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Introduction
Sepsis is a complex organismal response to infectious 
agents. It is characterized by a systemic inflammatory 
response syndrome (SIRS) triggered by infection and is 
the leading cause of death from infections globally [1]. 
Current Western medicine approaches to sepsis treat-
ment face challenges in providing specific and effective 
therapies. Therefore, timely recognition and interven-
tion are crucial for patient survival. Extensive research 
has revealed the multifaceted effects of traditional Chi-
nese medicine (TCM, shown in Table  1) in treating 
sepsis, including anti-inflammatory, antimicrobial, and 
immunomodulatory properties [2]. This has led to sig-
nificant interest in TCM as a potential anti-infective 
therapy. A classic TCM text, the “Item Differentia-
tion of Warm Febrile Diseases”, describes the efficacy of 
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Abstract
The present study utilized network pharmacology to identify therapeutic targets and mechanisms of Rehmannia 
glutinosa in sepsis treatment. RNA-sequencing was conducted on peripheral blood samples collected from 23 
sepsis patients and 10 healthy individuals. Subsequently, the RNA sequence data were analyzed for differential 
expression. Identification of active components and their putative targets was achieved through the HERB and 
SwissTarget Prediction databases, respectively. Functional enrichment analysis was performed using GO and KEGG 
pathways. Additionally, protein-protein interaction networks were constructed and survival analysis of key targets 
was conducted. Single-cell RNA sequencing provided cellular localization data, while molecular docking explored 
interactions with central targets. Results indicated significant involvement of identified targets in inflammation 
and Th17 cell differentiation. Survival analysis linked several targets with mortality rates, while molecular docking 
highlighted potential interactions between active components and specific targets, such as rehmaionoside a 
with ADAM17 and rehmapicrogenin with CD81. Molecular dynamics simulations confirmed the stability of these 
interactions, suggesting Rehmannia glutinosa’s role in modulating immune functions in sepsis.
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Qing-Ying-Tang in clearing heat, promoting detoxifica-
tion, and nourishing yin. Primarily used for cases involv-
ing heat affecting the body’s yin aspect, Rehmannia 
glutinosa is a key component of Qing-Ying-Tang. Within 
the TCM framework, Rehmannia glutinosa is believed 
to play a vital role in reducing mortality and inflamma-
tion and improving coagulation factors in sepsis patients 
[3]. Several key constituents of Rehmannia glutinosa 
have been identified, including rehmaionoside a, rehma-
picrogenin, Rehmaglutin C, and diincarvilone A. These 
components exhibit a wide range of pharmacological 
activities, including antitumor, immunomodulatory, neu-
roprotective, hypoglycemic, cardioprotective, and anti-
oxidant effects [4].

While the potential benefits of Rehmannia glutinosa 
for sepsis prognosis have been documented, the precise 
mechanisms underlying its efficacy remain unclear. Net-
work pharmacology offers a powerful approach to shed 
light on the complex interplay between the various com-
ponents of herbal medicines and their biological targets. 
This method integrates concepts from systems biology 
and computational techniques to map intricate networks 
of interactions within biological systems. By incorporat-
ing diverse omics data, network pharmacology provides 
a comprehensive understanding of the molecular mecha-
nisms governing drug action and disease processes [5]. 
Single-cell sequencing technologies have revolution-
ized our understanding of cellular heterogeneity and 
the dynamic nature of the immune landscape in various 
diseases, including sepsis. These technologies enable 
detailed profiling of individual cells, revealing cellular 
diversity and specific cell states critical for disease pro-
gression [6]. Molecular docking and molecular dynamics 
(MD) simulations are established tools in the biomedical 
field, providing insights that are often difficult to obtain 
through traditional biochemical or pathology experi-
ments [7, 8]. This study employs these advanced tech-
niques to elucidate the potential targets and mechanisms 
of Rehmannia glutinosa in sepsis treatment. The findings 

will provide valuable insights to guide future research 
efforts, as illustrated in Fig. 1.

Methods
Data sources
Raw data from sepsis patients were obtained from the 
Chinese National GeneBank (CNGN) at https://db.cngb.
org/search/project/CNP0002611/ (Dataset number: 
CNP0002611). The dataset comprises information on 23 
sepsis patients admitted to the Emergency Intensive Care 
Unit of the Affiliated Hospital of Southwest Medical Uni-
versity between February 2019 and December 2020, with 
venous blood samples collected. Additionally, venous 
blood samples were taken from 10 healthy volunteers to 
serve as a control group. For analysis based on the sep-
sis 3.0 criteria (infection + ΔSOFA score ≥ 2), as defined 
by the Society of Critical Care Medicine in collaboration 
with the European Society of Intensive Care Medicine 
in 2016, the GSE65682 dataset and prognostic data were 
downloaded from the publicly available GEO database 
for survival analysis.

RNA-seq
Total RNA was extracted from blood samples with the 
Trizol reagent. RNA quality and quantity were assessed 
using the Agilent 2100 bioanalyzer (Thermo Fisher Sci-
entific, MA, USA). Ribosomal RNA (rRNA) was removed 
using an enzyme H reagent targeting rRNA-specific 
sequences. The purified RNA was then fragmented into 
small pieces using SPRI beads and bivalent cations under 
high temperatures. First-strand cDNA was synthesized 
from the RNA fragments using reverse transcriptase 
and random primers. Second-strand cDNA synthesis 
employed DNA polymerase I and RNase H. The Agi-
lent 2100 bioanalyzer was again used to measure the 
size distribution of the cDNA fragments. Library pool 
quantification was performed using qPCR analysis. Fol-
lowing the manufacturer’s protocol, eligible library pools 
were sequenced on the BGISEQ-500/MGISEQ-2000 sys-
tem (BGI-Shenzhen, China). Low-quality reads, adapter 
sequences, and reads with unknown base N content 
exceeding 5% were removed from the obtained data. 
Low-quality reads were defined as those with a quality 
value less than 10 and where more than 20% of the bases 
fell below this threshold. Clean reads were filtered using 
SOAPnuke software for reliability and saved in FASTQ 
format. These clean reads were aligned to the reference 
genome using HISAT and Bowtie2 software.

Screening of differentially expressed RNA
Data quality was rigorously assessed using the online 
tool iDEP96 (http://bioinformatics.sdstate.edu/idep96/) 
[9]. Box plots were employed to assess dataset consis-
tency and reliability. To ensure data integrity, principal 

Table 1 List of abbreviations
Abbreviations Implication
RNA-seq RNA sequencing
SIRS Systemic inflammatory response syndrome
TCM Traditional Chinese Medicine
CNGN Chinese National GeneBank
PCA Principal Component Analysis
PBMC Peripheral Blood Mononuclear Cell
UMI Unique Molecular Identifiers
MNN Mutual Nearest Neighbors
t-SNE t-distributed Stochastic Nearest Neighbor Embedding
RMSD Root Mean Square Deviation
RMSF Root Mean Square Fluctuation
Rg Radius of Gyration

https://db.cngb.org/search/project/CNP0002611/
https://db.cngb.org/search/project/CNP0002611/
http://bioinformatics.sdstate.edu/idep96/
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Fig. 1 Experiment flowchart of this study. Network pharmacology and RNA-seq technology were applied to reveal potential effective targets and mecha-
nisms of Rehmannia glutinosa in sepsis therapy
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component analysis (PCA) was employed to identify 
and remove outlier samples. Prior to analysis, data were 
standardized using the prcomp function in R4.2.1 
with centering and scaling applied (center = TRUE and 
scale.=TRUE). Outliers were identified based on the scat-
ter plot of the first two principal components and sub-
sequently removed. Differential expression analysis was 
conducted using the DEseq2 method, with a minimum 
fold change threshold of 2 and a false discovery rate 
(FDR) of less than 0.05.

Exploration of active components and targets of 
Rehmannia Glutinosa
The HERB Database [10] (http://herb.ac.cn/), a cen-
tralized repository for TCM information, offers a com-
prehensive collection of herbal medicines and their 
constituents. This invaluable resource facilitates phar-
macological studies within modern TCM drug discovery 
efforts. We utilized the HERB database to acquire infor-
mation on the active components of Rehmannia glutinosa 
(ID: HERB001783). For target prediction, the species was 
designated as human, and only targets with a probabil-
ity greater than 0.01 (P > 0.01) were included. We subse-
quently utilized the SwissTargetPrediction database [11] 
(http://www.swisstargetprediction.ch/) for target pre-
diction related to the identified active components of 
Rehmannia glutinosa. Following the removal of duplicate 
targets associated with both Rehmannia glutinosa and 
sepsis, the overlapping genes were identified. A Venn dia-
gram was generated to visualize these results using http://
www.liuxiaoyuyuan.cn/.

Construction of the “active component-target-disease” 
network
To establish a network of active component targets for 
sepsis therapy, network construction was performed 
using Cytoscape 3.7.2. The identified overlapping genes 
were imported into Cytoscape to build the network. The 
built-in network visualization tools were then employed 
to map the interactions between the active components 
and their predicted targets. Next, the constructed net-
work was analyzed using the Network Analyzer plu-
gin. This plugin calculates topological parameters such 
as node degree, betweenness centrality, and clustering 
coefficient, which characterize the interconnectedness 
within the network. The size of each node was posi-
tively correlated with its degree of connectivity, indi-
cating its importance within the network. Nodes with 
a higher degree value exhibited increased connectiv-
ity, suggesting their potential importance within the 
network.

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) enrichment analysis
For gene function annotation and enrichment analysis, 
we employed Metascape [12] (http://metascape.org/), 
a robust tool integrating databases like GO, KEGG, and 
UniProt. GO annotations encompass three main cat-
egories: biological processes, cellular components, and 
molecular functions, providing a comprehensive under-
standing of gene functions. KEGG pathway information 
is also accessible through Metascape, allowing analysis 
across different species [13–15]. The intersecting genes 
were uploaded to Metascape and enrichment analysis 
was performed using default settings, including a sig-
nificance threshold of P ≤ 0.01 and a minimum count of 
3 genes per pathway. Results with a P-value ≤ 0.01 were 
considered significant. Chord diagrams and other visual-
ization tools, including SRplot (http://www.bioinformat-
ics.com.cn/srplot), were employed to depict the top 20 
most significant pathways based on P-value and enrich-
ment score.

Protein-protein interaction (PPI) analysis
To identify potential key targets, we performed protein-
protein interaction network analysis using the Search 
Tool for the Retrieval of Interacting Genes/Proteins 
(STRING) database (www.string-db.org) [16]. Interacting 
proteins within the network indicate potential functional 
relationships. Proteins with a higher number of inter-
actions become more indicative of core genes. Species 
selection was set to “Homo sapiens” and a confidence 
score threshold of 0.7 was applied. Nodes with no con-
nections were excluded from the network. The 135 inter-
secting genes were uploaded to the STRING database to 
construct the PPI network. A heatmap was then gener-
ated to visualize the core genes within the network using 
the Xiantao platform (https://www.xiantaozi.com/). The 
visualization was performed in R version 4.2.1 using the 
ComplexHeatmap package [17].

Survival curve analysis
The relationship between key targets and clinical progno-
sis was assessed using survival analysis with gene expres-
sion data from the GSE65682 dataset [18] and 28-day 
clinical prognosis data. This dataset, obtained from a 
public database, encompasses peripheral blood samples 
from 478 patients with confirmed sepsis, along with gene 
expression profiles and clinical prognosis information. 
We used the gene expression data for each key target to 
categorize patients into high and low-expression groups. 
The categorization was based on the median expression 
value of each gene; patients with expression values below 

http://herb.ac.cn/
http://www.swisstargetprediction.ch/
http://www.liuxiaoyuyuan.cn/
http://www.liuxiaoyuyuan.cn/
http://metascape.org/
http://www.bioinformatics.com.cn/srplot
http://www.bioinformatics.com.cn/srplot
http://www.string-db.org
https://www.xiantaozi.com/
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the median were placed in the low-expression group, 
while those with values above the median were placed in 
the high-expression group. The survival analysis was con-
ducted using the Kaplan-Meier method, and the log-rank 
test was employed to compare survival curves between 
the high and low-expression groups. Statistical signifi-
cance was established using a P-value < 0.05 in the log-
rank test.

Single-cell sequencing analysis
Five peripheral blood mononuclear cell (PBMC) samples 
were collected for 10× scRNA-seq analysis. These sam-
ples comprised two from healthy volunteers, one from a 
patient with systemic inflammatory response syndrome 
(SIRS), and two from septic patients.

Cell Ranger (utilizing STAR14 software) was employed 
for data quality assessment and read alignment to the ref-
erence genome during single-cell RNA sequencing. This 
technique incorporates transcript sequences with Unique 
Molecular Identifiers (UMIs) and Cell Barcodes, allowing 
absolute quantification of each transcript. Dimensionality 
reduction, a process that simplifies high-dimensional data 
for better visualization and analysis, was performed using 
Mutual Nearest Neighbors (MNN) and t-distributed Sto-
chastic Nearest Neighbor Embedding (t-SNE) algorithms. 
The results of MNN-based dimensionality reduction 
were visualized using t-SNE to identify distinct cell popu-
lations. Marker genes, in this context, are a set of genes 
with high expression within a specific cell type and mini-
mal expression in others. They also exhibit significant 
upregulation in that specific cell population compared to 
other cells. Based on marker gene expression, cell popula-
tions were manually identified to construct sepsis-related 
single-cell libraries. Transcriptome sequencing of the 
five cell samples revealed that among these populations, 
groups 3 and 5 represented macrophages, group 4 repre-
sented natural killer cells, and groups 1, 2, 6, and 8 were T 
cells. Additionally, group 7 represented B cells, and group 
9 represented platelets [19](Fig. 8A).

Molecular docking
Based on the results of the PPI analysis, the “active com-
ponent-target-disease” network, and survival curves, 
core proteins were selected for further investigation. 
Autodock Vina 1.2.2, a widely used molecular dock-
ing software, assessed the binding energy and interac-
tion mode between the core proteins and Rehmannia 
glutinosa active components. Protein-ligand docking is 
a computational method that simulates the interaction 
between a small molecule (ligand) and a protein target. 
The 3D structure of each active component was retrieved 
from the PubChem database [20] (https://pubchem.ncbi.
nlm.nih.gov/), while the protein structures were obtained 
from the Protein Data Bank database [21] (https://www.

rcsb.org/). In preparation for docking simulations, pro-
tein and ligand files were converted to the PDBQT for-
mat. This involved standard protein preparation steps 
such as eliminating water molecules and adding polar 
hydrogen atoms. The structural domains of each pro-
tein were then enclosed by cubic lattice boxes, allowing 
ligand molecules to explore the binding site freely. The 
docking pocket was defined as a 30 Å × 30 Å × 30 Å box 
with a grid spacing of 0.05 nm. Docking simulations were 
performed using Autodock Vina 1.2.2 (http://autodock.
scripps.edu/) to determine the binding energies of the 
ligand-protein complexes. The results were visualized 
using PyMOL 2.4.1 to analyze the binding interactions 
and conformations. These visualizations included 3D 
structural representations, highlighting key interactions 
such as hydrogen bonds, hydrophobic contacts, and pi-pi 
stacking interactions between the active components and 
the target proteins.

Molecular dynamics simulation
To further validate the reliability of the docking proto-
col, this study employed GROMACS 2022.4 software to 
perform all-atom molecular dynamics simulations on 
the protein-ligand complexes obtained from molecular 
docking [22]. The protein component was parameterized 
using the Amber14SB force field. Topology files for the 
small molecule ligands were generated using ACPYPE 
and Antechamber programs. A cubic solvent box with 
a minimum distance of 1 nm from the system’s edges to 
the complex was employed. The TIP3P water model was 
used, and sodium and chloride ions were added to neu-
tralize the overall charge. The energy minimization pro-
cess utilized the steepest descent method. Temperature 
(300 K) and pressure (101.325 kPa) were controlled using 
NVT and NPT ensembles, respectively, to ensure system 
stability throughout the simulations. For each equili-
brated system, a 100 ns MD simulation was conducted at 
300 K, resulting in 10,000 frames of simulated trajectory 
data. Key parameters such as root mean square deviation 
(RMSD), root mean square fluctuation (RMSF), radius 
of gyration (Rg), and total number of hydrogen bonds 
between protein and ligand were analyzed using the tra-
jectory files obtained from the simulations.

Results
Screening of differentially expressed genes
This investigation into differentially expressed RNAs 
employed both mRNA localization and principal com-
ponent analysis. Notably, the analysis of sepsis and con-
trol samples revealed consistent patterns with no outliers 
identified, as illustrated in Fig. 2A-D. Consequently, this 
analysis identified 4501 differentially expressed genes, 
including 2447 upregulated and 2054 downregulated 
genes.

https://pubchem.ncbi.nlm.nih.gov/
https://pubchem.ncbi.nlm.nih.gov/
https://www.rcsb.org/
https://www.rcsb.org/
http://autodock.scripps.edu/
http://autodock.scripps.edu/
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Exploration of the active components and targets of 
Rehmannia glutinosa
Our investigation into the active components and poten-
tial therapeutic targets of Rehmannia glutinosa for sep-
sis began by identifying its bioactive components. We 
retrieved information on Rehmannia glutinosa from the 
HERB database, identifying a total of 33 bioactive com-
ponents. Next, we employed the SwissTargetPrediction 
database to predict potential target proteins associated 
with these bioactive components. This comprehensive 
analysis yielded a total of 1095 candidate target proteins. 
Following the removal of duplicate entries, a final set of 
567 potential targets specific to Rehmannia glutinosa was 
established. In parallel, we obtained a list of 4329 targets 
associated with sepsis through independent means. To 

identify potential therapeutic targets at the intersection 
of Rehmannia glutinosa bioactivity and sepsis, a Venn 
diagram was generated (Fig.  3A). This analysis revealed 
135 genes representing the overlap between the 567 
targets linked to Rehmannia glutinosa’s active compo-
nents and the 1069 targets associated with sepsis. These 
co-occurring genes were then analyzed and presented 
alongside their corresponding active components and 
properties in Table 2.

Construction of a network of sepsis target active 
compounds
A PPI network was constructed using Cytoscape (ver-
sion 3.7.2) to visualize the interactions between the 135 
genes common to Rehmannia glutinosa and sepsis, along 

Fig. 2 The evaluation of data quality and the analysis of differential RNA expression. (A) Box plots show that after normalization, the data in each sample 
exhibited a consistent distribution, making them comparable. (B) PCA illustrates the significant differences between the two cohorts and the lack of atypi-
cal data points. (C) Volcano plots showing downregulated (blue) and upregulated (red) genes. Fold Change values are plotted on the horizontal axis, and 
P values are plotted on the vertical axis. (D) Histograms showing upregulated (red) and down-regulated (blue) genes screened under FDR < 0.05 and FC 
? 2. The horizontal axis indicates the number of differentially expressed RNAs; the vertical axis indicates groups
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with their corresponding active compounds. Circular 
nodes represented these common genes, diamond nodes 
denoted active compounds of Rehmannia glutinosa, and 
inverted triangle nodes indicated genes associated with 
sepsis. Network analysis was performed using the Net-
work Analyzer plugin. The size of each node was propor-
tional to its degree of connectivity, with a higher number 
of connections indicating greater connectivity. Notably, 
ADORA2A, CA1, and AR emerged as the intersecting 
genes with the highest degree values, suggesting their 
potential importance in sepsis treatment. Among the 
active compounds, diincarvilone A exhibited the highest 
degree value, suggesting its potential significance as a key 
active component of Rehmannia glutinosa (Fig. 3B).

GO and KEGG enrichment analysis
A comprehensive functional profile was compiled based 
on the GO annotation of the 5799 identified genes. Four 
thousand four hundred seventy-one genes were associ-
ated with biological processes (BP), four hundred sixty-
one with cellular components (CC), and eight hundred 
sixty-seven with molecular functions (MF). Key biologi-
cal processes included phosphorylation, modulation of 
inflammatory response, and inflammatory response itself 
(Fig. 4A). To further elucidate the relationships between 
these GO terms, a network diagram was generated. 
Terms with a similarity score exceeding 0.3 were con-
nected by lines. The most statistically significant p-values 
from 20 clusters were selected, with each cluster limited 

Fig. 3 Screening of active component targets of Rehmannia glutinosa. (A) In this Venn diagram, purple shading indicates 567 active targets, while blue 
indicates 4329 differentially expressed RNAs associated with sepsis. The central region consists of 135 overlapping targets representing potentially ef-
fective targets of Rehmannia glutinosa for treating sepsis. (B) In this network, the circular nodes on the left side represent the 135 cross-targets, the right 
diamond nodes represent the 32 active compounds of Rehmannia glutinosa, the inverted triangle nodes represent sepsis, and the lines indicate the 
interactions of the components with the targets
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Table 2 Active ingredients and targets of Rehmannia Glutinosa
Ingredients Ingredient 

id
Mol-
ecule 
weight

Target

Campesterol HBIN019475 400.68 AR CYP19A1 RORA
Gamma-Aminobutyric 
Acid

HBIN027103 139.58 SLC7A8 ALAS1 PTEN

Catalpol HBIN019909 362.33 CA1 ADORA1 HK2
Rehmaglutin C HBIN042014 200.19 PRKCD PCSK7 IL1B
3-indolecarboxylic acid HBIN008755 161.16 PIM3 FTO
7-isoquinoli-nol HBIN013300 145.16 KIF11 PARP1
10-deoxyeucommiol HBIN000105 172.22 PTGFR PTGDR 

PPARG
acteoside HBIN014630 624.59 MMP2 AKR1B1
adenine HBIN014684 135.13 ADORA2B
adenosine HBIN014693 267.24 DPP4 GAPDH PNP
beta-sitosterol HBIN018278 414.71 G6PD ACHE 

CDC25A
coniferin HBIN021356 314.38 F2 MMP1 SLC5A2
daucosterol HBIN022771 576.85 S1PR5 ALOX5 MAOA
diincarvilone A HBIN024020 480.6 IMPDH1 TNF TK1
echinacoside HBIN024794 786.73 MMP9
isoacteoside HBIN047173 360.4 MGMT FPHX2
Rehmaglutin A HBIN042012 202.2 VEGFA FGF2 HTR2A
rehmaionoside a HBIN042018 390.47 PNP ADAM17 LTA4H
rehmannin HBIN042022 552.8 PTGES
rehmannio-side D HBIN042027 686.6 MGAM
rehmapicraside HBIN042028 346.37 SELL SELP CASP1
rehmapicrogenin HBIN042029 184.23 LTB4R CD81 NR3C2
trans-p-hydroxy cin-
namic acid methyl 
ester

HBIN046815 178.18 CA5B MAOB LCK

uridine HBIN047579 244.2 P2RY4

to no more than 15 terms, ensuring no more than 250. 
The network was visualized using Cytoscape, with nodes 
representing GO terms. Initially, these nodes were col-
ored by their cluster ID (Fig.  4C) and subsequently by 
their p-value (Fig. 4B). KEGG pathway analysis revealed 
that these genes were primarily involved in crucial path-
ways such as those associated with cancer, neuroactive 
ligand-receptor interactions, lipids and atherosclero-
sis, cellular senescence, and various signaling pathways 
(Fig. 5A). Five of these important pathways were visual-
ized for a clearer understanding (Fig. 5B).

PPI analysis
Following the removal of irrelevant data points, the PPI 
network was reduced to 103 nodes (Fig.  6A). This com-
plex network identified CD81, LCK, PNP, ADAM17, 
IMPDH1, and PRKCD as central nodes. A heatmap 
(Fig. 7B) visualizes the expression levels of these six hub 
genes across different samples. Notably, these genes are 
associated with the regulation of inflammatory response 
and cellular senescence, suggesting their potential as ther-
apeutic targets for Rehmannia glutinosa in treating sepsis.

Survival curve analysis
To assess the correlation between patient prognosis and 
the 135 cross-targets, this study employed the GSE65682 
dataset [18] for prognostic analysis. Log-rank tests 
revealed that the expression levels of six genes (LCK, 
IMPDH1, ADAM17, CD81, PRKCD, and PNP) were asso-
ciated with prognosis (Fig.  7A-F). The survival curves 
depict a more significant change in patient prognosis 
when the disparity in gene expression is greater. Nota-
bly, the group with high expression of LCK, IMPDH1, 
ADAM17, CD81, and PRKCD, and low expression of 
PNP, exhibited a significantly higher survival rate, indi-
cating a superior prognosis. Therefore, LCK, IMPDH1, 
ADAM17, CD81, PRKCD, and PNP were identified as 
potential key targets for Rehmannia glutinosa therapy in 
sepsis.

Single-cell RNA sequencing
Six key genes (LCK, CD81, PRKCD, IMPDH1, ADAM17, 
and PNP) were analyzed in single-cell libraries to deter-
mine their cellular localization patterns. The results 
revealed distinct cell type distributions (Fig.  8B-H). 
ADAM17 and CD81 exhibited widespread expression 
across various immune cell types. In contrast, PRKCD, 
PNP, and IMPDH1 were primarily enriched in macro-
phage lineages, specifically Groups 3 and 5. LCK, on the 
other hand, was predominantly localized in T-cell lin-
eages, particularly Group 6.

Molecular docking
Following the preceding analyses, the major active 
components of Rehmannia glutinosa, including rehm-
aionoside a, rehmapicrogenin, diincarvilone A, trans-p-
hydroxy cinnamic acid methyl ester, and Rehmaglutin C, 
were selected for molecular docking simulations. Dock-
ing simulations were performed against ADAM17 
(Fig.  9A), PNP (Fig.  9E), CD81 (Fig.  9B), IMPDH1 
(Fig.  9C), LCK (Fig.  9D), and PRKCD (Fig.  9F), respec-
tively. In these figures, affinity values below − 4.25  kcal/
mol indicate potential binding activity, values below 
− 5.0 kcal/mol indicate strong binding activity, and values 
below − 7.0 kcal/mol suggest significant docking interac-
tions between the ligand and the target protein [23]. The 
detailed molecular docking results for these active com-
ponents and target proteins are presented in Table 3.

Molecular dynamics simulation
Following a 20 ns molecular dynamics simula-
tion, the RMSD-time curve plateaus, indicat-
ing stabilization (Fig.  10A). The RMSD values for 
rehmaionoside a-ADAM17, rehmapicrogenin-CD81, 
trans-p-hydroxy cinnamic acid methyl ester-LCK, diin-
carvilone A-IMPDH1, and rehmaionoside a-PNP all 
stabilized between 0 and 0.5  nm. The RMSD value of 
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Fig. 4 GO enrichment analysis of cross-targets. (A) Intersected targets are intersected targets primarily engaged in biological processes such as phos-
phorylation, modulation of inflammatory response, and inflammatory response. (B) The color shade of each node reflects its P-value magnitude. (C) 
Different colors of each node correspond to different biological processes (cluster ID)

 

Fig. 5 KEGG pathway analysis of cross-targets. The pathway data in the figure were obtained from the KEGG database (Kanehisa Laboratories: www.kegg.
jp/kegg/kegg1.html). (A) the y-axis indicates the P value, and the x-axis indicates gene counts. The cross-targets are mainly involved in various signaling 
pathways such as cancer pathways, neuroactive ligand-receptor interactions, lipids and atherosclerosis, and cellular senescence, etc. (B) Five different 
colors on the right side represent the different P values corresponding to 5 signaling pathways, and different colors on the left side correspond to the FC 
values of the genes included in the pathways

 

http://www.kegg.jp/kegg/kegg1.html
http://www.kegg.jp/kegg/kegg1.html
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Fig. 6 PPI network of proteins. (A) CD81, LCK, PNP, ADAM17, IMPDH1, and PRKCD represent the central nodes. (B) Heatmap of six potential hub genes 
in the center of the PPI network (CD81, LCK, PNP, ADAM17, IMPDH1, and PRKCD). Higher and lower expression were indicated by red and green colors, 
respectively
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Rehmaglutin C-PRKCD fluctuated within a range of 
0.5 to 1.2  nm. The Rg values of all complexes exhibited 
approximately horizontal lines in Fig.  10B, signifying 
relative stability throughout the simulation. During the 
simulation process, most complexes displayed fluctua-
tions in their RMSF values within a range of 0 to 1  nm 

(Fig. 11A-F). We observed dynamic formation and break-
ing of hydrogen bonds throughout the simulations. How-
ever, most complexes maintained a consistent presence 
of hydrogen bonds, with rehmaionoside a-ADAM17 
and trans-p-hydroxy cinnamic acid methyl ester-LCK 
exhibiting the most stable hydrogen bonding patterns 

Fig. 7 Survival analysis for the 6 key targets. The plot shows survival time in days on the x axis and survival rate on the y axis. The green line corresponds 
to low mRNA samples, while the red line represents high mRNA samples. (A-F) In the group with high expression of LCK (A), IMPDH1 (B), ADAM17 (C), CD81 
(D), PRKCD (E), and low expression of PNP (F), the survival rate was significantly higher, indicating a superior prognosis (P < 0.05)
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(Fig.  12A-F). Overall, these results strongly support the 
effectiveness of the docking protocols and suggest favor-
able conformational stability for these six complexes.

Discussion
Sepsis is a life-threatening condition characterized by 
organ dysfunction arising from a dysregulated host 
response. This response can progress to severe sep-
sis and septic shock [24]. Western medicine recog-
nizes that sepsis-induced immunosuppression results 
from disrupted immune homeostasis. This disruption 
manifests as the release of anti-inflammatory cytokines, 

excessive expansion of immunosuppressive cells, abnor-
mal death of immune effector cells, and the expression 
of immune checkpoints [25]. For over 2,000 years, Tra-
ditional Chinese Medicine (TCM) has been vital in man-
aging infectious diseases in Eastern cultures. Scientific 
evidence increasingly demonstrates that various TCM 
agents can attenuate sepsis-induced organ dysfunction 
through mechanisms including inhibiting inflamma-
tory responses, enhancing immunity, reducing oxidative 
stress, and maintaining cellular homeostasis [26]. This 
study employed an integrative approach that combined 
network pharmacology, single-cell sequencing, molecular 

Fig. 8 Cell lineage localization of key genes. (A) Groups 3 and 5 are macrophages; group 4 represents natural killer cells; groups 1, 2, 6, and 8 are T cells. 
Groups 7 and 9 represent B cells and platelets, respectively. (B-G) ADAM17 and CD81 are widely distributed in immune cells. PRKCD, PNP, and IMPDH1 
were mainly enriched in groups 3 and 5 (macrophage lineage). LCK was mainly enriched in group 6 (T-cell lineage). (H) The expression abundance values 
and proportions of each hub gene in different cell populations are shown in bubble plots
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Fig. 9 Molecular docking results. (A) rehmaionoside a binds to ADAM17 with a binding affinity of − 5.775 kcal-mol− 1. (B) rehmapicrogenin binds to 
CD81 with a binding affinity of − 5.074 kcal-mol− 1. (C) diincarvilone A binds to IMPDH1 with a binding affinity of − 6.916 kcal-mol− 1. (D) trans-p-hydroxy 
cinnamic acid methyl ester has a binding affinity of − 7.641 kcal-mol− 1 for LCK. (E) rehmaionoside a has a binding affinity for PNP of -6.437 kcal-mol− 1. (F) 
Rehmaglutin C has a binding affinity for PRKCD of -4.327 kcal-mol− 1

 

Table 3 Molecular docking results
Compounds Targets Bind Energy
trans-p-hydroxy cinnamic acid 
methyl ester

LCK -7.641 kcal·mol⁻¹

rehmapicrogenin CD81 -5.074 kcal·mol⁻¹
Rehmaglutin C PRKCD -4.327 kcal·mol⁻¹
diincarvilone A IMPDH1 − 6.916 kcal·mol⁻¹
rehmaionoside a ADAM17 -5.775 kcal·mol⁻¹
rehmaionoside a PNP -6.437 kcal·mol⁻¹

docking, and molecular dynamics simulation. We aimed 
to screen the active components of Rehmannia glutinosa 
and identify potential therapeutic targets for sepsis. By 
unraveling the immunomodulatory effects of Rehman-
nia glutinosa, we hope to gain insights and directions for 
novel drug design and development. This, in turn, could 
pave the way for personalized treatment strategies for 
sepsis and facilitate a deeper understanding of how the 
active components of Rehmannia glutinosa interact with 
their targets. Ultimately, this study sought to elucidate 
the therapeutic mechanisms of Rehmannia glutinosa in 
treating sepsis. By providing a crucial scientific basis and 

theoretical foundation, we hope to contribute to person-
alized treatment strategies, drug development, and suc-
cessful clinical translation of this traditional medicine.

Current scientific research suggests that Rehmannia 
glutinosa exerts beneficial effects for various significant 
diseases. It enhances the intestinal epithelial barrier, 
induces dendritic cell maturation, inhibits ferroptosis, 
and activates the PI3K/AKT/Nrf2 and SLC7A11/GPX4 
signaling pathways. These mechanisms contribute to 
preventing colitis, exhibiting anticancer properties, and 
improving cognitive dysfunction after cerebral ischemia 
[27–29]. Rehmannia glutinosa also suppresses the expres-
sion of pro-inflammatory genes (TNF-α, MCP-1, IP-10, 
COX-2, and iNOS) and promotes the activation of natu-
ral killer cells in mice [30, 31], suggesting its efficacy in 
anti-inflammation and immunomodulation, potentially 
applicable in the treatment and prognosis improvement 
of sepsis. Previous ex vivo and in vivo studies support the 
role of Rehmannia glutinosa in inflammatory response 
and immune modulation. For instance, Feng et al. dem-
onstrated that oral administration of its polysaccharides 
significantly improved immune response and antioxidant 
capacity in common carp, enhancing their resistance to 
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Fig. 11 RMSF-Residue number curve (A-F) RMSF can be used to indicate the fluctuation of the complex at the residue level, reflecting the flexibility of 
the protein

 

Fig. 10 RMSD and Rg during Molecular Dynamics Simulations. (A) RMSD can indicate structural conformational changes and systemic stability of com-
plexes. (B) The Rg value can indicate the tightness of the complex system, which can reflect the degree of protein folding
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infection [32]. Similarly, another study demonstrated the 
protective effects of rhizoma geophyllum oligosaccha-
rides (RGO) against intestinal inflammation and barrier 
damage in mice [33].These findings, highlighting modula-
tion of gut flora, reduction of inflammatory factors, and 
enhanced antioxidant capacity, align with our results and 
further support the potential of Rehmannia glutinosa in 
sepsis treatment.

However, scientific research on treating sepsis with 
Rehmannia glutinosa is relatively scarce, and the mecha-
nism by which it improves prognosis remains unclear. 
This study identified the effective components of Rehm-
annia glutinosa for sepsis treatment through public data-
bases, potentially paving the way for new directions in 
the clinical management of sepsis.

ADAM17 considered the first line of defense against 
injury, promotes inflammation and subsequent repair of 
skin and intestinal barriers. It maintains epidermal bar-
rier function by releasing tumor necrosis factor-alpha to 
induce inflammatory responses and epidermal growth 
factor receptor ligands [34]. ADAM17 cleaves substrates 
like interleukin-6 receptor, heparin-binding EGF-like 
growth factor, and hepatocyte growth factor receptor 
c-Met [35]. Interestingly, survival curve analysis indi-
cated a correlation between increased ADAM17 expres-
sion and a better prognosis for sepsis patients, suggesting 
that elevated ADAM17 expression may be favorable in 
this population. RNA-seq analysis revealed widespread 
distribution of ADAM17 across different immune 
cells. Furthermore, network pharmacological evalua-
tion identified rehmaionoside a, an active component of 

Rehmannia glutinosa, as a potential binder to ADAM17 
and a compound with antimicrobial properties.

CD81, a regulator of immune synapses, receptor aggre-
gation, and signaling, also mediates both adaptive and 
innate immunosuppression [36]. In vitro studies have 
demonstrated that CD81 overexpression in human CD4+ 
T cells promotes the development of Th9 cells [37]. 
Survival curve analysis indicated that increased CD81 
expression in the group with a better prognosis corre-
lates with longer survival, suggesting that elevated CD81 
expression may be beneficial in sepsis. RNA-seq analysis 
further revealed that CD81 is widely expressed in dif-
ferent immune cells. Network pharmacological evalua-
tion identified rehmapicrogenin, an active component of 
Rehmannia glutinosa, as a compound that targets CD81 
and exhibits antimicrobial properties.

Inosine monophosphate dehydrogenase 1 (IMPDH1), 
a rate-limiting enzyme crucial for guanine nucleotide 
synthesis via conversion of 5’-inosine to xanthine, plays 
an essential role in lymphocyte antigen antagonism. 
IMPDH1 is typically associated with immune cells, 
immune checkpoints, and immune-related genes and 
pathways within the tumor immune microenvironment 
[38]. Interestingly, survival curve analysis revealed upreg-
ulated IMPDH1 expression in the group with a better 
prognosis, suggesting potential benefits in sepsis. RNA-
seq analysis localized IMPDH1 enrichment primarily 
within the macrophage lineage. Network pharmacologi-
cal analysis identified diincarvilone A, an active ingre-
dient of Rehmannia glutinosa, as a potential binder to 
IMPDH1 and a compound with antimicrobial properties.

Fig. 12 Hydrogen bond number-time curve. (A-F) Hydrogen bond (H-bond) is a strong non-covalent interaction that can, to some extent, reflect the 
binding strength between the ligand and the receptor
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Purine nucleoside phosphorylase (PNP) is an intracel-
lular enzyme that converts dGTP to guanine. Mutations 
in the PNP gene are known to cause immunodeficiency 
[39]. It also plays a crucial role in the purine salvage path-
way, and its deficiency can result in severe combined 
immunodeficiency [40]. Interestingly, survival curve 
analysis in our study indicated that reduced PNP expres-
sion was associated with a better prognosis in sepsis, sug-
gesting that decreased PNP expression may be beneficial. 
RNA-seq analysis revealed that PNP is mostly localized 
in the macrophage lineage. Network pharmacological 
evaluation identified rehmaionoside a, an active ingredi-
ent of Rehmannia glutinosa, as a potential target for PNP 
and a compound with antibacterial properties.

Protein kinase C delta (PRKCD), a member of a novel 
class of calcium-dependent PKCs, can promote the devel-
opment of chronic obstructive pulmonary disease by induc-
ing mitochondrial dysfunction, inflammatory responses, 
apoptosis, and MUC5AC hypersecretion. Additionally, 
PRKCD plays a crucial role in diseases like X-linked agam-
maglobulinemia and mediates platelet-induced tumor 
progression [41, 42]. In the present study, survival analysis 
demonstrated that increased PRKCD expression was asso-
ciated with a better prognosis, suggesting a potentially ben-
eficial role in sepsis. RNA-seq analysis revealed that PRKCD 
is predominantly localized in the macrophage cell lineage. 
Rehmaglutin C, an active ingredient of Rehmannia glutin-
osa, was found to target PRKCD and exhibit antimicrobial 
properties according to network pharmacological analysis.

Lymphocyte-specific protein tyrosine kinase (LCK) 
serves as a positive regulator of inflammatory signaling [43]. 
Research has identified LCK as a potential new biomarker 
for sepsis based on ROC analysis [44]. Survival analysis indi-
cated increased LCK expression was associated with a better 
prognosis, suggesting a favorable role. Furthermore, RNA-
seq analysis revealed that LCK was predominantly localized 
in natural killer and T cells. Network pharmacological anal-
ysis identified trans-p-hydroxy cinnamic acid methyl ester, 
an active component of Rehmannia glutinosa, as capable of 
targeting LCK and exhibiting antimicrobial properties.

LCK, CD81, PRKCD, IMPDH1, ADAM17, and PNP, 
identified through our analysis, are involved in various 
biochemical reactions critical for immunity, inflamma-
tion, and metabolism, playing a role in the development 
and progression of several disease categories like immune 
disorders, inflammatory conditions, and metabolic 
imbalances. The mechanisms by which these genes 
influence sepsis remain unclear, and limited research 
has explored their specific roles. Our study employed 
single-cell sequencing technology to determine the cel-
lular localization of these genes, revealing their high 
expression in immune cells. Furthermore, we analyzed 
public databases and validated the correlation between 
their expression and clinical prognosis in sepsis patients. 

These findings highlight LCK, CD81, PRKCD, IMPDH1, 
ADAM17, and PNP as potential therapeutic targets for 
sepsis and pave the way for further investigation into 
their mechanisms of action in this disease.

The molecular docking results showed binding 
affinities below − 4.25  kcal/mol for several complexes: 
trans-p-hydroxy cinnamic acid methyl ester-LCK, 
rehmapicrogenin-CD81, diincarvilone A-IMPDH1, reh-
maionoside a-ADAM17, and rehmaionoside a-PNP, as 
well as Rehmaglutin C-PRKCD. Among these, trans-p-
hydroxy cinnamic acid methyl ester-LCK displayed the 
lowest binding energy (-7.641  kcal·mol⁻¹). Furthermore, 
molecular dynamics simulations revealed excellent stabil-
ity for trans-p-hydroxy cinnamic acid methyl ester-LCK, 
rehmaionoside a-ADAM17, and rehmaionoside a-PNP. 
These complexes exhibited consistently low RMSD, 
RMSF, and Rg values while maintaining stable and con-
tinuous hydrogen bonds. No dissociation of the com-
plexes was observed during the simulations. These results 
strongly suggest robust and stable binding between these 
active compounds and their targets, providing a solid 
foundation for further investigating these complexes.

This study employed single-cell sequencing technol-
ogy to gain a deeper understanding of individual dif-
ferences and dysregulated immune responses in sepsis 
patients. This information can be used to develop per-
sonalized treatment strategies, potentially improving 
treatment efficacy and prognosis. Additionally, network 
pharmacology analysis identified potential targets and 
signaling pathways of Rehmannia glutinosa, support-
ing its potential for clinical application. Furthermore, 
molecular docking and dynamics simulations provided 
novel insights into the binding between Rehmannia glu-
tinosa and its targets, shedding light on the pathogenesis 
of sepsis and offering new avenues for disease treatment 
and prevention. By integrating these advanced technolo-
gies, this study presents promising prospects for future 
research and clinical applications.

This study acknowledges limitations inherent to the 
network pharmacology method, which relies on bioinfor-
matic analysis from publicly available databases. Clinical 
trial validation and evidence-based medicine studies are 
necessary to fully understand the pharmacological effects 
of Rehmannia glutinosa. Additionally, further mechanis-
tic cellular experiments are warranted to verify the inhib-
itory or promotional effects of small molecules binding to 
these key targets.

Conclusions

1. Elevated levels of LCK, CD81, PRKCD, IMPDH1, 
and ADAM17, along with decreased levels of PNP, 
are associated with improved survival in septic 
patients.
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2. The expression of LCK, IMPDH1, CD81, PRKCD, 
ADAM17, and PNP is influenced by trans-p-
hydroxy cinnamic acid methyl ester, diincarvilone 
A, rehmapicrogenin, Rehmaglutin C, and 
rehmaionoside a.

3. Our findings suggest that compounds like 
diincarvilone A, rehmapicrogenin, Rehmaglutin C, 
trans-p-hydroxy cinnamic acid methyl ester, and 
rehmaionoside a may improve survival and exhibit 
antimicrobial properties in septic patients.

4. Strong binding was observed between trans-p-
hydroxy cinnamic acid methyl ester and LCK, 
rehmapicrogenin and CD81, diincarvilone A and 
IMPDH1, rehmaionoside a and ADAM17, and 
rehmaionoside a and PNP, indicating potential 
interactions. Rehmaglutin C also exhibited binding 
activity with PRKCD, further supporting its potential 
therapeutic role.
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