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the non-cardiomyocytes heterogeneity
and novel cell populations in dilated
cardiomyopathy
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Abstract

Background Dilated cardiomyopathy (DCM) is one of the most common causes of heart failure. Infiltration and alter-
ations in non-cardiomyocytes of the human heart involve crucially in the occurrence of DCM and associated immu-
notherapeutic approaches.

Methods We constructed a single-cell transcriptional atlas of DCM and normal patients. Then, the xCell algorithm,
EPIC algorithm, MCP counter algorithm, and CIBERSORT method were applied to identify DCM-related cell types
with a high degree of precision and specificity using RNA-seq datasets. We further analyzed the heterogeneity
among cell types, performed trajectory analysis, examined transcription factor regulatory networks, investigated
metabolic heterogeneity, and conducted intercellular communication analysis. Finally, we used bulk RNA-seq data
to confirm the roles of M2-like2 subpopulations and GAS6 in DCM.

Results We integrated and analyzed Single-cell sequencing (scRNA-seq) data from 7 DCM samples and 3 normal
heart tissue samples, totaling 70,958 single-cell data points. Based on gene-specific expression and prior marker
genes, we identified 9 distinct subtypes, including fibroblasts, endothelial cells, myeloid cells, pericytes, T/NK cells,
smooth muscle cells, neuronal cells, B cells, and cardiomyocytes. Using machine learning methods to quantify bulk
RNA-seq data, we found significant differences in fibroblasts, T cells, and macrophages between DCM and normal
samples. Further analysis revealed high heterogeneity in tissue preference, gene expression, functional enrichment,
immunodynamics, transcriptional regulatory factors, metabolic changes, and communication patterns in fibroblasts
and myeloid cells. Among fibroblast subpopulations, proliferative F3 cells were implicated in the fibroblast transition
process in DCM, while myofibroblast F6 cells promoted the fibroblast transition to a late cell state in DCM. Addi-
tionally, two subpopulations of M2 macrophages, M2-like1 and M2-like2, were identified with distinct features. The
M2-like2 cell subpopulation, which was enriched in glycolysis and fatty acid metabolism, involved in inflammation
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inhibition and fibrosis promotion. Cell—cell communication analysis indicated the GAS6-MERTK axis might exhibit
interaction between M2 macrophage and M2-like1 macrophage. Furthermore, deconvolution analysis for bulk RNA-
seq data revealed a significant increase in M2-like2 subpopulations in DCM, suggesting a more important role for this

cell population in DCM.

Conclusions We revealed the heterogeneity of non-cardiomyocytes in DCM and identified subpopulations of myofi-
broblast and macrophages engaged in DCM, which suggested a potential significance of non-cardiomyocytes

in treatment of DCM.

Keywords Dilated cardiomyopathy (DCM), Single-cell RNA sequencing (scRNA-seq), Bulk RNA sequencing (Bulk RNA-

seq), Non-cardiomyocytes, Heterogeneity

Background

Dilated cardiomyopathy characterized by left ventricular
dilation associated with systolic dysfunction is the most
common cardiomyopathy worldwide. DCM also involves
having diastolic dysfunction and right ventricular impair-
ment, putting patients at risk of left ventricular failure,
right ventricular failure, or both, either as primary or
secondary conditions [1]. Immunohistological evidence
has shown that inflammation is an independent predictor
of survival in DCM patients in clinical and experimental
investigations [2, 3]. Therefore, precise characterization
and quantification of non-cardiomyocytes cell subtypes
are necessary in personalized treatment of DCM.

The heart is composed of different cell populations,
each with specific roles and regulations to maintain the
organ function. Cardiomyocytes constitute the majority
of heart tissue [4], but only have 25-35% of all heart cells
[5]. On the other hand, Pinto A R et al. using immuno-
histochemistry revealed that endothelial cells account
for more than 60% and fibroblasts are less than 20% of
non-cardiomyocyte populations, making endothelial
cells the most common cell type in the adult heart [6],
this estimated number of endothelial cells contradicts
studies that have previously characterized heart cellular
composition, where findings suggested that fibroblasts
constitute the principal non-cardiomyocytes popula-
tions [4, 5, 7, 8]. The proportions of these cell populations
are still a matter of debate [4, 9, 10], such as the com-
munication and roles of these cell populations in main-
taining heart function remain largely unknown [11, 12].
Single-cell sequencing as an innovative tool in biomedi-
cal research [13] has been performed to conduct a com-
prehensive gene expression profile analysis for 10,519
non-cardiomyocytes in adult mouse hearts, providing a
panoramic view of the single-cell transcriptome of these
cells [14, 15], in which the diversity of non-cardiomyo-
cytes and new subpopulations of rare cells, such as mural
cells and glial cells, were identified, offering significant
research resources for further exploration of cell struc-
ture and function in the mammalian heart by generating
an extensive network of intercellular communication. For

example, mapping the intercellular communication net-
work within the heart could discover the alternations that
promote the development of a fibrotic cell microenviron-
ment and cellular communication following angiotensin
II treatment. On the other hand, single-cell sequenc-
ing technology also holds the potential to reveal disease
mechanisms by leveraging findings from whole-genome
association studies or analyzing different cell types and
unique characteristics of the heart in terms of cell com-
position, signaling interactions, and transcriptomic
dynamics that contribute to cardiac regeneration [16].
The comparison of single-cell transcriptional differences
between healthy and diseased adult hearts has identified
cell type-specific changes that can help to underpin cellu-
lar processes related to cardiac biology and pathophysiol-
ogy. Thus, the application of this technology may lead to
the discovery of new therapeutic targets associated with
heart disease [17]. A comprehensive understanding of the
changes in the microenvironment of diseased hearts will
be a fundamental step in determining future treatment
methods. However, the limitations in the number of
DCM samples, as well as the cells and tools available for
data analysis, make the early knowledge obtained from
previous studies about the landscape of non-cardiomyo-
cytes in DCM still being insufficient.

Here, we integrated single-cell RNA sequencing data
from 70,958 cells from 7 human DCM samples and 3 nor-
mal samples. Based on various advanced analysis tools,
we identified a serious of features such as tissue prefer-
ences, gene expression, functional enrichment, immune
dynamics, transcriptional regulators, metabolic changes,
and communication patterns underlying non-cardiomy-
ocytes heterogeneity, and further found that DCM was
associated with the M2-like2 macrophage subpopulation,
which may serve as a potential therapeutic target for pre-
cision medicine of DCM.



He et al. Journal of Translational Medicine (2025) 23:17

Methods

Data acquisition

The scRNA-seq datasets were obtained from Gene
Expression Omnibus (GEO) database: GSE183852
(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?
acc=GSE183852) and GSE145154 (https://www.ncbi.
nlm.nih.gov/geo/query/acc.cgi?acc=GSE145154).  Bulk
RNA-seq datasets were downloaded from GEO data-
base: GSE145154 (https://www.ncbi.nlm.nih.gov/geo/
query/acc.cgi?acc=GSE141910), GSE1145 (https://www.
ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE1145), and
GSE116250  (https://www.ncbi.nlm.nih.gov/geo/query/
acc.cgi?acc=GSE116250) and HubnerLab database
(http://shiny.mdc-berlin.de/cardiac-translatome/) (Addi-
tional file 7: Table S1).

Comprehensive analysis of single cell datasets

ScRNA-seq datasets of human DCM and normal sam-
ples were downloaded from the GEO database. The raw
gene expression matrix was converted into Seurat objects
using the Seurat R (version 4.2.2) package. To exclude
low-quality cells, we filtered cells that expressed between
500 and 4000 genes, and used the genes expressed in at
least 3 cells for further analysis. The maximum num-
ber of genes and the percentage of mitochondrial genes
(pctMT) were set to 10%. After the above quality con-
trol steps, we identified “anchors” across different batch
samples to construct reference information. First, the
datasets were merged into a Seurat object list using the
merge and SplitObject functions. We standardized the
data using the “PrepSCTIntegration” function and identi-
fied the top 2000 highly variable genes (HVGs) using the
“SelectIntegrationFeatures” method. Next, we detected
anchors by the “FindIntegrationAnchors” function with
default parameters and integrated the batch processing
expression matrices of all cells into Seurat objects using
the “IntegrateData” function based on the previously
identified anchors. Afterward, HVGs and the top 20
principal components were used for dimension reduc-
tion. The graph-based and k-mean-based clustering
approaches implemented in the “FindNeighbor” function
of the Seurat package were used for data clustering, with
a K parameter of 30 and the “FindClusters” function with
the “resolution” parameter set to 0.5.

Clusters were labeled according to their key marker
genes or annotated as known cell subsets based on the
literature, and were visualized with t-distributed sto-
chastic neighbor embedding (t-SNE) by running dimen-
sionality reduction with “RunTSNE’, setting “dims” to
1:30. e. Any cluster that had multiple markers for two
different cell types was manually eliminated as a dou-
blet. The “FindAllMarkers” function utilized the Wil-
coxon method to identify significantly expressed genes
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in each cell subpopulation, with fold change testing the
difference in expression between two cell subpopula-
tions. Genes with P<0.05 were considered significantly
differentially expressed genes (DEGs), where a log2-fold
change <0.25 indicated downregulated genes, and a log2-
fold change >-0.25 represented upregulated genes.

Estimation of cell infiltration in DCM

The raw GSE141910, GSE1145, GSE116250, and
GSE116250 datasets were downloaded from the GEO
database, which includes detailed information such as
platform, sample, and phenotypic data. The obtained raw
gene expression values were log2 transformed.

The xCell [18], CIBERSORT [19], EPIC [20], and MCP-
counter [21] algorithms were used to estimate the degree
of cell infiltration. xCell is a robust algorithm that can
be used to analyzes the infiltration levels of 64 immune
and stromal cell types. CIBERSORT is a tool used for the
deconvolution of the transcriptome expression matrix
based on the principle of linear support vector regres-
sion. The estimating the proportion of immune and can-
cer cells (EPIC) algorithm as a method can estimate the
proportions of immune and cancer cells. In addition to
gene expression data were utilized, support vector regres-
sion (SVR) was used to calculate the proportions of each
cell type. The microenvironment cell populations counter
(MCPcounter) algorithm was performed to estimate the
abundance of different cell types within tissues based on
the gene expression characteristics of immune and non-
immune cell types using a linear regression model.

Moreover, single-sample gene set enrichment analy-
sis (ssGSEA) as a commonly used method for immune
cell infiltration analysis was applied to estimate the rela-
tive abundance of macrophage subpopulations. By this
method, we compared the gene expression data of each
sample with a specific gene set to estimate the relative
enrichment level of this gene set in the sample. Specifi-
cally, we used ssGSEA to sort all genes based on their
expression levels from high to low and calculated the
cumulative distribution function of genes with higher
expression levels within a gene set, thus resulting in
a cumulative distribution function called the gene set
enrichment score (GSE). Then, the expression levels of
all genes in each sample were sorted from high to low,
and the gene set enrichment score corresponding to each
position was calculated. Finally, the scores at these posi-
tions were averaged or weight averaged to obtain the
sSGSEA score of the sample on the gene set, which was
used to estimate the relative abundance of the immune
cell type in the sample.
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Developmental trajectory inference

We explored the differentiation trajectories of the
selected clusters by the monocle package (version 2.22.0)
in R (version 4.2.2), and separated the interesting cell
clusters using the “subset” command of Seurat. Then we
performed the “newCellDataSet” function to construct a
CellDataSet object, and further filtered out low-quality
cells and genes, with the “min_expr” parameter set to
0.1. through the “detectGenes” function and the “subset”
function, which was accomplished after calculating the
size factors and estimating the dispersions. Two thou-
sand highly variable genes were finally selected, and then
reduced for dimensionality by “reduceDimension” func-
tion with the “DDRTree” method. The DDRTree method
was utilized to infer the pseudotime trajectory of cells. By
combining the differentiation status of cell subpopula-
tions with the pseudotime trajectory of cells, the degree
of differentiation of cell subtypes was determined. The
functions “plot_cell_trajectory’, “plot_genes_in_pseudo-
time”, and “plot_genes_branched_heatmap” were used for
visualization.

CytoTRACE as a computational method for predict-
ing cell differentiation status based on single-cell RNA
sequencing data (https://cytotrace.stanford.edu/) was
applied to analyze the differentiation status of fibroblasts,
T cells, NK cells and myeloid cell subpopulations. The
functions “plotCytoGenes” and “plotCytoTRACE” were
also used for visualization.

Tissue preference of cell types

To quantify the distribution of cell types across tissues
(normal and DCM samples), we used the R package
sscVis (v.0.1.0) to calculate the odds ratio (OR) to indicate
preference [22]. Fisher’s exact test was performed on the
contingency table to obtain OR values and correspond-
ing p values. An OR>1.5 indicates that the cell type is
more likely to be distributed in the tissue sample, while
an OR<0.5 represents that the cell type is less likely to be
distributed.

SCENIC analysis

We used the single-cell regulatory network inference and
clustering (SCENIC) method to identify regulatory mod-
ules and their potential targets. The main process consists
of three parts, in which we used the GRNBoost2 method
to infer co-expression modules, and then applied the
RcisTarget function to identify modules with significantly
enriched motifs for correcting upstream regulatory fac-
tors while also eliminating indirectly targeted genes lack-
ing motif support. Finally, we evaluated the activity of
the regulatory modules at single-cell resolution by using
the "AUCell" function. The SCENIC analysis pipeline
was implemented through Python tools to obtain data

Page 4 of 22

on human upstream and downstream 10 kb motifs from
the cisTarget database (hg38_10kbp_up_10kbp_down_
full_tx_v10_clust.genes_vs_motifs.rankings.feather)
and transcription factor motif data (motifs-v9-nr.hgnc-
m0.001-00.0.tbl). A total of 1839 transcription factor
motifs were inputed, and then the “CalcRSS” function in
the R package SCENIC (v.1.2.4) was applied to identify
cell-specific regulatory activity scores (RSS) for the regu-
latory modules.

Functional enrichment analysis

Differential expression analysis was performed with the
"FindAllMarkers" function in the Seurat package with
default parameters. Genes with an adjusted P <0.05 and
|log,FC|>0.25 were considered significantly DEGs. Gene
set enrichment analysis (GSEA) was used to assess path-
way enrichment status. All enrichment analyses were
conducted using the clusterProfiler package (version
4.0.1).

Metabolic activity scores at single-cell resolution

The R package scMetabolism (v0.2.1) was used to visual-
ize and quantify the metabolic activity of individual cell
within each cell cluster. Metabolism-related gene sets
were obtained from Kyoto Encyclopedia of Genes and
Genomes(KEGG), REACTOME, the molecular signa-
tures database (MsigDB; https://www.gsea-msigdb.org/
gsea/msigdb/human/collections.jsp#H), the FerrDb data-
base (http://www.zhounan.org/ferrdb/current/), and the
human autophagy database (HADb; http://www.autop
hagy.lu/index.html). Metabolic activity scores were cal-
culated using the ssGSEA, AUCell, VISION, and GSVA
algorithms. Finally, the metabolic activity of different
pathways in different cell types was evaluated to identify
pathways with significant differences. In this study, we
applied AUCell method to analyzing the REACTOME
metabolic genome.

Cell-cell communication

Cell communication can trigger a series of physiologi-
cal and biochemical changes occur within the target
cell through cell signal transduction, ultimately mani-
festing as the overall biological effects of the target cell.
Intercellular communication mediated by the interac-
tion between cell surface ligands and receptors reveals
the association of various cell types during development,
which is crucial in various biological processes. To detect
the interactions between different cell types, we used the
“CellChat” package (v.1.6.1) in R to predict the key sig-
nal inputs and outputs of cells, as well as the interactions
between these cells and signals since CellChat is based
on the gene expression profiles of ligands and receptors
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in different cell types to infer their interactions and con-
struct a cell communication network.

Statistics

Statistical analyses were performed using R (version
4.2.2) and Python (v.3.7.8). All figures were generated
using R Studio. Comparisons between groups were
conducted using x* tests and Fisher’s exact test for cat-
egorical variables. Wilcoxon rank-sum tests and Kruskal—
Wallis tests were used for continuous variables. P >0.05
were considered not statistically significant. In GSEA,
p values were also adjusted based on the false discovery
rate (FDR) for multiple hypothesis testing. Unless other-
wise noted, each experiment was repeated three or more
times with biologically independent samples.
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Results

Profiling the single-cell transcriptomic landscape of the left
ventricle

To more precisely describe the cellular landscape within
the left ventricle of the heart, 2 scRNA-seq datasets,
GEO183852 and GEO145154 with totaling 85,927 cells,
were analyzed. The DCM patient clinical data are shown
in Additional file 7: Table S1. PCA of pseudobulk data
indicated that sex and age had no effect in this popula-
tion. (Additional file 1: Fig. S1A). SCRNA-seq data from
the index two sets of data were merged and clustered
with the Seurat R package using both CCA and PCA
based methods. Following rigorous quality control and
clustering analysis, we obtained a total of 70,958 cells and
23 clusters with distinct expression features (Additional
file 1: Fig. S1B), comprising 3 normal heart samples and 7
DCM samples (Additional file 1: Fig. S1C). The cell clus-
ters were manually annotated based on the marker genes
of each cell type, and 9 cell types were identified, includ-
ing fibroblasts, endothelial cells, myeloid cells, pericytes,
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Fig. 1 Landscape of DCM and normal samples based on single-cell data. A t-SNE plot displaying 70,958 cells from DCM and normal samples.

B Dot plot showing the proportional expression levels of typical markers used for identifying each cell type. The color key from gray to purple
represents low to high expression levels. The size of the dots represents the percentage of cells expressing the gene. C Distribution of cell subtypes
in DCM and normal samples. D Differential genes in each subtype between DCM and normal samples. Red represents upregulated genes,

and blue represents downregulated genes. Genes with P <0.05 and log, fold change > 0.25 were considered significantly upregulated, while genes
with P <0.05 and log, fold change <—0.25 were considered significantly downregulated. E Spearman correlation analysis between cell types. F
Functional comparison of biological processes between B cells and myeloid cells (upper) and between cardiomyocytes and fibroblasts (lower)
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T/NK cells, smooth muscle cells, neuronal cells, B cells,
and cardiomyocytes (Fig. 1A, B). We found that neu-
ronal cells, B cells, and T/NK cells were more likely to be
expressed in DCM, while cardiomyocytes and myeloid
cells were shown to be markedly expressed in normal
samples (Fig. 1C, Additional file 1: Fig. S1D) based on
OR analysis. Subsequently, the purity of the cell popu-
lations in all the samples was calculated using ROGUE,
which shown that myeloid cells, fibroblasts and T/NK
cells exhibited with high heterogeneity (Additional file 1:
Fig. S1E). The differential expression of genes across dif-
ferent cell types was strongly influenced by the disease
state (Fig. 1D, Additional file 7: Table S2), particularly in
fibroblasts and myeloid cells. Significant genes for each
cell subtype, including LUM, VMF, IL1B, RGS5, NKG?7,
MYHI11, GPM6B, IGLC2, and ACTAI, are shown in
Additional file 1: Fig. S1F. Additionally, the top 20 sig-
nificant DEGs in each cell type are obtained (Additional
file 1: Fig. S1G and Additional file 7: Table S3). Spear-
man correlation analysis revealed cell type-specific tran-
scriptional profiles for both immune and non-immune
cells (Fig. 1E). B cells had less correlation with myeloid
cells within immune cells, each exhibiting distinct tran-
scriptional features. Among non-immune cells, smooth
muscle cells were more strongly correlated with peri-
cytes, while cardiomyocytes shown a weak correlation
with fibroblasts. This results are attributed to the devel-
opmental processes of DCM, indicating fibroblasts with
independent of immune cells and cardiomyocytes. On
the other hand, analysis with GSEA revealed the distri-
bution features of different cells in physiological activi-
ties, such as B cells and T cells specific enrichment in
cellular component-related processes, cardiomyocytes
mainly in cellular respiration and aerobic respiration,
fibroblasts involved in positive regulation of leukocyte
activation and immune response regulatory signaling
pathways, and myeloid cells correlated with extracellu-
lar matrix and ribosomal structure molecular functions.
Compared to myeloid cells, B cells are enriched in large
ribosomal subunit and ribosome cellular components,
while myeloid cells are more existed in functions related
to antigen processing and presentation via MHC class II
peptides. Fibroblasts were more involved in extracellular
matrix organization and other biological functions than
cardiomyocytes, while cardiomyocytes were more related
to cellular respiration, aerobic respiration, and other bio-
logical processes (Fig. 1F).Taken together, there is both
correlation and heterogeneity among cell types in DCM,
in which B cells show significantly different transcrip-
tional features than other immune cells, while fibroblasts
exhibit more distinct features than immune cells and car-
diomyocytes. Given that the cardiac microenvironment
also plays a crucial role in DCM that may influence the
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response to immunotherapy, we here utilized bulk-seq
data from GSE141910 and data from van Heesch et al.
(HubnerLab database) [23] on dilated cardiomyopathy
to further analysis.(Additional file 7: Table S1). By quan-
tified the proportions of immune cells in cardiac tissue
and detected the changes in immune subtypes and non-
immune cell subtypes in DCM patients, we found that
most cell types were significantly different between DCM
and normal cardiac tissues. For example, fibroblasts,
B cells, T cells, endothelial cells and NK cells were sig-
nificantly increased in DCM, but macrophages shown
a significant decrease (Additional file 2: Fig. S2A-E). To
understand the alternations in the cellular composition
in DCM, we next meticulously analyze the changes in
fibroblasts, T/NK cells and myeloid cells in DCM at sin-
gle-cell level.

Dissection and clustering of fibroblasts in DCM

Cardiac fibroblasts as the dominant cell type in the heart
[24] undergo phenotypic changes during cardiac remod-
eling, in which they acquire a myofibroblast character,
proliferate and produce extracellular matrix proteins,
thereby maintaining the structural integrity of the injured
heart. Here, we identified eight subpopulations within
26,435 fibroblasts, including FO, F1, F2, F3, F4, F5, F6, and
F7 (Fig. 2A), among them, the F1, F2, F3, F5, F6, and F7
cell subpopulations have uniquely high-expressing genes.
The top 10 significantly expressed genes in the cell sub-
populations are shown in Additional file 3: Fig. S3A and
Additional file 7: Table S4. In F1, DLKI, a non-classical
Notch ligand that regulates the Notch signaling pathway
and SMOC?2 were highly expressed [25]. DLK] is involved
in embryonic development and adult cell differentiation
and negatively regulates the differentiation of cardiac
fibroblasts into myofibroblasts, thereby controlling myo-
cardial fibrosis [26]. On the other hand, SMOC2 exhib-
ited high expression during embryonic development and
wound healing, thus being potential as a target for con-
trolling tumor growth and vascular generation in myocar-
dial ischemia [27, 28]. In F2 subpopulation, IGFBP6 and
FGFBP2 are highly expressed. IGFBP6 has been shown
to play a role in the positive regulation of cell migration
and stress-induced MAPK cascade activation, serving
as a biomarker for breast cancer, carcinoma in situ, and
leiomyomas. FGFBP2 encodes a member of the fibroblast
growth factor-binding protein family, and its protein is
selectively secreted by cytotoxic lymphocytes and may
participate in cytotoxic lymphocyte-mediated immunity.
In F3, POSTN, THBS4, and CLU were highly upregu-
lated. Overexpression of POSTN can lead to cardiac dys-
function and increase the risk of cardiac fibrosis [29].
THBS4 is an adhesive glycoprotein that mediates cell—cell
and cell-matrix interactions and participates in various
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processes, including cell proliferation, migration, adhe-
sion, attachment, inflammatory response to central nerv-
ous system injury, regulation of vascular inflammation,
adaptation of the heart to pressure overload, myocardial
function, and remodeling. However, THBS4 overexpres-
sion induces fatal cardiac atrophy [30]. CLU is a secretory

chaperone that can also be found in cytoplasmic solutes
under certain stress conditions, and associates with sev-
eral basic biological events, such as cell death, tumor
progression, and neurodegenerative diseases, showing an
important role in cell proliferation [31]. F3 may represent
a subpopulation characterized by cell proliferation. FGF7
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highly expressed in F5 has been proved to exert roles in
various biological processes, including embryonic devel-
opment, cell growth, morphogenesis, tissue repair, tumor
growth, and invasion, which is also associated with the
apoptosis pathway of synovial fibroblasts and the GPCR
pathway [32]. Compared to that in normal tissue, FGF7
is downregulated in pathological human cardiac tissue
[33]. GPC3 is also upregulated in F5, which has been
showed to play a role in regulating cell division and
growth control. Several molecules such as ELN, ACTA2,
APOE, and COLIA1 were detected with high expression
in F6. Among them, the ELN encodes a protein as one
of the components of elastic fibers that might involve in
increase of elastic protein synthesis in adult patients with
myocardial injury [34, 35]. Other proteins also implicated
important biological processes such as vascular contrac-
tion, blood pressure homeostasis, cardiovascular aging
[36-38], and fibrosis. F7 subpopulation shown an upreg-
ulation of ZBPI that as a pattern recognition receptor
actively regulates inflammation in response to mtDNA
in inflammatory cells, fibroblasts, and endothelial cells
[39].Moreover, fibroblast subpopulations also distributed
differently between DCM and normal samples (Fig. 2B).
Using the Ro/e method, we quantified the preference
of each subpopulation for DCM samples versus normal
samples based on the ratio of observed to expected cell
numbers (Fig. 2C), and found that samples from DCM
patients were more abundant in subpopulations F3, F4
and F6, suggesting the potential involvement of these
subpopulations in DCM. Figure 2D shows that the pro-
portion of FO-F6 fibroblast subpopulations are higher
than that of the F7 subpopulation in both DCM and nor-
mal samples. The marker genes for fibroblasts in differ-
ent states have been identified [4, 40] (Fig. 2E). We here
observed significant upregulation of the resting markers
TCF21, DDR2, and PDGFRA in F1, F2, and F5, indicat-
ing that the majority of fibroblasts in these three sub-
populations were in a quiescent state. Additionally, the
activated marker SI00A4 was also significantly upregu-
lated in F2, making the subpopulation of fibroblasts in an
activated state. F3 displayed high expression of the pro-
liferation marker gene POSTN with activation of THBS4
and MFGES, which enhanced the phagocytosis of apop-
totic cells. Thus, the F3 cell subpopulation is in cell state
transition in progress. The upregulation of ACTA2 and
VEGFA in F6 indicated that most cells in these subpopu-
lations are myofibroblasts, representing the cellular state
in the late stages of myocardial injury. Taken together,
fibroblast subpopulations F1, F3 and F6 were significantly
abundant in DCM samples than in normal samples, as
validated across bulk-seq samples (Fig. 2G).

Functional analysis of the fibroblast subpopulations
revealed that F1, F2, and F6 were enriched mainly in
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cellular component-related processes (Additional file 3:
Fig. S3C, D), and F3 was primarily related to molecular
functions of extracellular matrix structure, heparin, and
glycosaminoglycan binding. F5 was mainly presented
in biological processes such as complement activation,
alternative pathways, complement and coagulation cas-
cades, and complement-dependent cytotoxicity, while F7
participated in antigen processing and the presentation
of exogenous peptide antigens via MHC class II. These
results suggest that different cellular subpopulations may
exert distinct influence on the composition and func-
tion of fibroblasts. Therefore, we here identified several
fibroblast subpopulations expressing genes related to cell
proliferation, cytotoxicity, immunity, and fibrosis that
execute different functions with distinct states in DCM.
Our findings provide new insights into the pathogenesis
of DCM.

Trajectory analysis of fibroblast subpopulations

To further understand the dynamic transcriptional
changes, the pseudotime developmental trajectory analy-
sis was carried out with F1, F2, F3, F5 and F6 fibroblast
subpopulations. (Fig. 2F). The F2 cell subpopulation
is positioned at the forefront of other subpopulations,
while the F1, F3, and F5 cell subpopulations are relatively
located in the middle, and the F6 cell subpopulation is
mainly distributed at the end, which is consistent with
previous observations. Relatively, the F2 cell subpopula-
tion have higher differentiation potential, while the F6
cell subpopulations have lower differentiation potential
(Fig. 2H).

At branch point 1, which is mainly driven by the F2 cell
subpopulation, we found that Cluster 3 genes are highly
expressed in State 6 cells and weakly expressed in State
7 cells and are strongly enriched in nucleotide bind-
ing, receptor ligand activity, signaling receptor activator
activity, and GTP binding functions (Fig. 2I, Additional
file 7: Table S5). In State 6, DCM samples are predomi-
nant, while in State 7, normal samples are predominant.
At branch point 2, F3 was mainly distributed in State 1,
where Cluster 1 genes were highly expressed in State 1
cells but weakly expressed in State 2 cells. These genes
were enriched in collagen-containing extracellular matrix
and focal adhesion, as well as involved in extracellu-
lar matrix organization and other biological processes,
indicating strong cell migration ability in State 1 cells
(Additional file 3: Fig. S3B). Conversely, Cluster 3 genes,
which are involved in cotranslational protein targeting
to membrane, nuclear-transcribed mRNA catabolic pro-
cess, nonsense-mediated decay, and other biological pro-
cesses, are expressed with low levels in State 1 cells but
upregulated in State 2 cells (Additional file 7: Table S6).
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Among the DEGs of cell subpopulations, MMP23B
expression depended on cell state, while PLA2G2A and
PLODI1 expression shown an opposite trend of the cell
state (Fig. 2], Additional file 7: Table S7). Previous stud-
ies have shown that PLA2G2A mutations mediate coro-
nary heart disease, and PLODI can stabilize collagen
during the fibrosis process [41]. All of the results indicate
that fibroblast subpopulations in DCM exhibit strong
cell migration ability, which may explain the interaction
between fibroblasts and other cells in DCM.

Distribution and characteristics of T cells and NK cells

in DCM

T cells and NK cells (n=4865) are common populations
in DCM patients. Using the Seurat package in R, we
reclustered T cells and NK cells (Fig. 3A), and character-
ized CD4+and CD8+T cell subgroups in DCM patients
using known T cell marker genes (CD4 and CD8A) and
functionally identified cell subpopulations (Fig. 3B, C,
Additional file 4: Fig. S4A). We revealed 16 clustered
subpopulations, including 2 CD4+T cell subpopulations
(CD4-C1-CDKN1A, CD4-C2-RGS1), 7 CD8+T cell
subpopulations (CD8-C1-HSPA1B, CD8-C2-FGFBP2,
CD8-C3-GZMK, CD8-C4-FGFBP2, CD8-C5-FABP4,
CD8-C6-XCL1, and CD8-C7-STMN1), 2 NK cell sub-
populations (NK1 and NK2), 1 naive T cell subpopula-
tion, and other T cell-like subpopulations (MONO, FIB1,
FIB2, and DC). Based on the Ro/e index, CD4-C1-CD-
KN1A (CD4 Tfh), CD8-C6-XCL1 (CD8 Trml), and
CD8-C2-FGFBP2 (CD8 Teml) cells were preferentially
distributed in DCM, but CD8-C7-STMN1 (CD8 Trm2) T
cells were not there (Fig. 3D, E). Figure 3F and Additional
file 7: Table S8 show the top 10 significantly upregulated
genes in each T cell subpopulation. To our knowledge,
the CD4-C1-CDKN1A (CD4 Tfh) cell subpopulation
has not been previously reported in similar studies. We
found that the infiltration of the CD4-C1-CDKNI1A
(CD4 Tfh) cell subpopulation was upregulated in DCM
(Fig. 3G). Among the highly expressed genes in DCM
(Fig. 3H), CDKNIA is associated with proteasome-medi-
ated degradation in regulating the activated PAK-2P34
signaling pathway, which is involved in ubiquitin-protein
ligase binding and cell cycle protein binding functions.
CCR6 as a receptor has been shown to be crucial for B
cell maturation and antigen-driven B cell differentiation,
regulating T cell migration and recruitment in inflam-
matory and immunological response processes. CREM
encodes different transcripts, as transcriptional activa-
tors or repressors, are important component of cAMP-
mediated signal transduction. LMNA, encoded a protein
of the inner nuclear membrane, is one of the most com-
monly mutated genes associated with DCM [42, 43].
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Additionally, the upregulation genes in the CD4-C1-CD-
KNI1A (CD4 Tfh) cell subpopulation also participate in
the regulation of activated T cells, cytokines, adhesion
molecule binding, and other biological processes (Fig. 3],
Additional file 7: Table S9). These data suggest that CD4-
C1-CDKNI1A may have a significant impact on the com-
position and function of T cells.

Next, we conducted pseudotime trajectory analy-
sis separately for CD4+T cells to further understand
the immunodynamics. The trajectory of CD4+T cells
revealed that CD4-C2-RGS1 (CD4 Trm) cells are located
at the opposite end of CD4-C1-CDKN1A (CD4 Tfh)
cells (Additional file 4: Fig. S4B). By CytoTRACE, we
predicted that CD4-C1-CDKN1A (CD4 Tfh) cells might
have greater differentiation potential, while CD4-C2-
RGS1 (CD4 Trm) cells were weak on that (Additional
file 4: Fig. S4B). At branch point 1, the CD4-C1-CDKNI1A
cell subpopulation could differentiate into CD4-C1-CD-
KN1A and CD4-C2-RGS1 cell subpopulations, where
Cluster2 genes were upregulated in State2, but kept at a
low level in State5. These genes were mainly involved in
cytosolic ribosomes, cotranslational protein targeting to
membranes or to ER, nuclear-transcribed mRNA cata-
bolic processes, and nonsense-mediated decay. Inversely,
Cluster 3 genes were expressed at low levels in State2 and
unregulated in State5, and enriched in the T cell recep-
tor complex, plasma membrane signaling receptor com-
plex, immunological synapse, and ficolin-1-rich granule
(Additional file 4: Fig. S4C, Additional file 7: Table S10).
At branch point 2, the CD4-C2-RGS1 cell subpopula-
tion differentiated into two different branches, indicating
heterogeneity within the cell subpopulation (Additional
file 4: Fig. S4D). Among them, the Cluster 2 gene set was
upregulated in State 3, but downregulated in State 4,
involving in many biological processes such as response
to glucocorticoids, corticosteroids, cAMP, organophos-
phorus and steroid hormones, which provided clear
annotations of the heterogeneity in the CD4-C2-RGS1
cell subpopulation (Additional file 7: Table S11). On the
other hand, the expression of PTPRCAP and RPS26 grad-
ually decreased with changes in the cell state. PTPRCAP
is associated with the transmembrane phosphoprotein
specific to the tyrosine phosphatase PTPRC/CD45 that is
a key regulatory factor for the activation of T and B lym-
phocytes. TXNIP was increased with changes in cell state
(Additional file 4: Fig. S4E) for TXNIP-related pathways,
including inflammasome and gene expression pathways,
that might exert protective effects against cardiac dam-
age when mutated [44]. Moreover, CD8-C1-FGFBP2
(CD8Tem1) was upregulated in DCM (Fig. 3G). Among
the highly expressed genes (Fig. 3I), FGFBP2 encodes
a protein secreted selectively by cytotoxic lympho-
cytes into serum that participates in immune responses
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mediated by cytotoxic lymphocytes. Another gene,
GZMB, play a role to processe cytokines, degrade extra-
cellular matrix proteins, and action related to chronic
inflammation and wound healing. For KLRD1I, an antigen
primarily expressed on NK cells, is classified as a type II
membrane protein due to its external C-terminus that
mediates cytotoxic activity and cytokine secretion upon
immune stimulation. CD8-C1-FGFBP2 (CD8Teml) is
preferentially distributed in DCM, mainly participat-
ing in focal adhesion, indicating its role in cell migration
(Fig. 3K, Additional file 7: Table S9).

The prediction using CD8 + T cells trajectory and pseu-
dotime analysis shown that the CD8-C5-FABP4 (CD8
Tem4) and CD8-C6-XCL1 (CD8 Trml) cell subpopula-
tions were greater potential in differentiation (Additional
file 4: Fig. S4F), compared with the CD8-C2-FGFBP2
(CD8 Teml) cell subpopulation. Generally, CD8-C5-
FABP4 (CD8 Tem4) differentiated into other CD8+T
cells at branch point 1, where Cluster5 genes were only
upregulated in State3, and enriched in cell components
and molecular functions such as cell killing, cytolysis,
and defense response to fungus (Additional file 4: Fig.
S4G and Additional file 7: Table S12). We found that the
expression of the genes RGS1, JUN, XCL1, and ZFP36L2
were significantly different between groups, and down-
regulated along with changes in the cell state, but the
expression of TXNIP and GNLY shown an opposite
trend. Both RGS1 and XCLI related pathways involve
downstream signaling by GPCRs, thus playing important
roles in leukocyte trafficking and vascular inflammation
(Additional file 4: Fig. S4H).

The lineage structure of T lymphocytes in the left
ventricular environment of DCM patients was inferred
through developmental trajectory analysis, which
revealed a unique lineage landscape. The results suggest
that the presence of these inflammation-related genes
are highly expressed in the late stage of the cell state.
For example, TXNIP expression level was increased in
CD4 +and CD8 + cells, indicating its role in DCM.

NK cells are generally divided into CD56bright and
CD56dim NK cell subpopulations, where CD56dim
NK cells show cytolytic activity, and CD56bright NK
cells can differentiate into CD56dim NK cells through
expressing CDI16, PENS5, and CD57 [45]. We detected
the top 10 significant DEGs in the NK1 and NK2 cell
subpopulations in DCM (Fig. 3L and Additional file 7:
Table S13), with specific upregulated or downregulated
genes (Additional file 4: Fig. S4I). For NK cell subpopu-
lations (n=953), NK1 cell subpopulations were mainly
distributed in DCM (Fig. 3N), with unique expression
of FGFBP2 (Fig. 3M, Additional file 4: Fig. S4]) that par-
ticipated in the immune responses mediated by cyto-
toxic lymphocytes. Other high-expressed genes in the
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subpopulation included GZMB, PRF1, GZMH, FCGR3A,
SPON2, CX3CRI1, and PTGDS, which implicated cyto-
toxicity and leukocyte-mediated immune processes, thus
being defined as CD56dim NK cells (Additional file 4:
Fig. S4K).However, NK2 is mainly distributed in nor-
mal cells (Fig. 3N), which expressed XCLI, a typical NK
cell-related chemokine known to recruit conventional
type 1 dendritic cells to the tumor microenvironment
[46]. Another group of genes upregulated in the NK2 cell
subpopulations was ZFP36, ZFP36L2, PABPCI1, XCLI,
CXCR6, CXCR4, XCL2, and DUSPI1, which worked in
the positive regulation of mRNA decay processes and
the cellular response to chemokines, and other biologi-
cal processes (Additional file 4: Fig. S4K, Additional file 7:
Table S14), representing typical CD56bright NK cells.
These results suggest that NK CD56dim cells are more
highly expressed in the left ventricle of DCM patients.

Dissection and clustering of myeloid cells in DCM

As the most common population in DCM patients,
myeloid cells (n=11,908) were here reclustered in 11
infiltrating cell subpopulations (Fig. 4A, B) based on the
expression levels of marker genes and functions (Fig. 4E),
including 3 dendritic cell subpopulations, cDC-likel,
cDC-like2, and cDC-like3, classical monocytes, 3 dif-
ferent types of macrophage subpopulations, M1-like,
M2-likel, and M2-like2; and other myeloid-like subpopu-
lations. The significant DEGs in the subpopulations were
obtained(Fig. 4C, D and Additional file 7: Table S15).
Then, using the Ro/e index, we revealed that dendritic
cells were preferentially distributed in DCM, especially
for ¢cDC-like3 (Fig. 4F, G). cDC-likel or cDC-like2 are
involved in the positive regulation of cell activation and
cell-cell adhesion (Fig. 4H), or actin filament organiza-
tion and leukocyte migration (Fig. 41), respectively. cDC-
like3 could response to the molecules of bacterial origin,
lipopolysaccharide, biological stimuli, and the TNF sign-
aling pathway (Fig. 4]).

We also found that the monocyte subset Mono was
mainly distributed in DCM patients (Fig. 4F, G), with
overexpression of the genes SI00A8, SI00A9, and
S100A12 that were members of the S100 protein family
related to the myeloid lineage and the action in resisting
microbial infections and maintaining immune homeosta-
sis. These proteins invade microbial pathogens required
for metal nutrients in the host through “nutritional
immunity” and directly inhibit the growth of pathogens.
Also, they mediate receptors to initiate inflammatory sig-
nal transduction, induce cytokine expression, and partic-
ipate in inflammatory reactions and immune regulation.
Additionally, the increase of these proteins during patho-
logical processes makes them available as biomarkers for
screening and detecting related diseases [47]. Various
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cellular components, such as the secretory granule mem-
brane, tertiary granules, and ficolin-1-rich granules, were
enriched in monocyte subtypes. Furthermore, monocyte
subsets also related to regulation of cytokine produc-
tion and defense responses, leukocyte migration and
the response to external stimulus biological processes
(Fig. 4K).

Two subtypes of macrophages, namely classically acti-
vated M1 and alternatively activated M2, harbor three
subgroups, M1-like, M2-likel, and M2-like2. Ro/e analy-
sis revealed that macrophages were generally abundant in
normal samples, but M1 macrophages were more rich in
DCM samples (Fig. 4F, G). In M1-like macrophages, these
genes such as FCERIA, TXNIP, CD1C, CDIE, CLECIO0A,
VSIG4, CTSH, YWHAH, HISTIH4C, HLA-DQA2, CPVL,
FCGR2B, and CD9 (Fig. 4C) shown upregulation, which
are involved in antigen processing and the presentation of
peptide antigens via MHC class II and antigen processing
and the presentation of exogenous antigens (Fig. 4L). In
M2-likel, highly-expressed genes (Fig. 4C) play roles in
responses to temperature stimuli, viral processes, protein
folding, the viral life cycle, the regulation of transcrip-
tion from the RNA polymerase II promoter in response
to stress, and other biological processes, including CCL2,
SELENOP, JUN, EGRI1, RNASEI1, STABI, FOS, F13Al,
and /ER2 (Fig. 4M Additional file 7: Table S16). M2-like2
macrophages with MS4A4A as a signature of M2 mainly
expressed RNASEI, FOLR2, DAB2, CIQA, LYVEI,
LGMN, SELENOP, PLTP, SLC40A1, CIQC and CIQB
(Fig. 4C) in cellular components such as the lysosomal
membrane, lytic vacuole membrane, primary lysosome,
endocytic vesicle, and vacuolar lumen (Fig. 4N). It is
essential to modulate macrophage activation to suppress
inflammation by promoting the repolarization of proin-
flammatory (M1) macrophages toward anti-inflamma-
tory (M2) macrophages. Compared to M1 macrophages,
M2 macrophages are more plastic and easily repolarized
to the inflammatory M1 state. Next, we explore the sub-
types of M2 macrophages associated with DCM.

Identification of a novel M2 macrophage subpopulation
associated with DCM

In DCM patients, the number of myeloid cells was gen-
erally less than that in normal individuals (Fig. 4G),
which comes down to the samples in the late stages of
DCM. Comparative analysis of two M2-like macrophages
associated with DCM revealed that the genes highly
expressed in M2-likel were significantly enriched in
response to topologically incorrect proteins and unfolded
proteins, as well as in functions related to muscle tis-
sue and organ development. The upregulated genes in
M2-like2 were significantly enriched in antigen process-
ing and the presentation of exogenous peptide antigens
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via MHC class II (Fig. 5A). To further evaluate the het-
erogeneity between these two M2-like macrophages, we
analyzed the highly-expressed genes in M2 macrophages
in normal cardiac tissue and DCM cardiac tissue
(Fig. 5B). CITED2 was detected with high expression in
M2-likel than in other subpopulations in DCM (Fig. 5B,
Additional file 7: Table S17). Analysis of the functional
annotations further revealed the involvement of CITED2
in the regulation of transcription from the RNA poly-
merase II promoter in response to stress, myeloid cell
differentiation, the regulation of DNA-templated tran-
scription in response to stress, myeloid leukocyte differ-
entiation, muscle organ development and the response
to hypoxia (Additional file 7: Table S16). CITED?2 really
regulates macrophage recruitment as an anti-inflamma-
tory factor through cooperating with PPAR to induce
the expression of anti-inflammatory genes by reducing
the accumulation of HIFla protein in macrophages and
inhibiting the expression of pro-inflammatory genes [48].
In addition, other the highly-expressed genes in M2-like2
macrophages of DCM, such as MARCK2, ALDHAI and
TMEM173, show anti-inflammatory functions, associ-
ated with cell migration [49], and promoting fibrosis and
macrophage activation [50], respectively. Therefore, the
M2-like2 subpopulation of macrophages exert crucial
functions in inflammation inhibition and fibrosis pro-
motion. We then used the non-overlapping upregula-
tion genes in M2-likel and M2-like2 as a signature gene
set for M2 macrophage subpopulations to evaluate the
scores in the samples by ssGSEA. Our results shown that
M2-likel was characterized by 192 genes, while M2-like2
by 323 genes. Validation in the GSE141910 and GSE1145
datasets further revealed that the M2-like2 subpopula-
tion of macrophages is highly expressed in DCM, indi-
cating that the subpopulation can be served as a key cell
population for DCM (Fig. 5C).

To investigate the alterations in macrophage subpopu-
lations in DCM, we performed pseudotime trajectory
analysis on monocytes and macrophages to assess the
potential differentiation relationships of macrophage
subpopulations. The trajectory originated from mono-
cytes, with M1 pro-inflammatory macrophages in the
middle stage of differentiation and M2 anti-inflamma-
tory macrophages in the late stage (Fig. 5D, Additional
file 7: Table S18). CytoTRACE analysis indicated that
monocytes shown the highest differentiation potential,
compared with M2-like2 (Fig. 5E). M1 macrophages
transformed into M2 macrophages at branch point 1,
with more M2-like2 subpopulations exhibiting cell fate
2. Among the branch point in Cluster 3, genes related
to SRP-dependent cotranslational protein targeting to
the membrane, and the protein targeting to the ER were
downregulated in cell fate 2 but upregulated in cell fate
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1 (Fig. 5F), indicating that the functions of M2-likel and
M2-like2 macrophage subpopulations were changed dur-
ing the occurrence of DCM.

Given different cell subpopulations involve distinct
cooperative actions of transcription factors, we per-
formed SCENIC analysis to identify the transcription
factors associated with M2-likel and M2-like2 cells
(Fig. 5G). The transcription factors HOXB5, TFAP2C,
ETV5, and NFIA were strongly correlated with the
M2-like2 cell subpopulation, while NFIA was tightly
associated with M2-likel, which has been proved as
a risk factor for heart failure[51]. Moreover, HOXB5
or TFAP2C play role in vascular remodeling [52], or
improving cell damage by mediating miR-23a-5p/SFRP5/
Wntb5a to inhibit autophagy [53], respectively. Therefore,
we identified common TFs shared by the M2-likel and
M2-likel subpopulations in DCM, and the candidate TFs
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with higher expression in the M2-like2 population than
in the M2-likel subpopulation.

In the Connectivity Map, we submitted the upregulated
or downregulated gene sets of the M2-like2 cell subpopu-
lation to screen small molecule compounds relevant to
the M2-like2 cell subpopulation. Using this method, we
found five potential small molecule drugs with therapeu-
tic effects on the M2-like2 cell subpopulation, including
quizartinib, alectinib, KIN-001-220, sertraline, doconex-
ent, ruboxistaurin, rigosertib, duloxetine, anguidine, and
BRD-K68552125 (Fig. 5H, Additional file 7: Table S19).

Metabolic specificity of non-cardiomyocytes in DCM

The immune metabolism and related biological pheno-
types in DCM are still unclear. To understand non-cardi-
omyocytes metabolism in DCM, we calculated the scores
of 77 active metabolic pathways using scMetabolism
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(Fig. 6A). Among all of cell types, fibroblasts and myeloid
cells consistently showed high metabolic activity scores
in both DCM and normal samples.

Then, we further investigated metabolic heterogene-
ity among different cell subpopulations in the myeloid
lineage. The top 20 metabolic scores were selected from
all the subpopulations for ranking the cell subpopula-
tions based on the average metabolic score of all the
pathways (Fig. 6B). We found that the M2-like2 cell
subpopulation exhibited the highest metabolic activ-
ity among all myeloid cell subpopulations, while the
M2-likel macrophage subpopulation shown a low
activity, which may attribute to specific functional dif-
ferences among different macrophage subpopulations
in DCM.

Moreover, further analysis revealed 10 upregulated
metabolic pathways in the M2-likel subpopulation and
38 upregulated metabolic pathways in the M2-like2
subpopulation (P<0.05). Among them, glutamate and
glutamine metabolism and sialic acid metabolism were
highly expressed in M2-likel (Fig. 6C, Additional file 7:
Table S20). It has been reported that glutamine plays
a crucial role in cardiovascular physiology and pathol-
ogy, serving as a substrate for the synthesis of DNA,
ATPD, proteins, and lipids and driving key processes in
vascular cells, including proliferation, migration, apop-
tosis, senescence, and extracellular matrix deposition,
while sialic acid is an essential component of glycopro-
teins and glycolipids [54], exerting roles in cell commu-
nication, infection, and metastasis. On the other hand,
pyruvate metabolism was highly expressed in M2-like2
macrophages, in which pyruvate is a natural fat-derived
carbohydrate and intermediate metabolite produced
in the cytosol through glycolysis or lactate oxidation.
Pyruvate can produce energy and exert antioxidant and
anti-inflammatory effects, collectively enhancing cardiac
mechanical performance and protecting the myocardium
from ischemic injury [55].

In the immune response, macrophages can differenti-
ate into pro-inflammatory M1 and anti-inflammatory
M2 types according to signals from the surrounding
environment. M1 macrophages enhance glycolysis and
decrease oxidative phosphorylation, while M2 mac-
rophages rely on mitochondrial respiration and fatty acid
oxidation. These metabolic differences reflect their dis-
tinct functions in the immune response. To demonstrate
the relationship between metabolic reprogramming and
macrophage phenotype changes, we next examined the
association between the upregulated metabolic pathways
in M2-likel (10 pathways) and M2-like2 (38 pathways)
and metabolic reprogramming. The specific metabolic
processes of the M2-likel subpopulation were associ-
ated with angiogenesis, while those of the M2-like2
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subpopulation were related to glycolysis and fatty acid
metabolism (Fig. 6D, E). We explored the extent of meta-
bolic reprogramming in different subpopulations and
found higher DCM scores in the M2-likel and M2-like2
subpopulations subjected to ferroptosis, hypoxia, and
apoptosis than in normal samples (Fig. 6F). Fatty acid
metabolism was greater in M2-like2 than in M2-likel.
In contrast, compared with M2-like2 macrophages,
M2-likel macrophages exhibit more autophagy, ferrop-
tosis, hypoxia, apoptosis and glycolysis (Additional file 5:
Fig. S5A-B). Hence, gaining a deeper understanding of
the metabolic phenotypes of macrophages may help elu-
cidate the mechanisms underlying of DCM and provide
insights for future therapies.

Cell—cell communications

To evaluate the differences in molecular interactions
between cells from different injured spatial locations, we
constructed a cell-cell communication network based on
known ligand-receptor pairs and their accessory factors
using CellChat (Fig. 7A, B). We found that DCM samples
showed more intercellular interactions than normal sam-
ples (Fig. 7C), possibly due to increased interactions of
CMs and fibroblasts with other cell types and increased
interactions between myeloid cells themselves in DCM
(Additional file 6: Fig. S6A).

We observed a high level of communication not only
between fibroblasts and other cells but also among
myeloid cells. Next, by comparing cell communication
between DCM and normal samples, we identified 24
enriched signaling pathways in DCM and normal sam-
ples (Fig. 7D). Among these pathways, the GAS signaling
pathway was mainly enriched in DCM (Fig. 7D). GAS6
has been shown to play an important role in the heart
by participating in immune regulation and inflamma-
tion activation through binding to AXL, regulating mac-
rophage activation, promoting phagocytosis of apoptotic
cells, aiding in platelet aggregation, and maintaining the
stability of intravascular clots. The Gas6/Axl-AMPK
signaling pathway protects against hydrogen peroxide-
induced oxidative stress while also improving oxidative
stress, cell apoptosis, and mitochondrial function [56].
Furthermore, a communication through GAS signals
interaction between M2 macrophages and cDC-likel
cell subpopulations in DCM was also identified (Fig. 7E).
Among known ligand-receptor pairs, M2 macrophages
communicate with cDC-likel through GAS6-AXL, while
M2 macrophages communicate with M2-likel through
GAS6-MERTK in DCM. (Fig. 7F-H). We also conducted
a detailed analysis for the changes in signaling recep-
tor levels for all important pathways. The APP signal-
ing pathway was significantly activated in DCM, which
was mainly transmitted from the c¢DC-like3 cell subset
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to other cells (Additional file 6: Fig. S6B). On the other
hand, CCL, RESISTIN, VISFATIN, and VEGF signals
were only present in normal samples (Additional file 6:
Fig. S6C-F). The CCL signaling pathway largely targets
M2 macrophages from cDC-likel, and other signaling
mediated by RESISTIN, VISFATIN or VEGF is for other
myeloid cells from M2-like2, the cDC-like3 cell subset
from other myeloid cells, and the cDC-like3 cell subset
from M2-likel cells only in macrophages,respectively.

Finally, to validate the role of the GAS6-MERTK inter-
action in DCM, we examined the expression levels of
GAS6 and MERTK in the GSE14191 and GSE116250
datasets. GAS6 expression was significantly greater
in DCM samples than in normal samples, consistent
with our results (Additional file 6: Fig. S6G). Overall,
these findings confirm the high expression of GAS6 in
M2-likel macrophages in DCM and the interaction of
GAS6 with cDC-likel and M2-likel through AXL and
MERTK, thus activation of the GAS6-MERTK axis plays
a crucial role in DCM.

Discussion

In this study, we provided a detailed evaluation on the
alternations in non-cardiomyocytes in DCM. Based on
bulk data from 322 samples, we predicted cell composi-
tion and observed significant differences between DCM
and normal samples in fibroblasts, T cells, NK cells, and
myeloid cells. Subsequently, we integrated two human
single-cell RNA-seq datasets and conducted detailed
analyses for these three cell types at the single-cell level,
demonstrating the complex heterogeneity in DCM
microenvironment.

By analysis of the single-cell data from normal and
DCM samples, we identified 9 cell types, in which fibro-
blasts, T cells, NK cells, and myeloid cells were further
divided into different subpopulations based on function-
ality and cell states. Through evaluating the functional
characteristics and potential regulatory relationships in
myeloid cell subpopulations, M2-likel and M2-like2 were
detailly broke down for the first time. Additionally, we
constructed landscapes of cell metabolism and commu-
nication using the data, providing insights for DCM per-
sonalized diagnosis and treatment.

Cardiac fibroblasts as essential cellular components
of heart play a crucial role in DCM development via
depositing collagen and other extracellular matrix com-
ponents [57]. The fibroblasts are also responsible for
cardiac remodeling and fibrosis following cardiac injury.
In this study, we utilized scRNA-seq technology to inte-
grate data on cardiac fibroblasts, providing a prelimi-
nary understanding for the alternations in the cell type in
DCM. The results are consistent with that resident car-
diac fibroblasts as the main source of activated fibroblasts
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are involved in cardiac tissue fibrosis and remodeling
[40], providing a clue again for non-cardiomyocytes role
in heart diseases.

Moreover, we identified a total of 26,435 cardiac fibro-
blasts from both DCM and normal samples, in which
5,763 F1 cells, 4,329 F2 cells, and 2,031 F5 cells were in
a resting state. Some F2 cells were in an activated state,
while 3,924 F3 cells were proliferative fibroblasts. Addi-
tionally, 986 F6 cells was in a fibrotic state. These differ-
ent subpopulations of cardiac fibroblasts exhibit distinct
functions. For example, the F1 cell subpopulation mainly
enriched in cell cycle-related processes highly expressed
the genes for embryonic development and the control of
myocardial fibrosis. The F2 cell subpopulation contained
both resting and activated fibroblasts. Activated F2 cells
branched from the resting F2 subpopulation in the pseu-
dotime trajectory of fibroblast. The F3 subpopulation
spans the beginning and end of the pseudotime trajectory
of cellular states, with highly expressed genes involved in
cell proliferation, migration, adhesion, and attachment.
Notably, the significant overexpression of the POSTN
gene in the F3 subpopulation increased the risk of cardiac
fibrosis, which is consistent with previous reports [58].
The F5 subpopulation is involved in complement activa-
tion, the alternative pathway, complement and coagula-
tion cascades, complement-dependent cytotoxicity, and
stimulating inflammation. The F6 subpopulation showed
high expression of fibrosis markers such as COLIAI,
which is typical of fibrotic fibroblasts. Overall, the F6 and
F3 subpopulations were more prevalent in DCM, while
the F5 subpopulation was less common, thus providing
more evidence for previous findings.

Generally, cardiac injury induces a local migration
of cardiac cells, and extracardiac immune cells migrate
intracellularly. By comprehensively analyzing T cells
and NK cells, we here identified 2 CD4+T cell sub-
populations (CD4-C1-CDKN1A and CD4-C2-RGS1), 7
CD8+T cell subpopulations (CD8-C1-HSPA1B, CD8-
C2-FGFBP2, CD8-C3-GZMK, CD8-C4-FGFBP2, CD8-
C5-FABP4, CD8-C6-XCL1, and CD8-C7-STMN1), 2
NK cell subpopulations (NK1 and NK2), 1 naive T cell
subpopulation (Naive T), and other T cell-like subpopu-
lations (MONO, FIB1, FIB2, DC). CD4-C1-CDKN1A
is significantly related to DCM, participating in the
regulation of activated T cells, the positive regulation
of cytokines, and adhesion molecule binding, as well as
the cell phagocytosis pathway that is a typical feature
of DCM [59]. According to our analysis results of the
pseudotime trajectory, CD4-C1-CDKNI1A cells exhib-
ited greater differentiation potential than CD4-C2-
RGS1 cells. Similarly, CD8-C1-FGFBP2 was significantly
expressed in DCM and enriched in focal adhesion, an
important step in cell migration [60]. Compared to other
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CD8+T cell subpopulations, CD8-C1-FGFBP2 had
lower differentiation potential and was located at the end
of the pseudotime differentiation model. It is worth not-
ing that a significant upregulation of TXNIP gene in both
CD4+and CD8+cells is associated with inflammation,
which may exert a role to protect the heart from damage
[44].

On the other hand, we also provided a comprehensive
landscape of myeloid cells at the single-cell level. Totally,
11 cell subpopulations, including 3 dendritic cell sub-
populations, 3 macrophage subpopulations, 1 classical
monocyte subpopulation, and other cell-like subpopu-
lations were identified. Among them, two M2-like mac-
rophage subpopulations were previously unreported.
M2-likel significantly appeared in reactions to topologi-
cal errors and unfolded proteins, as well as in functions
related to muscle tissue and organ development, which
with upregulated genes, such as SNHGI12 [61] and HSPA6
[62], promoted immune escape, or M2 polarization by
WDR74 [63] and DDIT3 [64]. The M2-likel subpopula-
tion was also correlated with the transcription factor
NFIA, a risk factor for heart failure [51]. The functions of
M2-like2 was related to antigen processing and presenta-
tion through MHC class II, with highly expressed genes,
including MARCKS, ALDHAI, and TMEM173, to take
part in inflammation inhibition [65], cell migration pro-
motion [49], and fibrosis promotion [50]. Transcription
factors related to M2-like2, such as HOXB5, TFAP2C,
ETV5, and NFIA, promote vascular remodeling and
inhibit autophagy, which really shown higher expression
in DCM samples than in normal samples. All the results
point out various functions of M2-likel subpopulation in
DCM, while the M2-like2 subpopulation only has a single
function as a signature subpopulation of DCM.

Non-cardiomyocytes, including fibroblasts, pericytes,
and myeloid cells also increased metabolic activity.
Among myeloid cells, the M2-like2 subpopulation shown
the highest metabolic activity in pathways such as vita-
min B2 riboflavin metabolism, phenylalanine metabo-
lism, and sulfur amino acid metabolism etc. Previous
evidences have strongly linked ATP metabolism defects
to heart failure [66, 67] due to reduced expression of
creatine kinase and complex I in animal models and the
patient hearts [68]. Heart failure has been suggested to be
prevented by targeting alternative mitochondrial creatine
kinase or mitochondrial-targeted inhibition of CaMKII
[68]. Here, we revealed that the M2-like2 subpopulation
exhibited specific acetone metabolism, producing natural
fat carbohydrates through glycolysis to enhance cardiac
mechanical performance for protecting the heart from
ischemic injury. Multi-omics analyses have also identified
pyruvate as a biomarker for heart failure [69]. Further
analysis found that the increase of glycolytic activity of
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M2-like2 may be related to glucose metabolism, while the
increase of fatty acid metabolism may be involved in the
metabolism of angiotensinogen to angiotensins. In glyco-
lysis, glucose is broken down into pyruvate in the cyto-
plasm under anaerobic conditions, which produces ATP
to provide energy for the organism. Fatty acid, glucose,
or ketone metabolism might provide clinical benefits to
patients with heart failure [70]. The adult heart utilizes
fatty acids as a principal fuel source, but it can also get
energy from glucose and ketone, and to some degree
from lactate, pyruvate, and amino acids. Neverthe-
less, myocardial cells of the failing heart can withstand
incredible metabolic remodeling that includes a change
in substrate usage and decreased ATP production, which
explain cardiac remodeling and abnormal systolic func-
tion. The principal therapeutic metabolic strategies com-
prise blocking fatty acid oxidation, decreasing circulating
fatty acid concentrations, augmenting glucose oxidation,
and enhancing ketone oxidation [71]. Therefore, M2-like2
is really associated with the final step of glycolysis.

Cell-cell communication network analysis also
detected the close correlations between different cell
ligands and receptors, indicating that different tissue cells
may form different communication patterns. Compared
with normal samples, DCM samples exhibit more inter-
cellular interactions, in which fibroblasts mainly medi-
ate signals to T cells, myeloid cells, and B cells. In DCM,
M2-like2 can trigger GAS signal to dendritic cells and the
M2-likel subpopulation of cells. GAS6 signaling partici-
pates in immune regulation and inflammation activation
through AXL binding, while its interaction with MERTK
regulates macrophage activation, indicating its potential
as a biomarker for DCM.

However, this study has certain limitations. Both
single-cell data and bulk data were obtained from pub-
lic datasets with limited number of patients. We only
revealed heterogeneity related to DCM, without con-
sidering clinical phenotypes or disease progression.
Focusing only on one state comparison may ignore the
dynamic nature of disease progression. Disease states are
relying on a snapshot from a single state can miss tran-
sitional phases and complex regulatory mechanisms.
In metabolic analysis, we conducted indirect analysis
without detailed investigation. Finally, this study did not
include in vitro or in vivo experiments, and clinical sam-
ples were not applied for result validation. Hence, An
analysis with more sophisticated single-cell multi-omics
workflow combining additional experiments need to per-
form for validate our findings.
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Conclusions

In this research, we constructed a comprehensive single-
cell transcriptional atlas of DCM, revealing significant
heterogeneity among non-cardiomyocytes populations in
DCM pathogenesis. By applying multiple computational
algorithms, we uncovered critical roles for novel M2
macrophage subsets in disease. These findings highlight
the potential of specific cell populations as biomarkers
and therapeutic targets for DCM, provide insights into
the occurrence of DCM and offer reference for personal-
ized treatment of the disease.
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Additional file 1: Figure S1. Single-cell data reveal the landscape in DCM
and normal samples. A. PCA plots of scRNA-seq data colored by sex (top)
and age (bottom). Each data point represents an individual. “Young":
under 40 years old, “Middle": between 40 and 60 years, “Old": over 60 years
old. Bt-SNE plot showing clustering of single-cell samples into 23 clusters.
C. t-SNE plot displaying the cellular distribution of 70,958 DCM and normal
samples. D. Cell type-specific gene expression values for each cell type. E.
Heatmap showing the top 20 DEGs in each cell type. F. Preference of tis-
sue morbidity rates estimated by Ro/e scores for each cell type. G. Boxplot
showing cell purity for each cell type by ROGUE.

Additional file 2: Figure S2. Cell infiltration analysis. CIBERSORT (A), EPIC

(B), MCP (C), xCell (D) counts distinct cell abundances in the GSE141910
cohort. ExCell counts distinct cell abundances in the van Heesch et al
dataset. The bold line represents the median. The bottom and top of the
boxes are the 25th and 75th percentiles (interquartile ranges), respectively.

Additional file 3: Figure S3. A single-cell atlas of fibroblasts. A. Heatmap
showing the top 10 differentially expressed genes in fibroblast subtypes.
B. Left, heatmap depicting the expression patterns of differentially
expressed genes in fibroblasts based on the pseudotime trajectory; from
blue to red represents low to high expression patterns. Right, GO analysis
for Cluster 1. C. Functional enrichment levels of fibroblast subtypes. D.
Pathway enrichment levels of fibroblast subtypes.

Additional file 4: Figure S4. A single-cell atlas of T cells A. Violin plots
showing the proportional expression levels of typical markers used for
identifying each cell subpopulations. B. Computational ordering accord-
ing to the gradual transition of transcriptomes enabled clustering CD4+
T cells into pseudotemporal states. C-D. Left, heatmap depicting DEGs
in CD4+ T cells at branch point one (C) and branch point two (D) based
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on the pseudotime trajectory; genes from blue to red represent low to
high expression patterns; right, GO analysis. E. Dynamic expression of
differentially expressed genes in CD4+ T cells within pseudotime. F. Com-
putational ordering according to the gradual transition of transcriptomes
enabled clustering CD8+ T cells into pseudotemporal states. G. Left,
heatmap depicting DEGs in CD8+ T cells at branch point two based on
the pseudotime trajectory; genes from blue to red represent low to high
expression patterns; right, GO analysis for cluster 5. H. Dynamic expression
of differentially expressed genes in CD8+ T cells within pseudotime. .
Volcano plot showing DEGs between the NK1 and NK2 subtypes and the
other subtypes. Red indicates upregulation relative to other subtypes, and
blue indicates downregulation. J. Feature plots showing the expression of
canonical cell marker genes used to define each cluster. K. Pathway and
functional enrichment of the NK1 and NK2 subtypes.

Additional file 5: Figure S5. Metabolic activity of DCM and normal samples.
A-B. Aucell method to calculate the metabolic activity of DCM (A) and
normal samples (B).

Additional file 6: Figure S6. Communication among myeloid cell subtypes.
A. Inferred number of ligand-receptor interactions among different cell
types. B-F. The inferred APP (B), CCL (C), RESISTIN (D), VISFATIN (E) and VEGF
(F) signaling networks. Edge width represents the communication prob-
ability. G. Expression of the GAS6 and MERTK genes in the GSE141910 and
GSE116250 datasets. Red represents DCM samples, and blue represents
normal samples.

Additional file 7: Table S1-S20. Table S1. The clinical information of samples
included in the present study. Table S2. DEGs between dcm and normal
patients in all celltypes. Table S3-S4. DEGs in all celltypes (Table S3),
Fibroblast (Table S4). Table S5-S6. GO Enrichment analysis of branch 1
(Table S5) and branch 2 (Table S6) in Fibroblast. Table S7. DEGs in develop-
ment of fibroblasts cell state. Table S8. DEGs in T Cells. Table S9. GO and
KEGG enrichment analysis of DEGs in T Cells. Table S10. GO enrichment
analysis of branch 1 (Table S10) and branch 2 (Table S11) in CD4+T Cells.
Table S12. GO enrichment analysis of branch 1in CD8+T Cells. Table S13.
DEGs in NK cells. Table S14. GO and KEGG enrichment analysis of DEGs in
NK Cells. Table S15. DEGs in myeloid cells. Table S16. GO and KEGG enrich-
ment analysis of DEGs in myeloid cells. Table S17. DEGs between DCM
and normal samples in myeloid cells. Table S18. GO enrichment analysis of
branch 1 in myeloid cells. Table S19. Similarity scores of drug-disease pairs.
Table S20. Differential metabolism of M2-like1 and M2-like2 in DCM.
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