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Alzheimer's disease (AD) is a neurodegenerative disorder marked by
cognitive decline, primarily affecting memory and executive function. This
review highlights recent advancements in single-cell sequencing and spatial
transcriptomics, which provide detailed insights into the cellular heterogeneity
and neuroimmune mechanisms of AD. The review addresses the need for
understanding complex cellular interactions to identify novel therapeutic targets
and biomarkers. Single-cell sequencing has revolutionized our understanding
by mapping gene expression at the individual cell level, revealing distinct
microglial and astrocytic states that contribute to neuroinflammation and
neurodegeneration. These technologies have uncovered disease-associated
microglial subpopulations and gene expression changes linked to AD risk genes,
essential for developing targeted therapies. In conclusion, the integration
of single-cell and spatial transcriptomics with other omics data is crucial
for a comprehensive understanding of AD, paving the way for personalized
medicine. Continued interdisciplinary collaboration will be vital in translating
these findings into effective treatments, improving patient outcomes.
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1 Introduction

Alzheimer’s disease (AD) is the most common form of dementia, affecting millions
worldwide, with prevalence rates increasing with age (1-3). The disease significantly
impacts cognitive functions, particularly memory, executive function, and visuospatial
skills, leading to a progressive decline in the ability to perform daily activities (4, 5).
The progression of AD can be categorized into three stages: preclinical, mild cognitive
impairment (MCI), and Alzheimer’s dementia, each with varying degrees of cognitive
and functional impairment (1, 6). The pathological hallmarks of AD include amyloid
plaques, neurofibrillary tangles, and significant neuronal loss (7). Amyloid plaques are
extracellular deposits of amyloid-beta peptides, while neurofibrillary tangles consist of
hyperphosphorylated tau proteins within neurons, disrupting normal cell function (8,
9). These pathologies contribute to synaptic dysfunction, neuroinflammation, and
ultimately neuronal death, which are critical drivers of cognitive decline observed in
AD patients (10, 11).
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Single-cell sequencing is a cutting-edge technology that allows
for the analysis of gene expression at the individual cell level,
providing a detailed map of cellular diversity and function (4). This
technique involves isolating single cells, amplifying their genetic
material, and sequencing it to identify unique gene expression
profiles (9). The ability to dissect the transcriptomes of individual
cells provides unprecedented resolution in understanding cellular
heterogeneity in complex tissues like the brain (8). In neuroimmune
research, single-cell sequencing has become invaluable for
identifying distinct cell types, states, and interactions within the
brain’s immune landscape (12). This technology enables the detailed
characterization of microglia, astrocytes, and other immune cells,
revealing their roles in neuroinflammation and neurodegeneration
(13). By mapping the cellular and molecular changes associated with
AD, researchers can uncover new targets for therapeutic
intervention and develop strategies to modulate neuroimmune
responses (14).

In recent years, single-cell sequencing and spatial transcriptomics
have significantly advanced our understanding of Alzheimer’s disease
(AD). Studies have identified new disease-associated microglial
populations and other non-neuronal cell types that play crucial roles
in neuroinflammation and neurodegeneration in AD. For example,
recent research has uncovered distinct microglial subpopulations with
differential roles in amyloid-beta clearance and neuroinflammation
(15, 16). Additionally, recent meta-analyses and systematic reviews
have highlighted the potential of these technologies in identifying new
biomarkers for AD (17, 18). Innovations in spatial transcriptomics,
such as Visium and MERFISH, have enabled high-resolution mapping
of gene expression in AD-affected brain regions, revealing how
cellular interactions change in response to amyloid pathology (19).
Furthermore, the integration of transcriptomics with other omic
technologies, like proteomics, is providing a more comprehensive
view of the molecular mechanisms driving AD, offering new
opportunities for biomarker discovery and therapeutic targeting
(20, 21).

2 Neuroimmune mechanisms in
Alzheimer’s disease

2.1 Inflammatory responses in AD

Microglia, the resident immune cells of the central nervous
system, are crucial in AD through various activation states and
functions (22). Activated microglia can phagocytose amyloid-beta
(Ap) plaques, but chronic activation leads to neurotoxic substance
release, exacerbating neuronal damage (23). Genetic studies have
shown several AD-associated genes are predominantly expressed in
microglia, suggesting their critical involvement in early disease
stages (24).

Astrocytes
neuroinflammation. These cells become reactive and release

also play a significant role in AD-related

inflammatory cytokines that can alter the neuronal environment (25).
Reactive astrocytes exacerbate neuronal damage through the release
of neurotoxic substances, contributing to excitotoxicity and further
neuronal loss (26). Their interaction with microglia, such as the
activation of P2X7 receptors by astrocytic ATP release, promotes the
formation of the NLRP3 inflammasome, implicated in AD (27).
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The NF-kB and NLRP3 inflammasome pathways are key
mediators of the inflammatory response in AD. NF-kB activation in
microglia and astrocytes leads to the transcription of pro-inflammatory
cytokines, contributing to chronic neuroinflammation (27). The
NLRP3 inflammasome further amplifies this response by promoting
the release of interleukin-1f (IL-1p), a potent pro-inflammatory
cytokine (28, 29). Targeting these pathways has shown promise in
reducing neuroinflammation and improving cognitive function in
animal models of AD (30) (Figure 1).

2.2 Immune cell heterogeneity

The brain’s immune landscape includes microglia, astrocytes, and
infiltrating peripheral immune cells, each contributing uniquely to
AD (31). Microglia are primary immune cells, while astrocytes
participate actively in immune responses and interact closely with
microglia (32). Peripheral immune cells, such as macrophages and
lymphocytes, can infiltrate the brain in AD, further complicating the
neuroimmune dynamics (33).

Single-cell sequencing has revolutionized our understanding of
immune cell heterogeneity in the brain, identifying unique
subpopulations with distinct transcriptomic signatures (30). In AD,
single-cell RNA sequencing has uncovered diverse microglial states,
including disease-associated microglia (DAM), characterized by
upregulated genes involved in phagocytosis and lipid metabolism (34).

The functional heterogeneity of immune cells in the brain
significantly impacts AD progression and pathology. Different
subpopulations of microglia and astrocytes can have opposing effects
on neuroinflammation, neuronal survival, and amyloid clearance,
highlighting the need for targeted therapeutic approaches (15, 35).
Understanding the roles of these diverse cell populations is
crucial for developing effective therapies to mitigate AD pathology (31)
(Figure 2).

3 Single-cell transcriptomics in
Alzheimer’s disease

3.1 Role of single-cell transcriptomics

Single-cell transcriptomics (scRNA-seq) is a revolutionary
technology that enables the profiling of gene expression at the single-
cell level, providing unparalleled insights into cellular heterogeneity.
Unlike bulk RNA sequencing, which averages gene expression across
many cells, scCRNA-seq captures the transcriptomic diversity of
individual cells, revealing distinct cellular states and subpopulations
(15, 36). This granularity is crucial for understanding complex tissues,
like the brain, where different cell types and states contribute to overall
function and disease progression (37). The technique involves isolating
single cells, reverse-transcribing their RNA into complementary DNA
(cDNA), amplifying the cDNA, and then sequencing it to quantify
gene expression. Various platforms, such as droplet-based methods
(10x Genomics) and plate-based methods (SMART-Seq), have been
developed, each with specific advantages in terms of throughput and
sensitivity (16). These advancements have made it possible to profile
thousands to millions of cells in a single experiment, greatly enhancing
our understanding of cellular diversity (38).
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FIGURE 1
Neuroimmune mechanisms in Alzheimer’s disease. This figure depicts the complex neuroimmune mechanism of Alzheimer’s disease (AD). Microglial
cells are activated by the deposition of a large amount of AB and engulf Ap plaques, but the activation process releases neurotoxic substances,
damaging neurons. On one hand, astrocytes can activate the formation of NLRP3 inflammasomes by releasing ATP to activate the P2X7 receptor,
further releasing neurotoxic substances, exacerbating neuronal damage. On the other hand, astrocytes’ excessive release of glutamate and other
excitatory amino acids can generate excitotoxicity, damaging neurons. The activation of the NF-kB pathway leads to the transcription of pro-
inflammatory cytokines and Ap deposition, resulting in neuronal damage and death. Furthermore, in peripheral immunity, the infiltration of
macrophages and lymphocytes into the brain further exacerbates neural damage. Multiple factors collectively contribute to the progression of AD.

scRNA-seq technologies have become pivotal in advancing our
understanding of Alzheimer’s disease (AD), enabling detailed analyses
of cellular heterogeneity and molecular mechanisms. Two of the most
widely used platforms for scRNA-seq are droplet-based methods (e.g.,
10x Genomics, Drop-seq) and plate-based methods (e.g., SMART-seq,
CEL-Seq), each with distinct strengths and limitations (39). Droplet-
based methods, such as 10x Genomics, are known for their high
throughput, enabling the processing of thousands to millions of cells,
which is particularly beneficial for large-scale studies of AD pathology.
However, their sensitivity may be lower, especially when analyzing
rare cell types, as these methods can miss low-abundance populations
(15, 40). In contrast, plate-based methods like SMART-seq offer
higher sensitivity and better detection of rare transcripts, making
them ideal for studying specific cell types like neurons or microglia in
AD, which are crucial for understanding disease progression. These
methods provide more detailed transcriptomic profiles but come with
higher costs and lower throughput compared to droplet-based
methods, making them more suited for focused studies on particular
cell populations (41). A comparison of the two platforms highlights
their respective advantages: droplet-based methods are more scalable
and cost-effective, while plate-based methods excel in capturing more
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nuanced and rare transcriptomic information, crucial for dissecting
the molecular basis of AD (42). By selecting the appropriate platform,
researchers can tailor their approach to the specific needs of their AD
studies, balancing between scale and resolution.

The application of single-cell transcriptomics to AD research has
evolved significantly since its inception. Initial studies focused on bulk
RNA sequencing, which, while informative, masked the contributions
of individual cell types to disease pathology (43). The first major
scRNA-seq study in AD was conducted by Mathys et al. (15), who
profiled approximately 80,000 cells from the prefrontal cortex of
individuals with varying degrees of AD pathology, identifying cell-
type-specific transcriptional changes and revealing the complexity of
the disease at a cellular level. Since then, numerous studies have
expanded on this work, utilizing advanced single-cell and single-
nucleus RNA sequencing techniques to dissect the transcriptomic
landscapes of different brain regions and cell types in AD (34). These
studies have uncovered novel insights into the roles of specific cell
types, such as microglia and oligodendrocytes, in disease progression,
and have identified key molecular pathways involved in AD (18).

Single-cell transcriptomics has fundamentally transformed our
understanding of Alzheimer’s disease by highlighting the cellular
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Pathological mechanisms underlying Alzheimer's disease (AD). This figure depicts the molecular and cellular mechanisms contributing to the
pathogenesis of Alzheimer's disease (AD). The accumulation of amyloid-beta (A) peptides, derived from the cleavage of amyloid precursor protein
(APP), leads to the formation of extracellular Ap plaques, a hallmark of AD pathology. Concurrently, hyperphosphorylation of tau proteins within
neurons results in the formation of paired helical filaments (PHFs) and neurofibrillary tangles (NFTs), disrupting microtubule stability and intracellular
transport. These processes contribute to synaptic loss and neuronal dysfunction, which are directly linked to cognitive deficits in AD.
Neuroinflammation exacerbates disease progression, as shown by the activation of disease-associated microglia (DAM) and astrocytes in response to
AP plaques. DAM release pro-inflammatory factors, further amplifying neuronal damage, while astrocytes mediate the activation of the NLRP3
inflammasome through ATP signaling, aggravating neurotoxicity. Together, these events culminate in neuronal loss and brain atrophy, manifesting as
the clinical symptoms of memory impairment and cognitive decline characteristic of AD.

heterogeneity within affected brain regions. It has revealed distinct
transcriptional profiles of neurons, glial cells, and other brain cell
types, showing how these profiles change with disease progression (15,
41). For instance, scRNA-seq studies have identified disease-associated
microglial subpopulations that exhibit upregulated inflammatory
responses, suggesting a critical role for these cells in AD pathology
(16). Moreover, single-cell transcriptomics has facilitated the
identification of cell-type-specific gene expression changes associated
with AD risk genes, providing deeper insights into the molecular
mechanisms underlying the disease (16). This technology continues
to drive forward our understanding of AD, paving the way for the
development of targeted therapeutic strategies (37).

3.2 Cellular heterogeneity in Alzheimer's
disease by single-cell transcriptomics

Significant findings from single-cell transcriptomics studies in AD

have underscored the complex and multifaceted nature of the disease.
Mathys et al. (15) identified transcriptionally distinct subpopulations
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across six major brain cell types, including those associated with AD
pathology. This study revealed that early disease-associated changes
are highly cell-type specific, whereas later changes involve global stress
responses common across cell types. Another major discovery by
Grubman et al. (16) highlighted the cell-type-specific gene expression
regulation in the entorhinal cortex of AD patients. They found that the
Alzheimer’s disease risk gene APOE is differentially regulated across
various cell types, suggesting diverse roles in disease progression.
Furthermore, a study by Morabito et al. (43) utilized a multi-omic
approach to identify disease-associated regulatory elements and target
genes, providing insights into the gene-regulatory mechanisms in AD.

These discoveries have significantly impacted our understanding
of Alzheimer’s disease pathogenesis. The identification of cell-type-
specific gene expression changes has revealed how different brain cells
contribute to AD in unique ways (15). For example, the discovery of
disease-associated microglial subpopulations has highlighted the
importance of neuroinflammation in AD (16). Similarly, the
identification of oligodendrocyte-associated regulatory modules
linked to AD risk genes has emphasized the role of myelination in
disease progression (43). These insights have also provided new
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avenues for therapeutic intervention. By targeting specific cell types
and their associated pathways, it may be possible to develop more
effective treatments for AD (41). The understanding of transcriptional
changes at a single-cell level allows for the precise modulation of
disease-relevant pathways, potentially leading to personalized
medicine approaches for AD.

3.3 Single-cell insights into
disease-associated microglia

scRNA-seq has unveiled the critical roles of disease-associated
microglia (DAM) in Alzheimer’s disease (AD), providing novel
insights into its pathogenesis. DAM exhibits a stratified activation
pattern with early and late states. Early DAM activation occurs
through a TREM2-independent pathway, characterized by the
upregulation of genes associated with phagocytic function, such as
APOE and CSFIR, enabling the clearance of Ap plaques. In contrast,
late-stage DAM depends on TREM2 signaling and exhibits increased
expression of pro-inflammatory genes, such as IL-18 and TNF-q,
leading to chronic neuroinflammation and neuronal damage. These
dual roles highlight DAM’s protective function in early-stage AD
while contributing to exacerbated pathology in later stages (17, 44, 45).

Gene network analyses have provided a deeper understanding of
DAM stratification mechanisms. Early DAM is regulated by key genes
such as TREM2, APOE, and LPL, which are critical in lipid metabolism
and phagocytic pathways. Transcription factors, including SPI1 and
MEF2, have been identified as central regulators in DAM activation and
AD risk modulation (15, 46, 47). Single-cell studies have revealed the
dynamic transcriptional changes in DAM across AD stages,
emphasizing their potential as biomarkers and therapeutic targets.

The discovery of DAM has significant clinical implications. DAM
states are potential biomarkers for monitoring early AD progression
and neuroinflammation. Moreover, therapeutic strategies targeting
DAM, such as modulating TREM2 signaling to enhance A clearance
or inhibiting late DAM’s pro-inflammatory cytokines, hold promise
for mitigating AD progression (48, 49). Future research should focus
on elucidating DAM’s regulatory mechanisms and exploring species-
specific differences to advance precision medicine approaches in
AD treatment.

4 Spatial transcriptomics in
Alzheimer's disease

4.1 Spatial distribution of immune cells

Spatial transcriptomics, utilizing techniques such as in situ
hybridization and spatially resolved RNA-seq, has revolutionized
our understanding of the spatial distribution of immune cells in AD
(19). These methodologies enable the detailed mapping of gene
expression across different brain regions, providing insights into the
localization and density of immune cells in both healthy and
AD-affected brains (14). For instance, spatial transcriptomic analysis
using the 10x Genomics Visium platform has revealed significant
changes in the distribution patterns of immune cells in various brain
regions such as the hippocampus and cortex in AD models compared
to healthy controls (20). The Visium platform combines spatially
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resolved transcriptomic data with histological images, enabling
researchers to link gene expression patterns directly to tissue
morphology. This technology has been particularly effective in
mapping amyloid-beta (AP) and tau pathology in brain regions
affected by AD, revealing spatially distinct gene expression signatures
associated with disease progression (16). By contrast, MERFISH uses
highly multiplexed in situ hybridization to achieve single-molecule
resolution, allowing for the identification and localization of
hundreds to thousands of genes simultaneously. This capability is
especially valuable for dissecting cell-cell interactions in AD, such
as the interplay between microglia and astrocytes in response to
neuroinflammation (50).

In AD brains, there is a marked alteration in the spatial
distribution of immune cells, including microglia and astrocytes,
which are closely associated with amyloid plaques and neurofibrillary
tangles. Studies have demonstrated increased microglial activation
and clustering around amyloid plaques, suggesting a role in plaque
clearance and neuroinflammation (19, 51). Comparisons between
healthy and AD brains indicate not only changes in cell density but
also significant shifts in the activation states of these immune cells,
which may contribute to the progression of neurodegenerative
pathology (52).

4.2 Neuroimmune interactions

The interplay between neurons and immune cells in AD involves
complex mechanisms such as synaptic pruning and neuroinflammation.
Spatial transcriptomics has uncovered critical insights into how these
interactions exacerbate neuronal dysfunction and cell death (53). For
instance, microglia-mediated synaptic pruning, which is essential for
normal brain development, becomes dysregulated in AD, leading to
excessive synapse loss and cognitive decline (19).

Neuroimmune interactions also significantly impact AD
pathology through mechanisms involving the complement system,
oxidative stress, and lysosomal pathways. These interactions are
spatially and temporally dynamic, influencing the progression of AD
by affecting neuronal health and synaptic integrity (54). Specific case
studies have highlighted how spatial transcriptomics can map the
interactions between neurons and immune cells at high resolution,
providing a detailed analysis of key molecular pathways involved in
AD (19, 55).

4.3 Cellular spatial patterns in Alzheimer’s
disease

Disease-associated microglia (DAM) are predominantly localized
around amyloid-beta (Ap) plaques, where they are involved in early
AP clearance but also contribute to neuroinflammation in late stages.
Activated astrocytes are distributed densely in the prefrontal cortex
and hippocampus, where they release ATP to activate P2X7 receptors,
triggering inflammatory cascades. Moreover, pathological neurons
displaying Tau protein hyperphosphorylation and synaptic loss are
primarily observed in the hippocampal CA1 region, correlating with
early cognitive deficits (19, 54).

The hippocampus, a region critical for memory, exhibits
significant  early-stage such as Tau

pathological changes,
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phosphorylation and synaptic degeneration. In contrast, the prefrontal
cortex demonstrates broader inflammatory activation, particularly in
later stages of AD. Spatial transcriptomics has enabled detailed
mapping of these region-specific cellular and molecular alterations,
revealing distinct microglial, astrocytic, and neuronal responses across
brain regions. This regional heterogeneity underscores the complexity
of AD pathogenesis and highlights the importance of spatially resolved
data to link cellular dysfunction to pathology (50, 53).

Spatial transcriptomics has further advanced the study of gene
expression dynamics near AP plaques (19). High-resolution
techniques, such as Stereo-seq and CosMx, have revealed coordinated
microglial-astrocytic responses, complement activity, oxidative stress,
and inflammation in the plaque microenvironment (55). These
findings suggest a progression from Af-driven to inflammation-
driven pathology as the disease advances. By integrating spatial
transcriptomics with advanced computational approaches, researchers
are now able to dissect the molecular and cellular networks driving
AD pathogenesis, providing new

targets for therapeutic

intervention (53).

5 Novel neuroimmune markers in
Alzheimer’s disease

5.1 Identification of biomarkers

Recent advancements in methods such as single-cell RNA
sequencing (scRNA-seq), spatial transcriptomics, and proteomics
have significantly enhanced our ability to identify novel biomarkers
for AD. Single-cell RNA-seq allows for the dissection of complex
tissues into individual cell types, revealing distinct molecular
signatures associated with AD (56). Spatial transcriptomics adds
another layer by preserving the spatial context of gene expression
within the brain, which is crucial for understanding the
microenvironmental influences on AD pathology (54). Proteomics,
particularly through the analysis of brain-derived exosomal proteins,
has identified potential biomarkers such as amyloid-£42, total tau, and
phosphorylated tau (56).

Key biomarkers identified through these techniques include
specific proteins and RNAs that play pivotal roles in the pathogenesis
of AD. For instance, amyloid-p and tau proteins are well-established
markers, but recent studies have highlighted the importance of other
molecules such as neurofilament light (NfL) and phosphorylated
taul81 (p-taul81), which have shown promise in distinguishing AD
patients from healthy controls (57). These biomarkers not only aid in
early diagnosis but also hold potential for predicting disease
progression and response to treatment (58).

5.2 New biomarkers in Alzheimer's disease:
p-Taul81 and NfL

Alzheimer’s disease (AD) is characterized by the accumulation of
amyloid-beta (AP) plaques and tau neurofibrillary tangles, leading to
neurodegeneration and cognitive decline. Recent advancements in
highlighted the
phosphorylated tau at threonine 181 (p-taul81) and neurofilament

biomarker research have significance of
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light chain (NfL) as promising indicators for diagnosing and
monitoring the progression of AD.

p-Taul81 has emerged as a critical biomarker due to its strong
association with tau pathology in the brain. Studies have
demonstrated that elevated levels of plasma p-taul81 correlate with
the presence of amyloid pathology and tau deposition as measured
by positron emission tomography (PET) scans. In particular,
p-taul8l has shown high diagnostic accuracy in distinguishing AD
from other neurodegenerative disorders, with area under the curve
(AUCQ) values indicating excellent performance (59). Furthermore,
longitudinal studies suggest that p-taul81 levels can predict
cognitive decline and neurodegeneration, making it a valuable tool
for early detection and monitoring of disease progression (60).
Neurofilament light chain (NfL) is another emerging biomarker that
reflects axonal damage and neurodegeneration. Elevated NfL levels
in both cerebrospinal fluid (CSF) and plasma have been associated
with various neurodegenerative diseases, including AD (27, 61).
Research indicates that NfL levels correlate with cognitive
impairment and can serve as a prognostic marker for disease
progression (10, 44). The combination of NfL with other biomarkers,
such as p-taul81, enhances diagnostic accuracy and provides a more
comprehensive understanding of the underlying pathology in AD
(27,61).

The integration of p-taul81 and NfL into clinical practice could
revolutionize the approach to diagnosing and managing Alzheimer’s
disease. These biomarkers not only facilitate early detection but also
offer insights into the disease’s trajectory, enabling personalized
treatment strategies. As research continues to validate these
biomarkers, they hold the potential to significantly improve outcomes
for individuals at risk for or diagnosed with Alzheimer’s disease.

5.3 Comparative analysis of Alzheimer's
disease and other neurodegenerative
diseases

Alzheimer’s disease (AD) is the most prevalent form of
neurodegenerative disorders, characterized by progressive cognitive
decline and specific neuropathological features such as amyloid-beta
plaques and neurofibrillary tangles. However, it is essential to
understand how AD compares and contrasts with other
neurodegenerative diseases, such as Parkinson’s disease (PD),
frontotemporal dementia (FTD), and dementia with Lewy bodies
(DLB). Recent studies have highlighted commonalities in biological
pathways, genetics, and cellular mechanisms between AD and other
neurodegenerative diseases. For instance, both AD and PD share
similar inflammatory responses and oxidative stress pathways that
contribute to neuronal degeneration (62, 63). Additionally, the role of
tau protein in AD is mirrored by its involvement in other tauopathies,
suggesting a shared mechanism of neurodegeneration across these
diseases (64). Moreover, the differential diagnosis of AD from other
neurodegenerative disorders remains a challenge due to overlapping
symptoms. For example, olfactory dysfunction has been identified as
a potential early marker for AD, but similar deficits are also observed
in PD and DLB. This indicates that while there are distinct pathological
features associated with each disease, there are also significant overlaps
that complicate clinical assessments.
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The use of biomarkers has become increasingly important in
differentiating AD from other neurodegenerative diseases. For
instance, cerebrospinal fluid (CSF) levels of specific proteins, such as
a-synuclein, have been shown to vary significantly between AD and
PD, providing a potential avenue for accurate diagnosis (65).
Additionally, recent advancements in epigenetic profiling have
revealed distinct signatures that may help in identifying specific
neurodegenerative conditions, including AD (66). Furthermore,
lifestyle factors, such as physical exercise, have been shown to
influence the progression of AD and other neurodegenerative diseases
(67). Long-term treadmill exercise has been reported to reduce
amyloid-beta burdens and improve cognitive function in animal
models of AD. This suggests that interventions targeting lifestyle
modifications could have broader implications for managing various
neurodegenerative diseases. While Alzheimer’s disease is a distinct
entity within the spectrum of neurodegenerative disorders, its
pathophysiology shares common features with other diseases.
Understanding these similarities and differences is crucial for
developing effective diagnostic and therapeutic strategies.

5.4 Validation and functional studies

The validation of these biomarkers is crucial for their adoption in
clinical settings. Techniques such as immunohistochemistry
and flow cytometry are commonly used for this purpose.
Immunohistochemistry allows for the visualization of biomarker
distribution within brain tissues, confirming their presence and
relevance in AD pathology (68). Flow cytometry, on the other hand,
enables the quantification of biomarkers in blood samples, providing
a less invasive method for monitoring disease progression (69).

Functional studies further elucidate the roles of these biomarkers
in AD. In vitro and in vivo models, including the use of CRISPR/Cas9
for gene editing, have been instrumental in understanding how
specific biomarkers contribute to disease mechanisms. For instance,
CRISPR/Cas9 has been used to manipulate genes associated with
amyloid-f production, providing insights into the molecular pathways
involved in plaque formation (70). In vivo studies using
transgenic mouse models have demonstrated how alterations in
biomarkers such as p-taul81 can influence cognitive decline and
neurodegeneration (71).

Case studies provide concrete examples of validated biomarkers
and their functional roles in AD pathology. For example, plasma
p-taul81 has been shown to predict cognitive decline and
hippocampal atrophy in patients, underscoring its utility as a
prognostic marker (32). Similarly, the combination of multiple
biomarkers, such as amyloid-p42/40 ratio, NfL, and p-taul8l, has
been effective in predicting disease progression in cognitively
unimpaired elderly individuals (69).

6 Therapeutic implications
6.1 Targeting neuroimmune pathways
Current therapeutic strategies for AD increasingly focus on

modulating neuroimmune pathways. Anti-inflammatory drugs,
immunomodulators, and antibody therapies are among the most
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prominent approaches. For instance, monoclonal antibodies such as
lecanemab and aducanumab target amyloid-f (Ap) to reduce its
aggregation, thereby addressing one of the primary pathological
features of AD (72). Anti-inflammatory drugs aim to mitigate the
chronic neuroinflammation seen in AD by targeting pathways like the
NEF-kB and NLRP3 inflammasome pathways, which are crucial in
mediating inflammatory responses in the brain (73).

Recent advancements in single-cell sequencing and spatial
transcriptomics have provided new insights into potential therapeutic
targets. These techniques have identified specific immune cell subsets
and signaling pathways that are dysregulated in AD. For example,
studies have highlighted the role of microglia and their associated
pathways, such as the CSFIR signaling, as critical regulators of
neuroinflammation and potential therapeutic targets (74). By
modulating these pathways, therapies can potentially reduce
neuroinflammation and promote neuroprotection, thereby slowing
the progression of AD (75).

The mechanisms of action of these therapies often involve
modulating the activity of immune cells, reducing the production of
pro-inflammatory cytokines, and enhancing the clearance of Ap. For
instance, anti-inflammatory drugs can inhibit the activation of
microglia and astrocytes, reducing the release of neurotoxic substances
and mitigating neuronal damage (76). Immunomodulators and
antibody therapies work by binding to specific targets such as Ap or
tau proteins, preventing their aggregation and facilitating their
clearance from the brain (77) (Figure 3).

6.2 Future directions

Emerging therapies for AD include gene therapy, cell-based
therapies, and precision medicine approaches. Gene therapy aims to
correct genetic mutations associated with AD or to enhance the
expression of protective genes. Techniques such as CRISPR/Cas9
allow for precise genetic modifications, offering potential cures by
targeting the underlying genetic causes of AD (70). Cell-based
therapies, including the use of stem cells, aim to replace damaged
neurons and support neuroregeneration, which could significantly
improve cognitive functions in AD patients (61).

Challenges and opportunities in the development of these
therapies include translational hurdles, the need for personalized
medicine approaches, and ethical considerations. Translating
findings from animal models to human patients is often
challenging due to differences in physiology and disease
progression (78). Personalized medicine approaches, which tailor
treatments based on an individual’s genetic profile, can enhance
the efficacy of therapies but require extensive genetic and
biomarker profiling (79). Ethical considerations, such as the long-
term effects and potential risks of gene editing and stem cell
therapies, must also be addressed to ensure patient safety and
public acceptance (80).

Research gaps that need further investigation include
understanding the complex interactions between different pathological
pathways in AD and identifying reliable biomarkers for early diagnosis
and treatment monitoring. Studies are needed to explore the roles of
neuroinflammation, oxidative stress, and other pathological
mechanisms in greater detail to develop more effective multi-target
therapies (81). Potential breakthroughs in these areas could lead to the

frontiersin.org


https://doi.org/10.3389/fneur.2024.1515981
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org

Heetal. 10.3389/fneur.2024.1515981
A.ldentification of Biomarkers——Accurate early diagnosis and treatment
.V .V N 5 OOO( :
scRNA-seq | revealing distinct molecular signatures associated with AD
i < Qv\‘ : ! :
: spatial ! In-depth understanding of the location and dens)ty of immune cells in :
i transcriptomics : : i Loy :
p 5 the brain s @ ]
~-.._ | proteomics > Identification of potential biomarkers Cemt
B.Treatment TTreell .--=""" C.Future Directions
i Anti-inflammatory drugs ! W
immunomodulators gene therapy
antibody therapies
Targeted therapy @
cell-based therapies
modulating the activity of |mmune§ precision medicine
cells :
reducing the production of pro- ! (A1)
inflammatory cytokines :
enhancing the clearance of A
: Al
FIGURE 3
Identification of biomarkers, treatment strategies, and future directions in Alzheimer's disease. This figure illustrates a comprehensive approach to
Alzheimer's disease (AD) research, including the identification of biomarkers, treatment strategies, and future directions. Panel A highlights the unique
advantages of single-cell RNA sequencing (scRNA-seq), spatial transcriptomics, and proteomics in identifying novel biomarkers for AD. These
technologies can identify specific proteins and RNAs that play a key role in the pathogenesis of AD, providing more accurate early diagnosis and more
effective treatment. Panel B outlines current treatment strategies, including anti-inflammatory drugs, immunomodulators, antibody therapies, and
targeted therapies, which involve modulating immune cell activity, reducing the production of pro-inflammatory cytokines, and enhancing the
clearance of amyloid-beta (AB). Panel C presents future directions in AD treatment, including gene therapy, cell-based therapies, precision medicine,
and artificial intelligence (Al) applications.

development of novel therapies that not only alleviate symptoms but ~ and molecular mechanisms in AD. For instance, the integration of

also modify the disease course, offering hope for a cure for AD. large-scale single-cell datasets has revealed previously unrecognized
subpopulations of immune cells and their roles in AD pathology (25).
By analyzing the gene expression profiles of individual cells,

researchers can identify specific markers and pathways involved in

/7 Integration of big data and Al in

neuroimmune research

7.1 Role of big data in single-cell
sequencing

The integration of big data in single-cell sequencing has
transformed our ability to understand the complex neuroimmune
interactions in Alzheimer’s disease (AD). Techniques for handling
large datasets, such as data harmonization and advanced computational
algorithms, are essential for processing the vast amounts of
information generated by scRNA-seq and spatial transcriptomics (20).
These methods enable researchers to combine data from multiple
studies, enhancing the robustness and reproducibility of findings (18).

Big data contributions have provided comprehensive views of
neuroimmune interactions, uncovering new discoveries about cellular

Frontiers in Neurology

08

neuroinflammation and neurodegeneration, leading to a deeper
understanding of disease progression (21).

Case studies have demonstrated the power of big data applications
in AD research. The ssREAD database, for example, compiles over 189
datasets from single-cell and spatial transcriptomics studies, providing
a valuable resource for the scientific community (41). This database
allows researchers to perform integrative analyses, such as cell clustering
and identification of differentially expressed genes, facilitating the
discovery of new therapeutic targets and biomarkers for AD (20).

7.2 Al and machine learning applications

Artificial intelligence (AI) and machine learning (ML)
applications have significantly enhanced data analysis in neuroimmune
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research. Machine learning algorithms and Al-based predictive
models enable the extraction of meaningful patterns from complex
datasets, improving the accuracy of disease modeling and prediction
of disease progression (42). These technologies allow for the
integration of multi-omics data, combining genetic, proteomic, and
clinical information to provide a holistic view of AD (82).

In research applications, Al has been used to identify therapeutic
targets by analyzing single-cell sequencing data. For instance,
Al-driven analyses have pinpointed specific immune cell types and
signaling pathways that are dysregulated in AD, offering new avenues
for therapeutic intervention (31). Additionally, machine learning
models have been employed to predict patient responses to treatments,
paving the way for personalized medicine approaches in AD care (83).

Future prospects for Al in neuroimmune research include
Al-driven drug discovery and integration with clinical practice. Al
algorithms can screen vast libraries of compounds to identify potential
drugs that modulate neuroimmune pathways, accelerating the drug
development process (84). Moreover, integrating Al tools into clinical
practice can enhance diagnostic accuracy and treatment efficacy,
providing personalized care based on an individuals genetic and
molecular profile (83). However, challenges such as data privacy,
algorithm transparency, and the need for large, high-quality datasets
must be addressed to fully realize the potential of Al in this field (85).

8 Conclusion

Recent advancements in single-cell sequencing and spatial
transcriptomics have significantly enhanced our understanding of
AD. These technologies have revealed the complexity and
heterogeneity of brain cell types, identifying distinct cellular
subpopulations and specific gene expression profiles associated with
AD. Key findings include the discovery of disease-associated
microglial subpopulations and cell-type-specific regulatory elements
linked to AD risk genes, which provide new insights into the
molecular mechanisms underlying the disease and potential
therapeutic targets (15, 16, 19, 43).

Looking forward, single-cell and spatial transcriptomics are
poised to drive new research paradigms and personalized therapeutic
approaches for AD. By continuing to integrate these technologies with
other omics data, researchers can develop a more comprehensive
understanding of the disease, ultimately leading to the identification
of novel therapeutic strategies. Collaboration, funding, and
interdisciplinary efforts will be essential to advance this field and
improve patient outcomes (20).

References

1. van Loenhoud AC, van der Flier WM, Wink A, Dicks E, Groot C, Twisk J, et al.
Cognitive reserve and clinical progression in Alzheimer disease. Neurology. (2019)
93:e334-46. doi: 10.1212/WNL.0000000000007821

2. Yuan ], Maserejian N, Liu Y, Devine S, Gillis C, Massaro J, et al. Severity distribution
of Alzheimer's disease dementia and mild cognitive impairment in the Framingham
heart study. J Alzheimers Dis. (2020) 79:807-17. doi: 10.3233/jad-200786

3. LiJ, Zhang Y, Lu T, Liang R, Wu Z, Liu M, et al. Identification of diagnostic genes
for both Alzheimer's disease and metabolic syndrome by the machine
learning algorithm. Front Immunol. (2022) 13:1037318. doi: 10.3389/fimmu.
2022.1037318

4. Rakét LL. Statistical disease progression modeling in Alzheimer disease. Front Big
Data. (2020) 3:24. doi: 10.3389/fdata.2020.00024

Frontiers in Neurology

10.3389/fneur.2024.1515981

Author contributions

YH: Conceptualization, Writing - original draft, Writing - review
& editing. WL: Writing - review & editing. XZ: Visualization,
Writing - review & editing. JM: Visualization, Writing — review &
editing. WS: Conceptualization, Funding acquisition, Supervision,
Writing - review & editing.

Funding

The author(s) declare that no financial support was received for
the research, authorship, and/or publication of this article.

Acknowledgments

Figures in our manuscript was created using Figdraw online tools
(https://www.figdraw.com/). We would like to express our gratitude
for these invaluable resources.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Generative Al statement

The author(s) declare that Generative AI was used in the creation
of this manuscript. During the preparation of this work the authors
used ChatGPT4.0 in order to polishing the language. After using this
tool, the authors reviewed and edited the content as needed and take
full responsibility for the content of the publication.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

5. Jun S, Kim H, Kim B, Yoo B, Lee WG. Quantitative brain amyloid measures predict
time-to-progression from amnestic mild cognitive impairment to Alzheimer's disease.
J Alzheimers Dis. (2019) 70:477-86. doi: 10.3233/JAD-190070

6. Jutten R, Sikkes S, Amariglio R, Buckley R, Properzi M, Marshall G, et al.
Identifying sensitive measures of cognitive decline at different clinical stages of
Alzheimer’s disease. ] Int Neuropsychol Soc. (2020) 27:426-38. doi: 10.1017/
$1355617720000934

7. Walker JM, Kazempour Dehkordi S, Schaffert ], Goette W, White Iii CL, Richardson
TE, et al. The Spectrum of Alzheimer-type pathology in cognitively Normal individuals.
J Alzheimers Dis. (2022) 91:683-95. doi: 10.3233/jad-220898

8. Elman J, Panizzon M, Gustavson D, Franz C, Sanderson-Cimino M, Lyons M, et al.
Amyloid-p positivity predicts cognitive decline but cognition predicts progression to

frontiersin.org


https://doi.org/10.3389/fneur.2024.1515981
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
https://www.figdraw.com/
https://doi.org/10.1212/WNL.0000000000007821
https://doi.org/10.3233/jad-200786
https://doi.org/10.3389/fimmu.2022.1037318
https://doi.org/10.3389/fimmu.2022.1037318
https://doi.org/10.3389/fdata.2020.00024
https://doi.org/10.3233/JAD-190070
https://doi.org/10.1017/S1355617720000934
https://doi.org/10.1017/S1355617720000934
https://doi.org/10.3233/jad-220898

Heetal.

amyloid-f  positivity.  Biol (2020) 87:819-28. doi:

biopsych.2019.12.021
9. Sendi M, Zendehrouh E, Fu Z, Liu J, Du Y, Mormino E, et al. Disrupted dynamic

functional network connectivity among cognitive control networks in the progression
of Alzheimer’s disease. bioRxiv. (2021). doi: 10.1101/2020.12.31.424877

10. Garba AE, Grossberg G, Enard K, Jano FJ, Roberts EN, Marx C, et al. The influence
of cognitive reserve on Alzheimer's disease progression. Alzheimers Dement. (2021)
17:¢054537. doi: 10.1002/alz.054537

11.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. doi: 10.3390/cells11121925

Psychiatry. 10.1016/j.

12. Terrera G, Harrison J, Ritchie C, Ritchie K. Cognitive functions as predictors of
Alzheimer's disease biomarker status in the European prevention of Alzheimer's
dementia cohort. J Alzheimers Dis. (2020) 74:1203-10. doi: 10.3233/JAD-191108

13. Dansson H.V,, Stempfle L., Egilsdottir H., Schliep A., Portelius E., Blennow K., et al.
(2021). Predicting Progression & Cognitive Decline in amyloid-positive patients with
Alzheimer's disease. Alzheimer’s Research & Therapy. 13. doi: 10.21203/rs.3.rs-290530/v1

14. Lee C, Riffle D, Xiong Y, Momtaz N, Hwang A, Duan Z, et al. Characterizing
dysregulations via cell-cell communications in Alzheimer’s brains using single-cell
transcriptomes. bioRxiv. (2023). doi: 10.1101/2023.07.16.548274

15. Mathys H, Davila-Velderrain J, Peng Z, Gao F, Mohammadi S, Young JZ, et al.
Single-cell transcriptomic analysis of Alzheimer’s disease. Nature. (2019) 570:332-7. doi:
10.1038/s41586-019-1195-2

16. Grubman A, Chew G, Ouyang JE Sun G-Z, Choo XY, McLean C, et al. A single-cell
atlas of entorhinal cortex from individuals with Alzheimer’s disease reveals cell-type-specific
gene expression regulation. Nat Neurosci. (2019) 22:2087-97. doi: 10.1038/s41593-019-0539-4

17. Keren-Shaul H, Spinrad A, Weiner A, Matcovitch-Natan O, Dvir-Szternfeld R,
Ulland T, et al. A unique microglia type associated with restricting development of
Alzheimer’s disease. Cell. (2017) 169:1276-1290.e17. doi: 10.1016/j.cell.2017.05.018

18. Jiang J, Wang C, Qi R, Fu H, Ma Q. scREAD: a single-cell RNA-Seq database for
Alzheimer's disease. iScience. (2020) 23:101769. doi: 10.1016/j.is¢i.2020.101769

19. Chen W-T, Lu A, Craessaerts K, Pavie B, Frigerio CS, Mancuso R, et al. Spatial
transcriptomics and in situ sequencing to study Alzheimer’s disease. Cell. (2020)
182:976-991.e19. doi: 10.1016/j.cell.2020.06.038

20. Wang C, McNutt M, Ma A, Fu H, Ma Q. ssREAD: a single-cell and spatial RNA-seq
database for Alzheimer’s disease. bioRxiv. (2023). doi: 10.1101/2023.09.08.556944

21. Soreq L, Mohamed W. Single-cell RNA sequencing analysis and Alzheimer's
disease: a bibliometric analysis. Am ] Neurodegener Dis. (2023) 12:133-46. Available at:
https://pmc.ncbi.nlm.nih.gov/articles/PMC10658177/

22.Leng F, Edison P. Neuroinflammation and microglial activation in Alzheimer
disease: where do we go from here? Nat Rev Neurol. (2020) 17:157-72. doi: 10.1038/
541582-020-00435-y

23. Baik SH, Kang S, Lee W, Choi H, Chung S, Kim JI, et al. A breakdown in metabolic
reprogramming causes microglia dysfunction in Alzheimer's disease. Cell Metab. (2019)
30:493-507.€6. doi: 10.1016/j.cmet.2019.06.005

24. Takatori S, Wang W, Iguchi A, Tomita T. Genetic risk factors for Alzheimer disease:
emerging roles of microglia in disease Pathomechanisms. Adv Exp Med Biol. (2019)
1118:83-116. doi: 10.1007/978-3-030-05542-4_5

25. Wang Q, Yao H, Liu W, Ya B, Cheng H, Xing Z, et al. Microglia polarization in
Alzheimer’s disease: mechanisms and a potential therapeutic target. Front Aging
Neurosci. (2021) 13:772717. doi: 10.3389/fnagi.2021.772717

26. Memudu AE, Adanike RP. Alpha lipoic acid reverses scopolamine-induced spatial
memory loss and pyramidal cell neurodegeneration in the prefrontal cortex of Wistar
rats. IBRO Neurosci Rep. (2022) 13:1-8. doi: 10.1016/j.ibneur.2022.05.005

27.Jha D, Bakker E, Kumar R. Mechanistic and therapeutic role of NLRP3
inflammasome in the pathogenesis of Alzheimer's disease. /] Neurochem. (2023)
168:3574-3598. doi: 10.1111/jnc.15788

28.Lau S, Chen C, Fu W, Qu J, Cheung TH, Fu A, et al. IL-33-PU.1 transcriptome
reprogramming drives functional state transition and clearance activity of microglia in
Alzheimer's disease. Cell Rep. (2020) 31:107530. doi: 10.1016/j.celrep.2020.107530

29.Yu Q, Zhang F, Feng D, Li D, Xia Y, Gan ME. An inflammation-related signature
could predict the prognosis of patients with kidney renal clear cell carcinoma. Front
Genet. (2022) 13:866696. doi: 10.3389/fgene.2022.866696

30. Hansen W. Microglial heterogeneity in Alzheimer’s disease: insights from single-
cell technologies. Front Synaptic Neurosci. (2021) 13:773590. doi: 10.3389/
fnsyn.2021.773590

31. Wang C, Xiang Y, Fu H, Ma Q. Use of scREAD to explore and analyze single-cell
and single-nucleus RNA-seq data for Alzheimer’s disease. STAR Protoc. (2021) 2:100513.
doi: 10.1016/j.xpro.2021.100513

32.Long J, Coble D, Xiong C, Schindler S, Perrin R, Gordon B, et al. Preclinical
Alzheimer's disease biomarkers accurately predict cognitive and neuropathological
outcomes. Brain. (2022) 145:4506-18. doi: 10.1093/brain/awac250

33. Weathered C, Bardehle S, Yoon C, Kumar N, Leyns CEG, Kennedy ME, et al.
Microglial roles in Alzheimer's disease: An agent-based model to elucidate microglial

Frontiers in Neurology

10.3389/fneur.2024.1515981

spatiotemporal response to Beta-amyloid. CPT Pharmacometrics Syst Pharmacol. (2023)
13:449-63. doi: 10.1002/psp4.13095

34. Young AMH, Kumasaka N, Calvert F, Hammond TR, Knights A, Panousis N, et al.
A map of transcriptional heterogeneity and regulatory variation in human microglia.
Nat Genet. (2021) 53:861-8. doi: 10.1038/541588-021-00875-2

35. Feng D, Xiong Q, Wei Q, Yang L. Cellular landscape of tumour microenvironment
in prostate cancer. Immunology. (2023) 168:199-202. doi: 10.1111/imm.13456

36.LiJ, Zhang Y, Liang C, Yan X, Hui X, Liu Q. Advancing precision medicine in
gliomas through single-cell sequencing: unveiling the complex tumor microenvironment.
Front Cell Dev Biol. (2024) 12:1396836. doi: 10.3389/fcell.2024.1396836

37.Zhou Y, Xu J, Hou Y, Bekris L, Leverenz J, Pieper A, et al. The Alzheimer's cell atlas
(TACA): a single-cell molecular map for translational therapeutics accelerator in
Alzheimer's disease. Alzheimers Dement. (2022) 8:€12350. doi: 10.1002/trc2.12350

38. Xie H, Ding X. The intriguing landscape of single-cell protein analysis. Adv Sci
(Weinh). (2022) 9:¢2105932. doi: 10.1002/advs.202105932

39. Karmaus PWE. Application of single cell methods in Immunometabolism and
Immunotoxicology. Curr Opin Toxicol. (2024) 39:100488. doi: 10.1016/j.
cotox.2024.100488

40. Tukker AM, Bowman AB. Application of single cell gene expression technologies
to Neurotoxicology. Curr Opin Toxicol. (2024) 37:100458. doi: 10.1016/j.
cot0x.2023.100458

41. Wang Q, Antone J, Alsop E, Reiman R, Funk C, Bendl J, et al. A public resource of
single cell transcriptomes and multiscale networks from persons with and without
Alzheimer’s disease. bioRxiv. (2023). doi: 10.1101/2023.10.20.563319

42. Krokidis M, Vrahatis AG, Lazaros K, Vlamos P. Exploring promising biomarkers
for Alzheimer’s disease through the computational analysis of peripheral blood single-
cell RNA sequencing data. Appl Sci. (2023) 13:5553. doi: 10.3390/app13095553

43. Morabito SJ, Miyoshi E, Michael N, Shahin S, Martini A, Head E, et al. Single-
nucleus chromatin accessibility and transcriptomic characterization of Alzheimer’s
disease. Nat Genet. (2021) 53:1143-55. doi: 10.1038/541588-021-00894-z

44. Rangaraju S, Dammer E, Raza S, Rathakrishnan P, Xiao H, Gao T, et al.
Identification and therapeutic modulation of a pro-inflammatory subset of disease-
associated-microglia in Alzheimer’s disease. Mol Neurodegener. (2018) 13:24. doi:
10.1186/s13024-018-0254-8

45. Srinivasan K, Friedman BA, Etxeberria A, Huntley MA, van der Brug MP, Foreman
O, et al. Alzheimer’s patient microglia exhibit enhanced aging and unique transcriptional
activation. Cell Rep. (2020) 31:107843. doi: 10.1016/j.celrep.2020.107843

46. Chew G, Petretto E. Transcriptional networks of microglia in Alzheimer’s disease
and insights into pathogenesis. Genes. (2019) 10:798. doi: 10.3390/genes10100798

47.Kosoy R, Fullard ], Zeng B, Bendl J, Dong P, Rahman S, et al. Genetics of the
human microglia regulome refines Alzheimer’s disease risk loci. Nat Genet. (2021)
54:1145-54. doi: 10.1038/s41588-022-01149-1

48. Swanson MEV, Scotter EL, Smyth LCD, Murray HC, Ryan B, Turner C, et al.
Identification of a dysfunctional microglial population in human Alzheimer's disease
cortex using novel single-cell histology image analysis. Acta Neuropathol Commun.
(2020) 8:170. doi: 10.1186/s40478-020-01047-9

49. Takata K, Ginhoux F, Shimohama S. Roles of microglia in Alzheimer's disease and
impact of new findings on microglial heterogeneity as a target for therapeutic
intervention. Biochem Pharmacol. (2021) 192:114754. doi: 10.1016/j.bcp.2021.114754

50. Chen S, Chang Y, Li L, Morrison C, Wang C, Julian D, et al. Spatially resolved
transcriptomics reveals unique gene signatures associated with human temporal cortical
architecture and Alzheimer’s pathology. bioRxiv. (2021). doi: 10.1101/2021.07.07.451554

51. Andersson A, Larsson L, Stenbeck L, Salmén F, Ehinger A, Wu SZ, et al. Spatial
deconvolution of HER2-positive breast cancer delineates tumor-associated cell type
interactions. Nat Commun. (2021) 12:6012. doi: 10.1038/s41467-021-26271-2

52. Miyoshi E, Morabito SJ, Henningfield CM, Michael N, Shabestari SK, Das S, et al.
Spatiotemporal transcriptomic characterization of an amyloid mouse model of
Alzheimer’s disease. Alzheimers Dement. (2022) 18:€065285. doi: 10.1002/alz.065285

53.Cable DM, Irizarry RP, Chen E. Cell type-specific differential expression in
Alzheimer’s disease and cancer using spatial transcriptomics. J Immunol. (2022)
208:172.18. doi: 10.4049/jimmunol.208.supp.172.18

54, Mallach A, Zielonka M, van Lieshout V, An Y, Khoo JH, Vanheusden M, et al.
Applying high-resolution spatial transcriptomics to characterize the amyloid plaque cell
niche in Alzheimer’s disease. bioRxiv. (2023). doi: 10.1101/2023.06.29.546675

55. Zhang G-W, Xia S, Zhang NK, Gao F, Zlokovic B, Zhang LI, et al. Integrative
mapping of spatial transcriptomic and amyloid pathology in Alzheimer’s disease at
single-cell resolution. bioRxiv. (2023). doi: 10.1101/2023.05.07.539389

56.Kim K, Shin K, Chang K-A. Brain-derived Exosomal proteins as effective
biomarkers for Alzheimer’s disease: a systematic review and Meta-analysis. Biomol Ther.
(2021) 11:980. doi: 10.3390/biom11070980

57. Wu X, Xiao Z, YiJ, Ding S, Gu H, Wu W, et al. Development of a plasma biomarker
diagnostic model incorporating ultrasensitive digital immunoassay as a screening
strategy for Alzheimer disease in a Chinese population. Clin Chem. (2021) 67:1628-39.
doi: 10.1093/clinchem/hvab192

frontiersin.org


https://doi.org/10.3389/fneur.2024.1515981
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
https://doi.org/10.1016/j.biopsych.2019.12.021
https://doi.org/10.1016/j.biopsych.2019.12.021
https://doi.org/10.1101/2020.12.31.424877
https://doi.org/10.1002/alz.054537
https://doi.org/10.3390/cells11121925
https://doi.org/10.3233/JAD-191108
https://doi.org/10.21203/rs.3.rs-290530/v1
https://doi.org/10.1101/2023.07.16.548274
https://doi.org/10.1038/s41586-019-1195-2
https://doi.org/10.1038/s41593-019-0539-4
https://doi.org/10.1016/j.cell.2017.05.018
https://doi.org/10.1016/j.isci.2020.101769
https://doi.org/10.1016/j.cell.2020.06.038
https://doi.org/10.1101/2023.09.08.556944
https://pmc.ncbi.nlm.nih.gov/articles/PMC10658177/
https://doi.org/10.1038/s41582-020-00435-y
https://doi.org/10.1038/s41582-020-00435-y
https://doi.org/10.1016/j.cmet.2019.06.005
https://doi.org/10.1007/978-3-030-05542-4_5
https://doi.org/10.3389/fnagi.2021.772717
https://doi.org/10.1016/j.ibneur.2022.05.005
https://doi.org/10.1111/jnc.15788
https://doi.org/10.1016/j.celrep.2020.107530
https://doi.org/10.3389/fgene.2022.866696
https://doi.org/10.3389/fnsyn.2021.773590
https://doi.org/10.3389/fnsyn.2021.773590
https://doi.org/10.1016/j.xpro.2021.100513
https://doi.org/10.1093/brain/awac250
https://doi.org/10.1002/psp4.13095
https://doi.org/10.1038/s41588-021-00875-2
https://doi.org/10.1111/imm.13456
https://doi.org/10.3389/fcell.2024.1396836
https://doi.org/10.1002/trc2.12350
https://doi.org/10.1002/advs.202105932
https://doi.org/10.1016/j.cotox.2024.100488
https://doi.org/10.1016/j.cotox.2024.100488
https://doi.org/10.1016/j.cotox.2023.100458
https://doi.org/10.1016/j.cotox.2023.100458
https://doi.org/10.1101/2023.10.20.563319
https://doi.org/10.3390/app13095553
https://doi.org/10.1038/s41588-021-00894-z
https://doi.org/10.1186/s13024-018-0254-8
https://doi.org/10.1016/j.celrep.2020.107843
https://doi.org/10.3390/genes10100798
https://doi.org/10.1038/s41588-022-01149-1
https://doi.org/10.1186/s40478-020-01047-9
https://doi.org/10.1016/j.bcp.2021.114754
https://doi.org/10.1101/2021.07.07.451554
https://doi.org/10.1038/s41467-021-26271-2
https://doi.org/10.1002/alz.065285
https://doi.org/10.4049/jimmunol.208.supp.172.18
https://doi.org/10.1101/2023.06.29.546675
https://doi.org/10.1101/2023.05.07.539389
https://doi.org/10.3390/biom11070980
https://doi.org/10.1093/clinchem/hvab192

Heetal.

58. Cianflone A, Coppola L, Mirabelli P, Salvatore M. Predictive accuracy of blood-derived
biomarkers for amyloid-p brain deposition along with the Alzheimer's disease continuum:
a systematic review. J Alzheimers Dis. (2021) 84:393-407. doi: 10.3233/JAD-210496

59.Yu L, Boyle PA, Janelidze S, Petyuk VA, Wang T, Bennett DA, et al. Plasma
p-taul81 and p-tau217 in discriminating PART, AD and other key neuropathologies in
older adults. Acta Neuropathol. (2023) 146:1-11. doi: 10.1007/s00401-023-02570-4

60. Lantero Rodriguez J, Karikari TK, Sudrez-Calvet M, Troakes C, King A, Emersic
A, et al. Plasma p-taul81 accurately predicts Alzheimer's disease pathology at least 8
years prior to post-mortem and improves the clinical characterisation of cognitive
decline. Acta Neuropathol. (2020) 140:267-78. doi: 10.1007/s00401-020-02195-x

61. Liu P, Zhang T-Q, Chen Q, Li C, Chu Y, Guo Q, et al. Biomimetic dendrimer—
peptide conjugates for early multi-target therapy of Alzheimer's disease by inflammatory
microenvironment modulation. Adv Mater. (2021) 33:2100746. doi: 10.1002/
adma.202100746

62. Ahmad K, Baig MH, Mushtaq G, Kamal MA, Greig NH, Choi I. Commonalities
in biological pathways, genetics, and cellular mechanism between Alzheimer disease and
other neurodegenerative diseases: An in silico-updated overview. Curr Alzheimer Res.
(2017) 14:1190-7. doi: 10.2174/1567205014666170203141151

63. He YB, Liu YL, Yang ZD, Lu JH, Song Y, Guan YM, et al. Effect of ginsenoside-Rgl
on experimental Parkinson's disease: a systematic review and meta-analysis of animal
studies. Exp Ther Med. (2021) 21:552. doi: 10.3892/etm.2021.9984

64. Cornec AS, Monti L, Kovalevich J, Makani V, James MJ, Vijayendran KG, et al.
Multitargeted Imidazoles: potential therapeutic leads for Alzheimer's and other
neurodegenerative diseases. ] Med Chem. (2017) 60:5120-45. doi: 10.1021/acs.
jmedchem.7b00475

65. Zhang J, Guo Y, Wang Y, Song L, Zhang R, Du Y. Long-term treadmill exercise
attenuates Abeta burdens and astrocyte activation in APP/PS1 mouse model of
Alzheimer's disease. Neurosci Lett. (2018) 666:70-7. doi: 10.1016/j.neulet.2017.12.025

66. Liu S, Jiang Z, Zhao ], Li Z, Li R, Qiu Y, et al. Disparity of smell tests in Alzheimer's
disease and other neurodegenerative disorders: a systematic review and meta-analysis.
Front Aging Neurosci. (2023) 15:1249512. doi: 10.3389/fnagi.2023.1249512

67.YouY, LiJ, Zhang Y, Li X, Li X, Ma X. Exploring the potential relationship between
short sleep risks and cognitive function from the perspective of inflammatory
biomarkers and cellular pathways: insights from population-based and mice studies.
CNS Neurosci Ther. (2024) 30:¢14783. doi: 10.1111/cns.14783

68. Tarawneh R. Biomarkers: our path towards a cure for Alzheimer disease. Biomark
Insights. (2020) 15:117727192097636. doi: 10.1177/1177271920976367

69. Cullen N, Leuzy A, Janelidze S, Palmqvist S, Svenningsson A, Stomrud E, et al.
Plasma biomarkers of Alzheimer’s disease improve prediction of cognitive decline in
cognitively unimpaired elderly populations. Nat Commun. (2021) 12:3555. doi: 10.1038/
541467-021-23746-0

70. Goenka N, Tiwari S. Deep learning for Alzheimer prediction using brain
biomarkers. Artif Intell Rev. (2021) 54:4827-71. doi: 10.1007/s10462-021-10016-0

71. Thijssen E, Joie R, Strom A, Fonseca C, Iaccarino L, Wolf A, et al. Plasma
phosphorylated tau 217 and phosphorylated tau 181 as biomarkers in Alzheimer's

Frontiers in Neurology

11

10.3389/fneur.2024.1515981

disease and frontotemporal lobar degeneration: a retrospective diagnostic performance
study. Lancet Neurol. (2021) 20:739-52. doi: 10.1016/S1474-4422(21)00214-3

72.Qin Q, Tang Y. Lecanemab: the game changer in the ongoing fight to treat
Alzheimer’s disease? Human Brain. (2023) 2. doi: 10.37819/hb.002.001.0301

73.LiH, Liu H, Lutz M, Luo S. Novel genetic variants in TP37, PIK3R1, CALM1, and
PLCG2 of the Neurotrophin signaling pathway are associated with the progression from
mild cognitive impairment to Alzheimer's disease. J Alzheimers Dis. (2022) 91:977-87.
doi: 10.3233/jad-220680

74. Martin-Estebané M, Gomez-Nicola D. Targeting microglial population dynamics
in Alzheimer’s disease: are we ready for a potential impact on immune function? Front
Cell Neurosci. (2020) 14:149. doi: 10.3389/fncel.2020.00149

75. De Marchi F, Munitic I, Vidatic L, Papi¢ E, Racki V, Nimac J, et al. Overlapping
Neuroimmune mechanisms and therapeutic targets in neurodegenerative disorders.
Biomedicines. (2023) 11:2793. doi: 10.3390/biomedicines11102793

76. Lemaitre P, Tareen SH, Pasciuto E, Mascali L, Martirosyan A, Callaerts-Vegh Z,
et al. Molecular and cognitive signatures of ageing partially restored through synthetic
delivery of IL2 to the brain. EMBO Mol Med. (2023) 15:e16805. doi: 10.15252/
emmm.202216805

77.Bivona G, Iemmolo M, Agnello L, Lo Sasso B, Gambino CM, Giglio RV, et al.
Microglial activation and priming in Alzheimer's disease: state of the art and future
perspectives. Int ] Mol Sci. (2023) 24:884. doi: 10.3390/ijms24010884

78. Mortberg MA, Vallabh S, Minikel E. Disease stages and therapeutic hypotheses in
two decades of neurodegenerative disease clinical trials. Sci Rep. (2022) 12:17708. doi:
10.1038/s41598-022-21820-1

79.Khoury R, Grossberg G. Deciphering Alzheimer’s disease: predicting new
therapeutic strategies via improved understanding of biology and pathogenesis. Expert
Opin Ther Targets. (2020) 24:859-68. doi: 10.1080/14728222.2020.1790530

80. Guest FL, Rahmoune H, Guest P. Early diagnosis and targeted treatment strategy
for improved therapeutic outcomes in Alzheimer's disease. Adv Exp Med Biol. (2020)
1260:175-91. doi: 10.1007/978-3-030-42667-5_8

81. Ramesh M, Govindaraju T. Multipronged diagnostic and therapeutic strategies for
Alzheimer's disease. Chem Sci. (2022) 13:13657-89. doi: 10.1039/d2sc03932]

82.Lee E, Bae S, Suh M, Choi H, Choi Y, Hwang D, et al. Spatial transcriptomic brain
imaging reveals the effects of immunomodulation therapy upon specific regional brain
cells in mouse dementia model. bioRxiv. (2023). doi: 10.1101/2023.01.20.524845

83. Venugopalan J, Tong L, Hassanzadeh H, Wang MD. Multimodal deep learning
models for early detection of Alzheimer’s disease stage. Sci Rep. (2021) 11:3254. doi:
10.1038/541598-020-74399-w

84. Mishra R, Li B. The application of artificial intelligence in the genetic study of
Alzheimer’s disease. Aging Dis. (2020) 11:1567-84. doi: 10.14336/AD.2020.0312

85. Cuevas-Diaz Duran R, Gonzélez-Orozco JC, Velasco I, Wu JQ. Single-cell and
single-nuclei RNA sequencing as powerful tools to decipher cellular heterogeneity and
dysregulation in neurodegenerative diseases. Front Cell Dev Biol. (2022) 10:884748. doi:
10.3389/fcell.2022.884748

frontiersin.org


https://doi.org/10.3389/fneur.2024.1515981
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
https://doi.org/10.3233/JAD-210496
https://doi.org/10.1007/s00401-023-02570-4
https://doi.org/10.1007/s00401-020-02195-x
https://doi.org/10.1002/adma.202100746
https://doi.org/10.1002/adma.202100746
https://doi.org/10.2174/1567205014666170203141151
https://doi.org/10.3892/etm.2021.9984
https://doi.org/10.1021/acs.jmedchem.7b00475
https://doi.org/10.1021/acs.jmedchem.7b00475
https://doi.org/10.1016/j.neulet.2017.12.025
https://doi.org/10.3389/fnagi.2023.1249512
https://doi.org/10.1111/cns.14783
https://doi.org/10.1177/1177271920976367
https://doi.org/10.1038/s41467-021-23746-0
https://doi.org/10.1038/s41467-021-23746-0
https://doi.org/10.1007/s10462-021-10016-0
https://doi.org/10.1016/S1474-4422(21)00214-3
https://doi.org/10.37819/hb.002.001.0301
https://doi.org/10.3233/jad-220680
https://doi.org/10.3389/fncel.2020.00149
https://doi.org/10.3390/biomedicines11102793
https://doi.org/10.15252/emmm.202216805
https://doi.org/10.15252/emmm.202216805
https://doi.org/10.3390/ijms24010884
https://doi.org/10.1038/s41598-022-21820-1
https://doi.org/10.1080/14728222.2020.1790530
https://doi.org/10.1007/978-3-030-42667-5_8
https://doi.org/10.1039/d2sc03932j
https://doi.org/10.1101/2023.01.20.524845
https://doi.org/10.1038/s41598-020-74399-w
https://doi.org/10.14336/AD.2020.0312
https://doi.org/10.3389/fcell.2022.884748

Heetal. 10.3389/fneur.2024.1515981
Glossary

AD Alzheimer’s Disease

MCI Mild Cognitive Impairment

Ap Amyloid-beta

scRNA-seq Single-Cell RNA Sequencing

NF-kB Nuclear Factor Kappa-light-chain-enhancer of Activated B cells

NLRP3 NACHT, LRR, and PYD domains-containing protein 3

IL-1B Interleukin-1 beta

DAM Disease-Associated Microglia

APOE Apolipoprotein E

NfL Neurofilament Light

p-taul8l Phosphorylated Tau 181

CRISPR/Cas9 Clustered Regularly Interspaced Short Palindromic Repeats/Cas9

Al Artificial Intelligence

ML Machine Learning

RNA Ribonucleic Acid

cDNA Complementary DNA

ATP Adenosine Triphosphate

CSFIR Colony Stimulating Factor 1 Receptor

TACA The Alzheimer’s Cell Atlas

RNA-seq RNA Sequencing

ssSREAD Single-Cell RNA Expression Analysis Database

HER2 Human Epidermal Growth Factor Receptor 2

LPS Lipopolysaccharide

Nrf2 Nuclear factor erythroid 2-related factor 2

TNF Tumor Necrosis Factor

L2 Interleukin 2
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