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Abstract: Acute pancreatitis (AP) is an acute inflammatory disease of the exocrine pancreas. The
pathogenesis of AP is still unclear, and there is currently no specific treatment. A variety of immune
cells infiltrate in AP, which may play an important role in the progression of the disease. In this
study, for the first time, scRNA-Seq and Bulk RNA-Seq data were used to show the characteristics
of immune cell infiltration in AP, and to explore the specific molecular markers of different cell
types. The present study also investigated cell-to-cell communication networks using the CellChat
package, and AP-specific gene signatures (Clicl, Satl, Serpina3n, Atf3, Lcn2, Osmr, Ccl9, Hspbl,
Anxa2, Krt8, Cd44, Cd9, Hsp90aal, Tmsb10, Hmox1, Fxyd5, Plin2, Pnp) were identified through
integrative analysis of multiple sequencing datasets. We also defined disease-specific associated
genes in different cell types, revealing dynamic changes through cell trajectory and pseudo-time
analysis using the Monocle2 package. The results showed that macrophages were significantly
increased in acute pancreatitis, and the number of interactions and interaction weight/strength
of the macrophages in AP were significantly higher than those in the controls. The activities of
various signaling pathways were abnormally regulated such as apoptosis, oxidative stress, lysosome,
autophagy, ferroptosis, and inflammatory responses signaling pathways. In conclusion, this study
comprehensively depicted the immune microenvironment of AP, explored the interaction network
between different cell types, and defined AP-specific gene signatures, providing many new directions
for basic research in AP.

Keywords: acute pancreatitis; single-cell RNA-sequencing; bulk RNA-sequencing; immune
microenvironment; molecular characterization

1. Introduction

Acute pancreatitis (AP) is characterized by severe inflammation and acinar cell death,
with an incidence rate of 13-45/100,000 [1-3]. About 20% of AP patients eventually
develop severe organ failure, with a mortality rate between 15% and 35% [4]. Current
treatments are mainly early fluid resuscitation, pain control, nutritional support, and anti-
infection. However, because most treatments are based on symptoms, specific and effective
treatments are still needed. The etiology of AP is complex and diverse, involving immune
cell infiltration and the release of various inflammatory factors. Therefore, understanding
the characteristics of immune cell infiltration and discovering specific marker genes are of
great value for the treatment of acute pancreatitis in the future.

Single-cell RNA sequencing (scRNA-Seq) uses next-generation sequencing technology
to define the global gene expression profile of a single cell, which helps to dissect the
distribution characteristics of different types of cell populations [5]. Bulk RNA-Seq can
reveal tissue-wide transcriptional expression profiles, but it masks differences between
individual cells. Emerging scRNA-Seq reveals the expression profiles of individual cells,
complementing the shortcomings of bulk RNA-Seq. The two are integrated for analysis,
and new discoveries may be made. There are very few studies of single-cell sequencing for
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pancreatitis. Several studies have used single-cell sequencing technology to characterize
single-cell expression profiles in chronic pancreatitis [6-8]. However, it has not been
reported in acute pancreatitis.

In this study, we revealed the distribution and molecular characteristics of immune
microenvironment populations in AP, and validated the expression of marker genes in
pancreatic tissue. At the same time, we also analyzed the interaction between different
cell subsets, confirming that monocytes—macrophages play an important role in AP. The
AP-related disease-specific gene signature was revealed by integrating scRNA-Seq and
Bulk RNA-Seq, revealing the key target genes of acute pancreatitis.

2. Materials and Methods
2.1. Datasets, Animal, and Reagents

We downloaded the GSE188819, GSE65146, and GSE109227 datasets from the GEO
database (https:/ /www.ncbi.nlm.nih.gov/geo/, accessed on 1 September 2022). We used
the single-cell sequencing data of four samples in the GSE188819 dataset, two samples
from the control group, and two samples from the cerulein group. In addition, the RNA-
sequencing data of eight samples from the GSE65146 dataset and 11 samples from the
GSE109227 dataset were used for analysis. All of these data are available in the Supple-
mentary Materials. C57BL/6 mice (SPF, 6 weeks old, 20 & 2 g) were purchased from the
WeiTongLiHua experimental animal technical company (Beijing, China). The mice were fed
with standard feed and water, the ambient temperature was about 25 °C, and the ambient
humidity was about 50%. Newly arrived mice had free access to food and water for at least
3 days. Fasting started 12 h before the experiment. The animal experiment was approved by
the Ethics Committee of Xuanwu Hospital of Capital Medical University (XW20211223-1).
Cerulein (HY-A0190, MCE, NJ, USA). Antibody: Clicl (1:100; #53424, CST, Danvers, MA,
USA), Atf3 (1:500; ab305293, Abcam, Boston, MA, USA).

2.2. Animals Model

To elicit acute pancreatitis, mice were intraperitoneally injected with cerulein (HY-
A0190, MCE) every 1 h at a dosage of 50 ug/kg body weight per injection, seven times a
day for two consecutive days. Cerulein was diluted with saline for administration (n = 5).
Control mice were injected with the same volume of normal saline at the same time (n = 5).
Mice were kept fasted but allowed water during the experiment. One hour after the last
injection, mice were euthanized by spinal dislocation and collected for pancreatic tissue.

2.3. scRNA-Seq Data Preprocessing and Integration

Different cells were isolated by digesting pancreatic tissue with 1 mg/mL collagenase
P, 2 U/mL dispase II, 0.1 mg/mL soybean trypsin inhibitor, and 0.1 mg/mL DNase I in
HBSS with Ca?* /Mg?*. Tissue dissociation was performed using a gentle MACS™ Octo
Dissociator at 37 °C for 40 min. Tissue was digested with 0.05% trypsin-EDTA for an
additional 5 min at 37 °C and red blood cells were removed with red blood cell lysis buffer.
We followed the steps in the manufacturer’s protocol (Chromium Single Cell 3° GEM,
Library & Gel Bead Kit v3, PN-1000075) to load cells onto 10x Chromium Single Cell
Controller Chip B (10x Genomics). This was the method used by the authors in the source
article to isolate cells [9]. The GSE188819 dataset was downloaded from the GEO database.
Data quality control and preprocessing were performed using the Seurat package (v4.0.2,
Rahul Satijaa, Oxford, UK, https://satijalab.org/seurat/, accessed on 1 September 2022).
Genes were removed from the red blood cells: Hbal, Hba2, Hbb, Hbd, Hbel, Hbg1, Hbg2,
Hbm, Hbql, and Hbz. NormalizeData(), FindVariableFeatures(), and ScaleData() were
applied to normalize the scRNA-Seq data. The filtered scRNA-Seq datasets of CER and
the control sample were integrated using the Seurat anchor-based integration method [10],
based on the expression of the 2000 most variable features of each sample.
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2.4. Dimensionality Reduction, Clustering, Visualization, and Cell Type Recognition

Seurat v4 in R 4.0.3 was used to perform dimensionality reduction, clustering, and
visualization for the scRNA-Seq data. Principal component analysis (PCA) was used for
aa reduction in the dimensionality of the integrated data. On the basis of the first 10 prin-
cipal components (PCs), the integrated dataset was further reduced to two-dimensional
(2D) space and visualized by T-distributed stochastic neighbor embedding (tSNE). Find-
Neighbors(), FindClusters(), and RunTSNE() were used to perform these analyses with a
resolution of 0.1-0.5. According to the canonical patterns of marker genes, the 29,071 cells
were annotated as 15 cell types including macrophages, fibroblasts, acinar cells, endothelials,
monocytes, neutrophils, progenitor cells, ductal cells, dendritic cells (DC-cell), stellate cells,
a-cells, B-cells, T cell, B cell, and granulocytes. The main reference databases of cell marker
genes for cell annotation came from CellMarker (http:/ /xteam.xbio.top/CellMarker/index.
jsp, accessed on 1 September 2022) and CellMarker2.0 (http:/ /bio-bigdata.hrbmu.edu.cn/
CellMarker/index.html, accessed on 1 September 2022).

2.5. AUCell Gene Set Enrichment Analysis

We used the AUCell package to calculate the AUCell score to signal the signature
genes for each individual cell within these clusters and display interactive t-SNE maps of
the resulting scores.

2.6. Analysis of Single-Cell Trajectories

The single-cell pseudotime trajectories were generated with the Monocle2 package
in R4.0.3. The newCellDataSet(), estimateSizeFactors(), and estimateDispersions() were
used to perform these analyses. The detectGenes() was used to filter low quality cells with
“min_expr = 0.1”.

2.7. Cell-Cell Crosstalk Network Analysis

We used CellChat to investigate the molecular interaction networks between different
cell types [11]. CellChat is a tool to quantitatively infer and analyze cell-to-cell commu-
nication networks from scRNA-Seq data. Ligand-receptor pairs with a p-value of less
than 0.05 determined by CellChat were considered to be significant interacting molecules
between different cell subpopulations.

2.8. Bulk RNA-Seq Data Analysis

The GSE65146 and GSE109227 datasets were downloaded from the GEO database. A
Venn diagram was made to depict the overlap between differentially expressed genes from
the GSE188819, GSE65146, and GSE109227 datasets.

2.9. Differentially Expressed Genes (DEGs) Analysis

Genes specific to each cluster or group were identified using the “FindAllMarkers”
function, and adjusted p-values were calculated using the Wilcoxon rank-sum test. Volcano
plots were used to show the fold changes and log-adjusted p-values for DEGs. tSNE
visualization was used to depict the expression of the overlap gene signature.

2.10. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) Analysis

We used the R package “clusterProfiler” to perform Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) analyses. “enrichGO”, “enrichKEGG”, and
genome-wide annotation packages “org.Mm.eg.db” were needed. A p-value of < 0.05 was
considered significant enrichment.
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2.11. Gene Sets Variation Analysis (GSVA)

Gene set variation analysis (GSVA) was implemented via the ‘gsva’” Bioconductor
package. The analysis based on a non-parametric unsupervised approach, which trans-
formed a classic gene matrix (gene-by-sample) into a gene set by the sample matrix resulted
in an enrichment score for each sample and pathway. The GSVA matrix was then clustered
and displayed as a heat map using the “Pheatmap” package.

2.12. Histology Staining

Mice pancreas were excised and fixed with 4% paraformaldehyde for 48 h. After paraf-
fin embedding, the pancreas was cut into 5-um-thick sections. The prepared sections were
stained with hematoxylin-eosin (HE) and immunohistochemical (IHC) and photographed
under a microscope. Simply put, for immunohistochemical (IHC) analysis, pancreatic
tissue slides were deparaffinized and rehydrated through an alcohol series followed by
antigen retrieval with sodium citrate buffer. Inmunohistochemical staining for anti-Clicl
(1:100; #53424, CST, USA) and Atf3 (1:500; ab305293, Abcam, USA) were conducted at
4 °C overnight, and then the secondary antibody was incubated for one hour at room
temperature. Diaminobenzidine (DAB) was used for color counter-staining. Images were
taken with an Olympus (Tyoko, Japan).

3. Results
3.1. Single-Cell Transcriptional Profiling of Pancreatic Cells

A total of 29,071 cells were analyzed from the C57BL/6 mouse pancreas samples,
of which 8668 cells were from the control mouse pancreases and 20,403 cells were from
the AP mouse pancreases. We employed tSNE for dimensionality reduction, clustering,
and visualization of the datasets (Figure 1A. Twenty-four major cellular clusters were
identified by scRNA-sequencing, represented using tSNE analysis (Figure 1B). The marker
genes of each cluster were analyzed by the “FindAllMarker” package (Figures 1C and S1).
According to the canonical patterns of marker genes, the 29,071 cells were annotated as
15 cell types including macrophages, fibroblasts, acinar cells, endothelials, monocytes,
neutrophils, progenitor cells, ductal cells, DC-cells, stellate cells, x-cells, 3-cells, T cells, B
cells, and granulocytes (Figure 1D, Table S1). Heatmaps were drawn based on differential
genes for different cell types (Figure 1E, Table S2). The distribution of cells derived from
different cell types and different sample origins is shown in Figure 1F. The proportion
of macrophages, monocytes, and neutrophils in the CER group was higher than their
proportion in the control group (Figure 1F) This may indicate that they play an important
role in acute pancreatitis [12-14]. Pathway analyses were conducted by gene set enrichment
analysis (GSEA). The results showed that the activity of various signaling pathways in the
immune cells was significantly increased such as apoptosis, oxidative-phosphorylation,
lysosome, and Toll-like -receptor signaling pathways (Figures 1G and S2). In addition, we
performed GO and KEGG enrichment analysis and found that signaling pathways such as
apoptosis, oxidative stress, lysosome, autophagy, ferroptosis, and inflammatory responses
were significantly enriched (Figure 1H). Taken together, CER exhibited a higher enrichment
of the regulation of inflammatory response, apoptotic, and oxidative stress signatures than
the control.
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Figure 1. Overview of the single-cell transcriptional profiling of pancreatic cells. (A) tSNE visual-
ization of the CER and control samples. (B) tSNE visualization of 24 cell clusters. (C) Marker genes
of the 24 cell clusters. (D) tSNE visualization of macrophages, fibroblasts, acinar cells, endothelials,
monocytes, neutrophils, progenitor cells, ductal cells, DC-cells, stellate cells, x-cells, 3-cells, T cells,
B cells, and granulocytes. (E) Heatmap visualization of the top 50 genes of 15 cell types. (F) The
distribution of cells derived from different cell types and different sample origins. (G) GSVA analysis
in 15 cell types. (H) GO and KEGG enrichment analysis for CER and the control.



Biomolecules 2023, 13, 78

6 of 18

3.2. Single-Cell RNA-Seq Analysis Reveals Characterization of Acinar Cells

Acinar cells have a crucial role in the development of AP [1]. Acinar cell populations
were extracted for subcluster analysis. CER and the control samples were demonstrated
using the tSNE method (Figure 2A). Three main cell clusters were identified, represented
using tSNE analysis (Figure 2B). The marker genes of each subcluster were analyzed
by the “FindAllMarker” package (Figure 2C). The distribution of acinar cells derived
from different cell clusters and different sample origins is shown in Figure S3. Three
cell types were identified based on marker genes: Amy?2a/b"8", Sqstm1M8h, and Sox4'°w,
and Sgstm1M8h and Sox4M8h acinar cells (Figure 2D,E). The Amy2a/b"8h subcluster was
mainly composed of normal acinar cells. The AUCell package was used to calculate the
AUCzell score for signaling pathway signature genes for each individual cell within these
subclusters. We found that Sqstm1M8h and Sox4!°% and Sqstm1M8" and Sox4"8" subclusters
had higher AUCell scores in apoptosis, oxidative-phosphorylation, p53, PI3K-AKT-mTOR,
TGF-B, and TNF-a signatures than the Amy2a/bM8" subcluster, and was more significant
in the Sqstm1Migh and Sox4M8h subcluster (Figure 2F). KEGG enrichment analysis was
performed based on differential genes derived from CER and the control sample of acinar
cells. The results showed that differential genes were significantly enriched in oxidative-
phosphorylation, autophagy, lysosome, apoptosis, P53, and ferroptosis signaling pathways
(Figure 2G,H). Trajectory analysis of Amy2a/b"8", Sqstm1Migh and Sox4!°%, and Sqstm1hish
and Sox4Mi8h acinar cells using Monocle2. Sqstm1M8" and Sox4M8h acinar cells were found
at later developmental time points (Figure 21,]). The above evidence suggests that Sqstm1
and SOX4 may play an important role in the progression of acute pancreatitis. Studies have
found that autophagy is involved in the evolution of acute pancreatitis, and Sqstm1/p62
is an important regulator of the autophagy process [1,15]. In AP, the role of SOX4 has not
been reported.

3.3. Single-Cell RNA-Seq Analysis Reveals Characterization of Monocytes

Monocytes populations were extracted for subclusters analysis. CER and Control
samples were demonstrated using the tSNE method. (Figure 3A) 4 main cell clusters were
identified, represented using tSNE analysis. (Figure 3B) The distribution of monocytes
derived from different cell types and different sample origins were showed in Figure 3C.
4 cell types were identified base on marker genes: Chil3"&h, Stmn1hish, Cluhish, and
Gm9733Migh monocytes. (Figure 3D,E) A study reported that the expression of clusterin
(Clu) in the serum of AP patients was significantly increased [16]. Chil3 and Stmn1 have
been reported in pancreatic cancer but not in AP [17,18]. There are high AUCell score in
inflammatory response, apoptosis, oxidative phosphorylation, PI3K-AKT-mTOR, TGF-f3
signatures, and more significant in Stmn1"8" subcluster. (Figure 3F) The differential genes
were subjected to GO and KEGG enrichment analysis, and the results showed that they were
significantly enriched in oxidative phosphorylation, inflammatory response, phagosome,
apoptosis, and NF-kappa B (NF-«B) signaling pathways. (Figure 3G,H) Trajectory analysis
of Chil3hish Stmn1high Cluhigh, and Gm9733hish monocytes using Monocle2. Chil3high
monocytes were found at later developmental time points. (Figure 3I) Integrating data
from monocytes and macrophages, using Monocle2 for cell trajectory analysis, showed
monocyte-to-macrophage differentiation (Figure 3]).
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Figure 2. Single-cell RNA-Seq analysis reveals biological characteristics of acinar cells. (A) tSNE
visualization of acinar cells from CER and the control samples. (B) tSNE visualization of three cell
subclusters. (C) Marker genes of three cell subclusters. (D) tSNE visualization of Amy2a/ phigh,
Sgstm1Mi8h and Sox4!°" and Sqstm1M8h and Sox4M8h acinar cells. (E) The expression of marker genes
in tSNE visualization. (F) The AUCell package was used to calculate the AUCell score. (G) The
volcano map shows the differential gene profiling expression. (H) The bubble chart of KEGG pathway
enrichment analysis. (IJ) Trajectory analysis of Amy2a/bM8h, Sqstm1Mi8h and Sox4!°% and Sqstm1high
and Sox4"8" acinar cells using Monocle2.
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Figure 3. Single-cell RNA-seq analysis reveals biological characterization of monocytes. (A) tSNE
visualization of monocytes from CER and Control samples. (B) tSNE visualization of 4 cell subclusters.
(C) The distribution of cells derived from different cell clusters and different sample origins. (D) tSNE
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visualization of Chil3high Stmn1high Clyhish and Gm9733high monocytes. (E) The expression of
marker genes in tSNE visualization. (F) AUCell package was used to calculate the AUCell score.
(G) The volcano map show that the differential gene profiling expression. (H) The bar graph of GO
and KEGG pathway enrichment analysis. (I) Trajectory analysis of Chil3"8", Stmn1high, Cluhigh,
and Gm9733high monocytes using Monocle2. (J) Trajectory analysis of monocytes and macrophages
using Monocle2.

3.4. Single-Cell RNA-Seq Analysis Reveals Characterization of Macrophages

In the immune microenvironment of AP, macrophages account for the largest pro-
portion and play a crucial role in the progression of AP. Macrophage populations were
extracted for subcluster analysis. CER and the control samples were demonstrated using the
tSNE method (Figure 4A). Five main cell clusters were identified, represented using tSNE
analysis (Figure 4B). The distribution of macrophages derived from different cell clusters
and different sample origins is shown in Figure 4C. In the CER sample, the proportion of
macrophages was significantly higher than that in the control sample. The marker genes of
each cluster were analyzed by the “Find AllMarker” package. Five cell types were identified
based on marker genes: Mrc1h8h, F7high Hirobhish, [yz1hish and Gdf3M8" macrophages
(Figure 4D,E). One study suggests that the anti-inflammatory cells of MRC1+ macrophages
may be dysfunctional in a mouse model of neuropathic pain, and that returning these
cells to a normal state may help with treatment [19]. However, MRC1+ macrophages have
not been reported in the study of acute pancreatitis. Inflammatory response signature
genes were found to have a high AUCell score by using the AUCell package (Figure 4F).
KEGG enrichment analysis was performed based on differential genes derived from CER
and the control macrophages, and it was found that they were significantly enriched in
ribosome, oxidative phosphorylation, phagosome, MAPK, apoptosis, autophagy, NF-«B,
and p53 signaling pathways (Figure 4G,H). In conclusion, consistent with the current
findings, inflammation-related signaling pathways are activated in AP including apoptosis,
autophagy, NF-«B signaling pathways, and so on.

3.5. Single-Cell RNA-Seq Analysis Reveals Characterization of Neutrophil

There are three types of granulocytes: neutrophils, eosinophils, and basophils. We all
know that neutrophils play an important role in acute inflammation diseases. Therefore,
we grouped neutrophils individually and performed an in-depth analysis. Neutrophil
populations were extracted for subcluster analysis. CER and the control samples were
demonstrated using the tSNE method (Figure 5A). Three main cell clusters were identified,
represented using tSNE analysis (Figure 5B). The distribution of neutrophils derived from
different cell clusters and different sample origins is shown in Figure 5C. Three cell types
were identified based on marker genes: Fcnahish and Ifnb1high S100a8,/9M8" and “other”
neutrophils (Figure 5D,E). Oxidative phosphorylation and the TNF-« signature genes were
found to have a high AUCell score by using the AUCell package. (Figure 5F) The differen-
tial genes were subjected to GO and KEGG enrichment analysis, and the results showed
that they were significantly enriched in oxidative phosphorylation, inflammatory response,
apoptosis, PI3K-AKT, and the TNF signaling pathways (Figure 5G,H). Trajectory analysis
of Fenahigh and Ifnblhigh, S100a8/ 9high, and “other” neutrophils was conducted using Mon-
ocle2. S100a8/9M#" neutrophils were found at later developmental time points (Figure 5I).
In conclusion, a variety of inflammation-related signaling pathways in neutrophils were
activated during AP and promoted the progression of AP. S100a8/9 may play an important
role in the biological function of neutrophils.
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Figure 4. Single-cell RNA-Seq analysis reveals biological characterization of macrophages. (A) tSNE
visualization of macrophages from CER and the control samples. (B) tSNE visualization of five cell
subclusters. (C) The distribution of cells derived from different cell clusters and different sample
origins. (D) tSNE visualization of Mrc1Mgh, F7high Hirobhigh, [yz1high, and Gdf3M8h macrophages.
(E) The expression of marker genes in tSNE visualization. (F) The AUCell package was used to
calculate the AUCell score. (G) The volcano map shows the differential gene profiling expression.
(H) The bubble chart of the KEGG pathway enrichment analysis.
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Figure 5. Single-cell RNA-Seq analysis reveals biological characterization of neutrophil. (A) tSNE
visualization of neutrophils from CER and the control samples. (B) tSNE visualization of three cell
subclusters. (C) The distribution of cells derived from different cell clusters and different sample origins.
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(D) tSNE visualization of Fena and Ifnb1high 5100a8/9M8h and “other” neutrophils. (E) The expres-
sion of marker genes in tSNE visualization. (F) The AUCell package was used to calculate the AUCell
score. (G) The volcano map shows the differential gene profiling expression. (H) The bar graph of
the KEGG pathway enrichment analysis. (I) Trajectory analysis of Fcna and Ifnb1hi8h, S100a8/9Mish,
and “other” neutrophils using Monocle2.

3.6. Single-Cell RNA-Seq Analysis Reveals Characterization of Fibroblast

Fibroblast populations were extracted for subcluster analysis. CER and the control
samples were demonstrated using the tSNE method (Figure 6A). Five main cell clusters
were identified, represented using tSNE analysis (Figure 6B). The marker genes of each
subcluster were analyzed by the “Find AllMarker” package (Figure 6C). In the CER sample,
the proportion of the “3” subcluster was significantly higher than that in the control
sample (Figure 6D). Five cell types were identified based on marker genes: Smoc2hish,
Pi16hish Lythigh, Krt18high and “other” fibroblasts (Figure 6E,F). The study found that
the expression of Krt18 was significantly increased in mild acute pancreatitis [20]. Smoc2
may play an important role in chronic pancreatitis [21]. There were high AUCell score
in inflammatory response, apoptosis, oxidative phosphorylation, P53, PI3K-AKT-mTOR,
TGF-$3, and TNF-« signatures (Figure 6G). The differential genes were subjected to GO and
KEGG enrichment analysis, and the results showed that they were significantly enriched
in ribosome, oxidative phosphorylation, PI3K-AKT, apoptosis, and the TNF signaling
pathways (Figure 6H,I).

3.7. Single-Cell Transcriptional Analysis Reveals the Cell-Cell Crosstalk Network

To clarify the underlying intercellular communications and cell state transitions in the
pancreas, we analyzed the intercellular communication networks from the scRNA-Seq data
using the CellChat package (Figure 7A,B). We detected many significant ligand-receptor
pairs among the 15 cell types. In the CER sample, the number of interaction and interaction
weight/strength of the macrophages was significantly higher than that of the control
sample. This result suggests that macrophages play an important role in acute pancreatitis.
Furthermore, identifying altered ligand—receptor pairs from macrophages to other cell types
by comparing their communication probabilities between the control and CER sample
(Figure 7C,D). We explored important ligand—receptor pairs sent from the macrophages to
other cell types in the CER sample compared to the control sample. We found that TNF
signaling such as Tnfsf12-Tnfrsf12a was increased from the macrophages to acinar cells in
the CER sample compared to the control sample. CCL signaling such as ccl9-ccrl, ccl7-ccrl,
ccl6-cerl, and ccl3-cerl were increased from macrophages to monocytes in the CER sample.
We also overviewed the outgoing signaling and incoming signaling in CER and the control
sample. The main outgoing signals in macrophages were MIF, PDGF, and EDN signaling
in the control sample, and SPP1, CCL, MIF, TWEAK, CXCL, and OSM signaling in the CER
sample (Figure 7E,F). The above results indicate that macrophage-mediated TNF, SPP1,
and CCL signaling play an important role in AP.
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Figure 6. Single-cell RN A-Seq analysis reveals biological characterization of fibroblasts. (A) tSNE
visualization of fibroblasts from CER and the control samples. (B) tSNE visualization of five cell
subclusters. (C) Marker genes of five cell subclusters. (D) The distribution of cells derived from
different cell clusters and different sample origins. (E) tSNE visualization of Smoc2"igh, Pi1hish,
Lyzzhigh, Krt18M8h, and other fibroblasts. (F) The expression of marker genes in tSNE visualization.
(G) The AUCell package was used to calculate the AUCell score. (H) The volcano map shows the
differential gene profiling expression. (I) The bubble chart of the KEGG pathway enrichment analysis.
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Figure 7. Single-cell transcriptional analysis reveals the cell-cell crosstalk network
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the number of interactions and interaction strength among different cell types in the control sample

and CER sample. (B) Analysis of the number of interactions and interaction strength among different

cell types in the CER sample. (C,D) Identification of signaling by comparing the communication

probabilities mediated by ligand—receptor pairs from macrophages to other cell types in the control

sample and CER sample. (E,F) Overview of the outgoing signaling and incoming signaling in CER

and the control sample.

3.8. Integrated Analysis in scRNA-Seq and Bulk RNA-Seq Data Reveals Gene Signature

A Venn diagram was produced to depict the overlap between differentially expressed
genes from the GSE188819, GSE65146, and GSE109227 datasets. AP-specific gene signatures
(Clicl, Satl, Serpina3n, Atf3, Lcn2, Osmr, Ccl9, Hspbl, Anxa2, Krt8, Cd44, Cd9, Hsp90aal,
Tmsb10, Hmox1, Fxyd5, Plin2, Pnp) were found (Figure 8A). These genes were significantly
enriched (p. adjust < 0.05) in the genes of 10 GO pathways such as inflammatory response
to wounding, response to unfolded protein, wounding healing, regulation of the apoptotic
signaling pathway, and cellular response to oxidative stress (Figure 8B,C). We also depict
the expression of gene signature in tSNE visualization. Clicl, Atf3, Anxa2, Tmsb10, and
Satl were expressed in various cell subtypes, while other genes were expressed in only a
few cell types (Figure 8D). Immunohistochemical results showed that the expression of
Clicl and Atf3 increased in AP (Figure 8E). This exploratory AP-specific gene signature
needs further validation and may potentially help to guide our future research directions.
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Figure 8. Integrated analysis in scRNA-Seq and bulk RNA-Seq data reveals the gene signature. (A) A
Venn diagram was produced to depict the overlap genes (Data from the GSE188819, GSE65146, and
GSE109227 datasets). (B,C) GO enrichment analysis and visualization. (D) The expression of gene
signature in tSNE visualization. (E) HE and IHC staining.

4. Discussion

Acute pancreatitis is the leading cause of hospitalizations associated with acute gas-
trointestinal disease. However, the underlying mechanism of the disease remains unclear.
At present, there is no clear effective drug for the treatment of AP. An in-depth study
of the underlying mechanisms is critical to understanding the barriers and facilitators
for successful treatment. To our knowledge, this study is the first to characterize the im-
mune microenvironment of AP by integrating scRNA-Seq and Bulk RNA-Seq data. We
successfully identified 24 clusters of cells, which were further divided into 15 types of
cells based on canonical marker genes including macrophages, fibroblasts, acinar cells,
endothelials, monocytes, neutrophils, progenitor cells, ductal cells, DC-cells, stellate cells,
a-cells, 3-cells, T cells, B cells, and granulocytes. This study comprehensively showed the
immune microenvironment of AP, explored the interaction network between different cell
types, defined AP-specific gene signatures, and provided many new directions for basic
research on AP.
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This study found that apoptosis, autophagy, ferroptosis, oxidative stress, PI3K-Akt,
NEF-«B, TNF, and other signaling pathways were abnormally regulated during acute pan-
creatitis. These results are consistent with many previous reports [22-26]. However, we
also found significant enrichment in the AGE-RAGE, P53, Hippo, Ras, Rapl, and HIF-1
signaling pathways. These new findings in acute pancreatitis are reported for the first time.
Macrophages, as important immune cells, participate in the biological process of inflamma-
tory diseases through phagocytosis. Studies have found that macrophages dominate the
pro-inflammatory phase of AP [27]. M1 macrophages can also further amplify the inflamma-
tory response by expressing pro-inflammatory mediators including cytokines [28]. In our
study, it was found that the proportion of macrophages was significantly increased in AP.
The number of interactions and interaction weight/strength of the macrophages in AP were
significantly higher than those in the controls. A study reported that the anti-inflammatory
cells of MRC1+ macrophages may be dysfunctional in a mouse model of neuropathic pain,
and that returning these cells to a normal state may help with treatment [19]. However,
MRC1+ macrophages have not been reported in AP. In addition, F7, Htr2b, Lyz1, and Gdf3
were significantly overexpressed in different subclusters of macrophages, and their roles in
AP still need further study.

The main pathological changes in AP are edema and necrosis of acinar cells. Acinar
cells are the most abundant cell type in the pancreas. However, in the samples in this study,
the proportion of acinar cells was low. A possible reason is that the acinar cells themselves
can produce and secrete trypsin. When the acinar cells are stimulated by external physical
or chemical stimulation, the trypsinogen in the cells is abnormally activated, and the
acinar cells undergo self-digestion, resulting in the death of a large number of acinar
cells. The single cells were captured and subjected to single-cell sequencing using the
Chromium 10x genomics platform [29]. Three cell types were identified based on marker
genes: Amy2a /b8P, Sqstm1M8h and Sox4!°" and Sqstm1M8" and Sox4Migh acinar cells. The
Amy2a/bM8" subcluster was mainly composed of normal acinar cells. Previous studies
have found that Sqstm1/p62 is an important regulator of the autophagy process [1,15].
Sox4 was found to suppress the host innate immunity to facilitate pathogen infection [30].
Therefore, it is possible that SOX4 also plays a role in promoting inflammation in AP.

In this study, we used the CellChat package to analyze the cell-to-cell interaction
network among the 15 cell types. Then, we calculated the probable communication for
the ligand-receptor pairs and identified highly expressed ligand-receptor pairs between
macrophages and each cell type in the scRNA-Seq data. We found that TNF signaling such
as Tnfsf12-Tnfrsf12a mediates signaling between macrophages and acinar cells. The inter-
action network between immune cells and acinar cells is more complex in AP. Integrated
single-cell and transcriptome data were used to analyze AP-specific gene signatures. The
GSE188819, GSE65146, and GSE109227 datasets were downloaded from the GEO database
to analyze gene sets significantly associated with AP. Eighteen AP-specific genes were
found: Clicl, Satl, Serpina3n, Atf3, Lcn2, Osmr, Ccl9, Hspbl, Anxa2, Krt8, Cd44, Cd9,
Hsp90aal, Tmsb10, Hmox1, Fxyd5, Plin2, and Pnp. These genes may be key molecules
involved in AP disease progression.

5. Conclusions

To sum up, our study comprehensively depicted the immune microenvironment of
AP, explored the interaction network between different cell types, and defined AP-specific
gene signatures, providing many new directions for basic research in AP.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/biom13010078 /s1, RNA-seq data and scRNA-seq data are shown
in Supplementary Materials. Figure S1. The top 10 marker genes in 24 cell clusters; Figure S2. GSVA
analysis in 15 cell types (signaling pathway); Figure S3. The distribution of acinar cells derived from
different cell clusters and different sample origins; Table S1. Markers for identifying cell types; Table
52. Marker genes in 15 cell types.


https://www.mdpi.com/article/10.3390/biom13010078/s1
https://www.mdpi.com/article/10.3390/biom13010078/s1

Biomolecules 2023, 13, 78 17 of 18

Author Contributions: Z.F.: Conceptualization, methodology, validation, formal analysis, investiga-
tion, writing—original draft preparation, writing—review & editing, visualization; J.L.: Methodology,
formal analysis, investigation, resources. F.C.: Supervision, project administration. F.L.: Supervision,
project administration, funding acquisition. All authors have read and agreed to the published
version of the manuscript.

Funding: This work was supported by the Beijing Municipal Science and Technology Commission
(No. Z171100001017077, Fei Li).

Institutional Review Board Statement: The animal experiment was approved by the Ethics Com-
mittee of Xuanwu Hospital of Capital Medical University (XW20211223-1).

Informed Consent Statement: Not applicable.

Data Availability Statement: GSE188819, GSE65146, and GSE109227 datasets from the GEO database
(https:/ /www.ncbinlm.nih.gov/geo/, accessed on 1 September 2022). The data that support the
findings of this study are available from the corresponding author.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.  Lee, P; Papachristou, G. New insights into acute pancreatitis. Nat. Rev. Gastroenterol. Hepatol. 2019, 16, 479-496. [CrossRef]
[PubMed]

2. Mederos, M.; Reber, H.; Girgis, M. Acute Pancreatitis: A Review. JAMA 2021, 325, 382-390. [CrossRef] [PubMed]

3.  Gardner, T. Acute Pancreatitis. Ann. Intern. Med. 2021, 174, ITC17-ITC32. [CrossRef] [PubMed]

4.  Barreto, S.G.; Habtezion, A.; Gukovskaya, A.; Lugea, A.; Jeon, C.; Yadav, D.; Hegyi, P.; Venglovecz, V.; Sutton, R.; Pandol, S.J.
Critical thresholds: Key to unlocking the door to the prevention and specific treatments for acute pancreatitis. Gut 2021, 70,
194-203. [CrossRef]

5. Potter, S.S. Single-cell RNA sequencing for the study of development, physiology and disease. Nat. Rev. Nephrol. 2018, 14, 479-492.
[CrossRef]

6. Lee, B.; Namkoong, H.; Yang, Y.; Huang, H.; Heller, D.; Szot, G.L.; Davis, M.M.; Husain, S.Z.; Pandol, S.J.; Bellin, M.D.; et al.
Single-cell sequencing unveils distinct immune microenvironments with CCR6-CCL20 crosstalk in human chronic pancreatitis.
Gut 2022, 71, 1831-1842. [CrossRef] [PubMed]

7. Blobner, B.M.; Saloman, J.L.; Shelton Ohlsen, C.A.; Brand, R.; Lafyatis, R.; Bottino, R.; Wijkstrom, M.; Zureikat, A.H.; Lee, KK,
Singhi, A.D.; et al. Single-cell analyses of human pancreas: Characteristics of two populations of acinar cells in chronic pancreatitis.
Am. J. Physiol.-Gastrointest. Liver Physiol. 2021, 321, G449-G460. [CrossRef]

8. Sunami, Y.; Chen, Y.; Trojanowicz, B.; Sommerer, M.; Hammerle, M.; Eils, R.; Kleeff, ]. Single Cell Analysis of Cultivated Fibroblasts
from Chronic Pancreatitis and Pancreatic Cancer Patients. Cells 2022, 11, 2583. [CrossRef]

9.  Melendez, E.; Chondronasiou, D.; Mosteiro, L.; Martinez de Villarreal, J.; Fernandez-Alfara, M.; Lynch, C.J.; Grimm, D.; Real, EX,;
Alcami, J.; Climent, N.; et al. Natural killer cells act as an extrinsic barrier for in vivo reprogramming. Development 2022, 149,
dev200361. [CrossRef]

10. Stuart, T.; Butler, A.; Hoffman, P.; Hafemeister, C.; Papalexi, E.; Mauck, WM., 3rd; Hao, Y.; Stoeckius, M.; Smibert, P.; Satija, R.
Comprehensive Integration of Single-Cell Data. Cell 2019, 177, 1888-1902.e21. [CrossRef]

11.  Jin, S.; Guerrero-Juarez, C.F; Zhang, L.; Chang, I.; Ramos, R.; Kuan, C.H.; Myung, P.; Plikus, M.V.; Nie, Q. Inference and analysis
of cell-cell communication using CellChat. Nat. Commun. 2021, 12, 1088. [CrossRef]

12.  Manohar, M.; Jones, EK.; Rubin, S.]J.S.; Subrahmanyam, P.B.; Swaminathan, G.; Mikhail, D.; Bai, L.; Singh, G.; Wei, Y,;
Sharma, V.; et al. Novel Circulating and Tissue Monocytes as Well as Macrophages in Pancreatitis and Recovery. Gastroen-
terology 2021, 161, 2014-2029.e14. [CrossRef] [PubMed]

13. Frossard, J.L.; Saluja, A.; Bhagat, L.; Lee, H.S.; Bhatia, M.; Hofbauer, B.; Steer, M.L. The role of intercellular adhesion molecule
1 and neutrophils in acute pancreatitis and pancreatitis-associated lung injury. Gastroenterology 1999, 116, 694-701. [CrossRef]
[PubMed]

14. Korhonen, J.T;; Dudeja, V.; Dawra, R.; Kubes, P.; Saluja, A. Neutrophil Extracellular Traps Provide a Grip on the Enigmatic
Pathogenesis of Acute Pancreatitis. Gastroenterology 2015, 149, 1682-1685. [CrossRef]

15. Mareninova, O.A.; Jia, W.; Gretler, S.R.; Holthaus, C.L.; Thomas, D.D.H.; Pimienta, M.; Dillon, D.L.; Gukovskaya, A.S.;
Gukovsky, I.; Groblewski, G.E. Transgenic expression of GFP-LC3 perturbs autophagy in exocrine pancreas and acute pan-
creatitis responses in mice. Autophagy 2020, 16, 2084-2097. [CrossRef] [PubMed]

16. Li, H.; Yang, X,; Cao, B.; Guan, J. Increased plasma clusterin and miR-21 in acute pancreatitis. Br. |. Biomed. Sci. 2021, 78, 229-232.
[CrossRef] [PubMed]

17.  Kemp, S.B.; Steele, N.G.; Carpenter, E.S.; Donahue, K.L.; Bushnell, G.G.; Morris, A.H.; The, S.; Orbach, S.M,; Sirihorachai, V.R,;

Nwosu, Z.C,; et al. Pancreatic cancer is marked by complement-high blood monocytes and tumor-associated macrophages. Life
Sci. Alliance 2021, 4, 1-17. [CrossRef] [PubMed]


https://www.ncbi.nlm.nih.gov/geo/
http://doi.org/10.1038/s41575-019-0158-2
http://www.ncbi.nlm.nih.gov/pubmed/31138897
http://doi.org/10.1001/jama.2020.20317
http://www.ncbi.nlm.nih.gov/pubmed/33496779
http://doi.org/10.7326/AITC202102160
http://www.ncbi.nlm.nih.gov/pubmed/33556276
http://doi.org/10.1136/gutjnl-2020-322163
http://doi.org/10.1038/s41581-018-0021-7
http://doi.org/10.1136/gutjnl-2021-324546
http://www.ncbi.nlm.nih.gov/pubmed/34702715
http://doi.org/10.1152/ajpgi.00482.2020
http://doi.org/10.3390/cells11162583
http://doi.org/10.1242/dev.200361
http://doi.org/10.1016/j.cell.2019.05.031
http://doi.org/10.1038/s41467-021-21246-9
http://doi.org/10.1053/j.gastro.2021.08.033
http://www.ncbi.nlm.nih.gov/pubmed/34450180
http://doi.org/10.1016/S0016-5085(99)70192-7
http://www.ncbi.nlm.nih.gov/pubmed/10029629
http://doi.org/10.1053/j.gastro.2015.10.027
http://doi.org/10.1080/15548627.2020.1715047
http://www.ncbi.nlm.nih.gov/pubmed/31942816
http://doi.org/10.1080/09674845.2021.1904691
http://www.ncbi.nlm.nih.gov/pubmed/33975532
http://doi.org/10.26508/lsa.202000935
http://www.ncbi.nlm.nih.gov/pubmed/33782087

Biomolecules 2023, 13, 78 18 of 18

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

Ikeda, Y.; Tanji, E.; Makino, N.; Kawata, S.; Furukawa, T. MicroRNAs associated with mitogen-activated protein kinase in human
pancreatic cancer. Mol. Cancer Res. 2012, 10, 259-269. [CrossRef]

Picton, L.D.; Bertuzzi, M.; Pallucchi, I; Fontanel, P.; Dahlberg, E.; Bjornfors, E.R.; Iacoviello, E; Shearing, PR.; El Manira, A. A
spinal organ of proprioception for integrated motor action feedback. Neuron 2021, 109, 1188-1201.e7. [CrossRef]

Koruk, I.; Ozdemir, H.; Aydinli, M.; Bekmen, N.; Tarakcioglu, M.; Koruk, M. The relation between serum cytokeratin 18 and acute
pancreatitis: Can it be a serological predictive marker? Turk. |. Gastroenterol. 2012, 23, 759-763. [CrossRef]

Mao, X.; Mao, S.; Wang, L.; Jiang, H.; Deng, S.; Wang, Y.; Ye, ].; Li, Z.; Zou, W,; Liao, Z. Single-Cell Transcriptomic Analysis of
the Mouse Pancreas: Characteristic Features of Pancreatic Ductal Cells in Chronic Pancreatitis. Genes 2022, 13, 1015. [CrossRef]
[PubMed]

Gukovskaya, A.S.; Gukovsky, I; Algul, H.; Habtezion, A. Autophagy, Inflammation, and Immune Dysfunction in the Pathogenesis
of Pancreatitis. Gastroenterology 2017, 153, 1212-1226. [CrossRef] [PubMed]

Ohmuraya, M.; Yamamura, K. Autophagy and acute pancreatitis: A novel autophagy theory for trypsinogen activation. Autophagy
2008, 4, 1060-1062. [CrossRef] [PubMed]

Yang, S.; Bing, M.; Chen, F,; Sun, Y.; Chen, H.; Chen, W. Autophagy regulation by the nuclear factor kB signal axis in acute
pancreatitis. Pancreas 2012, 41, 367-373. [CrossRef] [PubMed]

Kong, L.; Deng, J.; Zhou, X.; Cai, B.; Zhang, B.; Chen, X.; Chen, Z.; Wang, W. Sitagliptin activates the p62-Keap1-Nrf2 signalling
pathway to alleviate oxidative stress and excessive autophagy in severe acute pancreatitis-related acute lung injury. Cell Death
Dis. 2021, 12, 928. [CrossRef] [PubMed]

Shen, S.; Li, B.; Dai, J.; Wu, Z.; He, Y.; Wen, L.; Wang, X.; Hu, G. BRD4 Inhibition Protects Against Acute Pancreatitis Through
Restoring Impaired Autophagic Flux. Front. Pharmacol. 2020, 11, 618. [CrossRef]

Wu, J; Zhang, L.; Shi, J.; He, R.; Yang, W.; Habtezion, A.; Niu, N.; Lu, P.; Xue, J. Macrophage phenotypic switch orchestrates the
inflammation and repair/regeneration following acute pancreatitis injury. EbioMedicine 2020, 58, 102920. [CrossRef]

Kang, K.; Reilly, S.M.; Karabacak, V.; Gangl, M.R; Fitzgerald, K.; Hatano, B.; Lee, C.H. Adipocyte-derived Th2 cytokines and
myeloid PPARdelta regulate macrophage polarization and insulin sensitivity. Cell Metab. 2008, 7, 485-495. [CrossRef]

Tran, T.; Lindstrom, N.O.; Ransick, A.; De Sena Brandine, G.; Guo, Q.; Kim, A.D.; Der, B.; Peti-Peterdi, J.; Smith, A.D.;
Thornton, M.; et al. In Vivo Developmental Trajectories of Human Podocyte Inform In Vitro Differentiation of Pluripotent Stem
Cell-Derived Podocytes. Dev. Cell 2019, 50, 102-116.e106. [CrossRef]

Shang, J.; Zheng, Y.; Mo, J.; Wang, W.; Luo, Z,; Li, Y,; Chen, X.; Zhang, Q.; Wu, K,; Liu, W,; et al. Sox4 represses host innate
immunity to facilitate pathogen infection by hijacking the TLR signaling networks. Virulence 2021, 12, 704-722. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


http://doi.org/10.1158/1541-7786.MCR-11-0035
http://doi.org/10.1016/j.neuron.2021.01.018
http://doi.org/10.4318/tjg.2012.0257
http://doi.org/10.3390/genes13061015
http://www.ncbi.nlm.nih.gov/pubmed/35741777
http://doi.org/10.1053/j.gastro.2017.08.071
http://www.ncbi.nlm.nih.gov/pubmed/28918190
http://doi.org/10.4161/auto.6825
http://www.ncbi.nlm.nih.gov/pubmed/18776738
http://doi.org/10.1097/MPA.0b013e31822a9b05
http://www.ncbi.nlm.nih.gov/pubmed/21926933
http://doi.org/10.1038/s41419-021-04227-0
http://www.ncbi.nlm.nih.gov/pubmed/34635643
http://doi.org/10.3389/fphar.2020.00618
http://doi.org/10.1016/j.ebiom.2020.102920
http://doi.org/10.1016/j.cmet.2008.04.002
http://doi.org/10.1016/j.devcel.2019.06.001
http://doi.org/10.1080/21505594.2021.1882775

	Introduction 
	Materials and Methods 
	Datasets, Animal, and Reagents 
	Animals Model 
	scRNA-Seq Data Preprocessing and Integration 
	Dimensionality Reduction, Clustering, Visualization, and Cell Type Recognition 
	AUCell Gene Set Enrichment Analysis 
	Analysis of Single-Cell Trajectories 
	Cell–Cell Crosstalk Network Analysis 
	Bulk RNA-Seq Data Analysis 
	Differentially Expressed Genes (DEGs) Analysis 
	Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) Analysis 
	Gene Sets Variation Analysis (GSVA) 
	Histology Staining 

	Results 
	Single-Cell Transcriptional Profiling of Pancreatic Cells 
	Single-Cell RNA-Seq Analysis Reveals Characterization of Acinar Cells 
	Single-Cell RNA-Seq Analysis Reveals Characterization of Monocytes 
	Single-Cell RNA-Seq Analysis Reveals Characterization of Macrophages 
	Single-Cell RNA-Seq Analysis Reveals Characterization of Neutrophil 
	Single-Cell RNA-Seq Analysis Reveals Characterization of Fibroblast 
	Single-Cell Transcriptional Analysis Reveals the Cell–Cell Crosstalk Network 
	Integrated Analysis in scRNA-Seq and Bulk RNA-Seq Data Reveals Gene Signature 

	Discussion 
	Conclusions 
	References

