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Evaluating the predictive
value of angiogenesis-related
genes for prognosis and
Immunotherapy response in
prostate adenocarcinoma
using machine learning and
experimental approaches

YaXuan Wang', JiaXing He', QingYun Zhao', Ji Bo, Yu Zhou,
HaoDong Sun, BeiChen Ding* and MingHua Ren*

Department of Urology, The First Affiliated Hospital of Harbin Medical University, Harbin, China

Background: Angiogenesis, the process of forming new blood vessels from pre-
existing ones, plays a crucial role in the development and advancement of
cancer. Although blocking angiogenesis has shown success in treating different
types of solid tumors, its relevance in prostate adenocarcinoma (PRAD) has not
been thoroughly investigated.

Method: This study utilized the WGCNA method to identify angiogenesis-related
genes and assessed their diagnostic and prognostic value in patients with PRAD
through cluster analysis. A diagnostic model was constructed using multiple
machine learning techniques, while a prognostic model was developed
employing the LASSO algorithm, underscoring the relevance of angiogenesis-
related genes in PRAD. Further analysis identified MAP7D3 as the most significant
prognostic gene among angiogenesis-related genes using multivariate Cox
regression analysis and various machine learning algorithms. The study also
investigated the correlation between MAP7D3 and immune infiltration as well as
drug sensitivity in PRAD. Molecular docking analysis was conducted to assess the
binding affinity of MAP7D3 to angiogenic drugs. Immunohistochemistry analysis
of 60 PRAD tissue samples confirmed the expression and prognostic value
of MAP7D3.

Result: Overall, the study identified 10 key angiogenesis-related genes through
WGCNA and demonstrated their potential prognostic and immune-related
implications in PRAD patients. MAP7D3 is found to be closely associated with
the prognosis of PRAD and its response to immunotherapy. Through molecular
docking studies, it was revealed that MAP7D3 exhibits a high binding affinity to
angiogenic drugs. Furthermore, experimental data confirmed the upregulation of
MAP7D3 in PRAD, correlating with a poorer prognosis.
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Conclusion: Our study confirmed the important role of angiogenesis-related
genes in PRAD and identified a new angiogenesis-related target MAP7D3.
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1 Introduction

Prostate adenocarcinoma (PRAD) is the most common solid
tumor and the fifth leading cause of cancer death in men, and is now
considered a global public health problem (1). Various genetic and
environmental factors, including advanced age and family history of
PRAD, have been identified as risk factors (2). The majority of
patients present with nonspecific symptoms such as decreased
urinary flow, urgency, increased nocturia, and incomplete bladder
emptying, leading to late-stage diagnosis and high mortality rates
(3). While advancements in radiotherapy, targeted therapy, and
immunotherapy have improved patient outcomes, the challenge of
achieving a complete cure for PRAD patients remains significant.
Understanding the etiology and pathogenesis of PRAD and
developing new treatment strategies are crucial in addressing this
pressing issue.

Angiogenesis is the process of developing new vascular
structures from existing capillaries or post-capillary venules. This
involves the degradation of the vascular basement membrane,
stimulation, proliferation, and migration of vascular endothelial
cells, and remodeling to form new blood vessels and networks (4).
Hypoxia, particularly within the hypoxic regions of solid tumors, is
a key factor influencing tumor cell response by impeding the
infiltration of immune cells and reducing their anti-tumor activity
(5). The response of tumor endothelial cells to hypoxic signals acts
as a switch for angiogenesis (6). Disruption of angiogenesis through
anti-angiogenic therapies can result in significant hypoxia and
promote resistance to tumor drugs (7). Tumors require new
blood vessels to support their growth by supplying oxygen and
nutrients and eliminating metabolic waste. Angiogenesis is typically
initiated once a tumor reaches a certain size, typically around 1-2
mm in diameter (8). Solid malignant tumors, such as PRAD, rely on
a sufficient blood supply to support their growth, development, and
spread (9). Recent studies have confirmed the role of exosomal
PGAMI in promoting PRAD angiogenesis, suggesting its potential
as a diagnostic marker for PRAD metastasis (10). Interleukin-30
disrupts prostate cancer cross-talk with endothelial cells by
enhancing angiogenesis (11). The expression of FOXA1 in
prostate cancer is positively associated with cancer vessel
lymphatic invasion and metastasis, likely due to its regulation of
angiogenesis (12). Additionally, Ephrin-A2 has been found to
promote prostate cancer metastasis by stimulating angiogenesis
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(13). Therapy targeting angiogenesis not only inhibits the growth
of tumor blood vessels but also restores their abnormal structure
within tumors. This normalization of the vasculature shifts
suppressive immune conditions to an immune-stimulated state.
The activation of the immune system due to therapy also aids in
improving the structure of blood vessels, creating a beneficial cycle
of mutual enhancement (14). Therefore, a thorough investigation
into the role of angiogenesis in PRAD not only aids in early
detection but also holds significant value for immunotherapy
in PRAD.

The purpose of this study was to explore the importance of
angiogenic genes in the diagnosis, prognosis, and treatment outcome
of PRAD. Initially, the ssGSEA algorithm was utilized to assess
angiogenesis scores in 498 samples from the TCGA-PRAD dataset
(15, 16). Subsequently, 10 prognostic differential genes related to
angiogenesis in PRAD were identified using the weighted gene co-
expression network analysis (WGCNA) method. Cluster analysis
was then conducted based on the expression of these 10 genes to
evaluate their correlation with patient prognosis, response to
immunotherapy and chemotherapy. An angiogenesis-related
diagnostic model was developed using 60 algorithms on the
TCGA-PRAD dataset and validated with the GSE62872 dataset.
Additionally, a prognostic model focusing on angiogenesis was
constructed using the least absolute shrinkage and selection
operator (LASSO) algorithm, demonstrating high predictive
accuracy for PRAD patient outcomes. Furthermore, the most
significant angiogenesis-related prognostic gene, MAP7D3, was
identified in PRAD using three machine learning methods. The
study has established a close relationship between MAP7D3 and
immunotherapy and chemotherapy in patients with PRAD.
Additionally, the high correlation between MAP7D3 and
angiogenesis-targeting drugs was confirmed using molecular
docking methods, suggesting a potential role for MAP7D3 in
angiogenesis-targeting therapy.

2 Materials and methods
2.1 Data acquisition

There are 498 PRAD samples and 52 corresponding normal
samples from the TCGA database included in the study.
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Additionally, our study also includes 264 PRAD samples and 160
normal prostate samples from the GSE62872 dataset.
Immunoinfiltration analysis of MAP7D3 in PRAD was conducted
using the GSE143791 dataset from the TISCH website.
Additionally, 60 cases of PRAD tissue and paired para-cancerous
tissue were procured from Shanghai Outdo Biotech Company. The
patients included in the tissue chip study underwent surgery
between January 2011 and December 2014, with a follow-up
period extending from November 2021, spanning 6 to 10 years.

2.2 Consistency cluster analysis

To analyze consistency, we utilized the ConsensusClusterPlus R
package (v1.54.0) (17). A total of 100 samples, each comprising
80%, were drawn repeatedly, resulting in the generation of up to 6
clusters. The hierarchical clustering approach involved setting
clusterAlg="hc” and innerLinkage="ward.D2’.

2.3 Constructing diagnostic and
prognostic models

We utilized multiple machine learning algorithms and
developed 108 combinations of different algorithms to build
PRAD diagnostic models. The training set consisted of the
TCGA-PRAD dataset, while GSE62872 served as the verification
set. For each algorithm combination, we computed the AUC value,
and the combination with the highest average AUC was deemed the
most optimal (18). The prognostic model was characterized by
LASSO regression algorithm and 10-fold cross-validation was used
for this analysis (19, 20). The R software glmnet package was used
for this analysis.

2.4 Immune infiltration and
chemotherapeutic drug sensitivity analysis

In order to assess the immune scores of genes related to
angiogenesis in PRAD, we utilized the immunedeconv tool (21).
For our study, we specifically employed the xCell algorithm due to
its ability to evaluate a wide range of immune cell types, making it
well-suited for our investigation. Furthermore, we utilized the
Genomics Database for Cancer Drug Sensitivity (GDSC) to
predict the response to chemotherapy for each sample. This
prediction process was conducted using the pRRophetic R
package. The tumor immunophenotyping (TIP) method
complements the existing ssGSEA and CIBERSORT methods and
can systematically track and analyze the proportion of tumor-
infiltrating immune cells in the tumor immune cycle (22). Our
study utilized the TIP method to investigate the relationship
between angiogenesis-related genes and immune cell infiltration
in PRAD. Furthermore, we employed the TISCH2 database to
assess the correlation between MAP7D3 and immune cell
infiltration in PRAD (23).
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2.5 Gene Set Enrichment Analysis

In Gene Set Enrichment Analysis (GSEA), we utilized version 3.0
of the GSEA software (24). In the content section of cluster analysis,
we grouped the data by cluster 1 and cluster 2. For enrichment
analysis on MAP7D3, we utilized the median expression of MAP7D3
as the threshold. Samples with expression levels higher than the
median were categorized as the high-expression group, while samples
with expression levels lower than the median were categorized as the
low-expression group. Then gene sets corresponding to relevant
signaling pathways are extracted from the molecular feature
database, and the signaling pathways and molecular mechanisms
related to gene expression are analyzed (25). The genome sizes were
constrained between 5 and 5000, with one thousand resamplings
conducted. A statistically significant P value below 0.05 was
considered for result interpretation.

2.6 Correlation analysis of MAP7D3 with
angiogenesis-targeting drugs

To assess the binding affinity of the key gene MAP7D3 with
angiogenic drugs, we employed a molecular docking approach for
analysis. The CB-Dock2 website (26) was utilized as a valuable tool in
our study, utilizing Vina score to assess the binding affinity of genes and
drugs. A Vina score below 5.0 kcal/mol is commonly considered indicative
of a more robust binding interaction between the gene and drug.

2.7 Immunohistochemical staining analysis
of MAP7D3 expression in PRAD tissues

The PRAD tissue chip underwent a series of preparation steps
including heating in an oven at 85°C for 15 minutes, soaking in
xylene for 20 minutes, immersion in various concentrations of
ethanol, citric acid treatment with antigen retrieval in a pressure
cooker, and subsequent rinsing with PBS and hydrogen peroxide
solution. The chip was then incubated with MAP7D3 antibody (bs-
18668R) overnight at 4°C, followed by rinsing, incubation with
secondary antibodies, DAB reagent treatment for color
development, and staining with hematoxylin. Immunostaining
intensity was scored from 0 to 3 based on reaction strength, and
a scale from 1 to 4 was used to assess the proportion of positive
staining. The final expression score was calculated by multiplying
the intensity and scale scores, with scores ranging from 0 to 5
indicating low expression and scores from 6 to 12 indicating
high expression.

2.8 Statistical analysis

All the analysis methods and R package were implemented by R
version 4.0.3. The statistical difference of two groups was compared
through the Wilcox test. A statistically significant difference is
indicated by p < 0.05.
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3 Results

3.1 Identification of angiogenesis-related
genes in PRAD

Within the TCGA-PRAD dataset, 498 samples were analyzed to
compute the angiogenesis score for each using the ssGSEA
approach. Subsequently, the samples were segregated into two
categories depending on the median angiogenesis score. In the
analysis conducted, the parameter power for the weight of the
adjacency matrix was set to 8 to guarantee a scale-free distribution
of the network. WGCNA, a computational method utilized for
deriving module information from extensive expression data,

10.3389/fimmu.2024.1416914

characterizes a module as a cluster of genes exhibiting
comparable expression profiles (Figure 1A). Pearson correlation
analysis was then performed to assess the correlation between
module characteristic genes and traits (Figures 1B, C). Notably,
the black module exhibited the highest correlation (correlation
coefficient of 0.5) with angiogenesis (Figure 1D). Differential
analysis of the TCGA-PRAD data set between cancer and normal
tissues identified 3125 differential genes (Figure 1E). P < 0.05 and
Log2 (Fold Change) >1.3 or Log2 (Fold Change) < -1.3 were defined
as thresholds for differential expression screening. Subsequently,
prognostic gene analysis in the TCGA-PRAD data set revealed 331
prognostic genes. By overlaying these sets using a Venn diagram, we
identified 10 prognostic-related angiogenesis differential
genes (Figure 1F).
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3.2 Consensus clustering analysis of
angiogenesis regulatory factors

The optimal cluster stability for k = 2 was determined by
assessing the similarity in expression levels of angiogenic
regulatory factors and fuzzy clustering measures (k = 2 to 6). A
total of 499 PRAD patients were then classified into two clusters:
cluster 1 (n =245) and cluster 2 (n = 253), based on their expression
levels of angiogenic regulatory factors (Figures 2A, B). In addition,
according to the average consistency evaluation within the

10.3389/fimmu.2024.1416914

clustering group, here, the number of clusters with the highest
average consistency within the group is also K=2 (Figure 2C).
Subsequently, we assessed the expression variances of
angiogenesis-related prognostic differential genes including
MAP7D3, FAM107A, GLIS1, GPR161, QSOX1, TMEM100,
C7orf31, ZNF536, KNDC1, and CACNAIH in the two clusters.
Our analysis revealed significant differences in all of the mentioned
genes (Figure 2D). Patients in cluster 1 exhibited a worse prognosis
in terms of both overall survival and disease-specific survival among
PRAD patients (Figures 2E, F). Given this conclusion, we are
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interested in understanding the regulatory mechanism. The
immune microenvironment plays a crucial role in tumor
progression, with angiogenesis closely linked to immune
mechanisms in tumors. Therefore, we hypothesize that the
difference in prognosis between the two patient clusters may be
related to immune mechanisms. This study delved deeper into the
relationship between two distinct clusters and immune cell
infiltration in patients with prostate adenocarcinoma (PRAD). By
utilizing the xCell algorithm, we assessed levels of immune cell
infiltration in 38 cells and identified significant differences in 23
cells between the two clusters (Figures 2G, H). This suggests that the
varying patient prognoses in these clusters may be associated with
differences in immune cell infiltration. As a novel form of tumor
immunotherapy drug, immune checkpoint inhibitors are crucial in
the field of tumor immunotherapy (27). Our study focused on
analyzing the variations in the expression of immunosuppressants
across different clusters. Out of the 23 immunoinhibitors studied,
18 displayed significant differences between the clusters (Figure 2I).
Furthermore, we analyzed the IC50 scores of commonly used
clinical chemotherapy drugs in the two clusters, uncovering
significant differences in the IC50 scores of 8 chemotherapy drugs
(Figure 2]). In order to deeply analyze the underlying mechanisms
of the above results, we also performed gene enrichment analysis on
the 2 clusters, and we found that cluster 2 was significantly
associated with PI3K/AKT, PDGF, VEGF, and RAS signaling
pathways, whereas cluster 1 was associated with factors such as
DNA methylation (Figures 2K, L).

3.3 Construction of diagnostic models

Machine learning methods offer a convenient approach for
identifying characteristic genes. In our study, we utilized multiple
machine learning algorithms to create a diagnostic model related to
angiogenesis. By analyzing the TCGA-PRAD and GSE3325
datasets, we used the expressions of FAM107A, C7orf31,
TMEM100, GLIS1, QSOX1, KNDC1, MAP7D3, and ZNF536 in
the TCGA-PRAD dataset as training data. Our findings revealed
that both combinations of machine learning algorithms exhibited
strong predictive capabilities for diagnosing PRAD patients in the
training set. Subsequently, we validated the expressions of these
genes in the GSE3325 dataset to confirm the effectiveness of our
diagnostic model. In the verification set of GSE3325, only a few
machine learning algorithm combinations showed poor results,
while the majority achieved better predictions. Among these
combinations, the LASSO+GBM algorithm combination stood
out as the best diagnostic model, as it had the highest average
AUC value (Figure 3A). Additionally, we presented the number of
genes included in each algorithm combination for further
clarity (Figure 3B).

3.4 Constructing prognostic models

We examined 10 angiogenesis genes related to PRAD
prognosis, including MAP7D3, FAMIO7A, GLIS1, GPRI6I,
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QSOX1, TMEM100, C7orf31, ZNF536, KNDCI1, and CACNAIH,
using the LASSO algorithm to develop a prognostic model.
Subsequently, 9 genes, MAP7D3, FAMIO7A, GLIS1, GPRI61,
QSOX1, TMEM100, C7orf31, ZNF536, and KNDC1, were
incorporated into the model (Figures 4A, B). Risk score=
(-0.2524) *FAM107A+(1.237) *GLIS1+(-3.0503) *ZNF536
+(-0.8946) *C7o0rf31+(-0.0732) *TMEM100+(2.6368) *MAP7D3
+(-0.6038) *GPR161+(-0.2713) *KNDC1+(-0.7063) *QSOXI. The
expression heatmap of these genes in PRAD samples was presented
(Figure 4C). Using the gene expression data, the LASSO algorithm
categorizes samples into high-risk and low-risk groups. Patients
classified as high-risk typically experience a significantly poorer
prognosis compared to those in the low-risk category (Figure 4D).
Additionally, we evaluated the model’s predictive performance for
1-year, 3-year, and 5-year PRAD prognosis (Figures 4E-G). The
ROC curve demonstrated strong predictive capability of the
constructed prognostic model, with AUC values of 1, 0.848, and
0.854 for 1 year, 3 years, and 5 years, respectively.

3.5 Correlation analysis of prognostic
models with PRAD immune infiltration and
chemotherapeutic drug sensitivity

The study compared IC50 scores of various chemotherapy
drugs in samples from high-risk and low-risk groups, revealing
significant differences in 5 drugs between the groups (Figure 5A).
Furthermore, the correlation between the constructed prognostic
model and PRAD immune infiltration was examined, showing
significant differences in the infiltration levels of 11 immune cells
between high and low-risk groups (Figures 5B, C). Additionally,
expression differences of immunosuppressants between the groups
were analyzed, with 8immunoinhibitor-related genes showing
significant differences (Figure 5D). Finally, the relationship
between the prognostic model risk score and PRAD immune
infiltration was explored using xCell and TIP methods, resulting
in a correlation network diagram (Figure 5E).

3.6 MAP7D3 as the best prognostic gene
among angiogenesis genes

To delve deeper into identifying prognostic genes associated
with angiogenesis, univariate and multivariate COX regression
analyses were carried out on these genes along with clinically
pertinent pathological factors (T stage, M stage). The findings
from the multivariate COX regression analysis revealed that
QSOX1, MAP7D3, and M stage could potentially function as
prognostic indicators for patients with PRAD (Figures 6A, B).
Subsequently, to identify the optimal prognostic biomarkers
among these angiogenesis-related genes, we employed three
machine learning methods: RF, XGBoost, and GBM. Combining
the outcomes of multivariate COX regression analysis, we
determined that MAP7D3 emerged as the most promising
angiogenesis-related prognostic marker in PRAD (Figures 6C-E).
Furthermore, gene enrichment analysis based on the high and low
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FIGURE 3
Construction of diagnostic models based on integrated machine learning models. (A) Predictive effectiveness of different algorithm combinations for
PRAD diagnosis. (B) Number of genes incorporated by different combinations of algorithms.

expression groups of MAP7D3 validated its association with PRAD
angiogenesis. Interestingly, our findings also linked MAP7D3 to the
stemness pathway (Figure 6F). The highly vascularized tumor
microenvironment provides a conducive setting for the growth of
these stem cells, perpetuating a detrimental cycle that contributes to
tumor recurrence, metastasis, and drug resistance. Hence, we
hypothesize that MAP7D3 may impact the prognosis of PRAD
patients by modulating PRAD cell stemness and angiogenesis.
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3.7 Analysis of MAP7D3 correlation with
PRAD immunotherapy and chemotherapy

The XCELL algorithm was utilized to assess immune cell
infiltration levels, unveiling notable variances in the infiltration of
19 immune cell types in PRAD samples categorized by high and low
MAP7D3 expression (Figure 7A). Single-cell analysis aids in
exploring gene expression patterns within individual cells and
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patients with PRAD.

understanding intercellular signaling networks. Integrating clinical
pathology data with scRNA-seq information from tumor samples has
the potential to unveil novel diagnostic and prognostic biomarkers
(28). Consequently, we investigated the immune infiltration of
MAP7D3 through the TISCH2 database, and the findings indicated
a significant association with B cells and progenitor cells (Figures 7B,
C), aligning with the XCELL algorithm analysis results. Further
examination of immunosuppressant-related gene expression in
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PRAD samples based on MAP7D3 expression levels revealed
marked differences in the expression of 22 immunosuppressant-
related genes (Figure 7D). Moreover, significant correlations were
observed between MAP7D3 and the IC50 scores of 10 commonly
used chemotherapy drugs (Figure 7E). Lastly, a correlation network
graph depicting the relationship between MAP7D3 and immune cell
infiltration levels was constructed using XCELL and TIP
algorithms (Figure 7F).
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3.8 Analysis of MAP7D3 correlation with
angiogenesis-targeting drugs

In order to further investigate the potential of MAP7D3 as an
angiogenesis-targeting drug, a correlation analysis was conducted at
the molecular structure level comparing it with established
angiogenesis-targeting drugs such as sunitinib, Vandetanib,
Thalidomide, Lenalidomide, and Cabozantinib. The molecular
structure of MAP7D3 was sourced from the AlphaFold website,
while the 3D structures of the angiogenesis-targeting drugs were
obtained from the PubChem website. The Vina score was utilized to
assess the correlation between MAP7D3 and the other drugs, with a
score of less than -5 generally indicating a strong binding activity.
The findings revealed that MAP7D3 exhibited good binding activity
with the selected angiogenesis-targeting drugs (Figures 8A-E).

3.9 Validation of MAP7D3 expression and
prognostic value in PRAD

To ascertain the differential expression and prognostic
significance of MAP7D3 in prostate adenocarcinoma (PRAD), we
conducted immunohistochemistry experiments on 60 PRAD
samples and their corresponding normal prostate tissue samples.
Our analysis revealed that MAP7D3 was predominantly expressed
in the cytoplasm of PRAD samples (Figures 9A-D). Comparing 60
cases of cancer with 60 adjacent cancer cases, we observed
significantly higher MAP7D3 expression in the cancer samples
(Figure 9E). Further categorizing the samples based on high and
low MAP7D3 expression levels, we discovered a significant
correlation between MAP7D3 expression, tumor invasion, and
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patient survival status (Figure 9F). Detailed examination of tumor
invasion and patient survival status in the high and low MAP7D3
expression groups revealed distinct patterns (Figures 9G, H).
Kaplan-Meier survival analysis demonstrated a notably worse
prognosis for patients with high MAP7D3 expression compared
to those with low expression. Additionally, receiver operating
characteristic (ROC) curve analysis indicated that MAP7D3 could
effectively predict 7-year, 8-year, and 9-year survival rates in PRAD
patients (Figures 91, ). Lastly, ROC curve analysis for the diagnostic
potential of MAP7D3 in PRAD patients showed promising results,
highlighting its utility in PRAD diagnosis (Figure 9K).

4 Discussion

Immune cells play a crucial role in tumor survival, as cancer cell
metabolites and secretions from specific cells in the tumor
microenvironment can impact immune cell activation,
proliferation, differentiation, and overall function (29-31). The
induction of immunosuppression and the ability to evade anti-
tumor immune responses have been recognized as significant
features in the progression of cancer, particularly through
mechanisms such as tumor angiogenesis (32). With strong
experimental evidence supporting tumor-dependent angiogenesis,
researchers are increasingly focused on developing anti-angiogenic
therapies (33). The approval of bevacizumab in 2004, the first FDA-
approved anti-angiogenic drug, significantly improved progression-
free survival in RCC patients undergoing combination
chemotherapy (34). Subsequent studies have furthered anti-
angiogenic strategies by proposing the normalization of tumor
blood vessels to enhance drug and oxygen delivery. The use of
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angiogenesis inhibitors in cancer treatment, targeting the formation
of new blood vessels in tumors, represents a promising approach for
a variety of solid tumors (35). Nevertheless, obstacles like tumor
regrowth, resistance to medication, absence of biomarkers, limited
duration of effectiveness, and possible negative reactions continue
to persist as a result of the intricate aspects of tumor vascularization
and insufficient investigation. Even though existing medications
that inhibit blood vessel formation may not be optimal
for managing PRAD, an enhanced comprehension of the
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mechanisms driving PRAD vascularization could pave the way
for the creation of superior tailored treatments for individuals
with PRAD.

WGCNA is a bioinformatics algorithm utilized for extracting
module information from high-throughput expression data, known
for its efficiency and accuracy in biological data mining (36). In our
study, we applied WGCNA to identify genes associated with
angiogenesis in PRAD. By integrating differential analysis
and prognostic assessment, we successfully pinpointed 10
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MAP7D3 was significantly associated with PRAD immunotherapy and chemotherapy. (A) Analysis of MAP7D3 correlation with PRAD immune cell
infiltration based on XCELL algorithm. (B, C) Analysis of MAP7D3 correlation with PRAD immune cell infiltration based on single-cell dataset. (D)
Analysis of MAP7D3 correlation with immunoinhibitor-related genes. (E) Analysis of the difference in IC50 scores of different chemotherapeutic
drugs between high MAP7D3 expression and low MAP7D3 expression groups. (F) Network diagram of correlation between MAP7D3 expression and

PRAD immune infiltration. *p < 0.05, **p < 0.01 and ***p < 0.001.

angiogenesis-related genes with prognostic significance. Among
these 10 angiogenesis-related genes, studies have reported that
QSOX1, GLISI and FAM107A can be used as prognostic markers
for PRAD patients (37-39). In recent years, the concept of precision
medicine has emphasized subgroup typing of individual research
subjects. Through consensus clustering analysis based on the
expression of 10 angiogenesis-related genes, we divided the
TCGA-PRAD samples into 2 clusters. Our findings revealed
significant differences between these clusters, not only in
prognosis but also in sensitivity to immunotherapy and
chemotherapy drugs. To further analyze these differences, we
conducted gene enrichment analysis and discovered that samples
in cluster 2 were primarily associated with VEGF, PDGF, and PI3K/
Akt signaling pathways. VEGF-A is a crucial regulator of
angiogenesis, exerting a significant influence on tumor
proliferation, metastasis and drug resistance. The key signaling
pathway involved in both physiological and pathological
angiogenesis is VEGF-A/VEGFR-2, which promotes various
processes in endothelial cells and solid tumors. Platelet-derived
growth factor (PDGF) serves as a primary stimulant for
mesenchymal cell types like fibroblasts, smooth muscle cells, and
glial cells, contributing to cell growth, wound healing, angiogenesis,
and recruitment through paracrine or autocrine mechanisms.
PDGEF-BB, a well-studied factor in the PDGF family, not only
enhances tissue fibrosis but also drives angiogenesis and drug
resistance during tumor progression and anti-VEGF therapy (40-
42). Additionally, the PI3K/Akt signaling pathway plays a
significant role in tumor angiogenesis (43). These findings
indirectly support the strong correlation between these 10 genes
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and angiogenesis. Machine learning is a prominent subject in
current research. We utilized various machine learning methods
to develop both a diagnostic and prognostic model for PRAD based
on the expression of angiogenesis-related genes. Our model results
consistently highlight the significant role of angiogenesis in the
diagnosis and prognosis of PRAD. We validated the diagnostic
model using GSE3325 and obtained satisfactory outcomes.
However, due to limited availability of PRAD datasets with
prognostic information, our prognostic model lacks validation.
This limitation stems from missing gene expression data in the
datasets used for model construction.

Multivariate COX regression analysis identified MAP7D3 and
QSOX1 as prognostic biomarkers for PRAD among the 10
angiogenesis-related genes. High expression of QSOXI has been
linked to vascular invasion, neural invasion, prostate extension,
increased pT stage, and higher pathological tumor stage in prostate
cancer. These findings underscore the significant role of QSOX1 in
PRAD (37). Subsequently, RF, XGBoost, and GBM machine
learning methods were employed to identify the optimal
prognostic genes, ultimately confirming MAP7D3 as the top
prognostic gene associated with angiogenesis in PRAD. To
uncover novel angiogenesis-related prognostic genes, we focused
on MAP7D3 for further investigation. Single-cell RNA sequencing
is an advanced genomics technology that enables comprehensive
analysis of gene expression and genomic features at the single cell
level, thereby facilitating in-depth study of cellular properties (44).
Therefore, we not only used the XCELL algorithm, but also
analyzed the correlation between MAP7D3 and immune cell
infiltration in PRAD from the perspective of single cell analysis
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MAP7D3 is associated with angiogenesis drugs. (A—E) Molecular docking of MAP7D3 with the angiogenesis-targeting drugs sunitinib, Vandetanib,

Thalidomide, Lenalidomide, and Cabozantinib.

through the TISCH2 database. Analytical results demonstrated a
close correlation between MAP7D3 expression and B cell and
progenitor cell infiltration levels in PRAD samples. Furthermore,
differences in IC50 scores of immunosuppressant-related genes and
common chemotherapy drugs were observed between MAP7D3
high and low expression groups, suggesting a crucial role of
MAP7D3 in PRAD immunotherapy and chemotherapy. Gene
enrichment analysis indicated that MAP7D3 is not only linked to
angiogenesis but also to stem cell pathways. Stem cells are precursor
cells that have the ability to self-renew and differentiate into
functionally mature, specialized cells in various human tissues
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Stem cells are precursor cells that have the ability to self-renew
and differentiate into functionally mature special cells in various
tissues of the human body (45). Importantly, evidence suggests that
the interplay between tumor angiogenesis and cancer stem cells
promotes tumor growth. Cancer stem cells can contribute
to angiogenesis by releasing pro-angiogenic factors and
differentiating into vascular endothelial cells, while tumor
vasculature supports cancer stem cells (46, 47). This reciprocal
interaction between tumor angiogenesis and stemness fuels tumor
progression and metastasis. Therefore, the findings suggest that
MAP7D3 may drive PRAD progression by regulating both
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angiogenesis and stem cells. Sunitinib, vandetanib, thalidomide,
lenalidomide, and cabozantinib are currently utilized as
angiogenesis-related targeted drugs in clinical settings. To
investigate the potential of MAP7D3 as a target for angiogenic
drug development, we conducted an analysis of its binding activity
with these drugs using molecular docking. Our findings are
promising, indicating that MAP7D3 exhibits strong binding
activity with the aforementioned drugs, suggesting its potential as
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an angiogenesis drug target. Our study provides valuable insights
into the significant role of angiogenesis in PRAD, drawing from
various perspectives. However, it is important to note that the
majority of our analyses were conducted using the TCGA-PRAD
dataset. To strengthen the robustness of our findings, it is

imperative to incorporate a larger sample size and diverse

validation sets. Furthermore, conducting additional experiments

to validate our conclusions is equally essential.
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5 Conclusion

Our study employed a range of machine learning techniques to
pinpoint 10 crucial angiogenesis-related genes in prostate cancer.
Our findings validate the role of these genes in influencing PRAD
immunotherapy, chemotherapy, and patient outcomes. Notably,
both machine learning analysis and experimental validation
underscore the significant prognostic impact of MAP7D3.
Moreover, our research advocates for the potential of MAP7D3 as
a promising target for the development of angiogenic drugs.

Data availability statement

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession
number(s) can be found in the article/supplementary material.

Ethics statement

The studies involving humans were approved by Ethics
Committee of Shanghai Outdo Biotech Company. The studies
were conducted in accordance with the local legislation and
institutional requirements. The participants provided their written
informed consent to participate in this study. Written informed
consent was obtained from the individual(s) for the publication of
any potentially identifiable images or data included in this article.

Author contributions

YW: Conceptualization, Data curation, Formal analysis,
Investigation, Writing - original draft. JH: Investigation, Software,
Writing - original draft. QZ: Investigation, Methodology, Writing -
original draft. JB: Supervision, Writing - original draft. YZ:

References

1. Sun L, Tuo Z, Chen X, Wang H, Lyu Z, Li G. Identification of cell differentiation
trajectory-related gene signature to reveal the prognostic significance and immune
landscape in prostate cancer based on multiomics analysis. Heliyon. (2024):¢27628.
doi: 10.1016/j.heliyon.2024.e27628

2. Feng D, Li D, Xiao Y, Wu R, Wang J, Zhang C. Focal ablation therapy presents
promising results for selectively localized prostate cancer patients. Chin ] Cancer Res.
(2023) 35:424-30. doi: 10.21147/j.issn.1000-9604.2023.04.08

3. Satturwar S, Parwani AV. Artificial intelligence-enabled prostate cancer diagnosis
and prognosis: Current state and future implications. Adv Anat Pathol. (2024) 31:136-
44. doi: 10.1097/PAP.0000000000000425

4. Folkman J. Angiogenesis: an organizing principle for drug discovery? Nat Rev
Drug Discovery. (2007) 6:273-86. doi: 10.1038/nrd2115

5. Ma B, Qin L, Sun Z, Wang J, Tran LJ, Zhang J, et al. The single-cell evolution
trajectory presented different hypoxia heterogeneity to reveal the carcinogenesis of
genes in clear cell renal cell carcinoma: Based on multiple omics and real experimental
verification. Environ Toxicol. (2024) 39:869-81. doi: 10.1002/tox.24009

6. El Alaoui-Lasmaili K, Faivre B. Antiangiogenic therapy: Markers of response,
"normalization” and resistance. Crit Rev Oncol Hematol. (2018) 128:118-29.
doi: 10.1016/j.critrevonc.2018.06.001

7. Abou Khouzam R, Brodaczewska K, Filipiak A, Zeinelabdin NA, Buart S, Szczylik
C, et al. Tumor hypoxia regulates immune escape/invasion: Influence on angiogenesis

Frontiers in Immunology

14

10.3389/fimmu.2024.1416914

Validation, Writing - original draft. HS: Methodology, Writing —
original draft. BD: Funding acquisition, Writing - review & editing.
MR: Funding acquisition, Visualization, Writing - review & editing.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This study
was supported by the Natural Science Foundation of Heilongjiang
Province (LH2019H030) and National Natural Science Foundation
of China (82002680).

Acknowledgments

We would also like to thank the Shengxin Bean Sprout
Platform (http://www.sxdyc.com/index) for its help in data
statistical analysis.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

and potential impact of hypoxic biomarkers on cancer therapies. Front Immunol.
(2021) 11:613114. doi: 10.3389/fimmu.2020.613114

8. Rajabi M, Mousa SA. The role of angiogenesis in cancer treatment. Biomedicines.
(2017) 5:34. doi: 10.3390/biomedicines5020034

9. Melegh Z, Oltean S. Targeting angiogenesis in prostate cancer. Int J Mol Sci.
(2019) 20:2676. doi: 10.3390/ijms20112676

10. Luo JQ, Yang TW, Wu ], Lai HH, Zou LB, Chen WB, et al. Exosomal PGAM1
promotes prostate cancer angiogenesis and metastasis by interacting with ACTG1. Cell
Death Dis. (2023) 14:502. doi: 10.1038/s41419-023-06007-4

11. Ciummo SL, Sorrentino C, Fieni C, Di Carlo E. Interleukin-30 subverts prostate
cancer-endothelium crosstalk by fostering angiogenesis and activating
immunoregulatory and oncogenic signaling pathways. ] Exp Clin Cancer Res. (2023)
42:336. doi: 10.1186/s13046-023-02902-y

12. Su Y, Zhang Y, Zhao ], Zhou W, Wang W, Han B, et al. FOXA1 promotes
prostate cancer angiogenesis by inducing multiple pro-angiogenic factors expression. J
Cancer Res Clin Oncol. (2021) 147:3225-43. doi: 10.1007/s00432-021-03730-3

13. Zhao Y, Cai C, Zhang M, Shi L, Wang J, Zhang H, et al. Ephrin-A2 promotes
prostate cancer metastasis by enhancing angiogenesis and promoting EMT. ] Cancer
Res Clin Oncol. (2021) 147:2013-23. doi: 10.1007/s00432-021-03618-2

14. Gacche RN. Changing landscape of anti-angiogenic therapy: Novel approaches
and clinical perspectives. Biochim Biophys Acta Rev Cancer. (2023) 1878:189020.
doi: 10.1016/j.bbcan.2023.189020

frontiersin.org


http://www.sxdyc.com/index
https://doi.org/10.1016/j.heliyon.2024.e27628
https://doi.org/10.21147/j.issn.1000&ndash;9604.2023.04.08
https://doi.org/10.1097/PAP.0000000000000425
https://doi.org/10.1038/nrd2115
https://doi.org/10.1002/tox.24009
https://doi.org/10.1016/j.critrevonc.2018.06.001
https://doi.org/10.3389/fimmu.2020.613114
https://doi.org/10.3390/biomedicines5020034
https://doi.org/10.3390/ijms20112676
https://doi.org/10.1038/s41419&ndash;023-06007&ndash;4
https://doi.org/10.1186/s13046-023-02902-y
https://doi.org/10.1007/s00432&ndash;021-03730&ndash;3
https://doi.org/10.1007/s00432&ndash;021-03618&ndash;2
https://doi.org/10.1016/j.bbcan.2023.189020
https://doi.org/10.3389/fimmu.2024.1416914
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Wang et al.

15. Masiero M, Simdes FC, Han HD, Snell C, Peterkin T, Bridges E, et al. A core
human primary tumor angiogenesis signature identifies the endothelial orphan
receptor ELTD1 as a key regulator of angiogenesis. Cancer Cell. (2013) 24:229-41.
doi: 10.1016/j.ccr.2013.06.004

16. Yang H, Li Z, Zhu S, Wang W, Zhang J, Zhao D, et al. Molecular mechanisms of
pancreatic cancer liver metastasis: the role of PAK2. Front Immunol. (2024)
15:1347683. doi: 10.3389/fimmu.2024.1347683

17. Jiang S, Yang X, Lin Y, Liu Y, Tran L], Zhang J, et al. Unveiling Anoikis-related
genes: A breakthrough in the prognosis of bladder cancer. ] Gene Med. (2024) 26:e3651.
doi: 10.1002/jgm.3651

18. Zhang P, Wu X, Wang D, Zhang M, Zhang B, Zhang Z. Unraveling the role of
low-density lipoprotein-related genes in lung adenocarcinoma: Insights into tumor
microenvironment and clinical prognosis. Environ Toxicol. (2024). doi: 10.1002/
tox.24230

19. Wang J, Zuo Z, Yu Z, Chen Z, Meng X, Ma Z, et al. Single-cell transcriptome
analysis revealing the intratumoral heterogeneity of ccRCC and validation of MT2A in
pathogenesis. Funct Integr Genomics. (2023) 23:300. doi: 10.1007/s10142-023-01225-7

20. Zhu C, Sun Z, Wang ], Meng X, Ma Z, Guo R, et al. Exploring oncogenes for
renal clear cell carcinoma based on G protein-coupled receptor-associated genes.
Discovery Oncol. (2023) 14:182. doi: 10.1007/s12672-023-00795-z

21. Sun Z, Wang]J, Zhang Q, Meng X, Ma Z, Niu J, et al. Coordinating single-cell and
bulk RNA-seq in deciphering the intratumoral immune landscape and prognostic
stratification of prostate cancer patients. Environ Toxicol. (2024) 39:657-68.
doi: 10.1002/t0x.23928

22. Xu L, Deng C, Pang B, Zhang X, Liu W, Liao G, et al. TIP: A web server for
resolving tumor immunophenotype profiling. Cancer Res. (2018) 78:6575-80.
doi: 10.1158/0008-5472.CAN-18-0689

23. Han'Y, Wang Y, Dong X, Sun D, Liu Z, Yue J, et al. TISCH2: expanded datasets
and new tools for single-cell transcriptome analyses of the tumor microenvironment.
Nucleic Acids Res. (2023) 51:D1425-31. doi: 10.1093/nar/gkac959

24. Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette MA,
et al. Gene set enrichment analysis: a knowledge-based approach for interpreting
genome-wide expression profiles. Proc Natl Acad Sci U S A. (2005) 102:15545-50.
doi: 10.1073/pnas.0506580102

25. Liberzon A, Subramanian A, Pinchback R, Thorvaldsdottir H, Tamayo P,
Mesirov JP. Molecular signatures database (MSigDB) 3.0. Bioinformatics. (2011)
27:1739-40. doi: 10.1093/bioinformatics/btr260

26. Liu Y, Yang X, Gan ], Chen S, Xiao ZX, Cao Y. CB-Dock2: improved protein-
ligand blind docking by integrating cavity detection, docking and homologous template
fitting. Nucleic Acids Res. (2022) 50:W159-64. doi: 10.1093/nar/gkac394

27. Zhang B, Zhou YL, Chen X, Wang Z, Wang Q, Ju F, et al. Efficacy and safety of
CTLA-4 inhibitors combined with PD-1 inhibitors or chemotherapy in patients with
advanced melanoma. Int Immunopharmacol. (2019) 68:131-6. doi: 10.1016/
j.intimp.2018.12.034

28. Zhang P, Zhang H, Tang J, Ren Q, Zhang J, Chi H, et al. The integrated single-
cell analysis developed an immunogenic cell death signature to predict lung
adenocarcinoma prognosis and immunotherapy. Aging (Albany NY). (2023)
15:10305-29. doi: 10.18632/aging.205077

29. Xiong J, Chi H, Yang G, Zhao S, Zhang J, Tran L], et al. Revolutionizing anti-
tumor therapy: unleashing the potential of B cell-derived exosomes. Front Immunol.
(2023) 14:1188760. doi: 10.3389/fimmu.2023.1188760

30. Ren S, Wang W, Shen H, Zhang C, Hao H, Sun M, et al. Development and
validation of a clinical prognostic model based on immune-related genes expressed in
clear cell renal cell carcinoma. Front Oncol. (2020) 10:1496. doi: 10.3389/
fonc.2020.01496

Frontiers in Immunology

15

10.3389/fimmu.2024.1416914

31. Zhang P, Dong S, Sun W, Zhong W, Xiong J, Gong X, et al. Deciphering Treg cell
roles in esophageal squamous cell carcinoma: a comprehensive prognostic and
immunotherapeutic analysis. Front Mol Biosci. (2023) 10:1277530. doi: 10.3389/
fmolb.2023.1277530

32. Anderson TS, Wooster AL, Piersall SL, Okpalanwaka IF, Lowe DB. Disrupting
cancer angiogenesis and immune checkpoint networks for improved tumor immunity.
Semin Cancer Biol. (2022) 86:981-96. doi: 10.1016/j.semcancer.2022.02.009

33. Shiri P, Ramezanpour S, Amani AM, Dehaen W. A patent review on efficient
strategies for the total synthesis of pazopanib, regorafenib and lenvatinib as novel anti-
angiogenesis receptor tyrosine kinase inhibitors for cancer therapy. Mol Divers. (2022)
26:2981-3002. doi: 10.1007/s11030-022-10406-8

34. Liu J, Zhang Q, Yang D, Xie F, Wang Z. The role of long non-coding RNAs in
angiogenesis and anti-angiogenic therapy resistance in cancer. Mol Ther Nucleic Acids.
(2022) 28:397-407. doi: 10.1016/j.0mtn.2022.03.012

35. Ansari MJ, Bokov D, Markov A, Jalil AT, Shalaby MN, Suksatan W, et al. Cancer
combination therapies by angiogenesis inhibitors; a comprehensive review. Cell
Commun Signal. (2022) 20:49. doi: 10.1186/s12964-022-00838-y

36. Zhang S, Jiang C, Jiang L, Chen H, Huang J, Gao X, et al. Construction of a
diagnostic model for hepatitis B-related hepatocellular carcinoma using machine
learning and artificial neural networks and revealing the correlation by
immunoassay. Tumour Virus Res. (2023) 16:200271. doi: 10.1016/j.tvr.2023.200271

37. Baek JA, Song PH, Ko Y, Gu MJ. High expression of QSOXI1 is associated with
tumor invasiveness and high grades groups in prostate cancer. Pathol Res Pract. (2018)
214:964-7. doi: 10.1016/j.prp.2018.05.019

38. Peng Q, Xie T, Wang Y, Ho VW, Teoh JY, Chiu PK, et al. GLIS1, correlated with
immune infiltrates, is a potential prognostic biomarker in prostate cancer. Int ] Mol Sci.
(2023) 25:489. doi: 10.3390/ijms25010489

39. Ma YF, Li GD, Sun X, Li XX, Gao Y, Gao C, et al. Identification of FAM107A as a
potential biomarker and therapeutic target for prostate carcinoma. Am J Transl Res.
(2021) 13:10163-77.

40. Lin CM, Chiu JH, Wu IH, Wang BW, Pan CM, Chen YH. Ferulic acid augments
angiogenesis via VEGF, PDGF and HIF-1 alpha. ] Nutr Biochem. (2010) 21:627-33.
doi: 10.1016/j.jnutbio.2009.04.001

41. Li J, Jiang Z, He ], Yang K, Chen J, Deng Q, et al. Effect of CHRDLI on
angiogenesis and metastasis of colorectal cancer cells via TGF-B/VEGF pathway. Mol
Carcinog. (2024). doi: 10.1002/mc.23711

42. Sang BT, Wang CD, Liu X, Guo JQ, Lai JY, Wu XM. PDGEF-BB/PDGFRf
induces tumour angiogenesis via enhancing PKM2 mediated by the PI3K/AKT
pathway in Wilms' tumour. Med Oncol. (2023) 40:240. doi: 10.1007/s12032-023-
02115-5

43. Yu JR, Liu YY, Gao YY, Qian LH, Qiu JL, Wang PP, et al. Diterpenoid
tanshinones inhibit gastric cancer angiogenesis through the PI3K/Akt/mTOR
signaling pathway. ] Ethnopharmacol. (2024) 324:117791. doi: 10.1016/
jjep.2024.117791

44. Zhang P, Pei S, Zhou G, Zhang M, Zhang L, Zhang Z. Purine metabolism in lung
adenocarcinoma: A single-cell analysis revealing prognostic and immunotherapeutic
insights. J Cell Mol Med. (2024) 28:e18284. doi: 10.1111/jcmm.18284

45. Chowdhury MA, Zhang JJ, Rizk R, Chen WCW. Stem cell therapy for heart
failure in the clinics: new perspectives in the era of precision medicine and artificial
intelligence. Front Physiol. (2024) 14:1344885. doi: 10.3389/fphys.2023.1344885

46. Chou PH, Luo CK, Wali N, Lin WY, Ng SK, Wang CH, et al. A chemical probe
inhibitor targeting STATT restricts cancer stem cell traits and angiogenesis in colorectal
cancer. ] BioMed Sci. (2022) 29:20. doi: 10.1186/s12929-022-00803-4

47. Yang Y, Guo J, Li M, Chu G, Jin H, Ma J, et al. Cancer stem cells and
angiogenesis. Pathol Res Pract. (2024) 253:155064. doi: 10.1016/j.prp.2023.155064

frontiersin.org


https://doi.org/10.1016/j.ccr.2013.06.004
https://doi.org/10.3389/fimmu.2024.1347683
https://doi.org/10.1002/jgm.3651
https://doi.org/10.1002/tox.24230
https://doi.org/10.1002/tox.24230
https://doi.org/10.1007/s10142&ndash;023-01225&ndash;7
https://doi.org/10.1007/s12672-023-00795-z
https://doi.org/10.1002/tox.23928
https://doi.org/10.1158/0008&ndash;5472.CAN-18&ndash;0689
https://doi.org/10.1093/nar/gkac959
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1093/bioinformatics/btr260
https://doi.org/10.1093/nar/gkac394
https://doi.org/10.1016/j.intimp.2018.12.034
https://doi.org/10.1016/j.intimp.2018.12.034
https://doi.org/10.18632/aging.205077
https://doi.org/10.3389/fimmu.2023.1188760
https://doi.org/10.3389/fonc.2020.01496
https://doi.org/10.3389/fonc.2020.01496
https://doi.org/10.3389/fmolb.2023.1277530
https://doi.org/10.3389/fmolb.2023.1277530
https://doi.org/10.1016/j.semcancer.2022.02.009
https://doi.org/10.1007/s11030&ndash;022-10406&ndash;8
https://doi.org/10.1016/j.omtn.2022.03.012
https://doi.org/10.1186/s12964-022-00838-y
https://doi.org/10.1016/j.tvr.2023.200271
https://doi.org/10.1016/j.prp.2018.05.019
https://doi.org/10.3390/ijms25010489
https://doi.org/10.1016/j.jnutbio.2009.04.001
https://doi.org/10.1002/mc.23711
https://doi.org/10.1007/s12032&ndash;023-02115&ndash;5
https://doi.org/10.1007/s12032&ndash;023-02115&ndash;5
https://doi.org/10.1016/j.jep.2024.117791
https://doi.org/10.1016/j.jep.2024.117791
https://doi.org/10.1111/jcmm.18284
https://doi.org/10.3389/fphys.2023.1344885
https://doi.org/10.1186/s12929&ndash;022-00803&ndash;4
https://doi.org/10.1016/j.prp.2023.155064
https://doi.org/10.3389/fimmu.2024.1416914
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Evaluating the predictive value of angiogenesis-related genes for prognosis and immunotherapy response in prostate adenocarcinoma using machine learning and experimental approaches
	1 Introduction
	2 Materials and methods
	2.1 Data acquisition
	2.2 Consistency cluster analysis
	2.3 Constructing diagnostic and prognostic models
	2.4 Immune infiltration and chemotherapeutic drug sensitivity analysis
	2.5 Gene Set Enrichment Analysis
	2.6 Correlation analysis of MAP7D3 with angiogenesis-targeting drugs
	2.7 Immunohistochemical staining analysis of MAP7D3 expression in PRAD tissues
	2.8 Statistical analysis

	3 Results
	3.1 Identification of angiogenesis-related genes in PRAD
	3.2 Consensus clustering analysis of angiogenesis regulatory factors
	3.3 Construction of diagnostic models
	3.4 Constructing prognostic models
	3.5 Correlation analysis of prognostic models with PRAD immune infiltration and chemotherapeutic drug sensitivity
	3.6 MAP7D3 as the best prognostic gene among angiogenesis genes
	3.7 Analysis of MAP7D3 correlation with PRAD immunotherapy and chemotherapy
	3.8 Analysis of MAP7D3 correlation with angiogenesis-targeting drugs
	3.9 Validation of MAP7D3 expression and prognostic value in PRAD

	4 Discussion
	5 Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher’s note
	References


