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Editorial on the Research Topic
Single-cell OMICs analyses in cardiovascular diseases

Single-cell technologies have revolutionized the understanding of biological and
pathological processes. They are now the driving force of cellular profiling across
cardiovascular diseases (CVD) (1-5). They have enabled analysis of cellular
composition with tissues and cell cultures, revealing the subtle nuances of heterogeneity
among cell types and uncovering the dynamic changes in communication and signaling
patterns triggered by disease.

Various omics modalities data can be generated now at single-cell resolution including
joint and concomitant assays such as single cell RNA-sequencing (scRNA-seq) and single
nucleus RNA-seq (snRNA-seq) for transcriptomics profiling, single cell assay for
transposase-accessible chromatin with sequencing (scATAC-seq) for cell type specific
profiling of epigenetic, and in turn, regulatory landscape, and cellular indexing of
transcriptomes and epitopes-seq (CITE-seq) for profiling the surface proteins on
different cell types. Recent advances, including spatial transcriptomics and single cell
proteomics (6, 7) have allowed us to spatially resolve cell subtypes in active areas of
disease tissues. These multiomics data types allow us to develop novel computational
and bioinformatics methods to obtain a multidimensional view of the disease to
uncover mechanisms, explain etiologies, and discover biomarkers. Single-cell data
analysis tools such as Seurat (8, 9), and SingleCellExperiment (10) have democratized
the capability of single cell analysis by beckoning researchers of all backgrounds to
embark on a journey of exploration, regardless of their level of bioinformatics expertise.
Applications such as SCHNAPPs have also enabled bench scientists to perform basic
single cell analyses (11).

Understanding the impact of single cell research on CVD, including vascular and heart
valve diseases, is crucial as it allows us to evaluate advancements in the field. Specific cells
such as immune cells as well as cell-cell communication play a significant role in disease
pathogenesis. Identifying unique cell types (cell subpopulations) and their behavior in the
diseased tissue can elucidate their role in altering tissue structure and function.
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In this special research topic, we intended to create a forum for
current advances in single-cell techniques applied to cardiovascular
disease areas. We invited articles on single cell technique and
methods development, probing cellular heterogeneity, modern
laboratory and in silico techniques, and its application to various
vascular and valvular diseases. We received 18 submissions, out
of which we selected 10 high quality peer reviewed articles for
our collections. Below, we provide a brief overview of articles in
this collection.

The systematic review conducted according to PRISMA
standards from McQueen et al. provides us with extensive
overview of the current state of single-cell research in
cardiovascular medicine. Using proper exclusion and inclusion
criterion, addressing the risk of bias analyses using tools, they
provide a narrative synthesis of 34 articles (out of 791). They
provide a comprehensive review of studies which include various
single cell omics modalities such as scRNA-seq, scATAC-seq,
CITE-seq, or combination thereof. They also include cell-type-
specific discussions of the progress done in the research in
cardiovascular  diseases including, smooth muscle cells,
macrophages, endothelial cells, and lymphocytes. Results from
tissue and blood-specific analyses which included atherosclerotic
lesions, cardiac and adventitial tissues, and blood, are also
summarized to provide the reader important processes involved
in atherosclerosis development and progression. Hu et al. review
recent advances in scRNA-seq technology along with comparison
of various gene amplification methods. They also discuss some of
the standard workflow associated with single cell studies applied
in CVD medicine. Su et al. present a focused review on role of
diversity and abundance of immune cells such as macrophages,
dendritic cells, and T cells, in cardiac homeostasis and effect of
their infiltration on the diseased areas. They focus on immune
heterogeneity in atherosclerosis, myocardial ischemia, and heart
failure along with suggesting potentially new marker genes.

Li et al. continue the discussion on heart failure using the role
of, relatively little explored, neutrophile extracellular traps (NET).
Using conventional bioinformatic analysis on bulk and single cell
RNA-seq datasets, they identify differentially expressed NET-
related genes followed by neutrophile cell heterogeneity in heart
failure and normal cardiac tissues followed by cellular
identifying
biomarkers associated with NETs in heart failure. Zhang et al.

differentiation ~and  communication  analyses
study myocardial infarction (MI) using public datasets and
standard bioinformatics pipeline to identify ILIB and TLR2 as
differentially expressed genes (DEGs) with most neighbors in
protein-protein interaction network (PPI) in MI. While their
findings provide valuable insights, there is a need for cautious
interpretation due to the limitations inherent in the utilization of
public datasets. Additionally, several seminal scRNA-seq studies
highlighted the importance of sexual differences at the cell level
in CVD. Marrero et al. study on sexual differences in peripheral
artery disease (PAD) etiology utilizing scRNA-seq data. Mizrak
et al. (12) using spatial transcriptomics uncovered male-specific
smooth muscle cells subpopulation playing a key role in human
thoracic aortic aneurysm. SCRNA-seq data from Shin et al. (13)
in endothelial cells

allow to delineate the sex-difference
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characteristics and function providing new clues about
atherosclerotic diseases. These studies show that inclusion of
biological sex in a proper experimental design (14) is of utmost
importance to consider representativeness of the sample
population and potential confounding variables.

Autoimmune conditions like cardiac and pulmonary sarcoidosis
(CS/PS) are understudied yet potentially impactful on cardiovascular
health. Daoud et al. conducted a systematic review using single-cell
RNA-seq datasets to investigate PS and CS. They found increased
immune cells and stromal populations in sarcoidosis tissues
compared to controls, with sarcoidosis T cells and macrophages
showing attenuated activation profiles. Abdominal aortic aneurysm
(AAA) involves complex immune cell interactions and may exhibit
autoimmune characteristics. Elster et al. studied the clonal expansion
of T cells and B cells in AAA tissue using sc-RNA T cell receptor
(TCR) and B cell receptor (BCR) sequencing using porcine
pancreatic elastase mouse model. Wu et al. investigated macrophage
regulation in AAA using scRNA-seq datasets from mouse models
and humans. They identified IL-1B and THBS1 as co-upregulated
genes across datasets, highlighting the complex immune involvement
in AAA. Similarly, thoracic arch aneurysm (TAA), linked to bicuspid
aortic valves (BAV), was investigated by Liu et al,, revealing potential
therapeutic genes. These studies enhance our grasp of aortic
aneurysm pathophysiology, urging further investigation for improved
cardiovascular disease management.

To summarize, the emergence of single-cell technologies has
completely transformed our comprehension of cellular dynamics
within cardiovascular disorders, notably in dissecting the intricate
cellular compositions, diversities, and signaling modifications
associated with diseases such as heart valve diseases and
atherosclerosis. Through thorough assessments and leading-edge
investigations, researchers have elucidated the presence and
functions of diverse vascular and immune cell populations, indicated
novel biomarkers, and underlined the molecular pathways
influencing disease progression. These studies now complemented
with spatial transcriptomics indicate the need of development of
sophisticated bioinformatics tools for the integration of multiomics
methodologies, which are needed to unravel the intricate
complexities of cardiovascular pathophysiology, that will open

avenues for targeted treatments and enhanced patient outcomes.
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Next-Generation and Single-Cell
Sequencing Approaches to Study
Atherosclerosis and Vascular
Inflammation Pathophysiology: A
Systematic Review

Liam W. McQueen ™, Shameem S. Ladak’, Riccardo Abbasciano’, Sarah J. George?,
M-Saadeh Suleiman?, Gianni D. Angelini?, Gavin J. Murphy' and Mustafa Zakkar'

" Department of Cardiovascular Sciences, Clinical Science Wing, Glenfield Hospital, University of Leicester, Leicester,
United Kingdom, 2 Bristol Heart Institute and Translational Biomedical Research Centre, Bristol Medical School, Bristol Royal
Infirmary, University of Bristol, Bristol, United Kingdom

Background and Aims: Atherosclerosis is a chronic inflammatory disease that remains
the leading cause of morbidity and mortality worldwide. Despite decades of research into
the development and progression of this disease, current management and treatment
approaches remain unsatisfactory and further studies are required to understand the
exact pathophysiology. This review aims to provide a comprehensive assessment
of currently published data utilizing single-cell and next-generation sequencing
techniques to identify key cellular and molecular contributions to atherosclerosis and
vascular inflammation.

Methods: Electronic searches of Cochrane Central Register of Controlled Trials,
MEDLINE, and EMBASE databases were undertaken from inception until February 2022,
A narrative synthesis of all included studies was performed for all included studies. Quality
assessment and risk of bias analysis was evaluated using the ARRIVE and SYRCLE
checklist tools.

Results: Thirty-four studies were eligible for narrative synthesis, with 16 articles utilizing
single-cell exclusively, 10 utilizing next-generation sequencing and 8 using a combination
of these approaches. Studies investigated numerous targets, ranging from exploratory
tissue and plaque analysis, cell phenotype investigation and physiological/hemodynamic
contributions to disease progression at both the single-cell and whole genome level.
A significant area of focus was placed on smooth muscle cell, macrophage, and
stem/progenitor contributions to disease, with little focus placed on contributions of other
cell types including lymphocytes and endothelial cells. A significant level of heterogeneity
exists in the outcomes from single-cell sequencing of similar samples, leading to
inter-sample and inter-study variation.

Conclusions: Single-cell and next-generation sequencing methodologies offer novel
means of elucidating atherosclerosis with significantly higher resolution than previous
methodologies. These approaches also show significant potential for translatability
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into other vascular disease states, by facilitating cell-specific gene expression profiles
between disease states. Implementation of these technologies may offer novel
approaches to understanding the disease pathophysiology and improving disease

prevention, management, and treatment.

Systematic Review

Registration: https://www.crd.york.ac.uk/prospero/

display_record.php?ID=CRD42021229960, identifier: CRD42021229960.

Keywords: vascular inflammation,

systematic review

INTRODUCTION

Atherosclerosis of the arteries remains the leading cause of
morbidity and mortality worldwide (1, 2). Several risk factors
such as hyperlipidemia, smoking, hypertension and diabetes have
been implicated in facilitating atherogenesis through activation
of the inflammasome (3). LDL accumulated in sub-endothelial
areas of arterial bends and branches can be oxidized (oxLDL),
activating endothelial cells (ECs), and initiating the recruitment
of monocytes. These monocytes subsequently differentiate into
macrophages and endocytose oxLDL, which accumulates in
these cells leading to foam cell formation. Foam cells cannot
process oxLDL and can rupture if large amounts accumulate
inside them. This can lead to the deposition of more oxLDL
into the artery wall triggering more inflammatory reactions
and thus completing a vicious cycle (4, 5). EC activation
by modified lipids can induce the expression of adhesion
molecules, chemokines, and cytokines leading to monocytes
recruitment from the blood stream which is a key event in
the development of atherosclerosis (6). Several genetic deletion
studies have demonstrated that inflammation is required for
lesion formation. Moreover, vascular inflammation can also
contribute to the development of thrombotic complications of
atheroma as activated macrophages can produce proteolytic
enzymes that degrade collagen and thereby alter the structure of
the fibrous cap (7-9).

Over the years, many methods have been established to study
the development and progression of vascular inflammation and
atherosclerosis. The recent development and utilization of next-
generation and single-cell sequencing techniques are additional
tools that will improve our understanding of complex diseases
including atherosclerosis progression (10, 11).

This review aims to provide a narrative synthesis of published
literature that utilize single-cell and next-generation sequencing
methodologies to explore key molecular and cellular targets
related to atherosclerosis and vascular inflammation onset and
progression, as well as determining the broader utility and
translatability of these methodologies.

METHODS

This systematic review was performed following guidance from
the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) statement standard (12). A study protocol
was designed which conformed to the PRISMA protocol standard

atherosclerosis, single-cell sequencing, next-generation sequencing,

(13) and was registered at the International Prospective Register
of Systematic Reviews (14).

Study Eligibility

The inclusion criteria were: (1) Any studies utilizing single-
cell and/or next-generation sequencing methodologies to study
vascular inflammation, atherosclerosis, or both; (2) Human or
animal subjects demonstrating atherosclerosis and/or vascular
inflammation (all species, all sexes); and (3) All study models (in
vivo, in vitro, and ex vivo).

Exclusion criteria included: (1) No implementation of
single-cell and/or next-generation sequencing methodologies;
(2) Aortic, transplant, or neurological inflammation and/or
atherosclerosis; (3) Vasculitis or other vascular conditions;
(4) Genome-wide association studies or meta-analysis studies;
and (5) Subjects with co-morbidities or non-healthy control
conditions (6); Conference and meeting abstracts, case reports
and literature reviews; (7) Studies not published in English.

Data Sources and Search Strategy
Electronic searches were conducted using the Cochrane Central
Register of Controlled Trials, MEDLINE, and EMBASE without
date or language restriction from inception until February
2022. The search strategy employed to determine studies of
relevance utilized combinations of keywords such as “scRNA-
seq, “single-cell sequencing,” “next-generation sequencing,’
“vascular inflammation;,” “vasculitis,” “atherosclerosis,” and
“arteriosclerosis.” A full description of the search terms is listed
in the Supplementary Materials. In addition, the reference
lists of all retrieved articles were hand searched for further
relevant studies not previously identified. Only papers that were
published in English were considered for subsequent analysis.
References from selected papers were additionally scanned for
relevant articles to ensure the literature search was thorough.
Reviewers L.W.M and R.A. performed the database searches.
Search results were imported into the Rayyan QCRI web
app (15), and duplicates were identified and removed. To
select relevant papers identified by the electronic search, papers
were assessed initially by their title, then by analysis of their
abstracts. Reviewers L.W.M., S.L. and M.Z performed this stage
independently. Studies not excluded after this stage were then
examined in full to assess their relevance. All authors then
validated the final selected papers, and any discrepancies will be
resolved by discussion.

Frontiers in Cardiovascular Medicine | www.frontiersin.org

March 2022 | Volume 9 | Article 849675


https://www.crd.york.ac.uk/prospero/display_record.php?ID=CRD42021229960
https://www.crd.york.ac.uk/prospero/display_record.php?ID=CRD42021229960
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org
https://www.frontiersin.org/journals/cardiovascular-medicine#articles

McQueen et al.

Sequencing Approaches to Atherosclerosis Research

o
s
= Records identified through database Additional records identified through other
i searching (n =791) sources (n = 0)
£
e
o
)
— Records after duplicates removed
(n=679)
o
=
&
o v
@
Records screened g Records excluded
(n=578) d (n =499)
—
S
\4
2 Full-text articles assessed for Full-text articles excluded, with
E eligibility (n = 79) reasons
= (n=44)
i
Review article = 15
Re-publication of the same
-/
study =3
Paper/ Conference abstract
only =11
No direct application of
- Studies included i litati sequencing methodology = 5
3 tudies |r1tf1u '© |n_q13.|: itative Wrong disease model = 8
3 synthesis (n = 34) Genetic/ familial study = 3
2
- 7
FIGURE 1 | Summary of electronic literature search protocol. PRISMA flowchart detailing process of systematic literature searching, screening and selection
(n = number of studies).

Data Extraction

A standardized form was developed to extract data from the
included studies for assessment of study quality and evidence
synthesis. This form was tabulated using Microsoft Excel
2016 (Microsoft, Redmond, Washington). Data extraction first
considered data from figures, tables and graphs (using digital
ruler software where appropriate), followed by data extraction
from the main text. Data extracted to the standardized form
were categorized under the following headings: author, title,
year, journal, research aims and objectives, subjects examined,
cell type examined, sequencing method, research methodology,
and key findings. Author L.W.M. performed data extraction,
all authors validated the findings, and any discrepancies were
resolved by discussion.

Study Outcomes

The primary outcome measure was to determine the
contributions of single-cell and/or next-generation sequencing
techniques in the field of atherosclerosis and/or vascular
inflammation development and progression. The secondary
outcome measure was to determine the utility and translatability

of these findings and sequencing methodologies to other related
vascular disease research.

Bias and Quality Assessment

Quality of included studies was assessed using the ARRIVE
guidelines checklist (16). For assessment of the risk of bias,
SYRCLE, a modified version of the Cochrane Risk of Bias tool
specifically for animal intervention studies, was utilized (17).
Following data extraction, author L.W.M. performed quality
and risk of bias assessment. Any discrepancies were resolved by
discussion between all authors.

Data Synthesis

A narrative synthesis of all included studies was performed, with
all relevant data tabulated where appropriate. For all outcomes,
data was extracted in text format, or as mean =+ standard
deviation for numerical values. Where applicable, continuous
variables were summarized with standardized mean difference,
and dichotomous data was summarized with risk and odd ratios.
Where relevant data was missing, authors were contacted (where
possible); otherwise, data was presented as described in the article
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or Supplementary Material. Given the anticipated diversity of
outcome measures, limited scope for statistical analysis was
expected and as such, meta-analysis was not undertaken.

RESULTS

A total of 791 articles were identified by the search strategy, 679
following the removal of duplicates, which were then screened
against the inclusion/exclusion criteria. Of these papers, only 34
were eligible for final synthesis (Figure 1). A summary of the
characteristics of all included studies are reported in Table 1.

Studies using single-cell and/or next-generation sequencing to
explore atherosclerosis and/or vascular inflammation appeared
as early as 2012, however, there was an upsurge in the prevalence
of these studies starting in 2017 (Figure 2A). The most employed
sequencing methodology in these studies is single-cell sequencing
(n = 23), which was first utilized in 2017 and features more
frequently in subsequent years. Comparatively, next-generation
sequencing was utilized less frequently (n 12), with no
significant trend in its use over time. A total of 10 articles utilized
a combination of sequencing methods, with some articles using
chromatin immunoprecipitation sequencing (ChIP-Seq) (n = 4),
microRNA sequencing (n = 4), assay for transposase-accessible
chromatin sequencing (ATAC-Seq) (n = 2) and cellular indexing
of transcriptomes and epitopes sequencing (CITE-Seq) (n = 1)
(Figure 2B). The most commonly studies cell types were smooth
muscle cells (SMCs) (n = 10), followed by macrophages (n =
6) and stem/progenitor cells (n = 5), although these techniques
are also applied more broadly to investigate the cellular and
molecular characteristics of tissue, atherosclerotic plaque, and
blood samples (Figure 2C). Interestingly, there appears to be
a trend in the types of cells studied over time, with focus on
smooth muscle cells almost tripling in prevalence from 2019
(n = 2) to 2021 (n = 5), whilst focus on macrophages has
been consistent for a longer period (2017-2022), but at a lower
prevalence (Figure 2D). All included studies were published in
journals with impact factor >4, with the vast majority appearing
in the publications Circulation and Circulation Research (n = 10)
(Figure 2E).

Cell-Specific Sequencing

Smooth Muscle Cells

Ten articles (20, 27, 28, 31, 37, 41, 45-47, 50) addressed the role of
SMCs in atherosclerosis and vascular inflammation. Four of these
articles (20, 45, 46, 50) utilized single-cell sequencing exclusively,
one (31) utilized next-generation RNA sequencing exclusively,
one (47) utilized next-generation micro-RNA sequencing, and
the remaining four (27, 28, 37, 41) utilized a combination of
these methodologies, including the use of ChIP-Seq (27, 28, 37),
ATAC-Seq (28) and CITE-Seq (27).

Pan et al. (20) identified a novel transient cell state in
mouse models related to SMC phenotypic switching using
single-cell sequencing, which exhibited upregulation of markers
Ly6A, VCAMI, and Ly6ClI, attributed to stem, endothelial and
mesenchymal cells respectively, accompanied by loss of SMC-
specific markers. These cells, termed SEM cells, were the result of
transdifferentiation of SMCs. lineage analysis revealed potential

for SEMs to differentiate back to an SMC phenotype, or into a
“fibrochondrocyte” or macrophage-like cell. Additionally, these
cells did not exhibit traditional mesenchymal markers, suggesting
a unique SMC-derived cell state, and this unique state was shown
to exist in human atherosclerotic lesions.

Wirka et al. (27) undertook single-cell sequencing of SMC-
specific lineage-traced mice to determine the fate of SMCs
at baseline and after high-fat diet. Sequencing of aortic root
atherosclerotic plaques revealed two SMC clusters with distinct
gene expression profiles which become less defined as the disease
progressed. This second, modulated cluster expressed markers
of SMC differentiation such as CNNI, FNI, and COLIAI,
and appeared to be more closely related to a fibroblast-like
phenotype with expression of markers decorin and biglycan.
These cells, termed fibromyocytes (FMCs), were localized to
vessel medias, suggesting phenotypic switching occurs prior to
migration into the plaque, and FMCs appeared to be absent
of any markers associated with macrophages suggesting FMCs
exist as a discrete species. The TCF21 gene was shown to exert
control over the fate of SMC phenotypes, with upregulation in
progressive atherosclerotic burden, and association with GWAS
data suggesting TCF21 action on SMC phenotype modulation
toward an FMC phenotype has an atheroprotective role.

Kim et al. (28), utilizing an established SMC-specific lineage-
traced mice models (27), performed single-cell sequencing of
atherosclerotic aortic root tissue to identify the role of aryl
hydrocarbon receptors (AHRs) on affecting SMC phenotype.
AHR expression was found to colocalise with the previously
identified FMC cell cluster, as well as with TCF21, to the lesion
intima and fibrotic cap, further validated using a combination
of RNAScope and immunofluorescence. Sequencing analysis
of AHR-knockout models revealed an increased population
of FMCs in the lesion intima vs. wild-type (WT), as well
as a distinct cell cluster with expression profiles related
to ossification, collagen organization and TGFf signaling.
Additionally, upregulation of factors specifically strongly related
to chondrocytes were identified (e.g., Sox9 and Runx2) in this
cluster which the researchers termed “chondromyocytes” (CMC).

Mendez-Barbero et al. (31) undertook RNA sequencing of
cultured murine vascular SMCs to identify the TWEAK/Fnl14
axis as a central regulator of SMC proliferation and migration
in response to vascular injury. Comparison of gene expression
between cells in the presence and absence of recombinant
TWEAK (rTWEAK) treatment revealed upregulated expression
of markers related to cell proliferation, migration, and motility
in response to injury. The TWEAK/Fnl4 interaction was
shown to downregulate cell cycle regulator p15™VK4B and
upregulated cyclin-dependent kinase 4/6 and cyclin D1 via
induced phosphorylation of MAPK extracellular signal-regulated
kinases 1 and 2 (ERK1/2) and AKT, as well as NFxf subunit
p65. Conversely, the absence of TWEAK using mouse knockout
models was shown to inhibit SMC proliferation and markedly
reduce the neointimal area of mice with wire injury-induced
vessel damage, suggesting a central role for TWEAK/Fnil4 in
facilitating vascular remodeling.

Alencar et al. (37) utilized a combination of single-cell and
next-generation RNA sequencing, combined with ChIP-Seq, to
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TABLE 1 | Data characterization for included studies.

References Aims and objectives Target Subject Sequencing Cell type
examined methodology examined
Tang et al. (18) Aim to determine the existence of Scal+ Vessel repair Mouse Single-cell Stem cells
vascular stem cells in vivo, and their role in RNA-sequencing
vascular repair
Sharma et al. (19) Understand whether Tregs are essential Atherosclerotic Mouse and cell Single-cell Lymphocytes
for the regression of atherosclerotic regression culture RNA-sequencing
plaques, and if so, to identify key
mechanisms by which Tregs contribute to
plaque repair and contraction
Pan et al. (20) Understand SMC transdifferentiation SMC phenotypic Mouse and human Single-cell Smooth muscle
during atherosclerosis and to identify switching RNA-sequencing cells
molecular targets for disease therapy
Guetal. (21) Aim to perform scRNA-seq of aortic Adventitial Mouse Single-cell Adventitial cells
adventitial cells from WT and transcriptome RNA-sequencing
ApoE-deficient mice to explore their
heterogeneity, diverse functional states,
dynamic cellular communications, and
altered transcriptomic profiles in disease
Cochain et al. (22) Aim to determine and classify macrophage Macrophage Mouse and human Single-cell Macrophages
heterogeneity in both healthy and heterogeneity in RNA-sequencing
atherosclerotic aortas of mice using atherosclerosis
single-cell RNA-sequencing technology
Kokkinopoulos et al. Aim to clarify the role of AAvSCA-1+ Adventitial Mouse Single-cell Stem cells
(29) progenitor cells in native atherosclerosis, progenitor cells RNA-sequencing
via elucidation of their differential gene
expression profile between
atherosclerosis-resistant and
atherosclerosis-susceptible mice
Rahman et al. (24) Aim to investigate the source of, and M2 macrophages Mouse Single-cell Macrophages

Gu et al. (25)

functional requirement for, M2
macrophages in atherosclerosis
regression, using a mouse aortic
transplantation model

Aim to further elucidate the role of
perivascular adipose tissue (PVAT), with
specific interest in characterizing the
transcriptomic profile of PVAT-derived
mesenchymal stem cells (PV-ADSCs) and
their role in vascular remodeling

in atherosclerosis
regression

Adventitial cells in
vascular
remodeling

Mouse and cell
culture

RNA-sequencing

Single-cell
RNA-sequencing

Adventitial cells
and stem cells

Winkels et al. (26) Aim to define an atlas of the immune cell Immune cells in Mouse and Single-cell Lymphocytes
landscape in atherosclerotic lesions, using atherosclerotic Human RNA-sequencing
single-cell RNA-sequencing and mass lesions
cytometry (cytometry by time of flight), via
comparison of healthy and diseased
arteries in mouse and human
Wirka et al. (27) Aim to determine: (1) which cell type(s) SMC phenotypic Mouse, cell Single-cell Smooth muscle
express Tcf21 during lesion development, switching culture, and RNA-sequencing cells
(2) how does Tcf21 affect the phenotype of human (CITE-Seq and
these cells, and (3) how does Tcf21 affect ChIP-Seq) AND
disease risk next-generation
RNA-sequencing
Kim et al. (28) Further investigate the specific effects of SMC phenotypic Mouse and cell Single-cell Smooth muscle
environment-sensing aryl hydrocarbon switching culture RNA-sequencing cells
receptors (AHR) on the vascular SMC AND
phenotype in atherosclerotic disease next-generation
RNA-sequencing
(ChIP-Seq AND
ATAC-Seq)
(Continued)
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TABLE 1 | Continued

References Aims and objectives Target Subject Sequencing Cell type
examined methodology examined
Kim et al. (29) Aim to examine the transcriptomic profiles Transcriptome Mouse and human Single-cell Macrophages
of foamy and non-foamy macrophages difference of foamy RNA-sequencing
isolated from atherosclerotic intima, to and non-foamy AND
determine their functional role and macrophages next-generation
contribution to the disease RNA-sequencing
Steffen et al. (30) Scrutinize the identity of scal+/flk1+ Vascular Mouse Next-generation Stem cells
cells, establish a phenotype for these cells, (endothelial) RNA-sequencing
to amend the current hypothesis of regeneration
vascular regeneration by circulating cells
and gain understanding of their role in
atherosclerotic disease
Mendez-Barbero et al. Aim to further elucidate the role of SMC proliferation Mouse, cell Next-generation Smooth muscle
(31) TWEAK/Fn14 in vascular remodeling, by and migration culture, and RNA-sequencing cells
identifying the downstream molecular human

Lai et al. (32)

mediators of this relationship, and how this
has a functional effect on vascular smooth
muscle cells (VSMCs)

Aim to explore the dynamic expression of

Endothelial-to-

Mouse and cell

Next-generation

Endothelial cells

EndMT genes in vascular endothelial cells mesenchymal culture RNA-sequencing
under atheroprotective pulsatile shear transition
stress and atheroprone oscillatory shear
stress using RNAseq
Karere et al. (33) Aim to determine miRNA expression profile MicroRNA Baboons Next-generation Blood (micro
differences in baboons with low and high relevance in microRNA- RNAs in low/high
serum low-density lipoprotein cholesterol dyslipidemia sequencing LDL-C baboons
in response to diet. Aim to establish if any with HCHF diet)
of these miRNAs are relevant to
dyslipidemia and risk of atherosclerosis
Depuydt et al. (34) Aim to utilize single-cell transcriptomics Atherosclerotic Human Single-cell Atherosclerotic
and chromatin accessibility to gain a better plaque RNA-sequencing plaques from
understanding of the cellular heterogeneity composition and single-cell carotid artery
and pathophysiology underlying human ATAC-sequencing
atherosclerosis
Lietal. (35) To study the role of macrophages and Matrix stiffness on Cell culture Next-generation Macrophages
monocytes. In the CV system using a cell macrophage microRNA-
line model; to study the effect of matrix behavior sequencing
stiffness on macrophages behavior in (inflammation)
atherosclerosis; to determine the
synergistic role of ox-LDL and matrix
stiffness on macrophage behavior, such as
migration, inflammation, and apoptosis
Lin et al. (36) Aim to improve the understanding of the Macrophage Mouse Single-cell Macrophages
origins and fates of macrophages in heterogeneity in RNA-sequencing
progressing and regressing atherosclerotic atherosclerosis
plagues using a combination of single-cell
RNA sequencing and mouse genetic fate
mapping
Alencar et al. (37) Aim to further define SMC subsets within SMC phenotypic Mouse and human Single-cell Smooth muscle
atherosclerotic lesions, with the goal of switching RNA-sequencing, cells
identifying factors and mechanisms that Next-generation
promote beneficial SMC phenotypic RNA-sequencing
transitions as novel therapeutic targets and ChiP-Seq
Li et al. (35) Aim to clarify the specific functions and Macrophage Human and cell Next-generation Blood (exosome
regulatory mechanisms of macrophage heterogeneity in culture microRNA- microRNAs effect
subsets present in vascular inflammation atherosclerosis sequencing on macrophages)
and atherosclerosis
(Continued)
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TABLE 1 | Continued

References Aims and objectives Target Subject Sequencing Cell type
examined methodology examined
Wolf et al. (38) Aim to interrogate the function of Immune cells in Mouse Single-cell Lymphocytes
autoreactive CD4+ T cells in atherosclerotic RNA-sequencing
atherosclerosis, through the use of a novel lesions (T-cells) AND
tetramer of major histocompatibility next-generation
complex Il to track T cells reactive to the RNA-sequencing
mouse self-peptide apo B978-993
(apoB+) at the single-cell level
Zhou et al. (39) Aim to investigate how the endothelial Regulation of Mouse and cell Next-generation Endothelial cells

Bao et al. (40)

glucocorticoid receptor regulates vascular
inflammation

Aim to identify the transcriptome and
proteome of stable and unstable
atherosclerotic plaques

vascular
inflammation via
endothelial
glucocorticoid
receptors
Atherosclerotic
plague
transcriptome and
proteome (stable
vs. unstable)

culture

Human

RNA-sequencing
and ChiP-Seq

Next-generation
RNA-sequencing

Atherosclerotic
plaques (stable vs.
unstable)

Gallina et al. (41) Aim to identify the mechanisms underlying SMC phenotypic Mouse, rat, and Single-cell Smooth muscle
vascular smooth muscle cell phenotypic switching human RNA-sequencing cells
transitions associated with atherosclerosis and
and vascular injury, with specific focus on next-generation
the glutamate receptor signaling RNA-sequencing
Jiang et al. (42) Aim to investigate the identity and role of Vascular Mouse Single-Cell CD34+ progenitor
CD34+ cells in vascular regeneration (endothelial) RNA-Sequencing cells
regeneration
Kan et al. (43) Aim to characterize the cellular Cell composition Mouse Single-cell Healthy and
heterogeneity and diverse functional states of healthy and RNA-sequencing diseased aortas
within the wall of the ascending aorta in diseased arteries
healthy and diseased mice using
scRNA-seq to better understand the
etiology and progression of aortic disease
in HFD-induced obesity
Lietal. (44) Aim to determine the specific contributions Effect of disturbed Mouse Single-cell Carotid arteries
of disturbed flow on the heterogeneity of flow (shear stress) RNA-sequencing (under disturbed
cells within the affected arterial vasculature in the cellular and flow)
molecular
composition of
carotid arteries
Liang et al. (45) Aim to utilize scSeq to examine VSMC SMC phenotypic Human Single-cell Smooth muscle
phenotype in carotid artery calcified switching RNA-sequencing cells
plague cores and surrounding tissue to
determine phenotype switching markers
and mechanisms
Lin et al. (46) Aim to understand the origin and SMC phenotypic Mouse Single-cell Smooth muscle
phenotypic heterogeneity of smooth switching RNA-sequencing cells
muscle cells (SMCs) contributing to intimal
hyperplasia, with specific focus on how
vascular cells adapt to the absence of
elastin (Eln)
Brandt et al. (47) Aim to comprehensively characterize the SMC phenotypic Mouse Single-cell Smooth muscle
transcriptomic profile of phenotypically switching RNA-sequencing cells
modulated VSMCs and identified
mediators of VSMC transdifferentiation
and their link to plague rupture in human
atherosclerosis
(Continued)
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TABLE 1 | Continued

References Aims and objectives Target Subject Sequencing Cell type

examined methodology examined

Newman et al. (48) Aim to identify which cells, factors and Fibrous cap Mouse Single-cell Atherosclerotic
mechanisms contribute to the fibrotic cap composition RNA-sequencing plaques (fibrotic
formation in atherosclerotic lesions and cap)

next-generation
RNA-sequencing

Quiles-Jimenez et al. Aim to clarify the specific function of DNA SMC phenotypic Mouse and cell Next-generation Smooth muscle

(47) glycolase Neil3 in the development of switching culture microRNA- cells
atherosclerosis, specifically in regard to sequencing
vascular smooth muscle cell phenotypic
modulation.

Burger et al. (49) Aim to identify heterogeneous leukocyte Resident Mouse Single-cell Macrophages +
clusters with distinct atherosclerosis macrophage RNA-sequencing smooth muscle
disease-relevant gene expression function in cells
signatures and to unveil their role in atherosclerosis

atherosclerosis pathology

further define SMC phenotypes which affect the pathogenesis
of atherosclerotic lesions. SMCXLF and SMCOCT* KO and WT
mice models were developed to validate the gene expression
modulations of KIf4 and Oct4 in lesion development and
stability. Next-generation sequencing and ChIP-Seq analysis
identified contrasting lesion morphology phenotypes in each KO
model, with Oct4 targets enriched for genes involved in cell
pluripotency and migration, whilst KIf4 targets were enriched
in genes involved in leukocyte recruitment and extracellular
matrix (ECM) organization, suggesting an opposing role for
these transcription factors in lesion phenotype. Single-cell
sequencing of brachiocephalic artery lesions identified 14 distinct
clusters of which seven were shown to derive from an SMC
origin via lineage-tracing modeling, with these clusters lacking
traditional SMC markers (e.g., MyhlI) but expressing markers
such as Vecam1, Lgals3, Spp1, and Sox9 among others, suggesting
significant cellular plasticity of cells during lesion development.
The Lgals3* cluster was identified as a chondrogenic-like state,
which, in KIf4 KO mice, was markedly reduced in line with a
reduction in lesion size and fibrous cap thickness. Lgals3" SMCs
were shown to exist as a unique intermediate stem cell-like, ECM
remodeling phenotype, representing up to two thirds of all lesion
SMCs, which are further differentiated into several other pro-
inflammatory and KIf4 dependent osteogenic phenotypes which
contribute to plaque calcification and destabilization.

Gallina et al. (41) investigated the mechanisms underpinning
vascular SMC phenotypic switching specific to AMPA-type
glutamate receptors shown to exert an effect on pulmonary
vascular remodeling. Microarray transcriptome and single-cell
sequencing revealed human atherosclerotic plaque samples
contain relevant signaling and receptor components for
glutamate turnover and signaling, specifically GRIA1 and
GRIA2 which were exclusively detected in cells of mesenchymal
(primarily SMC) origin. Expression of these transcripts were
associated with phenotypic transition of SMCs, as determined by
next-generation sequencing from a rat carotid artery injury and
repair model at different timepoints. Grial were significantly

inversely correlated with traditional SMC marker expression
(e.g., Myhll) in injured arteries, whilst Gria2 was expressed at
lower levels, more prevalent in non-injured vessels and had a
positive correlation with SMC marker expression.

Liang et al. (45) undertook single-cell sequencing of carotid
artery calcified cores and paracellular tissue, compared to
patient matched proximal adjacent to carotid artery tissue,
to investigate the phenotypic transitions of SMCs during the
calcification process in humans. A total of 20 clusters were
categorized from this analysis, and comparison between tissue
types identified a greater proportion of T-cell and monocytes
in the disease-associated tissue, whilst EC and fibroblast
populations were higher in the control tissue. However, the
largest population difference between control and diseased
tissue was attributed to a macrophage-like SMC cluster, with
enrichment analysis identifying gene expression related to
inflammatory signaling, immune response, degranulation, and
migration. Protein interaction analysis identified significant
involvement of MMP9, CXCL8, SPPI, and LGALS3 among
others, with upstream transcription factors such as NFkBI,
RELA, SP1, JUN, and SPI all associated with downstream
gene regulation.

Lin et al. (46) sought to identify SMC subpopulations
which arise in response to intimal hyperplasia development
through the development of a genetic mouse model of elastin
insufficiency. Single-cell sequencing of cells isolated from the
ascending aortas of these mice identified 14 distinct clusters,
of which three were attributed to SMCs as defined by markers
Myhll, Acta2 and Cnnl, respectively. Myhl1I" cells had the
most significant expression of SMC marker genes, with Acta2™
cells exhibiting a more myofibroblast-like expression profile
and Cnnlt cells expressing genes related to cell proliferation.
Subsequent pathway analysis indicated a closer transcriptional
profile between the Acta2t and Cnnl™ clusters, suggesting that
MyhlI™ SMCs are further differentiated. Reactome pathway
analysis suggests a less contractile phenotype for the Acta2™
and Cnnlt clusters, with the former exhibiting a fibroblast,
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ECM-synthesizing phenotype, and the latter a more proliferative
phenotype. Validation experiments in immunostained tissue
sections for cluster specific markers were able to localize these
two subgroups specifically to the neointimal area.

Brandt et al. (50) undertook single-cell sequencing of CD45~
cells isolated from atherosclerotic aortas of ApoE~/~ mice on a
normal and high cholesterol diet, with cells categorized based
localization to atheroprone and atheroresistant regions (aortic
arch and descending thoracic aorta, respectively). Differential

regulation of genes was identified in the atheroprone cell
cluster based on diet associated with apoptosis, inflammation,
atherogenesis among others. In the atheroresistant cell groups,
despite no detectable plaque formation, a high cholesterol
diet still resulted in upregulation of genes related to an
atherogenic stress response, including regulatory genes for SMC
differentiation, apoptosis, and inflammation. Unsupervised
clustering of a pooled cell population identified seven distinct
CD45- clusters—four of which were exclusive to the atheroprone
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region with gene expression indicating a foam cell-like,
inflammatory, calcifying, phenotype transitional subgroups
with loss of SMC contractile genes (Myhll and Acta2).
Clusters specific to atheroresistant regions maintained and
even increased contractile marker expression. In particular,
the authors identified a significantly upregulated gene
associated with the macrophagic/calcific phenotype—growth
differentiation factor 10 (GDF10)—which was validated in vitro
to modulate ossification, osteoblast differentiation and SMC
phenotypic switching.

Quiles-Jimenez et al. (47) investigated the function of a
DNA glycolase Neil3, associated with a role in atherogenesis,
using a ApoE~/~/Neil3~/~ mouse model and NEIL3 knockout
human aortic SMC cell culture. These mice had significantly
increased atherosclerotic lesion areas, without changes in
systemic lipid levels. Cell markers in the plaques remained
similar to ApoE~/~ controls, but with greater SMC medial
layer thickness and disorganization, and a clear phenotypic
shift was identified in these cells with gene expression
associated with increased proliferation, lipid-accumulation
and de-differentiation. In vitro analysis revealed that NEIL3
deficiency is accompanied by a phenotypic shift to macrophage-
like characteristics, with expression of markers CD68, TGFp, and
MMP2. Next-generation messenger RNA (mRNA)-sequencing
identified gene enrichment for cell proliferation/apoptosis,
differentiation, growth factor response, and others when
compared to ApoE~/~ controls. This sequencing data, combined
with proteomic analysis, revealed that Neil3-deficiency leading
to SMC phenotype switching occurs via activation of the
Akt signaling.

Macrophages
Six articles (22, 24, 29, 36, 49, 51) explored the contributions of
macrophages to atherosclerosis and vascular inflammation. Four
(22, 24, 36, 49) of these articles utilized single-cell sequencing
exclusively, one (51) utilized next-generation microRNA
sequencing, and the remaining paper (29) utilized a combination
of single-cell and next-generation RNA sequencing methods.
Cochain et al. (22) utilized single-cell sequencing to explore
the heterogeneity of aortic macrophages subsets within murine
atherosclerosis. CD45" cells were extracted from both non-
diseased and atherosclerotic low-density lipoprotein receptor
deficient (Ldlr~/~) male mice, and unsupervised clustering
analysis revealed the presence of 13 unique cell clusters, five
of which were exclusively expressed in atherosclerotic models.
These included CD8" T-cells, monocyte-derived dendritic
cells (MoDC), monocytes and 2 distinct macrophage clusters.
Macrophages comprised of three classes from this data: (1)
traditionally activated (M1) macrophages expressing atherogenic
markers such as chemokine receptor CCL3 and ILIB; (2)
M2 macrophages expressing anti-atherogenic markers including
F13A1 and CCL24; and (3) a novel, smaller subset with significant
expression of TREM2. Gene ontology analysis of this cluster
highlighted unique functions including lipid metabolism and
cholesterol regulation, with expression resembling osteoclasts,
indicating a potential role in plaque calcification.

Rahman et al. (24) using single cell sequencing methods tested
the hypothesis that M2 macrophages in atherosclerotic plaques
derive from newly recruited monocytes. This involved utilizing
an aortic transplantation model to assess plaque regression
in normolipidemic and ApoE~/~ mice against mice deficient
in chemokine receptors CCR2, CX3CRI and CCR5 involved
in inflammatory (Ly6C™) or migratory (Ly6C®) monocyte
recruitment. Their results provide strong evidence that plaque
regression and inflammation resolution is dependent on the
recruitment from the Ly6C" population, generally considered
M1 macrophage precursors, and that Ly6C° macrophages are
unable to fulfill this role. Single-cell sequencing and fate-mapping
studies further indicated that polarization of these macrophages
to an M2 phenotype is dependent on the action of STATS.

Kim et al. (29) utilized CD45T «cells from murine
atherosclerotic aortas of WT, ApoE~/~ and Ldlr~/~ mice,
fed a four, eight or 12-week western diet, to investigate the
transcriptomic profiles of foamy vs. non-foamy macrophages in
the intima of diseased vessels. Unsupervised clustering analysis
of single-cell sequencing data identified 11 distinct leukocyte
subpopulations, which were subsequently categorized using a
fluorescent lipid-labeling flow cytometry method capable of
determining lipid-laden foam cells based on granularity. This
approach suggested that most lipid-laden, foamy leukocytes
originate from clusters with expression heavily indicative of
macrophage origin. Next-generation RNA sequencing and
gene set enrichment analysis of the foamy and non-foamy
macrophage clusters revealed upregulation of markers in non-
foamy macrophages corresponding to leukocyte recruitment
and inflammation progression. In contrast, foamy macrophage
expression markers were more closely correlated with lipid
metabolism, lipid transport, and oxidative phosphorylation,
suggesting an anti-inflammatory role.

Li et al. (51) identified a role for both matrix stiffness and ox-
LDL in modifying the behavior of macrophages in healthy and
diseased conditions. Matrix stiffness and ox-LDL were shown to
increase adherence of macrophages, coupled with an increased
inflammatory response (TNFa and IL1B). Macrophage mobility
appeared to be increased in disease conditions, however, the
presence of ox-LDL reduced this migratory capacity. Analysis of
microRNA differential expression between healthy and disease
states indicated upregulation of fatty acid synthesis, MAPK
signaling, p53 signaling, and apoptosis.

Lin et al. (36) developed a genetic fate mapping approach
specific to circulating CX3CR1T macrophage precursors
to assess their contributions in progressing and regressing
atherosclerotic  plaques. Single-cell sequencing identified
11 clusters of specifically myeloid lineage in a combined
progression and regression dataset, which implied a wide range
of macrophage activation states existed in these cells beyond
the classical M1 and M2 definition, with activation states in
greater number during atherosclerosis progression compared to
regression. Three clusters were specific to the regression model,
with one exhibiting a B-cell like phenotype (EbfiPCd79aM),
and another with upregulation of heat shock proteins (HSPh)
suggestive of a protective role. Finally, one cluster had a
distinctive transcriptomic profile enriched in cell cycle and cell
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proliferative genes, suggesting the existence of a self-renewing
monocyte state existing within the inflamed tissue, rather than
an immediate differentiation of these cells upon migration to
the plaque.

Burger et al. (49) undertook single-cell sequencing of CD45%
cells isolated from descending thoracic aorta and aortic arch
from ApoE~/~ mice on both a normal chow and high-cholesterol
diet. Plaque formation predominated in the aortic arch tissue but
was negligible in the descending thoracic aorta. Clustering was
defined based on tissue type and diet, which revealed 12 distinct
clusters—three clusters specific to the atheroprone aortic arch
with expression of inflammatory monocyte/macrophage and
resident macrophage related genes and five clusters specific to the
atheroresistant descending thoracic aorta. Of note, one unique
cluster of resident-like macrophages (Lyvel™ macrophages)
which were shown to expand with atherosclerotic plaques
progression, and that these cells exhibited a pro-osteogenic
action, via their high expression of CCL24, which encouraged the
phenotypic transition of vascular smooth muscle cells.

Stem/Progenitor Cells

Five articles (18, 23, 25, 30, 42) specifically address the
role of stem/progenitor cells in atherosclerosis and vascular
inflammation. Four (18, 23, 25, 42) of these articles utilize
single-cell sequencing explicitly, whilst the remaining article (30)
utilized next-generation RNA sequencing.

Tang et al. (18) used a combination of single-cell RNA
sequencing, genetic lineage tracing mouse models, and cell fate
mapping to identify a subpopulation of vascular stem cells—
scaltPDGFRa* —which generate de novo SMCs in the media of
arteries following severe vascular injury. Interestingly, the data
show that these cells only contribute to vessel repair in cases of
severe injury, with cell fate mapping and wire-injury modeling
indicating that these cells remaining complacent in homeostasis
and following minor injury.

Kokkinopoulos et al. (23) explored the role of murine
adventitial scal™ cells in hyperlipidemia-induced atherosclerosis,
by means of differential gene expression analysis of WT
and ApoE~/~ mouse models. Sequencing and gene ontology
enrichment depicted these cells to have expression characteristics
representative of migratory and locomotive action, as well as
cytoskeletal organization and endopeptidase activity, suggesting
involvement in epithelial-to-mesenchymal (EMT) transition.
Additionally, it seems that both LDL-bound and free cholesterol
further enhance this migratory capacity as well as inhibiting
their differentiation capacity to ECs and SMCs both in vitro and
in vivo. This increased migratory capacity upon lipid loading
appears to be the result of upregulation of microRNA (miRNA)
miR-29b, which in turn induces SIRT1 and MMP9. Combined,
the authors suggest a direct link between adventitial progenitor
cells function and blood cholesterol levels.

Gu et al. (25) was able to identify two distinct scal™
clusters from single cell sequencing of perivascular adipocyte-
derived stem cells (PV-ADSCs), the first of which demonstrated
marker expression characteristic of endothelial cells (e.g., CD31
and Cadherin 5) with pathway association to VEGF receptor
activity and PPAR signaling, indicative of angiogenic potential.

Cluster two showed expression of markers associated with SMC
differentiation, such as TGFp signaling, PI3K-AKT signaling,
PPAR binding and IGF binding. Scal™ cells of the second
phenotype were shown to significantly contribute to neointimal
formation by differentiation toward a functional SMC phenotype
in mouse vein graft models.

Steffen et al. (30) utilized next-generation RNA sequencing
and PCR array analysis to scrutinize the identity of scal*/flk1™*
cells, which were hypothesized to exist as endothelial progenitor
cells that are upregulated in response to endothelial injury. Mice
were subjected to electrical injury to the left common carotid
artery and sacrificed 5 days post-injury. Sequencing analysis of
purified scalt/flk1* cells from these mice depicted expression
levels highly comparable to regulatory B2-cells, including
markers such as CD19, CD22, and CD79a/b. Additionally,
surface markers such as CD1 and CD86 were shown to be highly
expressed, as well as CD38 known to be specific to human
regulatory B-cells, indicating that these cells exist as precursors
to B2-like cells and not ECs.

Jiang et al. (42) utilized single-cell sequencing to investigate
the exact identity and role of CD34™ cells using femoral
artery tissue from WT C57BL/6] mice. This data was compared
to lineage-traced Cd34-CreER™?; R26-tdTomato mice which
underwent guide-wire injury, and the analysis revealed a
heterogenous perivascular tissue population of CD34%" cells
predominantly attributed to mesenchymal and EC origin. These
cells were shown to contribute to endothelial regeneration
and microvascular remodeling following injury. Bone-marrow
transplantation experiments identified that the cells contributing
to vascular repair are of non-bone marrow origin, with
ablation of these cells aggravating adverse remodeling. Further
single-cell sequencing of cells from the vascular injury model
was undertaken, which revealed altered frequencies of cells
at different repair timepoints in response to injury and
marked changes in CD34" subpopulations, such as SMCs
and myofibroblasts of CD34" origin. Pseudotime analysis
of these cells, followed by cell differentiation experiments
revealed a possible transition of adventitial CD34™ mesenchymal
cells to ECs. Network analysis identified microRNA-21 as a
negative modulator of the Smad7-pSmad2/3 pathway resulting
in endothelial differentiation.

Endothelial Cells

Only two articles (32, 39) specifically explored the contributions
of endothelial cells in atherosclerosis and vascular inflammation,
both of which utilized next-generation RNA sequencing with one
article (39) also opting to utilize the ChIP-Seq methodology.

Lai et al. (32) utilized a multi-time point approach to explore
the effects of pulsatile shear (PS) and oscillatory shear (OS) stress
on human primary ECs endothelial-to-mesenchymal (EndMT)
genes expression. RNA sequencing of cells exposed to either
PS or OS was undertaken at different time points over a 24-h
period. Sequencing analysis of the PS-exposed cells showed an
increasing expression of endothelial specific markers (e.g., CD31,
vWE) over the 24-h period, whilst OS showed no significant
change in EC marker expression. However, markers specific
to mesenchymal cells were upregulated due to OS, including
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VCAMI and SM22q, as well as inducing reactive oxygen species
(ROS)-associated genes.

Zhou et al. (39) looked to explore how glucocorticoid
receptors (GR) regulate ECs function using ChIP-Seq for primary
mouse lung ECs under several conditions, including. control,
GR siRNA-treated, glucocorticoid (dexamethasone) treated and
a combination of these methods. These results showed significant
binding close to the transcriptional start site, with 65 of the
top 1,000 peaks showing both classic glucocorticoid responsive
elements and de novo binding motif. RNA-Sequencing was
undertaken which identified 231 glucocorticoid responsive genes
and 203 genes differentially regulated by GRs. Comparison to GR
ChlIP-seq data in A549 cells revealed similar enrichment profiles
for four main pathways: Wnt signaling, cytokine/chemokine
signaling, angiogenesis, and cadherin signaling.

Lymphocytes

Three articles (19, 26, 38) investigated the contributions of
lymphocytes in atherosclerosis and vascular inflammation, all of
which utilized single-cell sequencing with one article (38) also
opting to utilize next-generation RNA sequencing.

Sharma et al. (19) used several independent mouse models
undergoing atherosclerotic plaque regression to illustrate an
expansion in regulatory T-cell (Treg) populations compared
to progressing and baseline plaques. Single-cell sequencing
of CD45% cells isolated from mice with progressive and
regressive atherosclerosis depicted a greater proportion of
thymus-derived Treg markers (e.g, NRP1) in progressing
plaques, whilst regressing plaques expressed a higher proportion
of markers representative of periphery induced T cells (e.g.,
Ly6A). Pathway analysis revealed that Treg cells in regressing
plaques exhibited expression profiles associated with increased
lymphocyte activation and increased metabolic activity, coupled
with increases in genes such as TGFf and IGF1, which were
nullified by antibody mediated Treg depletion. Tregs were also
shown to alter the macrophage landscape in regressing plaques,
with increases in macrophage migration and death, coupled with
a decrease in their proliferative capacity.

Winkels et al. (26) utilized single-cell sequencing to
specifically elucidate the heterogeneous immune landscape
of mouse atherosclerotic lesions, which revealed five distinct
T-cell clusters, 2 B-cell clusters and a natural killer cell cluster.
Interestingly, T-cells were revealed to accumulate predominantly
in the lesion (alongside macrophages), whilst B-cells were
localized to the surrounding vessel media and tissue. Comparison
of chow and high fat diet mice revealed a transcriptional profile
switch from a recruitment to pro-inflammatory phenotype,
and mass cytometry analysis in response, particularly in the
case of T helper cells (Tg2) which expressed genes related to
cytokine/chemokine expression and cell proliferation. Specific
analysis of B-cell populations identified three distinct clusters,
with the largest cluster (CD43"8"B220"%) associated with
antigen presentation, cell adhesion and antibody generation.
The CD43"°"B220"8" cluster correlated with genes responsible
for apoptosis and TNF-signaling, and the smallest cluster
CD43"8 B220"" related to cell division.

Wolf et al. (38) was able to identify the existence of a
population of ApoB™ CD4" T-cells in the lymph nodes of
healthy C57BL/6 mice through a combination of in silico
analysis, coupled with the development of a novel fluorochrome-
coupled tetramer of recombinant MHC-II capable of binding
and detecting CD4" T-cells via flow cytometry. Interestingly,
validation in both WT and ApoE~/~ mice revealed ApoB
reactive memory T-cells are progressively activated in conditions
of hyperlipidemia, and that their existence predates the
onset of atherosclerotic disease. These cells appear to co-
express markers associated with regulatory and effector T-
cell phenotypes via flow cytometric analysis, and single-cell
sequencing analysis identified a unique phenotype in ApoB™
cells which co-expressed regulatory and helper (Ty1, Ty17, and
Tpp) markers. Next-generation was subsequently undertaken
in old and young ApoE~/~ mice, which identified a gradual
phenotypic transition of ApoB-Reactive CD4™" regulatory T cells
to a pro-inflammatory effector T-cell phenotype, which may
be facilitated by the pro-inflammatory environment imposed
by atherosclerosis. Further single-cell sequencing specific for
aortic T-cells isolated from moderately (chow-fed) and severely
(western diet) atherosclerotic ApoE_/ ~ mice. One predominant
cluster (expressing markers of Tyl and Ty17) appears to be
selectively expanded with respect to disease severity.

Tissue/Blood-Specific Sequencing
Atherosclerotic Plaque

Five articles (26, 34, 40, 43, 48) explored the total cellular and
molecular composition of atherosclerotic plaques to identify
heterogeneity within plaque areas and in comparison, to non-
diseased controls. Three articles (26, 34, 43) utilized single-cell
sequencing [one of which also utilized single-cell ATAC-Seq
(34)], one article (40) utilized next-generation RNA sequencing
and the last (48) used a combination of both methodologies. The
work of both Winkels et al. (26) and Kan et al. (43) address
atherosclerotic plaques but have been addressed in other more
relevant sections of this review.

Depuydt et al. (34) undertook a combination of single-
cell RNA and ATAC-Seq methods to explore the total cellular
heterogeneity of atherosclerotic plaques in humans. Fourteen
distinct populations were determined, including ECs and SMCs,
and a host of immune cell subpopulations for T-cells, B-cells,
and macrophages. ECs comprised four subclasses, three of which
displayed expression markers indicative of activated endothelium
with a role in inflammation progression and cell adhesion. The
fourth subset displayed classical smooth muscle markers such
as ACTA2 and MYHI11, suggesting involvement in endothelial-
to-mesenchymal transition (EndMT). Two subclasses of SMCs
were also identified—the first with traditionally recognized SMC
markers (e.g., ACTA2), whilst the other represented a synthetic
class expressing COL1A1, MGP, and KLF4, which suggest a
pseudo-macrophage phenotype. T-cell clusters were isolated to
identify five CD4™" and three CD8™ clusters, distinguished by
activation state. CD4" T-cells ranged in gene expression, with
two associated with cytotoxicity and pro-inflammatory pathways,
two associated with a naive phenotype, and the final with a
classical regulatory role. Of the CD8™ clusters, one exhibits a
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terminal cytotoxic profile; one displays a quiescent phenotype
and the last appears as an effector-memory subset. Macrophages
comprised three subclasses, two of which had a M1 phenotype
and were believed to be activation states of the same cell type
based on how recently they were recruited. One class, expressing
foam cell (e.g., MMP9) and pro-fibrotic markers (e.g., TREM2),
also expressed ACTA2, suggesting a synthetic stage with gain of
smooth muscle cell characteristics.

Bao et al. (40) looked to utilize next-generation RNA
sequencing to define the transcriptomic profiles of stable and
unstable atherosclerotic plaques in human carotid arteries.
Analysis of the sequencing reads from these groups identified
202 mRNAs, 488 long non-coding RNAs and 91 circular RNAs
differentially expressed between stable and unstable plaques.
Gene ontology and pathway analysis identified these transcripts
to have roles in cellular stress responses across both groups. With
respect to the genes corresponding to plaque stability, these were
identified as having functions related to the immune response,
nervous system functions, hematological activity, and endocrine
system synthesis and secretion. Comparative analysis of these
transcripts to proteomic data generated this group highlighted
five key correlated genes in unstable plaques—CD5L, S100A12,
CKB, CEMIP, and SH3GLB1. CD5L encodes for CD5, primarily
expressed by macrophages, and promotes M2 polarization.
S100A12 is known to bind to RAGE and activate NF-kB and ROS
pro-inflammatory signaling. CKB and CEMIP are targets of two
long non-coding RNAs identified in this study, which play a role
in energetic hemostasis and epithelial-mesenchymal transition,
respectively. Finally, SH3GLB1 has been implicated in apoptotic
and autophagy pathways, but no studies have directly assessed its
function in atherosclerosis.

Newman et al. (48) investigated the cellular and molecular
contributions responsible for the fibrotic cap formation. Using
lineage-traced PdgfrbSMC—A/A and PdgfrbSME—WI/WT mice,
initial validation studies revealed a dependence of PDGFRB
signaling for SMC to contribute to plaques composition, but
that these plaques did not differ in lesion stability or area
compared to their control in the absence of SMCs. Next-
generation RNA sequencing of brachiocephalic artery lesions
from these same mice revealed that absence of PDGFRB signaling
results in pathway activation specific to substrate utilization and
bioenergetics to maintain plaque stability. Single-cell sequencing
of medial SMCs, medial and adventitial SMCs, and lesion cells
identified seven SMC specific clusters, with general trends of
traditional SMC marker loss (Myh11, Acta2, etc.) across several
clusters but increased osteochondrogenic markers (Sox9, Trpv4,
etc.), suggestive of a metabolic reprogramming of medial and
lesion SMCs during plaque development. Follow-up studies
identified a large proportion of Acta2™ cells in the fibrotic cap
were derived from non-SMC origins, with markers related to
EndMT and macrophage-to-myofibroblast transition (MMT).

Adventitial Tissue

Only two articles (21, 25) have explored the cellular and
molecular contributions of adventitial and perivascular tissue in
atherosclerosis, both of which utilize single-cell sequencing and
arise from the same research group.

Gu et al. (21) utilized single-cell sequencing to elucidate the
cellular composition of vascular adventitia, using both WT and
ApoE~/~ mouse models exhibiting early-stage atherosclerosis.
Unsupervised clustering analysis identified 15 distinct groupings,
with most of these populations representing mesenchymal
cells, macrophages, T-cells, B-cells, and innate lymphoid cells
(ILCs). Six clusters were characterized as non-immune, with one
cluster attributed to adventitial ECs and SMCs, respectively. The
remaining four groups (I-IV) were classified as mesenchymal
populations, including scal™, CD34", and Thyl™ marker-
positive cells. Immune clusters comprised of two macrophage
groups, identified as pro-inflammatory and resident. The resident
cluster expressed the pro-atherogenic chemokine Pf4, suggesting
a role in cell activation to hyperlipidemia, attracting immune
cells. The follow-up study by (25) specifically investigated
the scal® clusters identified as adipocyte-derived stem cells
from their sequencing analysis, has been addressed earlier in
this review.

Cardiac Tissue

Two articles (43, 44) specifically explore the cellular and
molecular constituents of cardiac tissue using single-cell
sequencing, with the first (43) investigating the heterogeneity
of aortic tissue in healthy vs. disease states, and the second
(44) addressing the impact of hemodynamic factors, specifically
disturbed flow, on the composition of carotid arteries.

Kan et al. (43) undertook single-cell sequencing on ascending
aorta samples from C57BL/6] mice fed a chow and high-
fat diet to determine variations in cell composition and
molecular heterogeneity between healthy and diseased aortas.
Analysis of these results, once clustered, identified 10 major
cell types—fibroblasts, SMCs, ECs, immune cells (B-cell, T-
cell, macrophages, and dendritic cells), mesothelial cells,
pericytes, and neural cells. In the high-fat diet groups, ECs
clusters exhibiting markers characteristic of lipid-transport
and inflammation, proliferation, and leukocyte-like properties
across three clusters with all showing increased contractile
gene expression. SMCs were clustered into five groups, with
characteristics defined as synthetic (proliferative), contractile,
fibroblast-like, and inflammatory in order of prevalence.
Macrophages were clustered into four distinct groups, two
of which were resident and had strong proinflammatory
and proliferative properties; one blood-derived cluster with
pro-inflammatory and ECM degradation characteristics; and
one exhibiting a lymphocyte-differentiation and immune-
effector profile.

Li et al. (44) addressed the effects of disturbed blood flow
at the single-cell level using mice which underwent partial
carotid artery ligation. Clustering analysis showed ten distinct
cell clusters specific to disturbed flow compared to control: two
EC clusters, one SMC, three macrophage, and four immune cell
clusters. Of the two disturbed flow specific EC clusters, the first
had enrichment of the gene Dkk2 (essential to angiogenesis) and
was revealed to be a flow-sensitive cell state that may derive
directly from physio-normal (laminar flow) EC phenotype. The
other was enriched for CD36 and showed strong association with
genes related to lipid metabolism and storage. The SMC cluster
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showed significant expression of Sppl, and osteoblastic marker,
as well as further markers related to osteoblast differentiation,
blood vessel remodeling, collagen biosynthesis, and arterial
stiffness. Trajectory analysis implicated disturbed flow as directly
influencing the prevalence of this phenotype in SMCs. Two
macrophage clusters specific to disturbed flow had expression of
markers Trem?2 and Birc2, respectively. The first cluster expressed
genes associated with chemotaxis and leukocyte migration, whilst
the other had functions distinct to proliferation such as cell cycle
DNA replication, chromatin segregation and RNA stabilization.

Blood

Two articles (33, 35) investigated blood constituents directly
using microRNA sequencing, the first of which addressed the
role of microRNAs in dyslipidemia and atherosclerosis risk, and
the second identified the role of microRNAs in modulating
macrophage heterogeneity.

Karere et al. (33) exposed two groups of baboons to a
high cholesterol, high fat (HCHF) challenge diet—one group
exhibiting low serum levels of LDL cholesterol and the other
with high levels. Next-generation sequencing revealed 517
microRNAs from liver samples, 490 of which were identical to
human microRNAs. Comparison of expression between baboon
phenotypes indicated 20 novel baboon miRNAs in the low
LDL cholesterol group and 29 in the high LDL group. Most
of these microRNAs were not diet specific; however, there
was increased quantitative expression of microRNAs in high
LDL phenotype group in response to the HCHF challenge
diet, suggesting diet plays some role in miRNA expression
in response to dyslipidemia. Differential expression profiling
revealed several unique microRNA expression profiles between
the baboon phenotypes, including polycistronic regulation
and polymorphism of microRNAs. Target prediction of the
differentially expressed microRNAs identified 1,357 targets
implicated in atherosclerosis and/or cardiovascular disease
related genes, some of which exhibited contrasting or varying
expression levels between the groups or in response to the HCHF
challenge diet. These included LDLR and VLDLR for fatty acid
metabolism, as well as ACVRIB—a receptor belonging to the
TGEFp superfamily that is commonly implicated in atherosclerosis
and inflammatory processes.

Li et al. (35) undertook microRNA sequencing of plasma
exosomes isolated from human control subjects or subjects
with significant (>50%) coronary artery stenosis. Three
hundred and forty-two known microRNAs were identified, of
which 14 (3 downregulated, 10 upregulated) were significantly
and abundantly present in the disease samples vs. control.
Determination of the targets of these differentially expressed
microRNAs identified 38 differentially expressed mRNAs,
and subsequent co-expression network analysis identified
correlations between five monocyte/macrophage-related cell
populations, six microRNAs and 10 mRNAs. RT-PCR validation
of these markers showed downregulation of miR-4498 and
upregulation of mRNAs CTSS, CCR2, and TREM2 in the
disease group, and an inverse relationship was identified for
miR-4498 vs. mRNA expression and stenosis severity. In vitro
validation depicted macrophage uptake of circulating exosomes,

and that uptake resulted in increases in the aforementioned
mRNAs. Combined, this data suggests exosome-derived
microRNAs exosomes may play a causal role in the polarization
of macrophages to a chronic inflammatory phenotype.

Risk of Bias and Quality Assessment

Quality and risk of bias assessment was undertaken for all
included articles using the ARRIVE checklist and SYRCLE risk
of bias tools (Figures 3A,B). No studies were excluded from
analysis based on these criteria. The most common limitations
arising from the ARRIVE checklist was unclear information
related to sample size calculation (18, 20, 22-24, 28, 30, 32,
33, 36, 38, 39, 43, 44, 46, 47, 49), blinding (18, 23-25, 31,
32, 41), randomization (20, 23, 24, 30, 31, 33, 34, 41), and
specificity of inclusion/exclusion criteria (20, 23, 24, 28, 30, 31,
38, 40, 43). From the SYRCLE assessment, no information was
provided regarding random outcome assessment in any of the
included articles. Four articles provided unclear information
about random housing, with the remaining articles providing
no information (22, 26, 42, 43). Six articles had low risk of
bias for sequence generation, with the remaining providing no
information (19, 22, 26, 29, 42, 48). All other fields showed low
or unclear bias for included studies, and factors such as blinding
were all considered low due to the necessity for unblinded
classification and analysis of sequencing data with respect to
specific disease states, subjects, or cell types.

DISCUSSION

Atherosclerosis is well-established as one of the leading
burdens to health globally. Despite many decades of research,
there remains gaps in our understanding of the complex
pathophysiology involved in the development and progression
of this chronic inflammatory process. This can be attributed to
the involvement of numerous cell types as well as a host of
genetic, epigenetic, and environmental factors and the limitation
of previously available methodologies for the study of the
progression of the disease (1-3). Recent years have witnessed
the emergence of new techniques that have contributed to our
improved understanding of many complex diseases. In this study,
we systematically reviewed studies that employed the techniques
of single cell sequencing or/and next generation sequencing to
develop better understanding of the processes involved in the
development of vascular inflammation and atherosclerosis.

Characteristics of Single-Cell and

Next-Generation Sequencing Techniques

Single-cell and next-generation sequencing techniques offer
significant yet differing means of further elucidating the onset
and progression of atherosclerosis. Single-cell sequencing offers
the capacity to examine the transcriptome profiles on a cell-
specific level, allowing researchers to define cellular heterogeneity
within their samples and determine properties inherent to that
cell type (11). Such an approach facilitates the discovery of
rare cell subpopulations and cell lineage analyses, as well as
providing information on regulatory networks and differential
gene expression within and between these cells. This technique
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involves the direct isolation of cells from a sample using
microfluidics or flow activated cell sorting (FACS), a step that
can present significant technical complexity in achieving the cell
quality required for sequencing (52).

Next-generation sequencing, alternatively, is an overarching
description for a series of advancements in genome sequencing
technologies. In short, the advancements over traditional
sequencing approaches include preparation of sequencing
libraries without reliance on clonal amplification, and the
spatially separated, amplified templates are sequenced in a
massively parallel fashion such that thousands to millions
of reactions can be undertaken simultaneously, offering
comprehensive genome coverage in a faster and more sensitive
manner (10, 53). Moreover, the sensitivity of this technology
has been utilized to great effect, allowing researchers the
opportunity to explore microRNAs, IncRNAs via rapid-
amplification of cDNA ends (RACE)-sequencing, protein-DNA
interactions using ChIP-Seq, and chromatin accessibility
(ATAC-Seq) (54-57).

Whilst these technologies offer substantial improvements
in both the accuracy and resolution of the transcriptomic
data attainable, they are not without their drawbacks in their
current state. Challenges facing the current utilization of
single-cell sequencing methodologies have been comprehensively
summarized by Lahnemann et al. (58), but in short, these
challenges include: significant costs, complex computational
analysis, lack of unified methodology from cell isolation to
data interpretation, and high technical noise which favors
highly expressed genes and masks weaker expression (59). Next-
generation sequencing also presents some challenges, including
a lack of sequencing localization, short read lengths (and the
potential for read errors as a result) and a high dependency on
reference datasets (60).

Classification in Included Studies

Single cell sequencing found utility in 23 of the 34 included
articles, despite greater complexity in operation and analysis,
as well as the current technical and financial barrier to entry
vs. more traditional sequencing approaches (58). Despite these
challenges, its use in the articles reviewed has illustrated the
flexibility and novelty of this technique, with research ranging
from exploratory whole tissue and plaque composition analysis
(26, 43), to investigation of unique cell phenotypes and their roles
in disease (20, 22). In comparison, next-generation sequencing
was utilized exclusively in a smaller subset of articles (n =
12), with this technique appearing to be specifically adopted
for the validation and analysis of the role of pre-defined cell
subsets or genetic targets (30, 31), as well validating the effects of
biological and physical factors such as lipid levels and vascular
hemodynamics and their contributions to disease progression
(32, 33).

Of all cell types investigated in the included articles,
SMCs featured predominantly (n = 12), with attention paid
predominantly to their phenotypic switching capacity in disease
states (20, 27, 28, 31, 37, 41, 45-47, 50). Macrophages were
another prevalent focus of research (n = 7), with specific
attention paid to their phenotypic heterogeneity in plaque

progression and regression (22, 24, 29, 36, 49, 51). Stem/
progenitor cells were also commonly explored (n = 6), with
attention paid to their presence and role in vascular adventitia,
or more specifically as a source for vascular cell regeneration or
repair (18, 23, 25, 30, 42). Comprehensive sequencing analysis of
plaques was also frequently addressed (n = 5), with focus placed
on the general composition and transcriptome of the plaque, as
well as analysis of variations in expression between stable and
unstable plaques (26, 34, 40, 43, 48). Little focus was placed
on ECs and lymphocytes by comparison and may present an
interesting area of note for future studies (32, 39).

Advancements and Future

Recommendations

In addition to single-cell and next-generation sequencing
approaches, another unique approach has been described
recently—spatial RNA sequencing (61). This technique offers
researchers the ability to identify and quantify gene expression
from tissue sections, localize that expression with near cell-
specific accuracy and provide visual representation of the
distribution of RNA transcripts within the section. This
technology works by attaching tissue cryosections to spatial
transcriptomic slides that have barcoded mRNA capturing
reverse transcription primers on the surface. This binding
facilitates the synthesis of complementary DNA that contains
their unique barcode, allowing researchers to establish the
specific tissue region that it originated (62). This technology,
if implemented into current atherosclerosis research, could
facilitate examination of diseased vessels under various
physiological or pharmacological conditions, pinpointing
transcript expression to specific lesion areas to determine their
compositions and contributions to disease progression.

With increasing adoption of these techniques into research
practice, considerations should be made on how best to utilize
these methodologies. To date, there is no unified methodological
approach best suited for single-cell sequencing, from cell
isolation to data interpretation. On the information provided
by the articles included in this review, there is significant
heterogeneity in the methods of cell isolation and quality control,
both of which are key steps in ensuring sequencing reads are
representative of a significant, structurally, and transcriptionally
intact cell population. Sequencing analysis is also heavily
dependent on known cell biomarkers to classify clusters, and
variations in pre-processing to account for these may result in
significant clustering in some studies, and insignificant in others.
To account for these variations, future studies should carefully
consider the reproducibility of their workflow, and validation
with other alterative sequencing methodologies could inform the
reliability of their current approach.

The findings from this work and the implementation
of these modern sequencing approaches into atherosclerosis
research also provides a blueprint for translatability into other
adjacent avenues of research, for instance into understanding
the pathophysiology of vein graft disease. To date, no
implementation of any of the aforementioned sequencing
approaches have been utilized in elucidating the onset and
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progression of vein graft disease following coronary artery
bypass surgery (CABG), despite its comparability to traditional
atherosclerosis and its high prevalence and risk to a substantial
patient population worldwide (63, 64). A comprehensive
understanding of the pathophysiology of vein graft disease is
lacking, particularly with respect to the impact on the phenotypes
of vein graft cells and their interactions once implanted into
a new hemodynamic environment. The use of single-cell,
next-generation and spatial sequencing methodologies may be
essential in improving our understanding of this disease and how
preventative interventions can be developed for patients who
have or will undergo CABG surgery in the future.

Limitations

Whilst this is the first systematic review of the use of these
sequencing methodologies in the study of atherosclerosis, it
is not without its limitations. Given the heterogeneity of the
research models, methods and outcomes of the included studies,
a formal meta-analysis was not undertaken. Narrowing the scope
of this review may have allowed for a comparative analysis to be
undertaken, such as has been recently undertaken by Zernecke
et al. (65) and Conklin et al. (66) in the comparison between
sequencing datasets and between sequencing and in vitro models,
however, these analysis approaches garner data which falls
outside the scope of this review. Another limitation exists when
comparing single-cell sequencing data between publications.
Analysis of sequencing data involves complex bioinformatics
analysis to denoise data, remove low quality reads and classify
cell expression into groups based on known markers, and whilst
packages such as 10x Genomics CellRanger (67) exist to simplify
this process, the specific criteria can vary between runs to
optimize results. As such, novel cell clusters identified by one
research group may be considered low quality reads by another
and would thus be excluded.

Summary

Single-cell and next-generation sequencing technologies can play
a significant role in illuminating the functional role of different
cells and subsets of cells in physiological and pathophysiological
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Background: Myocardial infarction (MI) is one of the first cardiovascular
diseases endangering human health. Inflammatory response plays a significant
role in the pathophysiological process of MI. Messenger RNA (MRNA) has been
proven to play a key role in cardiovascular diseases. Single-cell sequencing
(SCS) technology is a new technology for high-throughput sequencing
analysis of genome, transcriptome, and epigenome at the single-cell level,
and it also plays an important role in the diagnosis and treatment of
cardiovascular diseases. Machine learning algorithms have a wide scope of
utilization in biomedicine and have demonstrated superior efficiency in clinical
trials. However, few studies integrate these three methods to investigate the
role of mMRNA in MI. The aim of this study was to screen the expression of
MRNA, investigate the function of mMRNA, and provide an underlying scientific
basis for the diagnosis of MI.

Methods: In total, four RNA microarray datasets of MI, namely, GSE66360,
GSE97320, GSE60993, and GSE48060, were downloaded from the Gene
Expression Omnibus database. The function analysis was carried out by Gene
Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), and
Disease Ontology (DO) enrichment analysis. At the same time, inflammation-
related genes (IRGs) were acquired from the GeneCards database. Then,
52 co-DEGs were acquired from differentially expressed genes (DEGs) in
differential analysis, IRGs, and genes from SCS, and they were used to
construct a protein-protein interaction (PPI) network. Two machine learning
algorithms, namely, (1) least absolute shrinkage and selection operator and
(2) support vector machine recursive feature elimination, were used to filter
the co-DEGs. Gene set enrichment analysis (GSEA) was performed to screen
the hub-modulating signaling pathways associated with the hub genes. The
results were validated in GSE97320, GSE60993, and GSE48060 datasets. The
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CIBERSORT algorithm was used to analyze 22 infiltrating immune cells in
the MI and healthy control (CON) groups and to analyze the correlation
between these immune cells. The Pymol software was used for molecular
docking of hub DEGs and for potential treatment of MI drugs acquired
from the COREMINE.

Results: A total of 126 DEGs were in the Ml and CON groups. After screening
two machine learning algorithms and key co-DEGs from a PPl network,
two hub DEGs (i.e., IL1B and TLR2) were obtained. The diagnostic efficiency
of IL1B, TLR2, and IL1B + TLR2 showed good discrimination in the four
cohorts. GSEA showed that KEGG enriched by DEGs were mainly related
to inflammation-mediated signaling pathways, and GO biological processes
enriched by DEGs were linked to biological effects of various inflammatory
cells. Immune analysis indicated that IL1B and TLR2 were correlated with
various immune cells. Dan shen, san qi, feng mi, yuan can e, can sha, san
gi ye, san qi hua, and cha shu gen were identified as the potential traditional
Chinese medicine (TCM) for the treatment of MI. 7-hydroxyflavone (HF) had
stable combinations with IL1B and TLR2, respectively.

Conclusion: This study identified two hub DEGs (IL1B and TLR2) and illustrated
its potential role in the diagnosis of Ml to enhance our knowledge of
the underlying molecular mechanism. Infiltrating immune cells played an
important role in MIl. TCM, especially HF, was a potential drug for the
treatment of M.

myocardial infarction, gene, single-cell sequencing, machine learning, immune

infiltration, drug prediction, molecular docking

Introduction

Myocardial infarction (MI), a serious cardiovascular disease
caused by the rupture of unstable plaque, endangers human
health worldwide. The mortality rate and the disease burden of
MI are still in rapid growth, especially in China (1, 2). The early
diagnosis of MI and the initiation of interventional treatment
can decrease apoptotic cardiomyocytes, enhance prognosis, and
reduce mortality (3). It is well known that the gold standard for
diagnosing MI is evaluating the levels of markers of myocardial
injury. However, these biomarkers do not quickly reflect the
status of patients with MI due to their lack of sensitivity and
specificity, leading patients to miss the best time for treatment
(4). Consequently, it is essential to identify the underlying novel
biomarkers in the diagnosis and treatment of MI to reduce
premature mortality and improve prognosis.

A growing amount of evidence suggests that hereditary
factors play an essential role in the development of MI
progression. Genome-wide association studies (GWAS) have
detected many susceptibility loci of MI (5). However, the
outcomes of GWAS have failed to disclose the relevant
risk of MI. Only a small fraction of these alterations
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can be used to explain the pathogenesis and progression
of MI. Single-cell sequencing (SCS) technology is a new
technology for the high-throughput sequencing analysis of
genome, transcriptome, and epigenome at the single-cell
level, and it also plays an important role in the diagnosis
and treatment of cardiovascular diseases (6, 7). Machine
learning plays an important role in screening for hub
genes in gene chips.

Inflammation is associated with the occurrence of many
cardiovascular diseases, especially MI (8). The inflammatory
response cascade is essential in cardiac repair, remodeling, and
fibrosis after M1, and non-selective suppression of inflammation
after MI may detrimentally favor scarring, promote rupture,
and exacerbate adverse remodeling (9). In addition, encouraging
results from clinical trials of canakinumab have raised hopes
for a therapy targeting inflammation in patients with MI (10,
11). What gene is involved in the regulation of MI through
which inflammatory response is induced, and the specific
mechanism of regulation are still unclear and need to be
further explored.

Consequently, in this study, RNA microarray datasets
were downloaded from the Gene Expression Omnibus (GEO)
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database to identify differentially expressed genes (DEGs).
Subsequently, inflammation-related genes (IRGs) were obtained
from the GeneCards online platform. In addition, SCS genes
were acquired from the Human Cell Landscape (HCL) online
platform. Co-genes were used to construct a protein-protein
interaction (PPI) network and perform GSEA. Furthermore,
two machine learning algorithms were used to identify
the hub genes. At the same time, the validation of hub
genes was carried out in three independent MI cohorts.
In addition, immuno-infiltration analysis was carried out
to investigate the relationship between the immune cell
and hub genes. Finally, COREMINE online platform was
used to obtain the predictive drugs, and molecular docking
was used to verify.

Materials and methods

Myocardial infarction studies
collection

The design of this study is shown in Figure 1. Four
RNA microarray datasets, namely, GSE66360, GSE97320,
GSE60993, and GSE48060, were acquired from the National
Center for Biotechnology Information’s Gene Expression
Omnibus (GEO) database. The data of GSE66360, GSE97320,
and GSE48060 were collected from the Affymetrix Human
Genome U133 Plus 2.0 Array (HG-U133_Plus_2). The data
of GSE60993 was collected from the Illumina Human WG-6
v3.0 Expression Beadchip. Finally, we selected 50 MI samples
and 49 healthy control (CON) samples in the GSE66360 for
subsequent analysis.

Differentially expressed genes
collection

The DEGs were acquired using the R package “limma” (12).
Samples with P < 0.05 and | log FC| > 1.5 were regarded as the
threshold for DEGs. PCA was used to evaluate the efficiency of
DEGs (13).

Single-cell data analysis

The human cell landscape online platform! (14) was used
to investigate the expression landscape of target genes in
human normal adult heart tissue from published results of SCS
(Supplementary Table 1).

1 http://bis.zju.edu.cn/HCL/index.html
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Inflammation-related genes collection

The IRGs (Supplementary Table 2) were acquired from the
GeneCards database? (15).

Enrichment analysis

Subsequently, Gene Ontology (GO), Kyoto Encyclopedia
of Genes and Genomes (KEGG), and Disease Ontology (DO)
enrichment analyses were performed using the R package
“clusterProfiler” (16) or Metascape® online platform.

Protein-protein interaction network
construction

The intersection genes of DEGs, SCS, and IRGs were
considered co-DEGs expressed in patients with MI. These
results were used for a subsequent study. A protein-protein
interaction network of co-DEGs was constructed using
the STRING online platform* (17). According to the
degree of the PPI network, the significance of intersection
genes was acquired (18). The correlation among co-DEGs
was evaluated using the Pearson’s correlation analysis,
which was calculated using Rstudio (Version 1.4.1717)
(19). This result was visualized using Cytoscape (Version
3.6.1) (20).

Diagnostic hub differentially expressed
genes screening

To find significant prognostic variables, two different
algorithms were used to predict the status of the disease.
The least absolute shrinkage and selection operator (LASSO)
is a kind of regression analysis algorithm used to enhance
the prediction accuracy (21). The LASSO regression analysis
was conducted using the R package “glmnet” to identify
the crucial genes connected with the discrimination of MI
and CON (22). Support vector machine (SVM) is also a
technique of supervised machine learning that is widely
used for classification and regression (23). Recursive feature
elimination (RFE) is an algorithm used to choose the
optimal genes from samples (24). So, SVM-RFE was applied
to select the superior features. The candidate diagnostic
overlapping genes were acquired from two algorithms and the
above PPI network.

2 https://www.genecards.org/
3 https://metascape.org/gp/index.html#/main/stepl
4 https://cn.string-db.org/
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FIGURE 1

The flowchart of this study.

~log10(ad).P.Val)

FIGURE 2

good differentiation power.

Identification of DEGs. (A) The volcano plot presented the DEGs between Ml and CON groups. The upregulated genes are labeled in red, and
the downregulated genes are labeled in green. (B) The heatmap visualized the alterations in the expression of DEGs. (C) PCA of DEGs showed

* CON

Gene set enrichment analysis

The GSEA function was performed to identify
the biological functions of the DEGs using the GO
gene set (c5.go.v7.4.symbols.gmt) and KEGG gene set
(c2.cp.kegg.v7.4.symbols.gmt). The threshold was set as
P < 0.05. The enrichment diagrams were plotted using the R

»

packages “clusterProfiler;” “enrichplot,” and “org.Hs.eg.db.”

Diagnostic value of hub differentially
expressed genes in myocardial
infarction

To detect the predictive value of the ascertained biomarkers,

we produced a receiver operator characteristic (ROC) curve
using the expression data of mRNA from 50 MI and 49 CON
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samples. The area under the curve (AUC) from ROC was used
to assess the effectiveness in the discrimination of MI and CON
groups and further validated in the GSE97320, GSE60993, and
GSE48060 datasets.

Immuno-infiltration analysis

To better understand the proportions of infiltrating immune
cells in the MI and CON groups, the CIBERSORT® algorithm
was used to calculate the infiltrating immune cells (25).
A comparison of the infiltrated immune cell fractions in the MI
and CON groups was performed using the Wilcoxon test with a
significant P < 0.05.

5 https://cibersortx.stanford.edu/
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FIGURE 3
Enrichment analysis. (A) GO enrichment analysis of DEGs. (B) KEGG enrichment analysis of DEGs. (C) DO enrichment analysis of DEGs.

Immune correlation analysis

The correlation of infiltrating immune cells was assessed
using Pearson’s correlation coeflicient test (26). The relationship
between hub DEGs and vital infiltrated immune cells
was identified by Pearson’s correlation analysis of the R
package “corrplot.” P < 0.05 was regarded as a statistically
significant difference.

Drug prediction

The hub DEGs were input into the COREMINE® online
platform to acquire the underlying treatment of MI. The
underlying drugs were acquired. The threshold was set as
P <0.05.

Molecular docking

Protein target receptors for macromolecules were acquired
from the RCSB’ online platform. AutoDock Vina (1.5.6) was
used to obtain a binding model prediction. PyMOL (1.7.x) was
used to visualize the results.

Statistical analysis

All statistical analysis was performed using Rstudio (Version
1.4.1717). P < 0.05 and |log FC| > 1.5 were used as the filtering
criteria for DEGs. Pearson’s correlation analysis was carried

6 https://coremine.com/medical/#search

7 https://www.rcsb.org/
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out to find the gene co-expression. P < 0.05 was regarded as
statistical significance.

Results

Identification of differentially
expressed genes in patients with
myocardial infarction

Differential analysis was performed to identify DEGs in
patients with MI and CON. The threshold was set as P < 0.05
and [log FC| > 1.5. A total of 126 DEGs were identified.
Among them, 118 were upregulated and 8 were downregulated
(Figures 2A,B). PCA showed that these DEGs could allow
differentiation between MI and CON groups (Figure 2C).

Enrichment analyses

To explore the function of these DEGs, GO, KEGG,
and DO enrichment analyses were conducted using the R
package “clusterProfiler.” GO analysis showed that the GO
biological processes included positive regulation of cytokine
production, response to lipopolysaccharide, and response
to molecule of bacterial origin. GO cellular component
contained secretory granule membrane, tertiary granule, and
specific granule. GO molecular function included immune
receptor activity, pattern recognition receptor activity, and
inhibitory MHC class I receptor activity (Figure 3A). KEGG
analysis showed that these DEGs took part in the IL-17
signaling pathway, toll-like receptor signaling pathway, and
chemokine signaling pathway (Figure 3B). According to DO
enrichment, these DEGs were involved in arteriosclerotic
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cardiovascular disease, coronary heart disease, and MI of 52 co-DEGs was constructed using the STRING online
(Figure 3C). These results demonstrated a tight correlation platform with combined scores of > 0.9 points (Figure 4C
between DEGs and MI and that DEGs primarily mediated and Supplementary Table 3). The former result was put into
inflammatory responses. Cytoscape to construct another PPI diagram, consisting of 30

nodes and 32 edges (Figure 4D).

Identification of co-differentially
expressed genes and protein-protein Functional analysis of differentially

interaction network construction expressed genes by gene set
enrichment analysis
The DEGs in differential analysis, DEGs in SCS, and

acquired IRGs were integrated. Subsequently, 52 co-DEGs The results of GSEA of GOBP were enriched in the acute
were obtained in patients with MI (Figure 4A). In addition, inflammatory response, ameboidal type cell migration, and
PCA showed that these genes could differentiate between cellular response to external stimulus in the MI group and
MI and CON groups (Figure 4B). A PPI network diagram mitochondrial gene expression, mitochondrial translation, and
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KEGG analysis.

The results of GSEA. (A,B) The GSEA results from the GSE66360 dataset in GO analysis. (C,D) The GSEA results from the GSE66360 dataset in

o0 a0
Rank in Ordered Dataset

NC RNA metabolic process in the CON group (P < 0.05,
Figures 5A,B). The results of GSEA of KEGG were enriched
in complement and coagulation cascades, MAPK signaling
pathway, toll-like receptor signaling pathway, non-homologous
end joining, proteasome, and protein export in the MI and CON
groups (P < 0.05, Figures 5C,D).

Identification and validation of hub
differentially expressed genes in
patients with myocardial infarction

Two different algorithms (SVM-RFE and LASSO) were
conducted to screen the underlying feature biomarkers, yielding
10 and 14 genes, respectively (Figures 6A,B and Supplementary
Table 4). A Venn diagram showed the intersection of obtained
two hub DEGs (i.e., IL1B and TLR2) of SVM-RFE, LASSO, and
PPI network (Figure 6C). The expression levels of IL1B and
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TLR2 in the MI group were remarkably higher than those in the
CON group (Figures 6D,E).

Diagnostic efficiency of IL1B, TLR2 and
ILIB+TLR2 in patients with myocardial

infarction

The diagnostic efficiency of the IL1B, TLR2, and
IL1B + TLR2 in the discrimination of MI and CON groups
indicated a good diagnostic value, with the AUC of 0.614
(95%CI:  0.499-0.722), 0.788 (95%CIL: 0.693-0.877), and
0.847 (95%CI: 0.781-0.920) in the GSE66360 (Figures 7A-
C). In addition, a good discrimination ability was testified
in the GSE97320, GSE60993, and GSE48060 datasets. The
diagnostic efficiency of the IL1B, TLR2, and IL1B + TLR2 in
the discrimination of MI and CON groups indicated a good
diagnostic value, with the AUC of 1.000 (95%CI: 1.000-1.000),
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1.000 (95%CI: 1.000-1.000), and 1.000 (95%CI: 1.000-1.000) in
the GSE97320 (Figures 7D-F). The diagnostic efficiency of the
IL1B, TLR2, and IL1B + TLR2 in the discrimination of MI and
CON groups indicated a good diagnostic value, with the AUC
of 0.681 (95%CI: 0.494-0.857), 0.769 (95%CI: 0.582-0.918), and
0.775 (95%CI: 0.593-0.929) in the GSE60993 (Figures 7G-I).
The diagnostic efficiency of the IL1B, TLR2, and IL1B + TLR2
in the discrimination of MI and CON groups indicated a good
diagnostic value, with the AUC of 0.638 (95%CI: 0.482-0.780),
0.725 (95%CI: 0.473-0.856), and 0.727 (95%CI: 0.573-0.860) in
the GSE48060 (Figures 7]J-L).

Immune infiltration analysis

IL1B and TLR2 played an important role in the process of
ML So, it is necessary to investigate the relationship between
hub DEGs and immune cells. CIBERSORT algorithm was used
to explore the immune cell infiltration. Reasonably, the results
indicated that there was a marked difference in the proportions
of immune cells (Figure 8A). Then, we compared the difference
in immune cell infiltration between the MI and CON groups.
As depicted in the picture, compared with the CON group,

» o«

the proportions of “monocytes;

» «

“activated mast cells,

activated dendritic cells,”

» «

activated NK cells,” “resting NK cells,”

Frontiers in Cardiovascular Medicine

34

»  «

“T cells follicular helper; “regulatory T cells (Tregs),” and
“neutrophils” (P < 0.001) were highly expressed in the MI group
(Figure 8B). However, the proportions of “CD 4 resting memory
T cells,” “gamma delta T cells,” “CD8 T cells,” and “resting mast
cells” (P < 0.001) were significantly lower than that in the CON
group (Figure 8B).

Immune correlation analysis

The correlation between IL1B, TLR2, and infiltrating
immune cells was assessed. IL1B was positively correlated with
activated mast cells, neutrophils, activated NK cells, monocytes,
M2 macrophages, resting NK cells, and eosinophils (r > 0,
P < 0.05), but significantly negatively correlated with resting
mast cells, CD 4 resting memory T cells, MO macrophages,
gamma delta T cells, and CD8 T cells (r < 0, P < 0.05,
Figure 9A). TLR2 was positively correlated with neutrophils,
monocytes, activated mast cells, activated NK cells, resting NK
cells, activated dendritic cells, M2 macrophages, and native B
cells (r > 0, P < 0.05), but significantly negatively correlated
with CD 4 resting memory T cells, gamma delta T cells,
resting mast cells, and MO macrophages (r < 0, P < 0.05,
Figure 9B).
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(HF) was likely to be proven as a pharmacodynamic substance

Drug prediction
The IL1B, TLR2, and MI were input into the COREMINE
online platform. The threshold was set as P < 0.05. The results

demonstrated that dan shen, san gi, feng mi, yuan can e, can
sha, san qi ye, san qgi hua, and cha shu gen were identified

as the potential traditional Chinese medicine (TCM) for the

treatment of MI.

Molecular docking
In our previous study, Oxytropis falcata Bunge (O. falcata)

a Tibetan medicine/TCM, has played a role in anti-myocardial
ischemia-reperfusion injury (MI/RI), and 7-hydroxyflavone

Frontiers in Cardiovascular Medicine

against MI/RI. Thus, we provided an experimental basis for its
early clinical application by simulating molecular docking. The

results showed that HF and IL-1B had stable combinations, and
the binding affinity was —6.7 kcal/mol. Furthermore, HF and
TLR2 had stable combinations, and the binding affinity was

—7.4 kecal/mol.
Discussion
Myocardial infarction, a common epidemic coronary heart

disease in the world, can lead to sudden major adverse

cardiovascular events (MACE), causing high mortality and
disability (4). Thus, patients with MI show poor clinical
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Correlation between IL1B, TLR2, and infiltrating immune cells. (A) Correlation between IL1B and infiltrating immune cells. (B) Correlation

between TLR2 and infiltrating immune cells.

prognosis. Due to the lack of a valid early diagnosis, MI
patients often lose effective treatment, contributing to a
poor prognosis. Early diagnosis can effectively improve the
prognosis and reduce mortality in MI patients (2). The
boom in microarray technology offers opportunities for the
treatment of MI (27). More importantly, machine learning
algorithms have a wide scope of utilization in biomedicine
and have demonstrated superior efficiency in clinical trials
(28). Furthermore, infiltrating immune cells have been proved
to play a significant role in MI (29). However, few studies
have paid attention to integration with these methods to
investigate the association between biomarkers and infiltrating
immune cells in patients with MI. Consequently, two machine
learning algorithms were used to screen candidate diagnostic
biomarkers for MI and explore the role of infiltrating immune
cells in MI patients.

In this study, we systematically filtered two hub DEGs
specifically expressed in MI patients using two machine
learning algorithms and a PPI network to build a superior
MI diagnostic model. Furthermore, the diagnostic efficiency
of the diagnostic model was assessed in three independent
cohorts. The outcomes of enrichment analysis showed that
diseases enriched by DEGs were primarily associated with MI
and arteriosclerotic cardiovascular disease, KEGG enriched by
DEGs were mainly related to inflammation-mediated signaling
pathways, and GO biological processes enriched by DEGs
were linked to biological effects of various inflammatory cells.
These results are in agreement with the former study that
leukocyte-mediated inflammatory responses are involved in the
pathophysiological process of MI (30). It is well known that MI
is caused by unstable and vulnerable plaques and is regarded as
a long-term chronic inflammatory disorder (31). In the acute
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phase of MI, a massive inflammatory response is triggered
by the sudden cessation of blood flow, leading to MI. When
MI occurs, abnormal accumulation of inflammatory cells and
cytokines, platelet aggregation, rupture of vulnerable plaques,
and apoptosis of cardiac myocytes have been implicated in
the mechanism (32). TNF has been proved to participate in
inflammatory response by the combination with its specific
receptors in the development of MI. This evidence is consistent
with our findings, supporting that the results of this study are
precise, as well as indicating that immune response plays a
crucial role in MI. The inflammatory immune response plays
a crucial role in MI. It is necessary to control all kinds of
immune cells accurately to accomplish a much more safe and
more effective treatment (33). Consequently, the acquisition of
novel biomarkers of MI same as the magnitude of infiltrating
immune cells and IRGs by bioinformatics and SCS will make
contributions to its effective treatment.

Inflammation is associated with the occurrence of ML
Thus, based on the three machine learning algorithms, one
diagnostic hub IRG was identified. Interleukin-1B (IL1B), a
core proinflammatory cytokine, is a member of the interleukin
1 (IL-1) cytokine family and is involved in a variety of
inflammatory responses and cellular activities, including cell
proliferation, differentiation, and apoptosis (34). Recently,
studies have shown that high expression of IL-1f in serum
and tissues is associated with poor prognosis of patients. IL-1-
mediated inflammation leads to the pathology of many diseases,
especially MI (35). An article published in the New England
Journal of Medicine has demonstrated that canakinumab, as
a fully human monoclonal antibody targeting interleukin-18,
has been proven to lead to a significantly lower rate of the
occurrence of MI (36). This evidence demonstrated that IL1B
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plays a key role in MI, which also supported the results of
this study. In addition, TLR2 played a significant role in the
process of atherosclerotic lesions and MI (37). Li et al. found
that the increased expression of TLR2 supported the point
that proinflammatory TLR was involved in the pathogenesis
of MI. TLR2 was a predictive biomarker in elderly patients
with MI (38). Consequently, IL1B and TLR2 were important
biomarkers of MI.

From the results of immuno-infiltration analysis, multiple
immune cell subtypes were discovered to be intimately involved
in the critical biological processes of MI. A growth infiltration
of activated mast cells, monocytes, and neutrophils and a
reduced infiltration of resting mast cells, Tregs, and gamma
delta T cells were detected to be potentially associated with
the occurrence and development of MI. Furthermore, immune
correlation analysis demonstrated that IL1B was positively
correlated with activated mast cells, monocytes, and neutrophils
and negatively correlated with resting mast cells, Tregs, and
gamma delta T cells. Inflammatory and immune cells, including
neutrophils, lymphocytes, and macrophages, have previously
been proven to play an essential role in the development
of cardiovascular disease (39, 40). In the early stages of
MI, cardiomyocytes undergo necrosis, with severe sterile
inflammation and a significant increase in monocytes and
neutrophils in the blood. This also implies the initiation of
intrinsic immunity (41). Infiltrated neutrophils in the infarct
ozone can release reactive oxygen species and matrix-degrading
enzymes, exacerbating myocardial damage (42). During the
proliferative repair phase, CD4" and CD8' T cells, Tregs,
and NK T cells can enter the infarcted area and promote the
maturation and differentiation of these cells. The activation
of Tregs is likely to be a promising treatment for MI to
enhance the ability of cardiac repair and reduce MACE.
In total, these types of infiltrating immune cells play an
invaluable role in AMI and should be the focal point of
future research.

The limitations of this study need to be recognized. To begin
with, the design of this study was a retrospective cohort study.
Thus, crucial clinical information could not be acquired. Finally,
the function and the immune cell infiltration of IL1B and TLR2
in MI by bioinformatics analysis, SCS, and machine learning
algorithms require the designation of prospective studies to
validate our outcomes in the following days.

Conclusion

This study identified two hub DEGs (i.e., IL1B and
TLR2) and illustrated their potential roles in the diagnosis of
MI to enhance our knowledge of the underlying molecular
mechanism. Infiltrating immune cells played an important role
in myocardial infarction. TCM, especially HF, was a potential
drug for the treatment of MI.
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Single-cell RNA sequencing (scRNA-seq) provides high-resolution information
on transcriptomic changes at the single-cell level, which is of great significance
for distinguishing cell subtypes, identifying stem cell differentiation processes,
and identifying targets for disease treatment. In recent years, emerging single-
cell RNA sequencing technologies have been used to make breakthroughs
regarding decoding developmental trajectories, phenotypic transitions, and
cellular interactions in the cardiovascular system, providing new insights
into cardiovascular disease. This paper reviews the technical processes of
single-cell RNA sequencing and the latest progress based on single-cell RNA
sequencing in the field of cardiovascular system research, compares single-
cell RNA sequencing with other single-cell technologies, and summarizes the
extended applications and advantages and disadvantages of single-cell RNA
sequencing. Finally, the prospects for applying single-cell RNA sequencing in
the field of cardiovascular research are discussed.

KEYWORDS

single-cell RNA sequencing, cardiovascular, heart development, stem cells, precision
medicine

Introduction

Cardiovascular disease is considered to be the leading cause of human mortality
worldwide. The latest data show that cardiovascular disease morbidity and mortality
are gradually increasing (1). The pathogenesis related to the cardiovascular system
has not been fully elucidated due to the diverse cellular interactions and complex
regulatory mechanisms. Although there has been great progress in the diagnosis
and treatment of cardiovascular disease owing to the development of anatomy,
genomics, and other disciplines and the development of inspection technology
(2), understanding the cellular heterogeneity and gene interactions in cardiac
tissue development and cardiac cell differentiation trajectories and in disease
states requires further research. The limitations of action hinder the in-depth
study of the pathogenesis and the effectiveness of diagnosis and treatment plans.
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Therefore, how to use more powerful tools to research
cardiovascular diseases and thereby promote cardiovascular
health is still an important problem for researchers and
clinicians to solve.

To achieve the goal of accurate disease prevention, diagnosis,
and treatment, precision medicine not only involves interpreting
big data about the living environment and habits of people but
also strives to develop the fields of genomics and proteomics to
reveal key differences related to the occurrence and development
of diseases. The emergence and rapid development of single-cell
technologies and omics analyses have facilitated a major leap in
cardiovascular precision medicine. With the completion of the
Human Genome Project (3), single-cell sequencing technologies
have developed rapidly and have brought about progress
in experimental biological research. Among the technologies,
single-cell RNA sequencing (scRNA-seq) is of great significance
in cardiac precision medicine. It captures the transcriptional
profiles of thousands of single cells from complex tissues in high
resolution. It thereby helps researchers to identify and target
abnormal pathways and genes in cardiovascular disease and also
assists clinicians in formulating effective treatment strategies
(4). The research application of scRNA-seq is very extensive.
In addition to revealing cardiovascular cell diversity, identifying
stem cell differentiation trajectories, and clarifying cell-to-cell
communication (5, 6), scRNA-seq has been used to characterize
cardiac development and genetics (7, 8), which has promoted
advances in cardiovascular research. This article reviews the
application of scRNA-seq in relation to the cardiovascular
system and provides an overview of future research strategies
and directions.

Single-cell transcriptome
sequencing

Since Tang et al. established the initial scRNA-seq
process in 2009 (9), a variety of single-cell transcriptomics
platforms have emerged one after another, with different
degrees of optimization regarding single-cell capture
methods, amplification methods, and transcript coverage.
The development and improvement of scRNA-seq technologies
will help to fully understand the changes at the gene expression
level in both physiological and pathological conditions, thereby
improving the precision of disease diagnosis and treatment. As
shown in Figure 1, the basic scRNA-seq process involves: (1)
sample preparation, (2) single-cell capture, (3) amplification

and library preparation, and (4) sequencing and analysis (10).
Sample preparation

Single-cell sequencing is based on the use of mechanical
dissociation and enzymatic digestion to isolate single-cell
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samples from tissues. Different tissues or cell types, cell culture
conditions, and cell viability require different tissue processing
and digestion methods. For dense tissues such as the heart,
the maximum number of cardiomyocytes is usually obtained
by a combination of sectioning and enzymatic digestion
(11). Langendorff method and Enzymatic bulk digestion are
two major methods for isolation of cardiomyocytes. Enzyme
digestion of heart tissue usually does not yield a sufficient
number of viable cells due to insufficient tissue exposure (12).
Langendorff method depends on tissue structure and has a
complex operation process (13). So, considering the limitations
of the two methods, researchers have made efforts to isolate
single-cell samples from heart tissues. Based on Langendorff
Method, Ackers-Johnson et al. (14) presented a novel method
to isolate viable cardiac myocytes and non-myocytes from
the adult mouse heart with only standard surgical tools and
equipment, without the prerequisite of heparinization. Similarly,
Guo et al. (11) developed a simplified method to isolate human
cardiomyocytes from tissue slicing. It involves three steps:
slice the tissue, Ca2™T -free perfusion for 9 min, and enzymatic
digestion for 45-90 min. This method can not only ensure
the survival rate of cardiomyocytes, but also the integrity
of morphology and morbid metabolic characteristics, the
physiological function of cardiomyocytes. For soft tissues such as
lymph nodes, single-cell suspensions can be obtained directly by
mechanical separation (15). Researchers should optimize sample
preparation procedures to maximize the number of single cells
and viability while minimizing cell mortality.

Single-cell capture

The single-cell capture method varies with the cell volume.
Mainstream single-cell capture methods include laser capture,
fluorescence-activated cell sorting (FACS), microfluidic capture,
and microdroplet-based capture (16-18). FACS wuses the
principle of light scattering and fluorescence signals to sort
cells into 96- or 384-well plates. Cell samples can be stored
for a long time, increasing the flexibility of the research on
the cells and reducing damage to the cells, but the plate-based
limitations of FACS restrict the number of cells that can be
sorted. The Fluidigm C1 system is one of the main technologies
that use microfluidic cell capture. Its advantages are that it uses
a smaller volume of cell suspension and reduces the risk of
external contamination of cells (10). However, it requires a large
number of live cells and cell size uniformity is limited in terms of
the scale of analysis, and is expensive (10). Microdroplet-based
platforms such as Drop-seq and Chromium (10x Genomics),
which use DNA barcoding technology to analyze individual cells
encapsulated in oil droplets, can rapidly analyze thousands of
individual cells, greatly reducing the amount of time required
for each analysis and cost. However, it still has the disadvantages
of alow mRNA capture rate and low gene detection efficiency of
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FIGURE 1
The process of single-cell RNA sequencing in cardiovascular research. In cardiovascular research, the basic scRNA-seq process involves: (1)
sample preparation, Langendorff method and Enzymatic bulk digestion are two major methods for isolation of cardiomyocytes (2) single-cell
capture, snRNA-seq holds advantages when applied to heart tissues because of the size of cardiomyocytes (3) amplification and library
preparation, amplification methods are divided into two categories: single-cell whole-genome amplification (WGA) and single-cell whole
transcriptome amplification (WTA) (4) sequencing, it involves single-cell genome sequencing, or single-cell transcriptome sequencing and
single-cell epigenetic sequencing (5) analysis, cell clustering analysis, Differential expression analysis, Pseudotime analysis, Gene Ontology
analysis and RNA velocity are the major analysis methods.

cardiomyocytes due to their large cell size (4). However, Seq-wall
and SPLiT-seq can effectively solve the problem. In Seq-wall,
barcoded mRNA capture beads and single cells are sealed in an
array of subnanoliter wells using a semipermeable membrane,
enabling efficient cell lysis and transcript capture (19). So this
technology is applicable to almost any cellular suspension for
which a reference transcriptome exists. Similarly, In SPLiT-
seq, individual transcriptomes are uniquely labeled by passing
a suspension of formaldehyde-fixed cells or nuclei through
four rounds of combinatorial barcoding. It eliminated the
need for single-cell isolation because of the index information
of DNA barcodes (20). These two methods have unique
technical advantages to achieve a high mRNA capture rate of
cardiomyocytes and are inexpensive, portable, and efficient. In
addition, researchers have widely used Single-nucleus RNA-seq
(snRNA-seq) in cardiovascular research (21). snRNA-seq holds
several advantages when applied to heart tissues. First, it can be
used to study frozen and archived primary tissues without the
preparation of single-cell suspension. Second, it will minimize
the bias of cell capture of platform-specific that has a certain
size optimal and reduce the impact of aberrant transcriptional
changes induced by enzymatic dissociation.
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Amplification and library preparation

Single-cell sequencing technology avoids the shortcomings
of traditional technology that takes cell populations as the
research object and ignores the heterogeneity between cells.
Using a single cell as the research object, single-cell sequencing
technology lyses a single cell and can amplify ultra-trace
amounts hundreds of thousands of times, and establishes
a sequencing-level ¢cDNA library for sequencing and data
analysis (22).

To avoid amplification bias, researchers should choose
the most optimized method based on sensitivity, precision,
and accuracy. The commonly used amplification methods are
mainly divided into two categories: single-cell whole-genome
amplification (WGA) and single-cell whole transcriptome
amplification (WTA). The classification of these methods
is shown in Table 1. The difference between WTA and
WGA is that WTA first reverse-transcribes RNA into cDNA,
and then amplifies the cDNA. Among the types of WTA,
CEL-seq uses a unique molecular identifier (UMI) in the
cDNA synthesis process and linearly amplifies mRNA, thereby
reducing amplification bias (32), and it is more cost-effective
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TABLE 1 Comparison of single-cell sequencing technology gene amplification methods.

Amplification Amplification Advantages Limitations References
type method
WGA DOP-PCR CNV detection in a larger genome. Low genome coverage and high (23)
error rate for SNV detection
MDA high genome coverage Large bias and susceptible to (23)
contamination
MLBAC Small sequence-dependent bias, high CNV Low fidelity and high SNV false (24)
detection accuracy, and low SNV false positive rate
negative rate
eWGA Good amplification uniformity, strong To be studied (25)
sensitivity for both CNV and SNV, and low
contamination rate
LIANTI High gene coverage, low allele loss, and good Less accurate for very small CNV's (26)
amplification uniformity
SISSOR High sequencing accuracy for undivided cells to be studied (27)
PicoPLEX Low amplification error rate, sensitive for To be studied (28)
CNYV, good repeatability and amplification
uniformity
WTA CEL-seq High reproducibility and sensitivity and Low Specificity For mRNA (29)
short amplification times amplification
Smart-seq/Smart- Low amplification bias, high coverage, low No analytical ability for polyA (30)

seq2 variability, and low noise

Drop-seq

Low cost and fast amplification

ribonucleic acid

Low mRNA capture rate

(31)

WGA, single cell whole gene group amplification; WTA, single-cell transcriptome amplification; CNV, copy number variation; SNV, single-nucleotide variation; DOP-PCR, degenerate
oligonucleotide primed PCR; MDA, multiple strand displacement amplification; MLBAC, multiple annealing circular cyclic amplification; eWGA, emulsion whole genome amplification;
LIANTI, transposon insertion linear amplification; SISSOR, microfluidic reactor single strand sequencing; CEL-seq, Cell Expression by Linear amplification and Sequencing; Smart-seq,

Switching mechanism at 5’ end of the RNA transcript.

for transcriptome quantification of a large range of expression
levels. Another type of WTA, Smart-seq2, uses Moloney
murine leukemia virus (MMLYV) reverse transcriptase, which
preferentially selects full-length cDNA as a substrate for its
terminal transferase activity, allowing the recovery of full-
length ¢cDNAs. It thereby improves the reverse transcription
process and increases the yield and length of single-cell cDNA
libraries. It achieves high sensitivity and low amplification
bias. Additionally, it can analyze all exons of each single-cell
transcript, detect different splice variants, and has a wider range
of applications (30).

Sequencing and analysis

At present, the third-generation single-cell transcriptome
sequencing technology has been developed. The representative
technologies are HeliScope single-molecule sequencing (33),
single-molecule real-time sequencing (34), Oxford nanopore
sequencing (35). Compared with the second-generation

sequencing technology, the third-generation sequencing
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technology uses useful information such as nanotechnology
and modern optics to capture the base sequence, which has
the advantages of fast, real-time sequencing and longer base
sequence reading. However, there is still room for improvement
in the cost and accuracy of sequencing (36).

In addition to the single-cell genome or transcriptome
sequencing, single-cell sequencing methods also include single-
cell epigenetic sequencing. The innovation regarding single-cell
epigenetic sequencing is that the methylation level of the whole
genome can be obtained, which is of great significance for the
study of epigenetics as it allows the spatiotemporal specificity of
epigenetic changes to be determined.

Currently, multi-omics sequencing technologies (37, 38),
including G&T-seq (39), TARGET-seq (40), scCAT-seq (41),
scM&T-seq (42), and PLAYR (43) technologies, are booming.
Compared to single-omics sequencing technologies, multi-
omics sequencing technologies can provide more systematic
insights into understanding biological heterogeneity and
diversity. Multi-omics sequencing analysis that involves both
spatial data and time trajectory data avoids some of the
shortcomings of single-omics sequencing and enriches the
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experimental results. Multi-omics sequencing will certainly
be a potential method in the field of sequencing research in
the future.

Regarding the analysis of single-cell sequencing data, cell
clustering analysis is a key type of data analysis. It is the basis of
further analysis of the data (44), such as differential expression
analysis, pseudotime analysis, and Gene Ontology analysis. And
the downstream analysis such as RNA velocity is also important.
A comparison of these methods is shown in Table 2. In addition,
the multiplexing method increases the number of samples
for scRNA-seq, facilitates library construction, and lowers the
reagent costs by relying on DNA-based barcoding that enables
the pooling of all barcoded samples into a single mixed sample
for analysis. It will provide great insight into high-throughput
perturbation screening and tracking the dynamic process of cell
differentiation (55). Researchers need to select a data analysis
method according to their research purposes and conditions.

Application of single-cell
transcriptome sequencing in the
cardiovascular system

Cellular heterogeneity in the developing
and mature heart

With the development of scRNA-seq, it has become possible
to reveal new cell types and cell subpopulation heterogeneity
in the heart, and to describe the spatial and temporal
expression patterns of different cell types. For example, by
performing scRNA-seq on NKX2.5% and Isl1* mouse cardiac
progenitor cells (CPCs) and developmental trajectory analysis,
Jia et al. (56) revealed that Isl1T CPCs undergo an attractor
state before entering various developmental branches, while
extended expression of NKX2.5 may promote the unidirectional
development of CPCs into cardiomyocytes. This demonstrated
that Nkx2.5 expression plays a decisive role in the differentiation
of pluripotent CPCs into cardiomyocytes. Similarly, Xiao et al.
(57) performed scRNA-seq on mouse embryonic hearts and
found that Latsl and Lats2 (in the Hippo signaling pathway)
caused subepicardial cells to differentiate into cardiac fibroblasts
by inhibiting the YAP target gene Dhrs3. After conditional
knockout of LatsI and Lats2, aberrant signaling from C20, a
transitional cell subset between the epicardium and cardiac
fibroblasts, led to a disordered coronary configuration. Latsl
and Lats2 also play important roles in controlling extracellular
matrix composition and vascular remodeling while promoting
the transition of epicardial progenitors to differentiated cardiac
fibroblasts. Moreover, by performing scRNA-seq on cardiac
differentiation from human embryonic stem cells and human
embryonic/fetal hearts. Sahara et al. (58) identified a unique
cell subset that emerges specifically in the proximal outflow
tract of human embryonic hearts, marked by LGR5. And the
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LGR5™T cells promote cardiogenesis through expansion of the
ISLITTNNT2V intermediates. This study will help to gain
insight into human cardiac development and reveal the possible
origin of congenital heart disease. Thus, scRNA-seq is important
for characterizing the heterogeneity of developing and mature
cardiac cells and for identifying the molecular mechanisms of
cardiac development by allowing individual cardiac cells to
be studied.

Induced pluripotent stem cells

iPSCs have been widely used in research on the molecular
mechanisms of cardiovascular-related diseases. However, the
endothelial cells and cardiomyocytes derived from iPSCs have
differences in physiological structure and gene expression
compared to mature cardiac cells, which is a barrier to the
application of iPSCs in clinical treatment (59). scRNA-seq can
capture the regulatory processes of stem cell differentiation
and development with unprecedented sensitivity, providing
technical support and a theoretical basis for stem cell
transplantation (60). Paik et al. (61) performed large-scale
droplet-based scRNA-seq on thousands of human iPSC-derived
endothelial cells. They found that CLDN5, APLNR, GJA5, and
ESM1 enrichment characterized four cell subsets, and they
elucidated the unique physiological role of each cell subset,
providing a foundation for sorting IPSC with specific biological
function and identity. In addition, by performing scRNA-seq
on human iPSC-derived cardiomyocytes, Churko et al. (62)
revealed that NR2F2 and HEY?2 promote atrial and ventricular-
like effects, respectively. The fact that these genes have different
regulatory roles that lead to different functional cell states
was validated in mouse models (63). They also found that
notch signaling may be regulating the atrial vs. ventricular
development within different heart chambers. These findings
will help to promote the clinical translation of iPSCs research
into cardiovascular disease treatments.

Cardiovascular disease

Congenital heart disease

Compared to traditional sequencing technology, scRNA-seq
provides more insight into congenital heart disease caused by
genetic changes at the single-cell level. By studying autoimmune
congenital heart block (CHB) fetal hearts and healthy fetal
hearts, Suryawanshi et al. (64) revealed that overexpression
of interferon-stimulated genes and activation of interferon
signaling were involved in the occurrence of CHB. They also
found that stromal cells may contribute to stromal deposition
and fibrosis, leading to CHB. Likewise, by using scRNA-seq
to study mouse cardiac progenitors, de Soysa et al. (65)
demonstrated that Hand2 is a transcriptional determinant
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TABLE 2 Comparison of single-cell sequencing data analysis methods.

10.3389/fcvm.2022.905151

Principles of data analysis Core algorithm Advantage References
Differential expression Aggregation analysis in which the effects Identifies cell-specific markers and (45-47)
analysis of different samples or treatment SCDE, MAST distinguishes among various cell
methods on gene expression levels are Census, BCseq subsets
compared
Pseudotime analysis Dynamic pathways of cell development Monocle Identifies key genes in cell (48-51)
or differentiation are inferred based on differentiation in a non-purified
gene expression patterns in single cells state
Gene Ontology analysis Controlled word sets, which Gene Ontology Determines accurate descriptions (52)
comprehensively describe the properties of cells and molecular functions
of genes and gene products, are
identified
Cell clustering analysis Define cell types through unsupervised k-means Identifies putative cell types in any (53)
clustering on the basis of transcriptome samples
similarity
RNA velocity Recovers directed information by velocyto, scVelo Grants access to the descriptive (54)

distinguishing unspliced and spliced
mRNAs

of individual CPC fate and differentiation direction. They
found that Hand2-knockout mice have abnormal right
ventricle formation due to defective ventricular outflow tract
development, resulting in congenital heart disease phenotypes.
In addition, scRNA-seq also provides a higher discriminative
power regarding genetic alterations in specific cell types that
trigger congenital heart disease. Hu et al. (21) compared the
single-cell transcriptome sequencing results of nuclei from
the hearts of mice with mitochondrial cardiomyopathy and
normal mouse hearts. They found that the growth factor
GDF15 was up-regulated in the former, revealing the cardiac
cell type-specific gene regulatory network of GDFI5. These
studies demonstrate that the application of scRNA-seq not
only paints a new picture of cardiac development from a
completely new perspective, but also provides new information
on genes and mechanisms for further elucidation of congenital
heart disease.

Heart disease in adults

There is a growing interest in conducting research on
cardiac disease pathogenesis and novel therapeutic targets, and
scRNA-seq is revolutionizing our understanding of common
cardiac diseases. Using a pressure overload-induced heart
failure model, scRNA-seq provides insights into cardiac cellular
heterogeneity, laying the foundation for therapeutic strategies
for the disease. Nomura et al. (66) constructed trajectories
related to cardiomyocyte remodeling by subjecting individual
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state of a cell, and its direction and
speed of movement in

transcriptome space

cardiomyocytes to scRNA-seq, elucidating the genetic programs
underlying the morphological and functional characteristics
of cardiac hypertrophy and failure. In the early stage of
cardiac hypertrophy, cardiomyocytes activate mitochondrial
metabolic genes, which are related to cardiomyocyte size and
connect to the ERK1/2 and NRFI/2 transcriptional networks
to initiate myocardial remodeling. In the late stage of cardiac
hypertrophy, the p53 signaling pathway is activated, followed
by cardiomyocyte morphological elongation and heart failure.
Furthermore, scRNA-seq has been used to track cell fate
transitions in the early, developing, and convalescent phases
of myocardial infarction, providing new insights into the
pathogenesis of myocardial infarction (67). In the early phases
of myocardial infarction, fibroblasts are activated, creating
a collagen scar that reduces further cardiac tissue rupture.
But in the convalescent phases of myocardial infarction,
fibroblasts will eventually lead to heart failure (68). Therefore,
studying activated fibroblasts helps us to better understand
their role in the pathogenesis of myocardial infarction. By
performing scRNA-seq on collagen lal green fluorescent
protein (GFP)T fibroblasts after myocardial infarction, Ruiz-
Villalba et al. (69) found that activated fibroblasts up-regulate
collagen triple helix repeat containing 1 (Cthrcl) in the early
stage of myocardial infarction and participate in collagen
synthesis through TGF-f signaling, to promote healing and
prevent heart rupture. Cthrcl was down-regulated during the
myocardial infarction recovery period to avoid pathological
ventricular remodeling.
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TABLE 3 Research on single-cell sequencing of aortic cells in atherosclerosis (AS).

Species Cell type

Mouse CD45% leukocytes

Mouse Thi-like IFNy*CCR5*
Treg subset (Th1/Tregs),
T regulatory (Treg) cells,
and Th1 cells

Mouse/human Smooth muscle cells

Mouse Adventitial cells

Mouse Macrophages

Human smooth muscle cells

Platform

Fluidigm C1

Fluidigm C1

10x Genomics

10x Genomics

10x Genomics

ICELL8

Main findings References
Depiction of immune cell composition and transformation trends (73)
within atherosclerotic arterial vessels

AS involves Treg plasticity, accumulation of interferon gamma* (74)
Th1/Tregs, Treg subpopulation dysfunction, and further promotes

arterial inflammation

TCF21 regulates the transition of smooth muscle cells to fibromuscular (75)
cells in AS, and the latter protects against AS by infiltrating lesions

Descriptive cellular atlas of heterogeneous cell populations in the (76)
adventitia, revealing dynamic interactions between adventitial

macrophages and stroma in AS

Non-foaming macrophages promote inflammation in AS (77)
Histone H2A variant H2A.Z was down-regulated in AS smooth muscle (78)

cells, and its overexpression inhibited VSMC dedifferentiation and
neointima formation caused by injury, and played a protective role in

AS

Vascular lesions

Atherosclerosis (AS) is a chronic inflammatory disease
associated with vascular endothelial cell dysfunction, myeloid
cell enrichment, lipid deposition and foam cell formation (70—
72). scRNA-seq has advanced the understanding of AS as a
multifactorial disease involving diverse cellular interactions (see
Table 3 for details). In addition, the application of scRNA-
seq to abdominal aortic aneurysm (AAA) research and the
development of spatial transcriptomics have led to a deeper
understanding of the cellular heterogeneity involved in AAA
and the functional status of the various cells. Yang et al. (79)
performed scRNA-seq (based on the 10x Genomics) platform on
aortic cells in the early stage of AAA. They observed the number
of macrophages was increased. And M¢-2, an inflammatory
macrophage, was found to be the main enriched macrophage
type in the early stage of the disease. Thus, scRNA-seq revealed
the types of smooth muscle cells and macrophages involved in
the development of AAA, and predicted the functional status
of cells, in order to improve research on AAA pathogenesis,
targeted drug development, and personalized vascular medicine.

Cardiac precision medicine

to deliver
health.
This involves constructing information repositories and

The purpose of precision medicine is

individualized treatment in order to improve
infrastructure to improve the efficiency of clinical research,
and to provide more precise information in clinical settings
(80). In cardiovascular system applications, scRNA-seq has

enabled the identification of disease-causing gene expression
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and mutations at the single-cell level, and it has provided
unprecedented insights into cell developmental trajectories
and differentiation directions. Hulin et al. (81) used droplet-
based transcriptome sequencing to show that the gene
expression and function of endothelial and immune cell
subsets remained relatively constant during aortic and mitral
valve development in neonatal d7 (primitive values) and
d30 (mature valves) mice, while the interstitial cell subsets
exhibited significant changes. This study was the first to
reveal the cellular diversity during heart valve remodeling,
opening up new avenues for studying heart valve homeostasis
and the molecular mechanisms of valve diseases. Due to
its unique technical advantages, scRNA-seq has played an
important role in revealing cell-to-cell heterogeneity during
disease development and drug treatment. Its role in identifying
and thereby targeting complex cardiovascular pathological
phenotypic pathways has also promoted the development of
cardiac precision medicine, providing effective therapeutic
strategies for cardiovascular diseases. However, scRNA-seq
still has shortcomings such as excessive raw data noise and
low gene coverage (82). It is believed that with continuous
scRNA-seq innovations related to the current technical barriers,
its contribution to cardiac precision medicine will become

more significant.

Coronavirus disease 2019 associated
heart injury

Severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2) binds to the ACE2 receptor and transmembrane
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protease serine 2 (TMPRSS2) cleaves the viral S protein
(83). This activates the process of entry into host cells to
allow the virus to infect these cells, which eventually leads
to novel coronavirus-associated pneumonia (COVID-19) and
cardiac damage (84). ACE2 and TMPRSS2 double positivity
is a key condition for SARS-CoV-2 to enter cells. Liu et al.
(85) compared the scRNA-seq data of fetal and adult human
heart tissue with lung tissue data and showed that ACE2
was relatively up-regulated in heart tissue compared to lung
tissue, but due to the low TMPRSS2 expression, the heart
damage was minor. Thus, a lower percentage of ACE2T
TMPRSS2T cells somewhat reduce susceptibility to SARS-
CoV-2-induced cardiac damage. Nevertheless, up-regulated
cathepsin L (CTSL) and paired basic amino acid-cleaving
enzyme (furin) in the heart may compensate for TMPRSS2,
mediating SARS-CoV-2 infection of the heart (85). Sequencing
single adult coronary artery cells showed that compared to
endothelial cells from the lung, ACE2 was up-regulated in
cardiac endothelial cells, but TMPRSS2 was down-regulated,
so the endothelial cells may act as a barrier that protects the
cardiac tissue from circulating SARS-CoV-2 (85). The above
studies show that single-cell sequencing, as a powerful technical
means, can help to further understand the cardiovascular
damage caused by SARS-CoV-2 and its underlying mechanisms,
thereby promoting the identification of treatment targets and
reducing mortality.

Expansion of the application of
scRNA-seq

Cell—-cell interactions

Recognition and signal transmission between cells is carried
out through receptor-ligand binding. Accurate CCls based on
this process are an important prerequisite for organisms to
maintain complex life activities (86). Therefore, the study of
the CCI process is beneficial to advancing the interpretation of
cell biological functions, metabolic states, disease pathological
processes, and other aspects.

Deciphering CCIs based on gene expression using scRNA-
seq has been greatly developed. Compared to traditional
analytical methods, it has greater advantages in quantifying gene
expression in rare cell types and identifying cellular sources
of proteins that mediate CCIs. For example, Skelly et al.
(87) constructed a framework of the extensive networks of
intercellular communication in the heart by performing scRNA-
seq on mouse non-cardiomyocyte cells. Similarly, Wang et al.
(88) compared the interactions of human cardiomyocyte cells
and non-cardiomyocytes in healthy and failing states based
on scRNA-seq, which revealed the regulation of cardiomyocyte
behavior by non-cardiomyocyte cells.
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Trajectory analysis

Traditional lineage tracing methods involve tracking the
expression levels of specific genetic markers in progeny cells
(89). Due to the limited number of genetic marker genes
available, it is impossible to accurately track all progeny cell
types, so information on cell heterogeneity is incomplete.
However, with the development of scRNA-seq technologies and
computational methods, trajectory analysis based on scRNA-
seq data makes it possible to trace cell development and
differentiation lineages without using clear genetic markers (90).
Among the methods, pseudo-time trajectory analysis based on
the Monocle algorithm is the most representative (91). The
principle is to infer the trajectory based on the similarity of
expression patterns between the sequenced cells, and then to
sort the single cells in one-dimensional space to indicate the
trajectory. In this way, information on the complex dynamic
differentiation process of cells can be obtained (92).

However, pseudo-time trajectory analysis cannot completely
replace the traditional lineage tracing methods due to the
disadvantages of non-linear intermediate product interference,
batch
Nevertheless, the calculation methods involved in pseudo-

unstable sequencing depth, and obvious effects.
time trajectory analysis are still being continuously improved.
Currently, Monocle3, which is an improved version of Monocle,
is being used for trajectory analysis of limbal basal epithelial
cells (93) and analysis of tumor cell genetic mutations (94).
With the continuous advancement of technology, it is expected
that developmental trajectory analysis will be combined with
spatial transcriptomics analysis and data on cell and molecular
properties. These methods will then play greater roles in
revealing the gene expression signatures of different cells
and developmental stages and in constructing embryonic

developmental maps of unexplored species.

Comparison with other single-cell
technologies

Single-nucleus RNA sequencing

Compared to scRNA-seq, snRNA-seq has the advantages
of less tissue dissociation bias, high compatibility with
frozen samples, and elimination of tissue dissociation-induced
transcriptional stress responses because it is not limited by
the dissociation conditions (95). It has been widely used in
many organs including the heart. By performing snRNA-
seq on adult mammalian hearts, Wolfien et al. (96) found
that mature cardiomyocytes are not of a single origin and
identified a cardiomyocyte subpopulation of endothelium-
oriented origin with dual roles. Likewise, Galow et al.
(97) found that the turnover of the cardiomyocyte pool is
generated by cytokinesis of resident cardiomyocytes rather
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than being driven by the differentiation of progenitor cells.
These studies contribute to the understanding of cardiac cell
biology, including cardiomyocyte regeneration. In addition, by
performing snRNA-seq on left ventricle samples from hearts
with dilated cardiomyopathy and hypertrophic cardiomyopathy
as well as non-failing hearts, Chaffin et al. (98) found that
in cardiomyopathic hearts, the expression of proliferating
resident cardiac macrophages was reduced and that of activated
fibroblasts was increased. PRELP and COL22A1 played a
plausible role in cardiac fibrosis by encoding the extracellular
matrix protein prolargin in fibroblasts. Their research will
expand our understanding of the transcriptional and molecular
basis of cardiomyopathy.

snRNA-seq has
conditions and complex procedures. In addition, the level

However, strict nuclear extraction
of mRNA in the nucleus is relatively low, it is estimated that
only 50% of RNA is present in the nucleus vs. cytoplasm, so
snRNA-seq is not highly sensitive for all cells and genes (99).
Thrupp et al. (100) compared the performance of snRNA-seq
and scRNA-seq for analyzing human cortical microglia and
found that snRNA-seq was less sensitive at identifying some
genes (such as APOE and CST3) related to Alzheimer’s disease,
showing that snRNA-seq provides insufficient insights into
some genes in some human tissues and cells. Additionally,
Slyper et al. (99) showed that snRNA-seq was less powerful than
scRNA-seq for the analysis of immune cells in fresh and frozen
human tumor samples. Therefore, researchers should combine
snRNA-seq data with cell phenotyping and proteomics to gain
accurate and comprehensive information.

In addition, the combination of snRNA-seq and single
nucleus assay for transposase-accessible chromatin sequencing
(snATAC-seq) has been wused in experimental research.
By analyzing transcriptomic and epigenomic interactive
multimodal atlas by Combining snRNA-seq and snATAC-seq,
Muto et al. (101) highlighted functional heterogeneity in the
proximal tubule and thick ascending limb. Similarly, Thomas
et al. (102) identified transcription-factor-binding motifs and
cis-regulatory elements in the human retina and induced
pluripotent stem cell-derived retinal organoids through the use
of snATAC-seq and snRNA-seq. This combination will provide
a unique opportunity to utilize tissues that have been already
obtained and help researchers get more information.

Mass cytometry (cytometry by
time-of-flight mass spectrometry)

As post-translational modification is a key process in gene
regulation and signaling pathway activation, there is a lack of
one-to-one correspondence between mRNA and protein levels
in cells. Therefore, the application of single-cell technologies in
the field of proteomics helps to gain accurate information on
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disease pathogenesis. Among the technologies, mass cytometry
(CyTOF) is a multi-parameter single-cell technology. Owing
to its high accuracy in single-cell analysis and wide range of
measurement parameters, it can accurately analyze intracellular
signaling networks and immunophenotypes, making it a
powerful single-cell proteomics tool (103). For example, by
performing CyTOF and scRNA-seq on carotid plaques and
T cells of AS patients, Fernandez et al. (104) found that
CD4" T cell subsets differed between AS patients and
healthy individuals, with some T cell subsets showing signs
of exhaustion. Identification of macrophage subsets associated
with carotid plaque vulnerability has furthered research on
cardiovascular immunotherapies (104). Similarly, Chen et al.
(105) performed CyTOF on the aortic smooth muscle cells of
a mouse model of the aneurysm and found that KLF4 reduces
TGF- signaling and reprograms contractile smooth muscle cells
into mesenchymal stem cells, thus promoting the generation and
progression of aneurysms.

“Spatial transcriptomics” technologies

scRNA-seq has unique advantages regarding providing
information on cellular heterogeneity and disease pathogenesis,
but there are still some limitations. The extraction of

single cells precludes

specific

collecting  detailed information
and this
scRNA-seq less effective for functional interpretation of

on their location in tissues makes
gene expression in specific physiological or pathological
microenvironments (106). To obtain both cellular location
and gene expression data, in 2016 Stahl et al. (107) developed
spatial transcriptomics technologies to capture mRNAs
along with location data in tissues (using unique location
barcodes) in order to visualize gene expression distribution
in tissues.

In recent years, the development of spatial transcriptomics
technologies has been rapid. Among them, tissue-based labeling
technology represents the latest technological progress in
spatial transcriptomics. The ZipSeq technology invented
by Hu et al. (108) is a representative living tissue labeling
technology. It uses a light control system to map DNA
barcodes to living cells to identify real-time gene expression
levels in specific cells. It is beneficial to combine spatial
information with surface epitope profiling, and thereby
promote understanding of the interconnections between
cellular locations and transcriptional heterogeneity. Spatial
Transcriptomics technical

frequently  provides support

for research on tissue and cell spatial heterogeneity

and gene expression across many research fields such
mapping,
functional state interpretation, and disease model exploration.

as developmental differentiation lineage cell
It has become a core technical facility in the field of

biological research.
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Omics analysis

Precision medicine will be improved by combining multi-
omics approaches related to the epigenome, transcriptome,
proteome, and metabolome. Epigenomics analysis, including
the analysis of DNA methylation, histone acetylation, and
phosphorylation, is an important component of the multi-
omics analysis (109). Asare et al. (110) used bone marrow
reconstitution experiments in mice with hyperlipidemia and
epigenomics analysis to show that histone deacetylase 9
(HDAC9) binds to inhibitory kappa B kinase (IKK), resulting
in IKK deacetylation and activation, and stimulating the
inflammatory response of macrophages and endothelial cells.
The research revealed that HDACY inhibition therapy delays
AS progression.

Current research directions in the field of multi-omics
involve reducing the experimental cost and combining more
omics techniques together. In addition, metabolomic analysis
of metabolic changes, which are located downstream of the
genome—closer to the phenotype of the organism—can lead
to a better assessment of the physiological changes that occur
in diseased states (111). Since the appearance of metabolomic
in 1999 (112), great progress has been made in understanding
the pathological mechanisms underlying cardiovascular disease.
For example, Murashige et al. (113) conducted a metabolomic
study of arterial, coronary, and femoral venous blood from 110
heart failure and non-heart failure patients and found that fatty
acids are the main energy source of the heart in both groups,
but the hearts of the heart failure patients exhibited higher
ketone and lactate consumption with a high proteolysis rate.
The findings contribute to the construction of a framework
describing human cardiac energy sources and provide a basis
for understanding cardiometabolic abnormalities in disease
states. Unlike scRNA-seq, metabolomics analysis can easily
integrate upstream genetic data, transcriptional and proteomic
variation, and cellular microenvironment information, so it can
better reflect the molecular processes involved in disease states
(114). At present, combined single-cell multi-omics analysis
technologies are developing rapidly. Multi-omics technologies
for analyzing the transcriptome, open chromatin, and histone
modification has been gradually developed and has become
an important tool for promoting the development of precision
medicine (115).

Discussion

The use of scRNA-seq in cardiovascular research has been
greatly promoted by the innovation of single-cell capture
methods, the development of gene amplification methods,
the emergence of multiple sequencing platforms, and the
diversification of data analysis methods. scRNA-seq has played
an important role in exploring cardiac cell heterogeneity during
heart development, improving stem cell models, and revealing
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the molecular mechanisms of diseases and potential therapeutic
targets. In particular, it has been useful in research on the
mechanisms of COVID-19-related cardiac injury, which may
lead to rapid identification of therapeutic targets and reductions
in mortality.

Combining single-cell sequencing with other technologies
would also provide more useful information to researchers.
Ranzoni et al. (116) applied scRNA-seq and scATAC-seq to
human immunophenotypic blood cells from fetal liver and
bone marrow, they identified transcriptional and functional
differences between hematopoietic stem cells from liver and
bone marrow. Similarly, Moncada et al. (117) performed
microarray-based spatial transcriptomics with scRNA-Seq on
pancreatic tumors, they identified cell type subpopulations
across tissue regions and cell state relationships in the tumor
microenvironment. In addition, Zhao et al. (118) applied pooled
CRISPR delivery and single-cell transcriptome analysis to the
Pcell line MING, they confirmed that the IncRNA-enriched
cluster of MIN6 was associated with insulin transcription.

However, scRNA-seq still has certain limitations. First,
single-cell sorting platforms have limitations in capturing
cardiomyocytes due to their large size. Second, compared to
snRNA-seq, scRNA-seq has limitations such as low compatibility
with frozen samples, inducing strong transcriptional stress
responses that affect the results, and the inability to provide
nuclear gene expression information. In addition, compared to
CyTOE scRNA-seq cannot take into account proteomics data
alongside gene expression data, and it provides poor insights
into pathological states caused by abnormal post-translational
modification of genes. An enzyme-tethering strategy called
Cleavage Under Targets and Tagmentation (CUT&Tag) has
emerged (119). In CUT&Tag, a specific antibody binds to
the target chromatin protein, which then tethers a protein
A-Tn5 transposase. After activation of the transposase and
DNA purification because of the addition of Mg?T, the
genomic fragments with adapters at both ends are enriched
by PCR. The steps from Sample preparation to amplification
and library preparation can be performed in a single tube on
the benchtop in 1 day. This strategy provides high-resolution
and low background sequencing libraries for profiling diverse
chromatin components and saves time. Therefore, there is still
a lot of room for improvement of scRNA-seq technologies for
use in cardiovascular system research. Future research should
focus on developing more efficient platforms for cardiomyocyte
capture, improving sequencing coverage, and reducing costs in
order to conduct large-scale single-cell sequencing experiments
to address clinical problems related to the cardiovascular
system. For example, breakthroughs have already been made
in the fields of metabolic heart diseases, including diabetic
cardiomyopathy (120) and Alcoholic-dilated Cardiomyopathy
(121). In addition, scRNA-seq should be improved in terms
of sequencing technology standardization, and visualization of
analysis results in order to meet the needs of integrated multi-
omics research. It is believed that with continuous innovation,
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scRNA-seq will play a greater role in the field of cardiovascular
system research and promote the development of precision
medicine, including targeted diagnostic methods and treatments
for cardiovascular diseases.
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Abdominal aortic aneurysm (AAA) is a life-threatening disease and there is
currently a lack of effective treatment to prevent it rupturing. SCRNA-seq
studies of AAA are still lacking. In the study, we analyzed the published
AAA scRNA-seq datasets from the mouse elastase-induced model, CaCl,
treatment model, Ang ll-induced model and human by using bioinformatic
approaches and in silico analysis. A total of 26 cell clusters were obtained
and 11 cell types were identified from multiple mouse AAA models. Also, the
proportion of M¢/Mo increased in the AAA group and M¢/Mo was divided
into seven subtypes. There were significant differences in transcriptional
regulation patterns of M¢/Mo in different AAA models. The enrichment
pathways of upregulated or downregulated genes from M¢/Mo in the three
mouse datasets were different. The actived regulons of Mgo/Mo had strong
specificity and the repressed regulons showed high consistency. The co-
upregulated genes as well as actived regulons and co-downregulated genes
as well as repressed regulons were closely correlated and formed regulatory
networks. Mg/Mo from human AAA dataset was divided into five subtypes.
The proportion of three macrophage subpopulations increased but the
proportion of two monocyte subpopulations decreased. In the AAA group,
the upregulated or downregulated genes of Mgp/Mo were enriched in different
pathways. After further analyzing the genes in M¢/Mo of both mouse and
human scRNA-seq datasets, two genes were upregulated in the four datasets,
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IL-1B and THBSI. In conclusion, in silico analysis of scRNA-seq revealed that
M¢/Mo and their regulatory related genes as well as interaction networks
played an important role in the pathogenesis of AAA.

abdominal aortic aneurysm, single-cell transcriptome analysis, macrophages/
monocytes, single-cell RNA sequencing, in silico analysis

Introduction

Abdominal aortic aneurysm (AAA), a cardiovascular disease
with serious complications, is charactered by permanent local
dilation of the abdominal aortic wall that exceeds 50% of
the normal blood vessel diameter (1). As the disease worsens
and the inner diameter of aorta dilates, the risk of AAA
rupture increases (2). Over time, AAA can grow in size
and rupture, causing life-threatening bleeding. Patients with
AAA are usually asymptomatic until a catastrophic rupture
occurs (3). Inflammatory cell infiltration, neovascularization,
and the production as well as activation of various proteases
as well as cytokines contributed to the development of AAA
(4). Inflammatory processes played a critical role in AAA
and significantly affected many determinants of aortic wall
remodeling (5, 6). Various inflammatory cell types in AAA, such
as macrophages, CD4™ T cells, and B cells, had great importance
in the pathological aortic wall through phenotypic regulation
(7). In addition, continuous crosstalk between various cells
also affected the occurrence and development of AAA (8, 9).
Therefore, the study of cell heterogeneity in the development
of AAA may be a breakthrough to further understand its
pathogenesis and develop targeted drugs. However, the relevant
studies are still scarce.

The advances in the pathophysiology of AAA partly
depend on the development and application of effective animal
AAA models that replicate the key aspects of human. The
basic premise of these animal models is that they share
the same biochemical and cellular mechanisms as human
possesses. Mouse AAA models have been widely used to
study the occurrence and progression of AAA, including
spontaneous aneurysm formation, drug-induced aneurysm,
surgically induced aneurysm, genetic manipulation, chemical
induction, and dietary models. Chemical methods included
intracavity infusion of elastase, perivascular incubation of
calcium chloride (CaCly), and subcutaneous infusion of
angiotensin IT (Ang II) (10). Validation of mouse AAA models
will provide insights into the mechanism of progression of
human AAA. However, in mouse AAA models induced by
different ways, what are the differences as well as similarities
of gene expression patterns in different cell clusters and
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what molecular mechanisms are common to human AAA
remains unclear.

The of AAA included
extracellular matrix remodeling that related to degeneration and

main pathological features
loss of vascular smooth muscle cells (VSMCs), accumulation
and activation of inflammatory cells (11). MMP9 derived from
macrophages was a key factor in the degradation of extracellular
matrix and crucial for the development of AAA (12). Different
monocytes and macrophages subpopulations played a key and
differential role in the initiation, progression, and healing of
AAA process (5). The specific role of macrophages/monocytes
(M@/Mo) accumulation in AAA remains unclear. The human
aneurysm tissue showed numerous infiltrating macrophages
(5). Multiple studies have shown that multiple genes mediated
the development or suppression of AAA by regulating
macrophages (13-15). For IL-18 and TNF-a
influenced the formation of AAA through differential effects
on macrophage polarization (13). Histone demethylase J]MJD3

example,

induced NFkB-mediated inflammatory gene transcription
in infiltrating aortic macrophages. Targeted inhibition of
JM]JD3 significantly reduced AAA amplification and attenuated
macrophage-mediated inflammation in vivo (14). Chemokine
CCL7 contributed to Ang II-induced AAA by promoting
M1 phenotype of macrophages through CCRI/JAK2/STATI
signaling pathway (15). Macrophages can also work through
crosstalk with other cells. For example, macrophage-derived
netrin-1 promoted AAA formation by activating MMP3 in
VSMCs (8). However, most of the existing research conclusion
were based on a certain AAA model, and there was still a lack
of comparison of the differences of macrophage transcriptional
regulation modes in different mouse AAA models.

Previous sequencing technologies are to study the
aggregation of cells, reflecting the average level of cell
clusters, which cannot objectively reflect the information
of the occurrence and development of diseases; but the
information contained and expression level between cells vary
greatly. Single-cell RNA sequencing (scRNA-seq) enabled
the amplification and sequencing of whole transcriptome
at the single-cell level. The principle was to amplify the
trace amounts of whole transcriptome RNA from isolated
single cells, then perform high-throughput sequencing,
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finally output the gene expression level of each cell through
bioinformatics analysis. ScCRNA-seq technology can reveal
the overall level of gene expression status within a single
cell, accurately reflect the heterogeneity among cells (16-
18), reveal the diversity of immune cells in tissues (19),
and build an interaction network among different cell
(17).

sequencing has been widely used to detect gene expression

populations Therefore, single-cell transcriptome
in different cell types during reproduction, development

and disease occurrence, and to reveal the molecular
mechanisms of the functions and effects of different cells
in these processes.

Single-cell RNA sequencing provided a useful tool for
studying the heterogeneity and dynamic regulation of AAA
cells and much information on cell-specific gene expression
profiles during the development and progression of AAA.
Davis identified increased JMJD3 in aortic M¢/Mo by using
scRNA-seq from human AAA tissue, leading to upregulation
of inflammatory immune responses (14). Hadi found that
macrophage derived netrin-1 promotes the formation of
AAA by activating MMP3 in VSMCs through scRNA-seq of
mouse AAA (8). Yang induced AAA in C57BL/6] mouse
by perivascular application of CaCl, for scRNA-seq, and
analyzed the transcriptional profile and potential functional
characteristics of populations in VSMCs, fibroblasts and
macrophages (20). Yu demonstrated the key role of Malatl
VSMCs in the occurrence and progression of AAA by scRNA-
seq of Ang Il-induced AAA treated with or without the
inhibitor (21). Zhao demonstrated the heterogeneity and
cellular response of VSMCs and M¢/Mo in the progression
of AAA by scRNA-seq of elastase-induced AAA (22). These
scRNA-seq datasets provided insights into the pathogenesis
of diseases and were rich resources for developing novel
targeted therapy strategies. Based on these published datasets
of different AAA mouse models and human AAA tissues,
we hoped to uncover the conserved transcriptional regulatory
patterns of macrophages during the development of AAA, and
thereby elucidated the potential key roles of these genes in the
pathogenesis of AAA.

Materials and methods

Retrieval and process of public data

Unique Molecular Identifier (UMI) count matrix for AAA
and control sample scRNA-seq data of 4 datasets (14, 20-22)
were downloaded from the GEO database. The UMI count
matrix was converted from R package Seurat to Seurat objects
(23) (version 4.0.4). Cells with UMI number < 500 or detected
genes < 200 or those with mitochondrial-derived UMI counts
of more than 10% were considered to be of low quality and were
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removed. Genes detected in less than 3 cells were removed for
downstream analysis.

ScRNA-seq data preprocessing and
quality control

After quality control, the UMI count matrix was log
normalized. Then top 2,000 variable genes were applied to create
potential Anchors by using Seurat’s FindIntegrationAnchors
function. Subsequently, IntegrateData function was applied to
integrate data. In order to reduce the dimensionality of the
scRNA-seq datasets, principal component analysis (PCA) was
performed on the integrated data matrix. With Elbowplot
function from Seurat, top 50 principal components (PCs) were
applied to perform the downstream analysis. The main cell
clusters were recognized with the FindClusters function of
Seurat, with resolution set as default (res = 0.4). Finally, the cells
aggregated into different cell types. Then they were visualized
with t-distributed stochastic neighbor embedding (tSNE) or
uniform manifold approximation and projection (UMAP) plots.
For the gene markers of each cell clusters, we used the
FindMarkers function in the Seurat package (version 4.0.4), and
then we annotated cell types using previously published marker
genes (24, 25).

Differential gene expression analysis

The Seurat package FindMarkers/Find AllMarkers functions
(one-tailed Wilcoxon rank sum test, p-values adjusted for
multiple testing using the Bonferroni correction) were used
to determine the differentially expressed genes (DEGs). When
DEGs were calculated, the expression difference of all genes on
the natural logarithmic scale was at least 0.5, and the adjusted
p-value was less than 0.05.

Transcription factor regulatory
network analysis

The modules of transcription factor (TF) were recognized
by the SCENIC (26) python workflow (version 0.11.2) using
default parameters.! A list of mouse TF genes was extracted
from the resources of pySCENIC.? Actived TFs were identified
in the AUC matrix and differentially actived TFs were selected
by using the Find AllMarkers function of the Seurat package. The
networks of the modules with TFs and their target genes were
visualized by Cytoscape (version 3.9.1).3

1 http://scenic.aertslab.org
2 https://github.com/aertslab/pySCENIC/tree/master/resources
3 https://cytoscape.org
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FIGURE 1
Single-cell RNA sequencing (ScCRNA-seq) analysis of abdominal aortic tissue from different mouse abdominal aortic aneurysm (AAA) models
identified distinct macrophages/monocytes (Mg/Mo) types. (A) Schematic illustration of sample preparation and scRNA-seq data processing.
(B, C) t-distributed stochastic neighbor embedding (tSNE) plot of composite single-cell transcriptomic profiles from all six abdominal aortic
samples from three datasets. Colors indicated cell clusters along with annotations. Mg¢/Mo, macrophage/monocyte cells; SMC, smooth muscle
cells; DC, dendritic cells. (D) Dot plot showing expression of representative genes in each cell type. (E) Scatter plot comparing the proportions
of cell populations of each cell type in two groups. (F) Rank order based on decreasing values of the relative frequency ratio between two
sample groups.
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Functional enrichment analysis

To sort out functional categories of genes, Gene Ontology
(GO) terms and Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathways were identified using KOBAS 2.0 (27).
Hypergeometric test and Benjamini-Hochberg FDR controlling
procedure were applied to define the enrichment of each term.

Other statistical analysis

The pheatmap package* in R was used for performing the
clustering based on Euclidean distance.

Results

ScRNA-seq analysis of abdominal
aortic tissue from different mouse AAA
models identified distinct cells types

In order to explore the differences and similarities of
specifically key regulatory factors of aortic tissue cells in mouse
AAA models constructed by different induction methods,
we collected single-cell transcriptome datasets of the three
published mouse AAA models: elastase induction (D1),
CaCl, induction (D2), and Ang II induction (D3). Each
dataset included two samples of AAA group and control
group (Figure 1A). Through data quality control procedure
(Supplementary Table 1), the transcriptome map data of
22,391 single cells were obtained. The transcriptome expression
matrix of them was normalized and analyzed by principal
component dimension reduction. The top 50 PCs were selected
for tSNE dimension reduction and visualization. After unbiased
clustering analysis, 26 cell clusters were obtained (Figure 1B
and Supplementary Figure 1A). Using the newly published
SCTYPE software and combined with the reported cell markers
in mouse artery tissue, 11 different cell types were identified
(Figure 1C). As shown in Figure 1D and Supplementary
Figure 1B, each cell type had specific representative genes
and expression of top 3 marker genes. Most cell clusters were
detected in three datasets, and only a few cell clusters, such
as C24 and C25, were detected only in D3, because D3 had
the largest number of cells (Supplementary Figure 1C). There
was both consistency and difference in the variation trend of
each cell subtype proportion in the three datasets (Figures 1E,
F). The proportion of cell subtypes in AAA increased as
follows: C3: M¢/Mo, C4: M@/Mo, C9: DC, C11: Neuron, C12:
Endothelial cell, C18: M¢/Mo; the proportion of CO (SMC)
and C2 (Fibroblast) decreased in AAA; the proportion of other

4 https://cran.r-project.org/web/packages/pheatmap/index.html
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cell subtypes showed different trends in the three datasets
(Figures 1E, F). The above results provided a panorama of cell
compositions and changes in different mouse AAA models, and
these cell subgroups also differed in functions (Supplementary
Figure 1D).

Single-cell analysis revealed complex
M¢/Mo heterogeneity and conserved
regulated genes between AAA and
control samples

Studies have shown that M¢/Mo played a unique and
important role in the occurrence and development of AAA
in both patients and animal models (5, 14, 28). So, it is
particularly important to further study the changes of M¢/Mo
in different mouse AAA models and the regulation of its related
gene expression. On the whole, the proportion of M¢/Mo
increased in the AAA group compared with the control group,
with a larger increase in D1 and D3 datasets and a smaller
increase in D2 dataset (Figure 2A). It may be related to the
shorter construction time of the AAA model in D2 dataset.
We conducted secondary clustering of M¢/Mo. A total of
seven subtypes were generated (Figure 2B and Supplementary
Figure 2A) and the top 3 marker genes of these subtypes were
shown (Figure 2C). Taking Mg/Mo as the overall background,
its found that the changes of the relative proportions of
Mg/Mo subtypes in the three groups were highly dynamic
and heterogeneous (Figure 2D and Supplementary Figure 2B).
For example, the relative proportion of m-MO type increased
in AAA of D1 dataset and decreased in AAA of D2 and
D3 datasets; the m-M1 as well as m-M2 types increased and
m-M3 as well as m-M6 types decreased in AAA of the three
datasets; the proportion of m-M4 and m-M5 varied in the
three datasets (Figure 2D and Supplementary Figure 2B).
The marker genes enriched functions of M¢/Mo subtypes
were also varied to different extent (Figure 2E). Further, we
explored the changes in gene expressions in M¢/Mo during the
development of AAA. Compared with the control group, the
enrichment functions of upregulated genes were different. But
it was relatively consistent that inflammatory response, immune
system and apoptotic process pathways were mainly enriched
in the three datasets (Figure 2F). For downregulated genes, the
enriched pathways were also significantly different in the three
datasets (Supplementary Figure 2C). These results suggested
that there were significant differences in the transcriptional
regulation patterns of M¢/Mo in different mouse AAA models.
The intersection of upregulated and downregulated genes in
the three datasets showed that six genes, Gngt2, II-1b, Lgals3,
Sppl, Tgm2 as well as Thbs1, were upregulated and three genes,
Cbr2, Folr2 as well as Mrcl, were downregulated (Figure 2G).
As shown in Figure 2H, the expression of these co-DEGs was
showed in the three datasets, and their changes displayed certain
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Single-cell analysis revealed complex macrophages/monocytes (Mg/Mo) heterogeneity and conserved regulated genes between abdominal
aortic aneurysm (AAA) and control samples. (A) Barplot represented the percentage of M¢/Mo in total cells. (B) Uniform manifold approximation
and projection (UMAP) plot of single-cell RNA sequencing (scRNA-seq) profile from Mg/Mo separated into seven subtypes. Cells were colored
according to different cell types. (C) Dot plot showing expression of top 3 markers in each subtype of Mg/Mo. Color of dots represented the log
fold change in each cluster comparing with other cells and dot size indicated percentage of cells in each cluster expressing the marker genes.
(D) Bar plot comparing the proportions of cell populations of subtype of Mgp/Mo within each sample group. (E) Gene ontology enrichment
analysis of biological processes of marker genes of each cell type. Top 3 terms were selected for each cluster and heatmap showed the
enrichment g-value of these terms (scaled by column). (F) Gene ontology terms enriched in AAA versus in control Mg/Mo for each dataset,
respectively. The top 10 terms from upregulated genes are depicted as scatter plots displaying —logig (p-value) and gene number. (G) Venn
diagram showing the co-up (left) and co-down (right) regulated genes comparing AAA Mg/Mo with control group from three datasets.

(H) Unsupervised clustering heatmap showing relative expression (column scaled) levels of co-up genes and co-down genes in Mg/Mo of each
sample group. (I,d) Gene expression level of /[-1b (I) and Cbr2 (3) were represented in the violin plot split by different sample groups.
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heterogeneity in different Mg/Mo subtypes (Figures 2I, ] and
Supplementary Figures 2D, E).

Different AAA models had similar
inhibition characteristics of
transcription factors

To explore the regulons of M¢/Mo, we used pySCENIC to
calculate regulon activity scores (RASs) in all M@/Mo and Seurat
to construct the M@/Mo transcriptional regulation map. It’s
observed that the clusters displayed by regulons were generally
consistent with M¢/Mo subtypes but showed certain specificity
(Figure 3A). It was also observed that different subgroups
showed highly specific and different activation of regulons
(Supplementary Figure 3A). By further comparing the actived
and repressed regulons in AAA and control groups, it’s found
that the actived regulons had strong specificity, and only one
co-actived regulon GmI4327 was found in the AAA group of
the three datasets (Supplementary Figure 3B). However, the
repressed regulons were showed high consistency and a total
of four regulons were detected in three datasets, including Dbp,
Spl, Tcf4, Zfp275 (Figure 3B). As shown in Figure 3C, the co-
actived and co-repressed regulons in the intersection of two
or three databases showed different expression levels in the
control group and the AAA group. In order to further confirm
the regulatory functions of these regulons, we constructed
regulatory networks of the co-varied regulons and co-DEGs.
The co-upregulated genes as well as actived regulons and co-
downregulated genes as well as repressed regulons were closely
correlated (Figure 3D). These results suggested that co-varied
regulons of M¢/Mo had existed in different mouse AAA models
and formed regulatory networks with co-DEGs, which played an
important role in the occurrence and development of AAA.

ScRNA-seq of human AAA showed the
increase of macrophages but not
monocytes

It may be difficult to obtain human AAA tissue samples. So
far, few article has reported AAA single-cell data in humans.
Model comparisons between animals and humans were critical
to understand the pathogenicity and cell-specific regulatory
factors they shared. We first downloaded the datasets from
GEO and reanalyzed it (14). The clustering and annotation
results showed that the cell composition of the AAA group
and the control group had a very large specificity and divided
into 23 cell clusters (Supplementary Figure 4A). Each cell
type had specific representative genes and expression of top
3 marker genes (Supplementary Figure 4B). The relative
proportions of cell clusters in human AAA and control group,
and the proportions of cell populations within each sample
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group had obvious differences (Supplementary Figures 4C,
D). Me/Mo, specifically expressing CDI14, were extracted
for clustering and annotation again (Figure 4A). Further,
h-MO, h-M1, and h-M4 were annotated as macrophages, while
h-M2 and h-M3 were annotated as monocytes (Figure 4B).
Each subtype of M@/Mo had representative marker genes
(Figure 4C). By comparing the relative proportion of these
five subpopulations of M¢/Mo, its found that the proportion
of three macrophage subpopulations increased in AAA, while
the proportion of two monocyte subpopulations decreased
(Figure 4D). Also, different subpopulations of M¢/Mo had
their own specific GO enrichment of biological processes,
which represented a different role in the development of
AAA. The h-M0 was mainly enriched in synapse pruning
and macrophage migration. The h-M1 was mainly enriched
in immune response, inflammatory response and chemokine-
mediated signaling pathway. The h-M3 was mainly enriched
in immune response and neutrophil degranulation. The h-M2
and h-M4 were mainly enriched in neutrophil degranulation,
but h-M4 was also enriched in endocytosis, regulation of
macrophage migration (Supplementary Figure 4E).

IL-1B and THBS1 were most conserved
regulated genes in Mgo/Mo during AAA
development

To compare with the mouse model, we firstly analyzed
the genes of human AAA in M¢/Mo that were differentially
expressed from the control group (Figure 5A). The upregulated
genes in the AAA group were significantly enriched in
immune, inflammation, proliferation, and apoptosis related
pathways (Figure 5B). The downregulated genes were
mainly concentrated in neutrophil degranulation and
translation related pathways (Figure 5C). The upregulated
and downregulated genes in human AAA dataset and three
mouse AAA datasets were intersected. Two genes, IL-1B and
THBSI, were co-upregulated in the four datasets (Figure 5D).
However, there were no co-downregulated genes, and only
two downregulated genes (APOE, FOS) were found in D1 and
human dataset (Supplementary Figure 5A). The genes that
were upregulated in any two of the four datasets were extracted
and displayed their expression in the human AAA and control
samples. It's found that most genes showed high expression
in AAA group, indicating that the expression trends of these
genes were consistent in mouse AAA model and human AAA
tissues (Figures 5E, F). Similarly, we extracted downregulated
genes detected in any two of the four datasets and displayed
their expression in human AAA and the control group.
Different from the upregulated genes, most downregulated
genes showed a trend of high expression in human AAA tissues
(Supplementary Figures 5B, C). As shown in Figures 5G, H,

its found that IL-I1B in macrophages subtypes h-MO0 as well
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Different abdominal aortic aneurysm (AAA) models had similar inhibition characteristics of transcription factors. (A) Uniform manifold
approximation and projection (UMAP) displayed the distributions of 10 cell types based on regulons (right panel). Colors indicated cell types.
(B) Venn diagram showing the co-repressed regulons comparing AAA macrophages/monocytes (Mg/Mo) with control group from three
datasets. (C) Unsupervised clustering heatmap displayed the active states of co-actived and co-repressed regulons in each sample groups. Red
colors indicated that the network was more activated, blue colors indicated that the network was more silenced. (D) Cytoscape showed the
regulatory networks comprising transcription factors from panel (C) and their target co-differentially expressed genes (DEGs) underlying
M¢/Mo. Edges connected transcription factor-target gene pairs while nodes represented genes.

as h-M1, and THBSI in h-MO0, h-M1 as well as h-M4 were
significantly increased in AAA. These results suggested that
IL-1B and THBSI were most conserved regulated genes and
played a role in the involvement of M¢/Mo in promoting the
development of AAA both in mouse and humans.

Discussion

Abdominal aortic aneurysm is a life-threatening disease
and there is currently a lack of effective treatment to prevent
it rupturing. The mammalian abdominal aorta is composed
of a large number of multifunctional cell populations, and
each cell cluster has a distinct relationship with AAA.
Several studies have used the scRNA-seq technique to
characterize the heterogeneity of vascular cells, including
VSMCs (29), endothelial cells (ECs) (30), macrophages (31),
and aortic advection cells (32) in healthy and atherosclerotic
arteries. However, studies on the cellular heterogeneity
and aneurysm-related
AAA development are still deficient. Here, based on the
published scRNA-seq datasets of GSE152583, GSE164678,

transcriptional ~ signatures during

Frontiers in Cardiovascular Medicine

62

GSE191226, and GSE166676 from different mouse AAA
models and human AAA tissues, we explored the cellular
heterogeneity and conserved transcriptional regulation patterns
of M¢/Mo during AAA to elucidate potential critical roles
of certain genes in the pathogenesis of AAA. In the study,
26 cell clusters were obtained and 11 different cell types
were identified by their markers in the three AAA mouse
models. The proportion variation and function of each
cell subtype were both consistent and different (Figure 1
and Supplementary Figure 1). We further studied the
heterogeneity of M@/Mo and conserved regulated genes
between AAA and control samples. The proportion of
M¢@/Mo increased in the AAA group. M¢/Mo was divided
into seven subtypes and the relative proportion changes
of these subtypes were highly dynamic and heterogeneous.
Moreover, the enrichment function of Mg/Mo subtypes and
DEGs had similarities as well as differences. In addition,
there were co-downregulated genes, Gngt2, II-1b, Lgals3,
Sppl, Tgm2 as well as Thbsl, and co-upregulated genes,
Cbr2, Folr2 as well as Mrcl, in the three datasets (Figure 2
and Supplementary Figure 2). Next, we explored the
regulons of Mg/Mo, the cluster groups displayed by
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FIGURE 4
Single-cell RNA sequencing (ScCRNA-seq) of human abdominal aortic aneurysm (AAA) showed the increase of macrophage cells but not
monocytes. (A) Gene expression level of CD14 were represented in the uniform manifold approximation and projection (UMAP) plot split by
human AAA and control group. (B) UMAP plot of scRNA-seq profile from macrophages/monocytes (M¢/Mo) was separated into five subtypes.
Cells were colored according to different cell types. C_Monocytes, classical monocytes; N_Monocytes, non-classical monocytes. (C) Dot plot
showing expression of representative markers in each subtype of M¢/Mo. Color of dots represented the log fold change in each cluster
comparing with other cells and dot size indicated percentage of cells in each cluster expressing the marker genes. (D) Bar plot comparing the
proportions of cell populations of subtype of M¢/Mo within each sample group.

regulons were generally consistent with Mg/Mo subtypes
but showed certain specificity. The activated regulons had
strong specificity but the repressed regulons had shown
high consistency. The co-upregulated genes as well as
actived regulons and co-downregulated genes as well as
repressed regulons were significantly correlated (Figure 3
and Supplementary Figure 3). The M¢/Mo in human AAA
tissue was divided into five subtypes. The proportion of three
macrophage subpopulations increased in AAA, while the
proportion of two monocyte subpopulations decreased. The
different subpopulations had their own specific functions,
indicating that scRNA-seq of human AAA showed the
increase of macrophages but not monocytes (Figure 4 and
Supplementary Figure 4). Finally, the upregulated and
downregulated genes in the human AAA dataset and the
three mouse AAA datasets were intersected. Two genes
were co-upregulated in the four datasets, including IL-1B
and THBSI (Figure 5 and Supplementary Figure 5). In
summary, in silico analysis of scRNA-seq revealed that
M¢@/Mo and its regulatory related genes as well as interaction
networks played an important role in the pathogenesis of
AAA.

Single-cell RNA sequencing is a contemporary and
powerful technique for determining transcriptome gene
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profiles at the cellular level. SCRNA-seq has been recently used
by many researchers to study the transcriptome profiles of
aortic aneurysm tissues in humans and experimental animals
at single-cell resolution (14, 20-22, 33). A comprehensive
and unbiased genetic analysis by scRNA-seq can lead to a
better understanding of cell-specific molecular signatures of
AAA under physiological and pathophysiological conditions
(34). At present, no single animal model can accurately
reflect the full spectrum of human AAA pathophysiology
(20). Therefore, further exploring the scRNA-seq datasets
of different AAA models and human specimens will help
better understand the pathogenesis of this disease from
multiple perspectives and provide reference for clinical
intervention. The scRNA-seq datasets (D1, D2, D3) from the
three mouse AAA models have consistently demonstrated
the heterogeneity of AAA tissue cells. M¢/Mo infiltration in
the adventitia of aneurysm tissue was a significant change
during AAA progression. Mgp/Mo in the vessel wall had
multiple functions, including amplification of the local
inflammatory responses through secretion of proinflammatory
cytokines, chemokines, and production of proteases and
reactive oxygen species (5). Based on the scRNA-seq data
herein, 26 cell clusters were obtained and 11 different
cell types were identified. The proportion of different cell
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FIGURE 5

IL-1B and THBS1 were most conserved regulated genes in macrophages/monocytes (Mg/Mo) during abdominal aortic aneurysm (AAA)
development. (A) Scatter plot displayed the differentially expressed genes in Mg/Mo. Red colors indicated that the top 10 upregulated or
downregulated genes. (B) Gene ontology terms of upregulated genes in AAA versus in control Mg/Mo from human AAA dataset. The top 10
terms from upregulated genes were depicted as scatter plots displaying —logig (p-value) and gene number. (C) Gene ontology terms of
downregulated genes in AAA versus in control Mg/Mo from human AAA dataset. The top 10 terms from upregulated genes were depicted as
scatter plots displaying —logig (p-value) and gene number. (D) Venn diagram showing the co-upregulated genes comparing AAA Mg/Mo with
control group from four datasets (D1-D3: mouse; D4: human). (E) Unsupervised clustering heatmap showing relative expression (column
scaled) levels of upregulated genes at least in two datasets (include D4) split by human AAA and control group. (F) Same as panel (E) except that
expression was showed in different subgroups of human AAA and control group. (G, H) Gene expression level of /L-1B and THBS1 were

represented in the violin plot split by human AAA and control group.

groups between AAA group and control group showed fibroblast decreased in AAA. Monocytes and macrophages
different trends. The proportion of cells such as M¢/Mo, played a critical role in vascular injury and AAA formation.
DC and neuron increased and the proportion of VSMC and Macrophages were mainly derived from circulating monocytes
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and the main inflammatory cell types in AAA lesions (5).
Monocytes adhesion, migration, and MMP-9 production all
increased in AAA patients, leading to aneurysm expansion
(35). M@/Mo were extracted for analysis and a total of
7 subtypes were defined, which expressed diverse factors
and were highly dynamic and heterogeneous. For example,
m-MO highly expressed chemokines, such as Ccl4, Cd72,
and Ccl3, which was related to chemotactic biological
function. m-M3 highly expressed Ccl8, Cd163, and Folr2,
which was related to endocytosis, oligodendrocyte apoptotic
process, and inflammatory. The subtypes of M¢@/Mo and
its expressed varied genes performed different biological
functions and participated in mouse AAA. Further analysis
revealed that some genes, Gngt2, II-1b, Lgals3, Sppl, Tgm2
as well as Thbsl, were upregulated in three datasets, which
was consistent with numerous reports in the literature.
II-1b was a proinflammatory cytokine, but it effected
AAA formation as well as macrophage polarization (13)
and treatment with anti- Il-la or anti-Il-1Ib mAb blocked
LCWE-induced AAA formation (36). Transglutaminase 2
(Tgm2) expression and activity in AAA formation were
enhanced and had a potential role of ECM protector in aortic
walls during AAA remodeling (37). THBSs overexpression
may affect the formation of matrix cells and inhibit the
activity of matrix proteins, thus destroying the structure
of extracellular matrix and affecting the AAA occurrence
(38). Yang predicted commonly altered signaling pathways
by using intercellular communication networks in different
experimental AAA models and human AAA, with a particular
focus on THBS signaling among different cell populations
(39). These results suggested that these genes were vital
in the occurrence and development of AAA and worth
further exploring.

The co-upregulated genes as well as actived regulons
and co-downregulated genes as well as repressed regulons
from Mg@/Mo were significantly correlated and formed
regulatory networks. There were differences in the number
and regulatory correlation of co-varied regulons and co-
DEGs interactions, which played important and different
roles in the formation of AAA by affecting the function
of M¢/Mo. To explore variation of macrophages and
monocytes in human AAA tissue samples, it's found that
the cell composition had a very large specificity between
the AAA group and the control group, and immune cells
were greatly amplified in the AAA group. The proportion
of three macrophage subtypes (h-MO, h-Ml1, and h-M4)
increased in AAA, while the proportion of two monocyte
subtypes (h-M2 and h-M3) decreased. The pathways enriched
in each subtype were also not same. The h-MO, h-MI,
and h-M4 were mainly related to macrophage migration,
immune inflammatory response and endocytosis; the h-M2
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and h-M3 were mainly related to immune response and
neutrophil degranulation, indicating that macrophages played
a more important role than monocytes in human AAA.
To further analyze the scRNA-seq datasets of M¢/Mo from
both mouse and human, its found that two genes, IL-1B
and THBSI, were co-upregulated and no gene was co-
downregulated in the four datasets. This fully demonstrated
the critical role of IL-1B and THBSI in AAA, which is
consistent with the previous discussion and related literature
(36, 39). The formation mechanisms of AAA induced by
elastase, CaCl, as well as Ang II were different, and none
of them can completely replace human AAA process.
However, there were two upregulated DEGs, IL-IB and
THBSI, in all three mouse AAA models and human AAA
samples, indicating that they played a vital role in the
commonly critical key link of AAA formation, which needed
further exploration.

However, there were some limitations to our study. First of
all, due to the reanalysis of the original datasets, the quality of
them was also evaluated, but it was difficult to closely evaluate
the reliability of the original samples, such as modeling quality,
specimen collection process, and data sequencing. In the D3
dataset, no healthy control group data was provided, and the
analysis of IN_A as a remission/rescue group instead of control
group may have an effect on gene variation. Second, human
AAA specimens were relatively few and existed individual
differences, which required more human data support. Third,
although we used the latest algorithms and other tools for
evaluation, it may still cause some errors in the actual situation.
Therefore, further studies were needed to provide more direct
evidence for the role of M@ /Mo in AAA.

In conclusion, this was the first study to compare the
regulation of gene expression of M¢/Mo in different
mouse AAA models at the single-cell level. Our analysis
revealed that co-DEGs of M@/Mo in the three mouse
models played a critical role in the development of AAA.
Moreover, we were the first to analyze and compare the
transcriptional in different
AAA models.
closely

regulatory networks mouse
constituted the
with co-DEGs,

proliferation,

The co-varied regulons

interaction regulatory networks

regulating macrophage endocytosis, and
apoptosis. In addition, we determined the similarities and
differences of the genes in the four datasets by comparing
scRNA-seq datasets of three mouse AAA models and
human AAA sample. In particular, IL-IB and THBSI
were co-upregulated genes obtained from all four datasets
These

us to show the cell classification, gene expression, and

and worthy of attention. comparisons allowed
transcriptional regulatory networks in the current AAA
models, which made us better grasp the similarities and

differences of the models at the molecular level, and
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also provided a new idea for the development of animal
models in line with human AAA as well as targeted
interventions for AAA.
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SUPPLEMENTARY FIGURE 1

Single-cell RNA sequencing (ScCRNA-seq) analysis of abdominal aortic
tissue from different mouse abdominal aortic aneurysm (AAA) models
identified distinct macrophages/monocytes (Mg/Mo) types. (A) Uniform
manifold approximation and projection (UMAP) plot split by different
sample groups. (B) Dot plot showing expression of top 3 marker genes
in each cell type. (C) Bar plot comparing the proportions of cell
populations of each cell type within each sample group. (D) Gene
ontology enrichment analysis of biological processes of top 100 marker
genes of each cell type. Top 3 terms were selected for each cluster and
heatmap shows the enrichment g-value of these terms

(scaled by column).

SUPPLEMENTARY FIGURE 2

Single-cell analysis revealed complex macrophages/monocytes
(M@/Mo) heterogeneity and conserved regulated genes between
abdominal aortic aneurysm (AAA) and control samples. (A) Uniform
manifold approximation and projection (UMAP) visualization of the
Meg/Mo split by different sample groups. (B) Rank order based on
decreasing values of the relative frequency ratio between AAA and
control sample group in three datasets. (C) Gene ontology terms of
downregulated genes in AAA versus in control Mg/Mo for each dataset,
respectively. The top 10 terms from upregulated genes were depicted as
scatter plots displaying —logig (p-value) and gene number. (D,E) Gene
expression level of Spp! (D) and Mrc1 (E) were represented in the violin
plot split by different sample groups.

SUPPLEMENTARY FIGURE 3

Different abdominal aortic aneurysm (AAA) models had similar inhibition
characteristics of transcription factors. (A) Unsupervised clustering
heatmap displayed the active states of cluster-specific regulons in each
subtype of macrophages/monocytes (M@/Mo). Red colors indicated
that the network was more activated, blue colors indicated that the
network was more silenced. (B) Venn diagram showing the co-activated
regulons comparing AAA Mg/Mo with control group

from three datasets.

SUPPLEMENTARY FIGURE 4

Single-cell RNA sequencing (ScCRNA-seq) of human abdominal aortic
aneurysm (AAA) showed the increase of macrophage cells but not
monocytes. (A) Uniform manifold approximation and projection (UMAP)
plot of composite single-cell transcriptomic profiles from all human
AAA and control groups. Colors indicated cell clusters along with
annotations. (B) Dot plot showing expression of top 3 marker genes in
each cell type. (C) Stacked bar plot showing the relative proportions of
cell clusters in human AAA and control group. (D) Bar plot comparing
the proportions of cell populations of cell clusters within each sample
group. (E) Gene ontology enrichment analysis of biological processes of
marker genes of each subgroup of macrophage/monocyte cells. Top 3
terms were selected for each cluster and heatmap shows the
enrichment g-value of these terms (scaled by column).

SUPPLEMENTARY FIGURE 5

IL-1B and THBS1 were most conserved regulated genes in
macrophages/monocytes (Mg/Mo) during abdominal aortic aneurysm
(AAA) development. (A) Venn diagram showing the co-downregulated
genes comparing AAA Me/Mo with control group from four datasets
(D1-D3: mouse; D4: human). (B) Unsupervised clustering heatmap
showing relative expression (column scaled) levels of downregulated
genes at least in two datasets split by human AAA and control group. (C)
Unsupervised clustering heatmap showing relative expression (column
scaled) levels of downregulated genes at least in two datasets showed
in panel (A), cells were split by different subgroups of human AAA

and control group.

SUPPLEMENTARY TABLE 1
Quiality control form of datasets.
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A variety of immune cell subsets occupy different niches in the cardiovascular
system, causing changes in the structure and function of the heart and vascular
system, and driving the progress of cardiovascular diseases (CVDs). The immune
cells infiltrating the injury site are highly diverse and integrate into a broad
dynamic immune network that controls the dynamic changes of CVDs. Due to
technical limitations, the effects and molecular mechanisms of these dynamic
immune networks on CVDs have not been fully revealed. With recent advances
in single-cell technologies such as single-cell RNA sequencing, systematic
interrogation of the immune cell subsets is feasible and will provide insights into
the way we understand the integrative behavior of immune populations. We no
longer lightly ignore the role of individual cells, especially certain highly
heterogeneous or rare subpopulations. We summarize the phenotypic diversity
of immune cell subsets and their significance in three CVDs of atherosclerosis,
myocardial ischemia and heart failure. We believe that such a review could
enhance our understanding of how immune heterogeneity drives the
progression of CVDs, help to elucidate the regulatory roles of immune cell
subsets in disease, and thus guide the development of new immunotherapies.

KEYWORDS

cardiovascular diseases, immune cell,
(scRNAseq), atherosclerosis

heterogeneity, single cell RNA sequencing

1. Introduction

Cardiovascular diseases (CVDs) have been recognized as the leading cause of global
mortality and disability in human beings. Usual CVDs include ischemic heart disease,
cardiomyopathies, arrhythmic disorders, heart failure, peripheral arterial disease, and
other cardiac and vascular conditions (1, 2). Mensah et al. (3) used a vivid metaphor
when explaining the global burden of cardiovascular disease in 2017: 17.8 million people
died of CVDs is equivalent to reducing 330 million years of life and increasing 35.6
million years of disability. CVDs severely reduced quality of life and increased medical
burden for many families. The cardiovascular system is primarily composed of
cardiomyocytes, fibroblasts, endothelial cells, smooth muscle cells, pericytes, and stroma
(4). Furthermore, various types of immune cells that inhabit or infiltrate cardiac tissue
have been identified and characterized. All major leukocyte classes, populations of
lymphocyte and myeloid origin, are present in cardiovascular tissue (5). Multiple immune
cell subsets exist and occupy different niches in cardiac tissue, involving in
communication with the cardiovascular system (6, 7). However, infiltrating immune cells

68 frontiersin.org


http://crossmark.crossref.org/dialog/?doi=10.3389/fcvm.2023.1057870&domain=pdf&date_stamp=2020-03-12
https://doi.org/10.3389/fcvm.2023.1057870
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/articles/10.3389/fcvm.2023.1057870/full
https://www.frontiersin.org/articles/10.3389/fcvm.2023.1057870/full
https://www.frontiersin.org/articles/10.3389/fcvm.2023.1057870/full
https://www.frontiersin.org/journals/cardiovascular-medicine
https://doi.org/10.3389/fcvm.2023.1057870
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/

Su et al.

cause structural and functional changes in the heart and
vasculature, and contribute to CVDs progression (8). Targeting
the inflammatory cascade in animal models has been shown to
be conducive to improve myocardial injury and promote healing.
In mice with deletion of interleukin 10 (IL-10), diastolic function
was improved. With the occurrence of diastolic dysfunction,
produce IL-10 (9).
technology allows for a more precise focus on subtypes of cells,

myocardial ~macrophages Single-cell

and some research studies have confirmed that resident
macrophage-derived IL-10 promotes myocardial fibrosis (10).
Blocking this process could inhibit the activation of fibroblasts
and reduce collagen deposition. Clinical trial has also
demonstrated that inflammation is an effective therapeutic target
for secondary prevention of CVDs (11). Though the study of
macrophages driving CVDs is highly discussed, the great
diversity and abundance of other immune cells infiltrating the
damaged areas, such as a large number of lymphocytes, indicate
that there is a broader dynamic immune network controlling the
dynamic CVDs niche. Due to technical limitations, the effects
and molecular mechanisms of these dynamic immune networks
on CVDs are not adequately revealed.

Advances in single-cell applications are reshaping the way we
understand the integrative behavior of immune populations, no
longer inadvertently confusing or concealing the unique
contributions of individual cells, especially when behavior is
highly heterogeneous or driven by rare cell types (12). The high
parameterization and high throughput of single-cell applications
allow for in-depth characterization of low-abundance «cell
populations and unbiased identification (13). The use of single-
cell technology to understand how immune populations use cell
diversity to achieve this breadth and flexibility, especially in
dynamic processes such as transdifferentiation and antigen
response, provides inspiring opportunities for studying immune
heterogeneity in an unprecedented scope. Given these advances,
we reviewed recent work on single-cell technology, discussed data
on immune heterogeneity in CVDs, and explored how immune
populations generated and exploited cellular heterogeneity at
multiple molecular and phenotypic levels. Furthermore, we
highlighted the

uncovering the antecedents and consequences of immune system

advantages of single-cell applications in

heterogeneity. Lastly, the latest progress toward clinical
application, the remaining challenges, and future perspectives on

the development of single-cell technology are briefly discussed.

2. Advances in single-cell applications
for immune heterogeneity

The first living cells were discovered in the 17th century, but it
took more than two hundred years to realize that cells are not only
the structural unit of life, but also the functional unit (14). The
continued exploration of cellular heterogeneity then began (15,
16). Human cells carry nearly the same genetic material, but the
transcriptome information of a single cell only reflects the
unique activity of a subset of genes (17). Immune cells are
characterized by their heterogeneity. Studying the immune
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system solely at the level of cell population may not offer a
comprehensive understanding, as it is crucial to explore

individual immune cells communication and masking
phenotypes at the single-cell level (18). By analyzing the genomic
and proteomic profiles of individual immune cells, researchers
can identify previously unrecognized subpopulations and cell-to-
cell interactions that contribute to the immune responses. Single-
cell technology has revealed the uniqueness of individual cells
and addressed questions unobtainable in bulk analysis (19, 20).
RNA (scRNA-seq)

transcriptome of millions of cells at single cell resolution, achieve

Single  cell sequencing analyzes the
genome-wide characterization of the degree of transcriptional
differences between coding and non-coding RNAs and generate a
comprehensive gene expression atlas (21). For instance, immune
cell subgroups can be disaggregated by scRNA-seq to enable
characterization of heterogeneous cell populations (22, 23). This
new technology can amend the developmental trajectory and
classification of immune cells in the human body. Traditional
hematopoietic grading is mostly based on subjectively purified
cell populations that are passively segmented into component
regions. Dendritic cells (DCs) differentiate, migrate and respond
to environmental stimuli with a wide heterogeneity of markers
and transcriptome features, suggesting that DC cells are difficult
to classify precisely with predetermined markers. scRNA-seq can
identify a comprehensive transcriptomic description of transient
and transcriptional states. scRNA-seq introduced a paradigm
shift in the classification of human DCs and identified the
existence of multiple phenotypically distinct subsets in addition
to the three well-defined subsets, DC1-3 (24, 25).

scRNA-seq is reshaping the way we define the biological state
of cells and is well suited to work with a limited sample size.
Since the first technology was developed in 2009 (26), multiple
single-cell methods have been iterated, methods for cell capture
and amplification, transcript construction, and read depth per
cell vary (27, 28). But in general, a similar process for scRNA-
seq is: sample preparation (single-cell isolation), single-cell

capture, cell lysis, reverse transcription and amplification

(conversion of RNA into complementary DNA), library
preparation, sequencing, and analysis (29), as shown in Figure 1.
The point is to capture each individual cell in an isolated
reaction mixture in which all transcripts from a single cell will be
uniquely barcoded after conversion to complementary DNA
(cDNA) (17). At the end of library construction, additional
sample-specific barcodes are added enzymatically, allowing
multiple biological samples to be sequenced simultaneously (30).
This

transcriptome of per single cell in every sample. Stoeckius et al.

enables unique identification and access to the
(31) described cellular indexing of transcriptomes and epitopes

by high-throughput sequencing, a oligonucleotide-labeled
antibodies phenotyping method, which is conducive to resolve
distinct immune cell population with greater clarity.

The scRNA-seq data sets are high-dimensional, and analysis
strategies should concentrate on highly variable genes and
dimensionality reduction. Assigning biological annotations is a
fundamental step that establishes the foundation for subsequent

analysis of specific cell populations. In addition, functional
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without ignoring transitional cell events. Created with BioRender.com.

Single cell RNA sequencing workflow. The process shared by scRNA-Seq: single-cell isolation and capture, cell lysis, reverse transcription and
amplification, library preparation, sequencing, and analysis. The unique advantages of scRNA seq in the study of immune heterogeneity: Application
of barcode technology, unbiased identification and in-depth characterization of low abundance subpopulations, Dynamic capture of immune cells

Technical advantages

1. Droplet barcode technology

2. Unbiased identification

3. In-depth characterization of low-abundance
subpopulations

4. Dynamic capture of immune cells

enrichment plays a crucial role in accurately revealing the
functional bias of these cell populations. Other exploratory
(32),
communication analysis (33), cell cycle prediction (34) and

analyses  include  pseudo-time  analysis cell-cell
spatial transcriptome (35). It is noteworthy that studies on the
heterogeneity of the immune system are best described using
continuous models, and can only be approximated by grouping
strategies that disperse cell phenotypes (13, 36). Traditional
gating strategies to divide populations along any particular axis
have the potential to mask the transitional cellular events that
connect the complex environments. Given the asynchronous
nature of the immune response, scRNA-seq generates static
snapshots of the entire process which can be modeled as a
coherence of transitional cellular states via capturing immune
cells during a dynamic process. This kind of trajectory inference
have provided a unique opportunity to track immune cells
during differentiation and delineate lineage hierarchies (37). Ni
et al. (38) investigated the heterogeneity of cardiac macrophages
in mice with transverse aortic constriction by single-cell
sequencing and identified macrophage subpopulations associated
with cardiac injury. The pseudo-time trajectory confirmed that
Rel gene was a key transcription factor driving CD 72M"
macrophage differentiation which exerted a pro-inflammatory
effect to induce cardiac injury. Furthermore, with the improved

statistical power for large-scale single-cell datasets, it becomes
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possible to construct gene regulatory networks in dynamic
processes by combining inferred trajectories and co-expression
(39). (40) the
characteristics and dynamics of single immune cells after

analyses Zhuang et al. analyzed global
myocardial infarction (MI), demonstrating not only dynamic
inward flow of immune cells under ischemic conditions, but also
identifying Fos/activator protein lregulation as a key pro-
further links

transcriptional data with epigenetic characteristics, combines

inflammatory regulator. Multi-omics analysis
regulatory networks with clustering and trajectory inference, and
constructs a regulatory landscape of the immune system (41-43).
Chaffin et al. (44) formed the transcriptional landscape of the
from dilated

cardiomyopathy and hypertrophic cardiomyopathy at single-cell

heart by analyzing left ventricular samples
resolution. And They identified a reduction in the number of
proliferating resident cardiac macrophages and transforming
growth factor-p as the ultimate common transcriptional pathway
in patients with cardiomyopathy. One such limitation is that cells
of a single data set will show discrete clusters rather than
continuous trajectories when dynamic trajectory analysis is
performed—For example, based on the assumption that the
underlying dynamic processes are stationary and ergodic,
scRNA-seq captures a snapshot of cells at a particular point in
time, so that scRNA-seq data with a large enough sample size
can cover all possible intermediate states of a given population of
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cells. However, the results may not meet expectations in the case of
concomitant developmental time changes or external stimuli.
scRNA-seq of immune cells may aggregate according to stress-
responsive genes, but is mistaken for a different cell type. Highly
important but lowly expressed genes were missed due to
relatively low sequencing depth in single-cell studies. In addition,
bicellular cells containing 2 different cell types may be
misidentified as transitional cell types.

3. Immune cell populations in cardiac
homeostasis

Studies on the immune system have typically focused on
conditions of infection/injury, but it is becoming increasingly
clear that leukocytes and secreted cytokines play a role in the
growth and development of tissues as well as in healthy
conditions (45-47). It is well known that there are a contingent
of resident immune cells in the heart, which means that immune
cells are not visitors (48-50), but rather early components of
heart development. Transcriptional expression of long-term
tissue-resident immune cell subsets correlate with tissue site. By
residing in the tissues, these immune cells are involved in tissue
homeostasis and repair. We must first understand the differences
in cellular composition between healthy and diseased states. The
immune system plays a vital role in regulating heart health and
homeostasis. Elucidating the role of each immune cell subtype
and their interactions is important for understanding the
mechanism of “normal-damage-repair” in the heart.

The heart is composed of a small population of resident immune
cells from the myeloid and lymphoid lineages. The heterogeneity of
those cells has proven to be overly complex to characterize, and these
cell populations from multiple lineages display a wide functional
diversity and dynamically express molecular markers over time.
Monocytes/macrophages are representative of cardiac immune
cells. Macrophages, lymphocytes, dendritic cells and a small
number of neutrophils cells constitute the mainstay of cardiac
immune homeostasis (51, 52). Immune cell populations sense cues
from the microenvironment and respond using specific gene
expression profiles. Under homeostatic/pathogenic conditions,
macrophages are activated and make decisions about immune
regulation in conjunction with other immune cells. In this section,
we will discuss the most relevant major immune cell types, as
shown in Figure 2.

3.1. Macrophages

Macrophage phenotype is routinely defined as CD45" CD11b",
and murine-derived F4/80" (53), but with further research, there
are differences in the expression of major histocompatibility
complex class II (MHC-II), CC-chemokine receptor 2 (CCR2),
(LYVE1l), T cell
immunoglobulin and mucin domain containing 4 (TIMD4) and

lymphatic vessel endothelial receptor 1

lymphocyte antigen 6C (Ly6C) in myocardium. Epelman et al.
(54) found three macrophage subsets: The primary cardiac
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macrophage populations were Ly6C MHC-II"®", Ly6C"MHC-
I and Ly6C* which represented ~2% of total macrophages in
the adult heart. Then researchers investigated the mechanism of
myocardial macrophage population recruitment in a mouse
model and confirmed that these macrophages were renewed at
steady state by in situ proliferation and were virtually unaffected
by the input of circulating monocytes. Litvinukovd et al. (45)
used scRNA-seq to analyze the immune cell populations in adult
healthy hearts and defined LYVE1" TIMD4 -resident
macrophages, speculating that these cells may be resident
macrophages. It has been confirmed that the adult heart contains
different resident macrophage subpopulations (55), Bajpai et al.
(56) identified macrophages derived from circulating monocytes
based on the expression of CCR2. The macrophages were divided
into 3 distinct subsets: CCR2"MHC-II"¥, CCR2"MHC-II"*¢", and
CCR2™MHC-IT"#" cells. Meanwhile, the researchers found that
in injured myocardial tissue, CCR2"MHC-II'" macrophages
were only found adjacent to vessels located within areas of
dense fibrosis and CCR2 macrophages were mostly
distributed in the myocardial area absence of scar tissue. Dick
et al. (57) used TIMD4 as a persistent lineage marker for
resident cardiac macrophage subpopulations and observed
that four macrophage subpopulations in the adult steady-

of which was independent of
(TIMD4*LYVE1*MHC-II®"CCR2"),
one subpopulation was partially replaced by circulating
monocytes (TIMD4 LYVEI"MHC-II"8"CCR27), and other
CCR2"MHC-11"¢"
replaced by monocytes. This study illustrates the contribution

state myocardium, one

circulating monocytes

two subpopulations were completely
of recruited monocytes to different subpopulations of resident
myocardial macrophages focusing on a hierarchical discussion.
Follow-up single-cell sequencing (58) further confirmed that
four genes (TIMD4, LYVEl, CCR2, MHC-II) defined the
macrophage subpopulations present in the heart and provided
the

understanding macrophage heterogeneity.

new insights into common starting point for
In addition to
resident macrophages expressing TIMD4 and/or LYVEI, there
are also MHC-II™8" macrophages and macrophages expressing
CCR2". At steady state, only a modest monocyte contribution
is maintained until the monocyte-derived macrophages reach a
defined upper limit, which does not exceed the preexisting
resident macrophages.

In addition to the typical macrophage functions, including
phagocytosis stimulation of cytokine

macrophages coordinate the following functions of the heart.

and secretion, cardiac
Primitive embryonic-derived CCR2 macrophages regulate coronary
development through stimulation of coronary angiogenesis and
remodeling of the coronary plexus (7). Driven by the cardiac
take

mitochondria to maintain the energy-intense unction of the heart

autophagy mechanism, macrophages up dysfunctional
(59). And the network of macrophages is involved in electrical
conduction and lymphatic vessel growth. Hulsmans et al. (60)
demonstrated that macrophages facilitated electrical conductance
through the distal atrioventricular node, and that conducting cells are
densely populated with elongated macrophages expressing connexin

43. In contrast, conditional deletion of connexin 43 in macrophages
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and lack of macrophages delayed atrioventricular conduction. Cahill
et al. (61) observed that the distribution of resident macrophages in
the subepicardial compartment of the developing mouse heart
occurred concurrently the appearance of new lymphatics, and that
macrophages interact intimately with the nascent lymphatic capillaries.

3.2. Dendritic cells

DCs distributed in the blood and tissues exposed to the
environment, are professional antigen-presenting cells that act as
a channel between the innate and adaptive immune system (62).
Based on lineage, DCs are classified into three main populations:
plasmacytoid (pDC) or conventional/myeloid DCs (cDC1 and
c¢DC2) (63). There is no specific cell surface molecular marker

Frontiers in Cardiovascular Medicine

for DCs, CD11c and MHC-II are regarded as the main markers,
and they can also be expressed by macrophage subsets (64).
Therefore, it is necessary to use different markers simultaneously
to identify DCs. The introduction of scRNA-seq technology has
greatly expanded the surface markers for identifying DCs, such
as B- and T-lymphocyte attenuator (BTLA), CC-chemokine
receptor 7(CCR7), CDlc, CD5 (65). DC subsets are sparsely
distributed in cardiac tissue, especially abundant in the heart
valves and aortic sinus, acting as “sentinels” to detect antigens (6,
66). At homeostasis, DCs share the ability of guiding immunity
towards a state of tolerance (67-69). Borght et al. (70) observed
in a healthy mouse model that ¢cDCl presented cardiac self-
antigen (a-myosin heavy chain) to CD4" T cells only in heart-
draining mediastinal lymph nodes, resulting in Treg expansion
without cardiac injury and accumulation of multiple lymphoid
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organs. The o-myosin heavy chain is a pathogenic autoantigen in a
mouse model of spontaneous myocarditis, allowing CD4" T cells to
specifically evade thymic negative selection and spread to the
periphery (71). In addition, proliferation and recruitment of
circulating precursors regulate the turnover of cardiac cDCs (72).

3.3. T cells

T cells are involved in adaptive immunity by recognizing diverse
antigen, maintaining immunological memory and self-tolerance
(73). The main surface marker of T cells is CD3 and are divided
into two subsets: CD4" T cells can be divided into helper T cells
(Th1, Th2 and Th17) and regulatory T cells (Tcg). CD8" T cells
are called cytotoxic T cells (74). Skelly et al. (75) analyzed the
transcriptional profile of non-cardiomyocytes in normal mice, and
found T cells were also highly expressed Lat, Skapl, IL-17R.
Unfortunately, the study did not further delineate the subtypes. It
has been reported that CD69 is expressed in healthy human hearts,
which may be a group of effector resident memory CD8" T cells
(76, 77). CD69 is expressed on activated T cells and affects Th/T ;g
balance and suppressive activity of Ty, suggesting that cardiac
resident T cells are associated with immune tolerance (78). To
maintain immune dormancy at homeostasis, in addition to their
low numbers in healthy myocardium, cardiac T cells are also
regulated by self-antigen-specific tolerance (79). This process is
regulated by both central and peripheral immune tolerance.
Central immune tolerance refers to the clearance of immature T
cells that recognize self-antigens. Self-reactive T cells that partially
tolerance

escape selection are

mechanisms, such as an active repression of T cell receptor

inactivated by peripheral

signaling and a second signal, resulting in a long-term
hyporesponsive state of T cells (80). Programmed cell death
protein 1 (PD-1) is a T cell inhibitory molecule homologous to the
co-stimulatory receptor CD28, and its role is to block activation
signals from the T cell receptor and CD28 (81-83).

3.4. Other immune cell types involved in
cardiac homeostasis

There is a gap in the knowledge of the heterogeneity of other
immune cells in cardiac homeostasis. We will show the role of
immune cells in the context of disease (mentioned in the next
chapter). The presence of monocyte subtypes in the myocardium
has been less studied with regard to monocyte/macrophage co-
expressing cell subpopulations in the heart at steady state has
been reported (84, 85). These subpopulations of cells are highly
expressed Cd68 and Lyz2. Although extensive infiltration of
neutrophils often occurs after cardiac injury (86), Martini et al.
(87) used single-cell sequencing to show that small numbers of
neutrophils were also present in mouse healthy myocardium.
However the exact contribution of neutrophils to the heart is
unknown. One study (88) confirmed that in the mouse heart,
mast cells were more commonly found in the epicardium or
myocardium, and scattered in the endocardium. Within the

Frontiers in Cardiovascular Medicine

10.3389/fcvm.2023.1057870

myocardium, 31% of mast cells were located around blood
vessels. This is similar to the distribution of mast cells in the
human heart (89). Cardiac mast cells may be involved in the
formation of new blood vessels and lymphatic vessels, which are
critical for cardiac development, myocardial healing, and
maintenance of homeostasis (90, 91). When Adamo et al. (92)
tracked myocardial B cell trafficking, they found that myocardial
B cells represent a subset of circulating origin that in close
contact with the cardiac microvascular endothelium, with less
than 5% entered the myocardium. Analysis of B cell-deficient
animals showed that cardiac B cells are involved in the growth

and contractility of the myocardium (92).

4. The heterogeneous immune
landscape in cardiovascular diseases

4.1. Atherosclerosis

Atherosclerosis is the underlying pathology of coronary artery
disease and is regarded as a chronic inflammatory disease (93). The
retained low-density lipoprotein in the arterial intima is recognized
and phagocytosed by scavenger receptors on the surface of
macrophages (94). This pathological process results in the
accumulation of inflammatory cells and the deposition of lipid
particles, which gradually form plaques in macroscopic view.
Atherosclerosis is also accompanied by certain low-grade chronic
inflammatory responses that attract cells of the innate and
adaptive immune systems into atherosclerotic plaques.

4.1.1. Inflammatory responses in atherosclerosis
He et al. (95) confirmed that the aortic arch in the aorta is
prone to vascular injury. And compared with healthy mice, the
immune cells of high-fat mice were more heterogeneous and
pro-inflammatory cells were found: Th17 cells, CD8" T cells and
chemokine-enriched macrophages. The team’s follow-up research
found (85) that ascending aortic walls of mice fed a high-fat diet
were invaded by a subset of macrophages that also amplified
local inflammatory responses via scRNA-seq analysis. Four major
monocyte/macrophage subpopulations were defined, including
two resident clusters (cluster 1 and cluster 2), a blood-derived
cluster and a B-cell-like cluster. In healthy mice, resident cluster
1 accounted for a larger proportion (>80%) in the subpopulation
and significantly expressed CXC class chemokine genes. Resident
cluster 2 contained proliferative properties, not only strongly
expressed cell chemotactic genes and also expressed nuclear
division-related genes (Top2a and Stmnl). In the presence of
high cholesterol intake, the proportion of resident cluster 2 was
upregulated, and cells continued to proliferate and express
chemokines, increasing the likelihood that this subpopulation was
programmed to exacerbate inflammation. The remaining two
subpopulation had lower proportions, which might be involved
in the regulation of immune effector processes. Atherosclerotic
lesions are dominated by macrophages, monocytes and T cells.
The central inflammatory cells in plaques are macrophages.
The classic theory of atherosclerosis holds that the classically-
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activated macrophages (M1)/alternatively-activated macrophages
(M2) balance in plaques is dynamic, with M1 predominant in
progression and M2 predominant in regression (96). Interferons
induce polarization of the M1 state, and at the other end of the
polarization spectrum, M2 macrophages can be induced by IL-4.
Lin et al. (97) analyzed plaque cells derived from fractalkine
receptor  (CX3CR1)-positive with
atherosclerosis revealing  the

precursors  in  mice

progression  or  regression,
transformation and activation characteristics of monocytes/
macrophages. During progression of atherosclerosis, there is a
more prominent heterogeneity in the activation status of
macrophages, including macrophages induced by interferon and
IL-4, respectively. However, there was a significant IL-4-activated
macrophage population in progressive plaques compared to
regressive plaques, indicating that macrophage subpopulations
were not simply dichotomous. As for the specific subpopulations
in regression, only a small fraction of the total cells, including a
subpopulation with high expression of B cell-related genes and
some subpopulations with anti-inflammatory functions. They
also found a cluster of monocytes with stem-like characteristics,
suggesting that circulating monocytes did not differentiate
immediately after entering the myocardium, but might continue
to proliferate and self-renew at sites of myocardial inflammation.
These circulating mononuclear cells may play a unique role in
self-repair after myocardial injury. Although macrophages in
myocardial tissue are partly derived from resident macrophages,
the majority of plaque macrophages are most likely derived from
circulating monocytes recruited during disease progression.
Cochain et al. (98) clarified the presence of CX3CR1" monocyte-
derived macrophage subpopulations in both the progression and
regression of atherosclerosis, which represented a general
inflammatory feature of atherosclerosis. These subpopulations of
cells were almost exclusively detected in atherosclerotic aorta.
The team described a subset of macrophages, enriched for
triggered receptor expressed on myeloid cells-2 (TREM2). Such
cells appear to have specialized functions in lipid metabolism
and catabolism, and display gene expression signatures similar to
osteoclasts, suggesting a role in pathological calcification. In
addition, a class of monocyte-derived DCs with functions similar
to inflammatory macrophages was defined, showing strong
expression of IL-1B but low expression of chemokines. Li et al.
(99) designed a program (AtheroSpectrum) to process data
results from single-cell sequencing sources, revealing specific gene
expression profiles associated with inflammatory macrophage
foam cells, contributing to the development of therapeutic and
prognostic strategies. For example, their study supported that the
TREM2" macrophage subpopulation was consistent with a low
inflammatory profile.

Importantly, the concepts of cardiac immune heterogeneity are
equally corroborated in the human heart. Fernandez et al. (100)
uncovered distinct features of leukocytes in carotid artery plaques
of patients. Immune cells specifically enriched in plaques
included macrophages and T cells. The defined immune cells
largely correspond to known immune cell populations. Plaque
macrophages comprised two macrophage subsets
(CD64*HLADR*CD206M8" and CD64*HLADR*CD206"") based
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on the varied expression of the M2 marker CD206. CD8" T cells
and CD4" T cells were enriched in the plaques. Plaque T cells
display transcriptional signatures associated with cellular
activation, cytotoxicity, and cellular exhaustion. CD4" T cell sub-
analysis showed that unlike circulating cells at rest, in plaques
they displayed activated Thl pro-inflammatory function and
chemotaxis. CD8" T cells in plaques not only activated the pro-
inflammatory interferon-y pathway but also activated the
programmed cell death-1 signaling pathway which was a marker
of T cell exhaustion (101). They found a cluster of plaque-
specific T cells expressing T cell activation gene and the only
cluster associated with activation of pro-inflammatory Thl and
Th17 signaling pathways. The overlapping phenomena of T cell
subsets activation and depletion may be due to the progressive
loss of T cell function in chronic, persistent inflammatory
responses induced by unresolved plaques. T cell expression in
human atherosclerotic lesions perhaps is more active. Depuydt
et al. (102) applied scRNA-seq to all live cells in advanced
human atherosclerotic plaques and found T cell subsets were
better characterized by an activated state. CD4" T cell subsets
were broadly divided into cytotoxicity-signature cell cluster,
regulatory T-cell cluster and central-memory cell cluster. The
CD4" T with cytotoxic features was shown to be characterized by
the expression of PRF1 and granzyme B. In addition, a large
number of T cells did not express well-defined transcription
factor signals, which can be missed when analyzing human data
using the classic T-helper subsets of transcription factors.CD8"
cell subsets were classified into cytotoxicity-signature cell cluster,
effector-memory cell cluster and central-memory cell cluster as
similar with CD4" T cells. However, unlike the data from
Fernandez et al., the researchers did not detect a clear depleted

phenotype in CD8" T cells.

4.1.2. Chemokines and immune cells in
atherosclerosis

Trajectory analysis showed that not only macrophages, but also
T cells differentiated into proliferative populations when the
differentiation process was activated, and the other branch was
Th17 cells (103). Furthermore, macrophages influenced T cell
activation by modulating MHC-II and possibly fibroblasts
through the transforming growth factor B pathway. In the
fibroblasts and
macrophages had significant interactions, and the most active
chemotactic communication among the three was CXC
chemokine ligand 12 (CXCL12)-CXC chemokine receptor 4
(CXCR4) and CC chemokine ligand 5 (CCL5)-CCR5 (103).
Chemokines are a class of small molecule cytokines that induce

cellular communication analysis, T cells,

directed chemotaxis by activating G protein-coupled receptors.
Chemokine subsets are determined according to the arrangement
of amino acid (N-terminal) cysteines. Most chemokines are
associated with cardiovascular disease and have pro-
inflammatory and leukocyte recruitment effects (104, 105).
Winkels et al. (106) constructed atlas of the immune cells in
mouse atherosclerosis. They found enhanced expression of
inflammatory genes CXCL2, CCL2, CCL3, Ly6C2, suggesting

Ly6C" inflammatory monocytes. T cells clusters mainly included
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Th2, Th17, CD8" cytotoxic T cells, memory T cells and the mix of
CD4"/CD8" T cells. Three principal B-cell subsets were detected by
the markers CD43 and B220 (CD43"8"B220"°8, CD43"°¢B220"i8",
CD43"°"B220™¢"). The CD43"&"B220"¢ B cells tended to be pro-
atherogenic chemokine CCL5, while CD43"*8B220"8" showed a
predominant of the pro-inflammatory cytokine interferon Y.
Further studying immune cells at different lesion sites, they
found that in advanced stages of atherosclerosis, leukocyte
signaling was relatively high in extravascular tissue rich in
tertiary lymphoid organs, with a predominant distribution of B
cells. This lesion site may be one of the major immune cell
CCR2, CCR5 and
CX3CRI are all involved in the recruitment of monocytes in the

repositories in advanced atherosclerosis.
pathological process of atherosclerosis (107). Burger et al. (108)
attempted to define macrophage subpopulations involved in
They that LYVEL"
macrophages, which express high levels of CCL24, expand under

atherosclerosis  progression. found

hypercholesterolemia in Apoe™~ mice and promote the
conversion of vascular smooth muscle cells to osteoblasts/
chondrocytes in a CCL24-dependent manner. This suggests that
LYVE1" resident macrophages may play an important role in
vascular calcification and atherosclerotic plaque instability. The
process by which monocytes, guided by chemokines, enter the
plaque, engulf oxidized cholesterol, convert it into foam cells,
and then exit the plaque is called atherosclerosis regression. One
of the features of regression is the overall reduction of plaque
macrophages. Rahman et al. (109) compared plaque regression in
the aortic transplantation model with normo-lipidemic recipients
and those deficient in chemokine receptors, explaining the role of
the above chemokines in regression. They found that recruitment
of CCR2-dependent and CX3CR1-dependent monocytes was
critical for the regression of plaque macrophage content.
Inadequate CCR2 or CX3CRI in aortic transplant models
although CCR5

promoted the progression of atherosclerosis by recruiting

prevented plaque regression. Furthermore,

monocytes, it was not required for the resolution of
atherosclerosis. In addition, Park et al. (110) found that C-type
lectin receptor CLEC4A2 induced monocytes to join the resident
macrophage pool via scRNA-seq, which had the atheroprotective
property. CLEC4A is the only classical C-type lectin receptor that
possesses an intracellular immunoreceptor  tyrosine-based
inhibitory motif, which possibly transduces negative signals
(111). Through gene deletion and competitive bone marrow
chimerism experiments, they determined that CLEC4A2 played a
protective role in atherosclerosis by maintaining myeloid steady-
state. CLEC4A2 deficiency caused the loss of homeostatic
properties of resident macrophages during atherogenesis,
resulting in dysfunctional cholesterol metabolism, enhanced toll-

like receptor triggering and aggravating the disease.

4.2. Myocardial infarction
MI usually occurs when a new thrombus or ruptured plaque

blocks a coronary artery. MI is a common cause of acute aseptic
heart injury (112). Because the heart requires sufficient energy
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and oxygen to maintain continuous contraction, disruption of
coronary blood supply can irreversibly kill myocardial tissue in
the affected area, especially when the heart is under high load.
After MI, the distribution of immune cells in myocardium has
changed significantly. The plasticity of subpopulation phenotypes
enhances the need to analyze the characteristics of the cellular
dead
cardiomyocytes recruit immune cells that express different

environment by  single-cell techniques.  Acutely

phenotypes and trigger different alarms (113).

4.2.1. Intracardiac myeloid cells subpopulations
Neutrophils are short-term first responders to MI. In response
to ischemic injury, circulating neutrophils and monocytes infiltrate
the heart in a form that approximates a stacked wave. Calcagno
et al. (114) explained the possibility of remote activation of
myeloid cells from the peripheral circulation to infiltrating the
infarcted heart via scRNA-seq. Similar monocyte subpopulations
with high expression of interferon stimulated genes (ISGs) were
found in the peripheral blood of both humans and mice
suffering from MI. They also focused on myeloid cells in the
and defined five
subpopulations which had distinct temporal patterns between day

infarcted heart intracardiac  neutrophil
1 and day 4 post-MI. The first is a subpopulation of parental
neutrophil that highly express Retnlg throughout the event.
Another subset continued to express ISGs for 1-4 days after MI,
and such expression was previously only found in monocyte-
derived macrophages. The other three subpopulations highly
expressed nuclear factor kappa B activation-related genes,
hypoxia inducible factor 1 activation-related genes, and Siglecf,
respectively. As for these three subpopulations, the first two
subpopulations decreased proportionally over time and gradually
were replaced by the third group. Macrophages in infarcted
hearts also expressed ISGs. The team found that multiple
myeloid cells at the infarct site expressed ISG and that ISG was
detectable in early circulating neutrophils, which was enhanced
as neutrophils matured. They also identified aberrant type I
interferon innate immune activation in monocytes and
neutrophils in the bone marrow of mice at steady-state and after
MI. ISG became an important component in driving immune
cell aggregation, suggesting that innate immunity was involved in
with
Macrophages have been shown to trigger a dual cascade of

the long-range activation associated interferons.
inflammation and repair in cardiac remodeling after MI. Farbehi
et al. (115) and Jin et al. (116) successively confirmed that
macrophage  subpopulations  have  specific = dominant
subpopulations and dynamic changes at different stages after MI.
MHC-II"" subsets indicate a monocytic origin and robust
inflammatory potential. The researchers observed that MHC-
11"¢" CCR2"E" subsets had expanded by day 3 after MI, whereas
the MHC-IIM8" CCR2"eee which shared many
inflammatory features (CCL5, CXCL9, Gpb2, etc) was more

noticeable at a later stage of MI (116). The subsets enriched for

subset

features related to leukocyte migration and chemotaxis was
significantly increased in the acute phase (day 3) and were
typical post-infarct inflammatory clusters. The next four subsets
showed low levels of CCR2 and MHC-II expression with marked
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expansion from the restoration stage (day 7). These subsets showed
the ability to
chemokines and receptor-mediated endocytosis, and the ability to

resist cardiomyocyte injury, enrichment of
promote tissue fibrosis (angiogenesis and collagen-related gene
expression), respectively (115). The profibrotic cluster manifestly
appeared at day 14 after MI and involved in improving cardiac
regeneration (116). Diffusion map analyses were used to model
possible temporal changes in the main macrophages/monocytes
population, revealing a cascade of states that break down from
early infiltration and cell

migration, inflammatory over-

characterization, to late peak inflammatory resolution and repair.

4.2.2. Lymphocyte response to myocardial infarct

In addition to the acute myeloid response, MI triggers a
lymphocyte response that affects recovery. Heinrichs et al. (117)
conducted in mice a phenotyping of B-cell responses in infarcted
hearts to dissect the mechanisms controlling B-cell mobilization
and activity in situ. MI triggered synchronized B-cell responses
in the infarct site and the mediastinal lymph nodes. A unique B
cell cluster was also identified in the infarcted heart, showing
obvious chemokine receptor characteristics, with high expression
of CCR7 and CXCRS5. These cells were enriched in the infarct
site and peaked at Day 7 after MI. Quantitative analysis found
that CXCR5 ligand (CXCL13) were expressed at higher levels
than CCR7 ligands (CCL19 and CCL21), and then decreased
myocardial B cell infiltration after MI was observed in CXCR5-
deficient mice. It is likely that healing after MI is dependent on
the CXCL13- CXCR5 axis, but not CCR7, to mobilize B cells to
infiltrate the myocardium.

4.3. Heart failure

Heart failure (HF) is primarily a clinical diagnosis that occurs
secondary to either left ventricular systolic and diastolic
dysfunction. Ultimately the heart is not able to transport a
sufficient amount of blood under normal filling pressures to
meet our body’s needs. Cardiac diseases that cause HF include,
but are not limited to, MI, hypertension, heart valve disease, and
myocarditis (118). Myocardial injury is bound to cause aseptic
myocardial inflammation; whereas termination of inflammatory
infiltration requires activation of anti-inflammatory stimulus
pathways, which in turn initiate profibrotic signaling (119, 120).

4.3.1. Cardiac immune composition in heart failure

Under stress, immune cells even express a fibrotic phenotype
(121). The relative balance between pathological inflammatory
the
developmental trajectory of HF (122). Martini et al. (87) mapped

pathways and tissue repair processes determines
the cardiac immune composition in the murine nonischemic,
pressure-overload heart failure model. They demonstrated a
major reorganization of immune cell abundance at late stages of
HF (4 weeks with

macrophages and T cells being the most abundant. Activation of

after transverse aortic constriction),
macrophage-dominated immune subpopulations in response to

cardiac stress induced expansion, and these subpopulations
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clustered together macroscopically as cardiac inflammation. HF
induced an increase in the abundance of resident CCR2™
antigen-presenting macrophages, CCR2™ phagocytic monocytes/
macrophages, and proinflammatory, CCR2*Osm"IL-1b" recruited
cells to varying degrees. Oncostatin M (OSM), a member of the
IL-6  family, the
development of heart failure, functions as a major mediator of

chronic activation of which promotes
cardiomyocyte remodeling under pathological conditions (123). B
cells expressed observably higher levels of CXCR5 and CCR7
after the intervention. These chemokines targeted B cells homing
and directed them to the T-cell compartment of the lymph node,
which increased the likelihood that B and T cells were organized
into tertiary lymph nodes, as they were in atherosclerotic aortic
adventitia. PD-1 was found to be present in T, cells in the early
of the Treg
immunosuppressive function. T, cells were actively expressed

stages disease and  promoted -induced
and stable in number in the early stages of HF, and only in the
later stages did they show a significant increase in number. In
addition, they observed two neutrophil subpopulations, a
relatively more numerous subpopulation of pro-inflammatory
cells (CCR2) and a smaller subpopulation of pro-reparative cells
(CCR1
expression might mean different microenvironment positioning
modes. Koenig et al. (124) observed that HF had the greatest

effect on the differential gene expression of myeloid cells and

and CXCR2), whose differing chemokine receptor

attempted to reveal their multiple subgroups. Patients with
dilated cardiomyopathy displayed reduced numbers of resident
macrophages and a greater number of intermediate monocytes,
and other additional monocyte-derived macrophage subsets. The
additional monocyte-derived macrophage subsets exhibited high
chemotaxis and high inflammation. Anti-monocyte recruitment
may reduce cardiac pathological inflammation and myocardial
fibrosis.

4.3.2. Immune cells and myocardial fibrosis in
heart failure

Revelo et al. (10) analyzed the role of cardiac immune cells,
especially macrophages, in the decompensated hypertrophic
response of the myocardium. Macrophages played an important
role in the early stages of the hypertrophic remodeling process,
as evidenced by the positive correlation between the number of
macrophages and the level of cardiac hypertrophy. Resident
macrophages were found to be depleted early, but recruited
macrophages were rapidly replenished from circulating
monocytes. The macrophage-derived factors transforming growth
factor-B1 and IL-10 were increased in the heart after transverse
aortic constriction, and these factors had been implicated in the
progression of cardiac fibrosis. The researchers found that
of

angiogenesis and worsened fibrosis, in

preferential ~ depletion resident ~macrophages reduced
addition to the fact that
recruited macrophages were promoters of fibrosis and stimulated
the aforementioned derived factors. Resident macrophages
prevent deterioration of cardiac function and ameliorate fibrosis
progression after pressure overload during the early stages of
cardiac remodeling. Rao’s team (125) solved the gene expression

disturbance between leukocytes and myocardial fibrosis. The
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results of the study showed that in the fibrotic myocardium, a large
number of leukocytes infiltrated, especially CD8" T cells and CD4"
T cells. In addition, tissue-resident CXCL8M$"CCR2*HLADRMg"
macrophages were found especially in areas of severe fibrosis.
CXCL8""CCR2"HLADR™#" cells highly express CXCLS, while
its receptor duffy antigen/receptor for chemokines is expressed in
activated endothelial cells. It interacted with activated endothelial
cells via duffy antigen/receptor for chemokines and might
promote leukocyte recruitment and infiltration in human heart
failure. Several clinical studies have measured circulating subsets
of monocytes or lymphocytes to assess the degree of recovery of
left ventricular function or prognostic risk (126-128).

4.3.3. Circulating immune cells and heart failure
Abplanalp et al. (129) analyzed the impact of circulating
immune cells on HF and gave new insights into the
characteristics of immune cells at the single-cell level. Although
the number of monocyte subpopulations was not affected by HF,
the gene expression had significantly altered. The researchers
classified monocyte subpopulations according to the expression
of well-established markers CD14/CD16, which were roughly
divided into classical monocytes (CD14/CD16 ratio >2.5),
intermediate monocytes (CD14/CD16 ratio of 0.45-2.5), and
non-classical monocytes (CD14/CD16 ratio <2.5). They found
specific changes in gene expression patterns in the classical
monocyte subpopulations, associated with cell differentiation,
regulation of cell migration and stress response. Fatty acid
binding protein 5 upregulation was enriched in the classical
monocytes, which contributed to the marked induction of
patients with  heart

Intermediate monocytes were more prone to post-stress adaptive

inflammatory ~ signatures in failure.
signaling, and expressions were associated with epithelial-
mesenchymal transition and cell proliferation. B-catenin was
deeply enriched in intermediate monocytes involved in the
regulation of multiple functions, the most important of which is
the “epithelial-to-mesenchymal transition”, indicating that it
played an important role in HF progression and fibrosis. This
suggested that modulating monocyte heterogeneity could be a

new therapeutic target for rescue of HF.

5. Challenges and prospects

Single-cell technology uses unsupervised cluster analysis to
define up to dozens of cell types, thereby assessing the importance
of each cell cluster and completing the identification of key
immune cell subsets. Opportunities to improve CVDs may arise

subtype

characteristics and their functional implications. Theoretically, the

following consensus on cell type and identity
selective suppression of detrimental immune cell subsets, or
conversion to subsets with more beneficial functions, would lead
to more effective prevention and treatment of malignant clinical
events. Future increases in adaptive regulation of immune cell
subpopulations, and even individualized interventions, are expected
to have a profound impact on increasing life expectancy,

improving quality of life, and clarifying diagnoses. Single-cell
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technology is now being used in clinical research. Fan et al.
applied single-cell techniques to analyze the composition and
phenotype of CD45+ cells in human peripheral blood samples.
They revealed peripheral immune signatures associated with
disease stages in patients with coronary artery disease and
identified
peripheral immune cell subpopulations that are strongly associated

atherosclerotic cardiovascular disease and specific
with coronary artery disease severity. These revealed stage-specific

peripheral immune signatures become promising minimally
invasive liquid biomarkers to potentially diagnose and monitor the
progression of cardiovascular disease in humans (130). However,
the development of such subset-specific inhibitors or
reprogramming agents still needs to overcome numerous hurdles.
The practical problem is that the study on immune heterogeneity
cannot be separated from samples from healthy controls, and
requires collecting as many immune cells as possible in the
location and purifying the samples as much as possible to ensure
that results are not biased towards specific cell types. Once a rare
subset of immune cells has been identified using single-cell
genomics, researchers need to further purify and specifically study
them. The complexity of immune ecology in CVDs needs to be
taken into account, and the inherent understanding of the
phenotype of immune cells based on single-cell technology will be
reconsidered, perhaps with the classification of gene expression
profiles as a worthwhile attempt (131, 132).

As sequencing costs continue to decrease, it is economically
promising to integrate multiple layers of bioinformatics and
technical replication to improve the ability to detect changes in
addition,

developments in spatial transcriptomics and multimodal omics

immunoheterogeneous  expression.  In recent
will contribute to subpopulation-specific expression patterns and

more comprehensive gene expression networks from a

spatiotemporal perspective (133, 134).

6. Conclusion

Single-cell technology is now emerging as a powerful tool for
comprehensive and unbiased analysis of the cellular composition
of normal/diseased tissues. Experimental single-cell studies have
revealed new heterogeneity in immune regions, demonstrating
more clearly defined immune differences, compared to the
relatively conserved normal situation. Single-cell techniques have
also demonstrated significant immune cell cellular adaptability
and plasticity in the pathological setting. In-depth single-cell
studies on a limited number of precious human specimens have
improved understanding of specific immune cell alterations, such
as macrophages. In addition to revealing significant differences in
gene expression, several variables potentially affecting immune
cell behavior were analyzed in combination with in-depth
analysis, considering genetic background, spatial location or
intercellular interactions, showing changes in the composition of
the driving cell population. The scRNA-seq analysis has
remarkable resolution, even when dealing with small numbers of
cells. It nicely demonstrates the enormous complexity of decision
regulation in immune cells, which is a good example.
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TABLE 1 Renewed phenotype marker genes of immune cells via single-cell RNA sequencing.

Disease Methodology Marker genes

Under high fat condition | C57BL/6] mice | Aortic tissue 24,001 t-SNE, CellChat Mo/M® cluster 1: Clq, PF4 (85)
Mo/M® cluster 2: Top2a, Stmnl, Corola
Mo/M® cluster 3: COL1A1, Sparc, Gsn, Den
Mo/M® cluster 4: CD79a, CD20, Ly6d
Under high fat/salt/glucose | C57BL/6] mice | Aortic tissue 216,612 t-SNE, CellPhone DB Th17 cells: CD4, CCRS6, IL-17 (95)
condition CD8" T cells: CD8, IFNG,
Macrophages: CXCL10, CXCL2, CCL3
B cells: CD24, IL-10

Atherosclerosis Ldlr ™~ mice Aortic tissue 5,355 t-SNE stem-like macrophages: CX3CR1, CD14, (97)
Adgrel, Csfl, CD68

under high fat condition | Ldlr™'~ mice Aortic tissue 1,226 t-SNE, SCDE Macrophages: TREM2 (98)
Monocyte-derived DC/DCs: Ifi30, Napsa,
CD209%a

Atherosclerosis Human Aortic tissue, 9,490 CyTOF, CITE-seq, aggregated | T cells: NFATC2, FYN, ZAP70, GzmA, GzmK, | (100)

PBMCs scRNA-seq EOMES, PDCDI, CD223

Atherosclerosis Human Aortic tissue 3,282 CCA, t-SNE CD4" T cells: (102)
Cytotoxicity-signature cluster: GzmA, GzmK,
PRF1

Regulatory T-cell cluster: FOXP3, CD25, CTLA4
Central-memory cell cluster: IL-7R, LEF1, SELL
CD8" T cells:

Cytotoxicity-signature cluster: GzmB, TBX21,
NKG7

Effector-memory cell cluster: GzmK, GzmA,
CD69

Central-memory cell cluster: LEF1, SELL, IL-7R

Atherosclerosis Apoe’/ ~, Ldlr '~ | Aortic tissue 555 PCA, t-SNE, CyTOF T cells: CD43"8"B220"°8, CD43"8B220"¢", (106)
mice CD43"°"B220"e"

MI Human, C57BL/ | PBMCs, heart 3,102/20,206 | UMAP Neutrophils cluster 1: Retnlg (114)

6] mice tissue Neutrophils cluster 2: Isg15, Ifit3, Rsad2, Ifitl,
Irf7

Neutrophils cluster 3: Nfkb1, Icaml, IL-1a,
Sod2, Tnipl

Neutrophils cluster 4: Egln3, Hilpda, Vegfa
Neutrophils cluster 5: Siglecf

MI C57BL/6] mice Heart tissue 17,932 t-SNE, UMAP Mo/M® cluster 1: CXCL9, Igkc, Ighm (116)
Mo/M® cluster 2: CD81, Clqa, Ferls
Mo/M® cluster 3: Ifitm1, CD74, Napsa
Mo/M® cluster 4: CCL5, CXCL9, Gpb2
Mo/M® cluster 5: S100a9, Rsad2, Retnlg
Mo/M® cluster 6: Fabp5, Hmox1, Gpnmb
Mo/M® cluster 7: CXCL3, Sod2, Prdx1
Mo/M® cluster 8: Gas6, Cbr2, Selenop
Mo/M® cluster 9: Fnl, Slc7a2, Sdc3
Mo/M® cluster 10: Dcn, Col3al, Bgn
Mo/M® cluster 11: Stmnl, Birc5, Top2a
MI C57BL/6] mice Heart tissue 6,588 UMAP B cells: CCR7, CXCR5, CD69 (117)
HF C57BL/6] mice Heart tissue 18,115 CCA, t-SNE Mo/M® cluster 1: CD1, CD163, Mrcl (87)
Mo/M® cluster 2: CCR2, IL-1b, Chil3
Mo/M® cluster 3: Ear2, Eno3, CD36
Mo/M® cluster 4: CCR2, Lyz2, Ifitmé6
B cell cluster 1: CCR7, Pax5, Ly6d

B cell cluster 2: CCR7, CXCRS5, Mef2c
B cell cluster 3: CXCR5, CCR7, CD19
B cell cluster 4: CCR7, CD19, CX3CR1
CD8" cell cluster 1: CD8, CD3, Thyl
CD8" cell cluster 2: CD8, IL-17, Lat
CD4" cell cluster 1: CD3, Lat, Lck
CD4" cell cluster 2: Ly6cl, CD28, Tcf7

(continued)
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TABLE 1 Continued

Disease Source of Sample

Size

Methodology Marker genes

Sample

Theg cell cluster: Foxp3, Tnfrsf18, CTL4
Nonexpanding T cell-like cluster: Thyl, Rora,
Argl

Neutrophil cluster 1: CCR2, CD69

Neutrophil cluster 2: CCR1, CXCR2, Arg2
Macrophage cluster 1: TREM2, SPP1, LGALS3
Macrophage cluster 2: FOLR2, LYVE1

Macrophage cluster 3: LYVE1, HSPH1,
HSPAIA

Macrophage cluster 4: CCL3, CCL4, PHLDA1
Macrophage cluster 5: KLF2, KLF4, EGR1
Monocyte cluster 1: LST1, LILRAS5, CD16
Monocyte cluster 2: FCN1, CD14, S100a8
Monocyte cluster 3: FCN1, OLR1, PLAURL

HF Human Heart tissue 49,723 UMAP (124)

scRNA-Seq, single-cell RNA sequencing; PCA, principle component analysis; t-SNE, t-distributed stochastic neighbor embedding; Th17, T helper 17; IL, interleukin; CCR,
CC-chemokine receptor; CXCL, CXC chemokine ligand; CCL, CC chemokine ligand; IFNG, interferon-gamma; Mo/M®, monocytes/macrophages; PF4, platelet factor 4;
Top2a, topoisomerase 2alpha; STMN1, stathmin 1; Corola, coronin-1A; COL1AL collagen 1A1; Sparc, secreted protein acidic and rich in cysteine; Gsn, gelsolin; Dcn,
decorin; Ly6d, lymphocyte antigen 6D; SCDE, single-cell differential expression analysis; TREM2, triggered receptor expressed on myeloid cells 2; PBMCs, peripheral
blood mononuclear cells; Ifi30, gamma-interferon-inducible lysosomal thiol reductase; Napsa, napsin A aspartic peptidase; Adgrel, adhesion G protein-coupled
receptor E1; Csfl, colony stimulating factor 1; NFATC2, nuclear factor of activated T cells 2; FYN, Src family tyrosine kinase; ZAP70, 70-kDa zeta-associated protein;
Gzm, granzyme; EOMES, eomesodermin; CCA, Canonical Correlation Analysis; PDCD1, programmed death-1; PRF1, perforin 1; FOXP3, forkhead box protein P3;
CTLA432; cytotoxic T-lymphocyte-associated protein 4; LEF1, lymphoid enhancer-binding factor 1; SELL, selectin L; UMAP, uniform manifold approximation and
projection; TBX21, T box 21; NKG7, natural killer cell group 7; Igkc, immunoglobulin kappa constant; Ighm, immunoglobulin M heavy chain; Fcrls, Fc receptor-like
proteins; Ifitm, interferon induced transmembrane protein; Gpb2, G-protein beta 2; S100a9, S100 calcium binding protein A9; Rsad2, radical S-adenosyl methionine
domain containing 2; Retnlg, resistin like gamma; Fabp5, fatty acid binding protein 5; Hmox1, heme oxygenase 1; Gpnmb, glycoprotein NMB; Sod2, superoxide
dismutase 2; Prdxl, peroxiredoxin 1; Gas6, growth arrest-specific 6; Cbr2, carbonyl reductase 2; Selenop, selenoprotein P; Fnl, fibronectinl; Slc7a2, solute carrier
family 7 member 2; Sdc3, syndecan 3; Col3al, collagen type Ill alpha 1 chain-1; Bgn, biglycan; MI, myocardial ischemia; CLCF1, cardiotrophin-like cytokine factor 1;
snRNA-Seq, single-nucleus RNA sequencing; Birc5, baculoviral IAP repeat containing 5; Areg, amphiregulin; Isgl5, interferon-stimulated gene 15; Ifit3, Interferon-
induced protein with tetratricopeptide repeats 3; Irf7, interferon regulatory factor 7; Nfkbl, nuclear factor of kappa light polypeptide gene enhancer in B-cells 1; lcam1,
intercellular cell adhesion molecule-1; Tnipl, TNFAIP3-interacting protein 1; Egln3, egl nine homolog 3; Hilpda, hypoxia inducible lipid droplet-associated; Vegfa,
vascular endothelial growth factor A; Siglecf, sialic acid-recognizing lectin F; Mrcl, C1 mannose receptor; Chil3, chitinase-like protein 3; Ear2, nuclear receptor
subfamily 2 group F member 6; Eno3, enolase 3; Lyz2, lysozyme 2; Pax5, paired-box 5; Mef2c, myocyte enhancer factor 2C; Thyl, Thy-1 cell surface antigen; Lat,
linker for activation of T cells; Lck, lymphocyte-specific cytoplasmic protein-tyrosine kinase p56lck; Tcf7, transcription factor 7; Tnfrsfl8, tumor necrosis factor
receptor superfamily member 18; Rora, RAR-related orphan receptor A; Argl, Arginase 1; SPP1, secreted phosphoprotein 1; LGALS3, lectin, galactoside-binding, soluble
3; FOLR2, folate receptor 2; LYVEL, lymphatic vessel endothelial hyaluronan receptor 1; HSPH1, Heat shock protein 105 kDa; HSPA1A, heat shock 70 kDa; PHLDAL,
pleckstrin homology-like domain, family A, member 1; KLF2, kruppel-like factor 2; EGR1, early growth response gene 1; LST1, Leukocyte Specific Transcript 1; LILRAS,
leukocyte immunoglobulin-like receptor, subfamily A, member 5; FCNL1, ficolin 1; OLR1, oxidized low density lipoprotein (lectin-like) receptor 1; PLAURL, plasminogen
activator, urokinase receptor 1; Apoe, apolipoprotein E; Ldlr, low-density lipoprotein receptor.

In recent years, the extensive role of immune cells in
cardiovascular pathophysiology has begun to receive attention.
These range from heart development and repair, to the
maintenance of myocardial homeostasis, to the participation of
key mechanisms of CVDs. Macrophages and T cells have the
most significant heterogeneity in CVDs, their numbers and
proportions are more variable than other immune cells, and they
interact closely with other non-cardiomyocytes. The influence of
macrophages runs through all stages of atherosclerosis, from
lesion initiation and enlargement, to necrosis, and then to
regression. Circulation-derived macrophages are enriched in
inflammation and chemotaxis, and exhibit richer phenotypic
features compared to the classical polarization classification,
which may be related to their environment and activated
signaling pathways. Likewise, the potent role of resident
exhibit
pathological ~process  of

macrophages cannot be ignored, and such cells

proliferative  properties in the
atherosclerosis. Acute MI triggers a large number of immune
cells to infiltrate the injury site, and neutrophils and monocytes
overlap and accumulate at the injury site in the early response.
Depletion affects

of monocytes/macrophages myocardial
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regeneration, but the source remains to be determined (resident
vs. migrating monocytes/macrophages). In addition to myeloid
cells, distinct B cell subsets are defined, are strongly chemotactic
and have pro-reparative effects. Immune cell heterogeneity is
closely related to the time points of HF; for example, early
resident macrophages have been shown to prevent cardiac
deterioration, but macrophages replenished from the circulation
are at risk of aggravating pathological fibrosis. Immune cell
subsets are involved in signaling mechanisms regulating
myocardial fibrosis, which requires further exploration of causal
relationships in the future. In addition, immune cell subsets may
also affect lymphatic function and remodeling, and cardiac
lymph angiogenesis is also one of the therapeutic targets for HF.
The
populations at the site of injury and in circulation correlate with
in Table 1, this
summarizes the phenotypic marker genes of immune cells
defined through scRNA-seq. At the same time, the study of high-

parameter immunophenotyping has just started, and there are

appearance and gene expressions of immune cell

disease progression. As shown review

many important issues to be addressed in future work. The key
is to understand which immune cell subpopulations exhibit
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plasticity/instability and which are pathogenic clusters, and
whether these can be targeted for drug therapy. Myocardial
immune cell heterogeneity promotes disease progression under
pathological conditions. Using healthy controls to study signature
genes, combined with advances in clinical trial design, a bold
approach to drug development will improve patient outcomes.
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Introduction: Cardiac presentation of autoimmune sarcoidosis, known as cardiac
sarcoidosis (CS), is a poorly understood disease with high mortality and low diagnosis
rate. While CS is an immunological syndrome, little is known about how cardiac
parenchymal and stromal cells mediate its pathogenesis. Moreover, while most
current sarcoidosis research is based on research in pulmonary sarcoidosis (PS), it
remains unclear how much both presentations of sarcoidosis overlap. To tackle these
concerns, we leveraged publicly available sarcoidosis transcriptomic datasets.
Methods: Two publicly available bronchoalveolar lavage single-cell RNA sequencing
datasets were integrated to analyze PS relative to control. Additionally, two publicly
available cardiac single-nucleus RNA sequencing datasets were integrated to analyze
CS relative to control. Following integration, we ran cell-cell communication,
transcription factor, and differential expression analyses on parenchymal, stromal,
and immune subsets identified in our analysis.

Results: Our analysis revealed that there was an expansion of stromal and immune cells
in PS and CS. We also observed upregulation of Th17.1 and attenuated activation
transcriptional profiles in the immune cells of CS and PS relative to control.
Additionally, we found upregulation of pro-infllammatory and pro-fibrotic
transcriptional profiles in the cardiac stromal cells of CS relative to control. We also
found that cardiomyocytes exhibited upregulated cardiac stress and proliferation
transcriptional profiles in CS relative to control.

Conclusions: Our integrative transcriptomic analysis shows that despite tissue-specific
differences, there are shared transcriptional trends between CS and PS. It also shows
that stromal and parenchymal populations exhibit transcriptional trends that could
explain their pathogenic role in CS.

KEYWORDS

cardiac sarcoidosis (CS), pulmonary sarcoidosis, single-cell
single-nucleus RNA-seq, meta-analysis, bioinformactics

RNA-seq (scRNA-seq),

Abbreviations

BAL, bronchoalveolar lavage fluid; CM, cardiomyocyte; CS, cardiac sarcoidosis; CXCL12, chemokine CXC
motif ligand 12; DC, dendritic cell; ECM, extracellular matrix; FOLR2, folate receptor p; FOXP1, Forkhead
box protein P1; GPNMB, glycoprotein Nmb; IFN, interferon; LEC, lymphatic endothelial cell; mTOR,
mammalian target of rapamycin; M®, macrophage; NF-kB, nuclear factor kappa-light-chain-enhancer of
activated B; PCA, principal component analysis; PDGF, platelet-derived growth factor; POSTN, periostin;
PS, pulmonary sarcoidosis; scRNA-Seq, single-cell RNA sequencing; SMC, smooth muscle cell; snRNA-Seq
single-nuclei RNA sequencing; SYTL3, synaptotagmin like 3; TF, transcription factor; TFPI, tissue factor
pathway inhibitor; TGFf, transforming growth factor B; UMAP, uniform manifold approximation and
projection; WNK1, with no lysine/K lysine deficient protein kinase 1.
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Introduction

Sarcoidosis is a multisystemic auto-inflammatory syndrome
marked by the formation of non-necrotizing granulomas which
are defined as small immune cellular aggregates constituted
mainly of multinucleated macrophage giant cells as well as CD4"
and CD8" T lymphocytes and surrounded by epithelial and
fibrotic (1). While (PS),
characterized by lung lymph node

layers pulmonary  sarcoidosis

and/or intrathoracic
involvement, constitutes at least 90% of sarcoidosis cases (2),
only 5% of sarcoidosis patients present with clinically overt
cardiac sarcoidosis (CS), defined as sarcoidosis with myocardial
involvement (3, 4). It is estimated that at least a third of
sarcoidosis cases have subclinical CS (4). This

exacerbated by the fact that at least half CS cases present in an

is further

isolated manner, as opposed to a multisystem presentation, with
sudden cardiac death constituting the first clinical sign of most
of such cases (4). As sarcoidosis is an intricate and poorly
understood immunological syndrome (1), many techniques have
been utilized to better understand its pathobiology. Single cell
resolution RNA sequencing techniques, such as single-cell RNA-
sequencing (scRNA-Seq) and single-nucleus RNA-sequencing
(snRNA-Seq), are examples of such techniques. Both scRNA-Seq
and snRNA-Seq are particularly well-suited to understanding the
transcriptional mechanism of multi-agent syndromes, such as
sarcoidosis. While bulk RNA-sequencing has been utilized to
study sarcoidosis, namely PS, in numerous past studies (5-7),
there are very few scRNA-Seq studies that investigate sarcoidotic
syndromes. Even PS, the most canonical of such syndromes, has
only been investigated once so far via scRNA-Seq in a
bronchoalveolar lavage fluid (BAL)-focused study (8). This is
problematic because of the myeloid bias of BAL samples as well
as the fact that this study failed to truly utilize the potential of
the scRNA-Seq technology, including the ability to run cell-cell
communication and protein-protein interaction analyses.
Recently, a snRNA-Seq study performed transcriptional profiling
of cardiac macrophages in CS (9). However, that study lacked a
healthy control comparison and was in general more focused on
myeloid populations involved in CS. In this study, we attempted
to integrate publicly available scRNA-Seq and snRNA-Seq CS
and PS datasets with appropriate controls utilizing novel
transcriptomic algorithms, such as cell-cell communication and
transcription factor analysis workflows. This approach allowed us
to transcriptionally profile BAL and cardiac immune cells
involved in sarcoidosis pathology, namely macrophages and T
cells, as well as cardiac stromal cells implicated in CS, such as
cardiac fibroblasts and endothelial cells. Using this approach, we
show that, regardless of the tissue of presentation, sarcoidotic
macrophages and T cells upregulate activation attenuation
transcriptional profiles relative to control. We also show that CS
cardiac fibroblasts and endothelial cells are enriched for pro-
inflammatory and pro-fibrotic pathways relative to control. In
addition, we show that viable cardiomyocytes in CS exhibit
upregulated pro-inflammatory and cardiac stress transcriptional
pathways relative to control.
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Material and methods

Publicly available dataset and patient
characterization

Two publicly available scRNA-Seq datasets were utilized to
investigate PS, a control BAL dataset as well as a PS BAL dataset.
The control scRNA-Seq dataset was retrieved using the accession
code: GSE193782 (10). This dataset included 4 healthy control
patients and 3 cystic fibrosis patients. Only the healthy control
sequencing data were retained for the PS analysis. The PS
scRNA-Seq dataset was retrieved using the accession code:
GSE184735 (11). This dataset included 4 PS patients, 3 chronic
beryllium disease patients and 2 beryllium-sensitized patients.
Only the PS patients were retained for the PS analysis. The
available clinical characteristics of the patients utilized for the PS
analysis are shown in Supplementary Table S1 (10, 11).

Two publicly available snRNA-Seq were utilized to investigate
CS, a control cardiac dataset as well as a CS cardiac dataset. The
control snRNA-Seq dataset was retrieved using the accession
code: ERP123138 (12). This dataset included sequencing data of
14 healthy control patients collected from various regions of the
heart. The CS snRNA-Seq dataset was retrieved using the
accession code: GSE205734 (9). This dataset included sequencing
data of 4 CS patients and 3 ischemic cardiomyopathy patients
collected from the apex of the heart. Only the CS patients were
retained for the CS analysis. The available clinical characteristics
of the patients utilized for the CS analysis are shown in
Supplementary Table S2 (9, 12).

PS scRNA-Seq workflow

The Seurat scRNA-Seq SCT integration and analysis workflow
was utilized (13). Separate Seurat objects were created for each of
the PS samples (n=4) using the Read10X() function after which
they were merged into one Seurat object using the merge()
function. For the healthy samples (n=4), counts were read in
using the Read10X() function after which they were merged into
one Seurat object. To normalize for sample size, the control
samples were downsampled to 8,000 cells. For the quality control
of the healthy samples, cells with nFeature_RNA less than 1,850
or more than 7,450, and nCount_RNA more than 85,000 as well
as mitochondrial gene content higher than 12% were discarded
from further analysis. For the quality control of the PS samples,
cells with nFeature_ RNA more than 7,100 or less than 2,450, and
nCount_RNA more than 87,750 as well as mitochondrial gene
content higher than 15% were discarded from further analysis.
The healthy and PS Seurat objects were separately normalized via
the regularized negative binomial regression method by running
the SCTransform() function to obtain SCT count assays, which
were utilized for integration. Uniform Manifold Approximation
and Projection (UMAP) reduction was run using the first 45
batch corrected principal component analysis (PCA) component.
PCA batch correction was done using the Harmony package (14).
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For subsequent gene expression analysis, the default assay was
reverted to the RNA assay which was consequently log-normalized.
Expression of canonical BAL cell type markers (Supplementary
Table S3) was utilized to provide biological cluster annotations.

CS snRNA-Seq workflow

The Seurat snRNA-Seq SCT integration and analysis workflow
was utilized (13). Separate Seurat objects were created for each of
the CS samples (n =4) using the Read10X() function after which
they were merged into one Seurat object using the merge()
function. For the healthy samples (n=14), counts were read in
and filtered for those in the apex region using the provided
metadata and were merged into one Seurat object. The CS
dataset yielded approximately 26,000 nuclei. To normalize for
sample size, the control samples were downsampled to 26,000
nuclei. For the quality control of the healthy samples, nuclei with
nFeature RNA less than 450 or more than 3,400, and
nCount_RNA more than 7,250 were discarded from further
analysis. For the quality control of the CS samples, nuclei with
nFeature. RNA less than 520 or more than 2,800, and
nCount_RNA more than 7,600 were discarded from further
analysis. As cardiomyocytes tend to have a high mitochondrial
gene content, the use of mitochondrial gene content as a quality
control metric was postponed till biological cluster annotation.
The healthy and CS Seurat object were separately normalized via
the regularized negative binomial regression method by running
the SCTransform() function to obtain SCT count assays, which
were utilized for integration. UMAP reduction was run using the
first 50 batch corrected PCA component. PCA batch correction
was done using the Harmony package (14).

For subsequent gene expression analysis, the default assay was
reverted to the RNA assay which was consequently log-
normalized. Expression of canonical cardiac cell type markers
(Supplementary Table S4) was utilized to provide biological
cluster annotations. Afterwards, the biological labels were
exported, and the complete workflow was repeated with the
added step that mitochondrial gene content was used as a
quality control metric for non-cardiomyocyte cells. For the
healthy sample, non-cardiomyocyte cells with a mitochondrial
gene content greater than 5% were excluded. For the CS
sample, non-cardiomyocyte cells with a mitochondrial gene
content greater than 10% were excluded.

Subclustering workflow

Certain cell type clusters were subclustered to further inspect
their transcriptional heterogeneity. For subclustering, only the
clusters of the cell type of interest were retained and the SCT
and integrated assays were cleared. Afterwards, the workflow
starting from the SCT normalization was repeated. Biological
subcluster annotations were based on annotation definitions
developed by previous scRNA-Seq and snRNA-Seq datasets that
inspected similar cell types (9-12).
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Differential expression and gene set
enrichment analysis

Genes differentially expressed in Sarcoidosis relative to control
in cell types of interest were calculated by running the FindMarkers
() function using the Wilcoxon Rank Sum test. Only genes with an
adjusted p-value less than 0.05 were retained. Gene set enrichment
analysis was conducted by obtaining gene sets associated with each
differentially expressed gene via Metascape (15). Gene sets of
interest were filtered by keeping gene sets with terms of interest
using the grepl() text search command. Afterwards, gene sets of
interest were retained by manually ensuring that they are
of interest. As gene sets tend to poorly represent the direction of
effect genes have on their respective gene sets, the sign of the
log,[Average Fold Change] for gene set repressors was inverted.
Since custom gene sets were developed for this analysis, a custom
gene enrichment score had to be computed for the generated
gene sets. This gene enrichment score (GES) was calculated by
normalizing log,[Average Fold Change] of genes in a gene set to
the maximum absolute log,[Average Fold Change] and summing
all the adjusted log,[Average Fold Change] such that a positive
score would indicate that a gene set was upregulated while a
negative score would indicate otherwise.

i=G

1 Fold Ch; .
GES = Z o, (avg Fo ange), ; G: number of genes in a gene set
MAX(|log, (avg Fold Change)|)

i=1

Cell communication pathway analysis

The CellChat (16) package was used to run cell-cell
among subclustered macrophage
endothelial cell
fibroblast populations. The normalized RNA assay was used for

communication  analysis

populations, subclustered populations, and

the ligand-receptor expression analysis with the labels set to the

assigned cell type annotations. Significant pathways were defined
as pathways with a communication probability higher than 0.2.

Transcription factor analysis

(TFs) were
determined by separately running the FindMarkers() using the

Differentially expressed transcription factors

Wilcoxon Rank Sum test for the healthy and diseased samples.
Afterwards, a human TF list, downloaded via the SCENIC package
(17), was used to only retain TF genes that have an adjusted p-value
less than 0.05. Subsequently, only TFs deemed to be differentially
expressed in Sarcoidosis but not in control conditions were retained.

Software

All computational work was run via R v4.0.4 with the following
packages additionally loaded: scales v1.1.1, lattice v0.20-41,
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gridExtra v2.3, forcats v0.5.1, ggrepel v0.9.1, ggsignif v0.6.1, ggplot2
v3.3.3, multtest v2.46.0, Biobase v2.50.0, BiocGenerics v0.36.1,
BiocManager, v1.30.12, patchwork vl.1.1, SeuratObject v4.0.0,
Seurat v4.0.1, tidyr v1.1.3, dplyr v1.0.5, CellChat v1.5.0, igraph
v1.3.4. Two-sample student T tests were run to execute all
additional statistical testing at a 95% level of confidence.

Results

Compositional increase of immune and
stromal cells in sarcoidosis in the heart and
BAL at the cellular level

To examine similarities and differences in cardiac and lung
sarcoidosis, we integrated publicly available CS and control
cardiac snRNA-Seq datasets (Supplementary Figure S1), which
yielded a final Seurat object constituted of 25,224 healthy control
24,180
(Supplementary Figure S2A). We also integrated publicly
available PS  and BAL  scRNA-Seq
(Supplementary Figure S1), which yielded a final Seurat object
constituted of 7,423 control BAL cells and 6,296 sarcoidotic BAL
cells

cardiac nuclei and sarcoidotic  cardiac  nuclei

control datasets

(Supplementary Figure S2B). We observed immune
cells, such as macrophages and T cells in both datasets
(Figures 1A,B). Moreover, we identifled cardiomyocytes and
smooth muscle cells (SMCs) as well as stromal cells, such as
endothelial cells, fibroblasts, lymphatic endothelial cells (LECs)
and pericytes in the cardiac dataset that were not present in the
BAL dataset. In order to confirm that the cell type designations
utilized in our analysis represented transcriptionally and
biologically distinct clusters, we ran unsupervised differential
expression testing (Figures 1C,D, Supplementary Figure S2C,
and Supplementary Table S5). Furthermore, to assess the
proportional changes of different cell types in the cardiac and
BAL Seurat objects, cells in each dataset were separated by
disease status and the proportion of each cell type was compared
across disease (Figures 1EF). We found that, relative to control,
there was a statistically significant increase in the proportion of
macrophages, NK/T cells and endothelial cells in CS. We also
HLA-DR+

macrophages and epithelial cells in PS relative to control.

noted a statistically significant increase in
Furthermore, we observed a statistically significant increase in the
proportion of LECs as well as a statistically significant decrease
in the proportion of cardiomyocytes and pericytes in CS relative
to control (Figures 1E,F). While the p-value for the increase in
the proportion of fibroblasts relative to control in the cardiac
dataset was not statistically significant at a confidence level of
95%, it was less than 0.1 which suggests that there might be a
trending increase in that cell type population in CS. Since the
total number of cells for each dataset is approximately equal, the
previous observations were applicable to cell type numbers of
each dataset as well. Due to the multipotent nature of pericytes,
we ran pseudotime trajectory analysis on pericytes, SMCs and
fibroblasts. We noted that very few pericytes were contracted
along the transitional path towards SMCs while most of the
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pericytes were diminished in sarcoidosis along the early portion
of the path fibroblasts in CS
(Supplementary Figure S2D). Conversely, the proportion of the

transitional towards
cells along the later portion of that path were shown to be
expanded. Therefore, both sarcoidotic cardiac and BAL samples
show a compositional shift towards increased immune cells, such
as macrophages and T cells, as well as stromal cells, such as
epithelial cells, endothelial cells and fibroblasts.

Sarcoidotic cardiac and BAL T cells exhibit
immune attenuation and dysfunction

Interferon (IFN) y-producing Th17 cells (Th17.1) are proposed
to play a pathogenic role in PS (18). This subset has been
functionally defined as CD4" T cells that produce both the Th17
cytokine, IL-17A, as well as the Thl cytokine, IFNy (19). To
assess the contribution of this subtype in CS as well, we
examined the proportion and number of Th17.1 cells, defined as
cells/nuclei co-expressing TBX21 and RUNXI in the heart and
BAL. This definition has been previously verified as a valid
(20). Qualitatively, we
detected significantly more Th17.1 nuclei in sarcoidosis relative

transcriptional definition of Th17.1

to controls in the heart (Figure 2A). While we saw more
sarcoidotic Th17.1 cells in the BAL relative to control, there was
not enough Thl7.1-containing control donors to determine
significance. The reason was that one control donor that yielded
the only control BAL Thl7.1 cell was determined to be an
outlier by running Grubb’s test for outliers and was accordingly
removed from analysis. We also observed a trending increase in
the proportion of Thl17.1 cells in sarcoidotic cardiac T cells
compared to control cardiac T cells (Supplementary
Figure S3A). Both sarcoidotic cardiac and BAL Thl7.1
constituted 6%-8% of all sarcoidotic cardiac and BAL T cells
(Supplementary Figure S3A). Since none of the remaining
control BAL T cells passed the Th17.1 transcriptional definition,
we did not run any further comparison with the BAL dataset.
Consequently, we ran differential expression testing between all
Th17.1 cells and the
(Supplementary Table S6). We discerned that only 2 genes were

cardiac other cardiac T cells
significantly upregulated in Th17.1 relative to all other cardiac T
cells: TBX21, which encodes T-bet, and AOAH, a Thl response
transcription factor (Supplementary Figure S3B). We verified
that these two genes were strong Th17.1 markers via ROC
analysis (Supplementary Figure S3C and Supplementary
Table S6). we show that both cardiac and BAL

sarcoidotic T cells upregulated their composition of Th17.1 cells

Hence,

that are transcriptionally programmed to elicit both a Thl and
Th17 phenotype.

To determine how the transcriptional phenotype of sarcoidotic
T cells differs in the heart and BAL, supervised gene-set
enrichment was conducted (Supplementary Table S7). We noted
that, relative to control, sarcoidotic cardiac and BAL T cells
downregulated TCR signaling, immune response, IFN signaling
and cytokine signaling transcriptional pathways (Figure 2B). In
addition, relative to control, sarcoidotic cardiac and BAL T cells
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(A) UMAP clustering of integrated control and cardiac sarcoidosis (CS) snRNA-Seq datasets by cell type. The following biological cell populations were
identified: adipocytes, cardiomyocytes, endothelial cells, fibroblasts, granulocytes, lymphatic ECs, macrophages (M®), neurons, NK/T cells, pericytes and
smooth muscle cells (SMCs). (B) UMAP clustering of integrated control and pulmonary sarcoidosis (PS) scRNA-Seq datasets by cell type. The following
biological cell populations were identified: circulating monocytes (Mon), cycling Mon, epithelial cells, FOLR2+ M®, GPNMB+ M®, HLA-DR+ M®, pro-
inflammatory M®, SYTL3+ M® and T cells. (C) Violin plot showing the expression of canonical cardiac markers in each identified biological cluster.
(D) Violin plot showing the expression of canonical BAL markers in each identified biological cluster. (E) Proportion analysis of each identified cardiac
biological cluster across disease status. (F) Proportion analysis of each identified cardiac biological cluster across disease status. Statistically significant
changes with a p-value <0.05 are indicated by a (*) while statistically trending changes with a p-value <0.1 are indicated by ().
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(A) Feature plot showing Th17.1 cells co-expressing TBX21 and RUNX1 in the cardiac (top) and BAL (bottom) datasets stratified by disease status (control
shown on the left, sarcoidosis shown on the right). (B) Supervised gene-set enrichment results in cardiac and BAL T cells showing pathways shown to be
significantly enriched in sarcoidosis relative to control. Positive enrichment scores indicate pathways shown to be significantly upregulated while negative
enrichment scores indicate otherwise. (C) Dot plot showing the expression of sarcoidosis-specific transcription factors (TFs) in the cardiac and BAL
datasets in control and sarcoidosis T cells. Gene expression was scaled from 0 to 0.6.

exhibited upregulation of immune dysfunction pathways, such as
PRR signaling, autophagy attenuation, T cell activation and
exhaustion. While apoptosis and oxidative phosphorylation
pathways were upregulated in sarcoidotic BAL T cells, these
processes were downregulated in sarcoidotic cardiac T cells

Frontiers in Cardiovascular Medicine

(Figure 2B). Other transcriptional distinctions included that,

relative to control, only BAL T cells showed upregulation of TNF

signaling and type 2 response pathways while only cardiac T cells
showed upregulation of the T cell structural polarity pathway

(Figure 2B).
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To inspect whether there was a shared transcriptional
programming pathway for T cells in the heart and BAL,
transcription factor (TF) analysis was conducted (Supplementary
Table S8). We found that, unlike their control counterparts, both
cardiac and BAL sarcoidosis T cells showed enrichment of
memory T cell TF genes (RFX7 and ZEBI), survival and
proliferation TF genes (HLF and HISTIH2BN) (Figure 2C) and
type 3 (ARNTL and ADARBI)
(Supplementary Figure S3D). Meanwhile, only sarcoidotic BAL
T cells showed enrichment of ZNF683, a tissue residency TF,
while only sarcoidotic cardiac T cells showed enrichment of
NR3CI, a TF that has been associated with dysfunctional
S$3D).
Therefore, we demonstrate that both sarcoidotic cardiac and BAL

response TF  genes

terminal T cell activation (Supplementary Figure
T cells are transcriptionally programmed towards immune
dysfunction processes, such as autophagy attenuation, exhaustion
and Thl17.1 response, as well as the attenuation of immune
processes, such as IFN, cytokine and TCR signaling. However,
while only sarcoidotic BAL T cells upregulated apoptosis and
type 2 pathways, such as oxidative phosphorylation and TNF
signaling, only sarcoidotic cardiac T cells exhibited activation
priming profiles, indicated by downregulated apoptosis and
oxidative phosphorylation as well as upregulated structural T cell

polarity.

Sarcoidotic cardiac and BAL M® exhibit
attenuated alternative activation

To inspect similarities and differences between macrophages
(M®) in CS and PS, we subclustered cardiac M® into 6
subgroups: CD16 M®, Glycoprotein Nmb (GPNMB)+ MO,
HLA-DR+ M®, resident M®, Synaptotagmin Like 3 (SYTL3)+
M® as well as CD1C+ dendritic cells (DCs) (Figure 3A). These
annotations have been previously validated in cardiac M® by a
previous transcriptomic study of CS (9). We further verified
these M® subgroup annotations using canonical cell type
markers as well as unsupervised differential expression testing
(Supplementary Figures S4A,B, and Supplementary Table S9).
These M® subpopulations were identifiable in the BAL dataset
without further need for subclustering (Figure 1A). To inspect
these
analysis  in

subsets, we ran cell-cell
BAL Mo
(Supplementary Figure S4C, Supplementary Table S$10). We
observed that the expression of CXCR4 [receptor for Chemokine
CXC Motif Ligand 12 (CXCL12)], SIGLECI (IFN-related factor),
and LGALS9 (immune checkpoint ligand) were upregulated in
sarcoidotic BAL M® relative to control BAL M® (Figure 3B).
To further assess whether certain transcriptional pathways are

interactions  between

communication cardiac  and

conserved in sarcoidotic M® in the heart and BAL, we conducted
supervised gene-set enrichment (Supplementary Table S11). We
found that, relative to control, both cardiac and BAL sarcoidosis
M® exhibited upregulated alternative activation and glycolysis
pathways as cytokine
phagocytosis/efferocytosis and autophagy pathways (Figure 3C).

well as downregulated signaling,

Gene-set enrichment showed that certain pathways were,
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however, tissue-specific in sarcoidotic M®. Relative to control,
sarcoidotic cardiac M® downregulated apoptosis, but apoptosis
was upregulated in sarcoidotic BAL M® (Figure 3C). In
addition, relative to control, we noted that CXCL12 signaling was
upregulated only in sarcoidotic cardiac M® while immune
checkpoint signaling was upregulated only in sarcoidotic BAL
M®. Additionally, BAL M® displayed
downregulation of IFN signaling relative to control (Figure 3C,
right).

To assess whether the transcriptional pathway results could be

only sarcoidotic

corroborated at the level of TF expression, we conducted TF
analysis of sarcoidosis-specific TFs (Supplementary Table S12).
We observed that, unlike their control counterparts, both
sarcoidotic BAL and cardiac GPNMB+ M® enriched cytokine
suppression TFs (CREM and CUXI as well as NRIH3) and
alternative activation TFs (JUND and ZNF331 in BAL M® as
well as MDM2 and FOSL2 in cardiac M®) (Figure 3D and
Supplementary Figure S4D). Other TFs enriched only in
sarcoidotic BAL and cardiac M® included chronic immunity TFs
(ETS2 by BAL SYTL3+ M® and ARID5B by cardiac GPNMB+
M®) as well as mTOR TFs (SREBF2 by BAL SYTL3+ M® and
RUNX2 by cardiac HLA-DR+ M®) (Figures 3D). Only
sarcoidotic cardiac M®, however, revealed enrichment of VDR, a
macrophage recruitment TF (Supplementary Figure S4E).
Therefore, we show that, relative to control, both cardiac and
BAL sarcoidotic M® exhibited attenuated alternative activation
transcriptional phenotypes, as determined by the suppression of
cytokine signaling, autophagy and phagocytosis/efferocytosis
pathways, as well as by the simultaneous upregulation of
glycolysis and type 2 response pathways. However, relative to
control, only cardiac sarcoidotic M® presented with upregulation
of the chemotaxis pathway and downregulation of the apoptosis
pathway. Conversely, relative to control, only BAL M® displayed
upregulation of immune checkpoint and apoptosis pathways as
well as downregulation of the IFN signaling pathway.

Fibroblasts exhibit upregulated fibrotic,
pro-inflammatory, and dysfunctional
activation profiles in CS

To further investigate cardiac fibroblasts in CS, we subclustered
cardiac fibroblasts into 6 biologically relevant and transcriptionally
distinct fibroblast clusters: quiescent fibroblasts, ECM fibroblasts
which were defined as fibroblasts highly expressing extracellular
matrix (ECM)-related genes, myofibroblasts which were defined
as fibroblasts highly expressing activation markers, inflammatory
fibroblasts which were defined as fibroblasts highly expressing
inflammatory markers, endothelial fibroblasts which were defined
as fibroblasts highly expressing endothelial cell markers, and
cardiomyocyte (CM)-like fibroblasts which were defined as
fibroblasts  highly (Figure 4A,
Supplementary Figures S5A,B, and Supplementary Table S13).

expressing CM  markers

We ran cell proportion analysis and showed that there was a

statistically ~ significant increase in the proportion of
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(A) UMAP clustering of subclustered cardiac myeloid subpopulations by cell type. The following myeloid subpopulations were identified: Resident M®,
GPNMB+ M®, HLA-DR+ M®, CD16 M®, SYTL3+ M® and CDIC dendritic cells (DCs). (B) Violin plot showing gene expression of cell-cell
communication ligands of interest differentially upregulated in sarcoidotic BAL M® subpopulations stratified by cell type and disease status. (C)
Supervised gene-set enrichment results in cardiac and BAL M® subpopulations showing pathways shown to be significantly enriched in sarcoidosis
relative to control. Positive enrichment scores indicate pathways shown to be significantly upregulated while negative enrichment scores indicate
otherwise. (D) Dot plots showing the expression of sarcoidosis-specific transcription factors (TFs) in the cardiac and BAL datasets in control and
sarcoidosis M® subpopulations. Average gene expression was scaled from 0 to 0.6. The expression of ZNF331 and JUND was visualized using a violin
plot stratified by cell type and disease status for aesthetic purposes. The classification group of each TF is shown colored above its respective gene

expression plot.

Frontiers in Cardiovascular Medicine o1 frontiersin.org


https://doi.org/10.3389/fcvm.2023.1227818
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/

Daoud et al.

myofibroblasts (Figure 4B). We also found a trending increase in
the proportion of inflammatory and endothelial fibroblasts.
Subsequently, we conducted supervised gene-set enrichment to
assess the transcriptional phenotypes of sarcoidotic cardiac
fibroblasts (Supplementary Table S14). We observed that, relative
to control, all sarcoidotic cardiac fibroblasts exhibited an increased
pro-inflammatory transcriptional phenotype, as indicated by
upregulated glycolysis, immune response and IL-1 signaling as
well as downregulated HLA class I, susceptibility to T/NK
cytotoxicity, type 2 cytokines and
(Figure 4C, left). Other
phenotypes differentially upregulated by sarcoidotic cardiac

mediated oxidative

phosphorylation transcriptional
fibroblasts included tissue remodeling processes, such as ECM,
Transforming Growth Factor B (TGFB) and Platelet-Derived
Growth Factor (PDGF) signaling and wound healing, as well as
dysfunctional activation processes, such as autophagy, mammalian
target of rapamycin (mTOR) signaling, Forkhead Box Protein P1
(FOXP1) signaling, apoptosis, migration and FOXP1 signaling.
Only sarcoidotic inflammatory fibroblasts, however, upregulated
HLA class II as well as IFN signaling pathways, relative to control
(Figure 4C, right). only ECM fibroblasts and
myofibroblasts upregulated the TNF signaling pathway, relative to

Similarly,

control. While only quiescent and inflammatory fibroblasts
showed upregulation of the epithelial-mesenchymal transition
pathway, relative to control (Figure 4C, right).

To assess how these enrichment analysis results corroborated
with TF trends, we ran TF analysis (Supplementary Table S15).
We observed that, unlike their control counterparts, only
sarcoidotic inflammatory fibroblasts showed enrichment for
immune response TFs, such as PRDMI, only sarcoidotic ECM
fibroblasts showed enrichment of apoptosis TF, such as MECOM,
and only sarcoidotic myofibroblasts and ECM fibroblasts showed
enrichment of tissue remodeling TFs, such as MEF2A
(Figure 4D). Unlike myofibroblasts and ECM fibroblasts which
enriched fibroblast activation TFs, such as GLISI and TRPSI, only
in sarcoidosis, endothelial fibroblasts showed enrichment of FLII,
a fibroblast activation suppressor TF, and GATA2, an endothelial
cell TF, strictly in sarcoidosis (Supplementary Figure S5C).
Therefore, we show via gene-set enrichment and TF analysis that
CS promotes transcriptional profiles characterized by upregulated
tissue remodeling processes, such as ECM, TGFB and PDGF
signaling and wound healing, upregulated immunomodulatory
processes, such as glycolysis, immune evasion and type 1 response,
and dysfunctional

activation, characterized by upregulated

autophagy, apoptosis as well as migration.

Endothelial cells exhibit more immune
modulation, angiogenesis and mTOR
signaling in CS

To further study endothelial cells in CS, we subclustered
cardiac endothelial cells into 7 transcriptionally distinct subtype
clusters: capillary endothelial cells which highly express capillary
markers, arterial endothelial cells which highly express arterial
markers, Periostin (POSTN)+ endothelial cells, cardiomyocyte
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(CM)-like endothelial cells which highly express CM markers,
endothelial which highly
immunomodulatory markers, venous endothelial cells which

immune cells express
highly express venous markers, and fibroblast-like endothelial
cells which highly express tissue remodeling markers (Figure 5A,
Supplementary Figures S6A,B, Supplementary Table S16).
While epithelial cells were identified in the BAL dataset, they
were not detected in CS. We noted via cell proportion analysis
that there was a statistically significant increase in fibroblast-like
endothelial cells and a statistically significant decrease in CM-
Like endothelial cells (Figure 5B). We also found a trending
increase in the proportion of POSTN+ endothelial cells.
Differential expression and supervised gene-set enrichment
testing was conducted in each sarcoidotic endothelial cell type
relative to its control counterpart (Supplementary Table S17).
As there was not enough control fibroblast-like endothelial cells
Fib-like endothelial
fibroblast-like endothelial cells were removed from enrichment

to compare sarcoidotic cells against,
analysis. In addition, CM-like endothelial cells were discarded
from further analysis as there was an insufficient number of
sarcoidotic CM-like endothelial cells. Regardless of subtype, all
analyzed sarcoidotic endothelial cells showed increased immune
transcriptional activation relative to control, as indicated by
upregulation of glycolysis, immune response and immune
synapse formation as well as by downregulation of HLA class I,
susceptibility to T/NK-mediated cytotoxicity and oxidative
(Figure 5C, left). Other

phenotypes included upregulation of angiogenesis pathways, such

phosphorylation transcriptional
as coagulation and With No Lysine/K Lysine Deficient Protein
Kinase 1 (WNKI) signaling, and downregulation of mTOR-
dependent autophagy. While sarcoidotic arterial endothelial cells
showed upregulation of TNF and IFN signaling pathways, they
exhibited downregulation of endothelial cell activation pathways,
as indicated by upregulated FOXP1 signaling (Figure 5C, right).
Additionally, most endothelial cells, except for immune and
POSTN+ endothelial cells, displayed upregulation of tissue
remodeling pathways, such as TGFp signaling and ECM. While
sarcoidotic POSTN+ endothelial cells did not
upregulation of tissue remodeling pathways, they were the only

show clear

subtype to upregulate pro-inflammatory pathways, such as IL-1,
IL-2 and IL-23 signaling (Figure 5C, right).

To further assess transcriptional programs utilized by
endothelial cells, TF
(Supplementary Table S18). As venous and capillary endothelial

sarcoidotic analysis was conducted
cells mostly represent anatomical niches that are unlikely to be
functionally unique in CS (Figure 5C), these subtypes were
discarded from subsequent TF analysis. We found that, unlike
their control counterparts, all analyzed sarcoidotic endothelial
cells highly expressed unique angiogenic TFs, such as VEGFA,
PRDM1, CREB5 and FOSB (Figure 5D). We also found that,
unlike their control counterparts, all analyzed sarcoidotic
endothelial cells (except for arterial endothelial cells) were
enriched for unique proliferation TFs, such as PBX4, TCF4 and
RFX2. Conversely, unlike their control counterparts, only
sarcoidotic fibroblast-like endothelial cells displayed enrichment
of SPII, a IKZF1, an

tissue remodeling TF, and
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(A) UMAP clustering of subclustered cardiac fibroblast subpopulations by cell type. The following fibroblast subpopulations were identified: quiescent
fibroblasts (Fib), ECM Fib, myofibroblasts, inflammatory Fib, endothelial Fib and CM-like Fib. (B) Proportion analysis of each identified cardiac fibroblast
cluster across disease status. Statistically significant changes with a p-value <0.05 are indicated by a (*) while statistically trending changes with a p-
value <0.1 are indicated by (}). (C) Supervised gene-set enrichment results in cardiac fibroblast subpopulations showing pathways shown to be
significantly enriched in sarcoidosis relative to control. Pathways shown to be significantly enriched in all fibroblast clusters are shown on the left
while subpopulation-specific patterns are shown on the right. Positive enrichment scores indicate pathways shown to be significantly upregulated
while negative enrichment scores indicate otherwise. (D) Violin plots stratified by cell type and disease status showing the expression of sarcoidosis-
specific transcription factors (TFs) in the cardiac datasets in control and sarcoidosis fibroblast subpopulations. The classification group of each TF is
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immunomodulatory TF (Figure 5D). Meanwhile only sarcoidotic
endothelial SOX13, an
immunosuppressive TF. Additionally, all sarcoidotic endothelial
cells showed upregulation of CDH5 and its receptor PTPRM
relative to control, as was indicated by cell-cell communication

arterial cells were enriched for

analysis (Figure 5D, Supplementary Figures S6C,D). Therefore,
we demonstrate using gene-set enrichment and TF analysis that
sarcoidotic endothelial cells transcriptionally upregulate mTOR
signaling, immunomodulatory processes, such as glycolysis and
immune response, as well as angiogenesis, characterized by
CDHS5-PTPRM communication. However, sarcoidotic endothelial
cells exhibit heterogeneity in promoting tissue remodeling and
cytokine signaling, as we showed that while the TNF signaling
pathway was upregulated by arterial and immune endothelial
cells, the IFN signaling pathway was uniquely upregulated by
immune endothelial cells.

CS promotes pro-inflammatory, cardiotonic
and proliferative profiles in cardiomyocytes

Due to the cardiac symptomology of CS, we next investigated the
transcriptomic changes in sarcoidotic cardiomyocytes. Despite
integration and harmony-based batch effect correction, most
identified heart
(Figure 1A) clustered in a cluster termed “CM 3” while most

sarcoidotic  cardiomyocytes initially in the
control cardiomyocytes clustered in a cluster termed “CM 17
(Supplementary Figure S7A). Additionally, there was a third
distinct cardiomyocyte cluster termed “CM 27, constituted mostly of
sarcoidotic cardiomyocytes. To further analyze these three clusters,
cardiomyocytes were isolated from the heart dataset for more
granular integration and batch correction as well as for sub-
clustering. Even after re-clustering, the three cardiomyocyte clusters
were still spatially segregated by disease status (Figure 6A).
Differential expression testing showed that the three clusters were
S7B,
Supplementary Table S19). Cell proportion analysis revealed that

transcriptionally  distinct ~ (Supplementary  Figure
while there was no statistically significant difference in the
proportion of cells in the CM 1 and CM 3 clusters across disease,
there was a statistically significant increase in the proportion of cells
in the CM 2 cluster in CS relative to control (Figure 6B).

To assess the functional heterogeneity of these cardiomyocyte
clusters, we conducted supervised gene-set enrichment testing
(Supplementary Table S20). We showed that CM 2 and CM 3
showed differential immune response activation, as indicated by
upregulated WNKI1

Nuclear Factor Kappa-light-chain-enhancer of Activated B (NF-

signaling, glycolysis, cytokine signaling,

kB) signaling, innate immunity and inflammasome activation
(Figures 6C,D). CM 2 and CM 3 also displayed upregulated
cardiac burden transcriptional processes, such as ECM and TGFf
signaling, and cardiac function, as indicated by upregulated
calcium signaling, cardiac action potential, and cardiac myofibril
assembly. In addition, CM 2 and CM 3 showed differential
transcriptional upregulation of cardiomyocyte
processes, as shown by downregulated apoptosis. While CM 3

proliferation

showed upregulated IL-1 signaling, heart contraction and cardiac
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tissue regeneration, these pathways were downregulated in CM
mTOR IEN
downregulated in CM 3, these pathways were upregulated in CM

2. Conversely, while and signaling  were

2. Furthermore, certain enrichment patterns, such as
upregulation of TNF signaling and downregulation of FOXP1
signaling, a critical TF for cardiomyocyte proliferation, were
unique to CM 2. These results were further corroborated by the
observation that TNNI3, encoding for troponin I, was highly
downregulated in CM (Supplementary Figure S7C). Therefore,
we show that, despite transcriptional heterogeneity, sarcoidotic
cardiomyocytes transcriptionally promote immune response
processes, such as glycolysis, cytokine signaling, innate immunity
and type 1 response, cardiac function processes, such as calcium
signaling, heart contraction, cardiac action potential and cardiac
myofibril assembly, and stress response processes, such as cardiac
burden and cardiac tissue regeneration, as well as proliferation

processes, via downregulating apoptosis.

Discussion

CS presents a significant public health burden, with high
mortality risk (3, 4). However, the pathogenesis of this disease is
largely understudied. In this transcriptomic study, we dissected the
transcriptional complexity of major cardiac resident and immune
cell types that might be involved in CS pathogenesis, comparing
them to counterpart BAL cell types when possible. For this
purpose, we separately integrated healthy and sarcoidosis cardiac
snRNA-Seq as well as BAL scRNA-Seq datasets. We observed an
expansion in immune (myeloid and lymphoid) as well as stromal
populations, such as fibroblasts and endothelial cells, in both PS
and CS, relative to control. This finding was in line with what has
been shown about granuloma structure in different forms of
sarcoidosis, such as renal and pancreatic sarcoidosis (21, 22).
Interestingly, CS exhibited a statistically significant decrease in the
proportion of pericytes relative to healthy heart control. As
pericytes are known to differentiate into myofibroblasts (23), it
could be argued that the observed reduction in pericytes might
indicate that a portion of cardiac pericytes could be redirected into
the fibroblast population in CS. This is corroborated by our
findings that the fibroblast population, specifically myofibroblasts,
were shown to be significantly expanded in CS relative to control.
This hypothesis was further supported by our trajectory analysis of
pericytes and fibroblasts that showed that the proportion of cells
midway through the pericyte-fibroblast differentiation trajectory
were higher in CS relative to control.

While it has been shown that T cells are a major constituent of
sarcoidotic granulomas (1), studies investigating the pathogenic
role of T cells in CS are lacking. Recently, there has been a
paradigm shift from Thl to Th17.1 (which are IFNy+ IL-17A+)
as the pathogenic T cell population in PS (18). This subset has
also been implicated as potential mediators of sarcoidosis-like
complications following CAR T cell treatment (24). Here, we
show that Th17.1, which we defined based on previous in vitro
work on IL-17A+ IFNy+ T cells as TBX21+ RUNXI+ (20),
expand in CS relative to control as well. While this expansion
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FIGURE 6

(A) UMAP clustering of subclustered cardiomyocyte subpopulations by cell type. Three distinct cardiomyocyte subclusters were identified termed: CM 1, CM 2
and CM 3. (B) Proportion analysis of each identified cardiomyocyte subcluster across disease status. Statistically significant changes with a p-value <0.05 are
indicated by a (*). (C) Supervised gene-set enrichment results in cluster CM 3 showing pathways shown to be significantly enriched in CM 3 relative to CM 1 and
CM 2. Positive enrichment scores indicate pathways shown to be significantly upregulated while negative enrichment scores indicate otherwise. (D) Supervised
gene-set enrichment results in cluster CM 2 showing pathways shown to be significantly enriched in CM 2 relative to CM 1and CM 3. Positive enrichment scores
indicate pathways shown to be significantly upregulated while negative enrichment scores indicate otherwise.

was only trending in PS, that might be due to the myeloid bias of
BAL samples. We also showed that, unlike their BAL counterparts,
cardiac Th17.1 are best defined as TBX2I+ AOAH+. This was
reasonable as TBX2I1 and AOAH mediate Thl polarization, a
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known characteristic of Th17.1. Additionally, we showed via
gene-set enrichment and transcription factor analysis that CS and
PS exhibit downregulated immune response, cytokine and TCR
signaling as well as upregulated chronic exhaustion pathways
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relative to control. This was well-corroborated by other studies that
reported that BAL-derived T cells exhibited low proliferative and
cytokine signaling phenotypes in PS (25). While there was a
study that reported increased Thl cytokine signaling in CS (26),
it was mostly focused on active disease and cytokine levels
assessed via bulk measurements throughout large histological
samples. While we observed that only BAL T cells upregulated
apoptosis, TNF signaling and type 2 response processes, such as
OXPHOS, relative to control, which has been previously reported
in the PS literature (25, 27, 28), cardiac T cells were shown to
OXPHOS with
compensational upregulation. Metabolic energy is critical for T
(29).
insufficiency has been linked with quiescent and suppressed T
(30). This
corroborated with the fact that we observed downregulated

downregulate insufficient  glycolysis

cell activation and differentiation Such  metabolic

cells transcriptional metabolic trend is well-
activation profiles in CS T cells relative to their control
counterparts. However, more protein and functional T cell
studies in CS are needed to properly elucidate this transcriptional
phenotype. Nevertheless, we show that both PS and CS T cells
exhibit an attenuated activation profile as well as expansion of
Th17.1 populations relative to control.

There has been a recent renewed interest in the pathogenic role
of macrophages, a core constituent of sarcoidotic granulomas. For
instance, a single cell transcriptomic analysis on cardiac
macrophages in CS and ischemic cardiomyopathy has recently
been reported (9), focusing mostly on the upregulation of mTOR
signaling in CS. However, the pathogenic role of macrophages in
sarcoidosis still remains unclear. As such, we aimed to elucidate
other pathways involved in this pathogenic role. Gene-set
enrichment and transcription factor analysis revealed that both
CS and PS M® exhibit upregulated alternative activation yet
attenuated effector function, as indicated by downregulated
cytokine signaling and phagocytosis, relative to control. Similar
observations have been previously reported in PS. For instance,
previous studies have noted that, especially during the chronic
stage of PS, BAL M® tend to exhibit alternative activation
phenotypes (27) and attenuated phagocytic function (31).
However, while it is still uncertain if such a phenotype is present
in CS, there has been a report that CS granulomas tend to
express Folate Receptor-B (FOLR2) which has been recently
implicated in alternative activation polarization in cardiac M®
(32, 33). Additionally, we observed downregulation of OXPHOS
without sufficient glycolysis compensational upregulation only in
CS M®. Such metabolic stress has been shown to drive
macrophage alternative and activation (34) and to dysregulate
their phagocytic (35). This
transcriptional observations that imply that CS M® might have

function could explain our
impaired phagocytic function and be more polarized towards
alternative activation. Intriguingly, only BAL M® exhibited
upregulation of immune checkpoint signaling relative to control.
This finding was well-corroborated by recent findings that T cells
and NK cells upregulate the expression of immune checkpoint
molecules, such as PD-1, CTLA-4 and TIGIT (36). In addition,
this is consistent with several case reports that describe patients

that developed immunotherapy-induced lung sarcoidosis with
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upregulated involvement of giant cell macrophages (37, 38).
only CS M® exhibited upregulated CXCL12
signaling but attenuated apoptosis relative to control. This could

Conversely,

explain the study reporting high FOLR2 expression in CS M® as
FOLR2 is also a marker of tissue resident M® (32, 33) which are
known to exhibit tissue recruitment and self-renewal. Hence, we
show that despite tissue-specific differences, both PS and CS M®
exhibit attenuated alternative activation profiles relative to control.

In addition to inspecting immune cells, we investigated the
transcriptomic signatures of stromal cells implicated in CS
pathogenesis as well. One such cell subset is that of cardiac
fibroblasts. in the fibroblast
proportion, we noted a significant increase in the frequency of
endothelial and
control.

Besides the observed increase

myofibroblasts as well as
fibroblasts

transcription factor analysis revealed that all cardiac fibroblast

inflammatory
relative  to Gene-set enrichment and
subsets exhibited upregulation of pro-inflammatory and pro-
fibrotic phenotypes relative to control. This is corroborated by
studies that showed that CS patient cardiac histological samples
exhibit high degrees of fibrosis as well as PET imaging studies
that report increased fibroblast activation in CS (3, 39). Links
between pro-inflammatory phenotypes and fibroblast activation
in CS has previously been shown as it relates to monocyte-
derived macrophages (40). This might be especially true since we
that exhibited

upregulation of IFN signaling and HLA Class II signaling, a

have shown only inflammatory fibroblasts
product of IFN signaling and a sign of fibroblast activation. This
might be an important phenotype as IFN signaling has been
implicated in the pathogenesis of PS (41) and could be
implicated in CS as well. Intriguingly, we observed upregulation
of apoptosis and autophagy by all cardiac fibroblast subsets.
Autophagy has been shown to be downregulated by immune
cells implicated in CS pathogenesis (9), such as cardiac M®. This
finding implies that autophagy attenuation might be cell specific.
Thence, we show that CS cardiac fibroblasts exhibit upregulated
pro-fibrotic and pro-inflammatory profiles relative to control.
The second stromal cell population we examined was cardiac
endothelial cells. In addition to the observed increase in the
endothelial cell proportion, we observed a significant increase in
POSTN+ and fibroblast-like endothelial cells as well as a
significant decrease in cardiomyocyte-like endothelial cells
relative to control. Fibrosis within blood vessel walls has been
reported in CS patients, particularly in the aorta and coronary
arteries (42, 43). It could be postulated that there could be a link
between this histopathological feature of CS and the expansion of
fibroblast-like endothelial cells. While angiogenesis has not
explicitly been investigated before in CS, dysfunction in cardiac
microvasculature, aortic elastic properties and coronary flow
reserve have been reported in CS patients (43-45). Moreover,
upregulated angiogenesis has been reported in other forms of
sarcoidosis, such as neurosarcoidosis and PS (46, 47). Our
analysis showed upregulation of angiogenic pathways in both our
gene-set enrichment and transcription factor analysis relative to
control. This was further supported by the expansion of POSTN
+ endothelial cells in CS relative to control which have been

shown to be primary mediators of pathological angiogenesis in
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various disease models (48). We also showed that cardiac
endothelial cells upregulate immune response and evasion
in CS. POSTN+ endothelial
upregulated angiogenic cytokine signaling, such as IL-23 and

pathways Particularly, cells
IL-1 signaling. This is supported by studies that showed that
cardiomyocytes in CS patients upregulate the expression of tissue
factor pathway inhibitor (TFPI) which is implicated in IL-1
signaling as well as angiogenesis (49). In addition, there have
been several case reports describing CS patients who develop
vasculitis towards the end-stage of their disease (50, 51). This
suggests that CS might be mediating this endothelial cell
mTOR-dependent

downregulation of autophagy in endothelial cells in CS relative to

inflammation. We also detected an
control. While autophagy defects have been long implicated in
sarcoidosis pathology, the canonical thinking is in how this
pathway is defected in immune cells, such as M®. In fact, mTOR
signaling defects in cardiac M® have already been implicated in
CS and PS pathology (9, 52). Here, we show that this defect
might not be specific to immune cells. Another non-canonical
observation was that all cardiac endothelial cells upregulated
tissue remodeling pathways, such as TGFB and ECM signaling,
relative to control. This is certainly not a novel thought as many
studies have showed that endothelial cells can have pro-fibrotic
functions (53), but this suggests that histological fibrosis reported
in CS might be the result of the concerted action of fibroblasts
and endothelial cells. Thus, we show that cardiac endothelial cells
exhibit upregulated angiogenic and pro-inflammatory phenotypes
in CS relative to control.

The last cell type we inspected was cardiomyocytes. We
observed that sarcoidotic cardiomyocytes were transcriptionally
distinct from control cardiomyocytes. Importantly, sarcoidotic
cardiomyocytes exhibited upregulated cardiac function processes,
such as heart contraction and cardiac action potential, as well as
pro-inflammatory and proliferative phenotypes relative to
control. This was corroborated by studies that showed that CS
which

mediates IL-1 signaling (49). While previous reports have shown

cardiomyocytes upregulate the expression of TFPI
that CS is characterized by destruction of cardiomyocyte tissue
(54), it is possible that the noted upregulation in proliferation
and cardiac function profiles might reflect that the remaining
viable cardiomyocytes promote such transcriptional pathways as
a compensatory mechanism. This might be particularly true as
we have shown that the proportion of cardiomyocytes are
significantly reduced by as much as 7.5 folds in CS relative to
This
corroborated by  histological

control. cardiomyocyte  population contraction s

reports of cardiomyocyte
degeneration in CS patients since 1,980 (55). The upregulation of
cardiac processes by CS cardiomyocytes might provide potential
mechanistic explanation of the clinical symptoms reported by CS
patients, such as atrial arrhythmias, syncope, palpitations, and
fatigue.  Regardless,  mechanistic  studies  investigating
cardiomyocyte pathobiology in CS are lacking and these findings
that CS cardiomyocytes appear to exhibit upregulated immune
activation and cardiac stress profiles relative to control exemplify
the need to dedicate more efforts to understanding this

immunologically complex disease.
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In conclusion, our transcriptomic analysis reveals that, despite
tissue-specific differences, both sarcoidotic T cells and macrophages
exhibit attenuated activation profiles relative to control. Intriguingly,
we show that both CS and PS T cells exhibit expansion of Th17.1
populations relative to control. In addition to our findings that CS
cardiac fibroblasts exhibit upregulated pro-fibrotic and pro-
inflammatory phenotypes, previously reported in other forms of
sarcoidosis, we report autophagy upregulation as well. Our findings
also revealed that CS cardiac endothelial cells exhibit upregulated
pro-angiogenic and pro-inflammatory pathways. In addition to
these canonical observations, our findings revealed that CS cardiac
exhibit
downregulated autophagy phenotypes as well. Lastly, our findings
that CS
inflammatory and cardiac stress profiles. While these findings

endothelial cells upregulated tissue remodeling but

revealed cardiomyocytes exhibit upregulated pro-
provide more insights into the intricate nature of CS pathology,
BAL is a poor representative of pulmonary pathologies involving an
array of immune and stromal populations due to its myeloid bias.
Moreover, as the authors behind the study that made the CS
snRNA-Seq dataset publicly available did not publish certain
clinical details about the CS patients whose sequencing data was
utilized for this analysis, such as their stage of disease progression
and treatment regimen, it is challenging to ascertain how our
conclusions are generalizable regardless of disease stage and
treatment. As the cardiac samples utilized for the CS analysis were
explanted transplant specimens, it is reasonable to assume that CS
donors recruited for this dataset had reached the chronic stage of
their disease by the time of sample collection. Therefore, work
involving transcriptomic analysis of PS pulmonary specimens and a
more representative CS cohort is needed to better profile potentially
pathological transcriptional phenotypes involved in PS and CS
pathology. Furthermore, as this analysis focuses on transcriptional
profiling of CS and PS, it is critical to conduct protein level studies
as well as biomarker and cardiac function testing using sarcoidosis
CS and pulmonary sarcoidosis samples in order to better elucidate
the causative processes involved in sarcoidosis pathology regardless
of tissue presentation.
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SUPPLEMENTARY FIGURE S1

Overview of the sn/scRNA-Seq workflow. Publicly available healthy &
sarcoidotic sn/scRNA-Seq datasets were integrated separately for the heart
& BALF comparisons. Following cell type clustering, cell type proportion,
cell-cell communication and transcription factor analyses were conducted.
Figure generated using Biorender.com.

SUPPLEMENTARY FIGURE S2
(A) UMAP clustering of integrated control and CS snRNA-Seq datasets by
disease status. Metrics utilized for quality control are visualized on the
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Peripheral arterial disease (PAD) is an age-related medical condition affecting mostly
muscular arteries of the limb. It is the 3" leading cause of atherosclerotic morbidity.
The mechanical environment of endothelial cells (ECs) in PAD is characterized by
disturbed blood flow (d-flow) and stiff extracellular matrices. In PAD, the stiffness of
arteries is due to decreased elastin function and increased collagen content. These
flow and stiffness parameters are largely missing from current models of PAD. It has
been previously proven that ECs exposed to d-flow or stiff substrates lead to
proatherogenic pathways, but the effect of both, d-flow and stiffness, on EC
phenotype has not been fully investigated. In this study, we sought to explore the
effect of sex on proatherogenic pathways that could result from exposing
endothelial cells to a d-flow and stiff environment. We utilized the scRNA-seq tool
to analyze the gene expression of ECs exposed to the different mechanical
conditions both in vitro and in vivo. We found that male ECs exposed to different
mechanical stimuli presented higher expression of genes related to fibrosis and
d-flow in vitro. We validated our findings in vivo by exposing murine carotid arteries
to d-flow via partial carotid artery ligation. Since women have delayed onset of
arterial stiffening and subsequent PAD, this work may provide a framework for some
of the pathways in which biological sex interacts with sex-based differences in PAD.

KEYWORDS

single-cell RNA sequencing, peripheral arterial disease conditions, sex-specific differences,
human aortic endothelial cells, shear stress, substrate stiffness

1. Introduction

Peripheral arterial disease (PAD) manifests as obstructions in blood flow into the lower
limbs. PAD most commonly affects the older populations, with an incidence of 12%-20% in
those older than 65 years (1-3). The onset of arterial stiffness and endothelial cell (EC)
dysfunction typically begins in the 4™ decade (30-40 s), but is delayed approximately 10
years in females compared to males (4). This delay in stiffening corresponds to the
subsequent delayed onset of PAD in females (5, 6). PAD is characterized by
atherosclerotic lesions in regions commonly affected by disturbed flow (d-flow). D-flow is
a combination of low and oscillatory shear stress (OS) at the vessel wall. Furthermore,
atherosclerotic lesions have been found in locations where arteries have become stiffer,
like those of aged populations (7, 8). Previous work from our group found that d-flow
induces a stiffening arteriopathy closely mimicking that of aged arteries (9). The
endothelial cells lining PAD arteries can sense both the d-flow of the blood and the
stiffness in the vasculature’s matrix (10-12). These environmental signals induce EC
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activation of a proatherogenic pathway often resulting in increased
(EndIT), endothelial-to-
arterial stiffening, and

EC permeability, inflammation
transition (EndMT),
thrombosis (11). Our research group and others have identified

mesenchymal

in ECs an important role for fibro-inflammatory pathways in
PAD pathology related to thrombospondin-1 (THBSI) and
cellular communication network factor 2 (CCN2), previously
better known as connective tissue growth factor (9, 13).

Several comprehensive in vitro and in vivo studies have been
done to understand the molecular pathways that lead to
atherosclerosis (9, 14, 15). These
transcriptomic bulk analysis of ECs. Recently, single-cell RNA

mainly involved the
sequencing (scRNA-seq) has become a popular transcriptomics
tool because it allows for RNA analysis at a single-cell resolution
for a large number of cells. This enables the study of EC
heterogeneity as well as the ability to differentiate between cell
types included in the sample. Studies using scRNA-seq methods
to investigate EC heterogeneity under PAD or atherosclerotic
conditions are scarce. One study reported proatherosclerotic EC
reprogramming in carotid arteries of wild type mice exposed to
d-flow (11), another reported EndMT progression in ECs
cultured in stiff matrices (16). Since the characteristic mechanical
conditions of PAD involve both pathological blood flow (d-flow)
and a stiff vascular matrix, it is logical that combining these
conditions is important to the identification of translationally
important pathways. Unfortunately, it is not currently known
how these two environmental mechanical conditions modulate
EC phenotype. Furthermore, the effect of biological sex on EC
response to these PAD flow and mechanical environments has
not been studied with single cell analyses.

Despite the NIH mandate to include sex as a biological
variable, sex-differences have not been adequately investigated in
this space (17, 18). The inclusion of biological sex as a factor in
in PAD
imperative because the onset and presentation of these diseases

cardiovascular disease research, and research, is
in humans vary with biological sex. With regards to stiffening
and flow, there is an in vitro study that found female human
umbilical vein ECs (HUVECs) were less impacted than male
HUVECs when exposed to higher and lower laminar shear stress
and increasing substrate stiffness since they presented no change
in morphology and YAP1 nuclear translocation (19). In parallel,
we have been integrating substrate stiffness (softer and stiffer
reflecting stiffness of healthy and diseased arteries) with low and
oscillatory wall shear stress (mimicking the d-flow environment
around blockages in PAD) and using laminar wall shear stress
(stable flow) to reflect non-obstructed flow. Here, we incorporate
scRNA-seq methodologies to enable cell specific gene expression
data, which cannot be harvested using bulk RNA sequencing.
The objective of this study is to rigorously investigate the impact
of stiffness and flow on sex differences in the in vitro response of
human aortic ECs (HAECs) in the context of PAD conditions
(stiff substrate and d-flow). Given the powerful independent
effect of stiffness or flow on ECs, we hypothesized that
scRNA-seq would reveal sex-based phenotypic differences under
PAD biomechanical conditions that may contribute to sex-based
differences in PAD.
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2. Methods

2.1. HAECs culturing and shear stress
exposure

HAEC:s from three age-appropiate male (ages 46, 54, and 63) and
two female (ages 46 and 53) donors (Lot#: 2,895, 2,824, 1,622, 1,576,
1,851; Cell Applications, San Diego, CA) were expanded, cultured,
and sheared in complete endothelial cell growth medium (Cat.#
211-500; Cell Applications, San Diego, CA). HAECs of passages 4-
6 were seeded onto modified 6-well plates functionalized with
collagen-coated hydrogels (Cat.# SW6-COL-25 and SW6-COL-100;
Matrigen, Irvine, CA) of different stiffnesses (25 kPa and 100 kPa)
that mimic the EC environment in physiologic (25 kPa) and PAD
conditions (100 kPa) (20, 21). The HAECs were sheared utilizing
a modified orbital shaker method (11, 22, 23). In brief, hydrogel-
containing 6-well plates were modified by preventing HAEC
growth in the outer (> 10.5 mm) or inner (< 10.5 mm) portion
of the well by placing autoclaved vinyl obstructions prior to
seeding the ECs. HAECs grown in the outer ring of the well
mimicked laminar shear or stable flow (LS, timed-averaged shear
stress of 7dynes/cm2) while HAECs grown in the inner circle
mimicked disturbed flow (OS, timed-averaged shear stress of
3 dynes/cm®). The cells were sheared for 96 h utilizing an orbital
shaker at 100 rpm, changing media every two days. For
comparison, HAECs cultured on tissue culture plastic (TCP)
immediately prior to subculture conditions above were analyzed.
ECs on TCP (2 GPa) and static conditions are known to mimic
many of the pathways seen under s-flow conditions, including
THBSI (9, 24).

2.2. Single-cell collection

Following exposure to shear stress, HAECs were recovered
utilizing TrypLE (Cat# 12563011; Gibco, Thermo Fisher
Scientific, Waltham, MA) and suspended in 1X PBS (Cat.#
MT21040CV) with 0.04% BSA. After ensuring the proper cell
concentration was collected, the samples were delivered to the
Emory Integrated Genomics Core for single-cell processing and
barcoding with the 10X Genomics Chromium device. NovaSeq
S4 was utilized to prepare the libraries and sequence the samples.
Then, the CellRanger software was utilized to demultiplex and
align the sequenced data.

2.3. scRNA-seq analysis and gene ontology

scRNA-seq data was processed and analyzed using the Seurat
package in R (RRID:SCR_016341). To remove low-quality cells
or cell multiplets, standard quality control filters were applied
(11). Cells containing more than 8,000 or less than 200 unique
feature counts were removed. In addition, cells containing more
than 15% mitochondrial counts were removed from the analysis
as dying cells often express mitochondrial contamination. Next,
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the data was normalized and scaled. The data pertaining to the
static culture group was merged across donors, subjected to
unsupervised clustering, and visualized with UMAPs, dot plots,
and heatmaps. The data pertaining to all shearing conditions and
the static culture group were merged for each HAEC donor and
the data was visualized using violin plots and feature plots.
Finally, we utilized gene ontology (GO) analysis to identify
pathways enhanced in the different shear, stiffness, and biological
sex groups of HAECs. GO analysis was performed by obtaining
the top 200 differentially expressed genes across the different
groups. Then, we utilized PANTHER to identify the GO
biological process terms enhanced in each of the groups. We
plotted the top 10 upregulated GO terms per condition, detailing
the fold enrichment.

2.4. In vivo validation of EC Sex-differences:
PCL surgery and qPCR

Partial carotid artery ligation (PCL) surgery was performed on
9 to 15-week-old S129 and C57BL/6 wild type (WT) mice as
previously published (7, 25). The left carotid artery (LCA) was
subjected to d-flow by PCL while the right carotid artery (RCA)
served as in situ control. D-flow has been shown to induce
arterial stiffening similar to that seen in aged 80-week-old animal
(9). 24 h following PCL, EC-enriched RNA was collected from
the carotid arteries as previously described (7, 25). 2-3 mouse
arteries were pooled for each sample (n) and analyzed. RNA was
isolated from the cell lysate and One-Step SYBR green (Cat.#
1725150; Bio-Rad, Hercules, CA) was used for gene analysis
utilizing quantitative real-time polymerase chain reaction (qPCR,
RT-PCR). The primers used were CCN2 and THBSI with 18S as
the housekeeping gene (Integrated DNA Technologies, USA).
The gene analysis for the in vivo validation was presented as the
fold change normalized against 18S.

2.5. Statistical analysis

The validation data collected from quantitative PCR was
analyzed utilizing GraphPad Prism. Each data point represents
2-3 LCAs or RCAs from mouse following 24 h of PCL. The fold
change gene expression of the two WT strains utilized here
(S129 and C57BL/6) were pooled for plotting. A two-sample
Wilcoxon-Mann-Whitney test was done to compare between
biological sex. Significance was set as a p-value of <0.05.

3. Results

3.1. Sex-based differences identified
in HAECs in static culture

To identify sex-specific differences in static conditions, HAECs

on TCP and under static culture were pooled across donors. This
condition mimics how ECs are typically expanded. After pooling
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all donors, eight distinct clusters were identified following
unsupervised clustering and are shown using a UMAP plot
(Figure 1A). The clusters were defined to be donor-specific, sex-
specific, or common to all donors. Clusters that were donor-
specific are those only present in specific HAEC donors. For
example, clusters 4 and 5 are only found in male donors 3 and
2, respectively (Figure 1E). Figure 1B shows the top three
differentially expressed genes per cluster, indicating HAEC
heterogeneity in static culture. As shown in Figure 1C, many
clusters were, in part, organized by the donor’s biological sex.
The histogram in Figure 1D confirms that some clusters, as
presented in Figure 1A, are sex specific. Then, we evaluated
donor heterogeneity in static culture by viewing UMAPs
separated by donor (Figure 1E) and found no considerable
differences within donors of the same sex, except those already
1A. These UMAPs
transcriptional sex-specific differences in HAECs in static

summarized in Figure show clear
culture. Next, we performed a differential gene (pseudo-bulk
RNA) expression analysis to identify the sex-specific differences
in our scRNA-seq data of HAECs under static culture. The top
30 differentially expressed genes ranked by normalized
expression in male and female HAECs are presented in the
heatmap plot (Figure 1F). As expected, sex-linked genes like
XIST and RPS4Y1 rank among the highest in female and male,
respectively. However, other non-sex-linked genes were
identified. Specifically, in male HAECs, genes like VWF and
BMP4 are differentially expressed, while in female HAECs,

PIEZO2 was increased.

3.2. Sex-specific differential response of
HAECs exposed to shear stress and
substrate stiffness

Motivated by the sex-specific differences shown in the static
culture group, we next investigated the existence of sex-specific
differences when HAECs were exposed to different magnitudes
of shear stress and substrate stiffness. The relative gene
expression across all shear stress and substrate conditions per
donor was plotted in violin plots (Figure 2A). Of interest, we
can note that the gene expression level of HAECs in response
to mechanical stimuli was stronger in males than in females.
This is particularly notable when evaluating profibrotic genes
like CCN1, CCN2, COL8AI and d-flow associated genes like
THBSI that present higher expression in male HAECs after
mechanical stimuli.

3.3. In vivo validation

We validated two important fibro-inflammatory markers
from our in vitro scRNA-seq findings with two commonly used
WT murine strains (S129 and C57BL/6). Here, EC-enriched
RNA was collected after 24h of d-flow, induced by PCL
in the LCA; the contralateral RCA serving as an in situ control
(7, 25). CCN2 and THBSI expression levels were quantified by
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FIGURE 1

In static conditions, gene expression of HAECs is different across biological sex. (A—F) scRNA-seq data for HAECs cultured in static conditions. (A) UMAP
presenting the 8 distinct clusters identified. (B) Table showing top three differentially expressed genes per cluster. (C) UMAP identifying female and male
HAECs. (D) Histogram presenting the percentage of HAECS that are male or female per cluster. (E) UMAPs separated by donor, n = 3 male, n = 2 female.
(F) Following differential gene expression analysis, a pseudo-bulk heat map was generated showing the top 30 differentially expressed genes for the male
and female HAECs group.
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FIGURE 2
Male and female HAECs respond differently to shear and substrate stiffness. (A) Violin plots from scRNA-seq data showing the different gene expressions
of female and male HAECs under laminar shear (LS), oscillatory shear (OS) or static culture and seeded on soft (25 kPa) and stiff (100 kPa) substrates. (B) In
vivo validation of male and female scRNA-seq analysis showing fold change differences in CCN2 and THBS1 in EC-enriched RNA of the d-flow left carotid
artery (LCA) normalized to the s-flow right carotid artery (RCA) of mice after 24 h. D-flow in LCA was imposed by partial carotid ligation. The data is
presented as the mean + SEM (n = 3-5). (C) The top row shows donor-specific UMAP plots merging all shear and substrate stiffness conditions. The
bottom two rows are feature plots from scRNA-seq in each donor detailing CCN2 and THBS1 expression level merging all shear and substrate
stiffness conditions.

qPCR (Figure 2B). Fold change gene expressions of both WT
strains were merged. CCN2 and THBSI expression was
significantly higher in males than females. These trends were
consistent with our scRNA-seq data (Figure 2C) which show
higher gene expression levels in male HAECs when compared
to female HAECs for THBSI and CCN2. The UMAP and
feature plots shown in Figure 2C allow for the evaluation of
which HAECs the different
conditions are expressing more CCN2 and THBSI. Moreover,

across shear and substrate
the degree of expression of these genes is consistent across
scRNA-seq in vitro and bulk in vivo data, with THBSI being

abundantly expressed followed by CCN2.
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3.4. GO analysis

To test relevant signaling pathways, we evaluated enhanced GO
terms in each condition across biological sex (Figure 3). We found
that male HAECs exposed to a mechanical environment
mimicking PAD exhibited many of the EndMT pathways
associated with vasculature development while female HAECs
showed processes related to cellular signaling and metabolism.
Moreover, when we evaluated the GO terms shared between the
static, OS 25 kPa, and OS 100 kPa groups for each biological sex
(delineated with * in Figure 3), we found a large overlap of GO
in female HAECs. We also

terms in males and less so
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investigated the GO terms unique to the LS 25 kPa and LS 100 kPa
groups for each biological sex (marked with A in Figure 3) and
discovered more unique LS GO terms in females compared to
males.

4. Discussion

This study leveraged scRNA-seq analysis to investigate
phenotypic differences by cell-specific gene expression between
male and female HAECs under clinically relevant mechanical
environments (softer/stiffer substrates; laminar/oscillatory shear
stress). After finding distinct differences between male and
female HAECs on TCP under static culture conditions, we
considered the effect of mechanical stimuli on sex-specific
differences. We found that male HAECs presented higher
expression of genes related to fibrosis and d-flow. Lastly, we
validated our scRNA-seq results with in vivo results from a
murine PCL model of d-flow. The EC-enriched RNA taken from
these arteries showed gene expressions consistent with those
found in the in vitro model that was analyzed with scRNA-seq.

This concise study opens the door to several avenues of
investigation. While our findings clearly showed male-female
differences in gene expression for HAECs exposed to mechanical
stimuli, gene expression differences across LS and OS groups are
not as clear. Particularly, common EC d-flow markers such as
CCN2, TAGLN, and THBSI (9, 11) that at this time point, did
not show marked upregulation by OS. Since these d-flow genes
have not been previously studied in HAECs cultured on

10.3389/fcvm.2023.1251141

substrates of different stiffnesses, future work will address
temporal changes that may be important to this process. This is
easily incorporated into this model system that innovatively
incorporates stiffness/flow mimicking PAD conditions in vitro,
and in vivo models can match such time points for translational
testing. Understanding how the various mechanical stimuli
differentially affect molecular pathways within ECs is of interest
to our group, particularly how a PAD environment that includes
a stiff ECM and d-flow leads to atherosclerosis onset and
progression. In this regard, our in vitro scRNA-seq and in vivo
data shows a clear sex-based difference in THBSI and CCN2,
which of

fibroinflammatory pathways in PAD (9). In addition, further

are currently being investigated as part
investigation of our pathway enrichment analysis is ongoing, and
we expect to be able to discover gene groups and molecular
pathways could play important roles in PAD.

This study included 5 HAEC donors (3 male and 2 female),
which is similar in donor number to many publications (26-28).
All donors were in the age range for PAD (46-63 vyears).
Nonetheless, to investigate if genetic factors in donors
significantly affect our conclusions more HAEC donors would be
needed. To date, we are not sure of the importance of donor age
on the findings presented here, and commercially available
donors are quite limited. This is particularly so for aged donors.
As such, we plan to use our access to patients and patient tissue
in future studies that utilize scRNA-seq on PAD patient arteries
under d-flow and s-flow conditions. Arteries will be further
segregated by stiffness using mechanical testing as published

(9, 29-31). This will permit us to validate key findings and
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discover new pathways that may lead to translational therapies to
better treat both male and female PAD patients.

Others have previously utilized scRNA-seq analysis tools to
examine the effects of the mechanical environment of ECs on
the transcriptome at a single-cell resolution as it relates to
taken into
consideration (11, 16). A recent study by Zamani et al. used

atherosclerosis, but biological sex was not
scRNA-seq analysis to show that ECs cultured on TCP presented
high heterogeneity and higher mesenchymal transcriptional
features suggesting EndMT progression (16). Similarly, our group
of HAECs exposed to no flow and cultured on tissue culture
plastic presented high heterogeneity (Figure 1). Moreover, our
static culture group showed high gene expression of smooth
muscle cell and mesenchymal cell markers like TAGLN,
TAGLN2, MYL9, and TPM2 in male and female HAECs
(Figure 2A). This might be due to the high stiffness of the tissue
culture plastic which, as proposed by Zamani et al., could lead to
EndMT progression. It is well known that static culture on TCP
has a genetic signature very similar to that of disturbed flow and
in contrast to that of stable flow (9, 32). The idea of arterial
stiffness being involved in atherosclerosis progression has been
studied previously and with our experimental design we can
begin investigating how biological sex could play a role in this
(16, 33, 34). The work we have done here also takes into
both  the
hemodynamic microenvironment provided by a stiff ECM and

consideration pathological ~ mechanical and
disturbed flow conditions. This ensured that the pathological
conditions presented in atherosclerotic lesions in vivo are more
accurately represented in the in vitro model utilized.
Furthermore, our study centers on the effect of biological sex on
the HAEC response to shear stress and substrate stiffness, which
appears to be a key component of EC response to flow and
stiffness that has been largely overlooked in prior publications.
Biological sex is underreported in in vitro and in vivo research
studies in the cardiovascular field (17, 18). In the case of PAD, the
inclusion of biological sex as a study variable might help explain
the delayed onset of PAD in females. Recent work by James and
Allen shows the imperative need of including biological sex as an
experimental variable in in vitro studies. After applying controlled
shear stress (15 dynes/cm2 or 5 dynes/cmz) to HUVECs seeded
on substrates of different stiffnesses (10 kPa or 100 kPa), they
discovered that female HUVECs remained mostly invariant to
the different combinations of mechanical stimuli suggesting that
females might be more resistant to changes in the mechanical
environment of ECs (19). Here, we exposed female HAECs to a
complex mechanical environment mimicking PAD and found
an attenuated response in comparison to males. This is
consistent with the delayed onset of PAD in females. In
contrast, transforming growth factor beta (TGF-B) has been
proposed to be important to atherosclerotic remodeling, but the
data presented was all from male animals (35). Since THBSI
can activate TGF-f, this mechanism may be relatively more
important in males compared to females. Biological sex-based
differences are present in cardiovascular diseases such as
pulmonary arterial hypertension, aortic valve stenosis, PAD,

and more (6, 26, 36). Studies investigating sexual dimorphisms
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in cardiovascular disease have queried genes encoded in sex

chromosomes since recent findings suggested that non-
hormonal differences might affect the differential disease
presentation observed (37, 38). For gene dosage balance, female
cells undergo X chromosome inactivation (XCI). Failure to do
so could lead to the unbalanced transcription of X-chromosome
genes (27). The effect this could have on cardiovascular disease
is being investigated, but no studies have examined XCI in
PAD. This is a potential and exciting future direction for our
work. These intrinsic biological differences warrant the
specification of sex in studies utilizing cells. Furthermore, if
sex-specific differences are heightened by the experimental
conditions, in our case, mechanical stimulation, future research
must mandate better inclusion of biological sex as a variable in
experimental design.

This work highlights significant sex-based EC phenotypic
differences induced by various clinically relevant culture
conditions that may have profound impact on our understanding
of sex-based clinical differences. In particular, this study found
that male HAECs on TCP and cultured under static conditions
and HAECs exposed to OS conditions had relatively similar gene
expression in markers of EndMT and mesenchymal cells. In
HAECs EndMT and

cell markers cultured on

contrast, female showed  higher
in HAECs

conditions when compared to other shear and substrate stiffness

mesenchymal static
conditions. The in vitro model utilized in this work also enables
rigorous delineation of sex-based EC differences in a setting that
can exclude hormonal interactions of in vivo studies as well as
comparisons between humans and mice that have distinct
hormonal patterns across all ages. Still, this in vitro platform
could be used to incorporate exogenous hormone levels to test in
vivo conditions. Further, our in vivo validation supports acute
sex-based EC expression differences under PAD flow conditions.

In conclusion, sex-based differences are seen in HAECs under
PAD conditions. These EC phenotypes may contribute to sex-
based clinical differences in PAD. The use of scRNA-seq is a
powerful technique that will allow better understanding of ECs
under complex biomechanical conditions. Future work may
further aid in the discovery of EC heterogeneity, genetic
differences of PAD patients, as well as sex-based donor
differences under static culture and under clinically relevant
conditions.
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Background: Heart failure (HF) is a complex and heterogeneous manifestation of
multiple cardiovascular diseases that usually occurs in the advanced stages of
disease progression. The role of neutrophil extracellular traps (NETs) in the
pathogenesis of HF remains to be explored.

Methods: Bioinformatics analysis was employed to investigate general and single-
cell transcriptome sequencing data downloaded from the GEO datasets.
Differentially expressed genes (DEGs) associated with NETs in HF patients and
healthy controls were identified using transcriptome sequencing datasets and
were subsequently subjected to functional enrichment analysis. To identify
potential diagnostic biomarkers, the random forest algorithm (RF) and the least
absolute shrinkage and selection operator (LASSO) were applied, followed by the
construction of receiver operating characteristic (ROC) curves to assess accuracy.
Additionally, single-cell transcriptome sequencing data analysis identified key
immune cell subpopulations in TAC (transverse aortic constriction) mice
potentially involved in NETs regulation. Cell-cell communication analysis and
trajectory analysis was then performed on these key cell subpopulations.

Results: We identified thirteen differentially expressed genes (DEGs) associated
with NET through differential analysis of transcriptome sequencing data from HF
(heart failure) samples. Utilizing the Random Forest and Lasso algorithms, along
with experimental validation, we successfully pinpointed four diagnostic markers
(CXCR2, FCGR3B, VNN3, and FPR2) capable of predicting HF risk. Furthermore,
our analysis of intercellular communication, leveraging single-cell sequencing
data, highlighted macrophages and T cells as the immune cell subpopulations with
the closest interactions with neutrophils. Pseudo-trajectory analysis sheds light on
the differentiation states of distinct neutrophil subpopulations.

Conclusion: In this study, we conducted an in-depth investigation into the
functions of neutrophil subpopulations that infiltrate cardiac tissue in TAC
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mice. Additionally, we identified four biomarkers (CXCR2, FCGR3B, VNN3, and
FPR2) associated with NETs in HF. Our findings enhance the understanding of

immunology in HF.

KEYWORDS

bulk RNA sequencing, heart failure, neutrophil, single-cell RNA sequencing, neutrophil
extracellular traps (NET)

Introduction

As the immune system’s first line of defense against infections,
neutrophils play a critical role. They regulate the immune response
through three mechanisms: phagocytosis, degranulation, and the
release of NETs (Papayannopoulos, 2018). NETs are a significant
component of the innate immune response. They entrap and
eliminate pathogenic microorganisms, including viruses, bacteria,
fungi, and protozoa, to prevent their wider spread in vivo (Carmona-
Rivera et al., 2019). NETs are assembled from cytolytic and granular
proteins, which are arranged on a dense chromatin scaffold. The
formation of these structures results in the release of high
concentrations of toxic proteins, which are lethal to entrapped
microorganisms. The primary mode of NET release from
neutrophils is through a cell death process known as NETosis.
The multifaceted function of NETs in the immune system
highlights their importance as an effective strategy against
infectious diseases.

Recent research has shown that NETs play a crucial role in
human immune responses, and their involvement in pathologies
such as systemic lupus erythematosus (Kraaij et al., 2018;
Papayannopoulos, 2018; Frangou et al., 2019a; Frangou et al.,
2019b), rheumatoid arthritis (Khandpur et al., 2013; O’Neil
et al.,, 2023; Sakkas et al.,, 2014; de Bont et al., 2020), and
cystic fibrosis (Skopelja et al., 2016; Gray et al., 2018; Guerra
et al.,, 2020; Moran et al., 2022) has been extensively studied.
However, a growing body of literature also highlights their
contribution to HF. Studies have found that cardiac pressure
overload triggers NETosis, which can lead to a decrease in left
ventricular ejection fraction (LVEF) in wild-type (WT) mice
(Martinod et al., 2017). In Seipin/Bslc2 knockout mice, an Asian
lean diabetic model, the formation of interstitial fibrosis
associated with NETSs exacerbates left ventricular sclerosis and
further contributes to HF during its progression wang (Wang
et al, 2019). While current research predominantly targets
cardiomyocytes, fibroblasts, and other immune cell subsets as
therapeutic targets, the potential contribution of non-resident
immune cell subpopulations, such as neutrophils in cardiac
tissue, to the development of HF remains poorly understood.
Therefore, further investigation and development of the role of
neutrophils in HF progression are necessary to better
understand their potential therapeutic value.

The rapid development of Bulk RNA sequencing technology and
single-cell sequencing technology has facilitated the discovery of
new diagnostic and prognostic markers for diseases. In this study, we
downloaded HF-related datasets from the GEO database and
employed bioinformatics to screen for NET-related diagnostic
markers in HF. Our analysis of intercellular communication,
based on single-cell sequencing data, revealed that macrophages
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and T cells are the immune cell subpopulations with the most
prominent interactions with neutrophils. Additionally, through
into  the
These
findings provide new insights into the role of NETs in HF and

pseudo-trajectory analysis, we gained insights

differentiation status of various neutrophil clusters.

have significant implications for the development of targeted
treatments and prevention strategies.

Materials and methods
Dataset and preprocessing

The RNA-seq datasets analyzed in this study were retrieved from
the GEO database
consisted of 131 samples from 2 separate datasets. Of these, the
GSE145154 dataset comprised 67 samples (52 HF cases and
15 healthy controls), while the GSE116250 dataset had
64 samples (50 HF cases and 14 healthy controls). The
GSE145154 dataset was utilized as the training dataset, while the
GSE116250 dataset was used as the validation dataset. It is worth
noting that the 69 initial biomarkers of NETs included in this study
were obtained from prior research studies (Zhang et al., 2022)

(https://www.ncbi.nlm.nih.gov/geo/) and

(Supplementary Table S1).

Identification of NETs-related differential
genes

To identify differentially expressed genes (DEGs) associated
with NETs, we conducted differential analysis on the training
dataset samples utilizing the “Deseq2” package (version 1.38.2)
(Anders and Huber, 2010). The established thresholds were set at
p-value <0.05 and [logFC|>1. After intersecting DEGs with NETs
genes, a final set of 13 NETs-related differential genes were obtained
between HF and control samples.

Identification of NETs-related diagnostic
biomarkers

To pinpoint key NETs-related biomarkers, we harnessed the
Random Forest (RF) algorithm and the LASSO regression model.

LASSO is a widely-used regression method for selecting
variables to improve prediction accuracy, implemented through
the “glmnet” R package (version 4.1), we selected the optimal A
value and removed genes that displayed partial collinearity to reduce
potential bias. In contrast, the RF algorithm, a supervised
classification method relying on decision trees, was executed
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using the “randomForest” R package (version 4.7). We evaluated
error rates for tree counts ranging from 1 to 500 and determined the
optimal number of trees by selecting the configuration with the
lowest error rate. Furthermore, we gauged the feature importance
scores for each gene, identifying candidate biomarkers as those with
importance values exceeding 2 for subsequent analysis.

Enrichment analysis

In our study, we employed the “clusterprofiler” R package
(version 4.6.0) to conduct Gene Ontology (GO) and Kyoto
(KEGG)

GO analysis is
large-scale  functional

Encyclopedia of Genes and Genomes
(Yu et al, 2012).
standard for

pathway
enrichment analyses
considered the gold
enrichment studies, as it covers various biological processes,
molecular functions, and cellular components (The Gene
Ontology Resource, 2019). Additionally, we utilized the KEGG
database, which provides comprehensive information on
genomes, biological pathways, diseases, and drugs (Kanchisa
et al,, 2023). Significant enrichment was defined as a critical
p-value threshold of <0.05, and the results of the functional

enrichment analysis are visually represented using bar charts.

Single-cell data source and preprocessing

We processed the dataset GSE122930 using the “Seurat” R
package (version 4.3.0) (Butler et al., 2018). Initial quality control
involved the removal of cells based on the following criteria
(Papayannopoulos, 2018): cells with fewer than 200 genes or
more than 5,000 genes (UMI >0) (Carmona-Rivera et al,, 2019),
cells with more than 20,000 UMI, and (Frangou et al., 2019a) cells
with over 12.5% mitochondrial UMI count. Subsequently, the data
were log-normalized using default parameters. We selected the
894 most variable genes using the “FindVariableGenes” function
and scaled the data using the “ScaleData” function to remove
unnecessary sources of variation. Principal Component Analysis
(PCA) was performed using the “RunPCA” function, and the
number of principal components was determined visually using
the “ElbowPlot” function. We constructed a shared nearest neighbor
(SNN) plot for the first 15 principal components with the
“FindNeighbors” function and clustered the cells using the
“FindClusters” function, setting the “Resolution” parameter to
0.6. For visualization, we utilized the “RunUMAP” function to
create UMAP plots. To identify marker genes in each cluster, we
employed the “FindAllMarkers” function, setting the parameter
“min.pct” to 0.2 and the “thresh.use” parameter to 0.2.
Additionally, we used the “celltypist” to assist in cellular
annotation (Dominguez Conde et al., 2022), followed by manual
annotation for further refinement.

Trajectory analysis of single cells
We used the CytoTRACE R package (version 0.3.3) to help

predict the direction of cell differentiation (Gulati et al., 2020). For
our single-cell trajectory analysis, we employed the R package
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Monocle2 (version 2.16.0) (Qiu et al, 2017). We initially
identified clusters corresponding to cancer stem cells and
epithelial cells, and subsequently loaded these clusters into the R
environment. To facilitate the analysis, we created an object using
the “newCellDataSet” function. Within the trajectory analysis, we
harnessed the “FindVariableGenes” gene set to perform pseudo-
temporal sorting of all cells within the target cell subpopulation.
Next, we reduced the dimensions of the dataset using the
“reduceDimension ()" function, utilizing the parameters
“reduction_method = “DDRTree” and “max_components = 2.”
For visualization purposes, we employed the “plot_cell
trajectory” function to generate a spanning tree of cells. Finally,
we utilized the “differentialGeneTest” function to identify genes that
exhibited significant changes over pseudotime [q-value <10(-5)],
and we visualized the expression changes of the top 100 genes over

pseudotime using the “plot_pseudotime_heatmap” function.

Cell-cell communication analysis

We utilized CellChat, a tool that quantitatively infers
intercellular communication networks from scRNA-seq data (Jin
et al, 2021). Based on a database of mouse ligand-receptor
interactions and pattern recognition techniques, CellChat can
detect intercellular communication at the pathway level and
calculate the communication network of aggregated cells. Use
default settings for all parameters.

Transverse aortic constriction (TAC)

Male 8-week-old adult wild-type (WT) C57BL/6] mice were
procured from Charles River Laboratory (Charles River, China).
Briefly, after randomizing the mice into groups, consisting of three
mice in the TAC group and three mice in the SHAM group, the mice
were anesthetized using isoflurane and underwent a transthoracic
thoracotomy. Following the exposure of the aortic arch, a suture was
passed through the aortic arch positioned between the right
innominate artery and the left common carotid artery.
Subsequently, the aortic arch was ligated to a 27-gauge needle,
and the needle was carefully withdrawn upon the completion of
ligation. Mice in the sham-operated group underwent identical
procedures but were not subjected to ligation. Following the
surgical intervention, the mice were placed on a heating pad for
recovery and closely monitored. Four weeks after either the sham or
TAC surgery, the mice were anesthetized using an overdose of
pentobarbital (100 mg/kg, Sigma-Aldrich), and their hearts were
extracted through an open-chest procedure for subsequent

molecular analysis.

RNA isolation and real-time quantitative PCR
(QRT-PCR)

Total RNA was extracted from cardiac tissue using Freezol
R711),
instructions. Subsequently, qRT-PCR analysis was conducted on
the QuantStudio™ 5 Real-Time PCR Detection System using

reagent  (Vazyme, following the manufacturer’s
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Gene name Forword primer (5'—3') Reverse primer (5'—3’)
Mpo AATATGGCACGCCCAACAAC TCTCCCACCAAAACCGATCAC
Vnn3 GCTGTGGGTTCAATGGACACT CTGCCAGCTTGATTGCACTCT
Cxcr2 GTAATTCTGGCCCTGCCCAT CAGGATACGCAGTACGACCC
Fcgrd GAGGTCCATATGGGCTGGCTA CTTGCCTTTGCCGTTCTGTAA
Fpr2 CATTTGGTTGGTTCATGTGCAA AATACAGCGGTCCAGTGCAAT
Gapdh AGGTCGGTGTGAACGGATTTG TGTAGACCATGTAGTTGAGGTCA
A B C
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FIGURE 1

Identification of differentially expressed NETs-related genes. (A) Volcano plot of DEGs in GSE145154. (B) A Venn diagram of GSE145154 DEGs and
NETs-related genes.(C) Expressions of differentially expressed NETs-related genes. (D—E) The enrichment pathway analysis of NETs-related DEGs.

ChamQ SYBR qPCR Master Mix (Low Rox Premixed) (Vazyme,
Q331-02) and gene-specific primers. PCR analysis was performed
on the QuantStudio™ 5 Real-Time PCR Detection System, with the
following thermal cycling conditions: initial denaturation at 95°C for
1 min, followed by denaturation at 95°C for 10 s, annealing at 60°C
for 30's, and a total of 40 cycles. The relative expression levels of
individual genes were quantified by the 2(-AACt) method and
normalized to the endogenous expression of glyceraldehyde-3-
phosphate dehydrogenase (GAPDH). The sequences of the
specific primers utilized for qRT-PCR in this study are provided
in the below table.
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Statistical analysis

The validation of key gene expression differences between the
experimental and control groups in both the training and validation
datasets was conducted using the Wilcoxon rank sum test.
Additionally, the gRT-PCR validation results were analyzed
employing Student’s t-test. A significance threshold of p <
0.05 was applied to determine statistical significance. Data
analysis and graph generation were performed using R software
version 4.1.0 (http://www.R-project.org) and GraphPad Prism 8
(GraphPad Software, San Diego, CA, United States).
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Identification of neutrophil subpopulations associated with NETs.(A) UMAP plots of 17,918 cells from 7 mouse heart samples.(B) UMAP plots showing

the distribution of cells in SHAM1w, SHAM4w, TAC1w, and TAC4w heart samples.(C) Proportion of each cell subpopulation in different experimental
groups.(D) Markers for different cell subpopulations.(E) UMAP plots of 1,451 neutrophils versus some monocytes from 7 mouse heart samples.(F) UMAP
plots showing the distribution of neutrophils versus some monocytes in SHAM1w, SHAM4w, TAC1lw, and TAC4w heart samples.(G) Violin plots

showing markers for different neutrophil subpopulations.(H) Violin plots demonstrating the number of genes in different neutrophil subpopulations.(l)
AUCELL quantifies NET activity in different neutrophil subpopulations.(J) Violin plot demonstrating NETs scores in different neutrophil subpopulations.(K)
Bar graph demonstrating the results of enrichment analysis of different neutrophil subpopulations.
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Trajectory analysis of neutrophils. (A—C) CytoTRACE predicts the cell differentiation potential of neutrophil subpopulations. (D) Distribution status of
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subgroups.

Results

Identification of differentially expressed
NETs-related genes

To explore the role of NETs-related genes in HF pathogenesis, we
conducted an analysis using the GSE145154 dataset, which consisted of
52 HF patient samples and 15 control samples. Following differential
analysis between the two groups, we identified 1998 differentially
with 1,559 genes upregulated and
429 downregulated in the HF group compared to the control group
(Figure 1A). We intersected the list of DEGs with known NET's-related
genes, identifying a subset of 13 genes (Figure 1C; Supplementary Table
52). We also visualized the expression of these genes among different

expressed genes (DEGs),
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groups by heat map (Figure 1B). Through gene ontology (GO)
enrichment analysis of the differentially expressed NETs-related
genes, we found their involvement in leukocyte, myeloid leukocyte,
and mononuclear cell migration. Additionally, the Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathway analysis suggested the
activation of signaling pathways related to NET formation,
phagosome, and Staphylococcus aureus infection (Figures 1D, E).

Identification of neutrophil subpopulations
associated with NETs

To investigate the status of infiltrating neutrophils in both heart
failure and normal cardiac tissues, we conducted a comprehensive
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search within the GEO database. Subsequently, we acquired the
GSE122930 dataset, which comprises 7 mouse hearts. This dataset
includes two samples at 1 week post-TAC, two at 4 weeks post-TAC,
one at 1 week post-SHAM, and two at 4 weeks post-SHAM, aligning
with the objectives of our study. After rigorous quality control and
meticulous screening, we identified a total of 10 distinct cell
subpopulations from an initial pool of 17,918 cells, which were
subsequently subjected to downstream analysis (Figures 2A, D).
Importantly, when compared to the sham-operated mice, our cell
scale plots revealed a substantial increase in neutrophil infiltration in
mice observed 4 weeks after TAC (Figure 2C). Subsequently, the two
neutrophil-related subpopulations (Neutro/Mono and Neutrophil)
were extracted individually. Unsupervised clustering was then
performed again, identifying three distinct cell clusters: Neutro/
Mono (638 cells), Neutrophil 1 (409 cells), and Neutrophil 2
(404 cells) (Figures 2E,G). Additionally, the violin plot illustrates
three cell
subpopulations, with Neutro/Mono exhibiting the highest gene

the number of genes expressed within these
expression and Neutrophil 1 showing the lowest (Figure 2H). To
gain insights into the diffrences between these neutrophil
subpopulations, we quantified the activity of the NETs pathway
using the AUCELL method, revealing that Neutrophil 1 displayed
significantly higher activity in NETs-related gene sets in comparison
to Neutrophil 2 and Neutro/Mono (Figures 21, J). Furthermore, the
results of our enrichment analysis shed light on the distinct
functions of these three neutrophil-associated subpopulations
(Figure 2K). Specifically, Neutro/Mono appeared to be linked
Neutrophil 1 exhibited
associations with the regulation of neutrophil chemotaxis, and

with myeloid cell differentiation,
Neutrophil 2 displayed a role in the positive regulation of
leukocyte differentiation. Notably, all three cell subpopulations
exhibited enrichment for terms related to T cell activation.
Additionally, we conducted an assessment of the overall
distribution of cell populations within both normal and disease
groups within the dataset, employing UMAP plots, and provided
characterization for each cell population utilizing known cell
markers (Figures 2B, F).

Trajectory analysis of neutrophils

We assessed the differentiation capacity of neutrophil-associated
cell subpopulations using CytoTRACE. Neutro/Mono exhibited the
highest predicted differentiation potential, while Neutrophill was
predicted to have the lowest differentiation capacity (Figures 3A-C;
Supplementary Table S3). This suggests that the Neutro/Mono cell
subpopulation may play a role in initiating the differentiation of the
neutrophil population. To further elucidate these findings, we
integrated this result with pseudotrajectory analysis. Our analysis
revealed that Neutrophill was positioned at the end of the
differentiation trajectory, Neutrophil2 was located at the pre-mid
differentiation stage, and Neutro/Mono was situated at the pre-

stage 3D-F). This suggests that
may mature neutrophils, whereas

differentiation
Neutrophill
Neutrophil2 represents immature neutrophils. We also generated

(Figures
represent

a heatmap illustrating the key genes involved at each stage of the

neutrophil differentiation process, along with the results of
enrichment analysis at different stages (Figure 3G). Additionally,
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curve graphs were used to visualize the NETs activities of different
cell subpopulations along the pseudotemporal ordering, with
Neutrophill exhibiting the highest activity (Figure 3H).

Finally, we combined the results of the pseudotrajectory analysis
to demonstrate changes in the proportions of different neutrophil-
associated subpopulations in various experimental subgroups
(Figure 3I). Given that one mouse heart sample was lost due to
sample wetting failure 1 week after SHAM surgery in the original
study, resulting in a smaller number of cardiac tissues in the SHAM
group compared to the TAC group, we focused on the changes in cell
proportions in TAC1w and TAC4w. This period represents a critical
transition from cardiac hypertrophy to heart failure. During this
period, the proportion of Neutrophill cells slightly increased, while
the Neutro/Mono cell proportion significantly increased. This
suggests that bone marrow hematopoiesis remained active during
this time. In contrast, the proportion of Neutrophil2 cells
significantly decreased, indicating that this period allows for the
differentiation of more young neutrophils into mature neutrophils.

Cell communication analysis

We performed CellChat identify key cell
subpopulations and receptor-ligand pairs involved in interactions

analysis  to

with neutrophils. Initially, we explored the communication patterns
among all immune cell subpopulations and their interactions with
neutrophils in TAC mice. Our findings indicated that macrophages
were the most active communicating cell subpopulation in TAC
mice (Figure 4A). Both macrophages and T cells displayed close
communication with neutrophil-associated clusters (Figure 4B).
Furthermore, the overall number of immune cell subpopulations
and the strength of intercellular communication were increased in
TAC mice compared to the sham-operated mouse group
(Figure 4C).

To gain insights into the specific signaling pathways associated
with neutrophils, we examined the communication between
subpopulations  and
subpopulations, considering neutrophils as receptors and senders,

neutrophil-associated other  cellular
respectively. We focused on understanding the communication
between neutrophils and macrophages, taking into account cell
subpopulations and experimental groupings. Combining these
results with our trajectory analysis, we observed a progressive
increase in chemokine expression in neutrophils during
maturation, particularly in the hearts of mice in the TAC group
(Figure 4D). Previous reports in the literature have indicated that
neutrophils are the first immune cells recruited in large numbers
into the myocardium after pressure overload. They produce
cytokines and chemokines to attract splenic-derived macrophages
to migrate into cardiac tissues. Consequently, we paid particular
attention to the communication with macrophages when neutrophil
1 served as a sender. Our findings revealed that the Ccl6-Ccr2
receptor-ligand pair exhibited the closest communication. Studies
show resident CCR2+ cardiac macrophages promote neutrophil
infiltration into injured myocardial tissue (Li et al., 2016).
Moreover, we also focused on the communication between
neutrophils and T cells. The results of our previous enrichment
analysis suggested that all three types of neutrophil-associated

subpopulations might be related to T cell activation. We
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FIGURE 4

Cell Communication Analysis. (A) The number of interactions among immune cell subpopulations in the hearts of TAC mice. (B) Communication
condition between neutrophils and other cell clusters. (C) Number and strength of interactions between SHAM group and TAC group. (D—E) Receptor-
ligand pairs of different neutrophil subsets interacting with macrophages and T cells.

observed a significant number of H2-Cd8 receptor-ligand pairs in
the communication signals when neutrophils served as senders
(Figure 4E). Cd8, acting as a co-stimulatory molecule, interacts
with MHC I molecules to enhance TCR recognition of MHC-
antigen peptide complexes (H2 molecules in mice), thereby
promoting T-cell activation. However, when combined with
trajectory analyses, most of the receptor-ligand pairs either
disappeared or showed reduced intensity during the transition
from Neutro/Mono to mature neutrophils. This implies that the
ability to activate T cells may not be specific to neutrophils.

Screening of NETs-related biomarkers in HF
using machine learning

In the training set GSE145154, we employed two machine
learning algorithms to identify the featured genes from among
the candidate key genes in heart failure patients. In the Lasso
regression analysis, we inputted the 13 NETs-related genes and
performed a 10-fold cross-validation (Figures 5A, B). We used
lambda, determined based on the minimum binomial deviation,
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as the criterion, ultimately identifying five candidate genes.
Additionally, we utilized the RF machine learning algorithm to
rank these 13 genes based on their importance variables. Genes with
a MeanDecreaseGini greater than 2 were extracted (Figures 5C, D).
Through taking the intersection of genes from the LASSO and
random forest algorithms, the study found five common signature
genes, namely, CXCR2, FCGR3B, VNN3, FPR2, and MPO (Figures
5E; Supplementary Table S4).

Validation of key biomarkers

In this study, we utilized subject working characteristic curves to
assess the diagnostic value of five key biomarkers in HF. Our results
indicate that HF patients had elevated expression levels of all key
genes (Figures 6B, D). In the training set GSE145154, all pivotal
genes showed an AUC greater than 0.700, excluding MPO, and
VNNB3 had the highest diagnostic value with an AUC of 0.774
(Figure 6A; Supplementary Table S5). In the validation set
GSE116250, the diagnostic value of the identified key genes was
further confirmed, all of the key genes demonstrated significant
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Screening of NETs-Related Biomarkers in HF Using Machine Learning. (A) Map of the regression coefficients of the 9 genes in LASSO model. (B)
6 hub genes screened by 10-fold cross-validation in the LASSO regression model. (C) The influence of the number of decision trees on the error rate. (D)
The Gini Coefficient Method Achieved in Random Forest Classifier Results. (E) Venn Diagram Illustrating the Overlap of Two Machine Learning Screens for

Genes.

diagnostic value except for Mpo, which had an AUC greater than
0.700 (Figure 6C; Supplementary Table S6). Lastly, we analyzed
the expression of these biomarkers in mouse cardiac immune
cells. We found that while VNN3 was undetectable in the
immune cell population, the other four genes were expressed
(Figure 6E). Among these genes, Mpo exhibited predominant
expression in ILC2 cells, whereas Fpr2 and Cxcr2 displayed
higher expression levels in neutrophil 1 compared to other cell
types. Fcgr4, on the other hand, was expressed in neutrophils,
monocytes, and macrophages, with slightly higher expression in
Neutrophil2 compared to other cells (Figure 6F). To validate
these findings, we examined the expression of these five genes in
both TAC mice and SHAM mice. The results revealed that Cxcr2,
Fpr2, and Vnn3 exhibited significantly higher expression in TAC
mice compared to the control group (Figures 6G, I, J). However,
Mpo expression was too low to be reliably quantified, and
Fcgr4 did not show any significant differences between the
groups (Figure 6H; Supplementary Table S7).
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Discussion

The treatment of HF is a significant challenge for experts and
researchers, given its complex pathogenesis and irreversible nature
(Wang et al,, 2017). Historically, innovative drugs such as ACE
inhibitors have been the primary method of treating HF. However,
recent studies suggest that immune cells, particularly neutrophils,
may play a role in the disease’s progression. In mice with ANGII-
induced HF, DNasel administration resulted in the clearance of
NETs and reduced cardiomyocyte death (Tang et al, 2022).
Furthermore, neutrophil depletion was shown to reduce TAC-
induced hypertrophy and inflammation, thus preserving cardiac
function (Wang et al, 2019). While there is some direct
experimental evidence implicating NETs in the progression of
HF disease, our current understanding of this aspect remains
limited, highlighting the need for further research in this area.

This study employed a comprehensive analysis by combining
single-cell sequencing and bulk transcriptome sequencing to
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expression of key genes (3 mice per group, a Student's t-test was used).

elucidate the biological significance of NETs in HF from multiple
perspectives. Using two machine learning algorithms, LASSO and
random forest, the study identified five NET-related biomarkers in
HF patients: CXCR2, FCGR3B, VNN3, FPR2, and MPO, and
experimental verification confirmed that the expression of the
first four of these genes was significantly elevated in heart
failure mice.

Among these biomarkers,FcyRIIIb is a glycosphingolipid (GPI)-
anchored receptor exclusively expressed on neutrophils and plays a
crucial role in the activation of NETs released by neutrophils (David
et al., 2005). Previous studies have reported that the kinases Syk and
TAKI are involved in the signaling pathway that leads to the formation
of NETs upon FcyRIIIb stimulation in neutrophils (Fonseca et al.,
2018). CXCR2 is a prominent chemokine receptor expressed on
neutrophils. Studies have demonstrated that CXCR2 and its
downstream pathways through IL8 agonism mediate the classical
pathway of NETosis (Chen et al, 2021). Moreover, the CXCL1-
CXCR2 axis mediates cardiac hypertrophy and remodeling in HF
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Trkx ek U represent p < (0.001, 0.01, 0.05).

model mice by regulating monocyte infiltration (Wang et al., 2018).
FPR2 is a multifunctional G protein-coupled receptor with a 7-
transmembrane structural domain (Dahlgren et al.,, 2020). Previous
studies have reported that FPR2 can reduce hyperosmolarity-induced
NETosis, which helps alleviate dry eye (Tibrewal et al,, 2014). In acute
HF, Fpr2 triggers increased infiltration of immature and inactive
neutrophils in the heart (Kain et al., 2019). VNN3 is a secreted and
membrane-bound exoenzyme involved in the conversion of
pantothenic acid and cysteamine. A previous study utilizing blood
transcriptome-based molecular signatures identified VNN3 as a
potential diagnostic biomarker for ST-segment elevation myocardial
infarction. Out of the five NET-related genes, we discovered that
CXCR2, FPR2, and FCGR4 demonstrated significantly higher
expression in Neutrophil 1 as compared to Neutrophil 2. This
finding corroborates our observations in the mouse single-cell dataset.

The single-cell sequencing data used in this study were derived
from previous studies, but our study differs from the original
analysis. The original study classified neutrophils into two classes
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of cells by unsupervised clustering and identified CXCR2 as a gene
specifically expressed in Neutrophill, but failed to further discuss
the function and significance of neutrophils. In our present study, we
harnessed advanced cellular annotation tools to achieve precise
annotation of key cellular subpopulations. Subsequently, we
employed various methods to uncover distinct functions within
neutrophil subpopulations, delve into the intricacies of neutrophil
differentiation, and identify pivotal receptor-ligand pairs regulating
intercellular interactions. These findings significantly contribute to
our understanding of neutrophils in the context of heart failure.

The present study is subject to limitations, one of which is the
relatively low number of neutrophils obtained from single-cell
sequencing data. This could be attributed to several factors, such
as the fact that neutrophils are not resident in cardiac tissue and only
migrate to sites of injury or inflammation to perform their functions.
Moreover, neutrophils have lower levels of gene expression and are
more sensitive to the experimental environment, which may affect
their ability to be captured by single-cell sequencing methods. It is
challenging to obtain a sufficient population of neutrophils in single-
cell sequencing studies without specifically targeting this cell type.
Therefore, future experimental studies are still required to confirm
our findings.

Conclusion

In this study, we conducted an in-depth investigation into the
functions of neutrophil subpopulations that infiltrate cardiac tissue
in TAC mice. Additionally, we identified four biomarkers (CXCR2,
FCGR3B, VNN3, and FPR2)associated with NETs in HF. Our
findings enhance the understanding of immunology in HF.
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Background: An abdominal aortic aneurysm (AAA) is a life-threatening
cardiovascular disease. Although its pathogenesis is still poorly understood,
recent evidence suggests that AAA displays autoimmune disease
characteristics. Particularly, T cells responding to AAA-related antigens in the
aortic wall may contribute to an initial immune response. Single-cell RNA
(scRNA) T cell receptor (TCR) and B cell receptor (BCR) sequencing is a
powerful tool for investigating clonality. However, difficulties such as limited
numbers of isolated cells must be considered during implementation and data
analysis, making biological interpretation challenging. Here, we perform a
representative single-cell immune repertoire analysis in experimental murine
AAA and show a reliable bioinformatic processing pipeline highlighting
opportunities and limitations of this approach.

Methods: We performed scRNA TCR and BCR sequencing of isolated
lymphocytes from the infrarenal aorta of male C57BL/6J mice 3, 7, 14, and 28
days after AAA induction via elastase perfusion of the aorta. Sham-operated
mice at days 3 and 28 and non-operated mice served as controls.

Results: Comparison of complementarity-determining region (CDR3) length
distribution of 179 B cells and 796 T cells revealed neither differences between
AAA and control nor between the disease stages. We found no clonal
expansion of B cells in AAA. For T cells, we identified several clones in 11 of 16
AAA samples and one of eight control samples. Immune receptor repertoire
comparison indicated that only a few clones were shared between the
individual AAA samples. The most frequently used V-genes in the TCR beta
chain in AAA were TRBV3, TRBV19, and the splicing variant TRBV12-2 +
TRBV13-2.
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Conclusion: We found no clonal expansion of B cells but evidence for clonal
expansion of T cells in elastase-induced AAA in mice. Our findings imply that a
more precise characterization of TCR and BCR distribution requires a more
extensive number of lymphocytes to prevent undersampling and potentially
detect rare clones. Thus, further experiments are necessary to confirm our
findings. In summary, this paper examines TCR and BCR sequencing results,
identifies limitations and pitfalls, and offers guidance for future studies.

KEYWORDS

aortic aneurysm, single-cell sequencing (scRNA-seq), T cell receptor (TCR), B cell receptor

(BCR), clonality analysis

Introduction

An abdominal aortic aneurysm (AAA) is a cardiovascular disease
characterized by a permanent dilation of the abdominal aorta greater
than 50% or 3 cm. Most AAAs develop in the infrarenal region
between the renal veins and the aortic bifurcation (1). The
prevalence of AAA is 4%-8% in men older than 60 years and
0.5%-1.5% in women, with the rupture of AAA conferring a high
mortality rate (2). AAA is a multifactorial and progressive disease.
Genetic factors and inflammation strongly contribute to AAA
development (3), and several studies have revealed recently that
autoimmunity may contribute to the pathogenesis of AAA (4-8).

Inflammation and immune cell recruitment are characteristics
of AAA. Accordingly, T and B cells are among the predominant
infiltrating immune cells in human AAA tissue (4, 8, 9). The
presence of these lymphocytes in AAA tissue was confirmed in
several experimental mouse models of AAA including the
porcine pancreatic elastase (PPE) perfusion model, which was
used for this study (10-14). The PPE model produces infrarenal
aortic aneurysms and is considered the experimental mouse
model most resembling human AAA, although the aneurysms do
not form intraluminal thrombus or rupture (15). Several
(e.g, HIF-la PI3Ky
inhibitors) preventing elastase-induced AAA are associated with

experimental interventions inhibitors,
decreased numbers of lymphocytes in the aneurysmal tissue
(16-18) (Supplementary Table S1), suggesting an important role
for lymphocytes in AAA development in this model.

Previous reports have implicated both T helper-1 (Thl) and T
helper-2 (Th2) cells in various stages of AAA development (19).
Th2 cells release inflammatory mediators and cytokines such as
interleukins 4, 5, 9, 10, and 13 and Fas ligand that may
contribute to the regulation of AAA progression, whereas Thl-
derived interferon-gamma and CD40 ligand are associated with
macrophage activation, regulation of vascular smooth muscle cell
apoptosis, and aortic wall remodeling (2, 19-22). Investigation of
the T cell receptor (TCR)/antigen/human leukocyte antigen
(HLA) complex revealed evidence that AAA encompasses a
specific antigen-driven T cell response (4, 5). Studies discovered
the clonal expansion of T cells in AAA lesions, linked AAA to
specific HLA Class I and Class II types, and identified self- or
non-self-antigens that may be associated with AAA (4, 6, 23).

The role of B cells in AAA is controversially discussed. B cell-
derived immunoglobulins (Ig), such as IgM and IgG, localize in

Frontiers in Cardiovascular Medicine

AAA tissue, where they promote inflammation and tissue
degradation (10, 24). B cell depletion can prevent AAA growth
in experimental models. One study showed that B cell depletion
with an anti-CD20 antibody suppressed AAA growth in the
angiotensin-II- and the elastase perfusion AAA model (25).
Another study showed that AAA was induced by periaortic
application of CaCl,, and significantly smaller AAAs in B cell-
deficient muMT mice compared to wild-type (WT) mice were
observed (10). Injection of polyclonal IgG antibodies into muMT
mice resulted in AAA size comparable to WT mice indicating
that IgG alone is sufficient to promote AAA development (10).
In contrast, Meher et al. (11) could not observe differences in
experimental AAA formation between muMT mice and WT
mice and showed that adoptive transfer of B2 cells suppressed
AAA formation and decreased infiltration of mononuclear cells
into aneurysmal tissue. However, there is evidence that an
autoimmune process directed against self-antigens in the aortic
wall may play a role in AAA pathogenesis. Zhou et al. (23)
identified a natural IgG antibody against fibrinogen in aortic
tissues of elastase-induced AAA that induced AAA formation by
activating the complement lectin pathway. Other findings suggest
that a collagen-associated 80-kDA protein from the aneurysm
wall is a potential target of the autoimmune response in AAA
disease (26). IgG antibodies, including autoantibodies, have been
isolated from the aortic wall of patients with AAA, and eight of
10 of these AAA wall IgGs reacted with an 80-kDa protein from
aortic microfibrillar extracts shown by Western blotting. This
protein was found to be located in the adventitial connective
tissue matrix confirmed by immunohistochemistry (26). Further
investigation of the role of T cells, B cells, and Ig involved in
AAA is essential to improve the understanding of AAA
pathogenesis. Clonality and diversity analysis of the adaptive
immune receptor repertoire (AIRR) provide insights into disease
mechanisms. Such analysis may further define the immunological
status of an individual, thus proving useful for disease diagnosis
and risk stratification (27).

AIRR sequencing is increasingly used to investigate lymphocyte
dynamics in pathological contexts such as autoimmune and sterile
inflammatory diseases, cancer, and infections (28). TCR and B cell
receptors (BCR) are highly diverse heterodimers that recognize an
immense variety of antigens (29). The receptors consist of a
combination of heavy and light chains in the case of BCRs and a
combination of /B or y/8 chains in the case of TCRs. The
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majority of TCRs expressed in T cells consist of a combination of o
and B chains. The receptors are formed by variable, diversity, and
joining (VDJ) recombination, which is the rearrangement of the
V-, D-, and J-gene segments. For TCR, o chains, and BCR light
chains, only V- and J-genes are involved in the recombination.
Additional diversity is achieved by adding or deleting random
nucleotides at the junction sites between the gene segments and
by the chain pairing. Somatic hypermutation results in greater
BCR diversity. Each receptor chain contains three hypervariable
loops termed complementarity determining regions (CDR) that
are required for the interaction of the receptors with the antigen.
CDR3 is commonly used as a region of interest to determine T
and B cell clones due to its high diversity and essential role in
antigen binding (29-32). A clone is a set of cells expressing the
same immune receptor, which implies that the receptors consist
of the same V-, D-, and J-genes and encode the identical CDR3
nucleotide sequence. The AIRR is the union of all TCRs and
BCRs of one individual and can change greatly with the onset
and progression of diseases (29). The TCR repertoire within one
individual is estimated to comprise 10’ in humans and 10° in
mice (33), whereas the estimated size of the B cell repertoire is
10'® in humans and 10 in mice (34, 35).

Previously, TCRs were analyzed in aortic aneurysms, and their
function has been investigated in mice and humans, yet no study
addressed B cell clonality in aortic aneurysms. Li et al. (36)
found clonal expansion of regulatory T cells (Treg) in mouse
aortae after elastase-induced AAA formation, and several studies
showed the presence of clonally expanded TCRs in aneurysmal
lesions of patients with AAA or ascending thoracic aortic
aneurysms, supporting the notion that AAA may be promoted
by specific antigen-driven T cells (5, 37-39).

Single-cell RNA (scRNA) sequencing of TCRs and BCRs is a
powerful tool for investigating the AIRR involved in AAA
pathology. In comparison to bulk RNA sequencing, which yields a
mixture of different gene expression profiles from the material
studied, scRNA sequencing offers several advantages (40). scRNA
sequencing provides information on TCR chain pairing and higher
resolution and is more suitable for investigating the TCR specificity
for an antigen of interest (41). However, there are also some
limitations of scRNA sequencing. These challenges include the
isolation of living single cells out of tissues, the lower output of
sequenced cells compared to bulk sequencing, and higher costs
(41). In particular, for scRNA sequencing of human AAA, only a
small number of cells of interest is available for analysis, as only
small sections of AAA can be collected during surgery (30). In
mouse models, the whole AAA can be used, but the total amount
of T and B cells is small for scRNA TCR and BCR sequencing.
Zhao et al. (42) obtained approximately 3,000 cells, encompassing
all present cell types, from topical elastase-induced AAA of 10
mice. Due to the small number of cells, biological interpretation of
the sequenced TCR and BCR repertoire in AAA is challenging. In
addition,
preprocessing of data, and bioinformatics workflow for data analysis

standardized and uniform sample preparation,
are important to obtain robust and comparable data. There are
already several guides (43), tools (44), and pipelines (45) for data

analysis. However, in this paper, we highlight the limitations of
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scRNA TCR and BCR sequencing specifically in experimental AAA
and provide a strategy for performing these experiments and for
subsequent data analysis using a dataset we generated. The objective
of this study is to guide and encourage fellow researchers to
generate and evaluate scRNA TCR and BCR sequencing data,
thereby enabling them to draw more significant conclusions.

Methods
Mice

Male C57BL/6] mice at the age of 10-11 weeks that were purchased
from Janvier Labs (Saint-Berthevin, France) were used for experiments.
All animal experiments were performed according to Animal Research:
Reporting of In Vivo Experiments (ARRIVE) II guidelines and
approved by LANUV (North Rhine-Westphalia State Agency for
Nature, Environment and Consumer Protection) in accordance with
the European Convention for the Protection of Vertebrate Animals
used for Experimental and other Scientific Purposes (license approval
number: 81-02.04.2018.A408). The mice were housed under standard
laboratory conditions with a 12 h light/dark cycle and had ad libitum
access to drinking water and standard chow.

PPE perfusion model

To induce AAA in the mice, the PPE perfusion model was used as
previously described by Pyo et al. (46). Briefly, the mice received
analgesics by injecting 0.1 mg/kg body weight (bw) buprenorphine
subcutaneously prior to surgery. The mice were anesthetized with
isoflurane (initial 3%, then 1.5%) and oxygenated air. After the
absence of the toe reflex, laparotomy was performed, and the
proximal and distal infrarenal aorta was isolated and temporarily
ligated. The aorta was punctured, a catheter was inserted, and the
infrarenal part was perfused with sterile isotonic saline containing
type I PPE (2.5-3 U/ml #E1250 Sigma-Aldrich, Burlington, MA,
USA) or 0.9% NaCl (sham surgery) under 120 mmHG for 5 min.
Elastase concentrations ranged from 2.5 to 3 U/ml depending on the
batch number, as different concentrations were necessary to trigger
the same AAA incidence and size. The aortic puncture was sutured,
the ligations were removed, and the abdomen was closed. Afterward,
the mice received buprenorphine (0.1 mg/kg bw, subcutaneously) if
required in the first eight hours. In addition, the mice received
buprenorphine (0.01 mg/ml) via the drinking water for three days.
The mice were monitored regularly until the end of the experiment.

Ultrasound imaging

Ultrasound was used to measure the aortic diameter prior to
surgery and the AAA progression weekly. The Vevo 3100 high-
resolution in vivo imaging system with a 25-55 MHz transducer
(MX550D) (VisualSonics Inc., FUJIFILM, Toronto, Canada) was
used for imaging. The mice were anesthetized with isoflurane and
heated pad at 37°C. Aspiration

placed on a rate,
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electrocardiogram, and body temperature were monitored during the
entire time of imaging. To assess the aortic diameter, longitudinal B-
mode images of the infrarenal aorta were acquired. The aortic
diameter was analyzed from leading to leading edge (LTL) in three
cardiac cycles at end-diastole using the Vevo LAB 5.6.0 software.

Organ harvesting

The infrarenal aortae were harvested on days 3 (n=5),7 (n=5), 14
(n=2),and 28 (n = 4) after PPE surgery and on days 3 (n = 3) and 28 (n
=3) after sham surgery. In addition, the infrarenal aortae from non-
treated C57BL/6] mice (n = 3) were pooled for two control samples. In
total, we obtained 24 samples for scRNA sequencing. Approximately
10 min prior to organ harvesting, the mice were injected iv. with
100 pl CD45-FITC antibody (#553079, BioLegend, dilution 1:1,000) to
label circulating leukocytes. The mice were anesthetized and received
analgesia with ketamine (100 mg/kg bw) and xylazine (10 mg/kg bw).
After the absence of the toe reflex, blood was collected from the heart
with a heparinized syringe. The thorax and abdomen were opened,
the vena cava was cut, and the cardiovascular system was perfused
with cold PBS through the left ventricle of the heart. The infrarenal
part of the aorta was isolated by carefully removing all fatty tissue,
collected, and stored in PBS on ice until further processing.

Digestion of aortic tissue into single cells

The isolated infrarenal aortae were digested into single cells based
on the protocol from Hu et al. (47). Briefly, the aortae were cut and
transferred into an enzyme mix containing 500 U/ml collagenase I
(Sigma-Aldrich, #C0130-100MG), 120 U/ml collagenase XI (Sigma-
Aldrich, #C7657-25MG), 60 U/ml hyaluronidase I-S (Sigma-
Aldrich, #H3506-100MG), and 60 U/ml Dnase I (Sigma-Aldrich,
#11285932001) in Dulbecco’s phosphate buffered saline (DPBS)
containing calcium and magnesium supplemented with 20 mM
HEPES (Thermo Fisher Scientific, #15630106). The aortae were
incubated in the enzyme mix for 50 min on a shaker (600 rpm) at
37°C. The cell suspension was filtered through a 100 um cell
strainer (pluriSelect Life Science, Leipzig). The remaining aortic
tissue was mashed with a syringe plunger through the cell strainer,
which was rinsed several times with DPBS. After centrifugation
(10 min, 450 x g, 4°C), the cells were resuspended in cold PBS and
transferred into a 96-well plate.

For additional flow cytometric analysis, the cells were subsequently
resuspended in RPMI 1,640 (Sigma-Aldrich) supplemented with 10%
fetal calf serum (Sigma-Aldrich) and incubated on a shaker (600 rpm,
12 min, 37°C). Finally, cells were centrifuged (10 min, 450 x g, 4°C),
resuspended in PBS, and transferred into a 96-well plate.

Staining of single cells
The 96-well plate was centrifuged for 5 min at 500 x gand 4°C. The

cells were stained with a staining mix containing Fc receptor blocker
(TruStain FcX™, Biolegend, Amsterdam, Netherlands, 1:100),

Frontiers in Cardiovascular Medicine

10.3389/fcvm.2023.1221620

viability stain (Zombie Aqua™ and Zombie Green™ Fixable
Viability Kit, BioLegend, 1:500), CD45-APC/cyanine 7 (BioLegend,
clone 30-F11, dilution 1:200), TER-119-FITC (BioLegend, clone
TER-119, 1:200), and C0443 CD41 (BioLegend, Barcode Sequence
ACTTGGATGGACACT, 1:1,400) in PBS. In addition, an individual
TotalSeq Hashtag antibody (BioLegend, TotalSeq™-C) was added to
the single-cell suspension of each mouse. The hashtag antibodies
allow the combination of samples from several mice in the same 10X
sequencing run and are needed to demultiplex cells from individual
mice. The cells from 10 mice were hashtagged with an antibody
from the TotalSeq™-C series (BioLegend), respectively. Two
additional hashtag antibodies were built by combining the antibodies
MHC [I-biotin (BioLegend, clone 28-8-6) and CD45-biotin
(BioLegend, clone 30-F11) with the streptavidin-conjugated barcodes
TotalSeq™ €971 or C972. The samples were stained with the
staining mix and hashtag antibodies for 15 min at room temperature
(RT) in the dark. After centrifugation (5min, 500 xg, 4°C), the
supernatant was discarded, and the cells were resuspended in MACS
buffer (Miltenyi Biotec, #130-091-221) for following cell sorting.

For flow cytometric analysis, CountBright™ Absolute Counting
Beads (Thermo Fisher Scientific) were added to every sample prior to
staining to determine cell counts. The cells were centrifuged for 5 min
at 500 x g and 4°C and stained with Fc receptor blocker (TruStain
FeX ', BioLegend, 1:100) and viability stain (Zombie Aqua™ Fixable
Viability Kit, BioLegend, 1:500) at RT for 10 min in the dark. After
centrifugation (5 min, 500 x g, 4°C), the cells were stained with the
following conjugated antibodies for 20 min at RT in the dark: CD3-
APC (BioLegend, clone REA613, 1:200), CDI11b-APC-Cy7
(BioLegend, clone M1/70, 1:200), CD19-FITC (BioLegend, clone
MB19-1, 1:100), CD45-V450 (BioLegend, clone 30-F11, 1:200), Ly6C-
PE (BioLegend, clone HK1.4, 1:133), Ly6G-PerCP-Cy5 (BioLegend,
clone 1A8, 1:100), and NKI.1-PE-Cy7 (BioLegend, clone PK136,
1:200). The cells were centrifuged (5 min, 500xg, 4°C) and
resuspended in PBS with 0.5% bovine serum albumin. The samples
were acquired with the BD FACSVerse™ Cell Analyzer (BD,
Heidelberg, Germany), and data were analyzed with the FlowJo
software v10.5.3.

Cell sorting

Cell sorting was performed on a MoFlo XDP (Beckman Coulter,
Krefeld, Germany). For every sample, up to 3,000 living CD45" cells
were sorted. If the samples did not reach the appropriate cell count,
this was compensated by sorting more cells of other samples. The
cells from all samples were combined into one reaction tube and
centrifuged for 5min at 500xg at RT. The supernatant was
removed, and the cells were resuspended in the MACS buffer.
Recounting of the cells confirmed approximately 60,000 living cells.

Generation of single-cell library
Single-cell libraries were generated with the 10X Chromium

Controller system utilizing the Chromium Next GEM Single Cell
5" Kit v2 (10X Genomics, Pleasanton, CA, USA) according to
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the instructions of the manufacturer. Sequencing was carried out
on a NextSeq 550 system (Illumina Inc. San Diego, CA, USA)
with a mean sequencing depth of ~50,000 reads/cell for gene
expression. The T cell and B cell libraries and the hashtag
libraries were sequenced at ~5,000 reads/cells.

Processing of 10X genomics single-cell data

Raw sequencing data was processed using the 10X Genomics
CellRanger software (v6.0.2). Raw BCL files were demultiplexed
and processed to Fastq files using the CellRanger mkfastq pipeline.
Alignment of reads to the mm10 genome and the corresponding
VD] gene references and UMI counting was performed via the
CellRanger multi pipeline to generate a gene-barcode matrix.

scRNA sequencing data analysis

R package Seurat v4.0 (48) was used for analysis. First, the hashtag
library was added as an assay to the metadata of the RNA library. The
cells with less than 200 RNA counts and more than 30% mitochondrial
RNA were excluded. Data were normalized and scaled with the
functions NormalizeData() with the factor of 10.000, and ScaleData()
was performed with all genes. Principal component analysis (75
dimensions), variable gene finding, cell clustering, and Uniform
Manifold Approximation and Projection (UMAP) dimensional
reduction (30 dimensions) were performed. Doublets were removed
with DoubletFinder v2.0 (49) and cells with positivity for more than
one hashtag. T cells were defined by expression of Cd3e, Cd3d, Cd3g,
and Cd28. B cells were defined by the expression of CdI9, Cd79a,
and Cd79b. T and B cells were isolated bioinformatically and merged
with the preprocessed scRNA TCR and BCR sequencing data.

scRNA TCR and BCR sequencing analysis

Preprocessing of the scRNA TCR and BCR sequencing data
included quality control and adding the library of the hashtag
antibodies. Only receptors with exactly one alpha/heavy chain and
one beta/light chain were used for analysis. Sequences of single chains,
more than two chains per receptor, and non-matching chains were
excluded from the analysis. The hashtag information was merged with
the 10x output file to enable the assignment of TCRs and BCRs to the
different mice. The Immunarch package v 0.6.9 (50) was used to
analyze CDR3 length distribution, clone abundance, repertoire
overlap, germline gene V-gene usage, clonal expansion, and diversity
estimation. We defined a clone as a set of T or B cells expressing the
same receptor that consists of the same V-, D-, and J-genes and
encodes an identical CDR3 nucleotide sequence.

Statistics

Data are presented as absolute numbers or mean + SD. Two-
sample permutation-based Kolmogorov-Smirnov test was used to
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compare CDR3 length distributions with the function ks_test
from R package “twosamples”. Bonferroni correction was used
for multiple comparisons. To compare the correlation strength of
the V-gene usage in the TCR alpha chain with the V-gene usage
in the TCR beta chain, we compared the individual correlation
coefficients with a two-tailed Mann-Whitney U test. For
comparison of our AAA data with public databases, one-sided
Fisher’s exact test with Bonferroni correction was performed
using the R v4.0 software. A detailed description of the database
comparison can be found in the Supplementary Material. The
results with p <0.05 were considered significant.

Results
scRNA sequencing workflow

The experimental workflow started with the induction of AAA
by perfusing the infrarenal aorta of male C57BL/6] mice with
elastase or NaCl (Figure 1A). AAA formation was monitored
and analyzed via ultrasound imaging prior to surgery, at days 7,
14, and 28. The infrarenal aortae were harvested on days 3, 7, 14,
and 28 after PPE surgery and on days 3 and 28 after sham
surgery, and images were taken for macroscopic analysis. In
addition, the infrarenal aortae from six non-treated C57BL/6]
mice were harvested for sequencing, of which three were pooled
into one sample. In total, 24 samples were subjected to scRNA
sequencing and immunoreceptor analysis. All mice that
underwent PPE surgery developed an AAA confirmed by
ultrasound or macroscopic analysis of the infrarenal aorta
(Figure 1B, Supplementary Figure S1). The aortae were
harvested and digested into single-cell suspensions. Single cells
were stained and sorted and then subjected to scRNA sequencing
as well as TCR and BCR scRNA sequencing.

Consistent scRNA

sequencing data is crucial for comparable data. We suggest using

preprocessing of immune receptor
only those immune receptor data, with all fragments intact and
both chains (a/B for TCR or heavy/light for BCR) present.
Receptors with only one, or more than two chains, that can
appear in the data frame due to sequencing errors, were
excluded. After that, the information of the hashtag antibodies
was added to the data to assign an immune receptor specifically
to one cell of a specific mouse. Subsequently, the receptors were
assigned to the corresponding cell in our scRNA sequencing
dataset. The majority of the immune receptor analysis such as
clonality, repertoire overlap, V-gene usage, and diversity was
performed with the R package immunarch (50). In addition, a
comparison of the AAA data with public databases to identify
disease-associated receptors was performed (Figure 1C).

Analysis of scRNA TCR and BCR sequencing
data

To ensure adequate data quality, we processed the TCR and
BCR sequencing data and evaluated basic statistics. The raw data
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FIGURE 1
Experimental and bioinformatic workflow and quality control of the data. (A) Experimental workflow. An AAA was induced in mice via perfusion of the
infrarenal aorta with elastase. NaCl perfusion of the aorta served as a sham-operated control. AAA development was monitored by ultrasound
imaging. Prior to organ harvesting, the mice were intravenously injected with a fluorophore-labeled CD45 antibody. The harvested infrarenal aortae
were digested into single cells and stained with antibodies and hashtags. The cells were sorted for living leukocytes and living non-leukocytes. sScCRNA
sequencing and TCR and BCR scRNA sequencing were performed. (B) The abdominal aortic diameter was analyzed using ultrasound images of
baseline (BL) and days 7 (n=5), 14 (n =2), and 28 (n = 2) post-PPE surgery and BL and day 28 (n = 1) post-sham surgery. (C) Bioinformatic workflow
including preprocessing and data analysis. Three preprocessing steps were performed as quality control for the data. Only fully intact sequences were
retained for analysis. The information for the hashtag antibodies was added to the TCR and BCR scRNA sequencing data. The receptors were
assigned to the corresponding cells in the scRNA sequencing dataset. The main data analysis including clonality, repertoire overlap, V-gene usage,
and diversity was performed with the immunarch R package. In addition, the data were compared with the public databases. (D) T cell amounts (light
bar color) and T cell amounts exhibit an intact TCR (dark bar color) in aortic tissue on different AAA disease stages received from scRNA sequencing
data. The amount of T cells increases with AAA progression. (E) Flow cytometric analysis of T and B cell amounts of aortic tissue 3 (n=7), 7 (n=5), 14
(n=5), and 28 (n = 8) days after sham operation and 3 (n=11), 7 (n =9), 14 (n =10), and 28 (n = 8) days after PPE-induced AAA formation.

contained 3,370 TCR sequences [1,484 TCR alpha chains (TRA), immune receptors with only one sequenced chain and some
1,886 TCR beta chains (TRB)] and 1,745 BCR sequences [570 Ig  receptors with more than two chains, which were excluded from
heavy chains (IgH), 1,131 Ig kappa (IgK) light chains, 44 Ig  subsequent analysis (Supplementary Figure S2). Only T cells
lambda (IgL) light chains]. We observed a high number of  with both productive TRA and TRB chains and B cells with both

Frontiers in Cardiovascular Medicine 128 frontiersin.org


https://doi.org/10.3389/fcvm.2023.1221620
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/

Elster et al.

productive heavy and light chains were used for analysis. After that
step, 2,296 TCR chains (1,148 pairs of TRA and TRB chains) and
980 BCR chains (490 pairs of heavy and light chains) remained.
We next filtered for receptors that could be associated with a
hashtagged cell and retained 2012 TCR chains and 770 BCR
chains. Assignment of the immune receptors to the corresponding
cells in our scRNA sequencing data revealed that only 47% of
BCRs were expressed in B cells (defined by mRNA expression of
Cd19, Cd79a, Cd79b), whereas the majority of TCRs (79%) was
expressed in T cells (defined by mRNA expression of Cd3e, Cd3d,
Cd3g, Cd28), and the remaining immune receptors were found on
other cell types (Supplementary Figure S3). TCRs and BCRs not
expressed in the respective lineage were excluded to avoid analysis
of false positive receptors due to sequencing artifacts. The final
analysis included 1,592 TCR chains (796 pairs of TCRs) and 358
BCR chains (179 pairs of BCRs).

We next compared the number of immune receptors with that of
T and B cells, which were present in our scRNA sequencing dataset
and displayed the distribution across the time points and samples
(Figure 1D, Supplementary Figure S4 and Supplementary
Table S2). Overall, there were fewer B cells (325) than T cells
(2,376) in AAA tissue, and three out of 24 samples did not contain
B cells (non-treated, d3, sham d28) (Supplementary Figure S4 and
Supplementary Table S2). The total number of T and B cells
increased with AAA progression until day 7 (Figure 1D,
Supplementary Figure S4). We corroborated our findings by flow
cytometry revealing a peak of lymphocytes at day 7 in AAA. Of
note, only a few cells were detected in sham-operated mice
(Figure 1E). A fully productive TCR could be assigned to 33.5% of
the present T cells (2,376 T cells, 796 TCRs) (Figure 1D). Thus, a
large proportion of TCR sequences present in AAA were missing
due to inefficient sequencing. In our data, 55.1% of B cells had a
matching BCR (325 B cells, 179 BCR). In four out of 24 samples,
no BCRs could be detected, and these were sham-operated or early
time points (non-treated, sham d3, d3, sham d28) (Supplementary
Figure $4B and Supplementary Table S2).

Estimating clonal expansion by
spectratyping

Spectratyping identifies the pattern of the CDR3 length
distribution (51). Comparing the shape of the CDR3 length
distribution between control and disease can indicate the presence
of clonal expansion in a repertoire. Deviations from the normal
pattern might be due to the high frequency of a specific CDR3
sequence and are therefore associated with clonal expansion (31).
We compared the CDR3 length distribution of TCRs in AAA
across all time points and controls using the two-sample
permutation-based Kolmogorov-Smirnov test (Figure 2A). The
resulting p-value of 0.92 suggests that the CDR3 length followed
the same distribution in AAA and controls. To compare the
CDR3 length distribution between the different disease stages, we
performed pairwise two-sample permutation-based Kolmogorov-
Smirnov tests and used Bonferroni correction for multiple
comparisons. We did not observe significant differences between
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the CDR3 length distribution at the different time points
(Figure 2B).

Receptor clonality can also be investigated by determining the
number of unique clones and the clone abundance. A clone was
defined as a set of cells expressing the same receptor that consists
of the same V-, D-, and J-genes and encodes an identical CDR3
nucleotide sequence. The majority of TCRs in AAA, sham-
operated, and non-treated aortae were unique (Figure 2C,
Supplementary Table S3). Only one sample of the sham-operated
and non-treated aortae and 11 AAA samples contained T cell
clones (Figure 2C, Supplementary Table S3). However, the clones
were infrequent in AAA samples (occurring 2-5 times), whereas
one of the four T cell clones present encompassed 25 cells in one
sham-operated sample (Figure 2D, Supplementary Table S3). The
frequencies of the T cell clones, their V-, D-, and J-genes of alpha
and beta chain, and their CDR3 nucleotide and amino acid
sequences are shown in Supplementary Table S4. The extent of
receptor clonality can be indicated with an evenness profile of the
repertoire (27). The alpha values represent different diversity indices
with different weights on expanded clones. Higher alpha values give
more weight to expanded clones, while alpha=0 weights every
clone equally regardless of its frequency. Therefore, high receptor
clonality is indicated as a highly uneven curve, and no receptor
clonality is associated with a completely even curve (Figure 2E). In
our study, the sham-operated d28 sample, in which one clone was
identified 25 times (Figure 2D), exhibited also the highest clonality,
whereas all other sham-operated or non-treated samples showed no
clonality (Figure 2E). In addition, 11 AAA samples from different
time points showed a lower extent of receptor clonality.

Investigating the TCR repertoire similarity

Repertoire overlap analysis is commonly used to identify
“public” TCRs that are shared between individuals (52). The R
package immunarch provides several methods to measure
receptor similarities between individuals. Using the function
“public” specified, the exact number of shared immune receptors
between different repertoires, thereby revealing that in seven
instances, a TCR sequence was shared by two AAA samples
(Figure 3A,B). In addition, repertoire similarity can be
investigated by identifying TCRs of different
containing the same V region genes. Fragments of V region

individuals

genes are classified into families according to their nucleotide
sequence similarity (at least ~70%). Specific V-gene usage
patterns have been associated with different diseases and were
shown to change in response to therapeutic approaches (53, 54).
In our data, the V-gene usage of the beta chain (TRBV)
correlated stronger than the V-gene usage of the alpha chain
(TRAV) of the TCR (two-tailed Mann-Whitney U test, p=
<0.0001, Figures 3C,D). A deeper analysis of the distribution
and frequency of used TRBV genes revealed a high usage of
TRBV3, TRBVI19, and TRBV12-2 + TRBV13-2 in AAA samples
at days 7, 14, and 28 (Figure 3E). TRBV12-2 + TRBV13-2 is a
term for a common alternate splicing between the first exon of
TRBV12-2 and the second exon of TRBV13-2. TRBV19 was
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FIGURE 2

CDR3 length distribution and clone abundance indicate expanded T cell clones in elastase-induced aneurysm in mice. (A) No changes in CDR3 length
distribution of TCRs (paired chains) between AAA including all different disease stages (red) and control samples including sham-operated and non-
treated mice (blue). The proportion is plotted against the amino acid (aa) CDR3 length. (B) No alterations in CDR3 length distribution of TCRs (paired
chains) between samples of different disease stages (days 3, 7, 14, 28) and sham-operated and non-treated samples (different colors). The proportion
is plotted against the amino acid (aa) CDR3 length. (C) Amount of all TCR clones per sample (light bar color) including the amount of unique clones
(dark bar color). The majority of TCR clones were found to be unique. Multiple copies of one clone appear only in one of the sham_d28 samples and
in 11 of the AAA samples. (D) Line plot indicating the number and abundance of clones per sample. In the sham_d28 sample exhibiting clones with
multiple copies, one clone is present 25 times. In contrast, in AAA samples, one clone only appears 2-5 times (E) Evenness plots indicating the extent
of clonal expansion for every sample. One sham-operated sample 28 days after perfusion exhibits the highest clonality. The other control samples
show no receptor clonality. Eleven AAA samples show some clonal expansion.
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FIGURE 3
Comparing the different TCR repertoires reveals shared TCR sequences, a high correlation of the V-gene usage and several frequently used TRBV genes
in AAA. (A) Legend and color code. (B) Analysis of the TCR repertoire overlap shows that in 7 instances two AAA samples contain one equal TCR. The color
code in the heatmap indicates the different samples. The V-gene usage of the TCR alpha chain (C) and of the TCR beta chain (D) is correlated and
hierarchical clustered between the different samples using spearman correlations. Color gradient indicates the level of correlation (blue = negative
correlation, red = positive correlation). The color code on the axes indicates the different samples. (E) Distribution and frequency of TRBV genes
occurring in all samples. Frequently used TRBV genes in AAA samples are TRBV3, TRBV19, and TRBV12-2+TRBV13-2 at day 7, 14 and 28. TRA, TCR
alpha chain; TRAV, TCR alpha chain v gene; TRB, TCR beta chain; TRBV, TCR beta chain v gene.
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present in 5 and TRBV3 in 2 of the expanded clones. Further Vbeta
genes that were used by 2-3 of the expanded TCRs are TRBV10,
TRBV13-1, TRBV13-5, TRBV2, TRBV20, and TRBV29
(Supplementary Table S4).

Dataset comparison with public TCR and
BCR databases

We compared the presence of CDR3 sequences in our dataset
with the two public TCR databases VDJdb (55) and McPAS-TCR
(56) to investigate if TCR clones in our dataset are associated with
other diseases or antigens (57). VDJdb is a curated database of
TCR sequences with known antigen specificities containing TCR
information of three different species (Homo sapiens, Macaca
mulatta, and Mus musculus) and various diseases (55). McPAS-
TCR is a database of TCR sequences found in T cells that were
associated with various pathological conditions in humans and
mice (56). TCRs with less than four amino acids and diseases with
less than five TCRs were excluded. Accordingly, 5,206 TCRs were
found in influenza (3,156 TCRs), lymphocytic choriomeningitis
virus (LCMV) (151 TCRs), murine cytomegalovirus (MCMV)
(1,463 TCRs), Plasmodium berghei (245 TCRs), respiratory
syncytial virus (RSV) (125 TCRs), and vesicular stomatitis virus
(VSV) (66 TCRs) for VDJdb, and 3,530 TCRs that were assigned
to 21 different diseases/pathogens were used for analysis for
MCcPAS-TCR (Supplementary Table S5). After merging, the two
databases and filtering for unique CDR3 sequences, we obtained
4,331 CDR3 sequences for comparison with the AAA dataset. One-
sided Fisher’s exact test was used to examine the overrepresentation
of TCR clones in our dataset that are associated with diseases or
antigens according to the two databases (Figure 4A). Our dataset
shared 55 CDR3 sequences with the public databases, which were
assigned to MCMV, LCMV, influenza, Plasmodium berghei, VSV,

10.3389/fcvm.2023.1221620

diabetes type 1, and tumor. The obtained p-values were adjusted
for multiple testing using Bonferroni correction. Bonferroni
correction resulted in no significant p-values indicating there were
no TCR clones overrepresented in our dataset that are associated
with diseases or antigens according to the two databases
(Figure 4B, Supplementary Table S6).

No clonal expansion or repertoire overlap
of BCRs in elastase-induced aneurysm in
mice

The CDR3 length distribution of the BCRs showed no differences
between AAA and control at the disease stages (Figure 5A,B, pairwise
two-sample permutation-based Kolmogorov-Smirnov test resulted in
no significant differences). Furthermore, 98% of BCR clones were
unique (176 of 179 clones were unique). As mentioned before,
BCRs were present in only 20 of 24 samples in our dataset. The
samples that lacked BCRs were control samples or early disease
stages that are known to contain few B cells overall (non-treated,
sham d3, sham d28, d3). BCRs that appear more than once were
found in two of these 20 samples. One day 28 sample contained
one BCR that was present thrice, and one day 7 sample had one
BCR that appeared twice (Figure 5C). The evenness profile likewise
indicated a higher clonality for these two AAA samples in
comparison to all other samples that showed no clonality
(Figure 5D, Supplementary Figure S5). Next, we investigated the
isotype distribution of the BCR heavy chains. The most frequent
isotype was IGHM, followed by IGHD (Figure 5E). The similarity
measurement of the BCR repertoire present in the different samples
showed that two AAA samples (days 7 and 28) share one BCR
(Figure 5F). Otherwise, there was no similarity between the
different samples. The correlation of V-gene usage between the
different samples was likewise low (Figure 5G). The strongest, yet
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Elastase-induced AAA shows no BCR clonality. (A) Legend and color code. (B) Histogram indicating the CDR3 length distribution of the BCRs (paired
chains). The proportion is plotted against the amino acid (aa) CDR3 length. The color indicates whether the TCRs belong to an aorta isolated at days
3, 7, 14, or 28 after PPE or sham surgery or to a non-treated aorta. (C) Barplot displaying the number of all BCR clones (pale color) and only unique
clones (vibrant color) per mouse. Almost all BCR clones are unique. (D) Evenness plot indicating the extent of clonal expansion for every sample. (E)
Barplot indicating the isotype distribution of the BCR heavy chain (IGH) in the different conditions. The most frequent isotypes for all conditions are
IGM and IGD. (F) BCR repertoire overlap is displayed in a heatmap. The color bars on the top and left side of the heatmap indicate the time point. (G)
Heatmap presenting the Spearman correlation and hierarchical clustering of the BCR heavy chain (IGH) V-gene usage of the different samples. The

color gradient indicates the level of correlation (blue = weak correlation,
heatmap indicate the experiment and the time point.

red = strong correlation). The color bars on the top and left side of the

still weak correlation, was found between one non-treated control and
one d3 sample (r = 0.701). Overall, these data revealed no evidence for
clonality among B cells in AAA.

Discussion

We assessed TCR and BCR clonality in elastase-induced AAA in
mice at different disease stages using scRNA TCR and scRNA BCR
sequencing. Our results show no differences in CDR3 length
distribution of TCRs and BCRs between the different disease stages,
indicating no strong clonal expansion of immune cell receptors in
elastase-induced AAA. The clone abundance analysis likewise
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revealed no clonal expansion of BCRs in AAA. We found expanded
T cell clones in 68% of AAA samples and no clonality in control
samples except for one. A comparison of the immune receptor
repertoires showed a low similarity between the individual samples.
Spearman correlation to compare the V-gene usage between the
different AAA samples and controls revealed that the V-gene usage
of the TCR beta chain correlates stronger than the V-gene usage of
the TCR alpha chain. The most frequently used V-genes in the TCR
beta chain in AAA are TRBV3, TRBV19, and TRBV12-2+
TRBV13-2. A comparison of TCR clones identified by us revealed
no overrepresentation of TCR clones associated with diseases or
antigens annotated in two public databases. The main Ig isotype in
our BCR dataset is IgM followed by IgD. Although this may prompt
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speculation of enrichment of B1 cells that predominantly express IgM,
the overall scRNA-sequencing dataset suggests that B2 cells are
approximately 20-fold more frequent than Bl cells. Notably, this
corroborates previous reports of B2 dominating the B cell pool in
mouse AAA (11).

Clonal expansion, public TCRs, and
convergent T cells

Antigen recognition by immune cell receptors activates naive
lymphocytes prompting them to proliferate. This process is termed
clonal expansion and enables a targeted, adaptive immune response.
However, the term clonal expansion remains strongly debated as
there is no clear and consensus definition. Lu et al. investigated T
cell clonality in aneurysmal lesions of AAA patients and defined
clonal expansion as the presence of multiple identical copies of
TCR transcripts (37). They reasoned that the size of the T cell
repertoire makes it unlikely that multiple identical copies of a TCR
transcript would be found by chance in an independent sample of
T cells (37). According to this definition, we found clonal
expansion in 11 of 16 AAA samples and one of eight control samples.

Public TCRs are shared across different individuals due to VD]
recombination biases and might target common antigens (52). The
repertoire similarity of the AAA samples was low. In seven instances,
a TCR sequence and only one BCR sequence were shared by two
individual AAA samples. Next to clonal expansion and public TCRs,
there is also T cell convergence. Convergent T cells are cells expressing
TCRs with identical CDR3 amino acid sequences and variable genes
but different CDR3 nucleotide sequences (58). Convergent T cells
arise due to codon degeneracy and can be observed in almost every
individual. Pan and Li (58) showed that convergent T cells are
different from public TCRs and seem to be antigen-specific.
According to their results, TCR convergence might be a better
indicator of antigen specificity than clonal expansion. Since
convergent T cells constitute only a small proportion of the total
population of T cells, studies of TCR convergence require a large
number of sequenced T cells. We did not find convergent T cells in
our dataset, probably due to the small number of T cells but expect
that investigating T cell convergence in larger datasets may be a
feasible and worthwhile approach to address this important
component of an antigen-specific T cell response.

Clonal expansion in human AAA and
atherosclerosis

Studies with patients demonstrated the presence of clonally
expanded TCRs in AAA or ascending thoracic aortic aneurysms
(TAA), supporting the paradigm of AAA as a disease driven by an
antigen-specific T cell response (5, 37-39). In particular, clonal
expansion of TCR beta (5 37) and alpha (38) chains was
demonstrated in AAA lesions of patients while others reported clonal
expansion of y/8 T cells in AAA (5). Furthermore, TCRs were
investigated in different types of TAA (patients with Marfan
syndrome, familial TAA, and sporadic aneurysm), and the results
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indicate a similar clonal nature of the TCRs present in TAA (39). He
et al. (39) found a preferential usage of the V-genes Vb22 and Vb25
in lesions from patients with TAA. Lu et al. (37) reported multiple
appearances (at least twice) of TRBV3 in 60% of AAA patients.
Atherosclerotic vascular disease, which is also a risk factor for AAA
development while it also shares some common (immuno-)
pathophysiological pathways (59), is likewise associated with T cell
expansion and clonality. In particular, TCRs containing VB6 are
expanded in atherosclerotic lesions of mice (60). Moreover, a
decreased diversity of the TCR B chain repertoire was shown in
human atherosclerotic plaques due to the expansion of a few T cell
subclones (61).

Limitations of the current study

The main limitation of the current study is the relatively small
number of lymphocytes resulting in potential undersampling. The
limited number of T and B cells resulted from the naturally scarce
source (ie., minimal aneurysm size in mice), from additional sorting
procedures (sorting of all leukocytes and not specifically T and B
cells), and not fully efficient sequencing. Indeed, we had to exclude
many TCR and BCR sequences from the data due to inefficient
sequencing. The undersampling leads to the issue that the TCR and
BCR copies in our data do not represent the real absolute number of
copies present in AAA and even the ratio of the various clones to
each other does not reflect the real ratio (62). Accordingly, this data
should be interpreted cautiously and presents restricted value for
biological interpretation. Further experiments are needed to verify
the evidence of T cell clonality in elastase-induced AAA. Until now,
mouse models have been standard for studying mechanisms of
human pathophysiology. However, there are considerable differences
between species regarding genetics, physiology, and immunology,
which have to be considered. Although the PPE model is the mouse
model most closely resembling human AAA, it does not fully mimic
the complexity of AAA development in humans (15, 63). Human
AAA features a complex and long-lasting disease development that is
only partially resembled in experimental rodent models that aim to
recapitulate disease patterns in a few weeks. Thus, effects observed in
mice have to be extrapolated with caution to human aneurysmal and
atherosclerotic disease.

Future perspectives and recommendations

To overcome the problem of undersampling, we suggest sorting at
least 5,000-10,000 B and T cells instead of including all leukocytes. We
detected by flow cytometry on average 120-430 B cells and 400-
1,600 T cells per mg AAA tissue depending on the stage of AAA
development, while lymphocyte numbers are lower in control
conditions (e.g., native or -sham-operated mice; on average 120-300
B cells and 400-500 T cells/mg aortic tissue). Thus, pooling of
aneurysms from several mice is necessary to obtain a sufficient
number of lymphocytes. In this case, we recommend the use of
Hashtag antibodies before pooling to enable the assignment of the
lymphocytes to the corresponding mouse and to monitor clonality
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for each individual. Next, the choice of experimental model should be
carefully considered, as each model has limitations and mimics specific
features of human AAA (15). Li et al. (36) induced AAA in mice with
elastase and CaPO,, performed scRNA sequencing combined with
TCR sequencing of 41,341 CD4+ T cells isolated from AAA, and
found a clonal expansion of Treg. This suggests that the number of
analyzed cells is an important factor for investigating TCR clonality
and a high number of cells facilitates the identification of clonal
expansion. Higher cell counts increase the likelihood of detecting rare
TCR and BCR clones and allow additional investigation of T cell
convergence. We would like to recommend prioritized sequencing of
the TCR and BCR libraries and to include DNA-barcoded antibodies
against B cells (CD19) and T cells (CD3), which allows for superior
identification of subpopulations in comparison to identification by
mRNA expression of feature genes. In addition to analyzing the
aneurysmatic tissue itself, future studies may also include sequencing
of secondary lymphoid organs (e.g, draining lymph nodes) to
identify changes in lymphocyte clonality, migration, and activity.
scRNA TCR and BCR sequencing has the advantage of a high-
throughput,
sequencing approaches, such as the commercially available 10X

multi-parametric analysis of target cells. Drop-
Genomics solution used here, allow us to interrogate the
transcriptome, TCR, and BCR of 1,000 cells simultaneously.
However, there is a high dropout in detecting lowly expressed genes,
which bears limitations: (1) this technology is particularly
advantageous in describing a diverse cell population, while other
approaches might be superior in studying transcriptional changes in
related subpopulations, (2) full-length transcripts of TCRs and BCRs
for both chains might not be detectable in all cells (we identified full-
length TCRs and BCRs in 33.5% and 55.1% of all cells). To uncover
detailed transcriptional changes in T cell subpopulations, this
approach could be complemented by sorting these cells and
performing bulk transcriptomics, which delivers a deeper insight. In
addition, beta repertoire sequencing can be used to approximate T
cell clonality on a global level and confirm observations made by
scRNA TCR sequencing. However, this method does not provide
information about the transcriptome of an individual cell or the
corresponding paired TCR alpha chain, thus not reflecting the true
complex clonality.

For the comparison of datasets from different research groups,
it is important to have standardized workflows for sample
preparation and the preprocessing of the data. Accordingly, we
present an example and detailed workflow for the preprocessing
steps. We recommend including only immune receptors with
two productive chains that can be assigned to a B or T cell. In
addition to clonal expansion and repertoire similarity, future
analyses should also address T cell convergence.

Conclusion

In conclusion, we found evidence of clonal expansion of T cells,
but not of B cells, in experimental elastase-induced AAA. Due to
the small number of cells further experiments are needed to
verify the evidence of T cell clonality. Since other studies found
TCR clonality in AAA lesions of patients and considering the
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paradigm of an autoimmune response in aneurysmal disease,
further examination of TCR and BCR clonality is important. Our
findings imply that a precise characterization of TCR and BCR
distribution requires a more extensive number of lymphocytes to
prevent undersampling and to allow for the detection of rare
clones and convergent T cells. This paper provides an in-depth
analysis of TCR and BCR sequencing data, emphasizes the
potential drawbacks and constraints of these experiments, and

offers recommendations for future investigations in this area.
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Introduction: Bicuspid aortic valve (BAV) is the most prevalent congenital
cardiovascular defect and known to cause thoracic aortic aneurysms (TAAs).
To improve our understanding of BAV pathogenesis, we characterized the
cellular composition of BAV tissues and identified molecular changes in each
cell population.

Methods: Tissue samples from two patients with BAV and two heart
transplant donors were analyzed using single-cell RNA sequencing, assay for
transposase-accessible chromatin using sequencing, and weighted gene
coexpression network analysis for differential gene analysis. TAA-related
changes were evaluated by comparing the proportion of each cell type and
gene expression profiles between TAA and control tissues. Further, by
combining our single-cell RNA sequencing data with publicly available data
from genome-wide association studies, we determined critical genes for BAV.
Results: We found 20 cell subpopulations in TAA tissues, including multiple
subtypes of smooth muscle cells, fibroblasts, macrophages, and T
lymphocytes. This result suggested that these cells play multiple functional
roles in BAV development. Several differentially expressed genes, including
CD9, FHL1y, HSP90AA1, GAS6, PALLD, and ACTA2, were identified.

Discussion: We believe that this comprehensive assessment of the cellular
composition of TAA tissues and the insights into altered gene expression
patterns can facilitate identification of novel diagnostic biomarkers and
therapeutic targets for BAV-associated TAA.

KEYWORDS

bicuspid aortic valve, thoracic aortic aneurysm, scRNA-seq, ATAC-seq, diagnostic
biomarkers, UMAP, WGCNA

1 Introduction

Bicuspid aortic valve (BAV), the most common congenital cardiovascular defect with
an incidence of 1%-2% in the general population (1), can cause aortic disease and increase
the risk of aortic-related diseases in affected patients (2-5). BAV is one of the causes of
thoracic aortic aneurysms (TAAs) (6-10), which occur when the aortic blood vessel
expands, causing the aorta to become >1.5 times the standard arterial diameter. Aortic

138 frontiersin.org


http://crossmark.crossref.org/dialog/?doi=10.3389/fcvm.2024.1265378&domain=pdf&date_stamp=2020-03-12
https://doi.org/10.3389/fcvm.2024.1265378
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/articles/10.3389/fcvm.2024.1265378/full
https://www.frontiersin.org/articles/10.3389/fcvm.2024.1265378/full
https://www.frontiersin.org/articles/10.3389/fcvm.2024.1265378/full
https://www.frontiersin.org/articles/10.3389/fcvm.2024.1265378/full
https://www.frontiersin.org/articles/10.3389/fcvm.2024.1265378/full
https://www.frontiersin.org/journals/cardiovascular-medicine
https://doi.org/10.3389/fcvm.2024.1265378
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/

Liu et al.

aneurysms are typically asymptomatic during progressive
enlargement until acute aortic dissection occurs, which is linked
to a high mortality rate. TAA is a dangerous, potentially fatal,
and asymptomatic condition that can involve one or more
segments of the thoracic aorta (4, 6).

Recent studies have revealed the complex and unique
of BAV-associated TAA,
mutations, hemodynamics, mechanical stress, oxidation and
(10).

previous research has paid limited attention to cell-specific

pathogenesis encompassing  gene

inflammation, as well as their interactions However,
changes in the aortic wall of patients with BAV-associated TAA.
To address this gap, herein we investigated TAA tissues from
patients with BAV using single-cell RNA sequencing (scRNA-seq)
and assay for transposase-accessible chromatin using sequencing
(ATAC-seq) to elucidate the molecular processes underlying BAV-
associated TAA occurrence and development. scRNA-seq is a
powerful tool to characterize gene expression in individual cells;
moreover, it allows for the identification of intercellular variations
regulatory
relationships between genes. ATAC-seq is a method to assess open

and can reveal complex cell populations and
chromatin and evaluate genome-wide chromatin accessibility in
individual cells. We also performed weighted gene coexpression
network analysis (WGCNA), a method increasingly employed in
disease and gene association analysis, to identify key genes and
better comprehend disease regulatory mechanisms. We believe that
our findings will facilitate the identification of novel diagnostic
biomarkers and therapeutic targets for BAV-associated TAA and

enhance our understanding of its pathogenesis.

2 Materials and methods
2.1 Tissue collection

Aortic aneurysm patient tissues were obtained from two
patients with BAV, and control tissues were obtained from two
heart transplant recipients. This study was approved by the
Ethics
participants were informed about our research (Table 1).

Committee of Shanghai Changzheng Hospital, all

TABLE 1 Control group patient information form.

L et e
Age 64 32

Sex Male Male
BMI 23.71 24.32
Primary cause Myocardiopathy Myocardiopathy
Risk factors

Diabetes No No
Hypertension Yes Yes
Cerebrovascular disease No No
Previous history of cardiac surgery No No
Smoking No Yes
Drinking Yes Yes
Aortic valve condition Normal Normal
Aortic diameter 31 mm 34 mm
Left ventricular end diastolic diameter | 59 mm 61
Pulmonary arterial pressure 48 mmHg 44 mmHg
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In the control group, the aortic wall of patients undergoing
heart
procedure of removing the donor heart, the aortic wall was

transplantation was examined. During the surgical
excised and trimmed. The aortic valve of the recipient patient
was tricuspid, and the aorta showed no significant dilation, with

no other vascular lesions.

2.2 ATAC-seq

We lysed 50,000 cells in cold ATAC resuspension buffer
containing 0.1% NP40, 0.1% Tween-20, and 0.01% digitonin,
followed by incubation on ice for 3 min. Subsequently, 1 ml
precooled resuspension buffer containing only 0.1% Tween-20
was added, mixed by inversion three times, and centrifuged at
500 xg for 5min at 4°C. The supernatant thus obtained was
discarded; 50 ul transposition mix was then added, followed by
incubation at 37°C on a rotating mixer at 1,000 RPM for 30 min.
DNA fragments were purified using the Qiagen MinElute PCR
Purification Kit and amplified by 5-9 PCR cycles. After library
detection and quality control, sequencing was performed on the
Iumina HiSeq/NextSeq platform. Raw reads obtained upon
ATAC-seq were filtered to remove adapters and contaminants
before being aligned to the reference genome. High-quality
mapped reads (MPAQ >30) were used for subsequent analyses.

2.3 Dataset collection and processing

The following four gene expression profile datasets were
retrieved from Gene Expression Omnibus (GEO) (http://www.
ncbi.nlm.nih.gov/geo): GSE5180, GSE83675, GSE61128, and
GSE2615 (11-13). In addition, we utilized self-test datasets,
which included two aneurysm patients and two control groups.
Single-cell data were also derived from GSE155468 (14).

The original dataset was subjected to background correction and
normalization using the Affy R package. Datasets requiring data
conversion were log, transformed. In cases where multiple probes
corresponded to the same gene, we calculated the average value to
determine its expression level. After merging the five datasets, we
used the Bioconductor sva package in R to eliminate batch effects,
resulting in a batch effect-free matrix for subsequent analyses.

2.4 Weighted gene coexpression network
construction

WGCNA is employed to analyze gene modules with high
biological significance and investigate the relationship between
gene networks and diseases. The WGCNA R package is used for
constructing a weighted gene coexpression network. First,
hierarchical clustering is performed to detect outliers and remove
abnormal samples. A soft threshold value of =12 is selected
based on R*>0.9 to achieve scale-free topology. The minimum
number of module genes is then set to 25 and module merging
threshold is set to 0.25 to construct a weighted coexpression
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network and identify gene modules. Finally, the correlation between
modules and phenotypes is determined, and modules highly
correlated with phenotypes are subjected to further analysis.

2.5 Chromatin accessibility analysis

The FastQC tool was applied for quality control of clean data
after removing adapters and low-quality data. Clean data were
aligned to the reference genome using Bowtie2. The ATACseqQC
R package was used to create an insertion fragment length
of the which facilitated the
preliminarily evaluation of the quality of the ATAC experiment.

distribution map sample,
The deepTools multiBamSummary and plotCorrelation programs
were employed for correlation analyses of duplicate samples.
deepTools was also used to generate transcriptional start site
(TSS) enrichment heatmaps, indicating the enrichment status of
data on TSS and comparing the enrichment status of different
samples in the TSS region. The alignment results were then
processed using MACS2 for peak calling, with g <0.05 set as the
threshold. The ChIPsecker R package was utilized for annotation

and visualization of peak calling data.

2.6 Gene ontology (GO) and Kyoto
encyclopedia of genes and genomes
(KEGG) pathway enrichment analyses

The GO
information on gene and gene product functions. As a

system contains structured and computable
knowledge base, KEGG facilitates evaluating functions of genes
and pertinent signaling pathways. We performed functional
enrichment analysis using the clusterProfiler R package, and the
results of the enrichment analysis were visualized using the

ggplot2 R package. p < 0.05 indicated significant enrichment.

2.7 Single-cell data processing and cell
subpopulation identification

We used the Seurat R package for data processing, ensuring
that each gene was expressed in at least 3 cells, with each cell
Cells >5%
mitochondrial genes were filtered out, and data were normalized

expressing at least 250 genes. containing
using the log-normalization function. Subsequently, clustering
based on differences in gene expression between cells was
performed to analyze variations among different cell populations.
To achieve this, highly variable genes were selected using the
FindVariableFeatures function, and their expression matrix
dimension was reduced using the RunUMAP function. The two-
dimensional uniform manifold approximation and projection
(UMAP) algorithm was applied using the RunUMAP function in
The FindAllMarkers function was

employed to identify cell marker genes and cell subtypes, and the

Seurat to visualize cells.

FindMarkers function was utilized to identify differentially
expressed genes (DEGs).
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2.8 Screening of potential diagnostic
biomarkers

To identify novel and key biological markers for TAA, we
employed three methods: single-cell differential gene analysis,
ATAC differential gene analysis, and WGCNA. DEGs obtained
on applying these methods were intersected and sorted by
differential expression multiple. From this analysis, we chose the
top six genes exhibiting the most significant differences as the
final hub genes.

2.9 Pseudo-time analysis

To investigate changes in cell state, we utilized the Monocle2 R
package. DEGs over the pseudo-time among cluster cell transitions
were calculated with the differentialGeneTest function. DDRTree
was employed for dimensionality reduction and visualization,
while plot_cell_trajectory was utilized to plot the minimum
spanning tree on cells. The SMC Contractile, SMC Proliferating,
Fibroblast, and MSC clusters were partitioned and visualized
using Monocle3, highlighting hub gene expression changes from
the start to the end of the pseudo-time process.

2.10 Statistical analysis

GraphPad Prism was used for statistical analysis. An
independent sample test was applied to assess the significance of
the differences in hub gene expression among patients with BAV.
Statistical significance was set at p < 0.05.

3 Results

3.1 Weighted gene coexpression network
construction and module preservation
analysis

To investigate potential differential expression patterns during
TAA formation and development, we utilized the WGCNA
method, employing an unordered network to modularize and
enrich the genes of 28 patients with TAA (Figure 1). The genes
were classified based on their respective expression levels; after
batch processing (Figures 1A,B), we determined that a soft
threshold (B) value of 12 yielded the most suitable connectivity
between genes in the gene network (Figure 1C). Subsequently, 11
coexpressed modules were identified, with the gray module
containing genes that were not assigned to any module
(Figure 1D). Among these modules, the blue, turquoise, brown,
and yellow modules exhibited Zsummary statistics >10 and
exhibited the highest stability. The blue and turquoise modules
also demonstrated relatively small median rank statistics,
indicating relatively good repeatability (Figure 1E) and a positive

correlation with TAA.
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3.2 Correlation analysis between module
characteristics and TAA

To further validate the relevance of each gene module to TAA,
we performed a correlation analysis between each module and TAA.
Based on the heatmap of the correlation between the modules and
TAA and the module significance map of the coexpression
modules related to TAA, we chose the MEblue module for
subsequent analyses. We analyzed the correlation between the
genes in the blue module and TAA (Figure 2C). Utilizing three
criteria, i.e., correlation with TAA >0.3, gene significance >0.3,
and module membership >0.7, we identified hub genes, which
were then subjected to KEGG pathway and GO functional
enrichment analysis. The hub genes were found to be significantly
enriched in pathways such as complement and coagulation
cascades, PI3K-Akt signaling pathway, cytokine-cytokine receptor
interaction, cell adhesion molecules, Ras signaling pathway,
neuroactive ligand-receptor interaction, and chemokine signaling
2D). the
significantly enriched in diverse biological processes, such as

pathway (Figure Furthermore, hub genes

were
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leukocyte migration, extracellular structure organization, positive
regulation of cell adhesion, regulation of peptide secretion, T cell
activation, positive regulation of cytokine production, muscle
The cellular
components enriched included, for example, extracellular side of
plasma membrane, cell body, region,
membrane microdomain, cell-substrate junction, cell-substrate

tissue development, and muscle contraction.

neuronal membrane
adherens junction, vesicle lumen, and cytoplasmic vesicle lumen,
and the molecular functions enriched included, for example,
cell binding;
DNA-binding transcription activator activity, RNA polymerase

receptor ligand  activity; adhesion molecule
II-specific; cytokine receptor binding; G protein-coupled receptor

binding; and enzyme inhibitor activity (Figure 2E).

3.3 ATAC-seq

For chromatin accessibility analysis, ATAC-seq was performed
on tissue samples obtained from two patients with BAV and
control tissue samples obtained from two heart transplant
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donors. The determined accessible regions were observed to be
mainly enriched within 3 kb of the TSS (Figure 3A), and in the
presumed accessible regions, >70% promoters were located 1 kb
upstream of the TSS (Figure 3B). Moreover, the distribution and
enrichment of all peaks on chromosomes, which were plotted
using Circos, indicated that BAV-associated TAA chromatin
accessibility was generally higher than that of the control group,
possibly reflecting increased cell type diversity in TAA
(Figures 3A-C). KEGG pathway and GO functional enrichment
analyses of transcription factor binding site-associated genes
revealed significant enrichment in pathways such as Rapl
signaling pathway, MAPK signaling pathway, Ras signaling
pathway, regulation of actin cytoskeleton, and EGFR tyrosine
inhibitor 3D); the
associated genes were significantly enriched in various biological

kinase resistance  (Figure furthermore,
processes, such as regulation of cell morphogenesis, regulation of
GTPase activity,

filament organization, and extracellular matrix organization. The

extracellular structure organization, actin
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cellular components enriched included, for example, cell-

substrate junction, cell-substrate adherens junction, focal
adhesion, collagen-containing extracellular matrix, and axon part,
and the molecular functions enriched included, for example,
actin binding, cell adhesion molecule binding, small GTPase
binding, Ras GTPase binding, nucleotide-triphosphatase regulator

activity, and GTPase regulator activity (Figure 3E).

3.4 Single-cell data processing and cell
subpopulation identification

Unsupervised clustering based on Seurat identified 19 different
cell populations (Figure 4A). Cell subpopulations were further
identified based on the top five marker genes for each cell
subpopulation (Figure 4B). Comparing TAA and control
samples, 20 cell subpopulations were classified according to

characteristic markers (Figure 4C), and their distribution
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differences were analyzed (Figure 4D). Relative to the control
group, the TAA group exhibited fewer SMC_Proliferating cells,
SMC_Contractile cells, ECs, MSCs, M2likels, fibroblasts, Plasma
cells, Mast cells, and B cells but higher CD4_active cells, T_HSP
cells, CD8_active cells, Tregs, Mllikels, M2like2s, T_GIMAPs.
The relative numbers of MonoMaphDCs, CD8_TEMRAs,
M1like2s, and Monocytes were unaffected. Collectively, these
findings suggested that cells with considerable differences, such
as CD4_active, SMC_Contractile, and SMC_Proliferating cells,
are involved in the process of BAV-induced TAA onset.

3.5 Differential gene analysis

By comparing the intersection of DEGs identified from
WGCNA and ATAC-seq, we obtained 34 DEGs (Figure 5A),
which were subsequently annotated for each cell subpopulation
of TAA (Figure 5B). Among them, the expression of CD9,
FHL1y, and heat shock protein 90 alpha family class A member
1 (HSP90AA1) was upregulated and that of GAS6, PALLD, and
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ACTA2 was downregulated. Further investigation of their
expression levels in various cell types revealed significant
expression in cells such as SMC_Contractile cells,
SMC_Proliferating cells, Fibroblasts, and MSCs (Figures 5C,D).

3.6 Pseudotemporal analysis of cell
trajectory changes in TAA

During TAA development, cellular phenotype and functions

undergo continuous changes. Pseudo-time analysis results
revealed that SMC_Contractile cells were the predominant cell
type in the early stage of TAA development. As the cells
progressed through the branching node, SMC_Proliferating cells,
Fibroblasts, and MSCs in TAA

development (Figures 6A,B). To investigate the developmental

became the main cells

process of these cells in TAA, we performed trajectory analysis
using Monocle3, sorting the clusters along the differentiation
stage to visualize the process of cell differentiation in TAA
(Figures 6C,D). In addition, using Monocle3, we plotted the
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Cell-type classification in TAA. (A) UMAP plot of 20 cell clusters. (B) Heatmap of the top five marker genes in each cell cluster. (C) Cell distribution in
TAA and control tissues. (D) Bar plot of the distribution of all identified cell clusters: proportion of each cell in TAA and control tissues.

relative expression levels of six genes to highlight their changing
trends in the cell development trajectory (Figures 6E,F).

4 Discussion

TAA is a
continuous expansion and chronic progression. Approximately
20% TAAs are attributed to specific genetic mutations (7-10, 15-
19). The pathogenesis of most TAAs caused by genetic defects

life-threatening condition characterized by

can be linked to abnormal development or functional defects of
connective tissue, as observed in Marfan syndrome and Loeys-
Dietz syndrome (10, 20). In addition, thoracic aortic dilation is
frequently observed in patients with BAV (4, 21).

In this study, we utilized single-cell sequencing technology to
comprehensively analyze key genes and biological processes
involved in the pathogenesis of BAV-associated TAA. Our
analyses led to the identification of pivotal coexpression modules
related to functional pathways as well as cells that play a crucial
role in TAA development, including SMC_Contractile cells,
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SMC_Proliferating cells, Fibroblasts, and MSCs. Furthermore,
genes that were markedly up- (CD9, FHL1y, and HSP90AA1) or
downregulated (GAS6, PALLD, and ACTA2) were identified. Our
led the
identification of differentially expressed transcription factors,

comprehensive  bioinformatics analysis also to
downstream marker pathways/immune-related pathways, and
immune cells, highlighting key immune-related genes in BAV-
associated TAA.

Herein we observed significant differences in the expression of
CD9 (22) in MonoMaphDCs, CD8_TEMRAs, Tregs, and M2like2s.
CD?9 plays a chief role in various biological activities, including cell
adhesion, migration, metastasis, growth, signal transduction, and
differentiation; moreover, it participates in disease regulation and
mediation. On the other hand, FHL1 (23, 24) showed significant
differences in its expression in SMC_Proliferating cells, M2likels,
and ECs. This could be attributed to its role in inhibiting the
proliferation of aortic vascular SMCs and influencing aortic wall
remodeling. HSP9OAA1 (25-27) showed significant differences in
its expression in CD4_active cells, CD8_active cells,

SMC_Contractile cells, Mllikels, and Tregs. HSP90AAl is a
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with higher expression levels. (D) Expression levels of these six genes in each cell type.
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critical molecular chaperone that is highly conserved in evolution
and expressed under the stimulatory circumstances of trauma,
infection, and tumors. It is extracellularly expressed and involved
in several cell protection mechanisms. Besides, HSP90AAl
participates in tumor progression and cancer cell invasion, and is
known to promote cancer cell proliferation and metastasis. In the
pathogenesis of TAA, the expression of GAS6 (28) showed
significant differences in CD4_active cells, CD8_active cells,
SMC_Contractile cells, MSCs, and T_GIMAPs. GAS6
cytokine that is associated with various biological processes,
including apoptosis,

is a

cell  proliferation, migration, and
inflammatory response, and expressed in many cell types,
including ECs, vascular SMCs, and fibroblasts. It also plays a
vital role in the occurrence and development of aortic aneurysms
by activating the Axl receptor; furthermore, GAS6 affects aortic
aneurysm formation by regulating platelet activation and
coagulation function. GAS6 protein expression was originally
found to be upregulated in growth-arrested fibroblasts. GAS6
stimulation has been reported to rescue serum-starved fibroblasts

and vascular SMCs from apoptosis. PALLD (29) encodes a
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cytoskeletal protein involved in actin reorganization and plays an
important role in heart development. ACTA2 (1, 30) expression
showed a significant difference in SMC_Contractile cells,
M1likels, SMC_Proliferating cells, and ECs. ACTA2 encodes o-2
smooth muscle actin, which is involved in cell migration and
muscle contraction. In aortic aneurysms, mutations in ACTA2
have been linked to weakening and expansion of the aortic
wall. ACTA2 is the most common mutation gene responsible for
TAA and dissection. Specific ACTA2 mutations have also been
linked to an increased risk of early-onset stroke or coronary
artery disease.

GO enrichment analysis revealed that associated genes were
involved in diverse biological processes, including cell
proliferation, indicating extensive proliferation and activation of
immune cells during the pathogenesis of aortic aneurysm.
Moreover, these genes were enriched in molecular functions
related to extracellular matrix organization, suggestive of
potential weakening of the aortic structure due to alterations in
the extracellular matrix, making it more susceptible to expansion

and rupture.
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proposed time course from start to termination).

A limitation of this study is the small sample size, where only two
patients and two controls were included. Despite this, our data reveal
the cellular and molecular landscape of BAV at the single-cell level,
providing valuable insights into TAA tissue cell morphology and
cellular matrix structure. Furthermore, our findings offer a
molecular profile of multiple isoforms of aortic SMCs, fibroblasts,
macrophages, and T lymphocytes, indicating a potentially critical
role of CD9, FHLly, HSP90AA1l, GAS6, PALLD, and ACTA2
genes in BAV improvement. We believe that our results enhance
our understanding of the pathogenesis of BAV and may contribute
to the development of new therapeutic approaches.

In this study, the data of the public dataset GSE5180,
GSE83675, GSE61128 and GSE26155 were used to obtain genes
significantly related to the onset of TAA patients, and then the
self-test data were used to obtain significant genes related to
BAV patients. By comparing the two, we identified the key
immune-related genes of BAV-related TAA, and clarified the cell
populations that may be involved in the pathogenesis process
and their developmental trajectories. Through this study, we
revealed the cellular and molecular landscape of the bicuspid
aortic valve at the single-cell level, illustrated the dynamic
changes of cells in terms of morphological structure and
functional properties during the pathogenesis of BAV, illustrated
the dynamic changes of chromatin during the pathogenesis of
BAV, and suggested the potential roles of CD9, FHLLy,
HSP90AAI1, GAS6, PALLD and ACTA2 in BAV. These findings
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suggest that CD9 and other genes mediate the development
regulation of BAV through cell adhesion, motility, metastasis,
growth, signal transduction, differentiation and other functions.
FHL1y may be involved in inhibiting the proliferation of aortic
vascular SMCs and affecting aortic wall remodeling, thereby
in the development of BAV; HSP90AAl is
stimulated to express during the pathogenesis of BAV, which

participating

may participate in the proliferation and metastasis of cells and
affect BAV; GAS6 may participate in the occurrence and
development of BAV by affecting fibroblasts and apoptosis of
vascular smooth muscle cells. PALLD may regulate BAV through
regulation of the actin cytoskeleton; ACTA2 encodes smooth
muscle o-2 actin, which affects the expansion of the aorta wall
and thus BAV development.

In conclusion, we performed a comprehensive analysis of the
dynamics of cellular and molecular changes during BAV
development. Our study identified SMCs, Fibroblast, and MSCs
as the main sources of cells affecting BAV. In addition, we
demonstrate that a variety of potential genes such as CD9,
FHL1y, HSP90AA1, GAS6, PALLD, and ACTA2 play a role in
the development of BAV, which may provide novel research
ideas for slowing the progression of BAV and preventing aortic
rupture. Overall, our dataset provides a valuable resource for
further exploration of the pathogenesis of BAV.

The results of the present study comprised of a comprehensive
bioinformatics view of BAV development. Overall, this could shed
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light on the mechanisms of BAV, which could lead to improved
diagnosis and treatments for patients with BAV. CD9, FHLIy,
HSP90AAIL, GAS6, PALLD, and ACTA2 are closely related to
the occurrence and development of BAV, and are expected to
become new biomarkers and therapeutic targets for BAV.
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