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Abstract

Background: Alzheimer’s disease (AD) is the most common neurodegenerative disease affecting the elderly, with its diagnosis at early
stages crucial for effective intervention. Recent evidence increasingly supports the role of epigenetic alterations in AD pathogenesis,
highlighting the need for innovative biomarkers that reflect these changes. This study aimed to characterize the genome-wide DNA
methylation profiles of cell-free DNA in peripheral blood for potential biomarkers associated with AD.Methods: The Illumina Infinium
array was utilized to detect the methylation patterns of circulating cell-free DNA from AD patients and healthy controls. The R Bio-
conductor Linear Models for Microarray Data (LIMMA) package was employed to identify methylation variable positions (MVPs), and
Probe Lasso was used to pinpoint differentially methylated regions (DMRs) linked to AD. Bioinformatics enrichment analysis of the
annotated genes was performed using EnrichR. A second cohort was recruited to validate the methylation changes at the C-terminal
binding protein1 (CTBP1) promoter cytosine-phosphate-guanine (CpG) sites via pyrosequencing. Additionally, microarray data from
the Gene Expression Omnibus (GEO) database were analyzed to further validate gene expression and immune infiltration. Results: A
unique DNA methylation landscape in peripheral blood was characterized for AD patients and 4335 MVPs showed significant differen-
tial methylation (p< 0.01). Functional annotation and pathway enrichment analysis underscored processes and pathways inherent in the
nervous system. Probe Lasso identified 68 DMRs annotated to 10 genes, with hypermethylation of CpG islands in the CTBP1 TSS1500
promoter showing significant differences when AD and controls were compared (p < 0.01), with an area under the receiver operating
characteristic (ROC) curve (AUC) of 0.779. Analysis of immune cell infiltration revealed CTBP1 expression is significantly correlated
with altered distribution of immune cells (p < 0.001), underscoring its potential role in modulating immune responses in AD. More-
over, CTBP1 expression levels significantly varied across multiple GEO datasets. Conclusions: AD displays distinct DNA methylation
patterns in peripheral blood and CTBP1 promoter hypermethylation represents a promising potential biomarker for AD diagnosis.
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1. Introduction
Alzheimer’s disease (AD) is the most common aging-

associated neurodegenerative disorder with symptoms in-
cluding progressive cognitive impairment and memory
loss. Histopathologically, AD is characterized by extracel-
lular senile plaques (deposition of beta-amyloid peptides),
presence of intracellular neurofibrillary tangles (comprised
of hyperphosphorylated tau protein) and neuron loss in the
brain [1]. The pathogenesis of AD is complex and involves
multiple genetic, epigenetic and environmental factors. AD
is clinically diagnosed via biological assays and neuroimag-
ing, such as measurements of beta-amyloid and tau levels
in the cerebrospinal fluid [2], structural magnetic resonance
imaging [3], and amyloid positron-emission tomography
[4]. Given that peripheral blood biomarkers are much less
invasive and more convenient in clinical practice, increased
effort has focused on the analysis of amyloid β [5] and tau

[6,7] in the blood, especially on the identification of novel
biomarker candidates, such as miRNAs in the circulating
small extracellular vesicles [8], as there are still various lim-
itations associated with the existing biomarkers for the di-
agnosis of AD [9].

Epigenetics describes the heritable chemical modi-
fications of DNA and histones that lead to altered gene
expression without changes in DNA sequence, including
histone modification, DNA methylation, and non-coding
RNA [10]. DNA methylation is one of the most impor-
tant epigenetic modifications that regulate gene expression
in response to environmental agents and lifestyle factors.
The methylation of cytosine residues at specific cytosine-
phosphate-guanine (CpG) dinucleotide sites is one of the
best currently described epigenetic mechanisms. As crit-
ical epigenetic modification of the human genome, DNA
methylation represents a crucial manner for the regulation
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of many cellular processes, including gene regulation, X
chromosome inactivation, genomic imprinting, and chro-
matin structure, stability and transcription [11]. Aberrant
DNA methylation is implicated in the pathogenesis of nu-
merous human diseases, including developmental diseases,
cancer and neurological disorders [12]. A growing number
of studies delineate the potential mechanisms of particular
action for DNA methylation linked to the pathophysiology
of AD [13–15].

High levels of gene methylation are usually associated
with transcriptional silencing. Sanchez-Mut et al. [16] re-
ported that dual specificity phosphatase 22 (DUSP22) ex-
pression, which was associated with tau pathology, was re-
duced because of promoter hypermethylation in hippocam-
pus from AD patients. Alternatively, presenilin 1 (PSEN1)
gene hypomethylation in promoter, both at CpG and non-
CpG sites, was considered to be significantly associated
with higher expression of PSEN1 in AD. Furthermore,
PSEN1 methylation in blood DNA was significantly lower
in AD patients than in controls [17], suggesting that DNA
methylation profiling in peripheral blood contributes to dis-
covery of potential biomarkers for AD. Recently, increased
research has focused on shaping the DNAmethylation land-
scape of AD for noninvasive biomarkers [18–20]. It has
been demonstrated that peptidylprolyl cis/trans isomerase,
NIMA-interacting 1 (PIN1) promoter methylation level is
associated with AD risk in a southern Chinese population
[21]. While a recent work has developed a targeted se-
quencing protocol to detect the methylated circulating cell-
free DNA in the plasma of AD patients that has identi-
fied differentially methylated CpG of the LIM homeobox 2
(LHX2) gene as a candidate noninvasive biomarker in AD
diagnosis [22].

The C-terminal binding protein1 (CTBP1) gene is lo-
cated on chromosome 4p, and its protein products include
CtBP1-L (440 aa) and CtBP1-S (429 aa) with molecular
weights of approximately 55 and 50 kDa. CTBP1 is a
transcriptional co-repressor that has a critical role in reg-
ulating gene expression in the nucleus [23]. It interacts
with various transcription factors and co-regulators, such
as retinoblastoma protein through the adaptor protein CtIP
[24], E2F transcription factor 4 [25], and histone deacety-
lases [26]. CTBP1 is primarily localized in the nucleus but
also shuttles between the nucleus and cytoplasm, undertak-
ing diverse regulatory functions in cellular physiological
processes. This dynamic localization is facilitated by its
post-synaptic density-95, disks-large and zonula occludens-
1 (PDZ)-binding domain at the N-terminal region, which
mediates interactions with partners such as neuronal nitric
oxide synthase, enabling CTBP1 to perform distinct cy-
toplasmic functions when associated with such enzymes
[27,28]. Thus it is involved in various biological processes,
such as cell proliferation [29], differentiation [30] and apop-
tosis [31]. Notably, in vitro downregulation of CTBP1
led to cell apoptosis of cerebellar granule neurons (CGNs),

implying a key role in the nervous system [32]. Muta-
tions in the CTBP1 gene have been associated with some
pathogenic phenotypes, including intellectual disability and
hypotonia, ataxia, developmental delay, and tooth enamel
defect syndrome (HADDTS), characterized by hypotonia,
ataxia, developmental delay and tooth enamel defects [33].
A developmental study using a mouse model has shown a
critical involvement for CTBP1 in neurodevelopment, with
region-specific expressions in the central nervous system,
notably in Purkinje cells and the developing hippocampus,
indicating its essential roles from embryonic stages through
to adulthood [34]. These data implied the critical roles for
CTBP1 during vertebrate neurodevelopment.

In this study, the epigenetic mechanisms implicated
in AD were investigated by profiling DNA methylation in
circulating cell-free DNA from peripheral blood. The fo-
cus was on identifying methylation variations and their po-
tential association with AD, particularly the potential util-
ity as diagnostic biomarker. Gene expression data from
the GEO database were analyzed to observe variations in
the expression of these genes in AD-affected brain regions.
Our findings suggest that AD is characterized by unique
DNAmethylation patterns in peripheral blood, withCTBP1
promoter hypermethylation showing promise as a potential
biomarker for early AD diagnosis.

2. Materials and Methods
2.1 Study Population

A total of four AD patients (2 females, 2 males, mean
age 78.5 ± 6.8) and four age-matched healthy controls
(HC, 2 females, 2 males, mean age 71.8 ± 12.9) were
included in the screening experiment. DNA methylation
profiling applied the Infinium MethylationEPIC BeadChip
850K (15070022/WG-317-1002, Illumina, San Diego, CA,
USA) on these 8 participants. Samples from 17 AD pa-
tients (8 females, 9 males, mean age 74.3 ± 7.9) and 17
age- and gender-matched HC (7 females, 10 males, mean
age 76.1 ± 8.0) were included in the validation experiment
between October 2019 and December 2022. Although the
sex distribution between AD and HC in the validation study
was not perfectly matched, our main goal was to ensure that
both groups werematched on age, considering age is a well-
recognized confounding factor in AD research. AD was di-
agnosed based on recommendations from the National In-
stitute onAging-Alzheimer’s Association workgroups [35].
HCs were contemporary outpatients for physical examina-
tion. Exclusion criteria include medical history of malig-
nant tumors, cerebrovascular diseases including ischemic
or hemorrhagic stroke, severe metabolic diseases, and se-
vere liver or kidney dysfunction. These subjects were from
Shanghai Jinshan Zhongren Aged Care Hospital between
October 2019 and December 2022. The research protocol
complied with the World Medical Association Declaration
of Helsinki regarding ethical conduct of research involving
human subjects.
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2.2 DNA Isolation
Peripheral blood samples from all participants were

drawn after fasting for at least 12 h. A total of 10 mL of
whole blood was collected in EDTA tubes (Becton Dick-
inson, Franklin Lakes, NJ, USA). Genomic DNA was ex-
tracted from the blood samples using QIAamp DNA Mini
Kit (# 51304, Qiagen, Germantown, MD, USA) according
to the manufacturer’s instructions. The extracted DNA was
aliquoted and stored at –80 °C until used.

2.3 DNA Methylation Profiling and Data Analysis
Genomic DNA samples were bisulfite-converted by

EpiTect Bisulfite Kit (#59104, Qiagen) according to the
manufacturer’s instructions. Subsequently, DNA methy-
lation profiles were depicted using Infinium 850K Methy-
lationEPIC BeadChip (15070022/WG-317-1002, Illumina)
on a HiScan system (SY-101-1001, Illumina), covering
more than 850,000 different CpGs at single-nucleotide res-
olution. Methylation level at each CpG site was evalu-
ated by a beta value that represents the normalized probe
fluorescence intensity ratio of methylated bead signal to
the sum of both methylated and unmethylated signals [beta
= methylated intensity/(methylated intensity + unmethy-
lated intensity)]. Resulting beta values vary from 0 (no
methylation) to 1 (complete methylation). Raw data pre-
processing was carried out, probes with a low detection
rate (p > 0.01) when compared with the background sig-
nal and probes with a bead count less than three in ≥5%
of samples were filtered out. Before processing, quality
control was performed using density plots of beta values,
boxplots, and principal component analysis (PCA). The
filtered raw data were normalized using the beta mixture
quantile dilation method [36]. Methylation variable posi-
tions (MVPs) were identified using the Linear Models for
Microarray Data (LIMMA) R Bioconductor package (ver-
sion 3.52.2, http://www.bioconductor.org/) [37]. The cri-
terion for selecting MVPs was p < 0.01. The Benjamini
& Hochberg false discovery rate was used for multiple test
correction. To identify differentially methylated regions
(DMRs), the Probe Lasso algorithm was run using the R
package Chip Analysis Methylation Pipeline (ChAMP, ver-
sion 2.8.1; http://www.r-project.org/) [38].

2.4 Pyrosequencing
The differentially methylated candidate genes were

validated using pyrosequencing on a cohort of blood sam-
ples (17 AD and 17 HC). Pyrosequencing assay was de-
signed with the PyroMark Assay Design software (version
2.0, Qiagen). The primers are listed in Supplementary Ta-
ble 1. The genomic DNA extracted from peripheral blood
was bisulfite-converted. PCR was then performed with the
KAPA2G Robust HotStart ReadyMix PCR Kit (KK5603,
Kapa Biosystems, Wilmington, MA, USA) in a total vol-
ume of 25 µL per reaction, using the ABI Verity PCR Sys-
tem (Thermo Fisher Scientific, Waltham, MA, USA) ac-

cording to the manufacturer’s instructions. Cycling condi-
tions for PCR were 95 °C for 3 min, 35 cycles of 95 °C for
15 s, 55 °C for 15 s and 72 °C for 15 s followed by final
extension at 72 °C for 3 min. The DNA methylation level
was then quantified using PyroMark Q48 Advanced CpG
Reagents on the Pyromark Q48 Autoprep system (Qiagen).
The methylation status of CpG loci was quantified as the
percentage of the relative light unit of the C peak (methy-
lated cytosines)/[relative light unit of the C peak + T peak
(unmethylated cytosines converted to thymines)].

2.5 Microarray Data Profile
The microarray data of AD from the Gene Expression

Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/) was
used to compare the DMR-associated genes between AD
patients and HCs. Raw data from datasets GSE66351 (106
AD and 84 controls), GSE48350 (80 AD and 173 controls),
GSE5281 (84 AD and 74 controls), GSE118553 (167 AD
and 100 controls) and GSE28146 (22 AD and 8 controls)
were downloaded for bioinformatics analyses. GSE48350
gives sequencing data from entorhinal cortex (EC), hip-
pocampus (H), postcentral gyrus (PCG) and superior frontal
gyrus (SFG) of the brains. GSE5281 was from EC, H, me-
dial temporal gyrus, posterior cingulate (PC), SFG, and pri-
mary visual cortex of the brain based on the GPL570 plat-
form. GSE118553 included tissue samples from the cere-
bellum (C), EC, frontal cortex, and temporal cortex, which
were obtained from the GPL10558 platform. GSE28146
data was from fresh frozen hippocampal tissue blocks con-
taining both gray and white matter. The web tool GEO2R
was utilized to identify differentially methylated genes and
differentially expressed genes in the microarray data (p <

0.05 and |t| >2 as the cutoff criteria).

2.6 Gene Functional and Pathway Enrichment Analysis
Gene Ontology (GO) and Kyoto Encyclopedia of

Genes and Genomes (KEGG) pathway enrichment analy-
ses were performed using the EnrichR web platform (http:
//amp.pharm.mssm.edu/Enrichr). The criterion for selec-
tion of significant CpG loci in GO terms and KEGG path-
ways analyses was p < 0.05.

2.7 Immune Cell Infiltration Analysis
Immune cell infiltration analysis was applied to iden-

tify the types and abundance of immune cells in the given
tissues or samples. This analysis provides valuable insights
into the roles of the immune system in AD. The immune
cell infiltration scores for the GSE118553 and GSE48350
datasets were evaluated using the CIBERSORT algorithm
(https://cibersort.stanford.edu/). This algorithm estimated
the proportional analysis of twenty-two immune cell types
and the infiltration levels of immune cells between AD and
control groups. Additionally, it facilitated the correlation
analysis of relationships between DMR-annotated genes
and immunocyte subsets. Wilcoxon analysis by SPSS 19.0
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Fig. 1. Methylation profiling and analysis of AD and control samples using InfiniumMethylationEPICBeadChip. (A) Density plot
of raw beta-values from 755,743 CpG sites across eight participants (4 AD cases, 4 controls). (B) Post-normalization density plots show
standardized beta-values for each individual, with AD patients (red) and healthy controls (black). (C) Box plot of normalized methylation
beta values for each sample. (D) PCA scatter plot of the normalized methylation beta values. (E) Two-way hierarchical clustering of
the 4335 MVPs identified, showing distinct clusters formed by AD and control groups. (F) Volcano plot of the MVPs comparing HC
and AD patients. The horizontal axis depicts the delta normalized beta values and the vertical axis reflects the –log10 (p-value). AD,
Alzheimer’s disease; CpG, cytosine-phosphate-guanine; PCA, principal component analysis; MVPs, methylation variable positions; HC,
healthy control.

software (IBM SPSS, Armonk, NY, USA) was applied to
compare the differences between the two groups. Tests
were considered statistically significant at p < 0.05.

2.8 Statistical Analysis
The nonparametric Mann-Whitney test was used to

compare the methylation levels of candidate genes in AD
patients and controls. A value of p < 0.01 was considered
statistically significant when determining MVPs. DMRs
were determined with the “Probe-Lasso” algorithm of the
ChAMP package (version 2.8.1; http://www.r-project.org
/). The diagnostic performance of the candidates was eval-
uated by the area under the receiver operating characteris-
tic (ROC) curve. All statistics were performed by SPSS
19.0 software (IBM SPSS, Armonk, NY, USA), GraphPad
Prism 5.01 (GraphPad Software, San Diego, CA, USA),
and MedCalc 12.1.4.0 software (MedCalc Software, Mari-
akerke, Belgium).

3. Results
3.1 DNA Methylation Profiling in Peripheral Blood from
AD

To explore the methylation profiling of AD, an In-
finium MethylationEPIC BeadChip (850K) was used for
eight participants (4 AD cases, and 4 HCs). Density plot
depicted the averaged raw beta-values of all CpG sites
(755743 probes) from AD patients and HCs (Fig. 1A). The
beta mixture quantile dilation method was applied to stan-
dardize the original data. After normalization, the density
plots of normalized beta-values were generated for each
sample using 850Kmethylation data, where a red line repre-
sents the densities from the AD patient, and a black line for
the HC (Fig. 1B). Normalized methylation beta values of all
CpG probes in each sample were compared by box plot that
reflected the mean value, the degree of dispersion and the
maximum andminimum value which showed no significant
intragroup diversity between the samples fromAD andHCs
(Fig. 1C). Principal component analysis (PCA) used nor-
malized methylation beta values. A separation between the
AD (red dots) and normal samples (green triangles) can be
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Fig. 2. Functional annotation and pathway analysis of genes linked to MVPs in AD. (A) GO categories for MVP-associated genes,
highlighting roles in nervous system development and synaptic structures. (B,C) KEGG pathway enrichment analysis, showing signifi-
cant pathways (e.g., glutamatergic synapse and Hippo signaling) relevant to AD pathophysiology. GO, Gene Ontology; KEGG, Kyoto
Encyclopedia of Genes and Genomes.

observed in the first PCA component (Fig. 1D). And 4335
MVPs were examined with two-way (samples and MVPs)
hierarchical clustering. The two groups (AD and HC) sepa-
rated into distinct clusters (Fig. 1E). TheMVPswere further
analyzed by volcano plot. The generated plot illustrated the
MVPs between the HCs and AD patients. The red dots in
the upper left corner represent the hypomethylated loci; and
those at the upper right denote hypermethylated loci in AD
patients when compared to HC (Fig. 1F).

The array analysis by LIMMA indicated that 4335
MVPs showed DNA methylation differences (p < 0.01)
in AD patients relative to HCs. Of these, the methyla-
tion levels of 3826 MVPs and 509 MVPs, respectively in-
creased and decreased. The relevant information of the de-
tected MVPs, including probe ID, methylation level, fold
change, p-value, genes and features, is summarized in Sup-
plementary Table 2. The most significant MVP anno-
tated to unique gene was located in the TSS200 promo-
tor region of the SEC31B gene and showed hypermethy-
lation in AD patients (probe cg26705561, p = 3.91 ×
10−6). The most variable loci of hypermethylation (probe

cg08291996) annotated to the ZNF8 gene body, while
the most hypomethylated loci (cg26023019) annotated to
GRIK1 (Supplementary Table 2).

3.2 GO Enrichment and KEGG Signaling Pathway
Analysis of MVPs

Functional annotation analysis (Gene Ontology, GO)
was performed for genes that were associated with the iden-
tified MVPs (Fig. 2A). GO annotations, including biolog-
ical process, cellular component, and molecular function
categories, were analyzed according to the MVP-annotated
genes. The biological process category emphasized the
processes of nervous system development, generations of
neurons, and neurogenesis. The cellular component cate-
gory highlighted neuron projection, dendrite, and synaptic
membrane. The molecular function category was differ-
entially enriched in calcium ion binding, Ras/Rho guanyl-
nucleotide exchange factor activity, phospholipid bind-
ing, GTPase/nucleoside-triphosphatase regulator activity,
cytoskeletal protein binding and other related functions
(Supplementary Table 3). KEGG pathway enrichment
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Fig. 3. Probe Lasso algorithm calling AD-associated DMRs and functional analysis of DMR-related genes. (A) Visualization
of lasso quantile and radius across various genomic features stratified by CpG island (CGI) relations, showcasing the methodology for
identifying AD-associated DMRs. The vertical axis represents the lasso radius and the horizontal axis represents the 28 genetic/epigenetic
categories (7 genomic features × 4 CGI relations). Lasso quantile = 0.59; mean lasso radius = 375 bp. (B) Comparison of average
methylation levels in DMR-annotated genes between AD patients. (C) GO enrichment analysis for DMR-related genes. (D) KEGG
pathway analysis for these genes, showing enriched pathways such as Notch signaling and Hippo signaling pathways related to AD
pathology. DMRs, differentially methylated regions.

of the targeted genes showed that glutamatergic synapse,
neuroactive ligand-receptor interaction, retrograde endo-
cannabinoid signaling, γ-Aminobutyric acid (GABA)ergic
synapse, circadian entrainment and Hippo signaling path-
way were highly connected to AD (Fig. 2B, Supplemen-
tary Table 3). The KEGG pathway enrichment bubble plot
of MVPs is shown in Fig. 2C.

3.3 Probe Lasso Identified Differentially Methylated
Regions (DMRs)

DMRs represent discrete genomic sequences with a
distinct CpG methylation status that distinguishes one phe-
notype from another reducing the genome-wide scale to
easy-to-understand regions. The identification and utility
of genome-wide DMRs have led to a better understand-
ing of the pathogenesis of various diseases and have intro-
duced the development of effective assays for clinical diag-
nosis. DMR hunting is run by the algorithm “Probe-Lasso”.
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Table 1. Differentially methylated regions in peripheral blood from AD patients.

Position Gene feature Gene symbol n p-value
Average methylation %

Control AD

chr12:52281387-52283020
TSS1500 + TSS200 +
1stExon + 5′UTR

ANKRD33 11 0.0044 0.66 0.75

chr14:101511657-101513658 TSS1500 + Body
MIR487B;MIR381;MIR539;

MIR381HG;MIR889
14 0.0388 0.84 0.89

chr17:1520033-1522483 Body SLC43A2 5 <0.0001 0.60 0.73
chr17:53799224-53801300 5′UTR TMEM100 6 0.0086 0.51 0.62
chr2:20871109-20871692 Body + 3′UTR + Intergenic GDF7 4 <0.0001 0.59 0.82
chr20:50419152-50419343 TSS200 + TSS1500 SALL4 4 <0.0001 0.82 0.91
chr3:42977471-42978069 Body + Intergenic KRBOX1-AS1; KRBOX1 10 0.0004 0.79 0.89
chr3:183958772-183959261 Body VWA5B2;MIR1224 7 <0.0001 0.81 0.88
chr4:1243964-1244047 TSS1500 CTBP1; C4orf42 4 <0.0001 0.70 0.85
chr5:140579272-140579326 TSS200 PCDHB11 3 <0.0001 0.50 0.78
Displayed for each region: chromosomal position (genome build 37), gene feature (TSS, transcription start site; UTR, untranslated region),
gene symbol, number of probes in region (n), p-value, and average beta per group.

Probes which are located in the promoter regions (includ-
ing TSS200 or/and TSS1500) and the other regions (includ-
ing 5′-untranslated region (UTR), 1st Exon, gene body, 3′-
UTR and intergenic region) are stratified by epigenomic
CpG-island-relation region (island, shore, shelf, and open
sea). Considering that the probe racing is not uniform in
the methylation tests, Probe Lasso defines dynamic bound-
aries for each probe depending upon its genomic feature
type (Fig. 3A). Probe Lasso uses dynamic windows to iden-
tify a clear DMR boundary for spanning multiple neighbor-
ing MVPs. Probe Lasso identified 68 altered DMRs an-
notated to 10 genes in this study (see Table 1 and Supple-
mentary Table 4 for detailed annotation of the regions). As
shown in Table 1, the DMRs showing hypermethylation in
AD samples annotated to ANKRD33, MIR487B (miRNA
cluster also contains MIR381, MIR539, MIR381HG and
MIR889), SLC43A2, TMEM100, GDF7, SALL4, KRBOX1-
AS1 (KRBOX1), VWA5B2 (MIR1224), CTBP1 (C4orf42)
and PCDHB11. The methylation levels of the DMRs from
different annotated genes were estimated by the average
β-values in AD and HCs (Fig. 3B). DMRs located in the
transcription start site (TSS) with most significant differ-
ence were especially annotated to the CTBP1 gene (chr4:
1243964 – 1244047, p = 7.66 × 10−7) and contained four
identified probes with DMR size 84 bp (Table 1).

GO annotation and KEGG pathway enrichment anal-
yses were carried out based on the DMRs annotated genes.
The biological process category emphasized the enriched
GO terms related to nervous system development, including
neural tube formation and development. The cellular com-
ponent category highlighted heterochromatin and transcrip-
tional repressor complex. The molecular function cate-
gory was differentially enriched in RNA polymerase II tran-
scription corepressor, repressing transcription factor bind-
ing, protein homodimerization activity, and NAD binding
(Fig. 3C). KEGG pathway enrichment highlighted the roles

for the Notch, TGF-β, Wnt, and Hippo signaling pathways
in AD (Fig. 3D). This suggests that DMRs annotated genes
in AD may influence the disease’s progression by modulat-
ing immune processes.

3.4 Immune Cell Infiltration Analysis

Based on the enrichment analysis results, the aim
was to understand the alterations in immune cell dynamics
within AD. Consequently, immune cell infiltration in AD
was further investigated using CIBERSORT. The immune
cell infiltration analysis (Fig. 4) compares the distribution
of immune cells in AD patients and HCs using data from
public GEO datasets. Fig. 4A,B show bar graphs repre-
senting the immune cell distributions in datasets GSE48350
and GSE118553, respectively, depicting the overall distri-
bution of various immune cells. Fig. 4C,D provide box
plots that further detail these distributions, offering in-
sights into the variability and median levels of immune
cells across both conditions. In the GSE48350 dataset,
monocytes (p < 0.001) and T cells CD4 memory resting
(p < 0.001) exhibited significantly elevated levels in AD
patients, whereas natural killer (NK) cells activated (p <

0.05), plasma cells (p < 0.05), and T cells follicular helper
(p < 0.05) were significantly reduced. In the GSE118553
dataset, eosinophils (p < 0.01) were significantly elevated
in AD, while macrophages M0 (p < 0.05) and T cells CD4
memory resting (p< 0.001) showed significantly decreased
levels. Additionally, data from both datasets were pooled
to analyze correlations between the expressions of genes as-
sociated with DMRs and immune cell distributions, reveal-
ing potential links between these epigenetic markers and
immune profiles (Fig. 4E). Among them, CTBP1 exhib-
ited strong correlations with immune cell types. It was sig-
nificantly negatively correlated with memory B cells (p <

0.001), M2 macrophages (p< 0.001), and eosinophils (p<
0.001). Conversely, significant positive correlations were
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Fig. 4. Analysis of immune cell infiltration in AD using CIBERSORT. (A,B) Bar graphs depicting the distribution of immune cells
across AD patients and healthy controls, as analyzed from datasets GSE48350 and GSE118553, respectively. (C,D) Box plots providing
a detailed view of the immune cell distributions within the GSE48350 and GSE118553 datasets. (E) Heatmap showing the correlation
between the expression of genes associated with DMRs and the distribution of immune cells. (F,G) Correlation plots illustrating the
relationship between various immune cell types and the pathology of AD, with significance levels marked. * p< 0.05, ** p< 0.01. ***
p < 0.001.
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Fig. 5. Validation and diagnostic analysis of CTBP1 promoter methylation in AD. (A) Scatter plots illustrating methylation levels at
four specific CpG sites within the CTBP1 promoter region (cg26479374, cg16399632, cg25897951, cg08948841) in AD and HC. n = 34
(HC: 17, AD: 17), n.s., no significance (* p < 0.05, ** p < 0.01). (B) ROC curve demonstrating the diagnostic performance of CTBP1
promoter hypermethylation in distinguishing AD from HCs, with an AUC of 0.779, indicating a high diagnostic potential. (C) Box plots
representing the distribution of methylation levels for eight differentially methylated loci related to genes identified in the study (GDF7,
SALL4, VWA5B2) across AD patients and HCs. n = 190 (Control: 84, AD: 106, *** p < 0.001, **** p < 0.0001). CTBP1, C-terminal
binding protein1; ROC, receiver operating characteristic; AUC, area under curve.

observed betweenCTBP1 and plasma cells (p< 0.001), fol-
licular helper T cells (p < 0.001), and M0 macrophages (p
< 0.001). Correlations between various immune cell types
and AD were assessed, identifying key immune cells that
may play key roles in the pathology of AD (Fig. 4F,G).
In both datasets, T cells follicular helper demonstrated a
significant correlation with AD (p < 0.001). This analy-
sis not only improves our understanding of the immuno-
logical changes in AD but also highlights the critical role
of DMRs-related genes in influencing these immune varia-
tions. Furthermore, it emphasizes the potential of immune
cells as biomarkers in the diagnosis and progression of this
disease, offering insights into both biological mechanisms
and therapeutic targets.

3.5 Validation of DMRs by Pyrosequencing and GEO
Database

To further verify the hypermethylation of the CTBP1
TSS1500 promoter, the methylation levels of DMRs
covering four CpG sites (cg26479374, cg16399632,
cg25897951, and cg08948841) were validated by pyrose-
quencing on a larger cohort of blood samples. Analysis re-
vealed that all four sites had a similar differential methy-
lation pattern when compared with the 850K array data.
CpG island sites cg26479374, cg25897951, cg08948841 in
theCTBP1 promoter region were significantly hypermethy-
lated in AD when compared with HCs. Although, the CpG
island site cg16399632 showed no significant difference in
the methylation between the two groups, when the methy-
lation percentages of the four probes in CTBP1 promoter
were averaged, the mean methylation levels were also sig-

nificantly increased in AD cases relative to HCs (Fig. 5A).
The ROC curve analysis was applied to evaluate the diag-
nostic performance of CTBP1 promoter hypermethylation
for AD. The area under curve (AUC) was 0.779 (95% CI:
0.604–0.90, p< 0.001) (Fig. 5B), exhibiting promising po-
tential as a biomarker candidate that distinguishes AD from
HCs.

Previously, Song et al. [39] obtained 10054 aber-
rantly methylated genes via methylation microarray in
Gasparoni DNAm data (GSE66351), including 5002 hy-
permethylated and 5052 hypomethylated loci. To fur-
ther verify the status of the 68 altered DMRs, eight
aberrant methylated loci were found annotated to the
genes in the 850K microarray data, including four
probes annotated to GDF7 (cg14780466, cg12334488,
cg10553204, cg10687131), three probes annotated to
SALL4 (cg06303238, cg14160518, cg24332577), and one
probe annotated to VWA5B2 (cg03981074; Fig. 5C and Ta-
ble 2).

3.6 DMRs-annotated Genes Expression in GEO Database

Regions of aberrant methylation were initially iden-
tified in the DNA in peripheral blood from AD patients
and these regions were linked to key genes. To investi-
gate whether the expression of these genes in the brain un-
dergoes changes that might influence the progression of
AD, four datasets from the GEO public database were ana-
lyzed: GSE5281, GSE118553, GSE48350, and GSE28146.
Results indicated that CTBP1 expression changes were
the most significant and consistent across these datasets
(Fig. 6A–D), However, the expression of CTBP1 varied
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Fig. 6. Expression analysis and diagnostic evaluation of DMR-annotated genes across multiple GEO datasets. (A–D) Box plots
show the expression levels of DMR-annotated genes in AD patients versus healthy controls across four different GEO datasets: GSE5281,
GSE118553, GSE48350, and GSE28146. Plots illustrate varying levels of CTBP1 expression, with notable downregulation and upreg-
ulation in certain datasets, reflecting the gene’s complex role in AD progression. (E–H) ROC curves evaluating the diagnostic potential
of CTBP1 and other gene expressions as biomarker for AD. Each panel represents one of the four datasets. Curves show AUC values,
highlighting the elevated and stable diagnostic potential of CTBP1 across different datasets (* p < 0.05, ** p < 0.01, *** p < 0.001,
**** p < 0.0001, ns, not significant).

Table 2. Differentially methylated regions validation from
GSE66351 database.

CpG deltaBeta CHR Gene Feature

cg14780466 –0.060708787 2 GDF7 Body
cg06303238 –0.041825338 20 SALL4 1stExon
cg14160518 –0.050684232 20 SALL4 1stExon
cg24332577 –0.029795626 20 SALL4 TSS1500
cg12334488 –0.023214562 2 GDF7 Body
cg03981074 –0.023115439 3 VWA5B2 Body
cg10553204 –0.046972531 2 GDF7 3′UTR
cg10687131 –0.022081727 2 GDF7 Body
CHR, chromosome.

significantly across these datasets, showing both down-
regulation (Fig. 6B) and upregulation (Fig. 6C,D) in AD
when compared to HCs. This variability in CTBP1 expres-
sion was attributable to its distinct expression specificity
in different brain regions, such as decreased CTBP1 in the
cerebellum (GSE118553) and increased CTBP1 in the hip-
pocampus (GSE48350, GSE28146), implying a regional in-
volvement in AD development

Further analysis was conducted using ROC curve
analysis to evaluate the potential of these gene expressions
as biomarkers for AD in the brain. CTBP1 showed the
highest and most stable AUC values (GSE5281, AUC =
0.583; GSE118553, AUC = 0.627; GSE48350, AUC =
0.701; GSE28146, AUC = 0.795), reinforcing the signif-
icance of its role in AD progression (Fig. 6E–H). How-
ever, when compared to findings presented above, measur-

ing the methylation level of the CTBP1 promoter in pe-
ripheral blood is more suitable and convenient for use as
a biomarker for AD. Our study emphasizes the relevance
of CTBP1 in AD research as a biomarker. Additionally,
it highlighted that the expression of CTBP1 likely has a
crucial regulatory role in the progression of AD within the
brain.

4. Discussion

AD is a widespread neurodegenerative disorder that
increasingly affects the aging population worldwide [40].
Early diagnosis is particularly important for the manage-
ment of AD, but the current biomarkers used to detect the
disease still have many limitations [9]. In this context, ex-
ploring the methylation profile based on peripheral blood
has become a promising alternative, as blood samples are
easy to collect, convenient for routine monitoring and bring
fewer potential risks to the patients. This application is not
only non-invasive, but discloses the multiple changes of
gene expressions of the disease, facilitating a better under-
standing of its underlying pathological mechanisms. More
and more research have shown that DNA methylation, a
key epigenetic mechanism that regulates gene expression
without changing the DNA sequence, undergoes significant
changes in AD [20,41]. These changes in the methylation
levels have the potential to develop novel biomarkers of
AD, and facilitate to obtain valuable information about the
onset and progression of the disease before clinical symp-
toms appear.
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Our work depicted the DNA methylation profiles in
peripheral blood from AD patients by Illumina Infinium
MethylationEPIC BeadChip, covering over 850,000 CpG
methylation sites, and discovered MVPs and pathology-
linked DMRs. Notably, elevated methylation levels in
CTBP1 promoter were significantly correlated with the on-
set of AD in both test and validation groups. This dis-
covery likely promotes the development of AD diagnos-
tic biomarkers from the methylation alterations. The in-
novative methodology had already been submitted to and
approved by China National Intellectual Property Adminis-
tration (Application No. CN202311322013.6), potentiating
the clinical application of the biomarker.

The study discovered four unique DMRs, predom-
inantly located upstream of the TSS1500 in the CTBP1
promoter, as confirmed by notable rise in methylation at
these sites in the AD patients compared to healthy individ-
uals using pyrosequencing. Our primary focus was on the
pathology-associated DMRs. Intriguingly, we found a link
between these methylation changes in CTBP1 and the on-
set of osteoarthritis [42] and acute pancreatitis [43]. Previ-
ous research using animal model demonstrated a low pres-
ence of CtBP1 in the hippocampus and brain cortex, yet its
overexpression in rat brains correlated with improved cog-
nitive and memory processes [44]. In the hippocampal for-
mation, CtBP1 located in synapses of all the neuropil lay-
ers. However, CtBP1 was only detectable in the synaptic
region of molecular layer in cerebellum. While, CtBP1 was
slightly detected in the cell nuclei throughout the molecular
and granular cell layers in cerebellum, suggesting its unique
functions performed regionally within the brain [45,46].

In this study, we found that the CTBP1 gene expres-
sions significantly varied in different gene expression om-
nibus series (GSE) datasets. This may be attributed to its
differential expression patterns in different brain regions
[34]. For instance, CTBP1 is highly expressed in the cere-
bellum and participated in the development and function
of Purkinje cells [34]. These cells are predominantly in-
volved in motor coordination and balance, interacting in-
tricately with climbing and mossy fibers, while projecting
to the deep cerebellar nuclei [47]. As previous demon-
strated, CtBP1 plays important roles in hippocampal and
cortical neurons [44], influencing neuronal differentiation
and synaptic plasticity [46]. Intriguingly, in differentiated
primary cultured hippocampal neurons CtBP1 is partially
localized at presynaptic terminals, where it is involved in
synaptic network formation and maintenance [48]. Disrup-
tions in CtBP1’s function may contribute to the pathogen-
esis of neurodegenerative diseases, including AD. The in-
consistency in CTBP1 expression levels across the datasets
likely reflects the specific brain regions sampled in the
datasets. This gives a clue to understanding the complex
gene expression data and emphasizes the necessity to con-
sider the impact of location when investigating the molec-
ular mechanisms of AD.

Our research applied enrichment studies to evaluate
correlations between DMR-related genes and immune sys-
tems, and examined immune cell infiltration data from
GSE118553 and GSE48350 public datasets. Our data un-
covered distinct disparities in the distribution of immune
cells between AD and healthy controls, suggesting the en-
gagement of CD4 memory resting monocytes, T cells, NK
cells activated, plasma cells and T cell follicular helper in
AD. These data provide hints of correlation between DMR-
linked genes and immune cell patterns in Alzheimer’s
pathology.

Our results suggest that the crucial gene methylation
patterns are related to the pathogenesis of AD and aberrant
CTBP1 methylation levels represent promising circulating
biomarkers in the diagnosis of ADonset. However, its exact
diagnostic performance needs further clinical verification.

5. Conclusions
Our study depicted the methylation profiles in circu-

lating cell-free DNA from AD, disclosing the pathology-
related MVPs and DMRs. Crucially, four specific hy-
permethylated CpG sites in the TSS1500 promoter of the
CTBP1 gene distinguished AD patients from controls, rep-
resenting a potential non-invasive biomarker in the periph-
eral blood.
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