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Abstract
Background  Abnormal glycolytic metabolism plays a significant role in pulmonary vascular remodeling in idiopathic 
pulmonary arterial hypertension (IPAH), yet the specific mechanisms remain unclear. The primary objective of this 
study is to investigate the key regulatory mechanisms of glycolysis in IPAH.

Methods  Bulk and single-cell sequencing data obtained from IPAH patient tissue samples were downloaded from 
the GEO database. scMetabolism and AUCcell analyses of the IPAH single-cell sequencing data were carried out 
to quantify the glycolytic metabolic activity and identify the main cell types regulating glycolysis, respectively. The 
ssGSEA method was used to assess the glycolytic activity in each bulk sample within the bulk sequencing data. 
Differential analysis, weighted gene co-expression network analysis (WGCNA), and protein-protein interaction 
(PPI) network analysis were conducted to identify key genes associated with glycolysis in IPAH samples. Single-cell 
sequencing and a monocrotaline (MCT)-induced model of PH in rats were utilized to validate the expression of these 
key genes.

Results  Single-cell sequencing data indicated that IPAH patients displayed increased glycolytic activity, which was 
primarily regulated by fibroblasts. Similarly, bulk transcriptomic data revealed a significant increase in glycolytic 
activity in IPAH patients. Differential analysis, WGCNA, PPI network analysis, and integrated single-cell analysis further 
identified insulin-like growth factor-1 (IGF1), lysyl-tRNA synthetase (KARS), caspase-3 (CASP3), and cyclin-dependent 
kinase inhibitor 2 A (CDKN2A) as key genes associated with fibroblast-mediated glycolysis in IPAH patients. Differential 
expression of IGF1, KARS, CASP3, and CDKN2A was also observed in our in vivo model of PH.
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Introduction
Idiopathic pulmonary arterial hypertension (IPAH) 
refers to a group of cardiopulmonary circulatory dis-
orders of unknown etiology characterized by pro-
gressive pulmonary vascular remodeling and elevated 
pulmonary vascular resistance [1]. The underlying 
mechanisms of IPAH are complex, and involve key 
pathological changes such as vasoconstriction, inflam-
mation, and proliferative vascular remodeling [2]. 
Although the introduction of PAH-specific therapies 
has led to improvements in the median survival rates 
of IPAH patients, long-term survival outcomes remain 
unsatisfactory [3]. Current treatments have focused on 
targeting pulmonary endothelial dysfunction to regu-
late vasodilatory effects [4]. However, there remains 
a critical need for the development of new drugs that 
specifically target the proliferative remodeling of the 
pulmonary vasculature.

The metabolism of PAH patients has been shown to 
depend on glycolysis, even in the presence of sufficient 
oxygen levels, a phenomenon known as the Warburg 
effect [5]. The Warburg effect promotes lactate accu-
mulation and the formation of an acidic microenviron-
ment, activating transcription factors such as hypoxia 
inducible factor-1α(HIF-1α), which in turn regulate 
phenotypic switching and proliferation of vascular 
smooth muscle cells [6]. In cardiovascular diseases, 
glycolysis not only provides energy to cells but also 
regulates vascular remodeling and smooth muscle cell 
proliferation through the generation of intermediate 
metabolites [7]. This preference for glycolysis over 
aerobic respiration has been found to be significantly 
increased in the remodeled pulmonary vasculature 
and right ventricle of rats with pulmonary hyperten-
sion (PH), as evidenced by a heightened uptake of 
18F-fluorodeoxyglucose in positron emission tomog-
raphy studies [8]. An imbalance in metabolic pro-
cesses is believed to be a key factor associated with the 
abnormal proliferation and increased anti-apoptotic 
behavior of pulmonary artery smooth muscle cells 
(PASMCs) in patients with PAH [9]. Overactivation of 
phosphofructo-2-kinase/fructose-2,6-bisphosphatase 
3 (PFKFB3) in PAH has been shown to drive collagen 
synthesis and the proliferation of PASMCs through 
increased glycolytic activity [10]. Cannabidiol has been 
shown to lower pulmonary artery pressure by target-
ing this dysregulated glycolysis in hypoxia-induced PH 
mice, specifically by reducing PFKFB3 mRNA expres-
sion levels [11]. In addition, Ras association domain 

family protein-1 isoform A (RASSF1A) has been 
shown to interact with HIF-1α, creating a feedforward 
loop that prevents its prolyl-hydroxylation and sub-
sequent degradation, thereby amplifying the Warburg 
effect and enhancing hypoxic signaling in PH [11]. 
Inhibitors of HIF-1α have been effective in reducing 
the Warburg effect through decreased pyruvate dehy-
drogenase kinase 1 (PDK1) activity, and thus, provide 
a promising strategy to treat PAH [12]. However, the 
precise role of glycolysis in the development of PAH 
remains poorly understood.

In recent years, single-cell and bulk sequencing tech-
nologies have emerged as essential tools for studying 
the molecular mechanisms of pulmonary vascular 
disease. Single-cell sequencing identifies cellular het-
erogeneity at high resolution, thereby enabling dif-
ferentiation between different cell subtypes within 
complex populations, which is critical for the system-
atic and comprehensive exploration of disease mecha-
nisms at the cellular level [13]. Successful application 
of single-cell sequencing has been reported in studies 
examining the role of aberrant glycolytic processes in 
the development of diseases such as tumors [14]. RNA 
sequencing technology has been widely used in the 
study of pulmonary vascular diseases, and its validity 
and reliability in the search for novel markers for the 
diagnosis and treatment of IPAH have been demon-
strated [15]. To date, there have been no studies exam-
ining potential key glycolysis molecules associated 
with the pathogenicity of IPAH.

Here, we used transcriptomics combined with sin-
gle-cell analysis to examine IGF1, KARS, CASP3, and 
CDKN2A as potential regulators of glycolysis in IPAH, 
which provides the basis for the development of tar-
geted therapies.

Materials and methods
Processing and analysis of single-cell RNA sequencing data
Single-cell transcriptomic data from the pulmonary 
artery tissue of three control and three IPAH patients 
were obtained from the GEO dataset (GSE228644 [16]) 
(​h​t​t​p​​:​/​/​​w​w​w​.​​n​c​​b​i​.​​n​l​m​​.​n​i​h​​.​g​​o​v​/​g​e​o). Cells containing 
more than 200 and less than 2500 genes with no more 
than 15% mitochondrial genes were screened using 
the Seurat R package (Version 4.3.1) [17]. After filter-
ing out low-quality cells, approximately 21,000 high-
quality cells were screened. The principal component 
was set to 10 to differentiate between the different cell 
subpopulations. UMAP plots were used to visualize 

Conclusion  Our study identifies IGF1, KARS, CASP3, and CDKN2A as key regulatory genes in glycolysis in IPAH, which 
provides the basis for the development of targeted therapies.

Keywords  IPAH, Glycolysis, Single-cell sequencing

http://www.ncbi.nlm.nih.gov/geo


Page 3 of 12Gao et al. Journal of Translational Medicine          (2025) 23:373 

the different cell subpopulations. Data were normal-
ized using the Normalize Data function, and genes 
with higher coefficients of variation between cells 
were extracted using the Find Variable Features func-
tion. The “FindAllMarkers” function was performed to 
identify marker genes of each cell cluster with adjusted 
P < 0.05 and|log2 (fold change)| >0.25 set as thresh-
olds. Finally, cell clusters were annotated using the 
CellMarker database [18].

Pathway enrichment analysis and glycolysis scores
The “scMetabolism” package (Version 5.0.1) was used 
to determine the metabolic pathway activation scores 
for the single-cell sequencing data [19]. The glycoly-
sis score of each cell was assessed using the “AUCell” 
package (Version 1.22.0) [20]. Then, the glycolysis 
scores of different cell clusters were visualized using 
UMAP and violin plots.

Analysis of bulk sequencing data
Two PAH microarray datasets (GSE113439 [21] and 
GSE53408 [22]) were obtained from the GEO data-
base. Expression matrix data were provided in Supple-
mentary Material 1. The GSE113439 dataset includes 
6 IPAH patients and 11 control samples, and the 
GSE53408 dataset contains 12 severe PAH patients 
and 11 control samples. Control and IPAH samples 
in the datasets were selected for subsequent analysis. 
The raw data of the datasets were normalized using 
the “Affy” package [23]. The “ComBat” package was 
used to correct for batch effects across platforms, 
and principal component analysis was used to evalu-
ate the correction. Differential expression analysis 
between controls and IPAH patients was performed 
using the “limma” package (Version 3.50.0) [24]. The 
linear model was constructed using the lmFit function 
to fit gene expression data, and the empirical Bayes 
correction was applied using the eBayes function to 
enhance statistical power. The criteria for differentially 
expressed genes (DEGs) included an absolute log2 
fold-change greater than 0.58 and an adjusted p-value 
of less than 0.05.

Determination of the diagnostic effectiveness of the 
glycolysis score
Five hundred glycolysis-related genes were identified 
from the GeneCards database ​(​​​h​t​t​p​s​:​/​/​w​w​w​.​g​e​n​e​c​a​r​d​
s​.​o​r​g​/​​​​​)​. Single-sample Gene Set Enrichment Analysis 
(ssGSEA) is a computational method used to evalu-
ate the activity of gene sets in individual samples. We 
employed ssGSEA to calculate enrichment scores for 
glycolysis-related gene sets, thereby quantifying gly-
colytic activity in the samples. All analyses were per-
formed using the GSVA package in R software. The 

glycolysis scores, based on the expression levels of 
glycolysis-related genes, were compared between con-
trols and IPAH patients. The diagnostic efficacy of 
the glycolysis score in predicting IPAH was analyzed 
using receiver operating characteristic (ROC) curves. 
The GSE53408 dataset was used as a validation dataset 
to re-validate the diagnostic efficacy of the glycolysis 
score.

Weighted co-expression network analysis (WGCNA)
The “WGCNA” package (Version 1.72-5) was used to 
construct co-expression networks by analyzing the 
expression patterns among genes [25]. Glycolysis-
related genes used for grouping were selected from 
the GeneCard database. The optimal soft threshold 
was determined using the pickSoftThreshold func-
tion for network topology analysis, and the dynamic 
tree cut method was employed to identify modules. 
Modules that were highly correlated with glycolysis 
and IPAH were screened, and genes from the modules 
were selected for subsequent analysis. Finally, the cor-
relation between module genes and the most relevant 
modules for glycolysis were calculated.

GO and KEGG enrichment analyses
The “limma” package was used to identify DEGs 
between controls and IPAH patients, with adjusted 
P < 0.05 and|log2 (fold change)| >0.58 set as the cutoff 
value [24]. The 500 genes most closely associated with 
PAH were obtained from the GeneCards database ​(​​​h​
t​t​p​s​:​/​/​w​w​w​.​g​e​n​e​c​a​r​d​s​.​o​r​g​/​​​​​)​. Next, overlapping genes 
between modular genes, DEGs, and GeneCards genes 
were selected. Finally, Gene Ontology (GO) and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) enrich-
ment analyses of the overlapping genes were carried 
out using the “clusterProfiler” package (Version 4.8.2) 
[26].

Construction of the PPI network and identification of hub 
genes
Protein-protein interaction (PPI) networks of overlap-
ping genes were constructed using the STRING data-
base (http://string-db.org/) [27]. The top five genes 
with the highest connectivity in the PPI network were 
identified using the Maximal Clique Centrality (MCC) 
and Maximum Neighborhood Component (MNC) 
algorithms in Cytoscape software (Version 3.9.1) [28]. 
Intersecting genes derived from two algorithms were 
considered to be hub genes.

Analysis of hub genes
The expression levels of the hub genes in controls 
and IPAH patients in the GSE113439 dataset were 
assessed. Then, the diagnostic abilities of the hub 
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genes for IPAH were determined using ROC curves. 
Finally, the expression levels of key genes in different 
cell subpopulations were visualized using UMAP and 
bubble plots.

Establishment of an in vivo model of PH in rats
This study was conducted in accordance with the 
guidelines of the Declaration of Helsinki and approved 
by the Institutional Research Ethics Committee of the 
Second Affiliated Hospital of Harbin Medical Univer-
sity (NO. YJSDW2022-162). All animal experiments 
were performed in accordance with the National Insti-
tutes of Health guide for the care and use of labora-
tory animals. Adult male Sprague-Dawley rats had free 
access to food and water and were housed in the ani-
mal center of the Second Affiliated Hospital of Harbin 
Medical University (22 ± 2oC, 55 ± 5% relative humidity 
with a 12-h light/dark cycle). After 1 week of adaptive 
feeding, rats were randomly divided into two groups: 
control group (control, n = 6) and model group (MCT, 
n = 6). Rats in the model group were subcutaneously 
injected with 1% monocrotaline (MCT; dissolved in 
20% anhydrous ethanol in saline) at a dose of 60  mg/ 
kg. Three weeks after administration of MCT, rats 
were anesthetized with an intraperitoneal injection 
of sodium pentobarbital (50  mg/kg body weight) and 
their hemodynamics were measured. Then, the rats 
were humanely killed by cervical dislocation. A cath-
eter was inserted through the jugular vein into the 
right ventricle (RV) to measure the RV systolic pres-
sure (RVSP), then the lung tissue was removed. Left 
lungs were fixed in paraformaldehyde and paraffin-
embedded for histological examination. Right lungs 
were stored at − 80 °C. The data from all rats with suc-
cessfully measured hemodynamics were included in 
the final analysis.

Real-time reverse transcription PCR
Total RNA was extracted from lung tissue samples 
using Trizol according to the manufacturer’s instruc-
tions (Invitrogen, California, USA). cDNA was syn-
thesized using the Reverse Transcription Kit (Roche, 
Basel, Switzerland), and quantitative PCR (qPCR) was 
performed using SYBR Green (Roche). All data were 
normalized to β-actin mRNA expression levels. The 

sequences of the gene-specific primers used in this 
study can be found in Table 1.

Statistical analysis
R software (Version 4.3.1) was used for all data pro-
cessing and statistical analysis throughout the study. 
Comparison of two groups of continuous variables 
was carried out using Student’s t-test for normally dis-
tributed data and the Mann-Whitney U-test for non-
normally distributed data. A two-tailed P < 0.05 was 
considered statistically significant.

Results
Identification of cell types and calculation of glycolysis 
scores
Cells were separated into 23 clusters using the “KNN” 
algorithm (Fig.  1A). Next, the expression levels of 
marker genes within the different cell clusters were 
examined (Fig. 1B). Based on the expression of the cell 
subgroup marker genes, 13 cell types were identified 
(Fig.  1C). An increased proportion of fibroblasts and 
endothelial cells was found in IPAH patients, whereas 
the proportion of T cells was decreased (Fig.  1D). 
Glucose metabolism-related pathways were signifi-
cantly activated in IPAH patients compared to controls 
(Fig.  2A). Among the cell subpopulations, fibroblasts 
were found to be the major glycolysis-regulating effec-
tor cells, followed by myeloid cells (Fig.  2B, C). Fur-
ther comparison of the glycolytic activity of fibroblasts 
between IPAH patients and controls revealed that the 
glycolytic activity of IPAH fibroblasts was significantly 
higher than that of controls (Fig. 2D).

Diagnostic efficacy of the glycolysis score
Data from the GSE113439 dataset were normalized 
resulting in excellent inter-sample agreement (Fig. 3A, 
B). The three-dimensional PCA plot showing the dis-
tribution of samples after data processing revealed 
that the control and IPAH groups were significantly 
different (Fig.  3C). Consistent with the single-cell 
sequencing data, a significantly higher glycolysis score 
was found in the IPAH group than the control group 
(Fig. 3D). The glycolysis score was able to distinguish 
the IPAH samples from the overall samples well with 
an area under the curve (AUC) of 0.84 (Fig. 3E). In the 
validation dataset GSE53408, the glycolysis score also 
displayed excellent predictive efficacy (AUC = 1.00) 
(Fig. 3F).

Identification of key regulatory genes for glycolysis by 
WGCNA
The distribution of samples without outliers is shown 
in the sample dendrogram in Fig.  4A. When the soft 
threshold of the scale-free topological model was set 

Table 1  Gene primer sequences
Gene forward primer reverse primer
IGF1 GCCGCTTCCTTCACAGAATC CCACCCAGTTGCTATTGCTTT
KARS CACCAACCATACTGCTGACAAT GTGGATGCGACCTGCTACT
CDKN2A ATCTCCGAGAGGAAGGCGA TTGCCCATCATCATCACCTGTA
CASP3 GAGCTTGGAACGCGAAGAAA TTGCGAGCTGACATTCCAGT
β-actin GAGAGGGAAATCGTGCGTGA TGGAAGGTGGACAGTGAGGC
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to 8, the internal connectivity and gene similarity of 
the co-expression network were high (Fig.  4B). The 
clustering dendrogram identified a total of seven dis-
tinct modules, with genes that were close together 
being grouped into the same module (Fig. 4C). Among 
the seven modules, the blue module was significantly 
associated with the glycolysis score (correlation = 0.84, 
P = 2e-05) (Fig. 4D). In addition, a strong positive cor-
relation between the blue module and glycolysis score 
was observed (correlation = 0.75, P < 2e-100) (Fig. 4E).

Functional enrichment analysis
A total of 2836 DEGs were identified in the GSE113439 
dataset, including 1966 up-regulated genes and 870 
down-regulated genes (Fig.  5A). There were 43 over-
lapping genes among the blue modules, DEGs, and 
genes obtained from GeneCards (Fig. 5C). These over-
lapping genes were most closely associated with gly-
colytic metabolic activity. GO functional annotation 
indicated that overlapping genes were associated with 

tissue migration, response to hypoxia, regulation of 
smooth muscle cell proliferation, membrane rafts, and 
phosphatidylinositol-3-kinase (PI3K) activity (Fig. 5B). 
KEGG annotation showed that the overlapping genes 
were associated with proliferation-related pathways 
including EGFR tyrosine kinase inhibitor resistance, 
the JAK-STAT signaling pathway, and PI3K-Akt signal-
ing pathway (Fig. 5D).

Identification and analysis of hub genes
The PPI network was visualized using Cytoscape soft-
ware. Genes with interaction scores greater than 0.4 
were retained in the network (Fig. 6A). There were 32 
nodes in the PPI network. The MCC and MNC algo-
rithms calculated the top five most important genes 
in the network by evaluating the topology of the PPI 
network (Fig.  6B). Four common genes (insulin-
like growth factor-1 (IGF1), lysyl-tRNA synthetase 
(KARS), caspase-3 (CASP3), and cyclin-dependent 
kinase inhibitor 2  A (CDKN2A) were identified as 

Fig. 1  Transcriptomic profiles of the single-cell RNA sequencing data obtained from the lung tissue of IPAH patients. (A) UMAP plot showing the cluster-
ing of single cells. Different colors represent distinct cell types. (B) UMAP plots were used to visualize the different cell clusters. (C) Bubble plots showing 
the expression of marker genes in each cluster. (D) Bar plots showing the proportions of each cell subpopulation in each sample
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Fig. 3  Validation of the diagnostic efficacy of the glycolysis score. (A) Boxplot showing the gene expression matrix before data normalization. (B) Boxplot 
showing the gene expression matrix after data normalization. (C) 3D PCA plot showing the separation of individual samples between control and IPAH 
groups. (D) Glycolysis scores were significantly higher in IPAH groups. (E, F) ROC curves of glycolysis scores in the GSE113439 and GSE53408 datasets

 

Fig. 2  Pathway enrichment and glycolysis scores of control and IPAH groups. (A) Heatmap showing the enrichment of metabolic pathways in control and 
IPAH groups. (B) UMAP plot showing the levels of glycolysis in different cell subpopulations. (C) Violin diagram showing a significant increase in glycolysis 
in fibroblasts. (D) Levels of glycolysis in different cell subpopulations in control and IPAH groups
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hub genes. IGF1, KARS, and CASP3 expression levels 
were significantly increased in IPAH, whereas a signifi-
cant decrease in CDKN2A expression was observed 
(Fig.  6C). All hub genes showed excellent ability to 
predict IPAH (Fig.  6D). As shown in Fig.  6E, IGF1 
was expressed predominantly in fibroblasts. IGF1, 
KARS, and CASP3 expression levels were found to be 
elevated, while CDNK2A expression was decreased 
in IPAH samples compared with controls (Fig. 6E, F). 
We successfully constructed an in vivo model of PH in 
rats (Fig. 7A-C). The four hub genes were validated by 
qPCR, and our qPCR data were found to be consistent 
with the RNA-seq data (Fig. 7D).

Discussion
Glycolysis plays an important role in vascular remod-
eling in IPAH. Studies have shown that the glycolytic 
activity of PASMCs in PAH patients is significantly 
enhanced [29]. PDGF promotes glycolysis by activat-
ing the PI3K/AKT/mTOR/HIF-1α signaling pathway, 
supporting rapid cell proliferation, while lactate accu-
mulation and inhibition of mitochondrial oxidative 
phosphorylation further exacerbate this process [29, 

30]. Additionally, mitochondrial dysfunction pro-
motes PASMC proliferation and vascular remodeling 
through HIF-1α-mediated glycolytic reprogramming 
[29]. The upregulation of key glycolytic enzymes, such 
as PFKFB3, promotes collagen synthesis and cell pro-
liferation through ERK1/2-dependent calpain-2 phos-
phorylation [10]. In the present study, we combined 
single-cell sequencing and bulk transcriptomic analy-
ses to identify key regulatory glycolysis-related mol-
ecules in the fibroblasts of IPAH patients for the first 
time, thereby providing novel potential therapeutic 
targets for IPAH.

Previous studies have not only found a metabolic 
shift from mitochondrial respiration to glycolysis in 
PASMCs obtained from lung tissues of PAH patients, 
but also an increase in glycolysis in animal models 
of PH [31, 32]. Based on single-cell RNA sequencing 
data, we found increased glycolytic activity in IPAH 
fibroblasts compared with controls, indicating that 
fibroblast-mediated glycolysis is critical in mediating 
vascular remodeling. Aerobic glycolysis has also been 
shown to be present in pulmonary artery fibroblasts. 
In addition, the HIF-1α pathway and miR-124/PTBP1/

Fig. 4  Identification of key regulatory genes in glycolysis by WGCNA. (A) Glycolysis scores of different samples. (B) Selection of the appropriate soft 
threshold for the scale-free network. The red line was set at 0.80. (C) Construction of the gene clustering tree based on gene expression. (D) Associations 
between glycolysis scores and different modules. (E) Correlation of genes in the blue module with glycolysis scores
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PKM1/2 pathway have been shown to induce the War-
burg effect in fibroblasts [33]. Overexpression of miR-
124 or knockdown of PTBP1 reversed glycolysis and 
inhibited the proliferative phenotype, thereby delaying 
pulmonary vascular remodeling. Thus, glycolysis may 
play an important role in the development of IPAH.

Transcriptomic studies of IPAH have proved to be 
valuable in elucidating the pathogenic mechanism of 
IPAH. For example, transcriptomic analysis revealed 
that abnormal metabolic processes, such as the dysreg-
ulation of iron metabolism, contributed to the patho-
genicity of IPAH [34]. Here, we evaluated the role of 
glycolysis in IPAH further by analyzing transcriptomic 
data to determine the glycolytic metabolic activity 
and identify key molecules associated with IPAH. We 
found that IGF1, KARS and CASP3 expression levels 
were increased in IPAH, while CDKN2A expression 
levels were decreased. Our transcriptomic findings 
were validated by qPCR. In terms of IPAH treatment, 
2-deoxy-D-glucose and metformin regulate cellular 
metabolism by inhibiting key glycolytic enzymes (e.g., 

HK2, PFKFB3), thereby suppressing PASMC prolifera-
tion and vascular remodeling, demonstrating poten-
tial therapeutic prospects [35, 36]. Based on the key 
molecules identified in this study (e.g., IGF1, KARS), 
we further propose the possibility of developing novel 
therapeutic strategies targeting glycolytic metabolism. 
In the future, research integrating single-cell metabo-
lomics analysis will provide a more comprehensive 
understanding of the mechanisms underlying cellular 
metabolic reprogramming.

IGF1 has been shown to induce the Warburg meta-
bolic phenotype in cells by regulating the interactions 
between multiple signaling pathways including activa-
tion of key glycolytic enzymes and MAPK [37]. KARS 
not only participates in protein synthesis but also 
influence glycolytic metabolism by regulating mito-
chondrial function. By modulating amino acid metabo-
lism and protein synthesis, KARS could indirectly alter 
cellular metabolic states and influence apoptosis sen-
sitivity [38]. Studies have demonstrated that CASP3 
plays a significant role in apoptosis and metabolic 

Fig. 5  Enrichment analysis and Venn diagram. (A) Differential gene analysis of the GSE113439 dataset. (B) GO enrichment analysis of DEGs. (C) Overlap-
ping genes among the module genes, DEGs and genes obtained from GeneCards. (D) KEGG analysis of DEGs
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reprogramming. The activation of CASP3 may lead 
to mitochondrial dysfunction, thereby promoting cel-
lular reliance on glycolysis to meet energy demands 
[39]. Additionally, in certain cancers, the loss or muta-
tion of CDKN2A has been shown to enhance glycolytic 
pathways, thereby promoting the rapid proliferation 
of tumor cells [40]. Therefore, we hypothesized that 
IGF1, KARS, CASP3 and CDKN2A are key factors 
in regulating fibroblast glycolysis, which in turn pro-
motes pulmonary vascular remodeling. Further studies 
are needed to understand the specific roles of IGF1, 
KARS, CASP3 and CDKN2A in mediating glycolysis in 
IPAH.

There are some limitations associated with this 
study. First, the single-cell RNA-seq analysis in this 
study is based on 3 control and 3 IPAH samples. While 
this sample size provides preliminary insights into 
disease-related cellular heterogeneity and molecular 
features, it may limit statistical power and the gener-
alizability of the findings. The small sample size might 
result in insufficient identification of rare cell sub-
populations and the omission of certain differentially 
expressed genes. Future studies should expand the 
sample size to validate the current findings and fur-
ther explore the cellular and molecular mechanisms 

of IPAH. Secondly, due to the relatively limited sam-
ple size of the GSE53408 dataset, there is a poten-
tial risk of overfitting in model evaluation. Thirdly, 
although our RNA-seq analysis determined the role 
and identified key glycolysis-related molecules at the 
transcriptional level, as well as experimentally veri-
fied the expression levels of these genes, functional 
experiments were not performed to validate the role of 
fibroblasts and hub genes of glycolysis in IPAH. Thus, 
in the future, functional experiments will be carried 
out to further validate our findings. Finally, we used 
AUCell and scMetabolism for metabolic pathway scor-
ing. While these methods effectively assess the activity 
of predefined gene sets, they may not fully capture all 
cell type-specific metabolic features.

Conclusion
In conclusion, we found that glycolysis levels were sig-
nificantly elevated in IPAH and that fibroblasts were 
the predominant effector cells regulating glycolysis. 
In addition, we identified and validated four glycoly-
sis-related genes, which could serve as potential bio-
markers for predicting the development of IPAH. Our 
results clarify the precise role of glycolysis in the pro-
gression of IPAH and provide novel perspectives on 

Fig. 6  Identification and reanalysis of key glycolysis-related genes. (A) PPI network of 43 overlapping genes. (B) Different algorithms were used to identify 
the top five genes with the highest degree potential for IPAH. (C) Expression levels of key glycolysis-related genes in the GSE53408 dataset. (D) ROC curves 
of key glycolysis-related genes in the GSE53408 dataset. (E) Expression levels of key glycolysis-related genes in different cell subpopulations. (F) Expression 
levels of key glycolysis-related genes in different cell subpopulations of controls and IPAH patients
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therapeutic strategies for IPAH. In the future, combin-
ing metabolomics analysis and personalized treatment 
strategies, the regulation of glycolytic metabolism is 
expected to provide more precise therapeutic options 
for IPAH patients.
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