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To construct and validate a risk
score model of angiogenesis-
related genes to predict the
prognosis of hepatocellular
carcinoma

Duangui Gao%?*, Yuan Lu%*, Tianpeng Jiang¥?, Qinghong Duan?3"! & Zhi Huang?**

Hepatocellular carcinoma (HCC) is one of the most common malignant tumors with high morbidity
and mortality worldwide. Angiogenesis is essential for HCC progression and metastasis. Some
angiogenesis-related genes promote this process, whereas other antiangiogenic genes inhibit HCC
growth and metastasis. Therefore, finding new potential biomarkers for HCC prognosis prediction

and treatment is essential. Public RNAseq and clinical data from TCGA and GEO database, download
angiogenesis-related genes from the GeneCards, MSigDB database, through the single factor analysis
of Cox, LASSO build risk score—Cox regression analysis model and external validation verified from the
GEO. Cox regression analysis, Kaplan Meier (KM) curve, ROC curve, and decision-curve analysis will be
used to evaluate and examine the risk score prediction effect of the model. GSVA analysis was used to
assess the variation of gene sets between groups, and CIBERSOFT, ESTIMATE, and TIMER databases
were used to analyze the immune infiltration in the single-cell level analysis of gene expression
differences between cells. Finally, in the three pairs of HCC tissues and tissue adjacent to carcinoma by
real-time fluorescent quantitative PCR (QRT_PCR) and western blotting (WB) to evaluate angiogenesis-
related genes (ATP2A3 AEBP1 PNMA1, PLAT) expression level in HCC, and AEBP1 was knocked out

in HCCLM3 cells, which is to study AEBP1 biological function in HCC. We established a prognostic

risk assessment model based on 13 significant genes associated with HCC prognosis by Cox analysis
and LASSO-Cox regression analysis. The median was used to divide these patients into high-risk and
low-risk groups, and the prognosis of the high-risk group was worse than that of the low-risk group.
Through the multivariate Cox regression analysis, it was found that the risk score was an independent
predictor of overall survival (OS). The GSVA analysis suggested that the predicted high-risk population
showed higher activity in the purine, pyrimidine, and riboflavin metabolic pathways. Compared with
the low-risk group, the tumor microenvironment in the high-risk group showed a reduction in the
number of cells promoting anti-tumor immunity and an increase in the number of cells inhibiting anti-
tumor immunity, as well as a reduction in overall immune infiltration and matrix components. On the
single-cell level, it was confirmed that the key genes (AEBP1, ATP2A3, PLAT, and PNMA1) expressed
differently between liver cancer and adjacent tissue cell groups. Finally, qRT_PCR and WB results
showed that ATP2A3, AEBP1, PNMA1, and PLAT were highly expressed in liver cancer tissue compared
to adjacent tissue, and the proliferation, migration, and invasion of HCCLM3 cells were inhibited

after knocking out AEBP1. We constructed novel risk score models as prognostic biomarkers for HCC,
which has the potential to guide the development of more personalized treatment strategies for HCC
patients. In addition, AEBP1 is a potential therapeutic target for HCC.
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Liver cancer is the third leading cause of cancer-related deaths and ranks sixth in the incidence new cancer cases!.

The incidence of liver cancer has been increasing in recent years, and it is estimated that by 2025, more than
1 million patients will be diagnosed with liver cancer each year?. Hepatocellular carcinoma (HCC) is the most
common primary liver malignant tumor, accounting for more than 90% of primary liver malignant tumors®. The
risk factors for HCC mainly include viral hepatitis (hepatitis B and C), non-alcoholic steatohepatitis, alcohol-
related liver disease, and exposure to dietary toxins such as aflatoxin and aristolochic acid*. Although HCC has
made great progress in surgical resection, liver transplantation, radiofrequency ablation, transcatheter arterial
chemoembolization, targeted therapy, and immunotherapy, the efficacy of current treatment strategies for HCC
patients is still limited®. The median survival time of patients with advanced liver cancer is 1-1.5 years, and the
5-year survival rate of overall liver cancer patients is less than 20%°. Thus, there is a critical need to identify new
biomarkers that can enhance the prediction of HCC prognosis and inform more effective treatment approaches.

Angiogenesis is a critical process in tumorigenesis, Thus, there is a critical need to identify new biomarkers
that can enhance the prediction of HCC prognosis and inform more effective treatment approaches. Additionally,
angiogenesis continuously provides oxygen and nutrients to the tumor to nourish the rapid growth of the tumor
and can promote immune escape by changing the immunosuppressive microenvironment, thus leading to tumor
progression and metastasis”®. Angiogenesis is a crucial factor affecting the progression of HCC which is a typical
hypervascular tumor. Due to the rich vascular characteristics of HCC, anti-angiogenic therapy has shown great
potential in the treatment of HCC. For example, sorafenib is the first angiogenesis inhibitor approved by the
FDA for the first-line treatment of advanced HCC®. Subsequently, other angiogenesis inhibitors (tyrosine kinase
inhibitors, TKI) such as imatinib and regorafenib were developed to overcome drug resistance and improve the
therapeutic effect!’. However, due to the large heterogeneity among HCC patients, the clinical benefits of anti-
angiogenesis therapy are not significant”!!. HIF1A, TMPRSS4 and SDF are related to angiogenesis, and studies
have found that these genes promote HCC progression and metastasis by positively regulating angiogenesis in
HCC!>13, Nevertheless, the specific prognostic value of angiogenesis-related genes in HCC remains inadequately
understood.

In the study, we systematically analyzed angiogenesis, and the expression of related genes, and discussed
the angiogenesis-related gene in patients with HCC prognosis prediction of potential value. A previous study'*
showed that angiogenesis-related gene signatures can be used to predict the prognosis of HCC. We constructed
a new risk assessment model based on 13 angiogenesis-related genes from the TCGA dataset. This model
was subsequently validated using the GSE116174 cohort. Additionally, we conducted in vitro experiments to
investigate the functional role of AEBP1 in HCC. Our findings indicate that risk models based on angiogenesis-
related genes could serve as effective biomarkers for predicting HCC prognosis, thereby assisting clinicians in
tailoring personalized treatment strategies. Furthermore, our results suggest that AEBP1 represents a promising
therapeutic target in the treatment of HCC.

Methods and materials

Data download

Eight samples of LIHC scRNA-seq data were obtained from the GEO Database with the accession number
GSE14022. With the help of the website https://tisch.compgenomics.org/, we performed an analysis on liver
cancer at the single-cell level. We obtained LIHC bulk RNA-seq data from TCGA (361 tumor and 50 normal
samples) and GSE116174 (64 tumor samples) databases'®. Then, 36 angiogenesis-related genes were mined from
the GnneCards database (http://www.genecards.org/) and Molecular Signatures Database (MSiDB, http://www
.broad. mit.edu/gsea/msigdb).

WGCNA analysis

We collected 36 genes associated with angiogenesis and scored each patient using the R package ssGSEA.
According to the score, we use WGCNA analysis. The R package ‘WGCNA was utilized to create gene
coexpression networks in TCGA-LIHC, which included 361 tumor samples. This network formation involved
several key steps: Firstly, a similarity matrix was defined. Next, the ideal gentle threshold of 6 was utilized to
convert this similarity matrix into an adjacency matrix. Additionally, the adjacency matrix underwent additional
modifications to become a topological overlap matrix (TOM). The next step involved organizing the dissTOM
using Tom Cluster to produce a hierarchical clustering tree. Module identification within this tree was achieved
by employing dynamic techniques for tree cutting. Subsequently, module eigengenes (MEs) for each module
were computed, serving as indicators of the module’s collective expression profile. The MEs of various modules
were examined, and the average distance metric between them was determined by utilizing the reciprocal of
the Pearson correlation coefficient. Finally, an average linkage hierarchical clustering approach was employed
to cluster the MEs of all modules, setting the minimum genome value at 50'°. This process culminated in the
merging of highly similar modules, resulting in a comprehensive coexpression network.

Development of the predictive angiogenesis scoring model

Through the use of WGCNA (Weighted Gene Co-expression Network Analysis), we were able to pinpoint
genes associated with angiogenesis. The angiogenesis related genes that overlapped were integrated into LASSO
Cox regression analysis using the glmnet package in R. We conducted univariate Cox regression analysis for
overall survival (OS) employing the survival package in R to identify HAIRGs with prognostic significance. The
selection of the penalty parameter (A\) was guided by the minimum criterion, utilizing tenfold cross-validation.
The risk score for each patient was calculated by using the formula Risk Score = X (gene expression x coefficient),
which takes into account the gene expression levels and their corresponding regression coeflicients. Afterward,
individuals diagnosed with liver carcinoma were divided into high or low-risk categories according to the
median of these computed risk scores.
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Examining the clinical significance of the high and low-risk categories

By combining clinical information from liver cancer patients in TCGA with a prognostic model focused on
angiogenesis, we classified them into two groups based on their risk levels: high and low. Subsequently, we
analyzed the correlation of these risk groups with clinical parameters such as age, gender, tumor-node-metastasis
(TNM) classifications, and cancer stage, concerning the survival status of the patients. Distinct clinical profiles
were observed among patients in various risk categories.

The construction of nomogram and calibration curves

Using the “rms” package in R, we created nomograms and calibration plots. The nomogram served to assess
the alignment between observed outcomes and predicted probabilities. In contrast, the calibration graph was
utilized to predict the likelihood of survival after 1, 3, and 5 years'”. Following that, the training set underwent
univariate and multivariate Cox regression analyses to assess whether the risk score served as an autonomous
prognostic marker for overall survival (OS) in LIHC patients. Covariates included age, stage, gender, and risk
score. T-tests were used to analyze the correlation between risk scores and clinicopathological characteristics.
Adhering to scientific research standards, statistical significance was determined by establishing a p-value
threshold below 0.05 (p <0.05).

GSVA analysis

After categorizing patients into high and low-risk groups using the previously developed angiogenesis-based
prognostic model, we performed pathway analysis utilizing Gene Set Variation Analysis (GSVA) in our study.
Our initial step involved the selection of pertinent gene sets that represent biological pathways, with a primary
emphasis on those linked to angiogenesis and the advancement of tumors. These gene sets were chosen from
well-established databases (c2.cp.kegg.v7.5.1.symbols.gmt). After categorizing our gene expression data into
high and low-risk groups, we proceeded to perform GSVA using the corresponding R package. This involved
the mapping of genes to their respective pathways and computing enrichment scores for each pathway in each
sample group. The enrichment scores obtained from GSVA provided a quantification of how actively involved
each pathway was in the high versus low-risk groups. The scores played a crucial role in evaluating the disparities
in biological processes and pathways among the two risk categories.

Analysis of immune cell infiltration in LIHC samples

Through our research, we utilized the prognostic model we created based on angiogenesis to categorize liver
cancer patients into groups with high and low risks. CIBERSORT was employed for the prediction of scores
for 22 immune cell types, and the Wilcoxon test was utilized to identify variations in immune cell scores
among these risk groups. Subsequently, the ESTIMATE algorithm was applied to gauge the degree of immune
infiltration, revealing that the low-risk group exhibited higher immune infiltration. Furthermore, we investigated
the expression of immune checkpoint genes in both the high-risk and low-risk groups. In the end, we utilized
the TIDE online tool to forecast the TIDE (Tumor Immune Dysfunction and Exclusion) scores for the samples.
A higher TIDE score suggests a higher probability of immune evasion, offering a valuable understanding of the
immunological environment of liver cancer in terms of patient risk classification.

IMvigor210 immunotherapy cohort

Utilizing the IMvigor210 immunotherapy cohort, we reconstructed the risk model using 13 key genes. This was
done in conjunction with clinical information from the immunotherapy cohort, such as cancer staging and the
degree of response to immunotherapy. Afterwards, we performed a comparative examination, incorporating
these clinical variables, to assess the differences between the high and low-risk groups. By employing this
method, a deeper comprehension of the significance of the risk model within the framework of immunotherapy
results was made possible.

Single-cell analysis of angiogenesis-related genes

Using our approach, we analyzed the genes selected for the prognostic model-related to angiogenesis through
single-cell analysis on the web-based platform http://www.tisch.comp-genomics.org/. This enabled a detailed
examination of their expression profiles at the single-cell level, providing insights into the cellular heterogeneity
within the context of angiogenesis.

Collection of clinical samples

In this study, 3 pairs of fresh HCC tissues and adjacent normal tissues were obtained from 3 patients with
primary HCC who underwent surgical resection in the Affiliated Hospital of Guizhou Medical University. None
of the patients received radiotherapy, chemotherapy or immunotherapy before surgery. This study was approved
by the Ethics Committee of the Affiliated Hospital of Guizhou Medical University (Ethics No. 2022375). All
participants provided written informed consent.

Cell culture

HCCLM3 cells were donated from the biomolecular Biology Laboratory of Guizhou Medical University. All
HCCLMS3 cell cultures containing 100 IU/ml penicillin, streptomycin 100 IU/ml, and 10% FBS DMEM medium,
put at 37 °C, and CO,, content is 5% of the cultivation in the box. Cell growth status was observed and recorded
daily.
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RNA extraction and quantitative real-time PCR

Using TRIzol reagent (Takara Biotechnology Co, LTD, Dalian, China), following the instructions from the 3
fresh HCC tissue and total RNA extracted tissue adjacent to carcinoma. Using the PrimeScript ™ RT kit (Takara,
Dalian, China) will be a total RNA reverse transcription of cDNA. Using SYBR * Premix Ex Taq ™ I kit (Takara)
for RT-qPCR detection of gene expression. b-actin was used as a reference gene, and the relative gene expression
levels were calculated using the 2-DDCt method.

Western blot analysis

HCC tissue and tissue adjacent to carcinoma in RIPA cracking buffer and PMSF ice slurry. Proteins were
extracted and quantified with a BCA Protein Assay kit (Beyotime, Shanghai, China). Twenty ug of protein were
separated by SDS-polyacrylamide gel electrophoresis and transferred to a polyvinylidene fluoride membrane.
After blocking with 5% skim milk at room temperature for 2 h, the cells were treated with primary antibodies
(anti-ADHI1B, anti-ALDOB, anti-ADH]la, anti-FBP1, anti-ADHS6, anti-b-actin; Cloning Technology Co,
Wuhan, China) were placed at 4 °C overnight. Subsequently, the enzyme league second incubation membrane
resistance and ECL chemiluminescence reagent kit (Beyotime) for testing. Using Image] software will protein to
a to b-actin quantitatively.

Cell counting kit-8

The well-grown cells were seeded in 96-well plates, the cell concentration was adjusted to 1.5x 10%/ml, 200 pl
of cell suspension was added to each well, and each group of cells was repeated three times and cultured in an
incubator. After cell adhesion to the wall, 100 pl of CCK-8 reagent was added to each well, measurements of 0 h
were recorded, and cells were placed in the incubator for 2.5 h. Finally, at the indicated time points (0, 24, 48, and
72 h), the absorbance values at 450 nm wavelength were measured with a microplate reader (Varioskan Flash,
version: 4.00.53), and the cell viability curves were plotted based on the absorbance values.

Transwell invasion

On early - 20 °C under the precooling of the cell plate, 50 ml per hole to join the matrix evenly spread out, the
next day and a half hour early put holes in serum-free medium for hydration. Will grow well cells after digestion,
centrifugal, adjust the cell concentration and the 2 x 10%/ml, every hole to join 200 (including I cell suspension,
after 48 h sample, use 20 min 4% paraformaldehyde-fixed cells, crystal violet staining 20 min 0.1%, PBS scrub
after 3 times to dry. Five fields were taken under an inverted microscope with a 200 x field of view and counted
by Image J software.

Statistic analysis

All statistical analyses were performed with the use of R software, version 4.2.2. A two-sided t-test was used to
compare gene expression in HCC tissues and adjacent non-tumor tissues. Kaplan-Meier analysis and log-rank
test were used to compare the differences in OS between groups. Univariate and multivariate Cox regression
analysis and LASSO Cox regression analysis were used to determine the independent predictors of OS, and
the Mann-Whitney test was used to compare the SSGSEA scores of immune pathways or cells between the two
groups. If not specifically required, P values <0.05 were considered statistically significant, and all P values were
two-tailed.

Results

Obtaining angiogenesis-related genes through co-expression networks

To construct a gene set related to angiogenesis, we first conducted a comprehensive search in the GeneCards
database using keywords related to angiogenesis. We also integrated and screened the gene sets related to
angiogenesis in the MSigDB database. Based on the existing research literature, after careful alignment,
deduplication and preliminary evaluation of gene function, we finally selected 36 genes closely related
to angiogenesis (as shown in Supplementary Table 1), which laid the foundation for subsequent analysis of
angiogenesis-related genes.

For our research, we performed a Weighted Gene Co-expression Network Analysis (WGCNA) by utilizing the
‘WGCNA software in R. Initially, we evaluated liver cancer patients in the TCGA database using an angiogenesis-
related gene set and the “ssGSEA” software. The creation of a weighted gene co-expression network was made
easier by this scoring system. A soft-thresholding power of 6 was chosen to transform the expression matrix
into an adjacency matrix. This adjacency matrix was then converted into a topological overlap matrix (TOM).
Genes were clustered and modules were identified using the dynamic tree-cut method, with a minimum module
size of 50 genes (Fig. 1A), through average linkage hierarchical clustering based on TOM. Modules were further
clustered, merging closely related modules into new ones (mergeCutHeight=0.15, maxBlockSize=22,000,
minModuleSize =50), resulting in a total of nine distinct modules (Fig. 1D). Of these, the green and brown
modules showed the highest correlation with angiogenesis scores (Fig. 1B,C). The brown modules contains 909
genes, the green modules contains 625 genes. We extracted genes from these two modules and further refined
our gene set by selecting those with angiogenesis scores greater than 0.4 and gene significance greater than 0.7.
These genes were earmarked for subsequent analyses, providing a focused gene set pertinent to angiogenesis in
liver cancer.

Construction of prognostic signature within the brown and green module

Afterward, we conducted a univariate Cox regression analysis to discover genes that are significantly linked to
the prognosis of individuals with liver cancer®. This analysis yielded 30 genes with prognostic relevance, as listed
in Supplementary Table 2. To further refine this gene set, we applied LASSO Cox regression analysis to these 30
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Gene signdficance for body weight

Fig. 1. WGCNA results: (A) Differential gene cluster map based on topological overlap and given color to the
modules. (B) A scatter-plot of gene significance (GS) of weight versus number of module members (MM) in
the brown module, where GS and MM have a highly significant correlation. (C) The gene significance (GS)
scatter plot of the weight and the number of module members (MM) in the green module, where GS and MM
have a highly significant correlation. (D) Correlation maps of co-expression modules with clinical features.
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genes. We then calculated risk scores for each patient using a formula that incorporated the expression levels of 13
selected genes and their corresponding coefficients derived from the LASSO analysis (Fig. 2A). The risk score was
calculated using the following formula: Risk score = (expression level of AEBP1 x — 0.044) + (expression level of
ATP2A3 x - 0.207) + (expression level of C150rf39 x 0.1) + (expression level of CD3E x 0.003) + (expression level
of CD4x — 0.129) + (expression level of EFEMP1 x — 0.088) + (expression level of GMIP x 0.522) + (expression
level of HLA-DPB1x-— 0.078)+ (expression level of HLA-DRAx-— 0.1406)+ (expression level of
LAMBI x 0.220) + (expression level of LPCAT4 x0.070) + (expression level of PLAT x— 0.147) + (expression
level of PNMA1 x0.065). Afterward, the patients in the training cohort, TCGA data set were divided into a
low-risk group and a high-risk group according to the median value of their calculated risk scores. The risk plot
showed that individuals belonging to the high-risk category had a less favorable outlook in comparison to those
in the low-risk category and the mortality rate in the training cohort increased with the increasing risk scores
(left column of Fig. 2B), This risk stratification offers a novel approach to predicting patient outcomes in liver
cancer. Kaplan-Meier curves showed that patients in the low-risk group had a higher probability of OS than
those in the high-risk group (P <0.0001) (left column of Fig. 2C). Then this risk scoring model was evaluated by
time-dependent ROC analysis. In the training set from the TCGA database, our prognostic model demonstrated
Area Under the Curve (AUC) values of 0.73, 0.67, and 0.76 for 1-year, 3-year, and 5-year survival predictions,
respectively (left column of Fig. 2D). These results indicated that the risk scoring model had good predictive
accuracy for prognosis of HCC in the TCGA cohort.

To demonstrate the predictive value of the risk scoring model, the GSE116174 dataset was employed as the
validation cohort. The risk plot presented a clear separation of survival status between the two groups and the
red dots represented deceased patients and blue dots alive patients (right column of Fig. 2B). The validation
affirmed that individuals categorized as high-risk experienced poorer prognoses in comparison to those in the
low-risk category (right column of Fig. 2C). In this external cohort, the model achieved AUC values of 0.79, 0.76,
and 0.92 for 1-year, 3-year, and 5-year survival predictions, respectively (right column of Fig. 2D), indicating a
robust predictive performance of the model across different datasets.

Analysis of groups classified as high and low risk based on clinical factors

By combining clinical data of liver cancer patients obtained from the TCGA repository with our prognostic
model, we categorized patients into high and low-risk groups according to their risk scores'. Our analysis
revealed that different age and sex of patients, there were no significant differences in risk scores indicating
that both prognostic risks without additional contribution to the model (Fig. 3A,B). In the tumor TNM stage,
there was no significant difference in the risk scores for tumor M stage (Fig. 3D), N stage (Fig. 3E), and in
the T stage, higher risk scores in patients with T1-T3 stage were generally associated with larger tumor size
(Fig. 3C). Likewise, we noticed a connection between elevated risk scores and the progression of stage categories
in cancer stages 1 through 3(Fig. 3F). Notably, individuals with elevated risk scores often experienced worse
survival outcomes, frequently leaning towards death (Fig. 3G). The importance of the risk score in assessing the
progression of liver cancer and the survival of patients is highlighted by this relationship.

Independent prognostic indicator of the prognostic risk mode

To determine if the risk score is a vital factor in evaluating the outlook of patients with liver cancer, we performed
univariate analyses on the training set specifically for liver cancer. This analysis included clinical factors such
as age, gender, stage, and risk score?’. The examination revealed that the risk score was highly significant in
forecasting the outcome of individuals with liver cancer. Univariate analysis showed that the training set (HR
2.718, 95% CI 2.105 3.511, P <0.001), the risk score in predicting the prognosis of patients with liver cancer
has a significant correlation (Fig. 4A). In addition, additional multivariate analyses were performed, and after
adjusting for other confounding factors, the risk score model remained an independent predictor of prognosis in
the training set (HR 2.64, 95% CI 1.990 to 3.52, P <0.001) (Fig. 4B), further supporting the original findings, and
the risk score model remained an independent predictor of prognosis in the training set (HR 2.64, 95% CI 1.990
to 3.52, P<0.001). And stressed the risk score as the importance of the key factors in assessing the prognosis
of liver cancer. In addition, stage was also an independent prognostic factor (HR 1.882, 95% CI 1.338-2.464,
P<0.001) (Fig. 4B).

In order to offer healthcare professionals an improved quantitative approach to forecasting the prognosis of
patients with LIHC, we created a nomogram that integrates various factors, such as cancer stage and risk score
(right column of Fig. 4C). The effectiveness of this nomogram as a prognostic assessment tool was demonstrated
through its utilization in estimating the probabilities of survival at 1-year, 3-year, and 5-year intervals.
Furthermore, calibration graphs were built, demonstrating a robust agreement between the projected and real
survival percentages at 1, 3, and 5 years. This further confirms the accuracy and usefulness of the nomogram
in the clinical prognosis of LIHC. The length of each line represents the degree of influence on prognosis, with
different values corresponding to different results. In particular, the risk score corresponds to the longest line,
indicating its strongest predictive power for prognosis. The column chart as a prognostic assessment tool is
effective through its estimated 1 year, 3 years, and 5 years survival probability interval is confirmed. In addition,
calibration plots were created that showed strong agreement between predicted and actual survival rates at 1,
3, and 5 years (left column of Fig. 4C). This further confirms the accuracy and utility of the nomogram in the
clinical prognosis of LIHC.

Conduct GSVA analysis on groups with high and low-risk

We performed a pathway analysis using the GSVA R package (Gene Set Variation Analysis) for patients classified
into high and low-risk groups. The results of our study showed that people in the high-risk category displayed
increased activity in metabolic pathways, specifically in the areas of purine metabolism, pyrimidine metabolism,

Scientific Reports |

(2025) 15:4660 | https://doi.org/10.1038/s41598-025-87459-w nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

A 29 27 22 13 9 20 29 28 27 26 21 15 13 10 7 4
=]
S -
@ g <
c 7 g
£ Q o
s § s
g = E Lt
S 4 N
%
= .
T T T T T T T T T T
-7 -6 -5 -4 -3 -7 -6 -5 -4 -3
Log Lambda Log Lambda
B
1an }
59 o
—T Status ‘J‘ : Status
E sof © s ‘e A . Alive g 34 L — . Alve
= . Desd = |  ; i = Dead
24
|
14
0o |
L
§ ‘ RiskType RiskType
High High
é o Low ll--

1 Risk
| Ll | ] High
| | i ATP2A3 05 MLow
I»I 1] IIJ| I [} C150rt39
f 1) (i) CD3E

| ll' | H_III!! | GMIP.
L )
i) I}‘ 1 \II! 1
i . A

\l ' CD4

TR W e

I Jil
||f 'w” HIII

I l1‘|H ‘HIH (i ‘I‘; LAMB

i {1 [100F g m" |

Survival probabiity
°

8 13
prodadity
e
2

[] 75 5 9 ]
Year
Number at risk
E 161 12 3 ' '
199 @ » 2 0
[] g 5 75 L]
Yoar

— AUC 4 por 073
e — AUC @ 3 s 057
24 — ALC @ 5 poars 076

Fig. 2. LASSO regression analysis in the TCGA dataset and construction and validation of the scoring model.
(A) LASSO coefficient distribution of ARPG in TCGA data set (left) and selection of optimal parameters in
LASSO model (right). (B) Distribution of ARPG survival status, score, and prognostic gene expression in
HCC patients in the TCGA (left) and GSE116174 cohorts (right). (C) Kaplan-Meier curves of OS differences
between middle- and low-risk groups in the TCGA (left) and GSE116174 cohorts (right). (D) Time-dependent
ROC curves for risk scores in the TCGA (left) and GSE116174 cohorts (right).
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Fig. 3. Relationship between characteristics and clinical features of HCC patients. There was no difference in
risk scores for patients of different genders (A) and ages (B). T grade (C), M grade (D), N grade (E), tumor
stage (F) and patient outcomes (G). In the T1-T3 grade and tumor stage 1-3, the risk increased with the
increase of the score. As the survival situation (G) score increased, the survival situation became worse. The
p-value is displayed as: ns: not significant; *P <0.05; **P <0.01; ***P <0.001.

and riboflavin metabolism (Fig. 5). This elevated expression in metabolic pathways suggests a potential link
between angiogenesis and altered metabolic processes in liver cancer patients.

The correlation between increased blood vessel formation and alteration of metabolic processes in the high-
risk category may suggest a more hostile tumor characteristic, potentially leading to a worse prognosis. This
insight not only underscores the importance of angiogenesis in liver cancer pathology but also opens avenues for
exploring metabolic pathways as potential therapeutic targets in high-risk liver cancer patients.

Immune infiltration analysis of angiogenesis-related models

We examined the association between our angiogenesis-related model and the infiltration of immune cells
by utilizing the CIBERSORT algorithm to estimate the scores of 22 different types of immune cells®!. It was
noted that individuals classified as high risk exhibited reduced levels of specific immune cell infiltration, such as
CD8 T cells, gamma delta T cells, M1 macrophages, M2 macrophages, resting dendritic cells, and resting mast
cells (Fig. 6A). Additional examination utilizing the ESTIMATE algorithm indicated that the high-risk group
had diminished immune and stromal scores, suggesting a decrease in overall immune infiltration (Fig. 6B). In
addition, we analyzed the expression of immune checkpoint genes and observed lower levels of CD200 and
CD27 in the high-risk group (Fig. 6C), indicating a possible immune evasion mechanism. Finally, we utilized
the TIDE (Tumor Immune Dysfunction and Exclusion) online tool to forecast the TIDE scores for the samples.
Despite higher TIDE scores usually suggesting a higher probability of immune evasion, our analysis revealed
no notable disparity in TIDE scores between the high and low-risk groups (Fig. 6D). This outcome suggests
that while our angiogenesis-related model is strongly associated with varying immune profiles in liver cancer,
it does not necessarily correlate with the predicted immune escape potential as assessed by TIDE?2. The results
emphasize the intricacy of the tumor immune microenvironment in liver cancer and the necessity of employing
diverse strategies to comprehend and potentially control these interactions for therapeutic advantage.

Angiogenesis-related models and immunotherapy databases

By employing the IMvigor210 immunotherapy cohort, we developed a risk assessment model using 13 crucial
genes. This model unveiled that individuals categorized as high-risk experienced unfavorable prognoses.
Surprisingly, in the group of patients undergoing immunotherapy, there was no notable disparity in the response
to this treatment between the high-risk and low-risk groups (Left column of Fig. 7A). However, a notable finding
was the varying proportions of high and low-risk patients across different cancer stages. In particular, individuals
in the high-risk category were found to have a higher occurrence in stages 1 and 3 during the advancement
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Fig. 4. Univariate and multivariate Cox regression analysis in the training set and construction of the
nomogram of OS prediction in HCC. (A) Univariate Cox regression analysis in the training set. (B)
Multivariate Cox regression analysis in the training set. (C) Columns used to predict the probability of survival
in the training set, (right column) columns used to predict the prognosis of HCC patients in the training set,
and (left column) calibration charts used to predict 1-year, 3-year, and 5-year survival in the TCGA dataset.

of cancer (Right column of Fig. 7A). This indicates that although the gene expression-based risk model can
predict the overall prognosis, its association with the response to immunotherapy is not as evident (Fig. 7B). The
effectiveness of immunotherapy is determined by various factors, including tumor microenvironment, immune
cell infiltration, and other aspects of the complex tumor-immune interaction, rather than solely relying on gene
expression. The prevalence of high-risk patients in early and more advanced stages of cancer highlights the
potential utility of this model in early detection and in anticipating aggressive disease progression, which could
inform treatment decisions, including the consideration of immunotherapy.
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Fig. 5. A heat map of the GSVA enrichment analysis shows the signaling pathway between the low-risk and
high-risk groups.

Analysis of angiogenic genes at the single-cell level

In our investigation, single-cell liver cancer dataset GSE14022 was analyzed using the online platform TISCH.
Following dimensionality reduction and clustering, cells were categorized into 12 distinct subgroups (Fig. 8A,B).
We focused on the expression patterns of four key genes from our prognostic model: AEBP1, ATP2A3, PLAT,
and PNMAL. Our analysis revealed that AEBP1 was predominantly expressed in innate lymphoid cells and mast
cells (Fig. 8C). ATP2A3 and PNMAI1 exhibited widespread expression across various cell subgroups (Fig. 8D,F).
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Fig. 6. Analysis of immune status based on the risk score associated with angiogenesis. (A) The degree

of infiltration of 22 types of immune cells between the high and low risk groups in the TCGA dataset. (B)
Matrix scores, immune scores and ESTIMATE scores for high- and low-risk groups in the TCGA dataset. (C)
Expression of immune checkpoint genes between high- and low-risk groups in the TCGA dataset. (D) TIDE
scores for high- and low-risk groups in the TCGA dataset. The p-value is displayed as: ns: not significant;

*P<0.05; **P<0.01;

PP <0.001.

Interestingly, PLAT expression was found exclusively in mast cells (Fig. 8E). The differential expression of
these genes across cell subgroups highlights their potential roles in tumor biology. The significant expression
of AEBP1 in innate lymphoid and mast cells suggests a role in modulating immune responses within the tumor
microenvironment. Mast cells, known for their role in inflammation and tissue remodeling, may contribute to
tumor progression and angiogenesis, potentially influenced by the expression of PLAT. The broad expression of
ATP2A3 and PNMAL across cell subgroups underscores their ubiquitous importance in liver cancer pathology.
These findings provide valuable insights into the cellular heterogeneity of liver cancer and the specific roles of
these key genes in different cell types, offering new avenues for targeted therapeutic strategies.
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Fig. 7. Immunotherapy-associated angiogenesis model. (A) Gene expression in different tumor stages of
immunotherapy in high and low-risk groups (left). (B) Kaplan-Meier survival curves for high and low-risk
groups.

AEBP1 inhibits the proliferation, migration and invasion of HCCLM3 cells in vitro

In 3 pairs of HCC tissues and corresponding adjacent tissues, RT_qPCR was used to detect the expression levels
of 4 prognostic related genes (ATP2A3, AEBP1, PNMA1, PLAT). The level of gene expression of the West_Blot
analysis was used to detect liver cancer and adjacent tissues of prognosis of four genes related protein expression
level, found that compared with the tissue adjacent to carcinoma, genetic ATP2A3, AEBP1, PNMAL1, PLAT were
upregulated in liver cancer tissues compared to adjacent tissues (Fig. 9A), The corresponding related proteins
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Fig. 8. Single-cell analysis reveals major cell types and prognostic gene expression. (A) Uniform manifold
approximation and projection (UMAP) maps of different cell clusters. (B) UMAP mapping of major cell types
based on specific marker genes. (C) AEBP1 gene expression in each cell type. (D) ATP2A3 gene expression in
all cell types. (E) PLAT gene expression in all cell types. (F) PNMA1 gene expression in various cell types.

are highly expressed in HCC (Fig. 9B). To determine the role of these four genes in HCC, we selected one
of them, A1BP1, for cell-level validation. In HCCLM3 cells, knockdown of AEBP1 mediated by siRNA, and
CCK8 results showed that knockdown of AEBP1 slowed down the proliferation rate of HCCLM3 cells (Fig. 9C),
while Transwell migration and invasion assays confirmed that AEBP1 knockdown inhibited the migration and
invasion of HCCLM3 cells (Fig. 9D).

These findings indicated that ATP2A3, AEBP1, PNMA1, and PLAT were highly expressed in HCC, which was
consistent with the bioinformatics findings (Fig. 2B). Among them, after knocking down AEBP1 in HCCLM3
cells, the proliferation, migration and invasion abilities of HCCLM3 cells were decreased.

Discussion
HCC is a leading cause of cancer-related death in many areas of the world. Although the measures of prevention,
surveillance, early detection, diagnosis and treatment have been widely implemented, the incidence and mortality
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Fig. 9. Experimental verification of the expression of four prognostic genes and the functional role of AEBP1.
(A) The mRNA expression levels of ATP2A3, PNMA1, AEBP1, and PLAT mRNA in liver cancer tissues and
adjacent tissues. (B) Western blot analysis of ATP2A3, PNMA1, AEBP1, and PLAT protein expression levels in
liver versus adjacent non-cancerous tissue. (C) CCK8 assayed cell viability after SIRNA-mediated target gene
knockdown compared with control and negative control (NC) siRNA. (D) Transwell assays demonstrating

the migration and invasion capabilities of HCCLM3 cells, with comparisons made between control, SIRNA-
negative, and SiRNA-mediated target gene knockdown groups. Representative images of the invasion and
invasion assays are shown on the left, while quantification of migrating and invading cells is displayed on the
right. The p-value is displayed as: ns: not significant; *P < 0.05; **P <0.01; ***P < 0.001.

of HCC continue to increase in many countries. Angiogenesis is the process of generating new capillaries regulated
by angiogenic and anti-angiogenic factors. Angiogenesis allows the tumor cells to provide sufficient oxygen and
nutrition, which promotes tumorigenesis, metastasis, and deterioration”?. As a highly vascularized malignant
tumor, HCC produces angiogenic and anti-angiogenic factors under the co-regulation of related genes, thereby
regulating the angiogenic process*’. High expression of angiogenesis-promoting genes leads to abnormal
vasculature and enhances HCC metastasis, while antiangiogenic genes slow HCC progression®. Therefore, it is
of great significance to provide prognostic prediction for HCC patients by integrating angiogenesis-related genes
as effective and reliable biomarkers for HCC.

In our study, we systematically analyzed the transcript levels of 30 prognostic angiogenesis-related genes in
TCGA dataset. LASSO Cox regression analysis was used to screen out 13 prognostic genes related to angiogenesis,
and a risk score model was established based on these genes. According to the score, HCC patients were divided
into high-risk and low-risk groups. Survival analysis showed that higher scores were significantly associated with
poor prognosis of HCC, and the OS of patients in the low-risk group was significantly higher than that in the
high-risk group. The predictive power of the risk score model was determined by the time-dependent ROC curve,
and the AUC was 0.73, 0.67, and 0.76 in the prediction of 1, 3, and 5 years of generation, respectively, showing
relatively robust diagnostic value. In addition, the scoring model was further demonstrated in the validation
cohort GSE116174 dataset. By combining the clinical data of liver cancer patients in TCGA database with our
prognostic model, we found that the size and stage of HCC were associated with higher scores, and individuals
with higher risk scores tended to have poor survival status and tended to die. In addition, principal component
analysis further verified that the risk score model could be used as a good predictor for the prognosis of HCC
patients, and the risk score model could be used as an independent prognostic factor for clinical outcome.
Therefore, this risk score model can be used as a prognostic biomarker for HCC patients.

GSVA analysis showed that the high risk score patients had active purine, pyrimidine, and riboflavin
metabolic pathways, which may influence angiogenesis®. Mullen et al. pointed out that enhanced purine
metabolic activity promotes the occurrence of hepatocellular carcinoma. Among the hallmarks of cancer, the
most important feature of cancer cells is the induction of uncontrolled proliferation, which in turn depends
heavily on purine and pyrimidine metabolism?’. In HCC patients with poor prognosis, purine metabolism and
purine biosynthesis pathway activity are significantly activated?®. Yang et al. found that the use of nucleotide
reverse transcription inhibitors can inhibit angiogenesis in vivo and in vitro by affecting the proliferation and
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migration of vascular endothelial cells?®. The correlation between increased angiogenesis and altered metabolic
processes may indicate that the tumor has more aggressive features that may lead to a worse prognosis. This
finding not only highlights the importance of angiogenesis in HCC pathology, but also opens the way to explore
metabolic pathways as potential therapeutic targets in high-risk HCC patients.

The Tumor immune microenvironment (TIME) of HCC is a complex mixture of hepatic non-parenchymal
resident cells, tumor cells, immune cells and tumor-associated fibroblasts®°. The interaction between tumor cells
and the TIME plays an important role in the occurrence, progression, metastasis and response to therapy of
tumors’!. CD8+ T cells, as the cytotoxic T lymphocytes that can recognize tumor-associated antigens and then
destroy tumor cells. Besides,

IFN-y secreted by CD8 cells has been found to be associated with inhibition of tumor angiogenesis by
reprogramming tumor-associated macrophages from M2-to M1-like types*2. Macrophages can be divided into
classical M1 macrophages and M2 macrophages, depending on signals from the surrounding microenvironment.
Dendritic cells stimulate angiogenesis by secreting angiogenic factors and cytochemokines to promote the
proangiogenic activity of T lymphocytes and trans-differentiation into endothelial cells**. Mast cell recruitment
in TIME leads to impaired proinflammatory pathways that contribute to tumor progression, contribute to
angiogenesis, promote metastasis, and recruit tumor-associated macrophages to promote tumor responses“.
In our study, individuals in the high-risk group had reduced infiltration levels of CD8 T cells, yOT cells, M1
macrophages, M2 macrophages, resting dendritic cells, and resting mast cells, which may be related to increased
angiogenesis. High-risk HCC patients had reduced immune cell infiltration and lower survival rates, likely due
to increased angiogenesis. The angiogenesis model score can reflect the tumor immune microenvironment of
HCC and show a more suppressive immunophenotype. However, immune cell composition is calculated based
on various algorithms and remains inaccurate compared to IHC and flow cytometry. Even so, tumor immune
microenvironment analysis is still helpful to understand more about tumor immunity. Overall, the angiogenesis
model score was significantly correlated with tumor infiltrating cells, suggesting that it may contribute to
immune regulation involved in HCC progression.

When constructing the risk score model, 13 genes significantly associated with HCC prognosis were identified
by LASSO Cox regression analysis. These 13 genes each have different coefficients in the model, which reflect
the degree to which the gene expression level contributes to the risk score. Among them, four genes, ATP2A3,
AEBP1, PNMAI1 and PLAT, had relatively large absolute values of coefficients in the model, indicating that
they had a relatively important impact on the calculation of risk scores and patient risk stratification, and were
therefore prioritized as subjects for follow-up studies. By analyzing angiogenesis genes at the single-cell level,
it was found that AEBP1 was mainly expressed in innate lymphoid cells and mast cells. ATP2A3 and PNMA1
were widely expressed in different cell subsets. PLAT is only expressed in mast cells. These four genes showed
significant differences in single cell analysis.

AEBP1 is a transcriptional repressor involved in the regulation of key biological processes, including
lipogenesis, inflammation, macrophage cholesterol homeostasis, and atherogenesis35. AEBP1 mRNA and protein
expression has been reported to be upregulated in various cancer samples, supporting a role for AEBP1 in cancer
progression. AEBPI is highly expressed in gastric cancer®, colorectal cancerand®” their cell lines, and the up-
regulation of AEBP1 expression is significantly correlated with poor prognosis and low OS rate of patients.
Zhang?® found that the expression level of AEBP1 was increased in liver fibrosis, which was associated with
poor prognosis of patients. Recently, Yorozu®® found that AEBP1 expression is elevated in tumor endothelial
cells within colorectal cancer tissues, and that upregulation of AEBP1 might contribute to tumor angiogenesis.
ATP2A3 alterations have been reported in various tumor types and are associated with human susceptibility to a
variety of cancers due to regulation of gene transcription and cell proliferation*’. ATP2A3 expression is reduced
or absent in various cancer tissues, and high ATP2A3 expression can be used as a good prognostic marker for
patients with colorectal and gastric cancer?!. PLAT is a tumor-related angiogenic factor, which plays a role in
tumor progression by activating angiogenesis, cell invasion and mediating cell proliferation*. In addition, Lin*}
used whole-human genome oligonucleotide microarrays to detect differentially expressed genes in primary
cultured hepatocellular carcinoma cells with an aggressive phenotype (HA 22T/VGH cell line) and found that
PLAT had the effect of promoting proliferation, migration and angiogenesis, thereby promoting tumor invasion.
PLAT expression is influenced by epigenetic mechanisms*:. Recently, a study showed* that PNMAL is an
oncogene in HCC that contributes to cell proliferation, migration, and invasion.

In the risk scoring model we developed, the genes ATP2A3, AEBP1, PNMA1, and PLAT exhibited large
absolute values of coeflicients in the model, which had important effects on the calculation of risk scores and
risk stratification of patients. Additionally, these four genes demonstrated significant differences in single-cell
analysis. Literature review revealed that these genes exert potent biological effects associated with angiogenesis
or hepatocellular carcinoma (HCC), with well-defined functional implications. Consequently, their expression
levels were assessed via QRT-PCR in three pairs of HCC tissues and corresponding peritumoral tissues. Our
findings indicated that ATP2A3, AEBP1, PNMAI, and PLAT were markedly upregulated in HCC tissues
relative to adjacent tissues, corroborating the results from bioinformatics analysis. Furthermore, AEBP1
displayed significant differential expression at both the transcriptomic and proteomic levels, and functional
analysis suggested that AEBP1 might facilitate angiogenesis and tumor progression by modulating the tumor
microenvironment. Therefore, we used wet experiments to verify the role of AEBP1 in HCC. In HCCLM3 cells,
the proliferation rate is slowed down after knocking down AEBP1. Tanswell experiment shows that the migration
and invasion of HCCLM3 cells are inhibited after knocking down AEBP1. Therefore, we speculate that AEBP]I,
by promoting angiogenesis, leads to the progression of HCC and thus to the shortened survival of patients. High
expression of AEBP1 gene in HCC is significantly associated with poor prognosis of patients. AEBP1 can be a
potential therapeutic target for HCC. However, further experiments are needed to prove this.
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This study has limitations, including the need for further validation of the 13-gene model in larger clinical
datasets. This model then represents almost the best prognostic model associated with angiogenesis by integrating
a large number of angiogenesis-related genes but excludes some important genes, such as VEGFA. At the same
time, the inherent weakness of assuming only one phenotype to establish a prognostic signature is unavoidable,
as many other fundamental prognostic genes in HCC may also be excluded. In addition, the sample size used
for wet validation was relatively small, which may limit the statistical power and generalizability of the findings.
At the same time, due to limited experimental resources, we only verified the role of AEBP1 in HCC, and the
specific mechanism needs to be further studied.

Conclusion

We constructed a risk score model based on 13 angiogenesis-related genes, which serves as a novel prognostic
biomarker for hepatocellular carcinoma (HCC) and has the potential to guide the development of more
personalized treatment strategies for HCC patients. In addition, knockdown of AEBP1 in HCCLM3 cells
inhibited the proliferation, migration and invasion of HCCLM3 cells, indicating that AEBP1 is a potential
therapeutic target for HCC.

Data availability

The dataset analysed during the current study are available in the GEO Database (http://www.ncbi.nih/geo/),
TCGA Database (http://www.portal.gdc.cancer.gov), GnneCards database (http://www.genecards.org/) and
Molecular Signatures Database (MSiDB, http://www.broad.mit.edu/gsea/msigdb). All data analysed during this
study are included in the supplementary file.
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