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The role of endothelial cell-related gene @
COL1AT1 in prostate cancer diagnosis

and immunotherapy: insights from machine
learning and single-cell analysis
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Abstract

Background Endothelial cells are integral components of the tumor microenvironment and play a multifaceted role
in tumor immunotherapy. Targeting endothelial cells and related signaling pathways can improve the effectiveness of
immunotherapy by normalizing tumor blood vessels and promoting immune cell infiltration. However, to date, there
have been no comprehensive studies analyzing the role of endothelial cells in the diagnosis and treatment of prostate
adenocarcinoma (PRAD).

Method By integrating clinical and transcriptomic data from TCGA-PRAD, we initially identified key endothelial cell-
related genes in PRAD samples through single-cell analysis. Subsequently, cluster analysis was employed to classify
PRAD samples based on the expression of these endothelial cell-related genes, allowing us to explore their correlation
with patient prognosis and immunotherapy outcomes. A diagnostic model was then constructed and validated using
a combination of 108 machine learning algorithms. The XGBoost and Random Forest algorithms highlighted the
significant role of COL1AT, and we further analyzed the expression and correlation of COLTAT, AR, and EGFR through
multiplex immunofluorescence staining. In vitro experimental analysis of the impact of COLTA1 on the progression of
PRAD.

Results Single-cell analysis identified 12 differential prognostic genes associated with endothelial cells. Cluster
analysis confirmed a strong correlation between endothelial cell-related genes and both prostate cancer prognosis
and immunotherapy responses. Diagnostic models developed using various machine learning techniques
demonstrated the significant predictive capability of these 12 genes in the diagnosis of prostate cancer. Furthermore,
based on patients’' prognostic information, multiple machine learning analyses highlighted the critical role of COLTAT.
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Immunofluorescence analysis results confirmed that COL1A1 is highly expressed in prostate cancer and is positively
correlated with both AR and EGFR. In vitro experiments confirm that reducing COLTAT expression levels can inhibit

PRAD progression.

Conclusion This study provides a comprehensive analysis of the role of endothelial cell-related genes in the
diagnosis, prognosis, and immunotherapy of prostate cancer. The findings, supported by various machine learning
algorithms and experimental results, highlight COLTA1 as a significant target for the diagnosis and immunotherapy of

PRAD.

Keywords Single cell analysis, Machine learning, PRAD, Endothelial cell, COLTA1

Introduction

Prostate cancer is a type of malignant growth that begins
in the prostate’s epithelial cells, with prostate adenocar-
cinoma (PRAD) being the most common form of this
disease [1, 2]. In the United States, projections indicate
there will be 299,010 new cases diagnosed and 35,250
deaths attributable to the disease in 2024 [3]. The clini-
cal progression of individuals with PRAD shows con-
siderable variability; patients with localized PRAD
often experience long survival durations without tumor
advancement, whereas those with invasive or metastatic
PRAD tend to experience swift progression and presently
have limited treatment options available [4]. The man-
agement of PRAD heavily relies on androgen deprivation
therapy (ADT). Nevertheless, within five years, approxi-
mately 10-20% of patients might advance to castration-
resistant prostate cancer, and 15-33% may face the
development of tumor metastasis [5]. These challenges
significantly impact patient outcomes, underscoring the
urgent necessity for enhanced treatment and monitoring
methodologies.

The combination of single-cell analysis with machine
learning in diagnosing and treating prostate cancer repre-
sents significant advancements in oncology, particularly
in customizing patient care and improving treatment
outcomes [6]. Single-cell analysis enables the exploration
of individual cancer cells, providing crucial insights into
their unique characteristics and responses to therapy,
which is vital given the diversity observed within tumors
[7, 8]. In conclusion, employing single-cell analysis and
machine learning for prostate cancer diagnosis and ther-
apy is reshaping the sphere of oncology. These advanced
tools are essential for comprehending tumor diversity,
anticipating treatment responses, and personalizing
patient care, thus offering significant potential for better
management of prostate cancer.

Recent research has highlighted the importance of
endothelial cells in the development and spread of PRAD,
along with their potential role as diagnostic biomark-
ers and therapeutic targets. An important observation
reveals that endothelial cells originating from pros-
tate tumors possess distinct angiogenic properties and
express various receptors, including those for androgens

and VEGE. This indicates that such cells are actively
involved in the tumor microenvironment, rather than
simply acting as passive elements, thereby playing a cru-
cial role in tumor growth and metastasis. For example,
studies have shown that anti-angiogenic agents like Suni-
tinib and Sorafenib can impact the proliferation, survival,
and movement of these endothelial cells associated with
tumors, underscoring their promise as therapeutic tar-
gets in managing PRAD [9]. Furthermore, the regulation
of particular genes within endothelial cells may act as
indicators for PRAD. For instance, research on circulat-
ing tumor-associated endothelial cells has surfaced as a
noteworthy method to enhance diagnostic precision for
clinically important prostate cancer. Identifying tCECs in
the bloodstream correlates with the presence of aggres-
sive tumors, and analyzing these cells can significantly
boost the positive predictive value (PPV) of prostate-
specific antigen (PSA) testing, which often experiences
low PPV [10]. This innovative approach could help in
stratifying patients who require biopsy, thereby reducing
unnecessary procedures and associated complications.
In addition to their diagnostic potential, endothelial
cells are also implicated in the therapeutic landscape of
PRAD. The interaction between endothelial cells and
prostate cancer cells can promote tumor invasion and
metastasis through various signaling pathways. For
instance, endothelial cells have been shown to secrete
CCL5, which induces autophagy in prostate cancer cells,
thereby enhancing their invasive capabilities. Targeting
this CCL5/CCRS5 signaling pathway, along with autoph-
agy inhibition, has been proposed as a strategy to reduce
metastasis in advanced prostate cancer models [11]. In
our study, we conducted a comprehensive analysis of the
role of endothelial cell-related genes in the diagnosis,
prognosis, and immunotherapy of prostate cancer using
single-cell analysis and machine learning algorithms. The
XGBoost and Random Forest algorithms consistently
identified COL1A1 as one of the top five genes associ-
ated with the prognosis of patients with prostate cancer
(PRAD). Utilizing the GOsemsim algorithm, we eluci-
dated the significant role of COL1A1 as an endothelial
cell-related gene. The insights gained from studying these
cells may lead to the development of improved diagnostic
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tools and novel treatment strategies, ultimately enhanc-
ing the management of this prevalent malignancy.

Materials and methods

Datasets and patient samples

The TCGA database comprises data from 52 normal
prostate samples alongside 498 samples of PRAD. The
diagnostic model related to endothelial cell genes was
assessed using the GSE14206 (53 tumor samples and 14
normal prostate samples), GSE46602 (36 tumor samples
and 14 normal prostate samples), GSE6956 (69 tumor
samples and 20 normal prostate samples), and GSE71016
(48 tumor samples and 47 normal prostate samples) data-
sets. Furthermore, 100 prostate cancer tissue cases and
50 adjacent non-cancerous tissue cases were sourced
from Shanghai Outdo Biotech Company.

Cluster analysis

Expression profiles derived from RNA sequencing and
pertinent clinical data for PRAD were sourced from the
TCGA database. Consistency analysis was conducted
using the ConsensusClusterPlus R package (v1.54.0),
which permitted a maximum of six clusters while sam-
pling 80% of the total samples across 100 iterations. The
‘hc” clustering algorithm was utilized, integrating the
inner linkage method ‘ward.D2! Heatmaps for cluster-
ing were generated employing the pheatmap package in
R (v1.0.12) [12].

Analysis of the correlation between endothelial cell-related
gene and immune cell infiltration

To guarantee an accurate evaluation of immune scores,
we made use of immunedeconv, an R package that incor-
porates six of the latest algorithms designed to assess
immune cell infiltration: TIMER, xCell, MCP-counter,
CIBERSORT, EPIC, and quanTIseq [13, 14]. Each of these
algorithms has been thoroughly benchmarked, showcas-
ing its distinct performance and benefits. In our research,
we focused particularly on the MCP-counter algorithm
for our analysis. In addition, the GSE141445 data set in
the TISCH2 database is also used to perform immune
analysis from the perspective of single cell analysis [15].

Constructing diagnostic model

In order to create a highly accurate and consistently
performing diagnosis model for PRAD, we incorporate
a variety of machine learning algorithms in different
configurations. The training dataset includes data from
TCGA-PRAD, while validation is carried out with the
GSE14206, GSE46602, GSE6956, and GSE71016 datasets.
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Immunofluorescence method to analyze the expression of

COL1A1, AR and EGFR in PRAD tissue

The sections were subsequently placed into a repair box
containing a pH 9.0 EDTA alkaline antigen repair solu-
tion and subjected to heating in a pressure cooker for
2 min. After allowing them to cool under natural con-
ditions, the sections were washed three times with PBS
(pH 7.4), each wash lasting 5 min with gentle shaking.
Following this, they were incubated for a duration of
15 min in a 3% hydrogen peroxide solution, maintained
at room temperature and shielded from light. A blocking
solution was then applied dropwise to ensure complete
coverage of the tissue, followed by a blocking period of
30 min at room temperature. Afterward, antibodies tar-
geting COL1A1 (67288-1-Ig), AR (22089-1-AP), and
EGER (18986-1-AP) were diluted in an antibody diluent
and added to each section, which were then incubated
overnight at 4 °C. The following day, the sections under-
went three additional washes with PBS, with each wash
lasting 5 min. Once excess liquid was gently shaken off, a
poly-HRP secondary antibody that matched the primary
antibody’s species was applied dropwise and incubated at
room temperature in the dark for 10 to 20 min.

Gene enrichment analysis

The Limma package from R software (version 3.40.2) was
employed to assess the differential expression of COL1A1
mRNA. In order to further explore the functions of
potential targets, we performed a functional enrich-
ment analysis on the resulting data. The KEGG enrich-
ment analysis acts as a useful resource for examining
gene functions and related high-level genomic functional
details. To enhance our comprehension of the oncogenic
functions of the target genes, we utilized the ClusterPro-
filer package in R to analyze the Gene Ontology (GO)
functionalities of the potential mRNAs and enrich the
KEGG pathways [16].

Cell culture and transient transfection

The DU145 and PC3 cell lines were obtained from the
Shanghai Institutes of Biological Sciences. Primary
human umbilical vein endothelial cells were purchased
from Shanghai Zhonggiao Xinzhou Biotechnology
Co., Ltd. The DU145 cells were cultured in RPMI 1640
medium, supplemented with 10% fetal bovine serum, 100
U/mL penicillin, and 100 pg/mL streptomycin. PC3 cells
were cultured in F-12K medium, which contained equal
concentrations of penicillin, streptomycin, and FBS as
those used for the DU145 cells. All cell lines were incu-
bated in a 37°C environment with 5% CO2. All siRNAs
used in this study (siCOL1A1#1: 5-CGGCCAACCUGG
UGCUAAATT-3; siCOL1A1#2: 5'-GAAAUCAACCGG
AGGAAUUTT-3’) were purchased from general biologi-
cal company.
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Quantitative real-time polymerase chain reaction (qRT-
PCR)

Total RNA was extracted from DU145 cell line using
TRIzol reagent. For cDNA synthesis, 500 ng of RNA
was utilized with the HiScript II SuperMix. The SYBR
Green Master Mix facilitated the qRT-PCR process in the
ABI 7500 System. The conditions for PCR amplification
included 45 cycles consisting of 10 min at 94 °C, followed
by 10 s at 94 °C, and then 45 s at 60 °C. GAPDH served
as the internal reference. Below is the list of primer pair
sequences for the target genes: VEGFC (Forward: GCG
CTGATCCCCAGTCCG, Reverse: AGGACAGACATCA
GCTCATC), VEGFRI (Forward: GGCCCGGGATATTT
ATAAGAAC, Reverse: CCATCCATTTTAGGGGAAGT
C) and GAPDH (Forward: CGGAGTCAACGGATTTG
GTCGTAT, Reverse: AGCCTTCTCCATGGTGGTGAA
GACQC).

Transwell migration and invasion assays

Migration experiments commence by placing Transwell
inserts into a 24-well plate. An appropriate volume of 250
pL of serum-free medium is added to the upper cham-
ber of each Transwell, while 700 pL of serum-containing
medium is introduced into the lower chamber. Cultured
cells are washed with sterile PBS, followed by digestion
with trypsin, which is subsequently halted by adding the
cell mixture to a tube containing serum-free medium.
The cells are then counted, and the cell suspension is
adjusted to the desired concentration before adding 200
pL of the cell suspension to the upper chamber of the
Transwell. Care should be taken to avoid the formation
of bubbles. The Transwell plate is incubated at 37 °C
with 5% CO2 for 24-48 h to facilitate cell migration.
Upon completion of the incubation period, the Transwell
insert is removed. The upper chamber is gently washed
with sterile PBS to eliminate non-migrated cells, and the
migrated cells in the lower chamber are fixed using a fixa-
tive. After fixation, a PBS wash is performed, followed by
staining with 0.1% crystal violet. For the invasion experi-
ment, a layer of Matrigel is evenly coated in the upper
chamber of the Transwell, in accordance with the afore-
mentioned protocol.

Cell scratch and proliferation assays

Cell scratching experiment: First, culture cells in an
appropriate dish until they reach approximately 80—90%
confluence. Use a sterile pipette tip or scratching tool
to create a scratch in the cell monolayer, simulating a
wound. Gently wash the dish to remove floating cells,
then add fresh culture medium. Immediately observe
the cells using a microscope and capture images at the
0-hour mark. Place the Petri dish back into the incuba-
tor. After 24 h, remove the culture dish, observe the cells
again, and take additional images to assess cell migration.
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The proliferation experiment consists of CCK8 and col-
ony formation assays. For the CCK8 assay, first prepare a
96-well cell culture plate and add 1,000 treated cells per
well. Once the cells have adhered, add 10 uL of CCK8
reagent to each well. The results obtained after a 2-hour
incubation period are considered the 0-hour results.
Samples are then incubated under the same conditions
for specified durations (24, 48, or 72 h) before detection.
For colony formation assays, treated cells were plated at a
density of 3,000 cells per well. After a duration of 5 days,
the cells were fixed using a fixative and subsequently
stained with crystal violet.

Flow cytometry

Collect the cells from each group in the control group
and the siCOL1A1 group for flow cytometry analysis.
Digest the cells with 0.25% trypsin at room temperature
for 10 min, then centrifuge at 1200 rpm for 15 min. Col-
lect the cell pellet and wash it three times with PBS. Pre-
pare a cell suspension at a concentration of 1x 10”5 cells/
ml. Take 100 pL of this 1x10”5 cell suspension and add
a fluorescently labeled phenotypic antibody CD31 (14-
0319-82). Incubate, wash, and then analyze using the flow
cytometer to assess surface antigen expression in each

group.

Western-blot

Total protein was extracted from cells or tissues utilizing
RIPA buffer. Following quantification, equal quantities of
protein were separated using 10% SDS-PAGE and sub-
sequently transferred to a PVDF membrane. The mem-
brane was blocked with 5% skim milk for 2 h, and the
antibodies were incubated overnight at 4 °C. After this,
a secondary antibody was applied to the membrane and
incubated at room temperature for 2 h. The visualization
of immunoblotting was achieved with an ECL kit and
analyzed using Chemiluminescent Imaging.

Statistical analysis

The expression levels of genes associated with endothe-
lial cells in both PRAD and normal tissues were evaluated
using the Wilcoxon rank-sum test. Prognostic analysis
was conducted using the log-rank test. Spearman cor-
relation analysis was employed to assess correlations
between quantitative variables that do not follow a nor-
mal distribution. A significance level of less than 0.05 was
set to determine statistical relevance.

Result

The level of endothelial cell infiltration is related to the
prognosis of PRAD patients

In the TCGA-PRAD dataset, we examined the variations
in the infiltration levels of different immune cell types in
PRAD samples as opposed to normal prostate samples
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by utilizing the MCP-counter algorithm. Our examina-  prognosis. It was particularly noteworthy that the levels
tion uncovered notable disparities in the infiltration lev-  of B cell and endothelial cell infiltration were significantly
els of endothelial cells, neutrophils, myeloid dendritic linked to patient outcomes; in particular, increased lev-
cells, macrophages/monocytes, monocytes, NK cells, els of these two immune cell types were associated with
and T lymphocytes (Fig. 1A-B). The abundance percent-  worse prognoses (Fig. 1D). Since no significant difference
age of immune cells infiltrating tumors for each sample  was observed in B cell infiltration levels between PRAD
was then depicted as a heat map (Fig. 1C). Furthermore, and normal prostate samples, our future research will
the Kaplan-Meier (KM) curve demonstrated the rela- mainly concentrate on endothelial cells.

tionship between various immune cell types and patient
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Fig. 1 Levels of infiltration by high endothelial cells correlate with unfavorable outcomes for patients. (A-B) Variations in the infiltration levels of various
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the samples. (D) The prognostic significance of distinct immune cell populations in PRAD
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Identifying key endothelial cell genes

Single-cell RNA sequencing (scRNA-seq) is a power-
ful technique for investigating the heterogeneity of cell
type composition within the tumor microenvironment
(TME). TISCH?2 is a dedicated scRNA-seq database that
focuses on TME-related datasets. Utilizing the TISCH2
database, we analyzed the infiltration differences of
various immune cells within the GSE141445 dataset.
Employing single-cell analysis technology, the samples
in the GSE141445 dataset were categorized into eight
distinct cell groups (Fig. 2A-B). The predominant cell
type identified was epithelial cells, followed by endo-
thelial cells (Fig. 2C-D). We then collected genes exhib-
iting a Log2 fold change (Log2FC) greater than 1 and a
p-value less than 0.5, which were subsequently screened
against clinical information from the TCGA-PRAD data-
set. Ultimately, we identified 12 differential prognostic
genes related to endothelial cells. Violin plots illustrate
the expression levels of these 12 genes across different
immune cell types (Fig. 2E-F). Finally, the expression and
prognostic differences of these 12 endothelial cell-related
genes are presented through box plots and forest plots
(Fig. 2G-H).

Cluster analysis

In recent years, the concept of precision medicine has
advanced the study of subgroup typing among individual
research subjects. In our study, we further investigated
the functions of endothelial cell-related genes through
cluster analysis. Based on the cumulative distribution
function (CDF) curve and the CDF delta area curve,
we opted to divide the TCGA-PRAD samples into two
clusters. Furthermore, we deduced the ideal number of
clusters by identifying the K value that corresponds to
the lowest Proportion of Ambiguous Clusters (PAC)
score. PAC measures the intermediate section, which is
defined as the percentage of sample pairs where the con-
sensus index lies within the range (ul, u2) € [0, 1]. In
this context, ul approaches 0, and u2 approaches 1 (for
instance, ul=0.1 and u2=0.9). A decrease in PAC values
denotes a more level middle area and a lesser frequency
of inconsistent classifications in the permuted cluster-
ing experiments. In conclusion, we recognized K=2 as
the best grouping option (Fig. 3A-D). We also analyzed
the expression differences of 12 endothelial cell-related
genes between cluster 1 and cluster 2, presenting the
results through heat maps and box plots (Fig. 3E-G).
Subsequently, we examined the differences in progres-
sion-free survival (PFS) and disease-free survival (DFS)
among patients in the two clusters, revealing that patient
in cluster 2 experienced worse PFS and DFS (Fig. 3H-I).
Given the significant role of gene mutations in tumor
progression, we also analyzed the top ten genes with high
mutation rates in the two clusters (Fig. 3J-K). Finally, we
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explored the potential mechanisms underlying the prog-
nostic differences between patients in cluster 1 and clus-
ter 2 using KEGG analysis. Our findings indicated that
the cAMP signaling pathway was significantly enriched
in cluster 1, while the PI3K-AKT signaling pathway and
multiple immune-related pathways were enriched in
cluster 2 (Fig. 3L-M).

Endothelial cell-related genes associated with
immunotherapy in PRAD patients

The growth and development of tumors are closely asso-
ciated with immune cells in their microenvironment
[17, 18]. Analyzing immune infiltration can enhance
our understanding of how various types of immune cells
influence tumor initiation, progression, and metastasis.
In our analysis, we observed significant differences in
the presence of endothelial cells, myeloid dendritic cells,
macrophages/monocytes, monocytes, B cells, NK cells,
CD8+T cells, and T cells overall (Fig. 4A). Subsequently,
we examined the expression differences of immune
checkpoint-related genes across the two clusters, iden-
tifying significant variations in ITPRIPL1, SIGLECI15,
TIGIT, PDCD1LG2, PDCD1, LAG3, HAVCR2, CTLA4,
and CD274 (Fig. 4B). We further illustrated the expres-
sion differences of immune checkpoint genes in distinct
clusters using heat maps (Fig. 4C). Immune checkpoint
blockade (ICB) therapy has transformed the treat-
ment landscape for human cancers, and we employed
the Tumor Immune Dysfunction and Exclusion (TIDE)
algorithm to predict the response of different clusters
to potential immune checkpoint inhibitors. Our find-
ings indicated that cluster 2 exhibited significantly
higher TIDE scores compared to cluster 1 (Fig. 4D).
TIDE employs a set of gene expression markers to assess
two different mechanisms by which tumors evade the
immune response: the impairment of tumor-infiltrating
cytotoxic T lymphocytes (CTLs) and the rejection of
CTLs due to immunosuppressive elements. An elevated
TIDE score is associated with lower effectiveness of ICB
therapy and a decreased survival duration following ICB
treatment. As a result, individuals classified in cluster 2
are expected to have less favorable ICB results, indicating
a grim prognosis tied to this cluster. Finally, we examined
the distribution of patients across various clinical stages
within the separate clusters. Our results reveal signifi-
cant differences in the population distribution of clusters
1 and 2 concerning T stage, N stage, and various tumor
outcomes (Fig. 4E-H).

Build a diagnostic model

To enable the prompt identification of patients with
PRAD, our objective was to create a diagnostic model
focused on this condition. The initial training phase
made use of the TCGA-PRAD dataset, while subsequent
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sis of 12 endothelial cell-regulated genes within the TCGA-PRAD dataset. (H) Prognostic variations linked to 12 endothelial cell regulatory genes in the
TCGA-PRAD dataset
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Fig. 3 Subgroup classification. (A) Cumulative Distribution Function curve. (B) CDF Delta area curve. (C) The heat map of the consensus clustering. (D)
Consensus clustering group diagram. (E-G) Expression analysis of endothelial cell-related genes. (H-1) Prognostic analysis among different clusters. (J-K)
Mutation analysis of different clusters. (L-M) Gene enrichment analysis of different clusters
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Fig. 4 Endothelial cell-related genes linked to immunotherapy efficacy. (A) Analysis of immune cell infiltration levels in different clusters. (B-C) Expres-
sion analysis of immune checkpoint-related genes in different clusters. (D) Analysis of the effects of ICB treatment on different clusters of patients. (E-H)
Population distribution of patients in different clusters in different clinical stages

validation incorporated four other datasets: GSE14206,
GSE46602, GSE6956, and GSE71016. We first illustrated
the predictive potential of 12 genes associated with endo-
thelial cells for the onset of PRAD, analyzing this across
the five datasets with the help of ROC curves (Fig. 5A).
Following this, we combined different machine learn-
ing techniques to advance the development of predictive
models for diagnosing PRAD. Among several machine
learning combinations, the plsRglm algorithm pair was

identified as the most successful in terms of constructing
models (Fig. 5B). The AUC for the TCGA-PRAD train-
ing dataset reached 0.917, while the AUC values for the
validation datasets GSE14206, GSE46602, GSE6956, and
GSE71016 were 0.693, 0.742, 0.808, and 0.715, respec-
tively. This model employed the 12 endothelial cell-
related genes through the plsRglm algorithm (Fig. 5C).



Cong et al. Biology Direct (2025) 20:3 Page 10 of 19

XGBoost z
0 B c o :
- jmiorvard) 2
o Stepgimibotn]+pisRgim 2
Stepgimipaciwardj+LOA
o . i o) rdl ‘Stepgimfbackwardj+plsRgim 2
Ridge 2
i RE+plsRm 2
r PpisRgim 2
gos gos 4 g NaveBayes 2
£ £ TP £ o8 2
g z LS g LassospisRgim 2
i 550 2
04 Fos 2 3 gmBoostepisRgim 2
£ H RF+Enet{alpha=0.3] Gom 2
L LJ L RE+Enetiapha=0.4] " 2
TCGA-PRAD TCGA-PRAD RE+Enetiapha=02] 2
02 0z mBoostsGaM netjapha~
— NOUFASL? (AUC = 0.593) — BON (AUC =073 L st Enetalpha=0.] 2
= GlaRiace 20ssn aue 2
— COLIA1 (AUC = 0801) i RE+Enetfapha=0.5] 2
o T ~ RNASE? (AUC = 0694) sa RF+Enelfaipha=0.1] 2
% oz os o5 oa 10 oo oz we 10 a0 oz os os o5 10 Moo e :
1-Specificty (FPR) |—Speenimly 1Fpm 1-Specificiy (FPR) 04 RF+Enef{alpha=0.7] 2
Lass0+XGBoo
10 10 9 10 1
0 L‘r_ L 1] o o Lassossippimionarc]
| w J d Lassos!
- —- 1 CSEdse02 ,
o8 B o8 - 08 ’ z F GSEasse Lasmo0A
T 2 CT .~ Gseriote
=f . o e 4 N TCGA-PRAI Stepgim{both]+XGBoost
o “ - Sipgmoot oSV
06 [ : gos gos ¥ Stepgimiboth}+Ridge
E B g 1 ‘Stepgim{backward]sgimBoost Stepgim{botn}+NaiveBayes
Al 3 3 B StepgimibotnjsLDA
H : : £ Suppiibotsgingcos SuvompumLaso
L " Foa 504 oot Stepgimibotn}+GBM
3 il Il 3 3 gimBoost+Enetfaipha=0.5]
4 st R
7
S GSE46602 . GSE46602 i GSEAs802 gmBoost+Enelapha=02]
B - 8oy U= 0890 — CRIP2 (AUC = 0.857) 1 - posTuauc =083y gimBoost+Enetiaipha=0.6]
= CA2 (AUC = 0705) ~ I6rePs (Alic <0671 1 (AUC = 0.498) Stepg -
TR e Efmtis e sy :
- — COLIA1 (AUC =0752) G g ) o gmBoostsEnetaiphaz0 7]
02 04 06 08 10 00 02 04 06 08 10 :
1-Specifcity (FPR) 1-Specifcity (FPR) Stepgimibot
Stepgimibackward]sXGBoost
L | [ ‘Stepgim{backward}+SVM
o tepgimibackward]sRidge
Stepgimibackward]NaiveBayes
08 net(alpt Stepgim(backward]+LDA
gmBoosts Stepgimiorward Stepgimpaciwardj+Lssso
Enetla Stepgimibaciward]+GEM
g gos o
£ z
H z
3 504 Enetfaipha=03]
38 3 Enetfaipha=0.4] 3]
Enetaipha=0.5]
GSE14206 GSE14206 P GSE14206 Stepgimibackwardj+XGBoost )
~ BON (AUC = 0674 ~ CRIP2 AUC= 0 733) AUC = 0452 ‘Stepgim{backward]sRidge:
~ I ACoem IGFBP3 (AUC = 0.567) ARG AU o738 oo > '“1,,‘] .a::. LassosStepgim{botn]
o fans ~ NDUFAAL2 (AUC = 0.604) ‘S100A13 (AUC = 0.782) Enetiapha=02] Lasso+Stepgim{backward]
~ COL1AI uuc PrYEC ~ NOTCH4 (AUC = 0.557) a5 — SPARC (AUC = 0.613) LassovgimBoost
02 o4 08 o8 10 00 o2 06 o8 10 gimBoosts Stepgim{packward] oo
1-Specificity (FPR) 1 Sudﬁ:ﬁy{FPR) ‘gimBoost+Stepgim{both] gimBoosts: Slepglnilnmiva]
, Stepgimpon}+GBM imBoost+Ridge
z L

°

°

Sensitvty (TPR)
Sensitivity (TPR)

GSET1016 GSE71016 GSE71016

~ BGN (AUC = 0636) ~ CRIP2 (AUC = 0.467) — POSTN (AUC = 0657) Stepgim{backwardj+Lasso gmgoosts Swpginibackvent]
— CA2 (AUC = 0627) = IGFBP3 (AUC = 0549)  RRASEH (RUC <057y imBoosteRF
COL1BAT (AUC = 0.640) NDUFAAL2 (AUC = 0553)

~ COL1A1 (AUC = 0.525)

— NOTCHA (AUC = 0628) Ay

imBoost+LDA

Stepgimibothj+Lasso Wrimsorpoin

i ‘Stepgimipackward}sGBM gimBoosteGBM
1

praishoc g\mmsl NaiveBayes

gimBoostsEnetfalpha=0.7]

gimBoosteEr

gimBoosteEr
gimBoosteEne]

Stepgim{bothj+Enet{aipha=0.7

gimBoosteStepgimfboth)

StepgimboRE

tepgim{both]+gimBoost

00 02 04 05 08 10 00 02 04 06 08 10 00 o0z 04 05 08 10 StepgimbackvardlogimBoost
1-Specificity (FPR) RF+S\
RF+Stepgimfforward)
z RF+Ridge
d RE+NaiveBayes
RF+LDA
£
z
H r
g g
3 I s«mummm»ummm
GSE6956 GSE6956 o GSE6956 (both}+NaiveBayes RF+Enetfalpha=0 2]
A / LassorSVM RF+Enedopha-0]
~ BON (AUC =0.772) 2| = crip2 (Auc = 0.700) = -
= CA2 (AUC = 0624) ' ~ IGFBP3 (AUC = 0.655) o< N Stepgim{backward}sSVM
‘COL18A1 (AUC = 0.515) ¥ ~ NDUFA4L2 (AUC = 0556) ~ $100A13 (AUC = 0.533) ‘Stepgimiboth}+: SVM Lass
— COL1A1 (AUC = 0.847) d — NOTCHA (AUC = 0.551) — SPARC(AUC = 0.491) smwm{naumm: R

02 04 06 08 10
1-Speciicity (FPR)

gimBoosts v
RF+SVM

Stepgimfboth]

RF+ S!epq!m[baﬂ(mm]

0 02040608

Fig. 5 Optimal diagnostic models identified through machine learning algorithms. (A) Diagnostic relevance of genes in models across multiple datasets.
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models constructed with various algorithm pairings

Machine learning analysis identifies key endothelial cell
regulatory genes

Based on the MCP-counter algorithm, we determined
the endothelial cell infiltration level for each sample in
the TCGA-PRAD dataset. We analyzed and compared
the correlation between 12 endothelial cell-related genes
and the endothelial cell infiltration score. Our results
indicated that, with the exception of S100A13, there
was no significant correlation between the remaining
genes and the level of endothelial cell infiltration; how-
ever, the other 11 endothelial cell-related genes were all
positively correlated with the endothelial cell infiltra-
tion score (Fig. 6A). Subsequently, we employed the
XGBoost algorithm and the random forest algorithm to
rank the importance of the endothelial cell-related genes
by grouping the outcomes of patients’ PFS. Additionally,
we utilized the GOsemsim algorithm to rank the genes

based on their similarity (Fig. 6B-D). Our analysis results
highlight the critical role of COL1A1, which was found to
be positively correlated with the infiltration levels of vari-
ous immune cells (Fig. 6E). Furthermore, patients exhib-
iting high expression levels of COL1A1 demonstrated a
poor response to immune checkpoint blockade (ICB)
treatment (Fig. 6F). Finally, we stratified the TCGA-
PRAD dataset according to COL1A1 expression and ana-
lyzed the distribution of patients across different clinical
stages (Fig. 6G-K).

Functional analysis of COL1A1

In the TCGA-PRAD dataset, we initially classified the
samples according to the median expression levels of
COL1Al, dividing them into groups of high and low
COL1A1 expression, followed by a differential analysis
(Fig. 7A-B). The results of the KEGG analysis indicated
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that among the upregulated genes, pathways such as
the PI3BK-Akt signaling pathway, cytokine—cytokine
receptor interaction, EGFR tyrosine kinase inhibitor
resistance, and endocrine resistance were significantly

cano plot. (B) Difference analysis heat map. (C-D) KEGG analysis. (E-F) Cor-
COL1AT and EGFR. (I) Molecular docking of COLTAT and PRAD therapeutic

enriched (Fig. 7C). Conversely, among the downregu-
lated genes, pathways like neuroactive ligand—receptor
interaction were identified as enriched (Fig. 7D). Based
on these findings, we established a notable relationship
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between COL1Al and resistance to endocrine therapy
as well as EGFR tyrosine kinase inhibitors. Therefore, we
proceeded to analyze the correlation between COL1A1
and androgen receptor (AR) and EGFR. Our results dem-
onstrated that COL1A1 was positively correlated with
both AR and EGFR. Since AR and EGFR are recognized
as transcription factors, we investigated if COL1A1 is
influenced at the transcriptional level by AR and EGFR,
which was confirmed by our findings (Fig. 7E-H). Addi-
tionally, we explored the connection between COL1A1l
and AR-targeting medications via molecular docking
analysis. The results from the docking study suggested
that COL1A1 exhibits a significant binding affinity for
both bicalutamide and enzalutamide (Fig. 71).

Multiple immunofluorescence staining analysis of the
correlation between COL1A1, AR and EGFR

To delve deeper into the relationship between COL1Al,
AR, and EGFR, we carried out an extensive analysis
utilizing a PRAD tissue chip. Our study involved the
examination of 100 PRAD tissue samples, beginning
with the assessment of the link between COL1A1 and
AR. We presented immunofluorescence images show-
ing COL1A1l and AR for two of the samples, as well as
images displaying COL1A1 and EGER for another pair of
samples (Fig. 8A-B). A scatter plot demonstrated the rela-
tionship between COL1A1 and AR, indicating a positive
correlation with a coefficient of 0.351 (Fig. 8C). In a simi-
lar fashion, COL1A1 showed a positive correlation with
EGEFR, achieving a coefficient of 0.328 (Fig. 8D). Lastly,
we examined the relationship between EGFR and AR,
confirming that AR also exhibits a positive correlation
with EGER (Fig. 8E).

Expression analysis of COL1A1

In this part, we individually illustrate the expression vari-
ation of the critical gene COL1A1 in PRAD in relation to
genes associated with endothelial cells (Fig. 9A). The box
plot demonstrates a notable increase in COL1A1 expres-
sion in PRAD when compared to normal tissues (Fig. 9B).
Additionally, we examined COL1A1l expression across
various T stages and N stages, showing that COL1A1 lev-
els are greater in both advanced T stages and heightened
N stages (Fig. 9C-D).

Knockdown of COL1A1 inhibits PRAD progression

Initially, we downregulated the expression of COL1A1
in the PRAD cell lines DU145 and PC3. Our find-
ings indicated that siCOL1A1#1 was more effective in
inhibiting COL1A1 expression in both DU145 and PC3
(Fig. 10A). We conducted CCK8 and colony formation
assays to assess the changes in the proliferation capac-
ity of PRAD cells following COL1A1 knockdown. Our
experiments demonstrated that silencing COL1Al

Page 13 of 19

significantly reduced the proliferation of DU145 and
PC3 cell lines (Fig. 10B-E). Given the established rela-
tionship between endothelial cells and angiogenesis, we
also investigated the impact of COL1A1 knockdown on
angiogenic processes. The results revealed that silencing
COL1A1 markedly inhibited the angiogenic potential of
PRAD (Fig. 10F). Furthermore, we examined the effect
of COL1A1 knockdown on the metastatic capabilities
of DU145 and PC3. Our data confirmed that the meta-
static potential of both DU145 and PC3 was significantly
diminished following the introduction of siCOL1A1#1
(Fig. 10G-]J). CD31 has been identified as a marker for
PRAD endothelial cells, while VEGFC and VEGFR1
have been shown to play crucial regulatory roles con-
cerning PRAD endothelial cells. Correlation analysis
indicated a positive association between COL1A1 and
CD31, VEGFC, and VEGFR1 (Fig. 10K). Additionally, in
DU145 cells, we analyzed the effects of siCOL1A1#1 on
the expression levels of VEGFC and VEGFR1 mRNA. We
found that knocking down COL1A1 inhibited the expres-
sion levels of VEGFC and VEGFR1 (Fig. 10L). Addition-
ally, we analyzed the impact of COL1A1 knockdown on
the number of CD31-positive cells, revealing a significant
reduction in their quantity following COL1A1l knock-
down (Fig. 10M). Collectively, these findings confirm that
the knockdown of COL1A1 inhibits PRAD progression
by regulating endothelial cell dynamics.

Discussion
The treatment of patients with PRAD has advanced
significantly over the past few decades, with options
including surgery, radiation therapy, chemotherapy, and
hormonal therapy [19]. However, the effectiveness of
these treatments remains limited. Notably, 5% of PRAD
cases are metastatic at initial diagnosis, and the five-year
survival rate is less than 30%. This highlights the urgent
need for the development of new therapeutic targets [20].
Identifying novel targets could facilitate the discovery of
biomarkers for PRAD, thereby enhancing early screening
and diagnosis. Early detection is crucial for improving
disease outcomes and increasing cure rates [21]. Further-
more, by pinpointing new treatment targets, personalized
treatment plans can be devised. This allows for the selec-
tion of corresponding targeted therapies or immunother-
apies tailored to the patient’s specific genetic background
and tumor characteristics, ultimately reducing unneces-
sary side effects and improving treatment efficacy.
Endothelial cells are vital in the advancement and
spread of PRAD, affecting various elements of tumor
biology, such as angiogenesis, adhesion of cells, and the
characteristics of the tumor microenvironment. The
relationship between PRAD cells and endothelial cells
is intricate, encompassing numerous signaling pathways
and mechanisms. A key role of endothelial cells in the
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context of PRAD is their participation in angiogenesis,
which is the formation of new blood vessels from existing
ones. This mechanism is critical for both tumor growth
and metastasis since tumors depend on a blood supply
for essential nutrients and oxygen. In our study, we found
that the prognosis of PRAD patients was worse when the
level of endothelial cell infiltration increased, which also
reflects the oncogenicity of endothelial cells in PRAD.
Through single-cell analysis, we identified 12 differential
prognostic genes associated with endothelial cells. Nota-
bly, NDUFA4L2 has been linked to endothelial cells in
both liver and renal cancers [22, 23]. Furthermore, inhib-
iting Notch4 expression has been shown to reduce tumor
growth in mouse cancer models by targeting tumor endo-
thelial cells [24]. SPARC also plays a crucial role in main-
taining endothelial barrier function. Research indicates
that SPARC expression is upregulated in response to pro-
inflammatory stimuli, which correlates with increased
paracellular permeability and decreased transendothelial
electrical resistance in endothelial cells. These findings
suggest that SPARC may influence the integrity of the
endothelial barrier during inflammatory responses [25].
Additionally, IGFBP3 has been demonstrated to reduce
the adhesion of human umbilical vein endothelial cells to
the extracellular matrix by downregulating the transcrip-
tion of integrins. This inhibition of integrin expression
results in decreased phosphorylation of FAK and Src,
which are critical components of the signaling pathways
that mediate cell adhesion and migration. The disruption
of these pathways indicates that IGFBP3 can effectively
interfere with adhesion signaling in endothelial cells,
potentially impacting processes such as angiogenesis
and tumor metastasis [26]. Lastly, studies have shown
that BGN promotes the expression of VEGF through
its interaction with Toll-like receptors on endothelial
cells, thereby activating downstream signaling pathways
and enhancing endothelial cell function [27]. However,
no studies have yet confirmed the relationship between
COL18A1, CRIP2, S100A13, and other genes in relation
to their regulatory interactions with endothelial cells.
Subsequently, through multiple machine learning
methods, we analyzed the role of endothelial cell-related
genes in PRAD immunotherapy. In the context of immu-
notherapy, targeting the interactions between endothe-
lial cells and PRAD cells presents a potential strategy to
enhance treatment efficacy. Additionally, the modula-
tion of endothelial cell function may enhance the infil-
tration and activity of immune cells within the tumor,
potentially reversing the immunosuppressive effects of
the TME. Furthermore, the role of endothelial cells in
angiogenesis is critical in PRAD. The formation of new
blood vessels not only supports tumor growth but also
influences the distribution and efficacy of immune cells
within the TME. By targeting endothelial cell functions,
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such as angiogenesis, researchers aim to improve the
delivery and effectiveness of immunotherapeutic agents
[28]. Overall, the interplay between endothelial cells and
PRAD cells is complex and multifaceted. Understanding
these interactions is crucial for developing more effective
immunotherapy strategies. By targeting the mechanisms
through which endothelial cells influence tumor progres-
sion and immune evasion, it may be possible to enhance
the efficacy of existing immunotherapies and develop
novel treatment approaches for PRAD.

Based on the XGBoost and random forest algorithms,
we found that COL1A1, an endothelial cell-related gene,
exhibited a strong correlation with patient PFS. Further-
more, utilizing the GOsemsim algorithm, we conclude
that COL1ALl is the most significant gene among the
endothelial cell-related genes included in our analysis.
Recent studies have highlighted the complex interac-
tions between COL1A1 expression and various immune
components, which can influence the efficacy of immu-
notherapeutic strategies. Specifically, COL1A1 expres-
sion has been positively correlated with the abundance
of cancer-associated fibroblasts (CAFs) and macrophage
infiltration in several cancers, including gastrointesti-
nal cancers, bladder cancer, and head and neck squa-
mous cell carcinoma [29]. This relationship indicates that
COL1A1 might be involved in influencing the immuno-
suppressive TME, typically marked by the existence of
immune cells that can hinder effective anti-tumor reac-
tions. Moreover, the expression of COL1A1 has been
found to be negatively correlated with the quantity of
CD8+T cells in certain cancers, indicating that higher
levels of COL1A1 may be associated with reduced infil-
tration of cytotoxic T cells, which are crucial for effective
anti-tumor immunity [30]. This relationship underscores
the potential of COL1Al as a marker for immunore-
sistance, where tumors evade immune detection and
destruction. In conclusion, COL1A1 plays a pivotal role
in tumor immunotherapy by influencing the TME and
immune cell dynamics. However, the role of COL1A1
in PRAD has not yet been documented. In our study,
we identified COL1A1 as a potential target for immuno-
therapy in patients with PRAD. Furthermore, through
gene enrichment analysis, we discovered that COL1A1
is strongly associated with AR and EGFR. Consequently,
we analyzed the correlation among these three genes
using immunofluorescence staining, and our findings
were validated at the protein level. Finally, through cell
experiments, we demonstrated the potential of COL1A1
as a therapeutic target for PRAD. The expression level of
COL1AL1 can serve as a biomarker to assess the response
of prostate cancer patients to various treatment options.
By quantifying COL1A1 expression, clinicians can more
accurately predict patient prognosis and develop person-
alized treatment plans. Furthermore, considering the role
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of COL1Al in the tumor microenvironment, the devel-
opment of targeted therapies against COL1A1 may offer
new treatment alternatives for prostate cancer patients.
Such targeted therapies could be combined with existing
hormone therapies or immunotherapies to enhance effi-
cacy and mitigate drug resistance.

Conclusion

Through the application of single-cell analysis technology
and machine learning, we identified the critical role of
endothelial cell-related genes in PRAD. COL1Al, recog-
nized as an endothelial cell-related gene, may serve as a
potential immunotherapy target for patients with PRAD.
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