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Abstract 

Alzheimer’s disease (AD) and atherosclerosis (AS) are two interacting diseases mostly affecting aged adults. AD is char-
acterized by the deposition of neuritic plaques mainly consisting of Aβ, and AS is defined by the formation of ather-
omatous plaque along the vascular wall. The shared mechanisms underlying the pathogenesis of AD and AS remain 
unclear. Here we applied several bioinformatic analyses of bulk sequencing data sets of AD brain tissues and ath-
erosclerotic plaques to seek relevant genes between AD and AS. WIPF3, was identified as the most affected gene 
in both diseases using weighted gene co-expression network analysis, machine-learning-based Lasso Cox regression 
analysis and random forest analysis. Furthermore, immune cell infiltration analysis of AS data sets and cell portion 
of single-cell RNA sequencing data from AD patients revealed an essential role of inflammation in the co-occurrence 
of AD and AS. Taken together, WIPF3 deficiency and inflammation may simultaneously mediate both AD and AS and 
could be potential targets for the prevention and therapy of these two closely related diseases.
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Introduction
Alzheimer’s disease (AD) is a progressive and irreversible 
neurodegenerative disorder the most prevalent subtype 
of dementia. It is characterized by amyloid-β (Aβ) depo-
sition (also known as neuritic plaques) and intraneuronal 
aggregates of hyperphosphorylated tau (neurofibrillary 

tangles). Approximately 10% of individuals over the age 
of 65 are affected by Alzheimer’s disease (AD), and cur-
rently, there are limited options available to effectively 
manage or improve symptoms [1, 2]. The cause of AD 
is still unknown. Ageing, type-II diabetes, brain trauma, 
and cardiovascular diseases including AS are the major 
risks of AD. A growing amount of evidence suggests that 
vascular aging accompanies or even precedes the devel-
opment of AD pathology [3, 4].

Vascular aging, referring to the age-related vascular 
changes, critically influences the structural and func-
tional integrity of the brain. The neurovascular unit, 
a notion formally raised in 2001, emphasizes the rela-
tionship between neuronal cells and blood vessels, 
and has attracted the attention to the interdependence 
between neurodegenerative diseases and vascular dis-
eases [4]. Vascular aging inside and outside the central 
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nervous system are both more severe in AD. The preva-
lence of vascular pathology, including microinfarcts, 
lacunes, and moderate to severe atherosclerosis (AS), 
especially AS in the circle of Willis, is higher in AD 
patients than in patients with α-synucleinopathy or 
frontotemporal lobar degeneration [5–7]. Clinical stud-
ies also suggested that the incidence of AD increases in 
participants with severe carotid and femoral AS [8]. A 
recent study demonstrated that the widespread sensory 
and sympathetic nerve fibres arising near immune cells 
and media smooth muscle cells (SMCs) in plaque-laden 
regions and suggested that atheromatous plaque can 
induce the sympathetic nerve activation in the brain, 
which, in turn, promotes atheromatous plaque growth 
via increasing sympathetic projections to the artery [9].

AS, can be augmented by vascular aging, is the major 
cause of mortality worldwide [10, 11]. The hallmarks 
of AS are the trans-differentiation of vascular SMC 
(vSMC) occurring beneath the endothelial cells and the 
fibrous plaque formation, induced by the lipid deposi-
tion and calcification, in the subendothelial space of 
arterial. The trans-differentiated vSMC, together with 
the immune cells recruited to lesion from the circula-
tion, promote immune responses. AS in the central 
nervous system and the periphery may cut or reduce 
the supply of oxygen and energy to the brain, leading 
to hypoxia, neuroinflammation, and neuronal death, 
which facilitates AD pathogenesis.

An increasing body of evidence suggests a significant 
overlap between AD and AS etiologies, and their mutu-
ally correlated onset and progression [12, 13]. AD and 
AS share common risk factors, including aging, sex, and 
risk genes [14–19]. Therein, the presence of ApoE ε4 
allele substantially increases the risks of both AD and 
AS, suggesting shared molecular mechanisms underly-
ing these two diseases. Therefore, identifying molecular 
pathways and genes involved in both AD and AS will 
facilitate the elucidation of their pathogenesis and the 
development of preventative or therapeutic methods.

In this study, we sought to find common pathways 
and genes involved in the pathogenesis of AD and AS 
based on the public databases through various bio-
informatics techniques. The result suggested that the 
under expression of gene WIPF3 was correlated with 
both of the two diseases, and this conclusion was con-
firmed with a validation data set. Moreover, we evalu-
ate the role of inflammation in AD and AS via immune 
cell infiltration and cell portion analysis. These find-
ings added new insight into the shared cellular and 
molecular mechanism in the etiologies of AD and AS, 
and may facilitate the development of novel therapeutic 
strategies.

Methods
Data collection and processing
In this study, we utilized the GEOquery package in R 
software to download four data sets from the Gene 
Expression Omnibus (GEO) database (https://​www.​ncbi.​
nlm.​nih.​gov/​geo/), including GSE36980, GSE173955, 
GSE43292, and GSE1009275. Among these, GSE36980 
and GSE173955 were used to for AD, GSE43292 and 
GSE100927 were used for AS. Before starting the analy-
ses, we normalized the gene expression data to remove 
batch effects.

The GSE36980 data set (the training data set) com-
prises a total of 80 samples, with 8 samples derived from 
the hippocampal region of brain tissues of AD patient 
donors, and 10 samples derived from the hippocam-
pal region of brain tissues from non-AD patient donors. 
The gene expression data was collected using the Affy-
metrix Human Gene 1.0 ST platform. The GSE173955 
data set (n = 18) was chosen for external validation, 
including 8 samples from the hippocampal region of 
brain tissues from elderly patients with AD and 10 sam-
ples from the hippocampal region of brain tissues from 
non-elderly patients without AD. This data set was gen-
erated using the Illumina TruSeq stranded mRNA LT 
Sample Prep kit for library preparation and sequenced 
on the HiSeq1500 platform to obtain the transcriptomic 
data. The GSE43292 (training data set) data set contains 
64 samples, including 32 carotid atheroma plaque and 
32 normal tissue adjacent to carotid artery plaques. The 
gene expression data was generated with the Affymetrix 
Human Gene 1.0 ST array. GSE100927 contains 104 
samples, of which 26 atherosclerotic femoral artery tis-
sues and 12 control femoral artery tissues were used for 
validation. The gene expression data for this data set was 
generated using the Agilent SurePrint G3 Human GE v2 
8 × 60K Microarray platform.

Single-cell RNA sequencing data set of AD were also 
obtained from the GEO database (GSE175814) con-
taining 2 of AD and 2 age- and gender-matched con-
trol post-mortem brain samples (anterior hippocampal 
cortex) [20]. All the samples were re-analyzed for result 
validation.

The single-cell data analysis was performed based on 
the raw UMI counts data. Seurat v4.3 was utilized in the 
data preprocessing, including quality control, normaliza-
tion, as well as dimensionality reduction clustering [21]. 
To identify the inter-sample anchors for integration, we 
utilized the FindIntegrationAnchors function of the Seu-
rat to identify the top 2000 consistently and highly vari-
able genes among the samples. Then, we employed the 
IntegrateData function to acquire a combined and cen-
tered expression matrix. Subsequently, data normali-
zation and identification of highly variable genes were 
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performed. We retained barcodes with expression of at 
least 500 genes and no more than 4000 total genes, as 
well as no more than 15% mitochondrial genes. The Nor-
malizeData and FindVariableFeatures functions were 
used to normalize the expression matrix and calculate 
highly variable genes. Subsequently, the ScaleData func-
tion was utilized to standardize the expression matrix.

Cell clustering and cell type determination of single‑cell 
RNA sequencing data
Principal component analysis (PCA) was conducted 
on the preprocessed expression matrix. We utilized the 
top 16 principal components to build the shared nearest 
neighbor (SNN) cell graph, and the FindClusters function 
was then applied to cluster the graph with a resolution of 
0.5. The Uniform Manifold Approximation and Projec-
tion (UMAP) algorithm was utilized to embed the top 16 
principal components onto two dimensions [22]. Marker 
genes for each cluster were calculated using the FindAll-
Markers function based on the Wilcoxon test, with the 
criteria of p value < 0.05. The processed expression matrix 
was then subjected to subsequent analysis to identify cell 
populations.

Clusters were annotated manually. Based on the Cell-
Marker database (http://​bio-​bigda​ta.​hrbmu.​edu.​cn/​
CellM​arker/) and the previous studies, the specific cell 
types were annotated by the expression of canonical 
markers: inhibitor neurons (GAD1, GAD2), excitatory 
neurons (SLC17A7), microglia (TYROBP, CX3CR1), 
astrocytes (AQP4), oligodendrocyte precursor cells 
(PDGFRA, MYT1), fibroblasts (COL1A2), oligodendro-
cytes (OPALIN), endothelial cells (NOSTRIN, CLDN5), 
pericytes (KCNJ8), and peripheral blood mononuclear 
cells (CD3E) for the GSE175814 data sets.

Differential expression analysis of GSE36980 
and GSE43292
For RNA-seq data in GSE36980 and GSE43292, we used 
limma package in R software to identify differentially 
expressed genes (DEGs) between diseased and normal 
samples. A  p value < 0.05 and |log2 (FC)| value > 0 was 
considered significant.

Weighted gene co‑expression network analysis
To further understand the role of genes in the devel-
opment of AD and AS, we performed weighted gene 
co-expression network analysis (WGCNA) with the R 
package WGCNA in R software. WGCNA can be used 
to identify co-expressed genes modules whose expression 
plays a facilitating or inheriting role in the development 
of disease, and the correlation of modules with disease 
characterization was calculated. Before starting the anal-
ysis, the hclust function of the WGCNA package was 

used to cluster samples and remove obvious outliers. The 
pickSoftThreshold function in the WGCNA package was 
performed to determine the optimal soft threshold and 
adjacencies. Then, the adjacency matrix was transformed 
into a topological overlap matrix (TOM). Furthermore, 
based on a minimum module size of 30 genes, dynamic 
tree cut algorithm was used to identify co-expression 
gene modules. We then calculated the relationship 
between the gene modules and disease characteristics via 
gene significance (GS) and module membership (MM) 
and ultimately identified the key modules [23].

Enrichment analyses of both DEGs and genes in the key 
modules
The biological processes, cellular components, and 
molecular functions of both DEGs and the genes in 
the key modules were determined using Gene Ontol-
ogy (GO) analysis. The pathways of both DEGs and the 
genes in the key modules were explored using Kyoto 
Encyclopedia of Genes Genomes (KEGG) and Gene 
Set Enrichment Analysis (GSEA). We used the cluster-
Profiler package in R software to investigate and visual-
ize the enrichment analyses. The false discovery rate 
(FDR) < 0.05 were considered significantly enriched.

Identification and validation of potential shared diagnostic 
biomarkers in AD and AS
To further narrow down the range of potential candidate 
genes, the UpSetR packages in R software was used to 
visualize the intersection of DEGs obtained from the GSE 
data sets and key gene modules identified by WGCNA. 
Least absolute shrinkage and selection operator (Lasso) 
Cox regression analysis and random forest analysis were 
used to further screen the core markers from above inter-
section of DEGs and modules gene. Boxplot was utilized 
to reveal the relationship between the core gene expres-
sion levels and disease characteristics in the training 
and validation data sets. Receiver operating characteris-
tic (ROC) curves were used to evaluate and validate the 
pathogenic value of core gene.

Cell culture and treatment
Mouse vascular smooth muscle cell line MOVAS-1 
was purchased from American Tissue Culture Collec-
tion (ATCC) and was cultured in DMEM with 10% fetal 
bovine serum. Cells were maintained at 37 °C (5% CO2). 
2 μM Aβ were added to the wells of 6-well plates.

Real‑time PCR
Total RNA was extracted from MOVAS-1 using the Fast-
Pure Cell/Tissue Total RNA Isolation Kit V2 (RC112, 
Vazyme, Nanjing, China). The complementary DNA tem-
plate was transcribed using HiScript III 1st Strand cDNA 
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Synthesis Kit (RC312, Vazyme, Nanjing, China). Real-time 
(RT)-PCR was performed using ChamQ SYBR qPCR Mas-
ter Mix (Q311, Vazyme, Nanjing, China) in a LightCycler 
480, and the data was analyzed using LightCycler 480 Soft-
ware. The relative mRNA expression of the target gene was 
determined according to the formula of 2 − ΔΔCt. Prim-
ers for qPCR were presented as following: WIPF3 for-
ward: 5′-CAC​GTT​CCA​CTC​CAT​GGA​AGAC-3′, reverse: 
5′-GAG​TAC​AGT​AGA​GTC​TCG​AGG-3′; GAPDH for-
ward: 5′-AGG​TCA​TCC​CAG​AGC​TGA​ACG-3′; reverse: 
5′-CAC​CCT​GTT​GCT​GTA​GCC​GTAT-3′.

Immune cell infiltration analysis
R package IOBR [24] was used to confirm the relation-
ship between the infiltration levels of various immune cells 
and disease characteristics in GSE36980 and GSE43292, 
respectively. 22 types of immune cells are included in this 
infiltration analysis: naïve B cells, memory B cells, plasma 
cells, CD8+ T cells, naïve CD4+ T cells, resting memory 
CD4+ T cells, activated memory CD4+ T cells, T follicular 
helper cells (Tfhs), regulatory T cells (Tregs), and gamma 
delta T (Tgd) cells, resting natural killer (NK) cells, acti-
vated NK cells, monocytes, macrophages (M0–M2), rest-
ing dendritic cells, activated dendritic cells, resting mast 
cells, activated mast cells, eosinophils, and neutrophils. All 
statistical p values were two-sided, and for single-cell and 
bulk RNA-seq differential gene selection, a p value < 0.05 or 
an adj. p value < 0.05 was considered statistically significant. 
For other statistical tests, the p value or adj. p value criteria 
were as described in the text.

Statistical analysis
In the study, all statistical analyses were performed using 
R software (version 4.2.3). Wilcoxon test was used to com-
pare the differences in the gene expression and levels of 
immune cell infiltration between two groups, whereas one-
way analysis of variance (ANOVA) was used to test the dif-
ferences among the three groups. The correlation analyses 
were performed using Spearman’s correlation analysis. 
Lasso Cox regression analysis and random forest were used 
to identify core gene. The area under the ROC curve (AUC) 
was also employed to assess the diagnostic efficiency of 
core gene. All statistical p values were two-sided, and a p 
value < 0.05 or an adj. p value < 0.05 was considered statisti-
cally significant. Single, double, triple asterisks refer to 0.05, 
0.01, 0.001 level, respectively.

Results
Identification and functional enrichment of DEGs 
both in the GSE36980 and GSE43292
The flow diagram of this study is shown in Fig.  1. 
To investigate whether shared mechanisms exist or 
not between AD and AS, we first applied differential 

expression analysis on AD data set GSE36980 and AS 
data set GSE43292. According to the thresholds men-
tioned in the methods section, there were a total of 4149 
DEGs in the GSE36980, including 1164 up-regulated 
genes and 2985 down-regulated genes. In GSE43292 data 
set, 7597DEGs were obtained, of which 3456 genes were 
up-regulated and 4141 genes were down-regulated. The 
heatmap and volcano plots of DEGs in two data sets are 
shown in Fig. 2A–D.

Functional enrichment analyses were also conducted 
on the DEGs of both data sets. For GSE36980, GO 
enrichment analysis showed that DEGs were involved in 
biological processes, such as the modulation of chemical 
synaptic transmission, the regulation of trans-synaptic 
signaling, the vesicle-mediated transport in synapse, 
neurotransmitter transport and synaptic vesicle cycle 
(Fig.  3A). As shown in the KEGG analysis, DEGs were 
enriched in neurodegeneration, Synaptic vesicle cycle 
and Alzheimer disease (Fig. 3B). GSEA results suggested 
that DEGs were involved in synaptic signaling, synap-
tic vesicle exocytosis, and postsynaptic specialization 
membrane (Fig.  3C). GO enrichment analysis revealed 
that DEGs in the GSE43292 were associated with bio-
logical process, such as positive regulation of cell adhe-
sion, myeloid leukocyte activation, regulation of T cell 
activation and mononuclear cell differentiation (Fig. 3D). 
KEGG enrichment analysis showed that these DEGs 
were enriched in pathways, such as regulation of actin 
cytoskeleton and chemokine signaling pathway (Fig. 3E). 
GSEA results indicated that immune response plays a 
role in the development of atherosclerosis (Fig. 3F).

WGCNA and functional enrichment of module gene
To identify key modules in both AD and AS, we fur-
ther conducted WGCNA on data sets GSE36980 and 
GSE43292. WGCNA was performed to identify module 
of genes with altered expressions associated with these 
two diseases, and the key module was selected accord-
ing to the correlation of gene modules with diseases. We 
used the Pearson’s correlation coefficient to cluster the 
samples in the GSE36980 and GSE43292. After remov-
ing outliers, sample clustering trees of both GSE36980 
and GSE43292 are plotted in Fig. 4A, B. A soft threshold 
power of β = 6 was determined for the AD model, and 
the soft threshold power in the AS modeling was set as 
12 (Fig. 4C, D). After merging similar gene modules, 18 
modules were identified in the AD model set (Fig.  4E) 
and 22 modules in the AS model set (Fig. 4F). We calcu-
lated the correlation between each module and disease 
characteristics. The correlations between the disease 
severity and the modules are shown in Fig.  4E, F. The 
darkturquoise module showed maximum positive asso-
ciation with AD occurrence (r = 0.54, p = 0.03), and the 
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brown4 module had maximum negative association with 
AD occurrence (r = − 0.73, p = 0.001) (Fig. 4E). In the AS 
modeling set, the black module had the greatest positive 
correlation with the occurrence of AS (r = 0.59, p = 3e−7) 
and the brown module had the greatest negative corre-
lation with the occurrence of AS (r = − 0.52, p = 1e−05) 
(Fig. 4F).

In addition, genes included in individual modules 
were assessed for functional enrichment according 
to GO and KEGG. Functional and pathways enrich-
ment of the darkturquoise module genes were mainly 
annotated to keratinocyte differentiation, skin develop-
ment, epidermal cell differentiation, protein digestion 
and absorption, linoleic acid metabolism, cytokine–
cytokine receptor interaction, primary immunodefi-
ciency, and vascular smooth muscle contraction. The 
brown4 module genes were mainly involved in cellular 
respiration, aerobic respiration, ATP metabolic process, 

ATP synthesis coupled electron transport, neurodegen-
eration, ubiquinone and other terpenoid–quinone bio-
synthesis and Alzheimer disease (Supplemental Fig. 1). 
The black module genes were mainly involved in posi-
tive regulation of cytokine production, negative regula-
tion of immune system, immune response, regulation 
of T cell activity, leukocyte proliferation, cell receptor 
signaling pathway, T cell receptor signaling pathway, 
Th17 cell differentiation, chemokine signaling pathway 
as well as Th1 and Th2 cell differentiation.

The brown module genes were mainly associated with 
the regulation of cell-matrix adhesion, negative regu-
lation of cell junction, the regulation of cell-substrate 
adhesion, actin filament-based movement, cell junc-
tion assembly, the regulation of focal adhesion assem-
bly, the regulation of cell-substrate junction assembly, 
TGF-beta signaling pathway, Wnt signaling pathway, 

Fig. 1  Flow chart showing the scheme of this study
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p53 signaling pathway and cytokine–cytokine receptor 
interaction (Supplemental Fig. 2).

WIPF3 was identified as a common pathogenic molecular 
for AD and AS
As shown in Fig.  5A, a total of 123 genes were poten-
tially associated with both of AD and AS, including 112 
positively correlated genes and 11 negatively correlated 
genes. To further identify core pathogenic molecular, 
these 123 genes were subjected to the Lasso Cox regres-
sion and random forest analysis (Fig.  5B–E). In the 123 
genes, three including TTPAL, WIPF3, and EGFLAM 
were identified in GSE36980 as being possibly patho-
genic, and five (WIPF3, RIMS1, C8orf48, HSPA4, and 
DOK6) were identified in GSE43292 to be possibly path-
ogenic (Table  1). Finally, we confirmed that the altered 
expression of WIPF3 was common for the pathogenesis 
of both AS and AD.

Furthermore, we performed ROC analysis to esti-
mate the pathogenic efficiency of WIPF3 for AD and 

AS. In GSE36980, and the result showed that the AUC 
was 0.900 (Fig.  6A) and in GSE43292, AUC was 0.796 
(Fig.  6A). GSE173955 and GSE100927, as two external 
data sets obtained from GEO database, were used to 
verify the relationship between AD or AS identification 
and mRNA levels of WIPF3. We found that the AUC was 
0.899 based on GSE173955 (Fig. 6B). In GSE100927, the 
AUC was 0.889 (Fig. 6B). In addition, we plotted Boxplot 
to investigate the relationship between WIPF3 expression 
and disease characteristics in AD and AS. The expression 
of WIPF3 was significantly down-regulated in samples 
of AD and AS based on the training and validation data 
sets (Fig. 6C, D). To further confirm the role of WIPF3 in 
AD and AS, we treated the MOVAS-1 with Aβ overnight 
and detected their mRNA level of WIPF3 using RT-PCR. 
Results in Fig.  6E showed that WIPF3 was significantly 
down-regulated in Aβ-treated MOVAS-1 as compared 
with the untreated cells (p < 0.05). These results indicate 
that WIPF3 may potentially play a role in the shared 
pathogenesis of AD and AS.

Fig. 2  Identification of DEGs in the GSE36980 and GSE43292. A Volcano plots of DEGs in the GSE36980. B Heatmap plots of DEGs in the GSE36980. 
C Volcano plots of DEGs in the GSE43292. D Heatmap plots of DEGs in the GSE43292
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Immune cell infiltration both in AD and AS
The afore-mentioned results suggest that inflamma-
tion is implicated in AS and AD. To confirm whether 

immunity could affect disease progression of these 
two diseases, we analyzed the infiltrating levels of 22 
immune cell types between diseased and non-diseased 

Fig. 3  Functional enrichment analysis of DEGs in the GSE36980 and GSE43292. A GO analysis of DEGs in the GSE36980. B KEGG analysis of DEGs 
in the GSE36980. C GSEA analysis of DEGs in the GSE36980. D GO analysis of DEGs in the GSE43292. E KEGG analysis of DEGs in the GSE43292. F 
GSEA analysis of DEGs in the GSE43292
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samples. These infiltrating immune cells types included 
those related to adaptive immunity, such as naïve B 
cells, memory B cells, plasma cells, CD8+ T cells, naïve 
CD4+ T cells, resting memory CD4+ T cells, activated 

memory CD4+ T cells, T follicular helper cells (Tfhs), 
regulatory T cells (Tregs), and gamma delta T (Tgd) 
cells, and those related to innate immunity including 
resting natural killer (NK) cells, activated NK cells, 

Fig. 4  WGCNA was performed for the GSE36980 and GSE43292. A Clustering dendrogram of 16 samples after removing outlier in the GSE36980. 
B Clustering dendrogram of 63 samples after removing outlier in the GSE43292. C Determination of soft-threshold power in the WGCNA 
for the GSE36980. D Determination of soft-threshold power in the WGCNA for the GSE43292. E Heatmap showing correlation between modules 
and disease characteristics for the GSE36980. F Heatmap showing correlation between modules and disease characteristics for the GSE43292
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monocytes, macrophages (M0–M2), resting dendritic 
cells, activated dendritic cells, resting mast cells, acti-
vated mast cells, eosinophils, and neutrophils. The 
infiltration portion of 22 immune cell types in sam-
ples from AD and AS training data sets are shown in 
Fig. 7A, B. However, we did not observe significant dif-
ference of immune cell infiltration between samples 

with and without AD (Fig.  7C). Whereas, for sam-
ples with and without AS, significant differences were 
observed in various infiltrated immune cells, such as 
naive B cells, memory B cells, CD8+ T cells, activated 
memory CD4+ T cells, regulatory T cells, activated NK 
cells, monocytes, M0 macrophages, activated dendritic 
cells and neutrophils (Fig. 7D).

Fig. 5  Identification of core diagnostic biomarker based on intersection genes among different genes lists. A UpSet diagram shows that a total 
of 123 genes potentially involved in pathogenesis of AD and AS. B Lasso Cox regression analysis was conducted to screen candidate biomarkers 
based on 123 genes in GSE43292. C Random forest analysis was conducted to screen top 25 candidate biomarkers based on 123 genes 
in GSE43292. D Lasso Cox regression analysis was conducted to screen candidate biomarkers based on 123 genes in GSE36980. E Random forest 
analysis was conducted to screen top 25 candidate biomarkers based on 123 genes in GSE36980
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To further evaluate the effects of immune responses 
in AD, we applied single-cell data GSE175814 to further 
detect the immune cell infiltration in the brain. We per-
formed dimensionality reduction after data processing. 
Subsequently, using principal component analysis and 
UMAP analysis, the cells were partitioned into 23 clus-
ters (Fig.  8A). Based on canonical markers for specific 
cell types, cells within these 23 clusters were further clas-
sified into nine main clusters: inhibitory neurons, excita-
tory neurons, microglia, astrocytes, oligodendrocyte 
precursor cells, oligodendrocytes, endothelial cells, peri-
cytes, and peripheral blood mononuclear cells (Fig.  8B, 
C). Then, we analyzed the portion of different cells in 
hippocampus between AD and non-AD controls. The 
results demonstrated that the portion of microglia and 
astrocytes were higher in AD patients than those in non-
AD controls (Fig. 8D).

Discussion
AD and AS are two different pathological conditions but 
are interconnected in many aspects. They share some risk 
factors and overlapping pathophysiological mechanisms. 
Both diseases are associated with aging, APOE ε4, high 
cholesterol levels, high blood pressure, obesity, smoking 
and other risk factors [25, 26]. These factors contribute 
to the inflammatory response, oxidative stress, ER stress, 
vascular pathologies, and endothelial dysfunction which 
are common for both AD and AS. Studies have also sug-
gested that cerebral AS may increase the risk of AD, and 

AS-induced reduction in blood flow to the brain may 
impair the pathological Aβ clearance, leading to Aβ accu-
mulation, Aβ plaque formation, and subsequent neu-
rodegeneration [27]. Nevertheless, the exact molecular 
mechanisms linking AD and AS are largely unknown. 
Hence, this study aims to uncover the shared mecha-
nisms responsible for the development of both AD and 
AS.

Here, we applied several bioinformatic methods to 
evaluate the differences and similarities between AD and 
AS at the level of gene expressions. First, we compared 
the transcription profiles of AD and AS, the DEGs and 
the functional enrichment analysis suggested that the 
causes of AD and AS seems incompatible. To further 
confirm the association between AD and AS, WGCNA 
was performed to identify the key modules between AD 
and AS. Next, we employed two machine-learning algo-
rithms, Lasso Cox regression analysis and random for-
est analysis, to ascertain the most significant pathogenic 
impact of shared genes in AD and AS. As a result, we pin-
pointed out one gene, WIPF3, with notable pathogenic 
impact. Finally, as the aforementioned analysis points to 
the role of inflammation in both AD and AS, we explore 
the immune cell infiltration of AD and AS, the results 
confirmed the importance of inflammatory response in 
both diseases.

Through WGCNA, we screened out several relevant 
modules in AD and AS. It is not feasible to study the 
roles of all genes identified in the most relevant modules, 

Table 1  Candidate pathogenic genes associated with AD and AS identified in datasets GSE36980 and GSE43292

AD_LassoRegression AD_%IncMSE AD_IncNodePurity
TTPAL TTPAL GHR
WIPF3 GHR TTPAL
KCNS3 PID1 PID1
GOLIM4 SH3BP5 SH3BP5
SDAD1 PREP EGFLAM
TMEM255B KCNS3 KCNS3
NAP1L1 STIL TERF1
EGFLAM ZFP64 PREP

TERF1 MYL12B
MYL12B ZFP64
TRIM36 BEND5
ST6GALNAC5 UTP14A
MET WIPF3
WIPF3 EIPR1
FIP1L1 MET
EIPR1 STIL
GOLIM4 TRIM36
POPDC3 POPDC3
UTP14A ST6GALNAC5
EGFLAM FIP1L1
ACTR10 GOLIM4
TMEM255B ISG20
PRICKLE2 HRH1
BEND5 ZCWPW2
SDAD1 DYNC1I1

AS_LassoRegression AS_%IncMSE AS_IncNodePurity
WIPF3 C8orf48 RIMS1
RIMS1 RIMS1 C8orf48
C8orf48 BEND5 BEND5
DNAJC11 DOK6 DOK6
LIPC OCIAD2 OCIAD2
ACTR10 WIPF3 WIPF3
METTL1 HSPA4 PID1
HSPA4 EGFLAM TRIM36
DOK6 PID1 GRB14

HDX ACTR10
CLIC2 PIP4K2C
TRIM36 DNAJC11
SLC16A5 HSPA4
TTPAL PPP2R2B
PPP2R2B ATP5F1B
ACTR10 TMEM255B
PDIA6 KCNAB1
TM9SF4 HDX
PCDHB2 CLIC2
KCNAB1 PARP6
DDX41 SLC16A5
HEATR3 EGFLAM
HRH1 POGLUT1
PARP6 ATP6V0D2
PIP4K2C MORC2
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screening out one or several most relevant gene(s) for 
AD and AS is necessary. Currently, machine learning has 
emerged as a pivotal technique for pinpointing essential 
genes, which are implicated in the discovery of therapeu-
tic targets and diagnostic biomarkers. Simultaneously, 
machine learning is recognized as a significant comple-
mentary method for minimizing the resources needed 

for necessary measurement. Therefore, we applied two 
machine-learning algorithms, Lasso Cox regression anal-
ysis and random forest analysis, and the intersection of 
genes identified by these two algorithms was also per-
formed. Fortunately, we ultimately screened out a gene, 
namely, WIPF3 (Wiskott–Aldrich Syndrome Protein 
Family Member 3). WIPF3 (also known as CR16) belongs 

Fig. 6  Diagnostic value of WIPF3 and its differential expression between diseased and normal samples for AD and AS. A ROC curve evaluating 
the WIPF3 diagnostic value in GSE36980 and GSE43292. B ROC curve evaluating the WIPF3 diagnostic value in GSE173955 and GSE100927. 
C Boxplot showing the differential expression levels between diseased and normal samples in GSE36980 and GSE43292. D Boxplot showing 
the differential expression levels between diseased and normal samples in GSE173955 and GSE100927
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to the verprolin family, an actin-binding protein family. 
CR16 can express in brain and serve as a substrate for 
MAP kinase [28]. This study suggests that WIPF3 plays 

a potential role in mediating signaling pathways in the 
brain. In addition, in the bovine brain, CR16 is also found 
tightly associated with native N-WASP in a complex [29]. 

Fig. 7  Infiltration differences in 22 types of immune cells between diseased and normal samples in AD and AS. A Infiltration portion of 22 immune 
cell types in samples from AD and non-AD samples. B Infiltration portion of 22 immune cell types in samples from AS and non-AS samples. 
C Infiltration differences in 22 types of immune cells between AD and non-AD samples. D Infiltration differences in 22 types of immune cells 
between AS and non-AS samples
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The N-WASP/WIPF3 complexes can trigger the activa-
tion of the Arp2/3 complex, leading to actin polymeri-
zation [29]. Dysfunctions in actin-binding proteins and 
impairments in actin polymerization increased the risk of 
AS [30–34]. Moreover, a postmortem study of abdomi-
nal aortic aneurysm reported that a non-synonymous 
variant in the WIPF3 gene was involved in the aortic 
disorders [35]. These studies suggest that WIPF3 is vital 
in vascular functions. As Aβ might be the mediator of 
vascular dysfunction in AD [36], to further confirm the 
role of WIPF3 in AD and AS, we applied Aβ to treat the 
mouse vascular smooth muscle cell line MOVAS-1. The 
decrease of WIPF3 levels in Aβ-treated MOVAS-1 cells 
indicated that WIPF3 is vital in the shared mechanism of 
AD and AS. In conclusion, these results strongly suggest 
that WIPF3 may play crucial roles in the pathogenesis of 
both AD and AS, and may serve as a potential mediator 
or mechanistic bridge in commonality between AD and 
AS. Moreover, enrichment analysis of key genes in AD 
and AS also revealed their relationship with the changes 
in vascular functions. It has been well-documented that 

the risk factors of vascular diseases also increase the inci-
dence of AD, and cerebral amyloid angiopathy is of high 
prevalence in AD [37, 38]. These findings suggest that 
vascular dysfunction is vital in mediating the common 
pathogenesis of AD and AS.

WIPF3 is a promising target for understanding the 
pathogenesis of Alzheimer’s disease (AD) and athero-
sclerosis (AS). Its role in these diseases may involve sev-
eral key mechanisms, including cytoskeletal dynamics, 
immune regulation, and intercellular interactions. In AD, 
WIPF3 may influence disease progression by modulat-
ing cytoskeletal dynamics and immune responses. Stud-
ies have shown that WIPF3 expression remains stable in 
glomerular diseases but can change under certain patho-
logical conditions [39]. This suggests that WIPF3 plays a 
crucial role in maintaining cell structure and function. In 
addition, the interaction between neurons and glial cells 
is critical in AD’s pathological process [40], and WIPF3 
may affect the signaling and function of these cells, con-
tributing to the disease’s progression. In AS, WIPF3’s role 
is significant in the dynamic changes of the cytoskeleton 

Fig. 8  Cell portion in 9 types of brain cells between AD and non-AD samples. A UMAP plot of cells from GSE175814, color-coded by cluster ID. 
B Dot plot expression of cell markers in 23 clusters. C UMAP plot of cells from GSE175814, color-coded by cell types. D Portion of cells from AD 
and non-AD samples in GSE175814
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and the regulation of immune responses, which are cru-
cial factors in disease progression. AS involves multiple 
factors, including lipid metabolism disorders, production 
of oxygen free radicals, and infiltration of inflammatory 
cells [41]. WIPF3 may exert its effects by influencing cer-
tain aspects of these processes, such as modulating cell 
motility and inflammatory responses. Furthermore, AS’s 
pathological mechanisms also include endothelial cell 
dysfunction, smooth muscle cell proliferation, and migra-
tion [42]. WIPF3 may participate in the development and 
progression of AS by influencing the behavior of these 
cells. Studies have shown that AS is closely related to the 
expression and regulation of various inflammatory fac-
tors [43], and WIPF3 may play a role in regulating these 
factors. In summary, WIPF3’s involvement in AD and AS 
may encompass multiple aspects, such as cytoskeletal 
dynamics, immune regulation, and intercellular interac-
tions. Future research should focus on exploring the spe-
cific mechanisms of WIPF3 in these diseases to provide 
new ideas and strategies for treating related conditions.

Extensive research has consistently shown a strong 
connection between immune responses and the develop-
ment of AD and AS [44–46]. They further suggest that 
the immune system holds promise as both a potential 
diagnostic indicator and a therapeutic target in manag-
ing AD and AS. Our WGCNA and subsequent GO and 
KEGG analysis also showed that both AD and AS key 
genes were related to immune responses. We proceeded 
to conduct immune cell infiltration analysis on both AD 
and AS data sets. The analysis revealed a significant dif-
ference in AS, but not in AD. The result showed that 
both the innate immune system and adaptive immune 
system were activated in AS. Consistent with previously 
reported, AS is classified as a chronic inflammatory vas-
cular condition, and involves both innate and adaptive 
immune responses [47]. Anti-inflammatory interventions 
alongside the statin therapy yielded greater benefits com-
pared to other adjunctive therapies in AS [48]. However, 
none of these cells were found to change in AD samples. 
This may be attributed to fact that the 22 immune cell 
types analyzed in immune cell infiltration analysis applies 
are predominantly abundant in the peripheral immune 
system. In the central nervous system, they may be unde-
tectable by current methods due to their low abundances. 
Neuroinflammation has been considered important 
in AD for long. In addition, glial cells are considered to 
be the inflammatory cells in the central nervous system 
[49–51]. Hence, we conducted an analysis to assess the 
proportion of glial cells in AD based on single-cell RNA 
sequencing data. It revealed an increased portion of 
microglia and astrocytes in AD. Increased number or 
proliferation of microglia and astrocytes may suggest the 
occurrence of neuroinflammation in AD. These results 

confirm that inflammation plays a significant role in 
both AD and AS. However, the association between the 
inflammation in AD and in AS, even in the peripheral 
system and in central nervous system, still requires fur-
ther investigation. Altogether, research focusing on the 
immune responses and mechanisms underlying the vas-
cular dysfunction is worth considering.

Taken together, our analysis of shared mechanisms in 
AD and AS based on several bioinformatic methods has 
revealed two potential associations between AD and AS. 
Coupling WGCNA with machine learning-based Lasso 
Cox regression and random forest analysis has uncovered 
that WIPF3 has the potential to mediate the commonal-
ity between AD and AS. In addition, enrichment analysis 
and immune cell infiltration analysis have revealed the 
significance of inflammation in both AD and AS.

However, like many bioinformatics studies, our work 
also has several limitations. First, we acknowledge the 
challenges associated with integrating data from different 
disease models. Different disease models may have inher-
ent differences in biological characteristics, experimental 
conditions, and sample sources, which may introduce 
biases and affect the accuracy and generalizability of our 
results. Second, our initial approach involved analyzing 
AD and AS separately and identifying overlapping mech-
anisms post hoc, rather than modeling them together 
in a unified framework. A more integrated modeling 
approach could provide a deeper understanding of shared 
pathophysiological processes. By separating the analy-
ses, we may have overlooked some subtle but important 
interactions between the two diseases that could only be 
captured in a unified model. Third, the data sets of AD 
and AS come from different human tissues. While we 
have made efforts to analyze the data from each data set 
independently, the influence of tissue specificity on gene 
expression cannot be ignored. Gene expression patterns 
can vary significantly between different tissues, and this 
tissue-specific variability may mask or exaggerate the 
shared mechanisms we are trying to identify. Fourth, 
the experiments on the role of WIPF3 are relatively sim-
ple. More comprehensive experimental validations are 
needed to fully understand its role in the context of AD 
and AS. Although we have identified WIPF3 as a poten-
tial mediator, further investigation is required to deter-
mine its exact function, regulatory mechanisms, and 
interactions with other molecules.

Going forward, we can conduct biological experiments 
to confirm the specific role of WIPF3 or inflammation in 
the mechanisms of AD and AS. Furthermore, exploring 
the relationship between WIPF3 and inflammation may 
also provide new insights into the common mechanisms 
of AD and AS. These will facilitate the exploration of 
potential therapeutic targets that can be manipulated for 
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both AD and AS. We are also committed to addressing 
these limitations in future research to further improve 
our understanding of AD and AS and contribute to the 
development of more effective treatments.

Conclusions
This study provided a new perspective on understanding 
the shared mechanisms in AD and AS. Furthermore, we 
revealed a specific marker, WIPF3, has great potential to 
mediate the commonality between AD and AS.
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