
Contents lists available at ScienceDirect

Computational and Structural Biotechnology Journal

journal homepage: www.elsevier.com/locate/csbj

Single-cell analysis of multiple cancer types reveals differences in 
endothelial cells between tumors and normal tissues

Jiayu Zhang a,1, Tong Lu a,1, Shiqi Lu b,1, Shuaijun Ma a, Donghui Han a, Keying Zhang a,  
Chao Xu a, Shaojie Liu a, Lunbiao Gan b, Xinjie Wu b, Fa Yang a,⁎, Weihong Wen b,⁎⁎,  
Weijun Qin a,⁎

a Department of Urology, Xijing Hospital, Air Force Medical University, Xi’an, China 
b Institute of Medical Research, Northwestern Polytechnical University, Xi’an, China 

a r t i c l e  i n f o

Article history: 
Received 9 October 2022 
Received in revised form 28 December 2022 
Accepted 29 December 2022 
Available online 30 December 2022

Keywords: 
Tumor microenvironment 
Endothelial cells 
Single-cell RNA sequencing

a b s t r a c t

Endothelial cells (ECs) play an important role in tumor progression. Currently, the main target of anti-an
giogenic therapy is the vascular endothelial growth factor (VEGF) pathway. Some patients do benefit from 
anti-VEGF/VEGFR therapy; however, a large number of patients do not have response or acquire drug re
sistance after treatment. Moreover, anti-VEGF/VEGFR therapy may lead to nephrotoxicity and cardiovascular- 
related side effects due to its action on normal ECs. Therefore, it is necessary to identify targets that are 
specific to tumor ECs and could be applied to various cancer types. We integrated single-cell RNA sequencing 
data from six cancer types and constructed a multi-cancer EC atlas to decode the characteristic of tumor ECs. 
We found that tip-like ECs mainly exist in tumor tissues but barely exist in normal tissues. Tip-like ECs are 
involved in the promotion of tumor angiogenesis and inhibition on anti-tumor immune responses. Moreover, 
tumor cells, myeloid cells, and pericytes are the main sources of pro-angiogenic factors. High proportion of 
tip-like ECs is associated with poor prognosis in multiple cancer types. We also identified that prostate- 
specific membrane antigen (PSMA) is a specific marker for tip-like ECs in all the cancer types we studied. In 
summary, we demonstrate that tip-like ECs are the main differential EC subcluster between tumors and 
normal tissues. Tip-like ECs may promote tumor progression through promoting angiogenesis while in
hibiting anti-tumor immune responses. PSMA was a specific marker for tip-like ECs, which could be used as a 
potential target for the diagnosis and treatment of non-prostate cancers.

© 2022 The Authors. Published by Elsevier B.V. on behalf of Research Network of Computational and 
Structural Biotechnology. This is an open access article under the CC BY-NC-ND license (http://creative

commons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Tumor blood vessels facilitate tumor progression through mul
tiple mechanisms. Tumor vasculature provides oxygen and nutrients 
for tumor growth [1]. Compared with normal blood vessels, the 
tumor vasculature is highly leaky, tortuous, and disorganized, which 
promotes solid tumor growth and metastasis [2]. Tumor blood 
vessels also contribute to the acquisition of cancer stem cell (CSC) 
characteristics [3]. More importantly, tumor blood vessels not only 
directly promote tumor growth and metastasis, they also play a role 
in immune escape. In tumor microenvironment (TME), endothelial 
cells (ECs) may disrupt antitumor immune response by influencing 
the infiltration of immune cells [4–8].

Currently, the main target of anti-angiogenic therapy is the vas
cular endothelial growth factor (VEGF) pathway. Some patients do 
benefit from anti-VEGF/VEGFR therapy, especially in renal cell 
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carcinoma (RCC), colorectal cancer (CRC), and glioblastoma multi
forme [9,10]. However, a large number of patients do not respond or 
develop resistance after treatment [9,11]. This could be caused by the 
reason that tumor tissues can produce alternative angiogenic growth 
factors to stimulate angiogenesis and ensure blood flow [12]. 
Moreover, anti-VEGF/VEGFR therapy could also play a role on normal 
ECs, and, thus increased nephrotoxicity and cardiovascular side ef
fects, such as hypertension and thromboembolic events [13]. 
Therefore, it is necessary to identify tumor EC specific targets, which 
are applicable to various cancer types.

ECs are composed of distinct subclusters [14–16]. Decoding the 
differences between tumor ECs and normal ECs could facilitate the 
development of more effective diagnostic and therapeutic strategies. 
We aimed to identify tumor-specific EC subclusters and to find out 
novel specific targets. Thus, in this study, we constructed a multi- 
cancer EC atlas and examined the differences between tumor and 
normal tissue ECs by integrated analysis of single-cell RNA-se
quencing (scRNA-seq) data from various cancer types.

2. Methods

2.1. Collection of scRNA-seq data for multiple cancer types

We performed a dedicated literature search on scRNA-seq studies 
of human cancer published in last three years and had publicly 
available data. We selected the scRNA-seq data which included all 
cell types of both tumor tissues and normal tissues. Then, we col
lected scRNA-seq data from six human cancer types, including CRC, 
gastric cancer (GC), lung cancer (LC), ovarian cancer (OVC), pan
creatic ductal adenocarcinoma (PDAC), and RCC [17–20]. The number 
of cells from each cancer type was similar in order to avoid an ex
cessive number of ECs from a single cancer type, which may mask 
the common features of multi-cancer ECs. The sources and sample 
information for the scRNA-seq data are presented in Table S1.

2.2. Integrated analysis of multi-cancer scRNA-seq data

We updated the gene symbols of all scRNA-seq gene expression 
matrices through HGNChelper package. We used the Seurat package 
(v4.0.5) to analyze the scRNA-seq data [21]. First, we generated six 
Seurat Objects using the gene expression matrices of individual 
cancer types in Seurat. Second, we filtered these Seurat Objects to 
exclude cells with fewer than 200 genes, more than 8000 genes, 
more than 25 % mitochondrial genes, and greater than 1 % he
moglobin genes. Third, we merged all the Seurat Objects to construct 
a combined Seurat Object. The merged Seurat Object was normal
ized and scaled separately using the NormalizeData and ScaleData 
functions. Variable genes were identified using the Find Variable 
Features function. 2000 variable genes were used for downstream 
analysis. We applied the RunPCA function to conduct principal 
component analysis (PCA). After PCA, the RunHarmony function of 
the Harmony package (v0.1.0) was used to integrate the Seurat Ob
ject and correct batch effects from different samples [22]. The 
sample number was selected as the variable for batch correction, 
and the default parameters were used for other settings. Finally, we 
performed clustering using the Find Neighbors and Find Clusters 
functions at a resolution of 3. We used 50 principal components for 
the analyses. Uniform manifold approximation and projection 
(UMAP) was then applied to visualize the cell atlas.

We identified different genes in cell clusters using the Find All 
Markers function via Wilcoxon rank-sum tests. Each cell cluster was 
then identified as the specific cell type according to classical marker 
genes as follows: B cells (marked using CD79A and MS4A1), plasma 
cells (marked using CD79A, IGHA1, and IGLC2), CD4+ T cells (marked 
using CD3D, CD4, and IL7R), CD8+ T cells (marked using CD3D, CD8A, 
and CD8B), dendritic cells (DCs, marked using PTPRC and CD1C), ECs 

(marked using PECAM1 and vWF), epithelial cells (marked using 
EPCAM and KRT8), fibroblasts (marked using COL1A1 and DCN), 
macrophages (marked using CD68 and MARCO), mast cells (marked 
using CPA3 and KIT), monocytes (marked using CD14 and S100A8), 
natural killer cells (NK cells, marked using NKG7 and GNLY), and 
pericytes (marked using RGS5, ACTA2, and CSPG4).

2.3. Construction of the multi-cancer EC atlas

We extracted EC data from the multi-cancer scRNA-seq dataset. 
The Harmony package was then applied to integrate the scRNA-seq 
data of ECs. ECs of multiple cancers were then classified into six 
distinct subclusters. Visualization of the EC atlas was implemented 
using the UMAP method.

2.4. Gene set variation analysis

Gene set variation analysis (GSVA) was performed using the 
GSVA package (v1.40.1) [23]. Specifically, single-sample gene set 
enrichment analysis (ssGSEA) was applied to identify the enriched 
pathways of Gene Ontology (GO) terms and 50 hallmark gene sets 
from the Molecular Signatures Database (MSigDB) for each cell.

2.5. Cell-cell communication analysis

The CellChat package (v1.1.3) was used to identify cell-cell in
teractions according to the expression of known ligand-receptor 
pairs in different cell clusters [24]. An official workflow was used to 
perform further analyses. The reference database used for ligand- 
receptor pairs was “Secreted Signaling” from CellChatDB.human. 
Primary analysis was completed using the following essential 
functions: “identifyOverExpressedGenes” with thresh.p = 0.05, 
“identifyOverExpressedInteractions,” “computeCommunProb,” 
“computeCommunProbPathway” with thresh = 0.05, and “ag
gregateNet” with thresh = 0.05. The result of cell-cell communica
tion was visualized using the “netVisual_bubble” function with 
remove.isolate = FALSE.

2.6. Cell composition deconvolution

Cell composition deconvolution was performed using CIBERS
ORTx [25]. First, we constructed a signature gene expression matrix 
based on the multi-cancer scRNA-seq dataset. We extracted raw 
count matrix and cell type information from a subset of the Seurat 
object, including 200 of each EC subcluster and 500 of each other cell 
type. The raw count matrix was imported in CIBERSORTx and nor
malized. The signature matrix in CPM (counts per million) was 
generated using CIBERSORTx. All genes were used to generate the 
signature gene expression matrix. The signature gene expression 
matrix included 4556 genes (Table S8). Second, we transformed 
fragments per kilobase of transcript per million mapped reads 
(FPKM) values of TCGA bulk RNA-seq data into transcripts per mil
lion reads (TPM) values. Finally, the cell proportions of TCGA samples 
were evaluated using CIBERSORTx, based on bulk RNA-seq data. We 
performed batch correction with S-mode to correct for the cross- 
platform variation in the deconvolution of TCGA RNA-seq data. TCGA 
datasets used in this study included the RNA-seq data and survival 
data of Bladder urothelial carcinoma (BLCA), Breast invasive carci
noma (BRCA), Cervical squamous cell carcinoma and endocervical 
adenocarcinoma (CESC), Colon adenocarcinoma (COAD), Esophageal 
carcinoma (ESCA), Glioblastoma multiforme (GBM), Head and Neck 
squamous cell carcinoma (HNSC), Kidney Chromophobe (KICH), 
Kidney renal clear cell carcinoma (KIRC), Kidney renal papillary cell 
carcinoma (KIRP), Liver hepatocellular carcinoma (LIHC), Lung ade
nocarcinoma (LUAD), Lung squamous cell carcinoma (LUSC), Ovarian 
serous cystadenocarcinoma (OV), Pancreatic adenocarcinoma 
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(PAAD), Prostate adenocarcinoma (PRAD), Rectum adenocarcinoma 
(READ), Stomach adenocarcinoma (STAD), Thyroid carcinoma 
(THCA), and Uterine corpus endometrial carcinoma (UCEC). The cell 
types included arterial ECs, venous ECs, capillary ECs 1, capillary ECs 
2, tip-like ECs, lymphatic ECs, B cells, CD4+ T cells, CD8+ T cells, DCs, 
ECs, epithelial cells, macrophages, mast cells, monocytes, NK cells, 
and pericytes.

To examine the accuracy of tip-like EC proportion calculated by 
deconvolution, we analyzed the correlation between enrichment 
score of tip-like EC gene signature and tip-like EC proportion in 
multiple cancer types. First, we screened the specific markers of 
tip-like ECs. Then, in order to construct the tip-like EC gene sig
nature, we intersected the EC marker genes (log2 FoldChange > 1.5, 
p  <  0.05) with the top 30 genes that were highly expressed in tip- 
like ECs compared with other EC subclusters. Tip-like EC gene 
signature included COL4A1, COL4A2, ESM1, SPARC, INSR, IGFBP3, 
HTRA1, VWA1, COL15A1, PLVAP, ANGPT2, HSPG2, EDNRB, RGCC, and 
IGFBP7. Second, we performed GSVA for tip-like EC gene signature 
in bulk RNA-seq data of TCGA cancer samples. Finally, we per
formed correlation analysis to examine the correlation between 
the score of tip-like EC gene signature and tip-like EC proportion 
calculated by deconvolution.

2.7. Survival analysis

Survival analysis of distinct EC subclusters was performed using 
the R packages survival (v3.2.13) and survminer (v0.4.9). Patients in 
each TCGA cancer cohort were divided into tip EC-high (top quarter) 
and tip EC-low (bottom quarter) groups based on the proportions of 
tip-like ECs. We then applied the “survfit” function to generate 
Kaplan-Meier survival plots for individual cancer types.

2.8. Statistical analysis

Statistical analyses were performed using R software (v4.1.2). The 
Wilcoxon rank-sum test was used to test the significance of most 
cases. Statistical significance was defined as p  <  0.05 (*p  <  0.05, 
**p  <  0.01, ***p  <  0.001, ****p  <  0.0001; ns, not significant). Overall 
survival analysis was analyzed using the log-rank test.

3. Results

3.1. Construction of multi-cancer cell atlas

A graphic flowchart summarizing the main process of the study 
was shown in Fig. 1. We collected scRNA-seq data from six cancer 
types, including CRC, GC, LC, OVC, PDAC, and RCC (Table S1) [17–20]. 
Then we performed integrated analysis of the scRNA-seq data and 
constructed a multi-cancer cell atlas, which included 220,075 high- 
quality cells from 83 tumor samples and 30 normal tissues, with 
batch effects across different samples being removed by Harmony 
package (Fig. 2A, B; Table S1). Cells were divided into 13 distinct cell 
clusters based on their representative classification markers: B cells, 
plasma cells, CD4+ T cells, CD8+ T cells, DCs, ECs, epithelial cells, fi
broblasts, macrophages, mast cells, monocytes, NK cells, and peri
cytes (Fig. 2C-E; Fig. S1; Table S2; Table S3).

3.2. Integrated analysis of single-cell and bulk RNA-seq data reveals the 
differences in EC composition between tumor and normal tissues

We extracted ECs from the multi-cancer cell atlas, and re-clus
tered them to construct a multi-cancer EC atlas (Fig. S2). In this atlas, 
10,277 ECs were classified into six subclusters: arterial ECs (marked 
by GJA5, FBLN5, and LTBP4), venous ECs (marked by ACKR1, SELP, 
and VCAM1), capillary ECs 1 (marked by CA4, FCN3, and EDN1), 

capillary ECs 2 (marked by CA4 and EMCN), tip-like ECs (marked by 
CXCR4, ESM1 and ANGPT2), and lymphatic ECs (marked by PROX1) 
(Fig. 3A-D; Fig. S3A; Table S4) [15,26,27]. Capillary ECs 1 and capil
lary ECs 2 expressed CA4, the classical marker for capillary ECs 
(Fig. 3A). Capillary ECs 1 exist in various tissues, while capillary ECs 2 
mainly exist in kidney and may be a tissue-specific EC subcluster 
(Fig. 3D; Fig. S3C). We found that tip-like ECs mainly existed in 
tumor tissues in all the cancer types we studied, while barely existed 
in normal tissues. Other subclusters didn’t show such difference 
between tumor tissues and normal tissues in multiple cancer types 
(Fig. 3B, D; Fig. S3B, C; Table S5).

We further assessed the proportion of EC subclusters in multiple 
TCGA cohorts (Table S6; Table S7). Cell-type deconvolution analysis 
was performed using CIBERSORTx with the scRNA-seq data of 
multiple cancer types as a reference panel (Fig. S4A, B; Table S8). To 
examine the accuracy of the tip-like EC proportion calculated by 
deconvolution, we analyzed the correlation between the enrichment 
score of tip-like EC gene signature and proportion of tip-like ECs in 
multiple cancer types. We found a positive correlation between gene 
signature and proportion of tip-like ECs, indicating that the predic
tion of tip-like EC proportion was based on the specific gene ex
pression in tip-like ECs (Fig. S4A). Results also showed that the 
proportion of tip-like ECs was significantly higher in tumor tissues 
than normal tissues in most cancer types (16 out of 20), which was 
consistent with the results of multi-cancer scRNA-seq data (Fig. 3E; 
Table S9). Similarly, proportions of three EC clusters, including ar
terial ECs, venous ECs, and lymphatic ECs, didn’t show such differ
ence between tumor tissues and normal tissues in multiple cancer 
types. Interestingly, the proportion of total ECs in seven kinds of 
tumors, including COAD, KICH, KIRC, KIRP, LIHC, LUAD, LUSC, and 
THCA, was higher than normal tissues, indicating that angiogenesis 
in these tumor tissues is more active (Fig. S4C).

3.3. Tip-like ECs represent an activated EC subcluster that may promote 
tumor angiogenesis while inhibit antitumor immune response

Next, we investigated the molecular features of the tip-like ECs. 
GSVA of the hallmark pathways revealed that tip-like ECs had a 
higher enrichment score for Notch signaling, Wnt/β-catenin sig
naling, angiogenesis, and protein secretion pathways, indicating that 
tip-like ECs represented an activated EC subcluster that promote 
tumor angiogenesis (Fig. 4A)[15,28,29]. Capillary ECs 2 showed en
richment in inflammation-related pathways, such as inflammatory 
response and TNF-α signaling (Fig. 4A). By contrast, capillary ECs 1 
might be in a resting state. We then performed GO analysis using 
GSVA and found an enrichment of the gene set that involved in 
cadherin mediated negative regulation of cell-cell adhesion in tip- 
like ECs (Fig. 4B; Table S10), indicating that tip-like ECs may facilitate 
tumor cell growth by inducing vascular permeability [30].

To explore how tip-like ECs affect TME, we conducted CellChat 
analysis in different cancer types. We found that MIF-CD74 axis was 
highly enriched between tip-like ECs and immune cells, including 
macrophages, monocytes, CD4+ T cells, and CD8+ T cells in all six 
cancer types we analyzed (Fig. 4C-E; Fig. S5A-C). Recent studies have 
revealed that MIF-CD74 axis could inhibit anti-tumor immune re
sponse through recruiting tumor-associated macrophages (TAMs) or 
directly suppressing T cell activation [31,32]. Therefore, tip-like ECs 
might inhibit anti-tumor immune response through crosstalk with 
multiple immune cells. We also found a significantly negative cor
relation between tip-like ECs and CD8+ T cells in a variety of cancer 
types, indicating that tip-like ECs might inhibit the infiltration of 
CD8+ T cells (Fig. S5D). Altogether, tip-like ECs represent an activated 
EC subcluster which may promote tumor angiogenesis while inhibit 
anti-tumor immune response.
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3.4. Tumor cells, stromal cells, and myeloid cells are the main source of 
pro-angiogenic factors

TME has high levels of pro-angiogenic factors, such as VEGF, 
placental growth factor (PlGF, encoded by PGF), platelet-derived 
growth factor (PDGF), and fibroblast growth factor (FGF) [9,30]. 
Therefore, we performed cell-cell communication analysis to iden
tify the source of these pro-angiogenic factors. Results showed that 
tumor cells, fibroblasts, myeloid cells, and pericytes could secrete 
VEGFA or PlGF (Fig. 5A-E; Fig. S6). Further analysis showed that 
tumor cells and myeloid cells, including macrophages, monocytes, 

mast cells, and DCs, were the main sources of VEGFA, while pericytes 
were the major producer of PlGF (Fig. 5F, G).

3.5. High proportion of tip-like ECs is associated with poor clinical 
outcome in multiple cancer types

To further evaluate the correlation between the proportion of tip- 
like ECs and patients’ overall survival, patients with different cancer 
types from TCGA database were divided into two groups based on 
the proportions of tip-like ECs (high or low) for survival analysis. 
Results showed that high proportion of tip-like ECs was associated 

Fig. 1. Workflow of the integrated analysis in this study. 
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with poor clinical outcome in several cancer cohorts, including 
LUAD, OV, STAD, CESC, KIRP, BLCA, and UCEC (Fig. 6A-F; Fig. S7; 
Table S11).

3.6. PSMA is a specific marker for tip-like ECs in non-prostate cancers

The above results indicated that tip-like ECs play an important 
role in tumor progression and could be used as potential targets for 
cancer therapy. To ensure precise targeting, we systematically eval
uated the specific membrane markers in tip-like ECs. CXCR4 was a 

commonly used marker for tip ECs, which showed higher expression 
in tip ECs than other EC subclusters [15,26]. However, as shown in 
Fig. 7A-C, CXCR4 was also expressed in most immune cells, thus it's 
not an ideal marker for tip-like ECs. To identify more specific 
membrane markers for tip-like ECs, we screened all the membrane 
molecules, trying to find a specific marker for tip-like ECs. First, we 
screened the genes that were highly expressed in tip-like ECs than 
other EC subclusers, using a cutoff of log2 FoldChange >  1 and 
p  <  0.05, then we selected the membrane molecules by querying the 
Uniprot database [33]. Results showed that the specifically highly 

Fig. 2. The integration of scRNA-seq data and construction of multi-cancer cell atlas. A, UMAP representation of individual cells colored by tissue of origin. B, UMAP showing the 
expression of classical markers for epithelial cells (EPCAM), immune cells (PTPRC/CD45), endothelial cells (PECAM1/CD31), fibroblasts (COL1A1), and pericytes (CSPG2/NG2 and 
RGS5). C, UMAP visualization of the cell populations across six cancer types. D, Marker gene expression for each cell type in multi-cancer, where dot size and color represent the 
percentage of marker gene expression (Pct. exp) and the averaged scaled expression (Avg. exp. scale) value, respectively. E, Bar plots to show the proportion of different cell types 
in each tissue. CRC, colorectal cancer; OVC, ovarian cancers; PDAC, pancreatic ductal adenocarcinoma; GC, gastric cancer; LC, lung cancer; OVC, ovarian cancer; RCC, renal cell 
carcinoma.
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expressed membrane molecules in tip-like ECs included CA2, INSR, 
HTRA1, MCAM, CDH13, PLVAP, THY1, TNFRSF4, LAMA4, PXDN, 
FOLH1, and EDNRB. After comparing their expression in different EC 

subclusters, we found that FOLH1 was the only one that was dif
ferentially expressed between tip-like ECs and other EC subclusters, 
with more than one-third of tip-like ECs while less than one-tenth of 

Fig. 3. Integrated analysis of single cell and bulk RNA-seq data reveals the differences in EC composition between tumor and normal tissues. A, UMAP plots to show the expression 
of classical EC markers in EC atlas. B, UMAP visualization of EC subclusters from multiple cancer types. Different EC subclusters are color-coded. C, Heatmap to show the top DEGs 
(Wilcoxon test) in each EC subcluster. D, Bar plots to show the proportion of different EC subclusters in each tissue. E, The fractions of tip-like ECs between tumor tissues and 
normal tissues in 20 TCGA cancer types. Comparisons of cellular proportions between tumors and normal tissues for each cancer type were performed using Wilcoxon rank sum 
test. DEG, differentially expressed genes. BLCA, Bladder Urothelial Carcinoma; BRCA, Breast invasive carcinoma; CESC, Cervical squamous cell carcinoma and endocervical ade
nocarcinoma; COAD, Colon adenocarcinoma; ESCA, Esophageal carcinoma; GBM, Glioblastoma multiforme; HNSC, Head and Neck squamous cell carcinoma; KICH, Kidney 
Chromophobe; KIRC, Kidney renal clear cell carcinoma; KIRP, Kidney renal papillary cell carcinoma; LIHC, Liver hepatocellular carcinoma; LUAD, Lung adenocarcinoma; LUSC, 
Lung squamous cell carcinoma; OV, Ovarian serous cystadenocarcinoma; PAAD, Pancreatic adenocarcinoma; PRAD, Prostate adenocarcinoma; READ, Rectum adenocarcinoma; 
STAD, Stomach adenocarcinoma; THCA, Thyroid carcinoma; UCEC, Uterine Corpus Endometrial Carcinoma.

Fig. 4. Tip-like ECs represent an activated EC subcluster that promote tumor angiogenesis while inhibit antitumor immune response. A, Activation of Hallmark pathways (scored 
per cell by GSVA) in six EC subclusters. B, Heatmap to show the differentially enriched GO terms in each EC subcluster. C-E, Interaction analysis to show the enriched receptor- 
ligand pairs between tip-like ECs and other cell types in CRC (C), OVC (D), and RCC (E).
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Fig. 5. Tumor cells, stromal cells, and myeloid cells are the main source of pro-angiogenic factors. A-E, Cell-cell communication analysis to show the enriched receptor-ligand 
pairs between other cell types and tip-like ECs in CRC (A), LC (B), RCC (C), OVC (D), and GC (E). F and G, Violin plots to show the expression levels of VEGFA (F) and PGF (G) in 
different cell types.
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other EC subclusters had expression (Fig. 7D, E; Fig. S8B). Moreover, 
less than 5 % of epithelial cells, immune cells, fibroblasts, and peri
cytes had FOLH1 expression (Fig. S8A-C). Thus, we proposed that 
prostate-specific membrane antigen (PSMA, encoded by FOLH1) 
could be used as a specific marker and therapeutic target for tip- 
like ECs.

4. Discussion

Tumor blood vessels facilitate tumor growth, metastasis, and 
immune escape [4,34,35]. Some studies reported increased abun
dance of tip-like ECs in different single type of tumor tissues, some 

also explored the molecular characteristics of the tip-like ECs 
[15,36]. However, few studies compared the phenotypic and mole
cular characteristics of tip-like ECs in different cancer types.

In this study, we constructed a multi-cancer EC atlas and char
acterized the heterogeneity of ECs across multiple cancer types. By 
using integrated single-cell and bulk RNA-seq data, we found that 
tip-like ECs specifically existed in tumor tissues and could be used as 
potential targets for the diagnosis and treatment of multiple cancer 
types. Furthermore, we found that PSMA was a specific membrane 
marker for tip-like ECs in non-prostate cancers. PSMA is a type II 
transmembrane glycoprotein with folate hydrolase and N-acety
lated-α-linked-acidic dipeptidase activities [37]. PSMA has been 

Fig. 6. High proportion of tip-like ECs is associated with poor clinical outcome in multiple cancer types. A-F, Kaplan-Meier plots to depict the survival of patients with high tip-like 
ECs and low tip-like ECs in LUAD (A), OVC (B), STAD(C), CESC(D), KIRP(E), and BLCA(F). P-values were calculated using log rank test.
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widely used as a target for the diagnosis and treatment of prostate 
cancer because of its high expression in prostate cancer cells [38]. 
Previously, PSMA has also been found to be co-localized with CD34 
in tumor vasculature by using immunohistochemical staining in 
various tumor tissues [39,40]. Since CD34 was considered to be a 
marker of angiogenic tip cells in human vascular ECs [41], these 
results confirmed the specific PSMA expression in tumor vasculature 
in other solid tumors. And PSMA specific positron emission tomo
graphy (PET)/computed tomography (CT) has also be applied to 
identify other solid tumors, such as RCC and hepatocellular carci
noma, because of its specific expressed in tumor vasculature [42,43]. 
Through both in vivo and in vitro experiments, Conway et al. found 
that PSMA could modify laminin downstream of MMP-2 to augment 
integrin β1 activation and angiogenesis, which confirmed the func
tion of PSMA in angiogenesis [44,45]. In our study, we found that 
PSMA could be used as a marker of tip-like ECs, which specifically 
exist in tumor tissues. Our study provides more molecular basis for 
the application of PSMA-based diagnostic imaging in non-prostate 
cancers.

Besides the identification of their specific existence in tumor 
tissues, we also decoded the molecular features of tip-like ECs in 
multiple cancer types, which showed highly consistent phenotype. 
Tip-like ECs represented activated EC subcluster that promote tumor 
angiogenesis and play important roles in shaping TME. Our results 
showed that tip-like ECs might recruit TAMs or directly inhibit T-cell 
activation via MIF-CD74 axis, resulting in suppressed anti-tumor 
immune response. MIF has been shown to contribute to tumor im
mune escape by counteracting CD8+ T cell mediated immune sur
veillance [46]. Vascular expression of PSMA in various tumor types 
has also been shown to be associated with tumor progression and 
poor prognosis [40,47,48], and we also found that high proportion of 

tip-like ECs was correlated with poor clinical outcomes in several 
cancer cohorts. Thus, tip-like ECs could be used as novel therapeutic 
targets, with PSMA as the specific membrane molecule for targeting 
in non-prostate cancers. Our scRNA-seq analysis data showed that 
PSMA was expressed in 37.4 % of tip-like ECs and 19.3 % of tumor ECs 
(Fig. S8B and C). The relative low proportion of tip-like ECs with 
PSMA expression might be partially due to the low coverage of 
transcripts sequenced by scRNA-seq process with the high cell 
throughputs [49,50].

Crosstalk between ECs and other cell types could facilitate tumor 
angiogenesis and resistance to anti-angiogenic therapy [9]. We 
found that various pro-angiogenic growth factors existed in TME, 
and tumor cells and myeloid cells such as macrophages, monocytes, 
mast cells, and DCs, were the main sources of VEGFA, while pericytes 
were the major producers of PlGF. These results indicate that mye
loid cells and pericytes play important roles in tumor angiogenesis. 
In our study, we found that in RCC and CRC, the proportion of tip-like 
ECs was higher than other caner types, and since our cell-cell 
communication analysis data showed that in RCC and CRC, especially 
RCC, there have much higher levels of VEGF and PlGF, these results 
indicated that the tip-like ECs may receive stronger proangiogenic 
signals in these cancer types. Thus, we think tip-like ECs with PSMA 
may be most useful for targeting a subset of cancer types such 
as RCC.

Most studies on the characteristics of tip cells were performed in 
single cancer type. For example, one study found that tip cells only 
existed in the tumor tissue of lung cancer, but not in normal lung 
tissues [15]. Tip ECs were considered as the key phenotype in 
sprouting angiogenesis, and in papillary thyroid carcinoma, it was 
found that the expression of several transcription factors that were 
associated with endothelial migration and sprouting, such as ZEB1, 

Fig. 7. PSMA is a specific marker for tip-like ECs in non-prostate cancers. A, Violin plots to show the expression levels of CXCR4 in different EC subclusters. B and C, UMAP 
visualization of cell atlas to reveal the expression of CXCR4 in each EC subcluster (B) and all cell types (C). D, Violin plots to show the expression levels of the highly expressed 
surface molecules for tip-like ECs in different EC subclusters. E and F, UMAP visualization of cell atlas to reveal the expression of PSMA (FOLH1) in each EC subcluster (E) and all 
cell types (F).
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HOXB5 and STAT family (STAT1, STAT2), were upregulated in tip cells 
[51]. In our study, we revealed the common features of tip-like ECs in 
multiple cancer types. We found that tip-like ECs mainly exist in 
various tumor tissues but barely exist in normal tissues. Moreover, 
we found that tip-like ECs could promote tumor angiogenesis and 
inhibit anti-tumor immune response, and their function was con
sistent among different cancer types. Finally, we identified that 
PSMA could be used as a specific marker for tip-like ECs, confirming 
the rationality to use it as a target for diagnosis and treatment of 
non-prostate cancers.

However, our study also had some limitations. We only analyzed 
scRNA-seq data from six cancer types. Analysis in more cancer types 
will definitely improve the accuracy of current results. Furthermore, 
results in this study were obtained through integrated analysis of 
single-cell and bulk RNA-seq data, the proposed features and func
tions of tip-like ECs need be validated by experiments.

In summary, we revealed the difference of ECs between tumor 
tissues and normal tissues in multiple cancer types via integrated 
analysis of single-cell and bulk RNA-seq data. We found that tip-like 
ECs were the main differential subcluster of ECs between tumors and 
normal tissues. Tip-like ECs represented an activated EC subcluster 
that could promote tumor angiogenesis and influence the tumor 
immune microenvironment. In addition, high proportion of tip-like 
ECs was correlated with poor clinical outcomes in multiple cancer 
types. Furthermore, we identified that PSMA could be used as a 
specific marker for tip-like ECs, which confirmed the rationality to 
use it as a target for the diagnosis and treatment of non-prostate 
cancers.
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