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Purpose: As a crucial aspect of emergency critical medicine, sepsis has been in a difficult stage. As its ”preparatory stage”, SIRS has
attracted the attention of the medical workers all over the world. The frequency of occurrence is on the rise, but there is a lack of
certain indicators for the timely detection and recognition of illnesses.

Methods: By virtue of scRNA-seq, this research has analyzed single-cell transcriptome data from samples taken from groups with
septic death and systemic inflammatory response syndrome so as to identify the unique markers and patterns in immune response.
Results: By revealing the status of twelve cell clusters of four major cell types in blood samples through UMAP cell clustering and
the differences of major cell populations between the dead and SIRS patients, the results have elucidated the components of different
cells and their marker genes in two disease states, and the response mechanism beneficial to disease diagnosis in blood samples.
Conclusion: By establishing a theoretical framework centered on cellular and molecular regulation, the study has introduced a novel
approach for diagnosing and treating sepsis death group and SIRS patients early, as well as differentiating and preventing these conditions.
Keywords: sepsis, SIRS, single cell sequencing, biomarkers, single cell transcriptome

Introduction

The clinical features of sepsis patients are dis-responsive to external infectious factors and subsequent life-threatening
complications.' Although there is a significant improvement in treatment for sepsis, including early identification of
targets and disease-oriented approaches, its mortality rate is still high,” which is caused by the lack of acupuncture for
early identification of sepsis and the very effective treatment.** Therefore, how to enhance the early diagnosis of sepsis is
of great importance. To minimize the risk of adverse outcomes, namely progression or death, researchers have proposed
the use of “biomarkers” that help diagnose sepsis.”® According to the definition provided by the National Institutes of
Health (NIH), biomarkers refer to considered objective “indicators” that can indicate the presence of a disease as well as
determine the response to a particular therapeutic agent.”

Single-cell sequencing technology has undergone unprecedented changes in the past decade, whose technical data are
gradually being used in various fields.® The simplified approach to SCS has become easier to use because of the rapid
pace of globalization. Compared with the traditional “batch” DNA-seq and RNA-seq methods, the SCS method has the
obvious advantage, that is, only it can provide the mixed signal sources of multicellular type and fusion changes of
multiple confounding genotype tumor clones.’

In the past, the studies on expression profiling of host genes relied on whole blood to characterize diagnostic or
prognostic gene features.'® ' It’s a method of collecting transcriptome signals from many different cell types but may
not detect features of rare cells or recognize characteristics of cell type-specific disease.'* In order to address these
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constraints, this paper has analyzed the immune cell status in the bloodstream of patients with sepsis by utilizing a gene
expression profile at the single cell level.

By generating single-cell transcription profiles from septic deaths and systemic inflammatory response syndrome with
the same scRNA-seq technique, this study has intended to elucidate the major cell populations by UMAP cell clustering.
Founded on the identification of differences in marker genes, it then screened out new marker genes and analyzed the
inflammatory cells in groups, so as to obtain information about the cell population and construct a single-cell map of
blood. The research is anticipated to offer novel diagnostic concepts and treatment strategies for the early detection,
recognition, prevention and management of illnesses.

Materials and Methods

Source of Data

The transcriptome sequencing data from individual cells were collected from blood samples of five patients who were
hospitalized in the Emergency Intensive Care Unit at Southwest Medical University Affiliated Hospital in
December 2019. The inclusion criteria are as follows. 1. It should meet the definition of sepsis 3.0 and the diagnostic
criteria issued by the Society of Critical Care Medicine (SCCM) and the European Society of Intensive Care Medicine
(ESICM), which emphasize that sepsis is a life-threatening organ dysfunction caused by a dysregulated host response to
infection. Specifically, after infection, the presence of organ dysfunction, quantified by an increase of 2 points or more in
the Sequential Organ Failure Assessment (SOFA) score, encompasses respiratory, cardiovascular, hepatic, renal, coagu-
lation and central nervous systems. 2. In the study of sepsis, sample selection typically requires consideration of key
factors such as age and gender to ensure the research is both comprehensive and representative: () Age range. Given the
characteristics of patients admitted to this institution, the age range is between 16 and 70 years old; (2) Gender balance.
To analyze the impact of gender differences on the incidence and prognosis of sepsis, sample selection should strive to
maintain a balanced gender ratio. It helped to reveal the various manifestations and outcomes of sepsis in males and
females because some studies have suggested that clinical features, treatment responses and prognoses of sepsis may vary
by gender; (3 Control group. The healthy control groups should be closely matched with sepsis patient groups in terms
of age, gender and baseline health to minimize selection bias. The study should exclude individuals with significant
health issues to accurately reflect the impact of sepsis on health. Besides, the Charlson Comorbidity Index, a tool for
assessing chronic disease burden and other comorbid conditions, was applied to control potential confounding factors.
There was a sufficient sample size to calculate statistical power for detecting expected effect sizes, especially when
exploring gender differences or other subgroup analyses. The exclusion criteria for non-eligible patients include non-
bacterial infections; failure to meet sepsis definitions, typically based on the latest international consensus such as the
“sepsis-3.0” definition; short hospital stays after sepsis diagnosis; specific disease states like malignancies, hematologic
disorders or autoimmune diseases; incomplete data, like PCT levels or other critical laboratory results; poor adherence to
designated treatment protocols; and other clinical conditions such as pregnant women, patients with end-stage multi-
organ failure, and those with poor treatment adherence due to their special circumstances or research risks. All subjects or
their legal representatives were willing to participate in the study after signing the informed consent.

Preparation and Sequencing of Single Cell Library

By encapsulating beads with Cell Barcodes and cells in droplets, capturing droplets with cells and lysing cells within the
droplets with microfluidic technology, the 10x genomics platform has enabled the connection of mRNAs in cells with
Cell Barcodes on the beads to create Single Cell GEMs. The droplets have been employed to carry out the reverse
transcription reaction for creating a library of cDNAs, with the sample index on the sequence library used to identify the
source of the target sequence.

|0x Sequencing Data Preprocessing
As per information from 10x Genomics, visit https //support. 10xgenomics. com/single-cell-gene-expression/software/
pipelines/latest/what-is-cell-ranger. The raw sequencing data has been analyzed using CellRanger v2.2.0 software.
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Simply put, the “cellranger mkfastq” function has first been used to convert the sequencing raw BCL file to an FASTQ
file, which has been processed by virtue of the ‘cell ranger count’ wrapper function. In addition, the sample has been
resized with the ‘-force-cells’s 7000’ argument. The cell cursor counting function has employed the wrapped STAR
software to compare sequences to the reference genome. The output file has contained the gene expression matrix and
barcode information for the CellRanger pipeline, which is then utilized for downstream visual analysis.

Characteristics of Cell Clusters

The 10x genomics official software Cell Ranger has been used for quality control of samples, with the integration of the
STAR'® software. Based on the comparison of the reads to the reference genome, the quality control results have been
obtained from the original data, encompassing the high-quality cell number, gene number and genome comparison rate,
in order to assess the quality of each sample. As for cell clustering, refer to the https://satijalab.org/seurat/. Moreover, the

CellRanger-generated “filtered gene bc matrices” has been employed as the input file for Seurat. The quality control
criteria are as follows: elimination of cells with fewer than 200 genes, less than 1000 UMIs, log1 0GenesPerUMI below
0.7, mitochondrial UMI proportion exceeding 10%, and red blood cell gene proportion surpassing 5% to identify high-
quality cells. Subsequently, the DoubletFinder software has been utilized for double cell elimination and subsequent
analysis. Following normalization, the genes specific to each dataset have been computed for the subsequent clustering
analysis.

Initially, the MNN algorithm has been utilized to remove the batch effect by identifying mutual nearest neighbors.
Next, the UMAP algorithm has been applied to visualize the single-cell cluster founded on the dimension reduction
outcomes from MNN. The clustering algorithm has adopted SNN (spatial clustering algorithm based on sharing the
nearest neighbor density) to finally get the optimal cell cluster. The number of cell clusters can be adjusted by setting the
resolution parameters. In the later stage, it is decided whether to adjust the clusters according to the cell type
identification. Generally, the default is resolution = 0.4.

In order to evaluate the quality of duplicate samples or their individual differences, the different cells between
a variety of groups are assessed for further analysis.

To identify the specifically expressed genes in the cluster, this study has adopted the presto test method to test the
differences between the designated cell populations and all other cell populations. To identify all maker genes in each cell
population, the screening criteria are set as follows: Logfc. threshold had to be above 0.0 and min.pct (the percentage of
genes expressed in all cells) had to exceed 0.25.

In order to comprehensively examine the cell clustering and the development of downstream differentiation paths,
this paper has utilized the SingleR'® tool to label the cells with a shared dataset. The FindMarkers function of the Seurat
package has been employed to screen all cells in each sample group for differentially expressed genes between groups.
Moreover, the default presto difference test from an opensource software library has been adopted to enhance the data
analysis speed in bioinformatics.

Enrichment Analysis of Constructed Marker Genes
The hypergeometric distribution test has been utilized to determine whether the function set was significantly enriched in
the list of differential protein coding genes, which have been selected from a background list of all protein coding genes.
Then, the resulting p value has been adjusted with the Benjamini & Hochberg multiple tests to obtain the value.
KEGG'” serves as the primary public repository for Pathway information. Pathway analysis (combined with KEGG
annotation results) of differential protein encoding genes has been performed by KEGG database, and the significance of
differential gene enrichment in each Pathway entry has been calculated by hypergeometric distribution test.
The STRING https:/string-db.org/'® refers to a database of functional correlations between protein predictions.

Genomic correlation between protein encoding genes can frequently indicate functional linkages. Genes required for
specific functions typically exhibit comparable species coverage, which are closely situated in the genome (especially in
prokaryotes) and are prone to cause gene fusion. As a precomputed global resource, the STRING database has been
adopted to browse and analyze these dependencies. The analysis has been enhanced by utilizing the STRING database to
identify the interaction patterns among different genes and create a network diagram.
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Visualization analysis of single-cell localization the cell-line localization of single target gene has been detected by 10x
scRNA-seq technique, whose particular procedure has been carried out in accordance with the company’s operational
guidelines. The collected blood samples have been subjected to high-throughput sequencing after mixing to generate raw
data in fastq format. The quality of the raw data has been assessed using the official CellRanger software from 10x genome.
The Seurat software package has been utilized for additional data quality control after visiting 10xgenomics.com/single-cell-
gene-expression/software/pipelines/latest/what-is-cell-ranger. Gene expression data has been used to conduct linear dimen-
sionality reduction analysis, which has then been visualized in two dimensions using TSNE. FindAllMarkers function has
been employed to identify marker genes, while VInPlot and FeaturePlot function to identify specific genes. SingleR software
can determine the correlation between cell expression profiles and reference dataset to create a sepsis-related single-cell library
by assigning the most correlated cell type. The main gene identified in the previous research has been encompassed in a single-
cell library to investigate the positioning of the specific genes within the cell line.

External Validation

To validate the study, five datasets—GSE6525, GSE12624, GSE28750, GSE63042, and GSE74224—have been down-
loaded from the GEO database. These datasets consist of the samples from 20, 36, 12, 28, and 22 sepsis patients, as well
as 10, 127, 12, 83, and 102 healthy individuals, respectively. After assessing the differences between the two groups, the
box plots of hub genes have been generated based on R to verify the differential expression of core genes between sepsis
patients and healthy individuals.

Statistical Analysis

The data has been analyzed and visualized according to the r4.1.0 and SPSS 26.0 statistical software. A ¢-test has been
employed to calculate the differences in critical gene expression between sepsis and healthy samples. A P-value <
0.05 has been considered statistically significant (*P < 0.05, **P < 0.01, ***P < 0.001).

Results
Single-cell data sequencing and overall technical route in Figure 1.

Single-cell sequencing data

|

Data Quality Control

|

Gene Expression Normalization

Gene Expression Analysis Analysis of Cellular Heterogeneity

~ Dimensionality Reduction and Cluster

Differential Gene Analysis C:l Analysis

Marker Gene Identification

Enrichment Analysis K— (=] Cell Type Identification

Figure | Single cell sequencing analysis process.
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Exploration of individual cell transcriptomes and analysis of cellular clustering.

A pie chart has displayed the nGene, nUMI, log1 0GenesPerUMI, percent mito, and percent HB of each cell before
and after quality control according to the quality control criteria in Figure 2A. In this study, the blood cells have been
divided into 12 main types according to the results of dimension reduction clustering in Figure 2B. The cluster structure
between the systemic inflammatory response syndrome group and the sepsis death group has been similar and the cells
have been relatively concentrated in Figure 2C. According to the sample proportion the histogram in each cell population
has indicated that SIRS mainly concentrated in clusterl, cluster3, cluster7, cluster9, and the sepsis death group mainly
concentrated in cluster5, cluster6, cluster10, clusterll, cluster12 in Figure 2D.

Display of cell dimension reduction clustering grouping among samples.

Before clustering quantitative results of single-cell transcriptome, it is generally necessary to extract new dimen-
sions from tens of thousands of genes through dimension reduction and use the data represented by the new
dimensions. On the one hand, the data information in the sample can be retained to the maximum extent. On the
other hand, there is the redundancy. The data can be effectively reduced, so as to improve the efficiency of subsequent
clustering operation.

M Total_cells_beforeQC B Total_cells_afterQC

B Total_cells_after_rmdoublets M nFeature_RNA_min 1-4631 cells

2-4243 cells

B nFeature RNA_max B nCount_RNA_min
3-4192 cells
H nCount_RNA_max B log10GenesPerUMI_min 4-3497 cells
M log10GenesPerUMI_max percent.mito_min 5-2940 cells
6-2680 cells
H percent mito_max percent HB_min

7-2425 cells
8-1849 cells
9-1298 cells

10-756 cells
11-729 cells

12-215 cells

B percent HB_max

@ns

group

NS
SIRS

@sirs

Proportion (%)

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10C11C12

Figure 2 (A) Samples are analyzed after QC, and different colors and areas represent different QC contents before and after QC. (B) Blood samples are grouped by major
cell type. A variety of hues indicate the distinct groups, while the diverse areas signify various cell types and quantities. (C) The samples are classified into different color
clusters. (D) Information on cell number distribution in different cell populations.

Abbreviations: NS-, Non-survival group in sepsis; SIRS, Systemic Inflammatory Response Syndrome.
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In general, the similar cells have similar gene expression profiles, so they can be clustered together according to the
gene expression results of each cell to form a cell population. Based on this, in the present study, the cells have been
divided into twelve cell populations by dimensionality reduction clustering, among which the cell types with reference to
B_cell, Monocyte, T cells, NK_cell, etc., as shown in Figure 3A and B. The histogram has been utilized to reveal the
proportion of different cell communities in the two groups respectively. Specifically, the highest proportion in the NS
group is cluster6; in the SIRS group, the highest proportion is clusterl and cluster3, as shown in Figure 3C.

Sequencing Analysis of Raw Data
The comparison of gene distribution between the two groups has been examined using a volcano plot, with criteria set at
P < 0.05 and FC = 1.5 in Figure 4A. The Deps has then been submitted to the STRING https://stringdb.org online
platform to build a P < 0.05 in Figure 4B.

The data can be effectively reduced, so as to improve the efficiency of subsequent clustering operation.

Identification of marker gene. The designated cell population has been compared to all other cell populations
according to the presto test method under the screening conditions in which the log2FC. Threshold was above 0.0 and
the min.pct was above 0.25. This has resulted in the identification of all marker genes in each cell population in Figure 5.

Differential Gene Enrichment Analysis

The analysis of functional enrichment in GO for marker genes has indicated that these genes were primarily associated
with immune inflammatory response, cell metabolism, cell secretion and cell activation. Predominantly situated on the
extracellular region’s biofilm, they can facilitate cell cross-linking and information exchange in Figure 6A. KEGG
functional pathway analysis, mainly related to infectious disease signal transduction, has been mainly reflected in
inflammatory immune pathway. However, few have involved in tumor immunity and cell growth and death pathway
in Figure 6B.

Visualization Analysis of Single Cell Localization

In Figure 7A, the x-axis represents the gene name and the y-axis represents the number of cells in the population after
analyzing single cell located on https//cloud.oebiotech.com/task/. A larger dot indicates a higher percentage of cells
expressing the gene. The color gradient from blue to red signifies the increased gene expression. The genes of LILRB2,
PSAP, S1I00A11, LST1, S1I00A8, SERPINA1 and IFI30 in the top 20 are predominantly expressed in cell lines three and
five, with significantly higher expression compared to other cell lines. In Figure 7B, a cell is represented by a dot in the
key, with the color changing from blue to red to show the level of gene expression in the cell. In the graph, the x-axis
represents the number of cells, while the y-axis shows the normalized gene expression value. Notably, the levels of
LILRB2, PSAP, S100A11, LST1, S100A8, SERPINA1 and IFI30 are much greater compared to other cell lines in
Figure 7C.

Survival Curve Analysis

The diagnostic value of marker genes in sepsis death group and SIRS has been explored. LILRB2, PSAP, S100A11,
LSTI1, SERPINA1 and IFI30 had higher survival rate in the over-expression samples, and SI00A8 had a higher survival
rate in low-expression samples in Figure 8A—G.

ROC Curve Analysis

The x-axis and y-axis of the ROC curve represent the sensitivity and specificity, respectively, with a larger AUC
indicating a more accurate diagnostic model. As illustrated in Figure 9A—G, based on the GEO database website, the
clinical diagnostic curve analysis has been conducted based on datasets GSE28750, GSE63042 and GSE74224. The
results, as shown in the figure above, have demonstrated that the seven genes, likeLILRB2, PSAP, S100A11, exhibit
favorable diagnostic sensitivity and specificity, with all AUC values exceeding 0.600. These genes can be utilized to
assess the quality of predictive models.

1820 https: Journal of Inflammation Research 2025:18


https://stringdb.org

Shen et al

© o~ W=

—
- O

000000 000000

—
N

Monocyte

T _cells

NK_cells

(.
3 1
(I
[

B_cells

group

Cluster1

Cluster2

Cluster3

Clusterd

Cluster5

Clusteré
i

Cluster7
Cluster8
Cluster9
Cluster10
Cluster11
Cluster12

Proportion (%)
g
1

100 —
25
el

NS SIRS
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1822 https://doi.org/10.2147/JIR.S448900 Journal of Inflammation Research 2025:18



Shen et al

MT2A \

FCERIG || J f L }T ‘ L
QLT LT |H|\||||||H||H|‘1| \‘]”l MO 0

S100A8

TMEM1768
G 001D WM S AR RS 1 I
TerrL2 [ \ | i \
(LA 01RO 1[4 ]

DENND5A 1

RNF1448 \

soonts LUV RTERATEE T DR PR R
TIMP1
e i !MF"MW'TP"‘H“ ‘"rr'm"r'm---

PSAP {1 1l

LILRB2

$100A12 |

= MU H"H-

cras [ \IIIIHIIIII 0 II\II
RNF125
enorsc. (NI
ccLs [l |
GNLY
SKAP1
IL7R
CDK17
SYNE2
BCL2
CCSER2
CXCR4
cD247
PARP T
KLF12
SLC38A1 |
SYTL3
A2M
AUTS2

AC114760.2
ZFP36L2

Identity
* NS
e SIRS

Figure 5 TOP20 gene identification. The abscissa is different grouping information and the ordinate is maker gene. High expression is exhibited by red in the Figure 5, while
low expression by blue.
Abbreviations: NS, Non-survival group in sepsis; SIRS, Systemic Inflammatory Response Syndrome.

External Validation of Core Genes

The previous biological analysis results have been validated according to the sepsis datasets of GSE6525, GSE12624,
GSE28750, GSE63042 and GSE74224 from the GEO database. It has found that, in the GSE6525 dataset, the expression
levels of LILRB2, S1I00A8 and S100A11 were significantly higher in sepsis patients compared to those in normal
subjects (p < 0.0001), along with PSAP, S100A11, LST1, SERPINAI, IFI30 and S100A8IFI30. Similarly, in the
GSE12624 dataset, the expression levels of SI00A8 were significantly elevated in sepsis patients compared to those
in normal subjects (p < 0.0001), which has confirmed these findings in Figure 10A-G.

To comprehend the immune condition of SIRS or non-surviving sepsis based on clinical status, this study has
conducted a retrospective analysis of single-cell PBMC sequencing in two hospitalized patients with gram-negative
sepsis, one patient diagnosed with SIR and two healthy volunteers. Two individuals who had been hospitalized as
patients successfully recovered and were released from the hospital. But the one patient did not survive. Sepsis survivors
and non-survivors were preliminarily distinguished according to clinical parameters such as SOFA and APACHE scores,
as well as the SIRS group in Table 1.

Discussion

In emergency intensive care units, sepsis has become a serious threat to human life and health. The number of patient
deaths per year cannot be underestimated.'® Sepsis has brought a heavier medical and financial burden than other patients
such as SIRS.?” Therefore, in the early identification of the disease progression process, blocking the progression of
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disease has become a great tool to reduce the risk of sepsis death. Notwithstanding, the task of finding new diagnostic
and prognostic markers has still remained daunting.

Using scRNA-seq, this study has generated the four primary single-cell transcriptome profiles from blood samples of
sepsis patients in the NS and SIRS categories. UMARP cell clustering has been adopted to reveal the distinctions between
the two primary cell groups. The groups of samples have been analyzed to gather information on cell grouping and create
a blood cell map consisting of individual cells. Next, the data on macrophages has been collected and analyzed to
investigate how their involvement may impact the onset and progression of diseases. Further, the comparison between
death group and SIRS group has helped to clarify their differences and the impacts of gene expression in “inflammatory
storm” cells, so as to obtain the highly expressed differential genes in sepsis death group. Furthermore, the enrichment of
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Table | Displaying the Attributes of Non-Septic Participants and Septic Individuals Upon Sepsis

Identification.

Healthy Control Sirs Sepsis Survivor or Nonsurvivor
(n=2) (n=1) (n=2)

Gender Male Female Female | Female Female

Age (years) 46 53 38 54 63

Sepsis etiology n/a n/a nla E.coli bacteremia K.pneumoniae

APACHEII n/a n/a 15 28 36

SOFA n/a n/a 4 18 25

Time of death n/a n/a n/a >28 4

(days post enrollment)

Abbreviations: Sirs, Systemic Inflammatory Response Syndrome; Non Survivor, None Survival; E.coli, Escherichia
Coli; APACHELI, Activated Partial Thromboplastin Time (s); SOFA, Sequential Organ Failure Assessment; N/A, No
Observable Differences.

function and KEGG signal pathway have been employed to elucidate the effects of inflammatory changes. It has provided
the basis for the follow-up intervention of genes. There are methods for determining cell-type identity in single-cell
sequencing clustering: (1) Based on common features, such as clustering after preprocessing and identification according
to cell-specific gene expression patterns, with the option of cross-reference with feature databases; (2) Utilizing marker
genes to identify clusters with high expression of specific genes for determination. For instance, CellBIC (Single-Cell
Bimodal Clustering) is a newly developed clustering tool that clusters founded on bimodal characteristics of gene
expression distributions, which can better preserve the hierarchical structure of cells to enhance the accuracy of cell-type
identification.?! Additionally, CIARA (Cluster-Independent Identification of Rare Alleles), with concentration on identi-
fying marker genes for rare cell types, is capable of directly discerning rare cell types from single-cell data without
relying on clustering.?

The potential for misclassification can lead to numerous consequences: () In terms of biological understanding, it can
disrupt the research on cell development because of the misinterpretation of cellular functions; (@) In disease studies, it may
result in misdiagnosis of disease types or even hinder drug development; 3 In data interpretation and subsequent research, it
can lead to uncertain conclusions. For instance, in the study of breast cancer, misclassification of stem cell states could cause
the erroneous assumptions about tumor origins, which may clinically impact the formulation of treatment strategies.*

Finally, with the continuous advancements in single-cell sequencing technology, the new analytical methods and tools
have been continually emerging to offer fresh opportunities of enhancing the accuracy of cell-type identification. For instance,
the combination of single-cell transcriptomic data with other types of data (such as spatial transcriptomics) can contribute to
a more comprehensive understanding of cell functions and interactions, thereby reducing the likelihood of misclassification.**

The twelve cell clusters and four major cell types have been identified from the blood cell data center by UMAP
cluster analysis. Immune cells are primarily categorized as T cells, B cells, plasma cells, macrophages, monocytes,
dendritic cells and mast cells. After dimension reduction and clustering in this research, a noticeable discrepancy in cell
community distribution has been observed between the sepsis death group and the SIRS group. Specifically, cluster 6 has
been predominantly found in the former, while cluster 1 and cluster 3 in the latter. Therefore, the blood sample tissues
between different groups have been explored through dimension reduction and clustering method to “visualize” the blood
sample tissues between various groups. Not only repeated samples of the same group, but also the quality or individual
differences of repeated samples in the group can be evaluated. In addition, samples of different groups and the cells
between groups can be assessed, so as to lay a foundation for further locking the genes of difference.

The marker genes play a role in distinguishing the varying levels of expression changes within the same gene across
different cell populations, by utilizing the presto test method to compare the specified cell population with all other cell
populations. The screening criteria are as follows: the Log2FC. threshold must exceed 0.25, which ensures each cell
population contains all marker genes. In the end, through enrichment analysis method, the functions of marker genes in
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the cells and their potential mechanism pathway have been identified, which can provide necessary help for the
subsequent identification of specific pathogenesis.

In clinical practice, the discovery of differential genes is primarily translated into clinical intervention strategies or the
identification of early sepsis.

Establishment of the Association Between Differential Gene Expression and Sepsis
Differential gene expression refers to the changes in gene expression levels under different conditions, such as between
healthy and diseased states. In sepsis, certain genes exhibit significantly different expression compared to those in normal
physiological conditions. For instance, genes related to immune response, inflammation regulation and cell apoptosis
may show upregulated or downregulated expression in septic patients;*

Methodology for Translating Discovery Into Early Detection Tools

This has involved the identification of specific gene combinations through large-scale gene expression analysis, so as to
pinpoint gene sets with distinctive expression changes during the early stages of sepsis. These gene combinations serve
as potential biomarkers. For instance, by analyzing gene expression profiles of blood samples from sepsis patients and
healthy controls, a set of genes highly or lowly expressed in the early stages of sepsis can be screened out, which can be
employed for the construction of detection model. If subsequent testing reveals that the expression of these genes in an
individual’s blood aligns with the characteristic pattern of early-stage sepsis, it can signal the potential for early
occurrence of sepsis;*® ) The dynamic monitoring of gene expression employs techniques such as real-time quantitative
PCR to continuously track the expression dynamics of specific genes in suspected patients. Since sepsis is a constantly
developing disease process, gene expression also changes as the conditions progress. Monitoring the dynamic expression
of genes closely associated with the early pathogenesis of sepsis (such as those related to inflammatory factors) can help
detect abnormal gene expression changes before symptoms manifest, so as to achieve early detection.

Pathways to Clinical Intervention
Drug Development Targets
(D Functional Changes in Differential Genes

If certain genes, which are associated with adverse disease progression (eg, genes promoting excessive inflammatory
responses), have been found to be highly expressed in sepsis, the proteins encoded by these genes can be targeted for
drug development. Developing the drugs that inhibit the functions of these proteins improves the condition of septic
patients by alleviating the inflammatory response. For instance, for inflammatory-related gene product over-expressed in
septic patients, small molecule compounds that can specifically bind to prevent the activity of this product can be
identified through computer-aided drug design and high-throughput screening, which can serve as potential therapeutic
agents. >

(@ Personalized Treatment Strategies: Guided by Gene Expression Profiling

Sepsis patients are categorized based on the variations in individual genetic expression. Patients exhibiting distinct
gene expression profiles may respond differently to various treatment modalities. For instance, certain gene expressions
indicate that individuals with heightened inflammatory responses may benefit from more aggressive anti-inflammatory
regimens. Conversely, those with severely impaired immunity revealed by their gene expression profiles might require
not only anti-infective treatments but also immunomodulatory therapies. This personalized treatment based on gene
expression can help reduce adverse reactions by enhancing the efficacy of the treatment.

LILRB2, also known as immunoglobulin-like transcript ILT4, monocyte/macrophage immunoglobulin-like receptor
MIR-10, or CD85d, is viewed as a promising target for immunotherapy targeting immunosuppressive molecules and

2628 d29—3 1

cancer according to references, which are mainly expresse in myeloid cells. The precise mechanism of sepsis

has still remained unclear in research. The distinct focus of this research, differing from this project, has particularly
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emphasized tumor immune evasion, neurodegenerative diseases and immunomodulation in recent years. Furthermore, the
studies on LILRB2 have increasingly focused on its role in the tumor microenvironment and its interactions with other
immune receptors:

(D The role of LILRB2 in tumors has garnered significant attention. Research has revealed that LILRB2 expression is
associated with the prognosis of various cancers, particularly in breast cancer, where high expression is closely
linked to immune evasion mechanisms. LILRB2 can inhibit activity of CD8+ T cells and help tumor cells in
evading immune surveillance by enhancing the degradation of HLA-A. This mechanism provides a new target for

cancer immunotherapy. Blocking LILRB2 functions may enhance anti-tumor immune responses.>”

LILRB2’s role in the nervous system has also attracted much attention. Studies have found that LILRB2 expression is
upregulated in the temporal lobes of people with epilepsy, with its expression levels inversely correlated with seizure
frequency. This has revealed that LILRB2 may play a role in the pathogenesis of epilepsy. Further research could uncover
its potential functions in neuroplasticity and neurodegenerative diseases.”?

The relationship between LILRB2 and HIV infection has also been extensively investigated. Studies have displayed that the
interaction between LILRB2 and HLA class I molecules may influence the disease progression by affecting HIV-1 viral load. It
has underscored the importance of LILRB2 in regulating immune responses and viral control, thus potentially offering new
avenues for HIV treatment.** In summary, the research focus of LILRB2 lies in its roles in tumor immune evasion, neurode-
generative diseases and viral infections. In the present study, single-cell sequencing has been employed to provide references for
the diagnosis and prognosis of sepsis in subsequent clinical applications by identifying biomarkers associated with sepsis.

The PSAP gene is responsible for encoding SapC, a form of GCase activator linked to genetic disorders.>> PSAP, as
a crucial biomarker and functional protein, plays a pivotal role in various biological processes, including lipid
metabolism, cell signaling and its association with multiple diseases.

(D The role of PSAP in tumor biology has sparked significant interest among researchers. Studies have displayed that
the expression levels of PSAP in gastric cancer are closely linked to patient prognosis. The poorer prognosis
typically portended by the elevated PSAP expression has made PSAP a potential biomarker for the efficacy
assessment of immunotherapy and prognostic evaluation in gastric cancer patients.*® The study of PSAP in
neurodegenerative diseases has been gradually piling up. According to the previous research, variations in the
PSAP gene are related with specific types of neurodegenerative diseases, such as subacute leukoencephalopathy.
These changes may have effects on survival and functionality of nerve cells by leading to the loss of PSAP
function.’” Furthermore, the application of PSAP in health care and disease management has drawn attention.
Studies have displayed that PSAP levels are correlated with the risk of developing various chronic diseases,
particularly among the elderly population. By monitoring changes in PSAP, more personalized care plans can be
provided for chronic disease patients to enhance their quality of life.*®

Therefore, the research direction of PSAP involves multiple fields, such as tumor biology, neuroscience, animal breeding
and healthcare. These studies have not only deepened our understanding of PSAP’s functions, but also provided new
insights and methods for the prevention and treatment of related diseases. Through single-cell sequencing, we have
gained insight into the expression status in sepsis and its potential roles, thereby compensating for its functional status
under extensive inflammatory conditions.

S100A11, a low molecular weight protein ranging from 9—14 KD, belongs to the S100 protein family, which contains
a Ca2+ binding EF-hands motif. According to the relevant research, the family members matter both inside and outside
the cell, As one of S 100 proteins, SI00A11 is expressed in many tissues, but the expression level varies with tissues.>”
Most cancer studies have shown that tumor growth and metastasis are promoted by cancer diseases.*’ Compared to
normal tissues, tumor tissues exhibit distinct expression patterns.*’** S100A11, as a calcium-binding protein, has
induced great attention in recent studies across a variety of tumors. By single-cell technology, researchers have delved
into its expressions and functions across different cell types, particularly its role within the tumor microenvironment.
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Notably, SI00A11 has been discovered to interact closely with cancer-associated fibroblasts (CAFs), which may
influence the immune microenvironment of the tumor by affecting T-cell infiltration. Moreover, SI00A11 has been
demonstrated to have impacts on tumor progression and therapeutic resistance by promoting the recruitment of
macrophages in breast cancer.*® These findings have suggested that SI00A11 not only functions within tumor cells,
but also affects tumor biological behavior by modulating immune cells within the tumor microenvironment.

(2 The application of single-cell RNA sequencing technology has enabled researchers to identify specific expression
patterns of S100A11 under different disease conditions. For instance, in studies on IgG4-related disease and
Kimura’s disease, the scholars have observed distinct cellular characteristics among different T follicular helper
(Tfh) cell populations in these two conditions, which might be concerned with variations in SI00A11 expression.**

Single-cell studies have unveiled its intricate roles in various tumors and related diseases. In our research, the leveraged
single-cell sequencing technology has been employed to provide strategies for subsequent mechanistic studies by
elucidating its distribution within cells. Nevertheless, different from the previous approaches, our focus has solely
shifted towards identifying biomarkers specific to sepsis.

(D: LST1, a gene located in the human MHC III region,*>* is known for its increased expression in inflammatory and
autoimmune diseases. It has encompassed the higher levels of LST1 splicing variants in patients with rheumatoid
arthritis, as well as induction of LST1 expression by IFN-y, LPS treatment and Pseudomonas aeruginosa infection
in cell lines.*” Animal experiments have demonstrated that MHC III haplotype with low LST1 expression in rat
lymph nodes was associated with decreased arthritis severity.*® LST1 (Leukocyte-Specific Transcript 1) plays
a crucial role in immune regulation and intercellular communication, especially in the context of intestinal
inflammation and autoimmune diseases:: LST1 expression significantly increases under inflammatory conditions,
which may be related to its function in regulating intestinal immunity and inflammatory responses.*’

@: In studies of rheumatoid arthritis (RA), the expression levels of LST1 correlates with patients’ responses to
glucocorticoids. Research has found that before treatment, there is significantly higher LST1 expression in
patients who respond well to glucocorticoids, suggesting that LST1 may serve as a biomarker for predicting
clinical responses.’® (D: The crucial interplay of LST1 with other immune-modulating genes in maintaining
immune balance has offered new insights into the pathogenesis of autoimmune diseases.”’ In parallel with this
research, the utilization of single-cell sequencing technology in this study has revealed its high expression under
septic conditions is related with improved survival rates, which not only emphasizes its significance in immune
regulation, but also provides potential goals for developing novel therapeutic strategies.

SERPINAI: Located in human chromosome 14q32.1, it encodes an acute-phase glycoprotein expressing o —1 AAT1 that
is soluble in water and can diffuse in tissues. Approximately 80% synthesis of AAT1 occurs in hepatocytes, where it
functions as a multifunctional protein and plays a crucial role in inhibiting serine proteases in human serum. Its working
principle is to use the amino acids methionine and serine found in the active area of AAT1, which is primarily active in
the lungs. This helps protect the delicate connective tissues in the lower respiratory tract from the uncontrolled
proteolytic AAT1 gene triggered by neutrophils during inflammation, which is activated by inflammation
products.*>>*% In recent years, the single-cell RNA sequencing technology has enabled us to delve into the expression
differences of SERPINA1 across various cell types and its association with diseases:

(D The expression levels of SERPINAL1 in patients with non-small cell lung cancer (NSCLC) are closely linked to
their survival rates. Research has indicated the low expression of SERPINA1 in tumor tissues is associated with
poorer prognoses.”

() The role of SERPINA1 in chronic obstructive pulmonary disease (COPD) has also garnered attention. A study has
revealed there is a significant interaction between single nucleotide polymorphisms (SNPs) in the SERPINA1
genes and smoking, which potentially impact an individual’s risk of developing COPD.>”
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Similarly, the single-cell technology has been adopted to identify biomarkers associated with sepsis with the aim of
providing valuable insights for subsequent studies on their mechanisms of action. With this technology, we can gain
a deeper understanding of SERPINA1’s function and its potential applications in diseases to offer fresh perspectives for
future therapeutic strategies.

As a crucial controller in various human cancers,’®>’ IFI30 is also considered a predictive biomarker for certain types
of cancers.”®>” S100A8, also known as S100a8/a9, is primarily a heterodimeric Ca2+-binding protein that is secreted by
neutrophils, with the capability to trigger long-lasting inflammation and damage to the endothelium.®®®* IFI30
(Interferon Gamma-Induced Protein 30) matters in tumor immunotherapy, particularly in glioma research. Recent studies
have revealed that IFI30 not only plays a crucial role in the immune response against tumors, but is also closely
associated with patient prognosis and treatment response:

(D: Analysis of data from the Chinese Glioma Genome Atlas (CGGA) and the Cancer Genome Atlas (TCGA) has shown
that the high expression of IFI30 in malignant glioma subtypes is concerned with chemotherapy response, which
provides a new direction for the treatment of gliomas.®’

(): The expression of IFI30 in breast cancer has also revealed its potential as a prognostic marker. Studies have
suggested that high expression of IFI30 is associated with poor prognosis in patients with breast cancer.
Furthermore, the scholars have found that inhibiting the expression of IFI30 can significantly suppress the
proliferation, migration and invasive ability of breast cancer cells.®

(3®: The role of IFI30 in immune-mediated pathological research has also received extensive attention. Deficiencies in
certain immune responses may also lead to the immunopathology. This notion is called the IMPATH paradox,
highlighting that under specific circumstances, immune stimulation or immune reconstitution could be more

effective than immunosuppression.”’

In summary, IFI30, as a vital immune-related target, needs to be investigated in depth for its role in various types of
tumors. In contrast, in this study, high expression levels of IFI3 have been found to be associated with higher survival
rates, which may be due to its participation in early immune-mediated suppression within the organism, suggesting its
potential application in immunotherapy, as further research has revealed.

According to previous studies, SI00A8/A9 tends to destroy mitochondrial stability by inducing disturbances in
mitochondrial metabolism. Studies have demonstrated that S100A8/A9-specific neutrophils exist in the lung tissues of
septic mice. In the previous single-cell studies, the expression and function of SIO0A8 have garnered increasing

attention.

(D: Researchers have discovered that SI00AS was significantly upregulated in acute myeloid leukemia (AML) cells
through the single-cell transcriptomic analysis, which was associated with chemoresistance. It has indicated that
bone marrow stromal cells can promote the expression of SI00A8 by secreting interleukin-6 (IL-6), thereby
influencing the survival and resistance of AML cells.®’

(2): S100A8 also matters in the immune responses of patients with systemic lupus erythematosus (SLE). Studies have
found that plasmacytoid dendritic cells in SLE patients can synthesize S100AS8, whose surface expression
significantly increases during active disease states. This suggests that SI00A8 may contribute to the amplification
and perpetuation of inflammation in SLE.®°

(3®: In Alzheimer’s disease (AD) research, single-cell RNA sequencing has identified a specific subset of S100A8-
positive neutrophils rich in the peripheral blood of AD mice. The characteristics exhibited by these cells are
concerned with the downregulation of cytokine-mediated signaling pathways, suggesting that SI00A8 may be of
great significance in the pathological process of AD.®

Consequently, SI00A8 has demonstrated its role as a biomarker and a potential therapeutic target in single-cell studies
across various diseases. This study has employed the single-cell technology to delve into the developmental patterns of
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sepsis, which are similar to these efforts. It has offered novel insights for future clinical applications founded on the
deeper understanding of the functional changes of S1I00A8 under septic conditions.

The differential gene pathway enrichment analysis has suggested that most genes mainly focus on the activation reaction of
the immune system caused by infectious diseases, which further promotes the development of inflammatory immunity. This
study has displayed that S100A8has a definite role in sepsis, like participating in the process of inflammatory reaction,
promoting the release of inflammatory factors and inducing the occurrence and development of inflammatory diseases. In
some autoimmune inflammatory diseases, the expression of LST1 may increase, which indicates that it may be in the “low
valley” stage of the disease when the gene expression is low. Most of the remaining genes have been reported to be related to
the development of tumor diseases, and few have been reported in inflammatory diseases or even sepsis.

Based on the visual expression of individual cells, the levels of these seven genes in the macrophage system are
notably elevated compared to other cell lines,°® which is because the mononuclear-macrophage system, an integral part
of the human body’s innate immune system, is crucial in the progression of sepsis. Therefore, the high expression of
these genes in macrophages may predict the prognosis of inflammation, SIRS and even sepsis.

According to the dataset, the high expression levels of LILRB2, PSAP, SI00A11, LST1, SERPINA1 and IFI30 have
been linked to a notably rising survival rate compared to low expression levels, but with SI00A8 of the opposite pattern.
When the inflammatory factors produced by mononuclear-macrophages are in the cascade amplification reaction of
“waterfall effect”, the patient will die within several days. Therefore, it can be inferred that when the S100AS is in the
over-expression state detected in clinical practice, the prognosis of the patient is poor and sepsis death occurs. Hence,
during the initial phase of inflammation, monitoring the gene content in the blood can offer essential guidance for patient
prognosis and treatment adjustments.

In the previous related studies, there have been corresponding research achievements to describe the changes in transcription
status of specific cell types. For example, the sixteen immune cell states have been defined on the basis of analyzing clinical blood
samples with single-cell sequencing technology and clustering by gene expression profile, and a unique CD14+ monocyte state
was determined. In addition, the effect of characteristic gene expression of the cell line on the occurrence and development of
sepsis has been verified from a wide range of perspectives.® In our study, 12 cell-line communities were identified by the same
dimensionality reduction clustering method, four of which were discussed and analyzed.

In order to understand the inflammatory characteristics of peripheral blood mononuclear cells, the single-cell
transcriptome comprehensive analysis method has been used to characterize three different subtypes of cells in different
disease states and determine the ten subtypes of highly inflammatory cells, which indicated that the transcription
difference in monocytes was the most important marker of infectious diseases. Moreover, the construction of “three-
stage” model method of heterogeneity of COVID-19 patients has revealed that the high inflammatory and immunosup-
pressive characteristics of monocytes were related to.”® For the purpose of this study, the distribution range and size of
the 12 different cell subpopulations under two disease states were determined by single-cell sequencing technique. In the
four main cell lines, the macrophage community has affected the disease process of sepsis by releasing a large number of
inflammatory factors, which finally predicted the prognosis of sepsis by determining the differences of differential gene
expression of macrophage line.

Another research project has put emphasis on enhancing the prospects for sepsis by examining immediate shifts in
immune cell populations and their traits in cases of survivals or fatal sepsis, followed by monitoring changes in the
expression of certain cell types over time to forecast sepsis results.”' Conversely, this investigation has identified
a marker gene for predicting sepsis prognosis after delving into the analysis and discussion of single-cell sequencing
findings.

This research emphasis has lied in the activation and development of human tissues or cells through inflammatory
stimuli. Assessing the advancement and likelihood of associated illnesses during substantial alterations in gene expres-
sion is critical for mitigating the risk of premature death and enhancing prognostication. By monitoring the alteration in
gene expression patterns, diseases can be predicted and diagnosed early, and timely intervention can be allowed to stop
progression or deterioration, thereby offering novel insights and theoretical foundation for early disease prediction. In the

72,73

past, the blood system has been thoroughly studied with mature flow cytometry and transcriptomics methods to

reveal functional changes in immune cells at one level. Nevertheless, impartial, high-capacity gene expression analyses
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with traditional flow cytometry and transcriptomics have failed to identify alterations in various cell subsets. The study of
individual cell gene expression has provided a distinct perspective on the genetic characteristics and diversity of immune
cells in human blood.”*”>

However, due to the lack of experimental validation of key genes, there are some limitations of the experimental
conclusions. As far as we know, there has been no research discussing the diagnostic and prognostic roles of biomarkers
such as LILRB2 and S100AS in septic patients, which has made our research relatively novel. Consequently, we suggest
conducting further studies to corroborate our analysis results.

Although our study has underscored the importance of sepsis-related biomarkers (LILRB2, S100A8, and seven other
genes) in potentially identifying sepsis and predicting its outcomes, it is undeniable that the research has several limitations,
encompassing a small sample size, the inability to establish relationships between gene expression and disease caused by
different bacterial infections, and relatively weak handling of confounding factors. Consequently, the future research will
consider more multicenter sample statistics and integrate these potential variable factors into its models to ensure that the
reported estimates are not affected by other variables. Secondly, because of lacking in vitro or in vivo experimental conditions,
the conclusions of this study are currently limited to theoretical validation using external datasets, resulting in a singularity of
findings. This necessitates subsequent corroboration when experimental conditions are sufficiently mature. Therefore, upon
completing the multicenter and multiregional sample collection, we will be able to draw more precise conclusions. Finally, we
also need to gather larger and more extensive case-control sample studies to further validate our observations.

In this study, GO analysis of the two genes has suggested that the marker genes were mainly concentrated in the cell
growth stage and mostly in the cytoplasm. KEGG analysis has displayed that the target, which is mainly related to the
immune system, can be reflected in the development of infectious diseases. Furthermore, regulating the macrophage
functions has impacted the onset and progression of the illness.

Conclusion

The present study has indicated the status of 12 clusters of four major cell types in the blood sample and explained the differences
in major cell populations between the septic death group and the SIRS group. Additional genetic markers can be discovered to
illustrate variations in gene expression among multiple groups and create visual representation of cell distribution. Enrichment
analysis has been adopted to elucidate the functional expression status and possible signaling pathways of related genes. The
survival curve has revealed that the expressions of different genes in various groups have effects on the survival rate. No, the
deficiency is that the functional changes of different genes in the relevant groups cannot be further revealed by single-cell
sequencing.
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