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Current evidence indicate that cancer-associated fibroblasts (CAFs) play an important role in prostate
cancer (PCa) development and progression. In this study, we identified CAF-related molecular
subtypes and prognostic index for PCa patients undergoing radical prostatectomy through integrating
single-cell and bulk RNA sequencing data. We completed analyses using software R 3.6.3 and its
suitable packages. Through single-cell and bulk RNA sequencing analysis, NDRG2, TSPAN1, PTN,
APOE, OR51E2, P4HB, STEAP1 and ABCC4 were used to construct molecular subtypes and CAF-
related gene prognostic index (CRGPI). These genes could clearly divide the PCa patients into two
subtypes in TCGA database and the BCR risk of subtype 1 was 13.27 times higher than that of subtype
2 with statistical significance. Similar results were observed in MSKCC2010 and GSE46602 cohorts. In
addtion, the molucular subtypes were the independent risk factor of PCa patients. We orchestrated
CRGPI based on the above genes and divided 430 PCa patients in TCGA database into high- and low-
risk groups according to the median value of this score. We found that high-risk group had significant
higher risk of BCR than low-risk group (HR: 5.45). For functional analysis, protein secretion was highly
enriched in subtype 2 while snare interactions in vesicular transport was highly enriched in subtype 1.
In terms of tumor heterogeneity and stemness, subtype 1 showd higher levels of TMB than subtype

2. In addition, subtype 1 had significant higher activated dendritic cell score than subtype 2. Based on
eight CAF-related genes, we developed two prognostic subtypes and constructed a gene prognostic
index, which could predict the prognosis of PCa patients very well.

Prostate cancer (PCa) is one of the most frequent cancers in males and is most prevalent in males 65 and older,
with over 1.4 million new cases and 375,000 deaths expected globally in 2020'~". In recent years, with the continu-
ous economic and social development and the extension of the average life expectancy, the incidence of PCa was
also increasing year by year®’. Currently, the treatment approaches for PCa mainly contain radical prostatectomy;,
radical radiotherapy, androgen deprivation therapy and chemotherapy, which depends on the patient’s disease
progression**~12. However, about one-fourth to one-half of patients will experience biochemical recurrence
(BCR) after radical therapy, which means the return of measurable PSA*!"13-15 BCR is a critical event in PCa
progression. In some subgroups with specific clinical risk factors, patients with BCR are more likely to suffer
clinical recurrence, metastasis and cancer-specific mortality13'16. Therefore, identification of marker signature
to predict BCR in PCa patients is of great clinical significance.

Tumor microenvironment (TME) is the direct niche of the tumor and is composed of various types of cells
in the metabolic environment'’. Cancer-associated fibroblasts (CAFs) are the major components of TME stroma
and have an important role in tumorigenesis, proliferation, progression and invasion'®-22. CAFs are mainly
transformed by intrinsic fibroblasts or stellate cells in tissues stimulated by growth factors. In addition, epithelial
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cells, endothelial cells, and myeloid-derived mesenchymal stem cells in tumor tissues can also differentiate into
CAFs!#2! CAFs can secrete growth factors and cytokines to inhibit the function of immune cell, thereby promot-
ing tumor progression, invasion and migration'?. In addition, CAFs can synthesize and remodel the extracel-
lular matrix, which forms the penetration barriers to prevent the penetration of the drug and the immune cells
into the tumor tissue, thus reducing the effectiveness of the tumor therapy'®?'. Several studies indicate that high
density of CAFs is associated with poor BCR-free survival in PCa patients?***. Therefore, an insight into the rela-
tionship between CAFs in PCa and tumor metastasis, proliferation, progression, and drug resistance is essential.

In our study, we constructed CAF-related gene prognostic index (CRGPI) based on 8 CAF-related genes
identified by single-cell and bulk RNA transcriptome. Based on the non-negative matrix factorization (NMF)
algorithm and the 8 identified CAF-related genes, we divided these patients into two subgroups and validated
its reliability in several external datasets, which could predict the prognosis of PCa patients and better guide
clinical application in the future.

Methods

Data preparation. In terms of single-cell RNA sequencing level, we downloaded 453 markers related to
CAFs from the tumor immunotherapy gene expression resource (TIGER) database (http://tiger.canceromics.
org/#/singleCelllmmune?, which contains single-cell transcriptome data of 2,116,945 immune cells from
655 samples including PCa?. For bulk RNA sequencing level, we used the PCa gene matrix and clinical fea-
tures in TCGA database from our pervious study'. CAF abundance was calculated using EPIC algorithm?
owing to its higher correlation than other immune algorithms*?® and prognosis analysis was conducted.
Weighted gene co-expression network analysis (WGCNA) was used to caculate the CAF-related genes in
TCGA database. After intersection of CAF markers and CAF-related genes, we detected the final genes
using Lasso regression analysis. Subsequently, we constructed risk score using coefficients in Lasso regres-
sion and TCGA subtypes using nonnegative matrix factorization (NMF) method based on these genes. CAF-
related gene prognostic index (CRGPI)=-0.108359658017165*NDRG2-0.170784032731384*TSPAN1-
0.0575930783435198*PTN + 0.084664542685909*APOE-0.0308048566779615*OR51E2-0.0450336-
720010116*P4HB +0.0392873624467431*STEAP1-0.0148044294523877*ABCC4. In TCGA database, 430
samples with complete BCR information were used, and the p value was smaller than 0.05 using log-rank test
for BCR-free survival. Two cohorts were used externally validated the prognostic values of risk score and TCGA
subtypes, including GSE46602%° and MSKCC2010°>!. The clinical features of molecular subtypes were analyzed.

Mutaion landscape and functional diferences between two subtypes. RNA-sequencing profiles,
genetic mutation and corresponding clinical information for PCa were downloaded from the TCGA database
(https://portal.gdc.com). The data of mutations were downloaded and visualized using the maftools package in
R software. Differences of mutation frequency between two subtypes were also conducted. In terms of funca-
tional analysis, gene set enrichment analysis (GSEA) was performed using “c2.cp.kegg.v7.4.symbols.gmt” and
“h.all.v7.4.symbols.gmt” from the molecular signatures database®***. Based on gene expression and subtypes, the
minimum gene set was defined as 5 while the maximum gene set was 5000. Resampling was performed as 1000
times. P value of <0.05 and a false discovery rate of <0.05 were considered statistically significant.

Tumor stemness and heterogeneity analyses. Tumor stemness indexes included differentially meth-
ylated probes-based stemness scores (DMPss), DNA methylation-based stemness scores (DNAss), enhancer
elements/DNA methylation-based stemness scores (ENHss), epigenetically regulated DNA methylation-based
stemness scores (EREG-METHss), epigenetically regulated RNA expression-based stemness scores (EREG.
EXPss), RNA expression-based stemness scores (RNAss)** and mRNAsi algorithm®. Tumor heterogene-
ity included homologous recombination deficiency (HRD), loss of heterozygosity (LOH), neoantigen (NEO),
tumor ploidy, tumor purity, mutant-allele tumor heterogeneity (MATH), tumor mutation burden (TMB) and
microsatellite instability (MSI)*>*. The results of above indicators were obtained from our previous study®*.
We compared the differences of two subtypes using the Wilcoxon rank sum test.

Tumor immune microenvironmen (TME).  The overall tumor microenvironment and immune compo-
nents assessment were calculated by Cibersort and ESTIMATE algorithms*-*2. The differences of 54 immune
checkpoints and tumor microenvironment scores betwenn the two subytpes were analyzed by the Wilcoxon
rank sum test. Figure 1 illustrates the study flowchart.

Statistical analysis. We completed analyses using software R 3.6.3 and its suitable packages. We exploited
the Wilcoxon test in the context of abnormal distribution. Survival analysis was conducted through log-rank test
and presented as Kaplan-Meier curve. Statistical significance was set as two-sided p<0.05. Significant marks
were as follows: not significance (ns), p>0.05; *p <0.05; **p <0.01; **p < 0.001.

Results

Single cell and bulk RNA sequencing identified CAF-related markers and constructed TCGA
subtypesand CRGPI.  Using EPIC algorithm, we found that CAF was significantly associated with BCR-free
survival in 430 PCa patients in TCGA database (Fig. 2A). Using WGCNA, three modules were found (Fig. 2B)
where grey module genes was highly associated with CAF (Fig. 2C). In terms of single cell RNA sequencing
data, Fig. 2D showed good quality control and tumor tissue consisted of eight types of cells, including fibroblasts
(Fig. 2E), whose markers could be seen in Fig. 2F. Subsequently, we extracted 453 CAF markers using the defini-
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Figure 1. The flow chart of our study.

tion of absolute value of logFC > 0.4 and p value <0.05 (Fig. 2D-F). In TCGA database, 277 genes were related to
CAF using WGCNA. 73 genes were obtained from intersection of CAF-related genes and CAF markers (Fig. 2G)
and these genes were involved in focal adhesion, proteoglycans in cancer and TCG-beta signaling pathway
(Fig. 2H). Through Lasso regression analysis, when lambda (\) equals 0.03, we obtained the optimal model
(Fig. 21) and used NDRG2, TSPAN1, PTN, APOE, OR51E2, P4HB, STEAP1 and ABCC4 for subsequent analysis
(Fig. 2]). These genes could clearly divide the PCa patients into two subtypes in TCGA database (Fig. 3A) and the
BCR risk of subtype 1 was 13.27 times higher than that of subtype 2 with statistical significance (Fig. 3B). Similar
results were observed in MSKCC2010 (Fig. 3C,D) and GSE46602 cohorts (Fig. 3E,F). The baseline comparsion
showed balanced clinical features between subtype 1 and subtype 2 (Table 1). In addtion, the molucular subtypes
were the independent risk factor of PCa patients (Table 2). We orchestrated CRGPI based on the above genes
and divided 430 PCa patients in TCGA database into high- and low- risk groups according to the median value
of this score. We found that high-risk group had significant higher risk of BCR than low-risk group (HR: 5.45;
Fig. 3G). Other two cohorts showed similar results (Fig. 3H,I). The top ten genes between subtype 1 and subtype
2 were NYNRIN, PTCHD4, WNK1, CNNM4, ARFGEF1, HRAS, PYHINI, ARHGEF2, MYOMI1 and ITGB6
with statistical significance (Fig. 3]).

Functional enrichment, TME evaluation and tumor heterogeneity and stemness. For func-
tional analysis, protein secretion was highly enriched in subtype 2 (Fig. 4A) while snare interactions in vesicular
transport was highly enriched in subtype 1 (Fig. 4B). In terms of tumor heterogeneity and stemness, subtype 1
showd higher levels of TMB than subtype 2 (Fig. 4C). The expression levels of ICOS, CTLA4 and TNFRSF8 were
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Figure 2. Identification of CAF-related genes. (A) prognostic difference between groups with high and low
levels of CAF; (B) modules and genes through WGCNA analysis; (C) CAF-related genes through WGCNA
analysis; (D) quality control of single-cell analysis; (E) cluster analysis of cells; (F) identification of fibroblasts;
(G) Venn plot showing intersection of CAF-related genes and CAF markers; (H) KEGG analysis of intersected
genes; (I) identifying optimal model using Lasso regression analysis; (J) results of Lasso regression analysis. CAF
cancer-associated fibroblast, WGCNA weighted gene co-expression network analysis.
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Figure 3. Identification of molecular subtypes and prognostic index. (A) heatmap showing all subtypes
of prostate cancer patients in TCGA database; (B) Kaplan-Meier curve showing survival differences of
subtype 1 and subtype 2 in TCGA database; (C) heatmap showing two subtypes of prostate cancer patients
in MSKCC2010 cohort; (D) Kaplan-Meier curve showing survival differences of subtype 1 and subtype 2 in
MSKCC2010 cohort; (E) heatmap showing two subtypes of prostate cancer patients in GSE46602 dataset;
(F) Kaplan—Meier curve showing survival differences of subtype 1 and subtype 2 in GSE46602 dataset; (G)
Kaplan—Meier curve showing survival differences of high- and low- CRGPI groups in TCGA database; (H)
Kaplan-Meier curve showing survival differences of high- and low- CRGPI groups in MSKCC2010 cohort;
(I) Kaplan—Meier curve showing survival differences of high- and low- CRGPI groups in GSE46602 dataset;
(J) the mutation landscape between two subtypes. CAF cancer-associated fibroblast, CRGPI CAF-related gene
prognostic index, BCR biochemical recurrence.
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Characteristics Subtype 1 Subtype 2 P value
Sample 79 351

Age, median (IQR) 62 (57, 66) 61 (56, 66) 0.647
Gleason score, n (%) 0.304
6 7 (8.86%) 32(9.12%)

7 33(42.77%) | 173 (49.29%)

8 9(11.39%) |50 (14.25%)

9 30 (37.97%) | 96 (27.35%)

T stage, n (%) 1.000
T2 29 (37.18%) | 126 (36.42%)

T3 48 (61.54%) | 213 (61.56%)

T4 1(1.28%) 7 (2.02%)

Race, n (%) 0.234
Asian 2 (2.60%) 9 (2.65%)

Black or African American 5 (6.49%) 45 (13.27%)

White 70 (90.91%) | 285 (84.07%)

N stage, n (%) 0.897
NO 58 (82.86%) | 248 (81.31%)

N1 12 (17.14%) | 57 (18.69%)

Residual tumor, n 0.659
No 48 (62.34%) | 225 (65.79%)

Yes 29 (37.66%) | 117 (34.21%)

Table 1. The clinical features between two subtypes in TCGA database. IQR interquartile range.

Univariate analysis Multivariate analysis
Features Total (N) | Hazard ratio (95% CI) P value | Hazard ratio (95% CI) P value
TCGA subtype 430 <0.001
Subtype 2 351 Reference Reference
Subtype 1 79 108.183 (26.172-447.182) | <0.001 | 187.874 (30.083-1173.332) | <0.001
Age 430 1.016 (0.978-1.055) 0.426
Gleason score 430 <0.001
GS6 39 Reference Reference
GS7 206 1.072 (0.242-4.757) 0.927 0.553 (0.068-4.494) 0.579
GS8-9 185 4.504 (1.090-18.611) 0.038 1.523 (0.189-12.281) 0.693
T stage 424 <0.001
T2 155 Reference Reference
T3 261 5.208 (2.230-12.163) <0.001 |4.183(1.540-11.362) 0.005
T4 8 6.140 (1.235-30.532) 0.027 4.412 (0.769-25.301) 0.096
Race 416 0.508
White 355 Reference
Asian 11 0.673 (0.147-3.079) 0.610
Black or African American 50 0.648 (0.288-1.460) 0.296
N stage 375 0.061
NO 306 Reference Reference
N1 69 1.822 (1.001-3.313) 0.049 0.929 (0.493-1.748) 0.819
Residual tumor 419 0.035
No 273 Reference Reference
Yes 146 1.781 (1.050-3.019) 0.032 1.105 (0.612-1.995) 0.741

Table 2. Cox analysis results including TCGA subtypes and clinical features. IQR interquartile range.
Significant values are in bold.
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Figure 4. Differences between two subtypes in functional analysis, tumor heterogeneity and stemness,

and immune landscape. (A,B) the functional differences between two subtypes; (C) the differences of

tumor heterogeneity and tumor stemness between two subtypes; (D) the differences of tumor immune
microenvironment scores and infiltrating cells between two subtypes. TMB tumor mutation burden, MATH
mutant-allele tumor heterogeneity, MSI microsatellite instability, NEO neoantigen, HRD homologous
recombination deficiency, LOH loss of heterozygosity, DMPss differentially methylated probes-based stemness
scores, DNAss DNA methylation-based stemness scores, ENHss enhancer elements/DNA methylation-based
stemness scores, EREG-METHss epigenetically regulated DNA methylation-based stemness scores, EREG.EXPss
epigenetically regulated RNA expression-based stemness scores, RNAss RNA expression-based stemness scores.

significantly higher in subtype 1 than those in subtype 2 (Fig. 4D). In addition, subtype 1 had significant higher
activated dendritic cell score than subtype 2 (Fig. 4D).

Discussion

CAFs have been shown to promote tumor growth and progression in a variety of ways, such as secreting extracel-
lular matrix proteins, inducing inflammation and neovascularization, increasing angiogenesis and constructing
the immunosuppressive TME'®*, In PCa, CAFs are the most abundant cells in the stroma of TME'* and play an
important role in the development and invasion of PCa***°. For instance, CAFs can secrete IL-6 to enable AR
transcriptional activity in PCa cells by modulating MAPK,STAT3,and PI3K/AKT signaling, thereby inducing
resistance to anti-androgen therapies*****’. CAFs could mediate a series of genes such as NF-kB-dependent
expression of the Wnt family member WNT16B to promote EMT in PCa cells, which induced resistance to cyto-
toxic agents*. Moreover, the role of CAFs in PCa bone metastasis has also been reported that CAFs may promote
PCa bone metastasis by fibronectin and collagen deposition and establishing protein interaction network*. The
important role of CAFs in tumorigenesis and development makes us aware that target CAFs will be an attrac-
tive breakthrough in anti-cancer therapy. In our study, we identified eight CAF-related genes by combining with
single-cell and bulk RNA transcriptome, including STEAP1, APOE, OR51E2, PTN, ABCC4, TSPAN1, P4HB
and NDRG2. Studies on the role of STEAP1, OR51E2, PTN, ABCC4, NDRG?2 have been relatively in-depth.
For instance, STEAPI is all-called six-transmembrane epithelial antigen of the prostate 1, which belongs to a
family of metalloproteinases involved in iron and copper homeostasis and other cellular processes®. STEAP1 is
overexpressed on the plasma membrane of PCa cells and is associated with PCa invasiveness and metastasis®.
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The possible mechanism of STEAP1 promoting tumor proliferation and metastasis is by acting as a channel for
small molecules that are involved in intercellular communication®**!. Similarly,OR51E2 is a kind of olfactory
receptor, which is also called prostate specific G-protein receptor 2, and is highly expressed in PCa®2. Some
studies reported that OR51E2 perhaps could be used as one of the biomarkers for PCa**-*%. Moreover, many
researchers have shown that the activation of OR51E2 can inhibit proliferation of PCa cells and induce their
invasion®’~%. PTN encodes pleiotrophin, which is a secreted growth factor involved in angiogenesis and tumor
growth®®. A recent study showed that serum pleiotrophin levels were increased in the high-risk group compared
with benign and low-risk PCa patients®?, which is consistent with our previous study®. The protein encoded
by ABCC4 is a member of the superfamily of ATP-binding cassette (ABC) transporters, which is also called
multidrug resistance protein 4 (MRP4)%. MRP4 was reported to be associated with drug resistance of PCa in
many studies®>~%”. NDRG2 is a tumor suppressor gene that suppresses tumorigenesis and metastasis and increases
the sensitivity to anticancer drugs®. Several researches have reported that the overexpression of NDRG2 could
suppress the invasion and metastasis of PCa cells®”’?. Some researchers found that low level of NDRG2 were
associated with radioresistance of PCa Cells and overexpression of NDRG2 in combination with radiotherapy
might be an effective therapeutic method for PCa’""2 In summary, the function of these five genes in PCa is
relatively determined. There are very few reports of TSPAN1 and P4HB in PCa. The overexpression of TSPANI is
widely regarded as with EMT, tumor proliferation and migration, tumor growth which has been demonstrated in
multiple cancer types’*~””. In PCa, TSPAN1 was induced by androgens and upregulated in PCa tissues. TSPAN1
involved in controlling the expression of key proteins of cell migration to promote invasion and metastasis of
PCa’®. In addition, another study found that the knockdown of TSPAN1 in PCa cell could inhibit cell prolifera-
tion and migration’®. However, the detailed mechanisms of regulating the proliferation and metastasis of PCa
cells remain incompletely elucidated and require further investigation. There is only one study on the role of
P4HB in PCa. Hu et al. constructed an autophagy-related gene signature containing P4AHB and other genes in
PCa through bioinformatic analysis®’. But there are many studies on the role of PAHB in other diseases, such
as bladder carcinoma, oesophageal cancer and kidney renal clear cell carcinoma®-%. There seems to be some
debates about the role of APOE in PCa. A study showed that different apolipoprotein E genotypes may have dif-
ferent risks of developing PCa®. However, another study showed apolipoprotein E genotype was not associated
with PCa risk®. Accurate conclusions may need to be supported by more experimental evidence. In summary,
based on the eight identified genes, we divided 430 PCa patients into 2 subtypes. We observed the prognosis of
subgroup 1 was significantly worse than that of subgroup 2. To better reveal the potential mechanisms of the
two prognostic subtypes, we performed functional analysis, gene mutation, tumor heterogeneity and stemness,
and TME assessment.

Our study found protein secretion was highly enriched in subtype 2 while snare interactions in vesicular
transport was highly enriched in subtype 1.Snare is all-called soluble N-ethylmaleimide-sensitive factor attach-
ment protein receptors, which plays an important role in tumor invasion, chemo-resistance, autophagy, apoptosis,
and phosphorylation of kinases essential for cancer cell biogenesis®. Snare can promote close proximity between
vesicles and cell membrane to form a fusion pore after contact, which can mediate the transport of material
between vesicles and cells**¥”. Therefore, the enrichment of snare interactions in vesicular transport pathway in
cluster 1 may indicate a higher level of proliferation and invasion demand for PCa cells in cluster 1, correlating
with a worse prognosis. In contrast, we observed that protein secretion was mainly enriched in subtype 2 and
we speculated it may be related to the increasing androgen signaling. Compared with hormone-naive metastatic
PCa, hormone-refractory metastatic PCa showed a marked decrease of androgen signaling and protein biosyn-
thesis, which possibly meant the decrease of androgen signaling and protein biosynthesis was responsible for
PCa progression and higher malignancy of tumor cells®. This is agreement with our study showing patients
in subtype 2 have better prognosis. Additionally, the difference of TMB between subtype 1 and subtype 2 may
also explain why the prognosis of subtype 1 is much worse than subtype 2. We observed TMB of subtype 1
was significantly higher than subtype 2. TMB refers to the total number of mutations present in a single tumor
specimen, which can be used to predict the tumor response to immunotherapy in a variety of tumors®. Patients
with high TMB usually mean that tumor cells carry more tumor antigens on their surface, which are therefore
vulnerable to being killed by activated immune cells*. In PCa, high TMB level was significantly associated with
older age, positive lymph node, higher international Society of Urological Pathology (ISUP) grade, advanced
stage and poor BCR-free survival®'. In metastatic castration-resistant PCa, ICIs were more effective than taxanes
for patients with high TMB(10 mt/Mb or greater)®>. These two studies showed PCa patients with higher TMB
were associated with bad prognosis and better effect of immunotherapy, which was consistent with our study
and may explain the poor prognosis of subgroup 1 to some extent. Furthermore, we compared the differences
in the common immune checkpoints between subtype 1 and 2 and found the expression of ICOS, CTLA4
and TNFRSF8 were significantly elevated in subtype 1.1t is well known that a significant mechanism of tumor
cells evading immunosurveillance is activation of immune checkpoint pathways, which can suppress antitumor
immune response®. CTLA-4 has been widely studied in tumors. High expression of CTLA-4 was observed to
be associated with a worse prognosis in many cancers, including PCa, and the intervention of CTLA-4 blockers
could improve prognosis of patients®*~%. High expression of CTLA-4 can inhibit T cell activation by compet-
ing with CD28, regulating the inhibitory function of Treg cells and controlling adhesion and motility, which in
turn leads to immunosuppression of tumors. Similarly, ICOS is an activating costimulatory immune checkpoint
expressed on activated T cells, which participate in regulating T cell activation and adaptive immune responses.
Mo L et al. adopt a combination approach of ICOS positive Treg cells depletion with tumor cell vaccine in
mouse PCa model and found ICOS blocking could deplete the tumor-infiltrated ICOS positive Treg cells®.
These findings may well explain our results, because high expression of CTLA-4 and ICOS may mean stronger
immunosuppression, which then leads to a worse prognosis of the subtype 1 patients. Moreover, INFRSF8 is an
important therapeutic target for the treatment of malignant lymphomas, but there are few studies on TNFRSF8
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in nonlymphoid tumors'®. Only a recent study showed higher plasma TNFRSF8 were associated with shorter
PFS in patients received androgen deprivation therapy plus cabozantinib'!. More evidence is needed regarding
whether the high expression of TNFRSF8 is associated with poor prognosis.

Intriguingly, we observed in the comparison of dendritic cells activated, subtype 1 was lower than subtype 2.
The median difference between the two groups was 0 (0-0.002), and the difference was statistically significant.
There are already many evidences that dendritic cells plays an important role in antitumor immunity'?%. Den-
dritic cells can capture tumor antigens that are released from tumor cells and present them to T cells, eventually
resulting in the generation of cytotoxic T lymphocytes (CTLs)'®. This may indicate that with increasing dendritic
cells activation, the antigen presentation function is increasing, and then the number and function of CTLs is
increasing, ultimately leading to a stronger antitumor immune response. In addition, the success of Sipuleucel-
T (a dendritic cell based immunotherapy) in prostate tumor therapy reflects the great value of immunotherapy
targeting dendritic cells'®. In PCa, there have been a phase 3 trial showing that Sipuleucel-T significantly improve
overall survival in patients with metastatic castration-resistant PCa!%. These studies are consistent with our results
and reveal the important role of dendritic cells activated in the prognosis of patients with PCa.

Conclusions

Based on eight CAF-related genes, we developed two prognostic subtypes and constructed a gene prognostic
index, which could predict the prognosis of PCa patients very well. Meanwhile, our study also provides a valu-
able resource for understanding the underlying mechanisms of PCa progression, and provides valuable insights
into the management of the BCR in PCa.

Data availability

The datasets generated and/or analyzed during the current study are available in the TCGA (https://www.can-
cer.gov/tcga) and GEO (https://www.ncbi.nlm.nih.gov/geo/, accession number: GSE116918 and GSE46602)
repositories.
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