L))

Check for
updat

Original Article Page 1 of 11

Single-cell transcriptomics reveals the alteration of peripheral
blood mononuclear cells driven by sepsis
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Background: Sepsis is a serious systemic inflammatory response syndrome caused by infection, with an
extremely high mortality rate. Peripheral blood mononuclear cells (PBMCs) played a key role in the immune
response against infection, whose components and functions were altered radically in Sepsis. Here, we
wondered to characterize the alteration of PBMCs in sepsis at the single-cell transcriptional level.
Methods: We isolated PBMCs from seven septic patients and four donors. Based on BD Rhapsody, PBMCs
were generated by single-cell RNA sequencing, and cell types were clustered and named by unsupervised
clustering and annotation analysis.

Results: PBMCs were profiled for 6 kinds of cell types, the biological properties of T cell and monocytes
were shown in a detailed manner. We noticed that monocytes could be clustered into 6 subsets, with great
heterogeneity in the alteration of composition, gene profile, and signaling pathways driven by sepsis.
Moreover, the expression of representative genes was high associated with septic clinical indicators in clusters
of monocytes, such as NEAT1.

Conclusions: Although the study was preliminary, we revealed sepsis-specific alteration of PBMCs and
associated pathways. These results give a panoramic picture of PBMCs in composition, genes profiles,
and pathway signatures that are driven by sepsis, which offers a unique perspective to understand disease

progression or treatment in clinical practice.
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Introduction is one of the most common causes of death in intensive care

units (ICU) (2,3). The causes of sepsis are complex and not

Sepsis is considered as a serious systemic inflammatory understood clearly, generally speaking, sepsis is recognized

response syndrome caused by a dysregulated host response to to involve early activation of pro- and anti-inflammatory
infection (1). Sepsis can progress to multiple organs (brain, responses, but the detailed processes of immunity and
lung, liver, and so on) dysfunction and septic shock, which inflammation are still poorly understood (1,4,5).
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Peripheral blood mononuclear cells (PBMCs) are
defined as any blood cell isolated from peripheral blood
with a round nucleus, including monocytes, dendritic
cells, and lymphocytes (6). As the core part of the immune
system, PBMCs are the key drivers of the immune
responses, involving many diseases (7-9). The genes about
inflammatory response were downregulated, while genes
involved in apoptosis were increased in monocytes of
sepsis (10). It was shown that the immature neutrophils
could differentiate into monocytic cells in the circulation
during sepsis (11). Moreover, the major histocompatibility
antigen HLA-DR was reduced in septic monocytes and as
a potential therapeutic target for sepsis (12-14). Myeloid-
derived suppressor cells (MDSCs) could suppress the
immune response and protective in septic animal models
(15,16). In a 28-day clinical retrospective study, the count
of lymphocyte was higher in survivors than non-survivors
and increased secondary infective development, associated
with 28-day survival independently (17). Though, these
descriptions of immune cells of peripheral blood and sepsis
are partial and defective.

Single-cell transcriptomics sequencing has developed
rapidly and been applied to various disciplines in recent
years, and the method makes it possible to accurately
characterize cell types and associated gene expression
profiles in a mixture (18-20). In this current study, we
creatively profiled biological characteristics of PBMCs
comprehensively in sepsis by single-cell transcriptomics,
the alterations of monocytes were observed emphatically,
the function and biological characteristics varied greatly
in different subsets of monocytes, expression of some
representative genes was high-associated with septic
indicators in clusters of monocytes driven by sepsis.

Methods
Isolation of PBMCs

Peripheral blood (about 10 mL) was collected in the
heparin anticoagulant according to a standard manner, then
transferred to a 50 mL centrifuge tube and diluted with
20 mL PBS. Fifteen mL Ficoll-Hypaque Solution
(Meijingbio, China) was added to the tube and mixed gently.
One thousand and five hundred rpm/min, centrifuge for
30 minutes, and transfer PBMC cell layer to another
tube. Add enough PBS and mix thoroughly, centrifuge for
5 minutes at 1,800 rpm/min, then abandon supernatant. All
the above experiments were performed at 4 degrees Celsius.
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Single-cell RNA-sequencing (scRNA-seq)

All samples were uniformly resuscitated and washed twice
by PBS (with 0.1% BSA), then the cells were 1 ml stain
buffer (with 0.1% BSA) and counted. The viability of
cells in all samples assessed >80%. Cells for all samples
were labeled with sample tags (BD Human Single-Cell
Multiplexing Kit, USA), counted and multiplexed, ready for
single-cell capture. Single-cell capture and cDNA synthesis
were performed by the BD Rhapsody Single-Cell Analysis
System (BD, USA), according to the manufacturer’s
recommendations. Libraries were sequenced on multiple
runs of Illumina Next-Seq.

Unsupervised clustering of cells and t-distributed Stochastic
Neighbor Embedding (tSNE)-visualization

With the data of SC-sequencing, unsupervised clustering
of cells was performed with R (Seurat package version 2.2).
Genes were filtered out if these expressed in less than two
cells. Cells with >200 genes and <10% of mitochondrial
genes were further processed. Then, Seurat arithmetic
was used to calculate the variation coefficient of genes.
Based on the first 1,500 highest alterable genes, principle
part analysis (PCA) was used to perform dimensionality
reduction of all data. A k-nearest neighbor graph was
executed with Euclidean distances in the space of the
first 10 significant principal components. The Louvain
Modularity optimization algorithm clustered the cells in the
picture, and then the results of unsupervised clustering were
visualized by using tSNE project. Cells with high expression
of hemoglobin were abandoned.

Identification of marker genes and cell-type annotation

Differential expression of every cluster was calculated
by using the ‘bimod’ test as implemented in Seurat Find
Markers function. Genes were found as marker genes
when these were with a log2 average differential expression
0.585 and P<0.05. Canonical markers of known cell types
annotated cell clusters.

Hallmark signal pathway analysis

The hallmark gene sets were downloaded from the
Molecular Signature Database, which was publicly available.
The activity of the signal pathway for each cell was scored
by using gene set variation analysis (GSVA) methods follow

Ann Transl Med 2020;8(4):125 | http://dx.doi.org/10.21037/atm.2020.02.35



Annals of Translational Medicine, Vol 8, No 4 February 2020

a standardized strategy. The difference of pathway in two
groups was calculated using a t-test. P value <0.05 was
considered significantly different.

Statistical analysis of population shifts

The percent composition of cell types altered significantly
in samples was evaluated using the Benjamin-Hochberg
correction and nonparametric Kruskal-Wallis with Dunn’s
multiple comparisons test.

Clinical data statistics

Every donor (including 4 normal controls and 7 patients
with sepsis) was treated as a separate analytical unit, all
clinical results shown in this paper were presented as mean
+ SEM, and then differential analysis was performed with
t-test by using GraphPad Prism 7. It was considered a
significant difference when P value <0.05.

Results

Single-cell transcriptome profiling of PBMCs comparing

control and sepsis

"To characterize the cell types and gene expression profiles
of PBMCs in sepsis, the PBMCs were isolated from
7 septic patients (SP1-SP7) and 4 controls (2 donors
combined into 1 sample, total 2 samples for sequencing,
CT1-CT2), and then theses samples were analyzed by
single-cell RNA sequencing technology (BD Rhapsody)
(Figure 1A4). The total numbers of recovered cells were
26,674, including 3,183 for controls and 23,491 for
septic patients, with the normal range of median gene
(Figure 1B). Based on expression profiles, PBMCs were
clustered for 9 cellular compositions shown by t distributed
stochastic neighbor embedding (tSNE); every cell fraction
was represented by bar plot (Figure 1C). All cells were also
differentiated by the disease status (control and sepsis)
to show the alterations of cell clusters driven by sepsis
(Figure 1D). We identified 6 major cell types, including: B
cells (MS4A1+), DC cells (CD11b+), Monocyte (CD68+),
natural killer cells (CD3D- and NKG7+), natural killer
T cells (CD56+), T cells (CD3D+) (Figure 1E). In a
word, the PBMCs from sepsis and controls were profiled
comprehensively by single-cell transcriptomes, the consists
of cells that were defined for 6 clusters which were not

library-specific.
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The alterations of T cell subsets in sepsis-related
transcriptomic signatures

T cells were a huge cell type and seemed to be able to
be clustered into more subsets (Figure 1C). To further
understand the specific population shift of T cells, we
extracted all the T cells from control and sepsis by using
the Seurat R package. T cells were clustered into 2 subsets
(cytotoxic T and helper T) (Figure 24). There was no
significant difference between normal control and sepsis in
the expression distribution of representative selected genes
(Figure 2B). Compared the top differential genes between
controls and patients, we found RPS26, HLA-C, RBM38
etc. were down-regulated and TXNIP, PPDPF, PINM?2
et al. were highly expressed in sepsis relative to control,
shown a broader alteration in gene expression induced by
sepsis (Figure 2C). To evaluate the distinctive biological
properties between normal and septic T cells, we performed
GSVA to analyze the hallmark signal pathway. Sepsis driven
T cell was different from normal in representative pathways,
for example, contrasting T cells from sepsis versus control,
both estrogen response, p53 pathway and apoptosis were
enriched, but IL-6 pathway was significantly inhibited
(Figure 2D). Together, T cells could be further clustered
into cytotoxic T and helper T whose population was
nearly identical in normal, and sepsis, the gene expression
and signal pathway of T cell of sepsis were different from
normal.

Sepsis drove the alterations of monocyte subsets in single-
cell transcriptomics level

We further clustered monocyte into 6 subsets, and then
assessed the septic influence on monocyte. Compared with
control, the expansion of 5 monocyte subsets was significant
in sepsis, including CD14+NEAT1+SELL+ monocyte,
CD14+NEAT1+CCR1 monocyte, NEAT1+CD163+
monocyte, CCL3L1+ monocyte, CD16+ monocyte, while
the alteration in cluster distribution of macrophages was
obvious without remarkable quantity variance in control
and sepsis (Figure 34). CD14, S100A8, and SI00A9 were
abundantly expressed in both normal and sepsis-driven
monocytes, showing a classical profile of monocyte in
transcriptional level (Figure 3B). Also, HLA-DRBI and
HLA-DRA were significantly down-regulated in sepsis-
driven monocyte compared with normal, which hinted the
immune failure of monocytes (Figure 3B,C). Inflammation-
associated proteins were acutely activated and increased in
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Figure 1 The transcriptomes profile of PBMCs from controls and septic patients at a single-cellular level. (A) Schematic showing the
transcriptome experiment of PBMCs; (B) the number of cells and the median number of genes that passed quality filtering (2 control
samples, CT1-CT2; and 7 septic patients, SP1-SP7); (C) tSNE plot visualization of PBMC:s indicates 6 cell types (left) and bar plot showing
cell fractions in normal control and septic patients (right); (D) the subject of normal origin control and patients with sepsis displayed by a
distinct color; (E) expression levels of established cell markers shown by two-dimensional tSNE visualization. PBMCs, peripheral blood
mononuclear cells; tSNE, t-distributed Stochastic Neighbor Embedding.
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Figure 2 Single-cell analysis of T cells. (A). Two-dimensional tSNE visualization of 2 clusters of T cells, distinct colors represent different

clusters (cytotoxic T and helper), (Top and Bottom) show controls and sepsis, respectively; (B) the expression distribution of representative

selected genes associated with T cells in control and sepsis, shown by Violin plots; (C) heatmap represents the top differential genes

expressed in T cells from control and sepsis, 20 genes were highly expressed in the normal group, and 20 genes were highly expressed in

sepsis; (D) bar plot of the differences in the signal pathway between normal and sepsis-induced T cell. Shown in t-statistics, results from

the GSVA score comparison tests comparing sepsis with controls. tSNE, t-distributed Stochastic Neighbor Embedding; GSVA, gene set

variation analysis.
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Figure 3 Single-cell analysis of clusters of monocytes cells. (A) Two-dimensional tSNE visualization of 6 clusters of monocytes cells,
different colors represent different clusters (CCL3L1+ monocytes, CD14+NEAT1+CCR1+ monocytes, CD14+NEAT'1+SELL+ monocytes,
CD16+ monocytes, monocytes/macrophage, NEAT 1+ CD163+ monocytes/DC), (top and bottom) show controls and sepsis respectively;
(B) the expression of representative selected genes associated with monocytes cells in control and sepsis, shown by Violin plots; (C) heatmap
represents the top differential genes expressed in monocytes cells from control and sepsis, 20 genes were highly expressed in the normal
group, and 20 genes were highly expressed in sepsis; (D) bar plot of the differences in the signal pathway between normal and sepsis-
induced monocytes. Shown in t-statistics, results from the GSVA score comparison tests comparing sepsis with controls. tSNE, t-distributed
Stochastic Neighbor Embedding; GSVA, gene set variation analysis.
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septic monocytes, such as CCL3, IL1B, CCL4, NLRP3
(Figure 3D). Similarly, inflammation-associated pathways
(IL-6 signal pathway and complement response etc.)
were enhanced in monocytes from sepsis. Meanwhile,
the apoptosis of monocytes was activated, and oxidative
phosphorylation was inhibited distinctly (Figure 3D).
Interestingly, the androgen response was also obviously
decreased (Figure 3D).

The monocytes from sepsis were clustered into
6 subsets, and most of those were proliferated mightily
(Figures 34,44). It was worth studying in detail the
alterations of each subset in all samples individually. The
proportion of cells in the 6 clusters fluctuated wildly
in sepsis (Figure 4B). In contrast to other subsets, both
cluster 8 (monocytes/macrophage) and cluster 11 (CD16+
monocytes) were striking. We respectively compared
the significant gene signatures of cluster 8 and cluster
11 between normal and sepsis, to assess their distinct
biological properties driven by sepsis (Figure 4C,D). It
was worth noting that both HLA-DQB1 and HLA-DRA
were down-regulated in a total of 7 sepsis compared with
control (Figure 4C). Here, CCL family (CCL4L, CCL3,
CCL4, CCL3L) was increased in sepsis compared with
normal, but the difference of their expression level in
7 sepsis patients was prominent (Figure 4D). Besides,
the expression of TNF was significantly up-regulated in
patients related to control, which was highly consistent
in all sepsis samples (Figure 4D). Hierarchical clustering
analysis revealed that there were significant differences
in representative signaling pathways among 6 subsets
of sepsis-driven monocytes, for example, cluster 5 was
activated while both cluster 3 and cluster 7 were inhibited
mightily in most of the typical pathways (Figure 4E).

In summary, the monocytes were further clustered into
6 subsets, which proliferated mightily and were altered in
biological properties driven by sepsis.

The correlation between septic indexes and clusters of
monocytes

To study the association between septic indexes and
monocytes, we performed a Spearman’s rank correlation
analysis. The proportion of cluster 7 and cluster 11
in PBMCs was significantly positively correlated with
NEWS Score first day in ICU and PaO?/FiO” first day in
ICU, respectively (Figure 54). Moreover, it was proved
in detail the correlation between clinical indicators and
the expression of representative genes in clusters of septic
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monocytes (Figure 5B).

Discussion

In this current paper, we collected PBMCs from donors and
sepsis patients, and then analyzed the alterations of PBMCs
in function and composition driven by sepsis by single-cell
transcriptomic sequencing based on BD Rhapsody. PBMCs
were divided for 6 kinds of cell types, including B cell, DC,
monocytes, NK cell, NKT cell, and T cell. We further
analyzed the alteration of T cells and monocytes driven by
sepsis. Notably, monocytes could be clustered into 6 subsets
in a detailed manner (CD14+NEAT1+SELL+ monocyte,
CD14+NEAT1+CCR1+ monocyte, NEAT1+CD163+
monocyte, CCL3L1+ monocyte, macrophage, CD16+
monocyte), most of them were proliferated in sepsis.
The biological properties (population migration, genes
expression, signal pathways) of T cell and monocytes were
showed, most of which were associated with immunity and
inflammation. Finally, we found that the expression of some
representative genes in clusters of monocytes was highly
associated with septic clinical indexes.

Sepsis is a critical condition caused by infection with
unknown etiology and rapid progression, which is one
of the deadliest diseases in ICU (1-3). PBMCs are the
general term of mononuclear cells in peripheral blood,
as an important component of the immune system, are
widely involved in inflammation and immune processes
caused by various causes (7-9). Sepsis can alter the
biological characteristics of PBMCs, and the imbalance of
PBMCs homeostasis is also the main cause of sepsis (1).
The population of the T cells does not fluctuate wildly
in the septic process (21), which was verified (Figure 1C).
Immunosuppression is the noble cause of death in
septic patients, and T lymphocyte exhaustion is its main
characteristic (22). We observed that the p53 pathway and
apoptosis were activated in septic T cells; in addition, as
an inhibitor for proliferation and differentiation of T cell,
estrogen response was tempestuously enriched driven by
sepsis (23), all the evidence above pointed to subsequent T
cell exhaustion. Immunosuppression of monocytes is a noble
cause of the development of sepsis, which was suggested by
HLA-DR reduction (12-14). We found down-regulation of
HLA-DR was detected in both total monocytes (Figure 3C)
and cluster 8 (Figure 4C) in sepsis compared with control,
but this phenomenon could not be repeated in cluster 11
of monocytes (Figure 4D). The six clusters of monocytes
shown great heterogeneity in cell proliferation and the
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Figure 4 The alteration of monocytes clusters in gene expression and signal pathway. (A) tSNE visualization of monocytes, different
colors represented 6 clusters [cluster 3 (CD14+NEAT1+SELL+); cluster 5 (CD14+NEAT1+CCRI1+); cluster 6 (CCL3L1+); cluster 7
(NEAT1+CD163+); cluster 8 (macrophage); cluster 11 (CD16+)], similar to the original clusters. Right (top and bottom) shown normal
control and sepsis patient, respectively; (B) bar plot of the percentage of clusters in PBMCs; (C,D) heatmap represents the top differential
genes expressed in cluster 8 and cluster 11 of monocytes from every sample (2 control-mix and 7 septic patients), 20 genes were highly
expressed in the normal group, and 20 genes were highly expressed in sepsis; (E) hierarchical Clustering analysis of differential signal

pathway in 6 clusters of monocytes, red and blue represent enhancement and inhibition of pathway activity, respectively. tSNE, t-distributed

Stochastic Neighbor Embedding; PBMCs, peripheral blood mononuclear cells.
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Figure 5 Association between septic clinical indexes and clusters of monocytes in sepsis. (A) Correlation between clinical indexes and

percentage of clusters in PBMCs; (B) correlation between clinical indexes and representative genes expression in cluster6, 7, 8, 11.

Spearman’s rank performed correlation analysis (adjusted P<0.05); red and blue represent positive and negative correlations, respectively.

PBMC:s, peripheral blood mononuclear cells.
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signaling pathway is driven by sepsis (Figure 4B,E), which
suggested that the function and biological characteristics
varied greatly in different subsets of monocytes. More
attention should be paid to the heterogeneity of immune
cells in the future research and treatment of sepsis.

We further analyzed the correlation between the
representative genes profile in clusters of monocytes and
clinical indicators of patients. The expression of some
genes was high-associated with septic clinical indexes,
which suggested the possibility of finding a new target for
diagnosing or treating sepsis by single-cell sequencing. This
idea is novel and requires much further research.

Unexpectedly, LncRNA, such as NEAT'1 (Figure 3B),
MALAT1, and LINCO01871, were covered in Monocytes,
DC, and other cells (cluster 7, defined as NEAT1+CD163+
monocytes/DC; cluster 17, NEAT1+CD1c+DC). High
expressed NEAT'1 in sepsis was sporadically reported
(24,25) suggested a diagnostic biomarker of sepsis and
involved NF-kB proinflammation signal pathway. In this
study, we showed a raised NEAT1 at least in four clusters
of mononuclear cells especially Monocytes and DC, implies
a positive function in differing of monocytes. Firstly, we
confirmed the primary sub-group expressed NEAT'1 are
monocytes and differed cells derived monocytes using
single-cell transcriptome sequencing technology. And
a potential role of NEAT in sepsis was explained via
correlation analysis with clinic indexes like PaO,/FiO,,
Serum Creatinine and APACHE II Score etc. in cluster 7.
Deeply cogitation about NEAT'1 mechanism in monocytes
differing via spongy reacted with mRNAs or co-forced with
proteins will be essential next work.

In conclusion, though this article was not deeply
researched, our single-cell data uncovered detailed
biological properties of PBMCs from septic patients
in terms of gene profile and signal pathway signatures,
providing insights about etiology and potential treatment of
sepsis.
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