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Purpose: Sarcopenic obesity patients are likely to develop exacerbated metabolic dysfunction, while the mechanism linking 
sarcopenia and obesity is still unclear. This study aims to explore hub genes and immune-metabolic dysregulation related to the 
molecular pathogenesis of sarcopenia and obesity.
Methods: We used a public Gene Expression Omnibus (GEO) dataset to identify hub genes associated with sarcopenia and obesity. 
Weighted gene co-expression network analysis (WGCNA), protein-protein interaction (PPI), differentially expressed gene (DEG) 
analysis, GO/KEGG functional enrichment analyses and immune cell infiltration analysis were conducted to identify hub genes. 
Subsequently, these hub genes underwent multi-level validation.
Results: Integrated bioinformatics analysis identified 16 shared hub genes linked to the sarcopenia–obesity nexus. These genes were 
mainly enriched in immune-related pathways, as supported by immune infiltration profiling. External validation in independent cohorts 
confirmed CD52 as a common and central gene in both sarcopenia and obesity datasets, showing significant associations with immune 
cell characteristics. Mendelian randomization analysis indicated potential causal links between genetically predicted CD52 levels and 
reduced hand grip strength as well as increased body mass index, and these results were further supported by PCR assays in clinical 
samples.
Conclusion: The integrative analysis indicates that CD52 may function as a novel immunometabolic mediator in SO pathogenesis, 
underscoring its potential as a candidate biomarker for further study.
Keywords: Sarcopenia, obesity, bioinformatics, immune cell infiltration, Mendelian randomization

Introduction
As the global obesity epidemic converges with population aging, the complex interplay between excessive adiposity and 
progressive muscle decline has brought sarcopenic obesity (SO) to the forefront as a critical geriatric syndrome. SO, 
defined by the co-existence of sarcopenia and obesity, synergistically elevates the risk of mobility disability, metabolic 
diseases, and mortality, thereby imposing a substantial public health burden.1,2 However, the reported incidence of SO 
exhibits substantial heterogeneity, with rates varying from 5.6% to as high as 66.6% across different populations and 
diagnostic criteria.3–5 The 2025 updated Asian Working Group for Sarcopenia (AWGS) consensus reframes the condition 
by shifting the focus from disease management to lifelong muscle health promotion. It explicitly recognizes the critical 
cross-talk between muscle and adipose tissue, thus providing a compelling rationale for investigating sarcopenic obesity.6 

Given the increasing global incidence of SO, this elusive pathogenesis severely limits early intervention. Therefore, 
elucidating its core molecular mechanisms is a critical step toward alleviating the associated disease burden.

The pathogenesis of SO is driven by dysregulated crosstalk between adipose and muscle tissues, which is centrally 
mediated by chronic low-grade inflammation and concurrent hormonal alterations.7 The expanded visceral adipose tissue 
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in obese individuals acts as a prolific endocrine and immune organ. Critically, adipose tissue macrophages shift from an 
anti-inflammatory M2 phenotype to a pro-inflammatory M1 state, secreting a stream of pro-inflammatory cytokines— 
including interleukin-6 (IL-6), tumor necrosis factor-alpha (TNF-α), and interleukin-1 beta (IL-1β)—which spill over 
into the systemic circulation.8,9 Our previous work, which demonstrated elevated plasma TNF-α levels in sarcopenia 
patients, provides direct clinical evidence linking such inflammatory pathways to muscle atrophy.10 This inflammatory 
drive is further amplified by a concomitant disruption of the hormonal milieu that characterizes SO. In aging males, the 
obesity-associated shift from testosterone to estradiol contributes to a hypogonadal state that undermines muscle protein 
synthesis.11 Similarly, in postmenopausal women, reduced estradiol and elevated FSH levels favor a shift in body 
composition toward adipose accumulation and muscle loss.12 Furthermore, age- and obesity-related decreases in the 
levels of anabolic hormones such as growth hormone (GH) disrupt key muscle maintenance pathways.13–15 Collectively, 
these adipose-driven inflammatory and hormonal alterations establish a state of systemic immunometabolic dysregulation 
that is central to SO pathogenesis.

These systemic immunometabolic signals destructively converge on skeletal muscle, establishing a direct “immune 
attack” on muscle integrity. The proinflammatory cytokines derived from adipose tissue, such as TNF-α and IL-6, act as 
primary effectors by activating the ubiquitin‒proteasome and apoptotic pathways, leading to accelerated protein break
down and cell death.16 Concurrently, the ectopic lipid infiltration (myosteatosis) fueled by this inflammatory milieu intro
duces lipotoxicity, which impairs insulin signaling. The resulting insulin resistance serves as a critical amplifier, 
disrupting the anabolic mTORC1 pathway for protein synthesis17–21 while activating the catabolic FoxO-mediated 
proteolytic system.22,23 Thus, an immune-initiated cascade—from inflammatory signaling to metabolic dysfunction— 
orchestrates a self-perpetuating vicious cycle: muscle wasting begs further metabolic derangement and adipose tissue 
inflammation, which in turn exacerbates muscle loss. Despite this understanding of the effector pathways, the shared 
regulatory factors that initiate and coordinate immunometabolic crosstalk in SO remain unidentified, hindering a unified 
molecular understanding of this condition.

To identify these core regulatory factors and systematically decode the shared molecular architecture of SO, we 
implemented a hypothesis-driven, multi-omics strategy. We analyzed skeletal muscle transcriptomes from sarcopenia 
patients (GSE1428)24 and adipose transcriptomes from obese patients (GSE2510)25 to identify shared immune-related 
hub genes. The candidate genes subsequently underwent a multi-tier validation framework, including external transcrip
tomic verification, causal inference via Mendelian randomization (MR), and experimental confirmation in peripheral 
blood samples via quantitative reverse transcription PCR (qRT-PCR). This comprehensive strategy aims to decipher the 
core molecular architecture of SO and identify robust candidate targets for future mechanistic investigations.

Materials and Methods
Data Extraction
Matrix files and platform data for GSE1428 and GSE2510 were obtained from the National Center for Biotechnology 
Information Gene Expression Omnibus (NCBI-GEO) (https://www.ncbi.nlm.nih.gov/geo). The keywords “homo 
sapiens”, “sarcopenia,” and “obesity” were used to search for associated gene expression datasets: (1) each test sample 
was acquired from human tissue, and (2) the expression profiles in every dataset were independent. The exclusion 
criterion was participation in another clinical study for drugs or additional treatments. Ultimately, the series matrix files 
and platform information for GSE1428 and GSE2510 were downloaded. These two datasets were obtained using the 
Affymetrix Human Genome U133A Array platform (GPL96). GSE1428 included data from 12 older adults and 10 young 
individuals and covers the global gene expression profile of the vastus lateralis muscle.26 GSE2510 included data from 14 
obese patients and 14 normal individuals and focused on primary cultured abdominal subcutaneous preadipocytes.27 In 
the validation section, we selected two datasets: GSE910328 and GSE151839.29 GSE9103 used vastus lateralis muscle 
biopsy samples from 20 young adults and 20 young individuals, whereas GSE151839 used skin and fat biopsy samples 
from 20 individuals, including 10 obese and 10 normal-weight individuals. Both datasets were produced using the 
Affymetrix Human Genome U133 Plus 2.0 Array platform (GPL570). For the bioinformatic analyses utilizing public 
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data, no additional ethical approval was required, as all original studies providing the data had obtained the necessary 
approvals and participant consent.

Construction of Weighted Gene Co-Expression Network Analysis (WGCNA)
To identify gene co-expression modules associated with sarcopenia, we performed WGCNA on the GSE1428 dataset 
using the WGCNA R package.30 First, pairwise genes were subjected to Pearson’s correlation matrix and average linkage 
method analyses. Next, the power function A_mn =|C_mn|^β (C_mn = Pearson’s correlation of Gene_m with Gene_n; 
A_mn = adjacency of Gene m with Gene n) was used to construct the weighted adjacency matrix. In the function, β 
represents the soft-thresholding parameter, probably emphasizing the potent gene relationships and penalizing weak 
correlations. When the power was selected to be 8, the adjacency was converted into the topological overlap matrix 
(TOM). The TOM can determine the network connectivity of one gene by the sum of adjacency with each other gene to 
generate a network, followed by the calculation of related dissimilarity (1-TOM). To classify genes that had close 
expression patterns in the gene modules, we conducted average linkage hierarchical clustering based on the TOM-based 
dissimilarity measure at a minimal size of 30 (gene group) for the gene dendrogram. We set the sensitivity at 3. For 
module analysis, the dissimilarity of module eigengenes was computed, the cutoff line was selected for the module 
dendrogram, and later, certain modules were pooled. Modules whose distances were less than 0.12 were merged, 
ultimately yielding four co-expression modules. The gray module was a collection of genes not assigned to one specific 
module. The correlations of the module feature vectors with gene expression were determined to obtain the MM. At the 
cutoff threshold (|MM| > 0.8), 905 highly connected genes from the clinically significant module were considered to be 
hub genes.

Differentially Expressed Gene (DEG) Screening
Differentially expressed genes (DEGs) were screened using the limma package of R (Version 4.5.1) in the obesity group 
versus the normal control group31 based on the thresholds of |log FC|>1 and adjusted P < 0.05. Common DEGs were 
detected and visualized VennDiagram package.

Functional Annotation
Metascape (http://Metascape.org/gp/index.html) is a free web-based analytics tool for comprehensive gene annotation 
and analysis resources that combines GO and KEGG enrichment searches to leverage more than 40 independent 
knowledge bases.32 To understand the roles of the DEGs and core genes, Metascape was used to conduct GO and 
KEGG analyses.

PPI Network Analysis
Search Tool for the Retrieval of Interacting Genes (STRING) (Version 11.3, https://cn.string-db.org/) is a web-based 
approach used to analyze protein interactions.33 We mapped the DEGs and core genes to the STRING database and 
considered experimentally validated interactions whose combined scores were > 0.4 to be statistically significant. Later, 
the Cytoscape software (Version 3.5.1) (www.cytoscape.org/) was used to visualize the PPI network.34 Hub genes were 
screened from the PPI network using the cytoHubba plug-in of Cytoscape. We selected the 10 genes with the greatest 
degree of significance as hub genes.35

Assessment of Immune Cell Infiltration by the MCP-Counter
We used a microenvironment cell population counter (MCP-counter) for assessing immune and stromal cell infiltration.36 

Next, the log2-transformed FPKM expression matrix after normalization was uploaded to the MCP-counter package 
(Version 1.1.0), which produced absolute abundance scores of the eight main types of immune cells (T cells, natural killer 
(NK) cells, cytotoxic lymphocytes, B lineage cells, myeloid dendritic cells, monocytic lineage cells, neutrophils, 
fibroblasts, and endothelial cells (ECs)). The deconvolution profiles were subsequently subjected to hierarchical cluster
ing and comparison between sarcopenia patients and normal controls, and between obese patients and normal controls. 
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Additionally, Spearman correlation coefficients for the correlation between the hub genes and immune cells were 
determined.

Verification of Common Hub Genes via External Databases and ROC Evaluation
We further evaluated the prognostic value of the common hub genes by performing ROC analysis using the external 
datasets GSE9103 and GSE151839. We first validated the differential expression of candidate hub genes in two external 
databases by conducting non-parametric tests. Statistically significant genes, defined by P < 0.05, were subsequently 
subjected to ROC analysis in both external databases. Genes demonstrating an area under the curve (AUC) > 0.7 in the 
two cohorts were identified as the final common hub genes. Finally, we conducted a Pearson correlation analysis to assess 
the relationships of these validated hub genes with immune cell infiltration profiles.

Sources of Data for Mendelian Randomization Analysis
Through GWAS, complex disease-related genetic variants were identified by examining large populations of DNA 
samples; the findings revealed genes related to disease onset, progression, and treatment. In this study, we acquired eQTL 
data for CD52 (ENSEMBL ID: ENSG00000169442) from the eQTL catalog (https://www.ebi.ac.uk/eqtl/), which were 
derived from studies using peripheral blood as the source tissue. Single-nucleotide polymorphisms (SNPs) represent 
single-nucleotide variant-induced DNA sequence variations at the genome scale and account for more than 90% of 
identified polymorphisms. Detailed information on the datasets is presented in Table 1.

Mendelian Randomization Analysis
We used eQTL data for exposure, whereas sarcopenia and obesity GWAS data were used as the outcome for identifying 
genes related to sarcopenia and obesity; the analysis was performed in the R software (Version 4.5.1). SNPs closely 
related to sarcopenia or obesity were selected (P < 5 × 10–8). We later performed a clumping procedure (r2 < 0.01 and 
clumping distance = 10,000 kb) to assess linkage disequilibrium (LD) among SNPs.37 The beta coefficient of every 
allele, p-value, and standard error of every SNP were obtained from the sarcopenia and obesity GWAS dataset. 
Instrumental variables (IVs) significantly associated with the outcome phenotype were removed (P < 5 × 10–8). We 
then harmonized the SNP instruments by calibrating the directions of the alleles for both Exposure-SNPs and Outcome- 
SNPs and removing SNPs with ambiguous palindromic sequences. An F-statistic (F = beta2 

exposure/SE2 
exposure) >10 was 

selected as the threshold for reducing weak IV–induced bias.38 Two-sample Mendelian randomization (MR) analysis was 
conducted using the “TwoSampleMR” package (Version 0.5.10). The primary analysis was performed using the inverse- 
variance weighted (IVW) method. To test the robustness of the findings, we additionally employed MR-Egger, weighted 
median, simple mode, and weighted mode methods. The significant deviation of the MR-Egger intercept from 0 was 
analyzed to examine horizontal pleiotropy. Horizontal pleiotropy was assessed using two approaches: (1) examining the 
significance of the MR-Egger regression intercept; and (2) applying the Mendelian Randomization Pleiotropy RESidual 
Sum and Outlier (MR-PRESSO) test to globally test for and correct for pleiotropy by identifying and removing outlier 
SNPs. Heterogeneity was detected with Cochran’s Q statistic and associated p-values, with P > 0.05 indicating the 
absence of significant heterogeneity. Finally, leave-one-SNP-out analysis was performed to assess the reliability of the 
results and the possible influence of SNPs.

Table 1 GWAS Data Information on Sarcopenia and Obesity Related Traits

Outcome ID.Outcome Time Number of SNPs Sample size(n) Population

Appendicular lean mass ebi-a-GCST90000027 2020 18,164,071 244,730 European

Low hand grip strength ebi-a-GCST90007528 2021 9,356,133 121,055 European

Usual walking pace ukb-e-924_MID 2020 11,858,007 1521 Greater Middle Eastern

Body mass index ebi-a-GCST90029007 2018 11,973,091 532,396 European

Abbreviation: SNPs, Single-nucleotide polymorphisms.
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Participants
This cross-sectional study included community-dwelling elderly individuals from Xinjiang and was approved by the 
Ethics Committee of the People’s Hospital of Xinjiang Uygur Autonomous Region (reference number: KY2021031726). 
Informed consent was obtained from all participants. For patients with language barriers or those who were illiterate, 
their legal guardians were coordinated, this questionnaire was translated into the local language, and their legal guardians 
provided informed consent. This study is registered with the Chinese Clinical Trial Registry (ChiCTR) at http://www. 
chictr.org.cn/ (registration number: ChiCTR2400093292).

The participants were derived from an epidemiological survey conducted in Mulei County, Xinjiang Uygur 
Autonomous Region, China, from June 20 to June 30, 2024. A two-stage random sampling method was used: first, 10 
townships were randomly selected; second, about 100 adults aged ≥60 years were included per township. The 
participants underwent physical examinations, blood sampling, and a Comprehensive Geriatric Assessment (CGA), 
which included muscle strength evaluation, mobility assessments (assistance with walking, chair rising, and climbing 
stairs), and fall risk screening using the SARC-F questionnaire. Our inclusion criteria for the present epidemiological 
study were as follows: age ≥60 years, ability to ambulate independently without assistive devices, and provision of 
informed consent. The exclusion criteria were as follows: cognitive impairment, a history of psychiatric disorders, severe 
organ dysfunction (eg, cardiac/respiratory/renal/hepatic failure), recent surgical history (within three months), current use 
of corticosteroid medications, implanted electronic medical devices such as cardiac pacemakers, and active wasting 
diseases such as tuberculosis and cancer. A total of 1,316 participants were enrolled in this epidemiological study, and we 
excluded 42 individuals whose data were incomplete, leaving 1,274 eligible participants. Among them, 103 individuals 
were diagnosed with SO based on joint criteria.39 As the diagnosis of SO varies by age, ethnicity, sex, and health status, 
with differing reference ranges for low muscle strength and low muscle mass, we established diagnostic criteria for 
Chinese older adults based on Asian population cohort studies and regional guidelines.40 The SO diagnosis requires 
meeting all three criteria: screening positivity: (1) SARC-F score ≥441 plus obesity defined42 as body mass index (BMI) 
≥28 kg/m2 or waist circumference (WC) ≥90 cm (male)/85 cm (female); (2) low muscle strength or function:43 handgrip 
strength <28 kg (male) or <18 kg (female) and/or impaired physical performance (≥17 s on the five-time chair rise test); 
and low muscle mass: appendicular skeletal muscle mass adjusted for weight (SMM/W) <0.382 (men) or <0.322 
(women).44 Among the 103 individuals diagnosed with SO, only 16 provided consent to participate and usable serum 
samples. Non-SO controls (n = 1,171) were frequency-matched to SO cases by age (±3 years) and sex. The final 
inclusion criteria included the following blood samples: SO group: 16 patients whose serum samples were available; and 
control group: 18 matched non-SO individuals whose serum samples were available. Finally, 16 SO participants and 18 
control participants were included to identify the hub genes associated with SO (Figure 1).

Throughout the interview, we recorded height, weight, BMI, WC, and handgrip strength when patients wore light 
indoor clothes and had no shoes. BMI was computed by dividing body weight (kg) by height (m2).45 The hand JAMAR 
dynamometer (JAMAR Hydraulic Hand Dynamometer, Lafayette, IN, USA) was used to measure handgrip strength, 
with the maximum reading of two trials being recorded.46 Two readings were obtained from each side, and the maximum 
values of the right and left sides were used for the analysis. Weakness was defined as hand grip strength <28 kg for males 
and 18 kg for females. These parts are identical to those of our previous study.47 Additionally, bioelectrical impedance 
analysis (BIA) was performed to assess skeletal muscle mass using an InBody S10 device (Biospace Co., Ltd., Seoul, 
Korea). Additionally, the history of major comorbidities—including hypertension, type 2 diabetes mellitus, myocardial 
infarction, and cerebrovascular disease—was systematically documented during the clinical assessment.

Sample Collection, RNA Extraction and Quantitative Reverse Transcription PCR 
(qRT-PCR) Assay
Venous blood samples were collected in EDTA tubes from SO patients (n=16) and non-SO controls (n=18) for qRT-PCR 
verification to confirm the results of bioinformatics analysis. Total RNA from peripheral blood was extracted using the 
RNA Isolation Reagent (Servicebio Technology Co., Wuhan, China) according to the manufacturer’s instructions. The 
integrity of the total RNA was verified by 1.5% agarose gel electrophoresis, which confirmed the presence of intact 28S 
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and 18S rRNA bands in all the samples (Supplementary Figure S5). The concentration and purity (A260/A280 ratio 
between 1.8 and 2.2) of the extracted RNA were measured via a NanoDrop 2000 Spectrophotometer (Thermo Fisher 
Scientific). Subsequently, 200 ng of total RNA from each sample was reverse-transcribed into cDNA via the SweScript 
All-in-One RT SuperMix for qPCR (One-Step gDNA Remover) (Servicebio) following the kit protocol. This input 
amount falls within the kit’s recommended range and was pre-validated in our pilot experiments to ensure efficient and 
stable cDNA synthesis. Next, qRT-PCR amplification was performed using a QuantStudio 6 Flex real-time fluorescent 
quantitative PCR system (Thermo Fisher Scientific, USA) with 2×Universal Blue SYBR Green qPCR Master Mix 
(Servicebio Technology Co., Wuhan, China). The 2−ΔΔCt approach was adopted for quantifying mRNA expression, and 
β-actin was used as the normalization control for target gene expression. The primer sequences used included CD52 
(forward: 5′- TCCTACTCACCATCAGCCTCC-3′, reverse: 5′- TGCCTCCGCTTATGTTGCT-3′), and β-actin (forward: 
5′- CACCCAGCACAATGAAGATCAAGAT-3′, reverse: 5′-CCAGTTTTTAAATCCTGAGTCAAGC-3′).

Statistical Analysis
All statistical analyses were conducted using R (Version 4.5.1). The “TwoSampleMR” R package was used to perform 
two-sample MR analysis.48 The inverse-variance weighted (IVW) method was employed as the primary analysis.49 To 
test the robustness of the findings, we supplemented it with four additional MR methods: weighted median, MR-Egger, 
simple mode, and weighted mode. Horizontal pleiotropy was assessed using two complementary approaches: the MR- 
Egger intercept test50 and the Mendelian Randomization Pleiotropy RESidual Sum and Outlier (MR-PRESSO) global 
test.51 Heterogeneity across the genetic variant-specific estimates was evaluated using Cochran’s Q statistic.52 

Furthermore, a leave-one-SNP-out analysis was conducted to examine if the overall results were driven by any single 
influential variant. An adjusted P < 0.05 (two-sided) indicated that the results were statistically significant.

Results
Bioinformatic Analysis Flowchart
The flowchart is presented in Figure 2 First, co-expression modules and key genes associated with sarcopenia were 
identified using WGCNA, and obesity-associated DEGs were detected with LIMMA. Functional enrichment analyses 

Figure 1 Selection procedure for the study participants.
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(GO and KEGG) were conducted on WGCNA-derived key genes from sarcopenia patients and LIMMA-derived DEGs 
from obese patients. PPI network analysis was performed for significant gene sets obtained from both analyses, and hub 
genes within these networks were identified using CytoHubba. Concurrently, immune cell infiltration profiles were 
estimated for both datasets. Hub genes derived from sarcopenia, obesity, and shared PPI analyses were integrated to 
screen for common hub genes relevant to both conditions. These common hub genes were then rigorously validated using 
external datasets (GSE9103 and GSE151839) and clinical samples. Further characterization included functional annota
tion of the common hub genes, correlation analysis between hub gene expression and immune cell infiltration levels, and 
evaluation of diagnostic potential using ROC curves. MR analysis was conducted to assess potential causal relationships. 
Finally, molecular validation of the hub genes was performed by conducting qRT-PCR analysis.

Identification and Analysis of Hub Genes Associated with Sarcopenia by WGCNA
A scale-free co-expression network was established through WGCNA to identify the module most closely related to 
sarcopenia. We selected β = 8 (scale-free R2 = 0.95) as the soft-thresholding power to ensure the scale-free network 
(Figure 3A and B). Four modules were obtained by conducting average linkage hierarchical analysis (Figure 3C and D). 
The MM of the black module (r = 0.51, p = 0.01) was closely related to the GS of sarcopenia, and the relationship of the 
MM with the GS of the black module was examined (Figure 3E). There were 4062 genes in the turquoise module, among 
which 905 were deemed core genes with high MM (>0.8) and GS (>0.1) values (Figure 3F). The main PPI network 
analysis of the 10 most significant hub genes was performed using the cytoHubba software, and the node color shading 
indicated the degree of connectivity (Figure 3G). As revealed by the results of the GO and KEGG analyses via the 
Metascape website, the core genes presented the greatest enrichment in immune system processes (Figure 3H).

Figure 2 Flowchart of this study. 
Abbreviations: GSE, Gene Expression Omnibus; WGCNA, Weighted Gene Co-expression Network Analysis; DEGs, Differentially Expressed Genes; LIMMA, Linear 
Models for Microarray and RNA-seq Data; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; PPI, Protein-Protein Interaction; qRT-PCR, Quantitative 
Real-Time PCR; MR, Mendelian Randomization.
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Screening and Analysis of DEGs in the obesity Database
Using the limma package and thresholds of |log2FC| ≥ 1.5 and adj. P < 0.05, we identified 266 DEGs, with 171 
upregulated genes and 95 downregulated genes. The volcano plot (Figure 4A) illustrates these DEGs in obese patients 
compared to controls. These 266 DEGs were uploaded to the STRING database to construct a PPI network. The heatmap 
clustering of DEGs between normal controls and obese patients is presented in Figure 4B. The cytoHubba plugin of 
Cytoscape was subsequently used to examine the hub genes with the “degree” algorithm. The genes CCR, CD86, 
FCGR2B, FCGR2A, PTPRC, TYROBP, CD74, SPI1, CTSS, and ITGB2 were the top 10 upregulated genes (Figure 4C), 
and the genes FGF8, KITLG, CXCL12, DKK1, KLF4, PTGS2, CD36, ITGA6, ENG, and ACAN were the top 10 
downregulated genes (Figure 4D). GO and KEGG enrichment analyses of the above 20 hub genes were performed using 

Figure 3 Screening of hub genes associated with sarcopenia. (A and B) Assessment of the scale-free fit index and the mean connectivity at different soft threshold clustering 
dendrograms of genes in the coexpression network. (C and D) Clustering dendrogram of differentially expressed genes (DEGs). (E) Correlation of modules and meta- 
module identification. (F) Scatter plot depicting the relationship between gene significance (GS) for sarcopenia and module membership (MM) in the black module (r=0.48, 
p=4.4e-233). Each dot indicates one gene in the module. The significant genes were filtered according to a GS >0.1 and MM >0.8. (G) Major PPI network analysis of the top 
10 hub genes from 905 hub genes through cytoHubba software. (H) Functional annotation of the 905 hub genes involved in the black module.
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Metascape (Figure 4E). The hub genes associated with sarcopenia were subsequently intersected with those associated 
with obesity using the Venn diagram package, and 16 shared DEGs were identified: ACAN, ADAMDEC1, AOC4P, 
CD52, CD53, CMAHP, COL19A1, CYP2C8, DCLRE1A, FGG, GABRB1, HDAC9, ITGA6, PLAC1, RPS6KA1, and 
TMEM140 (Figure 4F).

Immune Cell Infiltration and Immune Cell Correlation Analyses
To delineate the immunomodulatory effect of common hub genes, we profiled infiltrating immune cells, including T cells, 
cytotoxic lymphocytes, natural killer (NK) cells, B lineage cells, monocytic lineage cells, myeloid dendritic cells, 
neutrophils, ECs, and fibroblasts (Figure 5A and B), were analyzed with MCP-counter devolution. The violin plot 
showing immune cell infiltration differences revealed that the number of T cells, B cells, and NK cells was considerably 
lower in the sarcopenia group than in the control group. Additionally, the number of ECs was lower in both the 
sarcopenia and obesity groups than in the control group. The number of monocytic lineage cells, however, was greater in 
the obesity group than in the control group (Figure 5C and D). Next, Spearman correlation coefficients for the correlation 
between the hub genes and immune cell infiltration levels were determined. Consequently, T cells, B cells, ECs, and NK 
cells were positively associated with all 16 hub genes in the sarcopenia group. In the obesity cohort, ECs were positively 

Figure 4 Screening of hub genes associated with obesity and Venn diagram of differentially expressed genes (DEGs) associated with obesity and sarcopenia. (A) Volcano plot 
of DEGs associated with obesity. (B) Heatmap clustering of the DEGs between normal controls and obese patients. (C) Major protein‒protein interaction (PPI) network 
analysis of the top 10 hub genes among the upregulated genes. (D) Major PPI network analysis of the top 10 hub genes among the downregulated genes. (E) Functional 
annotation of the 20 hub genes contained in C and D. (F) Venn diagram showing the number of shared DEGs between obesity and sarcopenia.
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correlated with AOCP4 and ITGA6 expression. In contrast, monocytic lineage cells were positively correlated with 
ADAMDEC1, CD52, CD53, HDAC9, ITGA6, RPS6KA1, and TMEM140 expression (Figure 5E and F).

GO/KEGG–Functional Annotation of hub Genes
The results of the GO and KEGG analyses revealed the biological characteristics of the 16 overlapping DEGs. The 
enriched MFs were associated mainly with MHC class II receptor activity, peptide antigen binding, AMPA glutamate 
receptor activity, Notch binding, and sodium-dependent phosphate transmembrane transporter activity (Figure 6A). In the 
cellular component (CC) category, the DEGs were closely associated with vesicles, cytoskeletal parts, polymeric 
cytoskeletal fibers, and excitatory synapses (Figure 6B). Biological processes (BP) included animal organ development, 
tissue development, and epidermal cell differentiation (Figure 6C). Additionally, based on KEGG analysis, the above 
shared DEGs were mostly related to the cAMP pathway, cell adhesion molecules (CAMs), and graft-versus-host disease 
(Figure 6D). The Human Reference Protein Interactome Mapping Project was adopted for visualizing the PPI network 
for intersecting DEGs between sarcopenia and obesity, and the confidence score was > 0.6, with 141 interaction pairs 
included (Figure 6E). Collectively, integrated GO and KEGG analyses demonstrated that SO orchestrates pathological 
crosstalk between immune dysregulation and metabolic reprogramming, driving tissue degeneration in muscle and 
adipose compartments.

Validation and Prediction of Hub Genes in the GEO Database
To validate the hub gene levels in skeletal muscle tissue and adipose tissue, we selected the GSE9103 and GSE151839 
datasets as the validation datasets. As shown in Figure 7A and B, CD52, CMAHP, and ITGA6 levels were markedly 
lower in the skeletal muscle tissue of sarcopenia patients than in that of normal controls. In contrast, ADAMDEC1, 

Figure 5 Immune cell infiltration analysis. (A) Heatmaps of the relative proportions of 9 infiltrating immune cells in patients with sarcopenia. (B) Heatmaps of the relative 
proportions of 9 infiltrated immune cells in patients with obesity. (C) Violin chart of the abundance of each type of immune cell infiltration in the sarcopenia and control 
groups. (D) Violin chart of the abundance of each type of immune cell infiltration in the obesity and control groups. (E) Correlation analysis of T lymphocytes (T cells), 
B lymphocytes (B cells), natural killer (NK) cells, endothelial cells (ECs) and hub genes in patients with sarcopenia. (F) Correlation analysis of ECs, monocytic lineages and 
hub genes in patients with obesity.
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CD52, and CD53 expressions were considerably higher in the adipose tissue of obese individuals than in the adipose 
tissue of controls. However, HDAC9 expression was significantly lower in the obese adipose tissue group. We performed 
ROC analyses on the genes with significant differences in gene expression in the external dataset validation. For obesity, 
the AUC of CD52 was 0.68 (0.50–0.86), that of ADAMDEC1 was 0.71 (0.53–0.88), that of CD53 was 0.79 (0.64–0.95), 
and that of HDAC9 was 0.71 (0.55–0.88) (Figure 7C–F). For sarcopenia in the external dataset, the AUC of CD52 was 
0.75 (0.58–0.91), that of CMAHP was 0.69 (0.51–0.87), and that of ITGA6 was 0.69 (0.50–0.87) (Figure 7G–I). Based 
on these results, CD52 was identified as the only gene with significant differences in expression and good diagnostic 
performance in both external datasets. These results increase the reliability and consistency of the hub gene expression 
patterns across multiple datasets, which support their effects on the pathogenic mechanisms of sarcopenia and obesity. 
We subsequently conducted Spearman correlation analyses between CD52- and sarcopenia-associated immune cells and 
between CD52- and obesity-associated immune cells. The results revealed that CD52 was correlated with all nine 
sarcopenia-related immune cell types (Figure 7K); moreover, it was significantly correlated with monocytic lineage cells, 
an obesity-related immune cell type (Figure 7L).

Associations of CD52 with Sarcopenia and Obesity
We conducted MR analysis to estimate the causal effect size of the CD52 level on sarcopenia obesity. Using the primary 
IVW method, genetically predicted higher circulating CD52 levels were significantly associated with lower hand grip 
strength (β_IVW = –0.054, 95% CI: –0.091 to –0.017, P = 0.004) and higher BMI (β_IVW = 0.010, 95% CI: 0.004 to 
0.015, P < 0.001) (Table 2). The robustness of these causal inferences was supported by a suite of sensitivity analyses. 
The associations of genetically predicted CD52 with low hand grip strength, usual walking pace, and body mass index 
(BMI) showed no evidence of horizontal pleiotropy (MR-Egger intercept P = 0.086, 0.270, and 0.615, respectively) or 
significant heterogeneity (IVW Q P-value = 0.923, 0.624, and 0.762, respectively). The MR-PRESSO global test 

Figure 6 Functional analysis of the identified common differentially expressed genes (DEGs). (A–C) Gene Ontology (GO) enrichment analysis (molecular function (MF), 
cellular component (CC) and biological process (BP)). (D) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis. (E) Protein‒protein interaction (PPI) 
network of overlapping DEGs in sarcopenia and obesity via the Human Reference Protein Interactome Mapping Project (Query-Interactor). The red circles represent the 
hub genes.
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confirmed the absence of distorting outliers for these traits (P = 0.927, 0.963, and 0.776, respectively) (Table 3). In 
contrast, the result for appendicular lean mass requires caution. The significant heterogeneity (IVW Q P-value < 0.001) 
and significant MR-PRESSO global test (P < 0.001) suggest that the genetic instruments may influence lean mass 
through multiple pathways beyond CD52. Although the MR-Egger intercept test did not indicate directional pleiotropy 
(P = 0.202), the presence of significant heterogeneity necessitates a cautious interpretation of the causal estimate for this 
specific outcome. (The detailed results of the Mendelian randomization analyses are presented in Supplementary Figures 
S1–S4).

Molecular Verification of Hub Genes by qRT-PCR
We conducted qRT-PCR to validate the hub gene levels in sarcopenic and obese synovial tissue. The baseline 
characteristics and CD52 expression levels in the SO and normal control groups are shown in Table 4. We included 

Figure 7 Validation of the hub genes in the external datasets. (A) Validation of the hub genes associated with sarcopenia in GSE9103. (B) Validation of the hub genes 
associated with obesity in GSE151839. (C–F) AUC of CD52, ADAMDEC1, CD53, and HDAC9 in GSE151839. (G–I) AUC of CD52, CMAHP and ITGA6 in GSE9103. (J) 
The expression levels of CD52 in sarcopenic obesity (SO) patients determined via quantitative real-time PCR (qRT‒PCR). (K) Correlation analysis of CD52+ and 9+ 
infiltrating immune cells in GSE1428. (L) Correlation analysis of CD52+ and 9+ infiltrating immune cells in the GSE2510 dataset. 
Note: ****P < 0.0001, ***P < 0.001, **P < 0.01, *P < 0.05.
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34 participants in this study, with 18 individuals in the control group and 16 individuals in the SO group. The SO group 
presented significantly greater TP levels (75.0 vs 71.1, P = 0.012). No significant differences in age, gender, electrolytes 
(including Na), liver/kidney markers (TBIL, DBIL, GGT, BUN, and UA), CK levels or the prevalence of major 
cardiometabolic comorbidities (hypertension, type 2 diabetes, myocardial infarction, or cerebrovascular disease) between 

Table 2 Mendelian Randomization Analysis of CD52 on the Risk of Sarcopenia and Obesity

Outcome GWAS ID n.SNP Method Beta(95% CI) Estimates P-value

Appendicular lean mass ebi-a-GCST90000027 26 IVW −0.001(−0.014~0.011) 0.006 0.837

Weighted median 0.01(−0.003~0.023) 0.006 0.118

MR Egger 0.022(−0.015~0.059) 0.019 0.255

Simple mode 0.015(−0.011~0.042) 0.014 0.266

Weighted mode 0.012(−0.001~0.025) 0.007 0.072

Low hand grip strength ebi-a-GCST90007528 29 IVW −0.054(−0.091~-0.017) 0.019 0.004**

Weighted median −0.04(−0.094~0.015) 0.028 0.157

MR Egger 0.038(−0.07~0.146) 0.055 0.493

Simple mode −0.111(−0.207~-0.015) 0.049 0.032*

Weighted mode −0.02(−0.081~0.041) 0.031 0.534

Usual walking pace ukb-e-924_MID 29 IVW −0.003(−0.007~0.001) 0.002 0.196

Weighted median −0.005(−0.011~0.002) 0.003 0.153

MR Egger 0.004(−0.008~0.016) 0.006 0.544

Simple mode −0.008(−0.019~0.003) 0.006 0.166

Weighted mode −0.006(−0.014~0.002) 0.004 0.147

Body mass index ebi-a-GCST90029007 30 IVW 0.01(0.004~0.015) 0.003 <0.001***

Weighted median 0.009(0.001~0.017) 0.004 0.029*

MR Egger 0.006(−0.01~0.022) 0.008 0.473

Simple mode 0.01(−0.004~0.023) 0.007 0.165

Weighted mode 0.008(0~0.017) 0.004 0.066

Note: ***P < 0.001, **P < 0.01, *P < 0.05. 
Abbreviations: IVW, Inverse-variance weighted; SNP, Single nucleotide polymorphism.

Table 3 Assessment of Pleiotropy and Heterogeneity in the Mendelian Randomization Analysis of 
CD52 and Sarcopenic Obesity

Outcome Pleiotropy Test 
(MR-Egger Intercept P-value)

Heterogeneity Test 
(IVW Q P-value)

MR-PRESSO  
Global P-value

Appendicular lean mass 0.202 <0.001*** <0.001***

Low hand grip strength 0.086 0.923 0.927

Usual walking pace 0.270 0.624 0.963

Body mass index 0.615 0.762 0.776

Note: ***P < 0.001. 
Abbreviations: IVW, Inverse-variance weighted; MR-PRESSO, Mendelian Randomization Pleiotropy RESidual Sum and 
Outlier.
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the two groups (all P > 0.05; Table 4). Critically, CD52 expression was significantly greater in the SO group than in the 
control group (Figure 7J, Table 4), suggesting its potential role as a hub gene in SO pathogenesis.

Table 4 Baseline Characteristics of the Study Participants

Variables Total (n = 34) Non-Sarcopenic Obesity 
(n = 18)

Sarcopenic Obesity 
(n = 16)

Statistic P

Gender, n(%) - 0.693

Men 8 (23.529) 5 (27.778) 3 (18.750)

Women 26 (76.471) 13 (72.222) 13 (81.250)

Age, Mean ± SD 71.176 ± 6.417 70.833 ± 6.271 71.562 ± 6.762 t=−0.326 0.746

TBIL, Mean ± SD 11.901 ± 6.667 10.266 ± 4.316 13.741 ± 8.357 t=−1.549 0.131

DBIL, Mean ± SD 4.343 ± 1.951 4.150 ± 1.402 4.559 ± 2.459 t=−0.586 0.563

TP, Mean ± SD 72.924 ± 4.683 71.079 ± 3.775 75.000 ± 4.839 t=−2.649 0.012*

GGT, Mean ± SD 27.029 ± 15.458 28.389 ± 20.027 25.500 ± 8.149 t=0.562 0.580

BUN, Mean ± SD 6.936 ± 2.585 7.236 ± 2.077 6.599 ± 3.095 t=0.712 0.481

UA, Mean ± SD 295.588 ± 80.115 292.333 ± 79.131 299.250 ± 83.647 t=−0.248 0.806

K+, Mean ± SD 4.274 ± 0.483 4.310 ± 0.431 4.234 ± 0.548 t=0.450 0.656

Cl−, Mean ± SD 108.082 ± 3.252 108.030 ± 2.820 108.140 ± 3.774 t=−0.097 0.923

Ca2+, Mean ± SD 2.356 ± 0.100 2.366 ± 0.105 2.346 ± 0.096 t=0.576 0.569

P, Mean ± SD 1.095 ± 0.219 1.101 ± 0.252 1.088 ± 0.183 t=0.170 0.866

Mg2+, Mean ± SD 0.956 ± 0.057 0.961 ± 0.060 0.951 ± 0.055 t=0.503 0.618

CK, M (Q1, Q3) 83.470 (68.468, 115.775) 88.030 (73.988, 115.775) 81.005 (58.240, 97.745) Z=−0.871 0.384

Na+, M (Q1, Q3) 145.030 (143.555, 146.207) 145.210 (144.597, 145.990) 144.680 (143.462, 146.468) Z=−0.289 0.772

CD52, M (Q1, Q3) 3.49 (2.58, 4.83) 2.74 (2.29, 3.60) 4.46 (3.52, 5.18) Z=−2.968 0.003**

Myocardial infarction, n (%) - 0.094

No 31 (91.18) 18 (100.00) 13 (81.25)

Yes 3 (8.82) 0 (0.00) 3 (18.75)

Cerebrovascular disease, n (%) - 0.214

No 27 (79.41) 16 (88.89) 11 (68.75)

Yes 7 (20.59) 2 (11.11) 5 (31.25)

Type 2 diabetes mellitus, n (%) - 0.164

No 29 (85.29) 17 (94.44) 12 (75.00)

Yes 5 (14.71) 1 (5.56) 4 (25.00)

Hypertension, n(%) - 0.738

No 14 (41.18) 8 (44.44) 6 (37.50)

Yes 20 (58.82) 10 (55.56) 10 (62.50)

Note: **P < 0.01, *P < 0.05. 
Abbreviations: TBIL, Total Bilirubin; DBIL, Direct Bilirubin; TP, Total Protein; GGT, Gamma-Glutamyl Transferase; BUN, Blood Urea Nitrogen; UA, Uric Acid; K+, Serum 
Potassium; Cl−, Serum Chloride; Ca2+, Serum Calcium; P, Serum Phosphorus; Mg2+, Serum Magnesium; CK, Creatine Kinase; Na+, Serum Sodium; t, t-test; Z, Mann–Whitney 
test; -, Fisher exact; SD, standard deviation; M, Median; Q1, 1st Quartile; Q3, 3st Quartile.
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Discussion
SO represents a complex clinical syndrome where the degenerative process of sarcopenia and the metabolic dysregula
tion of obesity converge, yet the shared molecular mechanisms remain poorly defined. Our integrated bioinformatics 
analysis directly addressed this gap by identifying 16 common hub genes (ACAN, ADAMDEC1, AOC4P, CD52, CD53, 
CMAHP, COL19A1, CYP2C8, DCLRE1A, FGG, GABRB1, HDAC9, ITGA6, PLAC1, RPS6KA1, and TMEM140) that 
functionally bridge these two conditions, with functional enrichment pointing overwhelmingly to immune-metabolic 
dysregulation as a central pathogenic axis. Among these, the glycoprotein CD52 emerges as a pivotal immunometabolic 
mediator. Expressed on immune cells, CD52 is directly implicated in lipid-driven inflammation, with documented 
overexpression in oxidized LDL-induced foam cells and unstable carotid plaques. This finding provides a plausible 
mechanistic link between adipose tissue expansion and the chronic inflammatory state characteristic of SO.53,54 This 
immune dysregulation is further coordinated by other hub genes: CD53, which modulates innate immunity and MHC 
class II activity, 55–57 and PLAC1, which may promote fibrotic remodeling.58 Concurrently, metabolic reprogramming is 
driven by genes such as CYP2C859 and RPS6KA1, which exhibit a dual role in suppressing adipogenesis via STAT3- 
mediated degradation of KLF360 while potentially promoting lipid accumulation via cAMP signaling.61 Together, these 
dysregulated pathways establish a vicious cycle of immune-metabolic dysfunction, thereby driving the progression 
of SO.

Our multi-omics integration delineates a new paradigm for SO pathogenesis, positioning it as a state of divergent yet 
complementary immune dysregulation between muscle and adipose tissues. This “see-saw” pattern reflects a paradoxical 
coexistence of immune impoverishment in sarcopenic muscle and inflammatory overactivation in obese adipose tissue. 
Specifically, we observed a marked depletion of adaptive immune cells—including T cells, B cells, and NK cells—in 
skeletal muscle, a result consistent with established clinical reports of impaired T-cell infiltration,62 and further supported 
by correlations with the identified hub genes.63,64 These findings suggest that insufficient immune surveillance and 
response, rather than inflammation alone, may contribute to progressive muscle wasting. In contrast, the obese micro
environment was dominated by innate immune hyperactivity, shown by the expansion of monocytic lineage cells and the 
upregulation of pro-inflammatory pathways such as neutrophil extracellular trap formation.65 A key and unifying 
observation from our study is that these opposing immunological states converge on a shared pathophysiological 
event: the widespread depletion of ECs. Given the well-established role of skeletal muscle ECs as a major source of pro- 
regenerative factors such as brain-derived neurotrophic factor (BDNF),66–68 their loss in both conditions is unlikely to be 
incidental. We propose that EC depletion acts as a final common pathway, linking adaptive immune failure in muscle to 
innate inflammatory activation in obesity, thereby creating a self-perpetuating cycle that drives SO progression.69 Taken 
together, our data support an integrated, systems-level view of SO pathogenesis. Within this framework, CD52 emerges 
as a molecular candidate implicated in the related inflammatory and metabolic processes.

We therefore investigated CD52’s potential role as a molecular driver. Although well recognized as a lymphocyte 
surface marker,70 our data implicate CD52 in lipid-driven inflammation53,71 and adipose tissue remodeling via the TGF- 
β/Smad3 pathway.72 Its influence may further extend to skeletal muscle. Functional enrichment analysis revealed 
a significant clustering of SO-associated genes around MHC class II receptor activity.73 Given the observed association 
between CD52 and monocytic-lineage cells—which serve as key MHC II expressers—it is plausible that CD52 
modulates antigen presentation, potentially leading to aberrant CD4+ T-cell activation. This idea is compelling in the 
context of immunosenescence, where expansion of pathogenic CD4+CD28null T cells has been linked to muscle 
atrophy.74 Moreover, efficient muscle regeneration depends on finely tuned immune-muscular crosstalk.75,76 CD52 
dysregulation could therefore impair this essential crosstalk. Thus, we propose a unifying model wherein CD52 sits at 
the nexus of a self-reinforcing pathogenic cycle: in obese adipose tissue, it fuels meta-inflammation and insulin 
resistance; concurrently, in aged muscle, it may disrupt the immunoregulatory balance required for repair, collectively 
accelerating tissue degeneration in SO.

To establish causal relationships, we implemented MR analysis. This approach showed that genetically predicted 
elevation of CD52 was positively associated with obesity risk and inversely associated with grip strength, providing 
strong genetic evidence that CD52 is a causal driver of the metabolic–muscular imbalance central to SO. These genetic 
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findings were further supported by our clinical validation, which demonstrated significantly higher levels of CD52 in the 
peripheral blood of SO patients. This observation extends the pathological relevance of CD52 beyond individual tissues 
and suggests its involvement as a systemic mediator in SO-related crosstalk. The rise in circulating CD52 is consistent 
with an expanding body of evidence on its immunometabolic functions. Notably, this aligns with a mechanism described 
in type 2 diabetes (T2DM), where increased soluble CD52 promotes a shift toward pro-inflammatory CD4+CD52^high 
T cells, thereby worsening insulin resistance.72 Given the shared features of chronic inflammation and impaired insulin 
regulation in both T2DM and SO, a similar pattern of CD52-mediated T-cell polarization may occur in SO, potentially 
disturbing muscle homeostasis through paracrine signals from inflamed adipose tissue. In summary, by integrating 
genetic causality with clinical profiling, this study supports CD52 as a key regulatory node connecting systemic immune 
dysregulation to the combined metabolic and muscular decline observed in SO. Future work should focus on assessing 
CD52-driven immune cell infiltration in skeletal muscle and characterizing CD52-high T-cell subsets in SO to clarify 
their precise mechanistic roles.

In summary, this study establishes an integrated multi-omics framework that moves beyond single-disease approaches 
to clarify the shared molecular pathogenesis of SO. By systematically cross-analyzing molecular networks from 
sarcopenia and obesity, key hub genes relevant to SO were identified, overcoming limitations inherent in studying 
each condition independently. The biological and clinical significance of these findings was supported through multiple 
layers of validation, including independent transcriptional datasets, clinical specimens, Mendelian randomization, and 
immune infiltration analyses. While the study provides substantial insights, several limitations should be acknowledged. 
First, the foundational transcriptomic datasets (eg, GSE1428, 2004) were generated prior to the establishment of 
contemporary diagnostic criteria for sarcopenia; nevertheless, the original studies were phenotypically rigorous, and 
our multilevel validation across independent cohorts supports the robustness of the identified signals. Second, our 
analyses integrated data from populations of distinct ancestries (European, American, and Asian). Although this limits 
direct cross-population generalizability, the consistency of the CD52 signal across these analytical stages provides initial 
evidence for its conserved role. Further validation in large, multi-ancestry cohorts is warranted. Third, although CD52 
shows promise as a biomarker, it should be viewed as a complementary tool for risk stratification or early screening 
rather than a replacement for gold-standard diagnostic methods such as DXA or BIA. Finally, the modest size of our 
clinical cohort underscores the need for larger, multi-center studies to increase the generalizability of our conclusions. 
Furthermore, the study is based on computational and clinical human data; thus, the precise mechanistic role of CD52 
awaits experimental validation in animal or cellular models of SO. We propose several prioritized research directions. 
Future studies should aim to (1) validate these findings in large, multi-ancestry prospective cohorts; (2) employ single- 
nucleus and spatial transcriptomics to deconvolute cell type-specific interactions; and (3) utilize experimental modulation 
of CD52 in model systems to definitively establish its functional role. Overall, this work provides initial evidence and 
lays the groundwork for a refined mechanistic understanding of SO, positioning CD52 as a candidate biomarker and 
a compelling focus for future investigations.

Conclusion
In conclusion, integrating network biology, genetic epidemiology, and clinical validation identifies CD52 as a potential 
immunometabolic hub in SO. The genetic analyses offer new evidence for a causal association between elevated CD52 
and both increased BMI and reduced handgrip strength, indicating a connection between adiposity and muscle impair
ment. These results suggest CD52 as a candidate biomarker and advance understanding of SO as a condition shaped by 
immune–metabolic interactions, providing direction for future studies on its specific biological roles.
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