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Abstract: Alzheimer’s disease (AD) is a major neurodegenerative dementia, with its com-
plex pathophysiology challenging current treatments. Recent advancements have shifted
the focus from the traditionally dominant amyloid hypothesis toward a multifactorial
understanding of the disease. Emerging evidence suggests that while amyloid-beta (Ap)
accumulation is central to AD, it may not be the primary driver but rather part of a broader
pathogenic process. Novel hypotheses have been proposed, including the role of tau protein
abnormalities, mitochondrial dysfunction, and chronic neuroinflammation. Additionally,
the gut-brain axis and epigenetic modifications have gained attention as potential con-
tributors to AD progression. The limitations of existing therapies underscore the need for
innovative strategies. This study explores the integration of machine learning (ML) in drug
discovery to accelerate the identification of novel targets and drug candidates. ML offers
the ability to navigate AD’s complexity, enabling rapid analysis of extensive datasets and
optimizing clinical trial design. The synergy between these themes presents a promising
future for more effective AD treatments.

Keywords: pathophysiology; neuroinflammation; therapeutic target; mitochondrial
dysfunctions; machine learning; Al applications; virtual screening; molecular docking

1. Introduction

Alzheimer’s disease (AD) is a major progressive neurodegenerative disorder and
common inborn form of dementia characterized by marked deficits in memory about
other neurological features. Indeed, average global life expectancy has continued to rise in
recent times [1]. The search for an effective treatment and therapeutic target is essential
because there is no cure for AD, one of the major causes of senile dementia among about
35 million aged 60 years and above [2]. Recent progress in the pathophysiology of AD and
its relationship with the use of artificial intelligence (Al) algorithms in drug discovery has
resulted in a promising number of new AD therapeutic targets and strategies [3].

Alzheimer’s disease is an illness that involves a long period of asymptomatic progres-
sion that leads to a progressive, perhaps decade-long duration, culminating in cognitive,
social, and occupational impairment, finally resulting in death [4]. Regarding the basic
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molecular mechanisms of Alzheimer’s, it is characterized by the accumulation of abnormal
proteins in the brain that impair its function [5]. The two main proteins involved, Ap
and tau, act as toxins inside nerve cells, disrupting communication between neurons and
eventually causing neuronal death [6]. This leads to symptoms of cognitive decline, such
as memory loss and confusion.

Traditional AD treatments target reducing symptoms but do not stop the progression
of the disease [7]; among the most accepted of these is the inhibition of acetylcholinesterase
and butyrylcholinesterase, due to the degradation of acetylcholine, which is a neurotrans-
mitter whose levels decrease in Alzheimer’s patients. This inhibition causes an increase in
the availability of this compound, which improves the cognitive capacity of the patients [8].
Some of the drugs that are used are donepezil, rivastigmine, and galantamine, although
their efficiency is limited and they have low specificity [9].

The drug discovery for AD has had a failure rate of as high as 99.6% in clinical trials of
new medications [10]. The newest class of approved drug is aducanumab and lecanemab,
which are monoclonal antibodies targeting Af solubility [11]. These drugs are in phase III
clinical trial on early-stage patients, which found that, regarding the progression of brain
amyloid deposits accumulating in patients, those that received aducanumab accumulated
significantly lower amounts than those that received the placebo. However, after the
approval of the medication, some controversy was made because a few experts had doubts
about whether the clinical trial was valid and whether the medicine was efficacious in real
clinics [12]. The bibliography suggests that the accumulation of Ap is not the event causing
the disease but rather a compensatory process [13]. The initial step in the development
of the disease is a gap in the knowledge of the psychopathology of Alzheimer’s disease;
there are several hypotheses about its onset [14]. Many hypotheses have been postulated
in recent years. Some of them are the amyloid hypothesis, the cholinergic hypothesis,
the tau hypothesis, other neuroinflammation hypotheses, the mitochondrial dysfunction
hypothesis, environmental risks, and genetics. This implies that the origin of the disease is
multicentric and is not yet defined [15].

Some of the most recent developments in the pathophysiology of AD are explained by
the possible employment of new technological advancements, including AI, which now
bring with them exciting new opportunities in developing new therapeutic targets and
strategies [16]. There is, therefore, a growing interest in the targeting of Ap plaques acting
upstream of tau pathology, very early in AD onset, i.e., before massive damage of the
neurons. It has since led to the identification of new potential therapeutic targets, such as
enzymes responsible for the production of AS and tau proteins, and new approaches to
modulate inflammation and mitochondrial dysfunction [17].

Al was also applied in the area of drug development and demonstrated great potential
to speed up the process of the invention and development of new treatments for AD [18].
Meanwhile, Al-assisted clinical trials make it possible to reveal the most effective population
for new therapies among the patient population. Al-based drug discovery allows for the
screening of huge numbers of compounds with a high amount of efficiency. Indeed, in
individualized medicine, Al indicates a consequence for each patient by individualizing
treatments using personal patient characteristics [19].

Since the impact of AD is very remarkable on the patients, their families, and, in
general, on society, the most emphatic discussion in this review is how to develop effective
therapies for this devastating disease [20]. It has not only identified new therapeutic targets
but also now holds new promise for the development of effective treatments for AD, using
Al in drug development [21]. This scientific review article is hence a summary of the
most recent research work on the hypothesis of AD development and new drugs for the
treatment of this devastating disease.



Int. J. Mol. Sci. 2025, 26, 1004

30f25

2. Hypothesis of the Development of Alzheimer’s Disease

Alzheimer’s disease stands as one of the most intricate and distressing forms of neu-
rodegenerative disorders, marking its presence as the leading cause of dementia globally,
impacting millions [22]. The disease’s pathophysiology is notably complex and multi-
faceted, underscored by the accumulation of various abnormal proteins within the brain.

Although its etiology is not fully understood yet, extensive research has identified
several hypotheses that attempt to explain the underlying mechanisms of the disease.
The most studied hypotheses include the amyloid hypothesis, the tau hypothesis, the
neuroinflammation hypothesis, and the mitochondrial dysfunction hypothesis, among
others [23].

Recent studies have further suggested the involvement of the gut-brain axis in
Alzheimer’s disease progression and development, with research indicating that alterations
in gut microbiota composition can influence brain function and cognitive performance [24].

2.1. The Amyloid Hypothesis

The amyloid hypothesis posits that the aggregation of AS peptides in the brain leads
to the formation of senile plaques, subsequently triggering neuroinflammation, oxidative
stress, and synaptic dysfunction. This cascade eventually results in neuronal death and the
cognitive decline characteristic of Alzheimer’s disease, although some recent studies have
questioned this hypothesis, suggesting that Ap accumulation might be a consequence of
other pathological processes rather than being the primary cause [25].

Emerging evidence has unveiled different forms of Ap, implicating it in novel thera-
peutic targets. For instance, it is now believed that small soluble oligomers of AB, rather
than plaques, are the major toxic species in Alzheimer’s disease. Moreover, new enzymes
and pathways involved in Af’s production and clearance have been identified, opening
new avenues for drug development [26].

Despite being a central theory for decades, the role of the amyloid hypothesis in
Alzheimer’s disease pathology continues to evolve, revealing complex dynamics and
suggesting new potential therapeutic targets, underscored by the promising role of Al in
drug development [27].

2.2. Tau Hypothesis

The tau hypothesis suggests that the accumulation of abnormal tau protein forms in
the brain is one of the principal causes of Alzheimer’s disease. Tau, a vital protein for nerve
cell structure and function, stabilizes microtubules in healthy neurons—structures that act
as cellular highways for nutrient and molecule transport [28].

In Alzheimer’s, the tau protein becomes abnormal and forms clumps called neurofib-
rillary tangles, disrupting microtubules and leading to nerve cell death, contributing to
cognitive impairment [29].

Recent evidence has strengthened the tau hypothesis, identifying specific abnormal
tau forms linked to disease progression. Research is ongoing for treatments targeting
abnormal tau to prevent its accumulation in the brain [30]. Advances in imaging techniques
now allow for tau visualization in living patients, promising new diagnostic and treatment
tools for Alzheimer’s disease [31].

The tau hypothesis remains a promising avenue for the development of new treatments
for Alzheimer’s disease. However, further research is needed to fully understand the role of
the tau protein in the disease and to identify effective therapeutic targets for its treatment.
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2.3. Neuroinflammation Hypothesis

This hypothesis highlights inflammation’s critical role in Alzheimer’s disease patho-
genesis, proposing that chronic inflammation drives the disease’s development and progres-
sion. Elevated inflammatory mediators, such as cytokines and chemokines, in Alzheimer’s
patient’s brains may damage neurons and impair cognition [32].

Microglia, the resident immune cells of the CNS, play a dual role in AD pathophys-
iology. Under normal conditions, they actively survey the CNS environment, clearing
debris and misfolded proteins. In early AD stages, they can even help to reduce AS and
tau pathology. Recent studies suggest that microglia have a potential protective role in
reducing A plaques by phagocytosing these aggregates, thus conferring a neuroprotective
effect [33].

However, as AD progresses, sustained exposure to elevated Ap levels, hyperphos-
phorylated tau, and other damage-associated molecular patterns (DAMPs) can induce
microglial overactivation [34]. Overactivated microglia release large quantities of pro-
inflammatory cytokines, chemokines, and reactive oxygen species, further aggravating
neuronal injury and amplifying neurodegenerative cascades [35].

Moreover, microglial reactivity in advanced AD has been associated with a dysfunc-
tional phenotype, characterized by the inefficient clearance of Af and increased secretion
of neurotoxic mediators [33]. This shift from a protective to a detrimental underscores
the complexity of microglial function in AD and highlights the importance of timing and
context in therapeutic interventions aimed at modulating microglia [36].

In addition, there is growing interest in the role of the gut microbiome in the pathogen-
esis of AD and its potential as a therapeutic target. Alterations in the gut microbiome can
lead to inflammation and immune dysregulation, which may contribute to the pathogenesis
of AD. Modulation of the gut microbiome through diet or the use of probiotics may have
prospects in the prevention and treatment of AD [37].

Novel therapeutic targets aimed at modulating the immune response in AD include
targeting the receptor for advanced glycation end products and specific cytokines or
chemokines that activate microglia [38].

2.4. Mitochondrial Dysfunction Hypothesis

Mitochondria are essential organelles that play a crucial role in cellular metabolism
and energy production [39]. There is increasing evidence that mitochondrial dysfunction
is a critical factor in AD pathogenesis. Studies have reported several mitochondrial ab-
normalities in cell brains, which include a reduction in mass, alterations in morphology,
and impairment in mitochondrial respiration [40]. All of these have been linked to ox-
idative stress, inflammation, apoptosis, and other cellular processes that contribute to the
neurodegeneration in AD [41].

Compounding these effects, oxidative stress, mitochondrial dysfunction, and copper
dysregulation are tightly interwoven in AD. Elevated copper levels worsen mitochon-
drial damage by disrupting electron transport, increasing reactive oxygen species (ROS),
and impairing energy metabolism. This synergy not only amplifies oxidative stress but
also promotes the aggregation of both AB and tau proteins, thereby hastening neurode-
generation [42]. Therefore, mitigating copper toxicity and its downstream impacts on
mitochondria holds promise as a therapeutic avenue for slowing AD progression.

Recent studies have pointed to several potential therapeutic targets for AD based on
the hypothesis of mitochondrial dysfunction. These include modulators of mitochondrial
function, e.g., antioxidants, inducers of mitochondrial biogenesis, and enhancers of mi-
tophagy. For instance, recent findings have shown that the induction of mitochondrial
biogenesis via the PGC-a pathway improved mitochondrial function and diminished ApB
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pathology in murine models of AD [43]; likewise, antioxidants such as MitoQ and SS-31
have been reported to protect against mitochondrial dysfunction and to diminish cognitive
decline in animal models of AD [44].

Other novel therapeutic targets include modulators of mitochondrial dynamics and
mitophagy, such as Mdivi-1 and Urolithin A, respectively. Indeed, Mdivi-1, a small molecule
inhibitor of Drp1, can regulate mitochondrial fission, reportedly improving mitochondrial
function and reducing beta-amyloid pathology in mouse models of AD [45] and Urolithin
A, a natural compound that has been reported to induce mitophagy and to improve
mitochondrial function in AD models [46].

Understanding the evidence behind and against the role of mitochondrial dysfunction
in AD as well as the development of safe and effective therapies targeting these pathways
will be necessary to further this approach to the discovery of novel AD therapeutics.

2.5. Other Hypotheses for the Development of Alzheimer’s

In the field of Alzheimer’s disease research, several hypotheses have been proposed
to account for the complex nature of Alzheimer’s disease in this field over the years: the
amyloid, the tau, the neuroinflammation, and the mitochondrial dysfunction hypotheses,
as well as the atherosclerotic plaques hypothesis, to name a few. Others have been proposed
recently to provide further insight into the underlying mechanisms driving the onset and
progression of Alzheimer’s disease [47].

One of these is the synaptic dysfunction hypothesis, which postulates that alterations
in synaptic function and communication between neurons play a crucial role in the devel-
opment and progression of AD [48]. Several studies have highlighted the involvement
of synapses in the pathogenesis of AD, suggesting that restoring synaptic function may
represent a possible therapeutic target [49].

Another hypothesis is the oxidative stress theory, which suggests that increased levels
of reactive oxygen species (ROS) and the resulting oxidative damage play a critical role in
the development and progression of the disease [50]. ROS are highly reactive molecules
that can damage essential cellular components such as lipids, proteins, and DNA, leading
to impaired neuronal function and cell death [51]. This cellular state is related to other
pathological processes, such as amyloid-beta aggregation and tau hyperphosphorylation,
further exacerbating neuronal dysfunction [52,53].

The neurovascular hypothesis claims that cerebral blood flow and vascular modifi-
cations play a role in the onset and progression of Alzheimer’s disease. This has been
corroborated by accumulating evidence demonstrating, for example, blood-brain bar-
rier dysfunction, which reduces cerebral blood flow and impairs vascular function in in
Alzheimer’s disease. Clinical studies have also shown that cerebral blood flow takes place
in Alzheimer’s disease [54].

The endoplasmic reticulum stress hypothesis concerns protein synthesis and folding.
This hypothesis posits that endoplasmic reticulum stress, brought on by the accumulation
of misfolded proteins, may cause the demise of neurons in Alzheimer’s disease [55].

There is also the hypothesis of epigenetics, which refers to changes in gene expression
that are not related to changes in the DNA sequence. This hypothesis suggests that epige-
netic modifications, such as DNA methylation and histone modification, may contribute to
the development of Alzheimer’s by altering the expression of genes that are important for
neuronal function [56].

Autophagy is a cellular process that eliminates damaged proteins and dysfunctional
organelles [57]. This hypothesis suggests that autophagy dysfunction may contribute to
the accumulation of abnormal proteins and neuronal death in Alzheimer’s disease [58].
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Other hypotheses are the zinc and aluminum hypotheses. Zinc is an essential metal
that plays an important role in neuronal function. At dysfunction, the metabolism of zinc
may contribute to the development of Alzheimer’s disease by increasing the production of
amyloid-beta and tau [59]. The same is argued for the exposure to aluminium, which may
increase the production of amyloid-beta and tau [60].

Lifestyle factors, such as diet, activity, and sleep, influence the risk of Alzheimer’s [61].

In summary, these emerging hypotheses add detail to the multifaceted nature of
Alzheimer’s disease and provide potentially novel therapeutic targets for drug develop-
ment. Additional research is required to fully understand the mechanisms underlying
these hypotheses and their potential implications for Alzheimer’s treatment.

2.6. Unification Hypothesis

The complexity of Alzheimer’s disease has led to the proposal of a unification hy-
pothesis that seeks to integrate various perspectives on the disease’s pathogenesis. This
hypothesis aims to explain the interactions between amyloid-f accumulation, tau protein
pathology, neuroinflammation, mitochondrial dysfunction, and other relevant factors, of-
fering a comprehensive understanding of AD (Figure 1). Recent research suggests that
these mechanisms are not mutually exclusive but are instead interconnected processes
contributing to the disease’s onset and progression [62].

AP accumulation has long been considered a hallmark of AD, with its aggregation
leading to plaque formation and subsequent neuronal damage. However, recent studies
indicate that Af may also interact with tau protein and intensify tau pathology [63]. Tau
protein, normally involved in stabilizing microtubules, becomes hyperphosphorylated
and forms neurofibrillary tangles in AD, disrupting cellular transport mechanisms and
leading to neuronal death [64]. The interplay between AB and tau is thought to amplify
neurodegenerative processes, creating a vicious cycle of neuronal damage.

Neuroinflammation is another critical component of the unification hypothesis.
Chronic inflammation in the brain, driven by the activation of microglia and astrocytes,
contributes to AD progression [6]. These glial cells, in response to A and tau pathology,
release pro-inflammatory cytokines and reactive oxygen species, further damaging neurons
and promoting a toxic environment [65]. Additionally, recent studies have highlighted the
role of the gut microbiome in modulating neuroinflammatory responses, suggesting that
systemic inflammation might also influence AD pathogenesis.

Mitochondrial dysfunction is increasingly recognized as a significant factor in AD.
Mitochondria, the powerhouses of the cell, are responsible for energy production and
regulating apoptosis. In AD, mitochondrial abnormalities, including impaired respiratory
function and increased oxidative stress, have been observed [66]. These dysfunctions not
only contribute to neuronal energy deficits but also enhance the production of reactive
oxygen species, which can damage cellular components and promote neuroinflammation
and protein aggregation.

Emerging evidence also points to the role of vascular contributions in AD. Vascular
dysfunction, including reduced cerebral blood flow and blood-brain barrier breakdown,
may lead to hypoxia and the accumulation of neurotoxic substances in the brain [67]. This
vascular impairment can enhance A deposition and tau pathology, further intertwining
with neuroinflammatory and mitochondrial pathways.

While multiple hypotheses have attempted to explain the complex pathophysiology
of AD, there remains a lack of conceptual integration that explains how these processes
interact in a single narrative. We propose a new integration hypothesis based on the
synchronization of neuroinflammatory events with mitochondrial dysfunction, which
could trigger the synaptic collapse observed in early stages of the disease [68]. Rather than



Int. J. Mol. Sci. 2025, 26, 1004

7 of 25

viewing these pathological routes independently, we suggest that chronic inflammation
activates dysfunctional mitochondria, causing a positive feedback loop of oxidative stress
that amplifies tau and Ap toxicity. This hypothesis posits that therapeutic interventions
designed to regulate the dialogue between microglia and mitochondria could offer a
promising pathway to slow the progression of neurodegeneration.

This unification hypothesis underscores the importance of a holistic approach to
understanding AD. By considering the interdependence of these pathological mechanisms,
researchers can develop more effective therapeutic strategies. For instance, targeting
multiple pathways simultaneously—such as mitigating neuroinflammation, improving
mitochondrial function, and reducing AS and tau pathology—could provide synergistic
effects in slowing or halting disease progression [67]. Additionally, novel therapeutic
approaches that address vascular health and the gut-brain axis might offer new avenues
for intervention.

Table 1 provides a comprehensive summary of the various hypotheses proposed for
the development of Alzheimer’s disease, highlighting their key mechanisms, supporting
evidence, and potential therapeutic targets. This consolidation underscores the multifacto-
rial nature of AD, suggesting that multiple interconnected pathways contribute to its onset
and progression. Recognizing the interplay between these mechanisms, as emphasized
by the unification hypothesis, is crucial for developing holistic and effective therapeutic
strategies. By targeting multiple pathways simultaneously—such as reducing amyloid
and tau pathology, mitigating neuroinflammation, and enhancing mitochondrial function—
there is potential to create synergistic treatments that more effectively slow or halt disease
progression. This integrated approach holds promise for improving clinical outcomes and
offers a more profound understanding of Alzheimer’s disease pathogenesis.

Table 1. Summary of Alzheimer’s disease hypotheses and therapeutic targets.

Hypothesis Overview
Key Mechanism: Accumulation of -amyloid peptides forming senile plaques, triggering
Amyloid neuroinflammation and synaptic dysfunction.
Hypothesis Evidence: Identification of AB plaques; toxic soluble oligomers [20].
Therapeutic Targets: Enzymes regulating Ap production and clearance; targeting oligomers.
Key Mechanism: Abnormal tau protein forms neurofibrillary tangles, disrupting microtubules
Tau Hypothesis and leading to neuronal death.
Evidence: Presence of hyperphosphorylated tau; correlation with disease progression [64].
Therapeutic Targets: Inhibitors of tau aggregation; microtubule stabilizers.
Key Mechanism: Chronic activation of microglia releases pro-inflammatory cytokines,
Neuroinflammation = damaging neurons.
Hypothesis Evidence: Elevated cytokines and chemokines in AD brains; microglial activation [6].
Therapeutic Targets: Modulators of microglial activity; anti-inflammatory agents.
Key Mechanism: Impaired mitochondrial function leads to energy deficits and
Mitochondrial oxidative stress.
Dysfunction Evidence: Mitochondrial abnormalities; increased oxidative damage in neurons [69].
Hypothesis Therapeutic Targets: Antioxidants; enhancers of mitochondrial biogenesis;
mitophagy inducers.
Synaptic Key Mechanism: Alterations in synaptic function impair neuron communication, leading to
Dysfunction cognitive decline.
H . Evidence: Synaptic loss observed in AD; links to cognitive deficits [49].
ypothesis

Therapeutic Targets: Agents restoring synaptic function; neurotrophic factors.
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Table 1. Cont.

Hypothesis

Overview

Oxidative Stress
Hypothesis

Key Mechanism: Excess reactive oxygen species cause cellular damage and apoptosis.
Evidence: Presence of oxidative damage in AD brains; lipid peroxidation [50].
Therapeutic Targets: Antioxidants; compounds reducing oxidative stress.

Neurovascular
Hypothesis

Key Mechanism: Vascular dysfunction reduces cerebral blood flow, contributing

to neurodegeneration.
Evidence: Blood-brain barrier breakdown; reduced flow in AD patients [5].

Therapeutic Targets: Vascular health agents; improving blood-brain barrier integrity.

Endoplasmic
Reticulum Stress
Hypothesis

Key Mechanism: Accumulation of misfolded proteins induces ER stress and neuronal death.
Evidence: Elevated ER stress markers; unfolded protein response activation [55].
Therapeutic Targets: Modulators of protein folding; ER stress reducers.

Epigenetic
Hypothesis

Key Mechanism: Epigenetic modifications alter gene expression affecting neuronal function.
Evidence: DNA methylation changes; histone modifications in AD brains [70].
Therapeutic Targets: Epigenetic modulators; drugs targeting gene expression.

Metal
Hypotheses
(Zinc and
Aluminum)

Key Mechanism: Dysregulated metal ions contribute to protein aggregation and toxicity.
Evidence: Altered metal levels in AD brains; metals interact with AS and tau [59].
Therapeutic Targets: Metal chelators; normalizing metal homeostasis.

Lifestyle Factors
Hypothesis

Key Mechanism: Diet, physical activity, and sleep patterns influence AD risk.
Evidence: Epidemiological links between lifestyle and AD incidence [61].
Therapeutic Targets: Lifestyle interventions; dietary modifications.

Metal lons (Zn, Al) Genetic, envionmental, Lifestyle factors
Metal lon . . .
Genetic Lifestyle factores Envionmental
Imbalance . - . .
predisposition (Diet, Activity, Sleep) exposures
Promote\eggregaﬁon \ /

Protein Misfolding
(AB, Tau Aggregation) Mitochondrial Dysfunction

Neuronal Damage
] (cell Death)

—
D
N

N (Oxidative Stress) K
B duced
£ [N X i Epigeneti¢:changes
<& { clbarange | Synaptic Synatic “g i
v toxicity toxicity )
- Epigenetic

& Impaired autophagy and Synaptic dysfuntion §

proteasomal degrada-

Modifications

Metaholic
effects

Z

Joxins enter Brain

7,
é‘é icroglia and Vascular system \
g pemmmmn—,
5 astrocytes - -
L1 —
= - X Vascular fH 5 .’.}" Reduced cerebral Gut Microbiome
£ Activation of Glial X ypoxia alterations
2 cells dysfunction w Blood Flow
S
< .4
Chronic Strucural Blood-brain Barrier GutBram Ais
[N . . damage Breakdown
\ Neuroinflammation -
W

Infiltration of immune cells

Figure 1. In this figure, the bold lines illustrate direct relationships or causal connections between the

various pathogenic factors in Alzheimer’s disease, while the dotted lines denote feedback loops and

amplification cycles that further exacerbate existing pathological processes. Overall, this schematic in-
tegrates multiple interdependent mechanisms, highlighting how genetic, environmental, and lifestyle
factors converge to initiate mitochondrial dysfunction and oxidative stress, ultimately promoting
amyloid-beta and tau protein aggregation. These misfolded proteins trigger synaptic dysfunction and
neuronal death while also activating microglia and astrocytes that mount an inflammatory response,
which, if sustained, amplifies protein aggregation and accelerates neurodegeneration. Moreover,
vascular abnormalities and gut microbiome alterations potentiate both inflammation and oxidative
damage, and imbalances in metal ions further promote pathological protein aggregation. Impaired
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autophagy and epigenetic modifications compound disease progression by hindering the clearance of
toxic species and altering gene expression, respectively. By illustrating these interconnected pathways
and feedback loops, the figure underscores the multifactorial nature of Alzheimer’s disease and the
potential benefit of targeting multiple nodes in this network for therapeutic intervention.

Pathway of Unification Hypothesis

The proposed pathway of the unified hypothesis, illustrated in Figure 1, begins with a
combination of genetic predispositions, environmental exposures, and lifestyle factors such
as diet, physical activity, and sleep patterns [61]. These factors can lead to initial metabolic
disturbances, including mitochondrial dysfunction and oxidative stress [39]. Mitochondrial
dysfunction results in impaired energy production and increased production of reactive
oxygen species, exacerbating oxidative stress [66].

Oxidative stress contributes to the misfolding and aggregation of Ap peptides and
hyperphosphorylated tau proteins [52]. The accumulation of these abnormal proteins leads
to the formation of amyloid plaques and neurofibrillary tangles, key pathological features
of AD [64].

The presence of Ap and tau aggregates activates microglia and astrocytes, the brain’s
resident immune cells, triggering a chronic neuroinflammatory response [32]. Neuroin-
flammation further promotes neuronal damage and synaptic dysfunction, disrupting
communication between neurons [65].

Vascular dysfunction, including reduced cerebral blood flow and blood-brain barrier
breakdown, may contribute to hypoxia and facilitate the entry of peripheral inflamma-
tory mediators and toxins into the brain, exacerbating neuroinflammation and protein
aggregation [54].

Impaired autophagy and proteasomal degradation systems hinder the clearance of
misfolded proteins and damaged organelles, allowing toxic aggregates to accumulate [58].
Epigenetic modifications may alter gene expression patterns involved in neuronal survival,
synaptic function, and protein homeostasis, further promoting disease progression [56].

Metal ions such as zinc and aluminum may influence amyloid-beta and tau pathology
by affecting protein aggregation and toxicity [59,60]. Additionally, alterations in the gut
microbiome can modulate systemic inflammation and impact brain function via the gut-
brain axis [24].

These interconnected processes create a vicious cycle of neuronal damage, synaptic
loss, and cognitive decline characteristic of Alzheimer’s disease. By understanding this
complex pathway, researchers can target multiple aspects of the disease simultaneously;,
potentially developing more effective therapeutic strategies.

3. Emerging Therapeutic Targets in Alzheimer’s Disease Research

Recent years have seen an explosion of research into the underlying mechanisms of
Alzheimer’s disease, leading to new insights and potential therapeutic targets. Studies on
amyloid and tau proteins have revealed new approaches for disease-modifying therapies,
while neuroinflammation and mitochondrial dysfunction have emerged as promising
areas of research [71]. Recent studies on amyloid and tau proteins have provided new
insights into AD pathogenesis and potential therapeutic targets. AB and tau are the main
components of amyloid plaques and neurofibrillary tangles, respectively, which are the
hallmark pathological features of AD. Recent research has focused on identifying new ways
to reduce the accumulation of Af and tau in the brain [72] One strategy is to target the
enzymes responsible for the production of ApB and tau. Beta-secretase and gamma-secretase
are enzymes involved in AS formation and are promising targets for drug development.
Several inhibitors have been developed and are being tested in clinical trials [11]. Similarly,
the inhibition of tau kinases, such as GSK-38, has shown promise in reducing tau pathology
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in animal models of AD [73]. Another approach is to enhance the clearance of Af and tau
from the brain. One way to achieve this is to act on the immune system. Microglia, the
brain’s immune cells, can engulf and eliminate AB and tau; however, in AD, microglia
become dysfunctional and are unable to effectively eliminate these proteins. Recent research
has focused on the development of drugs that can modulate the activity of microglia to
improve their ability to clear A and tau [74]. In addition, there is growing evidence that
AP and tau may not act alone in the pathogenesis of AD and that other factors may be
involved. Overall, recent studies on amyloid and tau proteins have led to the identification
of new therapeutic targets for AD, including enzymes involved in the production of A
and tau [20].

One area of interest has been the role of inflammation in Alzheimer’s disease. In-
flammation is a natural response of the immune system to injury or infection, but chronic
neuroinflammation may contribute to brain neurodegeneration. Recent studies have shown
that neuroinflammation is a key feature of Alzheimer’s disease [75]. Recent studies have
shown that certain immune cells, such as microglia and astrocytes, play a key role in regulat-
ing the inflammatory response in the brain. Dysregulation of these cells may contribute to
neuroinflammation and the subsequent development of Alzheimer’s disease [76]. In recent
years, new discoveries have emerged about the role of inflammation in Alzheimer’s disease.
Inflammation has been identified as a key factor in the development and progression of
Alzheimer’s disease, and it is now understood that chronic inflammation can lead to the
accumulation of AB plaques and tau tangles in the brain [77]. New evidence suggests
that targeting neuroinflammation may be a viable therapeutic strategy for Alzheimer’s
disease. Several anti-inflammatory drugs, such as non-steroidal anti-inflammatory drugs
(NSAIDs) and minocycline, have been investigated for their potential to slow or prevent
disease progression; however, these drugs have been limited by their side-effect profile and
lack of specificity for brain inflammation [78].

More recent research has also focused on identifying specific targets within the inflam-
matory pathway that can be selectively targeted. For example, the complement system
is involved in neuroinflammation and has been the subject of preclinical studies, with
promising results [79]. Other targets include cytokines and chemokines, small signalling
molecules involved in inflammation. In addition, research has identified specific inflamma-
tory pathways, such as the NLRP3 inflammasome, as potential targets for intervention [80].

In addition to hypotheses related to amyloid, tau, and inflammation, new research
has implicated mitochondrial dysfunction in Alzheimer’s disease [81]. Mitochondria
are organelles responsible for energy production within cells and are essential for cell
function. Dysfunctional mitochondria can cause cell damage and death, and recent evidence
suggests that mitochondrial dysfunction may play a role in the pathogenesis of Alzheimer’s
disease [82].

Studies have shown that mitochondrial dysfunction is present both in the brains of
Alzheimer’s patients and in animal models of the disease. Dysfunctional mitochondria
in AD have been shown to produce less energy, generate more ROS, and have impaired
calcium homeostasis, leading to neuronal death. In addition, studies have suggested that
amyloid and tau pathologies may directly contribute to mitochondrial dysfunction in
Alzheimer’s disease [83].

In light of these findings, treatment of mitochondrial dysfunction has emerged as
a possible therapeutic strategy for Alzheimer’s disease. Several studies have explored
the use of mitochondria-targeted antioxidants, such as MitoQ), as a potential therapy for
Alzheimer’s disease. Other studies have investigated the potential of compounds that may
improve mitochondrial function, such as the AMPK activator metformin [84].
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One of the emerging areas of research is the role of the gut microbiome in Alzheimer’s
disease, as recent studies have shown that changes in the gut microbiota can lead to
alterations in the brain associated with cognitive impairment and dementia. Other research
has focused on the role of the microbiome as a modulator of the immune system in
Alzheimer’s disease, in particular, the activation of microglia, and the potential therapeutic
benefits of modulating the immune response in the brain [85].

Other emerging areas of research include the role of epigenetic factors in Alzheimer’s
disease, as well as the potential benefits of lifestyle interventions, such as exercise and di-
etary modifications, in reducing the risk of developing the disease [70]. These findings offer
new insights into the mechanisms underlying the development of Alzheimer’s disease and
may lead to the identification of new therapeutic targets for the treatment and prevention
of the disease.

Current theories about Alzheimer’s offer a fragmented view of its etiology. By inte-
grating recent evidence, we propose that future research should focus on the link between
neuroinflammation and mitochondprial alterations as the primary drivers of the disease.
Studies in animal models suggest that regulating inflammatory activity could improve
mitochondrial function and thus preserve neuronal synapses [69]. This approach implies a
promising direction in the search for new therapeutic targets that act on multiple patho-
logical processes simultaneously, a task in which Al could facilitate the analysis of large
volumes of clinical and experimental data.

4. The Use of Artificial Intelligence in Alzheimer’s Research

The complexity of neurodegenerative diseases such as Alzheimer’s disease presents
significant challenges in biomedical research. Traditional approaches often fail to handle
the sheer volume of data generated from genetic, proteomic, and clinical studies. Al
has emerged as a powerful tool to address these challenges. Its capacity to process large
amounts of data, identify patterns, and simulate biological processes is transforming the
way that biomedical research is carried out [86]. The use of ML algorithms and deep
learning networks is particularly crucial in improving early diagnosis, identifying novel
therapeutic targets, and enhancing the efficiency of drug development.

Some of the examples of success in the early diagnosis of Alzheimer’s disease demon-
strate how ML models leverage multimodal data to enhance diagnostic accuracy and offer
insights into disease progression mechanisms.

One of them is a novel deep learning framework integrating 3D vision transformers
(3D-ViTs) and deep belief networks (DBNs) for the early detection of Alzheimer’s disease.
The model analyzes structural MRI data divided into 138 brain regions (regions of interest,
ROIs) from the ADNI dataset (532 samples: 168 cognitively normal, 247 mild cognitive
impairment, and 117 Alzheimer’s disease). It achieves high accuracy (up to 90% for AD vs.
CN classification) and interpretability, highlighting brain regions contributing significantly
to disease progression. The approach demonstrates robustness and scalability, emphasizing
its utility in clinical applications [87].

Another study has developed a multimodal machine learning model (EDAMM) com-
bining acoustic and linguistic features for Alzheimer’s disease diagnosis. Using datasets
ADReSSo (166 samples) and NCMMSC2021 (long speech: 280 training, 119 test samples),
the model applies Wav2Vec2.0, TF-IDF, and Word2Vec for feature extraction. Self-attention
and cross-modal attention mechanisms enhance feature integration, achieving accuracies
of 86.7% (ADReSSo) and 90.2% (NCMMSC2021). The study highlights the effectiveness of
combining speech and text data for non-invasive, cost-effective early AD diagnosis [88].

AT has revolutionized the study of neurodegenerative diseases through the use of
various techniques, including different types of learning: supervised, unsupervised, and
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reinforcement learning, as described in Table 2. The most commonly used techniques
are deep learning models that use the machine learning models described above; all Al
approaches are summarized in Table 3. In biomedical research, the impact of Al has
been profound, enabling better identification of disease biomarkers and new therapeutic
compounds. However, challenges such as data heterogeneity and a lack of labeled data in
the early stages of Alzheimer’s pose obstacles to the broader implementation of Al in this
pathology [89]. However, integrating Al with precision medicine holds great potential for
future therapeutic advances.

Table 2. Al training models.

AT Approach Description
. Supervised learning involves training models on labeled data to predict outcomes such as
Supervised . . . . . :
: disease progression based on clinical data [90]. This method is useful for tasks such as prognosis
Learning AR . , .
estimation in Alzheimer’s patients.
. Unsupervised learning is applied to analyze high-dimensional and unlabeled datasets, such as
Unsupervised . - . . o .
. genomic and proteomic sequences [91]. It is particularly useful in discovering novel patterns,
Learning e . . . .
classifications, and subgrouping of patients without predefined labels.
. Reinforcement learning is used to simulate and optimize therapeutic strategies by learning from
Reinforcement . ; . R . . . ;
Leamning the outcomes of previous simulations [92]. It is increasingly applied to find optimal treatment
protocols and intervention strategies for neurodegenerative diseases.
Table 3. Description of Al models applied to Alzheimer’s disease.
Model Description
SVM (Support A supervised learning algorithm that seeks an optimal hyperplane to separate data points of
Vector Machine) different classes with maximal margin [93]
An ensemble method composed of multiple decision trees. It reduces overfitting and increases
RF (Random Forest) . . .
predictive accuracy by averaging the results of numerous weak learners [93].
ANN:Ss (Artificial Computational models inspired by biological neural networks, capable of recognizing
Neural Networks) complex patterns in data through interconnected layers of weighted nodes [94].
DNNSs (Deep Neural A type of neural network with multiple hidden layers that can automatically learn hierarchical
Networks) representations, enabling the extraction of increasingly abstract features [95].

LBVS (Ligand-Based
Virtual Screening)

A computational approach that uses known active compounds to predict new molecules with
similar biological activity, facilitating the discovery of novel candidates [96].

A family of advanced neural network architectures (including CNNs, RNNs, and

ﬁie(:}l)e{;earmng transformers) that learn from large datasets, often without the need for manual feature
engineering [97].
An Al system that predicts protein structures from amino acid sequences with high accuracy,
AlphaFold S : .
providing insights into molecular form and function [98].
Systems Biology Integrative computational frameworks that combine data from various biological levels
Models (genomes, proteomes, metabolomes) to model complex biological systems holistically [99].

Agent-Based Models

Simulation models where individual entities (agents) follow defined rules, allowing complex
global patterns to emerge from local interactions [100].

Bayesian Networks

Probabilistic graphical models that represent variables and their conditional dependencies,
enabling reasoning under uncertainty and probabilistic inference [101].

NLP (Natural
Language
Processing)

Techniques and models for analyzing, understanding, and generating human language, often
applied to tasks like sentiment analysis, machine translation, and information extraction [102].
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Table 3. Cont.

Model Description

Sensor-Based The use of wearable devices, IoT sensors, and other technologies to continuously capture data
Monitoring streams (e.g., physiological signals, environmental parameters) for subsequent analysis [103].
DeepAD A specialized deep learning approach designed for complex classification and prediction tasks,

integrating multiple data types and learning representations at various scales [104].

4.1. Virtual Screening of Active Compounds Targeting Therapeutic Sites

Virtual screening is a computational method used to search large chemical libraries
to identify potential bioactive compounds that could act as drugs or potential drugs [105].
The main goal is to reduce the number of molecules that need to be tested experimentally,
saving time and resources.

Ligand-based virtual screening (LBVS): This method uses information from known
active ligands to find compounds with similar structures or chemical properties [106]. It
assumes that molecules with similar structures will exhibit similar biological activity [107].
LBVS is particularly effective when the 3D structure of the target is unknown, and relies on
chemical fingerprints or molecular descriptors to find potential compounds.

Machine learning algorithms, such as support vector machines (SVMs), random forests
(RFs), artificial neural networks (ANNSs), and deep neural networks (DNNs), are commonly
used to identify potentially active compounds [108]. These tools accelerate the identification
of key molecular features that correlate with biological activity, making them a rapid and
highly effective avenue for potential Alzheimer’s drug discovery.

Al can be used to facilitate the identification of new therapeutic targets for Alzheimer’s.
By mining data from genomic and proteomic datasets, Al tools such as DeepBind can pre-
dict protein-DNA interactions, helping to identify genes involved in Alzheimer’s pathol-
ogy [109]. Furthermore, Al models integrate vast molecular databases with advanced
neural networks, such as graph convolutional networks, to predict molecular interac-
tions [110]. These tools improve the virtual screening process by evaluating molecular
properties and interactions more comprehensively.

After the virtual screening process, the efficacy of the selected compounds must be
evaluated. First, it is important to evaluate the interaction of the ligands with the therapeutic
targets through molecular docking and molecular dynamics [111]. After that, both in vitro
and in vivo evaluations are performed. Al helps to optimize high-throughput screening
and preclinical testing by predicting the outcomes of these assessments, streamlining the
transition from virtual models to laboratory testing [112].

4.2. Advantages of Al-Assisted Molecular Docking and Molecular Dynamics

Molecular docking is a key technique in Alzheimer’s drug discovery, allowing us to
predict how ligands interact with biological targets such as acetylcholinesterase or amyloid-
beta plaques. Al has improved this process by optimizing ligand-receptor interaction
prediction and improving the accuracy of docking simulations [113].

Molecular dynamics simulations, which predict the behavior of molecular complexes
over time, have also benefited from advances in Al Deep learning tools such as AlphaFold
enable 3D models of proteins that are not described experimentally, leading to more
accurate simulations of protein-ligand interactions by more effectively predicting protein
structures [114].

These Al-powered simulations provide deeper insights into the dynamics of molecular
complexes, critical to understanding drug efficacy in Alzheimer’s. Traditional docking
and simulation methods often fail to accurately model the flexibility of biological systems.
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Al-powered techniques overcome these limitations by dynamically predicting changes in
protein-ligand interactions and providing more realistic simulations [115].

Notably, models such as DeepDock and AtomNet use deep learning frameworks to
improve the docking process. DeepDock improves the prediction of binding poses by
learning from large datasets of protein-ligand complexes, while AtomNet applies CNNs to
predict molecular binding affinities, considering the spatial arrangement of atoms [116,117].

Other models such as CNNScore and RF-Score integrate machine learning with tradi-
tional scoring functions to refine docking accuracy [118]. These models represent significant
advances in leveraging Al to obtain more reliable molecular docking results.

Following Al-based predictions, preclinical studies validate the findings, ensuring
that in silico models align with in vivo biological behavior.

4.3. Modeling the Interaction of Key Hypotheses in Alzheimer’s Development Using Al

Alzheimer’s disease is driven by several inter-related hypotheses, including amyloid-
beta accumulation, tau hyperphosphorylation, and neuroinflammation [119] as the unifying
hypothesis of Alzheimer’s disease development and the synchronization of neuroinflam-
matory events with mitochondrial dysfunction.

Al makes it possible to model these complex processes, integrating them into a multi-
hypothesis framework to predict disease progression and identify new therapeutic targets.
Through in silico simulations, Al tools allow researchers to explore the interactions between
these hypotheses, offering insights into disease mechanisms that would be difficult to
achieve through experimental studies alone [120].

Several Al-driven models have been developed to simulate these biological interac-
tions. Systems biology models such as EpiSim integrate various molecular and cellular
pathways to model disease dynamics [121]. Agent-based models such as Repast Simphony
simulate single entities (e.g., cells or proteins) to study their interactions over time, allow-
ing for the exploration of processes such as amyloid-beta aggregation [122]. Furthermore,
Bayesian networks have been applied to Alzheimer’s disease to infer probabilistic relation-
ships between different hypotheses, such as the interaction between tau protein pathology
and amyloid-beta accumulation [123].

In addjition to these modeling approaches, Al is being integrated into clinical trials to
deliver personalized treatments tailored to individual patient profiles. For example, the trial
“Design of Personalized Supplements Based on the Gut-Brain Axis to Reduce Alzheimer’s
Disease Risk” (NCT06199193) leverages Al to optimize dietary interventions based on
gut microbiota analysis [124]. Similarly, the “BRAIN App” trial (NCT06298474) uses Al-
powered behavioral interventions to provide customized cognitive stimulation, aiming
to enhance patient outcomes through individualized care [125]. These studies underscore
the transformative potential of Al in combining biological modeling with personalized
therapeutic strategies.

For example, reinforcement learning has been employed to model oxidative stress
feedback loops, providing a deeper understanding of how oxidative damage exacerbates
tau protein pathology [126]. DeepRL has shown potential to optimize treatment strategies
by simulating how therapeutic interventions affect this positive feedback loop, as we
propose in the unification hypothesis [127].

Al-generated models should be validated using experimental data, ensuring that they
reflect the current biological processes underlying Alzheimer’s progression [128]. Once
validated, Al models can simulate the effects of various therapeutic interventions, offering
a pathway to optimize treatment strategies based on real-world data [129].

A promising approach to understanding the complex interactions between multiple
Alzheimer’s hypotheses, such as neuroinflammation, mitochondrial dysfunction, and
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oxidative stress, would be to develop a multi-scale systems biology model that integrates
these processes into a cohesive framework [130]. This could be achieved using a tool such
as COPASI (Complex Pathway Simulator) version 4.39 (available at https://copasi.org/),
which allows for modeling biochemical pathways and feedback loops [131], including the
interaction between oxidative stress and mitochondrial dysfunction.

By incorporating Al algorithms such as dynamic Bayesian networks and deep rein-
forcement learning, this model could dynamically simulate how these processes influence
each other over time [132]. Specifically, it would allow for observing positive feedback loops
between neuroinflammation, mitochondrial dysfunction, and oxidative stress, helping to
identify key intervention points to disrupt these cycles.

4.4. Al Applications in Patient Monitoring in Clinical Studies

Artificial intelligence technologies have transformed medicine and the way that data
are collected and analyzed in Alzheimer’s clinical trials. Natural language processing (NLP),
sensor-based monitoring, and wearable devices enable real-time data collection, which Al
algorithms can analyze to track disease progression in a more accurate and individualized
way [133]. For example, the digital platform Altoida uses a combination of smartphone-
based cognitive assessments and Al algorithms to predict the onset of Alzheimer’s by
analyzing daily behaviors and cognitive tasks [134]. Similarly, the Neurotrack app uses eye-
tracking technology combined with Al to assess memory and cognitive function remotely,
allowing researchers to collect real-time data on cognitive decline.

By continuously monitoring cognitive function, behavior, and daily activities, Al-
powered tools generate longitudinal datasets that provide deeper insights into a patient’s
condition over time [135]. This real-time data analysis can be used to tailor treatment plans
based on a patient’s unique needs, improving the overall effectiveness of interventions and
personalized medicine. The RADAR-AD (Remote Assessment of Disease And Relapse-
Alzheimer’s Disease) project is another example of using wearables, mobile technology,
and Al to track disease progression in real-world settings [136]. RADAR-AD collects data
on movement, sleep, and other daily activities to provide insights into how Alzheimer’s
affects daily life and tailor treatments accordingly [137].

Al’s predictive capabilities are also crucial in clinical trials, allowing researchers to
forecast patient responses to treatments. Predictive models, such as survival analysis and
time series algorithms, help to identify which patients will benefit most from experimental
therapies. For example, IBM Watson for Clinical Trials uses Al to analyze clinical trial
data and predict which patients are most likely to respond to specific treatments based on
their genetic and clinical profiles [138]. Al tools also help tp monitor treatment adherence,
providing a holistic view of how patients respond to therapy and how these responses
impact their quality of life [139]. The AiCure platform, which uses computer vision and
Al to monitor medication adherence using smartphone cameras, ensures that patients
take their medications as prescribed, reducing dropout and missing data, improving the
accuracy of clinical trial data and overall patient outcomes [140].

4.5. Al-Assisted Diagnosis and Computer Vision

Artificial intelligence has significantly improved the accuracy of Alzheimer’s disease
diagnosis by automating the analysis of imaging data [141]. CNNs are routinely used
to analyze CT and MRI scans, and detecting subtle structural changes in the brain, such
as hippocampal atrophy, that are difficult to identify manually, becomes a very useful
tool for radiologists [142]. For example, a study using DeepAD, a deep learning model,
demonstrated its ability to detect hippocampal volume reduction with high accuracy,
providing early markers of Alzheimer’s long before cognitive symptoms appear [143].
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Al-powered image analysis enables the early identification of structural markers asso-
ciated with Alzheimer’s, often years before symptoms manifest [144]. A notable example is
VoxCNN, a CNN-based model that analyzes 3D brain images from MRI scans to identify
Alzheimer’s-specific atrophy patterns. In clinical trials, VoxCNN has demonstrated supe-
rior performance in detecting early-stage Alzheimer’s compared to traditional diagnostic
methods [145].

When comparing Al-assisted diagnoses to traditional methods, it is clear that AI pro-
vides more accurate, consistent, and reproducible results, reducing diagnostic delays [146].
In a clinical study, the DLAD (Deep Learning for Alzheimer’s Diagnosis) system outper-
formed radiologists in detecting early signs of Alzheimer’s from MRI scans, particularly
in distinguishing between mild cognitive impairment and normal aging, which is often a
challenge in traditional diagnostics because of the similarity of morphological differential
diagnoses [147].

Al tools also support clinical decision making by providing comprehensive analytics
that combine imaging data with genetic and clinical records [148]. For example, systems
such as IBM Watson Health synthesize patient data from multiple sources, including
genomic sequences, clinical history, and imaging results, to help diagnose Alzheimer’s and
recommend the most appropriate treatments for each patient [149]. Another example is
Neuroreader, an Al-powered software that analyzes MRI data to quantify brain atrophy
and compare it to normative data, providing useful information for physicians during
diagnosis [150].

In summary, Table 4 showcases the key areas where artificial intelligence has sig-
nificantly impacted Alzheimer’s research. Each area of application utilizes specific Al
techniques to achieve notable benefits while also facing certain challenges.

Table 4. Summary of Al techniques in Alzheimer’s research.

Area of Application Al Techniques Used Key Benefits Challenges
. . Accelerated identification .
V1rtua.1 Screening SVM, RF, ANN, of potential drug Data qual} b,
of Active . ) computational resources
DNN, LBVS candidates, improved
Compounds . .. [108]
screening efficiency
Deep Learning Models Enhanced accuracy in . . .
Molecular Docking (AlphaFold, DeepDock, predicting protein Mo<.:1e.l ) b10¥0g1c.:a1
. . flexibility, validation of
and Dynamics AtomNet, CNNScore, structures and ligand redictions [113]
RF-Score) interactions P
Systems Biology Models

Modeling Disease
Hypotheses

(EpiSim), Agent-Based
Models (Repast Simphony),
Bayesian Networks,
Reinforcement Learning

Integrated understanding
of disease mechanismes,
identification of
therapeutic targets

Complexity of biological
systems, data integration
[120]

Patient Monitoring
in Clinical Studies

Wearable Devices, NLP,
Sensor-Based Monitoring

Real-time data collection,
personalized treatment
plans, improved adherence

Data privacy, variability in
patient data [134]

Al-Assisted
Diagnosis

Deep Learning Models
(DeepAD, VoxCNN,
CNNs)

Early detection of
structural brain changes,
increased diagnostic
accuracy

Requirement for large
datasets, potential for
overfitting [143]
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5. Conclusions

Recent studies on Alzheimer’s disease have shed light on new therapeutic targets
and avenues for drug development. For decades, the amyloid hypothesis has been the
cornerstone of drug development efforts, focusing on the accumulation of beta-amyloid
in the brain. However, despite numerous clinical trials aimed at reducing amyloid bur-
den, the results have been largely disappointing, raising questions about the role of amy-
loid as a primary cause of Alzheimer’s disease pathology. These results suggest that
Alzheimer’s may be the result of multiple molecular dysfunctions rather than driven solely
by amyloid accumulation.

Emerging evidence points to other critical factors, such as tau protein accumulation,
neuroinflammation, mitochondrial dysfunction, and synaptic loss, as key contributors to the
disease. Research has proposed that synaptic loss, rather than amyloid or tau accumulation,
could be a pivotal factor in the early progression of Alzheimer’s disease. Furthermore,
the discovery of new genes, such as TREM2, which is involved in microglial function and
immune response, has introduced new targets for therapeutic intervention. Furthermore,
the importance of mitochondrial dysfunction and other proteins, such as midkine and
pleiotrophin, in the pathogenesis of Alzheimer’s disease is increasingly recognized. These
findings underscore the need to explore alternative pathways in therapeutic development
and to take a more holistic view of the underlying mechanisms of the disease.

Al has the potential to revolutionize Alzheimer’s drug development by enabling a
faster and more efficient identification of drug targets and assisting in the design of clinical
trials. Al has already dramatically accelerated the drug discovery process, particularly in
identifying new targets and screening potential compounds. Advanced algorithms and
deep learning models have improved the accuracy of virtual screening and molecular
docking processes, helping to identify more effective therapies. However, challenges
remain in applying Al to drug development, such as the need for high-quality, unbiased
data and the interpretability of Al models.

Looking ahead, Al will play an increasingly important role in personalized medicine,
particularly in tailoring treatments based on a patient’s genetic and clinical profile. For
example, integrating Al with digital twin technologies has tremendous potential. Digital
twins (virtual representations of patients) could simulate the progression of Alzheimer’s
disease in real time, allowing researchers to test personalized treatments in a virtual
environment before implementing them in clinical practice. This combination of Al and
digital twins represents a promising frontier in the research and development of treatments
for Alzheimer’s disease.

To fully realize the potential of Al, multidisciplinary collaboration between researchers
in genetics, neuroscience, immunology, and Al will be essential. In addition, innovative
clinical trial designs, personalized medicine approaches, and the development of new
biomarkers for the early diagnosis and monitoring of disease progression are necessary. Al,
by identifying complex patterns in the interactions between biological systems such as the
gut microbiota, immune system, and neurons, could enable a deeper understanding of the
onset and progression of Alzheimer’s disease.

In conclusion, the field of Alzheimer’s disease research is rapidly evolving, with
emerging evidence on the underlying mechanisms of the disease and the potential for new
therapeutic targets. Advances in Al and personalized medicine offer exciting opportunities
for drug development and patient care. However, there are significant challenges, such
as data heterogeneity, model interpretability, and the integration of multiple biological
datasets, that need to be addressed to fully realize the potential of these technologies.
Future research should focus on translational approaches to bring promising therapies to
patients more quickly.
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As research progresses, fundamental biological questions remain: to what extent
can interactions between different systems, such as immune response, inflammation, and
mitochondrial dysfunction, explain the onset and progression of Alzheimer’s disease?
Could they be a viable alternative to AI?
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MDPI  Multidisciplinary Digital Publishing Institute
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AD Alzheimer’s disease

AB Amyloid-beta

ML Machine learning

Al Artificial intelligence
ROS Reactive oxygen species

CNNs Convolutional neural networks
LBVS  Ligand-based virtual screening
SVMs  Support vector machines

RFs Random forests

ANNs Artificial neural networks
DNNs Deep neural networks

NLP Natural language processing

References

1.  Teng, Z. Novel Development and Prospects in Pathogenesis, Diagnosis, and Therapy of Alzheimer’s Disease. J. Alzheimer’s Dis.
Rep. 2024, 8, 345. [CrossRef] [PubMed]

2. Saw, A.M.; Hrastelj, ].; Robertson, N.P. Path from discovery to recovery: Therapeutic and diagnostic advances in Alzheimer’s
dementia. J. Neurol. 2023, 270, 4151-4153. [CrossRef] [PubMed]

3. Cummings, J.; Lee, G.; Ritter, A.; Sabbagh, M.; Zhong, K. Alzheimer’s disease drug development pipeline: 2020. Alzheimer’s
Dement. Transl. Res. Clin. Interv. 2020, 6, €12050. [CrossRef] [PubMed]

4. Monfared, A.A.T,; Tafazzoli, A.; Ye, W.; Chavan, A.; Zhang, Q. Long-Term Health Outcomes of Lecanemab in Patients with Early
Alzheimer’s Disease Using Simulation Modeling. Neurol. Ther. 2022, 11, 863-880. [CrossRef]

5. Apatiga-Pérez, R.; Soto-Rojas, L.O.; Campa-Cérdoba, B.B.; Luna-Viramontes, N.I.; Cuevas, E.; Villanueva-Fierro, I.; Ontiveros-
Torres, M.A.; Bravo-Muiioz, M.; Flores-Rodriguez, P.; Garcés-Ramirez, L.; et al. Neurovascular dysfunction and vascular amyloid
accumulation as early events in Alzheimer’s disease. Metab. Brain Dis. 2022, 37, 39-50. [CrossRef] [PubMed]

6. Botella Lucena, P; Heneka, M.T. Inflammatory aspects of Alzheimer’s disease. Acta Neuropathol. 2024, 148, 31. [CrossRef]

7. Shi, M,; Chu, E; Zhu, E; Zhu, J. Impact of Anti-amyloid-8 Monoclonal Antibodies on the Pathology and Clinical Profile of

Alzheimer’s Disease: A Focus on Aducanumab and Lecanemab. Front. Aging Neurosci. 2022, 14, 870517. [CrossRef]


http://doi.org/10.3233/ADR-230130
http://www.ncbi.nlm.nih.gov/pubmed/38405339
http://dx.doi.org/10.1007/s00415-023-11840-w
http://www.ncbi.nlm.nih.gov/pubmed/37394517
http://dx.doi.org/10.1002/trc2.12050
http://www.ncbi.nlm.nih.gov/pubmed/32695874
http://dx.doi.org/10.1007/s40120-022-00350-y
http://dx.doi.org/10.1007/s11011-021-00814-4
http://www.ncbi.nlm.nih.gov/pubmed/34406560
http://dx.doi.org/10.1007/s00401-024-02790-2
http://dx.doi.org/10.3389/fnagi.2022.870517

Int. J. Mol. Sci. 2025, 26, 1004 19 of 25

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

Gholami, A.; Minai-Tehrani, D.; Eriksson, L.A. In silico and in vitro studies confirm Ondansetron as a novel acetylcholinesterase
and butyrylcholinesterase inhibitor. Sci. Rep. 2023, 13, 643. [CrossRef]

Kumar, A.; Sudevan, S.T; Nair, A.S.; Singh, A K.; Kumar, S.; Jose, J.; Behl, T.; Mangalathillam, S.; Mathew, B.; Kim, H. Current
and future nano-carrier-based approaches in the treatment of Alzheimer’s disease. Brain Sci. 2023, 13, 213. [CrossRef]

Zhang, P; Hou, Y,; Tu, W.; Campbell, N.; Pieper, A.A.; Leverenz, J.B.; Gao, S.; Cummings, J.; Cheng, F. Population-based
discovery and Mendelian randomization analysis identify telmisartan as a candidate medicine for Alzheimer’s disease in African
Americans. Alzheimer’s Dement. 2023, 19, 1876-1887. [CrossRef]

Imbimbo, B.P,; Ippati, S.; Watling, M.; Imbimbo, C. Role of monomeric amyloid-f in cognitive performance in Alzheimer’s
disease: Insights from clinical trials with secretase inhibitors and monoclonal antibodies. Pharmacol. Res. 2023, 187, 106631.
[CrossRef]

Vaz, M,; Silva, V.; Monteiro, C.; Silvestre, S. Role of Aducanumab in the Treatment of Alzheimer’s Disease: Challenges and
Opportunities. Clin. Interv. Aging 2022, 17, 797-810. [CrossRef] [PubMed]

Zyuzkov, G.; Miroshnichenko, L.; Chayikovskyi, A.; Kotlovskaya, L. Prospects for the Therapeutic Potential of Inhibitors
Targeting JNK and p53 in Alzheimer’s Disease. Adv. Life Sci. 2023, 10, 298-303.

Jack, C.R,, Jr.; Andrews, ].S.; Beach, T.G.; Buracchio, T.; Dunn, B.; Graf, A.; Hansson, O.; Ho, C.; Jagust, W.; McDade, E.; et al.
Revised criteria for diagnosis and staging of Alzheimer’s disease: Alzheimer’s Association Workgroup. Alzheimer’s Dement. 2024,
20, 5143-5169. [CrossRef] [PubMed]

Bowirrat, A. Immunosenescence and Aging: Neuroinflammation Is a Prominent Feature of Alzheimer’s Disease and Is a Likely
Contributor to Neurodegenerative Disease Pathogenesis. J. Pers. Med. 2022, 12, 1817. [CrossRef] [PubMed]

Zhu, Y.; Ouyang, Z.; Du, H.; Wang, M.; Wang, ].; Sun, H.; Kong, L.; Xu, Q.; Ma, H.; Sun, Y. New opportunities and challenges
of natural products research: When target identification meets single-cell multiomics. Acta Pharm. Sin. B 2022, 12, 4011-4039.
[CrossRef] [PubMed]

Simoes, J.L.; Sobierai, L.D.; Leal, L.F,; Santos, M.V.D.; Coiado, J.V.; Bagatini, M.D. Action of the Purinergic and Cholinergic
Anti-inflammatory Pathways on Oxidative Stress in Patients with Alzheimer’s Disease in the Context of the COVID-19 Pandemic.
Neuroscience 2023, 512, 110-132. [CrossRef] [PubMed]

Chakraborty, S.; Chopra, H.; Akash, S.; Chakraborty, C.; Dhama, K. Artificial intelligence (Al) is paving the way for a critical
role in drug discovery, drug design, and studying drug-drug interactions—correspondence. Int. |. Surg. 2023, 109, 3242-3244.
[CrossRef]

Blanco-Gonzalez, A.; Cabezon, A.; Seco-Gonzalez, A.; Conde-Torres, D.; Antelo-Riveiro, P.; Pineiro, A.; Garcia-Fandino, R. The
role of ai in drug discovery: Challenges, opportunities, and strategies. Pharmaceuticals 2023, 16, 891. [CrossRef]

Zhang, Y.; Chen, H.; Li, R.; Sterling, K.; Song, W. Amyloid B-based therapy for Alzheimer’s disease: Challenges, successes and
future. Signal Transduct. Target. Ther. 2023, 8, 248. [CrossRef]

Niazi, S.K. The coming of age of ai/ml in drug discovery, development, clinical testing, and manufacturing: The FDA perspectives.
Drug Des. Dev. Ther. 2023, 17, 2691-2725. [CrossRef] [PubMed]

Palaniyandi, T.; B, K.; Prabhakaran, P.; Viswanathan, S.; Wahab, M.R.A.; Natarajan, S.; Moorthy, S KK.; Kumarasamy, S.
Nanosensors for the diagnosis and therapy of neurodegenerative disorders and inflammatory bowel disease. Acta Histochem.
2023, 125,151997. [CrossRef] [PubMed]

Lau, V,; Ramer, L.; Eve Tremblay, M. An aging, pathology burden, and glial senescence build-up hypothesis for late onset
Alzheimer’s disease. Nat. Commun. 2023, 14, 1670. [CrossRef] [PubMed]

Agagtindiiz, D.; Kocaadam-Bozkurt, B.; Bozkurt, O.; Sharma, H.; Esposito, R.; Ozogul, F.; Capasso, R. Microbiota alteration and
modulation in Alzheimer’s disease by gerobiotics: The gut-health axis for a good mind. Biomed. Pharmacother. 2022, 153, 113430.
[CrossRef] [PubMed]

Mehta, R.I.; Mehta, R.I. The Vascular-Immune Hypothesis of Alzheimer’s Disease. Biomedicines 2023, 11, 408. [CrossRef]
Zyuz’kov, G.N.; Miroshnichenko, L.A.; Kotlovskaya, L.Y.; Chayikovskyi, A.V. Inhibitors of Intracellular Signaling Molecules:
New Horizons in Drug Discovery for the Treatment of Alzheimer’s Disease. Biointerface Res. Appl. Chem. 2023,13, 1-11.
Tamburini, B.; Badami, G.D.; Manna, M.P.L.; Azgomi, M.S.; Caccamo, N.; Dieli, F. Emerging Roles of Cells and Molecules of
Innate Immunity in Alzheimer’s Disease. Int. J. Mol. Sci. 2023, 24, 11922. [CrossRef]

Wang, H.; Sun, M,; Li, W,; Liu, X.; Zhu, M; Qin, H. Biomarkers associated with the pathogenesis of Alzheimer’s disease. Front.
Cell. Neurosci. 2023, 17, 1279046. [CrossRef]

Atoki, A.V,; Aja, PM.; Ondari, E.N.; Shinkafi, T.S. Advances in Alzheimer’s disease therapeutics: Biochemistry, exploring
bioactive compounds and novel approaches. Int. |. Food Prop. 2023, 26, 2091-2127. [CrossRef]

Fang, L.; Jiao, B.; Liu, X.; Wang, Z.; Yuan, P.; Zhou, H.; Xiao, X.; Cao, L.; Guo, J.; Tang, B.; et al. Specific serum autoantibodies
predict the development and progression of Alzheimer’s disease with high accuracy. Brain Behav. Immun. 2024, 115, 543-554.
[CrossRef] [PubMed]


http://dx.doi.org/10.1038/s41598-022-27149-z
http://dx.doi.org/10.3390/brainsci13020213
http://dx.doi.org/10.1002/alz.12819
http://dx.doi.org/10.1016/j.phrs.2022.106631
http://dx.doi.org/10.2147/CIA.S325026
http://www.ncbi.nlm.nih.gov/pubmed/35611326
http://dx.doi.org/10.1002/alz.13859
http://www.ncbi.nlm.nih.gov/pubmed/38934362
http://dx.doi.org/10.3390/jpm12111817
http://www.ncbi.nlm.nih.gov/pubmed/36579548
http://dx.doi.org/10.1016/j.apsb.2022.08.022
http://www.ncbi.nlm.nih.gov/pubmed/36386472
http://dx.doi.org/10.1016/j.neuroscience.2022.12.007
http://www.ncbi.nlm.nih.gov/pubmed/36526078
http://dx.doi.org/10.1097/JS9.0000000000000564
http://dx.doi.org/10.3390/ph16060891
http://dx.doi.org/10.1038/s41392-023-01484-7
http://dx.doi.org/10.2147/DDDT.S424991
http://www.ncbi.nlm.nih.gov/pubmed/37701048
http://dx.doi.org/10.1016/j.acthis.2023.151997
http://www.ncbi.nlm.nih.gov/pubmed/36682145
http://dx.doi.org/10.1038/s41467-023-37304-3
http://www.ncbi.nlm.nih.gov/pubmed/36966157
http://dx.doi.org/10.1016/j.biopha.2022.113430
http://www.ncbi.nlm.nih.gov/pubmed/36076486
http://dx.doi.org/10.3390/biomedicines11020408
http://dx.doi.org/10.3390/ijms241511922
http://dx.doi.org/10.3389/fncel.2023.1279046
http://dx.doi.org/10.1080/10942912.2023.2243050
http://dx.doi.org/10.1016/j.bbi.2023.11.018
http://www.ncbi.nlm.nih.gov/pubmed/37989443

Int. J. Mol. Sci. 2025, 26, 1004 20 of 25

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

Ozsahin, I.; Onakpojeruo, E.P; Uzun, B.; Uzun Ozsahin, D.; Butler, T.A. A Multi-Criteria Decision Aid Tool for Radiopharmaceu-
tical Selection in Tau PET Imaging. Pharmaceutics 2023, 15, 1304. [CrossRef] [PubMed]

Wong-Guerra, M.; Maccioni, R.B.; Rojo, L.E. Revisiting the neuroinflammation hypothesis in Alzheimer’s disease: A focus on the
druggability of current targets. Front. Pharmacol. 2023, 14, 1161850. [CrossRef] [PubMed]

Merighi, S.; Nigro, M.; Travagli, A.; Gessi, S. Microglia and Alzheimer’s Disease. Int. |. Mol. Sci. 2022, 23, 12990. [CrossRef]
[PubMed]

Li, T; Lu, L.; Pember, E.; Li, X.; Zhang, B.; Zhu, Z. New insights into neuroinflammation involved in pathogenic mechanism of
Alzheimer’s disease and its potential for therapeutic intervention. Cells 2022, 11, 1925. [CrossRef] [PubMed]

Obukohwo, O.M.; Oreoluwa, O.A.; Andrew, U.O.; Williams, U.E. Microglia-mediated neuroinflammation in traumatic brain
injury: A review. Mol. Biol. Rep. 2024, 51, 1-13. [CrossRef] [PubMed]

Fornari Laurindo, L.; Aparecido Dias, J.; Cressoni Araujo, A.; Torres Pomini, K.; Machado Galhardi, C.; Rucco Penteado Detre-
giachi, C.; Santos de Argollo Haber, L.; Donizeti Roque, D.; Dib Bechara, M.; Vialogo Marques de Castro, M.; et al. Immunological
dimensions of neuroinflammation and microglial activation: Exploring innovative immunomodulatory approaches to mitigate
neuroinflammatory progression. Front. Immunol. 2024, 14, 1305933. [CrossRef] [PubMed]

Solanki, R.; Karande, A.; Ranganathan, P. Emerging role of gut microbiota dysbiosis in neuroinflammation and neurodegeneration.
Front. Neurol. 2023, 14, 1149618. [CrossRef] [PubMed]

Koerich, S.; Parreira, G.M.; de Almeida, D.L.; Vieira, R.P; de Oliveira, A.C.P. Receptors for advanced glycation end products
(RAGE): Promising targets aiming at the treatment of neurodegenerative conditions. Curr. Neuropharmacol. 2023, 21, 219.
[CrossRef]

San-Millan, I. The key role of mitochondrial function in health and disease. Antioxidants 2023,12, 782. [CrossRef]

Sultana, M.A.; Hia, R.A.; Akinsiku, O.; Hegde, V. Peripheral mitochondrial dysfunction: A potential contributor to the
development of metabolic disorders and Alzheimer’s disease. Biology 2023, 12, 1019. [CrossRef] [PubMed]

Compagnoni, G.M.; Fonzo, A.D.; Corti, S.; Comi, G.P;; Bresolin, N.; Masliah, E. The Role of Mitochondria in Neurodegenerative
Diseases: The Lesson from Alzheimer’s Disease and Parkinson’s Disease. Mol. Neurobiol. 2020, 57, 2959-2980. [CrossRef]
[PubMed]

Tassone, G.; Kola, A.; Valensin, D.; Pozzi, C. Dynamic interplay between copper toxicity and mitochondrial dysfunction in
alzheimer’s Disease. Life 2021, 11, 386. [CrossRef]

Sousa, T.; Moreira, P.I.; Cardoso, S. Current Advances in Mitochondrial Targeted Interventions in Alzheimer’s Disease.
Biomedicines 2023, 11, 2331. [CrossRef] [PubMed]

Panes, ].D.; Godoy, P.A.; Silva-Grecchi, T.; Celis, M.T.; Ramirez-Molina, O.; Gavilan, J.; Mufioz-Montecino, C.; Castro, P.A;
Moraga-Cid, G.; Yévenes, G.E.; et al. Changes in PGC-1a/SIRT1 Signaling Impact on Mitochondrial Homeostasis in Amyloid-Beta
Peptide Toxicity Model. Front. Pharmacol. 2020, 11, 709. [CrossRef]

Li, YH.; Xu, E; Thome, R.; Guo, M.E; Sun, M.L.; Song, G.B; lan Li, R.; Chai, Z.; Ciric, B.; Rostami, A.M.; et al. Mdivi-1,
a mitochondrial fission inhibitor, modulates T helper cells and suppresses the development of experimental autoimmune
encephalomyelitis. J. Neuroinflamm. 2019, 16, 149. [CrossRef] [PubMed]

Andreux, PA.; Blanco-Bose, W.; Ryu, D.; Burdet, F.; Ibberson, M.; Aebischer, P.; Auwerx, J.; Singh, A.; Rinsch, C. The mitophagy
activator urolithin A is safe and induces a molecular signature of improved mitochondrial and cellular health in humans. Nat.
Metab. 2019, 1, 595-603. [CrossRef]

Rudge, ].D. A new hypothesis for Alzheimer’s disease: The lipid invasion model. ]. Alzheimer’s Dis. Rep. 2022, 6, 129-161.
[CrossRef]

Stern, A.M.; Yang, Y,; Jin, S.; Yamashita, K.; Meunier, A.L.; Liu, W,; Cai, Y.; Ericsson, M; Liu, L.; Goedert, M.; et al. Abundant
Ap fibrils in ultracentrifugal supernatants of aqueous extracts from Alzheimer’s disease brains. Neuron 2023, 111, 2012-2020.
[CrossRef] [PubMed]

Peng, L.; Bestard-Lorigados, I.; Song, W. The synapse as a treatment avenue for Alzheimer’s Disease. Mol. Psychiatry 2022,
27,2940-2949. [CrossRef] [PubMed]

Bai, R.;; Guo, J.; Ye, X.Y,; Xie, Y.; Xie, T. Oxidative stress: The core pathogenesis and mechanism of Alzheimer’s disease. Ageing
Res. Rev. 2022, 77,101619. [CrossRef]

Sultana, R.; Perluigi, M.; Butterfield, D.A. Lipid peroxidation triggers neurodegeneration: A redox proteomics view into the
Alzheimer disease brain. Free Radic. Biol. Med. 2013, 62, 157-169. [CrossRef] [PubMed]

Bhatt, S.; Puli, L.; Patil, C.R. Role of reactive oxygen species in the progression of Alzheimer’s disease. Drug Discov. Today 2021,
26, 794-803. [CrossRef]

Jurcdu, M.C.; Andronie-Cioara, F.L.; Jurcdu, A.; Marcu, E; Tit, D.M.; Pascaldu, N.; Nistor-Cseppento, D.C. The link between
oxidative stress, mitochondrial dysfunction and neuroinflammation in the pathophysiology of Alzheimer’s disease: Therapeutic
implications and future perspectives. Antioxidants 2022, 11, 2167. [CrossRef] [PubMed]


http://dx.doi.org/10.3390/pharmaceutics15041304
http://www.ncbi.nlm.nih.gov/pubmed/37111789
http://dx.doi.org/10.3389/fphar.2023.1161850
http://www.ncbi.nlm.nih.gov/pubmed/37361208
http://dx.doi.org/10.3390/ijms232112990
http://www.ncbi.nlm.nih.gov/pubmed/36361780
http://dx.doi.org/10.3390/cells11121925
http://www.ncbi.nlm.nih.gov/pubmed/35741054
http://dx.doi.org/10.1007/s11033-024-09995-4
http://www.ncbi.nlm.nih.gov/pubmed/39425760
http://dx.doi.org/10.3389/fimmu.2023.1305933
http://www.ncbi.nlm.nih.gov/pubmed/38259497
http://dx.doi.org/10.3389/fneur.2023.1149618
http://www.ncbi.nlm.nih.gov/pubmed/37255721
http://dx.doi.org/10.2174/1570159X20666220922153903
http://dx.doi.org/10.3390/antiox12040782
http://dx.doi.org/10.3390/biology12071019
http://www.ncbi.nlm.nih.gov/pubmed/37508448
http://dx.doi.org/10.1007/s12035-020-01926-1
http://www.ncbi.nlm.nih.gov/pubmed/32445085
http://dx.doi.org/10.3390/life11050386
http://dx.doi.org/10.3390/biomedicines11092331
http://www.ncbi.nlm.nih.gov/pubmed/37760774
http://dx.doi.org/10.3389/fphar.2020.00709
http://dx.doi.org/10.1186/s12974-019-1542-0
http://www.ncbi.nlm.nih.gov/pubmed/31324254
http://dx.doi.org/10.1038/s42255-019-0073-4
http://dx.doi.org/10.3233/ADR-210299
http://dx.doi.org/10.1016/j.neuron.2023.04.007
http://www.ncbi.nlm.nih.gov/pubmed/37167969
http://dx.doi.org/10.1038/s41380-022-01565-z
http://www.ncbi.nlm.nih.gov/pubmed/35444256
http://dx.doi.org/10.1016/j.arr.2022.101619
http://dx.doi.org/10.1016/j.freeradbiomed.2012.09.027
http://www.ncbi.nlm.nih.gov/pubmed/23044265
http://dx.doi.org/10.1016/j.drudis.2020.12.004
http://dx.doi.org/10.3390/antiox11112167
http://www.ncbi.nlm.nih.gov/pubmed/36358538

Int. J. Mol. Sci. 2025, 26, 1004 21 of 25

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

Eisenmenger, L.B.; Peret, A.; Famakin, B.M.; Spahic, A.; Roberts, G.S.; Bockholt, J.H.; Johnson, K.M.; Paulsen, ].S. Vascular
contributions to Alzheimer’s disease. Transl. Res. 2023, 254, 41-53. [CrossRef] [PubMed]

Nagar, P.; Sharma, P.; Dhapola, R.; Kumari, S.; Medhi, B.; HariKrishnaReddy, D. Endoplasmic reticulum stress in Alzheimer’s
disease: Molecular mechanisms and therapeutic prospects. Life Sci. 2023, 330, 121983. [CrossRef] [PubMed]

Qin, HY,; Liu, J.Y;; Fang, C.L.; Deng, Y.P.; Zhang, Y. DNA methylation: The epigenetic mechanism of Alzheimer’s disease. Ibrain
2023, 9, 463-472. [CrossRef]

Chowdhury, S.G.; Ray, R.; Karmakar, P. Relating aging and autophagy: A new perspective towards the welfare of human health.
EXCLIJ. 2023, 22,732.

Zhang, X.W.; Zhu, X.X.; Tang, D.S; Ly, J.H. Targeting autophagy in Alzheimer’s disease: Animal models and mechanisms. Zool.
Res. 2023, 44, 1132. [CrossRef]

Fan, Y.G.; Wu, T.Y.; Zhao, L.X,; Jia, R.J.; Ren, H.; Hou, W.J.; Wang, Z.Y. From zinc homeostasis to disease progression: Unveiling
the neurodegenerative puzzle. Pharmacol. Res. 2023, 199, 107039. [CrossRef] [PubMed]

Doroszkiewicz, J.; Farhan, J.A.; Mroczko, J.; Winkel, I.; Perkowski, M.; Mroczko, B. Common and trace metals in Alzheimer’s and
Parkinson’s diseases. Int. J. Mol. Sci. 2023, 24, 15721. [CrossRef] [PubMed]

Arora, S.; Santiago, J.A.; Bernstein, M.; Potashkin, J.A. Diet and lifestyle impact the development and progression of Alzheimer’s
dementia. Front. Nutr. 2023, 10, 1213223. [CrossRef] [PubMed]

Schreiner, T.G.; Schreiner, O.D.; Adam, M.; Popescu, B.O. The roles of the amyloid beta monomers in physiological and
pathological conditions. Biomedicines 2023, 11, 1411. [CrossRef]

Shi, H.; Zhao, Y. Modulation of Tau Pathology in Alzheimer’s Disease by Dietary Bioactive Compounds. Int. . Mol. Sci. 2024,
25, 831. [CrossRef] [PubMed]

Parra Bravo, C.; Naguib, S.A.; Gan, L. Cellular and pathological functions of tau. Nat. Rev. Mol. Cell Biol. 2024, 25, 845-864
[CrossRef]

Thakur, S.; Dhapola, R.; Sarma, P.; Medhi, B.; Reddy, D.H. Neuroinflammation in Alzheimer’s disease: Current progress in
molecular signaling and therapeutics. Inflammation 2023, 46, 1-17. [CrossRef]

Terada, T.; Therriault, J.; Kang, M.S.P,; Savard, M.; Pascoal, T.A.; Lussier, E; Tissot, C.; Wang, Y.T.; Benedet, A.; Matsudaira, T.;
et al. Mitochondrial complex I abnormalities is associated with tau and clinical symptoms in mild Alzheimer’s disease. Mol.
Neurodegener. 2021, 16, 28. [CrossRef] [PubMed]

Garbuz, D.; Zatsepina, O.; Evgen’ev, M. Beta amyloid, tau protein, and neuroinflammation: An attempt to integrate different
hypotheses of Alzheimer’s disease pathogenesis. Mol. Biol. 2021, 55, 670-682. [CrossRef]

Deleglise, B.; Lassus, B.; Soubeyre, V.; Doulazmi, M.; Brugg, B.; Vanhoutte, P.; Peyrin, ] M. Dysregulated Neurotransmission
induces Trans-synaptic degeneration in reconstructed Neuronal Networks. Sci. Rep. 2018, 8, 11596. [CrossRef]

Choi, E.H.; Kim, M.H.; Park, S.J. Targeting Mitochondrial Dysfunction and Reactive Oxygen Species for Neurodegenerative
Disease Treatment. Int. J. Mol. Sci. 2024, 25, 7952. [CrossRef]

Castillo-Ordofiez, W.O.; Cajas-Salazar, N.; Velasco-Reyes, M.A. Genetic and epigenetic targets of natural dietary compounds as
anti-Alzheimer’s agents. Neural Regen. Res. 2024, 19, 846-854. [CrossRef] [PubMed]

Rehman, M.U.; Sehar, N.; Dar, N.J.; Khan, A.; Arafah, A.; Rashid, S.; Rashid, S.M.; Ganaie, M.A. Mitochondrial dysfunctions,
oxidative stress and neuroinflammation as therapeutic targets for neurodegenerative diseases: An update on current advances
and impediments. Neurosci. Biobehav. Rev. 2023, 144, 104961. [CrossRef]

van der Kant, R.; Goldstein, L.S.B.; Ossenkoppele, R. Amyloid-g-independent regulators of tau pathology in Alzheimer disease.
Nat. Rev. Neurosci. 2020, 21, 21-35. [CrossRef]

Tan, X,; Liang, Z.; Li, Y.;; Zhi, Y,; Yi, L.; Bai, S.; Forest, K.H.; Nichols, R.A.; Dong, Y.; Li, Q.X. Isoorientin, a GSK-3p inhibitor, rescues
synaptic dysfunction, spatial memory deficits and attenuates pathological progression in APP/PS1 model mice. Behav. Brain Res.
2021, 398, 112968. [CrossRef]

Medrano-Jiménez, E.; Meza-Sosa, K.F.; Urbadn-Aragoén, J.A.; Secundino, I.; Pedraza-Alva, G.; Pérez-Martinez, L. Microglial
activation in Alzheimer’s disease: The role of flavonoids and microRNAs. |. Leukoc. Biol. 2022, 112, 47-77. [CrossRef]

Ozben, T.; Ozben, S. Neuro-inflammation and anti-inflammatory treatment options for Alzheimer’s disease. Clin. Biochem. 2019,
72,87-89. [CrossRef]

Greenhalgh, A.D.; David, S.; Bennett, F.C. Immune cell regulation of glia during CNS injury and disease. Nat. Rev. Neurosci. 2020,
21,139-152. [CrossRef] [PubMed]

Walker, K.A.; Le Page, L.M.; Terrando, N.; Duggan, M.R.; Heneka, M.T.; Bettcher, B.M. The role of peripheral inflammatory
insults in Alzheimer’s disease: A review and research roadmap. Mol. Neurodegener. 2023, 18, 37. [CrossRef]

Dailah, H.G. Potential of Therapeutic Small Molecules in Apoptosis Regulation in the Treatment of Neurodegenerative Diseases:
An Updated Review. Molecules 2022, 27, 7207. [CrossRef] [PubMed]


http://dx.doi.org/10.1016/j.trsl.2022.12.003
http://www.ncbi.nlm.nih.gov/pubmed/36529160
http://dx.doi.org/10.1016/j.lfs.2023.121983
http://www.ncbi.nlm.nih.gov/pubmed/37524162
http://dx.doi.org/10.1002/ibra.12121
http://dx.doi.org/10.24272/j.issn.2095-8137.2023.294
http://dx.doi.org/10.1016/j.phrs.2023.107039
http://www.ncbi.nlm.nih.gov/pubmed/38123108
http://dx.doi.org/10.3390/ijms242115721
http://www.ncbi.nlm.nih.gov/pubmed/37958705
http://dx.doi.org/10.3389/fnut.2023.1213223
http://www.ncbi.nlm.nih.gov/pubmed/37457976
http://dx.doi.org/10.3390/biomedicines11051411
http://dx.doi.org/10.3390/ijms25020831
http://www.ncbi.nlm.nih.gov/pubmed/38255905
http://dx.doi.org/10.1038/s41580-024-00753-9
http://dx.doi.org/10.1007/s10753-022-01721-1
http://dx.doi.org/10.1186/s13024-021-00448-1
http://www.ncbi.nlm.nih.gov/pubmed/33902654
http://dx.doi.org/10.1134/S002689332104004X
http://dx.doi.org/10.1038/s41598-018-29918-1
http://dx.doi.org/10.3390/ijms25147952
http://dx.doi.org/10.4103/1673-5374.382232
http://www.ncbi.nlm.nih.gov/pubmed/37843220
http://dx.doi.org/10.1016/j.neubiorev.2022.104961
http://dx.doi.org/10.1038/s41583-019-0240-3
http://dx.doi.org/10.1016/j.bbr.2020.112968
http://dx.doi.org/10.1002/JLB.3MR1021-531R
http://dx.doi.org/10.1016/j.clinbiochem.2019.04.001
http://dx.doi.org/10.1038/s41583-020-0263-9
http://www.ncbi.nlm.nih.gov/pubmed/32042145
http://dx.doi.org/10.1186/s13024-023-00627-2
http://dx.doi.org/10.3390/molecules27217207
http://www.ncbi.nlm.nih.gov/pubmed/36364033

Int. J. Mol. Sci. 2025, 26, 1004 22 of 25

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.
103.

Foiadelli, T.; Santangelo, A.; Costagliola, G.; Costa, E.; Scacciati, M.; Riva, A.; Volpedo, G.; Smaldone, M.; Bonuccelli, A.;
Clemente, A.M.; et al. Neuroinflammation and status epilepticus: A narrative review unraveling a complex interplay. Front.
Pediatr. 2023, 11, 1251914. [CrossRef] [PubMed]

Zhang, X.; Wang, Z.; Zheng, Y.; Yu, Q.; Zeng, M.; Bai, L.; Yang, L.; Guo, M; Jiang, X.; Gan, ]. Inhibitors of the NLRP3 inflammasome
pathway as promising therapeutic candidates for inflammatory diseases. Int. J. Mol. Med. 2023, 51, 35. [CrossRef]

Reiss, A.B.; Gulkarov, S.; Jacob, B.; Srivastava, A.; Pinkhasov, A.; Gomolin, I.H.; Stecker, M.M.; Wisniewski, T.; De Leon, J.
Mitochondria in Alzheimer’s Disease Pathogenesis. Life 2024, 14, 196. [CrossRef] [PubMed]

Aran, K.R. Mitochondrial dysfunction and oxidative stress in Alzheimer’s disease—A step towards mitochondria based
therapeutic strategies. Aging Health Res. 2023, 3, 100169. [CrossRef]

Peggion, C.; Cali, T.; Brini, M. Mitochondria Dysfunction and Neuroinflammation in Neurodegeneration: Who Comes First?
Antioxidants 2024, 13, 240. [CrossRef] [PubMed]

Galizzi, G.; Di Carlo, M. Mitochondrial DNA and Inflammation in Alzheimer’s Disease. Curr. Issues Mol. Biol. 2023, 45, 8586-8606.
[CrossRef]

Seo, D.-O.; Holtzman, D.M. Current understanding of the Alzheimer’s disease-associated microbiome and therapeutic strategies.
Exp. Mol. Med. 2024, 56, 86-94. [CrossRef] [PubMed]

Li, J.; Han, X;; Qin, Y.; Tan, E; Chen, Y.; Wang, Z.; Song, H.; Zhou, X.; Zhang, Y.; Hu, L.; et al. Artificial intelligence accelerates
multi-modal biomedical process: A Survey. Neurocomputing 2023, 558, 126720. [CrossRef]

Saoud, L.S.; AlMarzouqi, H. Explainable early detection of Alzheimer’s disease using ROIs and an ensemble of 138 3D vision
transformers. Sci. Rep. 2024, 14, 27756. [CrossRef] [PubMed]

Yang, X.; Hong, K.; Zhang, D.; Wang, K. Early diagnosis of Alzheimer’s Disease based on multi-attention mechanism. PLoS ONE
2024, 19, e0310966. [CrossRef]

Vrahatis, A.G.; Skolariki, K.; Krokidis, M.G.; Lazaros, K.; Exarchos, T.P.; Vlamos, P. Revolutionizing the early detection of
Alzheimer’s disease through non-invasive biomarkers: The role of artificial intelligence and deep learning. Sensors 2023, 23, 4184.
[CrossRef]

Obaido, G.; Mienye, 1.D.; Egbelowo, O.F.; Emmanuel, I.D.; Ogunleye, A.; Ogbuokiri, B.; Mienye, P.; Aruleba, K. Supervised
machine learning in drug discovery and development: Algorithms, applications, challenges, and prospects. Mach. Learn. Appl.
2024, 17, 100576. [CrossRef]

Monyai, K. Unsupervised Learning Approach to Quality Control of Proteomics Studies. Ph.D. Thesis, School of Computer
Science and Applied Mathematics, Faculty of Science, University of the Witwatersrand, Johannesburg, South Africa, 2023.
Terranova, N.; Venkatakrishnan, K. Machine Learning in Modeling Disease Trajectory and Treatment Outcomes: An Emerging
Enabler for Model-Informed Precision Medicine. Clin. Pharmacol. Ther. 2024, 115, 720-726. [CrossRef] [PubMed]

Pedregosa, F; Varoquaux, G.; Gramfort, A.; Michel, V.; Thirion, B.; Grisel, O.; Blondel, M.; Prettenhofer, P.; Weiss, R.; Dubourg, V.;
et al. Scikit-learn: Machine Learning in Python. J. Mach. Learn. Res. 2011, 12, 2825-2830.

Prieto, A.; Prieto, B.; Ortigosa, E.M.; Ros, E.; Pelayo, F,; Ortega, J.; Rojas, I. Neural networks: An overview of early research,
current frameworks and new challenges. Neurocomputing 2016, 214, 242-268. [CrossRef]

Namatévs, I. Deep convolutional neural networks: Structure, feature extraction and training. Inf. Technol. Manag. Sci. 2017,
20, 40-47. [CrossRef]

Vazquez, J.; Loépez, M.; Gibert, E.; Herrero, E.; Luque, FJ. Merging ligand-based and structure-based methods in drug discovery:
An overview of combined virtual screening approaches. Molecules 2020, 25, 4723. [CrossRef] [PubMed]

Ahmed, S.F; Alam, M.S.B.,; Hassan, M.; Rozbu, M.R,; Ishtiak, T.; Rafa, N.; Mofijur, M.; Shawkat Ali, A.; Gandomi, A.H.
Deep learning modelling techniques: Current progress, applications, advantages, and challenges. Artif. Intell. Rev. 2023, 56,
13521-13617. [CrossRef]

Varadi, M.; Anyango, S.; Deshpande, M.; Nair, S.; Natassia, C.; Yordanova, G.; Yuan, D.; Stroe, O.; Wood, G.; Laydon, A;
et al. AlphaFold Protein Structure Database: Massively expanding the structural coverage of protein-sequence space with
high-accuracy models. Nucleic Acids Res. 2022, 50, D439-D444. [CrossRef] [PubMed]

Gayathiri, E.; Prakash, P.; Kumaravel, P; Jayaprakash, J.; Ragunathan, M.G.; Sankar, S.; Pandiaraj, S.; Thirumalaivasan, N.;
Thiruvengadam, M.; Govindasamy, R. Computational approaches for modeling and structural design of biological systems: A
comprehensive review. Prog. Biophys. Mol. Biol. 2023, 185, 17-32. [CrossRef]

Bandini, S.; Manzoni, S.; Vizzari, G. Agent based modeling and simulation: An informatics perspective. J. Artif. Soc. Soc. Simul.
2009, 12, 4.

Jordan, ML.I.; Weiss, Y. Graphical models: Probabilistic inference. In The Handbook of Brain Theory and Neural Networks; MIT Press:
Cambridge, MA, USA, 2002; pp. 490-496.

Hirschberg, J.; Manning, C.D. Advances in natural language processing. Science 2015, 349, 261-266. [CrossRef]

Anikwe, C.V.; Nweke, H.F,; Ikegwu, A.C.; Egwuonwu, C.A; Onu, FU,; Alo, U.R.; Teh, Y.W. Mobile and wearable sensors for
data-driven health monitoring system: State-of-the-art and future prospect. Expert Syst. Appl. 2022, 202, 117362. [CrossRef]


http://dx.doi.org/10.3389/fped.2023.1251914
http://www.ncbi.nlm.nih.gov/pubmed/38078329
http://dx.doi.org/10.3892/ijmm.2023.5238
http://dx.doi.org/10.3390/life14020196
http://www.ncbi.nlm.nih.gov/pubmed/38398707
http://dx.doi.org/10.1016/j.ahr.2023.100169
http://dx.doi.org/10.3390/antiox13020240
http://www.ncbi.nlm.nih.gov/pubmed/38397838
http://dx.doi.org/10.3390/cimb45110540
http://dx.doi.org/10.1038/s12276-023-01146-2
http://www.ncbi.nlm.nih.gov/pubmed/38172602
http://dx.doi.org/10.1016/j.neucom.2023.126720
http://dx.doi.org/10.1038/s41598-024-76313-0
http://www.ncbi.nlm.nih.gov/pubmed/39532960
http://dx.doi.org/10.1371/journal.pone.0310966
http://dx.doi.org/10.3390/s23094184
http://dx.doi.org/10.1016/j.mlwa.2024.100576
http://dx.doi.org/10.1002/cpt.3153
http://www.ncbi.nlm.nih.gov/pubmed/38105646
http://dx.doi.org/10.1016/j.neucom.2016.06.014
http://dx.doi.org/10.1515/itms-2017-0007
http://dx.doi.org/10.3390/molecules25204723
http://www.ncbi.nlm.nih.gov/pubmed/33076254
http://dx.doi.org/10.1007/s10462-023-10466-8
http://dx.doi.org/10.1093/nar/gkab1061
http://www.ncbi.nlm.nih.gov/pubmed/34791371
http://dx.doi.org/10.1016/j.pbiomolbio.2023.08.002
http://dx.doi.org/10.1126/science.aaa8685
http://dx.doi.org/10.1016/j.eswa.2022.117362

Int. J. Mol. Sci. 2025, 26, 1004 23 of 25

104.

105.

106.

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

Deng, L. Three classes of deep learning architectures and their applications: A tutorial survey. APSIPA Trans. Signal Inf. Process.
2012, 57, 58.

Vincenzi, M.; Mercurio, F.A.; Leone, M. Virtual Screening of Peptide Libraries: The Search for Peptide-Based Therapeutics Using
Computational Tools. Int. J. Mol. Sci. 2024, 25, 1798. [CrossRef]

Hurtle, B.T.; Jana, S.; Cai, L.; Pike, V.W. Ligand-Based Virtual Screening as a Path to New Chemotypes for Candidate PET
Radioligands for Imaging Tauopathies. J. Med. Chem. 2024, 67, 14095-14109. [CrossRef] [PubMed]

da Rocha, M.N,; de Sousa, D.S.; da Silva Mendes, F.R.; Dos Santos, H.S.; Marinho, G.S.; Marinho, M.M.; Marinho, E.S. Ligand and
structure-based virtual screening approaches in drug discovery: Minireview. Mol. Divers. 2024, Epub ahead of print. [CrossRef]
Kumar, V.; Banerjee, A.; Roy, K. Machine learning-based q-RASAR approach for the in silico identification of novel multi-target
inhibitors against Alzheimer’s disease. Chemom. Intell. Lab. Syst. 2024, 245, 105049. [CrossRef]

Kabir, A.; Bhattarai, M.; Peterson, S.; Najman-Licht, Y.; Rasmussen, K.J.; Shehu, A.; Bishop, A.R.; Alexandrov, B.; Usheva, A. DNA
breathing integration with deep learning foundational model advances genome-wide binding prediction of human transcription
factors. Nucleic Acids Res. 2024, 52, €91. [CrossRef] [PubMed]

RadhaMahendran, S.; Dogra, A.; Mendhe, D.; Babu, S.B.T; Dixit, S.; Singh, S.P. Machine Learning for Drug Discovery: Predicting
Drug-Protein Binding Affinities using Graph Convolutional Networks. In Proceedings of the 2024 5th International Conference
on Recent Trends in Computer Science and Technology (ICRTCST), Jamshedpur, India, 9-10 April 2024; IEEE: Piscataway, NJ,
USA, 2024; pp. 87-92.

Latosiriska, M.; Latosiriska, J.N. Serine/Threonine Protein Kinases as Attractive Targets for Anti-Cancer Drugs—An Innova-
tive Approach to Ligand Tuning Using Combined Quantum Chemical Calculations, Molecular Docking, Molecular Dynamic
Simulations, and Network-like Similarity Graphs. Molecules 2024, 29, 3199. [CrossRef] [PubMed]

Prajapati, V.; Verma, M.; Kumar, G.S.; Patel, ]. High-Throughput Preclinical Models and Pharmacoproteomics. In Pharmacopro-
teomics: Recent Trends and Applications; Springer: Cham, Switzerland, 2024; pp. 429-468.

Fadahunsi, A.A.; Uzoeto, H.O.; Okoro, N.O.; Cosmas, S.; Durojaye, O.A.; Odiba, A.S. Revolutionizing drug discovery: An
Al-powered transformation of molecular docking. Med. Chem. Res. 2024, 33, 2187-2203. [CrossRef]

Abramson, ].; Adler, J.; Dunger, J.; Evans, R.; Green, T.; Pritzel, A.; Ronneberger, O.; Willmore, L.; Ballard, A.J.; Bambrick, J.; et al.
Accurate structure prediction of biomolecular interactions with AlphaFold 3. Nature 2024, 630, 493-500. [CrossRef] [PubMed]
Chen, L,; Li, Q.; Nasif, KEA.; Xie, Y.; Deng, B.; Niu, S.; Pouriyeh, S.; Dai, Z.; Chen, J.; Xie, C.Y. Al-Driven Deep Learning
Techniques in Protein Structure Prediction. Int. . Mol. Sci. 2024, 25, 8426. [CrossRef] [PubMed]

Wang, Z.; Wang, S.; Li, Y.; Guo, ].; Wei, Y.; Mu, Y; Zheng, L.; Li, W. A new paradigm for applying deep learning to protein-ligand
interaction prediction. Briefings Bioinform. 2024, 25, bbae1l45. [CrossRef]

Shim, H.; Allen, ].E.; Bennett, W.D. Enhancing Docking Accuracy with PECAN?2, a 3D Atomic Neural Network Trained without
Co-Complex Crystal Structures. Mach. Learn. Knowl. Extr. 2024, 6, 642—-657. [CrossRef]

Tran-Nguyen, V.K.; Camproux, A.C.; Taboureau, O. ClassyPose: A Machine-Learning Classification Model for Ligand Pose
Selection Applied to Virtual Screening in Drug Discovery. Adv. Intell. Syst. 2024, 6, 2400238. [CrossRef]

Nasb, M.; Tao, W.; Chen, N. Alzheimer’s disease puzzle: Delving into pathogenesis hypotheses. Aging Dis. 2024, 15, 43.
Salas-Nuiiez, L.F,; Barrera-Ocampo, A.; Caicedo, P.A.; Cortes, N.; Osorio, E.H.; Villegas-Torres, M.E.; Gonzéalez Barrios, A.F.
Machine Learning to Predict Enzyme-Substrate Interactions in Elucidation of Synthesis Pathways: A Review. Metabolites 2024,
14, 154. [CrossRef]

Shang, J.; Xu, A.; Bi, M.; Zhang, Y; Li, F; Liu, ].X. A review: Simulation tools for genome-wide interaction studies. Briefings Funct.
Genom. 2024, 23, 745-753. [CrossRef] [PubMed]

Antelmi, A.; Caramante, P.; Cordasco, G.; D’Ambrosio, G.; De Vinco, D.; Foglia, F.; Postiglione, L.; Spagnuolo, C. Reliable and
Efficient Agent-Based Modeling and Simulation. . Artif. Soc. Soc. Simul. 2024, 27, 4. [CrossRef]

Raber, J.; Pittman-Polletta, B.R.; Rastmanesh, R. Novel applications of Bayesian and other models in translational neuroscience.
Front. Neurosci. 2024, 18, 1373633. [CrossRef]

ClinicalTrials.gov. Study of Personalized Treatment in Alzheimer’s Disease: NCT06199193. 2025. Available on-
line: https://clinicaltrials.gov/study /NCT06199193?cond=Alzheimer%20Disease&term=personalized %20treatment%20%2
6%20al&rank=1 (accessed on 17 January 2025).

ClinicalTrials.gov. Study of Personalized Treatment in Alzheimer’s Disease: NCT06298474. 2025. Available on-
line: https://clinicaltrials.gov/study /NCT06298474?cond=Alzheimer%20Disease&term=personalized %20treatment%20%2
6%20al&rank=2 (accessed on 17 January 2025).

Segura, L.; Santos, N.; Flores, R.; Sikazwe, D.; McGibbon, M.; Blay, V.; Cheng, K.H. Exploring Tau Fibril-Disaggregating and
Antioxidating Molecules Binding to Membrane-Bound Amyloid Oligomers Using Machine Learning-Enhanced Docking and
Molecular Dynamics. Molecules 2024, 29, 2818. [CrossRef] [PubMed]

Tosca, E.M.; De Carlo, A.; Ronchi, D.; Magni, P. Model-informed reinforcement learning for enabling precision dosing via
adaptive dosing. Clin. Pharmacol. Ther. 2024, 116, 619-636. [CrossRef]


http://dx.doi.org/10.3390/ijms25031798
http://dx.doi.org/10.1021/acs.jmedchem.4c00934
http://www.ncbi.nlm.nih.gov/pubmed/39108178
http://dx.doi.org/10.1007/s11030-024-10979-6
http://dx.doi.org/10.1016/j.chemolab.2023.105049
http://dx.doi.org/10.1093/nar/gkae783
http://www.ncbi.nlm.nih.gov/pubmed/39271116
http://dx.doi.org/10.3390/molecules29133199
http://www.ncbi.nlm.nih.gov/pubmed/38999151
http://dx.doi.org/10.1007/s00044-024-03253-9
http://dx.doi.org/10.1038/s41586-024-07487-w
http://www.ncbi.nlm.nih.gov/pubmed/38718835
http://dx.doi.org/10.3390/ijms25158426
http://www.ncbi.nlm.nih.gov/pubmed/39125995
http://dx.doi.org/10.1093/bib/bbae145
http://dx.doi.org/10.3390/make6010030
http://dx.doi.org/10.1002/aisy.202400238
http://dx.doi.org/10.3390/metabo14030154
http://dx.doi.org/10.1093/bfgp/elae034
http://www.ncbi.nlm.nih.gov/pubmed/39173096
http://dx.doi.org/10.18564/jasss.5300
http://dx.doi.org/10.3389/fnins.2024.1373633
https://clinicaltrials.gov/study/NCT06199193?cond=Alzheimer%20Disease&term=personalized%20treatment%20%26%20aI&rank=1
https://clinicaltrials.gov/study/NCT06199193?cond=Alzheimer%20Disease&term=personalized%20treatment%20%26%20aI&rank=1
https://clinicaltrials.gov/study/NCT06298474?cond=Alzheimer%20Disease&term=personalized%20treatment%20%26%20aI&rank=2
https://clinicaltrials.gov/study/NCT06298474?cond=Alzheimer%20Disease&term=personalized%20treatment%20%26%20aI&rank=2
http://dx.doi.org/10.3390/molecules29122818
http://www.ncbi.nlm.nih.gov/pubmed/38930883
http://dx.doi.org/10.1002/cpt.3356

Int. J. Mol. Sci. 2025, 26, 1004 24 of 25

128.

129.

130.

131.

132.

133.

134.

135.

136.

137.

138.

139.

140.

141.

142.

143.

144.

145.

146.

147.

148.

Bordukova, M.; Makarov, N.; Rodriguez-Esteban, R.; Schmich, F.; Menden, M.P. Generative artificial intelligence empowers
digital twins in drug discovery and clinical trials. Expert Opin. Drug Discov. 2024, 19, 33-42. [CrossRef] [PubMed]

Koch, E.; Pardifias, A.F.; O’Connell, K.S.; Selvaggi, P.; Collados, J.C.; Babic, A.; Marshall, S.E.; Van der Eycken, E.; Angulo, C,;
Lu, Y,; et al. How real-world data can facilitate the development of precision medicine treatment in psychiatry. Biol. Psychiatry
2024, 96, 543-551. [CrossRef] [PubMed]

Casotti, M.C.; Meira, D.D.; Zetum, A.S.S.; Campanharo, C.V,; da Silva, D.R.C.; Giacinti, G.M.; da Silva, LM.; Moura, J.A.D,;
Barbosa, KR.M.; Altoé, L.S.C.; et al. Integrating frontiers: A holistic, quantum and evolutionary approach to conquering cancer
through systems biology and multidisciplinary synergy. Front. Oncol. 2024, 14, 1419599. [CrossRef] [PubMed]

Jakubowski, H.V.; Agnew, H.; Jardine, B.; Sauro, HM. Use of interactive mathematical simulations in fundamentals of
biochemistry, a LibreText online educational resource, to promote understanding of dynamic reactions. Biochem. Mol. Biol. Educ.
2024, 52, 426-435. [CrossRef] [PubMed]

Hsiao, Y.C.; Dutta, A. Network Modeling and Control of Dynamic Disease Pathways, Review and Perspectives. IEEE/ACM Trans.
Comput. Biol. Bioinform. 2024, 21, 1211-1230. [CrossRef]

Ferrara, E. Large Language Models for Wearable Sensor-Based Human Activity Recognition, Health Monitoring, and Behavioral
Modeling: A Survey of Early Trends, Datasets, and Challenges. Sensors 2024, 24, 5045. [CrossRef] [PubMed]

Lyall, D.M.; Kormilitzin, A.; Lancaster, C.; Sousa, J.; Petermann-Rocha, F,; Buckley, C.; Harshfield, E.L.; Iveson, M.H.; Madan, C.R;
McArdle, R; et al. Artificial intelligence for dementia—Applied models and digital health. Alzheimer’s Dement. 2023, 19, 5872-5884.
[CrossRef]

Kale, M.B.; Wankhede, N.L.; Pawar, R.S.; Ballal, S.; Kumawat, R.; Goswami, M.; Khalid, M.; Taksande, B.G.; Upaganlawar, A.B,;
Umekar, M.J.; et al. Al-Driven Innovations in Alzheimer’s Disease: Integrating Early Diagnosis, Personalized Treatment, and
Prognostic Modelling. Ageing Res. Rev. 2024, 101, 102497. [CrossRef]

Muurling, M.; de Boer, C.; Kozak, R.; Religa, D.; Koychev, I.; Verheij, H.; Nies, V.J.; Duyndam, A.; Sood, M.; Frohlich, H.; et al.
Remote monitoring technologies in Alzheimer’s disease: Design of the RADAR-AD study. Alzheimer’s Res. Ther. 2021, 13, 89.
[CrossRef] [PubMed]

Grammatikopoulou, M.; Lazarou, I.; Alepopoulos, V.; Mpaltadoros, L.; Oikonomou, V.P; Stavropoulos, T.G.; Nikolopoulos, S.;
Kompeatsiaris, I.; Tsolaki, M. Assessing the cognitive decline of people in the spectrum of AD by monitoring their activities of
daily living in an IoT-enabled smart home environment: A cross-sectional pilot study. Front. Aging Neurosci. 2024, 16, 1375131.
[CrossRef] [PubMed]

Shanmuga Sundari, M.; Penthala, H.R.; Mogullapalli, A.; Ammangatambu, M.M. Al-Based Personalized Drug Treatment.
In Artificial Intelligence and Machine Learning in Drug Design and Development; Scrivener Publishing: Austin, TX, USA, 2024;
pp- 369-406.

Batra, P.; Dave, D.M. Revolutionizing healthcare platforms: The impact of Al on patient engagement and treatment efficacy. Int. J.
Sci. Res. 2024, 13, 613-624.

Das, S.; Goyal, A.; Chauhan, A ; Sharma, D.; Haque, A.; Das, M.K. Artificial Intelligence Transforming Pharma Industry-Improving
Healthcare. Int. ]. Pharm. Res. 2021, 13, 603.

Puente-Castro, A.; Fernandez-Blanco, E.; Pazos, A.; Munteanu, C.R. Automatic assessment of Alzheimer’s disease diagnosis
based on deep learning techniques. Comput. Biol. Med. 2020, 120, 103764. [CrossRef]

Fu’adah, Y.N.; Wijayanto, I.; Pratiwi, N.; Taliningsih, F; Rizal, S.; Pramudito, M. Automated classification of Alzheimer’s disease
based on MRI image processing using convolutional neural network (CNN) with AlexNet architecture. |. Phys. Conf. Ser. 2021,
1844, 012020. [CrossRef]

Agarwal, D. DEEP-AD: The Deep Learning Model for Diagnostic Classification and Prognostic Prediction of Alzheimer’s Disease.
Ph.D. Thesis, Universidad de Valladolid, Valladolid, Spain, 2023.

Etekochay, M.O.; Amaravadhi, A.R.; Gonzilez, G.V.; Atanasov, A.G.; Matin, M.; Mofatteh, M.; Steinbusch, H-W.; Tesfaye, T.;
Pratico, D. Unveiling new strategies facilitating the implementation of artificial intelligence in neuroimaging for the early
detection of Alzheimer’s disease. J. Alzheimer’s Dis. 2024, 99, 1-20. [CrossRef]

Tu, Z.; Bhattacharya, P. Fast Training of a Convolutional Neural Network for Brain MRI Classification. In Proceedings of the 2019
ACM Southeast Conference, ACMSE 19, New York, NY, USA, 18-20 April 2019; pp. 218-221. [CrossRef]

Manickam, P.; Mariappan, S.A.; Murugesan, S.M.; Hansda, S.; Kaushik, A.; Shinde, R.; Thipperudraswamy, S. Artificial
intelligence (Al) and internet of medical things (IoMT) assisted biomedical systems for intelligent healthcare. Biosensors 2022,
12, 562. [CrossRef]

Kim, ].S.; Han, J.W.; Bae, ].B.; Moon, D.G.; Shin, ]J.; Kong, ].E.; Lee, H.; Yang, HW.,; Lim, E.; Kim, ].Y; et al. Deep learning-based
diagnosis of Alzheimer’s disease using brain magnetic resonance images: An empirical study. Sci. Rep. 2022, 12, 18007. [CrossRef]
Najjar, R. Redefining radiology: A review of artificial intelligence integration in medical imaging. Diagnostics 2023, 13, 2760.
[CrossRef]


http://dx.doi.org/10.1080/17460441.2023.2273839
http://www.ncbi.nlm.nih.gov/pubmed/37887266
http://dx.doi.org/10.1016/j.biopsych.2024.01.001
http://www.ncbi.nlm.nih.gov/pubmed/38185234
http://dx.doi.org/10.3389/fonc.2024.1419599
http://www.ncbi.nlm.nih.gov/pubmed/39224803
http://dx.doi.org/10.1002/bmb.21830
http://www.ncbi.nlm.nih.gov/pubmed/38516799
http://dx.doi.org/10.1109/TCBB.2024.3378155
http://dx.doi.org/10.3390/s24155045
http://www.ncbi.nlm.nih.gov/pubmed/39124092
http://dx.doi.org/10.1002/alz.13391
http://dx.doi.org/10.1016/j.arr.2024.102497
http://dx.doi.org/10.1186/s13195-021-00825-4
http://www.ncbi.nlm.nih.gov/pubmed/33892789
http://dx.doi.org/10.3389/fnagi.2024.1375131
http://www.ncbi.nlm.nih.gov/pubmed/38605862
http://dx.doi.org/10.1016/j.compbiomed.2020.103764
http://dx.doi.org/10.1088/1742-6596/1844/1/012020
http://dx.doi.org/10.3233/JAD-231135
http://dx.doi.org/10.1145/3299815.3314995
http://dx.doi.org/10.3390/bios12080562
http://dx.doi.org/10.1038/s41598-022-22917-3
http://dx.doi.org/10.3390/diagnostics13172760

Int. J. Mol. Sci. 2025, 26, 1004 25 of 25

149. Gou, F; Liu, J.; Xiao, C.; Wu, ]. Research on artificial-intelligence-assisted medicine: A survey on medical artificial intelligence.
Diagnostics 2024, 14, 1472. [CrossRef]

150. Damodaran, N. Automated segmentation of hippocampal volume: The next step in neuroradiologic diagnosis of mesial temporal
sclerosis. AJNR Am. . Neuroradiol. 2019, 40, E38. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


http://dx.doi.org/10.3390/diagnostics14141472
http://dx.doi.org/10.3174/ajnr.A6092
http://www.ncbi.nlm.nih.gov/pubmed/31171519

	Introduction
	Hypothesis of the Development of Alzheimer's Disease
	The Amyloid Hypothesis
	Tau Hypothesis
	Neuroinflammation Hypothesis 
	Mitochondrial Dysfunction Hypothesis
	Other Hypotheses for the Development of Alzheimer's 
	Unification Hypothesis

	Emerging Therapeutic Targets in Alzheimer's Disease Research
	The Use of Artificial Intelligence in Alzheimer's Research
	Virtual Screening of Active Compounds Targeting Therapeutic Sites
	Advantages of AI-Assisted Molecular Docking and Molecular Dynamics
	Modeling the Interaction of Key Hypotheses in Alzheimer's Development Using AI
	AI Applications in Patient Monitoring in Clinical Studies
	AI-Assisted Diagnosis and Computer Vision

	Conclusions
	References

