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Background: SLE and ME/CFS both present significant fatigue and share immune
dysregulation. The mechanisms underlying fatigue in these disorders remain
unclear, and there are no standardized treatments. This study aims to explore
shared mechanisms and predict potential therapeutic drugs for fatigue in SLE and
ME/CFS.

Methods: Genes associated with SLE and ME/CFS were collected from disease
target and clinical sample databases to identify overlapping genes. Bioinformatics
analyses, including GO, KEGG, PPl network construction, and key target
identification, were performed. ROC curve and correlation analysis of key
targets, along with single-cell clustering, were conducted to validate their
expression in different cell types. Additionally, an inflammation model was
established using THP-1 cells to simulate monocyte activation in both diseases
in vitro, and RT-gPCR was used to validate the expression of the key targets. A
TF-mRNA-miRNA co-regulatory network was constructed, followed by drug
prediction and molecular docking.

Results: Fifty-eight overlapping genes were identified, mainly involved in innate
immunity and inflammation. Five key targets were identified (IL13, CCL2, TLR2,
STATL, IFIH1). Single-cell sequencing revealed that monocytes are enriched with
these targets. RT-gPCR confirmed significant upregulation of these targets in the
model group. A co-regulatory network was constructed, and ten potential drugs,
including suloctidil, N-Acetyl-L-cysteine, simvastatin, ACMC-20mvek, and
camptothecin, were predicted. Simvastatin and camptothecin showed high
affinity for the key targets.
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Conclusion: SLE and ME/CFS share immune and inflammatory pathways. The
identified key targets are predominantly enriched in monocytes at the single-cell
level, suggesting that classical monocytes may be crucial in linking inflammation
and fatigue. RT-gPCR confirmed upregulation in activated monocytes. The TF-
MRNA-mMIiRNA network provides a foundation for future research, and drug
prediction suggests N-Acetyl-L-cysteine and camptothecin as potential therapies.

systemic lupus erythematosus, myalgic encephalomyelitis/chronic fatigue syndrome,
fatigue, bioinformatics analysis, single-cell transcriptomics

1 Introduction

Systemic lupus erythematosus (SLE) is an autoimmune disease
with an unclear pathogenesis. The breakdown of immune tolerance,
characterized by abnormal T and B cell function, contributes to the
production and deposition of autoantibodies, leading to
multisystem damage (1). Fatigue is considered one of the most
common symptoms in the onset and progression of SLE. It is
reported by 67%-90% of patients and substantially affects their
quality of life (2-4). It is noteworthy that patients still have
significant fatigue even when clinical symptoms and serological
markers are well-controlled (5-7). While several factors
contributing to fatigue in SLE have been proposed, the precise
etiology and mechanisms remain unclear in most patients, and
effective treatment is lacking (4). Thus, investigating the
mechanisms of fatigue in SLE is essential and valuable. It may aid
in finding therapeutic approaches and drugs to reduce fatigue.

Myalgic encephalomyelitis/chronic fatigue syndrome (ME/
CES) is a diagnosis of exclusion, primarily characterized by severe
and unrelenting fatigue lasting more than six months (8, 9). The
pathogenesis of ME/CFS is also unclear, but etiological exploration
suggests that it may be related to genetic predisposition, viral
infections, and abnormal immune responses (10). ME/CFS shares

Abbreviations: SLE, Systemic Lupus Erythematosus; ME/CFS, Myalgic
encephalomyelitis/chronic fatigue syndrome; GO, gene ontology; KEGG, Kyoto
Encyclopedia of Genes and Genomes; PPI, protein-protein interaction; GEO,
Gene Expression Omnibus; DEGs, differentially expressed genes; adj. pValue,
adjusted p-value; BP, biological processes; CC, cellular components; MF,
molecular functions; TFs, Transcription factors; DC, dendritic cell; miRNA,
microRNA; NAC, N-acetyl-L-cysteine; IL1J, interleukin 1 beta; CCL2, C-C
motif chemokine ligand 2; TLR2, toll-like receptor 2; STATI, signal transducer
and activator of transcription; IFIH1, interferon induced with helicase C domain
1; BATF2, basic leucine zipper ATF-like transcription factor 2; IRF7, interferon
regulatory factor 7; SP100, SP100 nuclear antigen; PLSCRI, phospholipid
scramblase 1; IKZF3, IKAROS family zinc finger 3; TNF, tumor necrosis
factor; IL-8, interleukin 8; IFN, Interferon; DSigDB, Drug Signatures Database;
TFEA, Transcription Factor Enrichment Analysis; FDR, false discovery rate;

MCP-1, monocyte chemoattractant protein; PRRs, pattern recognition receptors.
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certain similarities with SLE, such as fatigue, swollen lymph nodes,
musculoskeletal pain, and cognitive dysfunction (11-14). Infections
such as Epstein-Barr virus, Parvovirus B19, and Human
Herpesvirus establish an etiological connection between SLE and
ME/CEFS (10, 15, 16). As understanding deepens, more details about
immune dysfunctions are gradually revealed. The tyrosine
phosphatase non-receptor type 22 (PTPN22) SNP rs2476601 and
the cytotoxic T-lymphocyte-associated protein 4 (CTLA4) SNP
rs3087243 have also been shown to be associated with the risk of
developing SLE and ME/CFS (17). A subset of ME/CFS patients
have elevated immunoglobulin levels, and even the presence of
antinuclear antibodies and anti-dsDNA, which are consistent with
SLE patients (18). In ME/CFS patients, similar cellular
characteristics can be observed as in SLE patients, such as the
dysregulation of T cells, B cells, and monocytes (9, 19, 20). These
insights suggest a more intricate link in the pathogenesis of both
SLE and ME/CFS, beyond the common symptom of fatigue.
Therefore, we hypothesize that there are common pathways and
immune cell dysregulation between SLE and ME/CEFS, leading to
their similar symptoms.

Bioinformatics methods are essential for the discovery of
unknown targets and mechanisms of disease. The overlapping
genes could offer valuable insights into fatigue associated with
SLE and ME/CFS. This study applied bioinformatics approaches
including analysis of gene ontology (GO), Kyoto Encyclopedia of
Genes and Genomes (KEGG), protein-protein interaction (PPI),
single-cell transcriptomics and TF-mRNA-miRNA co-regulatory
network. Furthermore, we predicted potential drugs using the
DSigDB database and measured drug molecule affinity through
molecular docking. Figure 1 illustrates our research workflow.

2 Materials and methods

2.1 Collecting overlapping genes between
SLE and ME/CFS

The Gene Expression Omnibus (GEO) (http://www.ncbi.nlm.
nih.gov/geo/) is a database that contains a wide range of disease-
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related datasets from high-throughput sequencing and microarray
studies. For SLE, we selected the dataset GSE72326 - GPL10558,
comprising 157 SLE samples and 20 healthy controls. This dataset
was chosen for its peripheral blood analysis and large sample size,
which enhances statistical robustness. For ME/CES, we selected the
dataset GSE14577 - GPL96, consisting of 8 ME/CFS samples and 7
healthy controls. GSE14577 was included because it was the only
GEO dataset that specifically analyzed peripheral blood in ME/CFS
patients, providing unique insights despite its smaller sample size.
The limma package is based on a linear model and uses weighted
least squares to estimate gene expression differences, while
employing a Bayesian method to adjust for multiple testing issues.
The datasets GSE72326 and GSE14577 were converted into
expression matrices and categorized, and analyzed using the
limma package (version: 3.40.2) in R software (v4.0.3). We
examined the adjusted p-values (adj. pValue) to correct for false
positives. We defined the threshold for filtering differentially
expressed genes (DEGs) as an adj. pValue < 0.05 and | fold
change (FC) | = 1.3. To supplement the smaller number of DEGs
obtained for ME/CES, we selected relevant genes from the
DisGeNet (https://disgenet.com/) (21) and GeneCards (https://
www.genecards.org/) (22) databases. GeneCards provides disease-
related gene scores through its built-in mining algorithms, and we
selected targets with a relevance score > 25 as high-confidence
targets for ME/CFS. Given the relatively small variance in scoring
and the limited number of genes from DisGeNet, we included all
associated genes from that database. Subsequently, we removed
duplicate entries from the gene lists obtained from the three
databases. An online Venn diagram tool (https://www.

Frontiers in Immunology

bioinformatics.com.cn/static/others/jvenn/example. html) was used
to identify the overlapping genes between SLE and ME/CEFS.

2.2 Analysis of GO and KEGG

DAVID (23) (https://david.ncifcrf.gov/) is a comprehensive
bioinformatics web tool used for gene functional annotation, gene
set enrichment analysis, and data visualization. To identify the
functions of the overlapping genes, we utilized the DAVID database
to conduct GO and KEGG enrichment analyses. GO analysis
encompasses three terms: biological processes (BP), cellular
components (CC), and molecular functions (MF) (24). KEGG
analysis aids in identifying the involvement of overlapping genes
in signaling pathways. The enrichment analysis performed using
the DAVID database evaluates gene enrichment in annotation
terms through Fisher’s Exact Test. The false discovery rate (FDR)
helps identify a high number of significant features while
maintaining a relatively low proportion of false positives. We
selected the top 10 terms with the lowest FDR from both the GO
analysis (BP, CC, MF) and KEGG analysis as reliable
enrichment results.

2.3 Obtaining key targets and performing
correlation analysis

The construction of a PPI network helps to understand protein
function and interaction mechanisms, and can be used to identify
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key targets. We used the STRING database (https://string-db.org) to
generate a PPI network for the overlapping genes and visualized it
using Cytoscape version 3.10.0. To obtain the key targets involved
in fatigue associated with SLE and ME/CFS, we used both the
cytoHubba plugin and the MCODE algorithm within Cytoscape.
We used the MCC (Maximal Clique Centrality) algorithm in
cytoHubba to extract the top 6 targets and identified the key
targets module using MCODE. Proteins that are common
between the results from cytoHubba and MCODE are considered
key targets for SLE and ME/CFS. To delve deeper into the
relationships among these key targets, correlation analysis was
performed on SLE samples obtained from the GSE72326 dataset
using the ggstatsplot package in R. Additionally, to assess the
diagnostic potential of the identified key targets (IL1f, CCL2,
TLR2, STATI, and IFIHI), receiver operating characteristic
(ROC) analysis was conducted. For this purpose, we utilized two
independent datasets from the GEO database: GSE211700 (25),
which includes SLE patient samples, and GSE128078 (26), which
consists of ME/CFS patient samples. Receiver operating
characteristic curve analysis was performed for key targets using
the “rms” package, and the area under the curve (AUC) was selected
to evaluate its diagnostic potential.

2.4 Single-cell clustering analysis

The scRNA-seq datasets GSE135779 (27) for SLE and
GSE214284 (19) for ME/CFS were downloaded from GEO.
Samples include GSM4029896, GSM4029897, GSM4029898,
GSM4029899, GSM6603113, GSM6603115, GSM6603166 and
GSM6603118. Downstream analysis was performed using the
Seurat R package (version 4.4.1) (28). Data with fewer than 300
expressed genes or where genes were expressed in fewer than 5 cells
were excluded. Violin plots depicting the proportions of ribosomal
and mitochondrial genes were generated for quality control. The
Harmony package was utilized to remove batch effects, and the
FindVariableFeatures function was employed to identify highly
variable genes. Dimensionality reduction and clustering were
performed using ScaleData, RunPCA, RunTSNE, RunUMAP,
FindNeighbors, and FindClusters. The resulting clusters were
visualized using Uniform Manifold Approximation and
Projection (UMAP). Classic marker genes were used to annotate
subpopulations, and visualization was achieved using the
ggplot2 package.

2.5 Validation of key target expression
under monocyte activation

Based on the results from single-cell sequencing analysis, we
preliminarily confirmed the accumulation of these key targets in
monocytes. GO analysis also indicated a significant activation of the
LPS pathway. To further validate the expression levels of these key
targets in monocytes, we designed the following experiments. The
model group consisted of THP-1 monocyte cells differentiated by

Frontiers in Immunology

10.3389/fimmu.2024.1440922

PMA induction, followed by LPS incubation to induce an
inflammatory phenotype. The control group consisted of
untreated THP-1 monocytes. Quantitative Reverse Transcription
Polymerase Chain Reaction (RT-qPCR) was then used to validate
the expression of the five key targets in both the model and control
groups. Statistical analysis was performed using an unpaired t-test.

2.5.1 Cell culture and inflammatory
model induction

THP-1 monocyte cells were cultured in RPMI-1640 medium
supplemented with 10% fetal bovine serum (Gibco, 10099141C)
and 1% penicillin-streptomycin (BL505A, Biosharp) in a 37°C, 5%
CO2 incubator. For the model group, THP-1 cells were treated with
5 ng/mL phorbol 12-myristate 13-acetate (PMA, Sigma-Aldrich)
for 48 hours to induce differentiation into adherent macrophages.
Subsequently, cells were incubated with 100 ug/mL
lipopolysaccharide (LPS, Sigma-Aldrich) for 24 hours to induce
an inflammatory response (29). The control group consisted of
untreated THP-1 cells.

2.5.2 Key target expression by RT-qPCR

Total RNA was extracted from the cells using the SteadyPure
Fast RNA Extraction Kit (AG21023, ACCURATE BIOLOGY)
according to the manufacturer’s protocol. The extracted RNA was
then reverse transcribed into cDNA using the HiScript® II QRT
Super Mix for qPCR (R223-01, Vazyme) following the
manufacturer’s instructions. RT-qPCR was performed using the
Pro Taq HS SYBR Green qPCR Kit (TaKaRa, RR820A), and gene
expression was measured with the LightCycler 96 instrument
(Roche, Basel, Switzerland). The cycle threshold (Ct) values of
target genes were normalized to the B-actin housekeeping gene to
obtain the ACt values. Relative gene expression levels were
quantified using the 2-AACt method. The primer sequences for
the housekeeping gene and the five key targets were designed by
ACCURATE BIOLOGY (Hunan, China) and are listed in Table 1.

TABLE 1 Primer sequences for the housekeeping gene and five
key targets.

Gene Forward (5'-3’) Reverse (5'-3)
B-actin TAGTCTCTCCCTCACGC | GTCACGCACGATTTCCCT
CATCC CTCAG
IL-1B8 CCAGGGACAGGATATG = TTCAACACGCAGGACAGG
GAGCA TACAG
CCL2 CTCATAGCAGCCACCTTC AAGATCACAGCTTCTTTG
ATTCC GGACA
TLR2 ACCGTTTCCATGGC GATGTTCCTGCTGGGAG
CTGTG CTTTC
STATI TGTGCCAGCCTGGTT GTGCACATGGTGGAGT
TGGTA CAGGA
IFIHI AACAGCAACATGGGC TGGCTGGGCAACTTC
AGTGA CATTT
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2.6 Construction of TF-mRNA-
MiRNA network

Transcription factors (TFs) play a critical role in the regulation
of gene expression (30). Transcription Factor Enrichment Analysis
(TFEA) (31) prioritizes TFs based on the overlap between a
provided list of genes and previously annotated TF targets from
various sources. ChEA3 (https://maayanlab.cloud/chea3/) (32) is a
web-based TFEA tool. By entering the overlapping genes of two
diseases into the ChEA3 website and selecting the top 10 TFs by
Mean Rank value, we can identify the important TFs for the
overlapping genes in the two diseases. The Enrichr (https://
maayanlab.cloud/Enrichr/) (33) website is a tool for gene set
enrichment analysis based on multiple databases. Among its
resources, the Enrichr Submissions TF Gene Co-occurrence
database integrates association data between TFs and target genes
from various studies, supporting the analysis of co-occurrence
relationships between TFs and genes (33). MicroRNA (miRNA) is
a type of endogenous non-coding small RNA that can cause
degradation of target mRNA or inhibit its translation (34).
MiRWalk (http://mirwalk.umm.uni-heidelberg.de/) (35) predicts
miRNA-target interactions by integrating known data and
literature, combined with a random forest algorithm. MiRTarBase
(https://awi.cuhk.edu.cn/~miRTarBase/miRTarBase_2025/php/
index.php) (36) is a large biological database that primarily provides
experimentally validated miRNA-target interactions. TarBase
(https://dianalab.e-ce.uth.gr/tarbasev9) (37) is a reference database
specifically dedicated to collecting and managing experimentally
validated miRNA target data. Using the miRWalk database, we
predict potential miRNA targets within the 3 untranslated region
(3UTR), 5 untranslated region (5UTR), and coding sequence
(CDS) of the overlapping genes. The key targets were imported
into the miRTarBase and TarBase databases to identify
experimentally validated miRNAs that interact with the key
targets. The intersecting miRNAs obtained from the three
databases were considered to significantly affect the key targets
and possess high credibility. Finally, we construct a network
diagram illustrating the interactions between TFs, miRNAs and
key targets. The network of TF-mRNA-miRNA interactions is
visualized using Cytoscape version 3.10.0.

2.7 Drug prediction and molecular docking

The Drug Signatures Database (DSigDB) (38) is a database that
allows drug enrichment analysis based on lists of genes, with the
goal of screening for potential therapeutic drugs (38). Using the
Enrichr platform based on DSigDB, we entered 58 overlapping
genes between SLE and ME/CFS and ranked them according to
their adj. pValue. From this analysis, we extracted the top 10
potential drug for the treatment of SLE-associated fatigue.

Molecular docking studies were conducted to assess the binding
affinities between the top five potential drugs and key targets. The
three-dimensional conformations of the drugs were obtained from
the PubChem (https://pubchem.ncbi.nlm.nih.gov/) compound
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repository, while protein structures corresponding to the key
targets were obtained from the Protein Data Bank (https://
www.rcsb.org/). Binding affinities were evaluated using the
AutoDock computational tool. Subsequently, the resulting drug-
target complexes were visualized for further examination.

3 Results

3.1 Collecting overlapping genes between
SLE and ME/CFS

By searching the GEO, DisGeNET, and GeneCards databases,
we collected genes associated with SLE and ME/CES. In GSE72326,
we obtained 755 DEGs associated with SLE (Figure 2A). However,
the 217 DEGs in GSE14577 for ME/CES are relatively few
(Figure 2B). To improve the credibility of the data, we obtained
118 and 817 ME/CFS-related genes from DisGeNET and
GeneCards databases, respectively. After removing duplicates in
the three databases, we had 966 genes associated with ME/CES.
Finally, by overlapping related genes of SLE and ME/CFS, we
identified 58 common genes as overlapping genes and visualized
them using a Venn diagram (Figure 2C).

3.2 Analysis of GO and KEGG

The DAVID website was utilized to analyze the 58 overlapping
genes. The enrichment data for GO and KEGG were ranked
according to FDR-values, with the top 10 selected as significant
entries. Figure 3A illustrates the outcomes of GO analysis,
encompassing the three terms: BP, CC, and MF. Figure 3B shows
the findings derived from the KEGG analysis. Pathways related to
innate immune response and inflammation were significantly
enriched, including those associated with LPS, TNF, IL-8, IFN-y,
IL-1B, and MHC-II.

3.3 Obtaining key targets and performing
correlation analysis

The STRING platform was used for PPI network analysis of the 58
overlapping genes, resulting in a protein interaction graph with 49
nodes and 243 edges. The results were then visualized using Cytoscape
version 3.10.0 (Figure 3C). Within Cytoscape, the MCODE plugin was
implemented to analyze the protein network and construct a key
targets module containing 14 common genes. In addition, the
cytoHubba plugin in Cytoscape was used to analyze the protein
network, from which the top six targets with the highest scores were
extracted. By overlapping the targets identified by both plugins, five key
targets for SLE and ME/CFS were determined (Figure 3D): IL1f3 CCL2,
TLR2, STATI, IFIHI. The correlation analysis between these five key
targets is shown in Figure 3E. The ROC analysis results for the five key
targets across the two diseases are summarized in Table 2. The ROC
curves for each key target are shown in Supplementary Data Sheet 1.
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3.4 Expression of key targets in single-
cell clusters

Single-cell RNA sequencing analysis of datasets GSE135779 for
SLE and GSE214284 for ME/CFS identified distinct immune cell
populations across both disease conditions. UMAP visualization
(Figures 4A, B) revealed clusters of immune cell types, including
CD14+ monocytes, FCGR3A+ monocytes, dendritic cells (DC),
naive and memory CD4+ T cells, CD8+ T cells, B cells, NK cells,
and platelets. Each cell type showed a unique spatial distribution,
with some differences in abundance across cell populations between
SLE and ME/CEFS. Figures 4C, D show the expression patterns of the
five key targets across different cell types in SLE and ME/CFS
samples, respectively. The UMAP visualizations reveal that the
expression of these key targets is primarily concentrated within
monocytes in both diseases. Violin plots (Figures 4E, F) showed the
key target genes (CCL2, IFIHI, ILIB, STATI, and TLR2) had
differential expression patterns across these cell types. Notably,
ILIB and STATI showed elevated expression in CDI14+
monocytes. Further analysis of cell-type composition (Figure 5)
showed distinct differences in the percentage distributions of each
cell type across samples for SLE and ME/CFS. In SLE samples, the
proportion of CD8+ T and B cells is higher, while in ME/CFS, the
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main component is naive CD4+ T cells. At the same time, memory
CD4+ T cells and NK cells are more prominent in ME/CFS samples.
In contrast, SLE samples show a greater proportion of CD14+
monocytes and FCGR3A+ monocytes.

3.5 Key target expression under
monocyte activation

Our experiments further validated the changes in key target
expression in activated monocytes. We assessed mRNA expression
levels using RT-qPCR. As shown in Figure 6, compared to the
control group, mRNA levels of the five key targets—IL-1f3, CCL2,
TLR2, STATI, and IFIHI—were significantly increased in cells
treated with LPS for 24 hours, with IL-1B showing the most
pronounced change.

3.6 Construction of TF-mRNA-
mMiRNA network

After entering the 58 overlapping genes of the two diseases into
the ChEA3 and Enrichr website, 10 TFs were obtained from each

frontiersin.org
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database. Among them, the Enrichr website identified one TF,
STATI, which overlaps with the key targets, so it was excluded.
Taking the union of the two sets of TFs, a total of 16 TFs were
obtained, with three being duplicate TFs: BATF2 (basic leucine
zipper ATF-like transcription factor 2), IRF7 (interferon regulatory
factor 7), and SP100 (SP100 nuclear antigen). The five key targets
were imported into the miRTarBase, TarBase, and miRWalk
databases, resulting in 54, 189, and 891 miRNAs, respectively.
After taking the intersection, a final set of six miRNAs was

TABLE 2 ROC analysis of key targets in SLE and ME/CFS.

Key Target AUC of ROC (95% Cl)
SLE ME/CFS
IL1B 0.64 (0.43, 0.85) 0.75 (0.55, 0.95)
ccr2 0.76 (0.58, 0,93) 0.67 (0.45, 0.89)
TLR2 0.89 (0.75, 1) 0.75 (0.5, 0.95)
STAT1 0.90 (0.78, 1) 0.79 (0.59, 0.98)
IFIH1 0.96 (0.8, 1) 0.76 (0.55, 0.97)

This table presents the area under the ROC curve for five key targets in SLE and ME/CFS. The
95% confidence interval (CI) of the area under the curve (AUC) is provided in brackets.
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obtained: hsa-miR-204-5p, hsa-miR-24-3p, hsa-miR-106b-5p,
hsa-miR-19a-3p, hsa-miR-145-5p, and hsa-miR-550a-3p. These
miRNAs are considered to significantly affect the key targets. The
interactions between TFs and miRNAs, derived from the
overlapping genes, were represented alongside the key targets
using Cytoscape version 3.10.0 to establish the regulatory network
diagram. This co-regulatory network consists of 27 nodes and 93
edges, with 16 TFs and 6 miRNAs interacting with the 5 key
targets (Figure 7).

3.7 Drug prediction and molecular docking

Using the DSigDB database through the Enrichr platform, drug
predictions were performed for the 58 overlapping genes. The top
10 potential drugs were selected based on the adj. pValue and the
results are presented in Table 3.

Molecular docking was performed on the top five predicted drugs
with 5 key targets using AutoDock computational tool. The binding
energy reflects the interaction potential between the drug and the
target; the lower the binding energy, the greater the affinity and stability
of the drug-target complex. Among them, N-Acetyl-L-cysteine (NAC)
and camptothecin show a strong binding effect on IL1B. Additionally,
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UMAP and violin plot analysis of key target gene expression across cell types in SLE and ME/CFS samples (A, B) UMAP plots of single-cell RNA
sequencing data from SLE (A) and ME/CFS (B) samples. (C, D) Expression distribution of five key target genes across cell clusters in SLE (C) and ME/
CFS (D) samples. (E, F) Violin plots of the expression levels of five key target genes across cell types in SLE (E) and ME/CFS (F) samples.

simvastatin and camptothecin also have good binding effects on CCL2,
TLR2, STAT1, and IFIH1. More binding energies (in kcal/mol) are
showed in Table 4. The more favorable molecular docking results were
visualized using PyMOL (in Supplementary Data Sheet 2), with some
of the results depicted in Figure 8.

4 Discussion

SLE and ME/CFS are two distinct diseases, but they share
certain commonalities. Patients of both frequently experience
fatigue, for which there are limited options available (39).
Immune dysregulation may serve as a bridge connecting the two,
although the specific extent and categories remain unclear. This
study aims to elucidate the shared mechanisms between the two
conditions and provide potential options for clinical management.

The 58 overlapping genes identified showed a strong correlation
with innate immunity and inflammation in GO term and KEGG.
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Specifically, the BP highlights the role of innate immunity and
inflammatory factors (such as TNF, IL-8, IFN-y, IL-1, etc.) in SLE
and ME/CEFS. Research supports the importance of innate immunity
and inflammatory factors in SLE. For example, abnormalities in the
phagocytic function of macrophages can lead to the exposure of
autoantigens and the initiation of autoimmune responses (40).
Inflammatory factors like TNF-o. and IL-8 are elevated in SLE
patients, leading to apoptosis in various cells, resulting in the
release of nucleo-cytoplasmic contents (41-43). In the context of
ME/CEFS, components of the innate immune system, such as natural
killer cells, DCs, and monocyte as well as pro-inflammatory cytokines
(TNF-o. and IEN-7), also exhibit aberrant behavior (44). Specifically,
NK cells exhibit reduced cytotoxic activity (45), and the number of
plasmacytoid DCs is also significantly decreased, which may lead to
lower levels of type I interferon and hinder the effective clearance of
pathogens in ME/CES patients (44). Classic monocytic dysregulation
has also been validated in ME/CFS patients, suggesting that
inappropriate differentiation and tissue migration may also be
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FIGURE 5
Composition of cell type in SLE and ME/CFS samples.

contributing factors (19). Dysregulation of the cytokine network
further supports the immune dysfunction in ME/CES (46), with
elevated levels of TNF-o and IL-1P observed in ME/CFS patients
(47, 48). Another study reported increased TNF-o in fasting plasma
from 53 patients, which correlated with the severity of fatigue (49).
The abnormal levels of these factors may induce fatigue through
various mechanisms, including the regulation of indoleamine
2,3-dioxygenase by inflammatory factors, potentially explaining the
observed fatigue symptoms in SLE and ME/CFS (50-53). The
analysis of CC, MF, and KEGG suggests an etiological link between
SLE and ME/CFS, which includes viral and bacterial infections, as
well as variations in subsequent downstream pathways.

To further identify key targets, based on the PPI network, IL1f3,
CCL2, TLR2, STATI, and IFIHI were declared as key targets due to
their high degrees of connectivity. IL-1P, secreted by monocytes,
macrophages, and DCs, exerts functions in peripheral immunity.
Additionally, it can also impact the dopaminergic and serotonergic
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neurotransmission systems in brain (54). During the acute phase of
ME/CEFS, the concentration of IL-1p is significantly correlated with
fatigue symptoms (54). CCL2, also known as monocyte
chemoattractant protein (MCP-1), acts as an attractant for
monocytes and serves as an inflammatory mediator. Its
concentration is correlated with symptoms such as fatigue (55),
and the expression of CCL2 is elevated in blood samples from ME/
CEFS patients (56). TLR2 is a membrane protein that can recognize
pathogens and induce cytokine production. Its activation may be
related to the pathophysiological mechanisms of immune-related
chronic fatigue triggered by various diseases (57, 58). The protein
MDAS, encoded by the IFIHI gene, is involved in the identification of
virus (59). It has been reported that 64% of patients consider infection
as a peri-event (60), and our findings once again emphasize the
particular significance of the anti-pathogen pathway. STAT1 is a key
signaling molecule activated by IFN-a/f and IFN-y (61). Its
expression is upregulated in SLE (62). Increased expression of the
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Expression of the five key targets in the THP-1 monocyte model group and the control group. The expression is elevated in /L1 (A), CCL2 (B), TLR2

(C), STAT1 (D), IFIH1 (E).
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IFIHI gene in SLE patients promotes the production of type I IFN
and various cytokines, which significantly impact the onset and
severity of SLE (63, 64). Additionally, correlation analysis among
the key targets in SLE reveals a significant negative correlation
between STAT1 and IL-1B. The mechanism may be related to IL-
1B inhibiting IFNo/B-induced STAT1 phosphorylation through the

TABLE 3 Medicine predictions based on the DSigDB database.

proteasome (65, 66). The antagonism between these two cytokines
characterizes the heterogeneity of inflammatory responses.
Alterations in their dominant roles may lead to different
inflammatory properties and damage (66). In SLE, ROC analysis
for STATI and IFIHI demonstrated superior performance, while
TLR2 and CCL2 showed moderate discriminatory ability. In ME/CFS,

Medicines Mechanism Genes involved adj. pValue
Suloctidil Vascular relaxing activity; calcium antagonist; antithrombotic agent | ILIRN,GCHI,STATI, TAP2,EIF2AK2,TAP1,ADAR,TYMP, 2.55E-13
IFIH1,MAFB,0AS2,CCL2,MYD88
N-Acetyl- Antioxidant; precursor to glutathione, reduces oxidative stress and ABCBI1,STATI,MPO,TYMP,ACTA2,CASP8,IL1B,CCL2, 4.23E-09
L-cysteine modulates immune response. ATM,NBN,CDI14,TLR2,JAK1
Simvastatin Statin; inhibits cholesterol synthesis and has anti- ACTA2,ABCB1,CASPS,CD40LG,STAT1,IL1B,IDH1,CTLA4, 3.52E-08
inflammatory effects. CCL2,ATM,MPO,TLR2
ACMC- Predicted compound; mechanism unclear. ABCBI1,CASP8,CD40LG,IL1B,CCL2,CD14,TLR2,F5 2.23E-07
20mvek
Camptothecin = Topoisomerase I inhibitor; induces DNA damage, ABCBI1,CASPS,ILIB,TAPI,CCL2,ATM,NOD2,JAK2 6.29E-07
mainly anticancer.
Nitric oxide Signaling molecule; modulates vasodilation and immune response. CASP8,GCHI,STATI1,IL1B,CYBB,JAK2,MPO,MYD88,TLR2 0.000001239
Cardidigin Digitoxin, cardiac glycoside, increasing calcium, inhibits Na*/ ABCBI1,CASP8,IDH1,IL1B,CCL2,NOD2 0.000001285
K'-ATPase
Fenbendazole | Anthelmintic; disrupts microtubules, with emerging immune effects. = ABCBI,STAT1,IDH1,CCL2,JAK2 0.000001662
ZINC Mechanism unclear. Zinc ions are involved in the regulation of ILIRN,ILIB,CCL2,NLRC4,CD14,MYD88 0.000001662
SULFIDE innate and adaptive immune responses.
GNF-Pf-78 Predicted compound; mechanism unclear. STAT1,IDH1,ILIB,NOD2,JAK2 0.000004717
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TABLE 4 Therapeutic efficacies and molecular affinities of medicines.

10.3389/fimmu.2024.1440922

Medicine Efficacy Molecular affinity (kcal/mol)
CCL2 TLR2 STAT1 IFIH1

Suloctidil Vasodilation -4.21 -4.79 -5.51 -2.51 -5.5
N-Acetyl- Management of acetaminophen overdose, -5.09 -3.45 -3.36 -2.91 -3.44
L-cysteine mucolytic activity

Simvastatin Lipid lowering, atherosclerosis prevention -4.8 -6.64 -6.94 -4.11 -8.72
ACMC-20mvek Unreported -4.8 -6 -5.63 -2.94 -7.5
Camptothecin Antineoplastic therapy -6.04 -6.24 -6.6 -5.37 -8.55

ROC analysis for ILIf, TLR2, STATI, and IFIHI had moderate
discriminatory ability. This indicates that these targets can distinguish
the occurrence of the diseases to some extent, providing valuable
insights for identifying specific biomarkers of fatigue associated with
both diseases. In conclusion, key targets reveal the specifical
inflammation mechanism underlying the fatigue in SLE and
ME/CFS.

To validate the expression of key targets at the single-cell level,
we utilized public datasets for analysis. Dimensionality reduction
and clustering identified specific populations in the peripheral
blood samples of SLE and ME/CFS. The higher proportion of
CD8+ T and B cells in SLE samples reflects its unique disease
context, while the identification of memory CD4+ T cells in ME/
CFS may be related to the patients’ history of infections. The
expression patterns of key targets strongly suggest that the

FIGURE 8

monocytic population may be involved in the shared pathological
processes of both conditions. Classic monocytic dysregulation
(CD14+) has been revealed in ME/CFS patients. GSEA of the
proteomics data confirmed an increased activation state of classic
monocytes in ME/CFS, with scores from the diseased cells
correlating with multidimensional fatigue scale scores of patients
(19). Although non-classic monocytes (CD16+, i.e.,, FCGR3A+)
have been shown to be associated with inflammation in SLE (67),
classical monocytes, which are major producers of TNF-o and IL-1
in response to LPS, still play a significant role in inflammatory
effects, especially under harmful stimuli (68). The results indicate
that the proportion of classic monocytes in SLE is higher than in
ME/CFS, suggesting that SLE patients also experience profound
monocytic dysregulation, which may bridge the connection
between immune dysregulation and fatigue.

Partial molecular docking results. (A) Depicts the docking interaction between Simvastatin and TLR2. (B) Depicts the docking interaction between
Simvastatin and IFIH1. (C) Depicts the docking interaction between camptothecin and IL1B. (D) Depicts the docking interaction between
camptothecin and STATL.
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THP-1 is a human leukemia-derived monocyte cell line that is
CD14-positive and CD16-negative (69). Under the influence of PMA,
THP-1 cells exhibit adhesion and differentiation processes similar to
those of classical monocytes (70). In the biological processes
identified by GO analysis, LPS pathway ranks third in enrichment,
representing a shared mechanism between SLE and ME/CEFS.
Therefore, we selected LPS as an inflammatory stimulus for further
experiments. While single-cell analysis did not show notable
expression of CCL2 and IFIHI1 in CDI14+ monocytes, RT-qPCR
results indicated that all five key targets had significantly increased
expression in LPS-incubated THP-1 cells compared to the control
group. We believe this may relate to monocyte system distribution, as
CCL2 creates a strong concentration gradient to attract monocytes
(71). Activated monocytes/macrophages are more likely to migrate to
tissues rather than remain in peripheral blood, potentially explaining
the observed differences. This tendency was also noted in a study by
Luyen et al., where classical monocytes from ME/CFS patients
showed a propensity for tissue migration and macrophage
differentiation (19). However, further research is needed to confirm
classical monocyte dysregulation in SLE patients.

In addition, we explored the intrinsic regulatory mechanisms of
the key targets. TFs are proteins that bind to specific DNA
sequences and regulate the transcription of genetic information
(72). MiRNAs, which are approximately 22-nucleotide-long non-
coding small RNAs, participate in silencing the expression of target
genes by degrading mRNA or inhibiting translation (73, 74). We
selected the top 10 TFs from two databases to construct the
network. Among them, BATF2, IRF7, and SP100 are considered
high-confidence TFs. BATF2 has immune regulatory functions (75)
and is associated with IRF1, playing a role in the inflammatory
response in macrophages induced by IFN-y and LPS activation (76).
IRF7 is a interferon regulatory factor that respond to the activation
of pattern recognition receptors (PRRs) by immune complexes in
SLE (77). SP100 can limit the replication of many clinically
significant DNA viruses and is an important component of the
innate immune response (78). PLSCR1 and IKZF3 are associated
with SLE thrombosis and disease risk (79, 80). In ME/CFS, these
TFs have been found to be upregulated or downregulated to varying
degrees, with their specific significance still to be explored (81-83).
We predicted the miRNAs regulating the key targets using the
miRWalk database and validated them in the MiRTarBase and
TarBase experimental databases. The predicted miRNAs have been
shown to play roles in cellular apoptosis, tumor suppression, and
the development of SLE (84-89). The reduced cytotoxic activity of
NK cells may be related to the differential expression of miRNAs,
with miR-106, which is involved in cell proliferation, significantly
decreased in NK cells (90). MiR-19a-3p has been found to inhibit
M1 macrophage polarization by targeting STATI and suppressing
the STAT1/IRF1 pathway (91). MiR-204-5p has emerged as a key
factor influencing M2 macrophage polarization (92). miR-145-5p
may suppress cell proliferation in LPS-treated HUVECs by
modulating macrophage polarization towards the M2 phenotype
(93). The downregulation of m24 is considered essential during the
differentiation of monocytes into macrophages, as it promotes the
generation of functional macrophages and DCs (94). More relevant
studies are needed to enrich the exploration in this field.
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Finally, we predicted potential drugs and validated them
through molecular docking. NAC is an antioxidant that promotes
the synthesis of glutathione (95). A randomized controlled trial has
shown that NAC can reduce the disease activity and complications
of SLE (96). Another study indicated that SLE patients prescribed
NAC (2.4g/day or 4.8g/day) experienced significant relief in both
activity and fatigue symptoms (97), indirectly confirming our
research findings. Other teams have also noted the potential role
of NAC. A clinical trial (NCT04542161) on glutathione treatment
for ME/CFS is currently underway and has entered the second
phase, expected to conclude in 2025. Camptothecin is an antitumor
agent that inhibits topoisomerase (98). Previous studies have
demonstrated that low doses of camptothecin can significantly
reduce lupus nephritis in mice (99) and exhibit anti-inflammation
effect (100). The strong affinity for key targets suggests potential
anti-inflammation effect, aligning with the strategy mentioned
previously. However, camptothecin may pose significant toxicity
risks, and efforts to mitigate its toxicity, along with further research,
are needed to enhance the feasibility (101). Simvastatin has also
shown promising results in molecular docking, its therapeutic effect
on SLE and ME/CFS remains controversial (102). Lipid
abnormalities are frequently observed in SLE, and statin therapy
helps to reduce the risk of mortality and end-stage renal disease in
these patients (103). Statins may contribute to fatigue symptoms by
reducing the energy supply to muscle cells (102). Some case reports
have also suggested that statins may have the unexpected effect of
triggering SLE (104). Therefore, the use of statins should be
cautious, as they may exert opposite effects. Furthermore, both
suloctidil and ACMC-20mvek demonstrate affinity for the key
targets. However, the clinical use of suloctidil has been
constrained by reports of hepatotoxicity (105). As for ACMC-
20mvek, being an experimental molecule, it requires appropriate
molecular modifications and thorough toxicity validations before
practical application.

In this study, we explored the shared molecular mechanisms
between SLE and ME/CEFS through bioinformatics analysis. Some
limitations should be acknowledged. First, the small sample size of
the ME/CFS dataset (GSE14577) with only 8 samples may reduce
the robustness and statistical power of the differential expression
analysis. This limitation may affect the generalizability and
reliability of our findings. Second, our findings have not yet been
validated in clinical samples, which may affect the robustness of the
conclusions. Third, our analysis primarily relies on existing
bioinformatics tools and databases. The predictive accuracy of
these tools and the update frequency of the databases may impact
the reproducibility of our study. The results of molecular docking
alone cannot directly validate the effects of the predicted drugs,
further in vitro and in vivo experiments are needed for verification.
While these are shortcomings of our work, we believe they does not
compromise the reliability of our conclusions.

5 Conclusion

In summary, we explored and identified overlapping genes in
patients with SLE and ME/CFS, providing potential targets for
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fatigue in two diseases. Through a series of bioinformatics analyses,
we obtained the key targets, BP, CC, MF and KEGG of overlapping
genes, and TFs-mRNA-miRNA network. We also validated the
expression of key targets in single-cell samples, and the results
emphasize the potential involvement of monocytes in the fatigue
symptoms of both diseases. Additionally, based on the overlapping
genes, we predicted potential drugs for treating fatigue in SLE and
ME/CFS. Combining molecular docking results with current
clinical research, we propose that NAC and camptothecin are
potential effective drugs. Our future work will deepen these
findings, including an exploration of monocyte dysregulation
related to fatigue in SLE and ME/CEFS, as well as assessing drug
efficacy in fatigue modulation. We believe that these findings have
the potential to guide clinical trials and translational research in
autoimmune conditions.

Data availability statement

Publicly available datasets were analyzed in this study. This data
can be found here: http://www.ncbi.nlm.nih.gov/geo/; GSE72326;
GSE14577, GSE211700, GSE128078, GSE135779, and GSE214284.

Author contributions

DZ: Formal analysis, Investigation, Methodology, Writing —
original draft, Writing - review & editing. XL: Conceptualization,
Formal analysis, Validation, Writing - original draft, Writing -
review & editing. PW: Data curation, Methodology, Software,
Writing - original draft. QZ: Project administration, Software,
Writing - original draft. ZH: Investigation, Methodology, Writing —
original draft. TZ: Conceptualization, Funding acquisition,
Validation, Writing — review & editing.

References

1. Pan L, Lu MP, Wang JH, Xu M, Yang SR. Immunological pathogenesis and
treatment of systemic lupus erythematosus. World ] Pediatr. (2020) 16:19-30.
doi: 10.1007/s12519-019-00229-3

2. Bruce IN, Mak VC, Hallett DC, Gladman DD, Urowitz MB. Factors associated
with fatigue in patients with systemic lupus erythematosus. Ann Rheum Dis. (1999)
58:379-81. doi: 10.1136/ard.58.6.379

3. Cornet A, Andersen J, Myllys K, Edwards A, Arnaud L. Living with systemic lupus
erythematosus in 2020: a European patient survey. Lupus Sci Med. (2021) 8:1.
doi: 10.1136/lupus-2020-000469

4. BakshiJ, Segura BT, Wincup C, Rahman A. Unmet needs in the pathogenesis and
treatment of systemic lupus erythematosus. Clin Rev Allergy Immunol. (2018) 55:352—
67. doi: 10.1007/s12016-017-8640-5

5. Krupp LB, LaRocca NG, Muir J, Steinberg AD. A study of fatigue in systemic
lupus erythematosus. | Rheumatol. (1990) 17:1450-2.

6. Omdal R, Mellgren SI, Koldingsnes W, Jacobsen EA, Husby G. Fatigue in patients
with systemic lupus erythematosus: lack of associations to serum cytokines,
antiphospholipid antibodies, or other disease characteristics. J Rheumatol. (2002)
29:482-6. doi: 10.1177/0961203312459105

7. Wang B, Gladman DD, Urowitz MB. Fatigue in lupus is not correlated with
disease activity. ] Rheumatol. (1998) 25:892-5.

8. Yancey JR, Thomas SM. Chronic fatigue syndrome: diagnosis and treatment. Am
Fam Physician. (2012) 86:741-6.

Frontiers in Immunology

13

10.3389/fimmu.2024.1440922

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This work
was supported by the National Natural Science Foundation of
China (grant number 82104798), Zhejiang Chinese Medical
University school-level research fund project-natural Science
Youth Exploration Project (grant number 2024JKZKTS20).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fimmu.2024.1440922/
full#supplementary-material

SUPPLEMENTARY DATA SHEET 1
The ROC curves for each key target.

SUPPLEMENTARY DATA SHEET 2
The molecular docking results.

9. Arron HE, Marsh BD, Kell DB, Khan MA, Jaeger BR, Pretorius E. Myalgic
Encephalomyelitis/Chronic Fatigue Syndrome: the biology of a neglected disease. Front
Immunol. (2024) 15:1386607. doi: 10.3389/fimmu.2024.1386607

10. Sapra A, Bhandari P. Disclosure: Priyanka Bhandari declares no relevant
financial relationships with ineligible companies. In: Chronic fatigue syndrome.
StatPearls Publishing LLC., Treasure Island (FL) (2023).

11. Avellaneda Fernandez A, Pérez Martin A, Izquierdo Martinez M, Arruti Bustillo
M, Barbado Hernandez FJ, de la Cruz Labrado J, et al. Chronic fatigue syndrome:
aetiology, diagnosis and treatment. BMC Psychiatry. (2009) 9 Suppl 1:S1. doi: 10.1186/
1471-244X-9-51-S1

12. Kujawski S, Stomko ], Newton JL, Eaton-Fitch N, Staines DR, Marshall-
Gradisnik S, et al. Network analysis of symptoms co-occurrence in chronic fatigue
syndrome. Int ] Environ Res Public Health. (2021) 18:20. doi: 10.3390/ijerph182010736

13. Fava A, Petri M. Systemic lupus erythematosus: Diagnosis and clinical
management. ] Autoimmun. (2019) 96:1-13. doi: 10.1016/j.jaut.2018.11.001

14. Kojima M, Nakamura S, Itoh H, Yoshida K, Asano S, Yamane N, et al. Systemic
Lupus Erythematosus (SLE) lymphadenopathy presenting with histopathologic
features of castleman Disease: A Clinicopathologic Study of Five Cases. Pathol Res
Pract. (1997) 193:565-71. doi: 10.1016/S0344-0338(97)80015-5

15. Reis AD, Mudinutti C, de Freitas Peigo M, Leon LL, Costallat LTL, Rossi CL,
et al. Active human herpesvirus infections in adults with systemic lupus erythematosus
and correlation with the SLEDAI score. Adv Rheumatol. (2020) 60:42. doi: 10.1186/
$42358-020-00144-6

frontiersin.org


http://www.ncbi.nlm.nih.gov/geo/
https://www.frontiersin.org/articles/10.3389/fimmu.2024.1440922/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2024.1440922/full#supplementary-material
https://doi.org/10.1007/s12519-019-00229-3
https://doi.org/10.1136/ard.58.6.379
https://doi.org/10.1136/lupus-2020-000469
https://doi.org/10.1007/s12016-017-8640-5
https://doi.org/10.1177/0961203312459105
https://doi.org/10.3389/fimmu.2024.1386607
https://doi.org/10.1186/1471-244X-9-S1-S1
https://doi.org/10.1186/1471-244X-9-S1-S1
https://doi.org/10.3390/ijerph182010736
https://doi.org/10.1016/j.jaut.2018.11.001
https://doi.org/10.1016/S0344-0338(97)80015-5
https://doi.org/10.1186/s42358-020-00144-6
https://doi.org/10.1186/s42358-020-00144-6
https://doi.org/10.3389/fimmu.2024.1440922
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zheng et al.

16. Quaglia M, Merlotti G, De Andrea M, Borgogna C, Cantaluppi V. Viral
infections and systemic lupus erythematosus: new players in an old story. Viruses.
(2021) 13:2. doi: 10.3390/v13020277

17. Berkis U, Svirskis S, Krumina A, Gravelsina S, Vilmane A, Araja D, et al.
Exploring the joint potential of inflammation, immunity, and receptor-based
biomarkers for evaluating ME/CFS progression. Front Immunol. (2023) 14:1294758.
doi: 10.3389/fimmu.2023.1294758

18. Sotzny F, Blanco J, Capelli E, Castro-Marrero J, Steiner S, Murovska M, et al.
Myalgic Encephalomyelitis/Chronic Fatigue Syndrome - Evidence for an autoimmune
disease. Autoimmun Rev. (2018) 17:601-9. doi: 10.1016/j.autrev.2018.01.009

19. Vu LT, Ahmed F, Zhu H, Iu DSH, Fogarty EA, Kwak Y, et al. Single-cell
transcriptomics of the immune system in ME/CFS at baseline and following symptom
provocation. Cell Rep Med. (2024) 5:101373. doi: 10.1016/j.xcrm.2023.101373

20. Nikolakis D, Garantziotis P, Sentis G, Fanouriakis A, Bertsias G, Frangou E, et al.
Restoration of aberrant gene expression of monocytes in systemic lupus erythematosus
via a combined transcriptome-reversal and network-based drug repurposing strategy.
BMC Genomics. (2023) 24:207. doi: 10.1186/s12864-023-09275-8

21. Pifero J, Ramirez-Anguita JM, Saiich-Pitarch J, Ronzano F, Centeno E, Sanz F,
et al. The DisGeNET knowledge platform for disease genomics: 2019 update. Nucleic
Acids Res. (2020) 48:D845-55. doi: 10.1093/nar/gkz1021

22. Stelzer G, Rosen N, Plaschkes I, Zimmerman S, Twik M, Fishilevich S, et al. The
geneCards suite: from gene data mining to disease genome sequence analyses. Curr
Protoc Bioinf. (2016) 54:1.30.1-1.30.33. doi: 10.1002/0471250953.2016.54.issue-1

23. Sherman BT, Hao M, Qiu J, Jiao X, Baseler MW, Lane HC, et al. DAVID: a web
server for functional enrichment analysis and functional annotation of gene lists (2021
update). Nucleic Acids Res. (2022) 50:W216-w221. doi: 10.1093/nar/gkac194

24. The Gene Ontology Consortium. The Gene Ontology resource: enriching a
GOld mine. Nucleic Acids Res. (2021) 49:D325-d334. doi: 10.1093/nar/gkaal113

25. Yang M, Wang P, Liu T, Zou X, Xia Y, Li C, et al. High throughput sequencing
revealed enhanced cell cycle signaling in SLE patients. Sci Rep. (2023) 13:159.
doi: 10.1038/541598-022-27310-8

26. Bouquet J, Li T, Gardy JL, Kang X, Stevens S, Stevens J, et al. Whole blood human
transcriptome and virome analysis of ME/CFS patients experiencing post-exertional
malaise following cardiopulmonary exercise testing. PloS One. (2019) 14:e0212193.
doi: 10.1371/journal.pone.0212193

27. Nehar-Belaid D, Hong S, Marches R, Chen G, Bolisetty M, Baisch J, et al.
Mapping systemic lupus erythematosus heterogeneity at the single-cell level. Nat
Immunol. (2020) 21:1094-106. doi: 10.1038/s41590-020-0743-0

28. Stuart T, Butler A, Hoffman P, Hafemeister C, Papalexi E, Mauck WM 3rd, et al.
Comprehensive integration of single-cell data. Cell. (2019) 177:1888-1902.e21.
doi: 10.1016/j.cell.2019.05.031

29. Tylinska B, Janicka-Klos A, Gebarowski T, Nowotarska P, Plinska S, Wiatrak B.
Pyrimidine derivatives as selective COX-2 inhibitors with anti-inflammatory and
antioxidant properties. Int ] Mol Sci. (2024) 25:20. doi: 10.3390/ijms252011011

30. Mitsis T, Efthimiadou A, Bacopoulou F, Vlachakis D, Chrousos GP, Eliopoulos
E. Transcription factors and evolution: An integral part of gene expression (Review).
World Acad Sci J. (2020) 2:3-8. doi: 10.3892/wasj.2020.32

31. Rubin JD, Stanley JT, Sigauke RF, Levandowski CB, Maas ZL, Westfall J, et al.
Transcription factor enrichment analysis (TFEA) quantifies the activity of multiple
transcription factors from a single experiment. Commun Biol. (2021) 4:661.
doi: 10.1038/s42003-021-02153-7

32. Keenan AB, Torre D, Lachmann A, Leong AK, Wojciechowicz ML, Utti V, et al.
ChEA3: transcription factor enrichment analysis by orthogonal omics integration.
Nucleic Acids Res. (2019) 47:W212-w224. doi: 10.1093/nar/gkz446

33. Kuleshov MV, Jones MR, Rouillard AD, Fernandez NF, Duan Q, Wang Z, et al.
Enrichr: a comprehensive gene set enrichment analysis web server 2016 update. Nucleic
Acids Res. (2016) 44:W90-7. doi: 10.1093/nar/gkw377

34. The ENCODE Project Consortium. An integrated encyclopedia of DNA
elements in the human genome. Nature. (2012) 489:57-74. doi: 10.1038/nature11247

35. Sticht C, de la Torre C, Parveen A, Gretz N. miRWalk: An online resource for
prediction of microRNA binding sites. PloS One. (2018) 13:€0206239. doi: 10.1371/
journal.pone.0206239

36. Huang HY, Lin YC, Cui S, Huang Y, Tang Y, Xu J, et al. miRTarBase update
2022: an informative resource for experimentally validated miRNA-target interactions.
Nucleic Acids Res. (2022) 50:D222-d230. doi: 10.1093/nar/gkab1079

37. Skoufos G, Kakoulidis P, Tastsoglou S, Zacharopoulou E, Kotsira V, Miliotis M,
et al. TarBase-v9.0 extends experimentally supported miRNA-gene interactions to cell-
types and virally encoded miRNAs. Nucleic Acids Res. (2024) 52:D304-d310.
doi: 10.1093/nar/gkad1071

38. Yoo M, Shin J, Kim J, Ryall KA, Lee K, Lee S, et al. DSigDB: drug signatures
database for gene set analysis. Bioinformatics. (2015) 31:3069-71. doi: 10.1093/
bioinformatics/btv313

39. Castro-Marrero J, Saez-Francas N, Santillo D, Alegre ]. Treatment and
management of chronic fatigue syndrome/myalgic encephalomyelitis: all roads lead
to Rome. Br ] Pharmacol. (2017) 174:345-69. doi: 10.1111/bph.v174.5

40. Herrada AA, Escobedo N, Iruretagoyena M, Valenzuela RA, Burgos PI, Cuitino
L, et al. Innate immune cells’ Contribution to systemic lupus erythematosus. Front
Immunol. (2019) 10. doi: 10.3389/fimmu.2019.00772

Frontiers in Immunology

10.3389/fimmu.2024.1440922

41. Mao YM, Zhao CN, Liu LN, Wu Q, Dan YL, Wang DG, et al. Increased
circulating interleukin-8 levels in systemic lupus erythematosus patients: a meta-
analysis. biomark Med. (2018) 12:1291-302. doi: 10.2217/bmm-2018-0217

42. Mahajan A, Herrmann M, Mufioz LE. Clearance deficiency and cell death
pathways: A model for the pathogenesis of SLE. Front Immunol. (2016) 7:35.
doi: 10.3389/fimmu.2016.00035

43. Postal M, Appenzeller S. The role of Tumor Necrosis Factor-alpha (TNF-o) in
the pathogenesis of systemic lupus erythematosus. Cytokine. (2011) 56:537-43.
doi: 10.1016/j.cyt0.2011.08.026

44, Brenu EW, Huth TK, Hardcastle SL, Fuller K, Kaur M, Johnston S, et al. Role of
adaptive and innate immune cells in chronic fatigue syndrome/myalgic
encephalomyelitis. Int Immunol. (2014) 26:233-42. doi: 10.1093/intimm/dxt068

45. Brenu EW, van Driel ML, Staines DR, Ashton KJ, Ramos SB, Keane J, et al.
Immunological abnormalities as potential biomarkers in Chronic Fatigue Syndrome/
Myalgic Encephalomyelitis. ] Transl Med. (2011) 9:81. doi: 10.1186/1479-5876-9-81

46. Giloteaux L, O’Neal A, Castro-Marrero ], Levine SM, Hanson MR. Cytokine
profiling of extracellular vesicles isolated from plasma in myalgic encephalomyelitis/
chronic fatigue syndrome: a pilot study. J Trans Med. (2020) 18:387. doi: 10.1186/
§12967-020-02560-0

47. Domingo JC, Battistini F, Cordobilla B, Zaragoza MC, Sanmartin-Sentafies R,
Alegre-Martin J, et al. Association of circulating biomarkers with illness severity
measures differentiates myalgic encephalomyelitis/chronic fatigue syndrome and
post-COVID-19 condition: a prospective pilot cohort study. J Transl Med. (2024)
22:343. doi: 10.1186/s12967-024-05148-0

48. Chao CC, Janoff EN, Hu SX, Thomas K, Gallagher M, Tsang M, et al. Altered
cytokine release in peripheral blood mononuclear cell cultures from patients with the
chronic fatigue syndrome. Cytokine. (1991) 3:292-8. doi: 10.1016/1043-4666(91)
90497-2

49. Jonsjo MA, Olsson GL, Wicksell RK, Alving K, Holmstrém L, Andreasson A.
The role of low-grade inflammation in ME/CFS (Myalgic Encephalomyelitis/Chronic
Fatigue Syndrome) - associations with symptoms. Psychoneuroendocrinology. (2020)
113:104578. doi: 10.1016/j.psyneuen.2019.104578

50. Maes M, Mihaylova I, Ruyter MD, Kubera M, Bosmans E. The immune effects of
TRYCAT: (tryptophan catabolites along the IDO pathway): relevance for depression -
and other conditions characterized by tryptophan depletion induced by inflammation.
Neuro Endocrinol Lett. (2007) 28:826-31.

51. Bellmann-Weiler R, Schroecksnadel K, Holzer C, Larcher C, Fuchs D, Weiss G.
IFN-gamma mediated pathways in patients with fatigue and chronic active Epstein
Barr virus-infection. J Affect Disord. (2008) 108:171-6. doi: 10.1016/j.jad.2007.09.005

52. Sprangers MA, Thong MS, Bartels M, Barsevick A, Ordofiana J, Shi Q, et al.
Biological pathways, candidate genes, and molecular markers associated with quality-
of-life domains: an update. Qual Life Res. (2014) 23:1997-2013. doi: 10.1007/s11136-
014-0656-1

53. Dantzer R, Heijnen CJ, Kavelaars A, Laye S, Capuron L. The neuroimmune basis
of fatigue. Trends Neurosci. (2014) 37:39-46. doi: 10.1016/j.tins.2013.10.003

54. Roerink ME, van der Schaaf ME, Dinarello CA, Knoop H, van der Meer JW.
Interleukin-1 as a mediator of fatigue in disease: a narrative review. ] Neuroinflamm.
(2017) 14:16. doi: 10.1186/s12974-017-0796-7

55. Lindqvist D, Hall S, Surova Y, Nielsen HM, Janelidze S, Brundin L, et al.
Cerebrospinal fluid inflammatory markers in Parkinson’s disease-associations with
depression, fatigue, and cognitive impairment. Brain Behav Immun. (2013) 33:183-9.
doi: 10.1016/j.bbi.2013.07.007

56. Groven N, Fors EA, Stunes AK, Reitan SK. MCP-1 is increased in patients with
CFS and FM, whilst several other immune markers are significantly lower than
healthy controls. Brain Behav Immun Health. (2020) 4:100067. doi: 10.1016/
j.bbih.2020.100067

57. Kurt L, Gerwyn M, George A, Michael M. The toll-like receptor radical cycle
pathway: A new drug target in immune-related chronic fatigue. CNS Neurol Disord
Drug Targets. (2015) 14:838-54. doi: 10.2174/1871527314666150317224645

58. Oliveira-Nascimento L, Massari P, Wetzler LM. The role of TLR2 in infection
and immunity. Front Immunol. (2012) 3:79. doi: 10.3389/fimmu.2012.00079

59. Lamborn IT, Jing H, Zhang Y, Drutman SB, Abbott JK, Munir S, et al. Recurrent
rhinovirus infections in a child with inherited MDA5 deficiency. ] Exp Med. (2017)
214:1949-72. doi: 10.1084/jem.20161759

60. Chu L, Valencia IJ, Garvert DW, Montoya JG. Onset patterns and course of
myalgic encephalomyelitis/chronic fatigue syndrome. Front Pediatr. (2019) 7:12.
doi: 10.3389/fped.2019.00012

61. Tolomeo M, Cavalli A, Cascio A. STATI and its crucial role in the control of
viral infections. Int ] Mol Sci. (2022) 23:8. doi: 10.3390/ijms23084095

62. Gallucci S, Meka S, Gamero AM. Abnormalities of the type I interferon signaling
pathway in lupus autoimmunity. Cytokine. (2021) 146:155633. doi: 10.1016/
j.cyt0.2021.155633

63. Gateva V, Sandling JK, Hom G, Taylor KE, Chung SA, Sun X, et al. A large-scale
replication study identifies TNIP1, PRDM1, JAZF1, UHRF1BP1 and IL10 as risk loci
for systemic lupus erythematosus. Nat Genet. (2009) 41:1228-33. doi: 10.1038/ng.468

64. Dias Junior AG, Sampaio NG, Rehwinkel J. A balancing act: MDAS5 in antiviral
immunity and autoinflammation. Trends Microbiol. (2019) 27:75-85. doi: 10.1016/
j.tim.2018.08.007

frontiersin.org


https://doi.org/10.3390/v13020277
https://doi.org/10.3389/fimmu.2023.1294758
https://doi.org/10.1016/j.autrev.2018.01.009
https://doi.org/10.1016/j.xcrm.2023.101373
https://doi.org/10.1186/s12864-023-09275-8
https://doi.org/10.1093/nar/gkz1021
https://doi.org/10.1002/0471250953.2016.54.issue-1
https://doi.org/10.1093/nar/gkac194
https://doi.org/10.1093/nar/gkaa1113
https://doi.org/10.1038/s41598-022-27310-8
https://doi.org/10.1371/journal.pone.0212193
https://doi.org/10.1038/s41590-020-0743-0
https://doi.org/10.1016/j.cell.2019.05.031
https://doi.org/10.3390/ijms252011011
https://doi.org/10.3892/wasj.2020.32
https://doi.org/10.1038/s42003-021-02153-7
https://doi.org/10.1093/nar/gkz446
https://doi.org/10.1093/nar/gkw377
https://doi.org/10.1038/nature11247
https://doi.org/10.1371/journal.pone.0206239
https://doi.org/10.1371/journal.pone.0206239
https://doi.org/10.1093/nar/gkab1079
https://doi.org/10.1093/nar/gkad1071
https://doi.org/10.1093/bioinformatics/btv313
https://doi.org/10.1093/bioinformatics/btv313
https://doi.org/10.1111/bph.v174.5
https://doi.org/10.3389/fimmu.2019.00772
https://doi.org/10.2217/bmm-2018-0217
https://doi.org/10.3389/fimmu.2016.00035
https://doi.org/10.1016/j.cyto.2011.08.026
https://doi.org/10.1093/intimm/dxt068
https://doi.org/10.1186/1479-5876-9-81
https://doi.org/10.1186/s12967-020-02560-0
https://doi.org/10.1186/s12967-020-02560-0
https://doi.org/10.1186/s12967-024-05148-0
https://doi.org/10.1016/1043-4666(91)90497-2
https://doi.org/10.1016/1043-4666(91)90497-2
https://doi.org/10.1016/j.psyneuen.2019.104578
https://doi.org/10.1016/j.jad.2007.09.005
https://doi.org/10.1007/s11136-014-0656-1
https://doi.org/10.1007/s11136-014-0656-1
https://doi.org/10.1016/j.tins.2013.10.003
https://doi.org/10.1186/s12974-017-0796-7
https://doi.org/10.1016/j.bbi.2013.07.007
https://doi.org/10.1016/j.bbih.2020.100067
https://doi.org/10.1016/j.bbih.2020.100067
https://doi.org/10.2174/1871527314666150317224645
https://doi.org/10.3389/fimmu.2012.00079
https://doi.org/10.1084/jem.20161759
https://doi.org/10.3389/fped.2019.00012
https://doi.org/10.3390/ijms23084095
https://doi.org/10.1016/j.cyto.2021.155633
https://doi.org/10.1016/j.cyto.2021.155633
https://doi.org/10.1038/ng.468
https://doi.org/10.1016/j.tim.2018.08.007
https://doi.org/10.1016/j.tim.2018.08.007
https://doi.org/10.3389/fimmu.2024.1440922
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zheng et al.

65. Tian Z, Shen X, Feng H, Gao B. IL-1 beta attenuates IFN-alpha beta-induced
antiviral activity and STATI1 activation in the liver: involvement of proteasome-
dependent pathway. J Immunol. (2000) 165:3959-65. doi: 10.4049/
jimmunol.165.7.3959

66. Mayer-Barber KD, Yan B. Clash of the Cytokine Titans: counter-regulation of
interleukin-1 and type I interferon-mediated inflammatory responses. Cell Mol
Immunol. (2017) 14:22-35. doi: 10.1038/cmi.2016.25

67. Stergioti EM, Manolakou T, Sentis G, Samiotaki M, Kapsala N, Fanouriakis A,
et al. Transcriptomic and proteomic profiling reveals distinct pathogenic features of
peripheral non-classical monocytes in systemic lupus erythematosus. Clin Immunol.
(2023) 255:109765. doi: 10.1016/j.clim.2023.109765

68. Rossol M, Heine H, Meusch U, Quandt D, Klein C, Sweet M], et al. LPS-induced
cytokine production in human monocytes and macrophages. Crit Rev Immunol. (2011)
31:379-446. doi: 10.1615/CritRevImmunol.v31.i5.20

69. Forrester MA, Wassall HJ, Hall LS, Cao H, Wilson HM, Barker RN, et al.
Similarities and differences in surface receptor expression by THP-1 monocytes and
differentiated macrophages polarized using seven different conditioning regimens. Cell
Immunol. (2018) 332:58-76. doi: 10.1016/j.cellimm.2018.07.008

70. Chanput W, Mes JJ, Wichers HJ. THP-1 cell line: an in vitro cell model for
immune modulation approach. Int Immunopharmacol. (2014) 23:37-45. doi: 10.1016/
j.intimp.2014.08.002

71. Hardy LA, Booth TA, Lau EK, Handel TM, Ali S, Kirby JA. Examination of
MCP-1 (CCL2) partitioning and presentation during transendothelial leukocyte
migration. Lab Invest. (2004) 84:81-90. doi: 10.1038/labinvest.3700007

72. Lee TI, Young RA. Transcription of eukaryotic protein-coding genes. Annu Rev
Genet. (2000) 34:77-137. doi: 10.1146/annurev.genet.34.1.77

73. O’Brien ], Hayder H, Zayed Y, Peng C. Overview of microRNA biogenesis,
mechanisms of actions, and circulation. Front Endocrinol (Lausanne). (2018) 9:402.
doi: 10.3389/fend0.2018.00402

74. Bartel DP. MicroRNAs: genomics, biogenesis, mechanism, and function. Cell.
(2004) 116:281-97. doi: 10.1016/S0092-8674(04)00045-5

75. Guler R, Mpotje T, Ozturk M, Nono JK, Parihar SP, Chia JE, et al. Batf2
differentially regulates tissue immunopathology in Type 1 and Type 2 diseases. Mucosal
Immunol. (2019) 12:390-402. doi: 10.1038/s41385-018-0108-2

76. Roy S, Guler R, Parihar SP, Schmeier S, Kaczkowski B, Nishimura H, et al. Batf2/
Irfl induces inflammatory responses in classically activated macrophages,
lipopolysaccharides, and mycobacterial infection. J Immunol. (2015) 194:6035-44.
doi: 10.4049/jimmunol.1402521

77. Jensen MA, Niewold TB. Interferon regulatory factors: critical mediators of
human lupus. Transl Res. (2015) 165:283-95. doi: 10.1016/j.trs1.2014.10.002

78. Collados Rodriguez M. The fate of speckled protein 100 (Sp100) during
herpesviruses infection. Front Cell Infect Microbiol. (2020) 10:607526. doi: 10.3389/
fcimb.2020.607526

79. Lessard CJ, Adrianto I, Ice JA, Wiley GB, Kelly JA, Glenn SB, et al. Identification
of IRF8, TMEM39A, and IKZF3-ZPBP2 as susceptibility loci for systemic lupus
erythematosus in a large-scale multiracial replication study. Am ] Hum Genet. (2012)
90:648-60. doi: 10.1016/j.ajhg.2012.02.023

80. Suzuki E, Amengual O, Atsumi T, Oku K, Hashimoto T, Kataoka H, et al.
Increased expression of phospholipid scramblase 1 in monocytes from patients with
systemic lupus erythematosus. J Rheumatol. (2010) 37:1639-45. doi: 10.3899/
jrheum.091420

81. Wang Z, Waldman MF, Basavanhally TJ, Jacobs AR, Lopez G, Perichon RY, et al.
Autoimmune gene expression profiling of fingerstick whole blood in Chronic Fatigue
Syndrome. ] Transl Med. (2022) 20:486. doi: 10.1186/s12967-022-03682-3

82. Nguyen CB, Alsge L, Lindvall JM, Sulheim D, Fagermoen E, Winger A, et al.
Whole blood gene expression in adolescent chronic fatigue syndrome: an exploratory
cross-sectional study suggesting altered B cell differentiation and survival. ] Transl Med.
(2017) 15:102. doi: 10.1186/512967-017-1201-0

83. Aspler AL, Bolshin C, Vernon SD, Broderick G. Evidence of inflammatory
immune signaling in chronic fatigue syndrome: A pilot study of gene expression in
peripheral blood. Behav Brain Funct. (2008) 4:44. doi: 10.1186/1744-9081-4-44

84. Hassanlou M, Soltani BM, Mowla SJ. Expression and function of hsa-miR-6165
in human cell lines and during the NT2 cell neural differentiation process. ] Mol
Neurosci. (2017) 63:254-66. doi: 10.1007/s12031-017-0954-5

85. Hassanlou M, Soltani BM, Medlej A, Kay M, Mowla SJ. Hsa-miR-6165
downregulates insulin-like growth factor-1 receptor (IGF-1R) expression and
enhances apoptosis in SW480 cells. Biol Chem. (2020) 401:477-85. doi: 10.1515/hsz-
2018-0421

Frontiers in Immunology

15

10.3389/fimmu.2024.1440922

86. Omidi F, Hosseini SA, Ahmadi A, Hassanzadeh K, Rajaei S, Cesaire HM, et al.
Discovering the signature of a lupus-related microRNA profile in the Gene
Expression Omnibus repository. Lupus. (2020) 29:1321-35. doi: 10.1177/
0961203320944473

87. Ishibe Y, Kusaoi M, Murayama G, Nemoto T, Kon T, Ogasawara M, et al.
Changes in the expression of circulating microRNAs in systemic lupus erythematosus
patient blood plasma after passing through a plasma adsorption membrane. Ther Apher
Dial. (2018) 22:278-89. doi: 10.1111/tap.2018.22.issue-3

88. Wang S, Jin S, Liu MD, Pang P, Wu H, Qi ZZ, et al. Hsa-let-7e-5p inhibits
the proliferation and metastasis of head and neck squamous cell carcinoma cells by
targeting chemokine receptor 7. J Cancer. (2019) 10:1941-8. doi: 10.7150/
jca.29536

89. Manvati MKS, Khan J, Verma N, Dhar PK. Association of miR-760 with cancer:
An overview. Gene. (2020) 747:144648. doi: 10.1016/j.gene.2020.144648

90. Brenu EW, Ashton KJ, van Driel M, Staines DR, Peterson D, Atkinson GM, et al.
Cytotoxic lymphocyte microRNAs as prospective biomarkers for Chronic Fatigue
Syndrome/Myalgic Encephalomyelitis. ] Affect Disord. (2012) 141:261-9. doi: 10.1016/
jjad.2012.03.037

91. ZhuX, Guo Q, Zou J, Wang B, Zhang Z, Wei R, et al. MiR-19a-3p suppresses M1
macrophage polarization by inhibiting STAT1/IRF1 pathway. Front Pharmacol. (2021)
12:614044. doi: 10.3389/fphar.2021.614044

92. Chen X, Liu Y, Luo X, Pan T, Zhang T, Hu L, et al. HPV16 E6-induced M2
macrophage polarization in the cervical microenvironment via exosomal miR-204-5p.
Sci Rep. (2024) 14:23725. doi: 10.1038/541598-024-74399-0

93. Su D. Up-regulation of MiR-145-5p promotes the growth and migration in LPS-
treated HUVECs through inducing macrophage polarization to M2. J Recept Signal
Transduct Res. (2021) 41:434-41. doi: 10.1080/10799893.2020.1818095

94. Fordham JB, Nagvi AR, Nares S. Regulation of miR-24, miR-30b, and miR-142-
3p during macrophage and dendritic cell differentiation potentiates innate immunity. J
Leukocyte Biol. (2015) 98:195-207. doi: 10.1189/jlb.1A1014-519RR

95. Tenorio M, Graciliano NG, Moura FA, Oliveira ACM, Goulart MOF. N-
acetylcysteine (NAC): impacts on human health. Antioxid (Basel). (2021) 10:6.
doi: 10.3390/antiox10060967

96. Abbasifard M, Khorramdelazad H, Rostamian A, Rezaian M, Askari PS, Sharifi
GTK, et al. Effects of N-acetylcysteine on systemic lupus erythematosus disease activity
and its associated complications: a randomized double-blind clinical trial study. Trials.
(2023) 24:129. doi: 10.1186/s13063-023-07083-9

97. Lai ZW, Hanczko R, Bonilla E, Caza TN, Clair B, Bartos A, et al. N-acetylcysteine
reduces disease activity by blocking mammalian target of rapamycin in T cells from
systemic lupus erythematosus patients: a randomized, double-blind, placebo-controlled
trial. Arthritis Rheum. (2012) 64:2937-46. doi: 10.1002/art.34502

98. Liu LF, Desai SD, Li TK, Mao Y, Sun M, Sim SP. Mechanism of action of
camptothecin. Ann N Y Acad Sci. (2000) 922:1-10. doi: 10.1111/j.1749-
6632.2000.tb07020.x

99. Wang X, Oates JC, Helke KL, Gilkeson GS, Zhang XK. Camptothecin and
topotecan, inhibitors of transcription factor fli-1 and topoisomerase, markedly
ameliorate lupus nephritis in (NZB x NZW)F1 mice and reduce the production of
inflammatory mediators in human renal cells. Arthritis Rheumatol. (2021) 73:1478-88.
doi: 10.1002/art.41685

100. He D, Fu S, Zhou A, Su Y, Gao X, Zhang Y, et al. Camptothecin regulates
microglia polarization and exerts neuroprotective effects via activating AKT/nrf2/HO-1
and inhibiting NF-xB pathways in vivo and in vitro. Front Immunol. (2021) 12:619761.
doi: 10.3389/fimmu.2021.619761

101. Botella P, Rivero-Buceta E. Safe approaches for camptothecin delivery:
Structural analogues and nanomedicines. J Controlled Release. (2017) 247:28-54.
doi: 10.1016/j.jconrel.2016.12.023

102. Allard NAE, Schirris TJ], Verheggen RJ, Russel FGM, Rodenburg RJ, Smeitink
JAM, et al. Statins affect skeletal muscle performance: evidence for disturbances in
energy metabolism. J Clin Endocrinol Metab. (2017) 103:75-84. doi: 10.1210/jc.2017-
01561

103. Yu HH, Chen PC, Yang YH, Wang LC, Lee JH, Lin YT, et al. Statin reduces
mortality and morbidity in systemic lupus erythematosus patients with hyperlipidemia:
A nationwide population-based cohort study. Atherosclerosis. (2015) 243:11-8.
doi: 10.1016/j.atherosclerosis.2015.08.030

104. Noél B, Panizzon RG. Lupus-like syndrome associated with statin therapy.
Dermatology. (2004) 208:276-7. doi: 10.1159/000077320

105. Chung MW, Komorowski RA, Varma RR. Suloctidil-induced hepatotoxicity.
Gastroenterology. (1988) 95:490-1. doi: 10.1016/0016-5085(88)90510-0

frontiersin.org


https://doi.org/10.4049/jimmunol.165.7.3959
https://doi.org/10.4049/jimmunol.165.7.3959
https://doi.org/10.1038/cmi.2016.25
https://doi.org/10.1016/j.clim.2023.109765
https://doi.org/10.1615/CritRevImmunol.v31.i5.20
https://doi.org/10.1016/j.cellimm.2018.07.008
https://doi.org/10.1016/j.intimp.2014.08.002
https://doi.org/10.1016/j.intimp.2014.08.002
https://doi.org/10.1038/labinvest.3700007
https://doi.org/10.1146/annurev.genet.34.1.77
https://doi.org/10.3389/fendo.2018.00402
https://doi.org/10.1016/S0092-8674(04)00045-5
https://doi.org/10.1038/s41385-018-0108-2
https://doi.org/10.4049/jimmunol.1402521
https://doi.org/10.1016/j.trsl.2014.10.002
https://doi.org/10.3389/fcimb.2020.607526
https://doi.org/10.3389/fcimb.2020.607526
https://doi.org/10.1016/j.ajhg.2012.02.023
https://doi.org/10.3899/jrheum.091420
https://doi.org/10.3899/jrheum.091420
https://doi.org/10.1186/s12967-022-03682-3
https://doi.org/10.1186/s12967-017-1201-0
https://doi.org/10.1186/1744-9081-4-44
https://doi.org/10.1007/s12031-017-0954-5
https://doi.org/10.1515/hsz-2018-0421
https://doi.org/10.1515/hsz-2018-0421
https://doi.org/10.1177/0961203320944473
https://doi.org/10.1177/0961203320944473
https://doi.org/10.1111/tap.2018.22.issue-3
https://doi.org/10.7150/jca.29536
https://doi.org/10.7150/jca.29536
https://doi.org/10.1016/j.gene.2020.144648
https://doi.org/10.1016/j.jad.2012.03.037
https://doi.org/10.1016/j.jad.2012.03.037
https://doi.org/10.3389/fphar.2021.614044
https://doi.org/10.1038/s41598-024-74399-0
https://doi.org/10.1080/10799893.2020.1818095
https://doi.org/10.1189/jlb.1A1014-519RR
https://doi.org/10.3390/antiox10060967
https://doi.org/10.1186/s13063-023-07083-9
https://doi.org/10.1002/art.34502
https://doi.org/10.1111/j.1749-6632.2000.tb07020.x
https://doi.org/10.1111/j.1749-6632.2000.tb07020.x
https://doi.org/10.1002/art.41685
https://doi.org/10.3389/fimmu.2021.619761
https://doi.org/10.1016/j.jconrel.2016.12.023
https://doi.org/10.1210/jc.2017-01561
https://doi.org/10.1210/jc.2017-01561
https://doi.org/10.1016/j.atherosclerosis.2015.08.030
https://doi.org/10.1159/000077320
https://doi.org/10.1016/0016-5085(88)90510-0
https://doi.org/10.3389/fimmu.2024.1440922
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Exploring the shared mechanism of fatigue between systemic lupus erythematosus and myalgic encephalomyelitis/chronic fatigue syndrome: monocytic dysregulation and drug repurposing
	1 Introduction
	2 Materials and methods
	2.1 Collecting overlapping genes between SLE and ME/CFS
	2.2 Analysis of GO and KEGG
	2.3 Obtaining key targets and performing correlation analysis
	2.4 Single-cell clustering analysis
	2.5 Validation of key target expression under monocyte activation
	2.5.1 Cell culture and inflammatory model induction

	2.5.2 Key target expression by RT-qPCR
	2.6 Construction of TF-mRNA-miRNA network
	2.7 Drug prediction and molecular docking

	3 Results
	3.1 Collecting overlapping genes between SLE and ME/CFS
	3.2 Analysis of GO and KEGG
	3.3 Obtaining key targets and performing correlation analysis
	3.4 Expression of key targets in single-cell clusters
	3.5 Key target expression under monocyte activation
	3.6 Construction of TF-mRNA-miRNA network
	3.7 Drug prediction and molecular docking

	4 Discussion
	5 Conclusion
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Publisher’s note
	Supplementary material
	References


