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ARTICLE INFO ABSTRACT

Keywords: Backgrounds: It was highlighted by recent studies on the biological significance of vasculogenic mimicry (VM) in

Vasculogenic Mimicry tumorigenicity and progression. However, it is unclear whether VM also plays a potential role in immune

Lung AqenocarCinoma regulation and tumor microenvironment (TME) formation.

;‘:}glzg::herapy Methods: To identify patterns of VM alterations and VM-associated genetic features in non-small cell lung

ANIN adenocarcinoma, we have screened 309 VM regulators and performed consensus molecular typing by the NMF
algorithm. The ssGSEA and CIBORSORT algorithms were employed to measure the relative infiltration of distinct
immune cell subpopulations. Individual tumors with immune responses were evaluated for alteration patterns of
VM with typing-based differential genes.
Results: In 490 LUAD samples, two distinctive VM alteration patterns connected to different clinical outcomes
and biochemical pathways were established. TME characterization showed that the observed VM patterns were
primarily saturated with cell proliferation and metabolic pathways and higher in immune cell infiltration of the
C1 type. Vasculogenic mimicry-related genes (VMRG) risk scores were constructed to divide patients with lung
adenocarcinoma into subgroups with high and low scores. Patients with lower scores had better immunological
scores and longer survival times. Upon further investigation, higher scores were positively correlated with higher
tumor mutation burden (TMB), M1-type macrophages and immune checkpoint molecules. Nevertheless, in two
other immunotherapy cohorts, individuals with lower scores had enhanced immune responses and long-lasting
therapeutic benefits. Finally, we monitored the ANLN gene from the VMRG model, which was highly expressed
in lung adenocarcinoma tissues and negatively correlated with prognosis; it was also highly expressed in lung
adenocarcinoma cell lines, and knockdown of ANLN elicited low expression of VEGFA, MMP2 and MMP9.
Conclusion: This study highlights that VM modifications are significantly associated with the diversity and
complexity of TME, revealing new features of the immune microenvironment in lung adenocarcinoma and
providing a new strategy for immunotherapy. Screening ANLN as a critical target for vasculogenic mimicry in
lung adenocarcinoma provides a novel perspective for the targeted treatment of lung adenocarcinoma.

1. Introduction deaths worldwide, and adenocarcinoma is its leading pathological type,
accounting for more than 40% of cases [1]. Although treatment options
Lung adenocarcinoma (LUAD) is the primary cause of cancer-related are diverse and advances have been implemented, the 5-year overall
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survival (OS) rate for LUAD still remains below 20%(2]. At present, the
prognosis-related mechanisms of LUAD have not yet been elucidated.
Tumor invasion and metastasis are closely related to tumor angiogen-
esis, which has become one of the most widespread problems in
oncology|[3]. Therefore, it remains a significant challenge to accurately
individualize the assessment and improve the survival of LUAD patients.

Solid tumor formation depends on a continuous supply of oxygen
and nutrients[4]. Angiogenesis has a crucial role in tumor development
because of its constant supply of oxygen and nutrients to the tumor, and
tumor cells may also use this circulatory pathway to allow patients to
develop recurrence and metastasis[5,6]. Throughout the years, a lot of
attention has been focused on the function of budding angiogenesis or
reaggregation of vascular endothelial cells from the surrounding pre-
existing vessels to the tumor[7]. However, in addition to
endothelium-dependent angiogenesis, Maniotis first identified a novel
model of tumor blood supply in human melanoma, called vasculogenic
mimicry (VM), which is a novel endothelium-independent mode of
tumor blood supply consisting of a tubular network of pluripotent and
stem cell-like (both tumor and endothelium) phenotypes of cancer cells
that provide sufficient solid tumor growth blood supply[8]. It has been
found that VM tubular walls stained positive for periodic acid-Schiff
(PAS) and negative for endothelial cell markers such as CD31 and
CD34, indicating that VM tubular walls are not composed of endothelial
cells but directly of tumor cells[8,9]. This tubular pattern provided
sufficient blood supply for malignant tumors and is essential to tumor
growth and metastasis. This ductal pattern provides adequate blood
supply to malignant tumors and plays a critical role in their development
and metastasis.

Recent studies have revealed the interaction between VM and the
tumor immune microenvironment, which provides a new perspective on
the interaction between VM and tumor immune cells[10]. Liu et al. re-
ported that melanoma cells with high NGFR expression possess a vas-
culogenic mimicry phenotype and highly express PD-L1 close to immune
cells[11]. Wang et al. also reported that MAGEA3 promotes the forma-
tion of tumor vasculogenic mimetic[12]. The immune microenviron-
ment was then remodeled. Tumor stem cells, cancer-associated
fibroblasts, and tumor-associated macrophages in the immune micro-
environment can promote VM spontaneously or secondarily[13-15];
yet, there is still a lack of effective targets to inhibit VM formation. In
this study, we constructed a spanking three-classification molecular
typing of LUAD utilizing genes correlated with VM generation from the
GEO database, consisting of ANLN, ABCA3 and SFTA3 together. Further
analysis revealed that ANLN was significantly upregulated in LUAD and
its high expression was negatively correlated with prognosis. By con-
structing ANLN knockdown lung adenocarcinoma cell lines, we exam-
ined the expression levels of VM-related proteins VEGFA, MMP2 and
MMP9 and found that all appeared to be down-regulated. It can be
concluded that ANLN can be a crucial target for the formation of LUAD
angiogenic mimics, and inhibition of ANLN can effectively prevent the
progression of LUAD.

2. Materials and Methods
2.1. Collect and Preprocess Publicly Available Expression Datasets

Gene expression data and clinical characteristics of LUAD samples
were retrospectively collected from publicly available datasets from the
NCBI GEO database (https://www.ncbi.nlm.nih.gov/geo/) and TCGA
(https://cancergenome.nih.gov/). Total 594 TCGA-LUAD (The Cancer
Genome Atlas-Non-Small Cell Lung Adenocarcinoma Cancer, N = 594)
patients were incorporated into the analysis, in addition to the
GSE43742 cohort (N = 4), GSE37892 (N = 12), and GSE179975 (N = 6)
datasets. Since these GEO datasets share the same microarray
sequencing platform (AffymetrixHG-U133 +2.0), we downloaded the
original "CEL" files and processed them with the "affy" and The back-
ground noise adjustment and batch effect correction were performed by
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the "Simple Processing" package. Batch effects between different GEO
datasets were removed using the ComBat method in the ’SVA’R package.
Genomic mutation data for TCGA-LUAD were obtained from the UCSC
Xena database and Davoli et al. Non-synonymous mutations (including
shift mutations, missense mutations, nonsense mutations and splice site
mutations) counts identified as TMB.

2.2. Consensus molecular clustering of VM regulators by NMF. An NMF
consensus clustering was performed using three GEO microarray
intersection genes

Specifically, the expression of 309 VM regulators (MatrixA) was
decomposed into two non-negative matrices W and H (i.e., A ~ WH).
The decomposition of MatrixA was repeated and its output was aggre-
gated to obtain the consensus clustering of lung adenocarcinoma sam-
ples. The optimal number of clusters is selected based on the coeval
coefficient, dispersion coefficient and contour coefficient. Consensus
clustering was performed using the R package "NMF" (version 0.22.0)
with the brunet algorithm and 200 nruns.

2.3. Estimation of Tumor-Microenvironment Cell Infiltration

The cell sorting algorithm (https://cibersort.stanford.edu/) was used
to estimate the relative abundance of 22 different immune cell types
based on gene expression in tumor tissues[16]. We also applied the
microenvironmental cell population counter (MCPCounter) method
using the R package "MCPCounter" to quantify the absolute abundance
of eight immune cell populations and two stromal cell populations in
tumor tissues from RNA-seq data. Univariate Cox regression analysis
was further performed on cell types that differed significantly between
tumors with high and low VMRG to determine their correlation with
overall survival using the best group cut-off values.

2.4. Gene set variation analysis (GSVA) and gene ontology (GO)
annotation

A GSVA analysis and the R package "GSVA" were used to study the
variation of biological processes between different VM modification
patterns[17]. Explicit biological signatures were obtained from the
signature marker gene set (downloaded from MSigDB database v7.1)
and the gene set constructed by Maritassan et al. (from the IMvigor210
synergistic biopackage).

2.5. Adopting ssGSEA Immune Cell Infiltration Estimation and Inverse
Fold Product Algorithm

Single sample gene set enrichment analysis (ssGSEA) to quantify the
relative abundance of 28 immune cell types in the tumor microenvi-
ronment. The specific panel of signature genes used to mark each im-
mune cell type was compiled from a recent study. The relative
abundance of each immune cell type was expressed as an enrichment
score in the ssGSEA analysis and normalized to a uniform distribution
from O to 1. The Biosimilarity of infiltrating immune cells was estimated
using multidimensional scaling (MDS) and Gaussian fitting models. The
abundance of 22 different leukocyte subpopulations was estimated using
the inverse fold product method of Western cell classification
(http://cibersort.stanford.edu/).

2.6. Quantitative Immune Response Predictors, Immunoscore
(Immunophenoscore), TIDE and ESTIMATE

Immunophenoscore (IPS) is a superior predictor of response to anti-
CTLA-4 and anti-PD-1 regimens. It quantifies the determinants of tumor
immunogenicity and characterizes the intratumoral immune landscape
and cancer antigenome, belonging to a scoring scheme developed by a
panel of immune-related genes. MHC-related molecules (MHC),
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checkpoints or immunomodulators (CP), effector cells (EC) and sup-
pressor cells (SC). Weighted average Z-score, The weighted average Z-
score, was calculated by averaging the sample Z-scores of the four cat-
egories in their respective categories. The weighted average Z-score was
calculated by averaging the Z-scores of the four categories in their
separate categories and the sum of the weighted average Z-scores was
calculated as IPS. The tumor immune dysfunction and rejection (TIDE)
algorithm proposed by Jiang et al. was used to model different tumor
immune evasion mechanisms, including Dysfunction of tumor-
infiltrating cytotoxic T lymphocytes (CTLs) and rejection of CTLs by
immunosuppressive factors, rejection by immunosuppressive factors
[18]. A higher TIDE score indicates that tumor cells are more likely to
induce immune escape, thus indicating a lower response rate to ICIL
Estimating stromal and immune cells in malignant tumors uses the
Expression Data Estimation of Stromal and Immune Cells in Malignant
Tumors (ESTIMATE) algorithm, which uses the unique properties of
transcriptional profiles to infer the cellularity of tumors and the purity of
tumors. By using the ESTIMATE algorithm, we calculated immune and
stromal scores to predict the levels of infiltrating immune and stromal,
which form the basis of tumor purity. Tumor tissue with a large number
of immune cell infiltrates represents a higher immune score and lower
tumor purity.

2.7. Mutation Characteristics of Significantly Mutated Genes and Tumors

The mutational landscape of VM-modified genes and smg in the
TCGA-LUAD cohort was described by the waterfall function of the R
’maftools’ package. Mutation signatures extracted from TCGA genomic
data were also used in the ‘'mafools’ package. The extracted signature
function based on Bayesian variable non-negative matrix decomposition
decomposes the mutation portrait matrix into two non-negative
matrices "signature" and "contribution", where "signature" represents
the mutation. The "signature" represents the mutation process and the
"contribution" represents the corresponding mutation activity. The
signature enrichment function automatically determines the optimal
number of extracted mutation signatures and assigns them to each
sample based on mutation activity. The extracted CC mutation profiles
were compared and annotated with the cancer somatic mutation catalog
(universe) by cosine similarity analysis.

2.8. Construction of a prognostic model for vasculogenic mimicry-related
genes

A previous consensus clustering algorithm classified patients into
two different VM modification patterns, and we next identified VM
modification-related differentially expressed genes (DEGs) in different
VM phenotypes. The R package ’limma’ was used to evaluate deg in
LUAD samples between different modification clusters. Specifically,
gene expression data were normalized by voom and entered into the
limit and eBayes functions to calculate the differential expression sta-
tistics. The significance filtering criteria for deg was set to an adjusted p-
value of less than 0.001. the TCGA set was divided using the ’caret’ R
package. Ultimately, 236 and 232 patients were included in the training
set (construction of the model) and the test set (validation of the model),
respectively. We constructed three VM-related gene scores (VMRG) by
least absolute shrinkage and selection operator (LASSO) Cox regression
analysis using the "glmnet" package of R. The relationship between VM-
associated genes and LUAD risk was used to assess the association ac-
cording to the following equation: Risk score = » (p;* Exp;). Clinical
information and platform annotation information for the external vali-
dation dataset were obtained from the GSE30219 dataset of the Gene
Expression Omnibus (GEO) database (http://www.ncbi. nlm.nih.gov/
geo). A total of 307 LUAD patients were included in the validation
dataset of this study.
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2.9. Single-cell RNA sequencing

The processed single-cell data were integrated by the "Seurat"
package to identify anchor points, and firstly, cells and genes included in
this study were filtered according to the following criteria: 1) cells
expressing less than 200 genes were removed; 2) genes expressed in less
than three cells were removed. 3) cells expressing genes fluctuating
between 200 and 7000 genes were retained. 7000 genes were retained.
4) Cells with less than 10% of mitochondrial genes were retained. The Sc
transform function was used to eliminate the effect of the cell cycle on
subsequent results. The number of selected dimensions was set to 20.
The first 20 principal components were selected for cluster analysis by K-
nearest neighbor (KNN). Cells were divided into three subgroups im-
mune, epithelial and stromal cells by manually selecting the marker
genes of the cells. Since ANLN is highly expressed in epithelial cells, we
speak about epithelial cells were sorted out for re-clustering.

2.10. Cell Lines and Culture

Human normal bronchial epithelial cells (BEAS-2B) and three human
lung adenocarcinoma cell lines (A549, H1975 and PC9) were purchased
from the Chinese Academy of Sciences cell bank, Shanghai Branch. All
cell lines were grown in RPMI-1640 medium supplemented with 10%
fetal bovine serum (FBS) and 1% (v/v) penicillin and streptomycin and
cultured at 37 °C in a humidified environment with 5% CO2.

2.11. siRNA transfection

Three pairs of ANLN gene siRNA fragments (siANLN-1, siANLN-2 and
siANLN-3) and one pair of non-targeting control siRNA fragments (si-
NC) were designed and synthesized. To down-regulate ANLN expres-
sion, small interfering RNAs (si-NC, siANLN-1, siANLN-2 and siANLN-3)
were introduced into non-small cell lung cancer cells. When the cell
fusion rate reached 50%— 60%, Lipofectamine® 3000 reagent (Thermo
Fisher Science) was used according to the operation manual. Cell
transfection was performed to suppress the expression of endogenous
ANLN. RT-PCR and Western blotting were performed to detect the
knockdown efficiency of siRNAs.

2.12. Western blot and gRT-PCR

Proteins were extracted from the cells using RIPA strong lysis buffer.
Equal amounts of protein samples were separated by SDS-PAGE and
transferred to PVDF membranes. PVDF membranes were closed in TBST-
prepared 5% skim milk at room temperature for one hour. Then, the
membranes were incubated with diluted primary antibodies on a shaker
overnight at 4 °C (All antibodies were obtained from Proteintech). Then,
the membranes were washed three times with TBST, followed by incu-
bation with the corresponding secondary antibodies at room tempera-
ture for one hour, rinsed again with TBST, and finally developed with
Gel Doc 2000 (Bio-Rad). Total RNA from A549 and PC9 cells was
extracted using TRIZOL kit (Thermo Fisher Science) and complementary
DNA (cDNA) was synthesized using PrimeScrip RT kit (Takara, Japan).
The qRT-PCR experiments were performed using a Roche 480 machine
to obtain the Ct values of the amplified products, and the final results
were normalized to the expression of actin (f-actin). Gene expression
was quantified using the 2-AACT method.

2.13. Statistical Analysis

All statistical analyses were performed using R software (version
4.1.3, http://www). r-project.org). Kaplan-Meier curves and log-rank
tests were used to compare the survival outcomes of the subgroups.
The independent prognostic value of OS clinical characteristics was
assessed using a univariate Cox proportional risk regression analysis.
The prognostic power of the OS prediction model was evaluated using
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subject operating characteristic (ROC) curves (R package "timeROC")
and area under the curve (AUC) values. Differences between groups
were compared using an independent samples t-test. P value < of 0.05
was considered statistically significant[19].

3. Results
3.1. Filtration and identification of vasculogenic mimicry-related genes

Angiogenesis-related microarrays were acquired from the GEO
dataset with three microarrays GSE43742, GSE118370, GSE119975
respectively for differential genes (|logFC| > 0.585, p < 0.05). 5342,
3757 and 5447 differential genes were obtained, respectively (Fig. 1A-
C), and Venn diagrams were plotted to obtain intersection sets for
obtaining 309 vasculogenic mimicry-related genes in lung cancer
(Fig. 1D).
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3.2. Consensus clustering to identify different subgroups and inter-cluster
prognostic analysis

The 309 vasculogenic mimicry-related genes obtained by GEO were
first analyzed for differences in LUAD (|logFC| > 1, p < 0.05), and a total
of 51 genes with significant LUAD differences were obtained (Table S1).
Then, microarray data of LUAD gene expression were merged with
clinical data, and finally 490 LUAD samples with survival times were
identified for consistent clustering. Specifically, the 51 VM-related ex-
pressions were decomposed into two non-negative matrices. Repeated
decomposition of the matrices and aggregation of their outputs were
performed to obtain consistent clustering of LUAD samples (Supple-
mentary Figure 1). The optimal number of clusters was selected based on
the coeval, dispersion, and contour coefficients. Consensus clustering
was performed using the R package "NMF" (version 22.0) with the Blue
Meta algorithm and 200 nruns (Fig. 2A-B). The results of Kaplan-Meier
survival analysis showed a significant difference between C1 and C2
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Fig. 1. VM associated gene for the detection of lung adenocarcinoma. (A-C) Volcano plots of differential genes in three GEO cohorts. (A) GSE43742; (B)
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(p < 0.05). The samples in cluster 2 outperformed the samples in cluster
1 in terms of OS (p < 0.05, Fig. 2C). To further elucidate the differences
between the two molecular subtypes of LUAD in immune cells, we
calculated the degree of infiltration of 10 immune cells in TCGA_LUAD

patients by the MCPcounter algorithm and compared the differences
between the two immune cells in the two clusters. The results showed
that some immunosuppressive cells in bone marrow dendritic cells,
endothelial cells, fibroblasts and monocytes infiltrated in higher



L. Zhang et al.

abundance in C1 than in C2, CD8 + T cells and neutrophils did not differ
in the two subgroups (p < 0.05, Fig. 2D). Immune-activated cytotoxic
lymphocytes, CD8 + T cells, T lymphocytes and NK cells were infiltrated
in higher abundance in C1 than in C2 (p < 0.05, Supplementary
Figure 2A-F). To clarify the difference in pathway expression between
C1 and C2, we performed GSVA analysis using two datasets, HALLMARK
and KEGG, respectively, which showed that C1 with poor prognosis was
enriched in oxidative phosphorylation pathway, mismatch repair
pathway and some pathways that promote cell proliferation, and C2
with good prognosis was enriched in p53 pathway and HEDGEHOG
pathway (Fig. 2E-F). The above results suggest that molecular typing
based on vasculogenic mimicry for LUAD reconstitution is useful for
and
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3.3. Construction and identification of LUAD prognostic models based on
angiogenic mimetic molecular typing

Primary steps were performed to identify the differences in gene
expression profiles between the two typologies C1 and C2 (|logFC|>1,
p < 0.05), and a total of 141 differential genes were obtained (Table S2).
A total of 126 LUAD prognosis-related genes were obtained using uni-
variate Cox regression analysis (Table S3). The characteristics of LUAD
prognosis prediction were established using LASSO Cox regression, and
VM-associated gene risk scores were determined using the three most
relevant genes (Supplementary Figure 3A-B) - VMRG. risk scores were
calculated as follows: risk score = (0.417 *ANLN expression)
+ (—0.114 * ABCA3 expression) + (—0.1 * SFTA3 expression). The
TCGA_LUAD samples were randomly grouped 7:3, where seven was set
as the training set, three was set as the test set, and GSE30219 (N = 307)
was selected as the external validation set. The samples were risk scored
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and ranked to determine whether expression levels changed systemati-
cally with risk score (Fig. 3A-C). Expression levels of the three genes
increased significantly with increasing risk scores. The median risk score
of 1.79 was used as the cut-off value, above which was the high-risk
group and below which was the low-risk group, with a higher propor-
tion of death in high-risk patients and a lower proportion of long-term
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external validation set, and the above results indicate that the LUAD
prognostic model constructed based on VM has a relatively favorable
prediction effect (Fig. 3G-I).

3.4. VMRG signatures predict differences in tumor variable load and
immune microenvironment

survival lower in the low-risk patients. In addition, the two groups
had a significant difference in prognosis. The training set, internal test
set and external validation set all exhibited poorer prognostic charac-
teristics in the high-risk group (Fig. 3D-F, p < 0.05). The validation re-
sults of the ROC curve are shown below: with AUCs of 0.714, 0.675 and
0.624 at 1, 3 and 5 years for the training set; AUCs of 0.737, 0.65 and
0.65 for 1, 3 and 5 years for the test set 0.737, 0.652 and 0.590 for the
test set; and AUCs of 0.634, 0.625 and 0.642 for 1, 3 and 5 years for the

TMB is the total number of detected somatic gene coding errors, base
substitutions, gene insertion or deletion errors per million bases. TMB
has been detected to be intimately affiliated with the prognosis and
immune microenvironment of tumor patients. To identify the relation-
ship between TMB and the immune microenvironment in LUAD, we first
compared the gene mutations in high- and low-risk cohorts, and the
cross-sectional histogram showed that the mutation rate was higher in
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the high-risk cohort than in the low-risk cohort (Fig. 4A), and further
demonstrated the difference in TMB scores in the high- and low-risk
cohorts (Fig. 4B). Spearman correlation analysis of positive correlation
between risk score and TMB (R = 0.36, p < 0.05, Fig. 4C). KM survival
curves demonstrated the survival status of LUAD patients in the VMRG
risk cohort combined with TMB. The results showed a higher survival
prognosis in the low-risk cohort with high TMB than in the high-risk
cohort with low TMB (p < 0.05, Fig. 4D). The tumor immune microen-
vironment has immune cells and stromal cells as the basis for con-
structing the immune score, and we show the distribution of
ImmuneScore, StromalScore and ESITIMATEScore and TumorPurity in
the immune microenvironment in the VMRG cohort in the form of bar
graphs, with ImmuneScore, StromalScore and ESITIMATEScore in the
low-risk group. StromalScore and ESITIMATEScore were higher in the
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low-risk group than in the high-risk group; tumor purity was higher in
the high-risk group than in the low-risk group (p < 0.05, Fig. 4E-H).
Next, we analyzed the correlation between the abundance of immune
cell infiltration and the risk cohort. The results showed that plasma cells,
CD4 + memory dormant cells, activated NK cells, monocytes, dormant
dendritic cells, CD8 + T cells, and dormant mast cells were more
enriched in the high-risk cohort. Treg cells were more infiltrated in the
low-risk cohort (Fig. 4I). Eosinophils, M1 macrophages, and activated
NK cells were positively correlated with risk scores, and mast cells and
dormant dendritic cells were negatively correlated with risk scores
(Fig. 4J).
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Fig. 5. The VMRG risk score predicts immunotherapeutic benefits. (A) Association of VMRG risk scores with eleven immune checkpoints, with red circles
representing positive associations and blue circles representing negative associations. (B-E) Distribution of four prevalent clinical immune checkpoint molecules in
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groups; (G) In the TCGA-LUAD, the relative distribution of TIDE was examined between the high and low VMRG groups.
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3.5. Relationship between risk score and immunotherapy

As the expression of immune checkpoints affects the outcome of
LUAD patients, we selected 11 immune checkpoint molecules and
correlated them with risk scores to clarify the correlation (Fig. 5A).
Further, we analyzed the differences in the expression of four clinically
common immune checkpoint molecules in the high- and low-risk
groups, and the expression of PD1, PD-L1, and LAG3 were higher in
the high-risk cohort than in the low-risk cohort (p < 0.05, Fig. 5B-E).
Next, we analyzed the proportion of immunotherapy efficacy in the risk
cohort in the TIDE algorithm using a chi-square test, which showed that
treatment was effective in 70% and therapy was ineffective in 30% of
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the low-risk group; treatment was effective in 89% and treatment was
inadequate in 11% of the high-risk group (% = 27.48, p < 0.05, Fig. 5F).
TIDE calculated the immunodeficiency, immune escape, microsatellite
instability (MSI), and TIDE score capacity for LUAD. Immune deacti-
vation was higher in the low-risk group than in the high-risk group,
immune escape and immunotherapy efficacy were higher in the high-
risk group than in the low-risk group, and there was no statistical sig-
nificance in MSI scores between the two cohorts, with immunotherapy
efficacy being better in the high-risk group than in the low-risk group
(p < 0.05, Fig. 5G-J).
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3.6. ANLN as a regulatory target of LUAD is negatively correlated with
prognosis

We further evaluated the expression and survival differences of the
three genes ANLN, ABCA3, and SFTA3 in LUAD in the construct VMRG
model. the expression of ANLN was higher in cancer tissues than in
paracancerous tissues, and ABCA3 and SFTA3 were lower in para-
cancerous tissues (Fig. 6A-C). The prognosis of OS was worse in the high
ANLN expression group, and ABCA3 and SFTA3 low expression group
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had worse OS (p < 0.05, Fig. 6D-F). Meanwhile, the prognosis of PFS
was poorer in the ANLN high expression group and worse in the SFTA3
low expression group (p < 0.05, Fig. 6G-I). The above results suggest
that ANLN can be a new target of LUAD to promote cancer progression.

3.7. ANLN was critical for VM formation in A549 and PC9 cells in vitro

Previous studies suggest that ANLN was hyperexpressed in tumor
tissues and negatively correlated with prognosis. To elucidate the
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Fig. 7. ANLN knockdown significantly inhibits VM formation in A549 and PC9 cells in vitro. (A) Subcellular distribution of the LUAD single-cell dataset. (B)
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expression in epithelial subtype cells. (F-G) The expression of ANLN was considerably elevated in NSCLC cells compared to BEAS-2B cells. (H) A549 and PC9 cells
were engineered to produce ANLN-knockdown cell lines. (I) The online GEPIA exhibited a correlation between ANLN and MMP2, MMP9 and VEGFA gene expression
levels. (J) The ability of VM formation in A549 and PC9 cells was significantly impaired after ANLN knockdown. (K) ANLN knockdown groups were examined for

protein levels of MMP2, MMP9, and VEGFA.
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distribution of ANLN in LUAD, we first selected a single-cell dataset of
LUAD divided into three subpopulations of immune cells[20], Epithelial
cells and Stromal cells (Fig. 7A). As previously, ANLN expression was
higher on epithelial cells than on immune cells and stromal cells
(Fig. 7B). Subsequently, we separated the epithelial cells into six
different types of epithelial cells: Club cells, Proliferative cells, Ciliated
cells, Alveolar cells, Bssal cells and Unknown. (Fig. 7C-D). The violin
plots suggest that ANLN was highly expressed in Proliferative cells
(Fig. 7E).

To confirm whether ANLN expression was increased in lung adeno-
carcinoma, we examined the expression of ANLN in lung adenocarci-
noma. qPCR and protein immunoblotting results revealed that ANLN
mRNA and protein expression levels were significantly higher in lung
adenocarcinoma than in normal bronchial epithelial cells (Fig. 7F-G). To
investigate the function of ANLN in lung adenocarcinoma and its
mechanism, we used specific siRNAs in A549 and PC9 cells, thus
establishing ANLN knockdown lung adenocarcinoma cell lines (Fig. 7H).
VEGFA, MMP2 and MMP9 are all representative molecules of vasculo-
genic mimicry. We first analyzed the correlation between ANLN and
VEGFA, MMP2 and MMP9 in the GEPIA database (http://gepia.cance
r-pku.cn/), and the results showed that ANLN was positively corre-
lated with all three (R > 0, p < 0.05, Fig. 71). Tube-forming assays were
performed with seeded cells on the substrate. The results showed that
both A549NC and PCONC cells formed vascular-like structures in the
stromal culture system. However, in A549KD and PC9KD cells, we
observed a significant reduction in tube formation (Fig. 7J). Further WB
results showed that VEGFA, MMP2 and MMP9 decreased to different
degrees when ANLN was knocked down (Fig. 7K). The above results
indicate that ANLN is significantly associated with VM formation in
A549 and PC9 cells.

4. Discussion

An emerging blood system for tumors, VMs are tubular networks
formed by cancer cells with pluripotent and stem cell-like phenotypes
that provide an adequate blood supply for solid tumor growth[21,22].
An abundant vascular supply was detected in non-small cell lung cancer
tissues[23]. However, the clinical outcome of anti-angiogenic therapy
was not satisfactory[24,25]. This may be due to our limited under-
standing of the vascular types and associated molecular mechanisms in
non-small cell lung cancer. There is growing evidence that physiological
perfusion between VM channels and endothelium-dependent vessels
promotes tumor cell proliferation and metastasis[26,27]. VM provides
an adequate blood supply to various malignancies, and VM and VM
density are associated with poor prognosis and 5-year survival of tumor
patients[28]. In general, VM formation in malignant tumors makes it
more likely that tumor cells will migrate and infiltrate into distant tis-
sues and organs; therefore, VM is important for predicting the course of
tumors. In the process of VM formation, HIF-1a signaling pathway[29],
VEGF signaling pathway[30], Wnt/B-catenin signaling pathway[31],
MAPK signaling pathway[32], PI3K/Akt signaling pathway[33], and
MMPs are involved[34,35]. Nevertheless, the specific roles of these
molecular mechanisms in VM formation are still not well understood
and need to be further investigated.

In the present study, we identified two different VM modification
patterns with distinct immunophenotypes associated with additional
anti-cancer immunity. VM-C1 was generally more abundant than VM-C2
type by infiltration. Considering the poor prognosis of the C1 type, our
pathway analysis of C1 and C2 showed that the C1 type was mainly
enriched in cell proliferation and metabolism related signaling path-
ways. A large body of literature has previously demonstrated that tumor
cells use metabolic reprogramming for immune escape, which may
further explain the lack of a better prognosis for C1 type despite infil-
trating immune activated cells. Furthermore, differentially expressed
genes (DEGs) identified from different VM modification patterns were
significantly overrepresented in the biological pathways of RNA
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polyadenylation and immunity, suggesting that these DEGs are thought
to be the gene signature associated with the VM phenotype. Similar to
the results of VM modification clustering, two transcriptome subtypes
based on VM signature genes and significantly associated with different
survival outcomes and TME landscapes. We further developed a quan-
titative system called VMRG to define different VM modification pat-
terns and more accurately guide treatment strategies for individual
patients. The results showed that our VMRG model was consistently
evaluated in both the internal training set and the external validation
set. Further analysis highlighted that the VMRG score is a prognostic
independent risk factor for LUAD and correlates with mutation signature
status, suggesting that the VMRG score may serve as a better proxy for
genomic aberrations. In addition, we observed that m6Sig scores were
closely associated with predictors of the immune response, including
TIME, immune checkpoints, IPS and TIDE, implying that VM modifica-
tions may influence the therapeutic efficacy of immunotherapy.

Moreover, we analyzed each of the three regulators (ANLN, ABCA3
and SFTA3) in the VMRG model, and only ANLN was highly expressed in
LUAD and had a poor prognosis when highly expressed. ANLN was also
previously reported as an oncogene in pancreatic cancer[36],
triple-negative breast cancer[37], and bladder cancer[38], promoting
tumor progression. ANLN is located at 7pl4.2 and encodes an
actin-binding protein that plays a role in cell growth, migration, and
cytoplasmic division[39,40]. Wang et al. reported that ANLN-induced
upregulation of EZH2 promotes pancreatic cancer through mediating
the miR-218-5p/ ANLN in triple-negative breast cancer enhances
triple-negative breast cancer stem cells and promotes their spheroid
growth through TWIST1 and BMP2[36]; recent studies have shown that
ANLN acts as a promoter of bladder uroepithelial carcinoma by acti-
vating the JNK signaling pathway[41]. In several publications, ANLN
has been reported to have a role in promoting lung cancer progression
[42]. Suzuki et al. found that ANLN plays a crucial role in human lung
carcinogenesis by activating RHOA and involvement in the PI3K/AKT
pathway[42]. The role of ANLN in promoting tumor angiogenesis has
been reported in the literature, but there is no report that ANLN regu-
lates tumor cell generation VM. In this study, three genes downstream of
ANLN were examined and VEGFA, MMP2 and MMP9 were found to be
downregulated after knockdown of ANLN. Therefore, ANLN could be a
new target for regulating LUAD angiogenesis mimicry.

In conclusion, it is advantageous to thoroughly investigate the role of
VM in tumor growth and metastasis for clinical judgment and assess-
ment of the staging and prognosis of associated tumors, providing more
techniques for subsequent treatment and advantageous ideas for
developing associated targeted drugs. Anti-tumor therapies have high
possibilities for anti-angiogenic treatment paired with VM inhibition in
the future.
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