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has resulted in serious outcomes, including an elevated 
risk of falls, disability, and mortality among the elderly [4, 
5]. As a result, muscle-aging-related sarcopenia greatly 
reduces the quality of life and health of affected individu-
als, placing a heavy burden on healthcare systems and 
society.

The pathogenesis of muscle aging remains unclear. 
However, it is believed to involve several contributing 
factors, including intermuscular fat infiltration, a reduc-
tion in the size and number of muscle fibers, neuromus-
cular junction dysfunction, alterations in mitochondrial 
integrity and function, increased oxidative stress due to 
cellular senescence, insulin resistance, inflammation, 
and hormonal changes such as fluctuations in testos-
terone, estrogen, growth hormone, insulin-like growth 
factor 1, and myostatin, among others [6, 7]. The initial 

Introduction
As with aging, muscles undergo several changes, includ-
ing a reduction in mass and quantity. When this reduc-
tion progresses to clinical symptoms, it is termed primary 
sarcopenia [1]. Recent studies indicate that sarcopenia 
affects 10–27% of individuals over 60, depending on 
the classification and cut-off point used [2]. It was pro-
jected that by 2050, the number of patients would reach 
500  million globally [3]. In clinical settings, sarcopenia 
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Abstract
Adipogenesis is intricately linked to the onset and progression of muscle aging; however, the relevant biomarkers 
remain unclear. This study sought to identify key genes associated with adipogenesis in the context of muscle 
aging. Firstly, gene expression profiles from biopsies of the vastus lateralis muscle in both young and elderly 
population were retrieved from the GEO database. After intersecting with the results of differential gene analysis, 
weighted gene co-expression network analysis, and sets of adipogenesis-related genes, 29 adipogenesis-related 
differential expressed genes (ARDEGs) were selected. Connectivity Map (cMAP) analysis identified tamsulosin, 
fraxidin, and alaproclate as key target compounds. In further, using three machine learning algorithms and the 
friends analysis, four hub ARDEGs, ESRRA, RXRG, GADD45A, and CEBPB were identified and verified in vivo aged 
mice muscles. Immune infiltration analysis showed a strong link between several immune cells and hub ARDEGs. 
In all, these findings suggested that ESRRA, RXRG, GADD45A, and CEBPB could serve as adipogenesis related 
biomarkers in muscle aging.
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manifestations of muscle aging are often subtle, and there 
is still a paucity of effective early diagnostic biomarkers. 
Therefore, it is imperative to investigate the underlying 
pathophysiological mechanisms underlying muscle aging 
to identify diagnostic and therapeutic markers that can 
be clinically implemented.

Adipogenesis denotes the biological process through 
which precursor or stem cells undergo differentiation 
to become mature adipocytes [8, 9]. Previous studies 
showed that adipogenesis was crucial in the fat infiltra-
tion which was highly involved in the pathogenesis of 
muscle aging [6]. With advancing age, the reduction in 
skeletal muscle strength was observed to be more pro-
nounced than the concomitant loss in body weight, 
which implied that muscle fiber atrophy alone didn’t 
account for the diminished muscle strength. Thus, the 
accumulation of fat within the interstitial components 
might significantly contribute to the accelerated decline 
in muscle strength compared to weight loss [10, 11]. Fat 
infiltration had been observed to alter the microenvi-
ronment of skeletal muscle via endocrine and paracrine 
mechanisms, resulting in local inflammation and insulin 
resistance within the muscle tissue, which contributed to 
a decline in both absolute and specific muscle strength, 
adversely affecting muscle mass and function, and ulti-
mately diminishing overall mobility [12]. Consequently, 
investigating adipogenesis and its associated markers is 
of significant importance for elucidating the pathogenesis 
of muscle aging.

Bioinformatics, a subfield of computer science, has 
been extensively employed to derive gene expression 
profiles associated with various diseases, identify genes 
related to these diseases, and elucidate the mechanisms 
underlying complex disease pathogenesis. Nevertheless, 
the findings generated through bioinformatics analyses 
have occasionally exhibited inconsistencies. Recently, the 
integration of machine learning techniques with bioin-
formatics methodologies has yielded more reliable and 
robust results [13, 14]. In this study, we employed bio-
informatics techniques to identify adipogenesis-related 
differential-expressed genes (ARDEGs) from datasets 
containing both biopsies of young and elderly human 
muscles and subsequently integrated machine learn-
ing algorithms to select hub feature genes. The find-
ings were further verified using independent datasets, 
single-cell sequencing datasets, and in vivo aged animal 
experiments. Additionally, we screened the relationships 
between hub feature genes and immune infiltration. For 
selecting active compounds targeting genes associated 
with adipogenesis in muscle aging, we conducted con-
nectivity Map (cMAP) analysis. Our findings aimed to 
elucidate the pathogenesis of muscle aging from the per-
spective of adipogenesis and provide new practical ideas 
for the treatment of muscle aging.

Materials and methods
Data collection and preprocessing
The flow chart of this study was shown in Fig.  1. Gen-
erally, the human datasets containing young and aged 
muscles’ biopsies (GSE136344 [15], GSE9676 [16], 
GSE1428 [17], GSE8479 [18], GSE28422 [19], GSE9103 
[20], and GSE164471 [21]) were sourced from the pub-
licly accessible Gene Expression Omnibus (GEO) data-
base (​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​c​b​i​​.​n​l​​m​.​n​i​​h​.​​g​o​v​/​g​e​o​/) by using the 
key words “((muscles biopsies) and (aging)) OR ((mus-
cles biopsies) and (sarcopenia))”or retrieved by search-
ing the related paper in PubMed (​h​t​t​p​​:​/​/​​w​w​w​.​​n​c​​b​i​.​​n​l​m​​
.​n​i​h​​.​g​​o​v​/​p​u​b​m​e​d). To mitigate potential tissue ​h​e​t​e​r​o​g​
e​n​e​i​t​y​, only datasets comprising human vastus lateralis 
muscle biopsy samples were selected. The other exclu-
sion criteria included missing young or female groups, 
unclear context of the study, small sample size, interven-
tion influencing the results, and mRNA samples pooled 
from multiple subjects. Generally, GSE136344, GSE9676, 
GSE1428, and GSE8479 were randomly selected as train-
ing datasets. GSE28422, GSE9103 and GSE164471 were 
used as verification datasets. The details of datasets were 
listed in Table 1. Samples from the young cohorts served 
as the control group, while samples from the elderly 
cohorts were designated as the aged group. The dataset 
GSE136344 contained muscle biopsies of participants 
with or without metabolic syndrome, and only the sam-
ples from the participants without metabolic syndrome 
were selected. In the dataset GSE9676, there were mus-
cle biopsies before and after antibody enhancement, and 
only samples before the treatment were selected. The 
dataset GSE8479 contained muscle biopsies before and 
after exercise, and only samples before exercises were 
selected. The samples in GSE28422 which annotated with 
untrained state and at basal time point were included. For 
the dataset GSE9103, only samples annotated sedentary 
were selected. For the dataset GSE164471, ages below 35 
were used as young control group, and ages over 65 were 
used as aged group.

The R package “oligo” was used to process the raw 
CEL files downloaded from the GEO website. Briefly, we 
annotated the genes using the annotation provided by the 
microarray vendors. For multiple probes mapping to the 
same gene, we used the mean aggregation by calculating 
the average expression value of all probes mapping to the 
same gene. Following this, we employed “insilicomering” 
package to integrate the datasets. For merging the data-
sets in different platforms, we used the genes that were 
consistently measured across all platforms. To mitigate 
the batch effects, we applied Combat function in the R 
package “sva” as described by Johnson et al. [22]. For 
acquisition of adipogenesis related genes (ARGs), we 
obtained the genes from the genecards database [23](​h​t​t​
p​​s​:​/​​/​w​w​w​​.​g​​e​n​e​c​a​r​d​s​.​o​r​g​/​)​a​nd Molecular Signatures ​D​a​t​a​

https://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/pubmed
http://www.ncbi.nlm.nih.gov/pubmed
https://www.genecards.org/)an
https://www.genecards.org/)an
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Fig. 1  Flow chart of this study
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b​a​s​e (MSigDB) database (​h​t​t​p​​s​:​/​​/​w​w​w​​.​g​​s​e​a​​-​m​s​​i​g​d​b​​.​o​​r​g​/​g​
s​e​a​/​m​s​i​g​d​b), and subsequently merged them. The details 
of datasets were listed in Table S1.

Identification of differentially expressed genes (DEGs)
In this study, we utilized the “limma” package [24] of 
R software to conduct differential expression analy-
sis, aiming to identify DEGs between the young groups 
and aged group. As there were only 37 DEGs under the 
criteria of|Fold change| ≥ 1.5 and a false discovery rate 
(FDR) < 0.05 which might miss many important DEGs, 
the screening criteria ultimately adjusted to|Fold change| 
≥ 1.2 and FDR < 0.05. For the visual representation of the 
data, we employed the “ggplot2” package to generate vol-
cano plots and the “pheatmap” package to construct heat 
maps.

Gene enrichment analysis
The Human Phenotype Ontology (HPO) offers a stan-
dardized vocabulary for the phenotypes associated with 
human diseases [25]. The Gene Ontology (GO) com-
prises an extensive collection of gene annotation terms 
that delineate and describe the functions of genes and 
proteins, encompassing biological processes (BP), molec-
ular functions (MF), and cellular components (CC) [26]. 
The Kyoto Encyclopedia of Genes and Genomes (KEGG) 
serves as a comprehensive bioinformatics database, pri-
marily concentrating on biological and metabolic path-
ways [27]. The hallmark gene sets from the MSigDB 
represent specific and well-defined biological states or 
processes. These sets include high-quality, classic func-
tional gene sets, which are composed of multiple known 
gene sets [28]. Utilizing the MSigDB databases and David 
databases, we obtained gene annotations for the HPO, 
GO, KEGG, and hallmark gene set to investigate gene-
related functions and signaling pathways. The R package 
“cluster profiler” was used for enrichment analysis [29], 
with a significance threshold set at p < 0.05.

Weighted gene co expression network analysis (WGCNA)
In this study, we used the R package “WGCNA“ [30] to 
perform co-expression network analysis on the merged 
dataset. Initially, the “hclust” function was employed 
for sample clustering and the removal of outliers. 

Subsequently, the “pick Soft Threshold” function was 
utilized to determine appropriate soft threshold weights, 
thereby achieving a scale-free network topology and 
transforming the correlation matrix into a weighted adja-
cency matrix. Subsequently, the adjacency matrix was 
transformed into a topological overlap matrix, facilitat-
ing the division of gene clustering into co-expression 
modules. To elucidate the relationship between these co-
expressed modules and clinical characteristics, a dynamic 
tree cutting method with a minimum module size of 30 
was employed to identify co-expressed gene modules. 
Ultimately, the correlation between gene modules and 
aged was computed to ascertain muscle aging related sig-
nificant modules.

Gene interaction network analysis
Genemania (https://genemania.org/) is an online website 
which uses functional association datasets to find other 
genes related to input gene and can help predict the func-
tion of genes and genomes [31]. Here we used the Gen-
emania to find interactions between the ARDEGs.

Machine learning analysis
We used three machine learning algorithms to obtain 
the best characteristic gene including the Least absolute 
shrinkage and selection operator (Lasso), Support Vector 
Machine-Recursive Feature Elimination (SVM-RFE) and 
Random Forest (RF). The aged group was set as predicted 
outcome. And 29 ARDEGs were used as the initial fea-
ture set. Specifically, Lasso, a machine learning algorithm 
grounded in logistic regression [32], enhances prediction 
accuracy by identifying variables through the optimiza-
tion of the λ value that minimizes classification error. 
In this study, we used the “glmnet” package to perform 
Lasso regression analysis, which was followed by ten-
fold cross-validation. SVM-RFE is a prominent machine 
learning technique extensively utilized in both classifi-
cation and regression analyses [33]. This method identi-
fies the optimal variables by iteratively removing features 
based on the feature weights derived from a support 
vector machine (SVM). In our study, we applied “e1071” 
package to systematically eliminate features in a recur-
sive manner, thereby refining the selection of differential 
genes. The “svmrfe” function was employed to perform 

Table 1  Overview of datasets
Accession Platform Control Aged Organism Biopsies

Training sets GSE136344 [15] GPL5175 11 12 Homo sapiens Vastus lateralis
GSE9676 [16] GPL96 14 16 Homo sapiens Vastus lateralis
GSE1428 [17] GPL96 10 12 Homo sapiens Vastus lateralis
GSE8479 [18] GPL2700 26 25 Homo sapiens Vastus lateralis

Verification sets GSE28422 [19] GPL570 15 12 Homo sapiens Vastus lateralis
GSE9103 [20] GPL570 10 10 Homo sapiens Vastus lateralis
GSE166427 [21] GPL16791 12 18 Homo sapiens Vastus lateralis

https://www.gsea-msigdb.org/gsea/msigdb
https://www.gsea-msigdb.org/gsea/msigdb
https://genemania.org/
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the necessary calculations on the dataset. RF analysis 
utilizes an ensemble of classification trees to partition 
data into multiple nodes, thereby maximizing the homo-
geneity within each group. The RF algorithm aggregates 
numerous nodes to randomly select the most relevant 
classification tree [34]. In our study, we set the param-
eter “nTree” to 100 by using the “randomforest” package, 
found the best number of trees, and screened out the top 
10 characteristic genes. Lastly, the “Venn” package [35] 
was used to intersect the results of three machine learn-
ing analysis to obtain the best characteristic gene, verified 
the expression of best feature genes with GSE9103 datas-
ets and GSE22284 datasets, and drew the receiver opera-
tor characteristic curve (ROC) judgment accuracy using 
“pROC” package [36].

Friends analysis
GOSemSim is an R package designed for the computa-
tion of semantic similarity among GO terms, sets of 
GO terms, gene products, and gene clusters [37]. In this 
study, we conducted a Friends analysis utilizing the GOS-
emSim package to construct a gene interaction network. 
The significance of each gene was determined through 
the application of network topology parameters. Sub-
sequently, we analyzed and predicted the functions and 
regulatory mechanisms of various genes within relevant 
biological processes. Core genes were identified from a 
diverse set of genes and were visualized using cloud and 
rain maps.

Single-cell sequencing expression verification
On the basis of the Human Muscle Ageing Cell Atlas 
(HLMA) (​h​t​t​p​​s​:​/​​/​d​b​.​​c​n​​g​b​.​​o​r​g​​/​c​d​c​​p​/​​h​l​m​a​/) [38] which we 
accessed on 12 August 2024, single-cell sequencing data 
were utilized to assess the expression of hub ARDEGs in 
different cell subpopulations of skeletal muscle.

Immune infiltration analysis
The immune characteristics of young and aged groups 
were analyzed by single sample gene set enrichment 
analysis (ssGSEA), using R package “GSVA” [39]. To 
investigate the relationship between immune cells and 
characteristic genes, spearman correlation analysis was 
used between the immune infiltration scores and hub 
genes’ expressions to reveal the regulatory relationship 
between the two. P values < 0.05 in the correlation analy-
sis was considered statistically significant.

cMAP analysis
The cMAP database (https://clue.io/query) [40] was ​u​t​
i​l​i​z​e​d to identify potential small molecule drugs for the 
treatment of muscle aging via the adipogenesis pathway. 
The common targets associated with DEGs were catego-
rized into “up-regulated” and “down-regulated” datasets. 

Subsequently, a systematic high-throughput analysis 
was conducted to screen for small molecule compounds 
with potential therapeutic efficacy. The sources of poten-
tial small molecule drugs are compounds that have been 
approved by the United States Food and Drug Adminis-
tration (FDA). The selection criteria for these compounds 
are based on their scores obtained through high-through-
put screening. The scores are ranked from − 1.

Animal experiments
The experimental protocols of the present study were 
approved by the Animal Care and Use Committee of 
Nanjing Medical University (Nanjing, China), and carried 
out in compliance with the ARRIVE guidelines. Gener-
ally, C57BL/6J male mice of different ages were obtained 
from SPF Biotechnology (Beijing, China) and maintained 
at 20–25° C with free access to water and food. Young (6 
months old, 6  m; n = 6), and old (23 months old, 23  m; 
n = 6) mice were included. Mice were euthanized with an 
intraperitoneal injection of 50  mg/kg sodium pentobar-
bital, then sacrificed by neck removal. After all animals 
were euthanized, gastrocnemius muscle tissues were har-
vested and immediately stored at − 80° C. Total RNA was 
extracted subsequently using Trizol reagent. The concen-
tration and purity of the extracted RNA were detected 
by UV spectrophotometer. The real-time PCR reactions 
were conducted using SYBR Green PCR system (Q341-
02/03, Vazyme, China). The quantitative real-time PCR 
(qRT-PCR) program was set as: 95  °C, 1  min; 95  °C for 
10 s; 60 °C for 30 s; for 40 cycles; 95 °C for 15 s; 60 °C for 
60  s; 95  °C for 15  s. Relative quantities were calculated 
using the 2 − ΔΔCt method with β-actin as inner control 
[41]. All primers were synthesized by Invitrogen (Thermo 
Fisher Scientific). The primer sequences of each gene are 
shown in Table S2.

Statistical analysis
Data analysis was conducted using SPSS statistical soft-
ware, version 26.0. Each experiment was replicated three 
times, and the data conformed to a normal distribution, 
represented as mean ± standard deviation (x̄ ± s). For 
intergroup comparisons, the independent sample t-test 
was employed. P values < 0.05 was considered statistically 
significant.

Results
Identification and function enrichment of DEGs in aged 
muscles
Firstly, to obtain gene expression profiles of aged mus-
cles, we mitigated batch effects in the gene expression 
matrix following the integration of datasets GSE136344, 
GSE9676, GSE1428, and GSE8479 (Figure S1). The 
box plots in Figures S2A illustrated significant dispari-
ties in sample distributions across the original datasets. 

https://db.cngb.org/cdcp/hlma/
https://clue.io/query
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However, post-correction for batch effects, the median 
distributions of the samples across the datasets con-
verged, indicating successful normalization (Figures S2B). 
Furthermore, the UMAP results presented in Figure S2C 
demonstrated that the four datasets were independent 
and non-overlapping. However, upon the removal of 
variance, the sample distributions exhibited a tendency 
towards convergence (Figure S2D).

A comprehensive screening identified 446 differen-
tially expressed genes (DEGs). Among these, 261 genes 
were up-regulated, while 185 genes were down-regu-
lated (Fig.  2A). A cluster heatmap illustrating the top 
20 up-regulated and down-regulated genes is presented 
in Fig.  2B. Subsequent analyses of the biological func-
tions and pathways associated with the 446 DEGs were 
conducted using HPO, GO, KEGG enrichment analyses 
and GSEA. As illustrated in the Fig.  2C and Table S3, 
the top 10 GO terms in BP were primarily in the cellu-
lar respiration, and generation of precursor metabolites 
specifically the glucose. The top 10 GO terms in CC were 
mainly focused in the mitochondria, extracellular matrix, 
and secretory granule lumen. The top 10 GO terms in 
MF were specifically enriched in the NAD binding, elec-
tron transfer activity, and oxidoreductase activity. In 
terms of KEGG (Fig. 2D and Table S4), the top 10 items 
were citrate cycle (TCA cycle), carbon metabolism, non-
alcoholic fatty liver disease, oxidative phosphorylation, 
glycolysis/gluconeogenesis, biosynthesis of amino acids, 
diabetic cardiomyopathy, pyruvate metabolism, thermo-
genesis, and 2-oxocarboxylic acid metabolism. The HPO 

results showed that abnormal placental size, small pla-
centa, decreased activity of the pyruvate dehydrogenase 
complex, increased serum lactate, membranoproliferative 
glomerulonephritis, abnormality of acid base homeosta-
sis, abnormality of the mitochondrion, and neoplasm of 
the adrenal gland were significantly enriched (Figure S3). 
In addition, we performed a GSEA of the DEGs (Fig. 2E 
and Table S5), and the results showed that the top 10 
pathways were oxidative phosphorylation, myogenesis, 
adipogenesis, apoptosis, fatty acid metabolism, hypoxia, 
mtorc1 signaling, epithelial mesenchymal transition, and 
glycolysis.

Identification and function enrichment of genes found in 
key modules based on WGCNA analysis
In biological systems, the regulation of specific func-
tions is frequently mediated by one or more genes exhib-
iting similar expression patterns. Consequently, gene 
co-expression analysis serves as a valuable tool for identi-
fying gene sets implicated in distinct biological functions. 
To identify the critical modules most closely associated 
with muscle aging, the WGCNA was performed using 
the aggregated gene expression profile. The soft threshold 
was determined to be 9, based on the scale-free topology 
fitting exponential curve, as illustrated in Figure S4A&B. 
A hierarchical clustering tree diagram was constructed, 
as shown in Figure S4C. A total of 9 modules were identi-
fied, as shown in Figure S4D. The clustering of module 
feature vectors was also explored as illustrated in Figure 
S4E.

Fig. 2  Identification and function enrichment of DEGs in muscle aging. (A) Volcano plot of DEGs. (B) Cluster heatmap of DEGs in young and aged group. 
(C) GO analysis of DEGs. (D) KEGG pathway analysis of DEGs. (E) Hallmark gene set analysis of DEGs
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As seen in the Fig. 3A&S5, the green module gene set 
had the highest positive correlation (r = 0.57, 240 genes), 
while the turquoise gene set had the highest negative cor-
relation (r=-0.53, 323 genes). Then, the above two mod-
ules were selected as key modules significantly related to 
intervertebral disc degeneration, which contained 563 
genes in total.

The biological functions and pathways related to genes 
in key modules were then examined using HPO, GO, 
KEGG enrichment analyses. The GO analysis (Fig.  3B 
& Table S6) showed that the top 5 GO terms in BP were 
generation of generation of precursor metabolites and 
energy, energy derivation by oxidation of organic com-
pounds, cellular respiration, aerobic respiration, and 

respiratory electron transport chain. The top 5 GO terms 
in CC were mitochondrial protein-containing complex, 
mitochondrial inner membrane, mitochondrial matrix, 
oxidoreductase complex, and mitochondrial respira-
some. The top 5 GO terms in MF were electron transfer 
activity, oxidoreduction-driven active transmembrane 
transporter activity, NADH dehydrogenase (ubiqui-
none) activity, NADH dehydrogenase (quinone) activity, 
and NADH dehydrogenase activity. In terms of KEGG 
(Fig. 3C & Table S7), the top 10 items were non-alcoholic 
fatty liver disease, oxidative phosphorylation, diabetic 
cardiomyopathy, citrate cycle (TCA cycle), chemical car-
cinogenesis-reactive oxygen species, thermogenesis, Par-
kinson disease, carbon metabolism, Huntington disease, 

Fig. 3  Function enrichment of genes in key modules in WCGNA. (A) Correlation map between modules and muscle aging. The abscissa is the phenotypic 
trait. The ordinate is the corresponding module. Different colors represent different modules, with red indicating positive correlation and green indicating 
negative correlation. (B) GO biological processes analysis for genes in key modules. (C) KEGG pathway analysis for genes in key modules
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and prion disease. The top 10 HPO results showed that 
abnormality of acid base homeostasis, increased serum 
lactate, abnormality of the mitochondrion, lactic acido-
sis, abnormal activity of mitochondrial respiratory chain, 
metabolic acidosis, hypertrophic cardiomyopathy, and 
decreased activity of the pyruvate dehydrogenase com-
plex were significantly enriched (Figure S6 & Table S8).

Identification of ARDEGs in aged muscles
As shown in Fig.  4A, a total 29 ARDEGs genes were 
found after intersecting the DEGs, genes found in key 
modules by WCGNA and the adipogenesis related genes 
acquired from public database. The expression of these 29 
ARDEGs in the training datasets were shown in Fig. 4B. 
Among the 29 genes, 6 genes were upregulated including 

СЕВРА, GADD45A, CDKN1A, APOE, CYP4B1, and 
СЕВРВ while 23 genes were downregulated includ-
ing ACO2, MTCH2, IDHA, SDHC, ESRRA, NDUFS3, 
SUCG1, MDH2, UQCRC1, CS, RXRG, COX7B, DLAT, 
MRPL15, DLD, SDHB, IMMT, COQ3, DECR1, GBE1, 
IDH1, HIBCH, and PPARGC1A.

Chromosome localization analysis is the process of 
annotating the positions of gene family members on 
chromosomes, observing whether gene family members 
are clustered and distributed on chromosomes, which 
helps in elucidating the potential heredity connections 
between ARDEGs. In this study, we used the R pack-
age “circlize” [42] to initialize the genome and mark the 
location of the target genes in the chromosome as illus-
trated in Figure S7. To further explore the interactions of 

Fig. 4  Identification and characteristics of adipogenesis-related hub genes in muscle aging. (A) Venn plot of adipogenesis‐related hub genes. (B) Heat-
map of adipogenesis-related hub genes expression in merged training sets. (C) Interaction and their co-expression network of adipogenesis‐related hub 
genes
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these ARDEGs, we conducted a gene interaction network 
analysis using the online website Genemania. As shown 
in Fig. 4C, we discovered a complex network with 42.70% 
co-expression, 36.75% predicted interactions, 4.32% 
physical interactions, and 6.24% co-localization. Accord-
ing to a function enrichment analysis, ARDEGs were 
mostly linked to cellular respiration, energy derivation by 
oxidation of organic compounds, aerobic respiration, oxi-
doreductase complex, electron transport chain and mito-
chondrial protein complex.

Drug–Gene interaction of ARDEGs
Developing possible therapeutic medicines that target 
ARDEGs offers a unique therapy strategy. The relevant 
ARDEGs obtained from the analysis were imported into 
the cMAP database platform according to the format 
files of “up-regulated” genes and “down regulated” genes 
respectively, so as to screen the small molecule com-
pound drugs with potential therapeutic effects (starting 
from the candidate ingredients with negative scores. The 
top 3 ingredients were selected as shown in Table  2 for 
information.

Identification of best feature genes using machine learning 
analysis
Using the lasso algorithm, 10 characteristic genes includ-
ing ESRRA, GADD45A, GBE1, IDH1, CDKN1A, CEBPB, 
PPARGC1A, RXRG, APOE and CYP4B1 were finally 
screened out, as shown in Figure S8A&B. The SVM-
RFE algorithm results showed that when the number of 
features was 22, the classifier error was the smallest. So 
22 characteristic genes were finally selected including 
RXRG, CDKN1A, CEBPB, MDH2, HIBCH, GADD45A, 
ESRRA, CYP4B1, SUCLG1, IDH1, APOE, DECR1, 
SDHC, CS, CEBPA, MRPL15, GBE1, IMMT, UQCRC1, 
COQ3, DLAT, and IDH3A, as shown in Figure S8C. The 
random forest analysis was used to measure the classifi-
cation importance of characteristic genes through the 
reduction of Mean Decrease Gini, and finally 20 most 
significant genes were identified as characteristic genes, 
including CDKN1A, CEBPB, RXRG, SUCLG1, DECR1, 
ESRRA, GADD45A, IMMT, IDH3A, COX7B, NDUFS3, 

DLAT, MRPL15, CEBPA, IDH1, APOE, UQCRC1, DLD, 
PPARGC1A, and CYP4B1, as shown in Figure S8D. A 
total of 8 best feature genes were identified by taking 
the intersection of the feature genes selected by these 
three algorithms, namely ESRRA, GADD45A, IDH1, 
CDKN1A, CEBPB, RXRG, APOE, and CYP4B1 as shown 
in Fig. 5A.

We performed a verification in three independent 
datasets using ROC curve, which was commonly used 
to judge the accuracy of the best characteristic genes. 
When the AUC of genes was ≤ 0.7, this usually indicated 
lower diagnostic value. In GSE22284 datasets, the area 
under the ROC of genes including ESRRA, CDKN1A, 
GADD45A, RXRG and CEBPB were greater than 
0.7(Fig. 5B). In the dataset GSE9103, ESRRA, GADD45A, 
CDKN1A, CEBPB, RXRG, and APOE had the area 
under the ROC greater than 0.7(Fig. 5C). In the dataset 
GSE164471, GADD45A, IDH1, CYP4B1, and APOE had 
the area under the ROC greater than 0.7(Fig.  5D). And 
among the three verification sets, the genes appeared 
more than once which had area under the ROC greater 
than 0.7 were GADD45A, CDKN1A, CEBPB, APOE and 
RXRG.

Identification and verification of the hub ARDEGs in aged 
muscles
In order to further find the hub ARDEGs, we constructed 
Friends analysis, in which the importance of each gene 
was calculated by using the network topology parame-
ters. As shown in Fig. 6A, the cloud rain diagram showed 
the similarity between 8 genes and other genes, with 
the top gene representing the key gene with the high-
est similarity to other genes. And we found that ESRRA, 
GADD45A, CEBPB, and RXRG were highly interacted, 
so we chose them as the hub ARDEGs in muscle aging.

To further confirm the expression of ESRRA, RXRG, 
GADD45A, and CEBPB in vivo, we used aged mice as the 
muscle aging model. The results showed that compared 
to young mice group, ESRRA, RXRG were significantly 
decreased while GADD45A, and CEBPB were signifi-
cantly increased, which were consistent with our findings 
in the training datasets (Fig. 6B).

To more precisely delineate the expression of hub 
ARDEGs in human muscle tissues, we utilized the HLMA 
database to identify the cell subpopulations expressing 
in muscle aging. Generally, we found the expression of 
GADD45A, and CEBPB were significantly increased in 
old population, and RXRG were significantly decreased 
according to the heatmap shown in Figure S9A. As shown 
in Figure S9B, there were 15 cell subpopulations in mus-
cle samples, and we found GADD45A, and CEBPB abun-
dantly expressed in the majority of the muscle samples. 
We further illustrated the different expression of the hub 
ARDEGs in different ages (Figure S9C). There seemed 

Table 2  The details of the top 3 candidate small molecular drugs 
targeting ARDEGs
Pub-
Chem 
CID

Name Target 
name

MOA Chemical 
Formula

129211 tamsulosin ADRA1A, 
ADRA1B, 
ADRA1D

Adrenergic recep-
tor antagonist

C20H28N2O5S

3083616 fraxidin CA12 Carbonic anhy-
drase inhibitor

C11H10O5

2081 alaproclate SLC6A4 Serotonin receptor 
antagonist

C13H18ClNO2
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not very big expression changes of ESRRA, RXRG. Inter-
estingly, we found that GADD45A, and CEBPB were 
together higher expressed in the fibroblast like cells, FAP, 
MuSC, pericyte and SMC in the old population which 
might indicate upregulation of GADD45A, and CEBPB in 
these cells highly involved in the pathogenesis of muscle 
aging.

GSEA of hub ARDEGs
Furthermore, we investigated the precise signaling path-
ways and the probable biological processes of the hub 
ARDEGs in muscle aging (Figure S10 & Tables S8–S11). 
Based on the median gene expression level, all samples 
in muscle aging group were split into low-expression 
groups (< median gene expression) and high-expression 
groups (≥ median gene expression). A GSEA between 

low-expression groups and high-expression groups was 
performed [29, 43]. The significant conditions were 
padj < 0.05 and FDR (q value) < 0.25.The top 5 HPO results 
revealed that ESRRA was mostly relevant for muscle 
abnormality related to mitochondrial dysfunction, proxi-
mal tubulopathy, hypertrophic cardiomyopathy, abnor-
mal circulating proteinogenic amino acid concentration 
and emotional lability(Figure S10A). The main enriched 
items for RXRG were aplasia of the musculature, hyper-
phosphaturia, dyslexia, exaggerated cupid s bow, and 
mandibular prognathia(Figure S10B). The main enriched 
items for GADD45A were adrenocortical carcinoma, 
ependymoma, pituitary growth hormone cell adenoma, 
shortened qt interval, adrenocortical abnormality (Fig-
ure S10C). As for CEBPB, the main enriched items were 
abnormality of the nasal dorsum, hyperactivity, delayed 

Fig. 5  Identification and verification of feature genes using machine learning analysis. (A) The intersection results for LASSO, SVM-RFE, and Random 
Forest. (B) ROC curves estimate the diagnostic values of 8 best feature genes in GSE28422. (C) ROC curves estimate the diagnostic values of best feature 
genes in GSE9103. (D) ROC curves estimate the diagnostic values of best feature genes in GSE164471
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gross motor development, typical absence seizure, and 
oral cleft (Figure S10D).

In addition, the top 5 GO BP results revealed that 
ESRRA regulated aortic valve morphogenesis, devel-
opmental induction, morphogenesis of a branching 
structure, morphogenesis of an epithelium and prostate 
glandular acinus morphogenesis (Figure S10E). The main 
enriched terms for RXRG were postsynapse assembly, 
positive regulation of synapse assembly, positive regu-
lation of synaptic transmission glutamatergic, sensory 
perception of bitter taste, and stabilization of membrane 
potential(Figure S10F). The main enriched terms for 
GADD45A expression were myelin assembly, mitotic cell 
cycle arrest, cellular response to ionizing radiation, dna 
strand elongation, regulation of superoxide metabolic 
process(Figure S10G). As for CEBPB, the main enriched 
terms were protein destabilization, mitotic g1 s transition 
checkpoint, photoperiodism, entrainment of circadian 
clock, and histone h4 acetylation (Figure S10H).

Meanwhile, KEGG gene sets found that ESRRA was 
primarily enriched in cysteine and methionine metabo-
lism, parkinsons disease, huntingtons disease, oxidative 
phosphorylation, and amino sugar and nucleotide sugar 
metabolism (Figure S10I). The main enriched pathways 
for RXRG were oocyte meiosis, aldosterone regulated 
sodium reabsorption, ascorbate and aldarate metabo-
lism, phosphatidylinositol signaling system, and endo-
cytosis (Figure S10J). The main enriched pathways for 
GADD45A were dna replication, bladder cancer, cell 
cycle, lysosome, and thyroid cancer (Figure S10K). As 
for CEBPB, the main enriched pathways were nucleotide 
excision repair, cell cycle, base excision repair, circadian 
rhythm mammal, long term potentiation (Figure S10L).

Correlation between hub ARDEGs and immune cells
To analyze immunological patterns in aged and normal 
tissues, we used ssGSEA to compute the proportion of 
24 immune cells in each sample. As shown in Fig.  7A, 
compared to the young sample, CD8 T cells, dendritic 
cells (DC), immature dendritic cells (iDC), mast cells, 
natural killer (NK) CD56bright cells, NK CD56dim cells, 
and Tcm infiltrated more significantly in muscle aging 
group. In the subsequent study, the correlation between 
immuno-infiltrated cells was investigated (Fig.  7B) and 
the results showed they were actively correlated. In order 
to explore the relationship between hub ARDEGs expres-
sion and immune cell abundance, we firstly explored 
their expression in immune cells using HLMA database. 
As shown in Fig. 7C, GADD45A has high expression in 
CCL20+ TC and CD8+ native TC, while CEBPB has high 
expression in CD14+ Mono cells, CD16+ Mono cells, and 
LAM MΦ cells. Then we performed a Pearson’s correla-
tion between hub ARDEGs and immune cells infiltration 
scores. As shown in Fig. 7D&E, ESRRA and RXRG was 
together highly negatively corelated with CD8 T cells and 
DC cells (p<0.001). GADD45A and CEBPB (Fig.  7F&G) 
were together highly negatively corelated with NK 
cells, and highly positively corelated with CD8 T cells 
(p<0.001).

Discussions
Previous research has demonstrated that muscle mass 
experiences a significant decline with advancing age. 
Notably, a reduction in muscle mass alone does not nec-
essarily result in physical functional impairment in indi-
viduals. In contrast, alterations in muscle strength appear 
to exert a more substantial impact. This phenomenon has 

Fig. 6  Identification and verification of key adipogenesis-related genes in sarcopenia. (A) Friends analysis of the 8 best feature genes. (B) RT-PCR verifica-
tion in aged mice

 



Page 12 of 17Zhang et al. BMC Musculoskeletal Disorders          (2025) 26:285 

been attributed to an increase in intermuscular fat infil-
tration (IMAT), which had been reported to adversely 
affect muscle function [44, 45]. Under normal physiologi-
cal conditions, adipose tissue is responsible for energy 
storage, providing substrates for metabolic processes, 
secreting adipokines and inflammatory factors, regulat-
ing the local muscle microenvironment, and facilitating 
signal transduction, among other functions. As individ-
uals age, an imbalance occurs when adipogenesis sur-
passes the storage capacity of IMAT, resulting in local 
fat infiltration. This process, known as ectopic fat depo-
sition within skeletal muscle, impairs muscle function 
and consequently elevates the risk of muscle aging [46]. 
Therefore, elucidating the pathological molecular mecha-
nisms associated with adipogenesis is crucial for advanc-
ing our comprehension of pathogenesis within muscle 
aging and for establishing a theoretical foundation for the 
development of therapeutic interventions. In this study, 
we integrated datasets related to muscle aging and per-
formed an enrichment analysis of differential gene path-
ways. Our findings indicate that adipogenesis plays a 
significant role in aged muscles (Fig.  2E). We employed 
WGCNA and integrated the findings with data obtained 
from DEGs and adipogenesis datasets. This comprehen-
sive approach led to the identification of 29 ARDEGs. 
Interestingly subsequent analysis of gene interactions 
and functional pathways indicated that these 29 genes 
were intricately connected and predominantly involved 

in mitochondrial-related oxidative phosphorylation and 
energy regulation.

Mitochondria have traditionally been regarded as the 
powerhouses of the cell due to their continuous produc-
tion of ATP, which is essential for maintaining normal 
cellular functions, regulating cell proliferation and cal-
cium ion (Ca2+) homeostasis, and integrating apoptotic 
signals. Mitochondrial dysfunction can result in dimin-
ished ATP synthesis, bioenergetic impairment, and 
mutations in mitochondrial DNA, all of which have been 
previously reported to be associated with the loss of skel-
etal muscle mass and functional decline [47, 48]. In the 
context of muscle aging, fat infiltration has been closely 
associated with mitochondrial dysfunction. This rela-
tionship is underscored by the observation that dimin-
ished mitochondrial biogenesis may reduce the oxidative 
capacity of muscle cells, thereby promoting the differen-
tiation of skeletal muscle stem cells into adipocytes [49]. 
Moreover, an augmentation in the quantity of adipocytes 
within skeletal muscle may further inhibit mitochondrial 
biogenesis, consequently diminishing the capacity for 
fatty acid oxidation metabolism in skeletal muscle and 
exacerbating the accumulation of IMAT [46]. Hence, the 
concurrent presence of fat infiltration and mitochondrial 
dysfunction may synergistically contribute to the onset 
and progression of muscle aging through interconnected 
mechanisms, thereby impacting muscle mass and func-
tion just as the results we found.

Fig. 7  Immune infiltration analysis in training datasets. (A) Immune cells infiltration scores in young and aged groups. (B) Correlation analysis between 
immuno-infiltrated cells. (C) Key adipogenesis-related genes’ expression in immune cells using HLMA database. (D-G) Correlation analysis between key 
adipogenesis‐related genes and immune cells infiltration scores. (D) ESRRA, (E) RXRG, (F) GADD45A, and (G) CEBPB
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At present, there remains a paucity of research inves-
tigating the specific genes associated with muscle aging 
and fat infiltration. In this study, we employed three 
machine learning algorithms to identify characteristic 
genes of muscle aging from the perspective of adipogen-
esis. Our analysis revealed the genes ESRRA, GADD45A, 
CEBPB, and RXRG as significant. We subsequently 
verified the accuracy of these findings through ROC 
analysis and additional qPCR experiments conducted 
in aged mice. The findings consistently demonstrated 
that ESRRA and RXRG were downregulated, whereas 
GADD45A and CEBPB were upregulated in both aged 
mice and human. These molecular alterations contrib-
ute to the development of diagnostic and therapeutic 
strategies for muscle aging. ESRRA, a member of the 
nuclear receptor superfamily, is predominantly expressed 
in metabolically active tissues that utilize fatty acids as 
an energy source [50, 51]. Previous studies have dem-
onstrated that fasting, energy supply deficiency, cold 
exposure, and exercise could induce the expression and 
activation of ESRRA [52]. ESRRA has been shown to reg-
ulate the expression of genes involved in various energy-
related pathways, including oxidative phosphorylation, 
the citric acid cycle, beta-oxidation of fatty acids, glu-
colipid metabolism, as well as mitochondrial autophagy 
and self-renewal [50, 53]. LaBarge Samuel et al. devel-
oped muscle-specific ESRRA knockout (ESRRA(-/-)) 
mice and systematically analyzed the temporal progres-
sion of skeletal muscle regeneration following injury 
induced by intramuscular cardiotoxin injection. Their 
findings indicated that, in comparison to the control 
group, the M-ESRRA(-/-) mice exhibited compromised 
muscle regeneration. This impairment was attributed to 
the deficiency of ESRRA, which adversely affected the 
recovery of mitochondrial energy capacity and disrupted 
AMPK activity, ultimately resulting in delayed muscle 
fiber repair [54]. Herrera Uribe Juber et al. demonstrated 
that intervention measures combining diet management 
and exercise upregulate the expression of ESRRA in the 
muscles of overweight pet dogs [55]. Similarly, our study 
observed a significant downregulation of ESRRA, cor-
roborating the findings of Jingbao Kan et al. [56]. There-
fore, therapies that facilitate the upregulation of ESRRA 
expression levels may be considered as potential treat-
ments for muscle aging.

The retinoid X receptors (RXRs) belong to the nuclear 
receptor superfamily of ligand-dependent transcription 
factors and are categorized into three distinct subtypes: 
RXRα, RXRβ, and RXRγ (RXRG) [57, 58]. RXRs occupy 
a pivotal role within the nuclear receptor superfamily, 
demonstrating the ability to form RXR-RXR homodi-
mers, as well as heterodimers or heterooligomers with 
a variety of other nuclear receptors. These include, 
but are not limited to, retinoic acid receptors (RARs), 

peroxisome proliferator-activated receptors, cellular 
retinoic acid-binding protein II, cellular retinol-binding 
protein I, interleukin-2 receptor alpha, transglutamin-
ase 2, cytochrome P450 family 26 subfamily A member 
1, hepatocyte nuclear factors, and Homeobox proteins 
[58]. Through these interactions, RXRs play a crucial role 
in regulating diverse physiological processes such as lipid 
and glucose metabolism, as well as immune responses 
[59]. RXRG was predominantly expressed in muscle and 
brain tissues. Prior studies have demonstrated that RXRG 
is integral to the regulation of adipogenesis and lipid 
metabolism. In a study utilizing a chicken muscle adipo-
cyte differentiation model, Zhang Meng et al. discovered 
that gga-miR-140-5p facilitates intramuscular adipocyte 
differentiation by targeting RXRG [60]. Zang et al. dem-
onstrated that severe infection resulted in the rapid sup-
pression of RXRG expression in type 2 innate lymphoid 
cells, leading to reduced cholesterol efflux and increased 
intracellular neutral lipid accumulation [61]. In our study, 
we observed a significant reduction in RXRG expression, 
suggesting that upregulation of RXRG may also represent 
a potential therapeutic target for muscle aging.

The GADD45A protein, a small acidic protein regu-
lated by p53, is predominantly localized in the cell 
nucleus where it interacts with various nuclear proteins 
involved in cell cycle regulation [62, 63]. Prior research 
has demonstrated an upregulation of GADD45A expres-
sion in atrophied muscles of mice [64–67],, indicating a 
potential role for GADD45A in the regulation of muscle 
atrophy and aging. Ebert et al. employed an ATF4 mus-
cle-specific mouse model to investigate the molecular 
mechanisms underlying skeletal muscle weakness and 
atrophy. The study demonstrated that mice with a defi-
ciency in ATF4 within skeletal muscle fibers exhibited 
elevated levels of muscle protein synthesis. Conversely, 
the induction of ATF4 expression resulted in an upreg-
ulation of Gadd45a protein in skeletal muscle fibers, 
thereby accelerating the process of muscle aging [68]. 
Jeffrey T. Ehmsen et al. identified Gadd45a as one of 
the earliest and most consistently upregulated genes in 
denervated skeletal muscle [65]. Bullard Steven A., et al. 
demonstrated that the Gadd45a protein facilitates skel-
etal muscle atrophy through the formation of a complex 
with the protein kinase MEKK4 [64]. Marcotte George, 
et al. generated transgenic mice expressing Gadd45a 
and discovered that Gadd45a in skeletal muscle acts as 
a mediator of mitochondrial loss, atrophy, and muscle 
weakness in mice. Furthermore, they identified Gadd45a 
as a potential therapeutic target for addressing muscle 
weakness in humans [66]. CEBPB, also referred to as 
nuclear factor for IL-6 (NF-IL6), is a critical member of 
the CCAAT/enhancer binding proteins transcription fac-
tor family [69]. This protein possesses a highly conserved 
DNA-binding domain and a dimerization function 
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domain located at its C-terminus, which play pivotal 
roles in various essential biological processes, includ-
ing cell proliferation and differentiation, tumorigenesis, 
apoptosis, and the inflammatory response [70, 71]. Pre-
vious studies have identified CEBPB as a pivotal regula-
tory factor in cancer-induced muscle wasting [69, 72, 73]. 
The overexpression of CEBPB has been shown to inhibit 
myocyte differentiation, resulting in decreased matu-
rity of muscle fibers [74]. Furthermore, both GADD45A 
and CEBPB have been implicated in the process of fat 
infiltration. Research by You et al. demonstrated a posi-
tive correlation between GADD45A expression and IMF 
deposition in both animal and human skeletal muscles. 
The overexpression of GADD45A was found to promote 
IMF infiltration, thereby impairing muscle regeneration 
[75]. Inhibition of GADD45A expression has been shown 
to reduce fat infiltration and promote muscle regenera-
tion. During the initial stages of adipocyte differentiation, 
CEBPB is identified as one of the earliest expressed tran-
scription factors, which subsequently enhances adipo-
genesis by activating the expression of PPARγ and CEBPα 
genes. Schafere et al. developed Gadd45a/ING1 double-
knockout mice and observed that these mice exhibited 
premature aging phenotypes characteristic of CEBP 
mutants, along with disorders in energy and fat metabo-
lism [76]. Therefore, in conjunction with our findings, C/
EBPB and GADD45A appear to play significant roles in 
age-related muscle atrophy and IMF infiltration. Con-
sequently, targeting the downregulation of CEBPB and 
GADD45A may represent a novel therapeutic approach 
for the treatment of muscle aging.

Chronic low-grade inflammation associated with 
aging has been identified as a significant contributor to 
muscle aging. Elevated concentrations of pro-inflamma-
tory cytokines, including interleukin-6, tumor necrosis 
factor-alpha, and acute-phase C-reactive protein, have 
been correlated with the deterioration of skeletal muscle 
mass and diminished physical function [77, 78]. Previous 
research has demonstrated that age-related adipose tis-
sue accumulation can induce lipotoxic effects, generate 
local inflammatory mediators, and elicit inflammatory 
responses. Concurrently, the elevation of inflamma-
tory factors can exacerbate adipose infiltration, thereby 
contributing to the progression of muscle atrophy and 
the deterioration of muscle strength [79–81]. To inves-
tigate the potential associations between inflammation 
infiltration and hub genes, we performed an immune 
cell infiltration analysis utilizing ssGSEA. Our findings 
demonstrated a pronounced infiltration of CD8 + T cells, 
DC, iDC, mast cells, and NK cells in the muscle aging 
group. And the hub genes identified in our study exhibit 
a strong association with immune cells such as CD8 + T 
cells and NK cells. Consequently, we hypothesize that 
aging induces dysregulations of the hub ARDEGS, which 

subsequently simultaneously activated adipogenesis and 
the immune cells including T cells, dendritic cells, and 
NK cells infiltration, produced elevated levels of inflam-
matory factors, thereby exacerbating muscle aging.

Currently, the pharmacological agents identified for 
the treatment of muscle aging predominantly encom-
pass vitamin D, growth hormone, androgens/selective 
androgen receptor modulators, myostatin antibodies, 
angiotensin-converting enzyme inhibitors, and metfor-
min, among others. However, the efficacy of these agents 
remains inconclusive [82]. The cMAP database leverages 
variations in gene expression following the administra-
tion of various perturbagens to human cells, thereby cre-
ating a bioinformatics resource that links perturbagens, 
gene expression profiles, and disease states. By upload-
ing gene expression profile data, this website facilitates 
the comparison of drugs with significant relevance to 
diseases, elucidates the primary structures of most drug 
molecules, and summarizes their potential mechanisms 
of action [40]. In this study, the top three drugs we iden-
tified were tamsulosin, fraxidin, and alaproclate, which 
might exhibit substantial therapeutic potential. Tamsulo-
sin is an alpha 1 receptor blocker primarily used to treat 
urinary disorders caused by benign prostatic hyperpla-
sia. Studies have shown that tamsulosin may inhibit the 
growth of tumor cells by affecting the cell cycle [83] and 
have anti-inflammatory effect [84]. Fraxidin, a natural 
compound derived from the bark of the Fraxinus plant, 
possesses a range of pharmacological activities, includ-
ing anti-inflammatory, antioxidant, antitumor, antimi-
crobial, and cytoprotective effects, among others [85]. 
Alaproclate is a pharmacological agent exhibiting antide-
pressant properties and functioning as a non-competitive 
NMDA receptor antagonist, previously investigated for 
potential therapeutic applications in conditions such as 
depression and Alzheimer’s disease [86]. However, there 
is a paucity of experimental studies examining the effi-
cacy of such drugs in the context of muscle aging. The 
potential of the three screened compounds to serve as 
small molecule therapeutics for muscle aging, along with 
the elucidation of their specific mechanisms of action, 
necessitates further verification through comprehensive 
in vivo and in vitro experimentation.

This study is subject to several limitations. Firstly, 
the use of transcriptome data from publicly available 
databases may have resulted in the exclusion of critical 
information regarding patient populations and clinical 
characteristics. And although we have used statistical 
approaches to remove the possible bath effects during the 
analysis, potential batch effects, such as different experi-
mental times, batches, processing methods or sequencing 
platforms might still exist. Secondly, the verification of 
hub gene expression was exclusively dependent on public 
datasets and animal experiments, without corroboration 
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through human studies. Thirdly, the limited sample size 
may have affected the accuracy of the results, under-
scoring the need for a larger sample size and a prospec-
tive clinical study design for robust verification of the 
findings.

Conclusions
In conclusion, this study utilized an extensive analysis 
of bioinformatics and machine learning algorithms to 
identify ESRRA, GADD45A, CEBPB, and RXRG as hub 
ARDEGs implicated in muscle aging. Concurrently, com-
pounds such as tamsulosin, fraxidin, and alaproclate, 
which targeted ARDEGs, were selected. Additionally, the 
investigation included an examination of immune cell 
infiltration in muscle aging and explored the relationship 
between hub ARDEGs and immune cells. Collectively, 
these findings established a foundational basis and offer 
guidance for subsequent research in the diagnosis, moni-
toring, and potential therapeutic interventions for mus-
cle aging.
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