
Vol.:(0123456789)

Molecular and Cellular Biochemistry 
https://doi.org/10.1007/s11010-024-04939-9

A specific inflammatory suppression fibroblast subpopulation 
characterized by MHCII expression in human dilated cardiomyopathy

Xi Fan1 · Kai Huang1 · Yuming Wu2 · Sheng Jin2 · Liewen Pang1 · Yiqing Wang1 · Bo Jin3 · Xiaotian Sun1

Received: 25 September 2023 / Accepted: 12 January 2024 
© The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature 2024

Abstract
Dilated cardiomyopathy (DCM) is a significant cause of heart failure that requires heart transplantation. Fibroblasts play a 
central role in the fibro-inflammatory microenvironment of DCM. However, their cellular heterogeneity and interaction with 
immune cells have not been well identified. An integrative analysis was conducted on single-cell RNA sequencing (ScRNA-
Seq) data from human left ventricle tissues, which comprised 4 hearts from healthy donors and 6 hearts with DCM. The 
specific antigen-presenting fibroblast (apFB) was explored as a subtype of fibroblasts characterized by expressing MHCII 
genes, the existence of which was confirmed by immunofluorescence staining of 3 cardiac tissues from DCM patients with 
severe heart failure. apFB highly expressed the genes that response to IFN-γ, and it also have a high activity of the JAK-STAT 
pathway and the transcription factor RFX5. In addition, the analysis of intercellular communication between apFBs and 
 CD4+T cells revealed that the anti-inflammatory ligand-receptor pairs TGFB-TGFR, CLEC2B-KLRB1, and CD46-JAG1 
were upregulated in DCM. The apFB signature exhibited a positive correlation with immunosuppression and demonstrated 
diagnostic and prognostic value when evaluated using a bulk RNA dataset comprising 166 donors and 166 DCM samples. 
In conclusion, the present study identified a novel subpopulation of fibroblasts that specifically expresses MHCII-encoding 
genes. This specific apFBs can suppress the inflammation occurring in DCM. Our findings further elucidate the composition 
of the fibro-inflammatory microenvironment in DCM, and provide a novel therapeutic target.
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Introduction

Heart failure (HF) is a progressive disease characterized by 
decreased systolic or diastolic function of the heart. It is 
one of the leading causes of death in developed countries, 
affecting over 60 million people worldwide [1]. Dilated 

cardiomyopathy (DCM) is the most common disease in HF 
[2]. The occurrence and progression of DCM are associated 
with complicated pathophysiological processes, including 
inflammation and fibrosis, which ultimately lead to ventricu-
lar remodeling [3].

Fibroblasts are crucial to fibrosis and chronic inflam-
mation, which can modulate inflammatory cells by secret-
ing cytokines such as IL-1β, INF-γ, TNF-α, and CCL5 [4, 
5]. Meanwhile, immune cells including macrophages and 
T cells can influence the activation and extracellular matrix 
(ECM) production of fibroblasts [6, 7]. Dysregulation of the 
fibro-inflammatory microenvironment, which is composed 
of fibroblasts, immune cells, cytokines and ECM, plays a 
central role in pathological process of DCM [8].

Thanks to the expanding applications of single-cell RNA 
sequencing technology, the heterogeneity of fibroblasts has 
raised increasing interest recently [9, 10]. Various subpopu-
lations of fibroblasts, including myofibroblasts, ECM-pro-
ducing fibroblasts, as well as immune-associated fibroblasts, 
have been identified [9, 11]. These subpopulations contribute 
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prominently to cardiac reconstruction and inflammation in 
HF. And notably, a cancer-associated subpopulation of fibro-
blasts with antigen-presenting functions has been identified 
in tumors [12, 13], and has been involved in the modula-
tion of the immune microenvironment. However, whether a 
similar subpopulation of fibroblasts regulating inflammatory 
immunity exists in DCM remains unknown.

Herein, we integrated two adult human cardiac ScRNA-
Seq datasets (GSE145154 and GSE183852) to explore the 
heterogeneity of cardiac fibroblasts in DCM. We success-
fully identified a specific subpopulation named antigen-pre-
senting fibroblasts (apFBs)—whose existence was validated 
by human heart tissues—with an immunosuppressive func-
tion via modulating  CD4+ T cells, and we also validated this 
result using an external, independent bulk RNA sequencing 
(bulk RNA-Seq) dataset (GSE141910).

Materials and methods

Patient selection and tissue collection

The study was approved by the ethics committee of Huashan 
Hospital [ethical approvals: KY2017-323]. All patients 
received a written informed consent for tissue donation, 
which specified the purpose of the study. We obtained left 
ventricular tissues from 3 explanted hearts of patients with 
DCM who were undergoing heart transplantation. Before 
immunostaining, samples were fixed in 4% buffered formalin 
for 48 h and then embedded in paraffin.

Datasets

ScRNA-Seq data of ten human left ventricular tissues 
were downloaded from gene expression omnibus (GEO; 
GSE145154 [8] and GSE183852 [14]) including 4 healthy 
donor hearts and 6 DCM hearts with severe heart failure. 
In the former dataset (containing tissues from one healthy 
donor and two DCM patient sources), samples from each 
patient were sequenced after  CD45+ and  CD45− flow sort-
ing separately, performing excellently in the abundance 
of immune cells; The latter ScRNA-seq dataset contains 
two healthy donors and five DCM patients. 332 individual 
DCM samples were selected from the bulk RNA-Seq dataset 
(GEO; GSE141910) that enrolled in the study.

ScRNA‑seq data analysis

Quality control

All analyses were based on R (V.4.1.3) (https:// www.r- proje 
ct. org/). A Seurat object was created by importing the sample 

matrices into the Seurat (V.4.1.1) R package. The percentage 
of mitochondrial genes, ribosomal genes and erythroid genes 
were calculated separately using the PercentageFeatureSet 
function in Seurat. Filter cells used the following conditions: 
(1) 800 < nCount RNA < 10,000; (2) 500 < nFeature; (3) mito-
chondrial reads < 10%; (4) erythrocyte reads < 1%. Cells that 
pass the appeal quality control were preserved and utilized for 
subsequent analyses.

Batch correction and cell cluster

For the saved object, normalization was performed using Nor-
malizeData with default settings, and variable features were 
calculated by FindVariableFeatures function (“vst” method). 
Then, the data was scaled utilizing ScaleData with default 
settings, and the principal components were calculated by 
RunPCA (npcs set to 35). The number of PCs was chosen by 
visualizing a plot with the “ElbowPlot” function. Harmony 
(V.0.1.0) [15] was used to remove batch effects from the 
datasets. Seurat’s FindClusters function was used to cluster 
cells, run multiple times over a range of resolution parameters 
(0.1–1). The appropriate resolution was selected via compar-
ing cluster results by R package Clustree (V0.5.0) [16]. The 
“RunUMAP” function was used for the visualization. All 
cell populations were annotated using known markers. Cells 
expressing multiple cell type markers were considered to be 
hybrid cells and these cells were not analyzed subsequently.

Recluster of fibroblast and T cell

Extracted the fibroblast and T cell to form a new seurat 
object, respectively. Each data were normalized, variable 
features calculated (nfeatures set to 2000 for fibroblasts and 
1000 for T cells), scaled, and principal components calcu-
lated (npcs set to 20 for fibroblasts and 25 for T cells). The 
RunHarmony function was run with default settings. After 
the batch correction, clusters were calculated by the Find-
Neighbors function (reduction based on harmony, dimen-
sions set to 1: npcs) and FindClusters function (Louvain 
algorithm, resolution set to 0.2 for fibroblasts and 0.8 for 
T cells). For fibroblasts, the marker genes of each subpopu-
lation were calculated using the FindAllMarker function 
(“MAST” method) [17], min.pct was set to 0.3 and logfc.
threshold was also set to 0.3. The calculated markergenes 
and their functional enrichment results were used to annotate 
the fibroblast subpopulations. For T cell subcluters, recog-
nized markers were used to annotation.

Differential gene expression and gene set 
enrichment analysis (GSEA)

Cluster-specific differential expression genes (DEGs) 
between donors and DCMs were identified utilizing the 

https://www.r-project.org/
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FindMarkers function with the following settings: test.
use = MAST, min.pct = 0.3, logfc.threshold = 0.3. The DEGs 
with adjusted p value < 0.05 were included in further analy-
sis. GSEA based on marker genes and DEGs was performed 
by gProfilter2 (V.0.2.1) [18]. The gost function run with the 
default settings. After removing ribosomal genes in advance, 
only the gene lists remaining more than five genes after P 
value adjustment were tested. Only the terms from GO [19], 
Reactome [20] and KEGG [21] were plotted.

Gene scores

Enrichment scores were calculated by Seurat function 
“AddModuleScore” (setting the number of control features 
to 100). The ECM gene sets were obtained from the matri-
some project [22]. GO terms for fibroblast proliferation, acti-
vation, and antigen processing and presentation were GO: 
0048144, GO: 0072537, and GO: 0019882.

Activity of transcription factors and signal pathways

Transcription factor activity was estimated for each cell 
by viper (V.1.28.0) [23] based on transcription factors 
from DoRothEA (V.1.6.0) [24]. The R package PROGENy 
(V.1.16.0) was used to assess the signaling pathway activity 
of each cell and summarize the score of each subpopulation 
for each group. For pseudobulk, Seurat's AverageExpression 
function was used with default parameters. For each sub-
population, scores were summarized and the most variable 
transcription factors were plotted.

Ligand‑receptor mediated intercellular 
communication

The R package CellChat (V.1.4.0) [25] was used for com-
parative analysis between groups of cell–cell communica-
tion. We selected “secrete autocrine/paracrine signaling” and 
“cell–cell contact” interactions from cellchatDB in analysis.

Data processing of bulk RNA‑seq and analysis

The bulk RNA-Seq data was mapped by STAR [26], and the 
read was counted by featureCounts function. The assessment 
of the associations among apFBs signature gene expression 
levels was conducted utilizing Spearman correlation coef-
ficients. The receiver operating characteristic (ROC) curves 
were generated to evaluate the diagnostic value of the signa-
ture genes of apFBs. The random forest algorithm was used 
for ranking the importance of prognosis-related genes. Risk 
score models containing sex, age and top 3 prognosis-related 
genes were constructed for prognosis prediction.

Immunofluorescence in human tissues

5-μm-thick sections of paraffin-embedded tissues were eval-
uated by double immunofluorescence analysis. The sections 
were incubation in 5% bovine serum albumin in PBS after 
dewaxed and rehydrated. Primary antibodies (PDGFRα, 
Abcam, # ab203491; HLA-DRB1, Abcam, # ab133578) at 
1: 100 dilution were incubated overnight at 4 °C. Then, sec-
tions were incubated with fluorescent secondary antibody 
(ABflo™ 488-conjugated Goat Anti-Rabbit IgG, ABclonal, 
#AS039; ABflo™ 594-conjugated Goat Anti-Rabbit IgG, 
ABclonal, #AS053) at 1:150 dilution for 1 h at 25 °C. DAPI 
was used for nuclear counterstaining. Sectioning images 
were taken using confocal microscope (Olympus, IX37) and 
analyzed by ImageJ software.

Statistics

A students’ two-tailed unpaired t test was used to determine 
the significance of the difference between two groups; Two-
way ANOVA was used among more than three independent 
groups. If normal-distribution or equal-variance assumptions 
were not valid, statistical significance was evaluated using 
the Mann–Whitney test and the Wilcoxon signed rank test. 
Statistical analysis was conducted using GraphPad Prism 
(V.8.0.2). For GSEA, Hypergeometric test was used fol-
lowed by multiple comparison correction. The method of 
correction for gProlifer2 was performed by g:SCS algorithm 
[27], which was developed by the authors of the gProfileR 
package. P values < 0.05 were considered to be significant.

Results

Overview of the cell composition of the human left 
ventricle

We collected 85,827 single cells from two datasets of seven 
patients with DCM and three donors. Of these cells, 81,595 
passed the stringent quality control filters and were further 
divided into populations of C0–C18 at a resolution of 0.4 
(Figure S1A, S1B). No sample-specific variation existed 
within each cluster (Figure S2A). Low-quality cells individ-
ually clustered into one cluster were excluded (Figure S2C). 
C11, C12, C17, and C18 were identified as hybrid cells due 
to their expression of markers of multiple cell types, and 
were excluded from further analysis (Figure S2D).

The entire population was classified into 11 major cell 
types based on their respective molecular features (Fig. 1A, 
B). These cell types were presented in both donor and DCM 
hearts (Fig. 1C). C0 and C10, with high expression levels 
of DCN, FBLN1, and LUM, were defined as fibroblasts 
(n = 27,237); endothelial cells (C1, C6, and C9; n = 17,181) 
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were identified by the pan-EC markers, PECAM1, VWF, 
and RGCC. C4 cells were identified as pericytes due to 
the specific expression of ABCC9 and KCNJ8 (n = 6750); 
ACTA2, TAGLN, and MYH11 were enriched in C7 cells 
as smooth muscle cells (n = 2190). We identified immune 
cells by PTPRC expression and further defined T cells by 

CD2 and CD3 expression (n = 6932), NK cells by NKG7 
expression (n = 3929), myeloid cells by CD68 expression 
(n = 14,294), and B cells by CD79A expression (n = 443); 
some endocardial cells (NPR3, SMOC1; n = 422) and neural 
cells (XRXN1, XRXN3; n = 371) were also identified. Little 
cardiomyocytes (C16; n = 309) marked by TNNT2, TNNI3, 

Fig. 1  Cell atlas of the human heart. A Graph-based clustering of 
81,595 cells with UMAP based on the integration of two ScRNA-
seq datasets. B UMAP split by different conditions (with and without 

DCM). C Heatmap of the known markers expressed in each cell type. 
D Density plots of selected marker genes, illustrating their expression 
patterns
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Fig. 2  Differential gene analysis and functional enrichment of non-
cardiomyocytes. A Differential gene expression analysis showing the 
up- and down-regulated genes across all populations. An adjusted p 
value of < 0.01 is indicated in red, while an adjusted p value of ≥ 0.01 
is indicated in blue. B The number of DEGs with an adjusted p value 
of < 0.01 across all populations. Up- and down-regulated genes are 

shown as red and green bars, respectively. C The number of enriched 
GO terms with an adjusted p value of < 0.05. Up- and down-regulated 
genes are shown as red and green bars, respectively. D Top 10 GO 
terms for upregulated DEGs of each cell type. E The upregulated 
DEGs of fibroblasts in DCM-enriched GO terms related to immune 
regulation. The box shows the genes associated with the GO terms
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Fig. 3  Characteristics of fibroblast subpopulations. A UMAP depict-
ing subtypes of fibroblast. B Heatmap of calculated marker genes 
expressed by fibroblast subtypes. C Violin plot showing Pan-marker 
expression of fibroblasts for each subcluster. D Violin plot of CD74 
and ACTA2 expression level per cluster. E, F Tissues from DCM 

patients were subjected to Dual-color fluorescence staining for apFBs 
(PDGFRα+HLA-DRB1+). The boxed region in (E) indicates the sec-
tion as in (F). PDGFRα (green), HLA-DRB1 (red), DAPI (blue). G–
L Gene sets enriched in marker genes per fibroblast subtype. Dot size 
refers to the overlap of the tested genes and the gene set (precision)
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Fig. 4  Distribution and expression characteristics changes of fibro-
blast subpopulations and intrinsic drivers of MHCII gene expres-
sion. A Ratio changes of cell clusters in DCM versus donor heart. 
B, C Violin plot of fibroblast activation scores per cluster and con-
dition. D Violin plot of ECM scores per cluster and condition. E, F 
Violin plot of antigen presentation scores per cluster and condition. 
****p < 0.0001, two-sided unpaired Wilcoxon rank sum test. G Den-

sity map of gene expression levels of MHCII molecules in apFB. H 
Violin plot of gene expression levels of MHC molecules in apFB 
per condition. I Prediction of transcription factor (TF) activity of 
each fibroblast subpopulation based on TF regulons (DoRothEA). J 
UMAP plots of RFX5 activity scores. K Prediction of signal pathway 
activity of each fibroblast subpopulation based on pathway-respon-
sive genes (PROGENy)
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and RYR2 were obtained because of the limitation of cap-
turing by 10X platform, so they were not included in the 
subsequent analysis. The distribution of the cells expressing 
characteristic markers was shown in Fig. 1D.

Fibroblasts present the most transcriptional 
alterations in DCM

To explore the DCM-related genes, we analyzed the differen-
tially expressed genes (DEGs) of each cell type between the 
donor and DCM hearts. Extensive transcriptional alterations 

Fig. 5  T cell subpopulations. A UMAP depicting subtypes of T cell. B UMAP split according to different conditions. C Density plot of known 
marker expression levels in T cell subtypes. D Heatmap of calculated marker genes expressed by T cell subtype
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were observed among all populations (Fig. 2A, complete 
list presented in Table S1). Endothelial cells, fibroblasts, 
myeloid cells, pericytes, and T cells appeared to manifest 
more substantial changes during HF (Fig. 2A, B). Fibro-
blasts exhibited the most DCM-associated transcriptomic 
changes compared with other cell types (Fig. 2B, C).

Functional enrichment analysis of fibroblasts revealed 
aberrant production of ECM and collagen fibers in DCM, 
which is consistent with previous findings that fibroblasts 
contribute to structural remodeling in HF (Fig. 2D). In line 
with this, COL1A1, PI16, and THBS4—the top 3 upregu-
lated genes—were related to collagen production, fibroblast 
proliferation, and injury-associated extracellular matrix 
production. The upregulated genes in endothelial cells were 
significantly enriched in vasculogenesis, endothelial cell 
differentiation, endothelium development, and the intrinsic 
apoptotic signaling pathway in response to DNA damage 
mediated by p53. The immune cells exhibited pro-inflam-
matory features in DCM: Macrophages exhibited enhanced 
phagocytosis and promoted cytokine production; and NK 
cells upregulated the expression of genes involved in phago-
cytosis, recognition, and positive regulation of leukocyte 
activation (Fig. 2D).

Fibroblasts exhibit enhanced immunomodulatory 
features in DCM

The immune-related genes of fibroblasts upregulated in 
DCM and their enriched functions were examined. The 
results demonstrated that fibroblasts exhibited many tran-
scriptional changes associated with regulating the immune 
microenvironment, including promoting leukocyte adhe-
sion, enhancing the recruitment of immune cells, regulating 
the production of various cytokines by immune cells, and 
activating immune cells via the MAPK cascade pathway 
(Fig. 2E).

The immune-related genes expressed by fibroblasts upregu-
lated under the condition of DCM were further investigated 
(Fig. 2F). CD74—a protein-encoding gene associated with 
class II major histocompatibility complex (MHCII)—regulates 
antigen presentation for immune response. This unexpected 
finding suggests that a particular subpopulation of fibroblasts 
expressing MHCII molecules can deliver antigens and partici-
pate in the remodeling of the immune microenvironment. To 
confirm this finding, we reclustered the fibroblast population.

Reclustering of fibroblasts and antigen‑presenting 
fibroblasts (apFBs) expressing MHCII molecules 
presented in the human heart

Fibroblasts were extracted to recluster, and six subclusters 
were identified at a resolution of 0.2 (Fig. 3A). The expres-
sion levels of the pan-Fibroblast marker were examined 

for all subpopulations, and all subpopulations exhibited 
high expression levels of DCN and FBLN1 (Fig.  3C). 
FB1 expressed COL6A3 encoding the alpha-3 chain (one 
of the three alpha chains of type VI collagen) (Fig. 3B), 
whose main functions were cell adhesion and ECM pro-
duction (Fig. 3G). FB2 specifically expressed high levels of 
PCOLCE2—enabling collagen binding activity (Fig. 3B), 
which was involved in anatomical structure development and 
the response to wounding (Fig. 3H). COL1A1 and APOE 
were highly expressed in FB3 and were associated with type 
I collagen production and inflammation promotion (Fig. 3B). 
FB3 was a major class of injury responsive, ECM produc-
ing, collagen fiber, and polymer fiber producing subclusters 
that may contribute substantially to structural remodeling 
in DCM (Fig. 3I). However, FB4 was highly expressed in 
several genes encoding myosin with the function of cardiac 
morphogenesis and development (Fig. 3L). Besides, we 
also identified myofibroblasts (myoFB), which specifically 
expressed ACTA2 and the proliferation-related gene RGS5 
(Fig. 3B, D). The results of GO enrichment revealed the 
function of wound healing and actin filament-based pro-
cesses in myoFB (Fig. 3L). The complete list of calculated 
marker genes in enriched GO terms is presented in Table S2.

Notably, a subcluster specifically expressing genes encod-
ing MHC class II molecules (CD74, HLA-DRB1) was iden-
tified and annotated as apFB (Fig. 3B). Colocalization of 
PDGFRα, a membrane-localized specific marker protein 
of cardiac fibroblasts, and HLA-DRB1 confirmed the pres-
ence of apFBs in human hearts (Fig. 3E, F). The functional 
enrichment results indicated that apFBs could process and 
present antigens via MHCII and interact with T cells. Fur-
thermore, apFBs exhibited a response to IFN-γ (Fig. 3J), 
suggesting a potential mechanism for the acquisition of its 
antigen-presenting phenotype, as IFN-γ is a common inducer 
of MHCII expression in non-antigen-presenting cells.

Expression of MHCII molecules by apFBs may be 
mediated by transcription factor RFX5 and JAK‑STAT 
pathway in response to IFN‑γ

Fibroblast proliferation, activation, and ECM production 
play a central role in the progression of HF. The distribu-
tion and expression level of characteristic gene sets were 
examined. FB3 and myoFB were significantly increased in 
DCM (Fig. 4A). Examination of the activity scores among 
the subpopulations revealed higher scores in FB3 and 
myoFB, and the scores further increased in DCM, especially 
myoFB (Fig. 4B, C). Regarding ECM production, the scores 
of all subpopulations were significantly increased in DCM 
(Fig. 4D).

We then explored the antigen processing and presenta-
tion scores of individual subpopulations. apFB exhibited 
the highest scores, whereas other cell types consistently 
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exhibited lower scores (Fig. 4E). In DCM, the antigen pres-
entation scores of apFB were further increased, whereas 
those for other cell types remained unchanged (Fig. 4F).

The expression of genes encoding MHCII molecules 
(CD74, HLA-DRB1, and HLA-DRA) in fibroblast subclus-
ters was examined. These genes were specifically highly 
expressed by apFB (Fig. 4G), and the expression level was 
increased under DCM (Fig. 4H). To reveal the intrinsic fac-
tors driving the different functional lineage of fibroblasts, 
we calculated the transcription factor activity of each cell. 
RFX5—a protein-encoding gene—was the highest active 
transcription factor in apFBs, which can activate the tran-
scription of MHCII by recognizing and binding the X1 box 
of their promoters (Fig. 4I, J). Furthermore, the pathway 
activity of each cell type exhibited a higher activity of the 
JAK-STAT pathway in apFBs that induced MHCII mole-
cules expression in response to IFN-γ [28] (Fig. 4K).

T cell subpopulation identification 
and characterization

As apFBs expressed genes encoding MHCII molecules, 
this class of fibroblast may have potential interactions with 
 CD4+ T cells. To investigate this finding, we reclustered 
the T cells.

The TOP1000 HVG with a resolution of 0.8 was selected 
to recluster the T cells, and 10 subpopulations were identi-
fied based on known markers (Fig. 5A, C). An increasing 
distribution of T cells was observed in DCM (Fig. 5B). The 
expression of CD4 and CD8 was used to identify  CD4+ T 
cells and  CD8+ T cells; SELL was used to identify naive T 
cells  (TN); FOXP3 was used to identify  CD4+ regulatory T 
cells  (Treg). CD40LG was one of the  CD4+ effector mem-
ory cell markers  (TEM), whereas recently activated effector 
 CD8+ memory cells/effector T cells  (TRAEM/EFF) expressed 
high levels of GZMH [29]. Tissue-resident memory T cells 

 (TRM) were characterized by TOB1 expression [30], whereas 
exhausted T cells  (TEX) expressed high levels of PDCD1 
[31]. The calculated marker genes for each subcluster are 
shown in Fig. 5D.  TEM was divided into  IFN+  TEM and 
 IFN−  TEM according to the expression of IFN, and  TRM was 
classified into  TNF+  TRM and  GNLY+  TRM according to their 
expression characteristics (Fig. 5D). The calculated markers 
supported the annotation of other subclusters of T cell.

apFBs may suppress inflammatory immunity 
in the progression of DCM

To explore the role of apFB in regulating the immune 
microenvironment of DCM, we performed a communica-
tion analysis between fibroblast subpopulations and immune 
cells. The amount of intercellular communication in DCM 
was significantly increased (Fig. 6A, B). The interactions 
between apFB and  CD4+ T revealed that the count of signals 
received by  CD4+  TEX and  CD4+  Treg was nearly doubled 
in DCM (Fig. 6C). Compared with other fibroblasts, apFB 
was the only fibroblast that transmitted MHCII signaling to 
 CD4+  TEX and  CD4+  Treg via HLA-DRB1-CD4 (Fig. 6D, 
E). The corresponding communication probability of HLA-
DRB1-CD4 between apFB and  CD4+ T was moderately 
strong compared with multiple L-R pairs between myeloid 
cells and  CD4+ T cells (Fig. 6F).

Furthermore, apFB may be incapable of activating 
 CD4+ T cells because it barely expressed co-stimulated 
molecules, including CD80, CD86, and CD40 (Fig. 6G). 
The upregulated L-R pairs from apFBs to  CD4+ T cells 
in DCM were investigated. The L-R pairs of TGF-β, MIF, 
IL-6, CXCL, CLEC, and CD46 signals were upregulated in 
DCM (Fig. 6H). According to this result, apFBs appeared 
to enhance the recruitment of  CD4+ T in DCM through MIF 
and CXCL pathway-related L-R pairs and might inhibit the 
activity of  CD4+  TEX by secreting TGF-β, thereby attenuat-
ing its inflammatory factor secretion [32, 33]. The significant 
positive correlation between apFBs and  Treg cells in bulk 
RNA Seq data from 166 DCM patients further suggested the 
immunosuppressive potential of apFBs (Fig. 6I). Previous 
analysis suggested that IFN-γ response-related genes were 
enriched in apFBs and were associated with the acquisition 
of antigen-presenting phenotypes of fibroblasts. The pat-
tern of the IFN-II signaling network was different between 
donor and DCM cells (Fig. 6J). Although  CD4+TEX and FB1 
produce high levels of IFN-γ in DCM, the signal strength 
is decreased in DCM, whereas myeloid cells and B cells 
upregulate IFN-II signaling in DCM. This finding suggests 
that apFB-enhanced antigen presentation is primarily regu-
lated by the myeloid cells in DCM. This potential crosstalk 
between apFBs and immune cells is summarized in Fig. 7.

Fig. 6  Altered fibroblast-immune cell crosstalk and perturbation 
of CD4 + T by apFB in DCM. A Number of inferred interactions 
between fibroblasts and immune cells per condition. B Heatmap of 
the differential number of inferred interactions between fibroblasts 
and immune cell subpopulations (DCM versus Non). C Circle chart 
of inferred interaction number between apFB and CD4 + T subpopu-
lations for each condition. D Heatmap of communication probabili-
ties for MHCII signaling pathways. E Dot plot of L-R pairs in MHCII 
signaling, with apFB as the signal sender and CD4 + T subpopulation 
as the receiver. F Dot plot of L-R pairs in MHCII signaling. G Vio-
lin plot of co-stimulated molecule gene expression levels in apFB per 
condition. H Dot plot of L-R pairs of upregulated signaling in DCM 
from apFB to CD4 + T cell. I correlation analysis between apFB and 
 Treg. J Left heatmap of IFN-II signal communication probability from 
other populations to apFBs, split according to different conditions. 
Right: heatmap of differential communication probability of IFN-II 
signaling from other populations to apFB (DCM versus Non)

◂
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A prognostic prediction model based on apFB 
signature genes

The potential role of apFBs in clinical applications was 
investigated. Most of the apFB signature genes (TGFB2, 
FBLN1, CD74, IL6, HLA-DRB1, HLA-DRA, MIF, 
TGFB3, CXCL2) demonstrated an ideal diagnostic effi-
cacy (each achieved an AUC ≧ 0.68) (Figure S3), indicat-
ing that these genes had great potential to be the diag-
nostic indicators for DCM patients. The random forest 
algorithm (trees = 500) was subsequently used to pick the 
three most important prognostic genes (TGFB2, FBLN1, 
and CD74) from the mentioned signature genes (Fig. 8A, 
B). Adding the basic clinical factors of age and sex, a 
final nomogram prediction model for DCM prognosis was 
established (Fig. 8C). The calibration curve of this model 
was relatively close to the ideal curve, which indicates that 
the predicted results were consistent with the actual find-
ings (Fig. 8D). The decision curve analysis (DCA) curve 
demonstrated that the nomogram had great net benefits for 
clinical use (Fig. 8E).

Discussion

The progression of DCM is characterized by ventricular 
remodeling and myocardial inflammation, and various cell 
types contribute significantly to these pathological pro-
cesses. Fibroblasts have been regarded as the primary con-
tributors to cardiac structural remodeling [34, 35]. In the pre-
sent study, the GO enrichment results showed that fibroblasts 
in DCM exhibited increased extracellular matrix production 
and collagen synthesis. Immune cells in DCM presented 
an up-regulation of cytokine production, immune activa-
tion, and enhanced phagocytosis. These findings support the 
theory that DCM is associated with increased inflammation, 
which has been verified in previous studies [36, 37]. In addi-
tion, previous researchers indicated that increased angiogen-
esis occurs early during cardiac remodeling while it later 
transitions into capillary dysfunction and capillary loss [38, 
39], and enhanced endothelial cell apoptosis was observed in 
heart failure patients [40]. Our results also demonstrated that 
endothelial cells exhibited upregulation of genes involved 
angiogenesis and the intrinsic apoptotic signaling pathway 

Fig. 7  Schematic illustration of intercellular crosstalk between apFBs and immune cells. The apFBs existing in the DCM heart may participate 
in the regulation of the fibro-inflammatory microenvironment
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in response to DNA damage. These findings cooperatively 
suggested that endothelial cells may can play a pivotal role 
in the pathogenesis and progression of DCM.

The changes of fibro-inflammatory microenvironment in 
DCM have attracted great attention in recent years, present-
ing that fibroblasts can promote inflammation in DCM, and 
immune cells can stimulate the proliferation and activation 
of fibroblasts [41, 42]. In our study, we noticed the upregu-
lated expression of CD74 in DCM through DEG analysis of 
fibroblasts. According to this phenomenon we reasonably 
assumed that a subclass of fibroblasts expressing CD74 with 
antigen-presenting functions may exist in the adult heart. In 
previous studies, fibroblasts in human heart have not been 
reported to function as antigen-presenting cells. To test our 
speculation, we further re-clustered the fibroblasts, and 6 
subpopulations were obtained. The results of marker gene 
GO enrichment indicated that the function of FB1, FB2, 
and FB3 exhibit a relatively similar profile, including extra-
cellular matrix production, fiber synthesis, and wounding 
response. These 3 subpopulations exhibited a similar pat-
tern to previously researches [43, 44]. The specific high 

expression of ACTA2 suggested that typical myofibroblasts 
were also formed in DCM with enriched terms of response 
to wounding and cytoskeleton organization. In previous 
studies, an increase of myofibroblasts has been identified 
in HF [34, 35]. Consistent with these findings, we also 
found increased amounts of myofibroblasts in DCM hearts. 
Notably, apFBs, a subpopulation characterized by CD74, 
were obtained with the GO terms mainly related to anti-
gen processing and presentation. The existence of apFBs 
was further validated in explanted DCM human heart via 
immunofluorescence-staining the MHCII molecule and 
PDGFRα. PDGFRα, a cell surface tyrosine kinase receptor 
for members of the platelet-derived growth factor family, is 
a specific marker protein of cardiac fibroblasts. Since MHCII 
molecules are also expressed on the cell membrane, apFB 
can be identified by recognizing the fluorescence colocaliza-
tion signal of MHCII molecules and PDGFRα.

Despite being described decades ago in the rheuma-
toid arthritis model [45], a specific fibroblast capable of 
MHCII-mediated antigen-presenting within the tumor 
microenvironment [12, 46]. In previous researches, IFN-γ 

Fig. 8  Factor Selection for the Predictive Model, Calibration, and the 
Validation of the Nomogram. A Identification of the point with the 
smallest cross-validation error and finding the number of trees cor-
responding to it. B Importance score of 9 apFB signature genes. C 

Nomogram prediction model for DCM prognosis. D Calibration 
curves of the nomogram prediction model. E Decision curve analysis 
of the nomogram
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and a hypoxic environment can contribute to apFBs for-
mation [47]. In our study, we observed the upregulation of 
IFN-γ-responsive-related genes in apFBs. Besides, apFBs 
specifically expressed HLA-DR genes but no other MHC II 
molecule-related genes, suggesting that this transcriptional 
change could be induced by IFN-γ [48–50]. All of these 
indicate that apFBs may increase the expression of MHCII 
class molecules in DCM via IFN-γ-mediated mechanisms. 
We further revealed that the antigen presentation phenotype 
may be regulated by the increased activities of the transcrip-
tion factor RFX5 and the JAK-STAT pathway.

Previous studies have shown that the activation of 
immune cells by antigen-presenting cells is dependent on the 
expression of costimulatory molecules [51]. To clarify the 
possible effecting mechanism of apFBs in DCM, we exam-
ined the expression of costimulatory molecules in apFBs, 
and found that apFBs does not express classical costimula-
tory molecules such as CD80, CD86, or CD40. In addition, 
we noticed that the L-R pairs CLEC2B-KLRB1, CD46-
JAG1, and TGF-β-TGFR between apFBs and  CD4+T cells 
upregulated in DCM. KLRB1 encodes the CD161 protein, 
and this receptor protein is expressed in some  CD4+ T cells, 
working as a potential inhibitory receptor [52]; CD46-JAG1 
has been reported to mediate the conversion of effector T 
cells to  Treg [53]; TGF-β, a pleiotropic cytokine known 
to play key roles in shaping the tumor microenvironment, 
including immunosuppression. The absence of expression of 
co-stimulatory molecules and the upregulation of expression 
of immunosuppressive L-R pairs suggest that apFBs may 
function as an immunosuppressor in DCM. This result was 
further verified using correlation analysis between apFB and 
 Treg. Furthermore, CXCL pathway-related L-R pairs were 
upregulated between apFB and  CD4+T suggesting that 
apFBs enhanced the recruitment of immune cells in DCM. 
Combined with these results, we hypothesized that apFBs 
can recruit  CD4+ T cells by secreting chemokines, then 
inhibit the recruited effector T cells by producing TGF-β and 
activating CD161 on  CD4+ T cells, thereby inhibiting the 
immune activity of  CD4+ T cells; concurrently, the conver-
sion of effector T cells to  Treg was mediated via the CD46-
JAG1 signaling axis. However, this series of speculations 
must be more rigorously investigated and verified.

At the end of this study, the diagnostic value of the apFB 
signature genes was assessed, and each of the top 9 genes 
had an AUC value ≧ 0.68. A prognostic prediction model 
was developed based on the top 3 important prognostic 
genes, which showed an ideal predictive performance and 
clinical applicability. In the future, a larger sample size 
should be utilized in a multicenter randomized controlled 
clinical study to confirm its predicting effects and the related 

clinical benefits. However, the established model was based 
on the perioperative data, and a comprehensive database of 
DCM that incorporates survival data and sequencing infor-
mation need be constructed in the future.

Overall, our study provides novel information regard-
ing fibroblast subpopulations. apFBs, a newly identified 
subpopulation in human heart, may suppress inflammatory 
immunity via several immunosuppressive ligands in DCM. 
This finding further enriches the understanding of the fibro-
inflammatory microenvironment in DCM and may have 
potential therapeutic applications.

Conclusions

In conclusion, we performed a comprehensive single-cell 
transcriptome analysis to identify a novel lineage of fibro-
blasts characterized by the expression of MHCII genes, 
whose existence was validated in human heart tissues. The 
transcriptomic data suggest that the new identified pheno-
type could be induced by the activation of the transcription 
factor RFX5 and JAK-STAT pathway in response to IFN-γ. 
apFBs exhibited a potential inflammation suppression role 
in DCM, suggesting a novel therapeutic target of HF. These 
results could be validated in further cellular and animal 
experiments.
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