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Abstract

Background and aims—The atherosclerotic plagque microenvironment is highly complex, and
selective agents that modulate plaque stability are not yet available. We sought to develop a
scRNA-seq analysis workflow to investigate this environment and uncover potential therapeutic
approaches. We designed a user-friendly, reproducible workflow that will be applicable to other
disease-specific SCRNA-seq datasets.

Methods—Here we incorporated automated cell labeling, pseudotemporal ordering, ligand-
receptor evaluation, and drug-gene interaction analysis into a ready-to-deploy workflow. We
applied this pipeline to further investigate a previously published human coronary single-cell
dataset by Wirka et al. Notably, we developed an interactive web application to enable further
exploration and analysis of this and other cardiovascular single-cell datasets.

Results—We revealed distinct derivations of fibroblast-like cells from smooth muscle cells
(SMCs), and showed the key changes in gene expression along their de-differentiation path.

We highlighted several key ligand-receptor interactions within the atherosclerotic environment
through functional expression profiling and revealed several avenues for future pharmacological
development for precision medicine. Further, our interactive web application, PlagView
(www.plagview.com), allows lay scientists to explore this and other datasets and compare SCRNA-
seq tools without prior coding knowledge.

Conclusions—This publicly available workflow and application will allow for more systematic
and user-friendly analysis of SCRNA datasets in other disease and developmental systems. Our
analysis pipeline provides many hypothesis-generating tools to unravel the etiology of coronary
artery disease. We also highlight potential mechanisms for several drugs in the atherosclerotic
cellular environment. Future releases of PlagView will feature more SCRNA-seq and scATAC-seq
atherosclerosis-related datasets to provide a critical resource for the field, and to promote data
harmonization and biological interpretation.

Graphical Abstract
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1. Introduction

Atherosclerosis, a complex process involving chronic inflammation and hardening of the
vessel wall, represents one of the major causes of coronary artery disease (CAD), peripheral
artery disease, and stroke [1]. Rupture of an unstable atherosclerotic lesion can lead to the
formation of a thrombus, causing complete or partial occlusion of a coronary artery [2].
The contribution of smooth muscle cells (SMCs) to both lesion stability and progression
has recently been established by humerous groups. However, the exact mechanisms by
which SMCs modulate the atherosclerotic microenvironment and whether pharmacological
agents can be used to selectively counter SMC-related deleterious effects are still under
investigation [3-5].
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Recent advances in single-cell RNA-sequencing (scRNA-seq) have enabled ultra-fine gene
expression profiling of many diseases at the cellular level, including atherosclerotic CAD
[5]. As sequencing costs continue to decline, there has also been a consistent growth in
SCRNA datasets, data analysis tools and applications [6]. Currently, a major challenge with
scRNA-seq analysis is the inherent bias introduced during manual cell labeling, in which
cells are grouped by clusters and their identities assigned collectively based on their overall
differential gene expression profiles [7]. Another drawback inherent to commonly used
scRNA-seq protocols is that they destroy the samples, making time-series analyses of the
same cells impossible. Instead, these studies must rely on time-points from separate libraries
to monitor processes such as clonal expansion and cell differentiation [8,9].

Recently, new approaches have been developed to compensate for both shortcomings,
namely automatic cell labeling, pseudotemporal analysis, and trajectory inference. Tools
such as ‘SingleR’, ‘scCATCH’, ‘Seurat’, and ‘Garnett’ have been used to assign unbiased
identities to individual cells using reference-based and machine learning algorithms [7,10-
12]. Moreover, tools such as “Monocle3’ and ‘scVelo’ align and project cells onto a
pseudotemporal space where each cell becomes a snapshot within the single-cell time
continuum [13,14]. In essence, the single sSCRNA-seq dataset is effectively transformed into
a time series [13,15,16]. Although the pseudotemporal scale does not reflect the actual time
scale, it is a reliable approximation to characterize cell fate and differentiation events, e.g.,
during organogenesis, disease states, or in response to SARS-CoV-2 infections [14,15,17].

In this study, we present the application of an enhanced, scalable, and user-friendly sSCRNA-
seq analysis workflow on four previously published human and mouse atherosclerosis
scRNA-seq datasets [4,5,18]. Focusing on the only available human coronary artery
dataset [5], we performed unbiased automatic cell identification at the single-cell level,
pseudotemporal analysis, cell-to-cell communication profiling, and drug repurposing
analysis. Our results demonstrate potential new mechanisms by which SMCs contribute
to the atherosclerotic phenotype and signaling within the lesion microenvironment. More
importantly, we revealed attractive candidate avenues and prospective therapeutic targets
for experimental studies of pharmacological candidates. We also developed an interactive
web application, PlagView (www.plagview.com), to allow users to explore this and other
human and mouse cardiovascular single-cell datasets. This reproducible analysis pipeline
and application can also be easily modified to incorporate different tissue data sources and
single-cell modalities such as SCATAC-seq or CITE-seq, and will serve as a template to
analyze and visualize single-cell datasets in other disease models.

Methods

2.1 Data retrieval and pre-processing

Human coronary artery sScRNA data read count matrix was retrieved from the Gene
Expression Omnibus (GEO) using #GSE131780 and loaded into R 4.1.1, and was
preprocessed using standard parameters of the R packages ‘Seurat’ v.4, and ‘Monocle3’
as required [11,12,15,56]: read count matrix was read into R and converted to a ‘Seurat
object’ using the CreateSeuratObject() function. Then, the object underwent removal
of mitochondrial and low-quality reads, followed by normalization and variable feature
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selection using the NormalizeData() and FindVariableFeature() functions, respectively.
Uniform manifold approximation projections (UMAPS) were then calculated using the
runUMAP() function using the first 30 dimensions. Custom scripting was created to export
UMARP of the clusters from ‘Seurat’ into ‘Monocle3’ before pseudotemporal analysis.

2.2 Automatic cell Identification

scRNA read matrices were read into ‘SingleR’ as previously described for cell labeling [7].
Here, we exported the processed sScCRNA matrix from Seurat into a ‘SingleCellExperiment’
object using the GetAssay() function, and fed into ‘SingleR’ along with the human primary
cell atlas as the reference via the “celldex’ package [7]. ‘SingleR’ compares each cell’s

gene expression profile with known human primary cell atlas data and gives the most likely
cell identity independently. *SingleR’ first corrects for batch effects, then calculates the
expression correlation scores for each test cell to each cell type in the reference, and the cell
identity is called based on reference cell type exhibiting the highest correlation. Annotations
provided by ‘SingleR’ were then abbreviated for clarity.

To validate the labeling provided by singleR, we tested two additional labeling tools:
‘sSCCATCH’ [11] and ‘Seurat’ [11,19] using the 7abula sapiens data (abbreviated as Seurat/
TS). Tabula sapiens is the latest and largest human single-cell reference available to-date
[20]. For ‘scCATCH?’, the findmarkergenes() function was first used to identify marker
genes in the query dataset using the minimum percentage of cell expression cut off of 0.25,
minimum log-fold change of 0.25, and p-value of 0.05. We then ran the main labeling
function scCATCHY() and specified the tissue type as ‘Blood Vessel’, ‘Heart’, ‘“Myocardium’,
and “‘Serum’.

The CZ Biohub recently released the first comprehensive human single-cell blueprint
consisting of high-quality sequencing from 25 organs and eight normal human subjects,

and a large portion is dedicated to vasculature tissue [20]. This atlas is extremely helpful

in that many reference-based labeling tools lack the necessary reference for correct tissue
types. We obtained this dataset and converted it into a Seurat-ready file using the Convert()
function in the *SeuratDisk’ package. We then used the FindTransferAnchors() function

in ‘Seurat V4’ to find the low-dimensional representations of our dataset, then used the
TransferData() function to label the test dataset. The annotation provided by ‘Seurat’ and the
“Tabula sapiens’ dataset were abbreviated for clarity.

2.3 Pseudotemporal ordering and trajectory inference

Pseudotemporal analyses were performed as previously described in the analysis of embryo
organogenesis [15]. The processed count matrix was imported into a ‘cds’ object for
‘Monocle3’ using the new_cell_data_set() function, and preprocessed again using the
preprocess_cds() function. To have consistent UMAPSs across these tools, we used custom
scripts to transfer the UMAP calculated in *Seurat’ into ‘Monocle3” before running the
main functions ‘learn_graph()’ and ‘order_cells()’ to get trajectory and pseudotime. The
starting nodes, or root nodes, were selected in the SMC cluster using an automated function
that picks the node most heavily surrounded by ‘early cells. We picked SMCs as the
starting cell type based on prior evidence suggesting that SMCs can “dedifferentiate’
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[5,18]. The SMCs and related clusters were then subsetted for detailed sub-clustering

and analysis. For each cluster, Moran’s | statistics were calculated, which identify genes
that are differentially expressed along their trajectories. The Moran’s | statistic helped
inform the selection of genes to display in Figure 1D. We reviewed the most significant
candidates of the Moran’s | calculation and selected 12 to present for clarity. Additionally,
we explored 60+ other trajectory inference methods using the ‘Dynverse’ package [25].
We first used guidelines_shiny() function to filter out methods that are not suitable for
disconnected topography, as in the case of human tissues where cells are developed from
multiple progenitors. We then exported the *Seurat’ object into a ‘dyno’ object using the
wrap_expression() function. infer_trajectory() function was used to calculate the trajectory
based on the chosen algorithm, including ‘SlingShot’ [23], ‘SCROPIUS’ [26], and ‘PAGA’
[24]. Detailed codes to reproduce the figures and custom scripts aforementioned can be
found at the Miller Lab Github (see availability of data and materials).

2.4 Ligand-receptor cell communication analysis

We analyzed candidate ligand-receptor interactions to infer cell communication using

the R package ‘scTalk’, as previously described in the analysis of glial cells [31] and
CellChat [32]. For scTalk, we exported statistically significant differentially expressed
genes from ‘Seurat’ using the ‘FindMarkers()’ function and imported the preprocessed
data. Then, overall edges of the cellular communication network were calculated using the
‘GenerateNetworkPaths()” function, which reflects the overall ligand-receptor interaction
strength between each cell type. Then, the cell types of interest were specified and
treeplots were generated using the ‘“NetworkTreePlot()’ function. The final figures were
re-rendered in BioRender manually for clarity. For CellChat, the processed Seurat object
was fed into the ‘createcellchat()’ function and processed using its standard pipeline.
Briefly, the Seurat count matrices were extracted along with the Seurat/TS annotation
generated previously. CellChatDB.human was loaded and differentially expressed genes
and interactions were identified in the CellChat object via identifyOverExpressedGenes()
and identifyOverExpressedInteractions(), respectively. The CellChat algorithm was then
run to calculate the probable interactions and pathways via computeCommunProb()

and computeCommunProbPathway(). We also ran filterCommunication() to filter out
interactions with less than 10 cells in each cell type.

2.5 Gene-drug interaction analysis

The above identified ligand and receptor interaction pairs were fed into the Drug-Gene
Interaction database (DGldb 3.0) to reveal candidate drug-gene interactions [37]. Ligands
and receptors that were deemed significant from ‘scTalk’ and genes identified in Monocle3
were evaluated using the ‘queryDGIdb()’ function of the ‘rDGIdb’ R package [37,57].
Additionally, we queried CTD2, OMIM, ClinVar, Pharos, GhomAD, and the EXAC
databases using the docker-based tool ‘DrugThatGene’ [58]. We included all top FDA-
approved drugs and experimental or investigational drugs with verified inhibitory or
antagonistic activities, as well as drugs that may influence or be influenced by changes

in the receptor. Figures 3A-D were modified using BioRender for clarity.
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2.6 Development of PlagView

PlagViewis written in R and Shiny, and is hosted on the web at www.plagview.com using
dedicated DC/OS servers at the University of Virginia, but can be run locally through
RStudio. The raw data was first processed as previously described, but packaged into .rds
objects. The data were placed into a housing directory within the PlaqView application.
Custom scripts were written to recall selected datasets on the user-interface and loaded
on-demand. Users-inputs were made interactive using Shiny’s reactive scripting practices,
and calculations were done ad hoc. Packages such as Seurat, CellChat, and singleR are
wrapped and rebuilt during each update in the web server. This application is open-sourced
and its code and data is available at github.com/MillerLab-CPHG/PlaqView. Additional
datasets are actively being recruited and will be made available in future updates.

3. Results and Discussion

3.1 Unbiased automatic cell labeling is comparable to manual annotation, and reveals
abundant cells with chondrocyte and fibroblast characteristics.

Recently, automatic cell identification tools have been implemented to overcome the
subjective nature of manual cell-cluster labeling [7]. Here, we compared two popular
reference-based cell type annotation methods, ‘SingleR’ [7] and “Seurat’ [19], by applying
these tools to a previously published human coronary artery sScCRNA-seq dataset [5], and
found that ‘Seurat’ in combination with the 7abu/a sapiens (TS) reference [20] had

the highest concordance with author-supplied manual labels when compared to labels
produced by SingleR (Figure 1). For example, smooth muscle cells (SMC), pericytes,
endothelial cells, and blood cells such as T-cells, B-cells, and mast cells are labeled in
similar clusters. From Seurat/TS, we found that the majority of cell types were fibroblasts
(FB, 27%), macrophages (Mg, 26%), endothelial cells (14%), and SMCs (11.5%, Figure
1B). In contrast, more cells were labeled as endothelial cells by both singleR (16.21%,
Supplemental Figure 1A) and Wirka et al. (16.3%, Supplemental Figure 1B). Furthermore,
Seurat/TS identified 11.5% cells as SMCs, whereas singleR and Wirka ef a/. found 13.8%
and 6.2%, respectively. Although the true population percentage is likely somewhere in-
between, this highlights the need to use multiple tools when analyzing single-cell datasets.
We also applied an additional reference-based cell annotation tool ‘scCATCH,” and found
that it underperforms relative to Seurat and SingleR, and fails to provide consistent cell
type assignment when provided with similar tissue priors (Supplemental Table 1). These and
additional labeling tools have been extensively benchmarked elsewhere [21].

Although Seurat/TS did not identify the novel cell state that Wirka et al,, refer to as
‘fioromyocytes’, a clear transition from SMCs to fibroblasts (FB) within the overall

cluster was noted (Figure 1, top). However, Seurat/TS underperformed in some clusters.
For example, SingleR identified neurons/astrocytes and PreB_CD34- cells in concordance
with Wirka et al., whereas Seurat/TS labels neurons/astrocytes as Erythrocytes and did not
identify the cluster PreB_CD34-. In their original publication, Wirka et al., did not identify
clusters 10, 11, 12, 14, and 18 [5]. However, using reference-based annotation, more cells
were confidently identified, presumably due to the larger and newer references used and
that individual cell expression is not masked by grouping of cells. SingleR identified cells
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that have osteoblast and chondrocyte (CH)-like cells, whose roles in atherosclerotic plaque
stability are under active investigation [18,22]. However, the exact identity and behaviors
of these cells in this dataset will require further validation by comparing with other

tissues with advanced calcification. In the UMAP clusters reflecting single-cell identities
provided by SingleR (Figure 1, middle), there was an infiltration of osteoblast (OS), stem
cell (SC), and chondrocyte (CH)-like cells within and next to the SMC cluster. Similar

but more transitional cell-mixing is also observed using Seurat/TS (Figure 1). Although
UMAP representations often reflect global gene expression similarity, subtle changes in
key phenotypic genes that cause cells to appear more similar to CHs or OSs are often
difficult to observe in human single-cell datasets. Although the exact consequences of
these phenotypic modulations are still under investigation, data from lineage-tracing mouse
models suggest that SMCs transition to a panoply of phenotypes such as stem-like and
osteogenic phenotypes, and that the osteogenic transcription factor KIf4 contributes to
plaque destabilization [18].

3.2 Pseudotemporal ordering identifies distinct fibroblast-like cells originating from

SMCs.

To evaluate putative cell fate decisions or differentiation events (e.g., SMC phenotypic
transition states), we performed pseudotemporal analysis and ultra-fine clustering using
‘Monocle3’, a method previously applied to normal and diseased states, e.g., embryo
organogenesis and response to coronavirus infection, respectively [14,15,17]. We compared
over 60 additional trajectory inference (T1) methods including Slingshot [23], PAGA [24],
and SCORPIUS using the ‘Dynverse’ package [25,26]. However, we found that most

T1 algorithms were unsuitable for complex tissue environments such as atherosclerotic
plaques due to their inability to distinguish disconnected topologies (Supplemental Table
2). Consistent with Wirka et al., we found that SMCs directly give rise to FB-like cells

as revealed by Monocle3 (Figure 1C, left). This corroborates earlier findings showing

that SMCs may transition or de-differentiate into ‘fibromyocytes’—SMCs that have
undergone a phenotypic modulation to an extracellular matrix producing cell type within
the atherosclerotic lesions [5,8]. Although Monocle3 cannot distinguish a clear boundary
where SMCs become so-called ‘fibromyocytes’, it infers a possible course by which SMCs
transition to FB or FB-like cells through a series of smaller “transition states’ or fine-clusters
(Figure 1C, middle). Additionally, pseudotemporal analysis using SMCs as a starting point
shows clear alignment in the transition pathway, which further strengthens the idea that
many of these FB are indeed closely related to SMCs (Figure 1C, right). These findings

are consistent with mouse data using lineage tracing to establish that multiple cell types
including ECM-producing and fibroblast-like cells are derived from SMCs [18].

Further analysis of the pseudotemporal graph using Moran’s | statistic is performed to
identify specific changes associated in this transition pathway. Genes associated with healthy
SMC phenotypes, such as MYH11 (a canonical marker of SMC), /GFBPZ (associated

with decreased visceral fat), and PPP1IR14A (which enhances smooth muscle contraction),
are decreased by approximately 50-75% along the SMC trajectory as these cells become
more FB-like (Supplemental Table 3, Figure 1D, p < 0.1E-297) [3,27]. Similar results were
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found by another group using mouse lineage-traced models where MYH11 expression was
decreased in SMC-derived modulated “intermediate cell states” [4].

More importantly, specific inflammatory markers and proteins associated with thrombotic
events during CAD, including complement proteins C7and C3, FBLNI, and CXCL12, are
increased along the same trajectory (Figure 1D) [2,28]. Recent evidence suggests that CAD-
associated CXCL 12 secreted from endothelial cells may promote atherosclerosis [29]. Our
results point to a potentially new source of CXCL12 that could be targeted to inhibit SMC-
to-FB dedifferentiation. Together, and in corroboration of recent studies, our pseudotemporal
analysis demonstrates that SMC and modulated, FB-like cells exist within a continuum, with
phenotypes toward the FB phenotype associated with worse clinical observations [4,5]. This
is further supported by a recent study, in which blocking of SMC-derived intermediate cells
coincides with less severe atherosclerotic lesions [4]. Precisely how these modulated cells
might influence the overall stability of atherosclerotic lesions and clinical outcomes requires
additional longitudinal studies using genetic models and deep phenotyping of human tissues
[3,4,8].

3.3 Ligand-receptor analysis shows complex intercellular communications in the human
coronary micro-environment

To examine the potential cross-talk between different cell types using sScRNA-seq data, we
performed cell-to-cell communication analysis using ‘scTalk’, a network-based modeling
method that uses confirmed interactions from StringDB [30,31]. The resulting networks

are highly dependent on the prior labeling methods (Figure 2A). While FB cells labeled
from Seurat/TS were shown to have weak outgoing signaling, FB from manual and singleR
labeling have stronger outgoing signals. The strength of the interaction, or path weight, is
calculated based on the summed weight of a four-layer node network as described in [31].
Cells that are labeled as osteoblasts from SingleR had significant autocrine signaling as well
as outgoing signals, but corresponding cells in the same UMAP regions (e.g., ‘pericyte’ in
the manual labels) do not exhibit the same signaling pattern. This further highlights the need
to explore various labeling priors as well as develop label-agnostic inference tools.

Recently, ‘CellChat’ and its companion database were introduced by Jin et al. CellChat
infers the probabilities of cell-cell communications using the law of mass action, and

is particularly useful in visualizing pathway-specific interactions [32]. We provided
CellChat with the labels and produced from Seurat/TS and SCRNA-seq count matrices,
and discovered several significant pathways: collagen, laminin, fibronectin (FN1), and
complement signaling (Figure 2B). In particular, SMCs exert a strong signal in FN1

and collagen signaling, and FB have significant contributions in laminin and complement
pathways. Like collagen type IV, laminin isoforms form the basement membrane and have
been studied in the context of atherosclerosis, particularly in endothelial cells [33]. However,
the exact mechanisms of how FB and FB-like cells contribute to plaque formation and/or
stability requires future mechanistic studies.

In addition to complement activation, other immune system involvement is of particular
interest in the atherosclerosis field [34]. We examined the overall MHC-I and MHC-II
signaling activation within the atherosclerotic environment (Figure 2C-D). We found that
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almost all cell types exert putative signaling toward NK and T-cells via MHC-I (Figure
2C), principally through HLA-A (Supplemental Figure 2A), whereas high MHC-II class
interactions are focused on only macrophages (Figure 2D). While macrophages under
basal conditions express low levels of MHC-1I molecules [35], our result suggest that a
majority of the cells within the lesion may contribute to macrophage activation through
interactions such as HLA-DPA1:CD4, HLA-DMB:CD4, and HLA-DRA:CD4 interactions
(Supplemental Figure 2B). In fact, many of these MHC-I11 class molecules, such as HLA-
DRA and HLA-DMB, have been shown to have possible prognostic value in identifying
atherosclerotic plaque rupture [36].

To identify putative actionable signaling targets, we first evaluated the overall expression
and signaling patterns between SMCs, FB, pericytes, and T-cells using singleR, then cross-
referenced these interactions against known druggable databases using DGldb 3.0 [37].

As more cell types are included, the interaction network becomes increasingly complex
(Supplemental Figure 2), thus more simplified schematics depicting the overall results are
presented (Figure 3A-B). Unlike scCATCH, singleR does not delineate the interactions by
specific signaling pathways but rather by cell type-specific expression, which is particularly
useful in providing a global overview of signaling for each cell type. We first highlighted
the signaling from fibroblast (FB) or FB-like cells to T-cells, pericytes, and SMCs using
labels provided by Seurat/TS. These signaling pairs involved various known inflammatory
and repair mechanisms like C3 complement, fibulin-1 (FBLN1), and matrix metalloprotease
2 (MMPZ, Figure 3A, Supplemental Figure 2). We then examined how SMCs may signal

to the other aforementioned cell types (Figure 3B), and we found that COL1A2 and C3 are
common ligands used by SMCs and FBs.

Integrative analysis of cell-cell communication reveals cell-specific druggable targets

To investigate potential pharmacological interventions that may disrupt deleterious
intercellular communications, we performed an integrative analysis of cell-cell
communication with known druggable genome databases. Key mediators C3, MMP2, and
integrins (ITGA1L, ITGBL, ITGBS, all expressed by FBs) interact with T-cells, pericytes,
and SMCs, and can be disrupted by drugs such as compstatin, tanomastat, SAN-300,
volciximab, and cilengitide, respectively (Figure 3A). Similar components, such as collagen
(COL1A2) and C3, also appear to be significantly expressed in SMCs that could signal

to FBs, pericytes, and T-cells (Figure 3B). Interestingly, multiple studies have linked C3
and the complement system to atherosclerotic lesion maturation in mouse models [38], and
a recent case study showed that compstatin-derived C3 inhibitor (AMY-101) may prevent
cardiovascular complications in patients with severe COVID-19 pneumonia [39,40]. Further,
a recent study demonstrated that microRNA-9 repression of Syndecan-2 (SDCZ2) impedes
atherosclerosis formation [41], while MMP2 alteration also contributes to atherosclerosis

in mouse models [42]. Here, we show that SMCs may communicate with FBs within

the atherosclerotic environment via SDC2-MMP2, and reveal additional potential upstream
candidate drug therapies that may influence atherosclerosis progression (Figure 3A). In
general, these results provide a potential mechanistic explanation by which FBs and SMCs
can modulate the inflammatory environment and plaque formation.
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Surprisingly, anti-EGFR (epidermal growth factor receptor)-based cancer treatments such as
erlotinib, cetuximab, and gefitinib were identified as potential key mediators of signaling
pathways between SMCs and FBs via EFEMP1 (EGF Containing Fibulin Extracellular
Matrix Protein 1) and EGFR (Figure 3B). EFEMP1 has been suggested as a prognostic
marker for atherosclerotic plaque rupture [36]. Although the overlap between CAD and
cancer etiology has been previously noted, the long-term efficacy and cardiovascular impact
of chemotherapy drugs, such as erlotinib, requires further translational studies to investigate
their potential use in cancer patients to treat CAD [43-45].

While the exact clinical outcome of SMC de-differentiation is not fully resolved [5,18],
such events observed in different single-cell studies present opportunities for pre-clinical
pharmacological intervention and testing. Here, we performed integrative analysis of gene
expression variation along the SMC-to-FB RNA trajectory with DGIdb. We found that the
expression of complement genes such as C3and C7, and chemokine CXCL12are increased
as SMCs become more FB-like. Although CXCL12 derived from endothelial cells has been
recognized to promote atherosclerosis in mouse models [29], here we provide a potentially
new source of CXCL12 using human data and found several pharmacological agents such
as tinzaparin, an FDA-approved anticoagulant, to investigate in future interventional studies.
Together, this combination of cell-cell communication and trajectory analyses reaffirm the
druggable potential of these target genes.

3.5 PlagView is a user-friendly web application to share and explore atherosclerosis-
related single-cell datasets

To enable other researchers to explore the transcriptomic landscape of the atherosclerotic
environment easily and rapidly, we developed a web interface called PlagView
(www.plagview.com, Figure 4A). This interactive R- and Shiny-based tool allows for
multiple gene queries and comparisons of gene expression, cell-labeling methods such as
SingleR, Seurat/TS, and scCATCH, RNA-trajectory tools such as Monocle3 and Slingshot,
integrative drug-gene analysis using DGIdb 3.0, and outputs high quality graphs and
detailed tables. Calculations are done ad hoc according to users’ input and the application
has been optimized for rapid exploration of these datasets by academic researchers,
clinicians, and lay scientists. To our knowledge, there are no publicly available tools

to visualize atherosclerosis-related single-cell datasets without prior coding knowledge.
Further, PlagView is under active development and will be releasing new datasets
coincidently with future atherosclerosis-related publications. At the time of writing, three
human and four mouse datasets from four independent studies are available in PlagView
(Supplemental Table 4). PlagView is also open-source and is fully maintained at https://
github.com/MillerLab-CPHG/PlagView. We have written PlagViewto be easily repurposed
for other single-cell studies; all description files are written in basic R markdown, and
the data preprocessing pipeline can be adapted to any tissue from mouse or human. As
the database in PlagView expands along with the growing number of single-cell datasets,
we anticipate that it will become an essential tool for the atherosclerosis research field.
Furthermore, PlagView will serve as a template for other fields of single-cell biology to
rapidly disseminate relevant and cutting-edge data with minimal web-development skills
required.
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3.6 Limitations

Despite the advances presented in this workflow, we are still working to improve several
limitations. For instance, the default reference in ‘SingleR’ and Tabula sapiens [20]

do not contain more recently discovered cellular phenotypes such as ‘fibromyocytes’
[5,7,29,46], which may require a combination of manual and automated labeling methods
for accurate identification. Factors such as the intrinsic heterogeneity of the tissue sample,
disease stage, and tissue processing artifacts are difficult to isolate computationally and
could influence automated labeling methods. Our analysis also demonstrates that upstream
analysis such as cell type annotation greatly affects the outcome of downstream results, such
as cell-cell communication inference. Nonetheless, interactive viewers and tools such as
PlagView, which incorporate multiple methods and visualizations in one location, could help
users separate out the technical and biological variation from various single-cell datasets.
Additionally, the modular nature of PlagView will also allow for future improvement of
labeling methods as more precise reference datasets are made available.

While we cannot verify the directionality of the RNA trajectories presented, future releases
of PlagView will feature RNA “velocity’ as described in [13] where directionality will

be calculated using splice/unspliced RNA ratios from raw data. Lastly, the true efficacy

of proposed drugs cannot be verified without extensive pre-clinical testing and clinical
trials. Still, these findings may catalyze future investigative efforts to develop more targeted
therapies.

3.7 Conclusions

Our findings show that an enhanced, reproducible pipeline for sScRNA-seq analysis has
the potential to improve upon current standard sScRNA-seq bioinformatics protocols.

For instance, we provide new insights into intricate vascular cell differentiation and
communication pathways while providing actionable and testable targets for future
experimental studies (Figure 4B). Our combined analysis suggests that SMCs give rise

to a population of FBs that express genetic signatures associated with inflammation

and extracellular matrix degradation. For example, our cell-cell communication analysis
suggests that SMCs signal to FBs via inflammatory molecules like C3complement

and MMPZ, whose expression increases along the SMC-to-FB trajectory. We revealed
possible therapeutic avenues that may disrupt these cell-to-cell communications and alter
the atherosclerotic pathology. Furthermore, several FDA-approved drugs (e.g., erlotinib,
cetuximab, and gefitinib) were shown as potential effectors of SMC signaling to FB, and
merit molecular studies to determine whether they may be used to treat CAD in cancer
patients to simplify or augment current drug regimens [43]. This is consistent with recent
reports showing beneficial effects of the acute promyelocytic drug all-trans-retinoic acid
(ATRA) in atherosclerosis mouse models [4]. Further investment in SCRNA-seq may also
help resolve the balance of anti-tumor efficacy and atheroprotection for immune checkpoint
inhibitors as well as immunomodulators at the interface of cardio-immuno-oncology [47].

Although the utilization of this workflow can compensate for many of the shortcomings
of current SCRNA-seq analyses, we are still unable to perform cell-lineage tracing that
reflects actual timescales without additional gene engineering experiments /n vivo [48].
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However, leveraging mitochondrial DNA variants in ShATAC-seq data has enabled lineage
tracing analysis in human cells [49,50]. Likewise, these analyses can ultimately be extended
to integrate spatial omics and other multi-modal data [19]. As spatial transcriptomics,
SCATAC-seq, and/or CITE-seq data become more widely available, this workflow can be
easily modified to discover signaling pathways or differentiation events at specific tissue
locations and timepoints, allowing for more disease-relevant drug-gene interaction analyses
(Figure 4B). Nonetheless, this pipeline can be applied immediately to datasets from other
tissues or diseases to generate informative directions for follow-up studies, and is more
user-friendly and reproducible compared to standard scRNA analyses. PlaqView serves as

a central repository for interactive analysis and exploration for atherosclerosis-related single-
cell datasets. As PlagViewincorporates additional relevant single-cell datasets, we anticipate
that this application will become an indispensable resource for the community and for

the growing field of ‘cardioinformatics’ [51-53]. Most importantly, web applications such
as PlagView democratize the access and analysis of single-cell data, which will promote
collaboration, reproducibility, and innovation across disciplines [54,55].
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. Automated cell annotation and pseudotemporal analyses show key changes in
gene expression during smooth muscle cell (SMC) de-differentiation.

. Ligand-receptor profiling reveals potential drug targets that modulate SMC
and fibroblast signaling and gene expression responses during atherosclerosis.

. Reproducible analysis template allows for detailed examination of ScRNA-seq
datasets with minimal coding and eliminates some user-induced bias.

. PlagView web application allows for interactive analysis of human and mouse
scRNA-seq datasets without prior coding knowledge and facilitates sharing
and reanalysis of valuable data.
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Unbiased automatic cell labeling of human coronary scRNA data using ‘Seurat v4” had
high concordance with manual labels and pseudotemporal and ultra-fine clustering reveals
FB-like cells derivation from SMCs.
(A) Top panel: UMAP clustering of 9798 cells derived from human coronary artery
explants with labels based on Seurat v4 using the Tabula sapiens reference; middle
panel: automatic labels provided by singleR using Human Primary Cell Atlas; bottom:
cluster-based manual annotation provided by original authors Wirka et al. (B) Population
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breakdown by percentage based on Seurat/TS labels. (C) Left panel: RNA trajectory (line)
shows direct paths from the SMCs toward FBs; middle: ultra-fine clustering shows the
logical transition stages (microclusters) from SMCs to FBs, and each cluster is numbered
for clarity; right: pseudotemporal analysis confirms that the cell and clusters existing
along a logical single-cell continuum. (D) Selected genes that were shown to vary over
pseudotime by Moran’s | test were visualized. Abbreviations: SMC: smooth muscle cells,
EC: endothelial cells, FB: fibroblasts, Mg: macrophages.
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Figure 2.
Comprehensive ligand-receptor analysis reveals the major inflammatory and immune

signaling pathways in FBs.

(A) Circle plots representation of the inferred intercellular communications within the
coronary artery environment generated using scTalk when provided with different prior
labeling methods. (B) CellChat identifies major signaling pathways involving FBs and major
contributions to the activation of these pathways. (C and D) Hierarchy plots showing MHC-I
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and 11 signaling among the cell types. Hierarchy plots are useful in examining autocrine
signaling or when circle plots are complicated.

Atherosclerosis. Author manuscript; available in PMC 2023 January 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Page 23

P

Ligands

EFEMP1 COL1A2 C3
[ A
~| | EGFR | |ITGA1| | CD44 ||ITGB2

Maetal.
( A) .—_: Ii?andAreceplor (B)
FB i)
e I ]IMMP2][CO\L1A2I[FBLN1]‘CYR61
e Sl ST R |
vtar, [socz| [imean..)ireB1| [iTeBs| -]
A T o e £ dej
/
TCell ,//fir%@\\ \w‘/
Significantly Increased
(C) toward FB Phenotype SERPINF1 FBLN1
C7 Complement
| mmp2 || exeLiz2 |—
C3 Complement

sMc ~
MYH11 ||IGFBP2
PPP1 R1 4A CNN1 Significantly Decreased

toward FB Phenotype

Figure 3.

ab*
Rec

pW

T-Cell

eptors
FB JP(gric:yte\
TUCYUS

Integrative analysis with drug-gene interaction database DGldb 3.0 reveals potential
pharmacological inhibition of SMC and FB signaling and dedifferentiation.

(A) “scTalk’ shows that FBs signals to T-cells, pericytes, and SMCs through pro-
inflammatory molecules like C3, which can be targeted by the experimental drug
compstatin. (B) SMCs interact with FBs through at least four pairs of experimentally
verified interactions. Of these, complement and EFEMPI-EGFR signaling is the most
druggable as revealed by DGIdb 3.0. (C) Druggable genome analysis revealed agents that
can target genes along the SMC-FB de-differentiation trajectory, such as C3, C-XC Motif
Chemokine Ligand 12 (CXCL12), and matrix metalloproteinase (MMP2).

Atherosclerosis. Author manuscript; available in PMC 2023 January 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Maetal.

PlagView

Select Dataset

Quick Gene Lookup

Labeling Methods Trajectory Meth:

Welcome to PlagView !

This interactive web application is designed for lay scientists to explore complex
single-cell RNA datasets from human and mouse cardiovascular tissues.

We are working constantly to update PlagView with the most up-to-date analysis tools and are actively incorporating new datasets.

ods

Page 24

Drug-Gene Interactions About & Help

We are actively working on two types of datasets: human and mouse. Currently, only human datasets are available. Mouse dataset will be
available in late May with our next release. Our our latest preprint here.

To begin using PlaqView, choose a dataset below and click “Step1: Load Dataset”, (please be patient while the data loads), then click “Step2:

Enter

PlaqView".

L I8

327

Access Human and Mouse Compare Labelin: i i
Single-Cell Data r‘ ethods. ing Integrate Datasets Pseudo}m :"ng!unenqe Query Drug/Gene Interactions
Show\ 10 v entries Search: I:l
Authors Journal Year DOI Species Tissue Procedure Patient# Cell# Platform
Nature 5 Corona
1  Wirkaetal. = 2019 Link Human ry Transplant 4 Patients 9798 10x
Medicine Artery
Slenderset  In Carotid 38
2 ) 2021 Link Human Endarterectomy . 6191 CEL-Seq2
al. Preparation Artery Plaque Patients
B s Carotid P
3 Panetal. Circulation 2020 Link Human Endarterectomy 3 Patients 8867 10x
Artery Plaque
Typical
Workflow
Sequencing
Al d demultiph / \ i i
nment i cenyeupies Enhanced Drug Web application for
generating FASTQ & count
| _ matrices Discovery Workflow Data Visualization
Interative
Projection :utotmatt_ed Analysis and geyong static storage
nnotation Sharing in databases such as
k| Feed into Seurat, monocle3, ——> GEO, scRNA-seq data
for normalization, — > Fitmatic ol iabnlig 79 can be directly explored
dimensional reduction and g ie el & ok N d visualized without
i learning tools help reduce BRGNS Tzed Withou!
clustering Diearaarerasy computing clouds or
Expression Pseudotime &
. Trajectory
. \dentify DEG in clusters Pseudotime and trajectory
- iy et d analysis can reveal cell fate
F = manually compare to knawn<_ i ol e Future
= cellgensexpression data changes e.g., Monocle, Direction
RREREI ~  Dynverse
Inference Drug—Ger)e Multimod@l
Interaction Integration
Y o] Automated comparison to Integration with
H Infer interaction networks, @ drug databases, e.g., DGIdb, SCATAC-seq, spatial
population percentage and ~ © "@ Pharos, DrugThatGene, can —y transcriptomics data
unique cell types b SN A help with drug repurposing
© and reveal novel protein
| \ complex targets /
Figure 4.

PlagView and its analysis pipelines are reproducible, user-friendly tools for single-cell data

analysis and

presentation.

(A) Screenshot of the PlagView web application. (B) A roadmap of enhanced scRNA-seq
analysis steps. Instead of cluster-based grouping, our pipeline uses automatic cell labeling,
coupled with pseudotime trajectory, cellular network interaction and drug targeting, and
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provides a reproducible process for ScRNA datasets. From this roadmap, it is easy to add
additional analysis tools and modify workflow as more tools and datasets become available.
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