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aberrantly activated inter-tumor cell signaling
pathways in the development of clear cell renal
cell carcinoma
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Abstract

Background Aberrant intracellular or intercellular signaling pathways are important mechanisms that contribute

to the development and progression of cancer. However, the intercellular communication associated with the devel-
opment of ccRCC is currently unknown. The purpose of this study was to examine the aberrant tumor cell-to-cell
communication signals during the development of ccRCC.

Methods We conducted an analysis on the scRNA-seq data of 6 ccRCC and 6 normal kidney tissues. This analysis
included sub clustering, CNV analysis, single-cell trajectory analysis, cell-cell communication analysis, and transcrip-
tion factor analysis. Moreover, we performed validation tests on clinical samples using multiplex immunofluorescence.

Results This study identified eleven aberrantly activated intercellular signaling pathways in tumor clusters

from ccRCC samples. Among these, two of the majors signaling molecules, MIF and SPP1, were mainly secreted

by a subpopulation of cancer stem cells. This subpopulation demonstrated high expression levels of the cancer stem
cell markers POUSF1 and CD44 (POUSF1MCD44ME T), with the transcription factor POU5F1 regulating the expression
of SPP1. Further research demonstrated that SPP1 binds to integrin receptors on the surface of target cells and pro-
motes ccRCC development and progression by activating potential signaling mechanisms such as ILK and JAK/STAT.

Conclusion Aberrantly activated tumor intercellular signaling pathways promote the development and pro-
gression of ccRCC. The cancer stem cell subpopulation (POU5F1MCD44"E.T) promotes malignant transformation

and the development of a malignant phenotype by releasing aberrant signaling molecules and interacting with other
tumor cells.
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Introduction

Renal cell carcinoma (RCC) is the deadliest tumor within
the urological system, with clear cell renal cell carcinoma
(ccRCC) being the most prevalent histological subtype
[1]. Aberrant intercellular communication can result
in uncontrolled cell proliferation, potentially leading to
tumorigenesis and progression [2]. Nevertheless, the
intercellular communication signals that facilitate ccRCC
tumor cell growth in the setting of carcinogenesis are still
not well understood.

Most RCC originates from renal tubular epithelial cells
[3]. Currently, research on the driving factors of RCC pri-
marily relies on genomic alterations, epigenetics, bulk
RNA, and proteomic features [4]. For instance, in ccRCC,
frequent biallelic loss of tumor suppressor genes on chro-
mosome 3p, such as VHL, PBRM1, SETD2, and BAPI,
can be detected [5]. Transcription factors such as HIF1A,
MYC, and FOS are activated in ccRCC, promoting gly-
colytic metabolism, dedifferentiation, and growth [6, 7].
With the continuous advancement of single-cell tran-
scriptome sequencing (scRNA-seq), we have the oppor-
tunity to gain in-depth insights into the complex cellular
interactions within the tumor microenvironment (TME).
ScRNA-seq enables us to thoroughly examine the dis-
parities between tumor cells and normal cells, track the
paths of cell growth and differentiation, and clarify the
communication networks among cells [8, 9].

Intercellular communication involves transmitting
messages from one cell to another through a medium
to elicit a response [10]. Normal intercellular commu-
nication is crucial for preserving proper organizational
function in multicellular organisms [11]. The trans-
mission of signals between cells in the TME primarily
occurs through direct cell-to-cell contact or by the action
of paracrine signaling molecules such as cytokines,
chemokines, growth factors, and protein hydrolases [12].
Cells in the TME communicate via receptors and ligands,
creating a complex signaling network in cancer that is
closely linked to a variety of behaviors, including cancer
cell proliferation and immune escape [13, 14]. Disrupt-
ing or interfering with malignant signal transduction in
intercellular communication is a crucial target for future
cancer treatment strategies [15]. Given the current state
of research and the significant role of intercellular com-
munication signals in tumors, our study focused on inter-
tumor cell signaling pathways in the development of
ccRCC.

In this study, we analyzed scRNA-seq data from
six normal kidney samples and six ccRCC samples.
In the tumor cell clusters of ccRCC, we identified 11
aberrantly activated intercellular signaling pathways.
Simultaneously, we discovered a subpopulation of can-
cer stem cells with the capability to secrete abnormal
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intercellular signaling substances. Moreover, we uti-
lized multiplex immunofluorescence (mIF) to examine
clinical samples, validating these findings.

Methods

Data and clinical sample collection

The scRNA-seq data used in this study were obtained
from the GEO database (GSE159115: https://www.ncbi.
nlm.nih.gov/geo/) [16]. The dataset includes 7 ccRCC
tumor samples and 6 normal kidney tissue samples. For
further analysis, we extracted high-quality scRNA-seq
data from 6 ccRCC and 6 normal kidney tissue sam-
ples and discarded data from one low-quality ccRCC
sample.

The collection of samples used in this study was
approved by the Ethics Committee of the Affili-
ated Tumor Hospital of Xinjiang Medical University
(K-2023028). We received written consent from partici-
pants that we informed before conducting the study. Tis-
sue sections from four patients who underwent radical
nephrectomy were procured from our hospital pathology
department, including tumor and distal normal tissue.
At least two pathologists verified the ccRCC pathotype
and normal kidney tissue. The baseline characteristics of
the clinical samples used in this study are summarized in
Additional file 1: Table S1.

Single-cell transcriptome sequencing data analysis

We used the Seurat R package (version 4.3.0) (https://
satijalab.org/seurat/) [17] and followed the official user’s
guide for working with data. First, an initial quality con-
trol (QC) step was performed to filter high-quality cells,
which included cells with 200-2500 RNA features and a
mitochondrial gene proportion of less than 15%. We then
normalized the data using the global scaling normaliza-
tion method “LogNormalize” to ensure comparable RNA
expression values in different cells. After identifying the
genes with highly variable features in the dataset, we used
principal component analysis (PCA) for dimensional-
ity reduction. We selected the initial 20 principal com-
ponents to capture major variants while still decreasing
data dimensionality. The uniform manifold approxima-
tion and projection (UMAP) method is used in Seurat as
a nonlinear reduction method to turn high-dimensional
cell data into two-dimensional space. Thus, cells exhibit-
ing similar expression patterns are categorized together,
while those with dissimilar expression patterns can be
segregated into different groups. Cell type annotation
was carried out through a combination of automated and
manual annotations to ensure accurate identification and
annotation of each cell cluster.
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Single-cell copy-number variation analysis

To distinguish malignant cells in ccRCC samples, we
assessed the copy number variation (CNV) of each cell
in different chromosomal regions using the infercnv R
software package (version 1.16.0) (https://github.com/
broadinstitute/inferCNV) [18]. We used normal kidney
epithelial cells as a reference to calculate CNV levels in
the target cell clusters [19]. Subsequently, we generated a
final CNV result file after normalizing the data using the
expression levels of normal cells as a control. The CNV
analysis was performed by running the “Infercnv:run”
function with a cutoff value set to 0.1, and denoising and
intermediate step plotting were enabled. To check for the
presence of malignant cells, we filtered the InferCNV
output based on “cell type” annotations that included
“Magli” Next, we extracted the CNV profiles of these
epithelial cells for further analysis. Finally, we used Uphy-
loplot2 to construct phylogenetic trees depicting tumor
evolution based on CNV data, categorizing the trees for
each sample with consideration of tumor location and
mutational status.

Single-cell trajectory analysis

To study cell state transitions, we employed the Mono-
cle R package (version 2.28.0) (http://cole-trapnell-lab.
github.io/monocle-release/docs/) for trajectory analysis
[20]. This involved selecting, sorting, and filtering genes
from the scRNA-seq data, estimating size factors, and
subsequently reducing dimensionality using the DDR-
Tree algorithm. We visualized trajectories using cellu-
lar state plots and cell type maps and outlined distinct
developmental trajectories for each cell type. To examine
gene expression changes along these trajectories, we used
color gradients to visualize specific genes. Additionally,
heatmap analysis displayed the top five highly expressed
genes within each group.

Cell-cell communication analysis

We employed the CellChat R package (version 1.6.1)
(https://github.com/sqjin/CellChat) to investigate inter-
cellular communication and identify signaling molecules
at the single-cell level [8]. Initially, we processed gene
expression data to pinpoint highly expressed ligands
and receptors within individual cell clusters. Next, we
evaluated intercellular communication at the pathway
level by computing communication probabilities for all
ligand-receptor interactions associated with each sign-
aling pathway. These probabilities were then aggregated
to construct an intercellular communication network.
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Furthermore, to identify significant contributors within
the cell-cell communication network, we calculated
network centrality scores for each constituent and pre-
sented the findings visually. Additionally, we assessed and
depicted signaling effects in both outgoing and incoming
communication patterns. To comprehensively grasp how
multiple cell clusters and signaling pathways synchronize
their functions, we utilized CellChat’s pattern recogni-
tion approach to investigate diverse patterns of incoming
and outgoing signal interactions among distinct cell clus-
ters. Finally, to appraise aberrant signaling in tumor cells,
we conducted a comparative analysis of the total count
and strength of cell—cell interactions between tumor cells
and epithelial cells.

Single-cell transcription factor analysis

We used the SCENIC R package (version 1.3.1) (https://
github.com/aertslab/SCENIC) to infer transcription
factor regulatory networks and 4252 tumor cells from
ccRCC samples [21]. We followed the official SCENIC
guidelines and default parameters to standardize the
analysis process. The SCENIC analysis consisted of three
main steps. In the first step, the grnboost2 algorithm was
employed to identify and filter genes co-expressed with
transcription factors (TFs). The second step involved
using RcisTarget to find significantly expressed target
genes, then performing a significant motif enrichment
analysis for each co-expressed module. In the third step,
the transcriptional activity of each regulator was assessed
using the AUCell algorithm. Cytoscape was used to por-
tray the regulatory network connecting transcription fac-
tors and their target genes.

Multiplex immunofluorescence staining

The levels of SPP1, POU5F1, CD44, JAK1, STAT3, and
ILK proteins were detected through mlIF. Sections were
deparaffinized, underwent antigen retrieval, and were
blocked with serum to prevent non-specific binding.
Primary antibodies targeting the genes of interest were
applied overnight at 4 °C, followed by washing and incu-
bation with fluorescently labeled secondary antibodies
for 1-2 h at room temperature. Nuclear staining was per-
formed with appropriate dyes if necessary. Sections were
then mounted and visualized using a fluorescence/confo-
cal microscope.

Statistical analysis
This study used R (version 4.3.1) for all statistical anal-
yses. Two-tailed p-values were used for statistical
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significance. Differential gene expression analysis of dif-
ferent cell subpopulations was performed in the Seurat
using the Wilcoxon rank sum test. The Monocle R pack-
age includes built-in t-tests and Wilcoxon rank sum tests
for evaluating variations in gene expression. The SCENIC
R package has a group of statistical methods, such as
building co-expression networks, using hypergeometric
and Fisher’s exact tests to find thematic enrichment, and
using the AUCell algorithm to score transcription factor
activity. p-values less than 0.05 were considered statisti-
cally significant (*, p<0.05; **, p<0.01; ***, p<0.001).

Results

Establishment of a single-cell landscape for ccRCC

and normal kidney tissues

To depict the single-cell atlas of ccRCC and normal
kidney tissue, we conducted an in-depth analysis of
scRNA-seq data from the GEO database (GSE159115).
We extracted scRNA-seq data from 6 ccRCC samples
and 6 normal kidney tissue samples from this dataset
for analysis, and baseline characteristics of all samples
have been described in the original study [16]. Follow-
ing data quality control and filtering procedures, we
constructed an atlas comprising 15,816 high-quality
single cells and 23,541 genes and grouped these cells
into 21 distinct clusters (Fig. 1A). We annotated the
cell clusters based on the expression of classical cell
marker genes [22] (Fig. 1B) and ultimately categorized
the 21 cell clusters into 9 distinct cell types (Fig. 1C).
There was an overlap in marker gene expression
between tumor cells and epithelial cells in clusters 0,
3, 5, 6, and 12, leading to inaccurate distinguishing of
tumor cells and epithelial cells in ccRCC tissues (Epi-
thelial and Tumor in Fig. 1B). Therefore, we provi-
sionally labeled clusters 0, 3, 5, 6, and 12 in the ccRCC
samples as “Epithelial/Tumor”. Conversely, clusters
0, 3, 5, 6, and 12 in kidney tissue were confirmed to
be epithelial cells (Fig. 1C). Based on the annotation
results, the “Epithelial/Tumor” composition ratio was
4252 (33.91%) in ccRCC samples, while the epithelial
cell composition ratio was 1604 (48.96%) in normal
kidney tissue samples, totaling 5856 cells (Fig. 1D).
The top 5 genes that are differentially expressed rep-
resent the transcriptional profiles of nine distinct cell
types (Fig. 1E).

(See figure on next page.)
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Identification of tumor cells with two distinct
transcriptional profiles in ccRCC samples

To accurately distinguish “Epithelial/Tumor” in ccRCC
tissues, we performed in-depth analysis of 4252 “Epi-
thelial/Tumor” cells in ccRCC tissues and 1604 epithe-
lial cells in normal kidney tissues for a total of 5856 cells
using four methods. Initially, we employed subpopula-
tion clustering analysis to categorize the 5856 cells into
15 distinct subclusters (Fig. 2A). We identified 9 cell
clusters in ccRCC samples and 10 cell clusters in normal
samples. Notably, clusters 2, 5, 11, and 12 were observed
in both types of samples, indicating that these cells share
comparable transcriptional features. The reason for this
is that one of the main goals of scRNA-seq is to identify
populations of cells with similar transcriptome charac-
teristics [23]. In contrast, clusters 3, 4, 6, 10, 13, and 14
were exclusive to normal samples, while clusters 0, 1, 7,
8, and 9 were exclusive to ccRCC samples (Fig. 2B). Thus,
we annotated clusters 2, 5, 11, and 12 as well as clusters 3,
4, 6, 10, 13, and 14 derived from normal samples as epi-
thelial cells.

Subsequently, based on the classical ccRCC marker
genes [22], we found that clusters 0, 1, 2, 5, 7, 8, 9, 11
and 12 had significantly elevated levels of carbonic anhy-
drase 9 (CA9) and NADH dehydrogenase (ubiquinone)
1 alpha subcomplex, 4-like 2 (NDUFA4L2) gene expres-
sion (Fig. 2C-E). Conversely, other clusters (3, 4, 6, 10, 13
and 14) showed pronounced expression of epithelial cell
markers while lacking tumor-specific markers, thus also
demonstrating that these clusters were epithelial cells
(Fig. 2F). High levels of CNVs are strongly linked to the
development of cancer and can be used to identify possi-
bly malignant cells based on their CN'Vs [24]. Using 1,604
epithelial cells from normal kidney tissue as a reference,
we found significantly higher levels of CNV in clusters 0,
1,2,5,7,8,9, 11, and 12 from ccRCC samples (Fig. 2G,
H). Thus, clusters 2, 5, 11, and 12 as well as clusters 0, 1,
7, 8, and 9 from ccRCC samples were annotated as tumor
cells.

Finally, we further validated the annotation results
using scRNA-seq trajectory analysis. We constructed
differentiation trajectories for 15 cell clusters and iden-
tified five distinct cell states (Fig. 3A, B). The process
of transforming epithelial cells into malignant cells
can be observed through the developmental trajectory

Fig. 1 Single-cell atlas of ccRCC and normal kidney tissues. A. UMAP plots showing cell clustering, colored with ccRCC and normal kidney samples
and with 21 cell clusters, respectively. B. Violin plots showing the expression of classical marker genes for cell types in different cell clusters. C.
UMAP plots depicting the nine distinct cell types present in ccRCC and normal kidney samples. D. Number and proportion of different cell types. E.

Heatmap showing the top 5 genes highly expressed in 9 cell types
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consisting of cell fate 1 and cell fate 2 (Fig. 3C). The tra-
jectories of differentiation that consist of 6 cell clusters
(3, 4, 6, 10, 13, 14) mainly represent the trajectories of
epithelial cell differentiation and cell states 1, 5. The tra-
jectories of differentiation that consist of the remain-
ing 9 cell clusters mainly represent the trajectories of
tumor cell differentiation and cell states 2, 3, 4 (Fig. 3D).
Dynamic expression changes were observed for CA9 and
NDUFA4L2 along consistent trajectories in the differen-
tiation from epithelial cells to malignant cells (Fig. 3E, F).
In tumor cells, we observed activation of genes associ-
ated with cell proliferation (TMSB10, IGFBP3), migration
(CCL2), signal transduction (DUSP1), and other behav-
iors (Fig. 3G).

As tumor clusters 2, 5, 11, and 12 of ccRCC retained
the transcriptional characteristics of epithelial cells, we
defined them as epithelial tumor cells (E.T) and labeled
them C2-E.T, C5-E.T, C11-E.T, and C12-E.T (Fig. 3H).
In terms of the transcriptional characterization of indi-
vidual cells, these E.T cells exhibit an intermediate tran-
scriptional state between epithelial and malignant cells.
Cancers that originate from epithelial cells retain their
epithelial cell characteristics during the early stages of
development [25]. We speculate that these E.T clusters
may play a crucial role in the early stages of tumor devel-
opment, preserving abnormal information associated
with tumorigenesis.

Construction of an intercellular communication atlas

for the 15 cell clusters

We utilized the CellChat R package [8] to construct a
cell-cell communication atlas of 15 clusters, consisting
of a total of 5856 cells from both normal samples and
ccRCC samples. Firstly, we identified the top 14 signal-
ing pathways contributing significantly to outgoing and
incoming signals among the 15 cell clusters. Among these
pathways, the top 5 based on their contribution values
are MIF, ANGPTL, SPP1, MK, and VISFATIN (Fig. 4A).
The intercellular communication network of tumor cells
exhibits a significantly higher number of interactions and
interaction strength compared to epithelial cells (Fig. 4B).
VEGE-targeted therapy is the first-line treatment for
advanced RCC [26]. We identified complex interactions

(See figure on next page.)
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between clusters through the top 5 signaling pathways as
well as the VEGF signaling pathway (Fig. 4C). Continu-
ing, we identified the key senders, receivers, intermedi-
aries, and influencers within these six signaling networks
among the cells by calculating several network centrality
scores for each cell group (Fig. 4D).

In addition, we identified MIF-(CD74+ CXCR4) and
MIF-(CD74+4CD44) as the most contributing ligand-
receptor pairs (L-R pairs) to MIF signaling pathway. The
expression of the receptors CXCR4 and CD74 was mark-
edly increased in tumor cells, suggesting activation of the
MIF signaling pathway in tumors (Fig. 4E). We discov-
ered L-R pairs in both the SPP1 and ANGPTL signaling
pathways, and determined that the related genes were
considerably elevated in tumor cells (Fig. 4F, G). Taken
together, this part of our results constructs a general atlas
of cell-cell communication between 15 cell clusters.

Discovering physiological intercellular signaling pathways
between epithelial cells and aberrant intercellular
signaling pathways between tumor cells

Intercellular communication between normal epithelial
cells is essential for maintaining physiological functions
[27]. We identified two major physiological intercellu-
lar signaling pathways, SPP1 and AVD, in six key epithe-
lial cell clusters (Fig. 5A). The communication between
these cell clusters is primarily mediated by the L-R pairs
SPP1-(ITGAV +ITGB1) and AVP-AVPRI1A (Fig. 5B, C).
Specific signaling molecules (SPP1, AVP) are secreted by
clusters of cells, while clusters expressing correspond-
ing receptors (ITGAV +ITGB1, ACPR1A) serve as target
cells (Fig. 5D). The interaction of these signaling mol-
ecules with receptors on the surface of target cells estab-
lishes the communication pathways between different
cell clusters.

Next, we identified eleven aberrantly activated inter-
cellular signaling pathways in nine tumor clusters from
ccRCC samples. The strongest signaling of MIF, SPP1,
and HGF was observed in C2-E.T, while the strongest
signaling of ANGPTL and MK was observed in the C12-
E.T cluster (Fig. 6A). The eleven signaling pathways were
classified into distinct functional groups: GROUP1 repre-
sents inflammation-related signals, GROUP2 represents

Fig. 2 Distinguishing cell types of ccRCC samples. A. UMAP plot of subpopulation clustering analysis of 5856 cells. B. UMAP plot showing

clusters of cells clustered in groups of ccRCC and normal samples. C. Violin plots depicting the expression of ccRCC tumor marker genes CA9

and NDUFA4L2. D. UMAP plots showing the different enrichment profiles of CA9 and NDUFA4L2 in the 15 subpopulations. E. Violin plot of CA9

and NDUFA4L2 expression levels significantly increased in tumor cells (tumor vs. epithelial, Mann-Whitney U test, ***p <0.001). F. Violin plots
showing the expression of the epithelial cell marker genes KRT8 and KRT18. G. Heatmap showing the results of CNV analysis. The upper heatmap
represents the CNV profile of reference cells, while the lower heatmap represents the CNV profile of target cells. Red indicates CNV amplification,
blue indicates CNV deletion and the depth of color represents the magnitude of CNV variation. H. Box plot illustrating the CNV levels across distinct

cell clusters (Mann-Whitney U test, *** p<0.001)
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angiogenesis signals, GROUP3 represents cell prolif-
eration signals, and GROUP4 represents signals associ-
ated with cell differentiation and survival (Fig. 6B). We
focused on studying the TOP4 signaling pathways (MIF,
ANGPTL, SPP1, and VISFATIN), which have the greatest
contribution to intercellular signaling between cell clus-
ters. For the MIF signaling pathway, the primary sender
of MIF signals is the C2-E.T cluster, while the most cru-
cial receiver of signals is the C7-Tumor cluster. The trans-
mission of MIF signals primarily occurs through L-R
pairs MIF — (CD74+ CXCR4) and MIF — (CD74+ CD44).
Except for CD44, which was only expressed in the C2-E.T
and C7-Tumor cell clusters, all receptor and ligand genes
were broadly expressed among these nine cell clusters
(Fig. 6C). We examined the ANGPTL, SPP1, and VIS-
FATIN signaling pathways using the same analytical
approach (Fig. 6D-F). Notably, the C2-E.T cell clusters
were also the foremost senders of SPP1 signals, while the
primary influencers and receivers of these signals were
the C1-Tumor clusters (heatmap in Fig. 6E).

Communication between cells is essential for carry-
ing out complex biological functions, the coordinated
between different cell populations and signaling path-
ways makes these functions possible [28]. We identi-
fied three outgoing communication modes for secretory
cells and four incoming communication modes for target
cells to coordinate signaling. For example, in C7 and C8
tumor clusters, outgoing pattern 1 coordinates signals
like MK, EGF, PTN, GDF, and EDN. In C8 and C9 tumor
clusters, incoming pattern 1 coordinates signals like MIF,
ANGPTL, MK, and PTN (Fig. 6G).

Taken together, the intercellular communication sig-
nals of tumor cell cluster interactions are much more
abundant and complex.

Transcription factor analysis reveals POU5F1 targeting
regulation of SPP1 in the C2-E.T cluster

We utilized the SCENIC R package (v1.3.1) to analyze
4252 cells from 9 tumor clusters in ccRCC samples for
the identification of TFs [21, 29]. In the C2-E.T clus-
ter, we identified five highly transcriptionally active TFs
(HNF4G, POUSF1, ARID3A, SOX4, and IRF7) (Fig. 7A).
TF regulatory network analysis further revealed 15 TFs

(See figure on next page.)
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targeting the SPP1-(ITGAV+ITGBI1) L-R pair, with
POUSF1 identified as a key regulator of SPP1 (Fig. 7B).
Subsequently, we quantified the activity of POU5F1
using AUCell and observed an enriched AUC peak in
the C2-E.T cluster (Fig. 7C). The C2-E.T cluster exhib-
ited concurrent high expression of POU5F1 and CD44,
recognized markers of cancer stem cells (CSCs) [30, 31],
indicating the presence of CSCs attributes in the C2-E.T
cluster. Hence, the C2-E.T cluster was designated as the
POUSF1MCD44ME.T subpopulation. Compared to epi-
thelial cells, POU5F1 expression was significantly higher
in tumor cells (Fig. 7D). Finally, strong fluorescent signals
of SPP1, POU5SF1, and CD44 were observed in ccRCC
clinical samples, confirming the above phenomenon at
the protein expression level (Fig. 7E). Together, we iden-
tified a subpopulation of CSCs, and a potential tran-
scriptional regulatory mechanism for the SPP1 signaling
molecule secreted by this subpopulation.

The inter-tumor cell SPP1 signaling pathway promotes
malignant phenotypes

Following secretion by cells, SPP1 signaling molecules
bind to the integrin receptor (afl, encoded by ITGAV
and ITGB1) on the surface of target cells, facilitating the
transmission of extracellular signals into the intracellu-
lar environment [32]. The transduction of signals leads
to target cell polarity, gene expression, cell survival, and
proliferation [33]. To investigate the role of SPP1 signal-
ing on tumor cells, we analyzed 4252 tumor cells from
ccRCC samples and 1604 epithelial cells from normal
samples. The signal transduction mediated by integ-
rins typically requires the activation of adhesion kinases
such as focal adhesion kinase (FAK), SRC family kinases,
and integrin-linked kinase (ILK) [34, 35]. We observed
a markedly elevated expression of ILK in tumor clus-
ters when compared to epithelial cells (Fig. 8A-C). ILK,
as a pro-proliferative protein kinase, serves as a central
hub for integrin-mediated intracellular signaling, acti-
vating downstream pathways such as PI3K/AKT, Wnt/
B-catenin, MAPK, and others [35, 36]. We observed
significant overexpression of JAK1 and STAT3 in tumor
cells, which are pivotal members of the JAK/STAT path-
way (Fig. 8D-F).

Fig. 4 Intercellular communication network atlas of 15 cell clusters. A. Heatmap showing the top 14 signals in the 15 cell clusters with the largest
contribution of outgoing or incoming signals. B. Bar charts illustrating the quantity and intensity of intercellular communication. C. Chord diagrams
of six signaling pathways showing complex interactions between cell populations. D. Heatmaps depicting network centrality scores for the six
signaling. E-G. Bar graphs depicting ligand-receptor pairs mediating the communication of the MIF, SPP1, and ANGPTL signaling; dot plots

of the dynamic expression changes of receptor-ligand pairs associated with the MIF, SPP1, and ANGPTL signaling in the pseudo temporal trajectory;
violin plots depicting the differential expression of MIF, SPP1, and ANGPTL signaling L-R pair genes between tumor cells and epithelial cells (Mann-
Whitney U test, ***p <0.001). ET +E indicating that the cluster consists of E.T cells and epithelial cells



Zhang et al. Journal of Translational Medicine (2024) 22:37

Outgoing signaling patterns Incoming signaling pattems
A going signatng g siozeing P B 2 400 385 10.861
ainlile U u S
|53
o <9
e o 300 g
k]
VISFATIN Il 5 £ S
1 o =
VEGE = H] 8 20 B
2= " £ £
PTH | e kS 35
HGF | B 100 O3
e 5 2
— =
— Ee — = b} £
56 SooomW SElsclssspawWU
g sy yosys STy [S
SEfsefofECEiias EErsScsEiEncras 5o =3 o Q31
gy FEAEZUWEE AR URRSEIERENNEE z
o S - < o P
85 $088ET5a3 00RO a088E55 ey Tumor Epithelial  Tumor  Epithelial
© 5 o° ©- © 5 00
C MIF signaling pathway network ANGPTL signaling pathway network SPP1 signaling pathway network
~

e N

c* I co-Tumor
13 I C1-Tumor
1€ I C2-E.T+E
co I c3-Epithelial
[ c4-Epithelial
[ CBETHE
[/ Ce-Epithelial
VEGF signaling pathway network [Jlll C7-Tumor
aQ 5 o [ C8-Tumor
Py I Co-Tumor
[ C10-Epithelial
C11-E.T+E
‘\ \c“ [ C12ET+E
N lco [ C13-Epithelial
\ /" [ C14-Epithelial

3 2
D MIF signaling pathway network

Sonder Y | I E MIE CRr4
Recell H
Soelver ‘ H Contribution of each L-R pair o4
Weditor £ w - corascrcrs| I ‘
Influencer o A
J_ —— MIF - (CD74+CD44) | [N 32 ,
Refative contribution -3
. . i
ANGPTL signaling pathway network o o
Send . Tumor __Epithelial Tumor __ Epithelial
ender | ] .- 8' CXCR4 CcD44
Receiver £ . A
Mediator H s PR === © 3
- 203 : . N
Influencer . . L o Ez 01 N E:i?rl\’e’llal 3 2]
'Ewo CXCR4 , CMIF Branch K
SPP1 signaling pathway network - R Y L - -E k
Sender| 1 : o3 o
Receiver H I o 0 25 50 75 10’:)' IR Tumor  Epithelial Tumor _ Epithelial
. H Pseudotime (stretched)
Mediator 2
Influencer T
-
MK signaling pathway network F Contribution of each L-R pair
Sender . 1 SPP1 - (ITGAV+TGEY)|
) H I SPP1-CD44 [
Receiver | [l g
Mediator - 30 Relative contibution
E _10
e EE R "B NN ST MoAV. g
— s
%10 % ® 3
. . e 3
VISFATIN signaling pathway network 2, c4 2 2
H 1 1
Sender 1 0.1 §2
) 3 [ 25 50 75 100 wo 0 o
Receiver . g I Pseudotime (stretched) Tumor Epithelial ~ Tumor Epithelial  Tumor  Epithelial
Mediator 2
Influencer || T o
[ e — e — Contribution of each L-R pair
G ANGPTL4 - SDC4
VEGEF signaling pathway network ancpTLs - socz | | N
Relative contribution
ol @l @R Wy |
Receiver [ | ¢ i ANGPTL4 sDc4 sDc2
b 3 N P ok o
Mediator g 3 * Eptnelial — —_—
- E 3 ,
Influencer || o |2 0 :, 3 )
— — £ —Cellfate2 = 2
O‘—NF)ZI‘)IA’J(DI\U)QO‘—N(')E S = Cell fate 1 52 4
- ]
Q000 0000000000 ﬁn 1
G 2 7 100 o 0 0
Pseudotime (stretched) Tumor Epithelial  Tumor Epithelial  Tumor Epithelial

Fig. 4 (Seelegend on previous page.)

Page 10 of 18



Zhang et al. Journal of Translational Medicine (2024) 22:37 Page 11 of 18

A QOutgoing signaling patterns Incoming signaling patterns

0.1 01

2 B B R Bem
N [ N
| m

N0

oG-

Relative strength
s llll!

i

C3 C4 C6 C10 C13 C14 °°==° (3 c4 C6 c10 C13 c14 °°°°
SPP1 - (ITGAV+ITGB1) AVP - AVPR1A
B C o

Contribution of each L-R pair

SPP1 - (TGAV+ITGB1) |

Relative contribution

Contribution of each L-R pair

AVP - AVPR1A \ |

Relative contribution

D 6
3
SPP1 *
4l ‘LL AVP
&3 c3
g &
ITGAV é13 2 &
1 C14 C14
3
AVPR1A
ITGB1 .
C3 C4 C6 CI0O C13 Cl4 €3 ¢4 Cé6 Cl C13 cu

Fig. 5 Cell-cell communication between six epithelial cell cluster. A. Heatmap showing two physiological signaling pathways in six clusters. B.
Bar graphs showing L-R pairs that mediate communication in the SPPT1and AVP signaling pathway. C. Chord diagrams of SPP1 and AVP signaling

pathway-mediated interactions between six epithelial cell clusters. D. Violin plots illustrating the gene expression of receptor-ligand pairs
of the SPP1 and AVP signaling pathway

Subsequently, we investigated marker genes asso- and identified 12 marker genes enriched in clusters of
ciated with the biological behaviors of cancer cells tumor cells (Fig. 8G). These marker genes represent
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multiple malignant phenotypes of cancer, including
tumorigenesis (EGFR, MYC), cell invasion (ITGB1
and VIM), and angiogenesis (VEGFA), among others.
Moreover, these 12 marker genes were significantly
highly expressed in tumor cells (Fig. 8H, I). Multiplex
immunofluorescence staining further demonstrated
elevated expression of ILK, JAK1, and STAT3 in ccRCC
samples (Fig. 8]). These results indicate that the SPP1
signaling pathway may promote the development of a
malignant phenotype by activating intracellular signals
such as ILK, JAK/STAT in target cells.

Discussion

In this study, we depicted the complex interactions medi-
ated by intercellular signaling pathways between tumor
clusters in ccRCC samples. Furthermore, we identified
a subpopulation of CSCs and elucidated their critical
role in driving malignant transformation. These results
advance our knowledge of the development of ccRCC
and offer theoretical justification for novel therapeutic
approaches that focus on CSC subpopulations and inter-
cellular pro-cancer signaling pathways.

Cancers originating from epithelial cells maintain
some epithelial cell characteristics [25]. The transfor-
mation process of epithelial cells into malignant cells
exhibits a continuous, dynamic, and multistage pro-
gression. Epithelial-mesenchymal transition (EMT) is
a critical feature of cancer development and metasta-
sis, and cancer cells in the partial EMT (p-EMT) stage
can express both epithelial and mesenchymal mark-
ers [23]. The discovery of E.T. clusters lay the foun-
dation for investigating crucial intercellular signaling
events during the malignant transformation and early
stages of onset in ccRCC. However, single-cell trajec-
tory analysis did not definitively reveal the continu-
ous developmental trajectory of the E.T. clusters. This
may be attributed to the transient state of E.T. clusters
being closer to the transient state of malignant cells,
resulting in a merging of the trajectories between E.T.
clusters and malignant cells.

Intercellular communication is of paramount impor-
tance in coordinating the behavior of individual cells dur-
ing the development of an organism [37]. In epithelial
cells, we identified the physiological pathways of SPP1

(See figure on next page.)
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and AVD, where SPP1 inhibits aspects of calcium oxalate
crystallization, and the AVP pathway is essential for regu-
lating fluid homeostasis and maintaining blood pressure
[38, 39]. The uncontrolled proliferation resulting from
aberrant regulation of cellular signaling represents a crit-
ical mechanism underlying the onset of cancer [40]. On
the contrary, we identified 11 significantly active signal-
ing pathways in tumor cell clusters, including the SPP1
signaling pathway. Signaling molecules such as MIF and
SPP1 are predominantly delivered by the C2-E.T cluster
and represent main the pro-cancer signals between cells
in the early stages of tumorigenesis. Previous research
has demonstrated that SPP1 serves an important func-
tion in cellular signaling, facilitation of angiogenesis, and
evasion of immune responses across various cancer types
[41, 42]. Macrophage migration inhibitory factor (MIF)
is a versatile cytokine that stimulates pro-inflammatory,
chemotactic, and growth responses within cells [43].
MIF promotes cancer cell proliferation and metastasis
by activating various signaling pathways, including ERK,
MAPK, and Akt [44].

By recognizing specific DNA sequences, TFs control
chromatin and transcription, which in turn controls pro-
cesses related to cell fate determination, developmen-
tal patterns, and control of specific pathways [45]. The
specific expression of TFs typically corresponds to their
respective specialized functions [46]. We observed that
the transcription factor POU5F1 exhibited high tran-
scriptional activity in the C2-E.T cluster and targeted the
SPP1 gene. The POU5F1 gene encodes Octamer-Binding
Transcription Factor 4 (Oct4), a classical marker of CSCs
that assists in maintaining their self-renewal capacity
[30]. However, overexpression or aberrant regulation
of POUSF1 is associated with tumorigenesis and pro-
gression, potentially instigating uncontrolled cell divi-
sion and contributing to the maintenance of CSCs [47].
The activity of POU5SF1 is regulated by various factors,
including epigenetic modifications, IGF-IR/IRS-1/PI3K/
AKT/GSK3b cascade signaling, and interactions with
other transcription factors [48]. This discovery indicates
that POU5SF1 regulates the transcription of the SPP1
gene, promoting the secretion of SPP1. Furthermore,
CD44 serves as a cell surface marker for CSCs and con-
tributes significantly to the maintenance of stemness

Fig. 7 Transcription factor analysis of 4252 cells from 9 tumor cell clusters. A. Heatmap showing transcription factor activity enriched in different
cell clusters. B. Regulatory network of transcription factors with targeted regulatory effects on genes by SPP1-(ITGAV + +ITGB1) L-R pairs. C.
AUCell quantification of POU5F 1 transcription factor activity. D. Box plot illustrating significantly higher expression of POU5F1 in tumor cells
than in epithelial cells (Mann-Whitney U test, ***p <0.001). E. Multiplex immunofluorescence staining in ccRCC samples and in normal kidney
tissues for verification of SPP1, POU5F1 and CD44 gene expression. Renal tubular epithelial cells arranged in a ring-like pattern in normal kidney

tissue
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and regulation of cancer stem cells [31]. Accordingly,
the study identified a subpopulation of cancer stem cells
(POUSF1MCD44M E.T.) that send early critical pro-cancer
signals. Further investigation revealed that SPP1 signal-
ing from this subgroup promotes malignant phenotypes
through potential signal transduction mechanisms such
as activation of ILK and JAK/STAT.

CSCs possess remarkable differentiation potential,
the ability to proliferate indefinitely, and the capacity to
regenerate themselves [49]. CSCs contribute significantly
to tumorigenesis, metastasis, recurrence, heterogene-
ity, drug resistance, and immune evasion, and are a sig-
nificant cause of failed tumor treatments [50]. Targeting
cancer stem cells may decrease cancer recurrence and
metastasis, enhance the comprehensiveness and long-
term effectiveness of treatment, and enhance patient
prognosis. Several therapeutic strategies exist for target-
ing CSCs, such as inhibiting signaling pathways associ-
ated with CSCs, DNA damage repair, ALDH targeting
[51]. For instance, numerous intracellular signaling path-
ways, including Notch, JAK/STAT, PI3K/AKT/mTOR,
have significant involvement in sustaining the activity of
CSCs [52]. Humans have developed many drugs against
these pathways and targets. However, therapies targeting
CSCs are still in their infancy and are limited by difficul-
ties such as lack of specific markers and high side effects.
In addition to developing novel medications for newly
identified essential targets, drug repurposing of older
drugs is an important strategy for optimizing therapeu-
tic regimens [53]. For instance, in the cases of psoriasis
[54], certain viral cancers [55] and the initial outbreak
of COVID-19 [56, 57], all of which faced the dilemma of
having no drugs available for treatment or poor results
from existing treatment options, drug repurposing
became an effective alternative.

Blocking or interfering with intercellular communi-
cation shows tremendous potential as an anti-cancer
strategy [15]. For instance, VEGF-targeted therapy is
employed for the treatment of a range of cancer types,
such as colorectal cancer, kidney cancer, and non-small
cell lung cancer [58]. MIF and SPP1 play critical roles in
various diseases, including cancer, and present promising

(See figure on next page.)
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therapeutic targets [59, 60]. Despite this potential, anti-
cancer drugs that target MIF (Imalumab: NCT01765790)
and SPP1(BET inhibitors)[42] are still in the exploratory
or early clinical trial phase. Prior to moving these thera-
peutic strategies to the clinical stage, multiple challenges
must first be addressed. These obstacles include theoreti-
cal guidance for basic research, clinical trial design, and
drug safety.

This study still has several limitations. First, the rela-
tively small sample size may limit the generalizability of
the study results. Secondly, functional experiments are
required to confirm the precise roles and mechanisms
of aberrant intercellular signals in tumorigenesis. Addi-
tionally, single-cell RNA sequencing data lacks cellular
spatial information, making it challenging to provide
comprehensive and representative spatial details. As
part of future research, functional experiments should
be planned to confirm the exact roles and mechanisms
of abnormal intercellular signals in the development of
ccRCC. At the same time, it is very important to learn
more about CSCs in ccRCC, including finding specific
markers and ways to stop them from working. Multi-
omics analyses, including spatial transcriptomics and
the joint analysis of large cohort samples, hold the
potential to provide more comprehensive information.

Conclusion

In summary, this study identified 11 aberrantly acti-
vated inter-tumor cell signaling pathways in the devel-
opment of ccRCC. Moreover, a CSCs subpopulation
(POUSF1MCD44ME.T) was identified. This subpopu-
lation interacts with other tumor cells through the
secretion of the aberrant signaling molecule, which
promotes malignant transformation and a malignant
phenotype. The research provides valuable insights into
the mechanisms of ccRCC development from the per-
spective of intercellular communication. However, fur-
ther research is needed to validate these findings and
explore more precise CSCs markers, strategies to block
the function of signaling substances secreted by CSCs,
or even to eliminate CSCs.

Fig. 8 Effect of the SPP1 signaling pathway on the malignant behavior of tumor cells. A, B. UMAP plot and violin plot showing the expression

of ILK'in 15 clusters. C. Violin plot illustrating the expression difference of ILK between tumor cells and epithelial cells (Mann-Whitney U test,

***H <0.001). D. Pseudo-time trajectory showing changes in dynamic expression of JAK1 and STAT3. E. Violin plots of JAKT and STAT3 enrichment

in 15 cell clusters. F. Violin plots showing significant overexpression of the JAKT and STAT3 genes in tumor cells (Mann-Whitney U test, ***p <0.001).
G. Heatmap illustrating gene expression of markers associated with malignant phenotypes in clusters. H. Heatmap showing gene expression

of markers associated with malignant phenotypes in tumor cells and epithelial cells. I. Violin plots comparing gene expression markers linked

to malignant phenotypes in tumor cells and epithelial cells (Mann-Whitney U test, ***p <0.001). J. Multiplex immunofluorescence staining in ccRCC
samples and in normal kidney tissues for verification of ILK, JAKT, and STAT3 gene expression
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