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Abstract
Background: Cancer-associated fibroblasts (CAFs) are most abundant in stroma and are critically
involved in cancer progression. However, the specific signature of CAFs and related clinicopathological
parameters in renal cell carcinoma (RCC) remain unclear.
Methods: In this work, methods using recognized gene signatures were employed to roughly assess the
infiltration level of the stroma and CAFs in RCC based on the data in The Cancer Genome Atlas. Weighted
gene co-expression network analysis (WGCNA) was used to cluster transcriptomes and correlate with
CAFs to identify specific markers. A comparison of fibroblast versus urothelial carcinoma cell lines and
correlation with previously reported CAF markers were performed to demonstrate the specific expressed
of the gene signature. The gene signature was used to compare fibroblast infiltration of each sample
through single sample gene set enrichment analysis, and the clinical significance of fibroblasts was
analyzed via Cox risk assessment and the chi-square test. Finally, we used validation data to verify the
clinical significance of the fibroblast gene signature in RCC.
Results: Roughly calculated tumor matrix and CAF levels were significantly higher in kidney cancer than
in normal tissues. More than 85% of fibroblast-specific markers identified by WGCNA were consistent with
markers obtained via single-cell sequencing. These markers were more highly expressed in fibroblast cell
lines and were significantly correlated with canonical CAFs makers. Data validation also showed that
CAFs were significant correlation with survival and pathological grade.
Conclusions: In summary, our findings indicate that the gene signature potentially serves as a biomarker
of CAFs in RCC and that infiltration of fibroblasts in RCC is an independent prognostic factor associated
with pathological grade and stage of tumor. The ability to recognize specific CAF markers using WGCNA
is comparable to single-cell sequencing.
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1. Background
Renal cell carcinoma (RCC) is one of the ten most deadly cancers in the world, causing more than
140,000 deaths each year[1]. Over the past decade, advanced RCC treatment has changed from a
nonspecific immune approach to vascular endothelial growth factor targeted therapy, and now to
immune checkpoint blockers[2]. Nevertheless, the overall prognosis for patients with advanced RCC is still
poor[3]. Cancer-associated fibroblasts (CAFs) are an important part of the tumor microenvironment
(TME), and they can function as tumor promoters and inhibitors[4]. Recently, CAFs have been gradually
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recognized predominantly for their benefits for tumor progression[5], so targeting CAFs is a potential
therapeutic strategy in the future[6]. However, there are few studies on CAFs in RCC.
According to previous reports, CAFs often carry recognized markers for identification, such as alpha
smooth muscle actin (αSMA) and fibroblast activation protein alpha (FAP)[7]. There are specific CAF
genes in different cancer tissues, so research using these recognized markers as gene signatures may
cause deviations in the evaluation of CAFs in the TME. Single-cell transcriptomes can reveal the
specificity of cells in specific tumor tissues, such as the cellular identity of human kidney tumors, which
contain fibroblasts[8]. Although single-cell sequencing technology can classify cells and identify specific
markers, the number of cells measured and the source of cases are limited, which may cause bias.
The R package weighted gene co-expression network analysis (WGCNA), which has been widely used
recently[9], has the potential to recognize CAF-specific markers[10]. In the TME, different cells have
varying specific gene expression, and the fluctuation of cell class proportions affects the expression of
their specific genes. However, the expression of highly specific genes is less disturbed by the proportion
of other cells. These genes show a strong correlation that cannot be offset as the fraction of cells
changes. WGCNA can make good use of the special properties of the TME to identify cell-specific gene
sets in a large number of heterogeneous samples.
In our study, we evaluated the infiltration status of the stroma and CAFs using previously identified gene
signatures by the R packages Estimation of STromal and Immune cells in MAlignant Tumor tissues using
Expression data (ESTIMATE) and Estimate the Proportion of Immune and Cancer cells (EPIC). By
correlating the fraction of CAFs with the gene module calculated by WGCNA, the specific CAF gene set
can be found. Comparison with the marker obtained by the algorithm of single-cell sequencing can verify
the recognition ability of WGCNA. The gene signatures obtained by WGCNA were used to calculate the
infiltration of fibroblasts in kidney renal clear cell carcinoma (KIRC), which is the main pathological type
of RCC. Fibroblasts were found to be independent prognostic factors, related to pathological grade and
stage.

2. Materials And Methods
2.1 Data download and processing
RNA-Seq and related clinical information for human KIRC samples were obtained from The Cancer
Genome Atlas (TCGA) database (portal.gdc.cancer.gov), containing 611 tissues and 530 cases. These
data were updated on April 10th, 2020. HTSeq data of 72 normal samples and 539 cancer samples were
combined into matrix files.
For data verification, series GSE29609 containing various TNM-stage samples from 39 patients with
survival information and series GSE53757 containing 101 normal tissue-tumor pair samples were
downloaded from the Gene Expression Omnibus (GEO) database.
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2.2 Stromal and immune components
Stromal and immune fractions were evaluated by ESTIMATE[11]. Using the ESTIMATE R package in R
3.6.2, tumor stromal and immune infiltrations of TCGA-KIRC samples were calculated from the profiles of
2 gene sets including 141 genes. The preliminary calculated stromal and immune scores are used to
observe the differences between stage and grade.
2.3 Fractions of various cells in the TME
In order to continue to explore the changes in matrix components in tumor tissues, EPIC
(gfellerlab.shinyapps.io/EPIC_1-1/) was used to estimate the fraction of CAFs. The EPIC application is
designed to estimate the proportion of immune and cancer cells from bulk tumor gene expression
data[12]. This is done by fitting gene expression reference profiles from the main non-malignant cell
types, simultaneously accounting for an uncharacterized cell type without prior knowledge about it. EPIC
establishes reference gene expression profiles for major tumor-invasive immune cell types (CD4+ T, CD8+
T, B, NK, and macrophages) and further deduces the reference spectra of CAFs and endothelial cells.
2.4 WGCNA
According to the principle of WGCNA calculation, highly co-expressed gene modules recognized by
WGCNA can be considered as a set of specific expressed genes of a certain type of cells in tumor tissues.
More tissue samples and greater fluctuations in the composition ratio make this method more suitable
for identifying cell-specific expression gene sets. In a complex tumor environment, the detection of cellspecific expression genes is mainly determined by the proportion of one type of cell, while other cells will
have less interference with such genes.
2.4.1 Highly co-expressed gene set - gene module
The WGCNA package in R was used to perform weighted correlation network analysis[13]. To exclude
genes highly correlated with no significant changes, the differentially expressed genes with the highest
variance of 25% were chosen[9, 14]. After filtering RNA-seq data to remove outliers, we constructed a
Pearson correlation matrix and generated a weighted adjacency matrix emphasizing strong correlations
and penalizing weak correlations. After selecting an appropriate β value via power calculation, a
topological overlap matrix (TOM) was produced[15]. Based on TOM-dependent dissimilarity
measurements, average-linkage hierarchical clustering and module dendrograms were used to construct
modules with a minimum gene dendrogram size of 30.
2.4.2 Identification of interested modules
Gene significance (GS) was calculated to measure the correlation between genes and cell fractions and
determine the significance of each module. The expression patterns of all module eigengenes were
summarized as a single feature within a given module[14]. We selected a cutoff threshold of < 0.25 to
merge some modules with similar heights and increase module capacity.[9]
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2.4.3 Representative genes in a module
GS and module membership (MM, the correlation between the module's own genes and gene expression
profiles) can assess gene-phenotype relationships and their importance in modules. Similar to most
studies, we defined high MM and GS values (MM.cor and GS.cor, respectively) as the threshold to identify
representative genes in a module[9].
2.5 Cellular identify of renal tumors
Single-cell transcriptomes revealed the cell-specific genes of different cells in RCC, and the study
summarized the markers of canonical cell types in the existing literature[8]. To explore whether the
representative genes screened by WGCNA are consistent with the cell-specific genes revealed by singlecell transcriptomes, we first looked for the specific genes of different cells in kidney cancer tissue
revealed by single-cell sequencing. In particular, cell-specific gene expression of а cell type cluster was
20% higher than all other clusters, and no other cluster had more than 10% of cells expressing this
gene[8]. Due to the variety and complexity of immune cells, we plan to compare only the specifically
expressed genes of endothelial cells and fibroblasts in kidney tumor tissues.
2.6 Pathway and process functional enrichment analysis
In order to further verify that the gene module generated by WGCNA is a class of cell-specific expressed
gene set, a Metascape (metascape.org) search was performed for gene enrichment analysis. The Kyoto
Encyclopedia of Genes and Genomes (KEGG), Gene Ontology (GO), Reactome gene sets, and CORUM
provide ontology sources for pathway and process enrichment analysis[16]. Terms with a P-value < 0.01,
a minimum count of 3, and an enrichment factor > 1.5 were collected and grouped into clusters based on
their similarities. Subsets of enriched terms with a similarity score > 0.3 were connected by the edges to
render a network plot and further capture the relationships between the terms.
2.7 Gene expression of different cell types
The gene expression profiles of different cell lines can prove that genes are specifically expressed in a
class of cells. We download gene expression data of cell lines from the depmap portal
(depmap.org/portal), which contains 1270 cell lines and 19144 genes. According to the tumor
environment of kidney cancer, we selected cell lines labeled as blood, fibroblast, kidney, lymphocyte, and
plasma cells as the comparison objects.
2.8 CAFs markers
The markers of CAFs have been collated and summarized[17, 18]. They comprise specific markers of
CAFs as well as non-specific markers of CAFs. We will prove the reliability of the signature of CAFs in
KIRC through correlation analysis using TCGA data.
2.9 Single sample gene set enrichment analysis
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Single sample gene set enrichment analysis (ssGSEA) can identify and distinguish the changes in a class
of cells in different samples based on gene signatures[14, 19]. We used the GSEA program to obtain the
absolute enrichment scores from representative gene signatures previously identified by WGCNA. The
inﬁltration level of one cell type was quantiﬁed by ssGSEA in the R package gsva, where ssGSEA utilized
a deconvolution approach including myofibroblasts and fibroblasts.
2.10 Statistical analysis
Graphpad Prism 8.4 was used for statistical analysis. Statistical significance was determined using the
Student's t‑test (two‑tailed) for 2 groups, one‑way analysis of variance, and/or Tukey's test for more than
2 groups. Pearson's chi-square test was used to analyze the correlation between fibroblasts and
clinicopathological parameters. The Cox proportional hazards regression model and the Kaplan-Meier
curve were used to calculate the association of the clinicopathological characteristics and fractions of
various cells with overall survival. Each group of data is presented as mean ± SD. A p-value < 0.05 in
statistical analysis was considered significantly different.

3. Results
3.1 Changing trends in the stroma and CAFs
First, we used ESTIMATE and EPIC to approximately calculate the infiltration of the stroma, CAFs, and
immune cells in KIRC. The ESTIMATE result found that tumor tissues had a higher level of stromal and
immune infiltration than normal tissues (Figure 1A). In EPIC, the proportion of CAFs showed a tendency to
increase with tumor stage and grade progression, but the proportion of CD4+ and CD8+ T cells had no
significant change in KIRC (Figure 1B). To visualize the scale changes in all cells in EPIC, we show the
proportion of CAFs with the progression of stage and grade using the average fraction pie chart (Figure
1C). Based on the above results, the proportion of CAFs increases during tumor progression, or can be
considered as an increase in the rate of proliferation of CAFs (Figure 2).
3.2 Rough CAFs and survival
Because the CAF fraction of EPIC is estimated based on gene signatures from other tissues, we
suspected that this fraction may contain different cells and defined them as rough CAFs. In the prognosis
significance of the Cox hazards model analysis of rough CAFs, it was found that the rough CAFs were
associated with prognosis, but they were not an independent prognosis factor (Table 1). Age, grade,
stage, and endothelial cells were all independent prognostic factors. Endothelial cells were associated
with good prognosis (Table 1).
3.3 Identification of gene modules correlated to CAFs
TCGA KIRC sequencing samples provided WGCNA with 530 cases to effectively and objectively identify
cell-specific gene sets. We chose β = 6 (no scale R2 = 0.814) as a soft threshold to construct a scale-free
Page 6/22

network. Three modules had a correlation with the CAF fraction of about 0.7. Among them, darkturquoise
and lightgreen had a very close relationship in the cluster tree, which could originate from the identical
type of cells, but the grey60 module was clearly not homologous to them (Figure 3A). According to the
canonical cell types in normal human kidney tissue, with the exception of epithelial cells of different
microanatomical regions and immune cells, the remaining cells are mainly vascular endothelial cells,
fibroblasts, and myofibroblasts[8]. We compared the endothelium, fibroblast, and myofibroblasts
markers[8], with MM.cor of different modules. The results show that the darkturquoise and lightgreen
modules are closely related to fibroblasts, and that the grey60 and royalblue modules are closely related
to myofibroblasts and endothelial cells, respectively (Figure 3B).
3.4 Markers recognized by single-cell sequencing technology and WGCNA
In order to confirm that WGCNA can identify cell-specific genes, we compared the differences in the
identified genes. The markers identified by single-cell sequencing technology can be considered as the
current standard for identifying cell-specific expressed genes. Genes specifically expressed by endothelial
cells and fibroblasts could be found in the RCC single-cell sequencing results (Figure 3C)[8]. False
discovery rate (FDR) < 0.05 is considered significant for the cell-specific expression of genes. Since there
are too many endothelial markers, we selected the 500 most specific markers (smallest FDR) for
comparison. According to the results shown in Figure 3A and Figure 3B, the royalblue module defines the
specific endothelial gene set, and the darkturquoise and lightgreen modules define the specific fibroblast
gene set. Although the intersection of the single-cell markers and module genes is not ideal, more than
85% of the representative genes (GS.cor > 0.6 and MM.cor > 0.6) in the module are single-cell markers
(Figure 3D).
3.5 WGCNA can recognize cell-specific genes
Through the comparison of single-cell markers, the representative genes in the WGCNA recognition
module can be regarded as cell-specific genes. However, not all cells have cell-specific gene sets, which
can be illustrated by the WGCNA KIRC results. We only identified five specific gene modules for cells
(Figure 3A). CAFs contain two kinds of cells, myofibroblasts and fibroblasts. According to the clustering
relationship of modules shown in Figure 2A and the correlation between markers and modules shown in
Figure 2B, the grey60 module is a representative gene set of myofibroblasts, and the darkturquoise and
lightgreen modules are representative gene sets of fibroblasts. The WGCNA calculation principle is to
identify highly co-expressed gene sets, while the expression of cell-specific genes changes according to
the change in the proportion of cells. Although other cells may interfere with the expression of these
genes, the impact on their highly co-expressed relationship is limited. We have drawn a schematic
diagram to show this WGCNA function (Figure 4A). Obtaining cell-specific gene sets relies on a large
number of samples with high tumor heterogeneity and cells with specific expression genes.
3.6 Function of cell-specific modules
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After analyzing and identifying cell-specific genes on the principle of high co-expression, we used
Metascape to further verify the function of these specific genes. The modules representing five types of
cell-specific expressed genes were enriched and showed their respective functions. For example,
fibroblasts and myofibroblasts, both of which belong to CAFs, are functionally similar, but the latter are
more abundant in muscle-related functions (Figure 4B).
3.7 Fibroblast and myofibroblast markers - module representative genes
The representative genes in the module serve as specific markers for fibroblasts and myofibroblasts. In
order to ensure the quantity and quality of the markers, we chose GS.cor > 0.6 and MM.cor > 0.6 as the
screening conditions (Figure 5A). The lightgreen and darkturquoise fibroblast modules contain a total of
37 genes, including one non-coding protein gene. The grey60 myofibroblast module contains 24 genes.
To verify the specificity of the 36 protein-coding fibroblast genes, we used Cancer Cell Line Encyclopedia
data. Regarding the possible cell types in KIRC, it was found that the expression of 30 out of 36 genes
was significantly higher in fibroblasts than in other cells (Figure 5B). We defined the 36 genes as
signatures of CAFs in KIRC.
Among the CAF markers and CAF-specific markers, there were six and three intersections with the
signature of CAFs in KIRC, respectively. The 36 key genes showed very high co-expression (Figure 5C).
CAF-specific markers showed significantly higher correlation with the signature than non-specific markers
did. In CAF-specific markers, FN1 and TNC were not correlated with multiple genes in the signature.
Therefore, the CAF markers exhibit tissue specificity.
3.8 Fibroblasts in CAFs – a prognostic factor
Although rough CAFs were related to prognosis, they were not an independent prognostic factor. Now, we
have identified two cellular components in rough CAFs estimated by EPIC, fibroblasts and myofibroblasts.
Using representative genes calculated by WGCNA as gene signatures, ssGSEA was employed to score the
infiltration level of fibroblasts and myofibroblasts in each sample (Figure 6A). According to the
redefinition of CAFs as fibroblasts and myofibroblasts, the Cox risk regression analysis suggests that
fibroblasts in KIRC are independent prognostic factors (Table 2).
3.9 Fibroblasts in CAFs and related clinicopathological parameters
Fibroblasts in CAFs are indeed related to tumor progression in KIRC. The ssGSEA score of fibroblasts was
grouped according to the median of the corresponding cases of different clinicopathological parameters.
In TCGA, increased fibroblast infiltration is related to tumor tissue, age < 60, male, stage III & IV, and Grade
3 & 4 parameters (Figure 6B). Moreover, in the data verification of series GSE29609 and GSE53757, we
used the same gene signatures to score fibroblast infiltration (Figure 6C). In GSE29609, highly infiltrating
fibroblasts were related to a worse prognosis (Figure 6D). Regarding clinicopathological parameters, a
higher fibroblast count is associated with pathological grade 3 & 4 and tumor tissue (Figure 6E). Although
the TNM staging and fibroblast infiltration level did not show significant differences, the Odds Ratio (OR)
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value shows that their trend is consistent with the KIRC stage data in TCGA. However, gender and age do
not show a clear relationship with fibroblasts.

4. Discussion
Fibroblast infiltration in KIRC is an independent prognostic factor related to the pathological grade and
stage. The identification of fibroblast-specific markers in KIRC by WGCNA can be compared to the
markers calculated by single-cell sequencing. WGCNA for identification of cell-specific gene sets in the
complex TME may also be applicable to other cancers, and it can provide a basis for the identification
and treatment of CAFs in different tumors in the future.
The standard treatment of many advanced cancers, including RCC, has changed from non-specific
immunotherapy or chemotherapy to targeted therapy and immune checkpoint block therapy, from a
single treatment to a combined treatment, and from a unified treatment to a personal treatment[20]. The
combined precise treatment of cancer and stroma should be the future treatment strategy, which may
greatly improve patient prognosis[21]. The TME and heterogeneity within the tumor provide invasive cells
with advantageous conditions for cloning and growth[22]. In our research, we have shown that fibroblasts
are potential invasive cells in the stroma of RCC.
CAFs affect the prognosis of cancer patients and are related to treatment resistance[23]. The interaction
between tumor cells and CAFs may be the cause of treatment failure[24]. CAFs promote tumor matrix
deposition and remodeling in the TME[25], help cancer cells evade immune surveillance[26], and achieve
resistance to immunotherapy[27]. A study showed that the extracellular matrix can reduce the
effectiveness of immune checkpoint blockers[28]. Due to the limited understanding of the origin and
function of CAFs, it will be a challenge to target them in the future[25].
Rough CAFs in KIRC include fibroblasts and myofibroblasts. They are identified and distinguished in
WGCNA clustering. Unlike fibroblasts, myofibroblasts have no demonstrated significance in prognostic
analysis. Myofibroblasts play a major role in the fibrosis of chronic kidney disease, where compression of
the blood vessels in the glomeruli leads to a decline in kidney function[29]. The grey60 module that
represents myofibroblasts is closely related to the royalblue module of vascular endothelial cells in
clustering. This can also explain the similarity of cell fractions between vascular endothelial cells and
myofibroblasts.
It is very important to accurately define the specific markers of fibroblasts in various cancers, not only to
identify fibroblasts, but also to accurately assess their infiltration level. Previous cancer studies have
always confirmed fibroblasts based on the recognition of FAP and αSMA[30]. However, this only
constitutes a basic distinction from cancer cells, and CAFs cannot be further classified. In the TME of
different cancers, fibroblasts also have different specific expression markers from the other surrounding
cells. Therefore, identifying cancer-specific CAF markers as targets is a goal for precise treatment or
diagnosis.
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WGCNA can even outperform single-cell sequencing in identifying cell-specific markers. First, the number
of samples that WGCNA can process can come from hundreds or thousands of cases. The number of
cells contained far exceeds the processing capacity of single-cell sequencing. Secondly, the module
clustered by WGCNA is the specific gene set of different cells, which can be calculated only by highthroughput data sampling. However, no studies using WGCNA have reached such a conclusion so far.
Most studies have used prognosis and tumor stage[31, 32] or immune cells[33] as the relevant phenotype
to find the key immune genes related to cancer.
Regarding cancer gene prognosis models, kidney cancer research has been reported, but the genes used
to build the models were different[34, 35]. This is highly related to the proportion of cells in the detected
cancer tissue, so the results will also vary greatly. Relying on gene prognostic models presents very
limited options for accurate prognosis. Conversely, assessing the degree of tumor fibroblast infiltration to
determine prognosis is more widely applicable and stable. Prognosis by fibroblasts intervention in KIRC
patients was confirmed in our study.

5. Conclusions
In summary, we demonstrated that the increased infiltration of fibroblasts in KIRC is significantly
associated with tumor stage, pathological grade, and prognosis. WGCNA could identify the specifically
expressed gene set of fibroblasts in the complex TME. WGCNA provides a new method for identifying
specific markers of fibroblasts for specific tumors and lays the foundation for future tumor-targeted CAF
treatment.
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Tables
Table 1. Analysis of clinicopathological characteristics and infiltration of various cells calculated using
EPIC with overall survival in the KIRC cohort
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Univariate
analysis

Multivariate
analysis

HR (95% CI)

P
value

HR (95% CI)

P
value

Gender (male vs. female)

0.964(0.7741.202)

0.748

Age (>=60 vs. <60)

1.493(1.2011.856)

<
0.001

1.419(1.137-1.771)

0.002

Grade (3 & 4 vs. 1 & 2)

1.987(1.5592.533)

<
0.001

1.438(1.111-1.861)

0.006

Stage (iii & iv vs. I & ii)

2.522(2.0143.158)

<
0.001

2.082(1.639-2.646)

<
0.001

Rough CAFs (>=median vs.
<median)

1.322(1.0661.639)

0.011

1.19(0.952-1.487)

0.127

B cells (>=median vs. <median)

0.888(0.7181.098)

0.273

CD4 T cells (>=median vs. <median)

1.042(0.8421.288)

0.707

CD8 T cells (>=median vs. <median)

0.931(0.753-1.15)

0.506

Endothelial (>=median vs. <median)

0.685(0.5510.852)

<
0.001

0.765(0.613-0.954)

0.017

Macrophages (>=median vs.
<median)

1.201(0.9691.489)

0.094

TCGA KIRC (n=519)

Table 2. Analysis of clinicopathological characteristics and infiltration of various cells with overall
survival in the KIRC cohort
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Univariate
analysis

Multivariate
analysis

HR (95% CI)

P
value

HR (95% CI)

P
value

Gender (male vs. female)

0.964(0.7741.202)

0.748

Age (>=60 vs. <60)

1.493(1.2011.856)

<
0.001

1.409(1.131-1.756)

0.002

Grade (3 & 4 vs. 1 & 2)

1.987(1.5592.533)

<
0.001

1.437(1.11-1.86)

0.006

Stage (iii & iv vs. I & ii)

2.522(2.0143.158)

<
0.001

2.054(1.614-2.614)

<
0.001

Fibroblasts (>=median vs. <median)

1.428(1.1511.772)

0.001

1.282(1.026-1.6)

0.029

Myofibroblasts (>=median vs.
<median)

1.021(0.7561.379)

0.891

B cells (>=median vs. <median)

0.888(0.7181.098)

0.273

CD4T cells (>=median vs. <median)

1.042(0.8421.288)

0.707

CD8 T cells (>=median vs. <median)

0.931(0.7531.15)

0.506

Endothelial (>=median vs. <median)

0.685(0.5510.852)

<
0.001

0.77(0.617-0.961)

0.021

Macrophages (>=median vs.
<median)

1.201(0.9691.489)

0.094

TCGA KIRC (n=519)

Figures
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Figure 1
Stroma and CAFs in KIRC. (A) Stromal and immune scores in various stages and grades. (B) CAFs, CD4,
and CD8 T cells in various stages and grades. (C) Cell fractions of fibroblasts or CAFs differ in tissue
types, stages, and grades.
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Figure 2
Increased proliferation rate of CAFs during tumor progression.
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Figure 3
Modules identified by WGCNA contain cell-specific markers. (A) Correlation between the gene modules
and traits, including clinical parameters and cell fractions of various cells estimated by EPIC. Correlation
coefﬁcients and p-values are presented in each cell. The dendrogram on the left shows the degree of
difference between the modules. (B) MM.cor calculated by WGCNA of canonical markers and some
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modules. (C) Single-cell transcriptome data reveals endothelium and fibroblast cell-specific markers in
RCC. (D) Comparing single-cell sequencing and WGCNA to identify cell-specific markers.

Figure 4
WGCNA can be used to sort cells expressing specific genes. (A) Cell-specific genes can be recognized by
WGCNA as a highly co-expressed gene set. (B) Functional enrichment analysis of modules representing
different cells.
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Figure 5
Gene signatures of fibroblasts and myofibroblasts in KIRC and the clinical significance of fibroblasts. (A)
Genes with MM.cor and GS.cor both greater than 0.6 were defined as specific markers for fibroblasts and
myofibroblasts in related modules. (B) Expression of 36 fibroblast markers in KIRC in different cell lines. *
indicates that the expression in fibroblasts is significantly higher than the expression in other cell lines.
(C) Correlation between KIRC CAF signature and CAF markers.
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Figure 6
Verification of the clinical significance of fibroblasts. (A) Comparison of the infiltration level of fibroblasts
and myofibroblasts in each sample in KIRC according to gene signature. (B) Relationship between
fibroblasts and clinicopathological parameters in KIRC. (C) The infiltration level of fibroblasts of each
sample in series GSE29609 and GSE53757 was calculated based on gene signature. (D) In GSE29609,
patients with higher fibroblast infiltration had a worse prognosis. (E) Relationship between fibroblasts in
KIRC and clinicopathological parameters in GSE29609 and GSE53757.
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