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Abstract 

The onset of sepsis frequently coincides with acute respiratory distress syndrome (ARDS), which constitutes a sig-
nificant contributor to severe acid–base disturbances in septic patients. In the pathogenesis of sepsis, it conducts 
a crucial role. lysosomal metabolic disorders and immune imbalance conduct a pivotal role. Despite extensive 
research into the alterations in immune status during sepsis, few studies have been reported to thoroughly examine 
the association between lysosomes and sepsis. As a result, this study is predominantly Intended to delve into the link 
between lysosome-related genes and alterations in the lysosome in the immune microenvironment from the stand-
point of bioinformatics in sepsis. The Registration Number was ChiCTR1900021261. Registration Date is 2019/02/04. 

Method Sepsis data source: Sepsis data was collected from previous clinical data and sequencing results (Originated 
from BGI Shenzhen Co., Ltd.) and the GO database was utilized for data collection of lysosome-related genes. Differen-
tial expression genes (DEGs) were screened on clinical sequencing data by employing IDEP 0.93 software subsequent 
to quality control. Afterwards, enrichment analysis was conducted by adopting Gene Set Enrichment Analysis (GSEA) 
and Weighted Gene Co expression Network Analysis (WGCNA), followed by cross referencing of lysosomal genes 
to identify DEGs associated with lysosomes. GO and KEGG pathway analysis wereperformed subsequently. The genes 
obtained from PLSGs and WGCNA by Creating a PPI network entails the following steps: the points were intersected 
at first. Afterwards, CytoHubba and MCODE analysis were performed by utilizing cytoscape software. Next, the inter-
section was taken to confirm Hub gene sequences, and subsequently the central DEGs tightly associated with exist-
ing CTD scores. Notwithstanding the fact that the causes of sepsis are multifaceted, ARDS can often trigger the devel-
opment of sepsis in numerous cases. Simultaneously, with an aim to predict transcription factor levels in the central 
nervous system, Cytoscape software was adopted DEGs and to find relevant target miRNAs in the miRWalk database, 
and a correlated regulatory network was established accordingly. The SEPSIS immune infiltration model was con-
structed by employing ImmuCellAI software. Afterwards, the association between DEGs and immune microenviron-
ment abundance was constructed by adopting Spearman’s method. Last but not least, it is worth noting that single-
cell sequencing has been validated as a method to analyze hub gene expression in immune cells of sepsis patients, 
enabling the selection of key genes that are closely associated with predictive outcomes. 
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Result When acute respiratory distress syndrome (ARDS) is present, the differentially expressed genes (DEGs) are 
implicated in lysosomal metabolism and the regulation of the immune microenvironment. Six hub DEGs were bound 
up with sepsis or was attributable to the examinations. On top of that, it was determined that the patients had acute 
respiratory distress syndrome. The associated immune analysis illustrated a remarkable augment in T cell infiltration 
in the immune microenvironment of sepsis, while the infiltration relative to DC was reduced at certain level. Positive 
correlations were found between the two by employing Spearman analysis between hub DEGs and the regulatory 
role of immune cells. Moreover, it was universally acknowledged that anti-inflammatory immune cells were respon-
sible for the negative correlation. On the basis of single-cell sequencing, it has been determined that CTSO and HLA-
DQA1 were expressed in immune cells in sepsis. Aside from that, the survival-death curve direction suggested 
that they could be utilized as core genes for predicting sepsis-related prognosis analysis. 

Conclusion An analysis of this study demonstrates the interaction between sepsis lysosome-related metabolism 
and changes by understanding the pathogenesis of immune cells in the microenvironment. On this basis, we can 
develop new clinical diagnostics and therapeutic approaches of sepsis and identifying drug targets. Nonetheless, 
ARDS and sepsis can differ simply by the difference in site of infection; as the etiology of numerous ARDS cases 
is quite complex, progression to sepsis can occur if infection exacerbates or other complications arise, meeting 
the diagnostic criteria of sepsis 3.0.

Keywords  Sepsis, Acute respiratory distress syndrome, Immune microenvironment, Immune infiltration

Background
Septicemia, a life-threatening condition, stands as a 
prominent cause of mortality, primarily resulting from 
severe impairment of the host’s anti-infective defenses 
[1–3]. As already demonstrated by several studies, 
anaerobic glycolysis of immune cells can give rise to 
septicemia [4–7]. Currently, there is an absence of an 
effective therapeutic intervention for ARDS, a rapidly 
progressing disease characterized by a high mortal-
ity rate in clinical settings [8]. Multiple studies have 
shown that ARDS often results from diseases that cause 
an inflammatory storm, among which septicemia and 
pneumonia are two typical examples. It is particularly 
noteworthy that septicemia is the leading cause [9, 
10]. As a consequence, lessening the likelihood of cel-
lular and molecular events that trigger inflammatory 
responses and modulating the equilibrium between 
host immunity and inflammation can be beneficial in 
the treatment of ARDS.

In general, iysosomes are considered to be integral to 
the degradation of components that are associated with 
cells. They are a structural unit of intracellular diges-
tive enzymes. It has been demonstrated that they are 
not merely involved in the metabolism of intracellular 
substances but also play crucial roles in the synthesis 
of extracellular materials, the regulation of amino acid 
level fluctuations, and the modulation of autophagy pro-
cesses [11, 12]. On top of that, associated studies reveal 
that transcription conducts a pivotal role in factor family 
participates in the biological [13]. There are reports that 
the occurrence of lysosomal stress response is due to the 
accumulation of internal substances in lysosomes [14]. 

Apart from that, there is a possibility that it may result in 
respiratory distress disorder [15].

In a multitude of cellular events, including potassium 
efflux, calcium influx and an excessive amount of Reac-
tive Oxygen Species (ROS) is produced. Moreover, the 
immune system becomes overly activated ascribable to 
the activation of the NLRP3 inflammasomes. This is an 
important mechanism that may cause tissue damage 
and inflammatory response [16–20]. Factors that cause 
inflammation, such as tumor necrosis factor (TNF-a) 
and interleukin1 (IL-1) serve as inflammatory mediators, 
which conduct a pivotal role in the acute inflammatory 
response induced by sepsis. On top of that, these factors 
influence the development of anti-inflammatory factors 
and the recovery of immune function [21–23]; As previ-
ously reported, programmed cell iron death plays a crucial 
role in the impact of sepsis and acute respiratory distress 
syndrome [24]. Sepsis inflammation induced by NLRP3 
inflammasomes occurs as follows. First and foremost, 
IL-1β and IL-18 conduct certain role in mediating inflam-
mation. In addition, metabolic regulation are responsible 
for the formation of biologically active forms [25].

Nonetheless, exploring the correlation is crucial 
between lysosomal metabolism and immune infiltra-
tion so as to better understand what makes these dis-
eases occur and develop inflammation by changing the 
immune microenvironment. As experimental find-
ings suggest, NLRP3 inflammasomes are activated by 
inflammatory factors such as caspase −1 and IL-1β [26]. 
Observations conducted on animals reveal the follow-
ing insights: When septic mice are subjected to inflam-
matory factors, the expression exhibits a regulatory 
nature, potentially contributing to the amelioration of 
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their intestinal dysfunction [27]. In accordance with rel-
evant research, changes in lysosomal pH not only affect 
the function of macrophages, but also give rise to cor-
responding changes in their polarity, thereby affecting 
their function [28–30]. Nevertheless, although lysoso-
mal metabolic function and sepsis or immune inflamma-
tion influence the direction of acute respiratory distress 
syndrome. there are few reports on their interaction in 
sepsis. For this reason, it is essential to conduct further 
research in this area. By integrating and sequencing the 
clinical data collected at an early stage, we have demon-
strated the differentially expressed genes between sep-
tic patients and healthy individuals, and subsequently 
visualized these findings using existing bioinformatics 
methods. Hence, by adopting this method, after organ-
izing and summarizing the clinical data, we can delve 
into the roles of lysosome-associated genes in modulat-
ing inflammation and immune cells in both ARDS and 
severe sepsis. Most importantly, we can probe deep into 
how immune infiltration manifests in sepsis, hoping to 
help us further understand the connection between dis-
ease prognosis and immune metabolism.

Method
Clinical data
Blood samples of twenty-one patients with sepsis and ten 
healthy individuals were collected between January 2019 
and December 2020 (Admission to the ICU of South-
west Medical University Emergency Department). The 
inclusion criteria for the studied patients are as follows: 
(1) They must be diagnosed with sepsis and admitted to 
the EICU; (2) They must meet the diagnostic criteria of 
sepsis 3.0 version [31] released by the Society of Criti-
cal Care Medicine (SCCM) and the European Society 
of Intensive Care Medicine (ESICM) in 2016; (3) Their 
ages ranges from 16 to 65 years old; (4) The clinical par-
ticipants involved in this study have all signed written 
informed consent forms. (5) The study was conducted 
in strict accordance with the rules of the Declaration of 
Helsinki. The study protocol has been approved by the 
ethics committee of the Affiliated Hospital of Southwest 
Medical University (Ethical Approval No. ky2018029). 
The Registration Number was ChiCTR1900021261. 
Patients who have (1) previous organ failure; (2) previ-
ous immune system disease; (3) previous blood system 
disease; (4) refuse to participate in the study must be 
excluded. This study protocol complies with all principles 
specified in the Helsinki Declaration. ARDS is the term 
applied to a spectrum of conditions with dissimilar eti-
ologies which share common clinical-pathological char-
acteristics including: (1) augmented permeability of the 
alveolo-capillary membrane, giving rise to infammatory 
edema; (2) heightened non-aerated lung tissue resulting 

in higher lung elastance (lower compliance); and (3) ele-
vated venous admixture and dead space, which trigger 
hypoxemia and hypercapnia [32].

RNA sequencing
The mRNA sequencing was commissioned to BGI 
(Shenzhen, China). RNA-seq upstream processing ①: 
Quality Control: Assess the quality of raw sequencing 
data by examining sequencing quality indicators such 
as sequence length distribution and sequencing error 
rates, thereby ensuring the accuracy and reliability of the 
data. ②: Data pre-processing involves removing adapter 
sequences, eliminating low-quality sequences, and elimi-
nating sequences containing unknown bases to purify the 
original sequencing data. ③: Alignment: Compare the 
pre-processed sequencing data with a reference genome 
or transcriptome to determine the expression levels of 
genes or transcripts. ④: Expression Matrix: Calculated 
by comparing results, an expression matrix of genes or 
transcripts is obtained, denoting their expression levels. 
Total RNA was extracted from peripheral blood cells by 
adopting TRIZOL (Invitrogen, Carlsbad, CA, USA). Sub-
sequently, first-strand cDNA was synthesized from 800–
1000 ng of total RNA by utilizing the Clontech SMARTer 
PCR cDNA Synthesis Kit. The CDS primer IIA was first 
annealed to the polyA + tail of the transcript, followed by 
first-strand synthesis by employing the SMARTScribe™ 
reverse transcriptase. Afterwards, large-scale PCR was 
performed by adopting the PRIMESTAR GXL DNA 
Polymerase and the 5′PCR Primer IIA (5′- AAG​CAG​
TGG​TAT​CAA​CGC​AGA​GTA​C-3′) to obtain a suffi-
cient amount of double-stranded cDNA. At last, a cDNA 
library was constructed correspondingly. The library was 
subsequently assessed and quantified by utilizing the 
Agilent 2100 Bioanalyzer (Thermo Fisher Scientific, MA, 
USA) and real-time quantitative PCR (TaqMan Probe). 
MRNA quality control achieved a 28S/18S ratio of bbb1. 
Sequencing of eligible libraries was performed on the 
DNBSEQ platform (BGI-Shenzhen, China). Sequencing 
data were subsequently collated and non-compliant qual-
ity data were excluded.

The list of lysosome-related genes was collected gene 
set enrichment analysis was performed conducted by 
employing the GO database (http://​149.​165.​154.​220/​
go/) and the GSEA gene set enrichment database (http://​
www.​gsea-​msigdb.​org/​gsea/​index.​jsp) [33, 34]. IDEP 
0.93 software was employed for data processing and data 
was obtained on DEGs (http://​bioin​forma​tics.​sdsta​te.​
edu/​idep93/). The identified DEGs had to meet the cri-
teria of adj P < 0.01 and |log2(foldchange)|≥ 1. The DEGs 
obtained under these conditions were utilized to con-
struct volcano plots and heat maps.

http://149.165.154.220/go/
http://149.165.154.220/go/
http://www.gsea-msigdb.org/gsea/index.jsp
http://www.gsea-msigdb.org/gsea/index.jsp
http://bioinformatics.sdstate.edu/idep93/
http://bioinformatics.sdstate.edu/idep93/
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An analysis of functional enrichment rooted in GSEA
GSEA analyzes whether all genes within a gene set are 
enriched at the top or bottom of a ranked list. If they 
exhibit enrichment at the upper end, it can be asserted 
that the gene set generally displays an upward regula-
tory trend. On the contrary, if they are enriched at the 
bottom, it indicates a downregulation trend. The GSEA 
module of the omicshare platform (https://​www.​omics​
hare.​com/​tools/​home/) was employed to perform 
enrichment analysis on existing datasets, with a mini-
mum parameter of 5, maximum parameter of 500, and 
Signal2Noise method of noise analysis.

GO and KEGG are gene ontologies and gene databases
Shiny GO software was employed to conduct central-
ized analysis of DEGs, ultimately selecting adj p < 0.05. 
Subsequently, the results were displayed by adopting a 
circle graph. lysosome-related genes was output from 
the GO database, and subsequently the resulting lists 
were downloaded and saved. A total of 875 lysosome 
localization genes were obtained. A Venn diagram was 
utilized to intersect clinical sequencing data DEGs with 
875 mitochondrial-related genes to obtain lyso-related 
DEGs. WGCNA was employed to intersect related 
genes with lyso-related DEGs for hub gene screening.

Analysis of PPI interactions and identification of hub genes
By utilizing the PPI database (https://​string-​db.​org/) 
[35], mutual interaction analysis was performed on 
overlapping DEGs. Cytoscape 3.10.0 [36] was employed 
to generate a visual network correlation diagram. The 
CytoHubba and MCODE modules were adopted to 
select hub DEGs, so as to probe into potential disease-
related mechanisms of DEGs rooted in the CTD data-
base, environmental exposure, and drugs (http://​ctdba​
se.​org/) [37].

This database contains data on the interactions 
between chemical substances, gene products, functional 
phenotypes, and diseases. The CTD database displays 
the mutual correlation between hub DEGs and the risk of 
developing sepsis or ARDS.

Predicting hub DEGs‑Transcription Factors (TF)‑miRNAs 
Network
To search for upstream regulatory factors of hub DEGs, 
transcriptional factors expressed by hub DEGs was pre-
dicted by employing the I regulon analysis module of one 
of the plugins of Cytoscape 3.10.0 [38]; we adopted the 
mirwalk database (http://​mirwa​lk.​umm.​uni-​heide​lberg.​
de/) [39]. Then, hubDEG-miRNA prediction was carried 

out. The core DEGs, TFs, and miRNAs were visualized as 
a network diagram by employing Cytoscape 3.10.0.

WGCNA
WGCNA is a systems biology method employed to 
describe the correlation patterns of genes among dis-
similar samples. It can identify gene sets that exhibit 
high co-variation. Grounded in the connectivity within 
these gene sets and their association with phenotypes, 
it can identify candidate biomarker genes or therapeutic 
targets. We utilized the OEBIOTECH platform (https://​
cloud.​oebio​tech.​com/​task/) for this computation. The fol-
lowing stages are involved. The WGCNA R package was 
adopted to construct and modularize at different stages 
of development. There are different gene networks. Sam-
ples were organized into clusters to identify any potential 
significant outliers. Subsequently, an automated network 
system was utilized to establish a co-expression network. 
Module construction adopted hierarchical clustering and 
dynamic tree cutting function detection methods. Sub-
sequent to the above steps, MM and GS were estimated 
to determine the association between module member-
ship (MM) and gene significance (GS). The module with 
the highest Pearson MM correlation and an absolute adj 
P < 0.05 is selected as the hub module. The MM is above 
0.8, and the GS is above 0.2, respectively, high connectiv-
ity and clinical relevance of the module.

Immunoassay
Our goal was to understand the correlation between 
clinical data and the abundance of 24 immune cells 
by uploading the normalized gene expression list for 
Immune Cell AI.

Afterwards, the Wilcoxon rank-sum test was utilized to 
compare intergroup differences (http://​bioin​fo.​life.​hust.​
edu.​cn/​web/​ImmuC​ellAI) [40]. By employing Spearman 
correlation analysis, it was determined explore the asso-
ciation between lysosome-related DEGs and immune 
cells.

Meta‑analysis
Meta-analysis is a statistical method employed to syn-
thesize results from multiple independent studies, 
commonly in medical and scientific research fields. It 
provides a stronger evidence base by aggregating and 
quantitatively analyzing the data from these studies, 
which can arrive at more trustworthy conclusions. This 
approach can handle heterogeneous data by utilizing 
random-effects or fixed-effects models and is consid-
ered a high-level form of evidence in evidence-based 
medicine, particularly when rooted in high-quality ran-
domized controlled trials. Meta-analysis is advantageous 
for researchers to resolve inconsistencies in study results, 

https://www.omicshare.com/tools/home/
https://www.omicshare.com/tools/home/
https://string-db.org/
http://ctdbase.org/
http://ctdbase.org/
http://mirwalk.umm.uni-heidelberg.de/
http://mirwalk.umm.uni-heidelberg.de/
https://cloud.oebiotech.com/task/
https://cloud.oebiotech.com/task/
http://bioinfo.life.hust.edu.cn/web/ImmuCellAI
http://bioinfo.life.hust.edu.cn/web/ImmuCellAI
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enhance statistical power, identify new research direc-
tions, and ultimately provide robust support for clinical 
decision-making. In this study, differential expression will 
be examined to determine hub DEGs at the transcrip-
tional level. Afterwards, we selected 5 human peripheral 
blood sepsis samples (GSE28750 [41], GSE69528 [42]) 
from the public database GEO (https://​www.​ncbi.​nlm.​
nih.​gov/​geo/) [1] website and homogenized them (log2). 
After that, the participants were divided into two groups: 
one with sepsis and the other with health. The R software 
package multi meta was adopted to perform meta-anal-
ysis on individual genes in the same group from differ-
ent datasets, which was utilized to delve into the trend 
expression of core genes in sepsis. 

Cell experiment

① Cell Culture:

(1)	 Retrieve the RAW264.7 cell cryovial from liq-
uid nitrogen, rapidly thaw the cells, and dilute 
them in complete medium supplemented with 
10% fetal bovine serum (FBS);

(2)	 Transfer the cell suspension to a petri dish or 
flask and incubate at 37 °C in a 5% CO2 incuba-
tor;

(3)	 Replace the medium every other day to sustain 
cell growth.

② Cell Preparation:

After 3 days, when the cells cover 60%−70% of the sur-
face in the petri dish or flask, proceed with the experi-
ment. Discard the supernatant of the culture medium 
and gently wash the cells three times with PBS buffer to 
remove residual serum and metabolic products.

③ Cell Treatment:

(1)	 In a 6-well plate, add 2 ml of medium contain-
ing 10% FBS without penicillin–streptomycin 
to each well. Continue incubating the cells in 
the incubator for 24 h;

(2)	 After 24 h, add medium containing 500 ng/
ml LPS to each well of the experimental group 
to induce a sepsis model. The control group 
is replaced with the same volume of regular 
medium. Incubate the cells for an additional 6 h 
in a 37 °C, 5% CO2 incubator to allow for LPS-
induced changes in gene expression.

④ RNA Extraction:

(1)	 After incubation, discard the medium and wash 
the cells once with PBS.

	 Extract total RNA from the cells following the 
instructions provided with the ORISCIENCE 
RNA extraction kit (China).

(2)	 Determine the concentration and purity of 
the RNA by utilizing a spectrophotometer, 
ensuring an A260/A280 ratio between 1.8 and 
2.0cDNA Synthesis:

(3)	 The extracted RNA was reverse transcribed 
into cDNA by employing the Seq-Hunt RT Kit 
(China, CA01), following the kit’s instructions.

⑤ RT-qPCR:

(1)	 Real-time quantitative PCR (RT-qPCR) was 
performed by adopting the Seq-Hunt SYBR 
Green Kit (China, AF01-5).

(2)	 The PCR reaction mixture was prepared, 
comprising cDNA template, specific primers 
(CTSO: forward AGT​CAG​CTC​GTG​CAA​TCC​
AA, reverse TGT​CTC​ATT​TAG​CCA​GCG​CA; 
HLA-DQA1: forward GAC​CTC​CCA​GAG​
ACC​AGG​AT, reverse GGA​ACA​CAG​TCG​
CTT​GAG​GA), and SYBR Green reaction mix-
ture. Operate the reaction on a real-time PCR 
instrument and generate a melting curve to 
verify amplification specificity.

⑥ Data Analysis:

(1)	 Investigate the RT-qPCR results by utilizing 
the 2^-∆∆Ct method to determine the relative 
expression levels of the CTSO and HLA-DQA1 
genes in experimental and control group cells.

(2)	 Calculate the Ct values for each gene and com-
pare them to the Ct values of a housekeeping 
gene (such as GAPDH) to normalize expression 
differences between samples.

Through these steps, the expression of target genes 
CTSO and HLA-DQA1 in RAW264.7 cells during sepsis 
can be identified.

The statistical analysis of data
An analysis of the data was conducted by adopting 
the following statistical methods: GraphPad Prism 9.0 

https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
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software to analyze the data obtained from enzyme-
linked immunosorbent assay and clinical data of patients. 
As a continuous variable, the mean was rounded to 
standard deviation or the median was rounded to the 
interquartile range (IQR). Differences between con-
tinuous variables. Afterwards, the data was analyzed by 
utilizing non-parametric Mann–Whitney U tests and 
unpaired Student’s t tests. Group comparison was com-
pleted by employing Fisher’s exact test the number of 
cases between two groups. It was set at a cutoff value of 
P < 0.05.

Result
Analyzing clinical data for DEGs and related functional 
enrichment
The overall data screening strategy flowchart is demon-
strated in the Fig. 1.

A visual representation of clinical data sequenc-
ing analysis. The number of DEGs was 3112, including 
1625 upregulated genes and 1487 downregulated genes 
in comparison with normal samples in sepsis sam-
ples, which were visualized as volcano plots, PCA and 
heat maps in Fig. 2A-C. GSEA was performed on sepsis 
patients and healthy populations in Fig.  2D to explore 
their biological significance signaling pathways. The top 
five terms determined by HALLMARK analysis. Light 
response signal, aldehyde dehydrogenase family, hor-
mone stress response, beta catenin signal. Afterwards, 
transplant rejection signal was significantly enriched in 
sepsis patients (adj P < 0.05).

Identification of co‑expressed gene modules in sepsis
A multitude of genes were identified by employ-
ing WGCNA modules that are co-expressed in sepsis 

Fig. 1  Flowchart of gene selection strategy in bioinformatics analysis
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sequencing datasets. In the first step, the dataset samples 
were categorized into two distinct groups: one compris-
ing individuals diagnosed with sepsis and the other con-
sisting of individuals without sepsis. Next, no abnormal 
expression values were observed in Fig. 3A. In the second 
step, with the independence set to > 0.8, a soft threshold 

power of 13 was selected β, so as to ensure that the net-
work was biologically significant in Fig.  3B. Afterwards, 
hierarchical clustering analysis was utilized, and the joint 
gene tree and the dynamic branch cutting method were 
adopted to divide the genes into 12 modules in Fig. 3C-
E. The light cyan, blue, and the number of light green 

Fig. 2  Analysis results of DEGs in clinical sequencing data. A Volcano plot in the dataset; B PCA of DEGs. C Cluster heatmap of DEGs. D GSEA 
analysis

(See figure on next page.)
Fig. 3  Gene co-expression networks connected with sepsis were analyzed on the basis of a weighted gene co-expression network analysis 
dataset. A clustering dendrogram was generated from 31 samples; B an analysis of network topology by employing various soft threshold powers; 
C An analysis of gene clustering dendrograms; D Gene tree derived from average linkage hierarchical clustering; E Module-feature correlations; F 
Scatter plot of GS and MM recurrence in the purple module; G Recursive scatter plot of GS and MM in the light gray module; H Recursive scatter 
plot of GS and MM in the light blue module. GS defines gene significance, and MM denotes module membership
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Fig. 3  (See legend on previous page.)
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modules significantly with the number of patients with 
sepsis increased and were selected for further analysis 
in Fig. 3F-H, adj P < 0.05), with a total of the gene signifi-
cance of sepsis and module membership was associated 
with 6,952 genes.

DEGs’ functional enrichment analyzed
LYSG DEGs were identified by retrieving lysosome-
related genes from the GO database in SEPSIS lysosome-
related genes and overlapping them with the previously 
obtained DEGs. A total of 182 DEGs were obtained in 
Fig. 4A. A GO analysis demonstrated that DEGs conduct 
a paramount role in immune regulation, actively regulat-
ing cytokine production, mediating leukocyte differentia-
tion, activating T cells, as well as other immune-related 
processes and myeloid cell activation by activating 
immune responses in Fig. 4B-D. In accordance with the 
KEGG analysis, the differentiation of Th1 and Th2 cells, 
as well as activating the MTOR pathway in Fig.  4E are 
indisputably linked with hematopoietic cell lineage. 
These DEGs have been associated with immune sys-
tem diseases, multiple sclerosis, demyelinating diseases, 
hypersensitivity diseases, diseases associated with the 
respiratory system and digestive system diseases in line 
with DO analysis results in Fig. 4F.

The DEGs are differentially expressed genes, while 
the GSEAs are gene set enrichment analyses. A disease 
ontology is called a disease ontology, while a gene ontol-
ogy is called a gene ontology, The PPI is referred to as a 
protein–protein interaction and a genome ontology is 
called a genome ontology.

From the WGCNA-generated related genes, genes 
connected with Lyso-degs were selected as Wgcna-
Lyso-degs. A total of 155 DEGs were screened from the 
DEGs data in Fig.  5A. In an effort to analyze the PPI 
networks and the central DEGs of the 155 DEGs, the 
STRING database was transformed into a visual net-
work in Fig.  5B. The MCODE plugin implemented by 
Cytoscape. With an aim to identify pivotal modules, 
this method was adopted (gene clusters) on the basis 
of the following screening criteria: degree cutoff = 2; 
Score cutoff = 0.2 for nodes; k-core = 2; and maximum 
depth = 100. A module consisting of 17 nodes and 36 
edges was identified as important, and A number of 
HLA variants were also tested, including HLA-DPA1, 
HLA-DPB1, HLA-DOB, HLA-DOA, HLA-DMB, 
HLA-DMA, HLA-DQA1, HLA-DQA2, HLA-DQB1, 
HLA-DRA, HLA-DRB1, HLA-DRB5, B2M, and CD74, 
CTSC, CTSF, and CTSO in Fig.  5C. The MCC algo-
rithm of the CytoHubba plugin in Fig. 5D, 10 candidate 
Hub genes have been identified from the PPI network, 
this includes HLA-DQA2, HLA-DPB1, HLA-DQA1, 
HLA-DPB2, HLA-DPB1 and HLA-DRA, HLA-DRB5 

and HLA-DRB1. After removing the intersection of the 
two, a final set of 8 HUB DEGs was obtained, includ-
ing HLA-DQB1, HLA-DOB, CTSO, HLA-DMA, HLA-
DPB1, HLA-DQA1, HLA-DOA, and HLA-DMB in 
Fig. 5E.

Employing the CTD database to predict the associa-
tion between wheel hub DEGs and SEPSIS/MODS.

Figure 6A Analysis revealed 6 DEGs that intersected 
with clinical data and SEPSIS/MODS-related genes, 
including CTSO, HLA-DMA, HLA-DMB, HLA-DPB1, 
HLA-DQA1, and HLA-DQB1. Hub DEGs was regu-
lated by TFs and miRNAs, so the upstream regulation 
of Hub DEGs can be investigated by predicting the 
relevant TFs and miRNAs. By utilizing the Cytoscape 
plugin iRegulon, 21 TFs (GCLC, DMD, CTGF, CENPF, 
CDKN1A, CD1D, BNIP3L, BCL2, AQP9, ANG, AKT3, 
AKT1, TTN, TGFB2, TGFB1, SRC, RAF1, MDM2, 
MAPK3, IL-6, IL-12B, and PGK1) were predicted to 
regulate the hub DEGs-TFs network in Fig.  6B. By 
adopting miRWalk 3.0 to predict the mirna of hub 
DEGs, a hub DEGs miRNAs regulatory network involv-
ing 780 nodes and 2500 edges was generated in Fig. 6C.

During our study, we analyzed 24 types of immune 
cell infiltration by adopting the ImmuCellAI algorithm. 
There were 19 immune cell types with statistical dif-
ferences (adj P < 0.05) between the SEPSIS group and 
the NC group. Specifically, the SEPSIS group had an 
abundance of NK cells, CD4-T cells, CD8-T cells, Tgd 
cells, CD4-navie cells, Tr1, nTreg, iTreg, Th2 cells, Tfh, 
CD8-navie cells, Tc, Tex, MAIT, and Tcm, while mac-
rophages, neutrophils, and Th17 cells were more abun-
dant in the NC group in Fig. 7A and B. In line with the 
correlation matrix plot in Fig. 7C, there were multiple 
correlations between immune cells infiltrating SEPSIS. 
The degree of correlation was expressed as a fraction. 
Cells in the Tfh lineage illustrated the greatest syner-
gistic effect (0.99), followed by the nTreg lineage (098), 
the nTreg lineage and the iTreg lineage (098), and nTreg 
cells with ITreg cells (0.98) and CD8T cells and MAIT 
cells (0.98). In comparison, A competition effect of 
−0.9−8.9 between iTreg cells and macrophages.

Figure  8A and B illustrate the positive/negative cor-
relation between DEGs (20 upregulated and 20 down-
regulated) and immune cells. Among the six hub DEGs, 
their negative correlation with macrophages, neutro-
phils, TH17 cells, and lymphocytes was well docu-
mented, monocytes, B cells, DC cells, and NKT cells, 
while they were positively correlated with Monocytes, 
NK, CD4_T, CD8_T, Gamma delta, CD4_naïve, Tr1, 
nTreg, iTreg, Th1, Th2, Tfh, CD8_naïve, Cytotoxic, 
Exhausted, MAIT, Central memory, Effector memo, 
and monocytes. They were negatively associated with 



Page 10 of 20Shen et al. BMC Infectious Diseases          (2025) 25:326 

Fig. 4  An analysis of the functional characteristics of the LYSG GENE system is presented in the diagram below. A the deg of LYSG-GENEs; (B-D) 
graphene oxide enrichment analysis; There are two types of GO pathway enrichment analyses: (E) KEGG pathway enrichment analysis and (F) 
DO analysis
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Fig. 5  WGCNA-LYSO-DEGs in SEPSIS; PPI network analysis and hub DEGs identification. An illustration of the number of people in a venn diagram 
genes shared between WGCNA and LYSO-DEGs; B PPI network of WGCNA-LYSO-DEGs; C Further selection of a key cluster containing 17 genes 
by employing MCODE as hub genes; D Top 10 hub genes discovered by CytoHubba; E MCODE-CytoHubba DEGs
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macrophages, neutrophils, Th17 cells, B cells, DC cells, 
and NKT cells in Fig. 8C.

Meta‑analysis
Utilizing sepsis datasets GSE28750 and GSE69528 
sourced from the publicly accessible GEO database, 
a meta-analysis was conducted at the transcriptional 
level concentrating on the aforementioned differen-
tially expressed genes (DEGs). The results, presented in 

Fig.  9A, B, revealed that within the sepsis group, there 
was a statistically significant upregulation of CTSO and 
HLA-DQA1 genes in comparison with the control group 
comprising healthy individuals (adjusted P-value < 0.05).

Discussion
Bloodstream infections, posing a significant risk of life-
threatening complications, represent the most ubiq-
uitous cause of sepsis. Among numerous potential 

Fig. 6  Correlation between Hub DEGs and SEPSIS/MODS; Regulatory network of Hub DEGs-TFs-miRNAs. A, B Hub degs associated with SEPSIS 
and MODS grounded in the CTD database; TF-hub DEGs regulatory network: pink circles define hub DEGs, red dots refer to transcription factors; C 
miRNA-hub DEGs regulatory network: light pink squares denote hub DEGs, there are blue circles representing miRNAs
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Fig. 7  Analogy between SEPSIS and NC immune cell infiltration types. A violin plot reveals the proportions of immune cells; B this chart 
demonstrates the proportion of immune cells in a stacked bar chart; C a correlation matrix suggests the proportions of immune cells
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Fig. 8  Applies the Spearman method to explore the potential association between DEGs/hub DEGs and immune cells (A-C)
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consequences, acute lung injuries stand out as a preva-
lent type of organ damage that can result from sepsis 
[43, 44]. Nevertheless, the specific mechanisms of the 
disease still need urgent exploration, so as to amelio-
rate patient prognosis. As a consequence, by integrat-
ing various bioinformatics approaches to gather insights 
into sepsis-related differentially expressed genes (DEGs), 
this research believe it would be intriguing to probe deep 
into the interplay among these three factors: between 
genes and lysosomal metabolism and immune infiltra-
tion inflammation. As suggested by numerous studies, 
iysosomal dysfunction is accompanied by a multitude of 
cellular events, which is paramount to understand the 
oxidative stress reaction, mitochondrial function, and 
mitochondrial structure [45, 46]; its dysfunction can give 

rise to a multitude of diseases, such as atherosclerosis, 
neurodegenerative diseases, pancreatitis, autoimmune 
diseases, etc.

ARDS is a disease that poses a serious risk of death. 
Immune mechanisms are complex in this organism, 
which usually can be ascribed to the combined effects of 
inflammation, coagulation, and injury [47–50]. Drawing 
upon these findings from the study, we can deduce the 
following conclusions to analyze the role of lysosomal 
metabolism and immune disturbances in the progression 
of sepsis, and to delve into potential therapeutic targets. 
ARDS is better understood when lysosomal metabo-
lism, immune response, and inflammation are combined. 
Nowadays, there exists a notable scarcity of research fix-
ing attention on lysosome-associated genes in the context 

Fig. 9  Meta-analysis. A-D refer to genes CSTO and HLA-DQA1 in the GSE28750 and GSE69528 datasets for sepsis and NC groups. Furthermore, 
there was a conspicuous augment in both genes in the sepsis group compared to the healthy group (adj P < 0.05)
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of sepsis. In this study, lysosome-related genes were 
obtained from the lysosome GO database. Additionally, 6 
hub DEGs strongly associated with SEPSIS or ARDS were 
identified. Lysosomal metabolic disorders can worsen 
SEPSIS, while CTSO and HLA-DQA1 are essential for 
lysosomal functional metabolism. Other than participat-
ing in the degradation of intracellular proteins, Cathepsin 
O (CTSO) not only participates in protein turnover [51] 
and activates the degradation of extracellular proteins, 
but also facilitates the reprogramming of macrophages 
[52].

As already illustrated by multiple studies, it has poten-
tial therapeutic value in anti-cancer and various cancer 
drugs are resistant to treatment [53–56]. On top of that, 
it has been found that CTSO can regulate various tran-
scription factors, such as ZNF423 [57], MTDH [58, 59] 
and PABPC4L [60]. Nevertheless, sepsis has failed to cap-
ture enormous academic attention on its action mecha-
nism. On that account, it is imperative to conductfurther 
experiments to confirm its effectiveness.

It is part of the MHC family and is located on chro-
mosome 6p21 as HLA-DQA1 (human leukocyte anti-
gen-DQA1). Abnormal expression can bring about 
autoimmune diseases [61–63]. As one of the genes bound 
up with iysosomes, several years have passed since it was 
discovered that genes responsible for psoriasis are dif-
ferentially expressed. More importantly, the human leu-
kocyte antigen-C, the human leukocyte antigen-B, and 
human leukocyte antigen-DPB1 are found in just a few of 
the examples cited above [64–66]. However, the precise 
mechanism by which it interacts with T cells in the con-
text of sepsis remains unclear.

In general, patients in an immunosuppressed state have 
a higher risk of death [67, 68]. Apart from that, surviv-
ing the early stages of sepsis while still being immuno-
suppressed is no small feat state can also lead to death in 
late-stage sepsis is quite an accomplishment. In advanced 
sepsis, this state may also lead to fatality [69, 70]. Other 
than presenting antigens,

B cells also secrete chemicals that regulate immune 
responses antibodies and a diverse array of cytokines 
[71, 72]. As a result, immunosuppression continues to 
develop when B cells are in a state of depletion. Moreo-
ver, exploring immune activation therapy in immunosup-
pressed states can help save the lives of late-stage sepsis 
patients.

Definitely, this study is imperfect in certain aspects: 
Above all, despite the fact that it has probed into the 
potential biomarkers correlated with sepsis-ARDS, this 
research failed to explore the specific biomarkers in sub-
groups of sepsis populations. For this reason, it is more 
preferable for future work to revolve around this aspect. 
Regarding the exploration of heterogeneity in sepsis 

populations, it first involves the significant differences in 
clinical symptoms, pathophysiological processes, treat-
ment responses, and prognosis among sepsis patients 
attributable to various factors. From an immunological 
standpoint, the initial stage of sepsis involves the acti-
vation of the host’s innate immune system by pathogen 
infection, which induces the expression of pattern rec-
ognition receptors on the surface of immune cells. These 
receptors recognize pathogen-associated molecular pat-
terns and damage-associated molecular patterns, initi-
ating the secretion and release of inflammatory factors, 
potentially resulting in a cytokine storm. This immune 
response manifests as early uncontrolled inflammatory 
reactions and subsequent immunosuppression, although 
both are present throughout the pathological process, 
their dominant roles vary at different stages. Immune 
cell function is associated with their energy metabolism. 
During the acute inflammatory response phase, glyco-
lysis, fatty acid oxidation, oxidative phosphorylation, and 
the tricarboxylic acid cycle are activated within immune 
cells, while the latter two processes are suppressed [73–
75]. In contrast, glycolysis, fatty acid oxidation, oxidative 
phosphorylation, and the tricarboxylic acid cycle are all 
inhibited during the immunosuppressive phase. In addi-
tion, from a macroscopic perspective of the host, the 
diversity in clinical manifestations of sepsis arises from 
differences in patient age, gender, comorbidities, genetic 
factors, and the infecting pathogen. For instance, patients 
with different ages may exhibit varying tolerances and 
responses to sepsis, with differences in their immune 
systems, organ functions, and other aspects compared 
to adults, potentially bringing about iverse symptoms 
and development processes when sepsis occurs. Elderly 
individuals, ascribable to declining physical functions 
and multiple underlying diseases, are more prone to 
organ dysfunction and poorer prognosis when sepsis is 
triggered by infection. Patients of different genders may 
differ in hormone levels and physiological structures, 
thereby affecting the manifestation and progression of 
sepsis. With regard to underlying diseases, patients with 
diabetes may experience exacerbation of glucometa-
bolic disorders when suffering from sepsis, complicat-
ing the condition and affecting treatment efficacy; those 
with cardiovascular diseases may be more susceptible to 
severe complications when circulatory changes triggered 
by sepsis occur. The type and virulence of the infectious 
pathogens also lead to differences in sepsis. For instance, 
sepsis stemmed from Gram-positive and Gram-negative 
bacterial infections may differ in the degree of inflam-
matory response and drug sensitivity, which can be val-
idated by the research progress on the heterogeneity of 
sepsis population [76, 77].
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Aside from that, the scale of our research population 
is insufficient, and our mining of the dataset is superfi-
cial, clearly lagging behind existing published articles 
[78]: To start with, we studied the dataset by utilizing a 
single transcriptomics approach, which may trigger inad-
equate data analysis, thereby overlooking pivotal details. 
In contrast, multi-omics joint analysis (transcriptom-
ics-proteomics) can sufficiently mine the information 
in the dataset. Apart from that, our data mining cen-
tered around exploring biomarkers, neglecting the spe-
cific mechanisms and modes of action of immune cells 
(mainly white blood cells) in sepsis, as pointed out in the 
literature. Our discussion of the relationship between 
transcriptomic genes and immune cells was cursory, fail-
ing to delve into the mechanisms by which they activate 
and elicit the release of inflammatory mediators, or the 
implications of the crucial innate immune barrier system, 
namely the complement system, on sepsis. Because in 
the literature, it is pointed out that the occurrence and 
development of sepsis are bound up with endothelial 
function and vascular barrier integrity. The destruction 
of these can give riseo t increased vascular permeability 
and glycocalyx injury, which are crucial to the pathogen-
esis of sepsis and its clinical sequelae. These significant 
findings underline the complex interplay between gene 
expression, endothelial biology, and hemodynamic per-
turbations observed in sepsis patients, thus making this 
a focal point for future research; thirdly, the deficiency of 
relevant practical operations in the clinical management 
of patients in this study, such as the research on fluid 
strategies mentioned multiple times in the literature, 
leaves adequate room for future research. Attributable 
to the absence of data on specific types of fluids, whether 
balanced or unbalanced, employed for resuscitation, the 
choice of fluid could impact clinical outcomes, particu-
larly in sepsis, where fluid management is a critical com-
ponent of treatment. For this reason, the applicability 

of these results to other populations or settings may be 
limited on account of variations in patient demographics, 
comorbidities, and clinical practices. It is pressing to con-
duct future research to validate the performance of this 
model across different populations and explore its suit-
ability in various clinical scenarios.

By employing bioinformatics analysis methods, this 
study examined the interactions between lysosome-
related genes and immune microenvironment changes, 
which was based on the screening and validation of two 
genes. The identification of potential molecular targets 
has been completed by carrying out in-depth research on 
the immune metabolism of sepsis. In spite of the above 
findings and contributions, inherent limitations still exist. 
Notwithstanding the composition of lysosome-related 
genes in the immune system microenvironment and 
multiple organs has been studied through bioinformat-
ics analysis. Nonetheless, data from experiments are still 
lacking on genes linked with lysosomes and their function.

As a result, researchers should look into the mecha-
nisms that regulate the immune system during sepsis 
so as to put forward innovative, feasible and productive 
methodologies for future studies.

Conclusion
The difference in lysosomal-related genes has been iden-
tified through the combination of various bioinformatics 
methods and immune cell infiltration between SEPSIS 
and NC. Our understanding has deepened regarding 
the correlation between lysosomal metabolism and 
immune system infiltration in sepsis, leading us to iden-
tify and validate two genes that exhibit upregulation in 
this condition. This is one of the most pivotal findings. 
There is a positive correlation between CTSO and B-cell 
margins, whereas a negative association is observed 
between CTSO and dendritic cells (DCs). Additionally, 

Fig. 10  RT-qPCR. A, B RT-qPCR detection of the expression of core genes in the sepsis cell model. Blue symbolizes normal, and red denotes sepsis. 
*, p < 0.05; **, p < 0.01; ***, p < 0.001
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HLA-DQA1 displays a positive connection with natural 
killer T (NKT) cells. This suggests that CTSO and HLA-
DQA1 are immune metabolic regulatory molecules in 
SEPSIS.

RT-qPCR was employed to detect the expression of 
CTSO和HLA-DQA1 in RAW264.7 cells in  vitro. In 
accordance with the independent samples t-test, CTSO( 
[−3.585—−0.3290]; t = 3.337, p < 0.0289); HLA-DQA1 ( 
[−3.062—−0.4255]; t = 3.673, p < 0.0213) was up-regu-
lated in a negative direction in contrast to normal cells. 
As indicated in Fig.  10A and B, CTSO和HLA-DQA1 
exhibits high expression in sepsis and low expression in 
the control group, with statistically significant differences 
between the two groups (p < 0.05).
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