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Background: Cardiac macrophages are a heterogeneous population with high plasticity and adaptability, and their mechanisms in
heart failure (HF) remain poorly elucidated.

Methods: We used single-cell and bulk RNA sequencing data to reveal the heterogeneity of non-cardiomyocytes and assess the
immunoreactivity of each subpopulation. Additionally, we employed four integrated machine learning algorithms to identify macro-
phage-related genes with diagnostic value, and in vivo validation was performed. To assess the immune infiltration characteristics in
HF, we utilized the CIBERSORT and single sample gene set enrichment analysis (ssGSEA). An unsupervised consensus clustering
algorithm was applied to identify the macrophage-related HF subtypes. Furthermore, the scMetabolism was employed to explore the
specific metabolic patterns of the macrophage subtypes. Finally, CellChat was used to investigate cell-cell interactions among the
identified subtypes.

Results: The immunoreactivity score of macrophages in the HF was higher than that in the other cell types. GSEA of macrophage
clusters indicated a significant enrichment of leukocyte-mediated immune processes, antigen processing, and presentation. The
intersection of the results from machine learning revealed that SERPINA3, GPAT3, ANPEP, and FCER1G can serve as feature
genes and form a diagnostic model with a good predictive capability. Unsupervised consensus clustering algorithms reveal the immune
and metabolic subtypes of macrophages. The metabolic heterogeneity of macrophage subpopulations can lead to macrophage
polarization into different types, which may be related to the metabolic reprogramming between glycolysis and mitochondrial
oxidative phosphorylation. Cellular communication revealed that macrophages form a network of interactions with neutrophils to
support each other’s functions and maintenance. The complex efferent and afferent signals are closely associated with myocardial
fibrosis.

Conclusion: SERPINA3, GPAT3, ANPEP, and FCER1G can potentially serve as immune therapeutic targets and central biomarkers.
The immunological and metabolic heterogeneity of macrophages may offer a more precise direction to explore the mechanisms
underlying HF and novel immunotherapies.

Keywords: heart failure, single cell sequencing, machine learning, macrophage, diagnostic models, immune infiltration, metabolic
reprogramming

Introduction

Heart failure (HF) is a complex clinical syndrome that represents the end-stage manifestation of cardiovascular
diseases." Despite significant improvements in diagnostic and therapeutic approaches, including the application of
minimally invasive artificial heart technologies, leading to enhanced diagnosis and survival rates in patients with HF,
the incidence of HF remains high.? This underscores the need to further explore the molecular and cellular mechanisms

underlying HF. Emerging evidence indicates a close association between inflammatory activation, immune infiltration,
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and the occurrence, progression, and prognosis of HE.*® Infiltrating immune cells release cytokines such as TGF-B1
and TNF-q, promoting cardiac remodeling.® Therefore, investigating changes in the immune microenvironment and
key regulatory factors during HF development is of great significance for early diagnosis and prognosis prediction
in HF.

Macrophages play a significant role as integral components of the innate and adaptive immune responses and
contribute to electrical conduction, angiogenesis, vascular development, and mitochondrial homeostasis.” '* Studies
have shown that IL-10 derived from macrophages is upregulated during the development of hypertension or HF and
promotes cardiac fibrosis."' In hypertensive patients with HF and TREM2 deficiency, macrophages enhance the
expression of proinflammatory cytokines and suppress the expression of vascular growth genes.'? Furthermore, immune
cell activation is closely associated with metabolic alterations.'> Changes in macrophage metabolic patterns are
associated with several signaling pathways, such as mechanistic targets of rapamycin and AMP-activated protein kinase
pathways.'*!> Previous studies have demonstrated that metabolic pathways regulate macrophage polarization towards
different phenotypes during cardiac injury.'® The pro-inflammatory M1 macrophages exhibit glycolytic activity, and the
upregulation of glycolysis activates the pentose phosphate pathway, increasing NADPH-oxidase and producing reactive
oxygen species like hydrogen peroxide and superoxide.'” Glycolytic metabolism also promotes cytoskeletal remodeling
and the migration of macrophages to injury sites.'® In vitro studies indicate that macrophages lacking glucose transporter
1 or pyruvate dehydrogenase kinase 1 show reduced glycolysis and transition to a reparative M2 macrophage phenotype,
which relies on oxidative metabolism and fatty acid oxidation.'*° Previous research on cardiac innate immune cells has
primarily focused on acute injury, with significantly less emphasis on the role of macrophages in chronic remodeling and
HF. Pressure overload induced by transverse aortic constriction (TAC) leads to the expansion of CCR2- macrophages,
peaking at 1 week.?! Following increased pressure overload and pathological remodeling, there is a depletion of resident
cardiac macrophages, reduced angiogenesis, and exacerbated fibrosis.”? These observations highlight the adaptive role of
cardiac macrophages during chronic stress. Unfortunately, the metabolic profile of macrophages in chronic HF has yet to
be determined, and research on the role of macrophage metabolism in chronic cardiac remodeling is lacking. Therefore,
gaining a comprehensive understanding of the metabolic landscape of macrophages in HF could provide further insights
into targeted immunotherapies that focus on metabolism.

Although significant progress has been made in the study of macrophages, detailed mechanisms underlying HF
remain unclear. Bulk RNA sequencing (RNA-seq) has provided important insights into the pathogenesis of HF, but lacks
cell-specific information. The development of single-cell technologies is considered indispensable for investigating
immune heterogeneity and providing additional detailed information to uncover the immune landscape in HF.
Therefore, this study utilized a combination of bulk RNA-seq and single-cell RNA sequencing (scRNA-seq) to further
elucidate macrophage-associated gene features, the metabolic landscape, and intercellular communication in HF.

Materials and Methods

Data Collection

The datasets used in this study were sourced from Gene Expression Omnibus (GEO), a comprehensive gene expression
database. GSE222144 is an scRNA-seq dataset consisting of a normal and a HF samples.?> GSE57338 is a bulk RNA-seq
dataset comprising 313 individuals with or without HF.?* The GSE26887 dataset contained 24 samples with or without
HF and served as an external validation set to assess the accuracy of the diagnostic model further.*’

scRNA-Seq Data Processing

Quality control of the scRNA-seq data was performed using the Seurat package.”® After excluding low-quality cells
(gene expression <300 or mitochondrial gene expression >25%), we utilized the harmony package to integrate and
remove batch effects across different treatment datasets.”’” Dimensionality reduction using PCA was conducted to explore
cell heterogeneity. Specific cluster-defining genes were identified using the FindAllMarker function. Cell subpopulations
were annotated as known cell types using CellMarker 2.0, and marker genes from the literature.”®
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Selection of Differentially Expressed Genes and Immune Infiltration Analysis in Bulk

RNA-Seq

The raw data of GSE57338 were downloaded from the GEO database using the GEO query package and subsequently
normalized. Differential expression analysis using the limma package resulted in the identification of differentially expressed
genes with an adjusted p-value < 0.05 and [logFC| > 0.5 as differentially expressed genes. Moreover, based on the
CIBERSORT algorithm, we deduced the relative abundance of distinct immune cell types in both the normal and HF patient
samples. Further analyses were performed to assess the heterogeneity of the immune-infiltrating cells in patients with HF.

Scoring Immune-Related Gene Sets Based on Single-Cell Data

Using the AUCell R package, we computed the area under the curve (AUC) for immune-related gene sets and generated
gene expression rankings for each cell, thereby estimating the proportion of highly expressed immune genes within
individual cells.”” The threshold for identifying genomically active cells was determined using the
AUCell_exploreThresholds function. Following the acquisition of gene set scores, the internal functions of Seurat
were used to map the AUC scores of each cell-to-cell subgroup, enabling the evaluation of immune activity within
each cell subgroup.

Differential Gene Enrichment Analysis

Employing the clusterProfiler R package, KEGG pathway analysis and GO analysis were conducted on the differentially
expressed genes to elucidate their functional roles. Additionally, gene set enrichment analysis (GSEA) was performed on
the genes obtained from the Bulk RNA-seq differential analysis, revealing the key functions associated with the
differentially expressed genes.

Establishment and Validation of a Diagnostic Model for Macrophage-Related Gene

Signatures
The key to predicting the onset and progression risk of HF is the identification of stable and significant features. To select
macrophage-related genes with diagnostic significance, we constructed four machine learning models: light gradient boosting
machine (LightGBM), extreme gradient boosting (XGBoost), random forest (RF), and support vector machine (SVM). In these
models, disease classification was the response variable and differentially expressed genes were used as predictor variables.
Finally, from the aforementioned machine learning algorithms, we selected overlapping genes as macrophage-related hub
genes. These hub genes were visualized using a Venn diagram to illustrate their common presence across the different models.
The construction of a forest plot using the R software package “forestplot” allowed us to assess the impact of
diagnostic gene expression changes on HF. Moreover, utilizing the “rms” package, we developed a nomogram to evaluate
the probability of predicting HF occurrence based on diagnostic genes. Finally, the discriminative performance of the
model was evaluated by analyzing receiver operating characteristic (ROC) curves.

Identification of Macrophage-Related Gene Expression Patterns

Consistency cluster analysis of differentially expressed macrophage-related genes was performed using the
R software package “ConsensusClusterPlus.” The model underwent 1000 iterations to classify patients with HF
into distinct molecular subtypes. Moreover, we performed gene set variation analysis (GSVA) with the “h.all.
v2023.1. The Hs.symbols.gmt” gene set was used to elucidate biological functional disparities among distinct
subtypes. Using a single-sample gene set enrichment analysis (ssGSEA) algorithm, we assessed discrepancies in
immune cell infiltration between the two subtypes. Additionally, we investigated immune activity at the single-cell
level to gain a comprehensive understanding of the differences between the two subtypes.

Identification of Metabolism-Related Hub Genes in Heart Failure Based on WGCNA
Weighted gene co-expression network analysis (WGCNA) allows the association of modules with phenotypes, thereby
identifying modules containing characteristic genes. First, 177 samples from patients with HF were systematically
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clustered using the “hclust” function, and clearly aberrant samples were removed. Next, low-expression genes were
filtered using the absolute deviation median method. Subsequently, the “pickSoftThreshold” function from the WGCNA
package was employed to select an appropriate soft-thresholding parameter B based on the scale-free network criterion.
Subsequently, WGCNA was performed to identify the gene modules associated with fatty acid metabolism and oxidative
phosphorylation.

Observation of Macrophage Subtype-Specific Metabolic Patterns

We performed clustering analysis at a higher resolution to observe the metabolic heterogeneity of macrophages. Using
the KEGG metabolic gene set and the “VISION” method, we visualized and quantified the metabolic activity of
individual cells within each macrophage subpopulation using scMetabolism.>’

Intercellular Communication Analysis

We utilized CellChat to infer cell-cell communication interactions between subpopulations of cells.”' We predicted
potential interaction strengths and inferred cell state-specific communication based on the expression of receptors and
ligands. Furthermore, we screened for differentially expressed signaling pathways and associated genes across all cell
groups.

Construction and Evaluation of Mouse Models of Heart Failure

Male C57BL/6 mice were adaptively housed for one week at 25°C, 50% relative humidity, and a daily 12-hour light
cycle. The experimental group (n=3) underwent a moderate incision using a 27G needle, whereas the sham-operated
group (n=3) underwent only an incision without further manipulation. In the TAC model, a portable small animal
anesthesia machine (Shanghai Yuyan, ACS) was used for inhalation anesthesia with isoflurane (Shanghai Yuyan),
followed by the fixation of the mouse’s head and limbs. The skin of the neck and chest was incised, and an incision
was made between the second intercostal space at the left edge of the sternum. The incision was expanded, the thymus
was separated, and the aortic arch and its branches were exposed. A 6-0 suture was passed through the aortic arch, and
a 27G needle was placed alongside the aorta. The suture was tightened to create aortic constriction. The chest cavity and
skin were then sutured, and measures were taken to prevent infection and alleviate pain. After modeling, the mice were
housed for four weeks, and their cardiac function was assessed using echocardiography. The hearts were rapidly excised
and immersed in 10% KCI solution to arrest the heart in diastole. After blotting with filter paper, heart weight was
measured to calculate the heart weight-to-body weight ratio (HW/BW). Subsequently, the hearts were embedded in
paraffin, sectioned, and subjected to hematoxylin and eosin (HE) and Masson staining.

Experimental Validation of Macrophage-Related Characterized Genes

Considering the high expression levels and increased differential fold-change of SERPINA3 in the heart, we further
investigated its expression levels in an animal model. After isolating the heart tissue from the HF mouse model, total
RNA was extracted for qPCR analysis of the SERPINA3 transcript levels. The primer-F of SERPINA3 was
TGCCATGTTCATCCTCCCTG, and the primer-R was GCTGTAGTCGGTGGAGATGG. Primer-F of the reference
gene Actin was TTCTACAATGAGCTGCGTG and primer-R was CTCAAACATGATCTGGGTC. Total protein was
extracted for Western blot analysis of SERPINA3 (Bioss, bs-0094R) protein expression, using a pre-stained protein
marker (Thermo Scientific, 26616).

Results

Single-Cell Landscape in Heart Failure Tissues
After quality control, a dataset containing 18,104 cells and 24,781 genes was obtained from single-cell samples of normal
and HF tissues (Supplementary Figure 1). Based on the marker genes of different cells, the cell clusters were annotated

into nine distinct cell lineages: fibroblasts, endothelial cells, B cells, neutrophils, natural killer cells, macrophages,
smooth muscle cells, neural cells, and cardiomyocytes (Figure 1A and B). Interestingly, compared to normal patients, we
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found an increased proportion of macrophages and a significantly decreased proportion of neutrophils in HF patients
(Figure 1C). Therefore, we hypothesize that dysregulation of the immune microenvironment mediated by macrophages

or neutrophils may be associated with adverse cardiac remodeling.

Immune-Related Gene Set Scoring and Cell-Cell Communication Analysis
To investigate the immune characteristics of HF, we utilized the AUCell R package to evaluate the immune activity of
each cell type (Figure 2A). As shown in Figure 2B, we observed that macrophages and neutrophils expressed a higher
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Figure 2 Immune-related gene set scoring and cell communication analysis. (A) Immune gene set scoring with a threshold set at 0.29. (B) UMAP plot of immune gene set
scores in clusters. Macrophages and neutrophils expressed more immune genes and exhibited higher AUC values. (C) Differential gene enrichment analysis of macrophage
clusters. (D) Interactions between macrophages and other cell types. (E) The contribution of cells to the outgoing and incoming signals in different signaling pathways. (F)
Cell-cell communication mediated by the ANNEXIN signaling pathway. (G) The bar chart shows the contribution of each ligand-receptor pair to the ANNEXIN signaling
pathway. (H) The violin plot shows the expression levels of ANNEXIN signaling ligand-receptor genes across all subclusters.

number of immune-related genes. Given the significant dysregulation of these cells in HF, we conducted differential gene
enrichment analysis within the macrophage cluster. Phagosome, antigen processing and presentation, cytokine-cytokine
receptors, along with several classical signaling pathways, were significantly enriched (Figure 2C). Additionally,
CIBERSORT results indicated significant differences in immune cell infiltration between HF and healthy samples
(Supplementary Figure 2A—C). In summary, macrophages play a promotive role in the progression of HF, where their
proliferation enhances immune and inflammatory processes in HF patients.

Given the significant enrichment of cytokine and receptor-related pathways, we performed an analysis of the nine
identified cell clusters using CellChat (Supplementary Figure 2D). CellChat results revealed that the communication
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strength between macrophages and neutrophils was the highest (Figure 2D), with numerous receptor-ligand pairs being
sent from the macrophage cluster to the neutrophil cluster (Figure 2E and Supplementary Figure 2E). This may be related

to the activation of the ANNEXIN signaling pathway (Figure 2F and G). In addition, we identified specific ligand-
receptor pairs within the ANNEXIN signaling pathway, finding that ANXAT1 can specifically bind to FPR1 or FPR2
receptors to activate intrinsic pathways in these cells. This may induce macrophage polarization towards a pro-

inflammatory phenotype, thereby promoting the immune response in HF (Figure 2H).

Construction and Validation of the Macrophage-Associated Diagnostic Model

Differential expression analysis was performed on the expression data of HF patients and normal samples from the
GSE57338 dataset, identifying 428 differentially expressed genes (Figure 3A). GSEA showed that the differentially
expressed genes were significantly enriched in phagocytosis, immune, and inflammatory responses (Supplementary
Figure 3A). These findings indicate that macrophages play a key role in the immune processes of HF patients. After
intersecting with differentially expressed genes associated with macrophage subpopulations, 27 macrophage-related
differentially expressed genes were identified (Figure 3B). Subsequently, four machine learning algorithms were
employed to select feature variables, and the intersection of the results indicated that SERPINA3, GPAT3, ANPEP,
and FCER1G may play a role in regulating the progression of HF and are closely associated with macrophages
(Figure 3C-G). Additionally, the expression levels of these four genes showed significant differences in two external
datasets (Figure 3H and J). ROC analysis performed on the training and external validation cohorts revealed that these
four diagnostic genes have high predictive value, particularly SERPINA3 (Figure 31 and K). Using the ssGSEA
algorithm, we calculated the infiltration levels of immune cells in each sample and explored the correlation between
hub genes and immune cells. The ssGSEA results showed that SERPINA3, ANPEP, and FCER1G were significantly
positively correlated with macrophage infiltration, while GPAT3 exhibited a significant negative correlation with
macrophage infiltration (Supplementary Figure 3B-I). It is noteworthy that the ssGSEA results indicated that

SERPINA3, GPAT3, and ANPEP not only participate in immune-related signaling pathways but also affect oxidative
phosphorylation and fatty acid metabolism. Therefore, changes in the expression of SERPINA3, GPAT3, and ANPEP
may mediate macrophage phenotype and immune activity by influencing macrophage metabolism. Multivariate logistic
regression analysis showed that the expression of these four marker genes is independently associated with HF
(Figure 3L). We also created a nomogram to score each feature variable and summed the scores of all feature variables
to obtain a total risk score for the occurrence of HF (Figure 3M). In summary, the four macrophage-related genes exhibit
high diagnostic value and can be utilized for the development of clinical targets.

Establishment of the Mouse Heart Failure Model and Validation of Indicators

After TAC modeling, mice underwent echocardiographic assessment of cardiac function. Cardiac function was
measured using M-mode for left ventricular ejection fraction (LVEF), left ventricular fraction shortening (LVFS),
left ventricular internal diameter at end-diastole (LVIDd), and left ventricular internal diameter at end-systolic
(LVIDs). The results indicated a decrease in LVEF and LVFS, while LVIDd and LVIDs increased (Figure 4A and
Supplementary Figure 4). HE staining showed that myocardial hypertrophy and fibrosis were more pronounced in the

HF group compared to the sham-operated group (Figure 4B). Masson staining revealed that the degree of fibrosis in the
HF group was higher than that in the sham-operated group (Figure 4C), indicating the successful establishment of the
HF model. Subsequently, cardiac tissues from TAC-induced HF mice were collected, and qPCR results showed that
SERPINA3 expression was downregulated in the HF group compared to the sham group (Figure 4D). Western blotting
results also demonstrated that SERPINA3 expression was downregulated in the HF group compared to the sham group
(Figure 4E and F).
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Figure 3 Selection, validation of signature genes, and construction of the diagnostic model. (A) Volcano plot of differentially expressed genes. (B) The Venn diagram shows
the differentially expressed macrophage-related genes. (C) Feature genes were selected using the LASSO algorithm with A = 0.012. (D) The RF algorithm ranks the
importance of 27 differentially expressed genes. (E) SHAP dependency analysis based on the XGBoost model describes the importance of individual feature variables in the
predictive model. (F) SHAP dependency analysis based on the LightGBM model describes the importance of individual feature variables in the predictive model. (G) Hub
genes with diagnostic value were identified through the intersection of multiple machine learning algorithms. (H and I) Expression levels of hub genes and evaluation of the
diagnostic model in the GSE57338 dataset. (J and K) Expression levels of hub genes and evaluation of the diagnostic model in the GSE26887 dataset. (L) Multivariable logistic
regression analysis. (M) The nomogram evaluates the total risk score for developing heart failure. *, P<0.05; **, P<0.01; ***, P<0.001; **** P<0.0001.

Journal of Inflammation Research 2024:17

11264 "

Dove!


https://www.dovepress.com
https://www.dovepress.com

Dove Rao et al

D SERPINA3 E F

4_
c kK 1.5+ *
0

L

g ¥
‘;% Sham HF S5 10

2- @9
Iu -
< SSGIVEN L L
Z _ T 05
x 1 capDH [ = = =]  E
g n>

0- 0.0-

Sham  HF Sham HF
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Characterization of Macrophage-Associated Gene Expression Patterns in Heart

Failure

In HF, macrophages exhibit distinct immune and metabolic activities. Therefore, unsupervised clustering analysis based
on the expression profiles of 27 macrophage-associated genes clearly divided the samples into two clusters (Cluster A,
132 samples; Cluster B, 45 samples) (Figure SA—C). PCA revealed significant differences in expression patterns between
the two clusters (Figure 5D). Box plots and heatmaps demonstrated significant heterogeneity in the expression of hub
genes between the two clusters (Figure 5E). To investigate the differences in pathway expression between the two HF
clusters, GSVA enrichment analysis was performed based on the MSigDB Hallmark gene set. Notably, immune and
inflammation-related  pathways, such as IL6 JAK STAT3 SIGNALING, IL2 STAT5 SIGNALING, and

Journal of Inflammation Research 2024:17 hetps: 11265

ove!


https://www.dovepress.com
https://www.dovepress.com

Rao et al

Dove

A consensus matrix B

k=2

consensus CDF

]
=]
o
=
=]
=
=
=
=

consensus index

D E F

® clusterA * cluster B group @ cluster A @ cluster B
[J

%%%

T T T T
SERPINA3  ANPEP  GPAT3 FCER1G

0.0 4

o
O
a -
L
64
4]

T T T T T
00775 -0.0750 -0.0725 -0.0700 -0.0675

o
1

5
0
L
Expression
©
I

PC1
cluster B8 cluster A E3 cluster B
0.50 & .
H T . » . . -
- B & ] ; i
Q 025 B $ ¥ Lo . o .
2 - L ] . ‘é i . kI
: LARARRAN M | b
S 3 " : '
1ol 3 T T I AT
=4 il .
-0.25{"" - é : +é
N N N N N NN » NP N N
Q)cf},\o"lo?}bo")‘o@\&oioioioioq}oé‘k&%o?} oo‘\,bqe c& 6%('?}0‘5@&??&&\.\0‘?‘\\0001(’?}«(‘0\\ é& P&
AT & B Y N &' &
LTSN ST ST SN S ool
NS ¥ @ & ) PN P ALK
S ST @ Co P q"‘”\ oV
RSSGARASIN G FEge
Lol A RO SRORS & & <
TS O o - &
& (S NeS é@o (@0 X

U

tracking plot

samples

A

IL6_JAK_STAT3_SIGNALING
IL2_STAT5_ SIGNALING
INFLAMMATORY _RESPONSE
KRAS_! SIGNALING UP
PTOSI S

LEME
TNFA SIGNALING VIA NFKB
I:LOGRAFT ﬁEJE‘CTI ION

INTERFERON_GAMMA RESPONSE
EPITHELIAL_MESENCHYMAL_TRANSI
TION CHOLESTEROL_HOMEOSTASIS

ESTROGEN_RESPONSE_LATE
ESTROGEN_RESPONSE_EARLY
PI3K_AKT MTOR_SIGNALING
XENOBIOTIC_METABOLISM
APIC7\L JUNCTION

ANDROGEN RESPON
TGF_BETA_ SIGNALING
"APICAL_SURFACE
ANGIOG! ENESIS

INTERFERON ALPHA RESPONS|
EDGEHOG _ SIGNALING
UV_RESPONSE_DN
GLYCOLYSIS
SIGNALING
WNT BETA CATENIN _SIGNALING

UNFOLDED_] 'PROTEIN_RESPONS

HECKPOINT
PANCREAS_ BETA CELLS
MITOTIC_SPINDLE

HEME_METABOLISM
KRAS SIGNALING DN

DNA_REP,

BILE_ ACID METABOLISM

ISM

FATTY_ACID_METABOL|
MYOGENESIS PEROXISOME

IOXIDATIVE PHO§_PIHORYLATION

T
-5 0

5

t value of GSVA score, cluster B versus cluster

10 15

Figure 5 Identification of macrophage-related gene expression patterns in heart failure. (A-C) Unsupervised clustering analysis based on the expression profile data of 27
macrophage-related genes. When K=2, heart failure samples can be clearly clustered into two subtypes. (D) PCA reveals the clustering trend of the two subgroups in HF
samples. (E) Bar chart showing the expression changes of hub genes in the two subgroups. (F) GSVA enrichment analysis results based on the Hallmark gene sets from the
MSigDB database. (G) Differences in immune cell infiltration between the two subgroups. *, P<0.05; *¥, P<0.01; **¥ P<0.001; *** P<0.0001.

INFLAMMATORY RESPONSE, were significantly enriched in Cluster B, while metabolic pathways, including oxida-
tive phosphorylation and fatty acid metabolism, were significantly enriched in Cluster A (Figure 5F). Additionally, we

used the ssGSEA algorithm to quantify the abundance differences of 28 immune cell types between the two clusters. As

shown in Figure 5G, immune cell infiltration levels were markedly higher in Cluster B compared to Cluster A. In

conclusion, the analysis results suggest that HF patients exhibit distinct immune and metabolic characteristics. Patients in

Cluster B may have heightened immune and inflammatory responses, while those in Cluster A show dysregulation of

metabolism-related pathways.

Identification of Heart Failure Metabolism-Related Hub Genes Based on Weighted

Gene Co-Expression Network Analysis

The consistency between GSVA enrichment analysis and ssGSEA results underscores the importance of metabolic

pathways in HF. Therefore, we performed WGCNA on 177 hF samples. After excluding two outlier samples
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(GSM 1379815 and GSM1380018), the “pickSoftThreshold” function was used to determine the optimal soft-threshold
parameter B = 6, where the scale-free R? reached 0.9 with high average connectivity, making it suitable for further
analysis (Figure 6A). A total of 11 modules were identified through gene clustering. The module-trait correlation
heatmap revealed that genes in the MEgreen module were significantly positively correlated with fatty acid metabolism
and oxidative phosphorylation, while genes in the MEblue module were significantly positively correlated with Cluster
B (Figure 6B-D). Further enrichment analysis of MEgreen module genes showed significant enrichment in metabolic
pathways such as the tricarboxylic acid cycle, oxidative phosphorylation, glycolysis, and fatty acid metabolism
(Figure 6E and F). Next, we intersected the 550 differentially expressed genes between Clusters A and B, obtained
using the Limma R package, with the 284 genes in the MEgreen module, identifying 26 differentially expressed
metabolism-related genes (Figure 6G and H). A protein-protein interaction (PPI) network was constructed using these
26 genes, and hub genes were identified using the cytoHubba plugin in Cytoscape (Figure 6I). Mantel test results showed
a significant and strong correlation between differentially expressed metabolism-related genes and hub genes (Figure 6J).
Among these, CRYM, ATP1A3, LRRC39, RBFOX1, PFKM, ASB15, and MYOM2 may be associated with changes in
cardiac function in HF patients (Supplementary Figure 5).

High-Resolution Macrophage Metabolic Landscape

However, the relationship between immunometabolism and HF phenotypes remains unclear. Therefore, we investigated
the metabolic heterogeneity among different macrophage subtypes. As shown in Figure 7A and B, macrophages
exhibited the highest metabolic activity among all immune cells. Here, we performed more detailed clustering analysis
of macrophages and classified them into four main clusters based on gene set scores of marker genes, including M1-like
macrophages (Mac_M1), M2-like macrophages (Mac M?2), fibroblast-like macrophages (Mac_Fib), and TREM2-high
macrophages (Mac_TREM?2) (Figure 7C and D). We selected the top 20 pathways with the most significant changes
across all subgroups (Figure 7E). Notably, Mac M1 and Mac M2 exhibited the highest metabolic activity among all
macrophage subtypes. As shown in Figure 7F, glycolysis and the pentose phosphate pathway were highly expressed in
Mac_ M1, indicating their crucial role in macrophage polarization toward a pro-inflammatory phenotype. Previous studies
have shown that aerobic glycolysis is mainly associated with M1 macrophages. In this study, we found that Mac M2 not
only enhanced mitochondrial oxidative phosphorylation but also upregulated glycolytic rates. The role of glycolysis in
M2 macrophages should not be overlooked and warrants further investigation. Additionally, fatty acid biosynthesis and
metabolism may contribute to the polarization of tissue macrophages toward the M2 phenotype. In summary, a deeper
understanding of the diverse immunometabolic phenotypes of immune cells may help elucidate the mechanisms of HF
and guide the development of personalized therapeutic strategies.

Discussion

HF is a cardiovascular clinical syndrome characterized by a high incidence of complications and a poor prognosis.*
Cardiac remodeling in patients with HF is accompanied by a more severe inflammatory state, cardiac fibrosis, cellular
apoptosis and changes in cardiac function.’®> With the advancement of single-cell technologies, new tools have been
developed to dissect cell types present in both healthy and diseased tissues. Recently, these methods have been used to
gain deeper insights into how diseases affect the cellular and transcriptional landscapes in the heart.** In this study, we
used a combination of scRNA-seq and bulk RNA-seq data to reveal the relationship between gene expression levels,
immune cell infiltration, and immune-related functions in patients with HF. First, using the AUCell package to score
immune gene sets in each cell, we found that macrophages scored the highest, indicating that macrophages are the cell
type most closely associated with immune function in patients with HF. Second, by employing four machine learning
algorithms, we constructed a diagnostic nomogram model with excellent diagnostic performance for HF, as demonstrated
by the ROC curves, validating the diagnostic efficacy of the model. Based on the differentially expressed macrophage-
related genes, we clustered patients with HF into two distinct subtypes (immune-related and metabolism-related). These
two subtypes exhibit distinct biological functional differences. Based on these findings, we further evaluated the immune
metabolic landscape within the macrophage-related subtypes. Finally, intercellular communication revealed crosstalk
between fibroblasts, macrophages, and neutrophils during myocardial remodeling.
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An increasing number of studies indicate that inflammatory responses play a crucial role in the development of HF.>”

Cells regulate the chemotactic behavior of immune cells in HF by secreting certain chemokines and cytokines, which are

of paramount importance in myocardial remodeling. Cardiac macrophages represent a heterogeneous population with

high plasticity and adaptability and play a key role in fibrotic tissue responses.*® Resident macrophages respond to the

immune microenvironment by modulating the synthesis of cytokines and growth factors, thus generating a substantial

amount of pro-fibrotic growth factors that regulate fibrotic processes.>’ In our study, the percentage of macrophages in

the single-cell lineage significantly increased during HF progression. Therefore, macrophage-related biomarkers may
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Figure 7 Macrophage metabolic landscape at high resolution. (A) Gene set scoring for fatty acid metabolism and oxidative phosphorylation. (B) Metabolic activity scoring of
cell subpopulations, with macrophages exhibiting the highest metabolic activity among immune cells. (C and D) Identification of macrophage subpopulations. (E) Activity of
the top 20 variable metabolic pathways in macrophage subpopulations. (F) Metabolic activity of fatty acid metabolism, oxidative phosphorylation, the tricarboxylic acid cycle,
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offer a more effective approach to HF diagnosis and treatment. Based on the aforementioned findings, we further
employed machine learning algorithms to identify macrophage-related gene diagnostic features in HF and validated them
through experimental research. Feature selection algorithms based on machine learning are employed to eliminate
redundancies and unrelated features, thereby improving the accuracy of the model.*® Additionally, in our research, we
integrated four machine learning algorithms: light gradient boosting machine (LightGBM), extreme gradient boosting
(XGBoost), random forest (RF), and support vector machine (SVM). Cross-referencing of the features from these four
algorithms revealed that SERPINA3, GPAT3, ANPEP, and FCERI1G are potential diagnostic markers for HF, which was
validated through quantitative PCR, Western blotting, and immunofluorescence staining. This study utilized the ssGSEA
algorithm to analyze the relationship between hub genes and immune cell infiltration. In addition to identifying
a correlation between hub genes and macrophage infiltration, T cells also appeared to be involved to some extent.
Considering the bidirectional regulatory relationship between T cells and macrophages, as well as their joint role in
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shaping the inflammatory microenvironment, it is possible that hub genes may indirectly influence the different
phenotypes of macrophages by regulating T cell activation and cytokine secretion.*® This warrants further exploration
in future studies. Furthermore, multivariate logistic regression analysis demonstrated that the diagnostic features of these
four genes exhibited a high discriminatory ability in predicting HF. The AUC values of the ROC curve for the external
dataset confirmed the reliability of the results.

Existing research indicates a close association between SERPINA3 and the immune response.*” SERPINA3 inhibits
cytokine activity in macrophages by suppressing IKK complex formation and NF-kB activation.*' High SERPINA3
expression adversely affects cardiac function and increases the risk of mortality or adverse cardiac events.*” SERPINA3
shows significant potential as a predictive biomarker for HF. In our study, the downregulation of protective SERPINA3
expression in macrophages may reduce the inhibition of protease activity, thereby diminishing the limitation on protease-
mediated tissue degradation, contributing to the progression of HF and being detrimental to tissue repair, anti-
inflammatory responses, and immune regulation. GPAT3 is a gene associated with lipid metabolism, and growing
evidence suggests that activated macrophages alter lipid composition and that targeted regulation of fatty acid synthesis
may affect macrophage inflammatory responses.**** Dysregulation of GPAT3 expression may affect lipid metabolites,
thereby regulating the pro-inflammatory or anti-inflammatory status of macrophages. Additionally, lipid accumulation
resulting from disturbed lipid metabolism in macrophages may lead to further tissue damage.* Thus, elevated GPAT3
levels may contribute to dysregulation of macrophage lipid metabolism and drive inflammatory responses in HF. ANPEP
is a widely expressed ectoenzyme that plays crucial roles in various inflammatory diseases.*® As an enzyme, ANPEP
regulates cytokine activity by cleaving its N-terminus and modulates immune cell development and activity by reducing
peptides involved in antigen processing that bind to MHC IL*’ In our study, antigen processing and presentation were
significantly enriched, consistent with our findings. FCER1G is an important inflammation-related molecule involved in
antigen-antibody binding reactions that activates cellular effector functions.*®*’ Extensive research has shown that
FCERIG is widely expressed in different types of immune cells, including macrophages, mast cells, and
eosinophils.’>>' Immune infiltration analysis revealed a positive correlation between FCER1G expression and macro-
phage infiltration. Additionally, FCER1G participates in various immune responses such as phagocytosis and cytokine
release.’” Previous studies have shown that FCERIG is expressed in M1 pro-inflammatory cells in the heart and is
primarily involved in transmitting pro-inflammatory signals from immune cells.”® However, in patients with HF,
FCERI1G expression was lower than that in the normal samples. Therefore, our study maintains that downregulation
of FCERI1G in patients with HF may weaken the inflammatory response by favoring M1 polarization of macrophages. In
addition to single-cell sequencing, genome-wide association study (GWAS) is also a valuable approach for investigating
the impact of genetic changes on disease development. Single-cell sequencing and GWAS have different research focuses
and technical limitations, which can sometimes result in key genes identified by single-cell sequencing not being
captured in GWAS studies. GWAS focuses on identifying common genetic variants in large populations, while single-
cell sequencing focuses on dynamic gene expression at the cellular level. Therefore, by integrating the results of both
methods and conducting further functional validation and in-depth research, a more comprehensive understanding of the
genetic mechanisms and gene regulation underlying HF can be achieved.

Based on the expression of macrophage-related genes. Cluster A was characterized by dominant metabolic processes,
whereas cluster B was primarily associated with immunity. Numerous studies have indicated that macrophages exhibit
distinct immune functions and metabolic phenotypes that participate in different stages of the inflammatory responses.>*
In our study, M1 and M2 macrophages from patients demonstrated the highest metabolic activity, which may be
associated with glycolysis, oxidative phosphorylation, and fatty acid metabolism. Metabolic reprogramming of macro-
phages leads to polarization of different phenotypes. M1 macrophages typically show enhanced glycolysis to meet energy
demands.’*>® Glycolysis can rapidly provide the ATP required for macrophage immune responses and meet the high-
energy demands of phagocytosis.’’ > Additionally, glycolysis can enhance the activity of the pentose phosphate
pathway, leading to increased levels of reactive oxygen species in M1 macrophages.'”*® In vitro studies have shown
that macrophages lacking glucose transporters exhibit reduced glycolysis and undergo phenotypic transition to anti-
inflammatory M2 macrophages.”’ M2 macrophages are typically associated with oxidative phosphorylation and fatty acid
metabolism.®"**? Previous studies indicated that M2 macrophages do not exhibit increased glycolysis. However, our study
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revealed a significant increase in glycolysis in the M2 macrophages. The role of glycolysis in M2 macrophages may be
more important than previously thought, necessitating further investigation.

To decipher the ligand-receptor interactions between different cells, we employed CellChat analysis to investigate the
communication between the nine cell clusters. Fibroblast-macrophage and macrophage-neutrophil interactions exhibited
stronger interplay in HF, indicating that cell crosstalk fundamentally impacts the progression of HF. Interestingly, fibroblasts
showed elevated expression of macrophage migration inhibitory factor (MIF). MIF-related ligand-receptor interactions are
highly activated in HF. MIF exerts a protective effect against lipotoxicity, leading to a reduction in macrophage numbers.®?
Furthermore, the co-expression of CXCR4, CD74, and MIF enhances cell survival and migratory capabilities. Individually or
in combination, these three factors promote cell death and eliminate MIF-driven migratory responses.®* ANNEXIN signaling
is primarily mediated by ANXA1-FPR1 and ANXA1-FPR2 ligand-receptor interactions. Studies suggest that ANXA1 and
its receptor FPRs promote neutrophil and macrophage maturation, directing their migration to injured lung tissues.®> During
myocardial ischemia-reperfusion, downregulation of ANXA1 exacerbates the inflammatory response and weakens the
cardiac contractile function.®® In conclusion, this study postulates that the binding of these ligands and receptors transmits
pro-inflammatory or anti-inflammatory signals, thereby mediating the immune responses involved in HF.

However, our study has some limitations. First, the datasets used in this study were obtained from public databases and
lacked relevant clinical information about the included patients with HF, which might lead to individual differences in the
severity of the disease. Second, the single-cell dataset used in this study had a relatively small sample size, necessitating further
evaluation of the accuracy of the results using larger sample sets. Third, this study utilized a smaller sample size for preliminary
exploration and validation, providing a solid foundation for subsequent larger-scale research. In future studies, we plan to
increase the sample size to ensure greater robustness. Fourth, TAC-induced HF in mice can simulate the pathological process of
human HF to a certain extent, but due to the physiological differences between species, the translational applicability of the
research results still needs to be evaluated. Fifth, in future studies, techniques such as flow cytometry sorting and single-cell
sequencing can be employed to validate the expression levels of the identified key genes at the cellular level and explore their
mechanisms. This will help to better elucidate the role of gene regulation in macrophages and their further involvement in HF.
Sixth, the classification of macrophages and deeper exploration will help to better understand their roles in HF. In future studies,
we plan to extend our analysis by further distinguishing between resident and infiltrating macrophages, as well as examining
the specific roles and subtypes of resident macrophages in HF pathophysiology. Seventh, while we identified four key genes
(SERPINA3, GPAT3, ANPEP, and FCERI1G) associated with macrophage infiltration in HF, we did not fully elucidate the
specific mechanisms through which these genes regulate macrophage involvement, particularly their metabolic interactions and
potential crosstalk with fibroblasts. Future explorations will focus on the pathways linking these genes to macrophage
polarization or metabolic regulation and the extent to which these genes influence fibroblast interactions.

Conclusions

In conclusion, the four key genes selected in this study, SERPINA3, GPAT3, ANPEP, and FCERIG, are promising
biomarkers with significant diagnostic value and offer valuable insights into the diagnosis and treatment of HF.
Moreover, we identified two distinct biological phenotypes in patients with HF that could aid in precision therapy for
HF. Additionally, we deciphered the crucial role of ligand-receptor interactions between different cells in the immune
microenvironment of HF. These findings provide novel insights and potential targets for a comprehensive understanding
of the impact of immune responses and metabolic reprogramming on HF.
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