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Introduction: Alzheimer’s disease (AD) is a neurodegenerative disorder characterized by gene expression alterations and immune
dysregulation.

Methods: In this study, we downloaded the GSE181279 single-cell dataset from the Gene Expression Omnibus (GEO) and applied
bioinformatic analysis and clinical subject validation.

Results: After quality control and harmony integration, we identified 21 cell subsets, including T cells, B cells, plasma cells, and
macrophages. Plasma cells were significantly elevated in AD patients, and six plasma cell subtypes were associated with AD. High-
dimensional weighted gene co-expression network analysis (h[dWGCNA) revealed two AD-related modules. Mendelian randomization
identified RGS! as a key risk gene (p = 0.0123). Immune infiltration analysis showed RGSI negatively correlated with macrophages
and positively with tumor-infiltrating lymphocytes. Functional enrichment indicated that RGS! is involved in JAK-STAT, NF-xB, and
Wnt-B-catenin signaling pathways, suggesting a role in immune regulation and neuroinflammation. Furthermore, validation in AD
patients confirmed that RGSI expression levels were higher than in controls (p < 0.01).

Discussion: This study identified the key gene RGSI related to AD and explored multiple signaling pathways associated with it,
which provided important clues for the research on AD-related inflammation, gut microbiota, stretch-gated ion channel, and the
evaluation of AD therapeutic targets.

Clinical Trial Registration Number: CTR20210477.

Keywords: alzheimer’s disease, mendelian randomization, single-cell analysis, key genes, clinical validation

Background

Alzheimer’s disease (AD) is a neurodegenerative disease characterized by memory loss as the first symptom. Its primary
pathological features include amyloid beta (AP) plaque deposits and neurofibrillary tangles (NFTs) in the brain, both of
which eventually lead to neuronal damage and death. Inflammatory responses play an important role in memory
impairment. Activated macrophages and astrocytes produce inflammatory mediators that lead to inflammatory damage
and neuronal death. The pathological manifestations of AD have been reported to appear decades before the onset of

symptoms.' > In recent years, the treatment of AD has shifted from single symptomatic intervention to multi-target
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intervention, and new drugs such as AP monoclonal antibodies have brought breakthroughs. However, the current
therapies cannot reverse the disease and they can only delay its progression. Moreover, the intervention timing is
generally too late, and there is a lack of effective early diagnosis and prevention strategies. Therefore, it is important to
explore the pathological mechanisms of AD to identify new targets for the development of novel therapeutic strategies.

Resolving the genetic and molecular mechanisms of complex diseases is a challenging but crucial task. Bioinformatics
analysis of microarray data has been widely used to identify key genes for subsequent analyses.* With the advancement of
technology, methods such as single-cell sequencing and Mendelian randomized analysis have gradually become important
tools for revealing disease mechanisms. Recent evidence suggests that monocytes infiltrate the brain and differentiate into
macrophage-like cells, further enhancing the inflammatory response. Monocytes, as key immune cells, have received much
attention due to their involvement in neuroinflammatory processes and AD progression. Advances in single-cell sequencing
technology have made it possible to identify cell subtypes associated with disease at high resolution, providing valuable
insights into disease mechanisms. By examining gene expression at the single-cell level, it is possible to pinpoint genes that
are specifically upregulated in monocytes and assess their role in AD pathology. Mendelian randomization (MR) is an
analysis of genetic variables that follows the Mendelian laws of inheritance, which use single nucleotide polymorphisms
(SNPs) as instrumental variables to infer the observed causal relationship between modifiable exposure and clinically
relevant outcomes. Single-cell sequencing and Mendelian randomization have their respective advantages, it is of great
innovative significance to combine the two in research. By identifying key genes that are highly expressed in specific cell
subtypes through single-cell sequencing, we can further evaluate the causal relationship between these genes and disease
using Mendelian randomization analysis. This study explored target genes in the pathological process of AD based on
bioinformatics analysis and MR, and further verified their potential molecular mechanisms through in vivo experiments.
A workflow diagram of this study is shown in Figure la.

Methods

Bioinformatics Analysis

Data Acquisition

The Series Matrix File of GSE153104 was downloaded from the Gene Expression Omnibus (GEO) database (https://www.
ncbi.nlm.nih.gov/geo/) and annotated as GPL16791. The expression profile data of 55 patients were included, with 28 and 27

patients in the control and AD groups, respectively. The single-cell data file for GSE181279, which contains data from five
samples with complete single-cell expression profiles, was downloaded. Expression quality loci (eQTL) data were obtained
from the eQTLGen Consortium database (https://www.egtlgen.org) to serve as exposure data. The outcome data were from
genome-wide association studies (GWAS) pooled from the MR Base database (ieu-b-5067). There were 954 cases in the AD
group and 487,331 cases in control group, respectively. All participants in the GWAS selected for this study were of European

descent. Data source is shown in Table 1.

Single-Cell Analysis

First, the expression profile was read using the Seurat package and low-expression genes were screened (nFeature RNA
> 200 and nFeature RNA < 4000 and percent.mt < 8 and nCount RNA < 20,000). The data were standardized,
homogenized, and analyzed using principal component analysis (PCA). According to the elbow plot, the optimal number
of principal components (pc) was 20. The location relationship between each cluster was obtained through t-distributed
stochastic neighbor embedding (t-SNE). Each cluster was annotated using known cell markers that were assigned to cells
important for disease occurrence.

High-Dimensional Weighted Gene Co-Expression Network Analysis (hdWGCNA)

SetupForWGCNA was used to construct a co-expression network of genes expressed in at least 5% of cells in Seurat
objects, with a soft threshold of 6. The weighted gene co-expression network analysis (WGCNA) tree was visualized
using a PlotDendrogram, and the module Eigengene (ME) level of each module was visualized using GetMEs. The n_
hub was set to 100 to obtain the module genes.
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Figure | Flow charts for bioinformatics analysis and clinical validation. (a) Bioinformation analysis flow chart. (b) Clinical validation flow chart.

Functional Annotation

Functional annotation of the module genes was performed using the Metascape database (www.metascape.org) to explore
their functional correlations. Gene Ontology (GO) pathway analysis was used to identify specific genes. Min overlap > 3

and p values <0.01 were considered statistically significant.
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Table | Data Source

Data Source

Setting

Participants

Genetic Variation Measurement,
Quality Control, and Selection

Ethics Approval and
Informed Consent

ieu-b-5067

ebi-a-GCST90012877

GSEI53104

eQTLGen

Clinical Study

Data from the IEU OpenGWAS project, with
Alzheimer’s disease (AD) data, collected in
2022.

Data from the EBI GWAS Catalog, with
Alzheimer’s disease data, collected in 2022.

Data from Gene Expression Omnibus (GEO)
database, including 55 AD patients (28
controls, 27 AD cases), data from 2020.

Data from eQTLGen Consortium database,
with epigenetic data from 2019.

Conducted at a hospital health check center,
participants aged 50 to 85, data collected in
2023.

954 AD cases
and 487,331
controls.

472,868
participants.

55 patients,
divided into
control and AD
groups.
Mainly
individuals of
European
ancestry.

10 AD patients
and 10 healthy
controls.

SNPs extracted from GWAS summary
data, used as instrumental variables for

Mendelian randomization (MR) analysis.

Relevant SNPs selected from GWAS
summary data for replication and
validation in external cohorts.

Data cleaning and quality control
performed using standardized methods.

Relevant genes selected from eQTL
data, with quality control applied.

Total RNA extracted using TRIzol
reagent, gene expression analyzed by
RT-qPCR.

Data obtained with ethics
committee approval, all
participants provided
informed consent.
Data obtained with ethics
committee approval, all
participants provided
informed consent.
Data obtained with ethics
committee approval, all
participants provided
informed consent.
Data obtained with ethics
committee approval, all
participants provided
informed consent.

Study approved by ethics

committee, all participants

signed informed consent

forms.

Mendelian Randomization (MR) Analysis

The outcome ID screened using the MRBase database (http://app.mrbase.org/) was used to extract relevant causality in
the GWAS summary data (https://gwas.mrcicu.ac=/) in the eQTL. The SNPs associated with each gene in the whole
locus significance threshold (p < le—5) were selected as potential instrumental variables. The linkage disequilibrium

between SNPs was calculated and only SNPs with p2 < 5e—5 were retained among the SNPs with R2 < 0.001 (clumping
window size = 10,000 kb). Inverse-variance weighted (IVW), MR-Egger, weighted median, and weighted mode (or Wald
ratio if there was only one SNP in the causal relationship) were used to evaluate the reliability of the causal relationship
and obtain an overall estimate of the effect of all cis isomers and cross-regional gene expression on AD using whole
blood samples. Sensitivity analysis was performed on the MR data using the leave-one-out method to assess the effect of
specific genetic variants on the risk of AD and to determine the robustness of the results.

Immune Cell Infiltration Analysis
The immune cells in the expression profile were quantified using a single-sample gene set enrichment analysis (ssGSEA)
algorithm to infer the relative proportions of the 29 types of immune-infiltrating cells.

Gene Set Enrichment Analysis (GSEA)

Based on the level of gene expression, patients were divided into high- and low-expression groups, and differences in
signaling pathways between the two groups were further analyzed using gene set enrichment analysis (GSEA).
Background gene sets were downloaded from the Molecular Signatures Database (MSigDB) as annotated gene sets
for subtype pathways. Differential expression analysis of pathways between subtypes was performed and significantly
enriched gene sets (adjusted p < 0.05) were sorted according to their consistency scores.

Gene Set Variation Analysis (GSVA)
Gene sets were downloaded from MSigDB v7.0, and each gene set was comprehensively scored using the GSVA
algorithm to evaluate potential biological and functional changes in different samples.

Analysis of Regulatory Networks of Important Genes
We used the RcisTarget package with the RcisTarget hgl9 MotifDB CisbpOnly, a 500 bp database. This database
contains motifs in the 500 bp range of the human genome (hg19) and includes only motifs in the cisBP database. The

International Journal of General Medicine 2025:18 https:

5645


http://app.mrbase.org/
https://gwas.mrcieu.ac=/

Xin et al

area under the curve (AUC) was calculated for all the motifs. The AUC represents the degree of enrichment of a gene set
under a particular motif. Next, we compared the AUC of all motifs in the gene set with random background distributions.
From this comparison, we obtained a normalized enrichment score (NES) for each motif. NES is a standardized
enrichment score that reflects the relative importance of a motif in a gene concentration. Finally, using NES values,
we identified motifs that were significantly enriched in specific gene sets, and thus inferred possible transcription factors.

Clinical Validation

Diagnostic Criteria

The diagnosis of AD was based on the AD Core Criteria (National Institute on Aging-Alzheimer’s Association [NIA-
AA], 2011):> (1) latent onset with a clear history of progressive deterioration of cognitive function; (2) history and
examination confirming one of the earliest and most significant categories of cognitive impairment (amnestic and non-
amnestic symptoms); and (3) exclusion criteria.

Inclusion Criteria

The inclusion criteria were: (1) age > 50 and < 85 years; (2) met the NIA-AA 2011 diagnostic criteria for AD; (3)
Clinical Dementia Rating (CDR) score > 0.5; (4) modified Hachinski Ischemia Scale (m-HIS) total score < 4; (5)
Hamilton Depression Scale (HAMD) (24 items) < 8, Hamilton Anxiety Scale (HAMA) < 7; (6) head magnetic resonance
imaging (MRI) showing hippocampal atrophy consistent with AD; (7) no obvious positive signs on nervous system
examination; (8) availability of a stable and reliable caregiver to accompany the patient and assist the researchers with
completing the HAMD and HAMA; and (9) provision of written informed consent by the patients and their families.

Exclusion Criteria

The exclusion criteria were as follows: (1) presence of other neurological diseases that can cause brain dysfunction; (2)
presence of systemic diseases that can cause cognitive impairment; (3) presence of a condition that makes the patient
unable to cooperate with the completion of cognitive tests; (4) presence of contraindications to MRI; (5) presence of
mental retardation or neurological impairment; and (6) refusal to provide a blood sample.

Quality Control in Clinical Research
Inclusion and exclusion criteria were established to minimize clinical study bias. The healthy control group comprised
patients screened at the Health Examination Center of our hospital. Patients in the control group were required to have
a CDR = 0, and were similar to patients in the AD group in terms of age, sex, HAMA and HAMD score. Brain
information was collected using 1.5T/3.0T magnetic resonance imaging (MRI), and MR reports were issued by two
professional doctors in the radiology department of our hospital. Participants and their families were assessed by
a qualified neuropsychologist in a quiet setting, followed by screening by two neurologists (including at least one lead
physician) according to the inclusion and exclusion criteria.

After participants were enrolled, venous blood was collected by a nurse, and peripheral blood mononuclear cells
(PBMCs) were extracted. This process is illustrated in Figure 1b.

This study was conducted in accordance with the principles of the Declaration of Helsinki. Approval was granted by
the Ethics Committee of the First Clinical Medical School of Shandong University of Chinese Medicine (Date: 2024/01/
23/No.AF/SC-08/03.0).

Quantitative Reverse Transcription Polymerase Chain Reaction (RT-gPCR)
Total RNA was extracted from 20 PBMC samples, from ten patients with AD and ten healthy controls using TRIzol
reagent according to the manufacturer’s instructions.® RNA (1 pL) was detected with a nanometer photometer N50.
Reverse transcription of mRNA was performed using the SureScript First-Strand cDNA Synthesis Kit (GeneCopoeia
Inc., Rockville, MD, USA).® Amplification and dissolution curves were drawn, and cycle threshold (Ct) values were
determined. The primer sequences are listed in Table 2.

Finally, the relative expression was calculated using the 2-*“Ct method. Finally, the 2-**Ct value was calculated and
the p-value was calculated using GraphPad Prism 9 (GraphPad Software, San Diego, CA, USA).

5646 s International Journal of General Medicine 2025:18
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Table 2 Primers

Primers Sequence

H-RGSI-239 F GAGTTCTGGCTGGCTTGTGA
H-RGSI-239 R | GTGAGGAACCTGGGATAAGAGTC
GAPDH F CGAAGGTGGAGTCAACGGATTT
GAPDH R ATGGGTGGAATCATATTGGAAC

Statistical Analysis

The biological information analysis was conducted in R language (version 4.2). In order to control the false positive rate
caused by multiple hypothesis tests, the mr_heterogeneity() function was used to directly calculate the Q value of the
heterogeneity test. The p. adjust method was used to control the false discovery rate (FDR). For functional annotation and
differential gene analysis, a q value of <0.05 was defined as statistically significant. In addition, in gene enrichment
analysis (such as GSEA, GSVA) and hdWGCNA analysis, we used a p value <0.05 as a significant threshold to ensure
the robustness and reliability of the results. SPSS 19.0 (IBM Corp., Armonk, NY, USA) and GraphPad Prism (version
9.4.1; GraphPad Software, San Diego, CA, USA) were also used to perform statistical analyses and data mapping. The
statistical significance of the differences in sex between groups was assessed with the Fisher’s exact test. Age, CDR
score, HAMA score, HAMD score and relative expression of mRNA were normally distributed, and an independent-
sample ¢-test was used. P* < 0.05 were considered statistically significant, with p** < 0.01 flagged as highly significant.

Results

Gene Subpopulation Annotation

Single-cell data from GSE181279 included five samples. In this analysis, nFeature RNA and nCount RNA were used to
screen the data samples (nFeature RNA > 200, nFeature RNA < 4000, percentage mt < 8, and nCount RNA < 20,000)
(Supplementary Figure S1A and B), and the ten genes with the highest standard deviations are shown (Supplementary
Figure S1C). The data were successively analyzed using standardization, homogenization, PCA, and harmony

(Supplementary Figure S1D-F), and 21 subgroups were identified using t-SNE analysis (Figure 2a). Twenty-one clusters

were annotated as T cells, CD8" T cells, CD4" T cells, natural killer (NK) cells, B cells, plasma cells, monocyte-macrophages,
and megakaryocyte progenitor cells (Figure 2b). In addition, we analyzed the bubble diagram (Figure 2c) of the classical
markers of these eight cell types and the cell ratio histogram of the two groups (Figure 2d) and found that the proportion of
plasma cell subtypes was higher in the AD samples than in the control samples. Subsets of plasma cell subtypes were
successively analyzed using PCA, Harmony, ElbowPlot, and FindClusters to obtain ten subtypes (Figure 3a—d). The
proportions of subtypes CO, C2, C4, C5, C6, and C7 were higher in the AD samples than in the control samples
(Figure 3e). Thus, these six subtypes were defined as the disease subtypes.

High-Dimensional Weighted Gene Co-expression Network Analysis (hdWGCNA) of

Plasma Cell Subsets

To determine the co-expression networks of genes in plasma cell subsets, hdWGCNA was performed. The groups were set as
the cluster subtype and custom subtype, which were used to construct the co-expression network and explore biomarkers
for AD development. The soft threshold was set to six (Figure 4a). Four gene modules were detected (yellow, turquoise,
brown, and blue) (Figure 4b). Further analysis of the four modules and ME levels (Figure 4c and d) showed that the ME levels
in the brown and blue modules were higher than those in the AD cell subtypes (Figure 4¢). Therefore, the module genes
obtained from analysis of the brown and blue modules were selected as candidate genes for subsequent studies.

Mendelian Randomization (MR) Analysis
We further analyzed the pathways of brown and blue MEs, and the results showed that blue MEs were mainly enriched in
the intrinsic apoptotic signaling pathway and negative regulation of mRNA metabolic processes, whereas brown MEs

International Journal of General Medicine 2025:18 htps: 5647
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Figure 4 Single-cell weighted gene co-expression network analysis (WGCNA\) (a) Scale-free index and average connectivity of each soft threshold. X axis (Soft Thresholding
Power): indicates the selected soft threshold. Y-axis: Indicates whether the network conforms to the fit of the scale-free topology. (b) Tree of gene clusters, with different colors
representing different modules. (c and d) Feature maps of top-ranking gene and module scores in different modules. (e) Correlation between module characteristic genes.

were mainly concentrated in the regulation of translation and peptidase activator activity involved in the apoptotic

process (Supplementary Figure S2A and B).

To further identify the key genes that influence AD, we used 200 genes in the brown and blue modules to analyze

488,285 records from 954 patients with AD and 487,331 controls. Extract instruments and extract outcome_ data were
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used to extract 171 causal associations between genes and outcomes (using ieu-b-5067 from the MR Base database)
(Supplementary Table S1). Furthermore, the causal relationship between the four genes, COX411, MAL, RGS1, and RPS3S,
corresponding to eQTL positive outcomes was screened using MR analysis (Figure Sa—d, IVW p < 0.05). MAL (0.9995;
95% confidence interval [CI]: 0.9990—1.0000; p = 0.0347) and RPS5 (0.9995; 95% CI: 0.9991-0.9999; p = 0.0230) were
associated with a lower risk of AD, whereas COX411 (1.0009; 95% CI: 1.0002—1.0016; p = 0.0095) and RGS! (1.0020;
95% CI: 1.0004—1.0037; p = 0.0123) were associated with a higher risk of AD. A sensitivity analysis of the causal
relationships between the four genes was performed to determine the reliability of the MR analysis. The results showed

that the effect on the overall error line was not significant after the removal of any SNP, indicating that the four selected
causality pairs were robust (Figure 6a—d). Then, with the aggregated statistical data of 472,868 samples related to AD in
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Figure 5 Mendelian randomization (MR) analysis (a—d) Scatter plots of the MR analysis of key genes. Different colors indicate different statistical methods, and the slope of
the lines indicates the causal effect of each method. The X-axis represents the beta value of the instrumental variable in exposure, and the Y-axis represents the beta value of
the instrumental variable in outcome.
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the validation set, the outcome id was ebi-a-GCST90012877. Extract instruments and extract outcome data were used
to extract the causal relationship between genes and outcome, and the causal relationship corresponding to eQTL positive
outcome was further screened by Mendelian randomization analysis (IVW pval < 0.05) for 1 pair of genes (Figure 7).
Gene RGSI (1.2211; 1.0338-1.4424; p= 0.0187) may be associated with a higher risk of Alzheimer’s disease. Therefore,
RGS1 will be a key gene for subsequent analysis in this study.

Immunoinfiltration Analysis
The microenvironment is mainly composed of immune cells, the extracellular matrix, various growth factors, inflammatory
factors, and special physicochemical characteristics that significantly affect the diagnosis and clinical treatment sensitivity of

MR Test

Inverse variance weighted Weighted median
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Figure 7 Mendelian randomization analysis RGS| was associated with a higher risk of Alzheimer’s disease (p= 0.0187). The X-axis represents the beta value of the
instrumental variable in exposure, and the Y-axis represents the beta value of the instrumental variable in outcome.
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diseases. By analyzing the relationship between key genes and immune infiltration in the AD dataset, we further explored the
potential molecular mechanisms by which key genes influence AD progression. This study showed the proportion of immune
cells in each patient and the correlation between different types of immune cells (Figure 8a and b). In addition, the results
showed that APC co_stimulation and CDS8" T cells were significantly increased in the control and AD groups (Figure 8c). We
further explored the relationship between key gene and immune cells and found that key gene was highly correlated with
immune cells (Figure 8d). RGS! was negatively correlated with macrophages and positively correlated with tumor infiltrates
lymphocytes (TIL). In this study, the correlation between this key gene and different immune factors, including immunomo-
dulators, chemokines and cell receptors, was obtained from the TISIDB database (Figure 9a—e). These analyses suggest that
key genes are closely related to the level of immune cell infiltration and play an important role in the immune
microenvironment.

Gene Set Enrichment Analysis (GSEA) and Gene Set Variation Analysis (GSVA)

Next, the specific signaling pathways involving the key gene were studied to explore the potential molecular mechanisms by
which these genes affect AD progression. The GSEA results showed that the pathways enriched by RGS! included the JAK-
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STAT and NF-kappa B signaling pathways (Figure 10a and b). GSVA showed high expression of RGS! enriched the Wnt-§-
catenin and mTORCI signaling pathways (Figure 10c).

Prediction and Expression Patterns of Key Gene Transcription Factors
In this study, key genes were used for the gene set in this analysis, and they were found to be regulated by common
mechanisms such as multiple transcription factors. Therefore, these transcription factors were enriched by cumulative
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recovery curves. Motif-tf annotation and selection analysis of important genes showed that the Motif Motif with the
highest standardized enrichment score (NES: 4.74) was cisbp M 1404. In this study, all the enriched motifs of key genes
and corresponding transcription factors were shown (Figure 11a and b).

With GeneCards database (https://www.genecards.org/), we acquired Pyroptosis related genes, and the expression of
GZMB and [FI27 showed significant difference between AD patients and control group (Figure 1l¢). In addition,
correlation analysis results of key genes and Pyroptosis related genes showed a significant correlation, in which RGS/
and NLRP3 were significantly positively correlated (r= 0.785), and RGSI and PYCARD were significantly negatively
correlated (r=—0.71) (Figure 11d).

In addition, we analyzed the key gene in T cells, CD8" T cells, CD4" T cells, NK T cells, B cells, plasma cells,
monocyte-macrophages, and megakaryocyte progenitor cells in a single cell (Figure 12a and b). Next, we quantified the
immune and metabolic pathways using ssGSEA and analyzed and demonstrated the correlation between the key gene and

the immune and metabolic pathways (Figure 12c). We also visualized the co-expression of AD-related regulatory genes
(APOE, APP, and PSENI) and key gene in the eight cell types (Supplementary Fig. S3). Finally, we analyzed the
correlation between key genes and PIEZO1, and found that RGS/ had a significant correlation with PIEZO1 (Figure 13).

In order to obtain the developmental trajectories of key cell subtypes, we calculated the similarity between cells and
constructed the cell differentiation trajectories. Then, with visualizing the tracks, we generated a cell differentiation track

map constructed in pseudo-time to show the cell development process, which was used to study the process of cell
differentiation and gene expression patterns at different time points. Images of cells colored with pseudotime values,
celltype, and state were output respectively (Figure 14a—c). Genes were differentially expressed in different branches, but
this could not be shown in the overall heat map. We selected all the branch points, calculated the genes with large
differences in cell expression before and after the branch points, and visualized them as the branch heat map
(Figure 14d). Then we looked at the expression changes of key genes with cell state, etc. (Figure 14e).
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Validation of Key Gene Expression in Patients with AD

To further validate the results of the biometric analysis, we screened and tested patients who visited our hospital. Ten
patients with AD and ten healthy controls were screened. Baseline information is presented in Table 3. There were no
significant differences in age, sex, HAMA score or HAMD score between the two groups. The CDR scores of patients
with AD were higher than those of the control group (p < 0.01). The RT-qPCR results (Figure 15) showed that the
relative mRNA expression levels of RGSI was higher in patients with AD than in the control group (p < 0.01), consistent
with the results of the bioinformatics analysis.

Discussion

With the development of an aging society, the incidence of AD is increasing exponentially and has become a burden for
many families and societies. The development of AD is related to genetics, brain damage and environmental factors.
Monoclonal antibody drugs recently approved for the treatment of AD, aducanumab and lecanemab, primarily act to
clear AP deposits. The formation of amyloid plaques and neurofibrillary tangles resulting from tau hyperphosphorylation
are characteristic pathological manifestations of AD. In clinical diagnosis, FDG-PET and the detection of amyloid and
p-tau protein levels in cerebrospinal fluid are meaningful.” However, these tests are difficult to popularize in the clinic
due to their invasive and high cost. With advances in high-throughput sequencing and microarray technology, bioinfor-
matics is increasingly being used to analyze genetic alterations in the nervous system. Currently, researchers are working
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Figure 14 Quasi-temporal analysis of plasma cells (a) Pseudo time tracks of plasma cells generated by Monocle. Color gradients indicate progress along pseudo-time, with
light blue indicating an early state and dark blue indicating a late state. X/Y-axis represent the cell position calculated by dimensionality reduction algorithm, and the color
represents the continuous change of the cell along the pseudo-time sequence from early state to late state. (b) Cell states along a pseudo-time trajectory. Plasma cells are
divided into five different states, marked with different colors, indicating the progression of cell differentiation or functional changes. X/Y-axis represent the cell position
calculated by dimensionality reduction algorithm, and the color represents each state, usually representing a key stage or branch point along the cell development trajectory.
(c) Cluster distribution of plasma cells. Plasma cells are divided into different clusters according to gene expression profiles, and each cluster is labeled with a different color.
X/Y axes represent the cell positions calculated by the dimensionality reduction algorithm, and the colors represent different cell populations. (d) Heat maps of gene
expression over supposed time. The heat map shows the expression dynamics of key genes over a pseudo-time period, with red indicating higher expression and blue
indicating lower expression. Genes are divided into different modules according to their expression patterns. (e) Expression dynamics of RGS/. Relative expression of RGS/
in relation to pseudotime, showing different cell clusters (left) and cell states (right). The black lines represent trends in gene expression over time. The X-axis represents
the progression of pseudo-timing, and the Y-axis represents the amount of cell expression.

on early diagnosis and therapeutic targets for Alzheimer’s disease, and many biomarkers and targets are primarily

identified through computational methods aimed at minimizing the large investment required for drug development.
The role of immune disorders in AD has received increasing attention.® Inflammatory immune response is the factor

that runs through the whole pathological mechanism of AD.? The researchers found several AD-related genes involved in

neuroinflammation and immune activation in the test model.!® Some researchers identified 18 immune-associated DEGs

Table 3 Baseline Information Analysis

AD Group | Control Group | P-value
(n=10) (n=10)

Male 4 5 0.5
Female 5 4 0.5
Age 65.9+8.25 62.7+7.78 0.38
(mean =* standard deviation)

HAMA 2.34£0.36 2.5+0.34 0.70
HAMD 2.5+0.34 2.740.36 0.8l
CDR 2.05+0.83 0.00 0.00
(mean * standard deviation)
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Figure 15 Assessment of the expression level of key gene in participants with AD and healthy controlsQuantitative reverse transcription (RT-q) PCR results show that the
relative mRNA expression levels of RGS| was higher in the AD group than in the control group (** p<0.01).

with PPI network analysis and generated AD immune-associated ceRNA networks with tools such as StarBase, diana-
Inbase, and the Human MicroRNA Disease Database (HMDD).'! Researchers have also identified differentially
infiltrating immune cells (DIICs) using the CIBERSORT algorithm.'> Weighted gene Co-expression Network Analysis
(WGCNA) is a powerful screening tool that constructs a scale-free gene co-expression network to explore relationships
between genes with similar expression patterns and external clinical information. Multiple studies have identified
biomarkers associated with AD immune infiltration using WGCNA and machine learning algorithms. Brianne
M. Bettcher et al suggested that peripheral inflammatory markers in asymptomatic elderly people were related to clinical
outcomes, and peripheral inflammatory events were correlated with central inflammatory responses.'?

Members of the G protein signaling (RGS) family are important regulators of the G protein-coupled receptor (GPCR)
signaling pathway in the brain, which can respond to a variety of extracellular stimuli, and interference in its function is
a potential cause of AD."* The brain-gut axis or gut-brain axis is one of the potential mechanisms. Previous studies
showed that mice with RGS! knocked out showed an accelerated return of B cells to the lymph nodes, accompanied by
reduced B cell retention at the site of inflammation.' In another study, RGSI expression was elevated in intestinal T cells
of patients with colitis.'® These results suggest an association between RGS/ and intestinal inflammation. PIEZOI is
a stretch-gated ion channel required for mechanosensation in many organ systems. It acts as a sensor in the gut that
regulates gut flora and inflammation.'” Our research suggested a strong link between RGSI and PIEZOI. In our study,
the role of RGS! in the regulation of CD4+ T cell immune responses further supports its critical role in the brain-gut axis,
suggesting that the treatment of AD may require a combination of central and peripheral inflammatory interactions.'®
RGS| expression is elevated in both macrophages and microglia in patients with myocardial infarction and AD.'® The
mechanism of action of RGS/ in AD is unclear; however, but it RGS/ is considered a potential biomarker of AD" and
may be related to neuroinflammation and microglial overactivation regulated by the Janus kinase/signaling and tran-
scriptional activator JAK-STAT pathways.?® Although microglia protect neuronal cells against external stimuli, the
activated state can be transformed into a neurotoxic state, intensifying the aggregation of Ap and tau.?' The JAK/STAT
signaling pathway plays an important role in regulating the fate of glial cells. In the context of microglial overactivation,
the JAK/STAT signaling pathway initiates innate immunity, regulates adaptive immunity, and inhibits neuroinflammation
in AD.*? Previous studies have suggested that RGSI has a macrophage-like regulatory mechanism on microglia, which
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leads to local accumulation of microglia by desensitizing chemokine receptors, leading to chronic neuroinflammation.'®
High expression of RGS!/ can be enriched in MTORCI signaling, which is associated with increased mitochondrial
calcium uptake and mitochondrial activity, and its activation can accelerate neurodegenerative changes.” In this study,
we found that RGS1 is highly expressed in monocytes of AD patients and may play an important role in neuroinflamma-
tion and mitochondrial dysfunction through enrichment in the JAK/STAT signaling pathway and MTORCI signaling
pathway. However, due to ethical restrictions, we did not directly detect the expression of RGS! in the brain tissue of
patients with AD. The increase of RGS! in peripheral blood can serve as a hint.

RSGI, which has been screened by bioinformatics analysis, is regarded as a key marker for the diagnosis and
treatment of AD and verified in clinical subjects. The limitations of this study include reliance on a single master dataset,
the lack of direct mechanism validation, and the inherent limitations of cross-sectional studies. Although the sample size
included in this study is limited and there are still limitations in the promotion of the universal significance of RSG/, the
increased expression of this gene in AD patients prompts us to pay attention to it, hoping to further explore its value in
future studies. Future studies should focus on the specific function of RGS!/ in monocytes and microglia, and explore
whether the GPCR signaling pathway regulated by RGS/ can be used as a new target to interfere with the inflammatory
response of AD. In addition, the relationship between RGS/ and JAK/STAT signaling and mitochondrial dysfunction
suggests that RGS/ may play an indirect role in AP metabolism and tau protein abnormal aggregation, which provides
A way to further study its therapeutic potential. The discovery of the RGSI surpasses the traditional AP and Tau
hypotheses and can inhibit the phagocytic function of microglia by regulating multiple signaling pathways, thereby
exacerbating neuroinflammation and AD pathological deposition. More strikingly, RGS/ has a potential connection with
PIEZO1. The RGSI-PIEZO1- neuroinflammatory axis represents a brand-new mechanism and offers a very promising
target for future treatments. By developing RGS! inhibitors, it is expected to restore the function of microglia and
suppress neurotoxic inflammation, thereby achieving precise intervention for AD from the perspective of neuroimmunity.

Conclusions

Although the high expression of RGS/ in AD patients has been verified by rt-qPCR, we still need more in-depth
functional studies to explain its significance in the pathogenesis, diagnosis and treatment of AD. The limitation of this
study is that chronic diseases such as diabetes and hypertension cannot be ruled out in clinical validation, the clinical
sample size is limited, and there are significant differences in lifestyle and dietary patterns among subjects, all of which
may affect gene expression. We plan to conduct further studies to clarify the regulatory roles of RGS/ in different
signaling pathways and identify possible intervention targets to provide a basis for the diagnosis and treatment of AD.
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