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Highlights

A 44,574-cell MI atlas revealed myeloid cell enrichment with enhanced pro-
liferation and metabolic reprogramming.

Myeloid cells activate glycolysis, oxidative phosphorylation, mitochondrial
ATP synthesis, and inflammatory pathways in infarcted tissue.

Four macrophage subtypes were identified: CO GPNMB*, C1 S100A4*, C2
ILIB*, and C3 EGRI*.

C1 macrophages form a central hub communicating with endothelial, fibro-
blast, and immune cells via CXCL, MHC-II, and TNF pathways.
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In brief

A comprehensive single-cell immune
atlas of MI systematically dissected
macrophage heterogeneity, develop-
mental trajectories, and intercellular
crosstalk. Four macrophage subtypes
were delineated, among which Cl
S100A4* macrophages emerged as a
dominant, highly proliferative inflam-
matory population and a central sign-
aling hub. Trajectory mapping revealed
their terminal differentiation position,
and identified C1 S100A4* macrophag-
es as key orchestrators of post-MI
immune remodeling and promising
targets for precision immunomodula-
tion.
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<@ Atlas of Human Myocardial Infarction
Focusing on Myeloid Cells and Functional
Differentiation of Macrophage Subtypes

Zhenzhen Zhao'-ab
Wenguang Hou', Yuchao Hou' and Jing Li"*

Abstract

Background: Myocardial infarction (MI) is characterized by extensive immune activation and dynamic
remodeling of the cardiac microenvironment, in which myeloid cells play critical roles in regulating inflam-
mation and tissue repair. However, the cellular heterogeneity, developmental trajectories, and intercellular
communication networks of myeloid cell subtypes during MI remain incompletely understood.

Methods: Single-cell RNA sequencing (scRNA-seq) data from MI tissues were integrated to construct a
comprehensive immune atlas. Cell clustering, differential expression, cell cycle, and functional enrichment
analyses were performed to characterize cellular composition and biological functions. CytoTRACE, Mon-
ocle2, and Slingshot were applied to investigate macrophage differentiation trajectories, whereas transcrip-
tional regulatory network analysis and CellChat were used to identify regulatory modules and intercellular
communication pathways.

Results: A total of 44,574 high-quality cells comprising 24 cell types were identified, which revealed prom-
inent myeloid cell accumulation and enhanced immune activation in infarcted tissues. Macrophages were
enriched in infarcted regions and exhibited increased proliferative activity and immune-related pathway acti-
vation. Four transcriptionally distinct macrophage subtypes were identified (CO GPNMB?*, C1 S100A4+, C2
ILIB*, and C3 EGRI*), among which C1 S7100A4* macrophages predominated, displayed the strongest pro-
liferative ability, and expressed high levels of inflammatory mediators, including IL1B, CCL3, and CXCLS.
Trajectory and regulatory analyses revealed dynamic macrophage differentiation and subtype-specific tran-
scriptional programs. Cell-cell communication analysis identified C1 S/00A4* macrophages as a central
signaling hub interacting with endothelial cells, fibroblasts, and immune cells through CXCL, MHC-II, and
TNF pathways, thereby suggesting their critical role in post-MI inflammatory remodeling.

Conclusion: This study provided a comprehensive single-cell immune atlas of MI and systematically elu-
cidated the heterogeneity, developmental dynamics, transcriptional regulation, metabolic reprogramming,
and intercellular communication of macrophage subtypes. C1 S/00A4* macrophages were identified as a
key inflammatory population orchestrating immune remodeling after MI. Our findings provide insights into
the cellular mechanisms underlying cardiac injury that may offer potential therapeutic targets for precision
immunomodulation in MI.

Keywords

Cell communication; cellular heterogeneity; immune microenvironment; macrophages; myocardial infarction;
single-cell RNA sequencing.

Introduction

Cardiovascular disease (CVD) is the leading
cause of morbidity and mortality globally.
According to data from the World Health
Organization, CVD accounts for approxi-
mately 17.8 million deaths annually, repre-
senting approximately 30% of total global
mortality [1]. Myocardial infarction (MI),
frequently referred to as heart attack, is
among the most severe forms of CVD, given
its high incidence, mortality, and morbid-
ity. The pathological basis of MI involves

acute occlusion of the coronary arteries
resulting in persistent myocardial ischemia
and hypoxia, which subsequently trigger a
series of complex pathophysiological pro-
cesses including myocardial cell necrosis,
activation of inflammatory responses, and
ventricular remodeling [2—4]. Although
reperfusion therapy and pharmacological
treatments [5] have substantially improved
patient outcomes, complications such as
microvascular dysfunction [6] and hemor-
rhage remain major contributors to mortal-
ity and disability. Because immunological

, Xuheng Dou?2°, Fu Zhao®?b, Hongling Jia*, Wenyang Nie®, Yumeng Li,

"Yueyang Hospital of
Integrated Chinese and
Western Medicine, Shanghai
University of Traditional
Chinese Medicine, Shanghai
200437, China

°Henan Medical University,
Henan 453000, China

3School of Traditional Chinese
Medicine, Jinan University,
Guangzhou 510632, China

4The First Clinical Medical
College of Shandong
University of Traditional
Chinese Medicine, Jinan
250014, China

5Shuguang Hospital Affiliated
to Shanghai University of
Traditional Chinese Medicine,
Shanghai 201203, China

6Xiyuan Hospital, China
Academy of Chinese Medical
Sciences, Beijing 100091 China

aContributed equally.
bCo-First Author.
*Correspondence to: Jing Li,
Yueyang Hospital of
Integrated Chinese and
Western Medicine, Shanghai
University of Traditional
Chinese Medicine, Shanghai,
200437, China. E-mail:
LIJINGacu@126.com

Received: February 1 2026
Revised: May 30 2026
Accepted: August 5 2026
Published Online: September 7
2026

Available at: https://bio-integra-
tion.org/


mailTo:LIJINGacu@126.com
https://bio-integration.org/
https://bio-integration.org/
https://orcid.org/0009-0008-7753-4496
https://https://orcid.org/0000-0001-9388-5036
https://orcid.org/0000-0001-9388-5036
https://https://orcid.org/0000-0001-9388-5036

BIOI 2026

heterogeneity plays a critical role in CVD [7], the underlying
pathological mechanisms and the complex immune microen-
vironment [8] between infarcted regions and surrounding
viable myocardium require further exploration.

Given the extensive heterogeneity of cardiac tissue after
MI [9], a systematic single-cell resolution comparison of
cellular composition, enriched pathways, molecular expres-
sion, and intercellular interaction networks between MI and
non-myocardial infarction (NMI) contexts is crucial. Such
a comparison would provide substantial scientific and clin-
ical value by elucidating the underlying pathological mech-
anisms of MI, identifying key cell subtypes and signaling
pathways that drive disease progression, and uncovering
potential therapeutic intervention targets.

In recent years, the rapid development of single-cell RNA
sequencing (scRNA-seq) technology has provided a pow-
erful tool for systematic analysis of tissue microenviron-
ment heterogeneity and mapping cellular landscapes at the
single-cell level [10]. This technology surpasses traditional
methods [11] by increasing the resolution of biological
research data from the tissue level to the single-cell level.
This method has markedly enhanced understanding of com-
plex biological systems and offered unprecedented tools for
studying disease mechanisms, discovering biomarkers, and
developing innovative therapies [12].

Herein, using scRNA-seq technology, we performed
a systematic analysis of paired clinical samples collected
from infarcted vs. non-infarcted regions in patients with
MI, to clarify the differences in spatial distribution, cell
cycle, and transcriptional characteristics of key cell types
(including cardiomyocytes, fibroblasts, endothelial cells,
and immune cells). Spatial heterogeneity of immune cells
after MI had been addressed in previous publications [13],
but paired comparisons in the same patients were limited.
We specifically focused on myeloid cells, which play a dual
role after MI by both promoting cardiac repair and exacer-
bating cardiac injury, including macrophages, monocytes,
and dendritic cells [14, 15]. We analyzed the heterogeneity
of their subtypes, metabolic state reprogramming features,
and other characteristics in both MI and NMI. Prior stud-
ies have demonstrated that myeloid cells play complex and
crucial roles in various processes after myocardial injury,
such as initiating inflammation, clearing necrotic tissue,
transmitting pro-repair signals, and regulating fibrosis
[16]. However, the heterogeneity of myeloid cells in vari-
ous regions of human MI, their state transition patterns, and
their specific responses to the microenvironment remained
unclear [17]. Previous studies have demonstrated the critical
roles of macrophages in the MI process, such as initiating
inflammation and promoting fibrosis [18], and have pro-
vided evidence of their heterogeneity within the infarcted
tissue [19]. However, an integrated analysis linking mac-
rophage subtype-specific transcriptional regulation, met-
abolic reprogramming, and intercellular communication
in the human infarcted heart remained lacking. We there-
fore further investigated functionally distinct macrophage
subtypes by exploring their developmental trajectories;
transcriptional regulatory networks; and complex ligand-
receptor-mediated cell communication with other cell types,
such as fibroblasts, endothelial cells, and T cells. Finally, by

integrating multi-omics analysis, we sought to identify key
cell subtypes and molecular nodes that might drive patho-
logical inflammation or promote the repair process.

This study was aimed at providing a high-resolution immune
microenvironment atlas of MI through comprehensive sin-
gle-cell analysis, thereby addressing the aforementioned
knowledge gaps by systematically dissecting region-specific
myeloid cell heterogeneity and intercellular networks in
human MI tissues. Beyond mapping cellular heterogeneity,
metabolic adaptation, cellular interactions, and developmental
evolution, this study provided deeper insights into the patho-
logical mechanisms underlying MI. The identification of key
cell subtypes, characteristic molecular markers, and active
signaling pathways might offer new insights into the mecha-
nisms of ventricular remodeling after MI. Furthermore, these
findings offer a solid molecular and cellular foundation for the
future development of precision immunotherapeutic strategies
targeting specific immune cell subtypes or modulating critical
inflammatory and repair signaling pathways.

Materials and methods

Data acquisition and selection

ScRNA-seq data for MI were obtained from the Gene
Expression Omnibus (GEO) database (GSE145154) [17].
After rigorous quality control, low-quality cells were
excluded, thus resulting in a final dataset comprising 44,574
cells [20]. Strict quality control was performed in Seurat [21]
to exclude low-quality cells, including doublets and cells
with low expression of mitochondrial and erythrocyte genes.
Cells were filtered according to the following criteria: fea-
ture count (nFeature) between 300 and 5000, and gene count
(nCount) between 500 and 50,000.

ScRNA-seq data processing

Wenormalized theexpression matrix withthe NormalizedData
function in Seurat and selected 2,000 highly variable genes
by using the FindVariableFeatures function. Subsequently,
the data were standardized with the ScaleData function [22].
PCA [23] was performed on these highly variable genes with
the RunPCA function, and batch effect correction with the
Harmony algorithm was subsequently conducted.

For clustering the dimensionality-reduced data, the
FindNeighbors and FindClusters functions were applied.
Dimensionality reduction and clustering analysis were
then performed with Uniform Manifold Approximation
and Projection (UMAP), and the results were visualized in
two-dimensional space [24].

Cell type identification

Differentially expressed gene (DEG) analysis was per-
formed with the FindAllMarkers function in Seurat with
the Wilcoxon rank-sum test, according to thresholds of
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logfc.threshold 0.25 and min.pct=0.25 to identify robust
marker genes. Major cell types were annotated according
to the expression patterns of known marker genes [25]. To
increase annotation accuracy, we incorporated reference
datasets from the CellMarker database and published lit-
erature [26].

Gene enrichment analysis

Gene Ontology (GO) enrichment analysis is a widely used
bioinformatics method for gene function annotation [27].
To systematically elucidate functional characteristics, this
approach maps a target gene set to three categories: biolog-
ical process (BP), molecular function, or cellular compo-
nent. We conducted GO functional enrichment analysis of
the identified DEGs using clusterProfiler software, and GO
terms with an adjusted P-value [28].

Additionally, we conducted gene set enrichment analysis
(GSEA) with clusterProfiler [29], with all genes pre-ranked
by log, fold change, 1,000 gene-set permutations, and an
adjusted P-value threshold of 0.05, to identify significantly
enriched biological pathways within each cell cluster [30].

Metabolic pathway activity analysis

Dynamic functional states of metabolic networks were
inferred through integration of multi-omics data with kinetic
modeling. Metabolite concentration changes were directly
measured with metabolomics, and pathway flux was inferred
from substrate consumption and product accumulation pat-
terns [31]. The expression levels of metabolism-related
enzymes and transport proteins were assessed through tran-
scriptomics or proteomics to evaluate pathway activation
potential at the molecular regulatory level. In parallel, stable
isotope tracing was used to quantitatively track the flow and
rate of labeled precursors within the metabolic network, and
computational models were used to directly quantify met-
abolic flux. This integrative approach can systematically
uncover the complete functional linkage from gene expres-
sion regulation to actual metabolite transformation [32].

Key transcription factor analysis

We used pySCENIC to identify key transcription factors
(TFs) active in each cell subtype. Regulon activity per cell
was scored using the AUCell algorithm. The regulon activity
matrix was binarized, and a UMAP embedding of cells was
generated based on regulon activity to visualize regulatory
patterns across cell subtypes [33].

Cell developmental trajectory
inference

We first used CytoTRACE to estimate the differentia-
tion potential of individual cells. We then reconstructed

pseudotime trajectories with Monocle2 to order cells
along differentiation trajectories and characterize tran-
scriptional changes associated with cellular progression
[34]. Finally, given that cell fate transitions often involve
branching processes rather than a single linear path, we
applied Slingshot to infer lineage trajectories according to
cluster relationships and low-dimensional representations.
This analysis generated branching lineage trajectories that
captured major differentiation paths and potential branch
points [35]. Together, these three approaches provided
complementary perspectives on developmental dynamics,
ranging from highly plastic states to more differentiated
cellular fates.

Cell communication analysis

Single-cell communication analysis leverages single-cell
transcriptomic data and integrates known ligand-receptor
interaction databases to systematically infer intercellular
signaling events. This approach first calculates the prob-
ability of ligand-receptor interactions according to cell
type-specific gene expression profiles, thereby construct-
ing intercellular signaling networks [36]. By comparing
communication differences under various biological con-
ditions, key signaling pathways and their involved cell
types can be identified. Coupled with downstream func-
tional enrichment analysis, this method aids in elucidating
the mechanisms of cell microenvironment interactions and
their roles in physiological and pathological processes.
This analysis provides a crucial computational framework
for enhanced understanding of intercellular regulatory net-
works [37].

Results

Single-cell transcriptomic atlas of MI

To investigate the tissue microenvironment in MI, we per-
formed scRNA-seq on tissue samples from six patients
with MI (Graphical Abstract), which revealed a distinct
enrichment in myeloid cells in the infarct region and
unique proliferative and metabolic features. After rigor-
ous quality control, filtering, and dimensionality reduction
clustering with UMAP, a total of 44,574 high-quality cells
representing 24 distinct cell types. On the basis of estab-
lished DEGs, cell clusters were annotated as T/NK cells,
pericytes, myeloid cells, smooth muscle cells, fibroblasts,
cardiomyocytes, B cells, endothelial cells, or mast cells.
Key cell populations of interest, including myeloid cells,
fibroblasts, and T/NK cells, were distinctly clustered and
annotated with color-coded labels for clear identification
(Figure 1A).

Further cell cycle analysis revealed the proliferative status
of each cell population. Notably, myeloid cells exhibited a
higher proportion of cells in the S and G2/M phases than in
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Figure 1 Ecosystem characterization of MI based on single-cell transcriptomic sequencing. (A) UMAP plot displaying the major cell types
identified after single-cell sequencing analysis of the Ml tissue microenvironment. (B,C) UMAP plots showing the distribution of cell cycle
phases (G1, G2M, and S) and tissue types (Ml and NMI) across cell types. (D) UMAP plot illustrating the stemness feature scores across cell
types. (E) Bubble plot depicting the top five DEGs. (F,G) UMAP plots for G2M.Score, S.Score, nFeature RNA, and nCount RNA across cell
types. (H) Box plots comparing the differences in G2M.Score, S.Score, nFeature RNA, and nCount RNA across cell types. (I) Stacked bar plot
showing the proportion of each cell type by cell cycle phase. (J) Stacked bar plot displaying the distribution of cell types across cell sample
types. (K) Enrichment analysis depicting the expression levels of biological pathways by cell type. (L) Volcano plots presenting the top five
upregulated and downregulated DEGs across cell types. (M) GSEA plots.
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the G1 phase, thereby indicating robust proliferative activa-
tion within the MI microenvironment, which might contrib-
ute to sustained inflammation (Figure 1B,I). A comparison
of cell type distributions between infarcted and non-infarcted
regions indicated that myeloid cells localized predominantly
to infarcted areas (Figure 1C,J). In parallel, we assessed the
stemness characteristics of these cell populations (Figure
1D). The top five DEGs for each cell type are shown in
Figure 1E. The UMAP plots and box plots present the cell
cycle scores (G2M.Score and S.Score) and transcriptomic
features (nFeature RNA and nCount RNA) of various cell
types (Figure 1F-H).

To elucidate the roles of different cell types in the MI pro-
cess at the functional pathway level, we conducted GO-BP
[38] enrichment analysis of cell types. Myeloid cells were
substantially enriched in pathways associated with glyc-
olysis, the aerobic electron transport chain, and mitochon-
drial ATP synthesis coupled electron transport (Figure 1K).
Consequently, myeloid cells might enhance energy metabo-
lism to adapt to the high-energy demands of the inflamma-
tory environment, thus closely associating with inflammatory
stress responses and aligning with the pathological processes
of MI. A volcano plot indicated the top five upregulated and
downregulated DEGs in various cell types (Figure 1L). The
results of GSEA are shown in Figure 1M.

Our single-cell transcriptomic profiling of MI tissue
revealed myeloid cells as a key population potentially con-
tributing to disease progression through metabolic repro-
gramming and inflammatory responses. Despite being
limited by sample size and observational constraints, these
findings provided potential therapeutic targets for modulat-
ing post-MI immune responses.

Heterogeneity of myeloid cells in Mi
and their role in inflammation and
metabolism

Given that myeloid cells have critical roles as central partic-
ipants in the cardiac immune response after MI, we further
explored their cellular heterogeneity. Through dimension-
ality reduction and clustering analysis, we identified three
functional subtypes within the myeloid cell compartment:
macrophages, dendritic cells, and monocytes (Figure 2A,B).
The distribution of these subtypes in MI and NMI tissues
is shown in Figure 2C,J. Macrophages were substantially
enriched in the MI region, given their central roles in the
inflammatory response [39] and tissue repair after myocar-
dial necrosis.

To further investigate the dynamic features of these sub-
types, we performed a detailed analysis of their cell cycle
distribution (Figure 2D,K). The differential gene expres-
sion profiles of the three myeloid cell subtypes are shown in
Figure 2E. Boxplots visualizing the proportional differences
between MI and NMI tissues revealed that macrophages
were more abundant in MI tissue than NMI tissue (Figure
2F). We displayed the G2M.Score, S.Score, nFeature RNA,
and nCount RNA of the three myeloid cell subtypes in
UMAP plots and box plots (Figure 2G-I).

A volcano plot visualized the top five upregulated and
downregulated DEGs for each myeloid cell subtype (Figure
2L). Word cloud plots and heatmaps presented the enrich-
ment analysis results of these cell types. GO-BP enrichment
analysis [40] indicated that macrophages were involved pri-
marily in immunoglobulin-mediated humoral immunity and
complement activation; monocytes were associated with the
dynamic regulation of immune cells and chronic inflamma-
tion; and dendritic cells (DCs) were involved primarily in
antigen processing and presentation (Figure 2M,N). The
metabolic pathway activity of various myeloid cell types
and tissues indicated that glutathione metabolism and ara-
chidonic acid metabolism have enhanced activity in DCs;
macrophages were enriched in riboflavin metabolism; and
monocytes exhibited notable activity in the pentose phos-
phate pathway and oxidative phosphorylation (Figure
20,P). At single-cell resolution, our findings highlighted
the critical roles of macrophages in MI, revealed substantial
metabolic and immunological heterogeneity among myeloid
subpopulations, and provided a framework for the develop-
ment of targeted precision immunotherapy strategies.

Heterogeneity, functional differenti-
ation, and transcriptional regulatory
mechanisms of macrophage
subtypes in Ml

Our previous analysis identified critical roles of macrophages
in MI progression. To further investigate their heterogene-
ity, we performed a detailed analysis of macrophages and
classified them into four subtypes according to their tran-
scriptomic characteristics: CO GPNMB* macrophages, C1
S100A4* macrophages, C2 ILIB* macrophages, and C3
EGRI* macrophages (Figure 3A, top). Further compar-
ison of the distribution of these subtypes between MI and
NMI, as well as across cell cycle phases, revealed that most
macrophage subtypes were enriched in infarcted areas. C1
S100A4* macrophages had the most notable proportion in
the infarct tissue, thus suggesting their potential involvement
in key pathological processes after MI. Cell cycle analysis
indicated that the proportion of cells in G2/M phase was
substantially higher in the C1 subtype than other subtypes
(Figure 3A, bottom). Heatmaps further illustrated the afore-
mentioned results. (Figure 3B). To elucidate the molecular
characteristics of each subtype, we presented the top five
highly DEGs specific to each subtype in a bubble plot, along-
side their expression patterns in MI and NMI (Figure 3C).
Notably, genes with higher expression in the C1 subtype,
such as IL1B, CCL3, and CXCLS, were substantially upreg-
ulated in the infarcted tissue, thereby suggesting their prom-
inent inflammatory features [36]. Analysis of the expression
of subtype-specific signature genes for the four macrophage
subtypes in UMAP plots and bar plots (Figure 3D,E) con-
firmed their expression specificity. We additionally used bar
plots and UMAP plots to present the Count_RNA and nFea-
ture RNA levels of the macrophage subtypes (Figure 3F,G).
Additionally, bar plots depicting the cell cycle distribution
and regional proportions of each subtype in various tissue
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Figure 3 Macrophage characterization based on single-cell transcriptomic sequencing. (A) UMAP plots displaying the macrophage sub-
types (top) and differential proportions of cell types across tissue types and cell cycle phases (bottom). (B) Heatmaps illustrating the distri-
bution patterns of macrophage subtypes across tissues and cell cycle phases. (C) Bubble plot showing the top five highly expressed genes
across macrophage subtypes. (D) UMAP plots presenting the expression of subtype-specific signature genes across macrophage subtypes.
(E) Bar plots comparing proportion differences in subtype-specific signature genes across macrophage subtypes. (F,G) Bar plots and UMAP
plots displaying the expression of Feature RNA and nCount RNA in macrophages. (H) Stacked bar plots displaying the proportions of four
cell types across cell cycle phases and tissues, and faceted bar plots presenting the proportions of various cell cycle phases and tissue
types within each cell type. (I) Word cloud plots depicting the enrichment pathways across the four macrophage subtypes. (J) Volcano plots
showing differential gene expression across the four macrophage subtypes. (K) Heatmaps illustrating the regulatory activity levels of the top
20 metabolic pathways by macrophage subtype and tissue type. (L) Heatmap representing macrophage-related gene co-expression modules
based on the connectivity-specific index, including six regulatory modules of macrophages (M1, M2, M3, M4, M5, and M6). (M) Expression
levels of the top five TFs across the four macrophage subtypes and various tissues. (N) Bar plots comparing expression differences in M1-M6

regulatory modules across the four macrophage subtypes.
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types reaffirmed the notable dominance of the C1 subtype in
the G2/M phase and infarcted regions (Figure 3H).

To investigate the biological functions and DEGs of each
subtype, we performed functional enrichment analysis and
differential gene visualization with word cloud plots and
volcano plots (Figure 3LJ). Metabolic analysis revealed dif-
ferences in the activity of metabolic pathways between the
various macrophage subtypes and the MI and NMI groups
(Figure 3K).

Additionally, we used a connectivity-specific index matrix
to identify six regulatory modules within the macrophage
subtypes. These modules were labeled as M1, M2, M3, M4,
MS5, and M6 (Figure 3L). A heatmap illustrating the mac-
rophage subtypes and the high expression of TFs in MI and
NMI provided new insights into the regulatory mechanisms
of macrophages in MI (Figure 3M). Additionally, we used
bar plots to visualize the regulatory activities of macrophage
subtypes in the six modules. C1 S700A4+ macrophages
exhibited the highest regulatory activity in both M1 and M2,
whereas C3 EGRI+ macrophages showed the highest regu-
latory activity in M3 and MS5; therefore, each subtype had a
unique transcriptional regulatory network (Figure 3N).

Developmental trajectory and
functional transformation
mechanisms of macrophages in Ml

To elucidate the differentiation and developmental relation-
ships of the four macrophage subtypes, we used CytoTRACE
technology to analyze the cellular differentiation process.
The CytoTRACE [41] scores indicated that the C1 and C3
subtypes exhibited high stemness and low differentiation;
therefore, these populations possess primitive character-
istics and strong proliferative ability. In contrast, the CO
and C2 subtypes showed relatively weaker stemness. The
CytoTRACE scores across tissue types and cell cycle stages
were also determined (Figure 4A). To further investigate the
genes associated with high or low differentiation, we visual-
ized the correlation between these genes and CytoTRACE
scores through bar plots and identified key genes associated
with the differentiation process. Genes showing strong cor-
relations included RPL10 and RPS2 (Figure 4B).

We next performed pseudotime analysis of the MI mac-
rophage subtypes with Monocle2 [21], categorizing the
cells into five distinct stages according to pseudotime scores
(Figure 4C). Starting from the top left, differentiation pro-
ceeded downward and to the right. The distribution of MI
and NMI samples along the pseudotime axis is shown in
Figure 4D. Trajectory plots further revealed the distribution
patterns of the four subtypes along the pseudotime axis: C2
cells localized predominantly to the early stages of pseudo-
time, whereas C1 cells were distributed primarily toward the
late stages. CO and C3 cells were more dispersed along the
pseudotime trajectory (Figure 4E). To visually represent the
distribution of the four subtypes in pseudotime, we used ridge
plots, in which the C1 subtype was concentrated at the end of
the pseudotime sequence, whereas C3 cells were distributed
primarily in the mid-to-late stages (Figure 4F). To illustrate

the expression patterns of key genes in each subtype during
pseudotime progression, we used pseudotime scatter plots
to depict the dynamic changes in subtype-specific signature
genes (Figure 4G). Notably, SIO0A expression increased
progressively during pseudotime and peaked in the mid-to-
late stages, whereas IL1B and EGR1 initially decreased and
subsequently increased.

We used violin plots to quantify the distribution of cell
subtypes along the pseudotime trajectory. The CO and C2
macrophage subtypes were located at the earlier point,
whereas C1 and C2 were located at the later point (Figure
4H, left). To comprehensively depict the dynamic changes
in cell subtypes in pseudotime, we performed a stacked
bar chart visualization analysis. From the chart, we identi-
fied that stage 1 was composed predominantly of CO and
C2 subtypes; stage 2 was composed mainly of C2 subtypes;
stage 3 was composed primarily of CO subtypes; stage 4
largely comprised C3 subtypes; and stage 5 was composed
predominantly of C1 subtypes (Figure 4H, right). We used
violin plots to illustrate the differences in pseudotime scores
between cells in different cell cycle stages and between MI
and NMI (Figure 4I).

To investigate whether macrophages in MI might exhibit
continuous branching lineage structures, we used Slingshot
software to analyze the pseudotime trajectories of four cell
subtypes. The results revealed two distinct lineages: lineage
1 and lineage 2. Lineage 1 began with the C1 subtype, tran-
sitioned through the C0O, C2, and C3 subtypes, and returned
to C1. Lineage 2 started with the C1 subtype, passed through
the CO subtype, and terminated with the C2 subtype (Figure
4])). Furthermore, GO-BP enrichment analysis revealed the
biological functions associated with each lineage: In lineage
1, lipid metabolism, inflammatory response, and cell-related
processes were notably enriched, whereas these biological
pathways were expressed at relatively lower levels in line-
age 2, corresponding primarily to the enrichment in the C3
cell cluster in lineage 1 (Figure 4K). To further explore
the expression of subtype-specific signature genes along
the pseudotime axis, we performed a scatter plot analysis.
S100A4 exhibited higher expression at the terminal stage of
lineage 1. These visualizations provided critical insights into
the regulatory mechanisms of lineage-specific gene expres-
sion in MI for both lineage 1 and lineage 2 (Figure 4L).

Analysis of macrophage
subtype-mediated intercellular
communication networks and key
signaling pathways in Ml

To comprehensively investigate the complex cellular
response mechanisms and analyze intercellular interactions,
we performed a systematic analysis of intercellular relation-
ships and ligand-receptor communication networks. First,
we constructed an intercellular communication network
encompassing various cell types [42], quantifying both the
number (Figure 5SA, left) and intensity (Figure 5B, left)
of interactions among macrophage subtypes, fibroblasts, B
cells, and other cell types. Furthermore, we used circular
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plots to display the number (Figure 5A, right) and intensity
(Figure 5B, right) of receptor-ligand interactions among the
four macrophage subtypes and other cell types. This analysis
provided deeper insights into the extensive connections and
communication pathways among cell types and systemati-
cally elucidated the mechanisms of cellular interactions in
MI.

We identified three distinct input signaling patterns: pat-
tern 1 (involving four macrophage subtypes, B cells, mast
cells, and T/NK cells), associated with signaling pathways
such as APP, MIF, CXCL, MHC-II, and TNF; pattern 2
(involving endothelial cells and endocardial cells) associ-
ated with CD34, ITGB2, and SELL signaling pathways; and
pattern 3 (involving pericytes, fibroblasts, and smooth mus-
cle cells) associated with EDN, PDGF, CD46, and others.
Additionally, we identified three distinct output signaling
pathways: pattern 1 (including pericytes, SMCs, fibroblasts,
and cardiomyocytes) associated with CXCL, PTN, FNI,
and others; pattern 2 (including macrophage subtypes, mast
cells, B cells, and T/NK cells) associated with CCL, CD45,
and TNF; and pattern 3 (including endocardial cells and
endothelial cells) associated with APP, GAS, and CLDN,
and others. Each pattern was associated with specific input
and output signals (Figure 5C,D). These findings provided
valuable insights into the mechanisms involved in disease
development and progression. Notably, through heatmap
analysis, we identified that CXCL, MHC-II [43], and TNF
play critical roles in both incoming and outgoing signal
transduction in the C1 subtype (Figure SE). To investigate
the functional mechanisms of the CLEC, MHC-II, and TNF
[44] signaling pathways, we performed a visual analysis.
Using a centrality measurement approach, we identified key
participants in the CXCL signaling pathway: compared with
the other macrophage subtypes, C1 exhibited the highest
receiver and influencer scores in the CXCL signaling net-
work. Endothelial cells were also notably involved in the
receiver, mediator, and influencer roles (Figure 5F). In the
CXCL pathway, the specific interactions among cell types
are shown in Figure 5G,H. When the C1 subtype was the
target cell, the interaction between C1 and fibroblasts was
particularly substantial, whereas when C1 was the secret-
ing cell, its communication with endothelial cells was more
apparent. Finally, the expression levels of key receptor-li-
gand pairs involved in the CXCL signaling pathway were
analyzed. Compared with the other macrophage subtypes,
CXCL2, CXCL3, CXCLS, and CXCR4 had higher expres-
sion levels in the C1 subtype (Figure 5I).

To explore the role of MHC-II in cellular communication,
we conducted a visual analysis of the pathway. Both C1 and
C3 subtypes were found to play major roles across various
scenarios within the MHC-II signaling pathway (Figure 5J).
When C1 and C3 served as target cells, they were found to
receive signaling molecules from various cell types, thus
resulting in robust intercellular communication (Figure 5K).
The heat map analysis shows that, compared to other cells,
the communication probability of the C1 and C3 subtypes in
the MHC-II pathway is the highest (Figure 5L). A violin plot
visualizing the expression of ligand-receptor pairs associated
with the MHC-II signaling pathway indicated that HLA-
DPA1, HLA-DPB1, HLA-DQA1, HLA-DMA, and others

were highly expressed across all macrophage subtypes and
B cells (Figure 5M). We subsequently performed a simi-
lar analysis of the TNF signaling pathway [45]. Centrality
measurement results indicated that the C1 cell subtype plays
a major role as a sender within the TNF signaling pathway,
whereas the C3 subtype and T/NK cells function primarily as
receivers (Figure 5N). The TNF-associated secretory cells
were mainly of the C1 subtype, thus underscoring the critical
role of the C1 subtype in the TNF signaling pathway (Figure
50-P), whereas the ligand-receptor pairs in the MHC-II sig-
naling pathway also exhibited elevated expression in the C1
and C3 subtypes.

The elucidation of the functions of the CXCL, MHC-II,
and TNF signaling pathways and their associations with var-
ious cell populations enhanced understanding of the molecu-
lar mechanisms underlying MI. Our findings provide crucial
evidence for the development of specific therapeutic strate-
gies targeting these signaling pathways. Nevertheless, these
ligand-receptor interaction inferences are computational
predictions that will require further experimental validation,
such as through spatial transcriptomics or in situ hybridiza-
tion, to confirm actual physical interactions in tissue.

Discussion

This study systematically mapped the cellular microenvi-
ronment of human MI tissue with scRNA-seq technology
[46] and provided an in-depth analysis of myeloid cells,
particularly the heterogeneity, metabolic characteristics,
developmental trajectories, and intercellular communication
networks of macrophage subtypes. Our findings not only
confirmed the central role of the immune microenvironment
in the pathological progression of MI but also revealed the
diversity of cellular functions and their potential regulatory
mechanisms, thus offering new insights into the molecular
pathology of MI.

First, our study validated the critical roles of myeloid cells
in MI [47]. Myeloid cells were enriched in the infarcted area
and exhibited high proliferative activity. More importantly,
enrichment analyses [48] indicated that myeloid cells in the
infarct zone underwent notable metabolic reprogramming,
particularly with the activation of pathways associated with
oxidative phosphorylation and mitochondrial energy metab-
olism [49]. These findings are characteristic of macrophages
undergoing extensive metabolic reprogramming during
the proliferative phase post-infarction [50]. Therefore, in
response to the high energy demands of the inflammatory
environment, myeloid cells undergo fundamental metabolic
alterations. This metabolic reprogramming might directly
drive their potent inflammatory effector functions and poten-
tially exacerbate tissue damage or influence the repair pro-
cess. Compared with previous bulk RNA-seq studies report-
ing global metabolic changes in infarct tissue, our single-cell
resolution data further revealed that this metabolic shift was
not uniform across all myeloid cells but was particularly pro-
nounced in specific subtypes localized to the infarct region,
thereby advancing the field by linking metabolic reprogram-
ming to discrete myeloid subtypes [51-53].
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We conducted a detailed examination of myeloid cell het-
erogeneity. Macrophages, dendritic cells, and monocytes
exhibit clear functional specialization and differential distri-
bution across tissues (MI vs. NMI). We particularly focused
on the critical role of macrophage heterogeneity in MI and
identified four distinct subtypes (CO-C3) with functional
diversity. These findings closely align with those from pre-
vious studies highlighting the high heterogeneity in cardiac
macrophages, in which the traditional M1/M2 classification
is overly simplistic and does not capture the complexity of
their roles in injury repair [54]. However, our study offers
advances beyond prior classifications by not only identifying
four distinct subtypes but also mapping their unique meta-
bolic profiles, transcriptional regulatory networks, and inter-
cellular communication patterns—features that cannot be
captured by the binary M1/M2 paradigm and that collectively
enable a nuanced understanding of macrophage behavior in
MI. Our scRNA-seq data indicated that C1 S7/00A4+ mac-
rophages dominated the infarct zone and had high expression
of genes such as IL1B and CCL3. IL1B, which is enriched
in immune and inflammatory pathways and associated with
immune cell infiltration, is likely to play a critical role in the
pathogenesis of acute MI, particularly by mediating necrop-
tosis and immune-inflammatory responses that exacerbate
myocardial damage [55]. CCL3, an important chemokine, is
responsible for recruiting additional immune cells to the site
of inflammation. In the early stages of MI, this recruitment
is essential for clearing necrotic debris; however, sustained
excessive inflammation is detrimental [56]. Our findings sug-
gest that CCL3 might play a role similar to that described in
classic studies as an early pro-inflammatory mediator. The
marker gene S7/00A4+ has been reported to activate cardiac
fibroblasts through paracrine signaling, thus amplifying
TGF-B-driven pro-fibrotic signaling in experimental models.
In our study, ligand-receptor interaction analysis predicted
that C1 macrophages might communicate with fibroblasts
via S100A4-associated signaling pathways, and consequently
suggested a potential role in driving pathological cardiac
remodeling. However, this inference was based on computa-
tional prediction and requires further experimental validation
(e.g., in co-culture systems or conditional knockout models)
to confirm causality [57]. The C3 subtype also exhibited ele-
vated nFeature and nCount scores, and the named gene EGR!
was among the critical molecules driving harmful excessive
inflammation after MI. Inhibiting EGR1 activity is considered
a promising therapeutic strategy [58]. In CO GPNMB+ mac-
rophages, GPNMB activates protective signaling pathways in
cardiomyocytes and fibroblasts, thereby exerting beneficial
anti-cell death and anti-fibrosis effects, and improving car-
diac function [59]. Notably, some studies have emphasized
that macrophages of different origins (e.g., embryonic vs.
monocyte derived) exhibit distinct functions in cardiac fibro-
sis [60]. Future studies incorporating lineage tracing markers
(such as Timd4 and CCR2) could precisely define the devel-
opmental origins of the CO—-C3 subtypes, thereby providing a
more accurate understanding of their functions [61].

Given that metabolic reprogramming is fundamental to
macrophage functional differentiation, we subsequently
conducted a metabolic analysis, which revealed that mye-
loid cells in the infarcted area exhibited notable activation

of energy metabolism pathways such as oxidative phospho-
rylation. This finding aligned with the immune metabolism
concept proposed by Zuo et al. [61], in which macrophages
tend to rely on glycolysis during early stages of inflamma-
tion and transition to oxidative phosphorylation during the
repair phase. The high metabolic activity observed in the C1
subtype might provide the energy necessary for its potent
pro-inflammatory effector functions. Additionally, Zhou et
al. [62] have proposed that myocardial syncytium calcium
signaling might regulate macrophage gene expression. Our
findings suggested that this regulation might be mediated by
the effects of cellular metabolic states. The TF analysis iden-
tified high expression of FOSB, ATF3, RELB, FOSL?2, and
ATF4 in infarct regions. Notably, ATF3 promotes autophagy,
which in turn stimulates the proliferation of cardiac fibro-
blasts and collagen production, and ultimately influences
myocardial fibrosis and remodeling after MI [63]. ATF4,
a key signaling node and TF linking receptor activation to
excessive autophagy in cardiomyocytes, ultimately medi-
ates the transcriptional program that promotes autophagy,
a crucial step in myocardial injury [64]. Both ATF3 and
ATF4 are important molecules in the immune-inflamma-
tory process [65]. RELB is a critical signaling node link-
ing macrophage depletion to adverse cardiac remodeling,
and driving macrophages toward the pro-inflammatory M1
phenotype, thereby exacerbating the inflammatory response
and contributing to adverse ventricular remodeling and heart
dysfunction after MI [66].

In the analysis of different macrophage subtypes, the CO
subtype exhibited high levels of STAT1 [67], a key factor
promoting harmful inflammatory responses after MI. In
contrast, REL was relatively abundant in the C1 subtype, in
which it is recognized as a key pro-inflammatory TF after
MI [68]. The most highly expressed TF in the C2 subtype
was CREB3, whereas ZBTB25 was notably elevated in the
C3 subtype. A more detailed analysis of the macrophage
subtypes will be an important future direction for uncovering
functional regulatory mechanisms.

To provide new insights into the dynamic changes in
macrophage subtypes, we performed pseudotime analysis.
A Monocle2 simulation of the potential differentiation tra-
jectory of macrophage subtypes (C2 —» CO - C3 — Cl)
positioned C1 at the terminal differentiation end. C1 might
therefore be a terminally differentiated subtype with specific
effector functions in response to infarct microenvironmental
stimuli [45]. Slingshot analysis [69] further further demon-
strates that C1 was at the terminal stage of the differenti-
ation process. However, macrophages are known for their
high plasticity [70], and previous studies have highlighted
their notable heterogeneity [54] and plasticity in develop-
ment, phenotype, and function [61]. Moreover, their fate
is not unidirectional. Zhang et al. [71] have demonstrated
that external signals, such as myocardial exosomes, can alter
macrophage polarization states. Therefore, our pseudotime
analysis suggested a differentiation trajectory (C2 — CO —
C3 — C1) with C1 at the terminal end; however, we interpret
the observed trajectory as a dynamic equilibrium state rather
than a fixed unidirectional differentiation program, consist-
ent with the view that cell fate is highly plastic and can be
dynamically reshaped by microenvironmental signals [72].
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Furthermore, cell-cell communication analysis revealed
that macrophage subtypes act as key information hubs within
the MI microenvironment [73]. We identified C1 S100A4*
macrophages as central nodes in several critical signaling
pathways, including CXCL, MHC-II, and TNF. Notably, the
C1 subtype might form autocrine/paracrine feedback loops.
For example, activation of the TNF pathway can initiate
and amplify inflammatory responses, recruit and activate
immune cells, sustain the recruitment of inflammatory effec-
tor cells, and promote inflammatory cell death, particularly
necrosis, which further releases additional inflammatory sig-
nals [74]. This feedback mechanism is likely to substantially
amplify the local inflammatory response. Our cell commu-
nication network provided a more complex cellular sub-
type context for these interactions, thus suggesting that C1
macrophages might act as crucial amplifiers, by receiving
myocardial cell damage signals and further amplifying the
inflammatory response. Yang et al. [75] have also detailed
the intricate interaction networks between macrophages and
fibroblasts through factors such as CSF1, TGF-f3, and IL-10,
which together drive the fibrotic process.

Finally, our findings suggest potential targets for
therapeutic strategies aimed at modulating the immune
microenvironment. The key macrophage subtypes identi-
fied herein, such as C1, and their active signaling path-
ways, including CXCL and TNF, offer candidate tar-
gets for the development of precision immunotherapies.
Targeting specific surface markers on the C1 subtype or
the key inflammatory mediators that they produce might
help control excessive inflammatory responses after MI
without affecting other macrophage subtypes involved in
tissue repair.

However, this study has several limitations. First, the
samples were obtained from a single time point after MI,
thereby limiting our ability to dynamically capture the
evolution of the microenvironment across stages of repair
(inflammatory, proliferative, and maturation phases) [76].
Second, because the study was based primarily on tran-
scriptomic data, functional conclusions must be further val-
idated through subsequent in vivo and in vitro experiments,
such as gene knockout [77] and cell-specific ablation [78].
Additionally, the relatively small sample size necessitates
future studies with larger cohorts to identify rarer cell sub-
types or states.

In conclusion, this study comprehensively elucidated the
complexity and dynamics of the immune microenviron-
ment in MI from multiple perspectives, including ecosys-
tem interactions, cell subtypes, developmental trajectories,
and signaling networks. The key macrophage subtypes
and their core signaling pathways identified herein offer a
critical theoretical foundation for the future development
of precision therapies aimed at modulating the cardiac
immune microenvironment, suppressing excessive inflam-
mation, and promoting reparative remodeling. Future
research should integrate spatial-temporal transcriptomics,
proteomics, and metabolomics, and additionally validate
these findings in more clinically relevant models, such as
immune cell-containing cardiac organoids, with the ulti-
mate goal of translating molecular insights into clinical
therapies.

Conclusion

This study revealed the core characteristics of the immune
microenvironment in MI through single-cell sequencing and
identified C1 S100A4+ macrophages as a key disease-as-
sociated inflammatory subtype. This subtype was notably
enriched in infarcted areas, and it exhibited an active pro-
liferative state; distinct metabolic reprogramming charac-
terized by enhanced oxidative phosphorylation; and pro-
nounced pro-inflammatory features with high expression of
IL1B and CCL3. Moreover, C1 S100A4* macrophages were
found to serve as a central hub in CXCL, MHC-II, and TNF
signaling pathways. These findings provide new insights into
the pathological mechanisms of MI, particularly by advanc-
ing understanding of the inflammatory processes involved in
ventricular remodeling after M1.
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