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Background: Heart failure (HF) represents the terminal stage of various
cardiovascular disorders, with immunogenic cell death (ICD) potentially
influencing HF progression through modulation of immune cell activity. This
study aimed to identify ICD-associated biomarkers in patients with HF and
explore their underlying mechanisms.

Methods: Data from GSE57338, GSE3586 and GSE5406 were retrieved from the
Gene Expression Omnibus (GEO) database. Differential expression analysis and
weighted gene co-expression network analysis (WGCNA) were employed to
identify candidate genes, followed by enrichment analysis and Protein-Protein
Interaction (PPI) network construction. Candidate biomarkers were selected using
two machine learning approaches and validated for expression levels, with receiver
operating characteristic (ROC) curve analysis determining the final biomarkers. A
nomogram model was built based on the biomarkers, followed by molecular
regulatory network analysis, gene set enrichment analysis (GSEA), immune
infiltration assessment, and drug prediction. Additionally, key cells were selected
for pseudo-time and cell communication analysis using the GSE183852 dataset.
Next, pseudotemporal analysis was also performed on key cell subpopulations.
Real-time quantitative PCR (RT-gPCR) was employed to validate the biomarkers.

Results: Three biomarkers, CD163, FPR1, and VSIG4, were identified as having
significant diagnostic value for HF. GSEA revealed their enrichment in ribosomal
and immune cell-related pathways. These biomarkers were notably correlated
with CD8 T cells and M2 macrophages. Carbachol and etynodiol were predicted
to interact with all three biomarkers. Single-cell RNA sequencing identified nine
cell types, with expression of the biomarkers confined to monocytes and
macrophages. Strong cell communication was observed between these cell
types and fibroblasts. Expression of CD163 and VSIG4 decreased over time in
monocytes and macrophages, whereas FPR1 showed an upward trend. In
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addition, the expression levels of CD163 and VSIG4 increased in subpopulations
of monocytes and macrophages, whereas FPR1 showed a decreasing trend. RT-
gPCR results confirmed significant down-regulation of CD163, FPR1, and VSIG4
in patients with HF and animal models.

Conclusions: This study identified and validated three ICD-related biomarkers in
HF—CD163, FPR1, and VSIG4—offering a novel theoretical foundation for the
clinical diagnosis and treatment of HF.

immunogenic cell death, heart failure, biomarker, single-cell RNA sequencing analysis,
monocytes and macrophages

1 Introduction

Heart failure (HF), the terminal stage of various cardiovascular
diseases, affects approximately 56.2 million people worldwide (1, 2).
Despite lifestyle changes and advances in medical care that have
stabilized age-adjusted incidence rates, the prevalence and mortality
rates of HF remain high, highlighting the need for further research
to identify improved management strategies (3). Although HF was
once considered non-immune-mediated, recent studies have
demonstrated the involvement of the immune system in its
pathophysiology, and clinical trials on immune modulation
therapy for HF have been conducted (4). Consequently,
modulating immune responses to maintain stability may serve as
a promising strategy to delay HF progression.

Immunogenic cell death (ICD), a unique form of regulated cell
death that occurs as a downstream effect of tumor-specific immune
responses, has been extensively studied in cancer immunotherapy
(5, 6), with emerging research in cardiovascular diseases.
Endothelial cell ICD in atherosclerosis has been linked to the
initiation of adaptive immune responses, sustaining chronic
inflammation within plaques (7). In coronary artery disease,
stratification based on ICD-related genes (IRGs) enables the
development of risk models and immune subtypes that facilitate
treatment decisions (8). Moreover, ICD has been explored as a
diagnostic tool for ischemic stroke in elderly women, identifying

Abbreviations: HF, Heart failure; ICD, Immunogenic cell death; GEO, Gene
Expression Omnibus; PPI, Protein-Protein Interaction; ROC, Receiver operating
characteristic; GSEA, Gene set enrichment analysis; DEGs, Differential
expression genes; ssGSEA, Single sample gene set enrichment analysis; GO,
Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; STRING,
Search tool for the retrieval of interacting genes; MCC, Maximum Connectivity
Component; MNC, Minimum Network Connectivity; DMNC, Degree of
Minimum Network Connectivity; SVM-RFE, Support vector machine-recursive
feature elimination; AUC, Area under the curve; TFs, Transcription factors;
HVGs, Highly variable genes; PCA, Principal component analysis; UMAP,

Uniform Manifold Approximation and Projection.
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key biomarkers for diagnosis (9). However, the mechanisms
underlying ICD in HF remain unexplored.

This study utilized machine learning techniques to identify ICD
biomarkers in HF, followed by immune infiltration analysis, targeted
drug prediction, gene set enrichment analysis (GSEA), single-cell data
clustering and annotation, cell communication analysis, and
pseudotime analysis. The findings revealed the functional and
potential molecular mechanisms of these biomarkers at both the
transcriptomic and cellular levels, providing a novel theoretical
framework for the clinical diagnosis and treatment of HF.

2 Materials and methods
2.1 Data collection

RNA data from GSE57338 (sequencing platform: GPL11532)
was obtained from the Gene Expression Omnibus (GEO) database
(https://www.ncbi.nlm.nih.gov/geo/), comprising 136 normal left
ventricular tissue samples and 177 left ventricular tissue samples
from patients with HF (10). Additionally, RNA data from GSE3586
(sequencing platform: GPL3050) was downloaded, containing 15
normal left ventricular tissue samples and 13 left ventricular tissue
samples from patients with HF (11). Moreover, the GSE5406
dataset contained 16 normal and 194 HF patients’ heart tissue
samples. The data were obtained from the GPL96 platform using
chip sequencing technology, mainly for biomarkers expression
validation. The single-cell dataset GSE183852 was retrieved from
the GEO website (sequencing platform: GPL24676), including heart
tissue samples from 5 patients with HF and 2 normal heart tissue
samples (12). A total of 34 ICD-associated genes were obtained
from the literature (13) (Additional file 1).

2.2 Differential expression analysis

Differential expression analysis was conducted using the R
package “limma” (v 3.58.1) (14), applying the screening criteria of
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|logofold change (FC)| > 0.5 and P < 0.05 to compare HF and control
samples in the GSE57338 dataset. Volcano plots of the differentially
expressed gene (DEGs) were visualized using the R package
“ggplot2” (v 3.4.1) (15), highlighting the top 10 up- and down-
regulated DEGs. Heatmaps of the top 10 DEGs were generated
using the R package “ComplexHeatmap” (v 2.4.0) (16).

2.3 Weighted gene co-expression networks
analysis

To calculate the single-sample gene set enrichment analysis
(ssGSEA) scores for ICD-related genes across 313 samples, the
ssGSEA algorithm from the R package “GSVA” (v 1.46.0) (17) was
applied, and box plots were created using “ggplot2” (v 3.4.1).

WGCNA was performed on the GSE57338 dataset using the R
package “WGCNA” (v 1.72.5) (18), with ssGSEA scores as the
feature. Initial clustering of samples identified and excluded
abnormal samples. The soft threshold (power) was determined
based on an R® > 0.85 and mean connectivity = 0. The dynamic
tree cutting algorithm, with a minimum gene number of 50 per
module and a module merging threshold of 0.3, was applied to
define gene modules. Genes were color-coded, and the “grey”
module (containing unclassified genes) was excluded. Pearson
correlation coefficients were calculated between the modules and
ssGSEA scores, with a heatmap generated to highlight modules with
significant correlation (|cor| > 0.5, P < 0.05). Genes within these
modules were identified as key module genes.

2.4 Enrichment analysis of candidate genes
and protein-protein interactions network
analysis

The R package “ggvenn” (v 1.7.3) (19) was employed to identify
the intersection between DEGs and key module genes, resulting in
the selection of candidate genes. These genes were then converted
from SYMBOL to ENTREZID using the human genome database
org.Hs.eg.db (v 3.18.0) (20). Candidate genes underwent Gene
Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) functional enrichment analysis with the R package
“ClusterProfiler” (v 3.16.0) (21), with a threshold of P < 0.05. To
construct PPI networks, candidate genes were analyzed using the
search tool for the retrieval of interacting genes (STRING) database
(https://string-db.org) with a confidence score of 0.4. PPI networks
were then visualized with Cytoscape (v 3.10.0) (22). The Cytohubba
plugin in Cytoscape (v 3.10.0) was utilized to rank candidate genes
using six algorithms: Maximum Connectivity Component (MCC),
Minimum Network Connectivity (MNC), Degree of Minimum
Network Connectivity (DMNC), Degree, Closeness, and
Betweenness. Based on the ranking results, the top 20 genes from
each algorithm were extracted, and their intersection was used to
identify the final candidate key genes. UpSet plots were generated
using the R package (v 1.4.0) (23).
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2.5 Screening candidate biomarkers by
machine learning

Candidate key genes were further screened based on sample
grouping information from GSE57338 using the support vector
machine-recursive feature elimination (SVM-RFE) algorithm (10-
fold cross validation) (v 4.1.4) (24) to obtain feature genes. The R
package “randomForest” (v 3.2.2) (25) was used for random forest
algorithm analysis of the feature genes, incorporating sample
grouping information from GSE57338. A total of 500 decision
trees were computed using the randomForest function, and the
MeanDecreaseGini values for each feature gene were visualized in a
bar chart. The median of the MeanDecreaseGini values
(MeanDecreaseGini measures the effect of each variable on the
heterogeneity of observations at each node in the classification tree,
thus assessing the importance of the variable. The larger the value,
the higher the importance of the variable) was calculated, and genes
with values above the median were selected as candidate
biomarkers. Correlation analysis of the candidate biomarkers was
performed using the R package “corrplot” (v 0.92) (26), with
thresholds of |cor| > 0.3 and P < 0.05.

2.6 Expression validation of candidate
biomarkers

Expression differences of candidate biomarkers between HF and
normal samples were analyzed using the grouping information from
GSE3586 and GSE57338, with a threshold of P < 0.05. Box plots were
constructed using the R package “ggplot2” (v 3.4.1). Candidate
biomarkers showing differential expression between groups and
consistent trends across both datasets were selected for receiver
operating characteristic (ROC) analysis. ROC curves for candidate
biomarkers were generated using the R package “pROC” (v 1.18.0)
(27), and the area under the curve (AUC) was calculated, with
biomarkers defined as those having an AUC > 0.7. To validate
biomarkers expression, differential expression analysis was performed
in the GSE5406 dataset.

2.7 Construction of a nomogram

In the GSE57338 dataset, a nomogram was constructed using
the R package “rms” (v 5.1.4) (28) to evaluate the risk of developing
HF, based on the expression of identified biomarkers. The
predictive performance of the nomogram was assessed by plotting
the ROC curve with the R package “pROC” (v 1.18.0).

2.8 Gene set enrichment analysis
Spearman correlation analysis was performed between each

biomarker and the remaining genes across all GSE57338 samples
using the R package “psych” (v 2.2.9) (29), generating correlation
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coefficients. Genes were then ranked according to these coefficients,
yielding gene lists associated with each biomarker. GSEA was
performed using the sorted results and the R package
“ClusterProfiler” (v 3.16.0), with “c2.kegg.v7.4.symbols.gmt” and
“c5.go.v7.4.symbols.gmt” from the Molecular Signatures Database
(MSigDB, https://www.gsea-msigdb.org/gsea/msigdb/index.jsp) as
reference gene sets. The top 5 most significant signaling pathways
were visualized using the enrichplot package (P < 0.05 and |
Normalized Enrichment Score (NES)| > 1) (v 1.18.3) (20).

2.9 Immune infiltration analysis

The CIBERSORT algorithm (v 1.03) (30) was employed to
calculate the relative abundance of 22 immune cell types (31) in HF
and normal samples from the GSE57338 dataset. Immune cells with
a result of 0 were excluded. Differential immune cells (P < 0.05)
were identified, and box plots were constructed for visualization.
Spearman correlation analysis was used to assess the relationships
among differential immune cells and between biomarkers and
immune cells (|cor| > 0.3 and P < 0.05). A correlation matrix was
created using the R package “corrplot” (v 0.92) (26), and a heatmap
was plotted using the R package “pheatmap” (v 1.0.12) (32).

2.10 Regulatory network analysis

MiRNAs targeting the biomarkers were predicted using the
microRNA database (miRDB, http://mirdb.org) and the starBase
database (http://starbase.sysu.edu.cn/), and the intersection of
miRNAs from both databases was extracted. Based on these
predictions, a miRNA-biomarker network was constructed using
Cytoscape (v 3.10.0). Transcription factors (TFs) related to the
biomarkers were identified using the TRRUST database (http://
www.grnpedia.org/trrust/), while the disease signatures database
(DSigDB, https://www.dsigdb.org/) was used to identify drugs
targeting the biomarkers. A biomarker-drug network was then
created and visualized.

2.11 Single-cell RNA sequencing analysis

The single-cell RNA sequencing data from GSE183852 were
processed into Seurat objects using the R package “Seurat” (v 4.4.0)
(33). Quality control was performed by applying the following
parameters: 200 < nFeature RNA < 4,000, nCount_ RNA < 10,000,
and Mt < 10%. Genes covered by fewer than three cells were removed.
Hypervariable genes were selected using variance stabilization
transformation (vst), and the highly variable genes (HVGs) were
retained for further analysis. The LabelPoints function was applied to
identify the top 10 most variable genes, and the Scale Data function was
used for normalization. Principal component analysis (PCA) was
performed on the HVGs for dimensionality reduction. The p-value
for PCs 1 to 15 was calculated using the Jackstraw function, and
variance drop values for PCs were computed using the Elbowplot
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function. Based on the elbow plot, appropriate PCs were selected for
subsequent analysis (P < 0.05). Uniform Manifold Approximation and
Projection (UMAP) clustering analysis was applied to identify cell
clusters (resolution = 0.5). Cellular annotation was performed according
to the literature (12). The Dotplot function was used to visualize the
expression of the three biomarkers in the cells, and cells expressing all
three biomarkers were selected as key cells. Enrichment analysis for
each cell subtype was conducted using the analyze_sc_clusters function
from the R package “ReactomeGSA” (v 1.12.0) (34). The pathways
function was used to extract enrichment results, and a heatmap
displayed the top ten enriched pathways in each cell subtype. Cell
subtype interactions were explored using the R package “CellChat” (v
1.6.1) (35) to conduct communication analysis. Trajectory
differentiation of key cell clusters was simulated using the R package
“Moncle” (v 2.30.1) (36). The dynamic trend of biomarker expression
during cell differentiation was plotted using the plot_pseudo-
time_heatmap function. Next, the marker genes of key cell
subpopulations were selected for annotation based on the CellMarker
2.0 database (https://ngdc.cncb.ac.cn/databasecommons/database/id/
6110), and the final key cell subpopulations were identified based
on the specific expression of these genes in different clusters. To
further explore the expression dynamics and temporal trajectories
of biomarkers in the key cells, the annotated key cell subpopulations
were analyzed by the proposed timeline trajectory analysis. Using
the R package Monocle2 (v 2.24.1) (37), the distribution of
biomarkers in each key cell subtype was projected onto a root
and multiple branches, a single-cell trajectory map was constructed,
and the dynamic trend of biomarker expression during cell
differentiation was plotted. Subsequently, in order to analyze the
relationship between differentiation states and subtypes of key cells,
stacked maps of cell subpopulations in different differentiation
states were drawn. Based on the subtype annotation results, the
proportions of cell types under different groupings were first
visualized. Wilcoxon test. Finally, the differences in the expression
of NOS2, TNF, ARG1, and MRC1 genes in Monocyte&Macrophage
between HF and control samples were analyzed and statistically
analyzed using the Wilcoxon test.

2.12 Human Subjects and Extraction of
PBMC

Patients with HF admitted to the First Hospital of Shanxi
Medical University were selected as the HF group, and a control
group was matched with the HF group based on age, gender, and
other underlying diseases besides HF. Based on the expression of
biomarkers obtained through bioinformatics, the sample size was
calculated using PASS.15, resulting in a total of 15 pairs of samples.
In the morning of the second day after admission, venous blood was
collected into EDTA tubes, and peripheral blood lymphocytes were
isolated within 2 hours using human peripheral blood lymphocyte
separation liquid (Solarbio, China). The trial protocol was approved
by the Scientific Research Ethics Review Committee of the First
Hospital of Shanxi Medical University (NO. KYLL-2024-236), and
all patients provided written informed consent.
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2.13 Animal model (echocardiography)

SSPF-grade male Sprague-Dawley rats (180-200 g, 6-8 weeks old)
were used to establish a chronic HF model (38). HF was induced by
permanently ligating the left coronary artery in rats, while sham-
operated rats underwent the same surgical procedure without artery
ligation. Six weeks post-ligation, high-resolution echocardiography was
performed using the Vevo 770 system (Visualsonics) with a 40 MHz
RMYV 704 scanhead to assess cardiac function. Rats with an ejection
fraction (EF) < 40% were considered to have successfully developed HF,
and those that did not develop HF were excluded. After completing
echocardiography, the animals were euthanized, and tissues were
collected for analysis. The experimental protocol was approved by the
Animal Experimental Center Ethics Committee of Beijing
Yongxinkangtai Science and Technology Development Co., Ltd.
(NO. YXKT20241010).

2.14 Staining

Hearts were fixed in 4% paraformaldehyde at room temperature
for 48 hours, followed by dehydration and embedding. The samples
were sectioned at 5um thickness, dewaxed, rehydrated, and stained
with Hematoxylin and Eosin (HE) and Masson stains. For THC
staining, primary antibodies targeting CD163 (1:200, Selleck,
F1548) was incubated overnight at 4 °C. Then, second antibody
was incubated at 37°C for 1 hour. Chromogen development was
accomplished with DAB. Images were captured under a microscope
(Olympus, Japan).

TABLE 1 Primer sequences for quantitative real-time PCR.

10.3389/fimmu.2025.1560903

2.15 Real-time quantitative PCR

Following tissue homogenization, total RNA was extracted
using Trizol (Thermo Fisher Scientific, USA). cDNA synthesis was
carried out using PrimeScript RT Master Mix (Takara, Japan)
according to the manufacturer’s protocol. Real-time quantitative
PCR (qPCR) analysis was performed with SYBR Green Master
Mix (DBI Bioscience, Germany) on a QuantStudio3 real-time PCR
instrument (Thermo Fisher Scientific, USA), with GAPDH as an
internal control. Relative mRNA expression levels were quantified
using the 2744¢
in Table 1.

method. Primer sequences are provided

2.16 Statistical analysis

Statistical analyses were conducted using R software (v 4.2.2)
and GraphPad Prism 9. Differences between two groups were
assessed using the Wilcoxon rank sum test, with statistical
significance defined as P < 0.05.

3 Results
3.1 Acquisition of key module genes
A total of 441 DEGs were identified, including 236 up-regulated

and 205 down-regulated genes in HF (Additional files 2a-b). The
ssGSEA scores for ICD-related genes significantly differed between

Species Target gene Primer sequence (5'to03’)
Forward AAGCAACATCTACAGTGAAGCAGTC
VSIG4
Reverse ATGATGAGGATGATGGCAAAGACAG
Forward AGTGGACATCAACTTGTTCGGAAG
FPR1
Reverse ACGGTGCGGTGGTTCTGG
Human
Forward ACAATGAAGATGCTGGCGTGAC
CD163
Reverse TCTCTGAATCTCCACCTCAACTGTC
Forward CGTATCGGACGCCTGGTT
GAPDH
Reverse AGGTCAATGAAGGGGTCGTT
Forward AGCTGCCGATCTTTGCCATAATC
VSIG4
Reverse TCCTGCTCACCTCATAGACATACTC
Forward CCGTGAACACTTGAGGAACATACC
FPR1
Reverse GGATTGGGTTGAGGCAGCTATTG
Rat
Forward GAATCACAGCATGGCACAGGTC
CD163
Reverse CACAAGAGGAAGGCAATGAGAAGG
Forward GACATGCCGCCTGGAGAAAC
GAPDH
Reverse AGCCCAGGATGCCCTTTAGT
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HF and normal samples (Additional file 2c). In the WGCNA
analysis of the GSE57338 dataset, no outlier samples were
detected (Additional file 2d). The soft threshold was determined
to be 7 (Additional file 2e). Similar modules were merged from the
co-expression matrix, resulting in 11 identified gene modules
(excluding the gray module for unclassified genes), with each
module represented by a different color (Figure la). The yellow
module (cor = 0.72, P = 5.8 x 10™"7) demonstrated the strongest
correlation with ICD-related gene ssGSEA scores. Consequently,
the 432 genes within the yellow module were designated as key
module genes (Figure 1b).

3.2 Identification and enrichment analysis
of candidate genes and PPI

In this study, 47 candidate genes were identified through the
intersection of DEGs and key module genes (Figure 2a). The
obtained candidate genes were subject to gene ID conversion,
though FCGR1B could not be successfully converted. GO
enrichment analysis revealed 272 GO terms, comprising 224
biological processes (BP), 24 cellular components (CC), and 24
molecular functions (MF) (P < 0.05) (Figure 2b). The candidate
genes were significantly enriched in pathways such as the positive
regulation of inflammatory response, secretory granule membrane,
and RAGE receptor binding. Additionally, the candidate genes were
enriched in 26 KEGG pathways (P < 0.05), including
staphylococcus aureus infection, phagosome, and neutrophil
extracellular trap formation (Figure 2c). These results implied
that candidate genes may play important roles in antimicrobial
immunity, inflammatory response and cellular damage repair.

The candidate genes were further subjected to PPI network
construction, resulting in 42 genes, such as TLR2, FPR1, and MRCl,
and 240 gene-to-gene pairs, including TLR2-CD163 and VSIG4-
CD14 (Figure 2d).

To optimize the screening of candidate genes, the genes were
ranked using different algorithms. The top 20 genes from each
algorithm were extracted, and the intersection of these top 20 genes

10.3389/fimmu.2025.1560903

was taken. Finally, 16 genes were identified as the candidate key
genes for further analysis (Figure 2e).

3.3 Machine learning for candidate
biomarker screening

Based on the sample grouping information from GSE57338, the
SVM-RFE algorithm was applied for screening, resulting in 13
feature genes: CD163, VSIG4, FCERIG, CCR1, CCL5, FPR1, TLR2,
C1QB, CD14, MSR1, CD68, MRCI1, and CYBB (Figure 3a). The
MeanDecreaseGini values for each feature gene ranged from 0 to 30,
with notable differences observed between the genes (Figure 3b). By
calculating the median of the MeanDecreaseGini values, six genes
greater than the median were selected as candidate biomarkers:
CD163, VSIG4, FCERI1G, CCR1, CCL5, and FPR1. Among these,
CCL5 showed a negative correlation with VSIG4 and CD163, while
the remaining five genes exhibited positive correlations with each
other (P < 0.01) (Figure 3c). The correlation between these genes
suggested that they may work in concert at different stages of the
immune response or in different types of immune cells.

3.4 Diagnosis and evaluation of biomarkers

In GSE57338, the six candidate biomarkers demonstrated
significant differences between HF and normal samples (P <
0.05), with CD163, FPR1, and VSIG4 showing decreased
expression in HF samples (Figure 4a). In GSE3586, only CD163,
VSIG4, CCR1, and FPRI were expressed, with CD163, FPR1, and
VSIG4 levels significantly reduced in HF samples, consistent with
the expression patterns observed in GSE57338 (Figure 4b).
Consequently, CD163, FPR1, and VSIG4 were selected for ROC
analysis, which revealed that the AUC for all three biomarkers
exceeded 0.7 in both datasets, confirming their potential as HF
biomarkers (Figures 4c-h). Next, the expression analysis of CD163,
FPRI1, and VSIG4 in the GSE5406 dataset showed that all three were
significantly under-expressed in the HF group compared to the
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Acquisition of key module genes. (a) Co-expression module identification. (b) Heatmap showing the correlation between modules and phenotypes.
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FIGURE 2

Identification and enrichment analysis of candidate genes and PPI. (a) Venn diagram depicting the overlap between differentially expressed genes
(DEGs) and key module genes. (b) Gene Ontology (GO) enrichment analysis results. (c) Kyoto Encyclopedia of Genes and Genomes (KEGG)
enrichment analysis results. (d) Protein-Protein Interaction (PPI) network.

normal group (Additional file 3). The expression patterns were
consistent with those in the GSE57338 and GSE3586 datasets.
The nomogram model demonstrated that these three
biomarkers could accurately predict the risk of HF occurrence.
ROC analysis of the nomogram yielded an AUC of 0.913,
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(e) Upset plot representing the PPI network.

indicating that the predictive accuracy of the nomogram model
was significantly superior to single-gene predictions (Additional
file 4). It also suggested that the onset and progression of
HF may involve complex interactions of multiple genes or
biological pathways.
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Machine learning for candidate biomarker screening. (a) Results of the Support Vector Machine-Recursive Feature Elimination (SVM-RFE) model.
(b) Bar chart depicting the MeanDecreaseGini scores for candidate genes. (c) Correlation analysis of candidate biomarkers. *P < 0.05, ***P < 0.001.

3.5 Functional analysis of biomarkers

Further analysis of the signaling pathways involving CD163,
FPR1, and VSIG4 revealed that CD163 was enriched in 76
pathways, including ribosome, Parkinson’s disease, leishmania
infection, Fc gamma R-mediated phagocytosis, and B cell receptor
signaling (Figure 5a). FPRI was enriched in 79 pathways, including
ribosome, leishmania infection, Parkinson’s disease, cytokine-
cytokine receptor interaction, and chemokine signaling
(Figure 5b). VSIG4 was enriched in 85 pathways, including
ribosome, Fc gamma R-mediated phagocytosis, B cell receptor
signaling, leishmania infection, and chemokine signaling
(Figure 5c). Notably, all three biomarkers were enriched in
pathways related to ribosome function, immune cells, and
immune factors. These findings provided a basis for further
investigation of the potential applications of biomarkers in
immunomodulation, disease diagnosis and therapy.

3.6 Analysis of immune cell infiltration

To further explore immune status differences between HF and
normal samples, immune infiltration analysis was performed on
GSE57338 samples, revealing differences in the abundance of 22
immune cell types between samples from patients with HF and
normal samples (Additional file 5). Immune cells with a result of 0
in 30% of the samples were excluded, leaving 12 immune cell types
for subsequent analysis. Five immune cell types showed significant
differences between the groups: M2 macrophages, resting mast cells,
plasma cells, CD8" T cells, and T regulatory cells (Tregs) (P < 0.05)
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(Figure 6a). Correlation analysis among these five immune cell
types revealed a strong positive correlation between CD8" T cells
and Tregs, while plasma cells exhibited negative correlations with
Tregs, CD8" T cells, M2 macrophages, and resting mast cells
(|cor| > 0.3, P < 0.05) (Figure 6b). The correlation heatmap
between biomarkers and the five immune cell types showed that
VSIG4 had a strong positive correlation with M2 macrophages, and
M2 macrophages positively correlated with CD163 and FPRI. In
contrast, CD8" T cells and plasma cells negatively correlated with
CD163, FPRI, and VSIG4, respectively. Resting mast cells
demonstrated an inverse correlation with CD163 and FPRI
(cor| > 0.3, P < 0.05) (Figure 6¢). The above results suggested
that biomarkers may be involved in disease onset and progression
by modulating immune responses and cellular functions.

3.7 Molecular regulatory network and drug
prediction

Prediction of miRNA interactions with the three biomarkers
revealed that VSIG4 was regulated by four miRNAs, including hsa-
miR-665; CD163 was regulated by 11 miRNAs, including hsa-miR-
4262; while no miRNA regulatory relationships were found for
FPR1 (Figure 7a). TFs regulating the biomarkers were also analyzed,
revealing that no TFs regulated VSIG4 or FPRI, but eight TFs,
including SOX9, were found to regulate CD163 (Figure 7b). These
findings provided important clues for further understanding of
immune markers and their regulatory networks in HF.

A total of 74 biomarker-drug/compound relationships were
identified. The network analysis suggested that carbachol and
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FIGURE 4

Diagnosis and evaluation of biomarkers. (a) Expression levels of candidate genes in the training set, with the horizontal axis representing genes and
the vertical axis indicating gene expression levels (Wlicoxon rank sum test, ****P < 0.0001). (b) Expression levels of candidate genes in the validation
set, with similar axis labels and significance markers (Wlicoxon rank sum test, *P < 0.05, **P < 0.01, ns: P > 0.05). (c) ROC curve analysis of the VSIG4
biomarker in the validation set. (d) ROC curve analysis of the CD163 biomarker in the training set. (e) ROC curve analysis of the FPR1 biomarker in
the training set. (f) ROC curve analysis of the VSIG4 biomarker in the training set. (g) ROC curve analysis of the FPR1 biomarker in the validation set.

(h) ROC curve analysis of the CD163 biomarker in the validation set.

etynodiol may have potential effects on all three biomarkers.
Additionally, six compounds were shared between CD163 and
FPR1—prednisolone, flunisolide, fludroxycortide, halcinonide,
ribavirin, and isoflupredone—while five compounds were shared
between FPR1 and VSIG4, including anisomycin, trichostatin A,
cephaeline, emetine, and beclometasone (Figure 7c). By
understanding the role of these drugs in regulating the expression
of immune markers, more effective therapeutic strategies may be
developed in the future.
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3.8 Single-cell RNA sequencing analysis

Following quality control, 23,963 genes and 49,042 cells were
identified (Additional file 6). The top 2000 HVGs were selected, and
the 10 genes exhibiting the greatest variation were identified
(Additional file 7a). PCA was performed on the selected HVGs,
and the top 10 principal components (PCs) were chosen for further
analysis (P < 0.05) (Additional files 7b-c). UMAP clustering analysis
was conducted prior to cell annotation, resulting in the
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FIGURE 5

Functional analysis of biomarkers. (a) GSEA enrichment analysis of the CD163 gene. (b) GSEA enrichment analysis of the FPR1 gene. (c) GSEA

enrichment analysis of the VSIG4 gene.

identification of 14 distinct cell clusters (Additional file 7d). Nine
cell types and their corresponding markers were extracted for
annotation based on the reference (12). Subsequently, cell
annotation revealed eight distinct cell types: endothelium,
fibroblasts, pericytes, monocytes and macrophages, natural killer
and T lymphocytes (NK&T cells), neurons, B cells, and smooth

Frontiers in Immunology 10

muscle cells (Figure 8a; Additional file 8). Monocytes and
macrophages expressing all three biomarkers were designated as
key cells (Figure 8b). To explore the biological pathways and
functions of these cell subtypes in HF development, enrichment
analysis revealed that pericytes and smooth muscle cells were
significantly associated with ATP-sensitive potassium channels
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Analysis of immune cell infiltration. (a) Box plot illustrating immune cell infiltration differences (Wlicoxon rank sum test, *P < 0.05, **P < 0.01,
***P < 0.001, ****P < 0.0001, ns: P > 0.05). (b) Correlation of differential immune cell types (*P < 0.05, **P < 0.01, ***P < 0.001). (c) Correlation
between biomarkers and differential immune cells (*P < 0.05, **P < 0.01, ***P < 0.001).

and BDNF activation of NTRK2 (TRKB) signaling, while NK&T
cells and B cells were predominantly enriched for activation of Na-
permeable kainate receptors and hydroxycarboxylic acid-binding
receptors (Figure 8c). The above results implied that these cell types
act synergistically through multiple mechanisms and may provide
new targets and ideas for the treatment of HF.

Analysis of cell communication between the eight cell types
showed that fibroblasts and neurons exhibited the highest number
of ligand-receptor pairs, indicating the strongest interaction
between these two cell types. Fibroblasts also demonstrated a
higher probability of communication with monocytes and
macrophages, NK&T cells, and B cells (Figures 9a, b; a: plot of
probability of cellular communication, b: plot of number of cellular
communications). The high-frequency interaction of fibroblasts
with these immune cells suggested that they may play an
important role in tissue repair and remodeling in immune
responses, and inflammation.
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Monocytes and macrophages were projected onto a root with 9
branches, traversing 9 nodes along their developmental trajectory.
Clusters 0 and 3 marked the initial stages of monocyte and
macrophage development, while clusters 4 and 6 were primarily
located at the final stages of cellular differentiation (Figures 9c, d).
This dynamic developmental trajectory may reflected how immune
cells progressively differentiate and regulate their functions in the
body according to different needs.

Given the specific expression of the biomarkers in monocytes
and macrophages, the gene expression of the three biomarkers was
analyzed across the pseudo-time series. The expression of CD163
showed a decreasing trend over time, with slight increases at certain
nodes of the developmental cycle, but overall, the expression in the
cells declined. In contrast, FPR1 exhibited an upward trend,
indicating its potential significant role in cellular development
and differentiation. The expression pattern of VSIG4 mirrored
that of CD163 (Figure 9e¢). This expression pattern suggested that
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biomarkers and blue nodes represent interacting miRNAs. (b) Regulatory network between the CD163 gene and transcription factors (TFs).

(c) Diagram of drug prediction for biomarkers.
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of cell subtypes.

distributed only in state 1; and Non-classical monocytes were
mainly distributed in state 1 and state 3; M2 macrophages were
concentrated in state 3 and state 4 in the later stages of
differentiation; Classical monocytes were found mainly in state 1
and state 5. Subsequently, the proportions of cell subtypes under
different groupings were visualized (Additional file 10a). By
comparing NOS2, TNF, ARG1 and MRCI1 gene expression in
Monocyte&Macrophage between HF and control samples, TNF
and MRC1 were found to be significantly different between the two
groups (Additional files 10b-e). This provided important clues to a
deeper understanding of the function of monocytes and
macrophages and their role in disease.

3.9 Clinical and animal validation of Hub
genes

To validate the expression levels of ICD-related hub genes in
HF, PBMCs were extracted from 15 clinical patients with HF and
controls for RT-qPCR analysis. Results revealed significant down-
regulation of CD163, FPRI1, and VSIG4 in patients with HF
(Figure 10a). Further investigation was conducted in heart tissues
using the HF rat model. Echocardiography showed reduced left
ventricular ejection fraction (LVEF) and left ventricular fractional
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shortening index (LVES), alongside increased left ventricular end-
systolic diameter (LVIDs) and left ventricular end-diastolic
diameter (LVIDd) in HF rats (Figures 10b-c). The ratios of heart
weight to body weight and lung weight to tibia length were
significantly elevated (Figure 10d). HE staining revealed
prominent cardiomyocyte hypertrophy, with inflammatory cell
infiltration in the HF group (Figure 10e). Masson staining
indicated severe fibrosis in the HF group (Figure 10f), and the
difference in fibrosis between the two groups was significant
(Figure 10g). Cardiac tissue RT-qPCR results confirmed that
CD163, FPR1, and VSIG4 were significantly down-regulated in
HEF rats (Figure 10h). The results of immunohistochemistry showed
that the expression of CD163" cells was decreased in the myocardial
tissue of HF mice (Additional file 11). These results suggested that
down-regulation of CD163, FPR1, and VSIG4 expression in HF
patients and HF rat models may be closely associated with
dysregulation of the immune system, decreased cardiac function,
and tissue damage.

4 Discussion

Cardiac immunology has recently emerged as a focal area of
research. While some aspects of immune regulation in HF are
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understood, many questions remain to be addressed. ICD is a form
of programmed cell death induced by antigens and adjuvants,
triggering downstream immune responses. However, the role and
mechanisms of ICD in HF pathophysiology remain unclear. In this
study, three ICD-related biomarkers—CD163, FPR1, and VSIG4—
were identified in patients with HF using transcriptomic and single-
cell dataset analyses (Additional file 12). Previous studies have
shown that these three genes, as combined markers, may act
synergistically to affect the occurrence and development of HF
and non-alcoholic fatty liver disease by regulating mechanisms such

Frontiers in Immunology

as immune response and monocyte migration. In addition, their
association with natural killer (NK) cells and macrophages was also
found, further supporting their important role in the immune
response (39).

Single-cell sequencing data in this study were obtained from the
research by Koenig et al. (12). Unlike the study by Koenig, our work
systematically integrated multiomics analyses (including
transcriptomes and single-cell sequencing), machine-learning
approaches (e.g., SVM-RFE and random forests), and immune
infiltration assessments, which were not comprehensively
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Clinical and animal validation of hub genes. (a) Expression of CD163, FPR1, and VSIG4 in peripheral blood mononuclear cells of patients with HF and
NHF individuals (Unpaired t test, **P < 0.01, ***P < 0.001). (b-c) Echocardiograms of the HF rat model and sham group (Unpaired t test,

***P < 0.001). (d) The ratios of heart weight to body weight and lung weight to tibia length in rat model (Unpaired t test, *P < 0.05). (e-f) HE and
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FPR1, and VSIG4 in the hearts of HF and sham groups (Unpaired t test, *P < 0.05, **P < 0.01).

combined in their study. Furthermore, this study identified the
association of CD163, FPR1, and VSIG4 with ICD, a connection
that Koenig et al. did not investigate. Specifically, during ICD,
certain molecules, especially ANXAI, may enhance local

inflammatory responses by binding to FPRI1 receptors and

MERTK, CD163, STAB1, MRC1 M2 macrophage . . .

activating macrophages and monocytes. At the same time, the
activation of fibroblasts may promote vascular wall structural
FCN1 Non-classical monocyte changes and fibrosis (40). Therefore, targeting FPR1 or ICD-
related pathways may be a potential strategy for the treatment of
ascending aortic aneurysm. When tumor cells develop ICD through

TABLE 2 Marker gene annotation information for key
cell subpopulations.

BASP1, CXCL8, GPR183 Classical monocyte

FCGR3A Intermediate monocyte
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radiotherapy or other therapeutic modalities, macrophages
recognize tumor cell death signals through CD163 receptors.
CD163" macrophages are normally in an immunosuppressive
state and help tumors evade immune surveillance by promoting
Treg cell infiltration and inhibiting effector T cell function (41). In
addition, carbon ion radiotherapy has been shown to effectively
reduce fiber deposition in scar tissue by inducing ICD of fibroblasts,
slowing their proliferation and promoting their death (42). Another
study pointed out that ICD may affect cancer-associated fibroblasts
by regulating immune responses, thereby altering tumor
progression and patient survival prognosis. Although no
association between ICD and macrophages or fibroblasts has been
found in HF, these immune cells may affect the occurrence and
development of HF through the ICD process. Additionally,
potential therapeutic targets were proposed via drug prediction,
such as carbachol and etynodiol, which target all three biomarkers.
Collectively, this study not only extends the findings of Koenig et al.
but also offers novel insights and references for future research
in HF.

CD163 (Cluster of Differentiation 163), a 130 kDa cell surface
glycoprotein, is predominantly expressed on monocytes and
macrophages. It plays significant roles in metabolic diseases and
immune regulation and is considered a promising target for drug
development (43, 44). Soluble CD163 (sCD163) is a soluble
inflammatory mediator produced through the enzymatic
hydrolysis of CD163 (45). CD163 expression tends to be low in
conditions such as non-alcoholic fatty liver (39, 46) and ischemic
cardiomyopathy (47), whereas sCD163 tends to be elevated in
hypertension (48) and diabetes (49, 50). Additionally, sCD163 has
been linked to increased cardiovascular mortality in diabetic
patients. In HF, CD163 expression is down-regulated in cardiac
tissues (39, 51), consistent with both bioinformatics and
experimental findings in this study. CD163 expression in cardiac
tissue is also associated with hyperlipidemia (52) and cellular
stemness (51). Moreover, sCD163 is highly expressed in the blood
of patients with HF (53), though the mechanisms driving this
increase remain under investigation. Some studies suggest that
sCD163 levels are influenced by left ventricular diastolic volume
(53), while others have linked sCD163 to monocyte activation,
particularly activation related to the M2 phenotype (54), which
warrants further exploration. In addition, research has
demonstrated that CD163 serves as a critical link between the
immune system, inflammatory response, and cardiovascular disease
by not only reflecting the activation of immune cells, particularly
macrophages, but also modulating immune responses (54).
Furthermore, in another study, CD163, acting as a macrophage
marker, was found to play a significant role in regulating
inflammation and the tumor microenvironment (44). This study
also found a reduction in CD163 expression in macrophages in HF,
suggesting that the progression of HF may be linked to decreased
CD163 expression in macrophages.

FPRI (Formyl Peptide Receptor 1), a key member of the G
protein-coupled receptor family, plays a critical role in the
inflammatory process and immune cell recruitment. It is highly
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expressed in macrophages (55) and mediates macrophage
chemotactic motility and functional activation by binding to
TAFA4 (56, 57). FPR1 is a well-established target for clinical
therapeutic drugs, with various agonists and inhibitors developed
for its modulation (58). Studies have demonstrated that FPRI1
modulates the immune response and repair process of the heart
by regulating macrophage activity, and dysregulation of the
immune response following cardiac injury may contribute to the
development of HF (59). Moreover, FPR1 may mitigate
inflammatory responses and facilitate cardiac repair and recovery
in HF through the regulation of macrophage function (60). Studies
suggest that FPR1 may be a promising drug target for
cardiovascular diseases, aiding both diagnosis and treatment (61).
It plays a negative regulatory role in myocardial ischemia-
reperfusion and coronary atherosclerosis but a positive regulatory
role in myocardial infarction. FPR1 contributes to atherosclerotic
lesions by modulating the number of blood neutrophils under
hypercholesterolemia (62) and exacerbates myocardial cell
apoptosis and inflammation during ischemia-reperfusion through
the MAPK signaling pathway (63). However, FPR1 activation has
been shown to improve left ventricular remodeling after myocardial
infarction in mice and rats, potentially by promoting early
neutrophil migration and infiltration, thus accelerating wound
healing (64). In the present study, decreased expression of FPR1
was observed in PBMCs from patients with HF and in the hearts of
HF rats through both bioinformatics and experimental validation.
However, no significant difference in FPR1 expression was found in
macrophages in HF. Notably, FPR1 expression gradually increased
during macrophage differentiation, suggesting its potential as a
therapeutic target for HF.

VSIG4 (V-set and immunoglobulin domain containing 4) is a
type I transmembrane receptor that inhibits T cell activation and
induces the differentiation of regulatory T cells, thus suppressing
immune-mediated inflammatory diseases (65). Soluble VSIG4, shed
from the surface of macrophages, serves as a biomarker for diseases
associated with macrophage activation (66). VSIG4 has a protective
role in cardiovascular diseases and can alleviate age-related insulin
resistance and hypertension (67). Additionally, research has
highlighted that VSIG4, as a critical immune marker, is strongly
associated with macrophage function and plays a pivotal role in both
the immune response and the diagnosis of HF (39, 68). In myocardial
ischemia/reperfusion (I/R) injury, VSIG4 inhibits M1 macrophage
polarization by blocking TLR4/NF-kB signaling, thus preventing
cardiomyocyte apoptosis (69). However, VSIG4 expression in M2
macrophages promotes fibrosis after acute myocardial infarction,
suggesting its potential as an immunomodulatory therapeutic target
(70). In HF, VSIG4 expression is significantly down-regulated in
patients with right ventricular HF (71), while serum levels of VSIG4
are elevated in patients with left ventricular HF, with high levels
correlating with poor prognosis (72). In the present study, VSIG4
expression was decreased in macrophages in HF, and its expression
showed a decreasing trend during macrophage differentiation, further
suggesting that HF progression may be linked to the expression of
VSIG4 in macrophages.
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GSEA enrichment analysis reveals that the three biomarkers are
significantly enriched in ribosomes. The enhanced translation
function of ribosomes is a hallmark of cardiac hypertrophy, and
inhibiting ribosomal translation can effectively mitigate
hypertrophy (73). However, systemic inhibition of ribosomal
translation may cause adverse effects in organs outside the heart.
For example, while rapamycin effectively inhibits cardiac
hypertrophy, it can lead to severe consequences such as immune
suppression (74). Recent studies have identified the cardiac-specific
nuclear ribonucleoprotein (RNP)-binding long non-coding RNA
(IncRNA) CARDINAL, which alleviates cardiac hypertrophy in vivo
and in vitro by inhibiting the translation of hypertrophy-related
proteins (75). In the study by Koji Kasahara et al. (76), FPR1
indirectly influenced ribosomal function through the regulation of
ribosomal protein gene expression. Additionally, VSIG4, an up-
regulated gene, is linked to ribosome function, implying its potential
significance in protein synthesis or cellular function regulation (77).
Prior research has demonstrated that CD163 expression correlates
with the mTOR signaling pathway (78), which governs translation
initiation and ribosome biogenesis (79). The biomarkers identified
in this study are all associated with ribosomes, offering a new
avenue for basic research. Single-cell analysis highlights the pivotal
role of monocytes and macrophages in HF progression, with cardiac
macrophages regulating both survival and adaptive remodeling in
patients with HF. However, these macrophages are highly infiltrated
in the hearts of patients with HF, potentially due to the elevated
expression of Ang II, which mobilizes macrophages (80).
Macrophages are categorized into M1 and M2 types based on
their secreted factors and functions. Promoting the conversion of
M1 to M2 macrophages and maintaining a balance between these
two subtypes may provide an effective strategy for treating HF (81).
It has been demonstrated that sodium-glucose cotransporter 2
(SGLT2) inhibitors can reduce fibrosis markers by promoting M2
macrophage polarization and enhancing angiogenic factors (82),
while nicorandil can suppress the production of pro-inflammatory
cytokines by inhibiting M1 polarization (83). Furthermore, this
study found a positive correlation between the expression levels of
these three biomarkers and M2 macrophages, suggesting that
targeting these biomarkers to modulate macrophage homeostasis
in HF may offer a promising therapeutic strategy.

Cell subtype communication analysis revealed that fibroblasts
likely engage in frequent interactions with monocytes,
macrophages, NK cells, T cells, and B cells. Previous studies have
demonstrated that macrophages influence cardiac function by
modulating fibroblast activity and affecting the remodeling and
excessive deposition of extracellular matrix (ECM) (84). During
cardiac inflammation and remodeling, macrophages and fibroblasts
exhibit a close interconnection. Notably, M1 macrophages release
pro-inflammatory cytokines, activate fibroblasts, and drive the
progression of fibrosis (85). Additionally, research has shown that
macrophages interact with TWEAK via the receptor CD163,
playing a critical role in cardiac fibrosis and HF (86). VSIG4
promotes cardiac fibrosis repair during acute myocardial
infarction (AMI) by regulating M2-type macrophage function and
interacting with immune factors such as TGF-B1 and IL-10 (70).
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Furthermore, the FPRI receptor is crucial for the aggregation and
activation of immune cells, including monocytes and macrophages,
which subsequently impacts fibroblast activation and fibrosis,
thereby promoting inflammatory and fibrotic responses in the
heart and lung (87). Collectively, the intricate crosstalk between
immune cells and fibroblasts plays a pivotal role in the pathogenesis
of cardiac inflammation and fibrosis, offering potential therapeutic
targets and novel strategies for treating cardiac fibrosis.

In this paper, drug prediction was performed based on three
biomarkers, and it was found that carbachol and etynodiol may
have potential roles for all three biomarkers. Carbachol, a structural
analogue of acetylcholine that acts on muscarinic and nicotinic
receptors, is used clinically to treat glaucoma (88). Only a few
literatures have found that carbachol increases phagocytosis of
macrophages in vitro (89). Progestin is the first progestin with
moderate progestogen activity, and progestin has some effect on
macrophages. In a clinical study of adolescent endometriosis, one-
year progestin treatment increased the number of CD206"
monocytes (P < 0.001) but decreased the number of CD163"
monocytes (P = 0.017) (90). The specific effects of the above two
drugs on macrophages are still superficial, and the relevant
mechanisms are not deeply studied. In addition, the effects of the
above two drugs on heart failure are lack of relevant research
support and still need to be further explored.

This study has several limitations. First, the dataset is relatively
small, necessitating the inclusion of larger, multi-center datasets
(e.g. UK Biobank, HF registry study data) for more robust
conclusions. Furthermore, validation in human and animal
models is preliminary; additional functional experiments, such as
gene knockout or overexpression studies, are needed to clarify the
roles of these biomarkers in HF progression. Simultaneously,
further experimental evidence is required to clarify the
relationship between biomarkers and ribosomes. Moreover,
existing studies have predominantly focused on monocytes/
macrophages, while the interactions with other cell types, such as
fibroblasts and cardiomyocytes, remain underexplored. Future
investigations could leverage spatial transcriptome technologies,
like Visium, to map co-localization regions and deepen our
understanding of macrophage-fibroblast interactions. Lastly, the
absence of experimental validation for drug predictions restricts
their direct clinical application. In subsequent studies, carbachol or
etynodiol could be administered in HF rat models to monitor
changes in CD163/VSIG4 expression levels, cardiac function
parameters, and inflammatory/fibrosis markers. Despite these
limitations, the study identifies novel mechanisms underlying HF
and highlights potential biomarkers, offering valuable insights for
the prevention and treatment of HF and establishing a foundation
for future research.

5 Conclusions
This study identified three biomarkers—CD163, FPRI1, and

VSIG4—associated with immunogenic cell death in patients with
HF, integrating transcriptomic data with single-cell datasets. The
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functions and biological pathways of these biomarkers were
examined, and the potential links between immunogenic cell
death-related genes and HF pathophysiology were explored.
Additionally, the expression of these biomarkers was validated in
both human and animal models, providing a novel theoretical
framework for clinical diagnosis and treatment of HF.
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ADDITIONAL FILE 1
Thirty-four ICD-related genes

ADDITIONAL FILE 2

Analysis of differential gene expression and sample clustering in HF. (a)
Volcano plot illustrating differentially expressed genes. (b) Heatmap
displaying the top 10 differentially expressed genes. (c) Comparison of
ssGSEA scores between heart failure and normal samples. The horizontal
axis represents the ssGSEA score, and the vertical axis represents sample
groupings (Wlicoxon rank sum test, ** P < 0.01). (d) Hierarchical clustering of
samples. Each branch in the clustering tree corresponds to a sample, with the
vertical coordinate representing the Euclidean distance of sample expression
levels. (e) Soft-thresholding analysis for network construction.

ADDITIONAL FILE 3
Expression analysis of biomarkers in GSE5406 dataset.

ADDITIONAL FILE 4
ROC curves of single-gene and nomogram models

ADDITIONAL FILE 5
Stacked column chart depicting differences in immune cell infiltration.

ADDITIONAL FILE 6
Quiality control results of single-cell sequencing.

ADDITIONAL FILE 7

Cellular heterogeneity and dimensionality reduction analysis. (a) Diagram for
screening highly variable genes. (b-c) Principal component analysis (PCA)
plots of cells. (d) UMAP plot for different cell clusters.

ADDITIONAL FILE 8
Bubble chart of cell marker genes.

ADDITIONAL FILE 9

Characterization of Monocyte and Macrophage subpopulations and their
differentiation dynamics. (a-b) Expression levels of Marker genes in different
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cell populations. (c) Annotated cellular map of monocyte and macrophage
subpopulations. (d) Proposed temporal analysis plot of key cell subpopulations.
(e) Changes in biomarker expression during cell differentiation. (f) The stacked
plots of cell subpopulations in different differentiation states

ADDITIONAL FILE 10
TNF and MRC1 were significantly different between HF and control samples.
(a) Visualization of the proportions of cell subtypes under different groupings.

References

1. Khan MS, Shahid I, Bennis A, Rakisheva A, Metra M, Butler. J. Global
epidemiology of heart failure. Nat Rev Cardiol. (2024) 21:717-34. doi: 10.1038/
§41569-024-01046-6

2. Savarese G, Becher PM, Lund LH, Seferovic P, Rosano GMC, Coats. AJS. Global
burden of heart failure: a comprehensive and updated review of epidemiology.
Cardiovasc Res. (2023) 118:3272-87. doi: 10.1093/cvr/cvac013

3. Ostrominski JW, DeFilippis EM, Bansal K, Riello R], Bozkurt 3B, Heidenreich PA,
et al. Contemporary american and european guidelines for heart failure management:
JACC: heart failure guideline comparison. JACC Heart Fail. (2024) 12:810-25.
doi: 10.1016/j.jchf.2024.02.020

4. Markousis-Mavrogenis G, Baumhove L, Al-Mubarak AA, Aboumsallem JP,
Bomer N, Voors AA, et al. Inmunomodulation and immunopharmacology in heart
failure. Nat Rev Cardiol. (2024) 21:119-49. doi: 10.1038/s41569-023-00919-6

5. Meier P, Legrand AJ, Adam D, Silke. J. Immunogenic cell death in cancer:
targeting necroptosis to induce antitumour immunity. Nat Rev Cancer. (2024) 24:299-
315. doi: 10.1038/s41568-024-00674-x

6. Arimoto KI, Miyauchi S, Liu M, Zhang. DE. Emerging role of immunogenic cell
death in cancer immunotherapy. Front Immunol. (2024) 15:1390263. doi: 10.3389/
fimmu.2024.1390263

7. Tian Z, Li X, Jiang. D. Analysis of immunogenic cell death in atherosclerosis based
on scRNA-seq and bulk RNA-seq data. Int Immunopharmacol. (2023) 119:110130.
doi: 10.1016/j.intimp.2023.110130

8. Zhang YJ, Huang C, Zu XG, Liu JM, Li. YJ. Use of machine learning for the
identification and validation of immunogenic cell death biomarkers and
immunophenotypes in coronary artery disease. J Inflammation Res. (2024) 17:223-
49. doi: 10.2147/jir.5439315

9. Qin L, Li S, Cao X, Huang T, Liu Y, Chen. O. Potential diagnostic biomarkers for
immunogenic cell death in elderly female patients with ischemic stroke: identification
and analysis. Sci Rep. (2024) 14:14553. doi: 10.1038/s41598-024-65390-w

10. Liu Y, Morley M, Brandimarto J, Hannenhalli S, Hu Y, Ashley EA, et al. RNA-
Seq identifies novel myocardial gene expression signatures of heart failure. Genomics.
(2015) 105:83-9. doi: 10.1016/j.ygeno.2014.12.002

11. Barth AS, Kuner R, Buness A, Ruschhaupt M, Merk S, Zwermann L, et al.
Identification of a common gene expression signature in dilated cardiomyopathy across
independent microarray studies. ] Am Coll Cardiol. (2006) 48:1610-7. doi: 10.1016/
j.jacc.2006.07.026

12. Koenig AL, Shchukina I, Amrute J, Andhey PS, Zaitsev K, Lai L, et al. Single-cell
transcriptomics reveals cell-type-specific diversification in human heart failure. Nat
Cardiovasc Res. (2022) 1:263-80. doi: 10.1038/s44161-022-00028-6

13. Garg AD, De Ruysscher D, Agostinis. P. Immunological metagene signatures
derived from immunogenic cancer cell death associate with improved survival of
patients with lung, breast or ovarian Malignancies: A large-scale meta-analysis.
Oncoimmunology. (2016) 5:¢1069938. doi: 10.1080/2162402x.2015.1069938

14. Zhang L, Zhang X, Liu H, Yang C, Yu J, Zhao W, et al. MTFR2-dependent
mitochondrial fission promotes HCC progression. J Transl Med. (2024) 22:73.
doi: 10.1186/512967-023-04845-6

15. Gustavsson EK, Zhang D, Reynolds RH, Garcia-Ruiz S, Ryten. M. ggtranscript:
an R package for the visualization and interpretation of transcript isoforms using
ggplot2. Bioinformatics. (2022) 38:3844-6. doi: 10.1093/bioinformatics/btac409

16. Gu Z, Eils R, Schlesner. M. Complex heatmaps reveal patterns and correlations
in multidimensional genomic data. Bioinformatics. (2016) 32:2847-9. doi: 10.1093/
bioinformatics/btw313

17. Hénzelmann S, Castelo R, Guinney. J. GSVA: gene set variation analysis for
microarray and RNA-seq data. BMC Bioinf. (2013) 14:7. doi: 10.1186/1471-2105-14-7

18. Langfelder P, Horvath. S. WGCNA: an R package for weighted correlation
network analysis. BMC Bioinf. (2008) 9:559. doi: 10.1186/1471-2105-9-559

19. Mao W, Ding ], Li Y, Huang R, Wang. B. Inhibition of cell survival and invasion
by Tanshinone IIA via FTHI: A key therapeutic target and biomarker in head and neck
squamous cell carcinoma. Exp Ther Med. (2022) 24:521. doi: 10.3892/etm.2022.11449

20. Wang L, Wang D, Yang L, Zeng X, Zhang Q, Liu G, et al. Cuproptosis related
genes associated with Jabl shapes tumor microenvironment and pharmacological

Frontiers in Immunology

10.3389/fimmu.2025.1560903

(b-e) Expression of NOS2, TNF, ARG1, and MRC1 genes in
Monocyte&Macrophage between HF and control samples.

ADDITIONAL FILE 11
Expression of CD163"macrophages in rat myocardium.

ADDITIONAL FILE 12
The flowchart of this research.

profile in nasopharyngeal carcinoma. Front Immunol. (2022) 13:989286. doi: 10.3389/
fimmu.2022.989286

21. Wu T, Hu E, Xu S, Chen M, Guo P, Dai Z, et al. clusterProfiler 4.0: A universal
enrichment tool for interpreting omics data. Innovation (Camb). (2021) 2:100141.
doi: 10.1016/j.xinn.2021.100141

22. Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage D, et al. Cytoscape:
a software environment for integrated models of biomolecular interaction networks.
Genome Res. (2003) 13:2498-504. doi: 10.1101/gr.1239303

23. Conway JR, Lex A, Gehlenborg. N. UpSetR: an R package for the visualization of
intersecting sets and their properties. Bioinformatics. (2017) 33:2938-40. doi: 10.1093/
bioinformatics/btx364

24. Yang L, Pan X, Zhang Y, Zhao D, Wang L, Yuan G, et al. Bioinformatics analysis
to screen for genes related to myocardial infarction. Front Genet. (2022) 13:990888.
doi: 10.3389/fgene.2022.990888

25. Zhao P, Zhen H, Zhao H, Huang Y, Cao. B. Identification of hub genes and
potential molecular mechanisms related to radiotherapy sensitivity in rectal cancer
based on multiple datasets. ] Transl Med. (2023) 21:176. doi: 10.1186/s12967-023-
04029-2

26. Liu Z, Wang L, Xing Q, Liu X, Hu Y, Li W, et al. Identification of GLS as a
cuproptosis-related diagnosis gene in acute myocardial infarction. Front Cardiovasc
Med. (2022) 9:1016081. doi: 10.3389/fcvm.2022.1016081

27. Robin X, Turck N, Hainard A, Tiberti N, Lisacek F, Sanchez JC, et al. pROC: an
open-source package for R and S+ to analyze and compare ROC curves. BMC Bioinf.
(2011) 12:77. doi: 10.1186/1471-2105-12-77

28. Xu J, Yang T, Wu F, Chen T, Wang A, Hou. S. A nomogram for predicting
prognosis of patients with cervical cerclage. Heliyon. (2023) 9:¢21147. doi: 10.1016/
j-heliyon.2023.e21147

29. Unger-Plasek B, Temesi A, Lakner. Z. Towards understanding the motivators of
sustainable consumer behavior-validation of the food eco-guilt scale. Nutrients. (2024)
16:(21). doi: 10.3390/nul6213695

30. Chen B, Khodadoust MS, Liu CL, Newman AM, Alizadeh. AA. Profiling tumor
infiltrating immune cells with CIBERSORT. Methods Mol Biol. (2018) 1711:243-59.
doi: 10.1007/978-1-4939-7493-1_12

31. Chen F, Yang Y, Zhao Y, Pei L, Yan. H. Immune infiltration proﬁling in
nonsmall cell lung cancer and their clinical significance: study based on gene expression
measurements. DNA Cell Biol. (2019) 38:1387-401. doi: 10.1089/dna.2019.4899

32. Gu Z, Hibschmann. D. Make interactive complex heatmaps in R.
Bioinformatics. (2022) 38:1460-2. doi: 10.1093/bioinformatics/btab806

33. Hao Y, Hao S, Andersen-Nissen E, Mauck WM, Zheng 3S, Butler A, et al.
Integrated analysis of multimodal single-cell data. Cell. (2021) 184:3573-3587.e29.
doi: 10.1016/j.cell.2021.04.048

34. Griss J, Viteri G, Sidiropoulos K, Nguyen V, Fabregat A, Hermjakob. H.
ReactomeGSA - efficient multi-omics comparative pathway analysis. Mol Cell
Proteom. (2020) 19:2115-25. doi: 10.1074/mcp.TIR120.002155

35. Jin S, Guerrero-Juarez CF, Zhang L, Chang I, Ramos R, Kuan CH, et al. Inference
and analysis of cell-cell communication using CellChat. Nat Commun. (2021) 12:1088.
doi: 10.1038/s41467-021-21246-9

36. Qiu X, Hill A, Packer J, Lin D, Ma YA, Trapnell. C. Single-cell mRNA
quantification and differential analysis with Census. Nat Methods. (2017) 14:309-15.
doi: 10.1038/nmeth.4150

37. Jiang Y, Yu W, Hu T, Peng H, Hu F, Yuan Y, et al. Unveiling macrophage
diversity in myocardial ischemia-reperfusion injury: identification of a distinct lipid-
associated macrophage subset. Front Immunol. (2024) 15:1335333. doi: 10.3389/
fimmu.2024.1335333

38. Hu W, Tu H, Wadman MC, Li YL, Zhang. D. Renal denervation achieves its
antiarrhythmic effect through attenuating macrophage activation and
neuroinflammation in stellate ganglia in chronic heart failure. Cardiovasc Res. (2024)
120(18):2420-33. doi: 10.1093/cvr/cvael96

39. Zhang Y, Feng L, Guan X, Zhu Z, He Y, Li. X. Non-alcoholic fatty liver disease
and heart failure: A comprehensive bioinformatics and Mendelian randomization
analysis. ESC Heart Fail. (2024) 11:4185-200. doi: 10.1002/ehf2.15019

frontiersin.org


https://doi.org/10.1038/s41569-024-01046-6
https://doi.org/10.1038/s41569-024-01046-6
https://doi.org/10.1093/cvr/cvac013
https://doi.org/10.1016/j.jchf.2024.02.020
https://doi.org/10.1038/s41569-023-00919-6
https://doi.org/10.1038/s41568-024-00674-x
https://doi.org/10.3389/fimmu.2024.1390263
https://doi.org/10.3389/fimmu.2024.1390263
https://doi.org/10.1016/j.intimp.2023.110130
https://doi.org/10.2147/jir.S439315
https://doi.org/10.1038/s41598-024-65390-w
https://doi.org/10.1016/j.ygeno.2014.12.002
https://doi.org/10.1016/j.jacc.2006.07.026
https://doi.org/10.1016/j.jacc.2006.07.026
https://doi.org/10.1038/s44161-022-00028-6
https://doi.org/10.1080/2162402x.2015.1069938
https://doi.org/10.1186/s12967-023-04845-6
https://doi.org/10.1093/bioinformatics/btac409
https://doi.org/10.1093/bioinformatics/btw313
https://doi.org/10.1093/bioinformatics/btw313
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.3892/etm.2022.11449
https://doi.org/10.3389/fimmu.2022.989286
https://doi.org/10.3389/fimmu.2022.989286
https://doi.org/10.1016/j.xinn.2021.100141
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1093/bioinformatics/btx364
https://doi.org/10.1093/bioinformatics/btx364
https://doi.org/10.3389/fgene.2022.990888
https://doi.org/10.1186/s12967-023-04029-2
https://doi.org/10.1186/s12967-023-04029-2
https://doi.org/10.3389/fcvm.2022.1016081
https://doi.org/10.1186/1471-2105-12-77
https://doi.org/10.1016/j.heliyon.2023.e21147
https://doi.org/10.1016/j.heliyon.2023.e21147
https://doi.org/10.3390/nu16213695
https://doi.org/10.1007/978-1-4939-7493-1_12
https://doi.org/10.1089/dna.2019.4899
https://doi.org/10.1093/bioinformatics/btab806
https://doi.org/10.1016/j.cell.2021.04.048
https://doi.org/10.1074/mcp.TIR120.002155
https://doi.org/10.1038/s41467-021-21246-9
https://doi.org/10.1038/nmeth.4150
https://doi.org/10.3389/fimmu.2024.1335333
https://doi.org/10.3389/fimmu.2024.1335333
https://doi.org/10.1093/cvr/cvae196
https://doi.org/10.1002/ehf2.15019
https://doi.org/10.3389/fimmu.2025.1560903
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Wang et al.

40. Tian Z, Zhang P, Li X, Jiang. D. Analysis of immunogenic cell death in ascending
thoracic aortic aneurysms based on single-cell sequencing data. Front Immunol. (2023)
14:1087978. doi: 10.3389/fimmu.2023.1087978

41. Lip H, Zetrini A, Park E, Cai P, Abbasi AZ, Huyan T, et al. Mitigating
radioresistance mechanisms by polymer-lipid manganese dioxide nanoparticles
enhances immunogenic cell death and antitumor immune response to facilitate
abscopal effect in breast tumor models. Drug Delivery Transl Res. (2025).
doi: 10.1007/s13346-025-01873-1

42. Zhou H, Yang P, Zhang T, Kepp O, Ren Y, Jiang N, et al. The role of apoptosis,
immunogenic cell death, and macrophage polarization in carbon ion radiotherapy for
keloids: Targeting the TGF-B1/SMADs signaling pathway. Biochim Biophys Acta Mol
Basis Dis. (2025) 1871:167499. doi: 10.1016/j.bbadis.2024.167499

43. Ratajczak W, Atkinson SD, Kelly. C. The TWEAK/Fn14/CD163 axis-
implications for metabolic disease. Rev Endocr Metab Disord. (2022) 23:449-62.
doi: 10.1007/s11154-021-09688-4

44. Skytthe MK, Graversen JH, Moestrup. SK. Targeting of CD163(+) macrophages
in inflammatory and Malignant diseases. Int ] Mol Sci. (2020) 21:(15). doi: 10.3390/
ijms21155497

45. Plevriti A, Lamprou M, Mourkogianni E, Skoulas N, Giannakopoulou M, Sajib
MS, et al. The role of soluble CD163 (sCD163) in human physiology and
pathophysiology. Cells. (2024) 13:(20). doi: 10.3390/cells13201679

46. Li G, Lu Z, Chen Z. Identification of common signature genes and pathways
underlying the pathogenesis association between nonalcoholic fatty liver disease and
heart failure. Front Immunol. (2024) 15:1424308. doi: 10.3389/fimmu.2024.1424308

47. Wang J, Xie S, Cheng Y, Li X, Chen J, Zhu M. Identification of potential
biomarkers of inflammation-related genes for ischemic cardiomyopathy. Front
Cardiovasc Med. (2022) 9:972274. doi: 10.3389/fcvm.2022.972274

48. Al-Daghri NM, Al-Attas OS, Bindahman LS, Alokail MS, Alkharfy KM, Draz
HM, et al. Soluble CD163 is associated with body mass index and blood pressure in
hypertensive obese Saudi patients. Eur J Clin Invest. (2012) 42(11):1221-6.
doi: 10.1111/j.1365-2362.2012.02714.x

49. Siwan E, Twigg SM, Min D. Alterations of CD163 expression in the
complications of diabetes: A systematic review. J Diabetes Complications. (2022) 36
(4):108150. doi: 10.1016/j.jdiacomp.2022.108150

50. Semnani-Azad Z, Blanco Mejia S, Connelly PW, Bazinet RP, Retnakaran R,
Jenkins DJA, et al. The association of soluble CD163, a novel biomarker of macrophage
activation, with type 2 diabetes mellitus and its underlying physiological disorders: A
systematic review. Obes Rev. (2021) 22(8):¢13257. doi: 10.1111/0br.13257

51. Yan W, Li Y, Wang G, Huang Y, Xie. P. Clinical application and immune
infiltration landscape of stemness-related genes in heart failure. ESC Heart Fail. (2024)
12(1):250-70. doi: 10.1002/ehf2.15055

52. Wang C, Yang H, Gao. C. Potential biomarkers for heart failure. J Cell Physiol.
(2019) 234:9467-74. doi: 10.1002/jcp.27632

53. Ptaszynska-Kopczynska K, Marcinkiewicz-Siemion M, Lisowska A,
Waszkiewicz E, Witkowski M, Jasiewicz M, et al. Alterations of soluble TWEAK and
CD163 concentrations in patients with chronic heart failure. Cytokine. (2016) 80:7-12.
doi: 10.1016/j.cy0.2016.02.005

54. Durda P, Raffield LM, Lange EM, Olson NC, Jenny NS, Cushman M, et al.
Circulating soluble CD163, associations with cardiovascular outcomes and mortality,
and identification of genetic variants in older individuals: the cardiovascular health
study. J Am Heart Assoc. (2022) 11:e024374. doi: 10.1161/jaha.121.024374

55. PeiX, Liu L, Wang J, Guo C, Li Q, Li ], et al. Exosomal secreted SCIMP regulates
communication between macrophages and neutrophils in pneumonia. Nat Commun.
(2024) 15:691. doi: 10.1038/s41467-024-44714-4

56. Wang Z, Wang Y, Yan Q, Cai C, Feng Y, Huang Q, et al. FPRI signaling
aberrantly regulates S100A8/A9 production by CD14(+)FCNI1(hi) macrophages and
aggravates pulmonary pathology in severe COVID-19. Commun Biol. (2024) 7:1321.
doi: 10.1038/542003-024-07025-4

57. Zhu S, Hu X, Bennett S, Mai Y, Xu. J. Molecular structure, expression and role of
TAFA4 and its receptor FPR1 in the spinal cord. Front Cell Dev Biol. (2022) 10:911414.
doi: 10.3389/fcell.2022.911414

58. Yi X, Tran E, Odiba JO, Qin CX, Ritchie RH, Baell. JB. The formyl peptide
receptors FPR1 and FPR2 as targets for inflammatory disorders: recent advances in the
development of small-molecule agonists. Eur ] Med Chem. (2024) 265:115989.
doi: 10.1016/j.ejmech.2023.115989

59. Vafadarnejad E, Rizzo G, Krampert L, Arampatzi P, Arias-Loza AP, Nazzal Y,
et al. Dynamics of cardiac neutrophil diversity in murine myocardial infarction. Circ
Res. (2020) 127:€232-49. doi: 10.1161/circresaha.120.317200

60. Asahina Y, Wurtz NR, Arakawa K, Carson N, Fujii K, Fukuchi K, et al. Discovery
of BMS-986235/LAR-1219: A potent formyl peptide receptor 2 (FPR2) selective agonist
for the prevention of heart failure. ] Med Chem. (2020) 63:9003-19. doi: 10.1021/
acs.jmedchem.9b02101

61. Zhangsun Z, Dong Y, Tang J, Jin Z, Lei W, Wang C, et al. FPR1: A critical gatekeeper
of the heart and brain. Pharmacol Res. (2024) 202:107125. doi: 10.1016/j.phrs.2024.107125

62. Déring Y, Bender A, Soehnlein. O. Lack of formyl-peptide receptor 1 mitigates

Frontiers in Immunology

10.3389/fimmu.2025.1560903

atherosclerosis in hyperlipidemic mice. Thromb Haemost. (2024) 124:986-9. doi: 10.1055/s-
0044-1787264

63. Zhou QL, Teng F, Zhang YS, Sun Q, Cao YX, Meng. GW. FPRI1 gene silencing
suppresses cardiomyocyte apoptosis and ventricular remodeling in rats with ischemia/
reperfusion injury through the inhibition of MAPK signaling pathway. Exp Cell Res.
(2018) 370:506-18. doi: 10.1016/j.yexcr.2018.07.016

64. Garcia RA, Ito BR, Lupisella JA, Carson NA, Hsu MY, Fernando G, et al.
Preservation of post-infarction cardiac structure and function via long-term oral formyl
peptide receptor agonist treatment. JACC Basic Transl Sci. (2019) 4:905-20.
doi: 10.1016/j.jacbts.2019.07.005

65. Li Y, Wang Q, LiJ, Li A, Wang Q, Zhang Q, et al. Therapeutic modulation of V
Set and Ig domain-containing 4 (VSIG4) signaling in immune and inflammatory
diseases. Cytotherapy. (2023) 25(6):561-72. doi: 10.1016/j.jcyt.2022.12.004

66. Liu B, Cheng L, Gao H, Zhang J, Dong Y, Gao W, et al. The biology of VSIG4:
Implications for the treatment of immune-mediated inflammatory diseases and cancer.
Cancer Lett. (2023) 553:215996. doi: 10.1016/j.canlet.2022.215996

67. Liu MA, Shahabi S, Jati S, Tang K, Gao H, Jin Z, et al. Gut microbial DNA and
immune checkpoint gene Vsig4/CRIg are key antagonistic players in healthy aging and
age-associated development of hypertension and diabetes. Front Endocrinol
(Lausanne). (2022) 13:1037465. doi: 10.3389/fend0.2022.1037465

68. Li S, Ge T, Xu X, Xie L, Song S, Li R, et al. Integrating scRNA-seq to explore
novel macrophage infiltration-associated biomarkers for diagnosis of heart failure.
BMC Cardiovasc Disord. (2023) 23:560. doi: 10.1186/s12872-023-03593-1

69. Wang Y, Ding J, Song H, Teng Y, Fang. X. VSIG4 regulates macrophages
polarization and alleviates inflammation through activating PI3K/AKT and inhibiting
TLR4/NF-kB pathway in myocardial ischemia-reperfusion injury rats. Physiol Int.
(2022). doi: 10.1556/2060.2022.00055

70. Wang Y, Zhang Y, Li J, Li C, Zhao R, Shen C, et al. Hypoxia induces M2
macrophages to express VSIG4 and mediate cardiac fibrosis after myocardial
infarction. Theranostics. (2023) 13:2192-209. doi: 10.7150/thno.78736

71. di Salvo TG, Yang KC, Brittain E, Absi T, Maltais S, Hemnes. A. Right
ventricular myocardial biomarkers in human heart failure. ] Card Fail. (2015)
21:398-411. doi: 10.1016/j.cardfail.2015.02.005

72. Xie Z, Shen Y, Huang S, Shen W, Liu. J. Abnormal ADAMTS2 and VSIG4 in
serum of HF patients and their relationship with CRP, UA, and HCY. Clin Lab. (2022)
68:(5). doi: 10.7754/Clin.Lab.2021.210811

73. Milenkovic I, Santos Vieira HG, Lucas MC, Ruiz-Orera J, Patone G, Kesteven S,
et al. Dynamic interplay between RPL3- and RPL3L-containing ribosomes modulates
mitochondrial activity in the mammalian heart. Nucleic Acids Res. (2023) 51:5301-24.
doi: 10.1093/nar/gkad121

74. Gu J, Hu W, Song ZP, Chen YG, Zhang DD, Wang. CQ. Rapamycin inhibits
cardiac hypertrophy by promoting autophagy via the MEK/ERK/beclin-1 pathway.
Front Physiol. (2016) 7:104. doi: 10.3389/fphys.2016.00104

75. He X, Yang T, Lu YW, Wu G, Dai G, Ma Q, et al. The long noncoding RNA
CARDINAL attenuates cardiac hypertrophy by modulating protein translation. J Clin
Invest. (2024) 134:(13). doi: 10.1172/jci169112

76. Kasahara K, Nakayama R, Shiwa Y, Kanesaki Y, Ishige T, Yoshikawa H, et al.
Fprl, a primary target of rapamycin, functions as a transcription factor for ribosomal
protein genes cooperatively with Hmol in Saccharomyces cerevisiae. PloS Genet.
(2020) 16:€1008865. doi: 10.1371/journal.pgen.1008865

77. Textoris ], Ivorra D, Ben Amara A, Sabatier F, Ménard JP, Heckenroth H, et al.
Evaluation of current and new biomarkers in severe preeclampsia: a microarray
approach reveals the VSIG4 gene as a potential blood biomarker. PloS One. (2013) 8:
€82638. doi: 10.1371/journal.pone.0082638

78. Lund NC, Kayode Y, McReynolds MR, Clemmer DC, Hudson H, Clerc I, et al.
mTOR regulation of metabolism limits LPS-induced monocyte inflammatory and
procoagulant responses. Commun Biol. (2022) 5:878. doi: 10.1038/5s42003-022-03804-z

79. Simcox J, Lamming. DW. The central moTOR of metabolism. Dev Cell. (2022)
57:691-706. doi: 10.1016/j.devcel.2022.02.024

80. Rudi WS, Molitor M, Garlapati V, Finger S, Wild J, Miinzel T, et al. ACE
inhibition modulates myeloid hematopoiesis after acute myocardial infarction and
reduces cardiac and vascular inflammation in ischemic heart failure. Antioxid (Basel).
(2021) 10:(3). doi: 10.3390/antiox10030396

81. Shi M, Yuan H, Li Y, Guo Z, Wei. J. Targeting macrophage phenotype for
treating heart failure: A new approach. Drug Des Devel Ther. (2024) 18:4927-42.
doi: 10.2147/dddt.S486816

82. Lee TM, Chang NC, Lin. SZ. Dapagliflozin, a selective SGLT2 Inhibitor,
attenuated cardiac fibrosis by regulating the macrophage polarization via STAT3
signaling in infarcted rat hearts. Free Radic Biol Med. (2017) 104:298-310.
doi: 10.1016/j.freeradbiomed.2017.01.035

83. Zhang F, Xuan Y, Cui J, Liu X, Shao Z, Yu. B. Nicorandil modulated
macrophages activation and polarization via NF-kb signaling pathway. Mol
Immunol. (2017) 88:69-78. doi: 10.1016/j.molimm.2017.06.019

84. Yang B, Qiao Y, Yan D, Meng. Q. Targeting interactions between fibroblasts and
macrophages to treat cardiac fibrosis. Cells. (2024) 13:(9). doi: 10.3390/cells13090764

frontiersin.org


https://doi.org/10.3389/fimmu.2023.1087978
https://doi.org/10.1007/s13346-025-01873-1
https://doi.org/10.1016/j.bbadis.2024.167499
https://doi.org/10.1007/s11154-021-09688-4
https://doi.org/10.3390/ijms21155497
https://doi.org/10.3390/ijms21155497
https://doi.org/10.3390/cells13201679
https://doi.org/10.3389/fimmu.2024.1424308
https://doi.org/10.3389/fcvm.2022.972274
https://doi.org/10.1111/j.1365-2362.2012.02714.x
https://doi.org/10.1016/j.jdiacomp.2022.108150
https://doi.org/10.1111/obr.13257
https://doi.org/10.1002/ehf2.15055
https://doi.org/10.1002/jcp.27632
https://doi.org/10.1016/j.cyto.2016.02.005
https://doi.org/10.1161/jaha.121.024374
https://doi.org/10.1038/s41467-024-44714-4
https://doi.org/10.1038/s42003-024-07025-4
https://doi.org/10.3389/fcell.2022.911414
https://doi.org/10.1016/j.ejmech.2023.115989
https://doi.org/10.1161/circresaha.120.317200
https://doi.org/10.1021/acs.jmedchem.9b02101
https://doi.org/10.1021/acs.jmedchem.9b02101
https://doi.org/10.1016/j.phrs.2024.107125
https://doi.org/10.1055/s-0044-1787264
https://doi.org/10.1055/s-0044-1787264
https://doi.org/10.1016/j.yexcr.2018.07.016
https://doi.org/10.1016/j.jacbts.2019.07.005
https://doi.org/10.1016/j.jcyt.2022.12.004

https://doi.org/10.1016/j.canlet.2022.215996
https://doi.org/10.3389/fendo.2022.1037465
https://doi.org/10.1186/s12872-023-03593-1
https://doi.org/10.1556/2060.2022.00055
https://doi.org/10.7150/thno.78736
https://doi.org/10.1016/j.cardfail.2015.02.005
https://doi.org/10.7754/Clin.Lab.2021.210811
https://doi.org/10.1093/nar/gkad121
https://doi.org/10.3389/fphys.2016.00104
https://doi.org/10.1172/jci169112
https://doi.org/10.1371/journal.pgen.1008865
https://doi.org/10.1371/journal.pone.0082638
https://doi.org/10.1038/s42003-022-03804-z
https://doi.org/10.1016/j.devcel.2022.02.024
https://doi.org/10.3390/antiox10030396
https://doi.org/10.2147/dddt.S486816
https://doi.org/10.1016/j.freeradbiomed.2017.01.035
https://doi.org/10.1016/j.molimm.2017.06.019
https://doi.org/10.3390/cells13090764
https://doi.org/10.3389/fimmu.2025.1560903
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Wang et al.

85. Barcena ML, Niehues MH, Christiansen C, Estepa M, Haritonow N, Sadighi AH, et al.
Male macrophages and fibroblasts from C57/BL6] mice are more susceptible to
inflammatory stimuli. Front Immunol. (2021) 12:758767. doi: 10.3389/fimmu.2021.758767

86. Watany MM, Elhosary. MM. Clinical utility of circulating TWEAK and CD163
as biomarkers of iron-induced cardiac decompensation in transfusion dependent
thalassemia major. Cytokine. (2024) 173:156443. doi: 10.1016/j.cyt0.2023.156443

87. Margraf A, Chen J, Christoforou M, Claria-Ribas P, Henriques Schneider A,
Cecconello C, et al. Formyl-peptide receptor type 2 activation mitigates heart and lung

damage in inflammatory arthritis. EMBO Mol Med. (2025) 17(5):1153-83.
doi: 10.1038/s44321-025-00227-1

Frontiers in Immunology

21

10.3389/fimmu.2025.1560903

88. Kato N, Kambe T, Chiba T, Taguchi K, Abe. K. Analgesic effect of a cholinergic
agonist (carbachol) in a sural nerve ligation-induced hypersensitivity mouse model.
Neurol Res. (2024) 46:505-15. doi: 10.1080/01616412.2024.2337512

89. Moussa AT, Rabung A, Reichrath S, Wagenpfeil S, Dinh T, Krasteva-Christ G,
et al. Modulation of macrophage phagocytosis in vitro-A role for cholinergic
stimulation? Ann Anat. (2017) 214:31-5. doi: 10.1016/j.aanat.2017.07.007

90. Khashchenko EP, Krechetova LV, Vishnyakova PA, Fatkhudinov TK, Inviyaeva
EV, Vtorushina VV, et al. Altered monocyte and lymphocyte phenotypes associated
with pathogenesis and clinical efficacy of progestogen therapy for peritoneal
endometriosis in adolescents. Cells. (2024) 13:(14). doi: 10.3390/cells13141187

frontiersin.org


https://doi.org/10.3389/fimmu.2021.758767
https://doi.org/10.1016/j.cyto.2023.156443
https://doi.org/10.1038/s44321-025-00227-1
https://doi.org/10.1080/01616412.2024.2337512
https://doi.org/10.1016/j.aanat.2017.07.007
https://doi.org/10.3390/cells13141187
https://doi.org/10.3389/fimmu.2025.1560903
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Immunogenic cell death-related biomarkers in heart failure probed by transcriptome and single-cell sequencing
	1 Introduction
	2 Materials and methods
	2.1 Data collection
	2.2 Differential expression analysis
	2.3 Weighted gene co-expression networks analysis
	2.4 Enrichment analysis of candidate genes and protein-protein interactions network analysis
	2.5 Screening candidate biomarkers by machine learning
	2.6 Expression validation of candidate biomarkers
	2.7 Construction of a nomogram
	2.8 Gene set enrichment analysis
	2.9 Immune infiltration analysis
	2.10 Regulatory network analysis
	2.11 Single-cell RNA sequencing analysis
	2.12 Human Subjects and Extraction of PBMC
	2.13 Animal model (echocardiography)
	2.14 Staining
	2.15 Real-time quantitative PCR
	2.16 Statistical analysis

	3 Results
	3.1 Acquisition of key module genes
	3.2 Identification and enrichment analysis of candidate genes and PPI
	3.3 Machine learning for candidate biomarker screening
	3.4 Diagnosis and evaluation of biomarkers
	3.5 Functional analysis of biomarkers
	3.6 Analysis of immune cell infiltration
	3.7 Molecular regulatory network and drug prediction
	3.8 Single-cell RNA sequencing analysis
	3.9 Clinical and animal validation of Hub genes

	4 Discussion
	5 Conclusions
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Generative AI statement
	Publisher’s note
	Supplementary material
	References


