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Abstract 

Background

The detrimental cycle of sarcopenic obesity (SO) significantly reduces quality of life in 

older adults, while the mechanisms are still unclear.

Materials and methods

We first analyzed the incidence of SO using the CHARLS database. We iden-

tified key genes by integrating differentially expressed genes, weighted gene 

co-expression network analysis, and targets of gut microbiota metabolites, refining 

the selection through machine learning methods (LASSO, XGBoost, SVM-REF, Ran-

dom Forest). These genes were validated through single-cell sequencing, receiver 

operating characteristic analysis, and Muscle immunohistochemistry in a high-fat-diet 

(HFD) induced mouse model. Further analyses comprised immune infiltration pro-

filing, pathway enrichment, and transcriptional regulation analysis. Additionally, we 

explored the relationships between key genes and autophagy, ferroptosis, and immu-

nity responses. Finally, we predicted and evaluated potential therapeutic compounds 

via the CMap database and molecular docking.

Results

SO incidence in China increased significantly from 16.1% (2011) to 20.4% (2018). 

Machine learning identified ALDH1A3, CSF1R, and PHGDH as key genes. These 
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genes were validated in external muscle single-cell datasets, demonstrating robust 

diagnostic performance with AUC values exceeding 0.72 across four indepen-

dent GEO cohorts. Following an HFD intervention in mice, ALDH1A3 and CSF1R 

expression in muscle tissue was significantly upregulated, while PHGDH showed a 

consistent upward trend that did not reach statistical significance. Immune infiltra-

tion analysis revealed a significant increase in resting NK cells in both obesity and 

sarcopenia states. Functional enrichment analyses using Gene Ontology and Kyoto 

Encyclopedia of Genes and Genomes linked the genes to transcriptional regulation 

pathways. The Cisbp_M4923 motif was identified as the most relevant transcription 

factor binding site. Finally, molecular docking simulations indicated stable binding of 

the top candidate compound, Birinapant, to the key gene targets.

Conclusion

ALDH1A3, CSF1R, and PHGDH serve as potential co-morbid biomarkers for SO.

Author summary

A lack of standardized protocols currently hinders the elucidation of interac-
tive mechanisms and the development of treatments for sarcopenia-obesity 
comorbidity. To bridge this gap, we developed a comprehensive, multi-modal 
computational framework. Our workflow commenced with an 8-year longitudi-
nal assessment of clinical burden using the CHARLS database. Subsequent 
integrated bioinformatics combining differential expression analysis, weighted 
gene co-expression network analysis, and cross-referencing with predicted gut 
microbiota metabolite targets identified ALDH1A3, CSF1R, and PHGDH as key 
comorbid genes. The key genes were rigorously validated across two external 
single-cell datasets, four independent GEO cohorts, and via immunohistochem-
istry in a high-fat-diet induced murine model. Upstream/downstream pathway 
and immune infiltration analyses further delineated their functional networks. 
Finally, leveraging the CMap database and molecular docking simulations, we 
screened and validated Birinapant as a promising therapeutic candidate. Collec-
tively, this integrative framework establishes a systematic methodology for the 
mechanistic exploration and therapeutic targeting of complex comorbidities.

Introduction

With economic development and changing lifestyles, the global spread of obesity 
has indeed become one of the most serious public health challenges. The preva-
lence of severe obesity is projected to double from 10% to 20% between 2020 and 
2035, highlighting that the global prevalence of obesity remains at unacceptably high 
levels [1]. Obesity is a multifactorial, chronic, relapsing, non-communicable disease 
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characterized by an abnormal and/or excessive accumulation of body fat [2]. Obesity management is indeed a critical 
topic that must be emphasized in future public health strategies.

In addition to the globalization of obesity, the contemporary reduced physical activity has contributed to a progressive 
increase in sarcopenia incidence [3]. Sarcopenia is defined as an age-related loss of muscle mass, strength, or physical 
performance [4]. It is estimated that the prevalence of sarcopenia ranges from 10% to 16% in the elderly population glob-
ally, with variations depending on diagnostic criteria and population demographics [5]. Sarcopenia is significantly asso-
ciated with numerous adverse health outcomes, such as reduced overall and progression-free survival, falls, fractures, 
metabolic disorders, and increased mortality in the general population [6].

The strong correlation between obesity and sarcopenia has prompted the formulation of sarcopenic obesity (SO), 
which was established in 2022. In 2022, the European Society for Clinical Nutrition and Metabolism (ESPEN) and the 
European Association for the Study of Obesity (EASO) reached an expert consensus on the definition of SO [7], which 
is defined as obesity accompanied by low skeletal muscle mass, strength and/or function [8]. Therefore, this study first 
systematically examined the changing incidence trends of SO in the Chinese population using longitudinal follow-up 
data from the China Health and Retirement Longitudinal Study (CHARLS) from 2011 to 2018, preliminarily revealing 
the significant implications of SO for epidemiological management. However, due to the pathogenesis of SO remaining 
incompletely understood, effective and specific pharmacological interventions are currently lacking [9]. The gut microbi-
ota is reshaping therapeutic paradigms for comorbid diseases by mediating cross-organ communication through regula-
tory networks like the gut-brain [10], gut-liver [11], and gut-muscle axes [12]. Therefore, elucidating the mechanisms by 
which the gut microbiota influences comorbidity offers a promising avenue for developing synergistic therapeutic strat-
egies. To this end, this study integrated four machine learning methods (LASSO, XGBoost, SVM-RFE, and Random 
Forest) with gut microbiota metabolite target information to perform preliminary screening of transcriptome data from 
the Gene Expression Omnibus (GEO) database, thereby identifying key genes associated with obesity and sarcopenia 
comorbidity. We next validated the cellular expression patterns and diagnostic utility of key genes using two indepen-
dent single-cell RNA sequencing (scRNA-seq) datasets and three independent transcriptomic datasets from GEO. 
Furthermore, we employed a high-fat diet (HFD)-induced mouse model to confirm the spatial distribution of key genes 
at the tissue level using immunohistochemistry (IHC). Following the definition of key genes, this study systematically 
analyzed the upstream and downstream pathways of these genes through a comprehensive approach. This approach 
integrated immune cell infiltration analysis, GeneMANIA-based functional association (GMFA), Gene Ontology (GO) 
and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis, regulatory network construction, and 
miRNA analysis. Additionally, the study examined the association between key genes and the immune, autophagy, and 
ferroptosis processes, which are of particular interest to researchers. Finally, to propose potential therapeutic strate-
gies, we used the Connectivity Map (CMap) database to predict candidate compounds targeting these key genes. The 
interaction patterns were then visualized and validated through molecular docking simulations. In summary, this study 
established a comprehensive research framework for obesity and sarcopenia through epidemiological trend analy-
sis, identification and multidimensional validation of key genes, systematic exploration of upstream and downstream 
pathways, and prediction of potential therapeutic agents. As SO remains a critical public health challenge, this bioinfor-
matics investigation into its shared genetic mechanisms provides novel insights that may help elucidate its underlying 
pathology and inform future therapeutic strategies.

Materials and methods

Ethics statement

All animal experiments were approved by the Animal Ethics Committee of the First Affiliated Hospital, Zhejiang University 
School of Medicine, and were conducted in compliance with relevant guidelines and regulations.
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CHARLS

This study retrospectively analyzed data from the CHARLS waves of 2011, 2015, and 2018. Participants with missing 
data for key anthropometric measures, like height, weight, waist circumference, grip strength, and walking speed, were 
excluded, yielding final samples of 5,742, 6,379, and 8,064 participants for the 2011, 2015, and 2018 waves, respectively. 
Obesity was defined as meeting at least one of the following criteria: a body mass index ≥ 28 kg/m², a waist circumfer-
ence ≥ 85 cm for men, or ≥ 80 cm for women. Sarcopenia was defined by the presence of any one of the following: a walk-
ing speed ≤ 1 m/s, a grip strength < 28 kg in men, or < 18 kg in women. Participants who met the criteria for both obesity 
and sarcopenia were identified as having SO.

Data download

The obese GSE94752 and the sarcopenic GSE1428 datasets from the NCBI GEO public database [13] were down-
loaded for differentially expressed genes (DEGs) identification. Furthermore, the obese GSE163830 and the sarcopenic 
GSE172410 datasets were downloaded for single-cell sequencing analysis. The datasets GSE69039 and GSE44000, 
associated with obesity, as well as GSE136344 and GSE8479, related to sarcopenia, were downloaded for the receiver 
operating characteristic (ROC) curve analysis.

Identification of DEGs

The “limma (3.61.12)” R package [14] was used to analyze DEGs between the healthy and diseased cohorts. Genes with 
P-value  <  0.05 and |logFC| > 0.585 were classified as DEGs. To facilitate the visualization of these DEGs, volcano plots 
and heatmaps were generated utilizing the “pheatmap (1.0.12)” and “ggplot2 (3.5.2)” R packages. Additionally, Venn dia-
gram software was utilized to identify the DEGs.

Weighted gene co-expression network analysis (WGCNA)

The co-expression network was constructed from the dataset using the “WGCNA (1.73)” R package [15]. The weighted 
adjacent matrix was converted into a Topological Overlap Matrix (TOM). A hierarchical clustering tree was then con-
structed based on the TOM. The resulting clustering tree delineates gene modules, with each branch and its correspond-
ing color representing a distinct module. This method groups genes with highly correlated expression into the same 
module, effectively categorizing them by shared functional profiles.

Identification of targets of gut microbiota metabolites

An initial set of gut microbiota metabolites and their putative human targets was sourced from the gutMGene v2.0 data-
base [16]. The canonical SMILES (Simplified Molecular Input Line Entry System) notations for these metabolites were 
retrieved from the PubChem database. Targets for gut microbiota metabolites were obtained from the SEA database [17].

Machine learning

To identify key genes, we applied four machine learning models. The LASSO model was constructed using the “glmnet 
(4.1.8)” package, the XGBoost model using the “XGBoost (1.7.8.1)” package, the SVM-RFE model using the “e1071 
(1.7.16)” package, and the random forest model using the “randomForest (4.7.1.2)” package.

Single‑cell sequencing analysis

The Single‑cell data were analyzed with the “Seurat (5.1.0)” R package [18], and then tSNE analysis was conducted to 
identify the spatial links between each pair of clusters. The clusters were then annotated using the “celldex (1.16.0)” R 
package.



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014225  May 4, 2026 5 / 23

ROC curve analysis

To evaluate the diagnostic efficacy of ALDH1A3/CSF1R/PHGDH in obesity and sarcopenia, we performed the ROC curve 
analysis using the “pROC (1.18.5)” R package. The area under the ROC curve (AUC) was calculated to quantify the over-
all diagnostic performance of each gene.

Animals

Six-week-old male C57BL/6J mice were obtained from GemPharmatech Co., Ltd. (Jiangsu, China). Mice were housed 
under a 12-hour light-dark cycle in a temperature-controlled environment with ad libitum access to water and a standard 
chow diet for 12 weeks. A second cohort of mice received an HFD (D12492, Research Diets, New Brunswick, NJ, USA) 
for 12 weeks. Euthanasia was performed by intraperitoneal injection of a ketamine (100 mg/kg) and enflurane (10 mg/kg) 
cocktail, followed by cervical dislocation. Following euthanasia, skeletal muscle and white adipose tissue were harvested 
for subsequent analysis.

Small animal body composition analyzer

Body composition was measured using a low-field nuclear magnetic resonance analyzer (Suzhou Nuimag Analytical 
Instrument Corporation) for awake small animals, which quantified the mass of fat, lean tissue, and free fluid. The propor-
tions of fat, lean tissue, and free fluid mass relative to total body weight were then calculated.

IHC

Following dewaxing, antigen retrieval was performed using a citrate buffer (pH 6.0). Endogenous peroxidase activity was 
quenched by incubation with 3% hydrogen peroxide for 15 minutes. Sections were then blocked with 10% normal goat 
serum for 30 minutes at room temperature and subsequently incubated overnight at 4°C with the following primary antibod-
ies: anti-ALDH1A3 (Abcam, USA, Cat. No. ab129815, 5 µg/ml), anti-CSF1R (Abcam, USA, Cat. No. ab254357, 1:100), and 
anti-PHGDH (ProteinTech, Wuhan, Cat. No. 65791, 1:4000). After washing, a species-matched secondary antibody was 
applied for 60 minutes at room temperature, followed by development with 3,3’-diaminobenzidine. Stained sections were 
imaged using an Olympus BX53 microscope, and the combined positive fraction was quantified using ImageJ software.

Assessment of immune infiltration patterns

The CIBERSORT v1.03 algorithm quantified 22 immune cell types of both diseased and healthy samples. Significant 
differences were tested using Student’s t-tests and visualized using the “ggpubr (0.6.0)” R package. The connection 
between ALDH1A3/CSF1R/PHGDH and the proportions of immune cells was explored with the “corrplot (0.95)” R pack-
age, with the results displayed in a lollipop chart created with the “ggplot2 (3.5.2)” R package.

GMFA network analysis

We employed GMFA network analysis [19] to identify 10 additional genes for ALDH1A3/CSF1R/PHGDH, prioritized based 
on their strongest associations within the gene-gene network. GMFA integrates three key parameters— 
co-expression, genetic interactions, and physical interactions—which significantly enhance the precision of therapeutic 
target identification.

GO and KEGG analysis

The “Functional Annotation” feature of the Database for Annotation, Visualization, and Integrated Discovery (DAVID) 
[20] was employed to perform GO and KEGG enrichment analyses related to DEGs and additional genes for ALDH1A3/
CSF1R/PHGDH after GMFA network analysis.
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Regulatory network analysis

The R package “RcisTarget (1.25.0)” [21] was used in this study to predict transcription factors. The normalized enrich-
ment score (NES) of a motif is determined by the total number of motifs in the database. Besides the motifs identified in 
the source data, we deduced additional annotations based on motif similarity and gene sequence analysis. To ascertain 
the overexpression of each motif, the AUC for each motif-gene set pair was first determined based on the recovery curve 
calculation of the gene set in relation to motif ordering. The AUC values of all motifs in the gene set were used to calculate 
the NES of each motif. We utilized rcitarget.hg19.motifdb.cisbpont.500 bp as the gene-motif rankings database.

miRNA analysis

MicroRNAs (miRNAs) are established regulators of gene expression. To investigate whether specific miRNAs participate 
in regulating the transcription or degradation of hub genes, we conducted miRNA analysis. Specifically, we identified miR-
NAs associated with hub genes using the miRcode database [22] and visualized the miRNA network utilizing Cytoscape 
(3.9.1) software.

Relationship between ALDH1A3/CSF1R/PHGDH and key regulatory mechanisms

Genes associated with immunity, autophagy, and ferroptosis were sourced from the GeneCards database (https://www.
genecards.org/). For the top 20 genes from each category, we extracted their expression levels and analyzed their cor-
relation with ALDH1A3, CSF1R, and PHGDH expression in both obesity and sarcopenia cohorts. These correlations are 
visualized in a bubble chart.

Potential therapeutic drugs predication

A promising tool for drug screening is the CMap (https://clue.io/) database, which can forecast molecularly targeted drugs 
based on DEGs [23]. In this study, we predicted potential chemical drugs for the treatment of obesity and sarcopenia 
using gene expression profiling and the CMap database.

Molecular docking validation

Molecular docking was performed with the first core compounds from this study as ligands and the ALDH1A3/CSF1R/
PHGDH gene product as the receptor. Initially, the 3D structures of the ligands were retrieved from the PubChem data-
base (https://pubchem.ncbi.nlm.nih.gov/) [24], and the corresponding 3D structures of the targets were obtained from the 
RCSB protein database(https://www.rcsb.org/) [25]. Then, the molecular structures were optimized using Chimera (1.16), 
the docking box parameters were set using Autodock Vina (v1.2.3), the docking was performed using AutoDock KV1.2.3, 
and the results were visualized with Chimera 1.16 [26].

Results

Technology roadmap

Depicted in Fig 1.

Clinical burden of SO

In 2011, the prevalence of simple obesity was 40.30% (all obese: 3,237), while the prevalences of simple sarcopenia and 
SO were 15.60% (all sarcopenic: 1,820) and 16.10% (n = 924), respectively. By 2015, the prevalence of simple obesity had 
risen to 47.00% (all obese: 4,126). In contrast, the prevalence of simple sarcopenia was 12.60% (all sarcopenic: 1,933), 
and that of SO was 17.70% (n = 1,128). In 2018, the figures were 41.20% (all obese: 4,966) for simple obesity, 16.00% (all 
sarcopenic: 2,931) for simple sarcopenia, and 20.40% (n = 1,645) for SO. Over the study period, the prevalences of both 

https://www.genecards.org/
https://www.genecards.org/
https://clue.io/
https://pubchem.ncbi.nlm.nih.gov/
https://www.rcsb.org/


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014225  May 4, 2026 7 / 23

Fig 1.  Flow chart.

https://doi.org/10.1371/journal.pcbi.1014225.g001
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sarcopenia and SO demonstrated an upward trend, while the prevalence of obesity remained persistently high (Fig 2). 
The steady increase in SO incidence highlights a long-term economic burden on healthcare systems.

Screening of intersective DEGs

Series Matrix Files for the obesity-related dataset GSE94752 and the sarcopenia-related dataset GSE1428 were down-
loaded from the NCBI GEO database. P value < 0.05 and |logFC| > 0.585 were the criteria. In the obese database, 1019 
DEGs were identified, including 767 upregulated and 252 downregulated genes (Fig 3A). As for the sarcopenic databases, 
640 DEGs were identified, including 353 upregulated and 287 downregulated genes (Fig 3B). We intersected the up- and 
down-regulated DEGs of the two diseases using Venn diagram software, yielding 45 intersecting DEGs (Fig 3G). Expres-
sion levels of the 45 DEGs across all samples are presented as heatmaps (S1A-B Fig). Functional enrichment analysis 
of the 45 DEGs revealed significant associations with specific GO and KEGG pathways, including plasma membrane and 
Rap1 signal pathway (Fig 3C-D).

Coexpression network construction and hub module identification

WGCNA was performed to identify co-expression modules associated with obesity and sarcopenia. For the obese 
GSE94752 dataset, a soft-thresholding power of 4 was selected (S1C Fig). Gene modules were then identified using 
the TOM. A total of 12 gene modules were found, namely, lightcyan (2129), darkorange (284), darkgreen (2953), orange 
(11872), green (873), midnightblue (237), brown (1309), darkolivegreen (33), violet (37), magenta (472), skyblue (88), and 
grey (1). Among these, the orange module showed the strongest correlation with obesity (cor = -0.8, p = 1e-11) (Fig 3E). 
Subsequently, an analogous WGCNA was performed on the sarcopenic GSE1428 dataset, with a soft-thresholding power 
of 2 (S1E Fig). This analysis yielded 5 modules, namely, blue (13144), magenta (139), purple (129), black (79), green 
(104). The magenta module exhibited the strongest correlation with sarcopenia (cor = -0.83, p = 2e-06) (Fig 3F). Finally, the 
11872 genes in the orange module and 139 genes in the magenta module were intersected, identifying 65 overlapping 
genes (Fig 3H).

Identification of candidate genes

To investigate the role of gut microbiota in comorbid conditions, we retrieved all metabolites from the gutMGene v2.0 data-
base and predicted 1289 potential targets of the metabolites using the SEA database. Intersection of these 1289 predicted 
targets with 45 DEGs and 65 module genes from WGCNA revealed 12 overlapping genes (Fig 4A). These 12 genes were 
considered candidate genes that met the criteria for transcriptomic comorbidity intersections, exhibit modular properties, 
and were potentially regulated by gut microbiota metabolites.

Key genes identified by machine learning

To identify key genes from the candidate set, we employed four machine learning methods, including LASSO, SVM-RFE, 
XGBoost, and Random Forest. Three consensus key genes, namely ALDH1A3, CSF1R, and PHGDH, were identified 
across all four methods (Fig 4B-F). Specifically, LASSO regression selected six candidate genes: ALDH1A3, CSF1R, CPA1, 
PHGDH, RXRB, and CFTR. SVM-RFE selected 11 features: PHGDH, CPA1, TPI1, PTGFR, PLAT, TPO, CFTR, PTGS1, 
ALDH1A3, CSF1R, and RXRB. XGBoost ranked gene importance highlighted six genes: TPI1, ALDH1A3, CSF1R, PHGDH, 
PTGS1, and CPA1. Similarly, Random Forest analysis prioritized TPI1, PHGDH, ALDH1A3, RXRB, CSF1R, and PTGS1.

External single-cell dataset validation

To evaluate the diagnostic potential of the three key genes for obesity and sarcopenia, we validated their performance in 
two single-cell datasets and four transcriptomic datasets.
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Fig 2.  Clinical burden of SO. National prevalence, regional distribution and proportion of obesity, sarcopenia, and SO in China, 2011-2018.

https://doi.org/10.1371/journal.pcbi.1014225.g002
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Fig 3.  Identification of DEGs. (A-B) Volcano plot of DEGs associated with obesity and sarcopenia, where green represents down-regulated DEGs 
and red represents up-regulated DEGs. (C-D) GO and KEGG enrichment analysis of DEGs. (E-F) Heatmap of the correlation between module charac-
teristic genes and obesity and sarcopenia; blue indicates negative correlation, and red indicates positive correlation. (G) Venn diagrams illustrate the 
co-upregulated and co-downregulated DEGs between obesity and sarcopenia. (H) Venn diagrams identify module intersection genes and hub genes.

https://doi.org/10.1371/journal.pcbi.1014225.g003
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Fig 4.  Identification of key genes. (A) Venn diagrams illustrate the potential key genes between DEGs, genes from the WGCNA model, and microbi-
ota metabolite target genes. (B) Venn diagrams illustrate the key genes via four machine learning models. (C) Mean Squared Error versus log(λ) for the 
Lasso Model. (D) SVM-RFE Algorithm Error Rate Curve with 5-Fold Cross-Validation. (E) Variable Importance Plot for the Random Forest Model. (F) 
Variable Importance Plot for the XGBoost Model.

https://doi.org/10.1371/journal.pcbi.1014225.g004
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Cells in the GSE163830 dataset were annotated into five distinct cell types, including B cells, fibroblasts, monocyte/
macrophage cells, NK/T cells, and smooth muscle cells (Fig 5A). Similarly, cells in the GSE172410 dataset were clas-
sified into four major types, including endothelial cells, fibroblasts, neutrophils, and stromal cells (Fig 5D). The expres-
sion patterns of ALDH1A3, CSF1R, and PHGDH across cell types in both datasets are visualized in Fig 5B, 5E, with 
quantification presented as bubble plots (Fig 5C, 5F). In GSE163830, PHGDH was expressed in all five cell types, 
while CSF1R and ALDH1A3 were absent only in NK/T cells. In GSE172410, CSF1R was significantly expressed in 
neutrophils.

External transcriptome dataset validation

The three genes demonstrated strong diagnostic performance across four external datasets (Fig 5G). In the sarcopenia 
dataset GSE136344, ALDH1A3, CSF1R, and PHGDH achieved AUCs of 0.856, 0.871, and 0.720, respectively. In the 
obesity dataset GSE69039, their AUCs were 0.750, 0.759, and 0.768. In another obesity dataset GSE44000, the AUCs 
were 0.755, 0.959, and 0.939. Finally, in the sarcopenia dataset GSE8479, the AUCs were 0.822, 0.806, and 0.792, 
respectively. The AUCs for the original GSE94752 and GSE1428 datasets are presented in S2A and S2B Fig.

Histological verification

To validate the expression differences predicted by bioinformatics analysis, we established an HFD-induced mouse 
model for vivo confirmation. Compared to the control group, HFD-induced mice showed a significant increase in body 
weight (29.14 ± 3.50 vs. 40.01 ± 2.42, p < 0.001) and a significant decrease in muscle mass (68.51 ± 3.15 vs. 48.75 ± 2.78, 
p < 0.001) (S2D and S2E Fig). Behavioral studies confirmed that this model exhibits both obesity and reduced muscle 
function, consistent with a comorbid phenotype. Representative IHC revealed significantly higher intensity for ALDH1A3 
(5.02 ± 0.53 vs. 8.04 ± 1.00, p < 0.001) and CSF1R (2.81 ± 0.76 vs. 10.64 ± 5.52, p = 0.014) in the experimental group com-
pared to controls. In contrast, PHGDH (2.22 ± 1.06 vs. 3.06 ± 1.44, p = 0.323) staining intensity did not differ significantly 
between groups (Fig 5H-J).

By integrating external single-cell and transcriptome datasets with immunohistochemical validation in mouse models, 
we confirmed at the cellular, transcriptional, and protein levels that the three key genes identified through bioinformatics 
analysis exhibit distinct expression patterns.

Immune cell infiltration

Given the presence of immune cells in the single-cell dataset and the role of CSF1R as a macrophage surface marker, 
we conducted immune cell infiltration analysis to assess their contribution to the comorbid phenotype. The proportions of 
immune cell infiltration in control and disease samples are shown in Fig 6A, 6B.

In the obesity group, the proportions of activated dendritic cells (DCs) (p < 0.05) and resting natural killer cells (NKs) 
(p < 0.05) were significantly elevated compared with the control group, while the proportion of regulatory T cells (Tregs) 
(p < 0.01), activated NKs (p < 0.001), and resting mast cells (p < 0.01) was markedly reduced (Fig 6C). In the sarcopenia 
group, the proportion of resting NKs (p < 0.05) was significantly increased, while M1 macrophages (p < 0.05) were signifi-
cantly decreased (Fig 6D).

Correlations between the three key genes and 22 immune cell types across all samples are presented as heatmaps in 
Fig 6E, 6F. In obese samples, PHGDH was negatively correlated with memory B cells (R = -0.4, p = 0.011) and neutrophils 
(R = -0.42, p = 0.0074). Conversely, CSF1R was positively correlated with resting DCs (R = 0.34, p = 0.035) (Fig 6G). In 
sarcopenic samples, CSF1R expression was positively correlated with plasma cells (R = 0.66, p = 0.019) (Fig 6H). These 
findings indicate that immune cell profiles are significantly altered during the development of obesity and sarcopenia, and 
CSF1R and PHGDH may play regulatory roles in this process.
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Fig 5.  Verification of key genes. (A) Cellular subtypes of obesity. (B) Scatter plots of the expression of ALDH1A3, CSF1R, and PHGDH in GSE163830. 
(C) Average expression of ALDH1A3, CSF1R, and PHGDH in cellular subtypes in obesity. (D) Cellular subtypes of sarcopenia. (E) Scatter plots of the 
expression of ALDH1A3, CSF1R, and PHGDH in GSE172410. (F) Average expression of ALDH1A3, CSF1R, and PHGDH in Cellular subtypes in sarco-
penia. (G) ROC curves of ALDH1A3, CSF1R, and PHGDH in GSE69039, GSE44000, GSE136344, GSE8479. (H) Representative immunohistochemical 
staining of the gastrocnemius muscle (scale bar, 100 μm). (I-J) Quantification of immunohistochemical staining intensity for (I) ALDH1A3, (J) CSF1R.

https://doi.org/10.1371/journal.pcbi.1014225.g005
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Fig 6.  The immune infiltration cell analysis between control and disease samples. (A) Proportion of immune cell infiltration in control and obese 
samples. (B) Proportion of immune cell infiltration in control and sarcopenic samples. (C) Differences between control and obese samples for 22 immune 
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GMFA network analysis

To explore functional associations among key genes and predict their potential synergistic mechanisms, we conducted a 
GMFA network analysis. This analysis identified 20 additional genes associated with the three key genes, including CSF1 
and GRAP2, among others (Fig 7B). This gene network was then subjected to functional enrichment analysis using GO 
and KEGG databases (Fig 7A). Notably, the significant BP terms included microglial cell proliferation; the key CC terms 
comprised transcription repressor complex; the key MF terms comprised NAD binding; the key KEGG terms included 
chronic myeloid leukemia.

Transcription factor binding motif analysis

As for key transcriptional CC terms, we then examined the relationship between the key genes and transcription factors. 
The cumulative recovery curve (Fig 7E), motif-TF annotation, and the selection analysis results of significant genes were 
subjected to enrichment analysis for these transcription factors. The hub gene-enriched motifs, including cisbp__M2231, 
cisbp__M4923, and cisbp__M1997, are shown in Fig 7C. The results revealed that the motif with the highest NES (4.26) 
was cisbp__M4923 (Fig 7D).

Correlation with key regulatory mechanisms

We then assessed the expression correlations between the three key genes and the top 20 genes involved in immunity, 
autophagy, and ferroptosis pathways in the context of obesity and sarcopenia (Fig 7F–7H). The results showed that three 
key genes were strongly correlated with genes from all three pathways, suggesting potential regulatory roles in these 
processes.

Potential drug prediction and molecular docking

Following our analysis of the disease burden and comorbidity mechanisms of SO, we predicted potential therapeutic 
agents, providing a theoretical basis for novel drug development. We downloaded drug data from CMap and predicted 
potential therapeutic drugs based on the 12 potential key genes in Fig 4A. Among the candidate drugs, birinapant 
received the highest score and was identified as the most promising candidate for alleviating the comorbid condition  
(Fig 8D). The results of molecular docking of Birinapant with ALDH1A3, CSF1R, and PHGDH are presented in Fig 8A-8C. 
Birinapant has stable binding to all three key genes. The mode of action of the potential drug is presented in Fig 8E.

Discussion

Obesity is closely associated with sarcopenia, a condition characterized by the interaction between adipose tissue and 
skeletal muscle function [27], where lipids and their derivatives are deposited intracellularly and intercellularly, leading to 
impaired energy uptake, and where cytokines secreted by the muscle exacerbate the development of chronic inflamma-
tion and hyperlipidemia [28]. This vicious cycle promotes the development of SO and leads to a worse prognosis than the 
disease alone. Research indicates that women afflicted with both sarcopenia and SO exhibit an elevated risk of mortality 
compared to those without these single conditions [29]. As the population ages and lifestyles evolve, the prevalence and 
global public health burden of sarcopenia will further increase. Therefore, investigating the mechanisms underlying the 
comorbidity between obesity and sarcopenia is clinically important for early identification and intervention of SO.

cells infiltration. (D) Differences between control and sarcopenic samples for 22 immune cells infiltration. (E) Heatmap of correlation between the propor-
tion of 22 immune cells and ALDH1A3, CSF1R, PHGDH in the obese dataset. (F) Heatmap of correlation between the proportion of 22 immune cells and 
ALDH1A3, CSF1R, PHGDH in the sarcopenic dataset. (G) The expressions of CSF1R and PHGDH were significantly associated with specific immune 
cell populations in obese cohorts. (H) The expression of CSF1R was significantly associated with plasma cell populations in sarcopenic cohorts.

https://doi.org/10.1371/journal.pcbi.1014225.g006
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Fig 7.  Functional and pathway enrichment analysis. (A) GO and KEGG enrichment analysis of gene set from ALDH1A3, CSF1R, and PHGDH via 
GMFA. (B) Functionally related genes of ALDH1A3, CSF1R, and PHGDH. (C) MiRNA networks associated with ALDH1A3, CSF1R, and PHGDH, where 
blue denotes mRNA and purple denotes miRNA. (D) Display of the highest motif enrichment based on AUC, incorporating NES, AUC, and TF_highConf. 
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Analysis of the CHARLS database (2011–2018), comprising approximately 20,000 individuals, revealed an increasing 
trend in the incidence of SO in China. This trend indicates that SO already affects a substantial population and is poised 
to remain a condition with significant public health implications. Against this research backdrop, we integrated datasets on 
obesity and sarcopenia, applying differential gene expression analysis, WGCNA, and gut microbiota metabolite targets. 
Four distinct machine learning algorithms converged on three key genes: ALDH1A3, CSF1R, and PHGDH. The represen-
tativeness of these genes was validated by rigorously evaluating their expression patterns across two single-cell data-
sets and assessing their diagnostic value via ROC curve analysis in four independent GEO datasets. Furthermore, in an 
HFD-induced SO mouse model, the expression of these key genes was visually confirmed by IHC of muscle tissue. The 
genes identified through this multi-faceted approach demonstrated robust representativeness and stability. Notably, these 
three genes appear to contribute to SO pathogenesis through distinct yet interrelated pathways. Their specific pathogenic 
mechanisms are discussed in detail in the subsequent sections.

ALDH1A3 was identified as a key gene, located at the intersection of DEGs, key WGCNA modules, and the gut 
microbiota metabolite target cluster. Physiologically, ALDH1A3 is a member of the aldehyde dehydrogenase family that 
catalyzes the oxidation of all-trans retinal to retinoic acid, thereby regulating intracellular retinoic acid signaling [30]. In 
the context of obesity, increased pancreatic ALDH1A3 expression is a marker of β-cell dedifferentiation [31], a key patho-
logical feature and a potential therapeutic target. In sarcopenia, however, the role of ALDH1A3 is less characterized. 
Nevertheless, it has been shown to modulate skeletal muscle satellite cell myogenic differentiation by regulating the cell 
cycle via retinoic acid formation [32], a mechanism that may influence sarcopenic pathology. Collectively, this evidence 
nominates ALDH1A3 as a promising therapeutic target for SO, given its implicated roles in both obesity-related metabolic 
dysfunction and sarcopenia-related impairment of muscle regeneration. Although PHGDH belongs to an enzyme fam-
ily like ALDH1A3, it was not a member of the key WGCNA modules. PHGDH is the first and rate-limiting enzyme of the 
serine synthesis pathway [33]. This reaction initiates the serine synthesis pathway and concurrently generates NADH. 
In obesity models, PHGDH inhibition appears beneficial; myeloid PHGDH deficiency reverses diet-induced obesity [34], 
and adipocyte-specific PHGDH knockout improves glucose intolerance [35]. Conversely, in the context of sarcope-
nia, PHGDH overexpression promotes myocyte proliferation [36]. Therefore, the precise contribution of PHGDH to SO 
pathogenesis, given these opposing tissue-specific effects, remains to be elucidated. We therefore hypothesize that a 
dual-tissue targeting strategy, inhibiting PHGDH in adipocytes while promoting its activity in muscle, may represent a 
brave therapeutic approach for SO. Notably, the anti-obesity effect of PHGDH deficiency is partially mediated through the 
regulation of mitochondrial biogenesis in macrophages. This macrophage-centric mechanism provides a logical connec-
tion to CSF1R, which is also critically involved in macrophage biology. Among the key genes identified, CSF1R was the 
only one not linked to gut microbiota metabolite targets. As a receptor for the ligands CSF1 and IL-34, CSF1R is a master 
regulator of macrophage survival, proliferation, differentiation, and function [37]. In obesity, CSF1R inhibition has been 
shown to prevent diet-induced obesity and insulin resistance, thereby improving metabolic parameters [38,39]. In sarcope-
nia, CSF1R has been proposed as a key regulator of SO [40], although its potential as a therapeutic target remains unex-
plored. Currently, the associations between these key genes and SO are largely inferred from their established biological 
functions and indirect evidence. Therefore, elucidating their precise pathophysiological roles and underlying molecular 
mechanisms represents a critical direction for future research.

(E) The three motifs with the highest AUC values are presented. The red line represents the average recovery curve of each motif, the green line 
represents the mean plus standard deviation, and the blue line represents the recovery curve of the current motif. The maximum enrichment level is 
selected at the point where the distance (mean + standard deviation) between the current motif and the green curve is maximized. (F-H) Correlation of 
ALDH1A3, CSF1R, and PHGDH with immune, ferroptosis, autophagy factors.

https://doi.org/10.1371/journal.pcbi.1014225.g007



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014225  May 4, 2026 18 / 23

Fig 8.  Prediction of potential therapeutic agents for obesity and sarcopenia. (A-C) Molecular Docking of Birinapant with Target Proteins ALDH1A3, 
CSF1R, and PHGDH. (D) Heatmap displaying the scores of potential therapeutic agents as predicted by the Connectivity Map database. (E) Schematic 
diagram of the mechanism of potential therapeutic drugs.

https://doi.org/10.1371/journal.pcbi.1014225.g008
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As noted in the introduction, the gut microbiota manages complex pathological conditions, such as comorbidities, may 
more effectively than single-agent therapies via microecological regulation. Consequently, we incorporated targets of gut 
microbiota metabolites into our selection of potential key genes. Both ALDH1A3 and PHGDH are targets of gut micro-
biota metabolites, which prompted an investigation into their specific interactions with the microbiota. Cui et al. demon-
strated that trans-3-indolepropionic acid, a tryptophan metabolite from Peptostreptococcus anaerobius, transcriptionally 
upregulates ALDH1A3. Using retinaldehyde as a substrate, ALDH1A3 produces NADH, thereby inhibiting ferroptosis and 
promoting colorectal cancer [41]. Since lipid peroxidation induced by obesity exacerbates ferroptosis [42], dysregulation 
of ferroptosis-related factors further triggers ferroptosis in M2 macrophages and Treg cells, thereby disrupting the local 
immune microenvironment [43]. Ferroptosis contributes to sarcopenia by driving iron overload and reactive ROS accu-
mulation within muscle tissue, which promotes oxidative damage and impairs regenerative capacity [44]. Given the key 
pathogenic role of ferroptosis in obesity and sarcopenia, upregulating ALDH1A3 could potentially ameliorate sarcopenia 
by inhibiting ferroptosis [45] and, via muscle enhancement, alleviate obesity. However, other evidence indicates that ferro-
ptosis is reduced in adipocytes and that its promotion can mitigate obesity. Given this apparent paradox, we further inves-
tigated the relationships between the three key genes and the top 20 ferroptosis-related genes in our functional analyses. 
Similarly, the PHGDH-mediated serine pathway is a crucial component of gut microbiota metabolism and participates in 
hepatic lipid metabolism [46]. However, its direct link to sarcopenia remains poorly characterized. Nevertheless, both the 
serine metabolic pathway and the gut microbiota itself represent modifiable factors in the pathophysiology of sarcopenia. 
Although CSF1R is not a direct target of gut microbiota metabolites, the interaction between the gut microbiota and mac-
rophages is critical for intestinal homeostasis and is a current research focus. Therefore, the modulation of the immune 
microenvironment by the gut microbiota represents a potential therapeutic pathway for ameliorating comorbidities.

As the preceding discussion illustrates, intricate functional connections exist among the three key genes. To further 
investigate their functions, we performed a series of downstream analyses, including GMFA, GO and KEGG pathway 
enrichment, and transcription analysis. The GO and KEGG analyses revealed significant enrichment of serine-related 
pathways, such as glycine, serine, and threonine metabolism and the L-serine biosynthetic process. This finding aligns 
with our earlier discussion and is likely primarily driven by PHGDH. Pathways related to NAD-binding and the transcription 
repressor complex were also notably enriched. Furthermore, transcriptional analysis identified cisbp_M4923 as the most 
relevant transcription factor. Given the established association of ALDH1A3 with ferroptosis, we investigated the relation-
ships of three key genes with three key pathways, including autophagy, ferroptosis, and immunity, to elucidate their poten-
tial mechanisms in SO. The results indicate that ALDH1A3 exhibits largely consistent expression trends in both obesity 
and sarcopenia, whereas CSF1R demonstrates more opposing trends between the two conditions. In contrast, PHGDH 
showed low correlation with genes across all three key pathways. ALDH1A3 was predominantly positively correlated with 
immune-related genes in both conditions, a finding potentially explained by the essential role of ALDH1A3-regulated reti-
noic acid in adult immune function [47]. However, the correlation trends between ALDH1A3 and ferroptosis-related genes 
were inconsistent, underscoring the need for further validation of the underlying molecular mechanisms. Overall, the 
expression levels of the three key genes showed varying correlations with factors across the autophagy, ferroptosis, and 
immune pathways, suggesting complex interplay among these processes in SO.

Metabolic disorders and complications affecting organ tissues in individuals with obesity are linked to chronic inflamma-
tion within adipose tissue [48]. This inflammatory response is also observed in skeletal muscle, primarily characterized by 
heightened infiltration of immune cells and pro-inflammatory activation of interstitial cells and perimysial adipose tissue, 
which may exacerbate the condition of sarcopenia [49,50]. Consequently, research focusing on the immune microenvi-
ronment associated with obesity and sarcopenia is of paramount importance. Furthermore, both CSF1R and PHGDH are 
involved in immunoregulatory pathways, and all three key genes are significantly correlated with immune-related gene 
sets. These observations prompted an immune infiltration analysis. The analysis revealed that resting NKs were the 
only immune subset elevated in both obesity and sarcopenia. Furthermore, CSF1R expression was positively correlated 
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with resting NKs infiltration specifically in obesity. Prior research has demonstrated that the selective ablation of CSF1R-
positive NKs populations can mitigate obesity and insulin resistance [39]. Furthermore, this association between resting 
NKs and obesity has been reported in multiple bioinformatics studies [51,52]. The accumulation of resting NKs in obese 
individuals may reflect a dysregulation of activation. As aerobic glycolysis is a metabolic hallmark of NKs activation [53], 
the high glycolytic dependence of adipocytes may competitively deprive essential substrates for NKs [54], thereby inhib-
iting NKs activation. However, this proposed mechanism of metabolic competition requires further experimental valida-
tion. Recently, another study similarly found that resting NK cells are closely associated with sarcopenia [55]. Similarly, 
their increased activity post-exercise suggests a potential therapeutic avenue for its amelioration [56–58]. IL-15 is highly 
expressed in skeletal muscle, where it functions to inhibit fat deposition and promote skeletal muscle anabolic metabolism. 
IL-15 is also essential for the development, maintenance, and survival of NKs [59]. Within the vicious cycle of obesity and 
sarcopenia, IL-15 levels are diminished, potentially serving as a latent trigger for NKs immune senescence. As a crucial 
component of the innate immune system, the precise mechanisms by which NK cells contribute to SO pathogenesis, how-
ever, require further extensive experimental elucidation.

Prior research indicates that patients with SO face a poorer prognosis compared to those with single diseases. However, 
the exploration of the pathogenesis and shared etiological factors between obesity and sarcopenia using bioinformatics has 
been limited, highlighting the clinical importance of investigating the dual-disease mechanism to enhance the prognosis 
of SO. In this study, we have identified hub genes in obesity and sarcopenia, and analyzed potential regulators and thera-
peutic agents, contributing to a deeper understanding of the molecular mechanisms underlying the co-occurrence of these 
conditions. However, our study acknowledges certain limitations. Firstly, our study identified only 3 key genes. Other genes 
showing suggestive associations, along with the potential alternative or compensatory pathways they may regulate, consti-
tute promising targets for future investigation. Secondly, the detailed molecular mechanisms of how hub genes, miRNAs, 
and transcription factors affect these diseases remain unclear. Lastly, the functions of the hub genes and the efficacy of 
potential therapeutic agents in vivo need to be verified by further experimental and clinical studies.

Conclusion

Analysis of the CHARLS database confirms a rising incidence of SO, underscoring its critical public health relevance. An 
integrated multi-stage screening strategy, including DEGs analysis, WGCNA, and intersection with predicted gut microbi-
ota metabolite targets, was employed to identify 12 initial candidate genes. These candidates were refined by four inde-
pendent machine learning methods (LASSO, XGBoost, SVM-RFE, and Random Forest), ultimately identifying ALDH1A3, 
CSF1R, and PHGDH as high-confidence hub genes implicated in obesity and sarcopenia. The stability and diagnostic 
potential of the key genes were validated using two independent scRNA-seq datasets and ROC curve analyses across 
four independent GEO cohorts. Most critically, this study provided direct in vivo evidence by confirming the expression and 
spatial distribution of these genes via IHC of gastrocnemius muscle tissue in a HFD-induced mouse model of SO. Further 
investigation revealed that these key genes are significantly correlated with diverse immune cell infiltrates in both condi-
tions, illuminating their role in shaping the immune microenvironment. GMFA, along with GO and KEGG pathway analy-
ses, linked ALDH1A3, CSF1R, and PHGDH to significantly enriched pathways, including transcriptional regulation, with 
the Cisbp__M4923 motif emerging as the most relevant transcription factor binding pattern. Moreover, these genes were 
implicated in autophagy, ferroptosis, and immune responses. Finally, leveraging the CMap database, we identified poten-
tial therapeutic compounds; the top candidate, Birinapant, was subjected to molecular docking, which confirmed its stable 
binding potential with the key genes.

In summary, this study established a comprehensive computational biology research framework encompassing clinical 
burden assessment, key gene identification, external dataset and experimental validation, upstream/downstream pathway 
enrichment analysis, and potential drug discovery. This work advances the mechanistic understanding of the sarcopenia- 
obesity comorbidity and provides a foundation for developing novel therapeutic strategies.
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Supporting information

S1 Fig. Identification of DEGs. (A-B) Heatmap displaying DEGs associated with obesity and sarcopenia. (C, E) Scale-
less index and mean connectivity of individual soft thresholds for obesity and sarcopenia. (D, F) Cluster Dendrogram of 
obesity and sarcopenia, with different colors representing different modules.
(TIF)

S2 Fig. Verification of key genes. (A-B) ROC curves of ALDH1A3, CSF1R, and PHGDH in GSE94752 and GSE1428. 
(C) Animal experiment flowchart. (D) Body weight of control and HFD mice (n = 8 per group) (E) Ratio of muscle mass to 
body weight (n = 8 per group). (F) Quantification of immunohistochemical staining intensity for PHGDH.
(TIF)

Acknowledgments

We thank the Gene Expression Omnibus project for using their data.

Author contributions

Conceptualization: Lin Mao, Daming Wang, Tianfang Zhang, Ziwei Zhang, Huiqin Zheng, Xiaofeng Yang.

Data curation: Weiyi Shi, Xiaoxu Ren, Yingying Liu.

Formal analysis: Juehan Wang.

Funding acquisition: Zuobing chen.

Methodology: Juehan Wang, Haijun Li.

Project administration: Mingfei Yao, Zuobing chen.

Supervision: Lin Mao, Daming Wang, Tianfang Zhang, Ziwei Zhang, Huiqin Zheng, Xiaofeng Yang, Mingfei Yao, Zuobing 
chen.

Validation: Juehan Wang, Haijun Li.

Visualization: Juehan Wang.

Writing – original draft: Juehan Wang.

References
	1.	 Koliaki C, Dalamaga M, Liatis S. Update on the obesity epidemic: Is the sharp rise of the evil empire truly levelling off? Current Obesity Reports. 

2023. https://doi.org/10.1007/s13679-023-00527-y

	2.	 Busetto L, Dicker D, Fruehbeck G. A new framework for the diagnosis, staging and management of obesity in adults. Nat Med. 2024. https://doi.
org/10.1038/s41591-024-03095-3

	3.	 You Y, Mo L, Tong J, Chen X, You Y. The role of education attainment on 24-hour movement behavior in emerging adults: evidence from  
a population-based study. Front Public Health. 2024;12:1197150. https://doi.org/10.3389/fpubh.2024.1197150 PMID: 38292911

	4.	 Cruz-Jentoft AJ, Bahat G, Bauer J, Boirie Y, Bruyère O, Cederholm T, et al. Sarcopenia: revised European consensus on definition and diagnosis. 
Age Ageing. 2019;48(1):16–31. https://doi.org/10.1093/ageing/afy169 PMID: 30312372

	5.	 Xia L, Zhao R, Wan Q, Wu Y, Zhou Y, Wang Y, et al. Sarcopenia and adverse health-related outcomes: An umbrella review of meta-analyses of 
observational studies. Cancer Med. 2020;9(21):7964–78. https://doi.org/10.1002/cam4.3428 PMID: 32924316

	6.	 Yuan S, Larsson SC. Epidemiology of sarcopenia: prevalence, risk factors, and consequences. Metabolism-Clinical and Experimental. 
2023;144:155533. https://doi.org/10.1016/j.metabol.2023.155533

	7.	 Gortan Cappellari G, Guillet C, Poggiogalle E, Ballesteros Pomar MD, Batsis JA, Boirie Y, et al. Sarcopenic obesity research perspectives outlined 
by the sarcopenic obesity global leadership initiative (SOGLI) - Proceedings from the SOGLI consortium meeting in rome November 2022. Clin Nutr. 
2023;42(5):687–99. https://doi.org/10.1016/j.clnu.2023.02.018 PMID: 36947988

	8.	 Prado CM, Batsis JA, Donini LM, Gonzalez MC, Siervo M. Sarcopenic obesity in older adults: a clinical overview. Nat Rev Endocrinol. 
2024;20(5):261–77. https://doi.org/10.1038/s41574-023-00943-z PMID: 38321142

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014225.s001
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014225.s002
https://doi.org/10.1007/s13679-023-00527-y
https://doi.org/10.1038/s41591-024-03095-3
https://doi.org/10.1038/s41591-024-03095-3
https://doi.org/10.3389/fpubh.2024.1197150
http://www.ncbi.nlm.nih.gov/pubmed/38292911
https://doi.org/10.1093/ageing/afy169
http://www.ncbi.nlm.nih.gov/pubmed/30312372
https://doi.org/10.1002/cam4.3428
http://www.ncbi.nlm.nih.gov/pubmed/32924316
https://doi.org/10.1016/j.metabol.2023.155533
https://doi.org/10.1016/j.clnu.2023.02.018
http://www.ncbi.nlm.nih.gov/pubmed/36947988
https://doi.org/10.1038/s41574-023-00943-z
http://www.ncbi.nlm.nih.gov/pubmed/38321142


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014225  May 4, 2026 22 / 23

	 9.	 Axelrod CL, Dantas WS, Kirwan JP. Sarcopenic obesity: emerging mechanisms and therapeutic potential. Metabolism. 2023;146:155639. https://
doi.org/10.1016/j.metabol.2023.155639 PMID: 37380015

	10.	 Gracie DJ, Hamlin PJ, Ford AC. The influence of the brain-gut axis in inflammatory bowel disease and possible implications for treatment. Lancet 
Gastroenterol Hepatol. 2019;4(8):632–42. https://doi.org/10.1016/S2468-1253(19)30089-5 PMID: 31122802

	11.	 Yan M, Man S, Sun B, Ma L, Guo L, Huang L, et al. Gut liver brain axis in diseases: the implications for therapeutic interventions. Signal Transduct 
Target Ther. 2023;8(1):443. https://doi.org/10.1038/s41392-023-01673-4 PMID: 38057297

	12.	 Ticinesi A, Lauretani F, Milani C, Nouvenne A, Tana C, Del Rio D, et al. Aging Gut Microbiota at the Cross-Road between Nutrition, Physical Frailty, 
and Sarcopenia: Is There a Gut-Muscle Axis?. Nutrients. 2017;9(12):1303. https://doi.org/10.3390/nu9121303 PMID: 29189738

	13.	 Barrett T, Wilhite SE, Ledoux P, Evangelista C, Kim IF, Tomashevsky M, et al. NCBI GEO: archive for functional genomics data sets--update. 
Nucleic Acids Res. 2013;41(Database issue):D991–5. https://doi.org/10.1093/nar/gks1193 PMID: 23193258

	14.	 Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers differential expression analyses for RNA-sequencing and microarray 
studies. Nucleic Acids Res. 2015;43(7):e47. https://doi.org/10.1093/nar/gkv007 PMID: 25605792

	15.	 Langfelder P, Horvath S. WGCNA: an R package for weighted correlation network analysis. BMC Bioinformatics. 2008;9:559. https://doi.
org/10.1186/1471-2105-9-559 PMID: 19114008

	16.	 Qi C, He G, Qian K, Guan S, Li Z, Liang S, et al. gutMGene v2.0: an updated comprehensive database for target genes of gut microbes and micro-
bial metabolites. Nucleic Acids Res. 2025;53(D1):D783–8. https://doi.org/10.1093/nar/gkae1002 PMID: 39475181

	17.	 Keiser MJ, Roth BL, Armbruster BN, Ernsberger P, Irwin JJ, Shoichet BK. Relating protein pharmacology by ligand chemistry. Nat Biotechnol. 
2007;25(2):197–206. https://doi.org/10.1038/nbt1284 PMID: 17287757

	18.	 Stuart T, Butler A, Hoffman P. Comprehensive integration of single-cell data. Cell. 2019;177(7):1888. https://doi.org/10.1016/j.cell.2019.05.031

	19.	 Franz M, Rodriguez H, Lopes C. GeneMANIA update 2018. Nucleic Acids Res. 2018;46(W1):W60–4. https://doi.org/10.1093/nar/gky311

	20.	 Sherman BT, Hao M, Qiu J, et al. DAVID: a web server for functional enrichment analysis and functional annotation of gene lists (2021 update). 
Article. Nucleic Acids Res. Jul 5 2022;50(W1):W216–W221. https://doi.org/10.1093/nar/gkac194

	21.	 Aibar S, González-Blas CB, Moerman T, Huynh-Thu VA, Imrichova H, Hulselmans G, et al. SCENIC: single-cell regulatory network inference and 
clustering. Nat Methods. 2017;14(11):1083–6. https://doi.org/10.1038/nmeth.4463 PMID: 28991892

	22.	 Jeggari A, Marks DS, Larsson E. miRcode: a map of putative microRNA target sites in the long non-coding transcriptome. Bioinformatics. 
2012;28(15):2062–3. https://doi.org/10.1093/bioinformatics/bts344 PMID: 22718787

	23.	 Subramanian A, Narayan R, Corsello SM. A next generation connectivity map: L1000 platform and the first 1,000,000 profiles. Cell. 
2017;171(6):1437. https://doi.org/10.1016/j.cell.2017.10.049

	24.	 Bolton EE, Chen J, Kim S, Han L, He S, Shi W, et al. PubChem3D: a new resource for scientists. J Cheminform. 2011;3(1):32. https://doi.
org/10.1186/1758-2946-3-32 PMID: 21933373

	25.	 Ormö M, Cubitt AB, Kallio K, Gross LA, Tsien RY, Remington SJ. Crystal structure of the Aequorea victoria green fluorescent protein. Science. 
1996;273(5280):1392–5. https://doi.org/10.1126/science.273.5280.1392 PMID: 8703075

	26.	 Pettersen EF, Goddard TD, Huang CC, Couch GS, Greenblatt DM, Meng EC, et al. UCSF Chimera--a visualization system for exploratory research 
and analysis. J Comput Chem. 2004;25(13):1605–12. https://doi.org/10.1002/jcc.20084 PMID: 15264254

	27.	 Li C-W, Yu K, Shyh-Chang N, Jiang Z, Liu T, Ma S, et al. Pathogenesis of sarcopenia and the relationship with fat mass: descriptive review. J 
Cachexia Sarcopenia Muscle. 2022;13(2):781–94. https://doi.org/10.1002/jcsm.12901 PMID: 35106971

	28.	 Bilski J, Pierzchalski P, Szczepanik M, Bonior J, Zoladz JA. Multifactorial Mechanism of Sarcopenia and Sarcopenic Obesity. Role of Physical 
Exercise, Microbiota and Myokines. Cells. 2022;11(1):160. https://doi.org/10.3390/cells11010160 PMID: 35011721

	29.	 Batsis JA, Mackenzie TA, Barre LK, Lopez-Jimenez F, Bartels SJ. Sarcopenia, sarcopenic obesity and mortality in older adults: results from the 
National Health and Nutrition Examination Survey III. Eur J Clin Nutr. 2014;68(9):1001–7. https://doi.org/10.1038/ejcn.2014.117 PMID: 24961545

	30.	 Petrosino JM, Disilvestro D, Ziouzenkova O. Aldehyde dehydrogenase 1A1: friend or foe to female metabolism? Nutrients. 2014;6(3):950–73. 
https://doi.org/10.3390/nu6030950 PMID: 24594504

	31.	 Ducote MP, Cothern CR, Batdorf HM, Fontenot MS, Martin TM, Iftesum M, et al. Pancreatic expression of CPT1A is essential for whole body glu-
cose homeostasis by supporting glucose-stimulated insulin secretion. J Biol Chem. 2025;301(2):108187. https://doi.org/10.1016/j.jbc.2025.108187 
PMID: 39814231

	32.	 Steingruber L, Krabichler F, Franzmeier S, Wu W, Schlegel J, Koch M. ALDH1A1 and ALDH1A3 paralogues of aldehyde dehydrogenase 1 
control myogenic differentiation of skeletal muscle satellite cells by retinoic acid-dependent and -independent mechanisms. Cell Tissue Res. 
2023;394(3):515–28. https://doi.org/10.1007/s00441-023-03838-7 PMID: 37904003

	33.	 Shu M, Liu Y, Wang J. Protein post-translational modifications in serine synthetic pathway: functions and molecular mechanisms. Cell Commun 
Signal. 2025;23(1):311. https://doi.org/10.1186/s12964-025-02327-4 PMID: 40598535

	34.	 Wang C, Zhao M, Bin P, Ye Y, Chen Q, Tang Z, et al. Serine synthesis controls mitochondrial biogenesis in macrophages. Sci Adv. 
2024;10(20):eadn2867. https://doi.org/10.1126/sciadv.adn2867 PMID: 38758794

	35.	 Okabe K, Usui I, Yaku K, Hirabayashi Y, Tobe K, Nakagawa T. Deletion of PHGDH in adipocytes improves glucose intolerance in diet-induced 
obese mice. Biochem Biophys Res Commun. 2018;504(1):309–14. https://doi.org/10.1016/j.bbrc.2018.08.180 PMID: 30180949

https://doi.org/10.1016/j.metabol.2023.155639
https://doi.org/10.1016/j.metabol.2023.155639
http://www.ncbi.nlm.nih.gov/pubmed/37380015
https://doi.org/10.1016/S2468-1253(19)30089-5
http://www.ncbi.nlm.nih.gov/pubmed/31122802
https://doi.org/10.1038/s41392-023-01673-4
http://www.ncbi.nlm.nih.gov/pubmed/38057297
https://doi.org/10.3390/nu9121303
http://www.ncbi.nlm.nih.gov/pubmed/29189738
https://doi.org/10.1093/nar/gks1193
http://www.ncbi.nlm.nih.gov/pubmed/23193258
https://doi.org/10.1093/nar/gkv007
http://www.ncbi.nlm.nih.gov/pubmed/25605792
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.1186/1471-2105-9-559
http://www.ncbi.nlm.nih.gov/pubmed/19114008
https://doi.org/10.1093/nar/gkae1002
http://www.ncbi.nlm.nih.gov/pubmed/39475181
https://doi.org/10.1038/nbt1284
http://www.ncbi.nlm.nih.gov/pubmed/17287757
https://doi.org/10.1016/j.cell.2019.05.031
https://doi.org/10.1093/nar/gky311
https://doi.org/10.1093/nar/gkac194
https://doi.org/10.1038/nmeth.4463
http://www.ncbi.nlm.nih.gov/pubmed/28991892
https://doi.org/10.1093/bioinformatics/bts344
http://www.ncbi.nlm.nih.gov/pubmed/22718787
https://doi.org/10.1016/j.cell.2017.10.049
https://doi.org/10.1186/1758-2946-3-32
https://doi.org/10.1186/1758-2946-3-32
http://www.ncbi.nlm.nih.gov/pubmed/21933373
https://doi.org/10.1126/science.273.5280.1392
http://www.ncbi.nlm.nih.gov/pubmed/8703075
https://doi.org/10.1002/jcc.20084
http://www.ncbi.nlm.nih.gov/pubmed/15264254
https://doi.org/10.1002/jcsm.12901
http://www.ncbi.nlm.nih.gov/pubmed/35106971
https://doi.org/10.3390/cells11010160
http://www.ncbi.nlm.nih.gov/pubmed/35011721
https://doi.org/10.1038/ejcn.2014.117
http://www.ncbi.nlm.nih.gov/pubmed/24961545
https://doi.org/10.3390/nu6030950
http://www.ncbi.nlm.nih.gov/pubmed/24594504
https://doi.org/10.1016/j.jbc.2025.108187
http://www.ncbi.nlm.nih.gov/pubmed/39814231
https://doi.org/10.1007/s00441-023-03838-7
http://www.ncbi.nlm.nih.gov/pubmed/37904003
https://doi.org/10.1186/s12964-025-02327-4
http://www.ncbi.nlm.nih.gov/pubmed/40598535
https://doi.org/10.1126/sciadv.adn2867
http://www.ncbi.nlm.nih.gov/pubmed/38758794
https://doi.org/10.1016/j.bbrc.2018.08.180
http://www.ncbi.nlm.nih.gov/pubmed/30180949


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014225  May 4, 2026 23 / 23

	36.	 Mäntyselkä S, Kolari K, Baumert P, Ylä-Outinen L, Kuikka L, Lahtonen S, et al. Serine synthesis pathway enzyme PHGDH is critical for mus-
cle cell biomass, anabolic metabolism, and mTORC1 signaling. Am J Physiol Endocrinol Metab. 2024;326(1):E73–91. https://doi.org/10.1152/
ajpendo.00151.2023 PMID: 37991454

	37.	 Cannarile MA, Weisser M, Jacob W, Jegg A-M, Ries CH, Rüttinger D. Colony-stimulating factor 1 receptor (CSF1R) inhibitors in cancer therapy. J 
Immunother Cancer. 2017;5(1):53. https://doi.org/10.1186/s40425-017-0257-y PMID: 28716061

	38.	 Ali S, Mansour AG, Huang W, Queen NJ, Mo X, Anderson JM, et al. CSF1R inhibitor PLX5622 and environmental enrichment additively improve 
metabolic outcomes in middle-aged female mice. Aging (Albany NY). 2020;12(3):2101–22. https://doi.org/10.18632/aging.102724 PMID: 32007953

	39.	 Theurich S, Tsaousidou E, Hanssen R, Lempradl AM, Mauer J, Timper K, et al. IL-6/Stat3-Dependent Induction of a Distinct, Obesity-Associated 
NK Cell Subpopulation Deteriorates Energy and Glucose Homeostasis. Cell Metab. 2017;26(1):171–184.e6. https://doi.org/10.1016/j.
cmet.2017.05.018 PMID: 28683285

	40.	 Tao J, Zhai J, Yang J, Niu Q, Hu Y, Yan Y. Exposure to persistent organic pollutants and sarcopenia: Revealing associations, mediated modifica-
tions, and potential mechanisms. Ecotoxicol Environ Saf. 2025;303:118783. https://doi.org/10.1016/j.ecoenv.2025.118783 PMID: 40768999

	41.	 Cui W, Guo M, Liu D, Xiao P, Yang C, Huang H, et al. Gut microbial metabolite facilitates colorectal cancer development via ferroptosis inhibition. 
Nat Cell Biol. 2024;26(1):124–37. https://doi.org/10.1038/s41556-023-01314-6 PMID: 38168770

	42.	 He L-P, Zhou Z-X, Li C-P. Narrative review of ferroptosis in obesity. J Cell Mol Med. 2023;27(7):920–6. https://doi.org/10.1111/jcmm.17701 PMID: 
36871273

	43.	 Zhang S, Sun Z, Jiang X, Lu Z, Ding L, Li C, et al. Ferroptosis increases obesity: Crosstalk between adipocytes and the neuroimmune system. 
Front Immunol. 2022;13:1049936. https://doi.org/10.3389/fimmu.2022.1049936 PMID: 36479119

	44.	 Wang Y, Zhang Z, Jiao W, Wang Y, Wang X, Zhao Y, et al. Ferroptosis and its role in skeletal muscle diseases. Front Mol Biosci. 2022;9:1051866. 
https://doi.org/10.3389/fmolb.2022.1051866 PMID: 36406272

	45.	 Kordi N, Saydi A, Karami S, Bagherzadeh-Rahmani B, Marzetti E, Jung F, et al. Ferroptosis and aerobic training in ageing. Clin Hemorheol Micro-
circ. 2024;87(3):347–66. https://doi.org/10.3233/CH-232076 PMID: 38306027

	46.	 He L, Liu Y, Liu D, Feng Y, Yin J, Zhou X. Exogenous and Endogenous Serine Deficiency Exacerbates Hepatic Lipid Accumulation. Oxid Med Cell 
Longev. 2021;2021:4232704. https://doi.org/10.1155/2021/4232704 PMID: 34712382

	47.	 Magrassi L, Pinton G, Luzzi S, Comincini S, Scravaglieri A, Gigliotti V, et al. A New Vista of Aldehyde Dehydrogenase 1A3 (ALDH1A3): New Spe-
cific Inhibitors and Activity-Based Probes Targeting ALDH1A3 Dependent Pathways in Glioblastoma, Mesothelioma and Other Cancers. Cancers 
(Basel). 2024;16(13):2397. https://doi.org/10.3390/cancers16132397 PMID: 39001459

	48.	 Kawai T, Autieri MV, Scalia R. Adipose tissue inflammation and metabolic dysfunction in obesity. Am J Physiol Cell Physiol. 2021;320(3):C375–91. 
https://doi.org/10.1152/ajpcell.00379.2020 PMID: 33356944

	49.	 Wang T, Zhou D, Hong Z. Adipose tissue in older individuals: a contributing factor to sarcopenia. Metabolism-Clinical and Experimental. 
2024;160:155998. https://doi.org/10.1016/j.metabol.2024.155998

	50.	 Wu H, Ballantyne CM. Skeletal muscle inflammation and insulin resistance in obesity. J Clin Invest. 2017;127(1):43–54. https://doi.org/10.1172/
JCI88880 PMID: 28045398

	51.	 Liang Y, Lin F, Huang Y. Identification of Biomarkers Associated with Diagnosis of Osteoarthritis Patients Based on Bioinformatics and Machine 
Learning. J Immunol Res. 2022;2022:5600190. https://doi.org/10.1155/2022/5600190 PMID: 35733917

	52.	 Wen J, Wang L. Identification of key genes and their association with immune infiltration in adipose tissue of obese patients: a bioinformatic analy-
sis. Adipocyte. 2022;11(1):401–12. https://doi.org/10.1080/21623945.2022.2104512 PMID: 35894174

	53.	 Sheppard S, Santosa EK, Lau CM, Violante S, Giovanelli P, Kim H, et al. Lactate dehydrogenase A-dependent aerobic glycolysis promotes natural 
killer cell anti-viral and anti-tumor function. Cell Rep. 2021;35(9):109210. https://doi.org/10.1016/j.celrep.2021.109210 PMID: 34077737

	54.	 Komanetsky SM, Hedrick V, Sobreira T, Aryal UK, Kim SQ, Kim K-H. Proteomic identification of aerobic glycolysis as a potential metabolic target 
for methylglyoxal in adipocytes. Nutr Res. 2020;80:66–77. https://doi.org/10.1016/j.nutres.2020.06.009 PMID: 32698053

	55.	 Zhou Y, Qian Y, Yuan X, Zhu Q. Integrated transcriptomic analysis identifies lysosomal autophagy-related genes in sarcopenia. Sci Rep. 
2025;15(1):36844. https://doi.org/10.1038/s41598-025-20595-5 PMID: 41125618

	56.	 Eda N, Tabata H, Sone R, et al. Yoga improves immunosuppression after a prolonged intense exercise. Physiology International. 2025;112(1):85–
100. https://doi.org/10.1556/2060.2025.00466

	57.	 Miles MP, Kraemer WJ, Grove DS, Leach SK, Dohi K, Bush JA, et al. Effects of resistance training on resting immune parameters in women. Eur J 
Appl Physiol. 2002;87(6):506–8. https://doi.org/10.1007/s00421-002-0683-4 PMID: 12355189

	58.	 Palmø J, Asp S, Daugaard JR, Richter EA, Klokker M, Pedersen BK. Effect of eccentric exercise on natural killer cell activity. J Appl Physiol (1985). 
1995;78(4):1442–6. https://doi.org/10.1152/jappl.1995.78.4.1442 PMID: 7615453

	59.	 Lutz CT, Quinn LS. Sarcopenia, obesity, and natural killer cell immune senescence in aging: altered cytokine levels as a common mechanism. 
Aging (Albany NY). 2012;4(8):535–46. https://doi.org/10.18632/aging.100482 PMID: 22935594

https://doi.org/10.1152/ajpendo.00151.2023
https://doi.org/10.1152/ajpendo.00151.2023
http://www.ncbi.nlm.nih.gov/pubmed/37991454
https://doi.org/10.1186/s40425-017-0257-y
http://www.ncbi.nlm.nih.gov/pubmed/28716061
https://doi.org/10.18632/aging.102724
http://www.ncbi.nlm.nih.gov/pubmed/32007953
https://doi.org/10.1016/j.cmet.2017.05.018
https://doi.org/10.1016/j.cmet.2017.05.018
http://www.ncbi.nlm.nih.gov/pubmed/28683285
https://doi.org/10.1016/j.ecoenv.2025.118783
http://www.ncbi.nlm.nih.gov/pubmed/40768999
https://doi.org/10.1038/s41556-023-01314-6
http://www.ncbi.nlm.nih.gov/pubmed/38168770
https://doi.org/10.1111/jcmm.17701
http://www.ncbi.nlm.nih.gov/pubmed/36871273
https://doi.org/10.3389/fimmu.2022.1049936
http://www.ncbi.nlm.nih.gov/pubmed/36479119
https://doi.org/10.3389/fmolb.2022.1051866
http://www.ncbi.nlm.nih.gov/pubmed/36406272
https://doi.org/10.3233/CH-232076
http://www.ncbi.nlm.nih.gov/pubmed/38306027
https://doi.org/10.1155/2021/4232704
http://www.ncbi.nlm.nih.gov/pubmed/34712382
https://doi.org/10.3390/cancers16132397
http://www.ncbi.nlm.nih.gov/pubmed/39001459
https://doi.org/10.1152/ajpcell.00379.2020
http://www.ncbi.nlm.nih.gov/pubmed/33356944
https://doi.org/10.1016/j.metabol.2024.155998
https://doi.org/10.1172/JCI88880
https://doi.org/10.1172/JCI88880
http://www.ncbi.nlm.nih.gov/pubmed/28045398
https://doi.org/10.1155/2022/5600190
http://www.ncbi.nlm.nih.gov/pubmed/35733917
https://doi.org/10.1080/21623945.2022.2104512
http://www.ncbi.nlm.nih.gov/pubmed/35894174
https://doi.org/10.1016/j.celrep.2021.109210
http://www.ncbi.nlm.nih.gov/pubmed/34077737
https://doi.org/10.1016/j.nutres.2020.06.009
http://www.ncbi.nlm.nih.gov/pubmed/32698053
https://doi.org/10.1038/s41598-025-20595-5
http://www.ncbi.nlm.nih.gov/pubmed/41125618
https://doi.org/10.1556/2060.2025.00466
https://doi.org/10.1007/s00421-002-0683-4
http://www.ncbi.nlm.nih.gov/pubmed/12355189
https://doi.org/10.1152/jappl.1995.78.4.1442
http://www.ncbi.nlm.nih.gov/pubmed/7615453
https://doi.org/10.18632/aging.100482
http://www.ncbi.nlm.nih.gov/pubmed/22935594

