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Abstract 

Background: Systemic lupus erythematosus (SLE), an autoimmune disease with complex pathogenesis, poses a 
considerable threat to women’s health. Increasing evidence indicates that neutrophils play an important role in the 
development and progression of lupus.

Methods: Weighted correlation network analysis and single-sample gene set enrichment analysis (GSEA) were used 
to analyse SLE expression data from a comprehensive gene expression database and identify modules associated with 
neutrophils. Thereafter, the biomarkers most closely related to neutrophils were identified. We reclassified SLE into two 
molecular subtypes based on the aforementioned biomarkers and evaluated cell infiltration, molecular mechanisms, 
and signature pathways in each subtype.

Results: The results showed significant differences in immunological characteristics between the two molecular 
subtypes of SLE. Hub genes were significantly upregulated in the NEUT-H subtype, and they may be associated with 
lupus activity. The GSEA revealed associations between our biomarkers and key metabolic pathways.

Conclusions: Our study provides not only a classification for patients with SLE but also new cell and gene targets for 
immunotherapy, as well as a new experimental paradigm to explore immunotherapy for other autoimmune diseases.
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Background
Systemic lupus erythematosus (SLE) is a multi-system 
autoimmune disease caused by congenital and adaptive 
immune system disorders, including clonal amplification 
of autoreactive lymphocytes, production of autoantibod-
ies, and increased production of a variety of cytokines 
and other inflammatory mediators [1]. Driven by genetic 
and environmental factors, the vicious cycle of autoanti-
gen exposure, autoantibody production, chronic inflam-
mation, and tissue damage leads to SLE occurrence [2, 3]. 
Improperly activated neutrophils are most likely to cause 

damage to local tissues, because they are present in large 
numbers at the site of inflammation and their cytotoxic 
contents are released directly onto host tissues [1]. Neu-
trophil-derived reactive oxygen species (ROS) and granu-
loproteinases are associated with vascular tissue damage 
and post-translational modifications of pathogenic DNA 
and proteins in SLE [1]. The imbalance of neutrophil 
energy metabolism leads to SLE, and impaired reduc-
tion–oxidation capacity increases ROS-mediated dam-
age in SLE [4]. Neutrophil extracellular traps (NETs) are 
net-like structures composed of DNA-histone complexes 
and proteins released by activated neutrophils, formed by 
the combination of cytoplasm and granular proteins [5]. 
Recently, increasing evidence has shown that neutrophil 
dysregulation in patients with SLE is closely related to 
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disease severity and prognosis [6]. NETs induce endothe-
lial injury, promote thrombosis, and contain sources of 
autoantigens that trigger autoimmunity [7]. In addition, 
patients with SLE are characterised by the presence of 
specific subsets of circulating low-density granulocytes 
(LDG) that are phenotypically, functionally, and tran-
scriptionally distinct from other subsets of neutrophils, 
and LDGs are highly proinflammatory [8].

To date, SLE classification and diagnosis have relied on 
clinical manifestations and autoimmune serology rather 
than molecular approaches [9]. Therefore, molecular 
changes in these heterogeneous autoimmune diseases 
should be further explored, and new classification sys-
tems have been established to develop more rational, 
specific, and effective treatments.

An increasing number of studies have applied high-
throughput techniques to reveal the molecular mecha-
nisms of SLE incidence or progression. However, most of 
them have focused on the differences between patients 
with SLE and healthy controls [10], while only a few stud-
ies have investigated the differences between patients 
with SLE. Moreover, molecular typing of SLE neutro-
phils in the background of immune-related genes and 
the clinical significance of related markers are currently 
lacking. In this study, bioinformatic analysis was used to 
combine a relatively homogeneous population of patients 
with SLE, and consistent cluster analysis of SLE was per-
formed based on neutrophil enrichment. Two subtypes 
were identified, characterised by significantly different 
immune infiltration, molecular mechanisms, signature 
pathways, and drug sensitivities. This study not only 
revealed neutrophil biomarkers in patients with SLE but 
also provided a new perspective for SLE treatment.

Methods
Microarray data
The gene expression profiles of the datasets GSE100163, 
GSE102466, GSE121239, and GSE126307 were screened 
and downloaded from the Gene Expression Omnibus 
(GEO) database of the National Center for Biotechnology 
Information, which is free and publicly available [11]. We 
selected GSE100163, which included a total of 69 whole 
blood samples, of which 55 were samples of patients with 
SLE and 14 were healthy control samples. Thirty-one 
and nine samples of peripheral blood mononuclear cells 
(PBMCs) from patients with SLE and healthy human con-
trols (PBMC) were included in GSE126307. GSE102466 
contained 26 whole blood samples of patients with SLE. 
GSE121239 comprised 20 and 292 PBMC samples from 
healthy humans and patients with SLE, respectively. As 
we focused only on samples of patients with SLE, normal 
samples were excluded.

GSE100163: Illumina HumanWG-6 v3.0 expression 
beadchip

GSE126307: Illumina Human Whole-Genome DASL 
HT

GSE102466: Affymetrix Human Genome U219 Array
GSE121239: [HT_HG-U133_Plus_PM] Affymetrix HT 

HG-U133 + PM Array Plate

Screening of immune‑related genes
From the Immunology Database and Analysis Portal 
(ImmPort; https:// immpo rt. niaid. nih. gov) [12], more 
than 1671 immune-related genes from a complete list 
were downloaded. These genes are involved in the func-
tions of multiple immune-related pathways, including 
T and B cell receptor signalling pathways and antigen 
processing and rendering; encoding chemokines, inter-
leukins, interleukin receptors, chemokine receptors, 
cytokines, interferons, interferon receptors, cytokine 
receptors, tumour necrosis factor (TNF), TNF family 
member receptor, transforming growth factor-β (TGF-β) 
family member, and TGF-β family member receptor; and 
natural killer cell cytotoxicity.

Single‑sample gene set enrichment analysis to quantify 
the relative neutrophil abundance
Single-sample gene set enrichment analysis (ssGSEA) 
was used to sequence the genes according to their abso-
lute expression in the samples [13]. The ssGSEA was used 
to determine the enrichment scores of different immune 
cell subsets, related functions, or pathways. The relative 
abundance of each immune cell type is expressed by the 
enrichment fraction in the ssGSEA and normalised as 
a uniform distribution from 0 to 1 [14]. A set of genes 
with specific characteristics used to label each immune 
cell type was obtained from recent studies, and the bio-
similarity of infiltrated immune cells was estimated by 
multidimensional scaling and a Gaussian fitting model. 
Adaptive immune cells included activated B cells, acti-
vated CD8 T cells, effector memory CD8 T cells, and 
activated CD4 T cells, whereas innate immune cells 
included eosinophils, activated dendritic cells, immature 
dendritic cells, natural killer T cells, and neutrophils.

Weighted correlation network analysis
Weighted correlation network analysis (WGCNA) is 
a systems biology method used to describe the correla-
tion patterns between genes [15]. In recent years, this 
analysis has been increasingly used [16]. In this study, 
WGCNA was used to identify gene modules highly cor-
related with traits for the subsequent analysis. Module 
Eigengene (ME) refers to the first principal component 
of a given Module and is considered to represent the 
gene expression profile of a given gene module. Using 

https://immport.niaid.nih.gov
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correlation analysis of gene expression and ME, the value 
of the MODULE Membership (MM) was obtained. The 
MM value was essentially the Pearson correlation coeffi-
cient between the gene and module. When the absolute 
value of MM was close to 1, it indicated that the genes 
were highly correlated with the Module. The correlation 
analysis was conducted between the expression level of 
a specific gene and the corresponding phenotypic value. 
The final value of the correlation coefficient was gene sig-
nificance (GS), which reflected the correlation between 
the gene expression level and phenotypic data. The 
higher the GS, the greater the correlation between the 
specified gene and the study phenotype [17, 18]. Genes 
in key modules, MM < 0.5 and GS < 0.5, were defined as 
hub genes.

Gene Ontology and Kyoto Encyclopedia of Genes 
and Genomes pathways
Gene Ontology (GO) is an international gene functional 
classification system that describes three properties of 
a gene, namely, the biological process (BP) involved, the 
product function of the gene, and the spatial localisa-
tion of the gene product within organelles [19]. It also 
describes the distribution of molecular functional enrich-
ment (MF) in the cell component (CC) of BPs [6]. To 
further analyse the BPs of neutrophil-associated core 
genes, GO annotation and Kyoto Encyclopedia of Genes 
and Genomes (KEGG) pathway enrichment analyses of 
these genes were performed the Database for Annota-
tion, Visualisation and Integrated Discovery (DAVID 6.8, 
https:// david. ncifc rf. gov/. P-values < 0.01 and a false dis-
covery rate (FDR) < 0.01 were used as the enrichment and 
screening conditions, and confidence was built using the 
Search Tool for the Retrieval of Interacting Genes/Pro-
teins (https:// david. ncifc rf. gov/) and CytoScape version 
3.7.2. The protein–protein interaction (PPI) network had 
a confidence coefficient of 0.4.

Identification of SLE subtypes based on neutrophil gene 
sets
For each SLE dataset, the ssGSEA was performed using 
Gene Set Variation Analysis kits to quantify the enrich-
ment level of each SLE sample in the neutrophil-charac-
teristic gene set. The ConsensusClusterPlus package was 
used for consensus clustering and neutrophil subtype 
screening for ssGSEA scoring. Briefly, k-means cluster-
ing was performed using 50 iterations (with 80% of each 
sample). The optimal cluster number was determined 
using the cluster fraction of the cumulative distribution 
function (CDF) curve, and the relative change in the area 
under the CDF curve was evaluated.

Heatmap
The ssGSEA score xi of each SLE sample was converted 
to XI’, using the following formula:

where  xmax and  xmin represent the maximum and mini-
mum ssGSEA scores of all samples in the SLE dataset, 
respectively. The PheatMap package in R was used for 
heatmap visualisation.

Assessment of immune cell infiltration in SLE
In this study, the R package ‘CIBERSORT’ was used 
to estimate the proportion of immune cells in the 
GSE100163, GSE102466, GSE121239, and GSE126307 
datasets. Specifically, the CIBERSORT algorithm was 
used to calculate the scores of 22 SLE types [20]. CIB-
ERSORT is a tool developed at Stanford University to 
deconvolute the expression matrix of human leukocyte 
subtypes [20]. The principle of linear support vector 
regression was used for deconvolution analysis of the 
expression matrix of unknown mixtures containing simi-
lar cell types; therefore, it is a useful tool to estimate the 
abundance of specific cells in mixed tissues. Next, the 
corrplot software package [21] was used to draw the rel-
evant heat map to visualise the correlation of 22 types of 
infiltrated immune cells. The ggplot2 software package 
[22] was used to draw the violin diagram to visualise the 
differences in immune cell infiltration.

Verification of immune correlation
To verify the immune correlation between neutrophil-
associated biomarkers, Pearson correlation analysis was 
used to analyse the correlation between these markers 
and 22 immune cells. The correlation index R and the 
corresponding P-value were visualised using the ggplot2 
and DPLYR packages.

Correlation of multiple immune genes
The correlation among eight biomarkers was explored, 
and Pearson correlation analysis was used to analyse the 
correlation between the above genes. Corrplot and Cor-
rgram in R language were used for visualisation. Red 
and blue represent positive and negative correlations, 
respectively.

GSEA
Biological changes in each of the two subtypes in the 
GEO dataset were compared. C5.all.v7.4.symbol.GMT 
(Gene Ontology) and C2.cp.kegg.v7.4.symbol [curated] 
were used as reference gene sets for GSEA. Using 1000 
permutations, an error detection rate (FDR) < 0.05 was 
used as the screening threshold, and GSEA version 4.0.1 
was used for analysis.

(1)x
′

i = (xi − xmin) / (xmax − xmin)

https://david.ncifcrf.gov/
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Drug sensitivity analysis
The CellMiner database (https:// disco ver. nci. nih. gov/ 
cellm iner/ home. do) was used to download drug suscep-
tibility gene expression data samples, after clinical labo-
ratory validation, and Food and Drug Administration 
(FDA) certification standards for screening susceptibil-
ity data. Thereafter, the expression of neutrophil-related 
biomarkers was combined with drug sensitivity data 
for Pearson correlation analysis. Finally, the correlation 
between neutrophil-related gene expression and drug 
sensitivity was obtained.

Results
ssGSEA and WGCNA quantified neutrophils
First, a specific set of characteristic genes for label-
ling each immune cell type was obtained from a recent 
study [23]. Quantification results of neutrophils in innate 
immune cells were selected, and 1671 immune genes 
were downloaded from the IMMPORT database for gene 
co-expression network analysis (WGCNA). In Fig.  1, 
each cell contains the corresponding correlation and 
P values. The larger the positive value, the stronger the 
correlation.

1. Three gene modules were obtained from GSE100163. 
The blue module positively correlated with neutro-
phils, and the blue–green module negatively corre-
lated with neutrophils. The blue module comprised 
423 neutrophil genes.

2. Eight gene modules were obtained from GSE102466. 
Brown, pink, and blue–green modules positively cor-
related with neutrophils, and the blue–green module 
showed the highest correlation, containing 292 neu-
trophil-related genes.

3. Four gene modules were obtained from GSE121239. 
The blue module positively correlated with neutro-
phils and had the highest correlation, corresponding 
to 156 neutrophil-related genes.

4. Four gene modules were obtained from GSE126307. 
The brown module positively correlated with neutro-
phils and had the highest correlation, corresponding 
to 118 neutrophil-related genes.

A Venn diagram (Fig. 2) was drawn for the neutrophil-
related genes in the four gene sets, and eight biomark-
ers with the highest correlation with neutrophils were 
obtained for the subsequent analysis. These included 
chemokine-like factor (CKLF)-like MARVEL trans-
membrane domain containing 2 (CMTM2), Fos  proto-
oncogene (FOS), phosphatidylinositol-4,5-bisphosphate 
3-kinase catalytic subunit beta (PIK3CB), SOS Ras/Rho 
guanine nucleotide exchange factor 2 (SOS2), Toll-like 

receptor 4 (TLR4), (interleukin 18 receptor 1 (IL18R1), 
CMTM6, and formyl peptide receptor 1 (FPR1).

Identification of two molecular subtypes of SLE based 
on neutrophil hub genes
Based on consistent clustering, SLE was divided into 
different subgroups based on the expression of neutro-
phil-related gene characteristics. The ConsensusCluster-
Plus package was used to classify all SLE samples into K 
(k = 2–9) distinct subtypes. Figure 3b shows CDF distri-
bution under different cluster numbers k, and the higher 
the value, the more stable the clustering result under this 
value. The delta area diagram, in Fig. 3c, shows the rela-
tive changes in areas under the CDF curve between k and 
k-1. A higher value indicates that the clustering effect 
under this value has a more obvious improvement in the 
goodness of clustering effect compared with k-1. Over-
all, when k = 2, the CDF curve based on consensus score 
achieved optimal partition (Fig. 3), defined as NEUT_H 
and NEUT_L. Similarly, the same clustering and subtyp-
ing for datasets GSE100163, GSE102466, GSE121239, 
and GSE126307 were performed (Fig. 4).

Results of immune cell infiltration
First, the infiltration of 22 immune cell subsets in two 
SLE molecular classifications was revealed, and then 
CIBERSORT was used to investigate the differences 
between high and low neutrophil-enriched groups. The 
violin diagram in Fig.  5 shows that the proportion of 
immune cells varies significantly between the groups. 
Compared with that of the low neutrophil enrichment 
group, neutrophil infiltration in GSE100163 was high 
(P < 0.001), and infiltration of naive B cells (P < 0.027) 
and CD8 T cells (P = 0.018) was low in the high immu-
nogroup. In GSE102466, there was greater infiltration of 
neutrophils (P < 0.001) and less infiltration of basophils 
(P = 0.012) and naive B cells (P = 0.037). In GSE121239, 
the infiltration of neutrophils (P = 0.001) and B cell 
memory cells (P = 0.006) was higher than that of naive B 
cells (P = 0.004) and CD8 T cells (P < 0.001). No signifi-
cant correlation between cell infiltration was found in the 
GSE126307 dataset.

Validation of immunological association
The eight identified genes are potential immunothera-
peutic targets, and their relationship and interaction with 
immune cells are of significance for further immune-
related studies.

The eight genes were associated with the abundance 
ratio of certain types of immune cells. As shown in 
Fig.  6, the colour shows the correlation coefficient, * 
marks those that are significant. The expression of the 

https://discover.nci.nih.gov/cellminer/home.do
https://discover.nci.nih.gov/cellminer/home.do
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eight genes was significantly positively correlated with 
the neutrophil abundance ratio but inversely correlated 
with CD8 T cells and naive CD4 T cells (Fig. 6). These 

results suggest that the HUB genes may play a crucial 
role in immune cell function.

Fig. 1 Identification of key genes based on WGCNA for SLE neutrophil subtypes. a–d Module–trait relationships in SLE
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Eight biomarkers had a synergistic effect in the SLE‑induced 
immune response
The correlation among the genes was evaluated to fur-
ther explore the synergy of the eight genes in the immune 
response induced by SLE (Figs. 7, 8). In Fig. 7, red indi-
cates a positive correlation and green represents negative 
correlation. Interestingly, CMTM2, FOS, PIK3CB, SOS2, 
TLR4, IL18R1, CMTM6, and FPR1 were coregulated to 
regulate the SLE immune response, supporting the use of 
the biomarkers mentioned above in combination immu-
notherapy in future studies.

Clinical factors and immune‑related genes
Gene expression profiles and clinical information of 
292 patients with SLE were downloaded from the GEO 

database. Clinical information included the patients’ sys-
temic lupus erythematosus disease activity index (SLE-
DAI). The SLEDAI is a validated disease activity metric 
in which doctors assign scores to a list of 24 items, of 
which 16 are based on clinical symptoms and 8 are based 
on laboratory measurements of their presence or absence 
in the past 10 days [24]. More severe organ involvement, 
such as kidney involvement, was weighted with higher 
scores. These points were then added to possible scores 
ranging from 0 to 15, and the higher the score, the higher 
the disease activity. A score of 0–4 meant that the dis-
ease was basically inactive, a score of 5–9 meant that the 
disease was mildly active, a score of 10–14 meant that 
the disease was moderately active, and a score greater 
than or equal to 15 meant that the disease was severely 
active. Because the sample size of severe activity was 
small, moderate to severe activity was considered as a 
group, and the relationship between the expression of 
the eight genes and SLE activity was explored (Fig.  9). 
TLR4, CMTM6, IL18R1, and SLE activities were related 
(P < 0.05), and IL18R1 expression increased with disease 
activity, indicating that IL18R1 may be related to patients’ 
disease activity and/or unfavourable factors.

GO and KEGG enrichment analyses
Eight neutrophil-specific hub genes were mainly 
enriched in BPs related to immune response and 
inflammatory response, including activation of mito-
gen-activated protein kinase (MAPK) activity, posi-
tive regulation of MAPK activity, positive regulation 
of immune response cytokine production, and posi-
tive regulation (Fig.  10). In the signalling pathway for 
interferon-gamma production, important CCs were 

Fig. 2 The result of the shared genes. The shared genes between the 
blue module of GSE100163, the blue–green module of GSE102466, 
the blue module of GSE121239, and the brown module of GSE126307 
by overlapping them

Fig. 3 Consistent clustering was performed for SLE. a Heat map of sample clustering at consensus, k = 2. b Cumulative distribution function (CDF) 
curve. c CDF delta area curve of consensus clustering indicating the relative change gin area under the CDF curve for each category number k 
compared with k − 1
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azurophilic granules, primary lysosomes, and pro-
tein-DNA complexes. In addition, the hub genes par-
ticipated in several signalling pathways related to the 
immune system, including B cell receptor signalling, 
Toll-like receptor (TLR) signalling, T cell receptor 
signalling, TNF signalling, and NET formation. These 
results are consistent with the available information of 
autoimmune diseases, including SLE, caused by abnor-
mal neutrophils. In the PD-L1 signalling pathway, one 
of the novel enrichment pathways, D-1 (CD279) is an 
inhibitory receptor belonging to the CD28/cytotoxic 
T-lymphocyte-associated protein 4 families. Connec-
tions of PD-1 and its ligands PD-L1 (B7-H1; CD274) 
and PD-L2 (B7-DC; CD273) provide inhibitory signals 
leading to T-cell activation, tolerance, and immune-
mediated tissue damage [25].

GSEA based on SLE neutrophil subtype
To explore the biological changes caused by differences 
in neutrophil enrichment, the GSEA results for each 
subtype were compared in pairs. As the enrichment 
of neutrophils increased, the production of antinu-
clear antibodies, interleukin (IL)-6-mediated signalling 

pathways, helper T cell differentiation, TLR binding 
pathways, and MAPK signalling pathways were upreg-
ulated. The results of this study suggest that the TLR-
binding pathway and the MAPK signalling pathway 
were the two biological pathways most associated with 
neutrophil imbalance leading to SLE (Fig. 11).

Drug prediction
CMTM2 expression positively correlated with the sen-
sitivity to chlorambucil, bendamustine, and ifosfamide 
(P < 0.001) (Fig.  12). The higher the FOS expression, 
the weaker the sensitivity to triciribine phosphate and 
dasatinib (P < 0.001). PIK3CB expression significantly 
positively correlated with the sensitivity of PD-98059 
(P < 0.001).

Discussion
SLE is a highly heterogeneous autoimmune disease, and 
patients with SLE are at a risk of progressive organ dam-
age, reduced quality of life, and even death [26]. Current 
treatment goals for patients with SLE include long-term 
survival, prevention of sudden organ damage, and 
improvement of quality of life. For severe organ damage 
or life-threatening SLE, treatment usually consists of an 

Fig. 4 Expression of neutrophil-related genes in the SLE subtype. a GSE100163, b GSE102466, c GSE121239, d GSE126307
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Fig. 5 Violin diagram of the proportion of 22 types of immune cells. a GSE121239, b GSE126307, c GSE121239, d GSE126307showed the difference 
in infiltration between the two clusters
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Fig. 6 The correlation analysis results of eight biomarkers and 22 immune cells. The color shows the correlation coefficient; * marks those that are 
significant
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initial stage of high-intensity immunosuppressive therapy 
to control disease activity, followed by longer-term and 
lower-intensity treatment to stabilise the condition and 
prevent recurrence [27].

With the advancement of genome-wide association 
studies and microarray technology, the understanding of 
gene expression has expanded, including gene expression 
related to SLE pathogenesis [28]. Nonetheless, the patho-
physiological mechanism of SLE has not been thoroughly 
studied. A more detailed understanding of SLE patho-
genesis promotes the progress of targeted therapies. 
Compared with that of tumours, the genotyping scheme 
for autoimmune system diseases is still in its infancy. To 
better diagnose and treat SLE, a unified, complete, and 
highly feasible molecular typing programme is needed. 

In addition, to date, no study has classified SLE based 
on the neutrophil genome [29]. To identify and clas-
sify reliable genes and pathways associated with SLE, 
a matrix was downloaded from the GEO database and 
analysed using comprehensive bioinformatic methods. 
Most previous health information analyses have focused 
on comparing patients with SLE with healthy peo-
ple. This study only involved patients with SLE, mainly 
based on the GEO, immunological (ImmPort), SSGSEA, 
WGCNA, consensus clustering, and CELLMINER data-
bases. First, neutrophil-related biomarkers were identi-
fied using the WGCNA. The eight genes (CMTM2, FOS, 
PIK3CB, SOS2, TLR4, IL18R1, CMTM6, and FPR1) that 
were highly related to neutrophils may mediate SLE 

Fig. 7 The relationship between each biomarker in GEO datasets. a GSE100163, b GSE102466, c GSE121239, d GSE126307
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development, and they are potential targets and biomark-
ers for disease treatment and SLE activities.

Subsequently, a specific neutrophil genome was used to 
identify and verify this new SLE classification. SLE was 
divided into two stable subtypes, namely, NEUT_H and 
NEUT_L. CIBERSORT was used to analyse the immune 
cells of neutrophil subtypes; there was less CD8 T cell 
infiltration in the NEUT_H group. The reduction of CD8 
T cells may impair T cell ability to cope with infection in 
patients with SLE, further aggravating SLE [30]. Next, the 
biological changes caused by the enrichment of neutro-
phils at different levels of SLE were explored; the results 

indicated that NEUT_H and antinuclear antibody forma-
tion, IL-6-mediated signalling pathways, helper T cell dif-
ferentiation, TLR body binding pathway, and the MAPK 
signalling pathway positively correlated. NETs play a key 
role in SLE pathogenesis [31]. Activation of the MAPK 
signalling pathway and IL-6-mediated signalling path-
way, and excessive proinflammatory cytokines also lead 
to increased NET formation, promoting tissue damage 
and inflammation [32]. Inhibiting NET formation may 
be a new target for SLE treatment [33]. In this study, we 
applied bioinformatic methods to identify genes related 

Fig. 8 Scatter plot of gene correlation. Each dot represents a sample, and the black line represents the relationship between the expression level of 
genes. a GSE100163, b GSE102466, c GSE121239, d GSE126307
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Fig. 9 The correlationship between gene expression of the eight genes and SLE activity
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to the formation of NETs from the genetic perspective 
and to provide new treatment ideas.

As an important receptor for neutrophils to recognise 
pathogens, TLRs affect phagocytosis and neutrophil ster-
ilisation, as well as other related immune functions [34]. 
Over-activated TLRs may induce an excessive immune 
response, adversely affecting SLE occurrence. TLR4 is a 
key component of innate and adaptive immune responses 
during infection and inflammation [35]. The pathogenic 
role of  TLR4+ plasma cells in lupus nephritis develop-
ment is well known. In addition, in vivo treatment with 
TLR4 inhibitors significantly reduces the production 
of autoantibodies and kidney damage in mice with SLE 
[36]. It has also been observed that TLR4 expression in 
neuropsychiatric lupus increases [37]. The present study 
demonstrated that the role of TLR4 in the pathogenesis 
of SLE disease might be through the suppression of regu-
latory T cells and the effect of proinflammatory cytokines 
(such as IL-6 and TNF-α) on SLE pathogenesis, inducing 
TLR4-mediated neutrophil activation. This study also 

provided more evidence for the advancement of TLR4 
inhibitors in SLE treatment.

The CMTM family is widely expressed in the immune 
system [38]. Abnormal expression of CMTM is related 
to the occurrence and development of various diseases; 
both CMTM4 and CMTM5 are involved in SLE patho-
genesis [22]. Existing studies have shown that the CMTM 
family has considerable clinical value in understanding 
the pathological stages of breast cancer, non-small cell 
lung cancer, and gastric cancer, determining treatment 
strategies, and predicting prognosis. CMTM6 may act as 
an oncogene in various solid tumours [39]. Studies have 
shown that neutrophils are involved in antiphospholipid 
syndrome (APS) pathogenesis. NETs play an important 
role in APS because neutrophils in patients with APS 
are prone to spontaneously release NETs. Knight et  al. 
found that CMTM6 is upregulated in the neutrophils of 
patients with APS [40, 41]. The current results indicated 
that CMTM2 and CMTM6 might be related to NET for-
mation through their upregulation in patients with SLE, 

Fig. 10 Analysis of the main mechanism of neutrophil-related biomarkers. a GO analysis of 8 kinds of neutrophil-related biomarkers. b KEGG 
analysis of neutrophil-related biomarkers. The significantly enriched pathways are shown. c Protein–protein interactions (PPIs) of hub genes
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Fig. 11 Gene set enrichment analysis (GSEA) was used to analyse the signal pathways enrichment in different subtypes. Several significant 
pathways were screened out
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leading to disease occurrence, and they might be used as 
new therapeutic targets.

IL18R1 encodes the α subunit of the IL-18 receptor 
and is responsible for the binding of IL-18; the activated 
receptor then initiates the same signalling pathway as 
IL-1 to activate nuclear factor (NF)-κB [42]. The NF-κB 
signalling pathway includes the classic NF-κB activation 
pathway and the alternative pathway, and these two path-
ways play an important role in regulating immune and 
inflammatory responses. In human and mouse experi-
ments, high plasma levels of B cell-activating factor may 
trigger the non-classical NF-κB signalling pathway [43]. 
The extracts of Tripterygium wilfordii Hook F, demeth-
ylzeylasteral (T-96), and methylprednisolone (MP) have 
been shown to improve MRL/lpr susceptibility to SLE 
by inhibiting the NF-κB signalling pathway in rats with 
lupus nephritis [44, 45]. The present study confirmed 
that IL18R1 overexpression leads to the NF-κB signal-
ling pathway activation, driving disease activity. IL18R1 
expression increased with disease activity, indicating 
that IL18R1 might be an unfavourable factor for disease 

activity in patients with SLE. Thus, monitoring IL18R1 
expression may help to better assess SLE activity.

A recent study showed that the formyl peptide recep-
tor FPR2 is abundantly expressed by neutrophils, where 
it regulates the recruitment of proinflammatory tissues of 
inflammatory cells, production of ROS, and regression of 
inflammatory responses [46]. FPR treatment is used as a 
new type of anti-inflammatory therapy [46].

At present, the standard SLE treatment includes non-
steroidal anti-inflammatory drugs, glucocorticoids, 
hydroxychloroquine, and non-specific immunosup-
pressive agents [47]. The CellMiner database contains 
genome and pharmacological tools to identify drug pat-
terns and transcripts in the NCI-60 cell line [48]. The 
CellMiner database compares the expression levels of 
360 microRNAs, 22,379 genes, and 20,503 compounds, 
including 102 FDA-approved drugs [1]. In this study, we 
first analysed the relationship between the hub genes and 
drug sensitivity and provided new insights to explore 
the choice of SLE immunosuppressants and avoid drug 
resistance. Chlorambucil, an immunosuppressant with 
a suppressive effect on human bone marrow and usually 

Fig. 12 Correlation analysis between neutrophil-related biomarkers and drug sensitivity of drugs in CellMiner. The top 16 statistical significance 
correlation relationship between neutrophil-related biomarkers and drug sensitivity of drugs
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combined with hormonal drugs to effectively allevi-
ate nephritis symptoms, may selectively be used for SLE 
treatment [49]. PD 98059 prevents the MAPK cascade 
(MKK1) by blocking the MAPK cascade reaction, as 
determined using MAPK-based kinase assays, instead of 
directly inhibiting MKK1 activity [50], further predicting 
relevant drugs for SLE treatment.

In summary, pivotal genes associated with neutrophils 
in patients with SLE were identified, and patients were 
classified into two different subtype groups. Biomarkers 
that may be related to SLE activity were explored. Using 
internal verification, the versatility of these biomarkers 
was demonstrated. The functional analysis emphasised 
the importance of the obtained biomarkers because they 
participate in several important pathways. However, this 
study had some limitations. First, a multi-centre prospec-
tive study is required to evaluate the utility of neutrophil 
typing in patients with SLE. Second, in vivo and in vitro 
experimental verification is warranted to clarify the 
underlying molecular mechanism. Finally, analysis of the 
survival rate of patients with SLE is lacking.

Conclusions
Based on multiple dataset analyses, a molecular clas-
sification of SLE was established based on neutrophil-
related subtypes, more comprehensively demonstrating 
the clinical characteristics of subtypes, immune infiltra-
tion, the relationship between the corresponding path-
ways and key genes, and the effect of immunotherapy. In 
view of the limited samples for SLE classification based 
on neutrophil characteristics, a larger sample size analy-
sis and further basic experiments are needed to support 
this pioneering classification. Nevertheless, the current 
in-depth analysis of neutrophil-related biomarkers yields 
valuable references and insights and provides evidence to 
develop new strategies for the precise treatment of SLE.

Abbreviations
APS: Antiphospholipid syndrome; AUC : Area under the curve; BP: Biological 
process; CC: Cell component; CDF: Cumulative distribution function; FDA: 
Food and Drug Administration; GEO: Gene Expression Omnibus; GO: Gene 
Ontology; GS: Gene significance; GSEA: Gene set enrichment analysis; KEGG: 
Kyoto Encyclopedia of Genes and Genomes; LDG: Low-density granulocyte; 
MAPK: Mitogen-activated protein kinase; ME: Module eigengene; MF: Molecu-
lar function; MM: MODULE membership; NET: Neutrophil extracellular traps; 
PPI: Protein interaction; ROS: Reactive oxygen species; SLE: Systemic lupus 
erythematosus; SLEDAI: Systemic lupus erythematosus disease activity index; 
TLR: Toll-like receptor.

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s12920- 022- 01306-9.

Additional file 1. 1671 immune genes which were downloaded from the 
IMMPORT database.

Additional file 2. Co-expression modules results of datasets.

Additional file 3. GO and KEGG gene sets used in the GSEA.

Additional file 4. Grouping of GSEA.

Additional file 5. Input data sets of immune cell infiltration.

Additional file 6. Pearson value between netrophil-related genes.

Additional file 7. Results of inmmune cell infiltration.

Additional file 8. Scripts used for immune cell infiltration.R.

Additional file 9. Scripts used for immune cell infiltration.R

Additional file 10. Module–trait relationships in SLE of WGCNA.

Additional file 11. The relative immune cell abundance of single-sample 
gene set enrichment analysis.

Acknowledgements
We would like to thank the contributions of public databases such as the GEO 
to human medicine.

Author contributions
HL designed the analytical strategies, performed data analyses, and wrote the 
manuscript. PY conceived the research and wrote the manuscript. All authors 
read and approved the final manuscript.

Funding
This study was supported, partially, by the following grants: foundation from 
the Chinese National Key Technology R&D Program (2021YFC2501303 to 
Pingting Yang); foundation from the Project for Construction of Key Platform, 
Shenyang, China (19-109-4-15 to Pingting Yang); foundation from Clinical 
Research Center for Immune diseases of Shenyang, Liaoning, China (20-204-4-
43 to Pingting Yang); the Program of the Distinguished Professor of Liaoning 
Province (28020 to Pingting Yang); foundation from the Major Social Develop-
ment Projects of Liaoning, China (No. 2020JH1/1030002 to Pingting Yang).

Availability of data and materials
All data generated or analysed during this study are included in this published 
article and its supplementary information files. The datasets analysed during 
the current study are available in the Gene Expression Omnibus (GEO) reposi-
tory, https:// www. ncbi. nlm. nih. gov/ geo/.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 13 January 2022   Accepted: 27 June 2022

References
 1. Fresneda Alarcon M, McLaren Z, Wright HL. Neutrophils in the pathogen-

esis of rheumatoid arthritis and systemic lupus erythematosus: same foe 
different M.O. Front Immunol. 2021;12:649693.

 2. Mu Q, Zhang H, Luo XM. SLE: another autoimmune disorder influenced 
by microbes and diet? Front Immunol. 2015;6:608.

 3. Mahajan A, Herrmann M, Muñoz LE. Clearance deficiency and cell 
death pathways: a model for the pathogenesis of SLE. Front Immunol. 
2016;7:35.

https://doi.org/10.1186/s12920-022-01306-9
https://doi.org/10.1186/s12920-022-01306-9
https://www.ncbi.nlm.nih.gov/geo/


Page 17 of 18Li and Yang  BMC Medical Genomics          (2022) 15:162  

 4. Li L, Fu HD. Research advances in the role of neutrophil extracellular traps 
in childhood-onset systemic lupus erythematosus. Zhongguo dang dai 
er ke za zhi Chin J Contemp Pediatr. 2018;20(3):251–4.

 5. Ravindran M, Khan MA, Palaniyar N. Neutrophil extracellular trap 
formation: physiology, pathology, and pharmacology. Biomolecules. 
2019;9(8):872.

 6. Smith CK, Kaplan MJ. The role of neutrophils in the pathogenesis of 
systemic lupus erythematosus. Curr Opin Rheumatol. 2015;27(5):448–53.

 7. Xia H, Yan JC. Research progress on the association between neutrophil 
extracellular traps and myocardial ischemia reperfusion. Zhonghua Xin 
Xue Guan Bing Za Zhi. 2021;49(2):188–92.

 8. Gensous N, Boizard-Moracchini A, Lazaro E, Richez C, Blanco P. 
Update on the cellular pathogenesis of lupus. Curr Opin Rheumatol. 
2021;33(2):190–6.

 9. Aringer M, Johnson SR. Classifying and diagnosing systemic 
lupus erythematosus in the 21st century. Rheumatology (Oxford). 
2020;59(Suppl5):v4–11.

 10. Zhao X, Zhang L, Wang J, Zhang M, Song Z, Ni B, et al. Identification of 
key biomarkers and immune infiltration in systemic lupus erythematosus 
by integrated bioinformatics analysis. J Transl Med. 2021;19(1):35.

 11. Zhang L, Yang Y, Cheng L, Cheng Y, Zhou HH, Tan ZR. Identification of 
common genes refers to colorectal carcinogenesis with paired cancer 
and noncancer samples. Dis Markers. 2018;2018:3452739.

 12. Bhattacharya S, Andorf S, Gomes L, Dunn P, Schaefer H, Pontius J, et al. 
ImmPort: disseminating data to the public for the future of immunology. 
Immunol Res. 2014;58(2–3):234–9.

 13. Luo Q, Vögeli TA. A Methylation-Based Reclassification of Bladder Cancer 
Based on Immune Cell Genes. Cancers. 2020;12(10).

 14. Charoentong P, Finotello F, Angelova M, Mayer C, Efremova M, Rieder 
D, et al. Pan-cancer immunogenomic analyses reveal genotype-immu-
nophenotype relationships and predictors of response to checkpoint 
blockade. Cell Rep. 2017;18(1):248–62.

 15. Hou J, Ye X, Li C, Wang Y. K-module algorithm: an additional step to 
improve the clustering results of WGCNA co-expression networks. Genes. 
2021;12(1):1548.

 16. Tian Z, He W, Tang J, Liao X, Yang Q, Wu Y, et al. Identification of important 
modules and biomarkers in breast cancer based on WGCNA. Onco 
Targets Ther. 2020;13:6805–17.

 17. Langfelder P, Horvath S. WGCNA: an R package for weighted correlation 
network analysis. BMC Bioinform. 2008;9:559.

 18. Mo XB, Wu LF, Zhu XW, Xia W, Wang L, He P, et al. Identification and evalu-
ation of lncRNA and mRNA integrative modules in human peripheral 
blood mononuclear cells. Epigenomics. 2017;9(7):943–54.

 19. Zhao Y, Wang J, Chen J, Zhang X, Guo M, Yu G. A literature review of 
gene function prediction by modeling gene ontology. Front Genet. 
2020;11:400.

 20. Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu Y, et al. Robust 
enumeration of cell subsets from tissue expression profiles. Nat Methods. 
2015;12(5):453–7.

 21. Friendly M. Corrgrams: exploratory displays for correlation matrices. Am 
Stat. 2002;56:316–24.

 22. Ginestet C. ggplot2: elegant graphics for data analysis. J Res. 
2011;174:245–6.

 23. Bindea G, Mlecnik B, Tosolini M, Kirilovsky A, Waldner M, Obenauf AC, 
et al. Spatiotemporal dynamics of intratumoral immune cells reveal the 
immune landscape in human cancer. Immunity. 2013;39(4):782–95.

 24. Jesus D, Matos A, Henriques C, Zen M, Larosa M, Iaccarino L, et al. Deriva-
tion and validation of the SLE Disease Activity Score (SLE-DAS): a new SLE 
continuous measure with high sensitivity for changes in disease activity. 
Ann Rheum Dis. 2019;78(3):365–71.

 25. Zamani MR, Aslani S, Salmaninejad A, Javan MR, Rezaei N. PD-1/PD-L and 
autoimmunity: a growing relationship. Cell Immunol. 2016;310:27–41.

 26. Gottschalk TA, Tsantikos E, Hibbs ML. Pathogenic inflammation and its 
therapeutic targeting in systemic lupus erythematosus. Front Immunol. 
2015;6:550.

 27. Fanouriakis A, Tziolos N, Bertsias G, Boumpas DT. Update οn the diagnosis 
and management of systemic lupus erythematosus. Ann Rheum Dis. 
2021;80(1):14–25.

 28. Liu W, Li M, Wang Z, Wang J. IFN-γ mediates the development of systemic 
lupus erythematosus. Biomed Res Int. 2020;2020:7176515.

 29. Coates AS, Winer EP, Goldhirsch A, Gelber RD, Gnant M, Piccart-Gebhart 
M, et al. Tailoring therapies—improving the management of early breast 
cancer: St Gallen International Expert Consensus on the Primary Therapy 
of Early Breast Cancer 2015. Ann Oncol. 2015;26(8):1533–46.

 30. Kis-Toth K, Comte D, Karampetsou MP, Kyttaris VC, Kannan L, Terhorst C, 
et al. Selective loss of signaling lymphocytic activation molecule family 
member 4-positive CD8+ T cells contributes to the decreased cytotoxic 
cell activity in systemic lupus erythematosus. Arthr Rheumatol (Hoboken, 
NJ). 2016;68(1):164–73.

 31. Kaplan MJ. Neutrophils in the pathogenesis and manifestations of SLE. 
Nat Rev Rheumatol. 2011;7(12):691–9.

 32. Delgado-Rizo V, Martínez-Guzmán MA, Iñiguez-Gutierrez L, García-Orozco 
A, Alvarado-Navarro A, Fafutis-Morris M. Neutrophil extracellular traps and 
its implications in inflammation: an overview. Front Immunol. 2017;8:81.

 33. Barnado A, Crofford LJ, Oates JC. At the Bedside: Neutrophil extracellular 
traps (NETs) as targets for biomarkers and therapies in autoimmune 
diseases. J Leukoc Biol. 2016;99(2):265–78.

 34. Hayashi F, Means TK, Luster AD. Toll-like receptors stimulate human 
neutrophil function. Blood. 2003;102(7):2660–9.

 35. Vijay K. Toll-like receptors in immunity and inflammatory diseases: past, 
present, and future. Int Immunopharmacol. 2018;59:391–412.

 36. Ma K, Li J, Wang X, Lin X, Du W, Yang X, et al. TLR4(+)CXCR4(+) plasma 
cells drive nephritis development in systemic lupus erythematosus. Ann 
Rheum Dis. 2018;77(10):1498–506.

 37. Huang Q, Shen S, Qu H, Huang Y, Wu D, Jiang H, et al. Expression of 
HMGB1 and TLR4 in neuropsychiatric systemic lupus erythematosus 
patients with seizure disorders. Ann Transl Med. 2020;8(1):9.

 38. Duan HJ, Li XY, Liu C, Deng XL. Chemokine-like factor-like MARVEL trans-
membrane domain-containing family in autoimmune diseases. Chin Med 
J. 2020;133(8):951–8.

 39. Wu J, Li L, Wu S, Xu B. CMTM family proteins 1–8: roles in cancer 
biological processes and potential clinical value. Cancer Biol Med. 
2020;17(3):528–42.

 40. Yalavarthi S, Gould TJ, Rao AN, Mazza LF, Morris AE, Núñez-Álvarez C, et al. 
Release of neutrophil extracellular traps by neutrophils stimulated with 
antiphospholipid antibodies: a newly identified mechanism of thrombo-
sis in the antiphospholipid syndrome. Arthr Rheumatol (Hoboken, NJ). 
2015;67(11):2990–3003.

 41. Knight JS, Meng H, Coit P, Yalavarthi S, Sule G, Gandhi AA, et al. Activated 
signature of antiphospholipid syndrome neutrophils reveals potential 
therapeutic target. JCI Insight. 2017;2(18):745.

 42. Petrackova A, Horak P, Radvansky M, Skacelova M, Fillerova R, Kudelka 
M, et al. Cross-disease innate gene signature: emerging diversity 
and abundance in RA comparing to SLE and SSc. J Immunol Res. 
2019;2019:3575803.

 43. You Y, Qin Y, Lin X, Yang F, Li J, Sooranna SR, et al. Methylprednisolone 
attenuates lipopolysaccharide-induced Fractalkine expression in kidney 
of Lupus-prone MRL/lpr mice through the NF-kappaB pathway. BMC 
Nephrol. 2015;16:148.

 44. Hu Q, Yang C, Wang Q, Zeng H, Qin W. Demethylzeylasteral (T-96) treat-
ment ameliorates mice lupus nephritis accompanied by inhibiting activa-
tion of NF-κB pathway. PLoS ONE. 2015;10(7): e0133724.

 45. Pan L, Lu MP, Wang JH, Xu M, Yang SR. Immunological pathogenesis 
and treatment of systemic lupus erythematosus. World J Pediatr WJP. 
2020;16(1):19–30.

 46. Lind S, Dahlgren C, Holmdahl R, Olofsson P, Forsman H. Functional selec-
tive FPR1 signaling in favor of an activation of the neutrophil superoxide 
generating NOX2 complex. J Leukoc Biol. 2021;109(6):1105–20.

 47. Cervera R, Khamashta MA, Font J, Sebastiani GD, Gil A, Lavilla P, et al. Mor-
bidity and mortality in systemic lupus erythematosus during a 10-year 
period: a comparison of early and late manifestations in a cohort of 1,000 
patients. Medicine. 2003;82(5):299–308.

 48. Reinhold WC, Sunshine M, Liu H, Varma S, Kohn KW, Morris J, et al. Cell 
Miner: a web-based suite of genomic and pharmacologic tools to 
explore transcript and drug patterns in the NCI-60 cell line set. Can Res. 
2012;72(14):3499–511.

 49. Angioi A, Lepori N, López AC, Sethi S, Fervenza FC, Pani A. Treatment 
of primary membranous nephropathy: where are we now? J Nephrol. 
2018;31(4):489–502.

 50. Li KJ, Wu CH, Shen CY, Kuo YM, Yu CL, Hsieh SC. Membrane transfer from 
mononuclear cells to polymorphonuclear neutrophils transduces cell 



Page 18 of 18Li and Yang  BMC Medical Genomics          (2022) 15:162 

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

survival and activation signals in the recipient cells via anti-extrinsic 
apoptotic and MAP kinase signaling pathways. PLoS ONE. 2016;11(6): 
e0156262.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


	Identification of biomarkers related to neutrophils and two molecular subtypes of systemic lupus erythematosus
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Microarray data
	Screening of immune-related genes
	Single-sample gene set enrichment analysis to quantify the relative neutrophil abundance
	Weighted correlation network analysis
	Gene Ontology and Kyoto Encyclopedia of Genes and Genomes pathways
	Identification of SLE subtypes based on neutrophil gene sets
	Heatmap
	Assessment of immune cell infiltration in SLE
	Verification of immune correlation
	Correlation of multiple immune genes
	GSEA
	Drug sensitivity analysis

	Results
	ssGSEA and WGCNA quantified neutrophils
	Identification of two molecular subtypes of SLE based on neutrophil hub genes
	Results of immune cell infiltration
	Validation of immunological association
	Eight biomarkers had a synergistic effect in the SLE-induced immune response

	Clinical factors and immune-related genes
	GO and KEGG enrichment analyses
	GSEA based on SLE neutrophil subtype
	Drug prediction

	Discussion
	Conclusions
	Acknowledgements
	References


