Jin et al. Cell & Bioscience (2025) 15:26 Cell & Bioscience
https://doi.org/10.1186/513578-025-01366-1

RESEARCH Open Access
®

Whole-genome bisulfite sequencing of cell-
free DNA unveils age-dependent and ALS-
associated methylation alterations

Yulin Jin', Karen N Conneely', Wenjing Ma?, Robert K. Naviaux®, Teepu Siddique®, Emily G. Allen', Sandra Guingrich®,
Robert M. Pascuzzi® and Peng Jin""

Abstract

Background Cell-free DNA (cfDNA) in plasma carries epigenetic signatures specific to tissue or cell of origin.
Aberrant methylation patterns in circulating cfDNA have emerged as valuable tools for noninvasive cancer detection,
prenatal diagnostics, and organ transplant assessment. Such epigenetic changes also hold significant promise for
the diagnosis of neurodegenerative diseases, which often progresses slowly and has a lengthy asymptomatic period.
However, genome-wide cfDNA methylation changes in neurodegenerative diseases remain poorly understood.

Results We used whole-genome bisulfite sequencing (WGBS) to profile age-dependent and ALS-associated
methylation signatures in cfDNA from 30 individuals, including young and middle-aged controls, as well as ALS
patients with matched controls. We identified 5,223 age-related differentially methylated loci (DMLs) (FDR < 0.05),
with 51.6% showing hypomethylation in older individuals. Our results significantly overlapped with age-associated
CpGs identified in a large blood-based epigenome-wide association study (EWAS). Comparing ALS patients to
controls, we detected 1,045 differentially methylated regions (DMRs) in gene bodies, promoters, and intergenic
regions. Notably, these DMRs were linked to key ALS-associated pathways, including endocytosis and cell adhesion.
Integration with spinal cord transcriptomics revealed that 31% of DMR-associated genes exhibited differential
expression in ALS patients compared to controls, with over 20 genes significantly correlating with disease duration.
Furthermore, comparison with published single-nucleus RNA sequencing (snRNA-Seq) data of ALS demonstrated that
cfDNA methylation changes reflects cell-type-specific gene dysregulation in the brain of ALS patients, particularly in
excitatory neurons and astrocytes. Deconvolution of cfDNA methylation profiles suggested altered proportions of
immune and liver-derived cfDNA in ALS patients.

Conclusions cfDNA methylation is a powerful tool for assessing age-related changes and ALS-specific molecular
dysregulation by revealing perturbed locus, genes, and the proportional contributions of different tissues/cells to
the plasma. This technigue holds promise for clinical application in biomarker discovery across a broad spectrum of
neurodegenerative disorders.
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Background

Neurodegenerative diseases (NDD) are characterized
by the progressive loss of neuronal function, resulting
in symptoms such as impaired movement and cognitive
decline. Amyotrophic lateral sclerosis (ALS) is a rare and
severe neurodegenerative disorder that primarily affects
motor neurons in the brain and spinal cord. This neu-
ronal degeneration leads to muscle weakness, paralysis,
and ultimately, respiratory failure, while cognitive func-
tion is typically preserved until the later stages. Approxi-
mately 5-10% of ALS cases are familial (FALS) and are
linked to genetic mutations, such as the hexanucleotide
repeat expansion in the C9ORF72 gene [1, 2]. However,
the majority of cases are sporadic (SALS), with polygenic
and multifactorial etiologies.

Patients who develop ALS often experience diagnostic
delays. The main challenge lies in its non-specific symp-
toms during the initial stages, frequently overlapping
with other pathological conditions. As the disease pro-
gresses, the degeneration of neurons and motor impair-
ments become more complex, making it more difficult
to distinguish between different ALS phenotypes [3].
Currently, there are no definitive biomarkers or reliable
blood tests for ALS, making it difficult to detect the dis-
ease before significant neuronal damage has occurred
[3]. Although cerebrospinal fluid (CSF) analysis via lum-
bar puncture can aid in early detection, the procedure
is invasive, uncomfortable, and potentially risky. There-
fore, there is a critical need for non-invasive and accu-
rate diagnostic methods that enable earlier detection and
more efficient clinical trial evaluations [4].

Cell-free DNA (cfDNA), obtainable through non-inva-
sive blood sampling, offers a potential solution to these
diagnostic challenges. cfDNA consists of short nucleic
acid fragments (usually 160-180 bp) released into the
bloodstream from dying cells due to normal turnover or
pathological conditions. While most cfDNA molecules
derive from blood cells, elevated levels of disease-asso-
ciated cfDNA fragments from the affected tissue or cell
types are often detectable in circulation [5]. Currently,
cfDNA is increasingly recognized as a promising bio-
marker in various fields, including early cancer detection
[6-9], fetal genetic abnormality identification [10-13],
prenatal diagnostics [14—16], infectious disease screen-
ing [17-19], and organ transplantation assessment [20—
22]. However, its potential in neurodegenerative diseases
remains largely unexplored.

Research into nongenetic signatures of cfDNA has
advanced our understanding of the biology of circulating
DNA and broadened its diagnostic applications beyond
genetic markers alone. In particular, DNA methylation’s
tissue- and cell-type-specific nature makes cfDNA an
informative tool for tracing the origins of cell death [5,
23]. During ALS pathogenesis, DNA methylation exhibits
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dynamic alterations and is influenced by genetic fac-
tors and environmental stimuli [24]. Many studies have
reported aberrant DNA methylation patterns in CNS
tissues and whole blood from ALS patients [25-31].
Despite these insights, the ¢cfDNA methylome in ALS
remains largely uncharacterized. A direct comparison of
the cfDNA methylation profiles between ALS patients
and healthy controls could provide valuable insights into
the development of biomarkers for this disease.

DNA methylation plays an important role in regulat-
ing gene expression and genomic architecture. The rapid
advancement of single-cell technologies has provided
comprehensive reference maps for cell type-specific gene
regulation in the CNS tissues of ALS [32, 33]. Correlat-
ing cfDNA methylation signatures with these maps could
facilitate biomarker development, particularly in neuro-
degenerative disorders with limited access to brain tis-
sue. Furthermore, cfDNA methylation profiling requires
only a small amount of DNA, and recent technological
advances have made it possible to identify methylation
biomarkers using high-throughput approaches reliably.
These characteristics make cfDNA methylation an attrac-
tive tool for biomarker development in ALS and other
NDDs.

To address these limitations, we employed whole-
genome bisulfite sequencing(WGBS) to analyze cfDNA
methylation in healthy individuals across various age
groups and ALS patients. We identified age-related
DMLs in c¢fDNA and compared these DMLs to age-
related CpG sites detected in a large epigenome-wide
association study (EWAS) using blood samples [34]. In
ALS cohorts, we characterized the ¢cfDNA methylome
and determined differentially methylated regions (DMRs)
in cfDNA between ALS and control subjects. We investi-
gated the correlation of these DMRs with gene dysregula-
tion in ALS patient-derived CNS tissues at both the bulk
and cellular levels. Additionally, we assessed whether
age-associated CpGs identified from cfDNA were more
likely to overlap with ALS-associated DMRs than other
CpGs. Finally, we performed a deconvolution analysis to
determine the contributions of various tissues and cell
types to the cfDNA pools. Through this comprehensive
analysis of epigenetic signatures in cfDNA, our study
demonstrates that cfDNA-derived DMRs can reflect both
age-related epigenetic changes and gene dysregulation
signatures in ALS-affected CNS tissues, offering valuable
insights for biomarker discovery across a broad spectrum
of neurodegenerative disorders.

Methods

Study subjects

Plasma samples from 10 ALS patients and 8 healthy
controls were obtained with informed consent through
the Indiana University School of Medicine IRB Project#
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2,009,735,565 and processed through the Mitochondrial
and Metabolic Disease Center (MMDC) at the University
of California, San Diego, IRB Project #140,072. Addition-
ally, 30 healthy young and middle-aged participants were
recruited with informed consent, and the study received
approval at Emory University and Northwestern Univer-
sity, respectively. The datasets used in this study are sum-
marized in detail in Supplementary Table 1.

Blood processing and cfDNA extraction

For each subject, 4 ml peripheral blood was collected
using EDTA-containing tubes, and the blood was centri-
fuged at 1600 g, 4 °C for 15 min, then the plasma por-
tion was harvested and re-recentrifuged at 13,000 g, 4 °C
for 15 min to remove blood cells. Plasma samples were
stored at -80 °C until further usage. Circulating cfDNA
was extracted from 600ul of plasma using the QIAamp
MinElute ccfDNA Midi Kit (Qiagen #55284). Briefly,
35 pL proteinase K solution and 18 pL Magnetic Bead
Suspension were added to the plasma. Nest, 90ul Bead
Binding Buffer was added to the mixture and incubated
at room temperature for 15 min with gentle shaking
end-over-end. Following magnetic separation, the super-
natant was discarded, and the magnetic beads were incu-
bated with 200 pL of Bead Elution Buffer for 5 min on
a thermomixer at room temperature and 300 rpm, then
placed on the magnetic separation rack. The supernatant
was transferred to a new Bead Elution Tube, mixed with
300 uL of Buffer ACB, and applied to a QIAamp UCP
MinElute Column, followed by centrifugation at 6000 x
g for 1 min. The column was then washed with 500 pL of
ACW?2 buffer and incubated at 56 °C for 3 min with the
lid open. Finally, cfDNA was eluted with 15 pL of Nucle-
ase-Free Water (Ambion #AM9938) and quantified using
the Qubit dsDNA HS Assay Kit (Invitrogen #Q32851) on
a Qubit 3 Fluorometer.

WGBS library preparation and sequencing

The EZ DNA Methylation Gold kit (Zymo Research
#D5005) was used for sodium bisulfite conversion prior
to library preparation. The Accel-NGS Methyl-Seq (Swift
BioSciences #30024) kit was used for library preparation
according to the manufacturer’s protocols. Post-library
QC was performed with the Qubit dsDNA High Sensi-
tivity fluorometric assay (Invitrogen #Q32854) and Bio-
Analyzer DNA 1000 chips (Agilent #5067 — 1504). Paired
end sequencing (2 x 150) was performed on an Illumina
NovaSeq 6000 System (Illumina). A PhiX library was
spiked in at 25% for each sequencing library.

WGBS data processing

All our WGBS data were processed according to
the ENCODE consortium guidelines (Nature 2012,
ENCODE Project). Quality of the fastq files was assessed
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using FastQC (v0.11.9). Adaptors were trimmed from the
paired end fastq files using Trimmomatic (v0.39) [35].
Ten basepairs were trimmed from the beginning of both
R1 and R2 using Cutadapt v2.10 to eliminate any arti-
fictual cytosine methylation introduced because of fill-
ing in overhangs during end repair steps and low-quality
bases due to bisulfite treatment. The processed reads
were aligned to the human genome (hg19), deduplicated,
examined for coverage, and extracted to CG count matrix
using Bismark v0.19.0 [36]. Briefly, reference sequences
were converted to map both cytosine and thymine. The
mapping of WGBS libraries was performed with the
bismark module followed by duplication removal using
deduplicate_bismark. Methylation calling was processed
using a module called Methylation Extractor. The mod-
ules of bismark2bedGraph and coverage2cytosine were
used to extract CpG sites and estimate their methylation
levels. Genome-wide methylation levels were estimated
as the weighted methylation level of all mCG.

DMR calling and annotation

DMLs and DMRs were called by utilizing the package
DSS [37]. First, the DMLtest function was used to per-
form tests for differential methylation between groups
for all CpG sites with smoothing, and DMLs were identi-
fied using the callDML function. The difference in mean
methylation level between the ALS and control was com-
puted and significance of this difference was assessed
using a Wald test at each CpG site that incorporates a
shrunken dispersion estimate that borrows information
across the genome. DMLs were identified as those CpG
sites with FDR<0.05. Finally, the callDMR function was
used to call DMRs at P-value less than 0.05, with the fol-
lowing criteria: each DMR has minimum length of 50 bp
and included at least 4 DMLs. Next, DMRs were assigned
to a given genomic feature using package Annotatr [38]
in R. The enrichment of DMRs was calculated by the fold
change between the percentage of DMRs located in dif-
ferent genetic features and the expected genomic length
percentages. The expected values were determined by the
genomic space occupied by the genomic features associ-
ated with DMRs by chance. For intergenic features, the
associated areas were summed to obtain the length of
genomic space. For other genomic features, the length of
each feature was summed based on the obtained annota-
tion information.

We used the getMeth function from the package
BSseq v1.28.0 in R to calculate the average methylation
levels for these obtained DMRs across all the samples.
Heatmaps were generated using the pheatmap function
from the pheatmap v1.0.10 package in R, with columns
representing samples and rows representing DMRs, to
illustrate the methylation level changes across different
sample groups. Gene ontology (GO) analyses for genes
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associated with identified DMRs were performed using
the DAVID (The Database for Annotation, Visualization
and Integrated Discovery) tool [39].

Plasma DNA methylation deconvolution

Deconvolution analysis of plasma DNA tissue mapping
was performed by using cfDNAmethy (quadratic pro-
gramming (QP) algorithm) as described in Feng et al. [40]
(https://github.com/haoharryfeng/cfDNAmethy). Briefly,
the reference-panel of tissue-specific methylation mark-
ers from 14 different tissues were obtained from a pre-
vious study [41], including liver, lungs, esophagus, heart,
pancreas, colon, small intestines, adipose tissues, adrenal
glands, brain, and T cells, B cells, neutrophils, and pla-
centa. Type I markers (1 =1013) refer to any genomic loci
with methylation densities that are significantly different
in one tissue compared with the mean level of other tis-
sue types, while Type II markers (n=4,807) are genomic
loci that demonstrate highly variable methylation den-
sities across all tissue types [41]. QP was applied on the
methylation data of ALS cohort and reference panel to
estimate tissue proportions for each subject.

Metagene analysis

DNA methylation profiles around gene bodies were cal-
culated and plotted by deepTools2 [42]. First, we used
WiggleTools [43] to average the DNA methylation per-
centages of two replicates for each neuronal type. Then,
the computeMatrix module from deepTools2 with scale-
regions parameter was used to calculate the average
scores for a specific input gene set between upstream
(-10Kb) TSS (Transcription Start Site) and TES (Tran-
scription End Site) downstream (+ 10Kb) regions. Next,
based on the calculated scores, the plotProfile mod-
ule was used to plot out the DNA methylation profiles
around the given gene bodies.

Results

Age-dependent methylation signature in cfDNA

A total of 30 individuals were included in our study
(Fig. 1; Supplementary Table 1), and WGBS provided
an average of 24.1 million CpG sites per sample. Age-
related DNA methylation changes are a normal part of
the aging process, such changes could also influence the
onset and progression of neurodegenerative diseases like
ALS. To investigate age-related differential methylation
in cfDNA, we analyzed cfDNA samples from 12 control
subjects, comparing five young adults (16-23 years) and
seven middle-aged adults (36—63 years). The estimation
of genome-wide CpG methylation levels revealed an
average of 82.9% in the young group and 82.2% for aged
individuals (Fig. 2A). A total of 27.5 million CpG sites
were assessed, revealing 5,223 differentially methylated
loci (DML) between the two age groups at FDR<0.05
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(Fig. 2B-C; Supplementary Table 2). Among these, 2,708
CpGs (51.6%) showed decreased methylation in older
individuals. Most DMLs were located in intergenic and
intronic regions, with ~8% found in regulatory regions,
while approximately 8% were found in regulatory regions
(Fig. 2D). Annotation and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway analysis revealed that
these age-related CpGs in cfDNA were linked to genes
involved in cytoskeletal organization in muscle cells,
axon guidance, and the calcium signaling pathways
(Fig. 2E). Additionally, 632,386 CpGs were identified as
differentially methylated at P<0.05 (Fig. 2B).

We then compared our DMLs to age-related CpG
sites identified in a large EWAS covering over 18,000
blood samples [34]. Of the 751,318 loci present in both
datasets, we found significant overlap (n=3,947 CpGs,
OR=2.39, P<22x107") between CpGs with P<0.05
in our study and CpGs with Bonferroni significance
(P<3.6x1078) in the EWAS dataset (Table 1). Moreover,
CpGs with P<0.05 in our study demonstrated greater-
than-expected directional concordance with the EWAS
findings (OR=1.75, P<22x107' Table 1). However,
among those 5,223 DML with FDR<0.05 identified in
our study, only 7 loci were present in the EWAS blood
dataset, with no significant enrichment observed at these
sites due to limited statistical power.

Characterization of cfDNA-derived DNA methylation
landscapes in ALS
In parallel, we examined cfDNA methylation profiles
in a cohort of 10 ALS patients and 8 healthy individu-
als. All the participants are male, with an average age
of 60 in both groups (Supplementary Fig. 1A; Supple-
mentary Table 1). Global CpG methylation levels were
similar between ALS patients and control individuals,
averaging 83% across all samples (Fig. 3A). Metagene
analysis revealed that c¢fDNA fragments from WGBS
were enriched in coding and intergenic regions but
were significantly depleted around transcription start
sites (TSS) (Fig. 3B). We then examined local genomic
regions exhibiting differential CpG methylation levels in
cfDNA. A total of 1,045 DMRs were identified between
ALS patients and controls, ranging from 51 to 2,955 base
pairs in size (P-value <0.05, methylation difference >0.1)
(Fig. 3C; Supplementary Table 3). A slightly higher num-
ber of DMRs were hypomethylated (564) compared to
hypermethylated (481), with DMRs consistently distrib-
uted across all chromosomes (Supplementary Fig. 1B).
The full landscape of these DMRs is illustrated by a heat-
map (Fig. 3C), and as expected, the methylation signa-
tures of these DMRs clearly distinguished ALS patients
from control subjects.

Genomic annotation revealed that ALS-related DMRs
were located within gene bodies, promoters, and distal
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Fig. 1 Overview of study workflow utilizing genome-wide methylation analysis of plasma-derived cfDNA to identify age-related and ALS-
associated methylation signatures. Plasma samples were collected from 30 individuals, including healthy participants from various age groups, ALS
patients, and age- and gender-matched control subjects. Methylome profiling of cfDNA was conducted using WGBS on bisulfite-treated cfDNA. Age-
related and ALS-associated methylation signatures were identified through comprehensive bioinformatic analysis. Additionally, the correlation between
ALS-related methylation profiles and gene dysregulation in CNS tissues derived from ALS patients was investigated at both the bulk and single-cell levels.
A reference-based deconvolution analysis was performed to determine the tissue and cell-type origins of the cfDNA

intergenic areas (Fig. 3D; Supplementary Table 4), with
approximately 21% of DMRs are in CpG islands (Fig. 3E).
We found a higher proportion of hypermethylated
DMRs in promoter regions compared to hypomethyl-
ated DMRs. In contrast, the opposite trend was observed
in intergenic regions. Moreover, among the annotated
genomic features, DMRs located in the 5" UTR and pro-
moter regions exhibited the highest level of enrichment
compared to the expected value, particularly pronounced
among hypermethylated DMRs (Fig. 3F), highlighting
their potential regulatory roles.

To explore the functional implications of the observed
methylation changes in ¢fDNA of ALS, we conducted
GO and KEGG enrichment analyses on genes associated
with DMRs. As shown in Fig. 3G, methylation changes
in cfDNA were significantly associated with genes

involved in the cell-cell adhesion process and endocyto-
sis pathway (P-value <0.01). Notably, DMRs in promoter
regions were particularly enriched in the endocytosis
pathway (Supplementary Fig. 1C). Since ALS affects
multiple organ systems beyond the nervous system,
including muscle function, digestion, and respiration,
we also observed methylation changes in genes related
to muscle structure development, lung alveolus develop-
ment, and vocalization behavior. These findings indicate
that ¢fDNA methylation profiles may provide valuable
insights into the pathology of ALS. We also investigated
whether age-associated CpGs were more likely to over-
lap with ALS-associated DMRs compared to other CpGs.
Fisher’s exact test revealed a strong enrichment for ALS
DMRs (OR=5.8, P=1.094x 10~%) (Supplementary Table
5). Specifically, 15 age-associated CpGs were found to
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Table 1 Concordance in direction of shared CpG sites between ¢fDNA and the blood samples
# of shared CpG # Significant in citation Enrichment’ Direction in cfDNA Direction in Enrichment™
() (+)

FDR<0.05 7 1 OR=1.09 (-) 1 1 OR=0.71,
P=1 +) 3 p) P=1

P<0.05 14,986 3947 OR=239 (-) 4299 3020 OR=1.75,
P<22x107'° (+) 3441 4226 P<2.2e-16

(-): Sites showing significantly decreased methylation in older individuals

(+): Sites showing significantly increased methylation in older individuals

* Fisher’s exact test of whether there is greater-than-expected overlap between our differentially methylated sites and those identified in [34]

** Fisher's exact test of whether our differentially methylated sites show greater-than-expected directional concordance with those identified in [34]

overlap with ALS DMRs (), potentially representing criti-
cal loci where age-related epigenetic modifications inter-
sect with ALS pathophysiology.

Correlation of cfDNA methylation with spinal cord gene
expression in ALS
DNA methylation is known to regulate gene expression
in a tissue- and cell-specific manner in CNS [44-47].
The methylation patterns observed in cfDNA likely offer
valuable insights into the epigenetic regulation of genes
across various tissues [5, 48]. To explore this further, we
integrated ALS-related DMRs with bulk gene expression
data [49] from the spinal cord, a key site of ALS neurode-
generation, particularly affecting the motor neurons that
control voluntary muscle movement [50]. The site of ALS
onset is an important factor that can influence the distri-
bution of molecular changes across different spinal cord
segments. ALS typically begins in one region, such as the
cervical, thoracic, or lumbar spinal cord, and the disease
progression follows a rostrocaudal gradient, affecting dif-
ferent spinal cord regions over time [50]. Consequently,
variation in onset location may lead to differential distri-
butions of DEGs across spinal cord segments [49]. Our
analysis revealed that 31-33% of genes linked to these
DMRs showed differential expression across three spinal
cord segments (cervical, lumbar, and thoracic) in ALS
patients compared to controls (Fig. 4A; Supplementary
Tables 6-8). Specifically, we identified 229, 141, and 8
differentially expressed genes (DEGs) in the cervical,
lumbar, and thoracic regions, respectively. These genes
account for approximately 3% of the DEGs reported in
the referenced study. Violin plots of the log2 fold-change
(LEC) for these genes demonstrated a trend toward
downregulation, with median expression levels lower
in the spinal cords of ALS relative to controls (Fig. 4B).
KEGG pathway analysis of these overlapping genes high-
lighted their involvement in the endocytosis, tight junc-
tion, and adherens junction pathways (Fig. 4C-D).

In the same study, the expression of 745 and 39 genes
was significantly associated with ALS disease duration
(FDR<0.05) in the cervical and lumbar spinal cords,

respectively [49]. By overlapping these gene sets with
our list of DMR-linked genes, we identified 31 differen-
tially methylated genes correlated with ALS progression
(Fig. 4E; Supplementary Tables 9-10). This overlap sug-
gests that epigenetic modifications in these genes may
contribute to ALS progression. Among these, ARRB2
and CYBA were consistently associated with disease
duration in both spinal cord regions (Fig. 4F). ARRB2
encodes B-arrestin 2, which regulates various signaling
pathways, including those involved in cell survival and
apoptosis processes that are important in the pathophysi-
ology of neurodegenerative diseases, such as Alzheimer’s
disease (AD) [51, 52], frontotemporal dementia (FTD)
[53], and Parkinson’s disease (PD) [54]. CYBA, which
encodes the p22phox subunit of the NADPH oxidase
complex, is critical for generating reactive oxygen spe-
cies (ROS) and has been implicated in oxidative stress, a
known contributor to ALS pathology [55]. As shown in
Fig. 4F, the DMRs associated with these two genes were
hypermethylated in ALS patients compared to controls.
The DMR (472 bp, containing 40 CpG sites) associated
with ARRB2 is 1-5 kb away from its transcription start
site (TSS), suggesting that methylation changes in this
region could influence the downstream gene expression.
The DMR in CYBA is located within its promoter region
and could directly impact the transcriptional activity of
its gene. Interestingly, both genes were elevated in ALS
patients, but their expression levels decreased in ALS as
the disease progressed (Supplementary Fig. 2A-B). This
pattern implies their potential involvement in the early
stages of ALS pathology. The altered methylation in these
regulatory regions of ARRB2 and CYBA could modulate
their expression during the disease progression, suggest-
ing that these genes might serve as potential molecular
markers for tracking ALS progression.

Epigenetic footprints in cfDNA reflecting cell-specific gene
regulation in ALS

We next explored whether ALS-related DMRs identified
in cfDNA could reflect altered gene regulation at the cel-
lular level in the brain of ALS patients. To address this,
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Fig. 3 Characterization of cfDNA-derived DNA methylation landscapes in ALS. (A) Bar graph showing average genome-wide mCG levels in ALS
and control groups. No significant difference of methylation levels was observed between groups. (B) Metagene plots showing mCG (top) levels across
transcriptional start sites (TSS), transcriptional end sites (TES) and RefSeq gene bodies. Ten kb upstream and downstream of given genomic features were
plotted. (C) Identification of DMRs between ALS and control groups (top), with a heatmap (bottom) visualizing the methylation profiles of the identified
DMRs. (D) Genomic annotation of the identified DMRs on their percentage of each genomic feature. (E) Proportion of ALS-related DMRs within CpG is-
lands (CGls), CpG shelves, CpG shores, and other genomic regions. (F) Top: Proportion of hypermethylated DMRs and hypomethylated DMRs on their per-
centage of each genomic feature. Bottom: Fold enrichment of DMRs over genomic background. (G) GO and KEGG pathway analysis of DMR-associated

genes to explore their functional relevance to ALS

we utilized single-nucleus RNA sequencing (snRNA-Seq)
data from the frontal and motor cortices of C9orf72 ALS
patients [32] to identify genes that exhibited both cfDNA
methylation changes and dysregulated gene expression.
To ensure consistency with the genome version used in
[32], the genomic locations of cfDNA-derived DMRs
from ALS patients were converted to hg38, and the
annotated genes (n=3825) were included in the compara-
tive analysis (Supplementary Table 11). As illustrated in
Fig. 5A, we identified 260 DMR-associated genes (31.5%)
that were dysregulated across six major cell types in the
frontal cortex. In contrast, the motor cortex displayed
a smaller overlap, with 203 genes (24.6%) identified
(Fig. 5B; Supplementary Tables 12-13). Approximately
19.5% (n=158) of those DMR-associated genes were
differentially expressed in both brain regions. Notably,
excitatory neurons and astrocytes, both heavily impli-
cated in ALS and displayed significant transcriptional
dysregulation in the brains of ALS patients [32], harbor
the largest number of dysregulated genes associated
with cfDNA methylation changes in both the frontal and
motor cortices (Fig. 5B). Other cell types exhibited far
fewer overlapping genes between differential methylation
and dysregulated expression.

To further characterize these findings, we estimated
the percentage of DEGs in each cell type associated with
DMRs in cfDNA (Fig. 5C). In the frontal cortex, 3% of
DEGs in excitatory neurons exhibited differential meth-
ylation, along with 2.9% in inhibitory neurons, 3.8% in
astrocytes, 4% in both microglia and oligodendrocytes
(ODCs), and 6.6% in oligodendrocyte precursor cells
(OPCs). Notably, the motor cortex displayed higher
proportions of DEGs with differential methylation in
inhibitory neurons (3.9%), astrocytes (4.4%), and microg-
lia (5.6%) compared to the frontal cortex, suggesting
that epigenetic regulation in these cell types may differ
between brain regions. We also noted that OPCs consis-
tently showed the highest percentage of overlap in both
the frontal and motor cortices, highlighting their poten-
tial involvement in cfDNA methylation changes related
to ALS.

The DMRs detected in these overlapping genes were
predominantly located in intronic and promoter regions
(Fig. 5D), suggesting that methylation changes in these
regulatory regions may contribute to the altered gene
expression observed in ALS. Cross-comparison among

cell types revealed that most DMR-associated genes were
dysregulated in a cell-type-specific manner, especially
in excitatory neurons and astrocytes (Supplementary
Fig. 3A-B). We then explored the logFC of the identi-
fied overlapping DEGs in each cell type. As shown in
Fig. 5E (left), in the frontal cortex, the average logFC of
DEGs showing cfDNA-derived differential methylation
indicated decreased expression in neurons (both excit-
atory and inhibitory) of ALS patients compared to con-
trols, with similar levels of change between these two cell
types. In non-neuronal cells, including astrocytes, ODCs,
and OPCs, the average logFC of DEGs demonstrated a
trend toward upregulation in ALS, except for the reverse
observation in microglia. A similar pattern was observed
in the motor cortex (Fig. 5E, right), except in OPCs,
where DEGs exhibited reduced expression in ALS-a find-
ing that contrasts with the expression pattern seen in the
frontal cortex. We also noted that the gene expression
alterations of those DMR-associated genes in excitatory
and inhibitory neurons differed in the motor cortex,
where the average logFC of DEGs in inhibitory neurons
was much lower than that in excitatory neurons. To bet-
ter capture these differences, we separately examined
the logFC of up-regulated and down-regulated DEGs for
each cell type (Supplementary Fig. 3C-D). This analysis
revealed that inhibitory neurons of motor cortex exhib-
ited a predominant trend toward downregulation, with
a magnitude of change compared to upregulated DEGs.
Conversely, in non-neuronal cells, particularly astrocytes
and ODCs, upregulated DEGs showed greater expres-
sion changes than downregulated DEGs. Interestingly,
microglia showed regional differences, with most DEGs
being downregulated in the motor cortex but showing
the opposite trend in the frontal cortex. In addition, we
examined the potential correlation between differential
methylation levels and LogFC of shared genes in each cell
type. However, no significant correlation was observed
in any cell type, likely due to limited statistical power
(Supplementary Fig. 4). Further KEGG pathway analysis
revealed that DEGs showing cfDNA-derived differen-
tial methylation in the frontal cortex were significantly
enriched in pathways related to protein processing in the
ER and axon guidance (Fig. 5F). In contrast, endocytosis
was the most enriched pathway for overlapping genes in
the motor cortex (Fig. 5G). These observations demon-
strated that ALS-associated cfDNA methylation changes
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Fig. 4 Integration of cfDNA methylation with spinal cord gene expression in ALS [49]. (A) Venn diagram illustrating the overlap between cfDNA-
derived DMR-associated genes and DEGs identified in three spinal cord segments of ALS patients. (B) Violin plots displaying the log2 fold-change (LFC)
of DEGs with differential methylation in cfDNA from the spinal cords of ALS patients compared to controls. C-D. KEGG pathway analysis of overlapping
genes in the cervical and lumbar spinal cord segments. E. Venn diagram displaying the overlap between DMR-associated genes and genes linked to
disease duration in ALS. F. Detailed information on DMRs annotated to ARRB2 and CYBA, along with their gene expression statistics in the spinal cord
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Fig. 5 Integration of cfDNA methylation with snRNA-Seq for frontal cortex and motor cortex of ALS [32]. (A) Venn diagram showing the overlap
between cfDNA-derived DMR-associated genes and DEGs identified in ALS patients'frontal cortex and motor cortex compared to controls. (B) Number of
DEGs overlapping with DMR-associated genes in six major cell types of the frontal cortex (left) and motor cortex (right), respectively. (C) Bar graphs show-
ing the percentage of DEGs in each cell type associated with DMRs in cfDNA. (D) Genomic annotation of the DMRs from overlapping genes, showing
their percentage of each genomic feature. (E) Box plots displaying the LogFC of DEGs with differential methylation in cfDNA across each major cell type
in the frontal cortex (left) and motor cortex (right), respectively. F-G. KEGG pathway analysis of overlapping genes to assess their functional significance

in ALS's frontal cortex (left) and motor cortex (right)

could associated with brain region- and cell-type-specific
gene regulatory mechanisms underlying ALS pathology.

Estimation of tissue/cell of origin proportions based on
cfDNA methylation

CfDNA fragments carry epigenetic footprints that reflect
their tissue and cellular origins [5]. To estimate these ori-
gins, we employed a deconvolution algorithm designed by
Sun et al. [41] and optimized by Feng et al. [40]. The ref-
erence methylation dataset includes 1,013 type I markers
and 4,807 type II methylation markers covering 14 differ-
ent tissue and cell types [41]. As illustrated in Fig. 6, our
analysis revealed that white blood cells, including neutro-
phils and lymphocytes, are the predominant contributors
to the plasma DNA pool. This finding is consistent with
established literature indicating that white blood cells are

a major source of cfDNA in the bloodstream [40, 56, 57].
Interestingly, we observed a significant reduction in the
proportion of cfDNA derived from T-cells and B-cells
in ALS patients compared to control individuals. This
reduction could indicate altered immune cell dynamics in
ALS, potentially due to changes in immune cell popula-
tions or their turnover rates in response to the disease.
Additionally, our analysis detected cfDNA contributions
from non-blood tissues, such as the liver, lungs, heart,
and adipose tissue. Notably, ALS patients exhibited an
increased proportion of cfDNA originating from the liver,
suggesting elevated cell death rates in the liver among
ALS patients. Bar plots for estimated tissue proportions
for each individual are shown in Supplementary Fig. 5,
highlighting a consistent pattern within the ALS cohort.
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Fig. 6 Box plot for estimated 14 tissue proportions from WGBS data of ALS patients and control subjects using Type | and Type Il methylation
markers. ALS patients exhibited a significantly lower proportion of cfDNA from T-cells and B-cells compared to controls, while showed an increased

proportion of cfDNA originating from the liver

Discussion

The methylation signatures of cfDNA from plasma offer
a noninvasive diagnostic potential for many diseases and
could be a predictive tool for aging. In this study, by lever-
aging the WGBS of cfDNA, we characterized the epigen-
etic landscape of cfDNA in the context of aging and ALS.
Our findings shed light on the age-dependent meth-
ylation signatures in cfDNA and their potential overlap
with ALS-related epigenetic changes. Furthermore, we
explored the functional implications of ALS-associated
DMRs and their relationship with gene expression in
ALS-affected tissues. These results support the emerging
role of cfDNA as a biomarker for both aging and neuro-
degenerative diseases like ALS.

Aging is a well-known factor influencing DNA meth-
ylation patterns across the genome, which in turn can
serve as predictors of biological age and age-related
health outcomes [58]. We identified 5,223 DMLs between
young and middle-aged adults, with a trend of decreased
methylation toward older individuals. These age-related
methylation changes may result from various biologi-
cal mechanisms, including alterations in cellular turn-
over, organ development, DNA repair processes, and
changes in tissue composition over time. Here, we found
that many of the identified age-related CpGs in cfDNA
were linked to genes involved in cytoskeletal muscle
organization and axon guidance. Our findings reinforce
the utility of ¢cfDNA in capturing age-related epigenetic
alterations. Notably, we observed a significant overlap
between cfDNA DML and CpGs identified in large-scale
EWAS from blood samples [34], with 3,947 overlapping
CpGs (p<0.05). However, only 15 CpGs with FDR<0.05
were shared across both datasets, likely due to the differ-
ing tissue origins of cfDNA and whole-blood DNA. Such

discrepancies are expected since cfDNA reflects contri-
butions from various tissues beyond blood cells, includ-
ing the liver, lungs, heart, and adipose tissue. Despite
this, our findings provide candidate loci for future aging
research and biomarker discovery.

DNA methylation is increasingly recognized as a sig-
nificant component of ALS pathology [59], with poten-
tial as a biomarker for tracking disease progression and
predicting survival outcomes [60]. In this study, we
identified 1,045 DMRs between ALS patients and age-
matched controls, with slightly more hypomethylated
(564) than hypermethylated (481) regions. The enrich-
ment of hypermethylated DMRs in 5’"UTR and promoter
regions is particularly interesting, as these regions are
typically associated with gene repression. This suggests
that the hypermethylated DMRs in ALS patients may
modulate key genes involved in ALS pathogenesis. Our
KEGG pathway analysis further reveals that genes associ-
ated with ALS-related DMRs were enriched in pathways
related to endocytosis and cell adhesion, which play criti-
cal roles in ALS pathology. Impairments in endocytosis
and cellular trafficking contribute to the accumulation
of toxic protein aggregates, a hallmark of ALS [61-63].
Previous research has also highlighted the importance
of dysregulated endocytosis in motor neuron degenera-
tion and neuroinflammation [63-65]. Additionally, dys-
regulated cell adhesion molecules have been linked to
neuronal dysfunction and glial reactivity, further empha-
sizing the relevance of these pathways in ALS [66, 67].
Our results suggest that cfDNA methylation profiles
can offer valuable insights into ALS-specific biological
mechanisms.

Aging is a major risk factor for ALS [68]. Previous
studies have demonstrated that DNA methylation age
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acceleration in both blood and CNS tissues correlates
with ALS onset and disease duration in C9orf72 muta-
tion carriers and sporadic ALS patients [69, 70]. Our
findings build on this by showing that age-related CpGs
identified in cfDNA were significantly enriched among
ALS-associated DMRSs, offering a novel approach to eval-
uating cfDNA methylation in ALS. This strategy may also
aid in predicting the impact of therapeutic interventions
on ALS onset and survival.

One of the key findings of our study is the connection
between cfDNA methylation changes and gene expres-
sion alterations in ALS-affected CNS tissues. By cor-
relating cfDNA-derived DMRs with spinal cord gene
expression data, we found significant overlap between
DMR-associated genes and DEGs in ALS patients. More-
over, integration with snRNA-seq from ALS brain tissues
revealed pronounced overlaps between cfDNA DMR-
associated genes and dysregulated genes in excitatory
neurons and astrocytes (Fig. 5B). This is consistent with
previous studies implicating the critical role of these two
cell types in ALS pathogenesis [71, 72]. Dysregulation of
excitatory neurons aligns with motor neuron degenera-
tion, a hallmark of ALS, which is a hallmark of ALS [73,
74]. Astrocyte dysregulation reflects their role as media-
tors of neuroinflammation during ALS progression [75,
76]. Interestingly, the motor cortex exhibited fewer DMR-
associated dysregulated genes compared to the frontal
cortex but demonstrated higher proportions of DEGs
with associated DMRs in specific cell types, including
inhibitory neurons, astrocytes, and microglia (Fig. 5C).
This may indicate distinct regulatory landscapes across
different brain regions affected by ALS, with the motor
cortex potentially experiencing more pronounced epi-
genetic alterations in certain cell populations. Overall,
these results highlight that cfDNA captures systemic
changes and provides insights into cell-type-specific
gene regulation in ALS, further supporting its potential
as a non-invasive biomarker for reflecting the complex
molecular and cellular alterations in ALS.

Our data demonstrated that cfDNA methylation analy-
sis holds great promise for ALS, particularly in tracking
disease progression and therapeutic response. While
cfDNA methylation changes have been explored in vari-
ous diseases, their application in neurodegenerative
disorders is still limited. Recent studies have reported
cfDNA methylation changes in AD [74, 77, 78], reflect-
ing key neurodegenerative pathways, including synaptic
function, neuroinflammation, and autophagy. Our study
contributes to this growing body of evidence by demon-
strating that ALS-related cfDNA methylation changes are
similarly linked to important gene regulatory pathways,
particularly endocytosis. This reinforces cfDNA’s poten-
tial as a reliable tool for tracking ALS-specific molecular
alterations. Specifically, we identified ARRB2 and CYBA
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as two hypermethylated genes in ALS patients, with
their expression levels negatively correlated with disease
duration. ARRB2, known to regulate apoptosis and cell
survival, plays an essential role in processes disrupted
in neurodegenerative diseases like AD, PD and FTD
[51-54]. CYBA is involved in the generation of reactive
oxygen species, which could play a role in exacerbating
neurodegenerative processes [55]. These genes may serve
as potential biomarkers or therapeutic targets in ALS,
warranting further investigation.

Our deconvolution analysis revealed reduced cfDNA
contributions from T-cells and B-cells in ALS patients,
likely reflecting alterations in immune cell dynamics,
which may relate to the intrinsic innate immunity and
inflammatory processes observed in ALS [79]. Immune
abnormalities have been detected in ALS patients, with
findings in both blood and CSF [80-83]. Additionally,
the increased proportion of cfDNA from the liver in ALS
patients suggests elevated hepatocyte turnover, which
could be indicative of systemic changes associated with
ALS pathogenesis. Liver dysfunction, including fatty liver
degeneration, has long been associated with ALS [84, 85]
and reflect metabolic disturbances observed in motor
neuron diseases including ALS [86, 87]. However, our
study did not detect significant changes in the proportion
of brain-derived cfDNA. This lack of a significant change
may indicate that, despite the central role of the brain in
ALS pathology, the release of brain-derived cfDNA into
the plasma is either not markedly altered or is below the
detection threshold of our current methodology. Future
studies with larger cohorts and longitudinal designs are
required to confirm these findings and to further investi-
gate the potential of cfDNA as a biomarker for ALS.

We acknowledge the limitation of our study that all
ALS patients were male. The absence of female ALS
patient samples may limit the generalizability of our find-
ings, as sex-specific epigenetic variations could influence
the observed methylation changes. However, it is impor-
tant to note that ALS has a higher prevalence and earlier
onset in men, particularly in the younger age groups [88].
Focusing on male patient samples is crucial for under-
standing the correlation of cfDNA methylation with
ALS pathology. Future studies should incorporate both
male and female ALS patients to determine whether the
identified DMRs and pathway associations are consis-
tent across sexes or if sex-specific differences exist. This
would enhance the broader applicability of cfDNA meth-
ylation as a biomarker for ALS.

Conclusions

Overall, our study demonstrated the potential of cfDNA
methylation profiles as biomarkers for tracking both age-
related epigenetic changes and ALS-associated molecu-
lar dysregulation. The significant correlation between
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cfDNA methylation patterns and gene expression in
ALS-affected tissues provides new insights into the utility
of cfDNA in capturing tissue- and cell-type-specific gene
regulation in ALS and other neurodegenerative diseases.
Future research should continue to explore and validate
the clinical applicability of cfDNA methylation as a non-
invasive tool for monitoring disease progression, early
detection, and therapeutic responses in ALS.
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