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Integrative single-cell analysis reveals
endothelial diversity in the vasa vasorum
of human atherosclerosis
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Microvessels within atherosclerotic plaques are crucially involved in disease progression. Here, we
generated a transcriptomic atlas of human atherosclerosis at single-cell resolution, encompassing
17,367 vascular endothelial cells (VECs) from five scRNA-seq studies, and verified key morphological
characteristics using histology. SULF1+ arterial endothelial cells (ArtECs) represented the primary
subcluster undergoing endothelial-to-mesenchymal transition (EndMT). Capillary-like endothelial
cells (CapECs)were identified as primarymediators of angiogenesis, and a trajectorymodel illustrated
the transition between tip and stalk cells, with subclusters of ArtECs and CapECs predominantly
expressing CXCL12, thereby driving the CXCL12/CXCR4 signaling axis. The largest plaque EC
cluster, exhibiting the most heterogeneity, was found among post-capillary venule endothelial cells
(VenECs), particularly ACKR1highNR2F2low VenECs, which displayed distinct inflammatory
transcriptional signatures characterized by adhesionmolecules and chemokines. Overall, this atlas of
atherosclerosis underscores endothelial heterogeneity and identifies SULF1+ ArtECs and VenECs as
potential therapeutic targets for EndMT and leukocyte recruitment, respectively.

Atherosclerosis is a chronic inflammatory vascular disease characterized by
endothelial dysfunction, immune cell infiltration, and lipid accumulation
within the arterial wall. Endothelial cells (ECs), which form the inner lining
of blood vessels, play a critical role in maintaining vascular homeostasis by
regulating blood flow, vascular permeability, and preventing thrombosis1.
However, under pathological conditions such as oxidative stress, inflam-
matory stimuli, and disturbed hemodynamics, endothelial cells experience
functional impairment, which contributes to the initiation and progression
of atherosclerotic lesions2.

To support vascular function, arteries possess their ownmicrovascular
network, known as the vasa vasorum. Under physiological conditions, the
vasa vasorum primarily supplies essential nutrients and oxygen to the outer
layers of the arterialwall. In large arteries, it also extends to nourish the outer
portion of the medial layer, playing a crucial role in maintaining vascular
integrity3. However, in atherosclerosis, this vascular network undergoes
pathological expansion, which is associated with increased

neovascularization, inflammatory infiltration, and intraplaque hemorrhage,
ultimately contributing to plaque instability4.

Single-cell sequencing has emerged as a powerful tool to resolve
endothelial cell heterogeneity at an unprecedented resolution. While pre-
vious studies have identified distinct endothelial cell subclusters, the
dynamic functional changes and fate transitions of these subclusters remain
poorly understood. Moreover, the interpretation of individual studies may
be limited by factors such as small sample sizes, variations in experimental
design, and technical biases. Therefore, there remains a need for a stan-
dardized single-cell reference, allowing for a deeper understanding of
endothelial cell diversity and its role in disease progression.

In this study, we integrated five single-cell studies on human athero-
sclerosis, employing cASW5 and iLISI6 to identify the optimal batch-
correction method. Our analysis encompassed both early and advanced
lesions, aswell as non-lesion samples, ensuring a comprehensive assessment
of endothelial cell heterogeneity.
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Results
Landscape of atherosclerosis endothelial cells at single-cell
resolution
To characterize the phenotypic changes in endothelial cells within athero-
sclerotic plaques, we integrated single-cell transcriptomic data from five
independent studies, encompassing 25 patients and 38 samples derived
from carotid, coronary and aortic arteries7–11 (Supplementary Table 1). We
retained a total of 200,430 high-quality cells, including 17,762 endothelial
cells (ECs). To optimize data integration, we evaluated performance using
cASW5 and iLISI6, ultimately selecting reciprocal principal component
analysis (rPCA)12 as the most effective strategy (Supplementary Figs. 1A, B,
2A–D, and 3A–G).

Initially, we annotated major endothelial clusters, identifying vas-
cular endothelial cells (VECs) using PECAM1 and VWF, while LYVE1
and CCL21 distinguished lymphatic endothelial cells (LECs)5 (Supple-
mentary Fig. 2D). To further refine classification, we systematically
reviewed endothelial cell definition strategies from previous single-cell
studies (Table 1). Despite the presence of luminal endothelium in human
carotid plaques, immunofluorescence for PECAM1 and ACTA2 revealed
numerous small intratissue vascular structures13, indicating a complex
endothelial composition14 (Fig. 1; Supplementary Table 2). Within the
dataset, vascular endothelial cells (VECs) were categorized into three
major clusters: arterial endothelial cells (ArtECs), post-capillary venule
endothelial cells (VenECs) and capillary-like endothelial cells (CapECs).
ArtECs (n = 4200) were characterized by high expression of GJA4, GJA5,
and SEMA3G. VenECs (n = 10,386) were defined by ACKR1 and
NR2F215, while CapECs (n = 2235) exhibited enrichment of RGCC and
CA416,17 (Fig. 2A, B; Supplementary Data 1). We validated the diverse
classification of endothelial cells based on AUCell scoring18 (Supple-
mentary Fig. 3F). Additionally, we identified two transcriptionally dis-
tinct endothelial clusters: a hypoxia-associated cluster, distinguished by
high expression of MT1X, MT1E, and MT2A17,19, and an endothelial-to-
mesenchymal transition (EndMT) cluster, marked by elevated expression
of ACTA2 andMYH11 (Fig. 2A, B; Supplementary Data 1). The presence
of VenECs, ArtECs, and CapECs was consistently observed across

multiple datasets (Fig. 2C, D), confirming their clustering aligned with
expected distribution patterns.

Further refined clustering analysis revealed three VenECs subclusters
(E01-E03), three CapECs subclusters (E05-E07), and three ArtECs sub-
clusters (E08-E10), ultimately leading to the identification of 11 distinct
endothelial clusters (Fig. 2E, F; Supplementary Fig. 4A, B). Tissue dis-
tribution analysis revealed that E03-veins-NR2F2 was consistently detected
across datasets. E07-capillaries-IGFBP5 and E08-arteries-CXCL12
remained at stable frequency except in Pan’s cohort10 which contained the
fewest VECs (Fig. 2C–E; Supplementary Fig. 4A; Supplementary Data 1).
LECs were mainly derived from Hu’s cohort9 (Supplementary Fig. 3G).
Among these, NR2F2, a key regulator of venous endothelial identity, co-
defined VenECs along withACKR1. However, we observed that E03-veins-
NR2F2 exhibited high NR2F2 expression but low ACKR1 expression
(Supplementary Fig. 4B). Comparison with previously reported endothelial
markers further underscored the transcriptional diversity among clusters
(Supplementary Fig. 4C). E10-arteries-SULF1 exhibited a unique gene
expression signature, while MAFB was highly expressed in E03-veins-
NR2F2. Periostin20, a secretory extracellularmatrix (ECM) protein encoded
by POSTN, was enriched in VenECs, and IL6 was predominantly expressed
in E01-veins-SELE and hypoxia-associated E04 subcluster (Supplementary
Fig. 4C). We also explored the relationship between ACKR1 and CXCL12
and found no significant positive correlation at the single-cell level (Sup-
plementary Fig. 4D). Regarding endothelial LDL uptake, we found that
CAV1was more broadly expressed and exhibited higher expression level in
ArtECs (Supplementary Fig. 4E). Collectively, these findings provided a
refined classification of endothelial heterogeneity within atherosclerotic
plaques.

hdWGCNA revealed distinct transcriptional programs among
VECs subclusters
High-dimensional weighted gene co-expression network analysis
(hdWGCNA) identified three distinct gene co-expression modules and
constructed gene interaction networks21. Module1 was predominantly
enriched in ArtECs and E11-EndMT, whereas Module2 was mainly

Table 1 | Vascular endothelial cell definition strategies in previous single-cell studies

Tissue VECs resolution Year Reference

Carotid and coronary arteries EC01 (VenECs): ACKR1, STC1;
EC02: ITLN1, BMX, SELP, DKK2, VWF

2025 Bleckwehl et al.63

Carotid and coronary arteries EC01 (Classical ECs): VWF, PECAM1, ECSCR;
EC02 (EndMT): VWF, PECAM1, ECSCR, FN1, BGN, COL8A1, ELN, CCN1, FBLN5

2024 Adelus et al.75

Carotid arteries By genes: MAFB, SULF1, RAB3C, MAF, PGF, SEMA3G 2023 Tan et al.50

Carotid and coronary arteries Classical ECs: PECAM1, CLDN5;
Intimal ECs: RAMP2;
Pro-angiogenic ECs: ACKR1, AQP1, FABP4;
Pro-inflammatory ECs: SELE, CCL2;
EndMT ECs: COL1A2, FN1

2023 Verdezoto et al.5

Coronary arteries EC00: CA4, GPIHBP1, LPL, CD36, RGCC;
EC01: ACKR1, POSTN, ICAM1, CCL14, VCAM1;
EC02: FTL, FTH1, TMSB4X;
EC04: GJA4, PCSK5, COL8A1, DKK2

2023 Fu et al.85

Coronary arteries EndMT-angiogenesis: FN1, COL8A1, COL3A1, BGN, MMP2, EDN1;
EndMT-SMC contraction: ACTA2, TAGLN, LUM, DCN, CALD1

2022 Gole et al.86

Carotid arteries EC-AC: DKK2, FN1, F5, ITLN1;
EC-PA: ACKR1, IL6, MLPH, HLA-DQA1

2022 Alsaigh et al.8

Coronary arteries EC01 (Pro-inflammatory): ACKR1, CCL14, PLVAP, SELE, IL6;
EC02 (Developing): SEMA3G, HEY1, CLDN5, CXCL12;
EC03 (SULF1+): ITLN1, MGP, EDN1, SULF1

2021 Hu et al.9

Carotid arteries EC00: ACKR1;
EC01: BMP4;
EC02: FGF18;
EC03: ACTA2

2020 Depuydt et al.87

EC endothelial cell, EndMT endothelial-to-mesenchymal transition, SMC smooth muscle cell, AC atherosclerotic core, PA proximal adjacent.

https://doi.org/10.1038/s42003-026-10095-1 Article

Communications Biology |           (2026) 9:835 2

www.nature.com/commsbio


associated with E01-veins-SELE and E02-veins-AQP1, and Module3 was
linked to E01-veins-SELE and hypoxia-associated E04 subcluster (Fig. 3A;
Supplementary Fig. 5A–D; Supplementary Data 2). E04, which was pri-
marily derived from patients in Hu’s cohort9, originated from individuals
without atherosclerotic lesionsbutwhowere in the end stage of heart failure9

(Fig. 2C, E). Module1 was associated with complement activation and
included the hub genes C1R and C1S (Fig. 3B; Supplementary Fig. 5C;
Supplementary Data 2). Module2 and Module3 displayed a negative cor-
relation with Module1, underscoring the distinct regulatory networks
(Fig. 3C; Supplementary Data 2). Gene ontology (GO) enrichment analysis
revealed thatModule1was enriched in biological processes related to artery
morphogenesis, endothelial cell migration and the BMP signaling pathway
(Fig. 3D; Supplementary Fig. 5C; Supplementary Data 2). The hub genes in
Module2 were predominantly MHC class II molecules (Fig. 3B, D), while
Module3 exhibited a distinct pro-inflammatory signature. ICAM1 and
SELE22, known for their roles in leukocyte adhesion, were identified as
central nodes within the Module3 network, which is functionally linked to
lipid metabolism and cell death regulation (Fig. 3B, D). Furthermore, the

expression of MHC class II molecules was predominantly enriched in E01-
veins-SELE and E02-veins-AQP1, aligning closely with the distribution of
ACKR1 (Fig. 3E; Supplementary Fig. 5D). E01-veins-SELE had the highest
score for MHC class II molecules (Fig. 3F; Supplementary Data 3). Endo-
thelial cells lacked the expressionof co-stimulatory receptors, indicating that
they function as semi-professional antigen-presenting cells participating in
immune modulation within atherosclerotic environments (Fig. 3F, G).
Taken together, hdWGCNA distinguished different gene expression
modules, which clustered within distinct endothelial cell types, each exhi-
biting a unique gene regulatory network.

Indications of the functional diversity of venous endothelial cells
Vascular endothelial dysfunction is characterized by impaired
endothelium-dependent vasodilation, increased oxidative stress, chronic
inflammation, enhanced leukocyte adhesion, hyperpermeability, and
endothelial cell senescence2. Adhesion molecules and chemokines mediate
leukocyte adhesion and direct migration23. To better understand the leu-
kocyte adhesion capacity, we investigated expression patterns of

Fig. 1 |H&Eand immunofluorescence (PECAM1/ACTA2) from the same carotid
plaque region in each patient (Patients 1–3). Representative images of human
carotid endarterectomy plaques from Qilu Hospital (Supplementary Table 2). For
each patient, H&E and immunofluorescence images of PECAM1 (red), ACTA2

(green), andDAPI (blue) were shown from the same plaque region on adjacent serial
sections. Scale bars: H&E overview image, 1 mm; merged and single-channel
immunofluorescence images for patients 1 and 2, 30 μm; H&E regional image and
enlarged immunofluorescence images for patient 3, 10 μm.
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Fig. 2 | Landscape of atherosclerosis vascular endothelial cells at single-cell
resolution. A Uniform manifold approximation and projection (UMAP) visuali-
zation displayed the major compartments of 17,367 VECs. B Dot plots and density
scatter plots illustrating the expression patterns of corresponding signature genes for
each cluster. The size of each dot indicates the proportion of cells expressing the
gene, and the color represents gene expression levels. C UMAP plots of vascular

endothelial cells across different cohorts. D Boxplots showing the number of vas-
cular endothelial cells across different cohorts. EHeatmap showing the distribution
of VECs subclusters across different cohorts based on the ratio of observed to
expected (Ro/e) scores. CaA Carotid artery, CoA Coronary artery, Ao Aorta.
F UMAP plots of all VECs subclusters within their major compartments.
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Fig. 3 | hdWGCNA reveals distinct differences among VECs subclusters.
AUMAP plots of three gene co-expressionmodules identified through hdWGCNA.
B Density scatter plots illustrating the expression patterns of corresponding sig-
nature genes for eachmodule.CThe correlation betweenmodules based on Pearson
correlation analysis (M1: Module1; M2: Module2; M3: Module3). Pearson corre-
lation coefficients (r) are represented by a color gradient, ranging from green

(negative correlation) to purple (positive correlation).DGO enrichment analysis of
each hdWGCNAmodule. For each non-graymodule, the hub geneswere testedwith
RunEnrichr (hdWGCNA). E Dot plots illustrating the expression patterns of MHC
class II signature genes for VEC subclusters. F Boxplots comparing the AUCell
scores of MHC class II among all VECs subclusters. Kruskal–Wallis test.
GFeatureplots showing the expression of co-stimulatorymoleculesCD80 andCD86.
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chemokines and adhesion molecules across VECs subclusters. E01-veins-
SELE exhibited the highest leukocyte adhesion capacity, followed by E10-
arteries-SULF1 (Fig. 4A). Notably, the E10-arteries-SULF1 showed high
expression of SELP, while E01-veins-SELE exhibited elevated levels of SELE,
ICAM1, and VCAM1, along with key chemokines CCL2, CXCL2, and
CXCL8, suggesting distinct roles in leukocyte recruitment and inflamma-
tory responses22 (Fig. 4A, B; Supplementary Data 3).

E01-veins-SELE represents a VenECs subcluster characterized by high
expression of ACKR1 and low expression of NR2F2. Immunofluorescence
staining revealed the existence of two distinct VenECs subclusters based on
ACKR1 and NR2F2 (Fig. 4C; Supplementary Fig. 4B). Interestingly, even
among ACKR1high cells, significant heterogeneity was observed, with E01-
veins-SELE emerging as the primary inflammatory cluster, whereas E02-
veins-AQP1 contributed to endothelial development and exhibited high
expression of TXNIP, which is essential for maintaining endothelial cell
function inmetabolic disorders24 (Fig. 4D, E; SupplementaryData 1). These
differential expression patterns provided insight into the distinct yet inter-
connected gene regulatory networks of theModule2 andModule3 (Fig. 3A;
Supplementary Fig. 5D). Moreover, ACKR1lowNR2F2high E03-veins-NR2F2
highly expressed PLAT (tissue-type plasminogen activator, tPA) and
POSTN (Fig. 4E). tPA plays a critical role in fibrin degradation25, suggesting
that E03-veins-NR2F2 was the subcluster involved in thrombus resolution
within the plaque microenvironment. GO enrichment revealed that E03-
veins-NR2F2 mainly were involved in wound healing (Fig. 4F; Supple-
mentaryData 1). E01-veins-SELEexhibitedNF-κBpathwayactivation,with
transcription factors EGR1 and ETS2 being upregulated (Fig. 4G, H). The
activation of EGR1 induces endothelial inflammation26, while ETS2 con-
tributes to atherosclerotic plaque destabilization by promoting an inflam-
matory endothelial cell phenotype27. VECTOR analysis further revealed
VenECs state trajectory, indicating that they acquire distinct inflammatory
and tissue repair characteristics over time (Fig. 4I).

These results highlighted the functional diversity of VenECs sub-
clusters with specialized roles in inflammation and tissue repair. While
ACKR1high cells exhibited high expression of MHC class II molecules, they
displayed two distinct subclusters in inflammatory responses. E02-veins-
AQP1 was more associated with endothelial homeostasis, whereas E01-
veins-SELE exhibited pro-inflammatory characteristics. Additionally, the
ACKR1lowNR2F2high E03-veins-NR2F2 played a role in wound healing and
could contribute to thrombus resolution through high expression of PLAT.

Angiogenesis in atherosclerotic plaque
Sprouting angiogenesis has been identified as the primary mechanism of
neovascularization in atherosclerosis28. To elucidate the key cellular clusters
and molecular mechanisms underlying intraplaque neovascularization, we
first assessed the sprouting capacity of endothelial cells by analyzing an
angiogenesis score. E05-capillaries-FLT1andE06-capillaries-PGFexhibited
higher angiogenic activity (Fig. 5A; Supplementary Data 3). The principal
regulatory receptors of vascular sprouting, VEGFR1 (encoded byFLT1) and
VEGFR2 (encoded by KDR)29, were predominantly expressed in E05-
capillaries-FLT1, underscoring their role in initiating angiogenesis (Fig. 5B).
In contrast, the E06-capillaries-PGF displayed elevated expression of a tip
cell marker, Apelin16 (encoded by APLN) (Supplementary Fig. 6A). To
reconstruct the trajectory of atherosclerosis-associated angiogenesis, we
designated the VEGFR1-high and VEGFR2-high expression region within
E05-capillaries-FLT1 as the root state, revealing two distinct differentiation
pathways of capillary endothelial cells (Fig. 5B; Supplementary Fig. 6B, C).
Trajectory 1 revealed the transition from stalk-like to tip-like capillary
endothelial cells (Fig. 5C,D). Based onTrajectory 1, we defined three critical
time points: (i) the lowest tip-cell score (St) (x = 5.68), (ii) the highest stalk-
cell score (Ss) (x = 7.35), and (iii) the transition point where St and Ss
intersect (x = 12.36).After timepoint (ii), the cellswereonly in theprocessof
transforming into tip cells and lost stalk cell characteristics. E05-capillaries-
FLT1 exhibited high expression of TGFBR2, while TGFBR1 remained at a
low expression level, emphasizing the initiating role of the TGF-β signaling
pathway in vascular sprouting30 (Fig. 5E; Supplementary Fig. 6D).

Conversely, the terminal cells of Trajectory 2 (E07) exhibited high expres-
sion of IGFBP5, an angiogenesis inhibitor31, along with TEK (also known as
Tie2), which is involved in angiogenic regulation and vascular stability
maintenance16,32 (Fig. 5E). These two distinct trajectories illustrated the fate
of CapECs, highlighting the intricate regulatory mechanisms governing
angiogenesis in atherosclerosis. We aimed to dissect the gene regulatory
network underlying capillary-like endothelial neovascularization through
Trajectory 1. Multiple vascular regulators, including PGF, ADM, APLN,
ANGPT2, THBS1, and PDGFB, orchestrated angiogenic processes33–38

(Fig. 5F). Endothelial-derived CXCL12 has been implicated in athero-
sclerosis progression, with its function varying depending on CXCR4
distribution39. In this study, we identified E08-arteries-CXCL12 as the pri-
mary endothelial cluster expressing CXCL12 (Supplementary Fig. 6E). Tip-
like endothelial cells predominantly expressed CXCR4 and could facilitate
angiogenesis by responding to CXCL1240 (Supplementary Fig. 6E). Fur-
thermore, extracellular matrix (ECM) components such as COL4A1,
COL4A2, LAMA4, LAMB1, and LAMC1, which contribute to cell adhesion
andmicroenvironmenthomeostasis,were upregulatedduring the transition
toward tip-like endothelial cells, facilitating dynamic ECM remodeling41

(Fig. 5F). SMAD1 and INHBB regulate angiogenesis through the BMP/
TGF-β signaling pathway and exhibit increased expression during tip-like
cell formation42 (Fig. 5F). Vimentin (encoded by VIM) could play a role in
regulating cell adhesion and facilitating endothelial sprouting43 (Fig. 5F).
FSCN1 regulates cytoskeletal reorganization, promoting filopodia forma-
tion and enhancing endothelial cellmigration44 (Fig. 5F).NOTCHsignaling
pathway was activated at the starting point and was reactivated during tip
cell formation, regulating angiogenesis and potentially preventing excessive
vascular growth45 (Fig. 5G). ENG, PIK3R3, and PLPP1 exhibited sustained
downregulation throughout this process, whereas RAMP2, RAMP3, and
CALCRL were upregulated early on, suggesting that adrenomedullin
(ADM) may play a crucial role in the initial stages of endothelial cell
transition34. Pathway enrichment analysis further revealed that E06-
capillaries-PGF exhibited activation of the MAPK, VEGF, WNT, and
hypoxia signaling pathways, while TGF-β signaling was predominantly
enriched in E05-capillaries-FLT1 (Fig. 5H).

Transcription factor analysis corroborated the involvement of known
angiogenesis regulators. HIF1A and HIF2A (encoded by EPAS1) exhibited
different expression patterns, while KLF2, a key factor in vascular stability,
demonstrated reduced expression during angiogenesis46 (Fig. 5I; Supple-
mentary Fig. 6F, G). ID147 was upregulated in the early stages, whereas
TCF448 was gradually activated in E06-capillaries-PGF (Fig. 5I; Supple-
mentary Fig. 6F, G). Although all these transcription factors contributed to
angiogenesis, they exhibited distinct expression patterns, reflecting their
specialized roles in endothelial cell dynamics. However, research on
TSC22D1 remained limited.

These results revealed themajor endothelial cell subclusters, with E05-
capillaries-FLT1 and E06-capillaries-PGF representing key populations
involved in sprouting angiogenesis, and highlighted how these subclusters
may interact through the CXCL12/CXCR4 axis.

Endothelial-to-mesenchymal transition
Endothelial-to-mesenchymal transition (EndMT) has been implicated in
the progression of atherosclerosis by contributing to endothelial
dysfunction49. Our previous study has also elucidated that PIM1 promotes
the progression of atherosclerosis by inducing endothelial-to-mesenchymal
transition14. To systematically characterize endothelial clusters undergoing
mesenchymal transition, endothelial cell marker genes and EndMT-
associated genes were integrated to compute RM/E scores (Methods).
Among the identified subclusters, E10-arteries-SULF1 and E11-EndMT
exhibited RM/E scores exceeding 1, indicating mesenchymal-like cells
(Fig. 6A; Supplementary Data 3). E11-EndMT, marked by high expression
ofACTA2,TAGLN, andMYH11, exhibited a distinct transcriptional profile
from E10-arteries-SULF1, which expressed high levels of FN1, BGN, ELN,
and COL8A1, highlighting the heterogeneity within mesenchymal-like
endothelial cell subclusters (Supplementary Fig. 7A). E10-arteries-SULF1
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Fig. 4 | The functional heterogeneity of venous endothelial cells. A Boxplots
comparing the AUCell scores of leukocyte adhesion molecules among VECs sub-
clusters. Kruskal–Wallis test. B Density scatter plots of adhesion molecules and
chemokines. C Representative immunofluorescence images of human carotid
endarterectomy plaques from Qilu Hospital (patient 4; Supplementary Table 2)
showing the expression and localization of ACKR1 and NR2F2. Nuclei were
counterstained with DAPI. Scale bars: 50 µm in the overview image; 25 µm (1, 2 and
3). D GO enrichment analysis of E01 and E02 subclusters. E Violin plots showing

gene expression patterns. The color represents gene expression levels. F GO
enrichment analysis of E03 subcluster. G Dot plots illustrating transcription factor
activity. The size of each dot indicates the proportion of cells with transcription
factor activity > 0, and the color represents the activity level score. H Heatmap
showing pathway activity using decoupleR. I The vector representation of devel-
opmental directions for cells in VenECs, by using VECTOR. The pseudotime order
of cells is shown by color (from red to blue).
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Fig. 5 | Angiogenesis in atherosclerotic plaques. ABoxplots comparing the AUCell
scores of sprouting angiogenesis among all VECs subclusters. Kruskal–Wallis test.
BDensity scatter plots of FLT1 andKDR, and aUMAP plot showing the pseudotime
trajectory calculated with Monocle3 in CapECs. The arrows indicate two distinct
developmental trajectories. C UMAP plots showing RT/S. D Cubic spline inter-
polation of SS, ST and RT/S across pseudotime with 95% confidence intervals.
E Density scatter plots of HIF1A, TGFBR2, TEK and IGFBP5. F, G Cubic spline

interpolation of gene expression across pseudotime with 95% confidence intervals.
H Heatmap showing pathway activity using decoupleR. I Dot plots illustrating
transcription factor activity. The size of each dot indicates the proportion of cells
with transcription factor activity > 0, and the color represents the activity level score.
Violin plots showing KLF2 expression patterns. The color represents gene expres-
sion levels.
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Fig. 6 | Endothelial-to-mesenchymal transition in atherosclerotic plaques.
A Boxplots comparing RM/E among all VECs subclusters. Kruskal–Wallis test.
B UMAP plots showing the pseudotime trajectory calculated with Monocle3 and
Slingshot in ArtECs. C Cubic spline interpolation of SM, SE and RM/E across pseu-
dotime with 95% confidence intervals. D Cubic spline interpolation of gene
expression across pseudotime with 95% confidence intervals. EViolin plots showing

gene expression patterns. The color represents gene expression levels. F Dot plots
illustrating transcription factor activity. The size of each dot indicates the proportion
of cells with transcription factor activity >0, and the color represents the activity level
score. Cubic spline interpolation of TFs expression across pseudotime with 95%
confidence intervals. TFs transcription factors. G GO enrichment analysis of E08,
E09 and E10 subclusters. H Heatmap showing pathway activity using decoupleR.
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was broadly distributed across multiple datasets (Fig. 2D), with SULF1+

VECs displaying the lowest correlation with other endothelial clusters50

(Supplementary Fig. 7B, C). It was identified as a key endothelial cluster
undergoing EndMT. ArtECs and the inflammatory endothelial subcluster
E01-veins-SELE were among the top-ranked clusters based on RM/E

(Fig. 6A). To further investigate the cell state trajectory of E10-arteries-
SULF1, pseudotime trajectory analysis was performed. E08-arteries-
CXCL12, the subcluster with the lowest RM/E in ArtECs, was selected as the
starting point. Monocle3 and Slingshot generated consistent trajectories,
identifying distinct cell state transitions (Fig. 6B). VECTOR analysis dis-
tinguished two cellular states, corresponding to the terminal states and
branching points identified by Monocle3 (Supplementary Fig. 7D). Fol-
lowing the transition tomesenchymal-like cells (RM/E = 1, x = 8.84, Point1),
the mesenchymal-like cell score peak was identified as the next key inflec-
tion point (x = 18.89, Point2), beyond which the expression of multiple
mesenchymal markers declined (Fig. 6C, D). Using Monocle3, gene
expression dynamics along the pseudotime trajectory were modeled,
revealing a progressive increase in mesenchymal marker expression
(S100A4, TAGLN, ELN, and BGN) during EndMT (pseudotime range:
0–8.84), while RAMP25, a homeostatic EC marker, and E08-arteries-
CXCL12 specific marker CXCL12 decreased, indicating a shift in cell state
(Fig. 6D; Supplementary Fig. 7E). The loss of RAMP2 promotes the tran-
sition to mesenchymal cells51. VIM displayed an intriguing expression
pattern (Supplementary Fig. 7F). Concurrently, several endothelial markers
(PECAM1, CDH5, VWF, and TEK) demonstrated significant down-
regulation after Point2, suggesting alterations in endothelial phenotypic
characteristics (Supplementary Fig. 7E). Interestingly, PECAM1 expression
increased prior to Point 1 (Supplementary Fig. 7E). Such upregulation of
PECAM1 has also been observed in in vitro experiments of EndMT52.

Further analysis revealed a marked increase in the expression ofMGP,
CLU, ITLN1, and TIMP1 (Fig. 6D). The role of high CLU expression in
endothelial cells remains to be fully elucidated, but reduced secretory
clusterin (encoded byCLU) could inhibit themigration ofHUVECs53.MGP
inhibits vascular calcification54, while ITLN1, an inhibitor of the TGF-β
pathway55, suggested a negative feedback mechanism. TIMP1, a matrix
metalloproteinase (MMP) inhibitor, prevents tissue collagen degradation56.
Differential gene expression analysis identified SRGN and GLUL as dyna-
mically regulated genes (Fig. 6E). SRGN, a shear-stress-responsive gene57,
was highly expressed in the E09-arteries-ENPP2 (Fig. 6E). Glutamine
synthetase (encoded by GLUL), involved in glutamine metabolism, lost
expression during the transition to mesenchymal-like cells (Fig. 6E).

Pathway and transcription factor analyses further delineated distinct
functional characteristics of ArtECs. SKIL, a negative regulator of TGF-β
signaling58, was enriched in E10-arteries-SULF1, whereasKLF2, a key factor
maintaining ECs stability59, was downregulated. Evidence that SOX17 was
functionally active in E08-arteries-CXCL12 was found, but its expression
declined as cells transitioned to a mesenchymal-like state (Fig. 6F). GO
enrichment analysis revealed that E08-arteries-CXCL12 exhibited high
expression of cytoskeletal regulation genes, whereas E09-arteries-ENPP2
showed enrichment for genes negatively regulating cellmigration, including
CLDN5, IGFBP3, IFITM1, DUSP1, MCTP1, IL33 and RHOB (Fig. 6G;
Supplementary Data 1). In contrast, LMO2, a regulatory factor of endo-
thelial cellmigration60, was significantly upregulated in E10-arteries-SULF1,
suggesting a higher migratory potential (Figs. 3D and 6F; Supplementary
Fig. 7G). Pathway scoring further indicated higher TGF-β signaling activity
in E10-arteries-SULF1, consistent with its role in EndMT progression
(Fig. 6H). Following SULF1 overexpression, the surface expression of the
endothelial marker CD14461 on HUVECs was reduced (Supplementary
Fig. 8A–C; Supplementary Data 4). Immunofluorescence revealed endo-
thelial cells characterized by SULF1 and PECAM1 expression in vasa
vasorum in the plaque (Supplementary Fig. 8D).

These findings collectively defined SULF1+ endothelial cells as a major
endothelial cluster undergoing EndMT within atherosclerotic plaques.
Multiple factors regulate this transition, and distinct gene expression

dynamics characterize the endothelial-to-mesenchymal transition process,
accompanied by the downregulation of endothelial-specific markers.

Discussion
In this study, we present a comprehensive single-cell transcriptomic atlas of
endothelial cells (ECs) within human atherosclerotic plaques, integrating
data from multiple vascular beds across diverse cohorts. We prioritized
datasets that (1) report unambiguous tissue origins directly relevant to
atherosclerosis, (2) feature well-defined cell types and high data quality
(Supplementary Fig. 1), enabling accurate identification of vasa
vasorum–related endothelial subclusters, and (3) are publicly available and
have been widely used in previous studies5,62,63. This cross-study integration
allows for a deeper analysis, uncovering biological patterns that might be
overlooked in single-cohort studies64. By systematically resolving endothe-
lial heterogeneity at single-cell resolution, we uncovered novel subclusters
with distinct transcriptional and functional characteristics, highlighting the
complex landscape of endothelial adaptation in the atherosclerotic
microenvironment.

Our work refined classification of vascular endothelial cells (VECs)
into arterial (ArtECs), venous (VenECs), and capillary-like (CapECs) sub-
types, further stratified into 11 unique subclusters. Among these,ACKR1high

endothelial cells were identified as venous-type ECs characterized by robust
expression of MHC class II molecules while lacking co-stimulatory signals,
suggesting a role as semi-professional antigen-presenting cells involved in
modulating local immune responses.Notably, substantial heterogeneitywas
observed within the ACKR1high cluster. The E01-veins-SELE subcluster
exhibited a strong pro-inflammatory profile, marked by high expression of
adhesion molecules such as SELE, ICAM1, and VCAM1, indicative of an
activated endothelium that promotes leukocyte recruitment. E03-veins-
NR2F2, exhibiting relatively low expression of ACKR1, demonstrated a
reparative phenotype characterized by upregulation of NR2F2 and PLAT.
Through high-dimensional weighted gene co-expression network analysis
(hdWGCNA),wedelineated three distinct regulatorymodules. Particularly,
Module3, enriched in SELE, ICAM1, and CXCL8, underpinned the
immune-activated signature of E01-veins-SELE, while Module1 was
dominant in ArtECs and associated with vessel morphogenesis and BMP
signaling.

Another finding is the dissection of angiogenic dynamics within
capillary-like endothelial cells. Trajectory analysis revealed two distinct
sprouting paths, driven respectively by VEGF signaling, and culminating in
either tip-cell differentiation or stabilization by angiogenesis inhibitors, such
as IGFBP5. The distinct activation of MAPK,WNT, and hypoxia pathways
in clusters E06 versus TGF-β signaling in E05 underscores the multifaceted
nature of neovascularization in plaques. Furthermore, the role of CXCL12/
CXCR4 signaling in guiding angiogenic endothelial migration adds an
additional layer of complexity to vascular remodeling.

We also identified SULF1+ VECs as a major subcluster undergoing
endothelial-to-mesenchymal transition (EndMT), a process strongly linked
to plaque progression and instability. SULF1 promotes EndMT by enhan-
cingTGF-β2 expression and signalingwhile simultaneously inhibitingFGF-
mediated anti-EndMT effects65–67. SULF1+ VECs have been found to be
associated with plaque vulnerability in patients with cerebrovascular
events50. Pseudotime analysis showed a sequential loss of endothelial
identity (e.g., VWF, PECAM1) and acquisition of mesenchymal markers
(e.g., ACTA2, TAGLN), alongside TGF-β pathway activation. Importantly,
the identification of intermediate phenotypic states and the upregulation of
negative feedback regulators (e.g., ITLN1) suggested that EndMT is a gra-
dual, reversible process, potentially offering new therapeutic intervention
windows.

Compared to previous studies focusing on bulk tissue or limited
endothelial subtypes, our study provides a systematic, multi-cohort, high-
resolution characterization of endothelial states in atherosclerosis. This
comprehensive landscape not only validates known features (e.g., EndMT,
inflammatory activation) but also reveals previously unrecognized
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regulatory modules and cellular subsets with distinct functional potential.
The use of integrative trajectory inference, co-expression network analysis,
and pseudotimemodeling further strengthens themechanistic insights into
endothelial dynamics.

There are several limitations to this study.The cross-sectional nature of
atherosclerotic plaque analysis restricts temporal resolution of endothelial
transitions. While integration across cohorts enhances generalizability,
inter-sample variability and technical artifacts may influence cluster reso-
lution. Future studies incorporating spatial transcriptomics and lineage
tracing in animalmodels will be critical to validate the developmental origin
and functional relevance of the identified clusters.

In conclusion, our findings underscore the phenotypic and functional
complexity of endothelial cells in atherosclerotic lesions. The identification of
distinct inflammatory, reparative, angiogenic, and mesenchymal-like sub-
clusters provides a new conceptual framework for understanding endothelial
plasticity and its contribution to plaque progression. These insights may pave
the way for the development of targeted therapies aimed at modulating
specific endothelial states to restore vascular homeostasis in atherosclerosis.

Methods
Carotid atherosclerotic plaque patients
This study received approval from the Ethics Committee of Qilu Hospital
(approval number KYLL-202111-037-1), and all participants provided
written informed consent before enrollment. Patients aged 18 years or older
who underwent carotid endarterectomy (CEA) for carotid artery stenosis or
occlusion due to atherosclerosis between December 2020 and January 2023
were included. Diagnoses were confirmed, and other causes were excluded
through Doppler ultrasound, computed tomography angiography (CTA),
magnetic resonance imaging (MRI) or magnetic resonance angiography
(MRA), and digital subtraction angiography (DSA). Clinical and demo-
graphic data were collected prior to CEA procedures. All ethical regulations
relevant to human research participants were followed. Detailed clinical
information for enrolled patients was provided in Supplementary Table 2.

Hematoxylin and eosin (H&E) staining
Carotid atherosclerotic plaque specimenswere obtained from adult patients
undergoing carotid endarterectomy at Qilu Hospital (December
2020–January 2023; Ethics Committee approval KYLL-202111-037-1, with
written informed consent). After excision, tissues were fixed in 4% paraf-
ormaldehyde for 24 h, paraffin-embedded, and sectioned at 5 µm. Sections
of carotid artery plaques were subjected to hematoxylin staining for 5min,
followed by rinsing with tap water until the nuclei appeared blue. Subse-
quently, eosin staining was performed for 3min. The stained slides were
then dehydrated through a graded ethanol series, cleared with an envir-
onmentally friendly clearing agent, and mounted using neutral balsam
(G8590, Solarbio). High-resolution images were acquired using the
WISLEAPScanning System (WISLEAPMedicalTechnologyCo., Ltd.), and
plaque areas were quantitatively analyzed using NDP.view software (ver-
sion 2.8.24).

Quality control and normalization of scRNA-seq sequencing
libraries
Publicly available single-cell transcriptomic datasets of human athero-
sclerotic plaques include GSE159677 for the dataset from Alsaigh et al.,
GSE131780 for the dataset from Wirka et al., Zenodo (https://zenodo.org/
record/6032099) for the dataset from Hu et al., GSE253903 for the dataset
from Bashore et al., and GSE155512 for the dataset from Pan et al. The raw
count matrices from each sequencing library across the five studies were
obtained from GEO and Zenodo (Supplementary Table 1), and standar-
dized processing was applied to all 38 sequencing libraries from 25 patients.
Data preprocessingwas conductedwithin theRprogramming environment
(v4.2.3) using Seurat68 (v4.4.0; https://github.com/satijalab/seurat). An
initial roundof clusteringwasperformedusingSCTransformnormalization
without filtering low-quality cells. To remove doublets, we employed the
scDblFinder R package (v1.12.0)69, which has demonstrated superior

accuracy compared to other available tools, as indicated by recent bench-
marking studies. Seurat objects were converted to SingleCellExperiment
format and used as input for artificial doublet generation via scDblFinder’s
cluster-based modality. This approach constructs a k-nearest-neighbors
graph incorporating both real cells and artificial doublets, estimating the
density of doublets within each cell’s neighborhood. Given the inherent
variability in artificial doublet generation across different runs, we retained
only consensus doublets identified in three independent iterations before
eliminating the corresponding cell barcodes from the raw count matrices.

Tomitigate the impact of ambient RNA contamination, a known issue
in 10× Genomics protocols that can distort clustering and gene marker
identification, DecontX from the celda R package (v1.6.1)70 was applied to
doublet-filtered raw count matrices under default parameters. The decon-
taminated count matrices generated by DecontX were then incorporated
into Seurat objects. Quality control thresholds were subsequently applied to
retain high-quality cells, defined as those with (1) between 200 and 4000
uniquely expressed genes, (2) between 200 and 20,000 unique molecular
identifiers (UMIs), (3) ≤10% of total reads mapped to the mitochondrial
genome, an indicator of compromised cellmembrane integrity, and (4)≤5%
of total reads mapping to hemoglobin genes.

Following quality control, the raw count matrices were normalized
using SCTransform. This normalization strategy has been demonstrated to
enhance variable gene selection, dimensionality reduction, and differential
expression analysis. To minimize clustering artifacts related to cell cycle
effects, variance associated with cell cycle states was regressed out during
SCTransform normalization. Dimensionality reduction was then per-
formedusingprincipal component analysis (PCA), and thefirst 30principal
components (PCs) were used for clustering via the shared-nearest-neighbor
(SNN) graph and Louvain community detection algorithm in Seurat.
Uniform Manifold Approximation and Projection (UMAP) was subse-
quently applied to visualize clustering results in a lower-dimensional space.
The processed data matrices were ultimately stored as Seurat objects for
subsequent batch correction. Gene expression density distributions were
estimated using the Nebulosa71 package.

Data integration and batch correction
We implemented three integration methods: rPCA (v4.4.0), Harmony
(v1.0)6, and scVI (v1.2.0)72,73 to harmonize single-cell transcriptomic data.
For Harmony integration, highly variable genes were identified and utilized
for PCA-based dimensionality reduction, followed by batch correction
using RunHarmony, with the corrected embeddings applied for clustering
and visualization. In rPCA integration, PCA was independently performed
on each library using 3000 highly variable genes, followed by
dataset alignment via FindIntegrationAnchors, and subsequent clustering
and UMAP visualization. For scVI integration, 3000 highly variable genes
were selected per library, and batch correction was performed using a two-
layer scVI model with a 30-dimensional latent space, generating a harmo-
nized embedding for downstream analysis. To assess integration perfor-
mance, we employed integration local inverse Simpson’s index (iLISI) and
cluster average silhouette widths (cASW).

iLISI score
We quantified the integration by calculating the integration local inverse
Simpson’s index (iLISI) using the compute_lisi function in the R package
LISI, which reflected the effective number of datasets in a cell’s neighbor-
hood. Higher iLISI values indicated that neighborhoods were supplied by
more datasets, resulting in a lower batch effect.

Cluster average silhouette widths
Silhouette coefficients are commonly used to evaluate the effectiveness and
coherence of clustering results5. Under the assumption that each cluster
represents a distinct cell type or subtype, we employed cASW to assess the
biological conservationof clusters across different data integrationmethods,
including rPCA, Harmony, and scVI. To compute cASW values, we
extracted principal component analysis (PCA) embeddings from Seurat
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objects processed with rPCA and Harmony, retaining the first 30 principal
components (PCs). For scVI, instead of PCA-based embeddings,we utilized
the latent space representations with n_latent = 30 (reduction = “scvi”) as
thedefault dimension,whichprovides anonlinear representationof thedata
while mitigating batch effects. Using these embeddings, we constructed a
Euclidean distance matrix via the stats R package. Cluster identities for
individual cells were determined using FindNeighbors and FindClusters
functions in Seurat, exploring a clustering resolution range from0.1 to 1.5 in
increments of 0.2. Across all tested resolutions, rPCA consistently achieved
the highest cASW values (Supplementary Fig. 3D), suggesting that it better
preserved the biological integrity of clusters compared to other integration
methods.

For the annotation of endothelial cells, we selected 15 principal com-
ponents (PCs) for computing silhouette widths to determine the optimal
clustering resolution. These refined clusters were subsequently utilized for
downstream analyses (Supplementary Fig. 3E).

Cell trajectory inference
To enhance the reliability of cell trajectory analysis, Monocle3, Slingshot,
andVectorwere employed, enabling cross-validation of inferred trajectories
acrossmultiple computational approaches.Wefinally usedMonocle3 as the
main method to infer gene expression changes over time.

Transcription factor and pathway activity using decoupleR
Transcription factor and pathway information were obtained separately
using get_collectri and get_progeny (organism = ‘human’, top = 500),
respectively74. Subsequently, transcription factor and pathway activities
were assessed using run_ulm.When evaluating the activity of transcription
factors in different subgroups, it is important to consider the expression
levels of transcription factors. By intersecting with differentially expressed
genes, the key differential transcription factors can ultimately be identified.

hdWGCNA analysis
Gene co-expression network analysis of vascular endothelial cell popula-
tions was performed using the hdWGCNA package (v0.4.0)21. To mitigate
the sparsity inherent in single-cell transcriptomic data, hdWGCNA
aggregates transcriptionally similar cells into metacells prior to network
construction. A signed gene–gene adjacency matrix is then computed,
which is subsequently transformed into a topological overlapmatrix (TOM)
to quantify network connectivity. Gene modules are identified through
hierarchical clustering using the Dynamic Tree Cut algorithm and are
summarized by module eigengenes (MEs), derived via singular value
decomposition (SVD). After preparing the Seurat object for WGCNA,
metacells were generated using the following parameters: k = 10,
assay = ‘SCT’, max_shared = 5, min_cells = 300, reduction = ‘umap’, and
slot = ‘data’. Metacells were constructed by pooling only cells of the same
type within the same sample. The ConstructNetwork function was then
applied to build the co-expression network, using a soft-power threshold of
12. GO enrichment analysis for each module was performed using
RunEnrichr.

Characterization of CapECs phenotypes
CapECs phenotypes were characterized by calculating tip-like (ST) and
stalk-like (SS) scores using AUCell based on curated tip and stalk gene
signatures16. RT/S was defined as (ST+ 1) / (SS+ 1) and used to classify
CapECs as tip-like cells or stalk-like cells16.

Description of endothelial-to-mesenchymal transition
We first compiled gene signatures to define vascular endothelial cells
(VECs) and mesenchymal cells derived from VECs49,75–80. The curated
endothelial cell markers included PECAM1, CDH5, VWF, COL4A1,
COL4A2, KDR, FLT1, ESM1, TEK, KRT18, TJP1 and TJP2, while the
mesenchymal cell markers consisted of S100A4, FAP, TAGLN, ACTA2,
VIM, MYH11, SMTN, CDH2, FN1, PDGFRA, COL1A1, COL1A2, SNAI1,
SNAI2, BGN, ELN, CCN1, FBLN5, COL8A1, and COL3A1.

To quantitatively assess the extent of endothelial and EndMT pheno-
types, we applied a gene set enrichment-based supervised classification
method using the AUCell18 package in R, calculating both the endothelial
score (SE) and mesenchymal score (SM). We then determined the ratio as
RM/E = (SM+ 1) / (SE+ 1), where VECs with RM/E > 1 were classified as
mesenchymal-like cells.

Cell culture and overexpression
HumanUmbilicalVeinEndothelialCells (HUVECs)were provided as a gift
from theDepartment of Cardiology, QiluHospital of ShandongUniversity,
and cultured at 37 °C in 5% CO2 in Endothelial Cell Medium (Catalog No.
1001, Science Cell) supplemented with 15% fetal bovine serum (FBS)
(Catalog No. 0025, Science Cell), 1% Endothelial Cell Growth Supplement
(ECGS, Catalog No. 1052, Science Cell), and 1% penicillin/streptomycin
solution (P/S, CatalogNo. 0503, Science Cell). For transient overexpression,
HUVECs were seeded in antibiotic-free complete endothelial medium at
60-70%confluenceonedaybefore transfection.Cellswere transfectedwith a
human SULF1 expression plasmid (Homo-SULF1-NM_015170.3-FLAG-
C in PCMV; empty vector as control) using Lipofectamine 3000 and P3000
reagent (Thermo Fisher Scientific, Cat. L3000008) according to the man-
ufacturer’s protocol.

Flow cytometric staining for CD144
48 hours post-transfection, cells were collected, washed, and resuspended in
PBS+ 2% FBS. Surface staining was performed with anti-CD144-APC
(APC-FcA98071; clone 240755B2; Proteintech, 1:20) for 20–30min at 4 °C
in the dark. After three PBS washes, unfixed cells were analyzed by flow
cytometry (APC channel; excitation ~633–640 nm, emission collected
~660 nm). Live singlets were gated; the CD144⁺ gate was defined using an
FMO control, single-stain controls were used for compensation, and the
isotype control verified specificity. At least 10,000 events per sample were
acquired with fixed PMT voltages, and data were analyzed in NovoExpress.

Immunofluorescence
For immunofluorescence staining of tissue sections, paraffin-embedded
sections were first incubated at 70 °C for 30minutes, followed by depar-
affinization in xylene and rehydration through a graded ethanol series. After
air drying, sections were rinsed three times with PBS. Antigen retrieval was
performed using EDTA Antigen Retrieval Solution (P0085, Beyotime) at
95 °C for 30min, after which the slides were allowed to cool to room tem-
perature for 1 h. Sections were then treated with 3% hydrogen peroxide
(H₂O₂) for 10min to block endogenous peroxidase activity and subse-
quently incubated in blocking buffer (0.5%TritonX-100, 1%BSA, and 10%
donkey serum) for 30min at room temperature. Primary antibodies were
applied and incubated overnight at 4 °C, followed by incubation with
appropriate secondary antibodies.Details of theprimary antibodies used are
listed in Supplementary Table 3.

Distribution of clusters
To identify vascular cell clusters that are commonly shared across different
studies, we computed the ratio of observed to expected (Ro/e) for each
vascular cluster within each study81. The chi-square test was used to
determine the predicted cell numbers for each combination of clusters and
studies.

Functional enrichment analysis
The top 50 genes with p-values < 0.05 were selected and subjected to Gene
Ontology (GO) functional annotation analysis. When fewer than 50 genes
met the threshold, all available genes were used. GO enrichment analyses
were performed using the clusterProfiler R package (version 4.6.2)82.

Definition of signature gene sets
To evaluate the functional divergence among different vascular endothelial
cell subclusters, we defined two functional signature gene sets: sprouting
angiogenesis (http://amigo.geneontology.org/amigo/term/GO:0002040)
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and leukocyte adhesion (ICAM1, ICAM2,VCAM1, SELE, SELP,PECAM1).
Functional activity scores of these gene sets were calculated using the
AUCell18.Differenceswere assessedusing theKruskal–Wallis test. Todefine
and annotate endothelial cell clusters (Supplementary Fig. 3F), we utilized a
reference from Travaglini et al.83, which is available for download from the
GSEA database (https://www.gsea-msigdb.org/gsea/).

Statistics and reproducibility
Cell marker genes were identified using the FindAllMarkers function in
Seurat, using the Wilcoxon rank-sum test for statistical analysis and the
Benjamini–Hochberg method for p-value correction. For comparisons of
AUCell scores or RM/E values among multiple VECs subclusters, the
Kruskal–Wallis test was used. For flow-cytometry analysis, CD144-positive
cell percentages were compared using an unpaired Welch’s t test.

Data availability
All datasets generated during this study are publicly available (Supple-
mentary Table 1). The numerical source data are provided in Supplemen-
tary Data 1-4.

Code availability
The data analysis code used in the study is available on GitHub at https://
github.com/zhao-wy-6688/ECs_athero_atlas and has been archived in
Zenodo at https://doi.org/10.5281/zenodo.1923372684.
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