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Abstract. Obstructive sleep apnea (OSA) is the most common 
sleep apnea‑related disorder, with a high prevalence and a 
range of associated complications. Ferroptosis is a new mode 
of cell death that is involved in the development of OSA, but 
the mechanism has remained elusive. In the present study, 
ferroptosis‑related genes in OSA were assessed and their 
potential clinical value was discussed. Data were downloaded 
and merged, and screened for differentially expressed genes 
(DEGs) through the Gene Expression Omnibus database. The 
OSA ferroptosis‑related genes were obtained after intersecting 
with the downloaded ferroptosis‑related genes. Subsequently, 
key ferroptosis‑associated differential genes were obtained 
using two machine learning methods (the least absolute 
shrinkage and selection operators and random forest). The 
immune infiltration in the samples and the correlation between 
key differential genes and immune infiltrating cells were then 
analyzed. A competing endogenous (ce)RNA visualization 
network was constructed to find possible therapeutic targets. 
Finally, the expression levels of key DEGs were verified by 
reverse transcription‑quantitative (RT‑q)PCR. In this study, 
3 key ferroptosis‑related differential genes were identified: 
TXN, EGR1 and CDKN1A. Functional enrichment analysis 
showed that the three key differential genes in OSA can 

influence the development of OSA by affecting metabolism, 
immune response and other processes. RT‑qPCR experiments 
verified the expression of these key genes, further confirming 
the findings. A persistent state of immune activation may 
promote the progression of OSA, with marked infiltration 
of T cells and natural killer cells in OSA tissues. Genipin is 
a possible targeted therapeutic agent for OSA. Meanwhile, 
ceRNA network analysis identified several long non‑coding 
RNAs that can regulate OSA disease progression. A total of 3 
key ferroptosis‑related markers were identified (TXN, EGR1 
and CDKN1A) that are closely associated with metabolic 
disorders and immune responses, and which may be targets 
for early diagnosis and treatment of OSA.

Introduction

Obstructive sleep apnea (OSA) is a clinical condition character‑
ized by complete or partial collapse of the upper airway during 
sleep, resulting in reduced intrathoracic pressure, intermittent 
hypoxia and sleep disturbances (1), and it is an important risk 
factor for cardiovascular disease and mortality  (2,3). The 
prevalence of OSA is high (4), affecting 20‑30% of the general 
population  (5), nearly 1 billion individuals worldwide  (6). 
Currently, the treatment for OSA relies on lifestyle changes, 
ventilator therapy and surgery; however, these treatments are 
either poorly adhered to by patients or are costly, traumatic 
and do not change the nature of the disease. Therefore, it is 
necessary to explore the mechanisms of OSA occurrence and 
progression and to identify targeted therapeutics that allow for 
the early prevention and treatment of OSA.

OSA‑induced apoptosis has been the focus of previous 
studies and ferroptosis is a form of programmed cell death 
distinct from apoptosis and necrosis, characterized by 
the lethal accumulation of lipid peroxides (7,8). When the 
cellular cysteine transporter is inhibited, the reduction of 
intracellular glutathione can lead to the accumulation of 
lipid peroxidation, which can induce cellular ferroptosis after 
reaching a certain level. Previous studies have shown that iron 
death plays a key role in the pathology of the development 
of diseases such as myocardial infarction, stroke, cerebral 
ischemia, autoimmune diseases, respiratory diseases and 
cancer (9). Studies have shown that the administration of iron 
death inhibitors in diseased tissues reduces the observed cell 
death and that control of iron death may influence disease 
onset and progression  (10). Therefore, exploring the role 
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of iron death in various diseases by data screening of iron 
death‑related genes is important for the prevention and treat‑
ment of these diseases. Ferroptosis has been found to play 
an important role in OSA‑induced myocardial injury, liver 
injury and cognitive impairment in previous studies (11‑13), 
suggesting that inhibition of ferroptosis is a new direction for 
combating the progression of OSA. Therefore, it is important 
to explore the mechanism of ferroptosis in patients with OSA 
and find specific diagnostic markers related to ferroptosis for 
the diagnosis and treatment of OSA.

With the rapid development of bioinformatics, compared 
with time‑consuming and expensive traditional experimental 
studies, bioinformatics analysis can screen a large number 
of potentially valuable genes faster and more accurately, 
and provide exploratory predictions at a much lower cost 
to inform subsequent biological experiments and clinical 
applications (14). Machine learning is an important branch 
of bioinformatics that has significant advantages in handling 
large amounts of data. Machine learning algorithms are 
capable of automatically extracting valuable information 
from massive data, improving prediction accuracy and 
real‑time decision support. In this paper, a bioinformatics 
approach was used to collect data from the Gene Expression 
Omnibus (GEO) database to screen for differentially 
expressed genes (DEGs), followed by functional/pathway 
enrichment analysis, weighted gene co‑expression network 
analysis (WGCNA) and module analysis and genomic enrich‑
ment analysis (GSEA). This was followed by screening of 
key biomarkers using two methods of machine learning: the 
least absolute shrinkage and selection operator (LASSO) and 
random forest (RF). In addition, the expression levels and 
diagnostic value of the key differential genes were analyzed 
and the expression levels of key biomarkers were examined 
in mononuclear cells collected from patient blood samples. 
Finally, the prediction of targeted drugs for key marker genes 
and a competing endogenous (ce)RNA network analysis 
identified some long non‑coding (lnc)RNAs that can regulate 
the disease progression of OSA. Using these data, the study 
aimed to explore new potential diagnostic and therapeutic 
targets for patients with OSA. The flowchart of this study 
design is shown in Fig. 1.

Materials and  methods

Data acquisition and processing. The GEO database 
(http://www.ncbi.nlm.nih.gov/geo/) was used to search 
and download qualified expression datasets. The datasets 
GSE135917 (https://www.ncbi.nlm.nih.gov/geo/query/acc.
cgi?acc=GSE135917) and GSE38792 (https://www.ncbi.nlm.
nih.gov/geo/query/acc.cgi?acc=GSE38792) were used for the 
present study. The annotation information was transformed 
into a gene expression matrix by means of a platform file. The 
GSE135917 and GSE38792 data were also merged using the ‘sva’ 
package of the R software (version 4.2.1; https://cran.r‑project.
org/bin/windows/base/). Specific information about batch 
effects was visualized by principal component analysis 
(PCA). The gene list file for ferroptosis‑related genes down‑
loaded from the Ferrdb v2 database (http://www.zhounan.
org/ferrdb/current/) on June 28, 2023 comprised a total of 484 
genes (drivers, suppressors and markers).

Screening for differential expression. DEGs were identi‑
fied from the merged dataset. The ‘limma’ R package was 
used to screen DEGs and |log2 fold change (FC)|>0.5 and 
adjusted P<0.05 were selected as the cut‑off standard. The 
‘ggplot2’ package was employed for creating the volcano 
map to visualize these DEGs. The ‘pheatmap’ package was 
used to create a heat map of DEGs and screen for expression 
differences between the experimental and control groups. 
The genes in the overlap between the differential genes 
and the ferroptosis‑related genes were considered the OSA 
ferroptosis‑related differential genes.

Functional and pathway enrichment analyses. Gene Ontology 
(GO) terms were determined and a Kyoto Encyclopedia of 
Genes and Genomes (KEGG) pathway enrichment analysis 
of DEGs associated with ferroptosis was performed using 
clusterProfiler. Terms were derived from KEGG pathway and 
GO analyses, including functional terms in the categories 
molecular function, biological process and cellular compo‑
nents. To select the relevant pathways, the adjusted statistical 
threshold criteria of P<0.05 were used. Finally, important 
signaling pathways were further explored using the cluster‑
Profile package and the gene set variation analysis (GSVA) 
package from the R software. The gene expression matrix of 
OSA was analyzed by GSEA to explore its possible regulatory 
pathways. In addition, function and pathway files containing 
mainly GSVA scores of the corresponding functional path‑
ways were obtained for each sample. The ‘limma’ package was 
used to compare the GSVA scores of OSA and normal samples 
and the criteria for screening differential GSVA scores were 
P<0.05 and |log FC|>0.2 (15).

Construction and module analysis of WGCNA. WGCNA 
is a bioinformatics analysis method used to describe gene 
association patterns among different samples. The WGCNA 
software package in R.4.2.1 was used to perform WGCNA 
analysis. The WGCNA R package was utilized to construct a 
co‑expression network corresponding to the clinical features 
of DEGs in OSA. First, hierarchical clustering analysis was 
performed using the Hclust function in R to exclude outlier 
samples. Subsequently, according to the criteria of a scale‑free 
network, the ‘pickSoftThreshold’ function in the WGCNA 
software package was utilized to select the appropriate soft 
power β (ranging from 1 to 20) for automatic network construc‑
tion. The results were clustered by topological overlap matrix 
analysis, which contains module assignments labeled by color 
and module eigengene (ME). In addition, Pearson correlation 
analysis was used to calculate the correlation between ME 
and clinical features. Modules with R>0.3 and P<0.05 were 
considered significant in terms of the interaction with clinical 
features.

Screening of feature genes. Disease prediction was performed 
using two machine learning algorithms to identify significant 
key marker genes. LASSO is an important method for regres‑
sion that uses an ℓ1 penalty to achieve a sparse solution (16). 
RF is a machine learning method that provides higher accu‑
racy, sensitivity and specificity compared with traditional 
machine learning methods such as single decision tree (17), 
logistic regression (18) and K‑nearest neighbor  (19). It can 
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be used to predict continuous variables and provide predic‑
tions without significant differences (20). The ‘glmnet’ (21) 
and ‘randomForest’ (22) R packages were used to perform 
LASSO regression and RF analysis. The intersection of the 
genes screened by LASSO and the genes screened by RF were 
measured and the shared genes were considered as candidate 
hub genes.

Candidate biomarker expression levels and diagnostic value. 
The expression levels of key shared genes in the GSE135917 
dataset were detected using the ggplot2 package of R software 
(P<0.05 was considered statistically different in the OSA 
group compared to the control group) and the corresponding 
box plots were plotted using R software. The area under the 
curve (AUC) of the receiver operating characteristic (ROC) 
was utilized to determine the diagnostic value of potential 
biomarkers in the combined dataset using the pROC R package.

Single‑sample (ss)GSEA. ssGSEA analysis was performed 
using the ‘GSVA’ R package to analyze the infiltration of 
28 immune cells in lesions and normal samples. To analyze 
the association between immune cell content and feature 

gene expression, the ‘ggplot2’ package was used for correla‑
tion analysis and visualization. The relationship between 
feature genes and differentially infiltrating immune cells was 
investigated using Spearman correlation analysis. Pearson's 
correlation coefficient (r)>0.6 and P<0.05 were used to 
verify the correlation between the feature genes and immune 
infiltrating cells.

Drug regulatory network. The Drug Gene Interaction 
Database (DGIdb; https://dgidb.org/) is used to predict drugs 
that interact with hub genes. An online tool called Cytoscape 
(https://cytoscape.org/) was used to construct interaction 
networks between potential drugs and hub genes and visualize 
the results.

Constructing ceRNA networks. Three databases were 
used to predict miRNA target genes, including miRanda 
(http://www.microrna.org/microrna/home.do), miRDB 
(http://mirdb.org/) and TargetScan (http://www.targetscan.
org/). LncRNA‑miRNA interactions were predicted by 
the spongeScan database (http://spongescan.rc.ufl.edu/). 
Cytoscape was used to construct ceRNA networks.

Figure 1. Study flowchart. GEO, gene expression omnibus; WGCNA, weighted gene co‑expression network analysis; DEG, differentially expressed gene; 
LASSO, the least absolute shrinkage and selection operators; adj., adjusted; KEGG, Kyoto Encyclopedia of Genes and Genomes; GO, Gene Ontology; ceRNA, 
competing endogenous RNA; RT‑qPCR, reverse transcription‑quantitative PCR; GSVA, gene set variation analysis; GSEA, gene set enrichment analysis; 
OSA, obstructive sleep apnea.

https://www.spandidos-publications.com/10.3892/etm.2025.12845


CHEN et al:  MACHINE LEARNING IDENTIFIES FERROPTOSIS-RELATED BIOMARKERS IN OSA4

Extraction of peripheral blood mononuclear cells (PBMC). 
Between May and June 2024, 3 OSA and 3 control patients 
were recruited at the First Hospital of Hebei Medical University 
(Shijiazhuang, China). All patients were male, ranging in age 
from 42 to 57 years, with a median age of 49 years. Inclusion 
criteria for the control group: Healthy individuals matched 
with the age and sex of the study population and signed an 
informed consent form. Exclusion criteria: i)  Those with 
serious comorbidities (for example, cardiovascular disease, 
severe hepatic or renal insufficiency); ii) patients who are using 
drugs that may affect the results of the study or have received 
related treatments; and iii) pregnant or breastfeeding women, 
or patients with psychiatric disorders who are unable to 
cooperate in the study. According to the diagnostic guidelines 
for patients with OSA (23)/hypopnoea syndrome (OSAHS), 
the inclusion criteria were as follows: i) Adults over the age 
of 18; ii) patients with symptoms of OSA, such as nocturnal 
snoring with apnea and daytime somnolence  (24); and 
iii) examination showing upper airway stenosis and obstruc‑
tion, with >30 recurrent apneas and hypopneas or a sleep 
apnea‑hypopnea index (AHI) of ≥5 episodes/h during a 7‑h 
sleep cycle per night. The exclusion criteria were as follows: 
i) Patients with pulmonary hypertension, bronchial asthma, 
chronic obstructive pulmonary disease and other pulmonary 
diseases and other sleep apnea disorders diagnosed before or 
during hospitalization; ii) patients with heart disease, chronic 
kidney disease, liver dysfunction or respiratory failure, mental 
disorders or other systemic illnesses; iii) patients who had 
taken or were taking medications affecting sleep and respira‑
tion within a short period before the consultation; iv) patients 
who have taken or are taking drugs that affect the sleep and 
respiratory system within a short period before the consulta‑
tion; v) patients with upper respiratory tract infection within a 
short period before the consultation; vi) patients who did not 
agree to sign the informed consent form. In the present study, 
10 ml whole blood samples from each of three patients with 
OSA and three normal controls were collected using antico‑
agulated blood tubes. The whole blood sample and phosphate 
buffer were mixed in a homogeneous 1:1 ratio (by adding 
10 ml of phosphate buffer to 10 ml of whole blood sample 
and mixing). Subsequently, 10 ml of lymphocyte isolate (cat. 
no. 10771; Sigma‑Aldrich; Merck KGaA) was added to each of 
six 50‑ml centrifuge tubes, followed by the gentle addition of 
20 ml of whole blood‑phosphate mixture to the upper surface 
of the lymphocyte isolate. The tubes were then centrifuged 
for 30 min (447 x g; 20˚C). Finally, carefully the turbid layer 
at the junction of the middle and upper layers was collected 
and transfered to a new 50 ml centrifuge tube. Finally, the 
cloudy layer was washed three times with phosphate buffer, 
centrifuged repeatedly to precipitate the cells and the super‑
natant was discarded. This study was approved by the Ethics 
Committee of the First Hospital of Hebei Medical University 
(Shijiazhuang, China, approval number: 2024‑082Y) in May 
2024, and all subjects provided written informed consent 
to participate in the study. The study was conducted by the 
relevant guidelines and regulations.

Reverse transcription‑quantitative PCR (RT‑qPCR). Total 
RNA samples were extracted from the PBMCs using the 
Eastep® Super Total RNA Extraction Kit (Promega Shanghai 

Ltd.), which was used accordance with the manufacturer's 
instructions. The purity and concentration of total RNA were 
measured using a Nanodrop 1000 (Thermo Fisher Scientific, 
Inc.). Total RNA was reverse transcribed into cDNA using the 
GoScript™ Reverse Transcription kit (Promega Corporation) 
according to the manufacturer's protocol. qPCR was subse‑
quently performed using the BlazeTaq™ SYBR® Green qPCR 
Mix 2.0 (GeneCopoeia) (Table  I). The following thermo‑
cycling conditions were used for qPCR: 1 cycle at 95˚C for 
30 sec, followed by 40 cycles of 10 sec at 95˚C, 20 sec at 60˚C 
and 30 sec at 72˚C. Relative mRNA levels were normalized to 
the level of GAPDH using the 2‑ΔΔCq method (25).

Statistical analysis. SPSS software version 26 (IBM Corp.) was 
used for statistical analysis. The data were tested for normality 
using the Shapiro‑Wilk test and all data conformed to a normal 
distribution (P>0.05). Therefore, independent samples t‑test was 
used to analyze the data. Data are expressed as mean ± SEM 
and the experiment was repeated at least 3 times. P<0.05 was 
considered a statistically significant difference.

Results

Screening for differential genes. Two datasets, GSE135917 and 
GSE38792, were merged into one. There was a batch effect 
between the different datasets (Fig. 2A) and the normalization 
eliminated the between‑batch variations. The results are shown 
in the PCA plots before and after normalization (Fig. 2B). 
After data merging and processing, the genes were obtained 
after data correction and standardization. A total of 165 DEGs 
(Table SI) were identified between OSA and normal controls, 
and 114 upregulated genes and 51 downregulated genes were 
shown in the volcano plot and heatmap (Fig.  2C  and  D). 
KEGG pathway enrichment analysis was used to analyze 
DEGs. KEGG analysis showed that DEGs were enriched in 
the metabolic pathway (Fig. 3A; Table SII). The intersection 
of 484 ferroptosis‑related genes and DEGs was taken to obtain 
OSA ferroptosis‑related DEGs, totaling 10 genes (Fig. 3B; 
Table  SIII). KEGG and GO analyses were performed on 

Table I. Sequences of primers for quantitative PCR.

Direction	 Primer sequence (5'‑3')

TXN	
  Forward	 AGACTCCAGCAGCCAAGATG
  Reverse	 GCAACATCATGAAAGAAAGGCT
EGR1	
  Forward	 CCCACCATGGACAACTACCC
  Reverse	 AAAGACTCTGCGGTCAGGTG
CDKN1A	
  Forward	 TGCCGAAGTCAGTTCCTTGT
  Reverse	 CATTAGCGCATCACAGTCGC
GAPDH	
  Forward	 GGAGCGAGATCCCTCCAAAAT
  Reverse	 GGCTGTTGTCATACTTCTCATGG
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the intersecting DEGs, and GO analyses (Fig. 3D) revealed 
the involvement of a number of notable processes, such as 
‘regulation of smooth muscle cell proliferation’ and ‘regula‑
tion of smooth muscle cell proliferation’. Whereas the KEGG 
analysis (Fig.  3C; Table  SIV) revealed processes mainly 
involved in immune infiltration, such as ‘Human T‑cell 
leukemia virus 1 infection’ and ‘Kaposi sarcoma‑associated 
herpesvirus infection’.

Construction and module analysis of weighted gene 
co-expression network (WGCNA). WGCNA was used to iden‑
tify clusters of co‑expressed genes in OSA and to calculate 
the correlation between the combined modules and disease 
characterization. WGCNA analysis was performed using 
combined data from GSE135917 and GSE38792. Outliers 
were checked by sample clustering and no samples were 
removed from the combined data (Fig. S1). According to the 
approximate scale‑free topology criterion, β=10 was chosen to 
determine the soft threshold in the OSA model (Fig. 4A and B). 
A hierarchical clustering tree was further developed, with 
each branch representing genes with similar expression and 
biological functions (Fig. 4C). After merging similar gene 

modules, four modules were identified in the OSA, as shown 
in Fig. 4D. Among the OSA modules, the grey module had 
the strongest positive correlation with OSA (r=0.49), and the 
turquoise module had the strongest negative correlation with 
the occurrence of OSA (r=‑0.46) (Table SV).

Identification of shared genes and shared pathways. A total of 
nine genes overlapped in the strongest modules of OSA ferrop‑
tosis genes and WGCNA (Fig. 5A; Table SVI) Subsequently, 
GSEA analysis was performed on the OSA samples and it 
was found that the immune response was involved in common 
pathogenic processes (Fig. 5B).

Screening of feature genes. To narrow down the potential shared 
diagnostic gene biomarkers among the 9 DEGs, the LASSO 
(Fig. 6A and B) and RF (Fig. 6C and D) methods were used. With 
the help of LASSO regression and RF, 3 key genes were mined 
(Fig. 6E; Table SVII), namely TXN, EGR1 and CDKN1A.

Candidate biomarker expression levels and diagnostic value. 
The expression of the three key genes was identified in the 
merged dataset. Differential expression analysis showed that 

Figure 2. Screening for differential genes. (A and B) Two‑dimensional PC analysis cluster plot of (A) GSE135917 and (B) GSE38792 samples before and after 
correction of the dataset. (C) The volcano plots of DEGs in the merged dataset (n=165, P<0.05). (D) Heatmap of DEGs in the merged dataset. PC, principal 
component; OSA, obstructive sleep apnea; con, control; FC, fold change; DEG, differentially expressed gene.

https://www.spandidos-publications.com/10.3892/etm.2025.12845
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TXN was significantly highly expressed in OSA (Fig. 7A), 
and EGR1 and CDKN1A were significantly downregulated in 
OSA (Fig. 7B and C). The diagnostic ability of these three key 
markers was further determined based on ROC analysis, and 
the AUCs obtained for all three genes were >0.7 (Fig. 7D‑F), 
showing relatively satisfactory diagnostic efficiency.

RT‑qPCR. To verify the expression of the above key marker 
genes, fresh whole‑blood samples were collected from 
6 patients (3 OSA, 3 controls), PBMCs were extracted and 
RT‑qPCR analysis was performed to verify the differential 
expression of TXN, EGR1 and CDKN1A in the patient 
samples. The results showed increased TXN expression 
(Fig. 8A), decreased EGR1 expression (Fig. 8B) and decreased 
CDKN1A expression (Fig. 8C) in patients with OSA compared 
with normal subjects, consistent with the above analysis.

Key marker genes are closely associated with various path‑
ways related to ferroptosis in OSA. GSVA analysis was used 
to compare the activation pathways caused by the differential 

expression of each marker gene. The results indicated that 
elevated TXN transcript levels inhibited glucose metabolism, 
whereas previous studies have shown that TXN and linoleic 
and linolenic acid metabolism are closely related (26,27), and 
its overexpression may induce ferroptosis in OSA through 
linoleic and linolenic acid metabolism (Fig. 9A). Upregulation 
of EGR1 activates glucose metabolism, inhibits lipid metabo‑
lism, suppresses lipolytic processes leading to fat accumulation 
and also inhibits complement and clotting pathways (Fig. 9B). 
Low expression of CDKN1A is associated with complement 
and coagulation pathways, and low expression of this gene 
inhibits purine and glucose metabolism (Fig. 9C). In the high 
expression group of these genes, a series of OSA ferroptosis 
pathways relevant to pathogenesis was enriched.

Immune cell infiltration and its correlation with candidate 
biomarkers. Considering the important role of the immune 
response in the development of OSA, the differences in immune 
cell infiltration in the samples were further investigated. A 
total of 28 immune cell types were identified in the samples 

Figure 3. Differential genes enrichment analysis. (A) KEGG analysis of 165 genes in the OSA group compared to the control group. (B) Venn diagram of 
the intersection of 165 DEGs and ferroptosis‑related genes. (C) KEGG analysis of 10 genes. (D) Gene Ontology analysis of 10 genes. OSA, obstructive sleep 
apnea; DEG, differentially expressed gene; MF, molecular function; BP, biological process; CC, cellular component; KEGG, Kyoto Encyclopedia of Genes 
and Genomes.
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Figure 4. Construction and module analysis of weighted gene co‑expression network. Analysis of the (A) scale‑free index and (B) mean connectivity of various 
soft thresholds, with the red line indicating the selected soft threshold. (C) Cluster dendrogram of co‑expression in OSA. (D) Correlation between modules and 
clinical traits in OSA. The numbers in the figure, as well as the (numbers), represent the correlation coefficients between the modules and the diseases, as well 
as the P‑value, respectively. OSA, obstructive sleep apnea; ME, module eigengene; GEO, gene expression omnibus.

Figure 5. Identify shared genes and shared pathways. (A) Venn diagram showing the overlap of OSA ferroptosis‑related genes and nine genes in the WGCNA 
module. (B) Results of single‑gene gene set enrichment analysis of DEGs in OSA. OSA, obstructive sleep apnea; DEG, differentially expressed gene; WGCNA, 
weighted gene co‑expression network.

https://www.spandidos-publications.com/10.3892/etm.2025.12845
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and are shown in the heatmap and violin plot (Fig. 10A and B). 
Compared to the healthy controls, activated CD4 T cells, acti‑
vated CD8 T cells, activated dendritic cells, CD56 bright natural 
killer (NK) cells, gamma delta T cells, immature dendritic cells, 
myeloid‑derived suppressor cells, macrophages, mast cells, 
monocytes, NK T cells, NK cells, neutrophils, plasmacytoid 
dendritic cells, regulatory T cells, T follicular helper cells, type I 
T helper cells, effector memory CD4 T cells, central memory 

CD4 T cells and 17 other immune cell types were differentially 
infiltrated in patients with OSA and were upregulated in OSA 
tissues. In addition, the key biomarkers screened were closely 
associated with immune cells (Fig. 10C). In OSA samples, 
TXN expression was significantly correlated with type 17 T 
helper cells, plasmacytoid dendritic cells, mast cells, CD56 dim 
NK cells, activated dendritic cells and activated CD4 T cells; 
EGR1 expression was significantly correlated with mast cells, 

Figure 6. Screening feature genes. (A) LASSO coefficient profile of shared genes in the dataset. (B) Potentially shared diagnostic genes were identified using 
the LASSO regression model. A 10‑time cross‑validation was performed to select the optimal tuning parameter log (lambda). (C) The RF algorithm shows 
the error in average variable contribution; (D) The control group and genes are ranked based on the importance score. (E) Venn diagram of the intersection of 
genes screened by LASSO and RF. LASSO, the least absolute shrinkage and selection operators; RF, random forest.
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eosinophils, effector memory CD8 T cells, central memory 
CD8 T cells, type 17 T helper cells, T follicular helper cells, 
plasmacytoid dendritic cells, NK T cells, NK cells and gamma 
delta T cells; and CDKN1A expression was significantly corre‑
lated with neutrophils, monocytes and eosinophils.

Prediction of key marker gene‑targeted drugs. Through 
the DGIdb database, potential pharmacological targets 
were further identified. As a possible targeted drug, 
Genipin was identified for EGR1 (Interaction Score, 58.98; 
Fig. 11).

Figure 7. Candidate biomarker expression levels and diagnostic value. Validation and diagnostic value of expression of key biomarkers. (A) TXN, (B) EGR1 
and (C) CDKN1A expression in the combined gene set. ROC curves for (D) TXN, (E) EGR1 and (F) CDKN1A in the combined gene set. **P<0.01; ***P<0.001. 
OSA, obstructive sleep apnea; Con, control; AUC, area under the ROC curve; ROC, receiver operating characteristic.

Figure 8. Expression levels of candidate biomarkers in patients with OSA. mRNA expression levels of (A) TXN, (B) EGR1 and (C) CDKN1A were determined 
by reverse transcription‑quantitative PCR in peripheral blood mononuclear cells from patients and healthy controls. *P<0.05, **P<0.01; ***P<0.001. OSA, 
obstructive sleep apnea; Con, control.

https://www.spandidos-publications.com/10.3892/etm.2025.12845
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Figure 9. GSVA of three differential key marker genes. GSVA of (A) TXN, (B) EGR1 and (C) CDKN1A. GSVA, gene set variation analysis; KEGG, Kyoto 
Encyclopedia of Genes and Genomes.
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Figure 10. Analysis of immune infiltration associated with OSA. (A) Heatmap and (B) violin plot showing the distribution of 28 immune cells in merged data‑
sets. (C) Association of key marker genes in samples with immune cell infiltration. *P<0.05, **P<0.01; ***P<0.001. OSA, obstructive sleep apnea; Con, control.

https://www.spandidos-publications.com/10.3892/etm.2025.12845
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CeRNA network based on marker genes. A ceRNA 
network was constructed based on three key marker genes 
using the miRanda, miRDB and TargetScan databases. 
The network consisted of 32 nodes (3 marker genes, 24 
miRNAs and 5 lncRNAs). It was found that hsa‑miR‑12136, 
hsa‑miR‑196a‑1‑3p, hsa‑miR‑23a‑3p, hsa‑miR‑23b‑3p, 
hsa‑miR‑23c, hsa‑miR‑33a‑3p and hsa‑miR‑3609 may compet‑
itively regulate TXN. Furthermore, lncRNA (RP11‑333E1.2), 
which can control EGR1 expression through antagonistic 
binding to hsa‑miR‑125b‑2‑3p, was identified. In the CDKN1A 
ceRNA network, the lncRNAs of AC011718.2, RP11‑94C24.13, 
LINC01106 and MUC19 could bind to hsa‑let‑7a‑2‑3p, 
hsa‑let‑7a‑5p, hsa‑miR‑106a‑5p and hsa‑miR‑1207‑3p, 
respectively, to regulate genes (Fig. 12).

Discussion

Ferroptosis is a new hotspot of current research exploring 
new biomarkers and therapeutic targets, but research on OSA 
remains incomplete. In previous studies, chronic intermittent 
hypoxia was shown to generate large amounts of reactive 
oxygen species through repeated hypoxia‑reoxygenation cycles, 
leading to lipid peroxidation (28), a central feature of ferrop‑
tosis. CIH may exacerbate lipid peroxidation by modulating 
iron metabolism‑related proteins (e.g., transferrin receptor, 
ferritin) to increase intracellular free iron levels (13). CIH 
also imbalances the antioxidant system, leading to glutathione 
depletion or reduced glutathione peroxidase four activity, 
which impairs cellular scavenging of lipid peroxidation, 
thereby promoting ferroptosis (29). This suggests that OSA 
disease and ferroptosis mechanisms are closely related, and 
the search for key regulatory proteins related to ferroptosis in 
OSA is of high significance. Three key marker genes associated 
with ferroptosis in OSA were identified in the present study, 
which may enhance the understanding of the relationship 

between ferroptosis and OSA mechanisms. Furthermore, an 
immune infiltration analysis was performed to investigate new 
treatment programs for OSA, which may aid in the discovery 
of new therapeutic targets for OSA.

OSA is a disease whose onset and progression are not well 
established, and several previous studies have shown that the 
pathogenesis of OSA is closely related to hypoxia, oxidative 
stress and inflammation (30,31). In the current study, 114 upreg‑
ulated and 51 downregulated genes were identified by merging 
and analyzing the data. KEGG pathway enrichment analysis 
showed that differentially expressed ferroptosis‑related genes 
were mainly enriched in metabolic pathways and the PI3K/Akt 
pathway, while it was found that the immune pathway was the 
major enriched pathway for ferroptosis‑related genes in OSA.

OSA is strongly associated with metabolic disorders and 
the prevalence of OSA is high in diabetic patients, ranging 
between 17 and 48% (32). CIH is a key pathophysiologic 
feature of OSA and can cause most of the pathological changes 
modeled in OSA. Previous studies have shown that CIH inter‑
feres with glucose metabolism by affecting insulin secretion 
and directly affecting pancreatic islet organs (33,34), and that 
insulin sensitivity is decreased in adipocytes exposed to CIH 
conditions (35,36). It has also been shown that OSA‑induced 
hypoxia increases metabolites such as lactate and certain 
fatty acids in the blood  (37,38). Similarly, sleep plays an 
important role in regulating endocrine function and glucose 
metabolism, and poor sleep quality and short sleep duration 
may contribute to glucose metabolism disorders in patients 
with OSA, which can increase the risk of diabetes (39). In 
addition, OSA is an independent risk factor for insulin resis‑
tance and fatty liver, may trigger metabolic mitochondrial 
energy‑related processes, and can also induce inflammation 
and lead to dysfunction in adipose tissue, while altering lipid 
metabolism and obesity  (40,41). An interesting point was 
found in the GSVA analysis performed in the present study, 
namely that TXN may induce ferroptosis in OSA through 
linoleic and linolenic acid metabolism. Previous studies have 
found that TXN may antagonize the lipogenesis of peroxisome 
proliferator‑activated receptor (PPAR)γ in vivo, and PPARγ 
plays a key role in fatty acid metabolism, which may be related 
to the metabolism of linoleic acid and linolenic acid. It has 
been found that TXN may regulate linolenic acid metabolism 
and its physiological functions by affecting signaling path‑
ways such as MAPK and PI3K/Akt (27). By contrast, lipid 
peroxides from linoleic acid metabolism can drive ferrop‑
tosis (42,43). Among them, linoleic acid‑rich phospholipids 
(e.g., phosphatidylethanolamine) in cell membranes are key 
targets of ferroptosis and their oxidation leads to disruption 
of membrane integrity (44). Disorders of linoleic acid metabo‑
lism may also be associated with ferroptosis‑related metabolic 
disorders (e.g., nonalcoholic fatty liver disease) and neuronal 
ferroptosis in neurodegenerative diseases (e.g., Alzheimer's 
disease, Parkinson's disease) (45).

The present enrichment analysis of the differential 
genes revealed a close relationship between OSA and the 
immune response, and several studies have shown that an 
important pathological feature of OSA is immune cell infil‑
tration (46). Therefore, an immune cell infiltration analysis 
was performed to understand the role of these immune 
cells in OSA. The results suggest that T lymphocytes are 

Figure 11. Targeted drugs based on the DGIdb database for the prediction of 
key differential marker genes.
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the main cells enriched in OSA; T lymphocytes are present 
in peripheral blood and tissue fluids and perform cellular 
immunity and immunomodulatory functions, and OSA may 
be associated with changes in T‑cell levels, activation and 
proliferation. In the study of cellular immune response in 
OSA by Dyugovskaya et al (47), cellular immune response 
plays an important role in the progression of the disease 
course of OSA. Cell counts of CD4 and CD8 T cells were 
significantly increased in patients with OSA compared 
with normal controls (48), and T‑lymphocytes showed high 
expression of activation and cytotoxicity. Furthermore, 
Another study reported that effector CD4 T cells were 
upregulated in children with a high AHI (49). Also, CD4 
and CD8 T cells isolated from the tonsils of children with 
OSA had an increased ability to proliferate in vitro (50). In 
addition, in OSA, lymphocyte B, NK and NKT‑like cells are 
equally involved in its pathology and play a stronger role in 
its complications (51). Atherosclerosis is a known common 
complication of OSA and NKT cells have been shown to 
contribute to the development of atherosclerosis in OSA, so 

there may be a role for NKT cells in atherosclerosis caused 
by OSA.

In this study, the key genes screened by LASSO and the 
key genes screened by RF were intersected, and three common 
key marker genes TXN, EGR1 and CDKN1A were obtained. 
Their ROC curves were plotted separately and the AUC values 
of these three genes were all >0.7, indicating that they have 
a certain diagnostic significance. TXN, EGR1 and CDKN1A 
may be biological markers of ferroptosis in OSA. At the same 
time, the present GSVA analysis of the 3 key genes showed 
that metabolic pathways, including sugar and lipid metabo‑
lism, were likewise mainly involved between groups with high 
and low gene expression levels.

TXN is one of the most common markers of oxidative 
stress, which is a typical feature of OSA. Previous studies 
have shown that the degree of TXN expression represents 
the severity of OSA (52) and may be useful in evaluating 
and monitoring patients with OSA (53). TXN is also used 
in the clinic to monitor the efficacy of transnasal continuous 
positive airway pressure in the treatment of OSA (54). TXN 

Figure 12. Competing endogenous RNA networks of TXN, EGR1, CDKN1A and the potential RNA regulatory pathways. miR, microRNA.

https://www.spandidos-publications.com/10.3892/etm.2025.12845
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levels were upregulated in patients with OSA in the present 
study and may represent the oxidative stress process involved 
in OSA. EGR1 was also reported to be involved in oxida‑
tive stress and can lead to cardiac hypertrophy (55,56). In 
addition, previous studies have shown that EGR1 inhibits 
adipose triglyceride lipase to inhibit lipolysis, which leads 
to fat accumulation  (57) and promotes adipocyte differ‑
entiation and activation  (58). The present results showed 
decreased EGR1 expression in patients with OSA, which 
may imply increased lipolysis and disturbed lipid metabo‑
lism. CDKN1A, also known as p21 or WAF1, is one of the 
key molecules in cell cycle regulation. It is involved in cell 
cycle arrest, DNA damage repair, cellular senescence and 
apoptosis by inhibiting the activity of CDKs (59). Previous 
studies have shown that downregulating CDKN1A leads 
to decreased cellular repair of DNA damage and increased 
genomic instability (60). In the present results, CDKN1A 
expression was downregulated in patients with OSA, which 
may represent a decreased ability to repair DNA damage in 
OSA disease.

In addition, potential pharmacological targets were 
identified through the DGIdb database and a possible target 
drug, Genipin, was discovered for EGR1. Genipin has a 
wide range of biological activities, including protein regu‑
lation, anti‑tumor, anti‑inflammatory, immunosuppressive 
and anti‑thrombotic  (61). EGR1 is an important nuclear 
transcription factor involved in regulating the cell growth 
and differentiation process, modulating the expression of 
immune‑related genes and influencing the inflammatory 
response and the function of immune cells (62). A previous 
study has shown that EGR1 is a key target for Genipin (63). In 
the present study, it was found that EGR1 is a key gene asso‑
ciated with ferroptosis in OSA, and there was a statistically 
significant difference in the expression of EGR1 between 
OSA and controls. EGR1 may be a target for early diagnosis 
and treatment of OSA, and it may be possible to ameliorate 
disease damage in OSA by targeting EGR1 with Genipin. 
However, at the same time, Genipin also has certain potential 
side effects (64), such as a certain degree of cytotoxicity, 
affecting cell viability and proliferation, and it can cause 
excessive immune responses. Therefore, it is still necessary 
to explore the potential avenues for the safe treatment of OSA 
with Genipin in the future.

In addition, the ceRNA network centered on key marker genes 
was mapped in the present study. LncRNAs regulate the expres‑
sion of 3 key marker genes by competing with mRNAs to bind 
miRNAs. Wu et al (15) proposed an lncRNA‑miRNA‑mRNA 
ceRNA network to help explore the molecular mechanisms of 
lung adenocarcinoma. Wang et al (65) treated osteoarthritis 
by identifying key lncRNAs. The results of the present 
study suggested that the combination of hsa‑miR‑12136, 
hsa‑miR‑196a‑1‑3p, hsa‑miR‑23a‑3p, hsa‑miR‑23b‑3p, 
hsa‑miR‑23c, hsa‑miR‑33a‑3p and hsa‑miR‑3609 may competi‑
tively regulate TXN. An lncRNA can control EGR1 expression 
through antagonistic binding to hsa‑miR‑125b‑2‑3p. In the 
CDKN1A ceRNA network, four lncRNAs can respectively 
bind to hsa‑let‑7a‑2‑3p, hsa‑let‑7a‑5p, hsa‑miR‑106a‑5p and 
hsa‑miR‑1207‑3p to regulate genes. This suggests that these 
miRNAs, which directly regulate mRNAs, and lncRNAs, 
which indirectly regulate the expression of mRNAs, may also 

be possible targets for the prevention and treatment of OSA 
and have the potential to be therapeutic targets for OSA.

There are certain limitations to the present study. First, 
only data retrieved from the GEO database were included, 
which is an insufficient sample size. Furthermore, due to 
the small number of datasets available for OSA, the present 
analysis was not validated by any external datasets, which may 
lead to one‑sided results. The present findings need to be vali‑
dated in a larger sample. More importantly, the current study 
lacks valid experimental data to confirm the actual therapeutic 
effect between the discovered drugs and OSA. Finally, more 
studies on the specific associations between lncRNAs and 
miRNAs with key genes are also needed. Therefore, it is 
planned to expand the sample size for further validation and 
prepare experiments in our group to confirm the therapeutic 
effects of the identified drugs.

In conclusion, in the present study, three key differential 
genes, TXN, EGR1 and CDKN1A, were screened, which 
may serve as potential biomarkers of ferroptosis in OSA. The 
possible mechanisms of action of three key marker genes in 
OSA were explored in a bioinformatics analysis. The results 
regarding the newly discovered EGR1‑targeting drug Genipin 
and the related lncRNAs found in the ceRNA network 
constructed may provide new ideas for the targeted treatment 
of OSA. In this paper, ferroptosis‑related genes in OSA were 
explored and their potential clinical value was discussed to 
provide potential diagnostic and therapeutic targets for OSA. 
These results provide a reference for further research on the 
therapeutic mechanisms of OSA and the development of 
targets for drug intervention. In future studies, the sample size 
will be expanded and in vivo and in vitro experiments will be 
combined to further investigate the reliability of the screened 
biomarkers as diagnostic and therapeutic targets for OSA and 
to characterize the therapeutic efficacy of related drugs.
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