Am J Transl Res 2024;16(4):1081-1101
www.ajtr.org /ISSN:1943-8141/AJTR0154654

Original Article

Integration of bulk RNA-seq and single-cell RNA-seq
constructs: a cancer-associated fibroblasts-related
signature to predict prognosis and therapeutic
response in clear cell renal cell carcinoma

Jiating Cui*?, Xuanzhen Zhou?, Shuben Sun*34

1Department of Urology, The First Affiliated Hospital of Ningbo University, Ningbo 315020, Zhejiang, China;
2Health Science Center, Ningbo University, Ningbo 315211, Zhejiang, China; 3Ningbo Clinical Research Centre for
Urological Disease, The First Affiliated Hospital of Ningbo University, Ningbo 315010, Zhejiang, China; “Zhejiang
Engineering Research Center of Innovative Technologies and Diagnostic and Therapeutic Equipment for Urinary
System Diseases, Ningbo 315010, Zhejiang, China

Received November 28, 2023; Accepted April 8, 2024; Epub April 15, 2024; Published April 30, 2024

Abstract: Background: Clear cell renal cell carcinoma (ccRCC) is a common and aggressive renal cancer with high
mortality when metastasized. Cancer-associated fibroblasts (CAFs) are pivotal in ccRCC evolution; however, their
significance in forecasting prognosis and guiding therapy is undetermined. Method: We used Weighted Correlation
Network Analysis to identify modules correlated with CAFs in bulk RNA-seq data. We also screened fibroblast marker
genes in single-cell RNA-seq data and upregulated genes in TCGA tumor samples and defined genes identified in
all three analyses as CAFs-related genes (CRGs). We extracted a CRG signature using Least Absolute Shrinkage
and Selection Operator analysis and investigated its biological mechanisms by combining Gene Set Enrichment
Analysis and the AUCell algorithm. The Tumor Immune Dysfunction and Exclusion algorithm and the IMvigor 210
dataset were employed to assess the signature’s capability to predict immunotherapeutic responses. Additionally,
we analyzed the relationship between the signature and the IC_, of targeted agents. In vitro validation confirmed the
relative mRNA expression of the CRGs and the function of CERCAM. Results: The CRG signature was anchored on six
genes: CERCAM, TMEM132A, TIMP1, P4AHA3, FKBP10, and CEBPB. Kaplan-Meier analysis indicated that patients
with high expression of the signature experienced poorer survival than those with low expression. Furthermore, im-
munotherapy was more effective in patients with low signature expression. In vitro assays revealed CERCAM silenc-
ing led to a substantial reduction in the proliferative and migratory capacities of ccRCC cell lines. Conclusion: Our
CRG signature holds promise in forecasting prognosis and guiding personalized treatment for patients with ccRCC.

Keywords: Cancer-associated fibroblasts, clear cell renal cell carcinoma, prognosis, immunotherapy, tumor micro-
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similar treatment. This recurrence leads to an
increase in mortality rates [3, 4]. Current treat-
ment modalities, including hormonal therapy

Introduction

Renal cell carcinoma (RCC) ranks as the third

most prevalent urological malignancy, repre-
senting 2.2% of all cancer diagnoses [1]. In
2020, over 430,000 new RCC cases were
recorded worldwide, accompanied by 170,000
fatalities. Clear cell renal cell carcinoma
(ccRCC) is the most predominant histologic
variant of RCC, accounting for at least 70% of
all RCC diagnoses [2]. Tragically, about 30% of
patients with ccRCC face recurrence or metas-
tases after undergoing radical nephrectomy or

(e.g., tamoxifen, primostat, or medroxyproges-
terone), chemotherapy (e.g., 5-fluorouracil com-
bined with doxorubicin and gemcitabine), and
radiotherapy, have not resulted in significant
improvement in survival or quality of life for
these patients [5].

The tumor microenvironment (TME) exerts a
significant influence on the proliferation, ad-
vancement, and spread of tumor cells. Within
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the multifaceted ensemble of stromal cells con-
stituting the TME, cancer-associated fibro-
blasts (CAFs) are paramount contributors. The
significant functional heterogeneity of CAFs can
be attributed to their diverse cellular origins,
which include normal fibroblasts, bone marrow-
derived mesenchymal stem cells, endothelial
cells, adipocytes, epithelial cells, pericytes,
and smooth muscle cells [6]. Although normal
human fibroblasts inhibit cancer cell growth,
CAFs typically show tumorigenic proliferation,
invasion, release of angiogenic growth factors,
extracellular matrix (ECM) remodeling, epitheli-
al-mesenchymal transition (EMT), and induc-
tion of inflammation and antitumor immunity
[7-9]. CAFs not only activate oxidative stress
pathways and autophagy mechanisms, which
benefit the metabolism of cancer cells and pro-
vide essential nutrients [10-12], but also con-
tribute to the development of an immune-
cold tumor phenotype [13]. This is achieved
through their ability to directly inhibit T cell infil-
tration and activation, as well as to promote the
recruitment of immunosuppressive cell types.
Traditional targeted treatments have their limi-
tations. However, there is growing recognition
of the benefit that can come from combining
these treatments with immune therapies that
target CAFs [14]. This emphasizes the need to
identify a novel CAF-related gene (CRG) signa-
ture.

Among urological malignancies, there is mount-
ing evidence that highlights the potent prog-
nostic capability of CRG signatures in bladder
and prostate cancers [15, 16]. However, the
role and mechanism of the CRG signature in
ccRCC are still unclear. This gap signifies an
urgent need for deeper insight into the multi-
faceted roles and underlying mechanisms of
CAFs in ccRCC.

Bulk RNA sequencing (RNA-seq) provides data
on average gene expression levels, which are
suitable for in-depth analyses of gene expres-
sion profiles. Previous studies have acknowl-
edged Weighted Gene Co-expression Network
Analysis (WGCNA) as a powerful tool for pin-
pointing CRGs within bulk RNA-seq data [17].
Although the sequencing depth of single-cell
RNA sequencing (scRNA-seq) may not be as
comprehensive as that of bulk RNA-seq, the
single-cell approach provides more detailed
biological insight. This enhanced granularity is
particularly effective in unveiling the diverse
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heterogeneity of CAFs across a wide array of
cancer types [18-21].

In this study, we analyzed data from bulk RNA-
seq and scRNA-seq independently to identify
genes with CAF-specific expression. Genes that
were consistently identified by both methods
were considered CRGs. This approach ensured
the compatibility and stability of results derived
from different sequencing techniques, enabling
a comprehensive bioinformatic exploration of
the CRG signature and further substantiation
through in vitro validation. We aimed to gauge
the prognostic relevance of a CAF score based
on CRG expression for ccRCC patients and to
refine therapeutic strategies based on our
insights.

Materials and methods
Sample data acquisition and standardization

We obtained integrated bulk RNA-seq data and
clinical information for the TCGA-KIRC dataset
(533 tumor and 72 normal tissues) and the
E-MTAB-1980 dataset (101 tumor tissues)
from the ArrayExpress database [22]. Before
proceeding with external validation, we used
the “sva” package (ver. 3.44.0) to mitigate
batch effects between the two datasets [23].
Additionally, we acquired the GSE111360
scRNA-seq dataset, which comprises 23,130
ccRCC cells obtained from two ccRCC samples,
from the GEO database [24]. We used the
IMvigor210 dataset, which includes 348
patients with various tumor types receiving
anti-PD-L1 therapy, to validate the CRG signa-
ture’s performance in predicting immunothera-
peutic response.

Identification of CAFs-related module eigen-
genes by WGCNA

The “MCPcounter” R package (ver. 1.2.0) was
utilized to estimate the proportions of im-
mune and stromal cell infiltration [25]. For the
TCGA-KIRC dataset, we employed WGCNA (ver.
1.72-1) to create a co-expression network. To
achieve a scale-free network, we selected an
appropriate soft threshold power, represented
as B. Using Topological Overlap Matrix analy-
sis, we clustered the adjacency matrix from the
bulk RNA-seq data. A Dynamic Tree Cut algo-
rithm allowed us to discover differential mod-
ules in the hierarchical clustering diagram, with

Am J Transl Res 2024;16(4):1081-1101



Cancer-associated fibroblasts-related signature for ccRCC

each module containing over 30 genes. Finally,
we calculated the Pearson correlation coeffi-
cients and corresponding p-values to assess
the correlation strengths between module
eigengenes and the proportions of immune and
stromal cells.

ScRNA-seq data analysis

For analysis of 23,130 ccRCC cells from two
patients, we employed the Seurat package
(ver. 4.3.0.1). Cells marked with fewer than 50
genes were classified as low-quality or empty
droplets and were subsequently removed.
Additionally, cells containing more than 5%
mitochondrial gene content were deemed dam-
aged and were excluded. Next, after normaliz-
ing the gene expression using the Normalize-
Data function in Seurat, we pinpointed the
3,000 most variable genes using Principal
Component Analysis (PCA). Using the first 25
principal components, we identified clusters at
0.5 resolution and visualized them by Uniform
Manifold Approximation and Projection (UMAP).
We used the FindAllMarkers function in Seurat
to discover marker genes for individual cell
clusters, with a log2-fold change above 0.25
and an adjusted p-value below 0.05 as the
selection criteria. For cell type annotation, we
employed the SingleR package (ver. 1.10.0)
with BlueprintEncodeData as the reference set.
To ensure accuracy, fibroblasts were manually
annotated using COL1A2 as the marker gene.

Identification of CRGs and enrichment analysis

Differential analysis was performed on count
data from 72 normal samples and 533 tumor
samples using the “DESeq2” R package (ver.
1.36.0). Genes exhibiting a log,-fold change
greater than 0.25 and an adjusted p-value less
than 0.05 were classified as differentially
expressed genes (DEGs). Volcano plots were
used to display the results of the differential
analysis. We used an intersection strategy to
identify CRGs that were common to the mo-
dule eigengenes selected by the WGCNA of
the TCGA-KIRC dataset, the upregulated DEGs
selected in the differential analysis of the
TCGA-KIRC dataset, and the fibroblast marker
genes selected by the scRNA-seq analysis. To
explore the biologic significance of the CRGs,
we performed Kyoto Encyclopedia of Genes
and Genomes (KEGG) and Gene Ontology (GO)
analyses with the “clusterProfiler” R package
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(ver. 4.6.1). An adjusted p-value less than 0.05
was considered significant for the results of the
enrichment analysis.

Development and validation of a predictive
gene signature

Using the TCGA-KIRC dataset as a training
cohort, for the identified hub genes, we per-
formed a univariate Cox regression survival
analysis to identify prognostic CRGs, applying
a significance threshold of P < 0.05. To miti-
gate overfitting and optimize the model perfor-
mance, we conducted Least Absolute Shrinkage
and Selection Operator (LASSO) Cox regres-
sion analysis with 10-fold cross-validation and
1000 iterations. We used the “glmnet” pack-
age (ver. 4.1-6) to perform this analysis on the
identified genes. Subsequently, the CAF score
was calculated by the following method:

CAFs Score = -=21 Coef (i) * Expr (i)

According to the median CAF score, we classi-
fied the 533 ccRCC samples into two catego-
ries: low-CAF and high-CAF groups. Scatter
plots elucidated the correlation between CAF
scores and survival status. Both PCA and t-
Distributed Stochastic Neighbor Embedding
(t-SNE) were employed to evaluate the capabil-
ity of the risk model to distinguish between the
low-CAF and high-CAF groups. To assess the
differential overall survival between the two
groups, we conducted a survival analysis
utilizing Kaplan-Meier curves and log-rank
tests. We also plotted time-dependent Receiver
Operating Characteristic (ROC) curves to gauge
the model’'s prognostic accuracy. For further
validation, we also applied the CAF risk model
to the E-MTAB-1980 dataset.

Gene set enrichment analysis

Using the TCGA-KIRC dataset, we conducted a
Gene Set Enrichment Analysis (GSEA) of the
high-CAF group. Reference gene sets for this
analysis were sourced from KEGG and Hallmark
annotations, using files “c2.cp.kegg.Hs.sym-
bols.gmt” and “h.all.v2023.1.Hs.symbols.gmt”
from MSigDB. In the GSE111360 dataset, we
scored each cell based on the KEGG and
Hallmark annotations using the “AUCell” pack-
age (ver. 1.18.1). The resulting enrichment
analyses were subsequently visualized.
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Table 1. Primer sequences used in gPCR

blockade therapies, includ-

Primer Name Forward Sequence (5°'—3’)  Reverse Sequence (5'—3’)

ing anti-PD1 and anti-CTLA4,

we assigned scores to each

B-actin CATGTACGTTGCTATCCAGGC ~ CTCCTTAATGTCACGCACGAT )

tumor sample using the
CERCAM CACATCCCAACTACACTTGGC  ATGTACCCATAACGGTGCTCA Tumor Immune Dysfunction
TMEM132A  AACTGTCTGAGTTCCTATGGGT CAGTGGGATAAGGGCTCTGAT and Exclusion (TIDE) algo-
TIMP1 AGAGTGTCTGCGGATACTTCC CCAACAGTGTAGGTCTTGGTG rithm. We then evaluated dif-
P4HA3 GCTGCGGGACCTGACTAGA CAAGCAGAGGGTTAGCCACAG ferences in immunotherapy
FKBP10 TACCACTACAACGGCACTTTTG AGAACCACATCGAAGTAGAGGG efficacy between the high-
CEBPB CTTCAGCCCGTACCTGGAG ~ GGAGAGGAAGTCGTGGTGC CAF and low-CAF groups by

Analysis of clinicopathological features corre-
lations and development of a nomogram

For the TCGA-KIRC dataset, we aimed to exam-
ine the correlation between the CAFs scores
and clinicopathological features (gender, age,
clinical stage, and T/M/N classification). To
compare the differences in CAF scores between
different subgroups, Student’s t-tests were
employed. We calculated the p-values between
each pair of independent subgroups to deter-
minewhether the differences between them
were significant. Subsequently, univariate and
multivariate Cox regression analyses were per-
formed. To enhance our capability to predict
clinical outcomes, we constructed a nomogram
that factors in age, gender, clinical stage,
T/M/N stage, and the CRG signature. Sub-
sequently, we evaluated the robustness and
precision of the nomogram with a calibration
plot and an ROC curve analysis.

Immune landscape and immunotherapy analy-
ses

We used the ESTIMATE algorithm to analyze
the immune landscape of the TCGA-KIRC data-
set and determine the Immune Score and the
Stromal Score. Subsequently, we employed
these values to compute the ESTIMATE Score,
which serves as an indicator of tumor purity.
Using the Proportion of Immune and Cancer
Cell (EPIC) deconvolution algorithm, we deter-
mined the proportions of five immune-cell sub-
types and two stromal-cell subtypes. We also
used Pearson correlation coefficients to exam-
ine the relationships between the CAF scores
and factors such as immune-checkpoint gene
expression levels and immune and stromal
cell proportions, as identified by the EPIC algo-
rithm. Using the “gsva” R package (ver. 1.46.0),
we conducted single-sample GSEA to obtain
activity scores for immune-related pathways.
To predict responses to immune-checkpoint
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Student t-test and x? test,
and we assessed the predic-
tive accuracy of our CRG signature by ROC
curve analysis. For additional insight into sur-
vival outcomes and the potential efficacy of
anti-PD-L1 treatment, we referenced the
IMvigor 210 cohort.

Drug sensitivity predictions

The R package OncoPredict (ver. 0.2) is
designed to predict drug responses. Using this
package, we conducted Student t-tests to
explore the associations between the high-CAF
and low-CAF groups and their IC_, values for
molecular targeting drugs.

Cell culture and RT-gPCR

The renal epithelial cell line HK-2 and the
ccRCC lines 786-0 and A-498 were sourced
from Procell (Wuhan, China), cultured in DMEM
high-glucose medium supplemented with 10%
fetal bovine serum (both from Gibco, CA, USA),
and maintained at 37°C in a 5% CO, atmo-
sphere. Total RNA was isolated using TRIzol
Reagent (Life, CA, USA). The isolated RNA was
reverse transcribed into cDNA using HiScript
Il Reverse Transcriptase, and gPCR was per-
formed using Tag Pro DNA Polymerase (both
from Vazyme, Nanjing, China). Relative mRNA
expression levels were quantified using the
285C method after normalization to reference
genes. The experiment used the primer
sequences shown in Table 1.

Cell transfection

Before transfection, 5 x 10°% cells from the
786-0 and A498 cell lines were plated in each
well of six-well plates and incubated overnight.
Once the tumor cells reached 70-80% conflu-
ency, they were transfected using a mixture of
siRNA or negative control siRNA (Genephar-
ma, Shanghai, China) in conjunction with Lipo-
fectamine 2000 (Invitrogen, CA, USA) in Opti-
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MEM medium (Gibco, CA, USA). After 5 hours
of transfection incubation, the cells were
switched to complete medium for continued
culture. After 48 hours, the cells were ready for
subsequent experiments.

CCK-8 assay

After the transfection procedure, cellular ali-
quots were systematically seeded into 96-well
plates at a density of 2 x 10* cells per well.
Following the standardized protocol provid-
ed by the CCK-8 manufacturer (Beyotime,
Shanghai, China), we pipetted 10 pl CCK-8
solution into each designated well. Subsequent
absorbance readings were taken at 450 nm at
specified intervals - O, 24, 48, and 72 hours -
using a high-precision microplate reader to
accurately assess cellular viability.

Colony-formation assay

In six-well plates, 500 transfected cells were
seeded per well and incubated in complete
medium for 7 days. Following incubation, the
cells were preserved using 4.0% paraformal-
dehyde and stained with 0.1% crystal violet
(both sourced from Solarbio, Beijing, China).
The fixation and staining durations were 15
minutes and 10 minutes, respectively. After
staining, any residual dye was rinsed off using
distilled water.

Wound-healing assay

In six-well plates, 5 x 10° transfected cells
were plated into each well and cultured over-
night in complete medium. A cell-free zone in
the monolayer was created using a 200 pl
pipette tip. The plate was gently rinsed twice
with PBS to eliminate detached cells and then
cultured in Opti-MEM medium to minimize
cell proliferation and focus on migration. Cell
migration was evaluated using a microscope at
40 x magnification by capturing images at O
and 24 hours.

Statistical analyses

Data were processed and visualized with
GraphPad Prism 8 (ver. 8.0.2) and R (ver. 4.2.2).
Student t-test was employed to compare data
between two groups. Kaplan-Meier curves
accompanied by log-rank tests were used to
compare survival between groups. Additionally,
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Pearson correlation analysis was applied to
assess linear relationships between continu-
ous variables. The x? test was used to compare
proportions between categorical groups. A
p-value < 0.05 was deemed to indicate
significance.

Results

Identification of a gene module associated
with CAF infiltration

Gene co-expression analysis was conducted,
and Pearson correlations between co-expres-
sion modules and tumor infiltration of eight
types of immune cells and two types of stro-
mal cells were assessed. For the TCGA-KIRC
dataset, a soft threshold power (B) of 6 was
determined to be optimal for establishing a
scale-free topological network with an R? value
of 0.86 (Figure 1A). The resulting cluster den-
drogram identified eight gene modules that
exhibited similarities, delineated at a cut height
of 0.2 (Figure 1B, 1C). Remarkably, the pink
module demonstrated the strongest associa-
tion with CAFs infiltration, with a correlation
coefficient of 0.96 and a significance level of P
< 0.001 (Figure 1D). Following this analysis, we
focused our investigations on the 314 pheno-
typic genes identified within the pink module.

Discovery and enrichment analysis of CAFs-
related genes

Using the Seurat package for quality control,
23,088 high-quality cells were isolated from
the single-cell dataset. These cells were sub-
jected to UMAP for dimensionality reduction,
resulting in 24 distinct clusters (Figure 2A).
The DEGs for each cluster were computed
and compared with the annotated gene set,
which identified eight cell types: T cells, Mono/
Macrophages, NK cells, B cells, fibroblasts,
plasma cells, dendritic cells, and mast cells
(Figure 2B). Following this, a total of 3234 fibro-
blast marker genes were identified. A volcano
plot displayed 7711 upregulated DEGs and
5359 downregulated DEGs (Figure 2C). The
intersection of marker genes, module eigen-
genes, and upregulated DEGs was visualized in
a Venn diagram (Figure 2D). From this intersec-
tion, we identified 29 common genes. These
intersecting genes were subsequently defined
as CRGs. To further enrich our understanding
of the CRGs, we subjected them to rigorous
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Weighted Gene Co-expression Network Analysis.
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analyses using both the KEGG and the GO
methodologies. The KEGG analysis indicated
primary involvements in pathways like ECM-
receptor interaction, focal adhesion, and PI3K-
Akt signaling (Figure 2E). The GO analysis
revealed predominant associations with ECM
organization and extracellular structure organi-
zation for Biological Process (BP), collagen-con-
taining ECM and endoplasmic reticulum lumen
for Cellular Components (CC), and ECM struc-
tural constituent for Molecular Function (MF)
(Figure 2F).

Construction and validation of the CRG signa-
ture

Using the TCGA-KIRC training dataset, we
sought to understand the prognostic value of
CAFs in ccRCC. We began by extracting the
CRG expression data and merging the data
with information on patient survival. We identi-
fied 22 prognosis-related genes using univari-
ate regression analysis (Figure 3A). To opti-
mize the gene signature for overall survival pre-
diction, we utilized LASSO regression analysis,
narrowing our focus to a subset of six progno-
sis-related CRGs (Figure 3B, 3C). The model
derived from these genes is expressed as the
CAFs score = RNA-seq of CERCAM x 0.0559 +
RNA-seq of TMEM132A x 0.0827 + RNA-seq of
TIMP1 x 0.1135 + RNA-seq of PAHA3 x 0.0371
+ RNA-seq of FKBP10 x 0.0556 + RNA-seq of
CEBPB x 0.0878. Using the median CAFs
score as a threshold, patients within the TCGA-
KIRC training cohort and the E-MTAB-1980
test cohort were categorized into high-CAF and
low-CAF groups. For both cohorts, the heat-
map for CERCAM, TMEM132A, TIMP1, P4HA3,
FKBP10, and CEBPB; the distribution of CAFs
scores; and the survival status of patients are
displayed, depicting a trend of decreasing
survival time with increasing CAF score (Figure
3D, 3E). Employing PCA and t-SNE plots, we
showcased the robust discriminatory capabi-
lity of our CRG signature in differentiating be-
tween the two groups across the training
(Figure 3F, 3G) and test (Figure 3H, 3I) co-
horts. Kaplan-Meier survival curves exhibited
notable distinctions in prognosis between the
two groups in both the training cohort (Figure
3J) and the test cohort (Figure 3L), with the
high-CAF groups manifesting poorer outcom-
es. Additionally, the ROC curves reflected the
strong prognostic performance of the CRG sig-
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nature. The AUC values were 0.686, 0.630, and
0.630 at 1, 3, and 5 years, respectively, for the
training cohort (Figure 3K) and 0.636, 0.643,
and 0.684 at the same time points for the test
cohort (Figure 3M).

Gene set enrichment analysis

To elucidate the pathway and gene set enrich-
ment of the CRG signature, GSEA was carried
out using the TCGA-KIRC dataset. Notably
enriched KEGG signaling pathways in the high-
CAF group included cell cycle, cancer path-
ways, ECM-receptor interaction, TGF-B signal-
ing, focal adhesion, cytokine-cytokine receptor
interaction, WnT signaling, and hedgehog sig-
naling (Figure 4A). Similarly, prominent hall-
mark gene sets in this group encompassed
EMT, inflammatory response, hypoxia, IL6-Jak-
Stat3 signaling, upregulated KRAS signaling,
glycolysis, apoptosis, and TNF-a signaling by
NF-kB (Figure 4B). Using the AUCell package
for enrichment analysis of KEGG and Hall-
mark gene sets in the GSE111360 dataset, we
observed that pathways such as ECM-recep-
tor interaction, EMT, hypoxia, and glycolysis
exhibited higher AUC scores in fibroblasts (clus-
ter 15 and 17) compared to other cell types
(Figure 4C, 4D). These findings suggest that the
CRG signature might channel these pathways
through fibroblasts, accelerating ccRCC pro-
gression, invasion, and metastasis.

Clinicopathologic feature correlations and con-
struction of a nomogram

To comprehensively analyze the CRG signa-
ture in the TCGA-KIRC dataset, we investigated
the relationships between CAF scores and vari-
ous clinicopathologic characteristics (Figure
5A). Our analysis revealed that patients with
higher CAF scores often had more advanced
T/M/N stage and clinical stage. Interestingly,
we observed statistically significant differences
in CAF scores among gender subgroups. We
employed univariate and multivariate Cox
analyses sequentially. The results demonstrat-
ed that CRG signature served as an indepen-
dent prognostic factor (Figure 5B, 5C). We
then constructed a nomogram incorporating
the CRG signature with other clinicopathologic
features to predict the 1-, 3-, and 5-year overall
survival rates of ccRCC patients (Figure 5D).
We also generated calibration plots, confirming
the predictive reliability of our nomogram

Am J Transl Res 2024;16(4):1081-1101
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Figure 3. Development and validation of the CRG signature. (A) Univariate Cox analysis of hub genes in the training
cohort. (B) Coefficients derived from the LASSO regression model. (C) Determination of the optimal A value through
10-fold cross-validation. In the training (D) and test (E) cohorts, the heatmap of CERCAM, TMEM132A, TIMP1,

1089 Am J Transl Res 2024;16(4):1081-1101



Cancer-associated fibroblasts-related signature for ccRCC

P4HA3, FKBP10, and CEBPB, the distribution of CAF scores, and the survival status of patients are shown. The
performance of CAF scores in distinguishing individuals from different groups in the training (F, G) and test (H, |)
cohorts. Kaplan-Meier survival analysis for the training (J) and test (L) cohorts. Time-dependent ROC curves in the
training (K) and test (M) cohorts. CRG: CAFs-related gene; CAFs: cancer-associated fibroblasts; LASSO: Least Abso-
lute Shrinkage and Selection Operator; ROC: Receiver Operating Characteristic; Cl: confidence interval.

(Figure 5E). Furthermore, we used ROC curves
to assess the prognostic accuracy of the nomo-
gram as well as that of other features (Figure
5F). Notably, the AUC value reached 0.906,
showing that the nomogram offered superior
prognostic accuracy compared to other fea-
tures.

Analysis of immune landscape and immuno-
therapy response

In the TCGA-KIRC dataset, significant differenc-
es in Immune, Stromal, and ESTIMATE scores
were observed between the high-CAF and low-
CAF groups (Figure 6A-D). Specifically, the
high-CAF group showed increased values for
these scores and a decreased Tumor Purity
score. To prevent overfitting, we utilized the
EPIC algorithm instead of the MCPcounter algo-
rithm to calculate the proportions of different
types of cells within the TME (Figure 6G). Our
analysis revealed that compared to the low-
CAs group, the high-CAF group exhibited signifi-
cantly higher fractions of CAFs, endothelial
cells, and macrophages. Conversely, the pro-
portions of NK cells, CD8 T cells, and CD4 T
cells were markedly lower in the high-CAF group
(Figure 6E). We also uncovered a strong posi-
tive correlation between the CAF scores and
the proportion of fibroblasts, as illustrated in
Figure 6H. Additionally, immune-related path-
way activities such as APC co-stimulation,
CCR, checkpoint, parainflammation, T cell co-
stimulation, type | IFN response, and type Il IFN
response were more active in the high-CAF
group (Figure 6F). Positive correlations were
also observed between the CAF scores and the
expression of most immune-checkpoint genes
(Figure 6l).

We applied the TIDE algorithm to predict the
response to immunotherapies, specifically anti-
PD-1 and anti-CTLA-4, in ccRCC patients from
the TCGA-KIRC cohort. Our findings showed
that the high-CAF group exhibited a greater
potential for immune escape than the low-CAF
group, suggesting a diminished likelihood of
favorable immunotherapeutic response (Figure
7A). This was further substantiated by the sig-
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nificantly higher non-response rate to immuno-
therapy in the high-CAF group compared to the
low-CAF group (Figure 7B). The efficacy of our
model for predicting immunotherapy response
was validated by the ROC curve, which yielded
an AUC of 0.785 (95% CI: 0.746-0.823; Figure
7C). Turning our attention to the IMvigor210
dataset, we investigated the response to anti-
PD-L1 immunotherapy. In this cohort, the high-
CAF group demonstrated a poorer prognosis
than the low-CAF group (Figure 7D). Intriguingly,
those with stable disease or progressive dis-
ease (SD/PD) registered markedly higher CAF
scores compared with individuals with a com-
plete or partial response (CR/PR; Figure 7E).
The predictive accuracy of our model was evi-
dent from the ROC curve, which reported an
AUC of 0.598 (95% CI: 0.524-0.669; Figure 7F).

Drug sensitivity analysis

In the TCGA-KIRC cohort, we evaluated the sen-
sitivity of ccRCC patients to various targeted
agents. We observed significant differences in
sensitivity between the high-CAF and low-CAF
groups. As shown in Figure 8, patients in the
high-CAF group were less sensitive to erlotinib,
gefitinib, sinularin, and sorafenib but more sen-
sitive to buparlisib, dactolisib, dasatinib, fore-
tinib, and trametinib.

Verification of differential expression for the
CRGs

To further validate the CRGs, we performed
RT-gPCR assays for CERCAM, TMEM132A,
TIMP1, P4HA3, FKBP10, and CEBPB in the
HK-2, 786-0, and A498 cell lines. As shown in
Figure 9A, both 786-0 cells and A498 cells
showed markedly elevated mRNA expression of
these genes compared to HK-2 cells.

Knockdown of CERCAM suppressed the prolif-
eration and migration of 786-0 cells and A498
cells

First, we measured the mRNA expression levels

of CERCAM in 786-0 and A498 cells post-trans-
fection with siRNA using RT-gPCR to confirm

Am J Transl Res 2024;16(4):1081-1101
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Figure 5. Differences in CAF scores based on clinicopathologic features and construction of a nomogram. (A) Re-
lationship between CAF scores and various clinicopathological characteristics. (B) Univariate and (C) Multivariate
Cox analyses. (D) A nomogram predicting the overall survival of ccRCC patients. (E) Calibration curve for validating
the predictive reliability for overall survival. (F) ROC curves employed to assess the prognostic accuracy of the no-
mogram compared with that of other features. ***P < 0.001. CAFs: cancer-associated fibroblasts; ROC: Receiver

Operating Characteristic; OS: overall survival; Cl: confidence interval.
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Figure 6. Infiltration of immune and stromal cells in high-CAF and low-CAF groups. A-D. Differences between groups
in TME scores. E. Differences between groups in five immune-cell subtypes and two stromal-cell subtypes. F. Differ-
ences between groups in immune-related pathway activity. G. The proportion of different types of cells within the
TME. H. Correlations between different cell types and CAF scores. |. Correlations between immune-checkpoint gene
expression levels and CAF scores. *P < 0.05; **P < 0.01; ***P < 0.001. CAFs: cancer-associated fibroblasts; TME:

tumor microenvironment.

the efficiency of CERCAM knockdown by the
siRNA (Figure 9B). Assessments of cell prolif-
eration in siRNA-transfected 786-0O and A498
cells were conducted using CCK-8 and colony-
formation assays. Our findings underscore that
CERCAM augments the proliferative potential
of these cells, as illustrated in Figure 9C and
9D. Additionally, wound-healing assays reveal-
ed that downregulation of CERCAM consider-
ably reduced the migratory capabilities of the
aforementioned cell lines (Figure 9E, 9F).
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Discussion

Clear cell renal carcinoma is the predominant
subtype of kidney cancer that originates from
renal tubular epithelial cells within the paren-
chyma. Although patients with early-stage kid-
ney cancer can benefit from surgical inter-
vention, many patients present at advanced
stages of the disease, when the prognosis is
worse [26]. Recent therapeutic paradigms
emphasize combined targeted therapy and
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Figure 9. Validation of the CRGs and functional analysis of CERCAM. A. Relative mRNA expression of CERCAM,
TMEM132A, TIMP1, PAHA3, FKBP10, and CEBPB in HK-2, 786-0, and A498 cell lines, as determined by RT-qPCR.
B. The effects of siRNA-mediated knockdown of CERCAM expression in 786-0 and A498 cell lines, as measured by
RT-gPCR. C, D. Inhibition of cell proliferation in ccRCC cell lines after CERCAM knockdown, as determined by CCK-8
assays and colony-formation assays. E, F. Inhibition of cell migration in ccRCC cell lines after CERCAM knockdown,
as assessed by wound-healing assays. Observation under 40 x magnification and with a 500 uym scale bar. *P <

0.05; **P < 0.01; ***P < 0.001. CRGs: CAF-related genes.

drug resistance of tumor cells by directly secret-
ing soluble factors (including growth factors,
cytokines, chemokines, and proteases), repro-
gramming metabolic processes, inducing epi-
genetic modifications, and delivering exosomes
[33]. Additionally, they impede drug penetration
into tumor sites by increasing the rigidity of the
ECM and promoting ECM remodeling [14, 34].
Therefore, there is a need to identify relevant
biomarkers to improve ccRCC treatment.

In this study, we identified 29 CRGs by suc-
cessfully integrating the results of bulk RNA-
seq and scRNA-seq analyses. This integrative
strategy provided a comprehensive perspec-
tive, enabling us to precisely pinpoint key
CRGs amidst a vast array of genes. Focusing on
six key genes - CERCAM, TMEM132A, TIMP1,
P4HA3, FKBP10, and CEBPB, - we established
and validated models to predict prognosis
through univariate Cox and LASSO regression
analyses. Previous studies have demonstrated
abnormal upregulation of CERCAM in bladder
cancer, which notably boosts cell vitality, DNA
synthesis, and invasiveness, suggesting that
CERCAM may foster bladder cancer prolifera-
tion via the PIBK/AKT pathway [35]. CERCAM
enhances tumor malignancy and stimulates
M2 polarization of macrophages in head and
neck squamous cell carcinoma [36]. Therefore,
we verified the effect of CERCAM on the malig-
nant biology of ccRCC in vitro by knocking it
down in 786-0 and A498 cells. The results
showed that downregulation of CERCAM in-
hibited the proliferation and migration of
ccRCC cells, consistent with previous findings.
TMEMZ132A is recognized as a novel regulator
of the Wnt signaling pathway [37], and its pres-
ence can serve as a predictive marker for the
overall survival of patients with bladder cancer
[38]. In concordance with our observations,
dysregulated expression of TIMP1 has been
consistently linked to unfavorable outcomes
across a spectrum of malignancies, including
colon carcinoma, gastric adenocarcinoma, pan-
creatic neoplasms, papillary thyroid carcinoma,
cutaneous melanoma, and mammary carcino-
ma [39-41]. Under in vitro conditions, targeted
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silencing of TIMP1 resulted in suppression of
the proliferative, migratory, and invasive capac-
ities of RCC cells. Conversely, overexpression
of TIMP1 augmented these cellular behaviors
[42]. TIMP1 promotes colon cancer prolifera-
tion and metastasis through the FAK-PISK/AKT
and MAPK pathways [39]. In co-cultures of
CAFs with breast cancer cells, TIMP1 expres-
sion was found to be significantly elevated in
tumor cells and promoted tumor cell invasion
and angiogenesis [43]. CAFs, being the primary
source of TIMP1, demonstrated enhanced
TIMP1 expression when co-cultured with colon
cancer cell lines, which in turn promoted can-
cer cell migration [44]. PAHA3 has been discov-
ered to play a significant role in activation of
the EMT process, thereby promoting the
growth, proliferation, and metastasis of tumor
cells. This has been observed in various types
of cancers, including head and neck squamous
cell carcinoma, colon cancer, non-small cell
lung cancer, and pituitary adenomas [45]. In
vitro, FKBP10 enhances the growth of glioma
cells by stimulating the AKT-CREB-PCNA path-
way [46]. It also regulates the proliferation,
invasion, and migration of gastric cancer cell
lines through the PI3K/AKT pathway [47]. In
vivo, knockout of FKBP10 inhibited Kras-driven
lung tumorigenesis [48]. Upregulation of CEBPB
promotes RCC progression through the IL6/
STAT3 pathway [49]. CEBPB knockdown has
been shown to sensitize nasopharyngeal carci-
noma cells to cisplatin by promoting expression
of Serine Protease Inhibitor Kazal-type 5, high-
lighting a potential therapeutic approach to
enhance chemotherapy efficacy in nasopharyn-
geal carcinoma [50]. Altogether, CRGs have
been suggested to be detrimental to a variety
of tumors. Our findings demonstrate that the
CAF score was an independent predictor of sur-
vival. Furthermore, we showed that a nomo-
gram based on the CAF score and clinicopatho-
logic features has a robust ability to predict
prognosis in ccRCC patients.

Employing GSEA for both KEGG and Hallmark
pathways, we gained initial insights into the
biological mechanisms underlying the CRG sig-
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nature in high-risk patients. Pathways such as
EMT, ECM-receptor interactions, hypoxia, and
glycolysis displayed significant enrichment
and enhanced activity, suggesting their coordi-
nated role in CAF function. Further analysis
using the “AUCell” R package confirmed that
expression of these pathways was highest in
fibroblast cells, implying their central role in the
CRG signature. Previous studies indicate that
CAFs promote tumor EMT by releasing trans-
forming TGF-B3, and concurrent secretion of IL-6
further promotes EMT in various cancers [51,
52]. When tumors grow rapidly, the oxygen sup-
ply to tumor cells and associated stromal cells
distant from blood vessels diminishes. Under
hypoxic conditions, these cells shift to glycolyt-
ic metabolism, leading to acidification of the
TME. Metabolites produced from glycolysis,
such as lactate, can be utilized by tumor cells,
thereby promoting tumor growth [53]. Interes-
tingly, the glycolytic phenotype of CAFs is par-
tially maintained through epigenetic reprogram-
ming of HIF-la and glycolytic enzymes, sug-
gesting potential therapeutic targets for dis-
rupting this metabolic pathway and hindering
the contribution of CAFs to tumor progression
[54].

Analysis using EPIC highlighted a pronounc-
ed increase in tumor infiltration of endothelial
cells and macrophages, along with a marked
decrease in CD8 T cells and CD4 T cells, within
the high-CAF group. CAFs can promote the
expression of co-inhibitory markers on CD4 and
CD8 T cells [55, 56], contributing to immune
evasion and tumor progression [57, 58]
Corroborating these findings, our study found
that the CAF score, as well as the proportion of
CAF infiltration, was positively correlated with
the expression of a majority of immune-check-
point genes.

Through the application of the TIDE algorithm,
we demonstrated the robust capability of the
CAF score to predict responses to both anti-
PD-1 and anti-CTLA4 therapies in ccRCC.
Additionally, validation in the IMvigor210 data-
set underscored the exceptional performance
of the CAF score in predicting the response to
anti-PD-L1 therapy. In previous studies, inhibi-
tion of CD36 CAFs enhanced T cell immuno-
therapy and achieved optimal antitumor effica-
cy in hepatocellular carcinoma patients [59].
The CAF-specific inhibitor NOX4 has been
found to amplify immunotherapy effects by
counteracting the CAF-mediated exclusion of
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CD8 T cells from tumors [60]. Notably, colorec-
tal cancer patients with elevated CAF scores
tend to exhibit reduced responsiveness to
immunotherapy [61]. Collectively, these insigh-
ts suggest that the CAF gene signature holds
promise as a therapeutic target in ccRCC and
presents a novel avenue for predicting person-
al immunotherapy response in ccRCC patients.
On the pharmacological front, our drug sen-
sitivity analysis revealed that patients in the
high-CAF group showed increased responsive-
ness to agents such as buparlisib, dactolisib,
dasatinib, foretinib, and trametinib. This may
provide new strategies for tailoring targeted
treatment regimens to manage ccRCC.

The use of exosomes derived from CAFs as
peripheral blood biomarkers for cancer diag-
nostics, monitoring, and treatment is a rapidly
evolving field. These exosomes carry a unique
molecular signature, including microRNAs and
proteins, that is reflective of the TME [62-64]. In
a previous study, candidate biomarkers identi-
fied by Lei Liu et al. in gastric cancer tumor tis-
sues exhibited similar expression patterns in
serum and exosomes, providing valuable bio-
markers for non-invasive diagnosis and pro-
gnosis of gastric cancer [65]. Although exo-
some research was not a part of our study, we
posit that the CRGs we identified may serve as
pivotal biomarkers within serum exosomes.
Should subsequent experiments validate these
findings, it would significantly contribute to nar-
rowing the divide between academic research
and practical clinical application. However,
before these findings can be fully integrated
into clinical practice, it is critical to acknowl-
edge and address the limitations of our current
research. First, our CRG signature was derived
from retrospective data in public databases,
emphasizing the need for additional prospec-
tive and multicenter ccRCC studies to minimize
potential bias. Second, although we validated
the relative mRNA expression of the CRGs in
cell lines and conducted a functional analysis
of CERCAM in vitro, further in vivo validation of
our prognostic model is necessary.

Conclusions

We identified CRGs to develop a six-gene mo-
del (CERCAM, TMEM132A, TIMP1, P4HA3,
FKBP10, and CEBPB) to predict prognosis
and therapeutic response in patients with
ccRCC. In addition, we analyzed clinicopatho-
logic features, gene functions and pathways,
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and immune landscapes to investigate the rela-
tionship between the six-gene CAF score and
ccRCC. Our findings suggest that this novel
gene signature has the potential to improve
treatments and make personalized strategies
more feasible for ccRCC patients.
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