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Abstract 

Osteoporosis is a widespread metabolic bone disorder characterized by diminished 

bone mass, deteriorated microarchitecture, and increased bone fragility, resulting in 

elevated fracture risk. This condition adversely affects quality of life and is associated 

with higher mortality. Growing evidence indicates that DNA methylation serves as 

a key epigenetic mechanism regulating bone metabolism-related gene expression 

and may thereby influence osteoporosis pathogenesis. However, the specific rela-

tionship between DNA methylation and osteoporosis remains to be fully elucidated. 

In this hypothesis‑generating pilot study, we demonstrated significant differences in 

both the extent and distribution of DNA methylation between osteoporosis patients 

and non‑osteoporosis controls, with notable enrichment in CpG islands. Enrichment 

analyses based on GO and KEGG pathways revealed distinct biological processes 

and signaling pathways associated with osteoporosis. Importantly, we identified 

six genes (MSX1, HOXD4, AXIN2, WNT5A, TGFB1, STAT3) showing directionally 

consistent methylation‑expression trends, although the DMRs for most genes were 

located in non‑promoter regions (TTS, exons, introns). After adjusting for the imbal-

ance in sequencing depth, the same directional trends were retained; however, the 

differences did not reach adjusted statistical significance (median adjusted P > 0.05), 

likely due to the limited sample size. These genes therefore represent prioritized 

candidates for exploratory follow‑up in larger, cell‑type‑resolved cohorts. This study 

provides new insights into the epigenetic mechanisms underlying osteoporosis and 

highlights potential targets for further investigation.
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1.  Introduction

Osteoporosis is a prevalent metabolic bone disease characterized by diminished 
bone mass and microarchitectural deterioration, leading to enhanced bone fragility 
and increased fracture risk. It currently affects an estimated 200 million individuals 
globally, with approximately one-third of women and one-fifth of men over the age of 
50 experiencing osteoporotic fractures. Driven by aging populations and lifestyle fac-
tors, its incidence continues to rise, posing a substantial public health burden due to 
high morbidity, mortality, and associated healthcare costs [1]. Hip fractures represent 
a particularly severe outcome, associated with a one-year mortality rate of 20–24% 
and a significant loss of independence; about one-third of survivors become fully 
dependent or require institutional care within a year post-fracture [2].

The pathogenesis of osteoporosis is multifaceted, involving a complex interplay 
of genetic, hormonal, and environmental factors. In recent years, epigenetic mech-
anisms, particularly DNA methylation, have emerged as critical regulators in bone 
homeostasis and the development of osteoporosis [3]. DNA methylation, the addition 
of a methyl group to the fifth carbon of cytosine within CpG dinucleotides, is a key 
heritable epigenetic modification that modulates gene expression without altering the 
underlying DNA sequence. This process is essential for governing fundamental bio-
logical programs such as embryonic development, genomic imprinting, and cellular 
differentiation [4].

Aberrant DNA methylation patterns are implicated in a wide array of pathologies, 
including cancer, neurological disorders, and metabolic diseases like osteoporosis 
[5,6]. In bone biology, altered methylation can dysregulate the expression of genes 
pivotal for bone formation and resorption. For instance, promoter hypermethylation of 
osteogenic genes may suppress their expression, impairing osteoblast function, while 
hypomethylation of genes promoting osteoclastogenesis can exacerbate bone loss 
[7–9]. Thus, DNA methylation serves as a vital layer of regulation for bone stability, 
and its dysregulation appears integral to the pathogenesis of osteoporosis.

Furthermore, DNA methylation profiles hold promise as potential biomarkers 
for early risk stratification, diagnosis, and prognosis. Epigenome-wide association 
studies (EWAS) have identified specific differentially methylated regions (DMRs) 
correlated with bone mineral density (BMD) and fracture risk [10]. Such epigenetic 
signatures could facilitate the identification of high-risk individuals and inform person-
alized therapeutic strategies. Additionally, the reversible nature of DNA methylation 
opens novel therapeutic avenues. Epigenetic drugs, such as DNA methyltransferase 
inhibitors, which aim to restore normative gene expression patterns, have shown 
potential in modulating bone metabolism [11].

To comprehensively map the DNA methylome, whole-genome bisulfite sequencing 
(WGBS) has become a powerful high-throughput technology. WGBS combines bisul-
fite conversion of DNA with next-generation sequencing to achieve single-base-pair 
resolution of methylation states across the entire genome [12]. During bisulfite treat-
ment, unmethylated cytosines are deaminated to uracil, while methylated cytosines 
remain unchanged. This allows for the precise quantification of methylation levels at 
CpG sites as well as in non-CpG contexts [13].
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This hypothesis‑generating pilot study employed WGBS to perform a genome-wide analysis of DNA methylation in individu-
als with and without osteoporosis. By systematically comparing differential methylation patterns, we aimed to identify genes and 
regulatory pathways closely associated with osteoporosis, thereby elucidating the role of epigenetic dysregulation in its etiology.

2.  Materials and methods

2.1.  Ethical statement

This study was conducted in accordance with the ethical principles of the Declaration of Helsinki. The study protocol was 
reviewed and approved by the Research Ethics Committee of The Third Affiliated Hospital of Guangzhou University of Chi-
nese Medicine (Approval No. 20240531−009; Date: 31 May 2024). The ethical approval is valid from 31 May 2024–30 May 
2025. Written informed consent was obtained from all participants or their legal guardians prior to their enrollment in the study.

2.2.  Study subjects and sample collection

This case-control study enrolled 20 participants aged 50–75 years, including 10 patients diagnosed with osteoporosis and 
10 non-osteoporotic controls. All participants provided written informed consent prior to enrollment, and the study protocol 
was approved by the appropriate institutional review board. Participants were categorized into two groups: the osteopo-
rosis group (O group, n = 10) and the non-osteoporosis control group (N group, n = 10). Bone mineral density (BMD) was 
measured for all subjects using dual-energy X-ray absorptiometry (DXA; Hologic Discovery, USA) at the lumbar spine (L1-
L4). Age and body mass index (BMI) were matched between groups to ensure comparability. All participants were of Han 
Chinese ethnicity from Guangdong Province, China. Bone tissue specimens were obtained from the iliac crest during elec-
tive lumbar spinal fusion surgery. After dissection to remove adjacent soft tissues, the cortical outer layer was removed 
and the underlying trabecular bone was collected. Patients with radiographic evidence of local degenerative changes 
(osteophytes, endplate sclerosis) or traumatic fractures at the biopsy site (as confirmed by preoperative X‑ray or CT) were 
excluded. Samples were immediately snap‑frozen in liquid nitrogen and stored at --80°C until DNA extraction (Fig 1).

2.3.  DNA extraction from bone tissue

Bone samples were rinsed with deionized water and a mild detergent to remove surface contaminants. A sterile surgical 
blade was used to remove a thin outer layer, exposing the inner bone matrix. Tissues were flash-frozen in liquid nitrogen 
and mechanically pulverized into a fine powder. Bone powder was decalcified in 0.5 M EDTA (pH 8.0) at 4°C for 72 hours 
with gentle agitation. Decalcified tissue was subsequently digested in lysis buffer, and genomic DNA was isolated using a 
commercial DNA extraction kit according to the manufacturer’s instructions. DNA purity and concentration were assessed 
using a NanoDrop spectrophotometer and Qubit fluorometer, respectively.

2.4.  Library preparation and Whole-Genome bisulfite sequencing

Genomic DNA was fragmented by sonication, followed by end repair, 3′ adenylation, and ligation of methylated adapters. 
Adapter-ligated DNA underwent bisulfite conversion using the EZ DNA Methylation-Gold Kit. Converted libraries were 
amplified by PCR, purified, and assessed for quality using an Agilent 2100 Bioanalyzer. Quantification was performed with 
a Qubit® 2.0 Fluorometer. Pooled libraries were loaded onto an Illumina NovaSeq 6000 platform for 150 bp paired-end 
sequencing, following standard Illumina protocols. Sequencing metrics, including cluster density and phasing rates, were 
monitored in real time (Table 1).

2.5.  Sequencing data quality control

Raw sequencing reads were evaluated for quality using FastQC. Base calling quality was expressed as Q-scores, where 
Q = –10 log₁₀(E) and E represents the estimated error probability. Due to bisulfite conversion of unmethylated cytosines to 
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thymines, a reduction in C-content and a corresponding increase in T-content were expected and confirmed. Per-sample 
sequencing output targeted ~20 Gb, with >90% of bases achieving Q ≥ 20 (error rate < 1%).

2.6.  Read preprocessing and alignment

Adapter sequences and low-quality bases were trimmed using Trim Galore (v0.4.1) with the following criteria: removal of 
reads with >50% of bases having Phred score < 20, trimming of 3′-end bases with Q < 20, and discarding reads shorter 
than 70 bp after trimming. Cleaned reads were aligned to the human reference genome (GRCh37/hg19) using Bismark 

Fig 1.  Whole-genome bisulfite sequencing analysis flowchart.

https://doi.org/10.1371/journal.pone.0341108.g001

Table 1.  Reagents for library construction and quality inspection.

Product/Reagent Manufacturer Catalog No.

SureSelectXT Methyl Reagent kit, HSQ,16 Agilent G9651A

EZ-DNA Methylation-Gold Kit Zymo D5006

SureSelectXT Human Methyl-Seq Capture Library Agilent 5190−4661

ExKubit dsDNA HS Analysis Kit Excell NGS00–3012

Agilent High Sensitivity DNA Kit Agilent 5067−4626

https://doi.org/10.1371/journal.pone.0341108.t001
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(v0.15.0) in conjunction with Bowtie 2 (v2.2.9) [14]. PCR duplicates were removed using the deduplicate_bismark tool. 
Mapping efficiency, coverage depth, and bisulfite conversion rates were calculated for each sample.

2.7.  Methylation calling and differential analysis

Cytosine methylation levels were extracted using bismark_methylation extractor [15]. Methylation ratios (mC/C) were 
calculated for each CpG site covered by at least 5 reads. Genome-wide methylation profiles were summarized and visu-
alized using the R package methylKit (v0.9.5) [16,17]. Differentially methylated regions (DMRs) were identified with the 
DSS package using a smoothing-based approach. Regions with |Δβ| > 0.1 (10% methylation difference) and an adjusted 
p-value < 0.05 (FDR correction) were considered significant. CpG islands were annotated using the annotatr package in R 
based on UCSC definitions.

2.8.  Functional enrichment analysis

Genes associated with significant DMRs were subjected to functional annotation. Gene Ontology (GO) and Kyoto Ency-
clopedia of Genes and Genomes (KEGG) pathway enrichment analyses were performed using the clusterProfiler package 
in R. A hypergeometric test was applied, with Bonferroni-corrected p-values ≤ 0.05 considered statistically significant.

2.9.  Protein-Protein interaction network analysis

To investigate the functional associations among the genes associated with differentially methylated regions (DMRs), a 
protein-protein interaction (PPI) network was constructed using the STRING database (version 12.0; https://string-db.org). 
The list of DMR-associated genes was submitted to STRING, and interactions were retrieved with a minimum required 
interaction score set to 0.400 (medium confidence). The resulting network was visualized within the STRING platform, 
and hub genes were identified based on their connectivity degree. This analysis aimed to reveal potential core regulatory 
modules and functional clusters among the epigenetically dysregulated genes in osteoporosis.

2.10.  Sensitivity analysis for sequencing depth and assessment of cell‑type heterogeneity

To address the imbalance in sequencing depth (O 201.6 × vs. N 153.4×), we performed a sensitivity analysis using a linear 
model (limma) with depth as a covariate (logit‑transformed beta values; group + depth). To explore confounding by cellular 
heterogeneity, we performed reference‑free deconvolution (TOAST, K = 5); the estimated proportions were highly skewed 
(one component >0.99 for most samples), and due to small sample size (n = 20) we could not include them as covariates 
and discuss this limitation qualitatively.

2.11.  Statistical analysis

Clinical and demographic variables were analyzed using R 4.5.2. Continuous variables conforming to normal distri-
bution are presented as mean ± standard deviation and compared via independent two-sample t-tests. Categorical 
variables are expressed as counts and compared using chi-square tests. Non-normally distributed data were analyzed 
with nonparametric tests. Spearman’s rank correlation was used to assess associations between methylation levels 
and clinical parameters. A two-tailed p-value < 0.05 was considered statistically significant. To explore the expression 
trends of candidate genes, we obtained the expression profiling dataset GSE230665 from the Gene Expression Omni-
bus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE230665). This dataset contains Agilent 
whole‑genome microarray expression profiles of femoral bone tissue from 15 postmenopausal women (12 with oste-
oporosis, 3 healthy controls). The diagnostic criteria were consistent with our study (T‑score ≤ –2.5 for osteoporosis). 
Raw data were processed using the limma‑voom pipeline; adjusted P‑values were obtained after Benjamini‑Hochberg 
correction.

https://string-db.org
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE230665
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3.  Results

3.1.  Baseline characteristics of the study cohort

A total of 20 participants were enrolled in this case-control study and categorized into two groups: the osteoporosis group 
(O group, n = 10) and the non-osteoporosis control group (N group, n = 10).

As shown in Table 2, the two groups were well‑matched at baseline with no statistically significant differences in age, 
height, weight, BMI, or sex distribution (all P > 0.05). The cohort was predominantly female (85%). Lumbar spine bone 
mineral density (BMD) and T‑scores, however, differed significantly between groups. The O group had a mean BMD of 
0.68 ± 0.05 g/cm² and a mean T‑score of −2.9 ± 0.3, whereas the N group had a mean BMD of 0.96 ± 0.08 g/cm² and a 
mean T‑score of −0.8 ± 0.6 (both P < 0.001). All osteoporosis patients met the WHO diagnostic criterion (T‑score ≤ −2.5).

These results confirm that the two groups were comparable in terms of major demographic and anthropometric char-
acteristics, while presenting the expected divergence in BMD, thereby minimizing potential confounding effects in the 
subsequent epigenetic analysis.

3.2.  Genome-wide mapping of DNA methylation and genome coverage statistics

To comprehensively profile genome-wide DNA methylation differences in bone tissue between osteoporotic patients 
and healthy controls, we conducted whole-genome bisulfite sequencing on a cohort of 20 clinical specimens. Following 
stringent quality control and filtering, high-quality sequencing data were obtained for all samples in both the osteoporosis 
group (O group, n = 10) and the normal control group (N group, n = 10). Each sample yielded approximately 20 Gb of clean 
data with 150-base pair paired-end reads. Subsequent alignment and quality assessment demonstrated that all samples 
achieved a mapping efficiency exceeding 80% and a genome coverage breadth of over 99%. The average sequencing 
depth across the genome was consistently maintained at ≥150-fold for all samples, ensuring robust detection of methyla-
tion states (Table 3)

3.3.  Methylation level and distribution characteristics

To compare the genome-wide distribution of DNA methylation contexts between osteoporotic and healthy bone tissues, 
we analyzed the proportion of methylated cytosines in CG, CHG, and CHH sequence contexts. In the osteoporosis group, 
methylation occurred predominantly in the CG context (91.35%), with minor fractions in CHG (4.49%) and CHH (4.16%). 

Table 2.  Demographic and clinical characteristics at baseline.

Variable Overall, n = 20a N group
n = 10 (50%)a

O group
n = 10 (50%)a

P-valueb

Age(years) 64.40 ± 7.18 63.60 ±(9.37) 65.20 ±(4.44) 0.85

Height(cm) 159.50± (9.69) 161.20 ±(10.81) 157.80 ±(8.66) 0.448

Weight(kg) 61.20± (9.57) 62.30 ±(10.89) 60.10 ±(8.48) 0.62

BMI(kg/m²) 23.81± (3.12) 23.94± (3.19) 23.69 ±(3.22) 0.86

Sex

Female,No. (%) 17 (85.00%) 9 (90.00%) 8 (80.00%) >0.99

Male,No. (%) 3 (15.00%) 1 (10.00%) 2 (20.00%)

Lumbar spine BMD (g/cm²) 0.82 ± 0.16 0.96 ± 0.08 0.68 ± 0.05 <0.001

Lumbar spine T-score −1.85 ± 1.13 −0.80 ± 0.60 −2.90 ± 0.30 <0.001
aData are presented as n (%), mean ± standard deviation, or median [interquartile range].
bFisher’s exact test, two-sample t-test, or Wilcoxon rank sum test was used as appropriate.

https://doi.org/10.1371/journal.pone.0341108.t002
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Similarly, the normal control group showed 91.75% CG, 4.25% CHG, and 4.00% CHH methylation (Fig 2A), confirming 
CG methylation as the dominant form in both groups.

We next quantified methylation levels in each sequence context using stringent bisulfite conversion efficiency thresh-
olds. The osteoporosis group exhibited methylation levels of 48.99 ± 2.46% (CG), 2.41 ± 0.08% (CHG), and 2.23 ± 0.06% 
(CHH), while the normal group showed 46.84 ± 1.01% (CG), 2.17 ± 0.04% (CHG), and 2.04 ± 0.06% (CHH) (Table 4). A 
statistically significant difference between groups was observed specifically in CG methylation (P < 0.05).

To further characterize CG methylation patterns, we generated dual-parameter frequency histograms assessing both 
methylation probability and coverage depth. Methylation probability distribution revealed a bimodal pattern in both groups, 
with peaks at <10% and >90% methylation frequencies and few sites at intermediate levels (Fig 2B). Coverage analysis 
indicated a progressive decrease in the proportion of CpG sites with increasing sequencing depth (Fig 2C). Comparative 
assessment demonstrated that the osteoporosis group consistently displayed higher methylation probabilities and greater 
per-site coverage depths than the normal controls across individually mapped cytosine positions.

3.4.  Differential DNA methylation regions distribution and characteristics

Volcano plot analysis of DMRs revealed 996 regions with significant methylation alterations (795 hypermethylated and 
201 hypomethylated) out of 2,484 analyzed regions (Fig 3A, S1 Table), corresponding to a hyper- to hypomethylation ratio 
of 3.96:1, demonstrating a genome-wide shift toward hypermethylation in osteoporotic bone.

Genomic annotation of DMRs indicated their predominant enrichment within CpG islands (CGIs) (1,145 regions, 
46.4%), with decreasing density in CGI shores (496 regions, 20.1%) and shelves (407 regions, 16.4%) (Fig 3B). 
Functional compartment analysis further showed that DMRs were significantly enriched in intronic regions (33.7%) and 
promoter/enhancer elements (24.9%), while being minimally represented in 5′ UTR (2.1%) and 3′ UTR regions (1.7%) 
(Fig 3C).

Distance-frequency distribution analysis relative to CGIs confirmed an inverse relationship between DMR abundance 
and genomic distance from CGIs (Fig 3D). To characterize DMR architecture, we analyzed the distribution of region 
lengths. Length-frequency histograms revealed a strong negative correlation between DMR length and abundance, with 
over 90% of DMRs spanning less than 1,000 bp (Fig 3E).

3.5.  GO and KEGG enrichment

To elucidate the biological functions of the DMRs identified between osteoporotic patients and healthy individuals, path-
way enrichment analyses were conducted based on the GO and KEGG databases. In addition, PPI network analysis was 
performed using the STRING database. A total of 996 significant DMRs were analyzed, and the top 10 regions showing 
the most pronounced differences, along with osteoporosis-related GO terms and KEGG pathways, are presented.

In the GO enrichment analysis, DMRs were significantly enriched in biological processes such as gland development, 
epithelial cell proliferation, embryonic organ development, and embryonic organ morphogenesis (Fig 4A). KEGG pathway 

Table 3.  Whole genome methylation sequencing data.

Group Clean baseb Clean readsb Mappedb (%) Base coverage rateb (%) Mean depthb

Oa 28.35 ± 7.55 189126106 ± 50348380 84.81 ± 2.01 99.48 ± 0.02 201.55 ± 60.72

Na 21.04 ± 1.90 139598858 ± 13666689 81.71 ± 0.52 99.53 ± 0.02 153.36 ± 15.80
aO, osteoporosis group; N, non-osteoporosis (control) group.
bClean base: Total bases in filtered sequencing data. Clean reads: Number of filtered sequencing reads. Mapped (%): Percentage of reads uniquely 
aligned to the reference genome. Base coverage rate (%): Percentage of target bases covered by at least one read. Mean depth: Average sequencing 
depth across the captured region.

https://doi.org/10.1371/journal.pone.0341108.t003
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Fig 2.  The average ratio and distribution characteristics of group O and Group N DNA methylation types. (A) Methylation ratio in different back-
grounds. O group, osteoporosis group. N group, normal group. The blue, orange and gray colors represent mCG, mCHG and mCHH, respectively. (B) 
Average percentage of single base methylation probability per group. The horizontal coordinate indicates the probability of methylation, and the vertical 
coordinate indicates the number of CpG sites for this degree of methylation. The probability of methylation is determined by the amount of C measured 
at each site/the amount of (C + T) measured at that. (C) The coverage depth of methylation sites was detected in each CpG background. The abscissa 
represents the coverage of each base, and the ordinate represents the proportion of CpG under that coverage.

https://doi.org/10.1371/journal.pone.0341108.g002
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analysis revealed significant enrichment in pathways including non-small cell lung cancer, chronic myeloid leukemia, and 
parathyroid hormone synthesis (Fig 4B).

GO entries containing keywords associated with bone biology—such as “bone,” “osteoclast,” “osteoblast,” “ossifica-
tion,” “mineral,” “cartilage,” “chondrocyte,” “skeletal,” “calcium,” “Wnt,” “BMP,” “TGF,” “collagen,” “extracellular matrix,” and 
“ECM”—were screened. This search identified five GO terms related to osteoporosis: “embryonic skeletal system develop-
ment”,”embryonic skeletal system morphogenesis,” “regulation of extracellular matrix organization,” “positive regulation of 
BMP signaling pathway,” and “positive regulation of extracellular matrix organization” (Fig 4C). Notably, no KEGG path-
ways directly associated with osteoporosis were identified.

3.6.  Differential gene screening and exploratory comparison with public dataset

Through analysis of osteoporosis-related pathways, we identified 19 genes and constructed a PPI network for these 
genes. Genes with node degrees ≥3 were preliminarily screened, resulting in 11 candidate genes: MSX1, HOXD4, AXIN2, 
WNT5A, TGFB1, STAT3, RUNX2, NOTCH1, HOXD9, MSX2, BMP7, and HOXD3(Fig 5).

For each of the six prioritized genes, we annotated the differentially methylated region (DMR) with respect to genomic 
context (detailed in S3 Table). The DMR in MSX1 is located in the transcription termination site; the DMR in HOXD4 
resides in the first exon within 512 bp of the TSS; the DMRs in AXIN2 and WNT5A lie in an exon and an intron, respec-
tively. The DMRs in TGFB1 and STAT3 are both in intronic regions. Therefore, the observed directional consistency 
between methylation and expression should be interpreted as exploratory associations rather than direct evidence of 
regulatory causality. The genomic coordinates and annotation of the DMRs for each candidate gene are provided in Sup-
plementary S3 Table.

Subsequently, we selected the dataset GSE230665 from the GEO database to explore expression trends of these 11 
genes. The results showed that six genes—MSX1, HOXD4, AXIN2, WNT5A, TGFB1, and STAT3—exhibited expression 
trends directionally consistent with the methylation data. However, none of the genes reached statistical significance after 
Benjamini‑Hochberg correction (adj.P > 0.05 for all; Table 5). The genomic coordinates and annotation of the DMRs for 
each candidate gene are provided in S3 Table

3.7.  Spearman correlation analyses: DMR‑specific versus global CpG methylation

To evaluate the dose–response relationship between DNA methylation and bone mineral density (BMD), we per-
formed Spearman rank correlations between methylation levels and lumbar spine BMD (g/cm²) across all 20 partici-
pants. Methylation levels of the MSX1 and AXIN2 DMRs (derived from WGBS) showed strong negative correlations 
with BMD (MSX1: rho = −0.732, 95% CI: −0.88 to −0.47, P = 0.00024; AXIN2: rho = −0.733, 95% CI: −0.88 to −0.47, 
P = 0.00023; S1 and S2 Figs), indicating a clear dose–response relationship: higher methylation at these loci is associ-
ated with lower BMD. This supports the biological relevance of these epigenetic alterations beyond simple case–control 
differences.

Table 4.  Average methylation levels in different backgrounds.

Group MeanCG(%)a MeanCHG(%)b MeanCHH(%)c

O 48.99 ± 2.46* 2.41 ± 0.08 2.23 ± 0.06

N 46.84 ± 1.01 2.17 ± 0.04 2.04 ± 0.06

Data are presented as mean ± SD (n = 10 biological replicates per group).* P < 0.05.
aMeanCG (%): Average methylation level in CG contexts, calculated as (mCG counts/ total CG counts) × 100%.
bMeanCHG (%): Average methylation level in CHG contexts, calculated as (mCHG counts/ total CHG counts) × 100%.
cMeanCHH (%): Average methylation level in CHH contexts, calculated as (mCHH counts/ total CHH counts) × 100%.

https://doi.org/10.1371/journal.pone.0341108.t004
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Fig 3.  Differential DNA methylation regions distribution and characteristics. (A) Distribution of differential methylation regions in CpG islands and 
different components of CPG islands. Island indicates that DMRs overlaps CGI; Shore indicates that the distance between DMRs and CGI is between 
1-2kb. Shelf indicates a distance between 2 and 4kb. OpenSea indicates that the distance between the two is greater than 4kb. (B) Distribution of differ-
ential methylation regions on different gene elements. (C) The frequency of the difference between methyl region segments and CGI relative positions. 
The horizontal coordinate refers to the upstream and downstream position of DMRs relative to CGI, and the vertical coordinate refers to the frequency of 
differential methylation segments at specific locations. (D) Length distribution of differential methylation regions. The horizontal coordinate refers to the 
length of DMRs, and the total left side refers to the frequency of DMRs for that length.

https://doi.org/10.1371/journal.pone.0341108.g003
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Fig 4.  Functional enrichment analysis of DMRs between osteoporotic patients and healthy controls. (A) GO enrichment analysis of biological 
processes. The bubble chart displays significantly enriched GO terms, with the bubble size representing the number of genes or DMRs mapped, and the 
color intensity indicating the statistical significance. Representative terms include gland development and epithelial cell proliferation. (B) KEGG pathway 
enrichment analysis. The bubble chart illustrates significantly enriched KEGG pathways, where the size and color of the bubbles denote the gene count 
and the level of enrichment significance, respectively. Key pathways identified include non-small cell lung cancer and chronic myeloid leukemia. (C) 
Screening of osteoporosis-related GO terms via keyword filtering. This bubble chart presents the five GO terms identified as relevant to bone metabolism 
and extracellular matrix organization, with the bubble size and color similarly reflecting gene counts and statistical significance.

https://doi.org/10.1371/journal.pone.0341108.g004
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In contrast, the global CpG methylation ratio (methylated CpG/ total CpG) from the same WGBS data showed a weaker 
but still statistically significant negative correlation with BMD (Spearman rho = −0.531, 95% CI: −0.78 to −0.12, P = 0.0159; 
Pearson r = −0.567, 95% CI: −0.81 to −0.17, P = 0.0090; S3 Fig). This suggests a modest genome‑wide hypermethylation 
trend in osteoporotic bone, though the effect size is substantially smaller than that of the DMR‑specific changes. Together, 
these findings indicate that osteoporosis‑related epigenetic dysregulation is predominantly locus‑specific (particularly at 
MSX1 and AXIN2), with a minor yet detectable global component.

Fig 5.  Construction of differential methylation gene networks related to bone development. Analysis of the interaction between DMRs related to 
bone development using STRING software according to the interplay index (confidence > 0.4). The interplay index between genes was represented by 
edge width and transparency. Dark and wide edges indicated high confidence.

https://doi.org/10.1371/journal.pone.0341108.g005
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3.8.  Sensitivity analysis after adjusting for sequencing depth

To address the imbalance in sequencing depth (O group 201.6 × vs. N group 153.4 × ; Table 3), we re‑analyzed the meth-
ylation data using a linear model with depth as a covariate (logit‑transformed beta values, limma). After depth adjust-
ment, all six candidate genes retained the same direction of methylation change as in the primary DMR analysis: MSX1, 
HOXD4, AXIN2 and WNT5A remained hypermethylated, while TGFB1 and STAT3 remained hypomethylated. However, 
none of the genes reached the significance threshold after Benjamini‑Hochberg correction (median adjusted P > 0.05; 
S2 Table). The effect sizes were modestly attenuated compared to the unadjusted DMR Δβ values. This attenuation is 
likely attributable to the reduced statistical power when including an additional covariate in a small cohort (n = 20). The 
consistent directional trends support the biological plausibility of these epigenetic alterations, despite the lack of formal 
significance after adjustment.

3.9.  Assessment of cell‑type composition

We attempted to estimate cell‑type proportions via reference‑free deconvolution (TOAST, K = 5). The resulting proportions 
were extremely unbalanced: for all but two samples, one latent cell type accounted for >99% of the composition (S4 Fig). 
This “one‑hot” distribution prevented the reliable inclusion of these proportions as covariates in regression models due to 
multicollinearity and overfitting. Thus, we could not statistically adjust for cellular heterogeneity, and the potential con-
founding by cell composition remains a major limitation of this study.

4.  Discussion

The concept of epigenetics, introduced by the British biologist Conrad Hal Waddington in 1942 [18], describes how 
interactions between genes and their products influence cellular development without altering the DNA sequence itself. 
Epigenetic modifications affect gene activity by altering DNA and chromatin chemical modifications, primarily through DNA 
methylation, histone modification, noncoding RNA regulation, and chromatin remodeling. As research has advanced, epi-
genetics has been implicated in the onset and progression of various diseases, including cancer, neurological disorders, 
and metabolic diseases.

Table 5.  Exploratory comparison of expression trends in the GEO database.

Gene Methylation Change (Δβ)a Expression Change (logFC)b Expression adj.P.Val Methylation-Expression Trends

MSX1 +0.155 −0.750 0.348 Directionally consistentc

HOXD4 +0.095 −0.804 0.080 Directionally consistentc

AXIN2 +0.112 −0.282 0.663 Directionally consistentc

WNT5A +0.099 −0.121 0.973 Directionally consistentc

TGFB1 −0.129 +1.109 0.330 Directionally consistentc

STAT3 −0.112 +1.316 0.436 Directionally consistentc

RUNX2 +0.114 +0.860 0.402 Discordant

NOTCH1 +0.116 +0.607 0.424 Discordant

HOXD9 +0.129 +0.581 0.653 Discordant

MSX2 +0.101 +0.867 0.227 Discordant

BMP7 +0.112 +0.048 0.963 Discordant

HOXD3 +0.101 +0.299 0.666 Discordant
aΔβ: Mean methylation difference (osteoporosis group minus control group). A positive value indicates hypermethylation in the osteoporosis group.
blogFC: log₂-transformed fold change (osteoporosis group/ control group). A negative value indicates downregulation in the osteoporosis group.
c“Directionally consistent” indicates hypermethylation with downregulation or hypomethylation with upregulation. None of the expression differences were 
significant (adj.P > 0.05), and most DMRs are not in promoter regions (S3 Table). This exploratory trend does not imply direct causality.

https://doi.org/10.1371/journal.pone.0341108.t005
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DNA methylation is a key epigenetic modification in which a methyl group is added to the 5th carbon atom of cytosine 
within DNA, forming 5-methylcytosine. This process is catalyzed by DNA methyltransferases (DNMT), primarily at CpG 
dinucleotides [19]. DNMT1 maintains methylation patterns during DNA replication, transferring methylation marks from the 
parent strand to the daughter strand. DNMT3A and DNMT3B establish new methylation patterns during development and 
differentiation, whereas DNMT3L facilitates DNMT3A and DNMT3B but lacks catalytic activity itself [20]. DNA methylation 
is generally associated with gene silencing, particularly when promoter regions are highly methylated [21], which sup-
presses transcription. During development, specific methylation patterns change in response to gene expression needs, 
and methylation helps suppress transposons and repetitive sequences, maintaining genomic stability.

Osteoporosis development is characterized by an imbalance in bone remodeling, with decreased bone formation and 
increased bone resorption. Factors such as genetics, the environment, hormonal changes, nutrition, and physical activ-
ity influence this balance [22]. DNA methylation also plays a critical role in osteoporosis by regulating the expression of 
genes related to bone metabolism. The methylation status of specific genes can alter osteoblast and osteoclast function, 
impacting osteoporosis development. For instance [23], hypermethylation of the RUNX2 gene, which is associated with 
osteoblast differentiation, can inhibit osteoblast function and reduce bone formation. Conversely, hypomethylation of the 
RANKL gene, which is linked to osteoclast differentiation, can increase osteoclast activity and increase bone resorption.

Our results suggest that DNA methylation is involved in various biological processes, cellular functions, and disease 
progression. Although this study cannot directly establish a causal relationship between DNA methylation and osteoporo-
sis, evidence points to a significant association between the two. We observed differences in the methylation levels and 
expression of methylation-related genes between the osteoporosis and non-osteoporosis groups. Enrichment analysis 
further revealed differential methylation of several genes associated with osteoporosis, indicating that altered methylation 
levels of certain genes may be associated with this disease.

Through the integrative analysis of whole-genome methylation profiles from bone tissue and an independent transcrip-
tomic dataset (GSE230665), this study identified several potential epigenetically regulated targets, such as MSX1, AXIN2, 
and TGFB1, which exhibited consistent directions of change in both methylation and expression. However, we also noted 
that some genes displaying significant differential methylation in our cohort did not show statistically significant expression 
differences in the public dataset. This incomplete correspondence between epigenetic alterations and transcriptional out-
put is a common phenomenon in complex biological systems and may be attributed to the following interrelated factors.

First, the function of DNA methylation, particularly at regions outside promoter CpG islands—such as enhancers, gene 
bodies, or silencers—is highly dependent on cell type, differentiation stage, and specific microenvironmental signals [24]. 
The bone tissue samples used in this study contain heterogeneous cell populations, including osteoblast progenitors, 
mature osteoblasts, and osteocytes. A key methylation alteration in a specific progenitor subpopulation may have its 
corresponding expression signal diluted in bulk RNA analysis. For instance, RUNX2, the master regulator of osteogenic 
differentiation, exhibits stringent stage-specific expression. The methylation changes observed in its promoter region may 
significantly affect its transcriptional activity only during specific differentiation windows or within particular cell subsets, 
which is difficult to capture in bulk sequencing data.

Second, gene expression is co-regulated by a multi-layered network, including transcription factors, histone modifica-
tions, and non-coding RNAs. DNA methylation represents one layer within this network, and its effects may be compen-
sated for or buffered by other, stronger regulatory layers. Methylation in a gene’s promoter region could be counteracted 
by a potent enhancer or specific activating histone modifications, thereby maintaining expression stability. Conversely, 
even if the methylation status remains unchanged, alterations in other regulatory layers may drive expression changes 
[25]. This network robustness explains why a single methylation change is sometimes insufficient to produce a detectable 
expression phenotype.

MSX1 and HOXD4 both encode homeobox transcription factors that are crucial for skeletal patterning and osteoblast 
commitment [26]. Their hypermethylation and reduced expression suggest an early impairment in osteogenic lineage 



PLOS One | https://doi.org/10.1371/journal.pone.0341108  July 16, 2026 15 / 18

determination. This epigenetic silencing may lead to a diminished osteoprogenitor cell pool or reduced differentiation 
capacity, a hallmark of age-related bone loss.

Concurrently, the epigenetic repression of AXIN2 and WNT5A points to a coordinated disruption of Wnt signaling 
[27,28]. Silencing of AXIN2 could theoretically result in sustained activation of canonical Wnt/β-catenin signaling; however, 
its concurrent downregulation with WNT5A may reflect a more complex, tissue-specific rewiring of the Wnt network that 
favors bone resorption over formation. This apparent paradox warrants further dissection in future functional studies.

In contrast, the observed hypomethylation and increased expression of TGFB1 align with its complex, stage-dependent 
role in bone metabolism. Although TGFB1 is essential for early bone formation, its sustained overexpression in the bone 
microenvironment is a well-recognized driver of abnormal bone remodeling. It promotes the recruitment of osteoclast 
precursors and stimulates bone resorption, while ultimately leading to fibrous tissue deposition and impaired bone quality 
[29]. Thus, its epigenetic activation may be a key mechanism driving the high-turnover imbalance observed in some oste-
oporotic patients.

Similarly, the epigenetic upregulation of STAT3 links epigenetic alteration to inflammatory bone loss. Persistent STAT3 
activation can promote osteoclast differentiation and survival while inhibiting osteoblast function, creating a vicious cycle 
that exacerbates net bone loss [30]. This positions STAT3 as a potential epigenetic mediator connecting chronic low-grade 
inflammation—often associated with aging—to the pathogenesis of osteoporosis.

Importantly, these genes do not function in isolation but act as nodes within interconnected pathways. The silencing 
of osteogenic transcription factors and specific Wnt components, coupled with the activation of catabolic signals, paints 
a coherent picture of a biased epigenetic program that disrupts bone homeostasis [31]. This network-level dysregulation 
suggests that targeting a single gene may be insufficient. Instead, the identified epigenetic marks themselves — particu-
larly those located in regulatory regions such as the HOXD4 promoter‑proximal DMR — hold potential as novel therapeu-
tic targets for demethylating agents or as diagnostic biomarkers for patient stratification, whereas the non‑promoter DMRs 
in MSX1 and AXIN2 warrant cautious interpretation [32].

While this integrative study provides novel insights into the epigenetic landscape of osteoporosis, several limitations 
must be acknowledged. First, the sample size of our discovery cohort, although utilizing precious bone biopsy specimens, 
remains modest, which may constrain the statistical power to detect more subtle methylation alterations. Second, the 
correlative nature of our bulk tissue analysis precludes the establishment of direct causality between the observed DNA 
methylation changes and downstream gene expression shifts or the osteoporotic phenotype. Third, the observational 
nature of our study, without direct experimental perturbation, limits causal inference. The functional impact of the priori-
tized epigenetic alterations on osteoblast or osteoclast activity warrants future validation using targeted in vitro or in vivo 
models. Fourth, bulk tissue analysis cannot distinguish genuine bone‑cell epigenetic changes from differences in cell‑type 
composition. Reference‑free deconvolution yielded highly skewed proportions (one latent type >0.99 for most samples; 
S4 Fig), precluding covariate adjustment without overfitting (n = 20). Fifth, the depth imbalance was partially addressed 
in a sensitivity analysis: after depth adjustment, the six candidate genes retained their direction of change, but adjusted 
P‑values no longer reached significance (S2 Table), likely reflecting reduced statistical power due to small sample size. 
Therefore, our findings are hypothesis‑generating, and validation in single‑cell or sorted‑cell studies is strongly encour-
aged. Sixth, we did not collect information on comorbidities, medications, or lifestyle factors. These factors are known to 
independently alter DNA methylation patterns and are also associated with osteoporosis. Their absence precludes us from 
excluding the possibility that some of the observed methylation differences are confounded by these unmeasured vari-
ables. This is a major limitation of our study, and the findings should be interpreted with caution.

Finally, the clinical translatability of our findings necessitates validation in larger, independent, and well-characterized 
longitudinal cohorts to rigorously assess the prognostic value and generalizability of the identified epigenetic signatures.

Future research should extend these findings along several critical directions. For instance, applying single-cell 
multi-omics technologies to bone samples would enable the direct mapping of methylation and expression changes to 
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specific cell types, thereby clarifying the precise cellular origins and impacts of the observed epigenetic dysregulation 
[33]. Subsequently, direct functional testing of our prioritized candidate genes, particularly MSX1 and AXIN2, is essential. 
Employing CRISPR-dCas9-based epigenetic editing tools to specifically reverse the observed hypermethylation at these 
DMRs in relevant bone cell models would be crucial for conclusively establishing their causal role in driving osteogenic 
dysfunction [34].

Nevertheless, our work delineates a coherent set of interconnected, epigenetically dysregulated genes and pathways. 
Further investigation along the proposed directions will not only solidify the pathophysiological understanding of epigenetic 
contributions to osteoporosis but will also facilitate the development of novel epigenetic diagnostics and targeted thera-
peutic strategies.

5.  Conclusion

This study employed whole-genome bisulfite sequencing to profile genome-wide DNA methylation differences between 
patients with osteoporosis and non-osteoporosis controls. The osteoporotic group exhibited a higher global methylation 
burden and a greater number of differentially methylated genes compared to the control group. Through integrated enrich-
ment analysis and exploratory comparison using public databases, we prioritized six genes—MSX1, HOXD4, AXIN2, 
WNT5A, TGFB1, and STAT3—as potential epigenetic drivers of osteoporosis, likely acting through distinct biological 
pathways. We acknowledge that the limited sample size and the multiple-gene screening approach may introduce bias in 
identifying robust differential methylation signatures; thus, these findings require further validation. Functional experiments 
are also necessary to test the mechanistic hypotheses generated from these methylome data. Nonetheless, this work 
contributes to the growing understanding of epigenetic dysregulation in osteoporosis and may inform the development of 
novel diagnostic and therapeutic strategies.

Supporting information

S1 Table. Differentially methylated regions identified between the osteoporosis and non-osteoporosis groups. 
(XLSX)

S2 Table. Sensitivity analysis: methylation changes of six candidate genes after adjusting for sequencing depth. 
(DOCX)

S3 Table. Genomic context of differentially methylated regions for the six candidate genes. 
(DOCX)

S1 Fig. Negative Spearman correlation between MSX1 DMR methylation and lumbar spine BMD. rho = −0.732, 
P = 0.00024, n = 20. 
(TIFF)

S2 Fig. Negative Spearman correlation between AXIN2 DMR methylation and lumbar spine BMD. rho = −0.733, 
P = 0.00023, n = 20. 
(TIFF)

S3 Fig. Scatter plot showing negative correlation between global CpG methylation ratio and lumbar spine BMD. 
(Spearman rho = −0.531, P = 0.0159; Pearson rho = −0.567, P = 0.0090). Each dot represents one participant.
(TIFF)

S4 Fig. Estimated proportions of five latent cell types from reference‑free deconvolution (TOAST). Most samples 
show a dominant component (>0.99), indicating that the algorithm did not infer continuous mixtures.
(TIFF)

http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0341108.s001
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0341108.s002
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0341108.s003
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0341108.s004
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0341108.s005
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0341108.s006
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0341108.s007


PLOS One | https://doi.org/10.1371/journal.pone.0341108  July 16, 2026 17 / 18

Acknowledgments

We sincerely thank all members of Ying Li’s group for their contributions to sample collection and technical assistance. All 
images were created by the author team.

Author contributions

Conceptualization: Yinyin Zhang, Yukai Zhang.

Data curation: Yinyin Zhang, Jialu Hou.

Formal analysis: Yinyin Zhang, Jialu Hou.

Funding acquisition: Ying Li.

Investigation: Yeling Zhong, Shishuo Xiong.

Methodology: Yinyin Zhang, Yeling Zhong.

Project administration: Ying Li.

Resources: Guoying Wu.

Software: Guoying Wu, Yukai Zhang, Shishuo Xiong, Ying Li.

Supervision: Guoying Wu, Zehua Guo.

Validation: Zehua Guo.

Visualization: Yukai Zhang.

Writing – original draft: Yinyin Zhang.

Writing – review & editing: Guoying Wu, Ying Li.

References
	 1.	 Johnston CB, Dagar M. Osteoporosis in Older Adults. Med Clin North Am. 2020;104(5):873–84. https://doi.org/10.1016/j.mcna.2020.06.004 PMID: 

32773051

	 2.	 Ebeling PR, Nguyen HH, Aleksova J, Vincent AJ, Wong P, Milat F. Secondary Osteoporosis. Endocrine Reviews. 2022;43(2):240–313. https://doi.
org/10.1210/endrev/bnab028 PMID: 34476488

	 3.	 Xu Z, Yu Z, Chen M, Zhang M, Chen R, Yu H, et al. Mechanisms of estrogen deficiency-induced osteoporosis based on transcriptome and DNA 
methylation. Front Cell Dev Biol. 2022;10:1011725. https://doi.org/10.3389/fcell.2022.1011725 PMID: 36325359

	 4.	 Moore LD, Le T, Fan G. DNA methylation and its basic function. Neuropsychopharmacology. 2013;38(1):23–38. https://doi.org/10.1038/
npp.2012.112 PMID: 22781841

	 5.	 Hannon E, Dempster EL, Mansell G, Burrage J, Bass N, Bohlken MM, et al. DNA methylation meta-analysis reveals cellular alterations in psycho-
sis and markers of treatment-resistant schizophrenia. Elife. 2021;10:e58430. https://doi.org/10.7554/eLife.58430 PMID: 33646943

	 6.	 Liang X, Aouizerat BE, So-Armah K, Cohen MH, Marconi VC, Xu K, et al. DNA methylation-based telomere length is associated with HIV infection, 
physical frailty, cancer, and all-cause mortality. Aging Cell. 2024;23(7):e14174. https://doi.org/10.1111/acel.14174 PMID: 38629454

	 7.	 Visconti VV, Cariati I, Fittipaldi S, Iundusi R, Gasbarra E, Tarantino U, et al. DNA Methylation Signatures of Bone Metabolism in Osteoporosis and 
Osteoarthritis Aging-Related Diseases: An Updated Review. Int J Mol Sci. 2021;22(8):4244. https://doi.org/10.3390/ijms22084244 PMID: 33921902

	 8.	 Xu F, Li W, Yang X, Na L, Chen L, Liu G. The Roles of Epigenetics Regulation in Bone Metabolism and Osteoporosis. Frontiers in Cell and Devel-
opmental Biology. 2020;8:619301. https://doi.org/10.3389/fcell.2020.619301 PMID: 33569383

	 9.	 Yang S, Duan X. Epigenetics, Bone Remodeling and Osteoporosis. Curr Stem Cell Res Ther. 2016. PMID: 28002993

	10.	 Wen B, Zhang Y, He J, Tan L, Xiao G, Wang Z, et al. Causal impact of DNA methylation on refracture in elderly individuals with osteoporosis - a 
prospective cohort study. BMC Musculoskelet Disord. 2024;25(1):432. https://doi.org/10.1186/s12891-024-07521-y PMID: 38831438

	11.	 Li B, Zhao J, Ma J-X, Li G-M, Zhang Y, Xing G-S, et al. Overexpression of DNMT1 leads to hypermethylation of H19 promoter and inhibition of Erk 
signaling pathway in disuse osteoporosis. Bone. 2018;111:82–91. https://doi.org/10.1016/j.bone.2018.03.017 PMID: 29555308

	12.	 Cilia C, Friggieri D, Vassallo J, Xuereb-Anastasi A, Formosa MM. Whole Genome Sequencing Unravels New Genetic Determinants of Early-Onset 
Familial Osteoporosis and Low BMD in Malta. Genes (Basel). 2022;13(2):204. https://doi.org/10.3390/genes13020204 PMID: 35205249

https://doi.org/10.1016/j.mcna.2020.06.004
http://www.ncbi.nlm.nih.gov/pubmed/32773051
https://doi.org/10.1210/endrev/bnab028
https://doi.org/10.1210/endrev/bnab028
http://www.ncbi.nlm.nih.gov/pubmed/34476488
https://doi.org/10.3389/fcell.2022.1011725
http://www.ncbi.nlm.nih.gov/pubmed/36325359
https://doi.org/10.1038/npp.2012.112
https://doi.org/10.1038/npp.2012.112
http://www.ncbi.nlm.nih.gov/pubmed/22781841
https://doi.org/10.7554/eLife.58430
http://www.ncbi.nlm.nih.gov/pubmed/33646943
https://doi.org/10.1111/acel.14174
http://www.ncbi.nlm.nih.gov/pubmed/38629454
https://doi.org/10.3390/ijms22084244
http://www.ncbi.nlm.nih.gov/pubmed/33921902
https://doi.org/10.3389/fcell.2020.619301
http://www.ncbi.nlm.nih.gov/pubmed/33569383
http://www.ncbi.nlm.nih.gov/pubmed/28002993
https://doi.org/10.1186/s12891-024-07521-y
http://www.ncbi.nlm.nih.gov/pubmed/38831438
https://doi.org/10.1016/j.bone.2018.03.017
http://www.ncbi.nlm.nih.gov/pubmed/29555308
https://doi.org/10.3390/genes13020204
http://www.ncbi.nlm.nih.gov/pubmed/35205249


PLOS One | https://doi.org/10.1371/journal.pone.0341108  July 16, 2026 18 / 18

	13.	 Bagger FO, Borgwardt L, Jespersen AS, Hansen AR, Bertelsen B, Kodama M, et al. Whole genome sequencing in clinical practice. BMC Med 
Genomics. 2024;17(1):39. https://doi.org/10.1186/s12920-024-01795-w PMID: 38287327

	14.	 Krueger F, Andrews SR. Bismark: a flexible aligner and methylation caller for Bisulfite-Seq applications. Bioinformatics. 2011;27(11):1571–2. 
https://doi.org/10.1093/bioinformatics/btr167 PMID: 21493656

	15.	 Ryan DP, Ehninger D. Bison: bisulfite alignment on nodes of a cluster. BMC Bioinformatics. 2014;15(1):337. https://doi.org/10.1186/1471-2105-15-
337 PMID: 25326660

	16.	 Akalin A, Kormaksson M, Li S, Garrett-Bakelman FE, Figueroa ME, Melnick A, et al. methylKit: a comprehensive R package for the analysis of 
genome-wide DNA methylation profiles. Genome Biol. 2012;13(10):R87. https://doi.org/10.1186/gb-2012-13-10-r87 PMID: 23034086

	17.	 Park Y, Wu H. Differential methylation analysis for BS-seq data under general experimental design. Bioinformatics. 2016;32(10):1446–53. https://
doi.org/10.1093/bioinformatics/btw026 PMID: 26819470

	18.	 Mattei AL, Bailly N, Meissner A. DNA methylation: a historical perspective. Trends Genet. 2022;38(7):676–707. https://doi.org/10.1016/j.
tig.2022.03.010 PMID: 35504755

	19.	 Jones PA. Functions of DNA methylation: islands, start sites, gene bodies and beyond. Nat Rev Genet. 2012;13(7):484–92. https://doi.org/10.1038/
nrg3230 PMID: 22641018

	20.	 Prasad R, Yen TJ, Bellacosa A. Active DNA demethylation-The epigenetic gatekeeper of development, immunity, and cancer. Adv Genet (Hobo-
ken). 2020;2(1):e10033. https://doi.org/10.1002/ggn2.10033 PMID: 36618446

	21.	 Wang D, Wu W, Callen E, Pavani R, Zolnerowich N, Kodali S, et al. Active DNA demethylation promotes cell fate specification and the DNA dam-
age response. Science. 2022;378(6623):983–9. https://doi.org/10.1126/science.add9838 PMID: 36454826

	22.	 Wang P, Cao Y, Zhan D, Wang D, Wang B, Liu Y, et al. Influence of DNA methylation on the expression of OPG/RANKL in primary osteoporosis. Int 
J Med Sci. 2018;15(13):1480–5. https://doi.org/10.7150/ijms.27333 PMID: 30443169

	23.	 Galbraith K, Snuderl M. DNA methylation as a diagnostic tool. Acta Neuropathol Commun. 2022;10(1):71. https://doi.org/10.1186/s40478-022-
01371-2 PMID: 35527288

	24.	 Greenberg MVC, Bourc’his D. The diverse roles of DNA methylation in mammalian development and disease. Nat Rev Mol Cell Biol. 
2019;20(10):590–607. https://doi.org/10.1038/s41580-019-0159-6 PMID: 31399642

	25.	 Dhar GA, Saha S, Mitra P, Nag Chaudhuri R. DNA methylation and regulation of gene expression: Guardian of our health. Nucleus (Calcutta). 
2021;64(3):259–70. https://doi.org/10.1007/s13237-021-00367-y PMID: 34421129

	26.	 Ishii M, Han J, Yen H-Y, Sucov HM, Chai Y, Maxson RE Jr. Combined deficiencies of Msx1 and Msx2 cause impaired patterning and survival of the 
cranial neural crest. Development. 2005;132(22):4937–50. https://doi.org/10.1242/dev.02072 PMID: 16221730

	27.	 Suthon S, Perkins RS, Bryja V, Miranda-Carboni GA, Krum SA. WNT5B in Physiology and Disease. Frontiers in Cell and Developmental Biology. 
2021;9:667581. https://doi.org/10.3389/fcell.2021.667581 PMID: 34017835

	28.	 Velasco J, Zarrabeitia MT, Prieto JR, Perez-Castrillon JL, Perez-Aguilar MD, Perez-Nuñez MI, et al. Wnt pathway genes in osteoporosis and 
osteoarthritis: differential expression and genetic association study. Osteoporos Int. 2010;21(1):109–18. https://doi.org/10.1007/s00198-009-0931-0 
PMID: 19373426

	29.	 Langdahl BL, Carstens M, Stenkjaer L, Eriksen EF. Polymorphisms in the transforming growth factor beta 1 gene and osteoporosis. Bone. 
2003;32(3):297–310. https://doi.org/10.1016/s8756-3282(02)00971-7 PMID: 12667558

	30.	 Hou X, Tian F. STAT3-mediated osteogenesis and osteoclastogenesis in osteoporosis. Cell Commun Signal. 2022;20(1):112. https://doi.
org/10.1186/s12964-022-00924-1 PMID: 35879773

	31.	 Gao Y, Chen N, Fu Z, Zhang Q. Progress of Wnt Signaling Pathway in Osteoporosis. Biomolecules. 2023;13(3):483. https://doi.org/10.3390/
biom13030483 PMID: 36979418

	32.	 Mues G, Kapadia H, Wang Y, D’Souza RN. Genetics and human malformations. J Craniofac Surg. 2009;20 Suppl 2(Suppl 2):1652–4. https://doi.
org/10.1097/SCS.0b013e3181b2d3f3 PMID: 19816326

	33.	 Feng S, Li J, Tian J, Lu S, Zhao Y. Application of Single-Cell and Spatial Omics in Musculoskeletal Disorder Research. Int J Mol Sci. 
2023;24(3):2271. https://doi.org/10.3390/ijms24032271 PMID: 36768592

	34.	 Cai R, Lv R, Shi X, Yang G, Jin J. CRISPR/dCas9 Tools: Epigenetic Mechanism and Application in Gene Transcriptional Regulation. Int J Mol Sci. 
2023;24(19):14865. https://doi.org/10.3390/ijms241914865 PMID: 37834313

https://doi.org/10.1186/s12920-024-01795-w
http://www.ncbi.nlm.nih.gov/pubmed/38287327
https://doi.org/10.1093/bioinformatics/btr167
http://www.ncbi.nlm.nih.gov/pubmed/21493656
https://doi.org/10.1186/1471-2105-15-337
https://doi.org/10.1186/1471-2105-15-337
http://www.ncbi.nlm.nih.gov/pubmed/25326660
https://doi.org/10.1186/gb-2012-13-10-r87
http://www.ncbi.nlm.nih.gov/pubmed/23034086
https://doi.org/10.1093/bioinformatics/btw026
https://doi.org/10.1093/bioinformatics/btw026
http://www.ncbi.nlm.nih.gov/pubmed/26819470
https://doi.org/10.1016/j.tig.2022.03.010
https://doi.org/10.1016/j.tig.2022.03.010
http://www.ncbi.nlm.nih.gov/pubmed/35504755
https://doi.org/10.1038/nrg3230
https://doi.org/10.1038/nrg3230
http://www.ncbi.nlm.nih.gov/pubmed/22641018
https://doi.org/10.1002/ggn2.10033
http://www.ncbi.nlm.nih.gov/pubmed/36618446
https://doi.org/10.1126/science.add9838
http://www.ncbi.nlm.nih.gov/pubmed/36454826
https://doi.org/10.7150/ijms.27333
http://www.ncbi.nlm.nih.gov/pubmed/30443169
https://doi.org/10.1186/s40478-022-01371-2
https://doi.org/10.1186/s40478-022-01371-2
http://www.ncbi.nlm.nih.gov/pubmed/35527288
https://doi.org/10.1038/s41580-019-0159-6
http://www.ncbi.nlm.nih.gov/pubmed/31399642
https://doi.org/10.1007/s13237-021-00367-y
http://www.ncbi.nlm.nih.gov/pubmed/34421129
https://doi.org/10.1242/dev.02072
http://www.ncbi.nlm.nih.gov/pubmed/16221730
https://doi.org/10.3389/fcell.2021.667581
http://www.ncbi.nlm.nih.gov/pubmed/34017835
https://doi.org/10.1007/s00198-009-0931-0
http://www.ncbi.nlm.nih.gov/pubmed/19373426
https://doi.org/10.1016/s8756-3282(02)00971-7
http://www.ncbi.nlm.nih.gov/pubmed/12667558
https://doi.org/10.1186/s12964-022-00924-1
https://doi.org/10.1186/s12964-022-00924-1
http://www.ncbi.nlm.nih.gov/pubmed/35879773
https://doi.org/10.3390/biom13030483
https://doi.org/10.3390/biom13030483
http://www.ncbi.nlm.nih.gov/pubmed/36979418
https://doi.org/10.1097/SCS.0b013e3181b2d3f3
https://doi.org/10.1097/SCS.0b013e3181b2d3f3
http://www.ncbi.nlm.nih.gov/pubmed/19816326
https://doi.org/10.3390/ijms24032271
http://www.ncbi.nlm.nih.gov/pubmed/36768592
https://doi.org/10.3390/ijms241914865
http://www.ncbi.nlm.nih.gov/pubmed/37834313

	Exploring DNA methylation profiles in the pathogenesis of human osteoporosis via whole-genome bisulfite sequencing
	1. Introduction
	2. Materials and methods
	2.1. Ethical statement
	2.2. Study subjects and sample collection
	2.3. DNA extraction from bone tissue
	2.4. Library preparation and Whole-Genome bisulfite sequencing
	2.5. Sequencing data quality control
	2.6. Read preprocessing and alignment
	2.7. Methylation calling and differential analysis
	2.8. Functional enrichment analysis
	2.9. Protein-Protein interaction network analysis
	2.10. Sensitivity analysis for sequencing depth and assessment of cell‑type heterogeneity
	2.11. Statistical analysis

	3. Results
	3.1. Baseline characteristics of the study cohort
	3.2. Genome-wide mapping of DNA methylation and genome coverage statistics
	3.3. Methylation level and distribution characteristics
	3.4. Differential DNA methylation regions distribution and characteristics
	3.5. GO and KEGG enrichment
	3.6. Differential gene screening and exploratory comparison with public dataset
	3.7. Spearman correlation analyses: DMR‑specific versus global CpG methylation
	3.8. Sensitivity analysis after adjusting for sequencing depth
	3.9. Assessment of cell‑type composition

	4. Discussion
	5. Conclusion
	Supporting information
	References


