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Abstract

Background: Osteoporosis is a complex disorder involving bone loss and muscle degen-
eration. Multi-omics technologies provide novel insights into its molecular mechanisms
and may support biomarker discovery, patient stratification, and therapeutic development.
Objective: This scoping review aimed to synthesize current evidence on the application of
multi-omics approaches in osteoporosis, focusing on molecular insights, methodological
diversity, and translational potential. Methods: A literature search of PubMed, Embase, and

7o

Scopus retrieved 433 records using the keywords “osteoporosis,” “osteosarcopenia,” and
“omics.” After removing duplicates and screening titles, abstracts, and full texts, 30 studies
met the inclusion criteria. Data on study populations, biological samples, multi-omics
techniques, and integration methods were extracted. Results: Studies employed transcrip-
tomics, proteomics, metabolomics, lipidomics, epigenomics, and metagenomics, often
combined in multi-omics analyses with computational modeling. Key pathways included
osteoclast differentiation, immune regulation, ferroptosis, and microbiome-metabolite
interactions. Multi-omics integration enabled the identification of molecular subtypes,
candidate biomarkers, and potential therapeutic targets. Limitations included small or
single-center cohorts, heterogeneous designs, and limited validation, restricting general-
izability and clinical translation. Conclusions: Multi-omics approaches offer a powerful
framework to uncover the molecular mechanisms underlying bone and muscle degenera-
tion and to guide precision diagnostics and interventions. Future studies should prioritize
large, multicenter, longitudinal designs integrating multi-omics data with clinical and
functional validation to facilitate clinical application.

Keywords:
epigenomics; bone-muscle axis; biomarkers; precision medicine

osteoporosis; multi-omics; transcriptomics; proteomics; metabolomics;

1. Introduction

Osteoporosis is a common condition affecting a substantial proportion of older adults
worldwide. According to the World Health Organization (WHO), it is diagnosed when
the bone mineral density (BMD) T-score is <—2.5 standard deviations, or based on al-
ternative fracture-risk criteria [1-3]. The condition is associated with an elevated risk
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of fragility fractures, pain, disability, and mortality [3,4]. The term osteosarcopenia has
been introduced to highlight the co-occurrence of osteoporosis (or low bone mass) and
sarcopenia [3,5]. Sarcopenia is characterized by muscle atrophy, reduced strength, and
functional decline [6]. Although historically regarded as distinct disorders, accumulating
evidence demonstrates that bone and muscle are biologically interconnected: mechanically
(muscle loading stimulates bone formation), through paracrine and endocrine signaling
(myokines and osteokines), and by regulatory mechanisms such as stem-cell lineage alloca-
tion. Together, these processes contribute to the coupling of bone and muscle health [7].

Prevalence estimates for osteosarcopenia vary widely (~5% to 37%), depending on
definitions and populations, but the condition consistently correlates with adverse clinical
outcomes, including increased fracture risk, higher fall frequency, greater institutionaliza-
tion, prolonged hospitalization, and elevated mortality [8,9]. Because diagnostic definitions
and criteria are not standardized, early detection and intervention remain suboptimal.
Moreover, most clinical settings address bone and muscle separately rather than as an
integrated bone-muscle unit [10]. Established diagnostic tools for osteoporosis include
dual-energy X-ray absorptiometry (DXA) for BMD assessment, fracture-risk estimators
such as the Fracture Risk Assessment Tool (FRAX), and biochemical markers of bone
turnover [11]. Sarcopenia assessment commonly relies on measurements of muscle mass
(DXA, CT, MR, or ultrasound), grip strength, and gait speed [6]. For osteosarcopenia,
however, standardized diagnostic algorithms are lacking, and only a limited number of
validated biomarkers or molecular diagnostic tools have been implemented in routine
clinical practice [12].

Multi-omics technologies offer major advantages for elucidating the mechanisms
governing bone and muscle health [13,14]. High-throughput molecular profiling enables
deep interrogation of biological systems, including the identification of genetic variants,
transcriptional signatures, epigenetic modifications, and proteomic or metabolomic pat-
terns associated with skeletal or muscular decline [13,14]. A key strength of multi-omics
approaches is their ability to provide a systems-level perspective, capturing the molecular
networks linking bone and muscle with the immune system, metabolism, and the micro-
biome [13,14]. This integrative view enhances our understanding of both physiological
regulation and pathological processes.

Multi-omics research also expands opportunities for personalized medicine [13]. By
characterizing individual molecular profiles, it becomes possible to differentiate, for exam-
ple, patients whose bone loss is driven by inflammatory pathways from those affected by
stem-cell senescence [15]. Such molecular endotyping may inform more targeted preven-
tive and therapeutic strategies. Furthermore, multi-omics analyses can detect molecular
perturbations that arise before measurable phenotypic changes—such as reductions in
BMD or muscle mass—indicating that multi-omics-derived biomarkers could facilitate
earlier diagnosis and intervention.

By mapping critical nodes within molecular networks, multi-omics approaches can
also uncover novel therapeutic targets—not only for bone or muscle individually but also
for the complex bone-muscle crosstalk that underlies osteoporosis [16].

A growing body of research demonstrates the power of multi-omics in musculoskele-
tal science. For instance, integrated glycomics-genomics analyses have identified the
transporter gene SLC10A7 as essential for proper bone mineralization through post-Golgi
protein transport and glycosylation, underscoring the importance of molecular pathways
beyond traditional bone turnover markers [17]. Metabolomics studies have revealed al-
terations in lipid, amino acid, and microbially derived metabolite profiles in individuals
with osteoporosis, providing molecular signatures linked to risk and pathogenesis. Gut-
microbiome-serum-metabolome integration has identified novel axes influencing BMD
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and fracture susceptibility [18]. Single-cell RNA-seq and ATAC-seq studies have delineated
osteoclastogenic and osteoblastogenic trajectories, as well as epigenetic regulators of cell
fate in aging [17]. Comparative transcriptomic analyses of male and female osteoblasts
have revealed sex-specific molecular signatures of osteoporosis risk [19].

Collectively, these diverse applications demonstrate that multi-omics approaches are
feasible, highly informative, and transformative for musculoskeletal research. Nevertheless,
many studies remain at the discovery or pilot stage, and translation into diagnostic panels
or clinical workflows is still limited. Moreover, relatively few investigations directly address
osteoporosis as a unified bone-muscle disorder, highlighting a gap in the literature and an
opportunity for synthesis and future research.

In this review, we aim to comprehensively examine the literature on multi-omics based
diagnostics and early detection in osteoporosis. Specifically, our objectives are to: (i) map
the spectrum of multi-omics technologies used in these conditions; (ii) catalog and evaluate
molecular biomarkers and signatures proposed for early diagnosis, risk stratification, or
disease subtyping; (iii) explore how multi-omics data elucidate the biology of bone-muscle
crosstalk and the integrated pathophysiology of osteoporosis; and (iv) discuss translational
challenges and future directions for implementing multi-omics in clinical practice for
musculoskeletal aging disorders.

2. Methods
2.1. Information Sources and Search Strategy

This scoping review was conducted to identify studies employing multi-omics
technologies—including genomics, transcriptomics, proteomics, metabolomics, and
microbiomics—in the investigation of osteoporosis, sarcopenia, and the combined condition
of osteoporosis. The review aimed to map current evidence on how multi-omics-based
approaches contribute to understanding the molecular mechanisms underlying bone and
muscle degeneration, as well as their potential applications in early diagnosis, personalized
medicine, and therapeutic target discovery. Comprehensive searches were performed
across three major scientific databases: PubMed, Embase, and Scopus. Search terms were
combined using Boolean operators and included permutations of keywords such as “osteo-
porosis, “osteosarcopenia,” and “omics”. The search was completed on 15 January 2026
and therefore includes all articles published up to this date.

The eligibility criteria were defined according to the PCC (Population—-Concept—
Context) framework recommended for scoping reviews by the Joanna Briggs Institute [20].
Population (P): Studies involving human participants diagnosed with osteoporosis or os-
teosarcopenia, or at risk of bone decline in the context of osteoporosis-related conditions,
were considered eligible. Concept (C): The review focused on the application of omics-based
approaches, including but not limited to genomics (e.g., genome-wide association studies),
transcriptomics, proteomics, metabolomics, epigenomics, and microbiome profiling. Eligi-
ble studies explored molecular biomarkers, pathogenic pathways, therapeutic targets, or
personalized prevention and treatment strategies related to bone health or osteosarcope-
nia. Context (C): Studies conducted in clinical, epidemiological, or translational research
settings were included without restriction on healthcare level or geographic location.

The review process adhered to the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses extension for Scoping Reviews (PRISMA-5cR) guidelines. The corre-
sponding PRISMA-ScR checklist is provided in Supplementary File S1.

2.2. Eligibility Criteria
All records retrieved from the database searches were merged into a single dataset,
and duplicate entries were removed. Then, independently, three authors screened each
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remaining article based on the following inclusion criteria: (i) original studies published in
English; (ii) use of multi-omics technologies to investigate bone, muscle, or bone-muscle
interactions in the context of osteoporosis or osteosarcopenia; (iii) Human studies or
translational research with clear clinical relevance. Exclusion criteria included: (i) articles
missing one or more keywords; (ii) book chapters, editorials, letters, or notes; (iii) conference
abstract or paper; (iv) irrelevance to the main topic or lacking translational significance;
(v) non-human studies; (vi) not open access; (vii) review, systematic review, or meta-
analysis. Titles and abstracts were independently reviewed by three researchers, and any
discrepancies were resolved through discussion with a fourth reviewer. The reasons for the
exclusion of each record are reported in Supplementary File S52.

2.3. Data Extraction and Quality Process

Following selection, data extraction was carried out by manual curation. The data were
extracted by three authors, who then independently summarized each article’s findings.

2.4. Methodological Approach to the Critical Appraisal

In line with the methodological framework of scoping reviews, a formal risk-of-bias
assessment or quantitative quality scoring was not performed [20]. Instead, a descriptive
critical appraisal of the included studies was conducted to provide an overview of method-
ological characteristics and research robustness across the field. The evaluation focused on
key elements such as study design, sample size, population characteristics, integration of
multi-omics approaches, validation strategies (including replication cohorts and functional
assays), and level of clinical translation. This qualitative synthesis aimed to highlight
methodological strengths, recurring limitations, and research gaps, without excluding
studies based on quality criteria. The purpose of this appraisal was not to rank studies, but
to contextualize the current state of evidence and inform directions for future research.

3. Results
3.1. Literature Research

The flowchart in Figure 1 provides an overview of the literature search and selection
process. A total of 433 records were retrieved from the PubMed, Embase, and Scopus
databases using combinations of the following keywords: “osteoporosis”, “osteosarcope-
nia”, and “omics”. After the removal of 223 duplicates, 211 unique articles were screened
based on titles and abstracts according to the predefined inclusion and exclusion criteria.
Following a detailed full-text assessment, 30 studies met the eligibility criteria and were
included in this scoping review. These publications collectively illustrate the growing
application of multi-omics technologies in elucidating the molecular landscape of bone
and muscle degeneration. The final dataset provides a comprehensive foundation for
synthesizing current evidence on how high-throughput molecular profiling contributes
to understanding gene variants, epigenetic regulation, and metabolic pathways involved
in bone loss and muscle atrophy. Moreover, it supports the interpretation of system-level
insights into the bone-muscle-immune-microbiome axis, emphasizing the potential of
multi-omics-based biomarkers for early detection, patient stratification, and therapeutic
target discovery in osteoporosis.
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No Human (n = 17)

No Open Access (n=3)

Review, Systematic review or Meta-Analysis (n = 68)

Studies included in review

(n=130)

Figure 1. PRISMA-ScR flow-diagram showing research strategy [21].

3.2. Study Characteristics

The reviewed studies covered diverse disease stages, including early-life osteoporosis
risk, osteopenia, post-menopausal osteoporosis, sarcopenia, age-related degeneration, and
comorbid conditions such as type 1 diabetes and atherosclerosis (Table 1) [22-26].

Biological samples included plasma, serum, stool, bone and skeletal muscle tissue,
bone marrow, tibia, lumbar spine, femoral neck, maternal and fetal specimens, and pe-
ripheral blood monocytes [27-30]. Study populations ranged from single cases to over one
million participants [31,32]. Various omics approaches were employed, such as transcrip-
tomics, proteomics, metabolomics, lipidomics, metagenomics, methylomics, epigenomics,
and “oculomics” [23,28,33]. Integration levels varied, from single-omics analyses to high
multi-omics integration combining scRNA-seq, bulk transcriptomics, WGCNA, Mendelian
randomization (MR), machine learning (LASSO, Random Forest), Deep Latent Space Fusion
(DLSE), and network or pathway analyses [28,33-35]. Several studies linked molecular
profiles to bone mineral density (BMD) or osteoporosis-related phenotypes, while others
focused on biomarker discovery or subtype stratification [28,36,37].

Overall, the studies highlighted the heterogeneity of experimental designs, popula-
tions, and analytical frameworks, reflecting the complex molecular landscape of bone- and
muscle-related disorders.
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Table 1. Overview of selected omics studies in osteoporosis.

Authors

Disease Stage

Biological
Sample

Population

Type of
Omics

Level of
Integration

Chang Setal,,
2025 [27]

Osteoporosis

Plasma

45 Osteoporosis
18 Controls

Transcriptomics
Metabolomics

High integration:
miRNA—gene
networks
—metabolites
mapped in
osteoporosis.

Chen J etal,,
2024 [24]

Osteoporosis
Sarcopenia
Age-related
degeneration

Skeletal muscle
Tissue
Bone Tissue

3 Osteosarcopenia
3 Osteoporosis

Transcriptomics
Proteomics

Multi-tissue
integration:
bone + muscle,
joint molecular
profiling.

ChoiJY et al.,
2024 [23]

Osteopenia
Osteoporosis

Lumbar Spine
Femoral Neck

17,306
Osteoporosis

Oculomics

Single-dataset
predictive
modeling.

Eisfeldt ] et al.,
2022 [38]

Autism

Epilepsy
Osteoporosis

Neuroepithelial
stem cells

1 Osteoporosis

Genomics
Transcriptomics

Multi-omics:
structural genome
— disrupted gene
%

transcriptome
changes;
integration across
genome +
functional
transcriptome +
pathway analysis.

Fuzhu T et al.,
2025 [34]

Post-menopausal
Osteoporosis

Online
Dataset

70 Post-
menopausal
63 Controls

Transcriptomics

Multi-omics +
computational
integration: they
combine
scRNA-seq and
bulk transcriptome
data, apply
differential
expression,
Mendelian
randomization
(MR), machine
learning to build a
diagnostic model;
immune-
infiltration
analysis.

Greenbaum J et al.,

2022 [28]

Post-menopausal
Osteoporosis

Stool
Serum

499 Post-
menopausal

Metagenomics
Metabolomics

Integration
between
microbiome —
serum metabolome
— bone mineral
density (BMD)
phenotype—
moderate to high
integration across
omics and
phenotypic
outcome.
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Table 1. Cont.

Authors

Biological

Disease Stage Sample

Type of

Population Omics

Level of
Integration

Guo]Jetal.,
2022 [37]

Online

Osteoporosis Dataset

76 Osteoporosis

101 Controls Transcriptomics

Stratification of
patients into
subtypes based on
gene expression
(lipid/steroid
metabolism
subtype, glycolysis
subtype,
polysaccharide
subtype)—single
omics but subtype
integration.

Lan K et al,,
2025 [31]

Online

Osteoporosis Dataset

2 Osteoporosis

2 Controls Transcriptomics

High: gene
expression (bulk
and scRNA) —
hub gene
identification
(CHAD, COL2A1).

LiCetal,
2023 [39]

Postmenopausal

. Serum
osteoporosis

46 Post-
menopausal
42 Controls

Proteomics

Single-omics
(proteome)
focused on
biomarker
discovery.

LiMetal,
2024 [40]

Osteoporosis Online Dataset

2 Osteoporosis Transcriptomics

High integration:
macrophage gene
modules —
ferroptosis
pathway —

bone
microstructure
deterioration.

LiQetal,
2025 [41]

Online
Dataset

Bone marrow
Femoral head

Osteoporosis

n.a. Transcriptomics

Multi-omics
integration: they
integrated bulk +
single-cell
transcriptomics,
used WGCNA
(gene
co-expression
network), machine
learning (neural
nets) to identify
hub genes,
protein—protein
interaction
networks,

and cellular
communication
inference.

LiQetal,
2025 [42]

Osteoporosis n.a.

Integration across
gut microbiota and
host immune
system/gene
expression.
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Table 1.

Cont.

Authors

Disease Stage

Biological
Sample

Population

Type of
Omics

Level of
Integration

Li YR etal,,
2025 [43]

Osteoporosis

Online
Dataset

Transcriptomics
Genomics

High integration:
epidemiology +
transcriptomics +
machine learning +
molecular
modeling.

LianJ et al.,
2025 [44]

Osteoporosis
Sarcopenia
Age-related
degeneration

Femoral head
Bone marrow

5 Osteoporosis
4 Controls

Transcriptomics

High integration:
transcriptomic —
eQTL/pQTL —
Mendelian
Randomization
causal inference.

Ma Cetal.,
2025 [30]

Maternal fecal

Developmental/early sample

life (prenatal
exposure)

— reduced peak
bone mass —
osteoporosis risk

Maternal and fetal
serum

Fetal bone tissue
Bone marrow
mesenchymal stem
cells

25 Pregnant

Metabolomics
Transcriptomics
Epigenomics

High integration:
maternal
microbiome —
metabolite
(daidzein) —
offspring transcrip-
tome/epigenome
—

osteogenic

phenotypes.

Mishra BH et al.,
2021 [26]

Serum

Subclinical disease

stage
Osteoporosis or
Atherosclerosis

Radius/Tibia
Carotid
intima-media
thickness

1494 Osteoporosis

Lipidomics

Moderate to high
integration: large
lipidome dataset
— statistical
network analysis
to identify
modules
associated
jointly with
subclinical
osteoporosis and
atherosclerosis
markers.

Pontes TA et al.,
2019 [36]

Established disease

stage:
postmenopausal
women with
osteopenia vs.
osteoporosis

Serum
Plasma

26 Osteopenia

24 Osteoporosis

28 Controls

Metabonomics

Moderate
integration:
metabolomic
profiling

+ grouping by
BMD/ osteopenia/
osteoporosis

phenotype.

QiuCetal.,
2020 [33]

Osteoporosis

Serum

61 High BMD
58 Low BMD

Genomics
Transcriptomics
Methylomics
Metabolomics

High integration:
single-omics initial,
then integrative
canonical
correlation
analysis
(SMDCCA),
followed by QTL
linking and
Mendelian
randomization
(MR) causal
inference.
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Table 1. Cont.

Authors

Disease Stage

Biological
Sample

Population

Type of
Omics

Level of
Integration

SuKetal,
2024 [32]

Osteoporosis

Online
Dataset

4982 Controls

Genomics

Moderately high:
integration of SV
detection,
association with
bone mineral
density at multiple
skeletal sites +
co-occurrence with
multi-omics.

Sun Cetal,,
2025 [45]

Osteoporosis

Online
Dataset

9046 Osteoporosis
2085 Osteoporosis
with pathological
fracture

1709 Post-
menopausal
osteoporosis with
pathological
fracture

1.023,862 Controls

Genomics

Transcriptomics

High integration:
druggable gene list
MR to test causal
effect on
osteoporosis
phenotypes
mediation
pathways + drug
prediction.

Tan Z et al,,
2024 [29]

Osteoporosis

Tibia

243 Osteoporosis

Proteomics

Transcriptomics

High: Integration
of genetic variant
— proteomics —
single-cell
transcriptomic
trajectories —
clinical
phenotypes.

Wang Hetal,,
2025 [25]

Type 1 diabetes
comorbid
with osteoporosis

Online
Dataset

63 Type 1 diabetes
52 Osteoporosis
116 Controls

Transcriptomics

Moderate-high:
integrated DEGs
from two diseases
+ autophagy-gene
intersection +
machine learning
(LASSO/RF) +
miRNA network.

Wen B et al.,
2024 [46]

Osteoporosis

Peripheral blood
Vertebral bone
samples

500 Osteoporosis
500 Controls

Genomics
Epigenomics

High: integrated
genotype data +
methylation
profiling + clinical
outcome
(refracture)
prediction.

Yuan C et al.,
2024 [35]

Osteoporosis

Blood

532 Osteoporosis

Genomics

Very high
integration: used a
“Deep Latent Space
Fusion” (DLSF)
model to fuse
multi-modal
molecular
signatures (M3S)
from multi-omics +
longitudinal data.
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Table 1. Cont.

Authors

Disease Stage

Biological
Sample

Population

Type of
Omics

Level of
Integration

Zhang Betal,,
2024 [47]

Osteoporosis

Plasma

5 Osteoporosis
5 Controls

Transcriptomics

High: Used
single-cell
annotation,
pseudotime,
machine-learning
to integrate
transcriptome +
scRNA-seq +
immune cell
profiling.

Zhang Cetal,,
2019 [48]

Postmenopausal
osteoporosis

Online
Dataset

10 High BMD
10 Low BMD

Genomics
Metabolomics

Moderate to high:
Integrated six
network types into
one composite
network to
prioritize
metabolites.

Zhang Retal,,
2025 [49]

Osteoporosis

Online
Dataset

1351 Osteoporosis
209,313 Controls

Transcriptomics
Genomics

High: Integration
of expres-
sion/methylation
QTLs + GWAS +
causal inference +
colocalization.

Zhang ZL et al.,
2024 [50]

Osteoporosis

Online
Dataset

Genomics
Epigenomics

High: Two-sample
lipid traits —
methylation sites
as mediators.

Zhao X et al.,
2025 [51]

Osteopenia
Osteoporosis

Online
Dataset

20 Osteopenia
12 Osteoporosis
19 Controls

Metagenomics
Metabolomics

High: Microbiome
+ metabolome data
integrated,
correlation
networks,
biomarker model.

Zhu W etal,,
2017 [52]

Osteoporosis

Online
Dataset

29 low hip BMD
30 high hip BMD

Proteomics

Moderate:
Proteome profiling
in monocytes,
comparison low vs.
high BMD; results
linked to transcrip-
tomic/genomic
evidence.

Abbreviation: BMD: Bone Mineral Density; DLSF: Deep Latent Space Fusion; DEGs: Differentially Expressed
Genes; eQTL: expression Quantitative Trait Loci; GWAS: Genome-Wide Association Study; LASSO: Least Absolute
Shrinkage and Selection Operator; M3S: Multi-Modal Molecular Signatures; MR: Mendelian randomization; n.a.:
not available/non applicable; pQTL: protein Quantitative Trait Loci; QTL: Quantitative Trait Loci; RF: Random
Forest; scRNA-seq: single-cell RNA sequencing; WGCNA: Weighted Gene Co-expression Network Analysis.

3.3. Multi-Omics Insights into Osteoporosis

Recent multi-omics studies have substantially refined our understanding of osteo-
porosis by moving beyond single-layer associations toward integrated biological patterns
that link molecular mechanisms, tissue crosstalk, and clinical heterogeneity [24,27,28,30,
31,33,35,37,40,41,51,52] (Table 2). Across transcriptomic, proteomic, metabolomic, epige-
nomic, and microbiome datasets, a consistent convergence emerges on pathways related to
bone remodeling, immune regulation, cellular metabolism, and ferroptosis, highlighting
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shared molecular drivers of disease across omics layers [24,27,31,41]. A recurring theme
across studies is the integration of immune and bone pathways, with NF-kB signaling,
osteoclast differentiation, macrophage activation, and inflammatory mediators repeatedly
identified across transcriptomic and proteomic analyses [24,27,41]. These immune-bone
interactions are closely intertwined with metabolic reprogramming, as lipid, amino acid,
and energy metabolism signatures influencing bone turnover and fracture risk have been
reported consistently across metabolomic and integrated multi-omics studies [27,33,37,51].
Multi-omics analyses also emphasize the bone-muscle axis, revealing shared molecular
signatures underlying concurrent bone loss and muscle degeneration. Integrated tran-
scriptomic and proteomic approaches have identified cytoskeletal, mitochondrial, and
inflammatory pathways linking osteoporosis and sarcopenia, supporting the concept of a
unified musculoskeletal aging process [24,31].

Differences among omics modalities further refine disease characterization. While
transcriptomic and epigenomic analyses predominantly capture upstream regulatory and
inflammatory processes [33,51], metabolomic and microbiome-based studies provide func-
tional insights into systemic metabolism and host-microbe interactions. In particular, the
gut-bone axis has emerged as a reproducible theme, with microbiome-metabolite crosstalk
offering non-invasive biomarkers and potential preventive strategies [28,52]. Patient strat-
ification represents another major advance enabled by multi-omics integration. Distinct
molecular subtypes of osteoporosis, defined by metabolic and inflammatory signatures,
have been associated with differential clinical phenotypes and responses to interventions
such as calcium supplementation [37]. These findings underscore the promise of precision
medicine approaches, although their clinical translation remains limited by cohort size and
population heterogeneity.

Finally, longitudinal and multi-layer studies integrating genetic, epigenetic, and
metabolomic data suggest that early-life and developmental exposure shapes peak bone
mass and long-term osteoporosis risk through persistent inflammatory and epigenetic
programming [30,33,35,51]. Despite these advances, important research gaps remain, in-
cluding inconsistencies across omics platforms, limited functional validation of candidate
targets [31,40,41], and a lack of large, harmonized cohorts. Addressing these challenges
will be essential to translate multi-omics discoveries into robust biomarkers and targeted
therapies for osteoporosis.

Table 2. Summary of molecular findings and translational relevance in bone-muscle disorders.

. s g o Potential for Clinical =~ Methodological
Authors Disease Stage Main Findings Application Quality
Identified . .
metabolic-related giggﬁﬁfs with better Moderate sample size;
2025 [27] P etwore for traditional bone van atll."f.‘ needed for
osteoporosis markers; potential :1\,1 ficca{crig;a
me talI))olism early detection tool. PP ’
Discovered
genes/ proteins (e.g., Offers targets for
Osteoporosis PDIA5, TUBB1, MYH?) preventing/treating . S
Chen J etal,, Sarcopenia linked to bone and combined bone-muscle SOOd_l]? tegg'i?.ini
2024 [24] Age-Related muscle degeneration;  loss; improved 1ss(111e ased; 11 le y
degeneration highlighted osteoclast  stratification of older moderate sample size.

differentiation, NF-xB
signaling pathways.

patients.
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Table 2. Cont.

Authors Disease Stage Main Findings II;oter}tial_ for Clinical ~ Methodological
pplication Quality
Develop and validate Large, natiqnally
risk prediction models representtzfltlvel ?mple;
for osteopenia/ . L cross-sectional design;
ChoiJY etal,, Osteopenia osteoporosis using FISk stlr atification tool  uses DXA; limited to
2024 [23] Osteoporosis demographic or early screening in - available variables;
’, general population. rediction model
anthropometric, exam p ther th
and ophthalmologic ra ﬁr 1an
bl mechanistic
variables. multi-omics.
Identified disruption of Methodologically .
robust for a case study:
tgrene IMHIIiKl _by thii t Potential used multiple genome
ansioca thmllll 11n patient  jjagnostic/monogenic  sequencing
z‘;ﬁol\eﬁklg 1 anStrGer;lsion gene identification in technologies (short,
Eisfeldt T et al Autism ’ P rare cases; shows linked, long-read) +
2(1)822e [38{ etal, Epilepsy reduced. >50% vs. utility of long-read optical mapping;
Osteoporosis controls; differentially genome sequencing derived patient iPSCs
expressed 539 genes; and transcriptome in — NESCs for
enrichment of clinical genetics functional assay; but
ossification and nervous diaenostics -1 (sinel tent
system-development & ' n= (smg. € patien )
Athwavs so generalizability
p s limited.
Identified
lactylation-related Useful for early risk :
S Emerging study;
) genes (e.g., CSRP2, stratification in ~
58223 %:f] etal, gﬁ;?gﬁggus al FUBP1) as biomarkers; post-menopausal rr;larke.r dlsc_ovellry
p nomogram for early women; may guide P le'ljle, .requlrfls arger
prediction of preventive strategies. validation cohorts.
osteoporosis risk.
Identified 22 bacterial
species and Novel biomarkers or L le size:
17 metabolites mechanistic insights drge sample ls 1268
associated with BMD;  into bone health via gi(fnsli)-:;aefoti’;?a 4

Greenbaum J et al., . constructed gut-bone axis; LYy

2022 [28] Osteoporosis inter-omics network potential for early risk 32??;;?2?2? ?;);sya?
showing microbiome-  stratification or con T
metabolite crosstalk preventive §1D Irl{lfclggfg (;clon limited
relevant to skeletal interventions. & ’
remodeling.

Identified three

distinct May support patient :
metabolism-related stra};iﬁc};gon apnd Good genomic
gene subtypes in design of analylsm;. 4

GuoJetal, . osteoporosis and metabolism-targeted Sample S1ze and

2022 [37] Osteoporosis 10 characteristic genes  interventions ing externa% validation
(e.g., GPR31, GATM, osteoporosis; Enclela/r, m(ﬁe f'u?_c—
DDB2...) that may biomarker research ‘:I%rrli ng;flce da nustic
relate to metabolic direction. :
pathogenesis.

Identified CHAD and

COL2A1 as

down-regulated in OP; Ri

docking showed Suggests new gene bi gprfous .
wogonin/tetrandrine  target (CHAD) and irioéﬂr(c))r$§1t~i<c-ssjc—ill

Lan K et al., Osteoporosis high affinity with compound (wogonin) preclinical; ’

2025 [31] p CHAD/COL2A1; for OP, possibly via gene/ transcr iptome
in vitro wogonin cartilage/chondrocyte ¢ . <4 1ot vet in laree
enhanced axis of bone health. linical coh Y ¢ &
chondrogenic clinical cohorts.
differentiation of
ATDCS cells.
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Authors Disease Stage Main Findings II;oter}tial_ for Clinical ~ Methodological
pplication Quality
Relatively small
Identified serum Potential non-invasive discovery sample;
LiCetal., Postmenopausal prot;&; (g.g-, C)DI_& biomarkers for PMOP strl(_)’rilg _follf)w-up .
2023 [39] osteoporosis up, ddi own) wi diagnosis and validation; proteomic .
§§r(1)siti ‘:ﬁ%’nostm prediction. onl}él (r;o r:;ultl-omlcs),
. needs further
large-scale validation.
Identified 12 BM-MSC
subsets with distinct
distributions; key LR Provides a framework Strong integrative
E e or g epuposing oyl human dae
LiMetal, Osteoporosis to immune score; ;ge(;f:i??elzosftilosr;able silico/ preclinical phase
2024 [40] CD74 .ldel'éltlfled as a target (CD74) and for many drug . .
target; 48 drugs : candidates; validation
: candidate drug(s) for cancid \
targeting CD§7/ CD74 o ther testin R in clinical trials
were screened, with ) needed.
DB01940 showing
strong binding.
Identified
1705 macrophage
marker genes and
839 module genes;
ferroptosis pathway Robust mechanistic
enrichment; SMAD7 Suggests SMAD.7 as and multi-omics work;
LiQetal hub gene; novel therapeutic translational step still
M Osteoporosis ogene target in osteoporosis . P
2025 [41] validation: inhibition 5 ® " “S required; more human
of SMAD?7 (via y phag cohort validation
Mongersen) attenuated erroptosis. needed.
macrophage
ferroptosis and
improved bone
microstructure.
Developed a novel Good methodological
intetﬁr;ﬁive statistical The method provides inn(iyati_on; real-data
metho (sparse group an approach to identify application t.o
multitask regression) for . osteoporosis;
combining diverse f)ftlz fsg‘rec?sfizrthat may limitations include
LiQetal, . omics datasets; applied ; . relatively modest
2025 [42] Osteoporosis o osteoporosis};%MD l;fag’z?::gvlse missed by sample sizes in
studies; identified meta-analysis; could expression cohorts,
7 significantly s integration only SNP +
associated genes ( help in biomarker mRNA data, no direct
S%]ODCZ 'l?REgl\e/[LeZS 8 discovery. translational
HTRIE, GLO1). therapeutic validation.
Cadmium exposure M .
. e . . Innovative integration;
i‘éer}ﬁ}ﬁﬁ?egs réillzst:actor, Suggests HMOX]1 as cross-sectional design
F XOg3 CCl%Dl therapeuti.c target in limits causal inference;
Li YRetal., o ) MAPILC3B, HMOX1, cadmlum—lnd}lced MR helps but exposure
2025 [43] steoporosis MT1G; HMOX1 linked ~ Pone damage; measurement may
to M2 macrophage supports have limitations; needs
polarization; geniposide exposure-based prospec-
identified as potential prevention. tive/interventional
. follow-up.
ligand for HMOX1.
Identified CPXM1 as Strong multi-omics
causally associated with & mu T
. . . causal design; limited
Osteoporosis increased osteoporosis CPXM1 proposed as a by small human
Lian ] et al., Sarcopenia risk; suggested ECM novel drug target; ym le: lation
2025 [44] Age-related degradation/impaired ~ predicted repurposing z?mers)til F{ﬁgiead.o
degeneration osteoblast candidates. 1 Y | oan
differentiation translational gap
pathways. acknowledged.
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Authors Disease Stage Main Findings II;otef}tlal_ for Clinical ~ Methodological
pplication Quality
Prenatal prednisone Strong experimental
exposure (PPE) alters design: human +
maternal gut microbiota, Maternal DAI animal + multi-omics +
depletes daidzein (DAI), supplementation mechanistic validation
Developmental/early ~ leading to suppressed ~ during pregnancy may  (cell, epigenetic) noted
Ma C et al life (prenatal exposure) Hoxd12 expression, serve as a preventive in full text. Limitations:
2095 {30 >y — reduced peak bone  impaired osteogenesis strategy against . translational leap to
mass — osteoporosis and reduced peak bone offspring osteoporosis ~ humans o
risk mass in female risk due to prenatal (supplementation in
offspring. Maternal DAI  glucocorticoid pregnancy);
supplementation exposure. sex-specific effect
prevented these effects. (female only) needs
PubMed + 1 broader validation.
Large cohort, strong
Identified a The lipid module may =~ multi-omics profiling,
lipid-module (105 lipid  serve as biomarker good statistical
SpeCieS, mostly Signature for network approach_
Subclinical disease glycerolipids, comorbidity risk Limitations: cross-
Mishra BH et al,, stage ) glycerophospholipids,  (osteoporosis + sectional/associative
2021 [26] Osteoporosis or sphingolipids) jointly atherosclerosis), (not necessarily causal);
Atherosclerosis associated with opening potential for limited to subclinical
subclinical dual-disease risk surrogate markers;
osteoporosis and stratification or need further validation
atherosclerosis. preventive strategies. and 1‘flunctional 5
mechanistic work.
"ITH NMR Potential use in clinical
getabonomi(]:gs could diagnosis/staging of Gocc)ld proof—of-concept;
. . iscriminate between bone health in modest sample size;
]sitsataghsg:gn delrslgasaeusa 1 osteopenia . postmenopausal only metabolomics
Pontes TA 2019 et al., ge: post h p and osteoporosis in women; layer; no downstream
[36] Z)\;Ot(ler(l)erér‘:i];tvs postmenopausal metabonomic clinical trial or
os teog orosis women; 'identifiec'i b1.0mark¢.er panels to functional validation;
metabolites associated  differentiate may need larger and
with disease-stage osteopenia vs. longitudinal studies.
difference. osteoporosis.
Identified an optimal
multi-omics biomarker
panel (74 DEGs,
75 methylation sites, Strong human
23 metabolites). Found multi-omics study
199 QTLs connecting Potential for biomarker with causal MR
these biomarkers with  development (diagnos-  analysis;
genetic variants. tic/predictive) for limitations: sample
OiuCetal, . ;\lglwsolrsks/h P(’)ig;‘é"ay osteoporosis risk; size moderate (119);
2020 [33] Osteoporosis 1y \ Prqv1des meghamstlc only females;
enrichment in insight to guide ethnic/caucasian
bone-related pathways prevention or limitation; follow-up
(RANK/RANKL, therapeutic functional validation
MAPK/TGF-B, stratification. limited; biomarkers
WNT/ p-catenin). Five still early stage for
]Kgnﬁfggr%ﬁ%?sz' clinical translation.
RABL2A, SPRY1)
showed causal effect on
BMD via MR.
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Authors Disease Stage Main Findings II;Otef}tlal. for Clinical Meth.OdOIOglcal
pplication Quality
ldentifi L Large sample,
entified significant multi-ethnic

SV-BMD associations high—quality’WGS and
(125 for femoral neck, SV analysis; strengths:
99 for. spine, 83 for hlE) Provides new genetic multi-site BMD,
explaining ~,13'3_19'1 o targets/regions for stratification by

SuKetal, Osteoporosis ONfO]z)IIZ{Dg/I?er;ance. osteoporosis risk sex/ethnicity;

2024 [32] p T t'g d: prediction; possible limitations: still
PINC02370, ZNE novel therapeu- association only, SV
family, g tic/biomarker targets. ~ functional validation
ZDHHC family, FMN2, needed; age relatively
LINCO00494, TESP, young (~39) so
SPP1. pre-osteoporosis rather

than overt disease.
Identified three Strong methodological
potential therapeutic design (MR +
targets for Offers candidate multi-omics +
osteoporosis: TASIR3,  targets for drug druggable target

Sun C et al T™MX2, and_ SREBFL develppmgnt or focus); limitations:

2025 [45] v Osteoporosis Pathways identified repositioning in those are candidates
include lipid osteoporosis; may not yet clinically tested;
metabolism, immune inform precision observational genetic
expression, insulin therapies. inference; need
resistance. Phe-MR functional/clinical
suggests associations. validation.

Identified Potential for early Relatively new area
lactylation-related prediction/diagnostic  (lactylation in bone);

Tan Z et al gene markers (e.g., biomarkers in PMOP;  details limited; needs

2024 [29] M Osteoporosis CSRP2 downregulated, might lead to targeted  validation in larger
FUBP1 upregulated) therapies/modulation  and diverse cohorts;
associated with risk of  of lactylation mechanistic work
osteoporosis. pathways. pending.

Founc} ’;hat WNT1 P q h

oss-of-function causes rovides mechanistic

impaired insight into WNT1’s Strqng stuslﬁ: human

secretion/activity — role in bone cell patients w1t1 rare.

porous bone structure, ~ differentiation; may vaﬁlalnt, mu t1-9m1cs +
Wang H et al. Genetic skeletal altered cellular inform therapeutic ﬁinﬁaifoﬁss yesezziﬁc rare
2025 [25] ’ disease (type XV OI) differentjation strategies for OI and di : tP L (O

Osteoporosis trajectories (excess related isease context (OI)

CXCL12+ progenitors,  low-bone-mass rather than Seneral

fewer mature conditions (including 0Steoporosis;

osteocytes) and early onset ’gela)nsla’uon t(c)l Comtl.non

increased osteoclastic osteoporosis) may need caution

activity

Identified

21 autophagy-related CPNE1 and FRAT2 Strong design in silico;

hub genes commonto  proposed as limitation: purely

T1DM and OP (e.g., biomarkers/targets for  pioinformatics

Wen B et al., . CPNEl, FRAT?) via dual T1IDM-OP no new patient

2024 [46] Osteoporosis machine learnirzg; intervention; opens Ezalidatiolrjl or
implicated Wnt, path for targeted functional
immune infiltration therapy of the in vitro/in vivo
and autophagy comorbidity. experiments).
pathways.
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Table 2. Cont.

Authors Disease Stage Main Findings X%t;ﬂzzli(f)?‘r Clinical gs;?iggological
Identified two Strong design: large

Yuan C et al.,

clinically relevant
osteoporosis sub-types
(CISs) in Chinese
individuals, which
differed in bone

The multi-omic
subtype classification
may allow more
precise

cohort, longitudinal,
multi-omics, validation
cohort; Limitations:
ethnic/racial
generalizability to

203 ) Oveoporosis et demiy  (EKSSUIOn | o Chinese
response to calcium from supplementation) popula’ugng .
supplementation after di fPP tailored may be limited; full list
2-year follow-up, and intorm tatlored of multi-omics layers

Y p intervention strategies. .
and in fracture risk at and effect sizes may
4-year follow-up. need further detail
Found four hub
immune-related genes o 1 b venes could Good mechanistic and
(DND1, HIRA, act as 8 llalomarker s’cuclyl;1
SH3GLB2, F7) that are e imitations: sma

Zhang B et al., Osteoporosis reduced in OP; E])r}rrgg}e biomarkers validation sample

2024 [47] P neutrophils and immurlle—modulatory (n =5 +5), mostly
BM-MSC proportions L ioht be computational; further
were increased in OP; expl OE ed & functional/clinical
indicates immune cell P ’ validation required.
involvement in OP.

Prioritized top 50
Eg?gﬁgc?tgle?bohtes Computational
included. P Provides candidate network approach;
metabolite biomark- limitations: small
1 Igalactosyl
grucosygalactosy ers/therapeutic leads ~ sample size (n = 20), no

Zhang Cetal.,, Postmenopausal hydroxylysine, for PMO: could cuide imental/cli ical

2019 [48] osteoporosis all-trans-5,6- tabol - -bg d eva(sin?en ‘} clinica
epoxyretinoic acid, ge abo tQrmcs ase vali g 1lqn o
tretinoin, colecalciferol, iroorooLe® OF mmetabo lites;

it /  interventions. exploratory rather than

rocaltrol. Tretinoin and firmat
estraderm flagged as contirmatory.
especially relevant.
Identified two IR-genes
causally linked: Good multi-omics MR
increased expression of Highlights design;
F.AE 7 increzzlsed or inflammatory-gene limitat{ons: still
e CHUK targets for OP gene-level only,

§(§12a5n [%Lg] etal, Osteoporosis gxpressn()incc)){)C. K - prevention/therapy; functional/clinical

ecreased UL r1SK. opens path to validation needed; as

Colocalization indicated . dulat tvpical of MR, onl
inferactions with hor- aooronches, o izgers Causalit’ un}éier
mones/inflammatory approaches. i y
factors assumptions.
(e.g., estradiol, IL-1x).
Found negative causal
associations of lipid Provides insight into Strong design using
traits (e.g., LDL-C, lipid-metabolism — MR and epigenetic
VLDL-C, HDL-C) methvlation — bone mediation;
with BMD; health e limitations:

Zhang ZL et al., o : identified 3 methylation o : . observational genetic

steoporosis - . identifies epigenetic .

2024 [50] sites (cg15707428 in biomarkers/ tareets inference, need
GREBI; cg16000331 in f 8 functional/clinical
SREBF2; cg14364472 in or osteoporosis follow-up, BMD not
NOTCH1) éelaicgd(’io . always fracture
linking lipid genetic yshipidemia. outcomes.
effects to BMD.
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Authors Disease Stage Main Findings II;Otef}tlal. for Clinical ~ Methodological
pplication Quality
Found distinct gut
microbial/ metabolic
signatures in low bone
mass patients. Notably, Strong, novel design
enrichment of Non-invasive (human fracture
Lachnospira eligensin ~ biomarkers patients, multi-omics).
low bone mass group, (mifrgbli.(;m? andt ) Limitations: "
; depletion of beneficial metabolite signatures)  cross-sectional (not
%&a5o[)5<1(jt al,, gztgggg?(l):is tax}; (eg. for asse;ssing bone longitudi.nal); modest
Bifidobacterium, health in fracture sample size;
Bacteroides stercoris). patients; potential for  mechanistic causality
Identified gut-bone axis-based not demonstrated;
127 differential Interventions. needs external
metabolites; built a validation.
4-species microbial
model with AUC >0.9
for LBM vs control.
Detected
~3796 cytosolic
proteins; .
identified 16 significant P . Innovative subcellular
d 22 sueeestive DEPs | otential biomarkers proteomics in
an 88! . in monocyte proteome  monocytes;
Zhu W et al E%eﬁ.lﬁ a}rlld(iugh for male osteoporosis;  limitations: male only,
201117 [ 52‘? aly Osteoporosis rob ; }g r11g te insights into BMD low vs. high (not
ngeaZ %2\{??11 4 monocyte/osteoclast fracture outcome), no
Rap1B as associated pathway regulationin  direct functional
ith BMD bone loss. experiments for all
;\gd likely identified proteins.
monocyte-mediated
mechanisms.

Abbreviations: “"1H NMR: proton nuclear magnetic resonance; AUC: area under the curve; BMD: bone mineral
density; BM-MSCs: bone marrow mesenchymal stem cells; CISs: clinically identified subtypes; DEGs: differen-
tially expressed genes; DEPs: differentially expressed proteins; ECM: extracellular matrix; FDR: false discovery
rate; IR genes: immune-related genes; LBM: low bone mass; LR: ligand-receptor; MR: Mendelian randomization;
OI: osteogenesis imperfecta; OP: osteoporosis; Phe-MR: phenome-wide Mendelian randomization; PMOP: post-
menopausal osteoporosis; QTLs: quantitative trait loci; SNP: single nucleotide polymorphism; SVs: structural
variants; TIDM: type 1 diabetes mellitus; WGS: whole-genome sequencing.

3.4. Critical Evaluation of Research Quality

The body of research in osteoporosis and musculoskeletal aging demonstrates a wide
spectrum of methodological quality, ranging from small exploratory studies to large, multi-
omics, and population-based cohorts [27,32,35,37]. Several studies are characterized by
moderate or modest sample sizes and single-site designs, often requiring further validation
before wide clinical application [29,31,36,39]. Others have achieved good integration of
tissue-based or human data, although sample sizes remain limited or validation in in-
dependent cohorts is pending [24,29,40]. Large, nationally representative cross-sectional
studies employing DXA provide valuable population-level insights but are often restricted
to available variables and emphasize predictive modeling rather than mechanistic under-
standing [23,32]. Advanced mechanistic studies, including those using multiple genome
sequencing technologies and iPSC-derived NESCs for functional assays, demonstrate
methodological rigor, but their generalizability is constrained by very small sample sizes,
often n = 1 [38]. Emerging studies in marker discovery, lactylation, or metabolomics
layers similarly highlight the need for larger, diverse cohorts and translational valida-
tion [34,36,53]. Some studies employ multi-omics approaches, including proteomic, tran-
scriptomic, epigenetic, and network analyses, demonstrating strong integrative or causal
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designs (e.g., Mendelian randomization), yet functional validation and clinical translation
remain limited, with many still in silico or preclinical [33,44,46,50].

Large-scale, longitudinal cohorts and multi-ethnic WGS studies offer high-quality
data with stratification by sex and ancestry, but limitations include cross-sectional design,
subclinical surrogate markers, and the early stage of biomarker or drug target transla-
tion [32,35,45]. Several studies focus exclusively on female populations or rare disease
contexts, which restricts generalizability [29,30,46]. Computational network analyses and
exploratory metabolomics studies provide hypothesis-generating insights but require ex-
perimental and clinical follow-up [26,48,49]. Overall, despite innovative designs and
strong methodological frameworks, the field continues to face challenges regarding sample
size, ethnic diversity, mechanistic validation, and translational applicability, underscoring
the need for large, multi-center, longitudinal studies that integrate multi-omics, clinical
phenotypes, and functional assays.

4. Discussion

The findings of this scoping review demonstrate that multi-omics approaches are pro-
foundly reshaping the understanding of osteoporosis by revealing its complex, multilayered
molecular architecture. Rather than arising from isolated alterations in bone tissue, osteo-
porosis emerges as a systems-level disorder driven by coordinated dysregulation across
genomic, transcriptomic, proteomic, metabolomic, epigenomic, and microbiome-related
networks. Evidence synthesized from 30 eligible studies shows that integrating multiple
omics layers enables the identification of biologically meaningful molecular endotypes that
transcend BMD as a sole disease descriptor.

A central implication of the reviewed literature is the dominant role of transcrip-
tomics as a foundational layer for molecular characterization and patient stratification
in osteoporosis. Several studies demonstrated that gene-expression profiles can delin-
eate biologically distinct metabolic subtypes, including glycolysis-, lipid/steroid-, and
polysaccharide-driven phenotypes [37]. High levels of integration were achieved when
transcriptomics was combined with other omics layers. Chang et al. [27] exemplified this
approach by integrating transcriptomics and metabolomics to construct miRNA-gene—
metabolite networks regulating osteoporosis-related metabolic pathways. Similarly, Lan
et al. [31] and Zhang B et al. [48] extended transcriptomic analyses to single-cell resolution,
identifying hub genes and immune-related trajectories linked to bone loss.

Advanced computational and integrative transcriptomic pipelines further strength-
ened causal inference. Fuzhu et al. [34] bulk RNA-seq, scRNA-seq, Mendelian randomiza-
tion, immune-infiltration analysis, and machine learning to construct a diagnostic frame-
work for postmenopausal osteoporosis. Comparable high-dimensional approaches were
reported by Li Q et al. [41] and Li M et al. [40], who linked macrophage gene modules
and ferroptosis pathways to bone microstructural deterioration. These findings illustrate
how transcriptomics-centered integration can uncover cellular drivers of disease that are
amenable to experimental validation.

Genomics and epigenomics studies contributed essential architectural insights into
osteoporosis susceptibility and fracture risk. Structural variation analyses revealed that copy-
number and structural variants explain a substantial proportion of BMD variability across
skeletal sites [32] while long-read sequencing highlighted how rare structural disruptions
translate into transcriptomic and pathway-level changes relevant to bone fragility [38].

Large-scale Mendelian randomization and QTL colocalization studies further identi-
fied causal genes and regulatory mechanisms underlying osteoporosis phenotypes [47,48]
direct clinical relevance were reported by Wen et al. [46] who identified methylation signa-
tures predictive of refracture risk.
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Multi-omics integrative studies provided some of the strongest evidence for causal
biological pathways and therapeutic targets. Qiu et al. [33] combined genomics, tran-
scriptomics, methylomics, and metabolomics using integrative correlation analyses and
Mendelian randomization to identify causal biomarkers linked to BMD variation. Lian
et al. [44] applied an eQTL/pQTL framework to identify CPXM1 as a potentially drug-
gable target relevant to both osteoporosis and sarcopenia. Translational momentum was
further demonstrated by Sun et al. [45], who integrated genomics and transcriptomics to
identify druggable genes and infer therapeutic pathways across multiple osteoporosis-
related phenotypes. Yuan et al. [35] presented one of the most advanced examples of
machine-learning-based multi-omics fusion, leveraging deep latent space models to inte-
grate longitudinal molecular signatures.

Proteomics, metabolomics, and lipidomics studies added functional depth by cap-
turing downstream biochemical alterations associated with both early and established
disease stages. Proteomic investigations identified circulating biomarkers with diagnostic
potential [42] and immune-related proteomic signatures associated with BMD variation [52].
Integrative proteo-transcriptomic studies, such as those by Tan et al. [29] demonstrated
how genetic variants propagate through protein networks and cellular differentiation trajec-
tories, offering mechanistic insight applicable to both rare and common skeletal disorders.
Metabolomic and lipidomic profiling further linked amino acids, glycerophospholipids,
and lipid modules to subclinical and overt osteoporosis [26,36].

The gut-bone axis emerged as a recurrent and biologically consistent theme. Green-
baum et al. [28] demonstrated microbiome-metabolome-BMD integration in a large
postmenopausal cohort, while Zhao et al. [51] constructed predictive models based on
microbiome-derived metabolites distinguishing low bone mass from controls. Multi-
generational implications were highlighted by Ma et al. [30], who showed that maternal
microbiota-derived daidzein influences offspring bone development through coordinated
metabolic, transcriptomic, and epigenomic regulation.

Several studies emphasized osteoporosis as a multisystem disorder involving bone—
muscle and cross-disease interactions. Chen et al. [24] integrated transcriptomics and pro-
teomics across bone and skeletal muscle, identifying shared molecular signatures relevant to
osteosarcopenia. Cross-disease transcriptomic integration revealed shared autophagy-related
pathways between osteoporosis and type 1 diabetes [25], while environmental genomics
studies demonstrated how cadmium exposure modulates osteoporosis risk through gene—
environment interactions [41]. Oculomics-based predictive modeling also illustrated how
non-invasive phenotypic data can complement molecular stratification at scale [23].

Despite these advances, common limitations persist across the current omics literature.
Many studies are constrained by small sample sizes, limited ethnic diversity, cross-sectional
designs, and heterogeneous analytical pipelines. Functional validation remains uneven,
with numerous candidate biomarkers and pathways lacking experimental confirmation.
These limitations underscore the need for standardized methodologies and collaborative,
multicenter study designs.

Opverall, the synthesized evidence indicates that multi-omics approaches—from single-
cell sequencing and microbiome profiling to Mendelian randomization and machine-
learning fusion—are progressively decoding the complex molecular networks governing
osteoporosis. The field is transitioning toward precision medicine, in which molecular
endotypes, rather than BMD alone, may guide individualized prevention and treatment.
Future progress will require large-scale, longitudinal, multi-omics cohorts integrated with
clinical phenotyping and functional experimentation to validate biomarkers and enable
the development of combined diagnostic algorithms and targeted therapeutic strategies
specific to osteoporosis.
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5. Conclusions

Overall, current research demonstrates the strong potential of multi-omics technolo-
gies to transform the understanding and clinical management of osteoporosis and related
musculoskeletal disorders. Future progress will depend on large, multi-ethnic, longitu-
dinal studies that integrate multi-omics data with clinical phenotypes and experimental
validation. Such efforts will be essential to translate emerging biomarkers and molecular
pathways into precision diagnostics and targeted interventions.

Supplementary Materials: The following supporting information can be downloaded at https:
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Supplementary File S2: List of studies not included and exclusion reasons.

Author Contributions: Conceptualization, A.B. (Antonio Bove) and M.B.; methodology, A.B. (Adri-
ano Braile) and S.F.H.; validation, A.B. (Adriano Braile), S.EH. and A.B. (Adriano Bani); formal
analysis, S.FH. and A.B. (Adriano Bani); investigation, A.B. (Antonio Bove) and M.B.; resources,
S.EH. and A.B. (Adriano Bani); data curation, A.B. (Adriano Braile) and M.B.; writing—original
draft preparation, A.B. (Adriano Braile) and A.B. (Antonio Bove); writing—review and editing, M.B.;
visualization, N.O. and N.d.R.; supervision, M.B.; project administration, M.B.; funding acquisition,
M.B. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: All data generated or analyzed during this study are included in this
published article and its Supplementary Information Files.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:

BMD Bone Mineral Density

CT Computed Tomography

DEGs Differentially Expressed Genes

DLSF Deep Latent Space Fusion

DXA Dual-Energy X-ray Absorptiometry
eQTL Expression Quantitative Trait Locus/Loci
FRAX Fracture Risk Assessment Tool

LASSO Least Absolute Shrinkage and Selection Operator
M3S Multi-Modal Molecular Signatures

MR Mendelian Randomization

MRI Magnetic Resonance Imaging

Ol Osteogenesis Imperfecta

PMOP Postmenopausal Osteoporosis

pQTL Protein Quantitative Trait Locus/Loci
QTL Quantitative Trait Locus/Loci

RFE Random Forest

scRNA-seq Single-Cell RNA Sequencing

SMDCCA Sparse Multiple Discriminant Canonical Correlation Analysis
SV Structural Variant

WGCNA Weighted Gene Co-Expression Network Analysis

https:/ /doi.org/10.3390/ cells15050472


https://www.mdpi.com/article/10.3390/cells15050472/s1
https://www.mdpi.com/article/10.3390/cells15050472/s1
https://doi.org/10.3390/cells15050472

Cells 2026, 15, 472 21 0f23

References

1.  Kanis, J.A. Diagnosis of osteoporosis and assessment of fracture risk. Lancet 2002, 359, 1929-1936. [CrossRef]

2. Akkawi, I.; Zmerly, H. Osteoporosis: Current Concepts. Joints 2018, 6, 122-127. [CrossRef]

3. Braile, M,; Braile, A.; Greggi, C.; Visconti, V.V.; Toro, G.; Trotta, M.C.; Conza, G.; Tarantino, U. Role of microRNAs in Osteosar-
copenic Obesity/Adiposity: A Scoping Review. Cells 2025, 14, 802. [CrossRef]

4. Gerdhem, P. Osteoporosis and fragility fractures: Vertebral fractures. Best Pract. Res. Clin. Rheumatol. 2013, 27, 743-755. [CrossRef]

5. Clynes, M.A.; Gregson, C.L.; Bruyére, O.; Cooper, C.; Dennison, E.M. Osteosarcopenia: Where osteoporosis and sarcopenia
collide. Rheumatology 2021, 60, 529-537. [CrossRef] [PubMed]

6.  Cruz-Jentoft, A.J.; Bahat, G.; Bauer, |.; Boirie, Y.; Bruyere, O.; Cederholm, T.; Cooper, C.; Landi, F; Rolland, Y.; Sayer, A.A.; et al.
Sarcopenia: Revised European consensus on definition and diagnosis. Age Ageing 2019, 48, 16-31. [CrossRef] [PubMed]

7. Sui, H; Dou, J.; Shi, B.; Cheng, X. The reciprocity of skeletal muscle and bone: An evolving view from mechanical coupling,
secretory crosstalk to stem cell exchange. Front. Physiol. 2024, 15, 1349253. [CrossRef] [PubMed]

8. Veronese, N.; Ragusa, ES.; Sabico, S.; Dominguez, L.].; Barbagallo, M.; Duque, G.; Al-Daghri, N. Osteosarcopenia increases the
risk of mortality: A systematic review and meta-analysis of prospective observational studies. Aging Clin. Exp. Res. 2024, 36, 132.
[CrossRef]

9. Nielsen, B.R.; Abdulla, J.; Andersen, H.E.; Schwarz, P.; Suetta, C. Sarcopenia and osteoporosis in older people: A systematic
review and meta-analysis. Eur. Geriatr. Med. 2018, 9, 419-434. [CrossRef]

10. Polito, A.; Barnaba, L.; Ciarapica, D.; Azzini, E. Osteosarcopenia: A Narrative Review on Clinical Studies. Int. J. Mol. Sci. 2022,
23, 5591. [CrossRef]

11.  Rosen, C.J. The Epidemiology and Pathogenesis of Osteoporosis. In Endotext [Internet]; Feingold, K.R., Adler, R.A., Ahmed, S.E,
Anawalt, B., Blackman, M.R., Chrousos, G., Corpas, E., de Herder, W.W., Dhatariya, K., Dungan, K,, et al., Eds.; MDText.com, Inc.:
South Dartmouth, MA, USA, 2000. [PubMed]

12. Salamanna, F.; Faldini, C.; Veronesi, F.; Borsari, V.; Ruffilli, A.; Manzetti, M.; Viroli, G.; Traversari, M.; Marchese, L.; Fini, M.;
et al. A Pilot Study on Circulating, Cellular, and Tissue Biomarkers in Osteosarcopenic Patients. Int. . Mol. Sci. 2024, 25, 5879.
[CrossRef]

13. Li, X,; Fang, L.; Zhou, R;; Yao, L.; Clayton, S.W.; Muscat, S.; Kamm, D.R.; Wang, C.; Liu, C.J.; Qin, L.; et al. Current cutting-edge
omics techniques on musculoskeletal tissues and diseases. Bone Res. 2025, 13, 59. [CrossRef] [PubMed]

14. Nusrat, S.; Din, R.U.; Tariq, M.A.; Yang, H. Epigenetic Dysregulation and Osteocyte Senescence: Convergent Drivers of
Osteosarcopenia in Aging Bone and Muscle. Aging Dis. 2025, 17, 4. [CrossRef]

15.  Amroodi, M.N.; Maghsoudloo, M.; Amiri, S.; Mokhtari, K.; Mohseni, P.; Pourmarjani, A.; Jamali, B.; Khosroshahi, E.M.; Asadji, S.;
Tabrizian, P.; et al. Unraveling the molecular and immunological landscape: Exploring signaling pathways in osteoporosis.
Biomed. Pharmacother. 2024, 177, 116954. [CrossRef]

16. Dong, Q.; Li, D.; Zhang, K.; Shi, H.; Cai, M,; Li, Y.; Zhao, R.; Qin, D. Muscle-bone biochemical crosstalk in osteosarcopenia:
Focusing on mechanisms and potential therapeutic strategies. J. Endocrinol. 2025, 266, €250234. [CrossRef]

17.  Ashikov, A.; Abu Bakar, N.; Wen, X.Y.; Niemeijer, M.; Rodrigues Pinto Osorio, G.; Brand-Arzamendi, K.; Hasadsri, L.;
Hansikova, H.; Raymond, K.; Vicogne, D.; et al. Integrating glycomics and genomics uncovers SLC10A7 as essential fac-
tor for bone mineralization by regulating post-Golgi protein transport and glycosylation. Hum. Mol. Genet. 2018, 27, 3029-3045.
[CrossRef]

18. Lu, Y, Cai, X.; Shi, B.; Gong, H. Gut microbiota, plasma metabolites, and osteoporosis: Unraveling links via Mendelian
randomization. Front. Microbiol. 2024, 15, 1433892. [CrossRef]

19. Chen, D,; Li, Y,; Wang, Q.; Zhan, P. Identification of Key Osteoporosis Genes Through Comparative Analysis of Men’s and
Women'’s Osteoblast Transcriptomes. Calcif. Tissue Int. 2023, 113, 618-629. [CrossRef]

20. Peters, M.D.J.; Marnie, C.; Tricco, A.C.; Pollock, D.; Munn, Z.; Alexander, L.; McInerney, P.; Godfrey, C.M.; Khalil, H. Updated
methodological guidance for the conduct of scoping reviews. |BI Evid. Synth. 2020, 18, 2119-2126. [CrossRef] [PubMed]

21. Tricco, A.C,; Lillie, E.; Zarin, W.; O’Brien, K.K.; Colquhoun, H.; Levac, D.; Moher, D.; Peters, M.D.].; Horsley, T.; Weeks, L.;
et al. PRISMA Extension for Scoping Reviews (PRISMA-ScR): Checklist and Explanation. Ann. Intern. Med. 2018, 169, 467-473.
[CrossRef]

22. Xu, C; Wang, W.; Wang, Y.; Zhang, X.; Yan, J.; Yu, L. Serum Angiopoietin-2 as a Clinical Marker for Lung Cancer in Patients with
Solitary Pulmonary Nodules. Ann. Clin. Lab. Sci. 2016, 46, 60-64.

23.  Choi, J.Y,; Han, E.; Yoo, T.K. Application of ChatGPT-4 to oculomics: A cost-effective osteoporosis risk assessment to enhance
management as a proof-of-principles model in 3PM. EPMA . 2024, 15, 659-676. [CrossRef]

24. Chen,].; Xu,].; Gou, L.; Zhu, Y.; Zhong, W.; Guo, H.; Du, Y. Integrating transcriptomic and proteomic data for a comprehensive

molecular perspective on the association between sarcopenia and osteoporosis. Arch. Gerontol. Geriatr. 2024, 125, 105486.
[CrossRef] [PubMed]

https:/ /doi.org/10.3390/ cells15050472


https://doi.org/10.1016/S0140-6736(02)08761-5
https://doi.org/10.1055/s-0038-1660790
https://doi.org/10.3390/cells14110802
https://doi.org/10.1016/j.berh.2014.01.002
https://doi.org/10.1093/rheumatology/keaa755
https://www.ncbi.nlm.nih.gov/pubmed/33276373
https://doi.org/10.1093/ageing/afy169
https://www.ncbi.nlm.nih.gov/pubmed/30312372
https://doi.org/10.3389/fphys.2024.1349253
https://www.ncbi.nlm.nih.gov/pubmed/38505709
https://doi.org/10.1007/s40520-024-02785-9
https://doi.org/10.1007/s41999-018-0079-6
https://doi.org/10.3390/ijms23105591
https://www.ncbi.nlm.nih.gov/pubmed/25905357
https://doi.org/10.3390/ijms25115879
https://doi.org/10.1038/s41413-025-00442-z
https://www.ncbi.nlm.nih.gov/pubmed/40484858
https://doi.org/10.14336/AD.2025.0370
https://doi.org/10.1016/j.biopha.2024.116954
https://doi.org/10.1530/JOE-25-0234
https://doi.org/10.1093/hmg/ddy213
https://doi.org/10.3389/fmicb.2024.1433892
https://doi.org/10.1007/s00223-023-01147-3
https://doi.org/10.11124/JBIES-20-00167
https://www.ncbi.nlm.nih.gov/pubmed/33038124
https://doi.org/10.7326/M18-0850
https://doi.org/10.1007/s13167-024-00378-0
https://doi.org/10.1016/j.archger.2024.105486
https://www.ncbi.nlm.nih.gov/pubmed/38761527
https://doi.org/10.3390/cells15050472

Cells 2026, 15, 472 22 0f 23

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

Wang, H.; Xiao, J.; Fu, C.; Ma, |.; Jiang, Z. Exploration of autophagy-associated genes and potential molecular mechanisms in type
1 diabetes and osteoporosis. Sci. Rep. 2025, 15, 29387. [CrossRef]

Mishra, B.H.; Mishra, P.P.; Mononen, N.; Hilvo, M.; Sievdanen, H.; Juonala, M.; Laaksonen, M.; Hutri-Kdhonen, N.; Viikari, J.;
Kéhonen, M.; et al. Uncovering the shared lipidomic markers of subclinical osteoporosis-atherosclerosis comorbidity: The Young
Finns Study. Bone 2021, 151, 116030. [CrossRef] [PubMed]

Chang, S.; Tao, W.; Shi, P; Wu, H.; Liu, H.; Xu, J.; Chen, J.; Zhu, ]. Comprehensive Analysis of the Role of Metabolic Features in
Osteoporosis: A Multi-Omics Analysis. Int. J. Gen. Med. 2025, 18, 2727-2739. [CrossRef]

Greenbaum, J.; Lin, X.; Su, K.J.; Gong, R.; Shen, H.; Shen, ].; Xiao, H.M.; Deng, H.W. Integration of the Human Gut Microbiome
and Serum Metabolome Reveals Novel Biological Factors Involved in the Regulation of Bone Mineral Density. Front. Cell Infect.
Microbiol. 2022, 12, 853499. [CrossRef]

Tan, Z.; Chen, P; Zhang, J.; Shek, H.T.; Li, Z.; Zhou, X.; Zhou, Y,; Yin, S.; Dong, L.; Feng, L.; et al. Multi-omics analyses reveal
aberrant differentiation trajectory with WNT1 loss-of-function in type XV osteogenesis imperfecta. J. Bone Miner. Res. 2024, 39,
1253-1267. [CrossRef] [PubMed]

Ma, C.; He, H,; Wang, K.; Guo, J.; Liu, L.; Chen, Y,; Li, B.; Xiao, H; Li, X.; Lu, X,; et al. Maternal gut microbiota-derived daidzein
prevents osteoporosis in female offspring following prenatal prednisone exposure. Imeta 2025, 4, €70037. [CrossRef]

Lan, K.F; Su, WH.; Zhong, Y.; Wu, Y.; Ye, S.; He, D.; Lai, Y.; Wang, C.C.N.; Mo, A. Integrated bioinformatics analysis identifies
CHAD association with osteoporosis and in vitro chondrogenic effects of Wogonin. Sci. Rep. 2025, 15, 24262. [CrossRef]

Su, K.J; Qiu, C.; Greenbaum, J.; Zhang, X.; Liu, A.; Liu, Y,; Luo, Z.; Mungasavalli Gnanesh, S.S.; Tian, Q.; Zhao, L.].; et al. Genomic
structural variations link multiple genes to bone mineral density in a multi-ethnic cohort study: Louisiana osteoporosis study.
J. Bone Miner. Res. 2024, 39, 1474-1485. [CrossRef]

Qiu, C; Yu, F; Su, K.; Zhao, Q.; Zhang, L.; Xu, C.; Hu, W,; Wang, Z.; Zhao, L.; Tian, Q.; et al. Multi-omics Data Integration
for Identifying Osteoporosis Biomarkers and Their Biological Interaction and Causal Mechanisms. iScience 2020, 23, 100847.
[CrossRef]

Tan, F; Cui, X.; Ren, S.; Zhang, Y. Role and Validation of Lactylation-Related Gene Markers in Postmenopausal Osteoporosis.
Appl. Biochem. Biotechnol. 2025, 197, 3982—-4001. [CrossRef] [PubMed]

Yuan, C.; Yu, X.T.; Wang, J.; Shu, B.; Wang, X.Y,; Huang, C; Lv, X,; Peng, Q.Q.; Qi, WH.; Zhang, J.; et al. Multi-modal molecular
determinants of clinically relevant osteoporosis subtypes. Cell Discov. 2024, 10, 28. [CrossRef]

Pontes, T.A.; Barbosa, A.D.; Silva, R.D.; Melo-Junior, M.R.; Silva, R.O. Osteopenia-osteoporosis discrimination in postmenopausal
women by 1H NMR-based metabonomics. PLoS ONE 2019, 14, e0217348. [CrossRef] [PubMed]

Guo, J.; Huang, Q.; Zhou, Y;; Xu, Y,; Zong, C.; Shen, P.; Ma, Y.; Zhang, J.; Cui, Y.;; Yu, L.; et al. Typing characteristics of
metabolism-related genes in osteoporosis. Front. Pharmacol. 2022, 13, 999157. [CrossRef]

Eisfeldt, J.; Schuy, J.; Stattin, E.L.; Kvarnung, M.; Falk, A.; Feuk, L.; Lindstrand, A. Multi-Omic Investigations of a 17-19 Transloca-
tion Links. Int. J. Mol. Sci. 2022, 23, 9392. [CrossRef] [PubMed]

Li, C.; Pan, H,; Liu, W,; Jin, G,; Liang, C.; Jiang, X. Discovery of novel serum biomarkers for diagnosing and predicting
postmenopausal osteoporosis patients by 4D-label free protein omics. J. Orthop. Res. 2023, 41, 2713-2720. [CrossRef]

Li, M.; Gao, X.; Zhang, Y.; Wang, J.; Dong, R.; Li, P; He, Y. Multi-omics Data Integration Analysis Identified Therapeutic Targets
and Potential Reuse Drugs for Osteoporosis. Curr. Med. Chem. 2024, 31, 6357—-6370. [CrossRef]

Li, Q.; Tu, Y;; Diao, H.; Zheng, L.; Chen, W. SMAD7-mediated ferroptosis in macrophages drives osteoporosis progression: A
multi-omics study. Mol. Immunol. 2025, 187, 11-27. [CrossRef]

Li, Q.; Guo, R.; Wu, Z.; Zhao, C.; Shen, C. Key genes linking gut microbiota, immune cells, and osteoporosis: A multi-omics
approach. Microb. Pathog. 2025, 202, 107412. [CrossRef]

Li, Y,; Liang, X.; Rong, Y.; Jiang, K.; Zhang, J.; Li, G. Investigating the potential risk of cadmium exposure on Osteoporosis: An
integrated multi-omics approach. Ecotoxicol. Environ. Saf. 2025, 301, 118502. [CrossRef]

Lian, J.; Zhang, X.; Shi, S.; Li, X.; Wang, Z.; Pang, H.; Wang, T.; Gao, W.; Liu, X. Multi-omics Mendelian randomization integrating
RNA-seq, eQTL and pQTL data revealed CPXM1 as a potential drug target for osteoporosis. Hereditas 2025, 162, 200. [CrossRef]
Sun, C.; Liu, R;; Hu, J.; Fan, W.; Shan, P.; Wei, X. Systematic druggable genome-wide Mendelian randomization identifies
therapeutic targets for osteoporosis. Osteoporos. Sarcopenia 2025, 11, 57-64. [CrossRef]

Wen, B.; Zhang, Y.; He, J.; Tan, L.; Xiao, G.; Wang, Z.; Cui, W.; Wu, B.; Wang, X; He, L.; et al. Causal impact of DNA methylation
on refracture in elderly individuals with osteoporosis—A prospective cohort study. BMC Musculoskelet. Disord. 2024, 25, 432.
[CrossRef]

Zhang, B.; Pei, Z.; Tian, A.; He, W,; Sun, C.; Hao, T.; Ariben, J.; Li, S.; Wu, L.; Yang, X.; et al. Multi-omics Analysis to Identify
Key Immune Genes for Osteoporosis based on Machine Learning and Single-cell Analysis. Orthop. Surg. 2024, 16, 2803-2820.
[CrossRef] [PubMed]

Zhang, C.; Wang, Y.; Zhang, C.L.; Wu, H.R. Prioritization of candidate metabolites for postmenopausal osteoporosis using
multi-omics composite network. Exp. Ther. Med. 2019, 17, 3155-3161. [CrossRef] [PubMed]

https:/ /doi.org/10.3390/ cells15050472


https://doi.org/10.1038/s41598-025-15227-x
https://doi.org/10.1016/j.bone.2021.116030
https://www.ncbi.nlm.nih.gov/pubmed/34098163
https://doi.org/10.2147/ijgm.s515717
https://doi.org/10.3389/fcimb.2022.853499
https://doi.org/10.1093/jbmr/zjae123
https://www.ncbi.nlm.nih.gov/pubmed/39126373
https://doi.org/10.1002/imt2.70037
https://doi.org/10.1038/s41598-025-05861-w
https://doi.org/10.1093/jbmr/zjae133
https://doi.org/10.1016/j.isci.2020.100847
https://doi.org/10.1007/s12010-025-05216-1
https://www.ncbi.nlm.nih.gov/pubmed/40131629
https://doi.org/10.1038/s41421-024-00652-5
https://doi.org/10.1371/journal.pone.0217348
https://www.ncbi.nlm.nih.gov/pubmed/31141566
https://doi.org/10.3389/fphar.2022.999157
https://doi.org/10.3390/ijms23169392
https://www.ncbi.nlm.nih.gov/pubmed/36012658
https://doi.org/10.1002/jor.25628
https://doi.org/10.2174/0109298673291526240322081017
https://doi.org/10.1016/j.molimm.2025.08.021
https://doi.org/10.1016/j.micpath.2025.107412
https://doi.org/10.1016/j.ecoenv.2025.118502
https://doi.org/10.1186/s41065-025-00562-w
https://doi.org/10.1016/j.afos.2025.06.001
https://doi.org/10.1186/s12891-024-07521-y
https://doi.org/10.1111/os.14172
https://www.ncbi.nlm.nih.gov/pubmed/39238187
https://doi.org/10.3892/etm.2019.7310
https://www.ncbi.nlm.nih.gov/pubmed/30936988
https://doi.org/10.3390/cells15050472

Cells 2026, 15, 472 23 0f 23

49.

50.

51.

52.

53.

Zhang, R.; Zhao, ]. Exploring causal correlations between inflammatory response-related genes and osteoporosis: A Multi-Omics
Mendelian Randomization Study. Arch. Med. Sci. 2025, 21, 1332-1344. [CrossRef]

Zhang, Z.; Duan, Y.; Huo, J. Lipid Metabolism, Methylation Aberrant, and Osteoporosis: A Multi-omics Study Based on
Mendelian Randomization. Calcif. Tissue Int. 2024, 114, 147-156. [CrossRef] [PubMed]

Zhao, X.; Wu, B.; Han, P,; Wang, Z.; Cao, R.; Chen, S.; Cheng, C.; Lian, H.; Zha, Y.; Li, M. Gut microbiota-metabolome remodeling
associated with low bone mass: An integrated multi-omics study in fracture patients. Front. Mol. Biosci. 2025, 12, 1646361.
[CrossRef]

Zhu, W,; Shen, H.; Zhang, ].G.; Zhang, L.; Zeng, Y.; Huang, H.L.; Zhao, Y.C.; He, H.; Zhou, Y.; Wu, K.H.; et al. Cytosolic proteome
profiling of monocytes for male osteoporosis. Osteoporos. Int. 2017, 28, 1035-1046. [CrossRef] [PubMed]

Shida, T.; Hatanaka, S.; Kojima, N.; Ohta, T.; Maruo, K.; Osuka, Y.; Sasai, H. Identification of metabolites associated with the
development of sarcopenia in older women: A longitudinal nested case-control study. Clin. Nutr. ESPEN 2025, 69, 133-139.
[CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https:/ /doi.org/10.3390/ cells15050472


https://doi.org/10.5114/aoms/205243
https://doi.org/10.1007/s00223-023-01160-6
https://www.ncbi.nlm.nih.gov/pubmed/38071623
https://doi.org/10.3389/fmolb.2025.1646361
https://doi.org/10.1007/s00198-016-3825-y
https://www.ncbi.nlm.nih.gov/pubmed/27844135
https://doi.org/10.1016/j.clnesp.2025.07.006
https://www.ncbi.nlm.nih.gov/pubmed/40633668
https://doi.org/10.3390/cells15050472

	Introduction 
	Methods 
	Information Sources and Search Strategy 
	Eligibility Criteria 
	Data Extraction and Quality Process 
	Methodological Approach to the Critical Appraisal 

	Results 
	Literature Research 
	Study Characteristics 
	Multi-Omics Insights into Osteoporosis 
	Critical Evaluation of Research Quality 

	Discussion 
	Conclusions 
	References

