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Abstract 

Background Cell–cell communications of various cell populations within tumor microenvironment play an essential 
role in primary tumor growth, metastasis evolution, and immune escape. Nevertheless, comprehensive investiga‑
tion of cell–cell communications in the ccRCC (Clear cell renal carcinoma) microenvironment and how this interplay 
affects prognosis still remains limited.

Methods Intercellular communications were characterized by single‑cell data. Firstly, we employed “CellChat” pack‑
age to characterize intercellular communications across all types of cells in microenvironment in VHL mutated and 
non‑mutated samples from 8 patients, respectively. And pseudotime trajectory analyses were performed with mono‑
cle analyses. Finally clinical prognosis and immunotherapy efficacy with different landscapes of intercellular interplay 
are evaluated by TCGA‑KIRC and immunotherapy cohort.

Results Firstly, the VHL phenotype may be related to the intercellular communication landscape. And trajectory 
analysis reveals the potential relationship of cell–cell communication molecules with T cells and Myeloid cells differ‑
entiation. Furthermore, those molecules also correlate with the infiltration of T cells and Myeloid cells. A tumor cluster 
with highly expressed ligands was defined by quantitative analysis and transcription factor enrichment analysis, which 
was identified to be pivotal for intercellular communications in tumor microenvironment. Finally, bulk data indicates 
bulk that different clusters with different intercellular communications have significant predictive value for prognosis 
and distinguished immunotherapy efficiency.

Conclusions The intercellular communication landscapes of VHL wild and VHL mutant ccRCC vary. Intercellular com‑
munications within the tumor microenvironment also influence T cell and myeloid cell development and infiltration, 
as well as predict clinical prognosis and immunotherapy efficacy in ccRCC.

Keywords Cell–cell communications, Tumor microenvironment, Clear cell renal carcinoma, Prognosis, 
Immunotherapy

Introduction
Kidney cancer is among the 10 most common cancers 
in both men and women, representing 3.7% of all new 
cancer cases [1], and accounting for > 400,000 new can-
cer diagnoses and > 175,000 deaths worldwide each year, 
with an increasing incidence [2]. Clear cell renal carci-
noma (ccRCC) is the most common phenotype of kid-
ney cancer, occurring in 70% to 75%, which is strongly 
associated with von Hippel-Lindau (VHL) gene mutation 
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[3]. Systemic treatment of ccRCC has rapidly evolved 
in recent years, especially for patients with metastatic 
ccRCC. Although the 5-year survival rates have demon-
strated some improvements, while the overall prognosis 
is still poor, limited by the complexity and heterogeneity 
of immunobiology of ccRCC [1, 4]. Driven by a series of 
genetic and epigenetic variation, tumor cells can acquire 
phenotypic heterogeneity that enable them to grow more 
aggressively, invade neighboring tissues, harvest treat-
ment resistance, and metastasize to distant sites [5]. 
Therefore, dissecting the tumor heterogeneity can con-
tribute to the effectiveness of oncology treatment.

Tumoral heterogeneity mainly arises through tumor 
microenvironment (TME) by triggering different selec-
tive pressure. The TME typically comprises immune 
cells, including T and B lymphocytes, tumor-associ-
ated macrophages (TAM), dendritic cells (DC), natural 
killer (NK) cells; stromal cells such as cancer-associated 
fibroblasts (CAFs), pericytes, and mesenchymal stro-
mal cells [6]. These complex components in TME can 
interact and communicate with each other. The signal-
ing events behind cell–cell communications (CCCs) are 
often mediated by interactions of various types of pro-
tein, encompassing ligand–receptor, receptor–receptor 
and extracellular matrix–receptor interactions [7]. The 
downstream transcriptomic programs of receiver cells 
are modulated, and thereby leading to alteration in bio-
logical behavior of tumor, such as tumorigenesis, tumor 
progression, therapy resistance, immune infiltration, 
and inflammation [8]. These CCCs can in turn further 
regulated distinct cell subpopulations infiltration and 
differentiation [9]. Furthermore, VHL gene, which is the 
most frequently mutated in ccRCC, was reported that 
its dysregulation altered the activities of receptor/ligand 
protein, such as chemokine receptor CXCR3, epider-
mal growth factor receptor (EGFR), and CD70 [10–12]. 
These studies revealed a broad and profound biological 
link between VHL gene and CCCs. Whereas comprehen-
sive investigation of CCCs in the ccRCC microenviron-
ment in the different contexts of VHL mutation or not 
are currently lacking. Besides, as an important immune 
regulator, how CCCs affects the statue of the immune 
microenvironment has not been revealed.

Maturation of single-cell technologies has opened a 
new frontier for profiling complexity of TME in high 
resolution, and also facilitates the further portrayal of 
intercellular interaction within TME after definition 
of cell identity. Furthermore, a portion of the bulk-seq 
integrates a wealth of clinical information, providing a 
landing point for single cell analysis to explore clinical 
significance. Thus, we have jointly analyzed the single-
cell RNA seq and bulk RNA seq to elucidate the biologi-
cal significance and potential clinical values of CCCs in 

the TME of ccRCC. Here, we compared the state of 
cellular communication in VHL mutated versus non-
mutated ccRCC, and analyzed the biological significance 
of cellular communication in the differentiation of T cells 
and myeloid cells. Subsequently, we defined a subgroup 
of tumor cells with high expression levels of cell sur-
face ligands and investigate its biological behaviors and 
potential implication in clinical practice.

Methods and materials
Data collection
Single-cell mRNA sequence (scRNA-seq) data from 
4 ccRCC patients with 4 tumor samples (1 sample is 
assigned to 1 patient), 1 VHL-mutated sample and 3 
VHL-wild samples, were collected from Young, et  al. 
cohort [13] and another dataset from Long cohort [14] 
including 4 samples from 4 ccRCC patients, all the 
patients were VHL mutated in Long cohort. After prelim-
inary sample integration and quality control of scRNA-
seq data sets, we generated a gene expression matrix with 
76,118 cells. Furthermore, we downloaded the TCGA 
genomic, transcriptomic, and clinical data used in this 
study are from TCGA-KIRC database (https:// portal. gdc. 
cancer. gov/), containing 539 ccRCC samples. And we also 
obtained Braun, et al. cohort [15], consisting of advanced 
ccRCC patients receiving immunotherapy (n = 592). 
RNA-sequencing data (FPKM values) were transformed 
into transcripts per kilobase million (TPM) values with 
better comparability.

Identification and visualization of cell types in ccRCC 
samples
We created Seurat objects in general and for individual 
cell types depending on the purpose of our studies by the 
Seurat package. The top 2000 most highly variable genes 
were extracted to conduct principal component analy-
sis (PCA), and the top 20 principal components (PCs) 
were used for the next classification analysis. To assign 
markers for the cell types, we performed t-distributed 
stochastic neighbor embedding (t-SNE) dimensionality 
reduction algorithm to further summarize the distinct 
clusters in t-SNE plots. We employed annotated informa-
tion supported by the previous research to determine the 
biological types of all cells and the marker genes for each 
cell type are shown in Additional file 1: Table S1. In addi-
tion, we applied “AddModuleScore” function to calculate 
scores of gene set in all cancer cells.

Cell–cell communication analysis
We removed batch effect after integration of Young 
et al. cohort and Long cohort based on 5000 genes with 
the most significant variation using “IntegrateData” 
function. CellChat is a tool that can quantitatively infer 
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and analyze intercellular communication networks 
from scRNA-seq data and contains ligand-receptor 
interaction databases (http:// www. cellc hat. org/). The 
interactions were identified and quantified based on 
the differentially over-expressed ligands and receptors 
for each cell group (p < 0.05). Function “netVisual_dif-
fInteraction” was employed to depict the differences in 
strength of intercellular communication. Afterwards, 
to explain how multiple cell populations and signaling 
pathways coordinate and drive intercellular communi-
cation, non-negative matrix factorization (NMF) was 
performed to speculate the numbers of communication 
patterns by function “identifyCommunicationPatterns”. 
Finally, we extracted the major signaling inputs and 
outputs among all cell clusters and depicted them using 
scatter plots. By computing the Euclidean distance 
between any pair of the shared signaling pathways in 
the shared two-dimensional manifold scatter plot, we 
applied function “rankSimilarity” to identify the path-
ways with the most significant changes in VHL mutated 
and non-mutated samples. Lastly, we compared the 
communication probabilities of ligand-receptor pairs 
regulated by certain cell populations into other popula-
tions. This was done by setting the parameter compare 
in the function “netVisual_bubble”.

Pseudotime trajectory analysis of CCCs molecules
To explore the relationship between pseudotime trajecto-
ries and CCCs molecules, we utilized Monocle package 
for single-cell pseudotime analysis under default parame-
ters. Our criteria for selecting highly variable genes are as 
follows: 1. mean expression ≥ 0.1, 2. Dispersion _empiri-
cal ≥ 1 * dispersion _fit. Then we used the ‘plot_pseudo-
time_heatmap’ function to depict the dynamic expression 
of CCCs molecules in the process of cell differentiation.

Transcription factor analysis
We applied SCENIC with the pySCENIC package (0.11.2) 
to investigate the dominant transcription factors in dis-
tinct tumor clusters in python. SCENIC reconstructs 
regulons (transcription factors and their target genes) 
accesses the activity of these regulons in individual cells 
and defines meaningful clusters of cells [16]. pySCE-
NIC consists of two major processes. Establishment of 
co-expression network by GENIE3 and identification of 
targeted genes through motif-analysis by RcisTarget data-
base. Matrix of tumor cells generated using Seurat was as 
input data. After running GENIE3, motif dataset (hg38_
refseq-r80_10kb_up_and_down_tss.mc9nr. feather, 
hg38-tsscentered-10 kb 7species.mc9nr.feather) was used 
to construct regulons for each transcription factor.

Functional enrichment analysis
After identifying the regulons for the transcription fac-
tors, we then used clusterProfler package to perform 
Gene Ontology (GO) enrichment analysis, cell compo-
nents, and molecular function pathways. In addition, 
P-value < 0.05 and adjusted P-value (Q value) < 0.05 
were considered statistically significant. The Kyoto 
Encyclopedia of Genes and Genomes (KEGG) path-
way in the C2 category from the molecular signature 
database (MSigDB) was extracted for gene set variation 
analysis (GSVA) to speculate the enrichment scores for 
the samples.

Inference of copy number for tumor cells
Copy number analysis was performed with the 
inferCNV (v1.8.1) package under default parameters. 
Furthermore, mast cells were selected as normal refer-
ence. The tumor cells were clustered with the Seurat 
package (resolution = 0.9), and the expression matrix of 
tumor cells were then as input for the analysis.

CIBERSORTx and CIBERSORT analysis
Abundance of 22 immune cell types in the 539 primary 
KIRC samples and advanced ccRCC patients receiving 
immunotherapy (n = 592) were calculated using CIB-
ERSORT and the LM22 signature matrix [17], and the 
algorithm was run for 100 permutations. Additionally, 
we calculate the relative abundance of cell types identi-
fied by scRNA-seq data in bulk RNA data using CIBER-
SORTx website (https:// ciber sortx. stanf ord. edu).

Estimation of TME in TCGA cohort
Estimation of STromal and Immune cells in Malignant 
Tumors using Expression data (ESTIMATE) is a com-
puterized algorithm to infer stromal and immune cells 
infiltration levels in tumor tissues based on bulk RNA-
seq data. We adopted ESTIMATE algorithm to com-
pute the immune and stromal score for TCGA-KIRC 
patients, all the parameters were set as default.

Statistical analysis
Statistical analyses of scRNA-seq data were performed 
by Seurat, CellChat, Monocle, SCENIC, inferCNV, 
CIBERSORTx online tool and GSVA. Difference anal-
ysis was performed by Student’s t-test and Wilcoxon 
rank sum test, respectively. Pearson analysis was 
adopted to calculate the correlation of CCCs molecules 
and relative abundance of 22 types of immune cell. All 
statistical analyses were undergone on the R (version 
4.0.3) software, except for the SCENIC analysis. And 
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p-value below 0.05 was considered statistically signifi-
cant in this research.

Results
Classification and definition of cell types based 
on scRNA‑seq of ccRCC samples
We collected scRNA-seq dataset of Young cohort con-
sisted of 1 VHL-mutated and 3 VHL-wild ccRCC patients 

to dissect the landscape of TME. We obtained 21,790 
cells in total, and then performed t-SNE clustering. These 
cells were subsequently clustered into 10 cell subgroups, 
including kidney epithelium, CD4 + T cell, CD8 + T 
cell, myeloid cell, endothelial cell, cancer cell, NK cell, 
fibroblast, B cell, and mast cell (Fig.  1A) by identified 
the marker genes (Fig.  1B; Additional file  1: Table  S1). 
we identified numerous CD4 + (expressing IL7R), and 

Fig. 1 Classification and definition of cell types based on scRNA‑seq of ccRCC samples. A Seurat t‑distributed stochastic neighbor embedding 
(t‑SNE) depiction of transcriptionally different cell populations in the tumor microenvironment from 4 patients. All cells are colored by their cellular 
annotations. B The heatmap displaying the distribution of cell type‑specific genes in our samples. C tSNE view of all cells, color‑marked by VHL 
mutation status. D The t‑SNE plot shows the expression levels of cell type‑specific genes across 10 clusters
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CD8 + T cell populations (expressing CD8A), natural 
killer (NK) populations (expressing GNLY, NKG7), small 
populations of B cells (expressing MS4A1/CD20) and 
population of myeloid (LYZ, CD14, S100A8, S100A9), 
Among non-immune clusters, we identified tumor cells 
(expressing CA9) and normal kidney epithelial cells 
(expressing ALDOB), and fibroblast (expressing ACTA2, 
THY1). In addition, visualization of the distribution of 
cells from VHL-mutated sample was conducted (Fig. 1C), 
and t-SNE plot displays the highly expressed marker 
genes in corresponding cell subgroups (Fig. 1D).

Different landscapes of cell–cell communications 
in VHL‑wild and VHL‑mutant samples
Previous studies revealed that VHL-HIF signal plays an 
important role in immune cell differentiation [18]. To 
address whether this biological phenomenon caused by 
different mode of CCCs due to VHL variation, we applied 
CellChat to investigate the characteristics of CCCs in 
these two states. Due to the small number of samples 
with VHL mutations in the M. D. Young cohort, we inte-
grated this cohort with Z. Long cohort via the “Seurat” 
package (Additional file  8: Figure S1A, B) Using known 
lineage markers, we identified kidney epithelium, T cell, 
myeloid cell, endothelial cell, cancer cell, NK cell, fibro-
blast, B cell, and mast cell. By comparing VHL mutant 
samples with wild samples using composition plot 
(Additional file 8: Figure S1C, D), we found the shifts in 
the percentage of cell populations. We analyzed interac-
tion numbers and interaction strength in different types 
of cell subpopulations (Additional file  8: Figure S2A, B; 
Additional file  2: Table  S2), then compared interaction 
numbers and strength in VHL wild and mutant cells on 
the overall level (Fig.  2A; Additional file  8: Figure S1C), 
which suggested wide range of variations of CCCs in the 
global communication pattern.

Additionally, to further explore the basis of the path-
ways mediating these changes, the signaling pathways 
associated with CCCs networks from VHL wild and 
mutated samples were obtained and mapped onto a 
shared two dimensions manifold and clustered into 
groups based on functional and topological similar-
ity (Additional file  8: Figure S2D, E). Furthermore, how 
multiple types of cell subgroups coordinates to function 
could lead to alteration of CCCs (Fig.  2B, C). And we 
defined three patterns for outgoing and incoming sig-
nals of non-VHL and VHL mutated groups respectively 
based on non-negative matrix factorization to identify 
the collaborative mode of CCCs (Fig.  2B, C; Additional 
file 8: Figure S2F, G), and the results revealed that CCCs 
patterns of these two different groups shared the distinct 
cell subpopulation constitution, incoming and outgoing 
signaling activations. For example, pattern 3 in VHL-wild 
samples is comprised of Cancer cell, Mast cell, NK cell, 
B cell, and T cell in the levels of types of cells, while in 
VHL-mutated samples, pattern 3 is constituted of Mye-
loid cell, NK cell, T cell, B cell. These finding potentially 
reveals the different mode of collaboration of various cell 
types in different genomic background.

Further we explored the cell types that lead to changes 
in CCCs patterns, according to the incoming and outgo-
ing interaction strength, we identified the sending and 
receiving signal cell populations with significant changes 
between these two groups, especially myeloid cell, B cell, 
endothelial cell, and fibroblast (Fig. 2D).

In addition to the alterations in CCCs activity in non-
VHL and VHL mutated groups, ligands-receptors path-
ways play as an important role in both mediating and 
altering the CCCs landscape, by calculating the Euclid-
ean distance between any pair of the shared signaling 
pathways in the two groups. We found the signaling 
pathways like Nicotinamide Phosphoribosyltransferase-
Insulin (VISFATIN), Angioprotein (ANGPT), Secreted 

Fig. 2 Cell–cell communications (CCCs) referenced by CellChat demonstrated notable alterations in receptors‑ligands‑mediated communications 
between VHL‑wild and VHL‑mutated cells in ccRCC. A Circle plots depicting the interaction numbers and interaction strength between VHL‑wild 
and VHL‑mutated cells. Blue lines indicate that the displayed communication is decreased in VHL‑mutated cells, while red lines indicate that 
communication is increased in VHL‑mutated cells compared with non‑VHL group. The arrows indicate the direction of intercellular communication, 
which were also marked on the right in black for annotation. B NMF clusters based on the communication patterns of different cell components 
and types of ligands/receptors in VHL‑wild group and C VHL‑mutated group, The closer the color to red indicates the more contribution of 
the cell group or signaling pathway to each latent pattern. D scatter plot showing the intensity of the outgoing and incoming interactions in 
two‑dimensional manifold. The size of the circles suggests the numbers of significantly expressed receptor‑ligand pathways of different cell 
populations. E Based on the pairwise Euclidean distance in the shared two‑dimensional manifold, we ranked the intersecting signaling pathways 
of VHL‑wild and VHL‑mutated groups. The length of the grey rectangle presents a difference in this pathway between the VHL‑mutated and 
VHL‑wild groups F The vertical axis is the cell that sends or receives the signal, and the horizontal axis is the pathway that receives or sends the 
signal. The color of the heat map represents the strength of the signal. The pillars on the upper and right sides are the accumulation of the strength 
of the vertical axis and the horizontal axis. G Comparison of Integral signal with superimposed input and output signals between VHL‑wild and 
VHL‑mutated groups, dot color reflects communication probabilities and dot size represents computed p‑values computed from one‑sided 
permutation test. Empty space means the communication probability is zero

(See figure on next page.)
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Phosphoprotein 1 (SPP1), and Macrophage Migra-
tion Inhibitory Factor (MIF) pathways with large dis-
tance in biological functions, while VISFATIN, Galectin 
9 (GALECTIN), Interferon-II (IFN-II) pathways were 
uncovered large distance in network structure (Fig.  2E, 
F). In addition, prominently changes in their information 

flow of pathways in non-VHL mutant group as compared 
with VHL mutant group with following conditions: (i) 
turn off (such as CCL, CD137, TNF), or (iv) decrease 
(such as IFN-II, COMPLEMENT). The information 
flow for a given signaling pathway is defined by the sum 
of communication probability among all pairs of cell 

Fig. 2 (See legend on previous page.)
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Fig. 3 CCCs modulates the features of myeloid cells. A t‑SNE plot depicting the myeloid cell subpopulations’ annotation. B, C Monocle analysis of 
myeloid cell subtypes, and the cells were ordered by pseudotime. D, E CCCs between main cell types of myeloid cells, tumor clusters by CellChat 
analysis based on interaction strength and numbers. F Trajectory Analysis suggests the role of CCCs molecules in process of myeloid differentiation. 
G Heatmap reveals the correlation between expression levels of CCCs molecules and relative abundance of immune cells, Welch’s t test: *P < 0.05; 
**P < 0.01; ***P < 0.001
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groups in the inferred network (Additional file 8: Figure 
S2H) [19]. We plotted and compared the L-R pairs and 
the communication probabilities of each cell group pair 
between the two groups, to display an overall picture of 
pathway variability (Fig.  2G). Next, the superimposed 
effects of the outgoing and incoming signals were iden-
tified and compared in both groups (Fig. 2G; Additional 
file 8: Figure S2I, J). Lastly. We discovered the alteration 
of ligand-receptor pathways (e.g., VEGF, VISFATIN) 
pathways (Additional file 8: Figure S2K). VEGF pathway 
mediates intercellular communication between a wider 
range of cell types in VHL mutant samples, which is also 
present in VISFATIN.

CCCs modulated differentiation and infiltration 
of mononuclear/macrophage system
CCCs coordinates the activities of multiple cell types 
required for immune response, therefore It is also impor-
tant to investigate its effect on immunity to kidney cancer 
tumors. Mononuclear/macrophage reprogramming was 
identified to be strongly associated with tumor angiogen-
esis, immunosuppression, tissue remodeling and metas-
tasis [20]. To further investigate the effects of tumor cell 
communication on the differentiation and infiltration of 
mononuclear/macrophage system, we extracted the mye-
loid cells in our data for classification and reannotation 
(Fig. 3A), which contains tumor associated macrophage1 
(TAM1), TAM2, TAM3, inflammatory macrophage, pro-
liferating macrophage, classic monocyte, and non-classic 
monocyte.

To address these questions, we used Monocle to per-
form differentiation trajectory analysis in mononuclear/
macrophage system, based on the expression tenden-
cies of FCGR3A (differentiation), S100A8 (stemness), 
S100A9 (stemness) (Additional file  8: Figure S3A). The 
results revealed that developmental hierarchy started 
with classical monocytes and non-classic monocytes and 
progressing towards SPP1 + TAM1 and FOLR2 + TAM2 
(Fig.  3B, C). To confirm the CCCs-related molecules 
which probably modulate the process of mononuclear/
macrophage system differentiation, we applied CellChat 
to visualize the communication strength, number and 
extract the key signaling pathways (Fig. 3D, E; Additional 
file 3: Table S3). We then analyzed changes in the expres-
sion of these receptor/ligand molecules during mononu-
clear/macrophage differentiation, and these molecules 

with remarkable variation were depicted on the heatmap 
(Fig.  3F), which indirectly suggested that these ligand/
receptor molecules potentially influence the differentia-
tion of mononuclear/macrophage system.

Subsequently, we confirmed these findings via bulk 
RNA-seq data. The mononuclear/macrophage system 
infiltration promotes cancer fibrosis and regulates the 
sensitivity of chemotherapy [21]. Applied to CIBER-
SORT revealed relative immune cell composition. Then, 
we used the “pearson” algorithm to calculate the correla-
tion of M0, M1, M2 and monocytes with the expression 
of the screened receptor ligands (Fig.  3G). The analysis 
suggested the broad correlation between receptor/ligand 
gene expression and mononuclear/macrophage infiltra-
tion. Comprehensively, CCCs related molecules includ-
ing C3, EGFR, HAVCR2, and so on, could influence the 
differentiation state and number of infiltrating myeloid in 
TME of ccRCC.

Differentiation and infiltration of CD4/CD8 + T cell were 
influenced by CCCs
To confirm whether the similar biological efficacy 
mediated by CCCs occurs on T cell, we then clustered 
all the CD4 + T cells into CD4 + effector helper cell, 
CD4 + Treg, CD4 + cytotoxic T cell, CD4 + HSPA1A + T 
cell, and CD4 + NKT cell. And CD8 + T cells were clus-
tered into CD8 + exhausted, CD8 + NK-like T cell, 
CD8 + exhausted immediate-early genes (IEG), and 
CD8 + Proliferating, repectively (Fig.  4A, B). We identi-
fied direction of differentiation of CD4 + T cells accord-
ing to the expression shift of GZMK (activated), GZMA 
(activated), and CD27 (exhausted) (Additional file  8: 
Figure S3B), and TBX21 (stemness), TCF7 (stemness), 
and TOX (differentiation) expression levels were used to 
determine the differentiation direction of CD8 + T cells 
(Additional file  8: Figure S3C). Based on differentiation 
trajectory analysis, we demonstrated the divergent trajec-
tory from HSPA1A + CD4 + T cell, cytotoxic CD4 + T cell 
to CD4 + Treg, and also defined the differentiation tra-
jectory from CD8 + exhausted IEG to CD8 + exhausted 
(Fig. 4C). We subsequently conducted the visualization of 
the communication landscape between CD4 + and CD8 
T + cells and tumor cells, respectively (Fig.  4D; Addi-
tional file  3: Table  S3), and extracted the core receptor-
ligand pathway for further analysis. We then respectively 
showed the expression trajectories of these ligands/

Fig. 4 Differentiation and infiltration of T cells were influenced by CCCs. A, B Cell annotation of CD4 + T cells and CD8 + T cells by t‑SNE plot, 
respectively. C Monocle analysis of CD4 + T cells and CD8 + T cells, which are ordered by pseudotime. D Network plot displaying the interaction 
strength and numbers of communication between CD4 + T cells, CD8 + T cells and tumor cells respectively. Welch’s t test: *P < 0.05; **P < 0.01; 
***P < 0.001. E, F Expression conditions of CCCs molecules in the differentiation of CD4 + T cells and CD8 + T cells, respectively. G Heatmap 
demonstrating that CCCs molecules correlate with T cell infiltration in tumors

(See figure on next page.)



Page 9 of 16Chen et al. Journal of Translational Medicine          (2023) 21:113  

Fig. 4 (See legend on previous page.)
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receptors on CD4 + /CD8 + T cell differentiation using 
heatmaps (Fig.  4E, F). Correlation analysis revealed the 
wild associations between various types of T cell and 
CCCs related molecules (Fig. 4G). Among them, GZMA, 
FASLG, and CD27 were found to be most positively cor-
related with infiltration of CD8 + T cell, and negatively 
correlated with T cells CD4 memory resting. In general, 
the above results illustrated the profound significance of 
CCCs in T cell differentiation and infiltration.

Identification of a tumor cluster with high ligand 
expression
Tumor cells are important components in TME and are 
inevitably influenced by small molecules, immune factors 
and receptor-ligand pathways in the surrounding envi-
ronment, we therefore aimed to investigate the biological 
characteristics and potential clinical translational sig-
nificance of this cluster of tumor cells. Following tumor 
cells classification (Fig. 5A), we determined 8 clusters by 
t-SNE algorithms. To investigate whether these clusters 
are genomic differences, inferCNV analysis was applied 
to reveal that the eight tumor clusters are characterized 
by different copy number variants (Fig.  5B). We further 
found that the malignant cells have more copy number 
expansion signatures and deletions compared to other 
mast cells. Furthermore, malignant cells in cluster 3 indi-
cates that there are more copy number deletions in chro-
mosome (chr)3, chr9, chr13, and chr14, while the copy 
number gains in chr6, chr10, and chr11 are higher than 
other malignant cell clusters. Subsequently, we aimed to 
confirm the tumor cluster that was vulnerable to their 
surrounding environment. The result revealed that the 
ligand scores was highest in the tumor cluster 3 (Fig. 5C). 
We performed GSVA analysis to investigate the biologi-
cal functions of tumor cluster 3, which demonstrated 
significant activation of B cell mediated immunity, mes-
enchymal epithelial transition, cell–cell adhesion, pro-
tein exit from endoplasmic reticulum, etc. (Fig.  5D, 
Additional file  4: Table  S4), furthermore, we calculated 

and compared the GSVA scores of the pathways from 
hallmarks gene set from Molecular Signature Database 
(Additional file 8: Figure S3D) and then we conducted the 
CellChat analysis to depict the strength of this cluster’s 
communication with myeloid cells and T cells, the results 
illustrated that tumor cluster 3 has an extensive and 
active ligand receptor interactions with these immune 
cells (Fig. 5E; Additional file 5: Table S5).

To further reveal the important role of Cluster 3 for 
CCCs within TME of ccRCC and potential mechanisms 
of differentiation. We performed SCENIC (single-cell 
regulatory network inference and clustering) analysis 
to conjecture regulon activities, which utilizes both co-
expression modules between transcription factors and 
candidate target genes, according to the databases of 
DNA binding motifs of transcription factors to infer sig-
nificant gene regulation (Additional file  6: Table  S6) by 
these selected transcription factors and [22], and a tran-
scription factors together with its target genes comprise 
a regulon. Based on the activities of the regulons we 
determined, all the tumor cells in cluster 3 were assigned 
to the common regions in our heatmap (Fig. 5F), which 
indicated the robustness and stability of our clustering. 
We screened out the regulons in the boxed area, which 
are highly expressed in cluster 3. Then, we performed the 
GO analysis to infer the biological functions of the gene 
regulatory networks (Fig. 5G; Additional file 7: Table S7). 
GO analysis revealed that the regulon networks enriched 
in the pathways associated with membrane protein syn-
thesis and localization, this further reveals why this 
tumor subpopulation is highly ligand-expressing and 
thus may play an important role in the regulation of the 
microenvironment.

Immune microenvironmet heterogeneity induced by CCCs 
affacts clinical outcomes and immunotherapy efficacy
Restricted by lack of clinical information on our sin-
gle cell data and inclusion of patients, we have diffi-
culty in determining the clinical translational value the 

(See figure on next page.)
Fig. 5 Identification of tumor cluster with high expression of ligands. A t‑SNE plot displaying classification of tumor cells. B Inferred copy number 
variations of tumor cells were used to estimate the robustness of classifications. Blue indicates low modified expression, inferring to genomic loss; 
red indicates high modified gene expression, inferring genomic gain. Internal reference cells refer to mast cells. Observations refer to putative 
malignant epithelial cells. Genomic regions (chromosomes) are labeled and color‑coded. C Violin plot demonstrates the distribution of ligand 
expression among cancer cells, Welch’s t test: *P < 0.05; **P < 0.01; ***P < 0.001, ****P < 0.0001 D Gene set variation analysis (GSVA) showing the 
enriched pathways of tumor cluster 3 compared with other tumor clusters. E CCCs between tumor cluster 3 with myeloid cells and T Cells. The 
bars to the right suggest that the pathways are upregulated in tumor cluster3, with longer bars suggesting more significant variance values. F The 
expression programs of transcription factors are heterogenous among different tumor clusters, the colors indicate the AUCell regulon activity of the 
transcription factors (TFs) as red (highly active) and blue (lowly active). TFs upregulated in tumor cluster 3 are marked on the right. G GO analysis of 
highly expressed transcription factors of tumor cluster 3 targeting downstream genes. The vertical coordinate represents the enriched pathways, 
and the horizontal coordinate represents the genes regulated downstream of the transcription factor (the number is the number of genes) 
predicted from the cistarget database
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high-ligand-expression tumor cluster. Therefore, we 
applied CIBERSORTx algorithm to calculate infiltration 
scores of cell subpopulations we identified in single-cell 
data to explore the clinical significance. Furthermore, we 
conducted unsupervised clustering to analyze ccRCC 
samples and classified patients into qualitatively different 
subgroups. Two distinct subgroups were ultimately iden-
tified, including 306 cases in Cluster A, and 224 cases in 
Cluster B (Fig. 6A). The heatmap demonstrated that the 
infiltration of HL tumor (High ligand tumor) is higher in 
Cluster B compared with Cluster A, and there is notable 
difference between these two cluster in Macrophage Pro-
liferating, Classical Monocyte, CD4 + HSPA1A + T cell, 
TAM3 MT1G + , TAM1 SPP1 + , Non-classical Mono-
cyte, HL_Tumor and dendritic cells. Furthermore, these 
clusters are predictive of disease outcome across TCGA 
(P < 0.001) cohorts (Fig. 6B).

CCCs as an important factor influencing the TME 
has profound implications for immunotherapy. The two 
clusters we obtained have different immune cell infiltra-
tion landscapes, also suggesting two different patterns of 
CCCs. Therefore, we inferred that there is distinct immu-
notherapy response between the Cluster A and Cluster B. 
To prove this inference, we then performed the follow-
ing research. Firstly, we discovered that there was signifi-
cantly different immune cell abundance in two clusters 
(Fig. 6C). Secondly, we applied the ESTIMATE algorithm 
to, to calculate the immune score and stromal score of 
each tumor tissue sample based on the gene expression 
matrix, and all parameters are set as default.

As expected, the immune parts and stromal parts 
were significantly upregulated in Cluster B (Fig.  6D, E). 
Thirdly, Genome analysis indicated that TMB is higher 
in Cluster B compared with Cluster A (p = 0.02, Fig. 6F), 
and waterfall plot demonstrated that the mutation rates 
of PBRM1 (45%) in Cluster B are significantly higher 
than these in Cluster A (33%), and BAP1 mutation rates 
were ultimately decreased in Cluster B (5%) compared 
with Cluster A (17%) (Additional file  8: Figure S4B, C). 
Lastly, we utilized David A. Braun, et al. cohort to further 
confirm our inference, this cohort contains information 
on patient survival and all patients received anti-PD-1 
(Nivolumab) or anti-mTOR (Everolimus) therapy. Our 
classification result showed the heterogeneity in immune 

infiltration in both clusters as well (Fig.  6G), and the 
overall survival between these two clusters are also nota-
bly different (p = 0.026, Fig.  6H). In summary, different 
patterns of CCCs in ccRCC predicts different clinical 
outcomes and different immunotherapy response.

Discussion
The effectiveness of tumor cell eliminating by immune 
cells is dominated by the intrinsic properties of these 
cell types and is closely associated with CCCs. Better 
understanding of how this interplay functions will con-
tribute to explain how tumors could evade and become 
resistant to many forms of therapies at the cellular level 
[23]. However, comprehensive analysis of the CCCs in 
ccRCC is still lacking. We used single cell RNA sequenc-
ing to produce a single-cell transcriptomic atlas of CCCs 
in ccRCC, which allowed us to find unexpected biologi-
cal features in various cell subpopulations. Joint analysis 
of bulk RNA-seq could provide us with a more compre-
hensive picture of the clinical translational values of these 
features.

In the beginning, to explore the relationship between 
VHL, the most commonly mutated gene in ccRCC, 
and CCCs, we used the “CellChat” package to illustrate 
the differences in the CCCs landscape on three levels. 
As a whole, we compared the overall intensity of CCCs 
among all cell subpopulations, and found the differences 
in the number of receptor-ligand pairs with or without 
VHL mutations. Further onwards, we applied the NMF 
algorithm to defined the distinct collaborative modes 
of CCCs in the two conditions, cell subpopulations that 
use the same or similar receptor-ligand pairs for cellular 
communication are designated as one NMF group and 
also considered to have the similar communication pat-
terns. Finally, we analyzed the difference between the 
two conditions from the perspective of signaling path-
ways. Interestingly, we found that the CCCs activity of 
endothelial cells differed considerably between mutated 
and non-mutated cases of VHL, the results may be 
caused by activation of HIF mediated by VHL loss, which 
is implicated in angiogenesis [24]. These findings deepen 
our understanding of mutation-environment-induced 
tumorigenesis.

Fig. 6 CCCs influences clinical prognosis and immunotherapy efficacy. A Unsupervised classification uncovers two clusters (Cluster A, Cluster 
B), depending on the fractions of myeloid cells, T cells and HLR‑tumor cells calculated by CIBERSORTx of TCGA‑KIRC cohort, the boxed section is 
the fraction of HLR tumor. B Kaplan–Meier plot demonstrates that ccRCC patients in Cluster B had a longer survival than Cluster A. C The fraction 
of immune cells is compared in Cluster A and Cluster B, *p < 0.05; **p < 0.01; ***p < 0.001; NS, not significant. D–E Box diagrams exhibited the 
correlation of stromal and immune calculated by ESTIMATE algorithm with clusters. F Patients in Cluster A have lower TMB levels than those in 
Cluster B. G Two clusters (Cluster 1 and Cluster 2) of David A. Braun, et al. cohort were identified by CIBERSORTx algorithm. H Kaplan–Meier curves of 
the OS for the Cluster A and Cluster B

(See figure on next page.)
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Subsequently, we analyzed the intercellular commu-
nication molecules with potential regulatory roles in 
the differentiation and infiltration of mononuclear mac-
rophages and T cells, respectively. Monocle analysis 
revealed that the expressions of receptors and ligands 
changes as the immune cells differentiate, which indi-
cated that CCCs could be closely associated with the 
differentiation of immune cells. Furthermore, the corre-
lation analysis based on TCGA RNA bulk-seq, we found 
that CCCs influenced the infiltration of immune cells, 
which could further modulate the activities of anti-tumor 
immunity. Therefore, we speculated that tumor alters 
the immune cell infiltration and differentiation status 
via regulating the ligand/receptor pathways to benefit 
themselves. Moreover, the molecules we identified in the 
research may be potential clinical prognosis predictors 
and therapeutic targets.

Afterwards, we identified a tumor cluster with high 
expression of its ligand level, through analyzing the 
expression levels of ligands and performing GO analy-
sis of TF downstream genes. This group of tumor cells 
may promote immune exhaustion, which lead to tumor 
immune escape. And the rich receptor-ligand interplay of 
this tumor group with T cells and myeloid cells was also 
uncovered, which further confirms that different cancer 
cell programs drive distinct immune interactions and 
differentiation status. Based on the some of the widely 
accepted predictors of immunotherapy and Braun, et al. 
cohort, highly-expressed ligands tumor subgroup sug-
gests poor clinical outcomes in patients receiving immu-
notherapy, whereas result was reversed in treatment-free 
patients. This indicates a profound shift in the biological 
status of this tumor group as a result of the pharmaco-
logical effects of immunotherapy. And the opinion that 
immunotherapy induces reprogramming of CD8 cells 
and macrophages and remodeling of TME have also been 
confirmed by Kevin et al. [25].

In addition to VHL, there are many other mutations 
that affect immunotherapy efficacy, which brings chal-
lenges to our study. Although ccRCC is driven by a series 
of genetic mutation, dissecting the relationship between 
VHL and CCCs provides the basis for future works of the 
interplay between genetic background and the immune 
microenvironment. Furthermore, providing a complete 
single-cell profile of ccRCC patients can also be diffi-
cult due to lack of clinical samples, and bulk RNA-seq 
lacks precise cell annotations in tumor tissues. The lack 
of information on the actual spatial location leads us to 
speculate on the strength of cellular communication only 
through quantitative analysis, so we need to combine 
scRNA-seq data and spatial transcriptome data to eluci-
date the landscape of CCCs in the future.

Our study underscores that CCCs can be a key process 
in tumorigenesis, which probably drive the exhaustion of 
immune cells, and this regulatory process is inextricably 
linked to somatic mutations. We also identified numer-
ous CCCs molecules, and the social internet they interact 
with orchestrates intrinsic properties of all cell subpopu-
lations, which poses a path toward identification of novel 
therapeutic targets.

Conclusion
In general, we analyzed the intercellular communications 
in ccRCC microenvironment via single-cell and bulk 
RNA sequencing. We explored the potential relationship 
between VHL, the most common mutation in kidney 
cancer, and intercellular communication, and then sug-
gested that CCCs could alter the differentiation and infil-
tration of immune cells, which further influence clinical 
outcomes of ccRCC patients.

Abbreviations
ccRCC   Clear cell renal carcinoma
VHL  Von Hippel‑Lindau
TME  Tumor microenvironment
TAM  Tumor‑associated macrophages
DCs  Dendritic cells
NK  Natural killer
CAF  Cancer‑associated fibroblasts
CCCs  Cell–cell communications
EGFR  Epidermal growth factor receptor
TCGA   The cancer genome atlas
KIRC  Kidney renal clear cell carcinoma
TPM  Transcripts per kilobase million
PCA  Principal component analysis
t‑SNE  T‑distributed stochastic neighbor embedding
NMF  Non‑negative matrix factorization
GO  Gene Ontology
KEGG  Kyoto Encyclopedia of Genes and Genomes
MSigDB  Molecular signature database
GSVA  Gene set variation analysis
ESTIMATE  Estimation of STromal and Immune cells in Malignant Tumors 

using Expression data
HLR tumor  High ligand/receptor tumor

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s12967‑ 022‑ 03858‑x.

Additional file 1: Markers of cell types used in this study.

Additional file 2: Cell‑cell communication molecules among all cell types 
identified by CellChat algorithm.

Additional file 3: Cell‑cell communication molecules among tumor cells 
and subgroups of myeloid cells, CD4+ T cells and CD8+ T cells identified 
by CellChat algorithm.

Additional file 4: List of GO pathways with differential activity in highly 
ligand‑expressing tumor subgroups.

Additional file 5: Cell‑cell communication molecules among HLR tumor 
cell cluster and subgroups of myeloid cells, CD4+ T cells and CD8+ T cells 
identified by CellChat algorithm.

https://doi.org/10.1186/s12967-022-03858-x
https://doi.org/10.1186/s12967-022-03858-x


Page 15 of 16Chen et al. Journal of Translational Medicine          (2023) 21:113  

Additional file 6: Identification of highly expressed transcription factors 
and downstream regulatory genes in different tumor subgroups based on 
SCENIC algorithm.

Additional file 7: GO enrichment results based on different transcription 
factors down‑regulating gene sets, respectively.

Additional file 8: Document S1. Figures S1–S3.

Acknowledgements
We really appreciate that Wang Tao and Li Xianfeng for their valuable sugges‑
tions for this manuscript revisions.

Author contributions
JQ and WJW designed the study. CLX, JQ and WJW performed most of the 
results and completed the manuscript together. LXD, ZSJ and ZHM helped 
with all data collection and analysis. LXD, ZSJ and ZHM helped write the 
manuscript. All authors read and approved the final manuscript.

Funding
We have no funding to declare.

Availability of data and materials
The data in this study can be downloaded from the Aditional materials pro‑
vided by the article website (https:// www. scien ce. org/ doi/ pdf/ 10. 1126/ scien 
ce. aat16 99; https:// www. ncbi. nlm. nih. gov/ pmc/ artic les/ PMC74 99153/), which 
are all open access, the TCGA portal (https:// portal. gdc. cancer. gov/) and the 
UCSC Xena (https:// xenab rowser. net/ datap ages/).

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 24 June 2022   Accepted: 28 December 2022

References
 1. Barata PC, Rini BI. Treatment of renal cell carcinoma: current status and 

future directions. Cancer J Clin. 2017;67:507–24.
 2. Bray F, Ferlay J, Soerjomataram I, Siegel RL, Torre LA, Jemal A. Global 

cancer statistics 2018: GLOBOCAN estimates of incidence and 
mortality worldwide for 36 cancers in 185 countries. Cancer J Clin. 
2018;68:394–424.

 3. Nickerson ML, Jaeger E, Shi Y, Durocher JA, Mahurkar S, Zaridze D, 
Matveev V, Janout V, Kollarova H, Bencko V, Navratilova M, Szeszenia‑Dab‑
rowska N, Mates D, Mukeria A, Holcatova I, Schmidt LS, Toro JR, Karami 
S, Hung R, Gerard GF, Linehan WM, Merino M, Zbar B, Boffetta P, Brennan 
P, Rothman N, Chow W‑H, Waldman FM, Moore LE. Improved identifica‑
tion of von Hippel‑Lindau gene alterations in clear cell renal tumors. Clin 
Cancer Res. 2008;14:4726–34.

 4. Drake CG, Stein MN. The immunobiology of kidney cancer. J Clin Oncol. 
2018;36:3547.

 5. Yang D, Jones MG, Naranjo S, Rideout WM 3rd, Min KHJ, Ho R, Wu W, 
Replogle JM, Page JL, Quinn JJ, Horns F, Qiu X, Chen MZ, Freed‑Pastor WA, 
McGinnis CS, Patterson DM, Gartner ZJ, Chow ED, Bivona TG, Chan MM, 
Yosef N, Jacks T, Weissman JS. Lineage tracing reveals the phylodynamics, 
plasticity, and paths of tumor evolution. Cell. 2022;23:67.

 6. Joyce JA. Therapeutic targeting of the tumor microenvironment. Cancer 
Cell. 2005;7:513–20.

 7. Armingol E, Officer A, Harismendy O, Lewis NE. Deciphering cell‑cell 
interactions and communication from gene expression. Nat Rev Genet. 
2021;22:71–88.

 8. Hanahan D, Weinberg RA. Hallmarks of cancer: the next generation. Cell. 
2011;144:646–74.

 9. Liu K, Cui J‑J, Zhan Y, Ouyang Q‑Y, Lu Q‑S, Yang D‑H, Li X‑P, Yin J‑Y. Repro‑
gramming the tumor microenvironment by genome editing for precision 
cancer therapy. Mol Cancer. 2022;21:345.

 10. Lee SJ, Lattouf J‑B, Xanthopoulos J, Linehan WM, Bottaro DP, Vasselli JR. 
Von Hippel‑Lindau tumor suppressor gene loss in renal cell carcinoma 
promotes oncogenic epidermal growth factor receptor signaling via 
Akt‑1 and MEK‑1. Eur Urol. 2008;54:845–54.

 11. Ruf M, Mittmann C, Nowicka AM, Hartmann A, Hermanns T, Poyet C, van 
den Broek M, Sulser T, Moch H, Schraml P. pVHL/HIF‑Regulated CD70 
expression is associated with infiltration of CD27(+) lymphocytes and 
increased serum levels of soluble CD27 in clear cell renal cell carcinoma. 
Clin Cancer Res. 2015;21:889–98.

 12. Staller P, Sulitkova J, Liszlwan J, Moch H, Oakeley EJ, Krek W. Chemokine 
receptor CXCR4 downregulated by von Hippel‑Lindau tumour suppres‑
sor pVHL. Nature. 2003;425:307–11.

 13. Young MD, Mitchell TJ, Braga FAV, Tran MGB, Stewart BJ, Ferdinand JR, 
Collord G, Botting RA, Popescu D‑M, Loudon KW, Vento‑Tormo R, Ste‑
phenson E, Cagan A, Farndon SJ, Velasco‑Herrera MDC, Guzzo C, Richoz 
N, Mamanova L, Aho T, Armitage JN, Riddick ACP, Mushtaq I, Farrell S, 
Rampling D, Nicholson J, Filby A, Burge J, Lisgo S, Maxwell PH, Lindsay S, 
Warren AY, Stewart GD, Sebire N, Coleman N, Haniffa M, Teichmann SA, 
Clatworthy M, Behjati S. Single‑cell transcriptomes from human kidneys 
reveal the cellular identity of renal tumors. Science. 2018;361:594.

 14. Long Z, Sun C, Tang M, Wang Y, Ma J, Yu J, Wei J, Ma J, Wang B, Xie Q, Wen 
J. Single‑cell multiomics analysis reveals regulatory programs in clear cell 
renal cell carcinoma. Cell Discovery. 2022;8:34.

 15. Braun DA, Hou Y, Bakouny Z, Ficial M, Sant’Angelo M, Forman J, Ross‑
Macdonald P, Berger AC, Jegede OA, Elagina L, Steinharter J, Sun M, Wind‑
Rotolo M, Pignon J‑C, Cherniack AD, Lichtenstein L, Neuberg D, Catalano 
P, Freeman GJ, Sharpe AH, McDermott DF, Van Allen EM, Signoretti S, Wu 
CJ, Shukla SA, Choueiri TK. Interplay of somatic alterations and immune 
infiltration modulates response to PD‑1 blockade in advanced clear cell 
renal cell carcinoma. Nat Med. 2020;26:909–18.

 16. Van de Sande B, Flerin C, Davie K, De Waegeneer M, Hulselmans G, Aibar 
S, Seurinck R, Saelens W, Cannoodt R, Rouchon Q, Verbeiren T, De Maeyer 
D, Reumers J, Saeys Y, Aerts S. A scalable SCENIC workflow for single‑cell 
gene regulatory network analysis. Nat Protoc. 2020;15:2247–76.

 17. Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu Y, Hoang CD, 
Diehn M, Alizadeh AA. Robust enumeration of cell subsets from tissue 
expression profiles. Nat Methods. 2015;12:453.

 18. Li Q, Li D, Zhang X, Wan Q, Zhang W, Zheng M, Zou L, Elly C, Lee JH, Liu 
Y‑C. E3 Ligase VHL promotes group 2 innate lymphoid cell maturation 
and function via glycolysis inhibition and induction of interleukin‑33 
receptor. Immunity. 2018;48:258.

 19. Jin S, Guerrero‑Juarez CF, Zhang L, Chang I, Ramos R, Kuan CH, Myung P, 
Plikus MV, Nie Q. Inference and analysis of cell‑cell communication using 
Cell Chat. Nat Commun. 2021;12:1088.

 20. Consonni FM, Bleve A, Totaro MG, Storto M, Kunderfranco P, Termanini A, 
Pasqualini F, Ali C, Pandolfo C, Sgambelluri F, Grazia G, Santinami M, Mau‑
richi A, Milione M, Erreni M, Doni A, Fabbri M, Gribaldo L, Rulli E, Soares 
MP, Torri V, Mortarini R, Anichini A, Sica A. Heme catabolism by tumor‑
associated macrophages controls metastasis formation. Nat Immunol. 
2021;22:595.

 21. Long KB, Gladney WL, Tooker GM, Graham K, Fraietta JA, Beatty GL. IFNγ 
and CCL2 cooperate to redirect tumor‑infiltrating monocytes to degrade 
fibrosis and enhance chemotherapy efficacy in pancreatic carcinoma. 
Cancer Discov. 2016;6:400–13.

 22. Aibar S, González‑Blas CB, Moerman T, Huynh‑Thu VA, Imrichova H, 
Hulselmans G, Rambow F, Marine J‑C, Geurts P, Aerts J, van den Oord J, 
Atak ZK, Wouters J, Aerts S. SCENIC: single‑cell regulatory network infer‑
ence and clustering. Nat Methods. 2017;14:1083–6.

 23. Lou E, Gholami S, Romin Y, Thayanithy V, Fujisawa S, Desir S, Steer CJ, 
Subramanian S, Fong Y, Manova‑Todorova K, Moore MAS. Imaging tun‑
neling membrane tubes elucidates cell communication in tumors. Trends 
Cancer. 2017;3:678–85.

https://www.science.org/doi/pdf/10.1126/science.aat1699
https://www.science.org/doi/pdf/10.1126/science.aat1699
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7499153/
https://portal.gdc.cancer.gov/
https://xenabrowser.net/datapages/


Page 16 of 16Chen et al. Journal of Translational Medicine          (2023) 21:113 

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

 24. Chen W, Hill H, Christie A, Kim MS, Holloman E, Pavia‑Jimenez A, Homay‑
oun F, Ma Y, Patel N, Yell P, Hao G, Yousuf Q, Joyce A, Pedrosa I, Geiger H, 
Zhang H, Chang J, Gardner KH, Bruick RK, Reeves C, Hwang TH, Courtney 
K, Frenkel E, Sun X, Zojwalla N, Wong T, Rizzi JP, Wallace EM, Josey JA, Xie 
Y, Xie X‑J, Kapur P, McKay RM, Brugarolas J. Targeting renal cell carcinoma 
with a HIF‑2 antagonist. Nature. 2016;539:112.

 25. Bi K, He MX, Bakouny Z, Kanodia A, Napolitano S, Wu J, Grimaldi G, Braun 
DA, Cuoco MS, Mayorga A, DelloStritto L, Bouchard G, Steinharter J, 
Tewari AK, Vokes NI, Shannon E, Sun M, Park J, Chang SL, McGregor BA, 
Haq R, Denize T, Signoretti S, Guerriero JL, Vigneau S, Rozenblatt‑Rosen O, 
Rotem A, Regev A, Choueiri TK, Van Allen EM. Tumor and immune repro‑
gramming during immunotherapy in advanced renal cell carcinoma. 
Cancer Cell. 2021;39:649.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.


	Cell–cell communications shape tumor microenvironment and predict clinical outcomes in clear cell renal carcinoma
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Methods and materials
	Data collection
	Identification and visualization of cell types in ccRCC samples
	Cell–cell communication analysis
	Pseudotime trajectory analysis of CCCs molecules
	Transcription factor analysis
	Functional enrichment analysis
	Inference of copy number for tumor cells
	CIBERSORTx and CIBERSORT analysis
	Estimation of TME in TCGA cohort
	Statistical analysis

	Results
	Classification and definition of cell types based on scRNA-seq of ccRCC samples
	Different landscapes of cell–cell communications in VHL-wild and VHL-mutant samples
	CCCs modulated differentiation and infiltration of mononuclearmacrophage system
	Differentiation and infiltration of CD4CD8 + T cell were influenced by CCCs
	Identification of a tumor cluster with high ligand expression
	Immune microenvironmet heterogeneity induced by CCCs affacts clinical outcomes and immunotherapy efficacy

	Discussion
	Conclusion
	Acknowledgements
	References


