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Introduction
The pathways by which tumors derive a blood supply are 
attractive anticancer targets (1–3). However, only a fraction of 
patients derive benefit from antiangiogenesis therapies, and 
drugs that inhibit angiogenesis — particularly those that block 
VEGFA-VEGF receptor interactions — are approved for a select 
handful of cancer types (4). Heterogeneity poses a major chal-
lenge to the development of effective therapeutics, as diverse 
(and likely redundant) drivers of vessel outgrowth may operate 
across different tumor types and individual tumors (4–6). Thus, 
a better understanding of the features that distinguish the vascu-
lar properties of tumors across cancer is needed to inform preci-
sion-based antiangiogenesis strategies.

Clinical measurements of tumor vascularity have traditionally 
relied on immunohistochemical estimates of microvessel density 
(MVD). However, this approach can be confounded by method-
ological variability and limited tissue availability and quality; thus, 
the literature regarding vascular properties of human tumors con-
tains inconsistent and sometimes contradictory findings (7–10). 
Moreover, these methods fail to leverage the vast amounts of 
transcriptional data now available through consortia such as The 
Cancer Genome Atlas (TCGA), which can be used to correlate a 
tumor’s phenotype with its molecular features. To systematical-

ly evaluate tumor vasculature at the level of individual human 
tumors, we undertook a comprehensive computational approach 
to predict vascular density and extract further clinical and molec-
ular correlates across human cancer. We believe our studies put 
forth an unbiased approach for molecular classification of tumor 
vascular environments that may guide targeted antiangiogenic 
therapies and ultimately improve their efficacy.

Results
A classifier for estimating tumor vascularity. To better define the 
relationship between a tumor’s vascularity and its molecular fea-
tures, we developed an in silico algorithm for predicting vascular 
density from bulk tumor mRNA expression data. Blood and lym-
phatic vessels are lined by endothelial cells, a highly specialized 
cell type that can be identified by the expression of cell-specific 
genes. Thus, a quantitative measure for endothelial cell content is 
predicted to reflect vascularity in a tissue or tumor.

To generate such an “endothelial classifier,” we first curated 
a training set of 176 normal human tissue microarray samples 
that mimicked the cellular complexity and content of the tumor 
microenvironment (Figure 1A and Supplemental Data File 1; sup-
plemental material available online with this article; https://doi.
org/10.1172/JCI136655DS1). The training set was divided into an 
endothelial group (n = 45), consisting of endothelial cells sourced 
from various dissected microvessels and arteries, and a nonen-
dothelial group (n = 131), consisting of various immune, stromal, 
epithelial, and other cell types commonly present in the tumor 
microenvironment. We then trained an ElasticNet classifier to dis-
criminate the 2 groups (Figure 1A and Supplemental Figure 1A). 
ElasticNet is a penalized logistic regression classifier and was used 
because it selects a small and accessible set of genes that best sep-
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EI of greater than 0.9 were classified as “hypervas-
cular,” whereas tumors with an EI of less than 0.1 
were classified as “hypovascular” (the remainder 
being classified as “intermediate”). Within sam-
ples derived from the stromal compartment, 9% 
of tumors were classified as hypervascular, 51% 
as hypovascular, and 40% as intermediate (Fig-
ure 2B), consistent with previous reports that most 
pancreatic tumors are poorly vascularized (12–15). 
As expected, almost all samples derived from the 
epithelial compartment had EI scores near zero 
(Supplemental Figure 3B). We then directly mea-
sured MVD by staining for CD31, an endothelial 
cell marker, in the 44 tumors for which slides were 
available (Figure 2, C and D, and Supplemental 
Figure 4). The EI score tracked closely with CD31 

staining in all tumors tested (R = 0.48, P = 0.0009), with PDACs 
classified as hypervascular harboring, on average, a MVD twice 
that of those classified as hypovascular (P = 0.01) (Figure 2, E and 
F). These results suggest that estimates of tumor vascularity from 
stromal RNA-Seq data (using the EI score) are highly predictive of 
actual vessel density.

To further assess the performance of the EI, we used a panel of 
congenic C57BL/6 tumor cell clones derived from the KrasLSL-G12D/+  
Trp53 LSL-R172H/+ Pdx1-Cre Rosa26LSL-YFP (KPCY) mouse model of PDAC 
(Figure 2G) (16). Using the mouse orthologs of the 7 genes in the 
human endothelial classifier, we calculated EI scores from tumor 
RNA-Seq data for each of the 19 clones: 3 tumors (16%) were classi-
fied as hypervascular, 12 tumors (63%) were classified as hypovascu-
lar, and 4 tumors (21%) were classified as intermediate (Figure 2H). 
We then determined MVD by staining for the endothelial cell marker 
endomucin (EMCN) (Figure 2, I and J). As with the human samples, 
the EI score tracked closely with MVD in all 19 murine tumors, with 
hypervascular tumors having a vessel density twice that of hypovas-

arate the endothelial from nonendothelial samples. Seven genes 
constituted the features of an “endothelial” versus “nonendothe-
lial” classifier: vascular-endothelial cadherin (CDH5), angiopoie-
tin-2 (ANGPT2), ETS-related gene (ERG), endothelial cell–specif-
ic adhesion molecule (ESAM), endothelial cell–specific molecule 1 
(ESM1), intercellular adhesion molecule 2 (ICAM2), and tyrosine 
kinase with immunoglobulin-like domains 1 (TIE1) (Table 1).

To assess the performance of the 7-gene endothelial classifier, 
which we termed the endothelial index (EI), we used an indepen-
dent test set of 139 microarrays (n = 26 endothelial; n = 113 nonen-
dothelial; Supplemental Data File 1). When applied to this data set, 
the EI had an AUC of 0.982 (accuracy of 92%), committing only 
false-positive errors (Figure 1B and Supplemental Figure 1, B–E). 
Furthermore, interrogation of the RefExA human tissue database 
(www.lsbm.org/site_e/database/index.html) — a collection of 
expression data from normal human tissues, cultured cells, and 
cancer cell lines — revealed the expression of all 7 classifier genes 
to be either enriched in or exclusive to endothelial cell lines (Sup-
plemental Figure 2). Thus, the EI can readily discriminate endo-
thelial cells from other cell types.

In vivo validation of the EI. To independently evaluate the per-
formance of the EI, we used 2 resources in which matched RNA-
Seq data and histological sections were available from the same 
tumors, enabling a comparison of microvessel density (MVD) pre-
dicted by the EI with that directly measured by immunostaining. 
First, we obtained samples of human pancreatic ductal adenocar-
cinoma (PDAC), in which laser capture microdissection (LCM) 
was used to generate separate gene expression profiles for epi-
thelial and stromal compartments from 60 tumors (11) (Figure 2A 
and Supplemental Figure 3A). EI scores (range from 0 to 1) were 
independently calculated for each compartment. Samples with an 

Figure 1. A 7-gene transcriptional classifier, the EI, rec-
ognizes endothelial cells. (A) Schematic of the Elastic
Net classifier used to design an endothelial classifier — 
the EI — consisting of ANGPT2, CDH5, ESAM, ESM1, ERG, 
ICAM2, and TIE1. (B) Results from in silico validation on 
an independent test set of 139 microarrays. The EI only 
committed falsepositive errors in testing, with an overall 
prediction accuracy of 92% in silico and an area under the 
ROC curve of 0.982.

Table 1. EI genes

Gene Full name
ANGPT2 Angiopoietin 2
CDH5 Cadherin 5
ERG ETS-related gene
ESAM Endothelial cell–selective adhesion molecule
ESM1 Endothelial cell–specific molecule 1
ICAM2 Intracellular adhesion molecule 2
TIE1 Tyrosine kinase with immunoglobulin-like domains 1
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all tumor types, kidney renal clear cell carcinoma (KIRC) had the 
highest median EI score, consistent with the known hypervascu-
lar features of this tumor type (17). Likewise, thyroid cancers and 
paragangliomas had the fourth and fifth highest median EI scores, 
consistent with prior reports that these tumors are typically hyper-
vascular (18–22). At the other end of the vascular spectrum, PDAC 
had the lowest median EI score, consistent with the known hypo-
vascular features of most pancreatic cancers (12, 14, 15). Neverthe-
less, approximately 12% of pancreatic tumors were predicted to be 
hypervascular (EI score >0.9), a finding consistent with previously 

cular tumors (Figure 2, K and L). Taken together, these results sug-
gest that the EI score can provide an accurate estimate of MVD from 
gene expression measured by different technologies (microarray 
and RNA-Seq) in both human and murine tumors.

Vessel quantitation across human solid tumors. We next used the 
EI to determine the extent to which MVD differs across human 
tumors. EI scores were calculated for 10,767 solid tumors from 
31 distinct cancer types using RNA-Seq data available through 
TCGA (Supplemental Data File 2), which revealed considerable 
variability between and within cancer types (Figure 3A). Among 

Figure 2. The EI is a transcriptional predictor of tumor vascularity. (A) Schematic showing the separation of stroma and epithelium from 124 PDAC sam
ples by LCM followed by RNASeq. (B) EI scores plot, ranging from 0 to 1, derived by applying the classifier to RNASeq data generated from 124 stromal 
PDAC samples. For visualization of hyper and hypovascular classes, both the EI score (red line) and the 1EI score (blue line) representing the epithelial 
and nonepithelial probabilities, respectively, are plotted. (C and D) Representative images showing immunohistochemical staining for CD31 in tumors 
predicted by the classifier to be hypervascular (C) or hypovascular (D). (E and F) MVD quantification plotted as box plots for 24 tumors classified as either 
hypervascular or hypovascular (E) or by smoothened Loess regression for all 44 tumors in which CD31 staining was performed (F). (G) Schematic of the 
congenic tumor clone library generated from PDACs arising in KPCY C57BL/6 mice (16). (H) EI scores plot, ranging from 0 to 1, derived by applying the clas
sifier to RNASeq data generated from 19 clonal tumors. (I and J) Representative images showing immunohistochemical staining for endomucin (EMCN) 
in tumors predicted by the classifier to be hypervascular (I) or hypovascular (J). (K and L) MVD quantification shown as box plots for 15 tumors classified as 
either hypervascular or hypovascular (K) or by smoothened Loess regression for all 19 tumors in which endomucin staining was performed (includes tumors 
with an intermediate vascular status) (L). An unpaired Student’s t test was used for comparisons of MVD density between hypervascular and hypovascular 
tumors (E and K). Pearson’s correlation coefficient and the corresponding 2tailed probability values were calculated to test the relationship between the 
EI score and MVD in all tumors (F and L). In the box plots, the center line marks the median, the box limits span the IQR, and the whiskers extend 1.5 times 
the IQR range. Scale bars: 100 μm.
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with reports showing that the KICH subtype, like the KIRC sub-
type, has a higher vessel density than the KIRP subtype (24, 25). 
Significantly, other tumor types, including many whose vascular 
features have not been previously explored, also exhibited wide 
variation in predicted tumor vascularity.

Pericytes play an important role in vascular integrity (26, 27). 
To determine the relationship between vascular density in tumors 

observed heterogeneity in MVD for this disease (23) and our own 
findings from microdissected specimens (Figure 2B). Notably, 
vascular predictions for kidney cancer showed considerable vari-
ation across histological subtype, with most kidney chromophobe 
(KICH) tumors, like KIRC, having a high EI score (ranked third 
across all tumor types) and most kidney renal papillary cell carci-
nomas (KIRP) having a low EI score (Figure 3A). This is consistent 

Figure 3. Vascular predictions in human tumors. (A) Box plots (center line marks the median, box limits span the IQR, whiskers extend to 1.5 times the 
IQR, and black circles indicate the outliers) showing estimates of tumor vascularity, based on the EI score, for 10,767 solid tumors from 31 different cancer 
types. Shaded regions highlight hypervascular (red, EI >0.9) and hypovascular (blue, EI <0.1) tumors. (B) Forest plots showing the association of the EI 
score with survival across 31 cancer types. A univariate Cox model was used to calculate the hazard associated with the EI score for each cancer type. HRs 
are plotted on a log scale and are listed with a 95% CI for cancer types with a statistically significant association. A HR of greater than 1 indicates increased 
risk (decreased survival), and a HR of less than 1 indicates decreased risk (increased survival).
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that additional tumor-specific contextual information might be 
required to understand vascular heterogeneity and its contribu-
tion to tumor growth and clinical course. We therefore hypoth-
esized that measuring qualitative aspects of the tumor vascular 
microenvironment, especially features related to regulatory sig-
naling pathways, might enable a better prediction of both clinical 
course and tumor-specific responses to antiangiogenic therapies.

To identify signaling pathways associated with variation in 
tumor vascularity, we identified genes overexpressed in hypervas-
cular tumors (EI score >0.9) compared with hypovascular tumors 
(EI score <0.1) within each cancer type and used these genes as 
the input for a gene set enrichment analysis (GSEA). This analysis 
identified VEGFA/VEGFR2 signaling as the pathway most associ-
ated with a high EI, although the strength of this association varied 
considerably by cancer type (Figure 4A). For example, EGFR and 
PI3K/Akt/mTOR signaling pathways were more strongly associ-
ated with hypervascular tumors in cholangiocarcinoma (CHOL) 
and thymoma (THYM) compared with VEGFA/VEGFR2 signal-
ing. Importantly, high EI scores were associated with multiple 
signaling pathways in most tumor types, supporting the notion 
that redundant signaling drives the formation of a tumor vascula-
ture. Although some signaling pathways, such as that of VEGFA/ 
VEGFR2, consistently correlated with high EI score across all can-
cer types, most signaling pathways correlated with elevated EI 
scores only in specific tumor types (Figure 4A).

Human tumors can be grouped according to 6 vascular microen-
vironment signatures. The marked heterogeneity revealed by this 
pathway analysis suggested that the vascular state of each tumor 
resulted from the expression of a defined repertoire of proangio-
genic signals. Given this observation, we hypothesized that tumors 
could be categorized on the basis of signaling networks that were 
most strongly correlated with their vascular state. To this end, we 
developed an additional method for grouping tumors on the basis 
of underlying pathways associated with each tumor’s vascular 
state (i.e., hyper- or hypovascular).

We began by generating a pan-cancer signaling network of 
EI-associated genes from which we could distinguish distinct clus-
ters. We applied Fisher’s method of combining P values with the 
31 sets of genes upregulated in highly vascularized tumors (90th 
percentile EI score) compared with poorly vascularized tumors 
(10th percentile EI score) of each cancer type. This resulted in a 
ranked list of EI-associated genes across all cancers (Supplemen-
tal Data File 3). GSEA analyses showed a significant association of 
EI-associated ranked genes with Gene Ontology (GO) terms relat-
ed to vascular growth (e.g., “vasculogenesis” and “angiogenesis” 
GO biological processes and a “vesicle lumen” GO cellular com-
ponent) (Supplemental Figure 6, A and B). To translate our ranked 
list of EI-associated genes into signaling networks, we used Inge-
nuity’s curated protein-protein interaction database (Ingenuity 
Pathway Analysis [IPA]) to build a connectivity network around 
genes whose expression is associated with hypervascular tumors 
(Supplemental Data File 4). We then curated the full interaction 
network to generate a more workable inventory of 24 “hub” genes 
representing the network’s most highly connected nodes (Table 2).

It is important to note that, while some of these hub genes 
(e.g., ANGPT2, FLT1, KDR, PTPRB, TGFBR2) exhibited enriched 
expression in endothelial cells, the majority were not known to 

and pericyte abundance, we used the pericyte-specific marker 
RGS5 to quantify pericytes across TCGA database. First, we used 
single-cell RNA-Seq (scRNA-Seq) data from the PanglaoDB data-
base (28) to confirm that RGS5 was pericyte specific (Supplemen-
tal Figure 5A). Then, we compared RGS5 expression with EI scores 
across TCGA. This revealed that, while RGS5 expression correlat-
ed positively with EI scores across TCGA, its degree of correlation 
varied significantly between individual cancer types (Supplemen-
tal Figure 5, B and C). These data suggest that the degree of vessel 
coverage by pericytes may differ by cancer type.

Endothelial cells are known to have heterogeneous pheno-
types. To determine whether tumors with a high EI score are 
enriched for specific endothelial cell subtypes, we used a recently 
published scRNA-Seq data set describing 13 distinct endothelial 
cell phenotypes in human lung cancer and normal human lung 
endothelium (29). Across TCGA, we found a significant overlap 
between the gene expression of tumors with high EI scores and the 
gene signatures of specific endothelial cell subsets (Supplemental 
Figure 5D). Gene expression in lung adenocarcinomas (LUADs) 
with high EI scores also overlapped significantly with signatures 
of specific endothelial cell subsets (Supplemental Figure 5E). All 
tumors with high EI scores, including LUADs, shared significant 
gene expression with the classically angiogenic “tip cell” pheno-
type (Supplemental Figure 5, D and E). These data indicate that 
the EI is sensitive to a diverse collection of endothelial cell pheno-
types, including those thought to be capable of angiogenesis.

Association of EI score with clinical prognosis across human 
tumors. Blood vessels are required for tumor growth and hema-
togenous spread of tumor cells, 2 factors associated with reduced 
survival and worse clinical prognosis (30). To identify possible 
relationships between tumor vascularity and survival across 
TCGA data set, we performed univariate Cox regression analysis 
to calculate HRs associated with the EI score across all 31 solid 
cancer types (Figure 3B). A high EI score was found to correlate 
with worse overall survival (OS) in uveal melanoma (UVM), cer-
vical/endocervical carcinoma (CESC), KIRP, stomach carcinoma 
(STAD), and mesothelioma (MESO), consistent with retrospec-
tive histological studies associating MVD with poor survival in 
CESC, STAD, MESO, and UVM (31–34). By contrast, a high EI 
score was found to correlate with better OS in KIRC (Figure 2B). 
These results indicate that total tumor vascularity, as assessed by 
the EI score alone, correlates with clinical outcomes in only a sub-
set of tumor types. In addition, the EI score was weakly correlated 
with stromal content as measured by the ESTIMATE (estimation 
of stromal and immune cells in malignant tumor tissues using 
expression data) algorithm (ref. 35 and Supplemental Figure 5F), 
suggesting that the stromal content may potentially be a covariant 
in these survival analyses.

EI associates with distinct signaling environments in different 
tumor types. The above findings suggested that the EI provides an 
accurate estimate of tumor MVD but carries limited prognostic 
information for most tumor types. One possible explanation for 
this may be the exceptionally wide 95% CIs we observed when cal-
culating the HRs relating the EI to OS (Figure 3B), consistent with 
studies showing that MVD alone is a poor predictor of response 
to antiangiogenesis therapy (36). These findings, along with the 
relative underperformance of antiangiogenic therapies, indicate 
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exhibit endothelial specificity. To determine whether these genes 
might be expressed in a subset of endothelial cells, we again eval-
uated the expression of these genes in individual endothelial cells 
using the Goveia et al. scRNA-Seq data set (29). These analyses 
showed that many vascular hub genes lacked endothelial cell 
expression (Supplemental Figure 7), suggesting that cells other 
than endothelial cells are responsible for their association with 
the EI and MVD. This interpretation is consistent with the known 
importance of other cells in the tumor microenvironment — peri-
cytes, inflammatory cells, stromal cells, and tumor cells — in shap-
ing tumor vasculature (37–39).

To identify tumors sharing patterns of vascular-associated 
gene expression, we clustered all 10,767 solid tumors on the basis 
of their relative expression of these 24 EI-associated vascular hub 
genes. Gene values were normalized across patients (rows) and 

hub genes (columns) (see Methods). This analysis identified 6 dis-
tinct clusters, which we designated as vascular microenvironment 
signatures (VMSs) (Figure 4B, Supplemental Figure 6C, and Sup-
plemental Data Files 5 and 6). Interestingly, each of the 6 VMSs 
were characterized by the marked over- or underexpression of 1 of 
4 EI-associated hub genes — CDH1, VEGFA, NOTCH3, and MMP9 
— relative to the other VMSs (Figure 3C). VMS1 was the most high-
ly represented vascular microenvironment, identified in approx-
imately 30% of all solid tumors. VMS1 was characterized by the 
relative underexpression of CDH1 (E-cadherin) and the overex-
pression of other hub genes, including endothelial cell surface 
receptors, growth factors, and the genes SNAI1 and SNAI2, which 
are associated with endothelial epithelial-mesenchymal transition 
(EMT) (40–42). VMS2 tumors accounted for 12% of solid tumors 
and were characterized by marked overexpression of VEGFA 

Figure 4. Signaling pathways and VMSs in 
cancer. (A) The signaling pathways most enriched 
in highly vascular tumors are shown. Bubble 
plot displays the pathways most significantly 
enriched in hypervascular tumors (90th percentile 
EI score) derived from GSEA (comparison of 
hyper versus hypovascular tumors across 31 
cancer types). All pathways listed as “signal
ing” were included in the analysis. Cancers are 
colorcoded, and the size of each bubble rep
resents the strength of association between the 
indicated signaling pathway and vascularity in 
the indicated cancer type [–log10(FDR)]. (B) Unsu
pervised clustering of 10,767 solid tumors based 
on the expression of 24 vascularity network hub 
genes identified 6 VMSs (VMS1–VMS6). The 
color displayed for each of the 24 genes in the 
heatmap represents the gene expression value 
after normalization by both row (all tumors) and 
column (col) (all hub genes). Marked over or 
underexpression of either VEGFA, CDH1, NOTCH3, 
or MMP9 was characteristic of individual VMSs. 
Normalized levels of these genes are displayed as 
box plots (0 represents the normalized baseline 
level of this gene across cancers, the center line 
marks the median, box limits span the IQR, 
and whiskers extend to 1.5 times the IQR). min, 
minimum; max, maximum. The expression levels 
of these genes were compared across all 6 sub
types, and significant differences were detected 
by KruskalWallis ranksum test. Significance of 
the over or underexpression of these genes in 
specific subtypes was tested by pairwise multiple 
comparisons with a BenjaminiHochberg–adjust
ed post hoc Conover’s test P value (***P < 0.001).
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(Supplemental Figure 8). VMS3 tumors accounted for 13% of sol-
id tumors and were characterized by overexpression of NOTCH3. 
VMS4 tumors accounted for 25% of solid tumors and were charac-
terized by the overexpression of CDH1. VMS5 tumors accounted 
for 15% of solid tumors and were characterized by underexpres-
sion of VEGFA and overexpression of other hub genes, including 
endothelial cell surface receptors and various growth factors. 
Finally, VMS6 tumors accounted for 5% of solid tumors and were 
characterized by overexpression of MMP9.

VMS distribution across human tumor types. We next sought to 
understand how these 6 VMS subtypes are distributed according 
to tumor type. To this end, we regrouped the tumors subtyped 
in Figure 4B according to tissue of origin. As shown in Figure 5, 
VMSs were unevenly distributed across different types of cancer. 
VMS1 tumors comprised the majority of glioblastomas, adreno-
cortical carcinomas, MESOs, liver hepatocellular carcinomas 
(LIHCs), sarcomas (SARCs), pheochromocytomas/parangliomas 
(PCPGs), adrenocortical carcinomas, skin melanomas, papillary 
renal cell carcinomas, testes/germ cell tumors, and uterine carci-
nosarcomas (UCSs). VMS2 tumors comprised a large fraction of 
KIRCs, glioblastomas, LUADs, and pheochromocytoma/parangli-
omas. Of note, breast cancers belonging to the basal-like molec-
ular subtype were significantly overrepresented among VMS2 
breast cancers, whereas basal tumors made up a small proportion 
of breast cancers possessing other VMSs (Figure 5, inset). VMS3 

tumors comprised a large fraction of head and neck squamous 
cell carcinomas, esophageal carcinomas (ESCAs), and cervical 
and ovarian cancers (OVs). VMS4 tumors comprised a majority of 
CHOLs, colon adenocarcinomas (COADs), rectal adenocarcino-
mas (READs), prostate adenocarcinomas (PRADs), and thyroid 
cancers. VMS5 tumors made up a significant portion of UVMs, 
rectal, prostate, pancreatic, stomach, and COADs. Finally, VMS6 
tumors comprised a significant portion of testes/germ cell tumors 
and head and neck squamous cell carcinomas.

Next, we assessed the relationship between VMS and vessel 
density by measuring EI scores associated with the 6 VMSs in each 
of the 31 cancer types (Figure 6, A and B). VMS1 was associated with 
low vessel density in KIRPs (FDR < 0.01 for all pairwise compari-
sons, or “all FDR”) and pheochromocytoma/paranglioma (all FDR 
< 0.0001). VMS2 was associated with high vessel density in stomach 
cancers (all FDR < 0.0001), esophageal cancers (all FDR < 0.001), 
pheochromocytoma/parangliomas (all FDR < 0.0001), KIRCs (all 
FDR < 0.0001), papillary carcinomas (all FDR < 0.05), and thyroid 
cancers (all FDR < 0.001). Of note, VMS2 tumors also had the high-
est expression of the pericyte marker RGS5 (Supplemental Figure 
9). VMS3 was associated with high vessel density in testicular/germ 
cell tumors (all FDR < 0.01). VMS4 did not significantly associate 
with vessel density in any individual cancer types. VMS5 was asso-
ciated with low vessel density in thyroid cancers (all FDR < 0.001) 
and LUADs (all FDR < 0.05). VMS6 was associated with high vessel 
density in COADs (all FDR < 0.05). These findings are consistent 
with a complex and diverse relationship between vessel density and 
the vascular microenvironment across tumor types.

Prognosis associates with VMS independent of the EI score. We 
hypothesized that a tumor’s VMS might provide additional prognos-
tic information beyond that afforded by MVD. To test this, we used 
multivariate Cox proportional hazards regression models to deter-
mine the association of the 6 VMSs with OS and the progression- 
free interval (PFI). Following correction for multiple-hypothesis 
testing, we found VMS to be a significant prognostic factor for OS 
in 3 cancer types (Figure 7, A and B) and for a PFI in 4 cancer types 
(Figure 7, C and D). VMS2 SARCs were linked to a significantly 
shortened OS (Figure 7, A and B) and PFI (Figure 7, C and D), con-
sistent with prior studies identifying VEGF protein expression as 
a predictor of poor survival in soft-tissue SARCs (43–46). VMS2 
was also associated with a shorter PFI in uterine cancer and the 
chromophobe subtype of renal cell carcinomas (Figure 7, C and 
D). In addition, VMS3 was associated with shortened OS in skin 
melanomas, VMS1 was associated with significantly prolonged 
survival and PFI in UVM (Figure 7, A and B), and VMS6 was asso-
ciated with shortened PFI in SARCs (Figure 7, C and D). VMS4 
and VMS5 were not significantly associated with prognosis in any 
cancer type. Importantly, statistical testing revealed no significant 
interaction between the categorical variable “VMS” and the con-
tinuous variable “EI score” in predicting survival. Thus, the tumor 
VMS represents a qualitative measure of tumor vascular biology 
that is clinically relevant and complementary to EI.

Non-VMS2 classification predicts a favorable response to bev-
acizumab in OV. There is a need for predictive biomarkers to 
guide antiangiogenesis therapy for cancer. Some studies have 
linked increased tumor VEGFA expression with favorable patient 
responses to anti-VEGFA therapies, including bevacizumab (47–

Table 2. Hub genes of the tumor vascularity network

Gene Relationships
VEGFA 94
EGF 85
IGF1 64
TGFBR2 39
KDR 31
SNAI1 31
ERG 29
PDGFB 25
PGF 23
TGFB3 23
ANGPT2 22
FLT1 22
MMP9 20
CDH1 19
VEGFC 17
SNAI2 17
LOX 16
NOTCH3 16
NRP1 16
PRKG1 16
FHL2 15
PRDM1 15
PTPRB 15
TEK 15

List of 24 vascularity network hub genes with the most relationships in 
a tumor vascularity network generated by IPA (see text and Methods for 
details). 
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which led to FDA approval for its use in OV (53) — can be accounted 
for by patients with tumors classified as non-VMS2. The addition of 
bevacizumab conferred a progression-free survival (PFS) advantage 
over chemotherapy alone when all trial participants were included 
(Figure 9, A and D), confirming earlier findings (52). Importantly, 
patients with non-VMS2 ovarian tumors derived virtually all the 
benefit from the addition of bevacizumab (Figure 9, B and E), while 
patients with VMS2 tumors derived no benefit from the addition 
of the drug (Figure 9, C and F). We further observed that VMS6 
tumors, which have elevated MMP9 levels, specifically account-
ed for much of the collective non-VMS2 response to bevacizumab 
(Supplemental Figure 11). While the basis for the finding that VEGF-
high VMS2 ovarian tumors responded more poorly to anti-VEGF 
therapy than did non-VMS2 ovarian tumors remains uncertain (see 
Discussion), these data suggest that VMS classification may provide 
a useful metric for predicting the response to bevacizumab in OV 
that outperforms vascular density or VEGFA levels.

Discussion
Quantitative and qualitative differences in tumor vasculature are 
believed to influence important aspects of tumor biology that con-
tribute to clinical prognosis and therapeutic response. Here, we 
describe 2 metrics — an EI and 6 VMSs (VMS1–6) — that can be 
applied to transcriptomic data from both large cohorts and indi-
vidual tumors, allowing stratification based on vascular charac-
teristics. Analysis of the tumor vasculature using the EI and VMS 
reproduced several established paradigms regarding tumor vascu-
lar density, including the identification of renal clear cell and chro-
mophobe carcinomas as hypervascular and pancreatic carcinomas 
as hypovascular. Importantly, EI and VMS analysis also revealed 
subtle features of vascular heterogeneity both within and between 
tumor types, allowing differences in tumor vascular biology to be 
probed using widely available transcriptional data. Furthermore, 
the reliance of these metrics on a relatively small number of genes 
highlights their potential application as clinical biomarkers. In the 
future, it should be possible to adapt both the EI score and VMS 

51). We thus hypothesized that the VMS2 tumor classification, 
characterized by overexpression of VEGFA relative to 23 other 
vascular hub genes, may predict a favorable response to the anti- 
VEGFA agent bevacizumab.

To test this hypothesis, we performed vascular subtyping 
of tumors from the ICON7 trial (International Collaboration on 
Ovarian Neoplasms), a phase III study of patients with OV treat-
ed with carboplatin and paclitaxel with or without the addition 
of bevacizumab (52). Given that unsupervised clustering algo-
rithms (Figure 4B) cannot be used to classify individual tumors, 
we first trained a classifier to predict VMS2-associated tumors by 
applying expression values for the vascular hub genes to 7000 
randomly selected TCGA tumors (Figure 8A). This VMS2 classi-
fier performed with 97% accuracy on a test set consisting of the 
remaining 3000 TCGA tumors (Figure 8A). We then applied the 
VMS2 classifier to pretreatment expression data from 380 OVs 
from ICON7, classifying 31% of the tumors as VMS2 and 69% of 
the tumors as non-VMS2 (Figure 8B).

Next, we compared the OS and PFS of VMS2 and non-VMS2 
tumors within the bevacizumab treatment arm using a univariate 
analysis by standard Kaplan-Meier testing and a multivariate anal-
ysis using Cox models adjusted for age and stage. Unexpectedly, 
we found that patients with OVs classified as non-VMS2 showed 
a trend toward greater benefit from bevacizumab compared with 
those classified as VMS2 in terms of OS (P = 0.09, adjusted for 
age and stage) and significantly greater benefit in PFS (P = 0.03, 
adjusted for age and stage) (Figure 8, C and D). We observed no 
significant difference in survival or disease progression between 
individuals with VMS2 or non-VMS2 tumors who were treated 
with carboplatin and paclitaxel without bevacizumab (Supplemen-
tal Figure 10, A and B), suggesting that the influence of vascular 
subtyping was specific to VEGFA blockade. Importantly, neither 
the EI score nor VEGFA expression alone predicted a response to 
bevacizumab (Figure 8, C and D).

Next, we extended this analysis by determining whether the 
added clinical benefit of bevacizumab over chemotherapy alone — 

Figure 5. Distribution of VMSs across different cancer types. Pie charts showing the distribution of vascular subtypes for 31 individual cancer types. Inset: 
Pie charts showing that the basal subtype was significantly overrepresented in VMS2 breast cancers (74%). Fisher’s exact test was used to compare the 
abundance of the basal subtype in VMS2 breast cancers with its abundance in all other breast cancers. ***P < 0.001. VMS1 (green), VMS2 (turquoise), 
VMS3 (dark blue), VMS4 (red), VMS5 (magenta), VMS6 (gold).
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for KIRC but worse survival for KIRP. These findings may explain 
why the prognostic value of MVD in kidney cancers — which were 
only rarely stratified according to histological subtype in prior 
studies — has remained controversial (54).

A primary motivation for developing the EI was to identify 
distinct signaling environments that associate with tumor vascu-
lature in large numbers of tumors. We used the EI score to strat-
ify human tumors with the highest and lowest vascular density, 

categorization as quantitative PCR (qPCR) tests on tumor biop-
sies. Such an advance could provide a real-time characterization 
of tumor vascularity and vessel environment, which in turn could 
aid in clinical decision making.

The EI score was able to predict OS for several tumor types. 
Surprisingly, the vessel density estimates from this measure were 
associated with opposing prognoses in 2 histologic subtypes of 
kidney cancer. Specifically, the EI score predicted better survival 

Figure 6. Relationship between the VMS and the EI differs across cancer types. (A) Violin plots showing EI scores (y axis) of tumors belonging to VMS1–
VMS6 (x axis) in 31 individual cancer types. Significant differences in EI score of tumors with different VMSs (within each cancer type) were detected using 
a KruskalWallis ranksum test (*P < 0.05, **P < 0.01, ***P < 0.001). KruskalWallis testing was followed by Conover testing of pairwise comparisons to 
identify specific associations between the VMS and EI score within cancer types. The threshold FDR met by all pairwise comparisons is reported in the text 
for each VMSEI score association. (B) Heatmap showing the median EI score (0–1, red, high; blue, low) of each vascular microenvironment within 31 solid 
tumor types. Tumor types are clustered by similarity with respect to their VMS proportions.
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The finding that relatively VEGF-low non-VMS2, but not 
VEGF-high VMS2, ovarian tumors conferred a significant sur-
vival advantage for patients treated with the anti-VEGFA drug 
bevacizumab is counterintuitive and highlights the need to better 
understand the biology underlying the VMS categorization. One 
potential explanation for this result is that VMS2 tumors, which 
express higher levels of the pericyte marker RGS5 than do non-
VMS2 tumors (Supplemental Figure 9A), contain more mature 
vessels with higher pericyte coverage. Prior studies indicate that 
pericytes protect tumor vessels from loss of VEGF signaling and 
may be a primary cellular mechanism of tumor resistance to anti-
VEGF therapy (57–62). Consistent with this hypothesis, we found 
that tumor RGS5 expression significantly correlated with the sur-
vival of patients treated with bevacizumab, but not chemotherapy 
alone (Supplemental Figure 9). Other possible explanations for 
the poor response of the VEGFA-high VMS2 tumors to bevacizum-
ab are that these tumors underwent a selection for bevacizumab- 
resistant clones or that their baseline level of VEGFA was too 
high for anti-VEGF drugs to effectively block. Future studies that 
dissect the serial genetic and transcriptional changes in tumors 
during antiangiogenesis therapy are likely to provide greater 
insight into the molecular mechanisms linking the vascular micro-
environment and clinical outcome.

Finally, our study provides an entry point for the identifica-
tion of patient subsets that might respond to angiogenesis inhib-
itors targeting pathways other than that of VEGFA. NOTCH3 and 

allowing the identification of 24 hub genes that best represented 
the signaling networks enriched in well-vascularized tumors. The 
6 VMSs derived from clustered expression of these 24 hub genes 
represent different signaling environments associated with vas-
cular state. Importantly, VMSs do not reflect signaling pathways 
operating solely within or upon endothelial cells. Rather, a tumor’s 
VMS represents the contribution of the entirety of the signaling 
milieu to a tumor’s vascular state — including potential contri-
butions from endothelial cells, fibroblasts, hematopoietic cells, 
extracellular matrix, and pericytes.

While some retrospective analyses have reported a relation-
ship between higher MVD and an improved responses to anti-
VEGF therapy (55, 56), such correlations have not conferred pre-
dictive value in larger phase III clinical trials (36). Because VMSs 
provide a qualitative metric of the tumor/vessel signaling environ-
ment that is orthogonal to vascular density (EI score) and reflects 
the sum of numerous cellular and molecular contributions to the 
vascularity of a tumor, VMS categorization may be a better predic-
tive biomarker. Indeed, we found that VMS2 classification — but 
not the EI score or simple VEGFA expression level — predicted the 
response to bevacizumab in a retrospective analysis of OVs. Non-
VMS2 ovarian tumors benefitted most from the anti-VEGFA drug 
bevacizumab, whereas those with VMS2 status showed no differ-
ence in OS or PFS. Although the molecular basis for this associ-
ation is unclear, our results highlight the complex and dynamic 
nature of the tumor’s angiogenic response.

Figure 7. VMS predicts OS and the PFI in certain cancer types. (A–D) A multivariate Cox proportional hazards (PH) regression model, correcting for multiple 
comparisons, was used to calculate the hazard associated with each microenvironment and OS (A and B) or the PFI (C and D). HRs are plotted on a log 
scale and are listed with 95% CIs. The interaction of each vascular microenvironment with the EI score was calculated to test the dependence of these 
clinical associations on bulk vascularity (EI score interaction).
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“E,” and all other nonendothelial samples were labeled “N.” Because 
the goal of the EI was to predict microvessel density in tumors, “N” 
samples were chosen to represent cell types that are commonly pres-
ent in tumor microenvironments (Figure 1A). Training involved use 
of the 200 most differentially expressed genes between the “E” and 
“N” classes. ElasticNet (73) is a 2-response logistic regression method 
with an additive penalty term meant to restrict the number of features 
included in a model by adding each non-zero feature coefficient to the 
additive error. The objective function for this model is as follows:

    (Equation 1)

The character of this penalty term is parameterized by α (0 to 1), 
which balances between lasso (α = 1) and ridge (α = 0) methods, where 
the former will drive coefficients for groups of highly correlated genes 
to zero, while the latter allows linear combinations of correlated fea-
tures in the model. Because the preprocessing step selects for 200 
features, many of which are highly correlated, α was set to 1 to mini-
mize redundancy in the feature set. The strength of this penalty term is 
parameterized by λ. Larger values of λ correspond to a smaller feature 
set, and the optimal value of λ is found by repeated k-fold cross-val-
idation (Supplemental Figure 1E). These penalty terms enabled the 

MMP9 play important roles in tumor angiogenesis (63–68), and 
drugs targeting them have shown promise in preclinical models 
(69–71). Therefore, the VMS3 and VMS6 tumor microenviron-
ments, in which the expression of NOTCH3 and MMP9 dominates 
that of other vascular-associated hub genes, may represent nov-
el populations of patients susceptible to new classes of antian-
giogenesis therapies. Unfortunately, VMS1 and VMS5 tumors — 
which together comprise 45% of all tumors — are enriched for the 
expression of multiple vascular hub genes, suggesting that these 
tumors are driven by redundant angiogenic pathways that may be 
particularly difficult to target.

Methods
Generating an endothelial cell classifier. Samples from the following 
publicly available, normal human tissue microarray data sets were 
downloaded from the NCBI’s Gene Expression Omnibus (GEO) 
database (72) to form training and testing sets for the generation of 
a human endothelial cell classifier: GSE3239, GSE44926, GSE59326, 
GSE76340, GSE39396, GSE59326, and GSE21212 (Supplemental Data 
File 1). Microarray data were quantile normalized and log transformed 
(Supplemental Figure 1). Slight differences in distribution between 
the training and testing sets resulted from quantile-normalizing each 
separately; this was necessary to ensure reproducible performance of 
a classifier when applied to arbitrary external validation sets. Microar-
ray samples originating from endothelial tissue were given the label 

Figure 8. Non-VMS2 status predicts a favorable response to bevacizumab in OV. (A) Schematic of the samples used to train and test an ElasticNet 
classifier to identify tumors as VMS2 or nonVMS2 using expression values of the 24 vascular hub genes. The VMS2 classifier performed with 97% accuracy 
on an independent test data set (0.99 AUC). (B) The VMS2 classifier categorized 31% of OVs in the ICON7 trial data set as VMS2 and 69% as nonVMS2. 
KaplanMeier analysis comparing OS (C) and PFS (D) for patients with VMS2 or nonVMS2 tumors on bevacizumab. Forest plots show the association of 
nonVMS2 status, EI score, and VEGFA expression with survival. Adj., adjusted.
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for a total of 122 patients with PDAC who underwent surgery at the 
Columbia Pancreas Center, as described previously (11). Freshly fro-
zen PDAC samples were processed and sectioned for histologic review 
as described (11). The stromal and epithelial portions of each tumor 
were isolated by LCM for their separate expression and histologic 
analyses (Supplemental Figure 3A). RNA was collected from tissue 
slides for RNA-Seq, and adjacent slides were fixed and embedded in 
paraffin blocks for histologic analysis. The EI was applied to the gene 
expression profiles of both the stromal and epithelial portions of each 
tumor to generate EI scores for each. Because blood vessels are locat-
ed in the tumor stroma, EI scores for the stromal samples were used 
to reflect the microvessel density of each tumor sample (Figure 2, A 
and B), and EI scores for the epithelial samples were used as a neg-
ative control (Supplemental Figure 3B). One epithelial sample was 
classified as hypervascular (EI >0.9) but was believed to represent a 
biological outlier with either stromal contamination or a stromal gene 
expression pattern based on principal component analysis and histo-
logical analysis (11).

Mouse PDAC cohort and EI scoring. A panel of 19 congenic pancre-
atic tumor cell clones, isolated from late-stage primary tumors from 
KPCY (KrasLSL-G12D/+ Trp53L/+ Pdx1-Cre Rosa26YFP/YFP and KrasLSL-G12D/+  
Trp53LSL-R172H/+ Pdx1-Cre Rosa26YFP/YFP) mice was generated by limiting 
dilution as previously described (16). These tumor cell clones were 
orthotopically implanted into C57BL/6 mice to produce a panel of 19 
mouse pancreatic tumors with heterogeneous microenvironments. 
Bulk tumor RNA was isolated from these 19 tumors, and RNA-Seq was 
performed and processed as described previously (16) to generate bulk 
tumor gene expression profiles. The EI was then applied to these gene 
expression profiles to generate EI scores for each of the 19 mouse tumors.

Quantification of MVD in mice and humans. A CD31 mouse anti- 
human antibody (Dako, clone JC70A, 1:40) was used to measure MVD 

selection of a concise, 7-gene model. As with a standard 2-response 
logistic regression, the classifier uses the binomial log likelihood ratio 
to estimate the probability that an applied sample belongs to class “E.” 
This score, which ranges from 0 to 1, was termed the EI and serves as 
a continuous metric of vascularity.

The EI was then applied blindly to an independent test set of 139 
microarrays from 26 endothelial “E” and 113 nonendothelial “N” 
tissues. “N” tissues were selected to wholly comprise a mock tumor 
microenvironment, containing cell types such as fibroblasts, vari-
ous immune cells, and epithelial cells from various sources. Samples 
assigned an EI score of greater than 0.9 were labeled “E,” and those 
with an EI score of less than 0.1 were labeled “N.” The EI score classi-
fied the test set with an overall accuracy of 92%. Interestingly, the EI 
score committed only false-positive errors in classifying the test set. 
For each of these errors, the model output a probability between 0.4 
and 0.6 for class “E.” All other samples were classified correctly to 
within 1% confidence, suggesting that any reasonably discriminating 
threshold we chose as our “activation function” to assign the binary 
“E” and “N” labels had no impact on the results (Figure 1A).

As a final step of in silico validation, we applied maximum relevance 
minimum redundancy (mRMR) feature selection, a different modeling 
method that uses a greedy heuristic to choose a maximal set of linear-
ly independent features that explain variance, to the training set. This 
method selected 6 of the 7 EI genes found previously by ElasticNet, sug-
gesting that the EI is a reliable measure of the endothelial cell classifi-
cation independent of the classification method. The code for tumor EI 
prediction is available at https://github.com/faryabib/VMS.

Human PDAC cohort and EI scoring. A cohort of 60 human pan-
creatic ductal adenocarcinomas with paired gene expression data and 
archived tissue sections were chosen to validate the accuracy of the 
EI score in predicting intratumoral MVD. Information was provided 

Figure 9. The benefit of bevacizumab in OV is mostly seen in patients with non-VMS2 tumors. KaplanMeier analysis comparing OS (A–C) and PFS (D–F) 
for all patients (A and D), patients with VMS2 tumors (C and F), and patients with nonVMS2 tumors (B and E), with and without the addition of beva
cizumab. The HRs shown relate to the addition of bevacizumab. All P values are the result of multivariate Cox regression analysis, with patient age and 
tumor stage as covariates. Chemo, chemotherapy.

https://www.jci.org
https://doi.org/10.1172/JCI136655
https://www.jci.org/articles/view/136655#sd
https://www.jci.org/articles/view/136655#sd


The Journal of Clinical Investigation   R E S E A R C H  A R T I C L E

1 3J Clin Invest. 2021;131(2):e136655  https://doi.org/10.1172/JCI136655

rank P values and HRs using the “surv”’ and “coxph” functions of the 
“survival” package in R.

Multivariate Cox proportional hazards models were generated to 
determine the prognostic significance of the 6 vascular microenviron-
ments in predicting survival for each individual cancer type. Member-
ship of each vascular microenvironment was treated as a “dummy” 
variable, and Cox PH regression modeling was performed for this vari-
able with the other 5 vascular microenvironments serving as covari-
ates. The Benjamin-Hochberg method was applied to the resulting 
P values to correct for multiple comparisons and generate FDRs. To 
test whether the prognostic power of vascular subtypes found to pre-
dict survival with statistical significance (FDR <0.05) was dependent 
upon the EI score, we generated an interaction term (EI score*vascular 
microenvironment) using the “coxph” function. All features fulfilled 
the proportional hazards assumption (χ2 tests: P > 0.05). Testing used 
Schoenfeld residuals and was done with the “cox.zph” function.

Kaplan-Meier curves were used to visualize the survival differ-
ences between groups within the ICON7 data set. Multivariate cox 
proportional hazards models were used to evaluate the association 
between specific factors and survival in these analyses, and log-rank 
tests adjusted for 2 covariates (age and tumor stage) were reported 
as adjusted P values. All features fulfilled the proportional hazards 
assumption (χ2 tests: P > 0.05), and testing used Schoenfeld residuals 
(76) and was done with the “cox.zph” function.

Signaling pathway and GSEA. To identify signaling pathways 
associated with increased vascularity, tumors within each of 31 can-
cer types were stratified according to “high” (>90th percentile EI) 
and “low” (<10th percentile EI) predicted vascularity. Differential 
gene expression analysis comparing these groups was calculated 
with the R/Bioconductor package “limma” with voom transforma-
tion to identify genes upregulated in the more vascular tumors of 
each cancer type (77). Genes overexpressed in the “high” vascularity 
tumors (adjusted P > 0.01) were mapped to the KEGG (Kyoto Ency-
clopedia of Genes and Genomes), BioCarta, and MsigDB pathways 
using GSEA (78). Only pathways labeled “signaling” were selected 
for analysis. The adjusted P values for all signaling pathways over-
expressed in vascularity “high” tumors were combined across all 
31 cancer types using Fisher’s method to identify the pathways that 
most consistently associated with vascularity in cancer. The associ-
ation of these signaling pathways with vascularity is represented in a 
bubble chart (Figure 4A).

Defining vascular microenvironments. The adjusted P values assigned 
to genes overexpressed in vascularity “high” tumors of all 31 cancer 
types were combined using Fisher’s method (79) to generate a list of 
genes associated with increased vascularity across cancer. To confirm 
that this list reflected differences that were biologically relevant to vas-
cularity, GSEA was performed on this gene set to evaluate enrichment 
of GO terms for “biological process” and “cellular component.”

These genes differentially upregulated in vascularity “high” 
tumors across cancer were sent, along with their combined P value, 
combined adjusted P value, and mean (across all cancer types) log2 
fold-change, to IPA (QIAGEN, www.qiagen.com/ingenuity) to gener-
ate a protein-protein interaction (PPI) network. IPA used the Ingenui-
ty Knowledge Base, a collection of experimentally observed relation-
ships between genes and gene products, to generate a PPI connectivity 
plot (Supplemental Data File 4) detailing the relationships between 
genes overexpressed in vascularity “high” tumors. The 24 genes that 

in human tumor slides. Slides were deparaffinized and rehydrated, 
and antigen retrieval was performed using 6.5 mmol/L sodium citrate, 
pH 6.0. Slides were blocked with 5% donkey serum, 0.3% Triton-X 
100 for 1 hour at room temperature (RT) and incubated with a primary 
antibody overnight at 4°C. The slides were washed, incubated in 3% 
hydrogen peroxide for 10 minutes at RT, washed again, and incubated 
with a biotinylated donkey anti-mouse secondary antibody for 1 hour 
at RT. Slides were washed, incubated in ABC reagent for 30 minutes at 
RT, incubated in DAB (peroxidase substrate) for 5 minutes, counter-
stained with hematoxylin for 3 minutes, and imaged using an Olympus 
IX71 inverted multicolor fluorescence microscope and a DP71 camera.

The endomucin rat anti-mouse antibody (Santa Cruz Biotech-
nology, V.7C7, 1:200) was used to measure MVD in the mouse tumor 
slides. After sectioning, tissues were fixed in Zn-formalin and paraffin 
embedded for histological analysis and immunofluorescence stain-
ing. Sections were deparaffinized, rehydrated, and prepared by anti-
gen retrieval and then blocked in 5% donkey serum for 1 hour at RT, 
incubated with primary antibodies overnight at 4°C, washed, incubat-
ed with secondary antibodies for 1 hour at RT, and then washed again 
and mounted. Primary antibodies included goat anti-GFP (Abcam, 
ab5450) (tumor cells) and rat anti-EMCN (blood vessels). Slides were 
visualized and imaged as described above.

The Chalkley method (74) was used to quantify MVD in both 
mouse and human tumors. Neovascular regions from representa-
tive areas of each tumor were selected for imaging. ImageJ software 
(NIH) was used to quantify the area of fluorescence staining in mouse 
tumors and to deconvolute multicolored images of human tumors 
stained for CD31 (DAB) and hematoxylin (purple) to isolate CD31 
staining. The percentage of area with CD31 staining was quantified 
by the fixed threshold method.

TCGA data sets. To investigate the levels of vascularity across all 
solid tumor types, RNA expression data sets and the corresponding clin-
ical information for 31 types of solid cancer were accessed from TCGA 
(http://cancergenome.nih.gov/). The following cancer types (project 
code and sample size) were selected for analysis: adenoid cystic carcino-
ma (ACC) (n = 92), bladder carcinoma (BLCA) (n = 412), breast invasive 
carcinoma (BRCA) (n = 1098), CESC (n = 307), CHOL (n = 51), COAD  
(n = 460), ESCA (n = 185), glioblastoma multiforme (GBM) (n = 613), 
head/neck squamous carcinoma (HNSC) (n = 528), KICH ( n = 113), 
KIRC (n = 537), KIRP (n = 323), LIHC (n = 377), LUAD (n = 585), lung 
squamous cell carcinoma (LUSC) (n = 504), MESO (n = 87), OV (n = 185), 
PDAC (n = 185), PCPG (n = 179), PRAD (n = 499), READ (n = 171), SARC 
(n = 261), skin cutaneous melanoma (SKCM) (n = 470), STAD (n = 443), 
stomach/esophageal carcinoma (STES) (n = 628), testicular and germ 
cell tumors (TGCTs) (n = 150), thyroid carcinoma (THCA) (n = 503), 
THYM (n = 124), uterine corpus endometrial carcinoma (UCEC) (n = 
560), UCS (n = 57), and UVM (n = 80). Tumor RNA-Seq data sets and 
clinical information were obtained for each disease type from the Broad 
Institute’s Genome Data Analysis Center (GDAC) Firehose (http://gdac.
broadinstitute.org). The EI was applied to the mRNA expression data set 
from each cancer type to generate EI scores.

Survival analysis. The prognostic significance of the EI score was 
retrospectively tested for 2 clinical endpoints: OS (time between diag-
nosis and death from any cause) and PFI (time between diagnosis and 
the first incidence of disease progression). For each of 31 individual 
cancer types, univariate Cox proportional hazard regression models 
(75) with the EI score as the variable were calculated along with log-
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naling hub genes (Supplemental Figure 7, A and B) were generated 
using the Lung Tumor ECTax database (https://www.vibcancer.be/ 
software-tools/lungTumor_ECTax).

Estimation of pericyte abundance. RGS5 expression, which has 
been used as a quantitative marker of pericyte coverage (81), was used 
to estimate pericyte abundance in TCGA tumor samples. Single-cell 
RNA-Seq data for human testes were accessed from the PanglaoDB 
database (data set SRA667709; https://www.ncbi.nlm.nih.gov/sra/
SRA667709) to confirm pericyte-specific expression of RGS5. Spear-
man’s rank correlation coefficient and the corresponding 2-tailed 
probability values were calculated to test the relationship between 
the EI score and RGS5 expression in all tumors, and Pearson’s correla-
tion coefficient was used to test the relationship between the EI score 
and RGS5 expression in individual tumor types. Different methods 
were used to calculate correlation coefficients in individual cancer 
type data sets (Pearson’s) and in all tumors aggregated (Spearman’s), 
because the relationship between RGS5 expression and the EI score 
behaved linearly in individual data sets but appeared nonlinear in the 
pan-cancer aggregate.

Estimation of stromal content. Stromal estimates were generat-
ed using the ESTIMATE (estimation of stromal and immune cells in 
malignant tumor tissues using expression data) algorithm (https://
bioinformatics.mdanderson.org/public-software/estimate/), which 
predicts tumor cellularity and the infiltration of normal stromal cells 
using GSEA to estimate the enrichment of a “stromal signature” (35). 
The correlation between the EI score and stromal fraction or tumor 
purity in all human tumors was calculated using Pearson’s correlation 
coefficient (R value) (Supplemental Figure 5F), which was then con-
verted to a t statistic, and the corresponding P value was listed.

Statistics. Statistical comparisons of microvessel density between 
hypervascular and hypovascular groups were performed using an 
unpaired Student’s t test (Figure 2, E and K). The correlation between 
the EI score and MVD in all human and mouse tumors was calculated 
using the Pearson’s correlation coefficient (Figure 2, F and L). Pear-
son’s R values were then converted to a t statistic, and the correspond-
ing P value was listed.

The over- or underexpression of either VEGFA, CDH1, NOTCH3, 
or MMP9 appeared as a characteristic of each vascular microenviron-
ment (Figure 4B). To determine whether these genes were truly over- 
or underexpressed in specific vascular subtypes, the raw expression 
levels of these genes were compared across all 6 subtypes. Significant 
differences in the expression of these genes across vascular microen-
vironment subtype was first calculated using the Kruskal-Wallis rank-
sum test. Significance of the over- or underexpression of these genes 
in specific vascular subtypes compared with the others was calculat-
ed using Conover’s test of multiple pairwise comparisons. The FDR 
was determined using the Benjamin-Hochberg procedure for multi-
ple-comparison correction.

Fisher’s exact test was used to compare the proportion of VMS2 
breast cancers that were of the “basal” molecular subtype (74%) com-
pared with the abundance of the “basal” molecular subtype in breast 
cancers of vascular subtypes other than VMS2 (16%) (Figure 5). To 
determine whether specific vascular subtypes had abnormally high or 
low vessel density (as estimated by the EI score) in individual cancer 
types, the Kruskal-Wallis rank-sum test was performed. The Krus-
kal-Wallis test was chosen as opposed to 1-way ANOVA because Kru-
skal-Wallis is a nonparametric test, and the EI score does not follow a 

served as the most connected nodes in the network were then chosen 
to be used as hub genes for further analysis (Table 2). The expression 
levels of these 24 hub genes were normalized to each other within 
each tumor, and then normalized across all 10,767 tumors, which were 
then clustered into 6 “vascular microenvironments” according to their 
expression of the 24 hub genes. The average silhouette width method 
(80) identified 6 as the optimal number of clusters, and k-means clus-
tering was used to assign tumors their respective vascular microenvi-
ronments using the Cluster package in R.

Generating a VMS2 tumor classifier. A total of 10,767 solid tumors 
of 31 different types were clustered into 6 VMSs using the expression 
of 24 vascular hub genes, as previously described. All VMS2 tumors 
retained their label, and tumors of other microenvironments were 
labeled “non-VMS2.” The 10,767 samples were then randomly split 
into a training set (70%) and a testing set (30%). Training and testing 
sets were generated such that they would both have the same ratio of 
VMS2 and non-VMS2 labels. Features for each sample were limited to 
expression values for 21 of the 24 vascular hub genes (3 were exclud-
ed because of probe set inconsistencies in the ICON7 expression data 
set). A logistic regression classifier with an ElasticNet penalty (λ=1) 
was fitted to the training data in order to classify VMS2 versus non-
VMS2 tumors. This classifier was then applied to the independent test 
set consisting of the remaining, unlabeled, 30% of TCGA samples. 
Default thresholds for logistic regression were kept such that sam-
ples assigned a VMS2 classifier score of greater than 0.5 were labeled 
“VMS2,” and scores of less than 0.5 were labeled “non-VMS2.” The 
overall accuracy of the VMS2 classifier on the test set was 97% with a 
receiver operating characteristic (ROC) AUC of 0.99 (Figure 8A).

Generating a multiclass VMS tumor classifier. A total of 10,767 
solid tumors of 31 different types were clustered into 6 vascular 
subtypes (VMSs) using the expression of 21 vascular hub genes, as 
described above. Features for each sample were limited to expression 
values for 21 of the 24 vascular hub genes (3 were excluded because 
of probe set inconsistencies in the ICON7 expression data set). All 
the tumors were labeled as belonging to each of these VMSs, with 
each tumor only being assigned to a single VMS. The 10,767 sam-
ples were then randomly split into a training set (70%) and a testing 
set (30%). Training and testing sets were generated such that they 
would both have the same number of samples belonging to each of 
the VMSs. Features for each sample were limited to expression val-
ues for the 21 vascular hub genes. A one-vs.-rest multivariate logis-
tic regression classifier with an ElasticNet penalty (λ = 1) was fitted 
to the training data in order to classify tumors as belonging to each 
of the VMSs (VMS1 through VMS6). This classifier was then applied 
to the independent test set composed of the remaining, unlabeled, 
30% of TCGA samples. Default thresholds for logistic regression 
were kept such that samples assigned a given VMS score of greater 
than 0.5 were labeled as belonging to that VMS. The class-weighted 
accuracy of the multiclass classifier on the test set was 95.7%, with 
ROC AUCs of 0.98, 0.97, 0.98, 0.99, 0.81, and 0.98 for VMS1, VMS2, 
VMS3, VMS4, VMS5, and VMS6, respectively.

Single-cell RNA-Seq data acquisition and analysis. Single-cell RNA-
Seq data for endothelial cells isolated from human lung tumors was 
prepared as described previously (29) and were downloaded from 
ENDOTHELIOMICS (https://endotheliomics.shinyapps.io/) (Sup-
plemental Figure 7A). t-Distributed stochastic neighbor embedding 
(t-SNE) plots demonstrating the expression of all 24 vascular sig-
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normal distribution in every cancer type (Figure 3A). First, the pres-
ence of significant differences in EI scores across vascular subtypes 
in each of 31 cancer types was detected by Kruskal-Wallis rank-sum 
test and reported (Figure 6A). Associations between specific vascular 
subtypes and EI score were then tested using Conover’s test of multi-
ple pairwise comparisons. Vascular subtypes that accounted for fewer 
than 5 tumors in a given cancer type were removed from the analysis. 
FDRs were then calculated for each pairwise comparison using the 
Benjamin-Hochberg procedure for corrections and reported here.

Fisher’s exact test was used to determine the significance of over-
lap between genes upregulated in hypervascular tumors (EI >0.9) 
across cancers with the gene signatures of 13 previously described 
endothelial cell phenotypes (29). The resulting P values were correct-
ed for multiple hypothesis testing and reported as FDRs.

Study approval. For validation studies, samples were obtained 
from patients with PDAC who underwent surgery at the Columbia 
Pancreas Center using a protocol approved by the Columbia Univer-
sity Medical Center ethics committee (IRB no. AAAB2667), following 
informed consent.
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