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Abstract: Recent studies show that patients with Alzheimer’s disease (AD) harbor specific
methylation marks in the brain that, if accessible, could be used as epigenetic biomarkers.
Liquid biopsy enables the study of circulating cell-free DNA (cfDNA) fragments origi-
nated from dead cells, including neurons affected by neurodegenerative processes. Here,
we isolated and epigenetically characterized plasma cfDNA from 35 patients with AD
and 35 cognitively healthy controls by using the Infinium® MethylationEPIC BeadChip
array. Bioinformatics analysis was performed to identify differential methylation positions
(DMPs) and regions (DMRs), including APOE e4 genotype stratified analysis. Plasma
pTaul8l (Simoa) and cerebrospinal fluid (CSF) core biomarkers (Fujirebio) were also mea-
sured and correlated with differential methylation marks. Validation was performed with
bisulfite pyrosequencing and bisulfite cloning sequencing. Epigenome-wide cfDNA anal-
ysis identified 102 DMPs associated with AD status. Most DMPs correlated with clinical
cognitive and functional tests including 60% for Mini-Mental State Examination (MMSE)
and 80% for Global Deterioration Scale (GDS), and with AD blood and CSF biomarkers.
In silico functional analysis connected 30 DMPs to neurological processes, identifying key
regulators such as SPTBN4 and APOE genes. Several DMRs were annotated to genes
previously reported to harbor epigenetic brain changes in AD (HKR1, ZNF154, HOXAS,
TRIM40, ATG16L2, ADAMST?2) and were linked to APOE ¢4 genotypes. Notably, a DMR in
the HKR1 gene, previously shown to be hypermethylated in the AD hippocampus, was
validated in ¢fDNA from an orthogonal perspective. These results support the feasibility
of studying cfDNA to identify potential epigenetic biomarkers in AD. Thus, liquid biopsy
could improve non-invasive AD diagnosis and aid personalized medicine by detecting
epigenetic brain markers in blood.
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1. Introduction

Alzheimer’s disease (AD) represents the primary cause of age-related dementia and the
seventh leading cause of mortality globally [1]. The majority of AD cases occur sporadically
in adults older than 65 years, referred to as late-onset AD (LOAD). With the ever increasing
aging of the population, this neurodegenerative disease currently affects 1 in 9 people over
the age of 65, and its prevalence is projected to reach 152 million people worldwide by
2050 [2,3]. Despite its significant impact, the underlying mechanisms for AD pathogenesis
remain unclear. Enhancing the accuracy of AD diagnosis would optimize early therapeutic
intervention strategies, thereby reducing costs and the increasing burden that AD represents
for our society.

Multiple factors, such as biological, environmental, and genetic susceptibility, appear
to be associated with the development of LOAD. Within genetic factors, APOE ¢4 polymor-
phism has been found to be the most consistently associated with LOAD development [4].
In recent years, epigenetics has emerged as a significant player in the pathogenesis of neu-
rodegenerative diseases such as AD [5]. Among different epigenetic modifications, DNA
methylation—where a methyl group attaches to the 5-carbon position of a cytosine base,
typically in cytosine guanine dinucleotides (CpGs)—has been extensively studied. In the
case of AD, gene candidate studies, along with the latest application of omics technologies
to epigenetics, have revealed new DNA methylation variants in genes biologically relevant
to AD in human brain tissue.

Our group and others have published epigenome-wide studies describing differen-
tially methylated genes in various brain regions using postmortem human samples. These
regions include the prefrontal cortex [6-14], frontal cortex [15], entorhinal cortex [9-11,14],
hippocampus [14,16], or superior temporal gyrus and inferior frontal gyrus [11,13,17,18].
However, a major obstacle hinders the translation of these promising findings as biomark-
ers to clinical practice: the difficulty of accessing brain tissue from living individuals with
AD. As a result, the AD specific epigenetic information remains “trapped” within the brain
tissue and, therefore, rather inaccessible while the patient is alive. Studies performed on
blood-derived genomic DNA have also identified differentially methylated marks between
AD patients and controls [19-22]. Nonetheless, most of these marks do not match those
observed in brain tissues.

It is widely acknowledged that cells undergo necrosis and apoptosis, among various
processes of cell death, leading to the release of their DNA into the bloodstream. This DNA,
characterized by specific molecular alterations, is commonly referred to as cell-free DNA
(cfDNA). Liquid biopsy is a non-invasive technique involving a blood test that enables
the isolation of cfDNA from plasma [23]. Under normal conditions, cfDNA primarily
originates from the apoptosis of peripheral white blood cells [24]. However, as evidenced
by the enrichment of tissue-specific methylation marks, a considerable proportion of cfDNA
originates from damaged tissues during pathological processes [25].

To date, most liquid biopsy applications have mainly concentrated on the identification
of genetic variants, such as tumor specific alterations. Nevertheless, liquid biopsy is emerg-
ing as a valuable tool in neurodegenerative diseases [26-29] where: (i) the blood—brain
barrier is dysfunctional, increasing its permeability [30,31]; and (ii) there are no genetic
modifications on the DNA of the affected cells. In these diseases, the analysis of epigenetic
modifications in cfDNA specimens arises as a novel source of diagnostic biomarker. Vari-
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ants in DNA methylation, in particular, are considered outstanding biomarkers because of
their stability, potential reversibility, and accessibility in body fluids [32].

The liquid biopsy technique would provide access to this information “trapped” in
the brain, enabling the identification of epigenetic biomarkers (specific methylation marks)
in cfDNA from patients with AD. This molecular assessment of cfDNA specimens could be
thus considered a potential surrogate for pathological studies of postmortem brain tissue,
offering a potential source of epigenetic biomarkers that could assist in the clinical care of
AD throughout the patient’s lifetime.

Hence, the aim of this study was to identify differential methylation signatures of
plasma cfDNA in patients with AD compared with controls through a genome-wide
methylation analysis.

2. Results
2.1. Characterization of Subjects and Samples

The Infinium® MethylationEPIC BeadChip microarray (EPIC array) was applied to a
set of 35 controls and 35 patients with AD. No significant differences in age or sex were
observed between the subjects with AD and the controls. Extended demographic and
clinical features of the subjects are summarized in Table 1.

Table 1. Blood sample set analyzed by Illumina Infinium MethylationEPIC BeadChip. The table
shows the phenotypical features of the subjects included in this study. cfDNA-—cell-free DNA;
GDS—Global Deterioration Scale, MMSE—Mini-Mental State Examination.

Phenotypical Features C(:q) I;t;(gl)s Patlez:iv;;h AD p-Value
Median (IQR)
Age (years) 77 (72-80) 79 (76-83) 0.213
MMSE 30 (29-30) 22 (19-26) 0.000
GDS 1(1-1) 4 (4-4) 0.000
cfDNA amount (ng) 96 (47-212) 81 (34-241) 0.445
N (%)
Gender 0.811
Female 17 (49) 18 (51)
Male 18 (51) 17 (49)
APOE genotype 0.001
¢4 non-carriers 31 (89) 15 (43)
¢4 carriers 3(9) 20 (57)
pTaul8l (pg/mL) 1.5 (1.2-1.8) 3.0(2.1-3.9) 0.000

2.2. ¢fDNA Concentration and Quality

We managed to isolate plasma cfDNA from all the subjects included in this study.
The amounts of cfDNA did not vary significantly between the controls and the patients
with AD (median: 96 ng; IQR = 47-212 vs. median: 81 ng; IQR = 34-241; p-value = 0.445),
respectively. First, we verified the cfDNA corresponding size in our sample set as described
in the methods section using the DNF 477 High Small Fragment Analysis Kit (Agilent). The
expected cfDNA size was confirmed in all samples. The median cfDNA size was 167 bp
(IQR = 158 185) for patients with AD and 165 bp (IQR = 159 171) for controls, with no
significant differences between groups (p-value = 0.451). An example electropherogram of
a cfDNA sample is presented in Supplementary Materials: Figure S1.
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2.3. Surrogate Variable Analysis

Surrogate variable analysis revealed one confounding variable of unknown signifi-
cance (SV1) as the major source of variability affecting our series (Supplementary Materials:
Figure S2). To ascertain the nature of this biological or technical variable, we de-
cided to further characterize the cfDNA fragmentation pattern employing fragment an-
alyzer technology. We found several samples with a carryover of non-sized cfDNA
(Supplementary Materials: Figure S3a). To specifically quantify this cfDNA fraction and
evaluate its impact, we decided to perform a more in depth characterization of the isolated
cfDNA using the DNF 464 High Sensitivity Large Fragment 50 Kb Analysis Kit. This kit
allows to track the cfDNA fragmentation pattern from 75 bp to 48,500 bp, covering both
the expected cfDNA expected fragment size and an extended region with other potential
non cfDNA fragments.

Interestingly, we noticed that non-sized cfDNA fragments were present in sev-
eral samples, thus contributing to the total concentration. An example is shown in
Supplementary Materials: Figure S3b. We observed that SV1 was negatively correlated
with non-sized cfDNA. Global evaluation of non-sized cfDNA revealed a presence of
42.24% in controls and 54.89% in patients with AD, with no significant differences between
groups (p-value = 0.07) (Supplementary Materials: Figure S4). Nevertheless, upon further
examination of the influence of non-sized cfDNA on methylation levels, we observed a
strong positive correlation between non-sized cfDNA and median 3 methylation values
(r = 0.445; p-value < 0.001). Therefore, the non-sized cfDNA percentage was used to adjust
all the subsequent analyses.

2.4. Differential Methylated Positions

After quality control and sample tracking, seven samples were discarded from down-
stream analysis. Finally, cfDNA from 30 controls and 33 patients with AD was used for
differential methylation analysis. We confirmed that the loss of these subjects did not result
in any changes leading to differences between patients with AD and controls in terms of
phenotypical features, as illustrated in Supplementary Materials: Table S1. Genome-wide
DNA methylation was investigated in the context of both differentially methylated posi-
tions (DMPs) and differentially methylated regions (DMRs). First, we built mixed linear
models, adjusting for potential sources of variability, specifically including sex, age, batch,
non-sized cfDNA (%), and cell type composition. After adjusting for Benjamini-Hochberg
method (FDR) correction, we detected no significant DMPs associated with AD condition.
When looking at the nominal significance level, analysis revealed 102 AD-related DMPs
(absolute {3 difference > 0.1 and p-value < 0.05) annotated to 58 genes (Table 2), with an
overrepresentation of hypomethylated positions in AD cases compared with controls (74%).

Table 2. Differentially methylated positions (DMPs) in cfDNA from patients with AD with respect to
controls. The table shows 102 DMPs with difference > 0.100, prioritized by beta difference criteria.
Each DMP (CpG site) was annotated by UCSC hg19 build. ID—identification.

Relation to Relation to Gene

DMP Genomic Coordinates Gene ID CpG Context Structure p-Value B-Difference
cg26023019 chr21 31311859 GRIK1 Island 1stExon 0.013 0.155
cg19665696 chr? 949154 ADAP1 Island Body 0.021 0.151
cg25069157 chré 44102572 TMEMG63B OpenSea Body 0.040 0.148
cg13578160 chr7 72813978 OpenSea 0.007 0.139
cg11955641 chr5 151304999 GLRA1 S_Shore TSS1500 0.001 0.139
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Table 2. Cont.

Relation to

Relation to Gene

DMP Genomic Coordinates Gene ID CpG Context Structure p-Value B-Difference
cg09465533 chr3 32327675 CMTMS8 OpenSea Body 0.001 0.137
cg20601028 chr20 22738632 OpenSea 0.006 0.133
cg24245216 chr19 7004657 OpenSea 0.044 0.130
€g23506049 chr12 103228185 OpenSea 0.039 0.129
cg21550804 chr8 74282865 OpenSea 0.035 0.125
€g22597210 chr19 10172841 C3P1 Island Body 0.008 0.125
cg17857094 chr6 30907280 DPCR1 OpenSea TSS1500 0.029 0.119
cg00055434 chrl 2415344 PLCH2 Island Body 0.006 0.117
cg27416647 chrl5 96630572 OpenSea 0.027 0.117
cglle46124 chrl 182140416 OpenSea 0.008 0.113
€g22238209 chr19 35800743 MAG Island Body 0.017 0.113
cg07983614 chrlé 84587903 OpenSea 0.024 0.111
cg21764456 chrlé 10777077 TEKTS5 OpenSea Body 0.037 0.110
cg07812827 chr8 74282708 OpenSea 0.010 0.110
cg06572225 chrll 7748353 OpenSea 0.021 0.110
cg03463818 chr8 94766468 TMEM67 N_Shore TSS1500 0.034 0.108
cg26802564 chrl 30446406 OpenSea 0.006 0.107
cg18056749 chr20 55836268 BMP7 N_Shelf Body 0.043 0.106
cg27454064 chrl2 64215611 Island 0.017 0.105
€g24699005 chr19 1192342 N_Shelf 0.022 0.104
€g26861034 chr22 26908874 TFIP11 S_Shore TSS1500 0.002 0.104
cg10411590 chr13 21900810 S_Shore 0.032 0.102
cg00796424 chr12 54365966 HOXC11 N_Shore TSS1500 0.004 0.101
cg12906062 chr13 105462162 OpenSea 0.042 —0.100
cg00242341 chrll 72447419 ARAP1 OpenSea 5'UTR 0.039 —0.100
cg18955367 chr19 49002338 LMTK3 Island Body 0.030 —0.100
cg26003334 chr7 100661866 LOC102724094  OpenSea TSS1500 0.004 —0.101
cg16419584 chr10 129947858 Island 0.027 —0.101
cg13063165 chrl5 79093076 ADAMTS7 S_Shore Body 0.017 —0.101
cg01495416 chr8 59085270 OpenSea 0.027 —0.101
cg02258724 chr19 53832577 Island 0.020 —0.101
cg04772328 chr2 170549930 C2orf77 N_Shore Body 0.002 —0.101
cg16045681 chrl 31575570 OpenSea 0.002 —0.102
€g21210642 chr9 100881995 TRIM14 S_Shore TSS1500 0.008 —0.102
cg24463437 chrl 28396758 EYA3 OpenSea Body 0.001 —0.102
€g20212912 chr4 147557774 N_Shore 0.007 —0.102
cg06311780 chrl8 6633544 OpenSea 0.012 —0.103
cg21010821 chrll 111782679 HSPB2 OpenSea TSS1500 0.004 —0.103
cg14891200 chr2 220197664 RESP18 S_Shore Body 0.001 —0.103
cg14520947 chrl 225942842 OpenSea 0.003 —0.103
cg15086439 chrl 236563070 EDARADD S_Shelf Body 0.040 —0.103
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Relation to

Relation to Gene

DMP Genomic Coordinates Gene ID CpG Context Structure p-Value B-Difference
cg04855678 chr3 195946921 OSTalpha OpenSea Body 0.010 —0.104
cg19146301 chrl 235100790 LOC101927851  OpenSea TSS1500 0.004 —0.104
cg13443570 chr8 99098126 ERICH5 OpenSea Body 0.042 —0.105
cg02784823 chr19 49000897 LMTK3 Island Body 0.041 —0.105
cg06398054 chrl 53092881 OpenSea 0.019 —0.106
¢g20062681 chrll 94988642 OpenSea 0.001 —0.106
cg09484559 chrl7 12692246 RICH2 N_Shore TSS1500 0.018 —0.106
cg08986575 chr5 173235445 OpenSea 0.049 —0.106
€g27159720 chr9 7971612 OpenSea 0.002 —0.106
cg07870920 chr4 121569769 OpenSea 0.049 —0.106
cg02938172 chrl7 185152 RPH3AL Island 5'UTR 0.021 —0.106
cg27087112 chr2 114737475 LOC100499194 Island Body 0.000 —0.107
cg03174228 chr9 124658583 TTLL11 N_Shore Body 0.010 —0.107
€g24984452 chrl 95261186 LINCO01057 OpenSea Body 0.035 —0.107
cgl7566325 chrl2 133022423 N_Shore 0.006 —0.107
cg03465894 chrll 106342311 OpenSea 0.022 —0.108
cg15410835 chr8 143125637 OpenSea 0.001 —0.108
cg24760557 chr10 31986724 OpenSea 0.016 —0.108
cg18625538 chr6 87832609 Island 0.045 —0.109
cg21933626 chr3 123026636 ADCY5 OpenSea Body 0.004 —0.109
cg05800368 chr9 124658957 TTLL11 Island Body 0.036 —0.109
cg02774630 chr2 154727554 GALNT13 N_Shore TSS1500 0.002 —0.109
cg06878111 chr10 9999498 OpenSea 0.003 —0.110
€g23213894 chrll 7691961 CYB5R2 N_Shelf Body 0.010 —0.111
cg06957053 chr7 137533035 DGKI S_Shore TSS1500 0.024 —0.111
cg10531073 chr22 38485757 BAIAP2L2 S_Shore Body 0.005 —0.112
cg24104237 chr3 45649408 LIMD1 OpenSea Body 0.010 —0.112
cg10289324 chrl8 60710970 OpenSea 0.007 —0.113
cg15243027 chr2 32784469 BIRC6-AS2 OpenSea Body 0.028 —0.113
cg10092377 chrl 200880981 Clorf106 Island Body 0.001 —0.117
cg01583753 chr2 39470725 N_Shore 0.018 —0.117
cgl6127514 chr10 29273678 OpenSea 0.042 —0.117
€g26496930 chrl4 70186565 OpenSea 0.041 —0.117
cg10305928 chr10 62426219 ANK3 OpenSea Body 0.043 —0.117
cg14310109 chr6 157297510 ARID1B OpenSea Body 0.005 —0.119
cg16520701 chr8 34606956 OpenSea 0.010 —0.120
cg16210088 chr22 31318349 C220rf27 Island Body 0.009 —0.122
cg24448113 chr5 140475611 PCDHB?2 Island 1stExon 0.013 —0.124
cg06862049 chr19 49001890 LMTK3 Island Body 0.023 —0.125
cg12172631 chr19 54584915 TARM]1 OpenSea TSS1500 0.021 —0.126
cg20548231 chr22 31318373 C220rf27 Island Body 0.001 —0.127
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DMP Genomic Coordinates Gene ID Cl;eéatciglr:t:;t Relasi::f:czzli!;ene p-Value B-Difference
cg09544050 chr8 143580965 BAIl Island Body 0.003 —0.128
cg18815398 chr20 61506981 N_Shore 0.000 —0.128
€g26651782 chr19 51505779 KLK9 N_Shore 3'UTR 0.005 —0.128
cg24061197 chr2 220108496 GLBIL S_Shore 5'UTR 0.043 —0.128
cg06260707 chrl 42945689 OpenSea 0.022 —0.128
cg15059639 chr2 171220061 MYO3B OpenSea Body 0.022 —0.128
cg24658778 chr6 152897280 SYNEI1 OpenSea Body 0.013 —0.130
€g20920357 chr4 116877727 OpenSea 0.002 —0.133
¢g02256650 chr22 31317287 MORC2-AS1 N_Shore TSS1500 0.013 —0.133
€g26140120 chr8 124219575 FAMS3A Island Body 0.014 —0.135
cg06452258 chr2 60597809 OpenSea 0.049 —0.136
cg08431893 chr21 44864600 Island 0.004 —0.139
cgl16467921 chr8 128801108 OpenSea 0.004 —0.139
cg04248279 chrl7 184833 RPH3AL N_Shore 5'UTR 0.007 —0.142
cg24135491 chrl7 4487099 SMTNL2 N_Shore TSS200 0.015 —0.147

The genomic distribution of AD-related DMPs was assessed for differential enrichment
in terms of CpG context and genomic regions (Figure 1). We observed that DMPs were
more frequently located in CpG islands and shore regions, exhibiting a 1.3-fold enrichment
(p-value < 0.05) compared with the random expectation based on all probes included in
the analysis.

DMPs genomic distribution

3'UTR
Body
1stExon
TSS1500
TSS200
5'UTR
Shore

Shelf

CpG islands

—3] -25 -2 1.5 -1 -0.5 0 0.5 1

Figure 1. Gene structure distribution of DMPs between patients with Alzheimer’s disease (AD)
and controls. The bar chart shows results for the log2 ratios of observed (fraction of differentially
methylated probes overlapping a given region) to expected (fraction of probes selected for analysis
overlapping a given region) for a genomic region. Dark green boxes represent a significant enrichment
(p-value < 0.05) for a particular feature. TSS = number of nucleotides upstream and downstream of
the transcription start site.

2.5. Correlation with AD Clinical Parameters and Biomarkers

Subsequently, Spearman’s coefficient was calculated to evaluate the potential correla-
tion between DNA methylation levels of the top ten DMPs, ranked by the highest positive
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and negative (3 difference criteria, respectively, and main AD clinical features and biomark-
ers. Very interestingly, we found significant correlations between DNA methylation levels
of DMPs and MMSE score in 12 /20 (60%), and with GDS in 16/20 (80%) (Tables 3 and 4).

Table 3. Correlation between DNA methylation of 10 top differential methylated positions
(DMPs) ranked by highest positive beta difference (delta mean) criteria and clinical parameters.
ID—identification;, MMSE—Mini-Mental State Examination, GDS—Global Deterioration Scale.
* p-value < 0.1; * p-value < 0.05; ** p-value < 0.01.

No DMP Di fffr'ence Gene ID MMSE GDS AB42 AB40 A BIZ;}X’B o PTau t-Tau :Tlifl‘;;
1 ¢g26023019 0.155 GRIK1 —0.155 0.224 —0.044 —0.032 —0.102 0.290 0.096 0.148
2 cg19665696 0.151 ADAP1 —0.204 0.328 ** —0.180 0.093 —0.549* 0.075 —0.162 0.329*
3 825069157 0.148 TMEM63B —0.242 —0.204 0.156 0.071 0.039 —0.164 0.048 0.378 **
4 cg13578160 0.139 —0.336* 0.338 ** —0.050 —0.003 0.086 —0.050 0.033 0.117
5 cg11955641 0.139 GLRA1 —0.278* 0.452** 0.275 0.444+ —0.081 0.403 * 0.268 0.327*
6 cg09465533 0.137 CMTMS —0.304 * 0.413** —0.331 —0.233 —0.149 0.107 —0.117 0.141
7 ¢g20601028 0.133 -0.317* 0.352 ** —0.036 —0.024 —0.116 0.221 —0.053 0.330*
8 824245216 0.130 —0.349 % 0.273* —0.353 —0.659 ** 0.332 —-0427*  —0513* 0.229*
9 823506049 0.129 —0.502*  0.373* 0.177 —0.029 0.159 -0.117 -0.313 0.199
10 ¢g21550804 0.125 —0.167 0.137 0.174 0.093 0.302 0.302 0.347 0.283 *
Table 4. Correlation between DNA methylation of 10 top differential methylated positions
(DMPs) ranked by highest negative beta difference (delta) criteria and clinical parameters.
ID—identification; MMSE—Mini-Mental State Examination;, GDS—Global Deterioration Scale.
* p-value < 0.1; * p-value < 0.05; ** p-value < 0.01.
No DMP Differe Gene ID MMSE GDS AB42 AB40 A Ratio pTau t-Tau Plasma
ifference 342/A340 pTaulsl
1 cg24135491 —0.147 SMTNL2 0.349 ** —0.463 ** —0.302 —0.205 —0.092 —0.155 —0.308 —0.357 **
2 504248279 —0.142 RPH3AL 0.202 —0.233 0.188 —0.008 0.176 —0.326 -0317  —0.361*
3 cg16467921 ~0.139 0.258 —0.346*  —0.048 0.092 —0.448* 0.301 0.134 —0.227*
4 cg08431893 —0.139 0.278 * —0.338 ** —0.170 —0.198 0.041 —0.119 —0.122 —0.265*
5 cg06452258 —0.136 0.341* 0.430 ** —0.084 0.039 —0.101 0.039 0.122 —0.231*
6 €g26140120 —0.135 FAMS83A 0.517** —0.373 ** 0.135 0.092 0.156 0.032 0.233 -0.217
7 802256650 —0.133 MORC2-AS1 0.299* —0409*  —0.092 —0.026 0.080 0.036 0.189 —0.253*
8 820920357 -0.133 0.040 -0312*  0397* 0.365 0.165 0.071 0.095 —0.194
9 cg24658778 —0.130 SYNEI1 0.311* —0.296* —0.003 0.185 —0.096 0.253 0.098 —0.159
10 cg15059639 —0.128 MYO3B 0.203 —0.252* 0.092 0.173 0.003 0.105 0.021 —0.223*

Regarding biomarkers, we observed a significant correlation with the CSF A342/A (340
ratio in 2/20 (10%) and with plasma pTaul81 concentration in 7/20 (35%) (Tables 3 and 4).
We also observed several correlation trends, although without reaching significance for
CSF pTaul81 in up to 6/20 (30%). Interestingly, three genes significantly correlated with
MMSE, GDS, and pTaul81 levels, namely SMTNL2, GLRA1, and MORC2-AS1.

2.6. Functional in Silico Analysis of DMPs

We conducted ingenuity pathway analysis (IPA) to further explore the biological sig-
nificance of AD-related DMPs identified in this study. Within the “diseases and functions”
category, the analysis revealed that up to 30 molecules among our set of AD-related DMPs
were associated with neurological disorders (p-value range = 4.53 x 1072-1.10 x 1073)
(Supplementary Materials: Table S2). In the “physiological system development and func-
tion” category, we found that 11 molecules in our dataset were primarily mostly enriched
in nervous system development and function (p-value range = 4.95 x 1072-2.83x 10~°)
(Supplementary Materials: Table 52).
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Furthermore, IPA analysis predicted 24 upstream transcriptional regulators directly or
indirectly linked to the genes in our dataset, prioritized by p-value. Among these, SPTBN4
(spectrin 3 non-erythrocytic 4), which encodes a brain cytoskeletal protein, emerged as
the most significantly associated regulator (Supplementary Material: Table S3). Also
remarkable was the presence of the APOE ¢4 gene among these upstream regulators.
Moreover, causal network analysis (CNA) [33] further connected upstream regulators to
our dataset molecules, placing the APP gene (amyloid (3 precursor protein), which encodes
a membrane protein mainly expressed in neuronal synapses and closely related to AD
development, at the forefront of potential relationships (Figure 2).

Figure 2. APP gene plays a central role in the principal network evolving our AD-related DMPs. The
graph shows how amyloid precursor protein-encoding gene (APP) acts as a core regulator of 12 genes
found in our dataset (IPA score = 23). Red and green coloring indicate increased /decreased measure-
ment in our dataset, respectively. Orange and blue coloring indicate predicted activation/inhibition
genes participating. The intensity of the color refers to the strength of the effect.

2.7. Differential Methylated Positions According to APOE 4 Status

As previously mentioned, the APOE ¢4 genotype is considered the strongest genetic
risk factor for LOAD, and DNA methylation has demonstrated to act closely with this factor,
revealing DNA methylation differences between APOE ¢4 carriers and non-carriers [34].
Therefore, to explore our results in greater depth, we divided our sample set regarding
APOE ¢4 status in each group of subjects as follows: patients with AD APOE ¢4 carriers
(n =19; 58%), patients with AD APOE ¢4 non-carriers (n = 14; 42%), control APOE ¢4
carriers (n = 3; 10%), and control APOE €4 non-carriers (n = 27; 90%). No comparison was
performed with control APOE &4 carriers due to the minimum number of APOE €4 carriers
in the control group.
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When looking at the nominal significance level, major differences were found when
comparing AD APOE ¢4 carriers and control APOE ¢4 non-carriers, represented by
980 DMPs (absolute (3 difference > 0.1 and p-value < 0.05) annotated to 668 genes
(Supplementary Materials: Table S4). When comparing AD APOE ¢4 non-carriers and
control APOE ¢4 non-carriers, we found 286 DMPs (absolute {3 difference > 0.1 and
p-value < 0.05) annotated to 169 genes (Supplementary Materials: Table S5).

2.8. Differential Methylated Regions

At a regional level, differential analysis revealed one DMR significantly associated
with AD status (Sidak corrected p-value < 0.05). This position (chr2:114,737,458-114,737 4A75)
was located in a CpG island and annotated to a IncRNA (LOC100499194).

When stratifying by APOE e4, we identified 17 DMRs (12% hypermethylated and
88% hypomethylated) comparing AD APOE &4 carriers and control APOE ¢4 non-carriers
and 4 hypermethylated DMRs between AD APOE ¢4 non-carriers and control APOE €4
non-carriers (Sidak correction p-value < 0.05) (Tables 5 and 6). Most interestingly, up to
six DMRs were annotated to genes already addressed as differentially methylated in AD
condition and mostly in brain tissue (Table 7).

Table 5. Differentially methylated regions (DMRs) in ¢fDNA from AD APOE ¢4 carriers and control
APOE €4 non-carriers. The table shows 17 DMRs after adjusting for Sidak correction, prioritized by
beta difference criteria. Each region was annotated by UCSC hg19 build.

Relation to

. . . CpGs in Relation to B-
Genomic Location FDR Sidak DMR Gene ID CpG Context Gene Difference
Structure
cg06125462; . .
chr§ 69243284 69243293 241099 x 10°° 0021  cg03357798; . 85;%?3’51 Island Irljzfxsrrl‘m 0.038
g19469068 &
g14304817;
cR12403157 SUTR
chrll 89867808 89868104 6.55924 x 107° 0.004 c§0523 6757( NAALAD? OpenSea TSS200; Body; 0.013
cg05500015; IstExon
cg21500966
cg12195369;
cg02394686;
s g23051792; 5'UTR; B
chr19 55972854 55973234 2.06981 x 10 0.026 c§18297529; I1sOC2 Island TSS200 0.004
cg19384825;
cg13475732
6 g19288676; . B
chr2 168366268 168366363  7.3012 x 10 0.021 518683711 OpenSea Intergenic 0.016
cg08287334;
6 g22672431; ~
chr19 1854548 1854819 6.55924 x 10 0.005 cg08525314; KLF16 Island Body 0.026
cg01373896
cg15226275;
cg05304507; TSS200;
chr6 116381903 116382179  3.57858 x 107° 0.002 €g26893134; FRK OpenSea 1stExon; —0.027
cg26557270; TSS1500
cg18764771
_6 cg11624060; . B
chr5 1316037 1316264 8.74148 x 10 0.017 826209169 OpenSea Intergenic 0.033
6 cg08472142; , }
chrl 155007165 155007254  8.18998 x 10 0.038 521596858 DCST1;DCST2 OpenSea Body 0.038
cg06495631;
chr5 178692690 178692806  8.18998 x 107° 0.028 cg01231141; ADAMTS2 OpenSea Body —0.040

cg10213542
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Table 5. Cont.

Genomic Location

FDR

Sidak

CpGs in
DMR

Gene ID

Relation to
CpG Context

Relation to
Gene
Structure

B-

Difference

chr6

30103458

30103699

7.53684 x 10~

0.010

cg12758147;
cg12612406;
cg13044052

TRIM40

OpenSea

TSS1500 —0.044

chr20

31366408

31366486

8.18998 x 10~°

0.040

cg00300969;
cg09135144;
cg24403338;
cg17475857

DNMT3B

OpenSea

5'UTR;

TSS1500 —0.046

chrll

72533201

72533487

8.18998 x 10~°

0.011

cgl3771313;
cg24878173;
cg04006327

ATGI16L2

Island

Body —0.057

chr19

7983876

7984171

1.60512 x 10~7

0.000

€g26284544;
cg10073052;
cg00654322;
cg03685315;
cg03840143

SNAPC2

Island;
S_Shore

TSS1500 —0.058

chr10

123070326

123070392

7.53684 x 10~°

0.036

cgl6273546;
cg21380925

OpenSea

Intergenic —0.064

chr6

30419490

30419576

1.45527 x
10715

0.000

cg26570901;
cg26715559;
cg12078775;
cg27572120;
cg11491998

Island

Intergenic —0.074

chrb

1867977

1868261

8.18998 x 106

0.012

cg15595755;
cg04156016;
cgl4773178

OpenSea

Intergenic —0.084

chr2

220108093

220108496

2.16849 x 10~°

0.000

cg20314884;
cg04945312;
cg10602248;
cg02258512;
cg24061197;
cg09715285

GLBIL

Island;
S_Shore

Body; 5 UTR;

1stExon —0.09

Table 6. Differentially methylated regions (DMRs) in cfDNA from AD APOE ¢4 carriers and control
APOE &4 non-carriers. The table shows 4 DMRs after adjusting for Sidak correction, prioritized by
beta difference criteria. Each region was annotated by UCSC hg19 build.

Relation to Relation to B-

Gene .
CpG Context Structure Difference

CpGs in

FDR DMR

Genomic Location Sidak Gene ID

cg13903179;
cg19500098;
cg00035636;
cg04632378

cg01135546;
g09065876;
g16913064;
g23008871;
g05123976

€g26734888;
cg23756236;
cg12948621;
cg12024906;
cg08565796;
cg24834889;
cg14166009;
cg10237978;
cg05280698;
cg13687570

chrl3 21900391 21900591 2318 x 107¢  4.081 x 1073 Island Intergenic 0.100

chr17 45949676 45949878 2318 x 107 4.887 x 1073 Island Intergenic 0.037

TSS1500;
TSS200;
1stExon

chr19 37825210 37825679 1743 x 1078 7.935 x 10~° HKR1 Island 0.021
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Relation to
. . . CpGs in Relation to B-
Genomic Location FDR Sidak DMR Gene ID CpG Context Gene Difference

Structure
cg19591206;

10 7 cgl2118082; 1stExon;

chr3 133748504 133748812  4.661 x 10 1.615 x 10 926556923; SLCO2A1 Island Body 0.010

cg02496728

Table 7. Differentially methylated genes reported in previous Alzheimer’s disease (AD) methylome
studies. The table shows the genes that have been previously found associated with AD in methylome
studies performed on different sample sources and techniques. ID—identification.

Gene ID Sample Source Technique AD Methylome Study
Hippocampus Infinium HumanMethylation450 BeadChip PMID: 31217032
HKR1 Prefrontal cortex Infinium MethylationEPIC BeadChip PMID: 33257653
Blood Infinium HumanMethylation450 BeadChip PMID: 29394898
ZNF154 Blood Infinium HumanMethylation450 BeadChip PMID: 31775875

Superior temporal gyrus and inferior

frontal gyrus Infinium MethylationEPIC BeadChip PMID: 33069246

HOXAS Prefrontal cortex Infinium HumanMethylation450 BeadChip PMID: 33902726
Superior temporal gyrus Infinium HumanMethylation450 BeadChip PMID: 29550519

Superior temporal gyrus Infinium HumanMethylation450 BeadChip PMID: 26803900

TRIM40 Prefrontal cortex Infinium MethylationEPIC BeadChip PMID: 33257653
Hippocampus Infinium HumanMethylation450 BeadChip PMID: 31217032

Dorsolateral prefrontal cortex Infinium HumanMethylation450 BeadChip PMID: 25129075

ATGI6L2 Prefrontal cortex Infinium HumanMethylation450 BeadChip PMID: 33902726
Prefrontal cortex Infinium MethylationEPIC BeadChip PMID: 33257653

ADAMST? Prefrontal cortex Infinium HumanMethylation450 BeadChip PMID: 35982059

2.9. Orthogonal Validation

A DMR found between AD APOE €4 non-carriers and control non-carriers annotated to
the HKR1 gene (ZNF875, zinc finger protein 875), a gene previously found to be differentially
methylated in the hippocampus, was selected for further exploration (Figure 3a). This DMR
consists of 469 bp containing 10 CpG dinucleotides. Considering that the expected cfDNA
size is around 166 bp and further fragmentation likely occurs during the deamination
step of the bisulfite conversion process, special caution was exercised in designing the
region to be explored [35]. For primer design, we selected a CpG assayed in the EPIC array
(cg12024906) located in the extreme of the DMR. Therefore, we designed primers to achieve
amplicons contained in the DMR smaller than the estimated cfDNA size.

For pyrosequencing, we examined a 140 bp region covering four CpG dinucleotides,
including cg12024906. We observed that DNA methylations levels at the selected CpG
site (CpG2) and the average for the amplicon were significantly increased in patients with
AD compared with the controls [30.74 & 14.57% vs. 18.92 £ 16.41%, p-value < 0.01 and
36.51 &= 11.85% vs. 26.02 £ 19.48%, p-value < 0.05, respectively) (Figure 3b).

For bisulfite cloning sequencing, we analyzed an 86 bp region encompassing six
CpG dinucleotides in eight representative samples. We observed that the average DNA
methylation levels were strongly higher in patients with AD compared with the controls,
both for the amplicon [82.28 £ 9.83% vs. 17.36 & 10.78%; p-value < 0.001] and the selected
CpG site (CpG4) [62.50 £ 17.33% vs. 14.58 + 14.22%; p-value < 0.001] (Figure 3c).



Int. J. Mol. Sci. 2025, 26, 3419

13 of 26

chri9idiogram  chr19 (q13.12)

Exon1 Exon2

Exon3 Exon4 Exon5

[

Genome Scale |1 kb}

37,827,000

37,827,500

| hg1e

37,828,000

37,828,500 37,829,000

Histone Marks
N

37,825,500 37,826,000| 37,826,500
HKR1gene L__; -

NHLF
NHEK
K562

I I — HUVEC
—— HSMM
——_ HMEC
e HepG2
| == H1-hESC
e GM12878

37,825,100 37,825,250 37,825,400| 37,825,600 37,825,800|
HKR1exén 1

s ——

g12024906 o1

80

40-]

% methylation

20

* k%

=3 Controls
mE AD

2 @OO0000000000 -
» OO0000000000~
# Q00000000000
2 Q00000000000 +
s Q00000000000
» @OO000000000 -

Control
4.2%

O
S

[ Jole] leleleleleleleleors
» 900000000000 -

» @@@OO0000000-

Control
22.2%

000000
000000
Ccee

AD
94.4%

T
CpG4

» @@OO00000000-
» @@OO00000000™
+ 9@0000000000
» @O0000000000 +
#» OO0000000000
» @®O000000000 -

I
Median

AD
73.6%

Figure 3. Differential methylated region (DMR) annotated to HKR1 gene in plasma c¢fDNA from

Alzheimer’s disease (AD) and control subjects. (a) The graph depicts the genomic location of the

amplicon covering the DMR within the HKR1 gene’s promoter region analyzed by bisulfite cloning

sequencing. Functional elements predicted for nine human cell lines, identified through chromatin

immunoprecipitation (ChIP) combined with massively parallel DNA sequencing, are displayed

in the middle of the graph. The track was obtained from chromatin state segmentation by HMM
from ENCODE/Broad track, shown in the UCSC Genome Browser. At the bottom, the CpG island
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is represented by a green box, the DMR by an orange box, and the amplicon spanning the DMR is
represented in yellow. (b) HKR1 cfDNA methylation levels measured by pyrosequencing. Box plot
charts display the methylation levels for individual CpG sites within the amplicon and the average
levels between patients with Alzheimer’s disease (AD) and controls. Horizontal lines represent me-
dian methylation values and interquartile range for each group. * p-value < 0.05; *** p-value < 0.001
(Student’s t test). (c) Representative examples of bisulfite cloning sequencing validation for the ampli-
con containing the CpG are shown. Black and white circles denote methylated and unmethylated
cytosines, respectively. Each column symbolizes a unique CpG site in the examined amplicon and
each line represents an individual DNA clone. CpG—cytosine guanine dinucleotide.

Overall results of this orthogonal validation are detailed in Supplementary Materials:
Table S6.

3. Discussion

The aim of this study was to identify differential methylation signatures in plasma
cfDNA as a potential non-invasive source of epigenetic biomarkers for patients with AD.
We hereby demonstrate that cfDNA can be efficiently isolated from plasma through liquid
biopsy procedures and used to identify methylation differences between patients with AD
and cognitively healthy controls. Specific cfDNA methylation differences seem to be APOE
4 genotype-related. In particular, four DMRs were found in APOE &4 non-carriers when
comparing AD versus control subjects.

Methodologies to analyze cfDNA in biological fluids are greatly technologically de-
manding in terms of sensitivity, given the low levels of cfDNA (typically around 10 ng/mL).
In neurological disorders, this challenge is compounded by the low relative abundance of
the expected brain-derived fraction among the background cfDNA [27]. A way to achieve
higher starting amounts of cfDNA could be by drawing larger volumes of plasma; however,
there should be a plasma volume limitation for this technique to be transferable to neuro-
logical clinical practice in the near future, if differences in DNA methylation are intended
to be used as biomarkers. Another approach could involve sample pooling techniques to
increase the available starting material when using cfDNA, as previously suggested [36].
However, this approach only yields average methylation values. Additionally, cfDNA
appears at higher levels in certain pathological conditions, such as cancer, trauma, stroke,
autoimmune disorders, or insufficient renal clearance [37]. In this regard, we used as an
exclusion criterion, for both controls and patients with AD, the co-existence of another
pathological condition that could potentially overestimate plasma AD-related cfDNA con-
centrations. In our study cohort, we obtained cfDNA from the plasma of all patients with
AD and the controls. Nevertheless, we did not find a significant increase in total plasma
cfDNA levels in patients with AD compared with the controls in our cohort, which adds
evidence in this regard, since previous studies showed conflicting results in terms of these
differences [38,39]. This could be explained by the low relative abundance of the expected
brain-derived cfDNA within the background cfDNA, making it challenging to detect any
increase in the concentration of the brain-derived fraction in the total cfDNA.

A critical aspect for cfDNA analysis involves preanalytical factors, such as the type
of collection tube, sample centrifugation protocol, and cfDNA extraction method [40].
Although commercial kit manufacturers usually claim efficient isolation of pure high quality
cfDNA, this study highlights the significant impact of non-sized cfDNA carryover [41,42].
Non-sized cfDNA contamination often goes unnoticed when employing common cfDNA
quantification methods, such as fluorometric techniques, which cannot distinguish between
cfDNA and genomic DNA (gDNA) [42]. Our findings indicate that approximately half of
the samples contained non-sized cfDNA carryover. Nevertheless, the presence of non-sized
cfDNA did not significantly differ between patients with AD and the controls in our study
cohort. Given that non-sized ¢fDNA was identified as a major source of variability in the
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surrogate variable analysis, we decided to adjust our statistical models to account for this
variable as a latent source of noise.

Several research groups have conducted epigenome-wide studies on cfDNA from
patients with AD using various methods, including targeted bisulfite sequencing [43],
high throughput sequencing to map 5-hydroxymethylcytosine (shmC) as another widely
used epigenetic marker [44], and even EPIC array technology [45,46]. In recent years, the
llumina Infinium® MethylationEPIC BeadChip array has emerged as a widely used and
accessible option. Similar to whole genome bisulfite sequencing (WGBS), this technology
utilizes sodium bisulfite DNA conversion, followed by single-base resolution genotyping
of specific CpG sites through microarray probes. The EPIC platform stands out for its
efficiency, affordability, and consistency with DNA methylation results obtained from other
methods [47].

In our cohort, and using this microarray technology, we found no significant DMPs
associated with AD condition in cfDNA after applying a FDR < 0.05 correction. This finding
aligns with previous epigenome studies performed on cfDNA [44,48]. Other than technical
factors and analysis methodologies, bioinformatics filtering thresholds could represent a
major source of discordance between assays. A recent paper by Bahado Singh et al. [45]
reported significant differences in cfDNA between patients with AD and controls after FDR
correction employing EPIC array technology and artificial intelligence algorithms for data
analysis. However, in their study, only about 41% of the total probes assayed by the EPIC
array passed quality control, whereas in our study, up to 86% of the overall probes were
included in the subsequent differential methylation analysis. Another strategy employed
by the same group was to focus bioinformatic data analysis on a specific subset of CpGs
among all methylation sites across the genome, in this case, the methylation in cytochrome
p450 (CYP) genes [46].

However, the analysis identified an interesting set of 102 differential cfDNA methyla-
tion marks at a nominal significance level. Among these methylation marks, hypomethyla-
tion in AD cases compared with controls was overrepresented. Regarding genomic location,
these differential cfDNA methylation marks were predominantly localized in CpG islands
and shores, concordant with previous findings in genomic DNA in patients with AD [17].
Moreover, we found strong correlations between the ten top-ranked nominally significant
probes in our dataset and main cognitive and functional status indicators (MMSE and GDS),
along with mild correlations with AD biomarkers in CSF and blood, such as A342/A(340
ratio and pTaul81 levels, respectively.

In the functional interpretation of results, IPA provides a comprehensive visualiza-
tion of how a gene dataset impacts a pathway, presenting it as a network to enhance the
understanding of the findings. The most significant upstream regulator identified the
SPTBN4 gene, with ANK3 being its main target molecule in our dataset. SPTBN4 encodes
for spectrin 3 non-erythrocytic 4 and, along with ANK3, a member of the ankyrin fam-
ily, forms part of the axon initial segment [49]. The spectrin/ankyrin complex links the
cytoskeleton and voltage gated channels, which are crucial for regulating neuronal polarity
and synapsis [50]. Interestingly, Sanchez Mut et al. reported hypermethylation of SPTBN4
in the frontal cortex of human patients with AD [51]. Also remarkable is the presence of
APOE &4 among this gene list, interacting again with ANK3 and with ADGRBI1 (adhesion G
protein-coupled receptor Bl, brain-specific angiogenesis inhibitor, BAI1), which mediates
hippocampal spatial learning and memory [52].

To the best of our knowledge, this is the first APOE e4-stratified study conducted with
the Infinium EPIC array on cfDNA obtained from patients with AD. The APOE &4 genotype
is widely recognized as an important risk factor for AD and may affect the progression of the
disease, potentially influencing the status of AD-associated DNA methylation marks [21].
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Therefore, we decided to further include the APOE &4 genotype into our linear models
to analyze its contribution to the cf DNA methylation differences observed in this study.
When stratifying patients with AD and controls based on the presence of the APOE ¢4
genotype, we observed a substantial increase in differentially methylated positions by
10%. This finding aligns with previous methylation studies that have demonstrated clear
and significant different methylation marks between patients with AD and controls when
stratifying by the APOE ¢4 genotype [34,53,54]. However, further research is required to
clarify the mechanisms that connect DNA methylation with the presence of the ¢4 allele.

Nevertheless, the most significant differences were found when exploring results
at a regional level, probably because position level differences are often too subtle to be
detectable [19]. In this regard, we identified several cfDNA methylation differences in
regions associated with genes known to be important in AD. For instance, we found a
hypermethylated region in AD APOE €4 non-carriers annotated to the SLCO2A1 gene
(solute carrier organic anion transporter family member 2A1). This gene encodes for
prostaglandin transporter, which is reported to be localized in neurons, microglia, and
astrocytes, and is poorly expressed in the AD human brain. This transporter has been
suggested as a possible modulator of prostaglandin-driven neuroinflammation linked
to AD [55]. In addition, we detected a hypomethylated region in AD APOE ¢4 carriers
spanning the DNMT3B gene, which encodes DNA methyltransferase 3 B, an enzyme that
catalyzes de novo DNA methylation in mammalian cells [56]. It would be interesting
to check whether DNMT3B hypomethylation identified in AD APOE ¢4 carriers may be
related to the higher expression of these DNA methyltransferases with increasing age [57].
This deregulation in DNMT-mediated de novo methylation due to its own methylation
state may help to explain the AD epigenetic misbalance [58]. Notably, we identified this
DMR when comparing AD APOE &4 carriers with control APOE €4 non-carriers. The
association between DNMT3B deregulation and the APOE &4 genotype has been previously
addressed, indicating synergistic effects on AD onset [59]. However, studies elsewhere have
found no significant correlation between DNMT3B methylation and APOE &4 status [60].
These findings within our dataset may help to uncover new underlying molecular changes
associated with AD pathology.

Liquid biopsy has emerged as a non-invasive tool for reflecting molecular changes
occurring in tissues. Interestingly, we observed how some of the AD-related regional
changes identified in plasma cfDNA in our study cohort were consistent with changes
previously reported in other studies performed on brain samples (Table 7). In particular,
several DMRs identified in this study were associated with genes previously reported
as differentially methylated in the hippocampus of patients with AD, such as HKR1 and
ATG16L2. The HKR1 gene (ZNF875, zinc finger protein 875) gene is a transcriptional
regulator, and its methylation levels have been proposed as an aging biomarker [61]. In
this study, we observed that HKR1 methylation changes remained significant in patients
with AD after adjusting for age, which may indicate underlying age-related epigenetic
changes contributing to neurodegeneration in AD [62,63]. Moreover, both HKR1 and
ATG16L2 methylation levels were found to correlate significantly with pTau burden in the
AD hippocampus [16]. In this respect, we found no correlation between cfDNA methylation
levels of these DMRs and tTau/pTaul81 and pTaul81 as surrogate biomarkers for Tau
deposition in CSF and blood, respectively.

Our study adds evidence to using cfDNA to characterize methylation changes in
neurological diseases, such as AD. Plasma cfDNA emerges as a novel source of epigenetic
biomarker that may help to improve AD diagnosis in the clinical setting. Precision medicine
based on liquid biopsy procedures is an innovative approach that merits further research.
Validation of these candidate biomarkers in larger and multicentric cohorts will contribute
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to the design of panels of composite biomarkers from different origins that may significantly
improve clinical tools in the dementia field. In this respect, ultra-sensitive technologies such
as droplet digital PCR (ddPCR) have great potential for the validation of these candidate
biomarkers in plasma cfDNA [64].

Limitations

The primary limitations of our study are those related to the nature of the cfDNA. In
this work we have demonstrated that non-sized cfDNA carryover in standard cfDNA isola-
tion protocols can go unnoticed, which should be considered when analyzing results [65].
A possible approach to overcome non-sized cfDNA carryover could be the further use
of methods based on capillary electrophoresis to selectively elute DNA according to its
base pair length [66]. Future investigations should aim to validate these results across
larger diverse independent cohorts to definitively establish both the clinical utility and the
reproducibility of our findings.

4. Materials and Methods
4.1. Study Design

We conducted an observational case control study including 70 subjects (35 patients
with AD and 35 age- and sex-matched cognitively healthy controls) to identify c¢fDNA
methylation differences between patients with AD and controls by using liquid biopsy
procedures.

4.2. Subjects’ Characterization

Patients were prospectively enrolled from the dementia unit at the University Hospital
of Navarra (a tertiary hospital) between March 2019 and December 2021. AD was diagnosed
following the National Institute on Aging and Alzheimer’s Association (NIA-AA 2018)
guidelines [67]. The diagnosis was made by neurologists based on the patient’s medical
history, clinical examination, blood tests, neuropsychological assessments, and magnetic
resonance imaging (MRI) scans. Cognitive function was evaluated by the Mini-Mental
State Examination (MMSE) [68] and the Global Deterioration Scale (GDS) [69]. Healthy
controls were recruited from relatives and volunteers matched for age and sex, and with
no clinical signs of dementia or other neurodegenerative diseases, as confirmed through
clinical interviews and MMSE (score > 27). Given that cfDNA concentrations increase in
cancer stages [70], we exclusively enrolled controls and patients with AD who had not
experienced any tumor disease within, at least, the last five years. This study was approved
by the ethics committee, and all participants provided written informed consent prior to
their involvement.

The sample size was calculated to provide 80% statistical power to detect a mini-
mum significant difference of 10% in cfDNA methylation levels between AD cases and
controls. It was assumed that both distributions followed a normal pattern with equal
variance (o = 0.15) and that an independent samples ¢ test would be applied at a two-sided
significance level of « = 0.05. Based on these parameters, the necessary sample size was
determined to be 35 patients with AD and 35 controls, using the epiR library of the R
statistical package (v.4.0.2) [71].

4.3. Blood and Cerebrospinal Fluid (CSF) Samples

Peripheral blood samples were obtained from each participant by venipuncture into
10 mL PAXgene® Blood DNA Tubes (QIAGEN, Redwood City, CA, USA), which contained
a leukocyte stabilizer to prevent contamination with genomic DNA. The collected samples
were centrifuged at 1900 x g at room temperature for 15 min within 1 h of collection. Plasma
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was then transferred to plastic tubes, subjected to a second centrifugation at maximum
speed, and stored at —80 °C until further analysis. For additional analysis, pTaul81 was
measured in additional EDTA plasma samples from both patients with AD and controls,
whenever these samples were available. This measurement was performed using the
commercially available pTaul81 V2 Advantage kit (Quanterix Corp, Billerica, MA, USA),
with single molecule array (Simoa) technology at Sant Pau Memory Unit’s laboratory
(Barcelona, Spain).

As part of their clinical diagnosis, 21 out of 35 patients with AD underwent lumbar
puncture for CSF biomarker testing to further classify their amyloid /tau/neurodegeneration
(ATN) profile [67]. CSF samples were collected by lumbar puncture, centrifuged at 2000 g
for 10 min at 4 °C within 4 h after collection, and the supernatants were aliquoted into
1.5 mL polypropylene tubes. These aliquots were stored at —80 °C until further use. A342,
Ap40, pTaul8l, and tTau in CSF were measured using a Lumipulse G600II instrument
(Fyjirebio, Ghent, Belgium), according to the manufacturer’s instructions.

4.4. ¢fDNA Isolation and Quantification

cfDNA was isolated from 2 mL plasma by using QIAmp Circulating Nucleic Acid
Kit (QIAGEN, Redwood City, CA, USA), following the manufacturer’s protocol. The
concentration of double-stranded cfDNA was quantified using a Qubit 2.0 Fluorometer
with the Qubit dsDNA HS Assay Kit (Thermo Fisher Scientific, Gilford, NH, USA), as per
the manufacturer’s guidelines. The amounts of cfDNA used for the methylation differential
analysis array were reported in nanograms (ng).

4.5. Characterization of cfDNA: Fragment Size Analysis

The purity and size distribution of cfDNA fragments were analyzed using the Frag-
ment AnalyzerTM Automated CE with ProSize software v. 3.0 (Agilent, Technologies, Inc.,
Santa Clara, CA, USA). This analysis was conducted with the DNF 477 HS Small Frag-
ment kit and the DNF 464 High Sensitivity Large Fragment 50 Kb Analysis Kit (Agilent),
following the manufacturer’s instructions.

4.6. Genome-Wide cfDNA Methylation Analysis

cfDNA from 70 plasma samples was treated with sodium bisulfite using the Zymo EZ
96 DNA methylation kit (Zymo Research, Irvine, CA, USA), following the manufacturer’s
protocol. Since cfDNA is highly fragmented, we treated our sample set with the Illumina
Infinium FFPE restoration kit (Illumina, San Diego, CA, USA) prior to methylation analysis
to protect the samples during the bisulfite conversion process, as previously described [72].

Subsequently, a methylome analysis was conducted on cfDNA samples using the
Tlumina Infinium® MethylationEPIC BeadChip microarray (850 K) and the Tllumina HiScan
System (Illumina). This approach allows for the quantitative detection of methylation levels
at over 850,000 CpG sites across the genome, including more than 90% of the sites covered
by the [llumina HumanMethylation450 BeadChip (Illumina) and over 300,000 methylation
sites in enhancer regions identified by the ENCODE and FANTOMS projects [47,73].

4.7. Array Data Preprocessing

The EPIC array methylation data were fully preprocessed using the minfi package
(v.1.32.0) [74] in the R software environment (v.4.0.2). After importing the IDAT files, methy-
lation data from sex chromosome probes were analyzed to verify the self-reported sex of the
participants. Additionally, SNP/ethnicity probes from the sesame package (v.1.4.0) [75] were
used to detect potential unwanted sources of variation. Samples that failed to meet the spec-
ified quality control criteria for intensity signals in both the methylated and unmethylated
channels were excluded.
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After completing the quality control steps, background noise signal was removed from
the intensity values using the ssNoob method [76] in minfi. The extracted (3 values were then
normalized using the 3 mixture quantile normalization (BMIQ) approach [77] implemented
in ChAMP (v.2.16.2) [78]. Furthermore, to avoid spurious methylation signals, probes were
filtered based on the following criteria: (a) having a detection p-value > 0.01 in any sample;
(b) being cross-reactive or multi-mapping probes [72,79]; (c) being located on sex chromo-
somes; and (d) containing SNPs with a minor allele frequency (MAF) > 0.01 at their CpG
or single base extension (SBE) sites (AbSNP v.147). Finally, experiment-specific conflicting
probes (n = 424) were identified using the clustered distribution approach implemented in
the gaphunter function [80] of the minfi package (threshold = 0.20, outCutoff = 5/63) and
were removed from subsequent analysis. The final number of probes that passed all filters
for differential methylation analyses was 747,200 (Supplementary Materials: Figure S5).

4.8. ¢fDNA Cell-Type Deconvolution

The Houseman algorithm [81] implemented in the ENmix package (v.1.28.2) [82] and
the FlowSorted.Blood. EPIC reference dataset [83] were used to estimate blood cell type
composition from DNA methylation data. Moreover, the deconvolution algorithm and the
reference atlas of Moss et al. [72] were applied to our methylome array data using Python
software (v. 3.8.13) to reveal the tissular and cellular origins of cfDNA.

4.9. Surrogate Variable Analysis

Surrogate variable analysis was performed using the sva package (v.3.36.0) [84] in
order to identify the main sources of variation in the high-dimensional data of EPIC array
methylation. The surrogate variables identified by the Be method were then correlated
with the clinicopathological features of the study participants.

4.10. Probe-Level Differential Methylation Analyses

Differentially methylated positions (DMPs) between patients with AD and controls
were identified through the application of linear regression models, defined in the limma
package (v.3.44.3) [85]. M-values were selected as the dependent variable in the models,
since this logit transformation of methylation -values achieves greater homoscedasticity
for statistical inference [86]. Based on the results of the surrogate variable analysis, all
models included the following fixed covariates: sex, age, percentage of non-sized cfDNA,
batch effects (array position), and cell-type composition obtained from deconvolution
analyses. Finally, empirical Bayes moderated t tests allowed us to perform contrasts
to define DMPs, with p-values adjusted for multiple comparisons using the Benjamini—
Hochberg method (FDR < 0.05). Differential enrichment of DMPs in relation to their
genomic distribution was assessed using hypergeometric tests.

4.11. Region-Level Differential Methylation Analyses

To detect differentially methylated regions (DMRs), the limma p-values were fed in the
comb p function [87] of the ENmix package (v.1.28.2) [82] using the default parameters. This
method allowed the detection of spatially related CpG sites with statistical significance.
The initial regions were first selected under an FDR < 0.05, and subsequently, the final
DMRs were defined applying a Sidak corrected p-value threshold of < 0.05.

4.12. Probe Annotation

The IlTuminaHumanMethylationEPICanno.ilm10b4.hg19 package (v.0.6.0) was used to
assign each probe to its corresponding location within CpG islands (CGIs) and genes.
For the annotation of regions, the probes belonging to each region were first individually
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annotated, as described above. A single annotation was then assigned to each region
according to the following criteria:

(1) for CGI status, “Island” > “N_Shore” > “S_Shore” > “N_Shelf” > “S_Shelf” >
“OpenSea”; and (2) for gene locations, “TSS1500” > “TSS200” > “5'UTR” > “1stExon” >
“Body” > “3'UTR” > “Intergenic”.

4.13. Functional In Silico Analysis of DMPs

We employed ingenuity pathway analysis (IPA) software (v.23.0) from Ingenuity
Systems® (QIAGEN, Redwood City, CA, USA) to further explore the biological significance
of AD-related DMPs by means of causal analytics algorithms [33]. Using this tool, we
were able to identify the biological functions and diseases most significantly related to
the differentially methylated genes in our dataset. The p-value was calculated using
Fisher’s exact test. Additionally, the upstream regulator analysis was utilized to identify
upstream molecules that potentially regulate the differentially methylated genes within
our dataset and to construct gene networks. Simultaneously, we conducted a systematic
manual annotation using PubMed to determine whether the differentially methylated genes
identified in patients with AD were particularly enriched in brain functions, as previously
described [16].

4.14. Orthogonal Validation

Furthermore, pyrosequencing and bisulfite cloning sequencing techniques were per-
formed to validate the methylation results obtained from the microarray analysis. Briefly,
the EpiTect Bisulfite Kit (QIAGEN, Redwood City, CA, USA) was used to convert 200 ng of
extracted cfDNA from each sample with sodium bisulfite according to the manufacturer’s
instructions.

For pyrosequencing, primers were designed with PyroMark Assay Design version
2.0.1.15 (QIAGEN, Redwood City, CA, USA), and PCR amplifications were carried out
on a VeritiTM Thermal Cycler (Applied Biosystems, Foster City, CA, USA). Next, the
biotinylated PCR product was captured with streptavidin-coated Sepharose beads and the
sequencing primer was annealed to cfDNA strands. Pyrosequencing was carried out using
PyroMark Gold Q96 reagents (QITAGEN) on a PyroMark™ Q96 ID System (QIAGEN). For
each CpG studied within the amplicon (CpG1-CpG4), methylation levels were expressed
as the percentage of methylated cytosines relative to the total cytosines. The EpiTect PCR
Control DNA Set (QIAGEN) was used as fully methylated and unmethylated DNA controls
for the pyrosequencing assay.

For bisulfite cloning sequencing, the MethPrimer tool was used to design primer pair
sequences [88]. PCR products were cloned using the TopoTA Cloning System (Invitro-
gen, Carlsbad, CA, USA), and at least 12 independent clones were sequenced by Sanger
sequencing for each individual and region studied. Methylation data and graphs were
obtained using QUMA software (v1.1.13) [89]. The primers used for both pyrosequencing
and bisulfite cloning sequencing are provided in Supplementary Materials: Table S7.

5. Conclusions

In summary, our study demonstrates that cfDNA is present in the plasma of patients
with AD and can be readily isolated during their lifetime. We identified 102 differentially
methylated positions (DMPs) associated with AD, with up to 80% showing correlations
with cognitive performance and up to 35% with established AD biomarkers. Functional
analyses linked 30 DMPs to neurological processes, pinpointing critical regulators such
as SPTBN4 and the APOE gene. Additionally, APOE e4-stratified analysis revealed six
differentially methylated regions (DMRs) associated with genes previously implicated in
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epigenetic alterations in AD, including HKR1, ZNF154, HOXAS, TRIM40, ATG16L2, and
ADAMST?. These findings provide valuable insights into the epigenetic landscape of AD
and underscore the potential of cfDNA as a biomarker for advancing our understanding of
the disease. The availability of blood sampling makes the analysis of epigenetic alterations
in cfDNA a promising source of biomarkers in AD to be used in the practice of person-
alized medicine, with potential applications in identifying biomarkers, guiding targeted
therapies, assessing disease risk, and linking environmental and genetic factors to optimize
individualized healthcare for patients with AD. Some candidate epigenetic biomarkers
seem to be related to the APOE genotype. Exploring the potential of liquid biopsy can
enhance our understanding of this complex disorder. Moreover, this study highlights the
critical importance of preanalytical factors, bioinformatics workflows, and thresholds when
analyzing the c¢fDNA from an epigenome-wide perspective.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/ijms26073419/s1.
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Abbreviations

The following abbreviations are used in this manuscript:

AD Alzheimer’s disease

APOE  Apolipoprotein E

cfDNA  Cell-free DNA

CpG Cytosine guanine dinucleotide
CSF Cerebrospinal fluid

DMP Differential methylated position
DMR Differential methylated region
GDS Global Deterioration Scale
LOAD  Late-onset Alzheimer’s disease
MMSE  Mini-Mental State Examination
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