-p from the brain,
thereby increasing AD risk.

These genes provide valuable targets for potential therapeutic interventions and help to further
understand AD risks across diverse populations. Genetic polymorphisms in these genes may also
explain variations in disease onset and progression among different ethnic and genetic groups.

3. Databases and Their Application in Genetic Research

3.1. Common Alzheimer's Disease Gene Databases
3.1.1. ADNI Database.

The Alzheimer's Disease Neuroimaging Initiative (ADNI) is one of the most comprehensive
databases for studying Alzheimer's disease. ADNI collects and shares clinical, imaging, genetic, and
biochemical data from individuals across various stages of cognitive decline, ranging from normal
aging to AD. ADNI leverages imaging, blood, cerebrospinal fluid (CSF) analysis, and postmortem
neuropathological data to identify markers associated with AD [10]. The ADNI project is a global
collaboration involving countries such as the United States, China, Japan, and others [10].

ADNI's genetic data include results from genome-wide association studies (GWAS) and whole-
genome sequencing (WGS), which are invaluable for identifying AD-related genetic variants.
Researchers can combine genetic data with neuroimaging results, such as structural MRI and PET
scans, to investigate the relationships between specific genes and brain changes associated with AD.
ADNI has been instrumental in identifying new biomarkers for early diagnosis and tracking disease
progression.
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3.1.2. AlzGene Database.

AlzGene is a resource that compiles genetic association studies related to Alzheimer's disease. It
aggregates data from multiple studies, facilitating meta-analyses that consistently identify genetic risk
factors across diverse populations. AlzGene provides a ranked list of genetic variants most strongly
associated with AD [11]. It is a key tool for large-scale genetic research and for verifying previously
identified genetic links. The database also helps researchers explore gene-gene interactions and their
combined effects on AD risk.

3.1.3. NACC Database.

The National Alzheimer’s Coordinating Center (NACC) is another valuable resource for Alzheimer's
disease research. Established in 1999, NACC maintains a comprehensive database that collects
longitudinal data from Alzheimer's Disease Research Centers (ADRCs) across the United States [12].
The NACC database includes extensive clinical, genetic, and neuropathological data from thousands
of individuals, including those with Alzheimer’s disease, mild cognitive impairment (MCI), and
normal cognition.

NACC is particularly significant because of its inclusion of diverse populations, allowing researchers
to study genetic variations across different ethnic and demographic groups. The database also
includes autopsy-confirmed diagnoses, providing a high level of accuracy in identifying AD-related
genetic factors. Researchers can access a wide range of data types, including genetic information,
neuroimaging results, cognitive assessments, and clinical histories. This extensive dataset enables
robust analyses of genetic risk factors and their correlations with clinical and neuropathological
outcomes, making NACC a critical tool for advancing personalized medicine and improving the
precision of Alzheimer's disease risk prediction models. The researchers can get accessible collection
and management of the data by using the system.

3.2. Data Integration and Analysis

Integrating data from multiple databases is crucial for large-scale genetic analyses, such as GWAS
and whole-exome sequencing (WES). These methods allow researchers to scan the genome for novel
genetic variants linked to AD. To handle these large datasets, advanced bioinformatics tools like
PLINK and polygenic risk score (PRS) calculators are used [13].

In AD research, studying gene-environment interactions is key. Environmental factors such as diet,
exercise, and exposure can interact with genetic risk factors, influencing disease development. Data
management strategies must account for these interactions to provide a more complete understanding
of AD risk. Furthermore, privacy and ethical considerations in handling sensitive genetic data are of
utmost importance, ensuring compliance with regulations regarding privacy, consent, and data
sharing.

These databases and tools provide a foundation for ongoing research into the genetic basis of
Alzheimer's disease, enabling the discovery of novel biomarkers and the development of predictive
models.

4. Application of Imaging Technologies in Gene and Disease Prediction

4.1. Magnetic Resonance Imaging (MRI)
4.1.1. Structural MRI.

Structural MRI is a pivotal tool in Alzheimer's disease (AD) research, providing high-resolution
images of brain anatomy, which are essential for detecting the characteristic structural changes
associated with AD. The medial temporal lobe, particularly the entorhinal cortex and hippocampus,
is one of the earliest regions to show atrophy in AD patients [14]. This reduction in hippocampal
volume is often used as a biomarker for early diagnosis, as it reflects the loss of neurons critical to
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memory function [15]. Structural MRI can also detect volume reductions in other regions, such as the
entorhinal cortex and amygdala, and cortical thinning in areas including the temporal, orbitofrontal,
and parietal regions. The identification of these patterns, often referred to as the "disease signature,”
plays a critical role in distinguishing AD from normal aging and other forms of dementia [15].

When combined with genetic data, structural MRI offers insight into how specific genetic variants
influence brain morphology. For example, individuals carrying the APOE4 allele, a well-established
genetic risk factor for AD, exhibit more pronounced hippocampal atrophy and cortical thinning than
non-carriers, even before the onset of clinical symptoms [16]. This integration of genetic and imaging
data improves the early detection of AD and helps identify high-risk individuals, potentially allowing
for early interventions that could slow disease progression.

4.1.2. Functional MRI (fMRI).

Functional MRI (fMRI) is another valuable imaging technique, capable of measuring brain activity
by detecting blood-oxygen-level-dependent (BOLD) signals, which reflect neuronal activity. In AD
research, fMRI is used to explore disruptions in functional connectivity, particularly in brain networks
related to memory and cognition, such as the default mode network (DMN) [17]. Alterations in these
networks, often observed in AD patients, are linked to the cognitive impairment characteristic of the
disease.

Integrating fMRI data with genetic analyses allows researchers to investigate how genetic risk factors
influence brain function. For instance, APOE4 carriers have been found to exhibit abnormal
functional connectivity in memory-related regions, even in the absence of cognitive symptoms [16].
These findings highlight the potential of fMRI as a tool for identifying preclinical changes in brain
activity, which could lead to the development of targeted interventions tailored to an individual's
genetic profile.

4.2. Positron Emission Tomography (PET)
4.2.1. PET in Alzheimer's Disease.

Positron Emission Tomography (PET) is a powerful imaging technology that provides insights into
the molecular processes underlying AD. PET is particularly useful for detecting the accumulation of
amyloid- plaques and tau tangles, the two pathological hallmarks of AD [15]. In addition to amyloid
and tau imaging, fluorodeoxyglucose PET (FDG-PET) can measure cerebral glucose metabolism,
offering an indicator of neuronal activity in AD patients.

By combining PET imaging with genetic data, researchers can better understand how genetic variants
contribute to the development of AD. For instance, APOE4 carriers tend to exhibit higher amyloid
plaque burden at an earlier age than non-carriers, making PET a valuable tool for identifying
preclinical stages of the disease [16]. PET imaging also facilitates the longitudinal tracking of amyloid
and tau deposits, enabling researchers to monitor disease progression and evaluate the effectiveness
of therapeutic interventions aimed at reducing these pathological markers.

4.2.2. Multimodal Imaging Approaches.

Multimodal imaging, which integrates data from various imaging techniques such as PET, MRI, and
EEG, offers a comprehensive view of the structural, functional, and molecular changes associated
with AD [18]. By combining PET imaging of amyloid or tau with structural MRI data, researchers
can correlate the molecular burden of AD with brain atrophy, providing a more complete
understanding of disease progression.

When combined with genetic information, multimodal imaging enhances the ability to predict disease
onset and progression. For example, individuals carrying the APOE4 allele who exhibit both amyloid
accumulation on PET and hippocampal atrophy on MRI are at a higher risk for rapid cognitive decline
[16]. This integrated approach not only aids in early detection but also supports the development of
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personalized treatment strategies, as it identifies specific biomarkers that are most predictive of AD
in different genetic subgroups.

5. Application of Genetic Features in Alzheimer's Disease Risk Prediction

5.1. Polygenic Risk Score (PRS)

The Polygenic Risk Score (PRS) is a powerful tool for estimating an individual's genetic
predisposition to Alzheimer's disease by analyzing the combined effects of multiple genetic variants
across the genome [19]. Genome-wide association studies (GWAS) have identified approximately 40
single nucleotide polymorphisms (SNPs) significantly associated with AD [20]. These findings
suggest that AD is not caused by a single gene, but by the cumulative effect of many genetic risk
factors.

PRS has shown great potential in AD prediction, with recent studies demonstrating an accuracy of up
to 84% in identifying individuals at risk for the disease [20]. The score incorporates both common
and rare genetic variants, providing a comprehensive risk estimate. For example, a high PRS that
includes genes such as APOE, APP, and CLU indicates an elevated likelihood of developing AD.
Advances in computational biology have further improved the accuracy of PRS by allowing the
integration of large-scale genetic datasets.

To enhance prediction accuracy, some studies recommend applying a p-value threshold (pT) < 0.1
when selecting SNPs for inclusion in the PRS, particularly when focusing on the APOE gene [19].
This refinement helps maximize the score’s predictive value, making it a useful tool for early
identification of individuals who may benefit from preventive interventions before cognitive decline
becomes apparent. APP, PSEN1, PSEN2 Genes.

5.2. Machine Learning and Predictive Models

Machine learning has revolutionized Alzheimer's disease research by enabling the development of
sophisticated predictive models that analyze complex, multidimensional data. Algorithms such as
support vector machines (SVM), random forest (RF), convolutional neural networks (CNN), and
autoencoders (AE) have been applied to genetic, imaging, and clinical data to predict AD risk with
increasing precision [21].

SVM algorithms classify individuals into risk categories based on genetic and imaging data. Khedher
et al. achieved an accuracy of 88.49%, specificity of 91.27%, and sensitivity of 85.11% using SVM
as classifiers [22]. RF algorithms, which build decision trees based on input variables such as genetic
variants and imaging biomarkers, are also effective in predicting AD risk [23]. CNNs, particularly
adept at processing spatial data like brain images, are widely used in AD research to detect subtle
structural changes associated with the disease [21]. Autoencoders, which reduce the dimensionality
of high-dimensional data like genomic or neuroimaging data, enhance feature extraction and improve
predictive accuracy [21].

Deep learning models, a subset of machine learning, have shown particular promise in AD prediction,
as they can learn patterns from large datasets and improve accuracy over time. Transformers, which
handle sequential data, are well-suited for modeling longitudinal changes in cognitive decline or brain
structure [21]. These models, especially when integrated with genetic data, offer the potential for
earlier and more accurate AD diagnosis.

5.3. Clinical Application of Predictive Models

Predictive models based on genetic risk have the potential to revolutionize clinical practice by
enabling early diagnosis and personalized treatment. Identifying individuals at high genetic risk for
AD allows for timely interventions, such as lifestyle modifications, cognitive training, or
pharmacological treatments, aimed at delaying or preventing disease onset.
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One promising application is the use of genetic risk models to guide early intervention strategies for
high-risk individuals, such as APOE4 carriers, who may benefit from preventive therapies even
before cognitive symptoms manifest. These models also hold the potential to tailor treatment plans
to an individual's genetic profile, enhancing the efficacy of therapeutic interventions. Furthermore,
by incorporating genetic diversity, predictive models can be adapted to different populations,
improving their broad applicability.

However, the use of predictive models in clinical settings must be carefully managed, considering the
variability in prediction accuracy across different populations and datasets. Ethical concerns,
including the psychological impact of disclosing genetic risk and the potential for genetic
discrimination, must also be addressed. Despite these challenges, ongoing refinements in predictive
modeling are likely to make them a valuable tool in the early diagnosis and prevention of AD.

6. Challenges and Future Directions

6.1. Data Integration and Analytical Challenges

A significant challenge in Alzheimer's disease (AD) prediction models is the integration of diverse
data sources, including genetic, imaging, and clinical data. Each data type presents unique
complexities—genetic data is vast and often difficult to interpret, imaging data can vary in quality
and consistency, and clinical data may be incomplete or noisy, especially in the early stages of
cognitive decline [24]. Merging these different data types into a cohesive predictive framework
requires sophisticated computational techniques and substantial computational power.

Moreover, the lack of standardized data formats across studies and databases hinders efforts to build
comprehensive models. Shallow models, such as traditional random forests, struggle to manage the
noise and missing data in clinical datasets, often leading to inaccurate predictions [25]. While deep
learning models have shown promise in handling noisy data from single modalities, the small sample
sizes typically available for such models in AD research limit their applicability [25]. The
development of data harmonization tools and improved interoperability remains ongoing, and
overcoming these challenges is essential for creating generalized models that can be used across
diverse populations.

Another significant issue in model development is overfitting, where models perform well on training
data but fail to generalize to new, unseen data. Addressing this issue requires improved algorithms
and validation techniques to ensure that models can be applied effectively in real-world settings.

6.2. Personalized Prediction and Therapy

The future of Alzheimer’s disease management lies in personalized prediction and therapy—tailoring
prevention, diagnosis, and treatment based on an individual’s genetic profile, lifestyle, and
environmental exposures. Predictive models that incorporate these factors offer the potential to assess
the likelihood of individuals with cognitive decline progressing to AD [26]. Integrating multi-omics
data—genomics, proteomics, and metabolomics—into these models could further enhance prediction
accuracy and help identify specific pathways involved in disease progression.

Artificial intelligence (Al) is also playing an increasingly critical role in advancing AD prediction
models. Al has the capacity to process large datasets and track patient dynamics, allowing for early
diagnosis, continuous monitoring, and intervention [27]. Despite these advancements, challenges
remain, including the need for standardized procedures, harmonization of data, and the translation of
theoretical models into clinical practice. Additionally, ensuring that Al-driven models are
generalizable and applicable across diverse populations is crucial for their successful implementation
in clinical settings [27].
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6.3. Ethical and Social Considerations

The growing use of genetic data in AD prediction raises important ethical and social concerns,
particularly related to privacy, data security, and the risk of genetic discrimination. As genetic testing
becomes more widespread, safeguarding individuals’ genetic information from misuse, especially in
contexts like insurance and employment, is paramount. The possibility of data breaches adds to the
concern, as sensitive information related to genetics, lifestyle, and environment could be exploited
inappropriately, leading to unforeseen consequences.

Informed consent is another critical issue, especially for individuals who may develop cognitive
impairments and lose the ability to make decisions over time. Ensuring that these individuals have
adequately consented to genetic testing and data use poses ethical challenges, particularly as their
condition progresses.

Public acceptance of genetic testing and predictive models is also not guaranteed. Concerns over the
potential for false positives or over-reliance on genetic data may limit the adoption of these tools in
clinical practice. Addressing these ethical issues while maintaining stringent data privacy standards
will be key to ensuring the responsible use of predictive models in AD research and treatment.

7. Conclusion

Alzheimer’s disease is a complex, multifactorial disorder with a substantial genetic component. Key
genes, such as APOE, PSEN1, PSEN2, APP, CLU, PICALM, and CR1, are closely linked to AD risk,
and understanding their roles has provided critical insights into disease progression. Databases like
ADNI, AlzGene, and NACC offer valuable genetic and clinical data, which, when combined with
neuroimaging technologies like structural MRI, functional MRI, and PET, help elucidate how genetic
factors contribute to AD pathology.

Predictive tools, such as polygenic risk scores (PRS) and machine learning models—including
support vector machines (SVM), random forests (RF), convolutional neural networks (CNN),
autoencoders (AE), and deep learning—have shown potential in predicting the onset and progression
of AD. However, significant challenges remain in integrating diverse data types, improving prediction
accuracy across populations, and addressing the ethical concerns that arise from the use of genetic
data.

Looking forward, the future of AD research lies in developing personalized therapies and predictive
models that incorporate genetic, environmental, and lifestyle factors. As data integration techniques
and computational models advance, these tools will likely play a pivotal role in early detection and
personalized treatment strategies for AD. By improving the accuracy of predictive models and
addressing ethical considerations, we can move closer to mitigating the burden of Alzheimer’s disease
through more effective, individualized care.
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