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Introduction: Lupus nephritis (LN) is a common and severe complication of systemic lupus erythematosus (SLE). Ferroptosis is 
a form of iron-dependent cell death induced by lipid peroxidation. However, its specific role in LN remains unclear.
Methods: We utilized the GSE32591 obtained from the GEO database to identify differentially expressed genes (DEGs) and conduct 
enrichment analysis. Differentially expressed ferroptosis-related genes of LN (LNDE-FRGs) were derived by taking the intersection of 
DEGs and ferroptosis-related genes (FRGs). Three machine learning algorithms were applied to screen candidate key LNDE-FRGs. 
The expression of the key LNDE-FRGs was validated using external validation cohorts and clinical samples. The diagnostic value of 
the key LNDE-FRGs was then assessed by receiver operating characteristic curve (ROC) analysis. In addition, we investigated the 
correlation between the key genes and glomerular filtration rate (GFR), urinary protein and serum creatinine (Scr) in LN patients via 
the Nephroseq V5 database. Subsequently, we performed immune infiltrating cell analysis of LN kidney tissue using Cibersort. Finally, 
we validated the expression of the key gene CYBB by clinical samples and in vivo experiments.
Results: A total of 377 DEGs and 20 LNDE-FRGs were identified. Machine learning algorithms selected four candidate key LNDE- 
FRGs (CD44, CYBB, TCF4, and PARP12). However, only CYBB exhibited consistent expression trends in both the training and 
validation cohorts (P < 0.05). Immune infiltration analysis revealed that the expression levels of monocytes and M0 macrophages were 
significantly higher in the LN group than in the normal control group. In addition, there was a correlation between key genes and GFR, 
urinary protein and Scr. Finally, the expression level of CYBB was verified in lupus mice.
Conclusion: CYBB may be a ferroptosis-related biomarker in LN. This may provide new ideas for the clinical treatment and 
pathogenesis of LN.
Keywords: lupus nephritis, ferroptosis, CYBB, immune infiltration, bioinformatics, machine learning

Introduction
Lupus nephritis (LN) is one of the most common and severe complications of systemic lupus erythematosus (SLE). 
Approximately 50% of SLE patients develop LN, and about 10% progress to end-stage renal disease, which impacts 
patients’ daily lives and productivity, leading to anxiety, depression, and other psychological issues.1,2 Currently, the 
treatment of LN primarily involves immunoregulation and immunosuppression. However, existing drugs such as 
glucocorticoids, cyclophosphamide, and mycophenolate mofetil have notable toxic side effects, including cardiovascular 
risks, osteoporosis, and infections.3–5 Despite the emergence of new biologics such as belimumab, rituximab, and 
adalimumab offering hope for patients with refractory lupus, their high costs and uncertainty regarding long-term 
efficacy limit their widespread clinical application. Therefore, there is a need for better treatment strategies. So, exploring 
and refining the pathogenesis of LN and identifying new candidate targets for its treatment has become a hot topic in 
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current research. Bioinformatics and machine learning (ML) techniques have shown promise in improving the precision 
of disease diagnosis and treatment by analyzing complex biological data and uncovering valuable genetic patterns.6

Ferroptosis is a novel form of cell death distinct from traditional programmed cell death, first proposed by Dixon et al 
in 2012. It is characterized by disturbances in iron metabolism, lipid peroxidation, and inhibition of the antioxidant 
system.7,8 There is increasing evidence suggests that ferroptosis is involved in various systemic diseases, including 
neurological disorders, myocardial ischemia/reperfusion injury, intestinal diseases, and tumors.9–12 Recent studies have 
shown that ferroptosis is associated with various kidney diseases, including acute kidney injury,13 renal tumors,14 and 
autosomal dominant polycystic kidney disease.15 The main phenomena characterizing ferroptosis (lipid peroxidation, 
disturbances in iron metabolism, etc) can be observed in patients with SLE and positively correlate with disease activity 
in SLE.16–21 Furthermore, major biochemical phenomena associated with ferroptosis, such as iron accumulation, 
significant reactive oxygen species (ROS) production, and glutathione peroxidase 4 (GPX4) depletion, have also been 
found in the kidneys of lupus nephritis mice models.22–24 The use of ferroptosis inhibitors can reduce the infiltration of 
immune cells in the kidneys, decrease the production of autoantibodies and inflammatory cytokines, and improve 
proteinuria symptoms in LN mice.22,25,26 Conversely, excessive infusion of iron-containing fluids or consumption of 
high-iron foods may trigger lupus.27,28 Existing evidence suggests that ferroptosis is related to the occurrence and 
development of LN, and regulating ferroptosis may be a potential therapeutic target for LN. However, there is currently 
limited research on ferroptosis-related genes in LN, and the regulatory mechanisms of ferroptosis in LN remain unclear.

In this study, we utilized bioinformatics methods to gain gene expression matrix of LN patients’ glomerular tissues 
from the GEO database. We performed differential expression analysis, functional enrichment analysis and constructed 
a protein-protein interaction network to get LNDE-FRGs. Three machine learning algorithms were employed in the study 
to identify candidate key LNDE-FRGs. The expression of the candidate key LNDE-FRGs was validated in two external 
datasets, and ultimately a key LNDE-FRG (CYBB) was identified. The diagnostic value of key LNDE-FRGs was 
evaluated by ROC analysis. The correlation between CYBB and clinical traits of LN was analyzed through the 
Nephroseq V5 database. Glomerular immune infiltration in LN and normal controls was quantified using the Cibersort 
algorithm based on gene expression profiling. In addition, the expression of CYBB was validated based on clinical renal 
tissue paraffin samples and animal models. The primary goal of these analyses is to provide new insights that could help 
in the prevention and treatment of LN.

Materials and Methods
Data Acquisition
Data from the GEO database (https://www.ncbi.nlm.nih.gov/geo/),29 including the GSE32591,30 GSE11334231 and 
GSE20030632 datasets, were downloaded. The GSE32591 is based on the GPL14663 platform and comprises 93 samples 
consisting of 32 LN glomerular tissues, 32 LN tubular tissues, 14 normal glomerular tissues, and 15 normal tubular 
tissues. A total of 46 glomerular samples were used in this study. The GSE113342 is based on the GPL21847 platform 
and contains 6 normal glomerular tissues, 14 LN first biopsies and 14 LN repeated biopsies of glomerular tissue. We 
selected 14 LN first biopsies and 6 normal glomerular tissues. The GSE200306 is based on the GPL21847 platform and 
includes 53 kidney tissue samples, of which 34 are LN kidney tissues and 19 are normal tissues. All kidney tissue 
samples were included in this study. Among them, GSE32591 was served as the training set and the other two as the 
validation set. We defined LN glomerular tissue as the LN group and normal glomerular tissue as the NC group. Details 
of the datasets included in this study are displayed in Table 1.

Table 1 Details of the Datasets Included in This Study

Dataset Platform Species Tissue Number of Cases and Controls Type of Cohorts

GSE32591 GPL14663 Homo sapiens Glomerular tissues 32 LN/14 NC Training
GSE113342 GPL21847 14 LN/6 NC Validating

GSE200306 GPL21847 34 LN/19 NC Validating
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Identification of DEGs
The microarray data of the GSE32591 was processed for residual value complementation, background correction and 
normalization with “limma” package.33 DEGs were acquired through setting the screening conditions of adjusted P < 
0.05 and |log2FC| > 0.585. The genes with adjusted P < 0.05 and log2FC > 0.585 were defined as significantly up- 
regulated genes, and the genes with adjusted P < 0.05 and log2FC < −0.585 were categorized as significantly down- 
regulated genes.

Enrichment Analysis of DEGs
Gene Ontology (GO) and Kyoto Encyclopedia of Genomes (KEGG) enrichment analysis were conducted on DEGs using 
the “clusterProfiler” package.34 Significant biological processes (BP), cellular components (CC), molecular functions 
(MF), and signaling pathways associated with DEGs were identified. The P < 0.05 was deemed to be statistical 
significance.

Protein-Protein Interaction (PPI) Network Construction
The DEGs were uploaded to the STRING database (https://string-db.org/)35 to construct a PPI network. Protein junctions 
were set to have a minimum interaction score of 0.4. Cytoscape (version 3.9.1)36 was used to visualize the PPI networks. 
The molecular complex detection (MCODE) (version 2.0.3) plugin was applied to find the most important clusters.37 The 
setup parameters for the MCODE plugin in this study are MCODE score > 5, Degree Criticality = 2, Node Score 
Criticality = 0.2, Maximum Depth = 100, k-score = 2.

Identification of LNDE-FRGs
The FRGs were gained from the ferroptosis-related database FerrDb V2 (http://www.zhounan.org/ferrdb/).38 A total of 
834 FRGs were downloaded for subsequent analysis. The overlapping genes of DEGs and FRGs were known as 
LNDE-FRGs. Meanwhile, a heatmap was used to display the distribution of LNDE-FRGs in the LN group and NC 
group.

Identification of Candidate Key LNDE-FRGs
The least absolute shrinkage and selection operator (LASSO) is a widely-used machine learning algorithm for fitting 
generalized linear models. It is well-known for its dual capability of variable selection and complexity regularization. 
LASSO regression employs the parameter λ to regulate the model’s complexity.39 When λ is increased, a greater 
penalty is applied to linear models with many variables, which reduces the number of selected genes. This results in 
a more streamlined and representative set of key genes in the outcomes. In this study, LASSO regression analysis of 
LNDE-FRGs was performed using the “glmnet” package for R.40 Random Forest (RF) is a machine learning technique 
that is implemented using the “randomforest” package for R.41 Characteristic importance scores for each gene were 
determined by random forest and the genes with the top 10 importance values were selected. Support vector machine- 
recursive feature elimination (SVM-RFE) is a machine learning method commonly-used to screen feature genes. The 
model is trained with samples, and each feature is ranked in terms of score, after which the optimal combination of 
features is selected using the recursive feature elimination algorithm in a step-by-step iterative manner.42 The 
intersecting genes of the three machine learning algorithms were extracted as candidate ferroptosis genes through 
the “VennDiagram” package of R.

Validation of the Key LNDE-FRGs
To check the accuracy of the candidate key LNDE-FRGs screened by machine learning, box plots were used to show the 
distribution and expression of the candidate key LNDE-FRGs in the training and validation cohorts. ROC analysis of key 
genes using the “pROC” package.43 The diagnostic value of key genes was also evaluated by area under the ROC 
curve (AUC).
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Correlation Analysis of Key LNDE-FRGs with Clinical Traits of LN
The key LNDE-FRGs were uploaded to the NephroSeq V5 database (http://v5.nephroseq.org)44 for analysis and 
validation. In addition, the correlation of the key genes with GFR, proteinuria and Scr levels in LN was analyzed.

Analysis of Immune Cell Infiltration
Cibersort (https://cibersortx.stanford.edu/)45 was performed to compute scores for 22 immune infiltrating cell types in LN 
and healthy control glomerular samples, repeated 1000 times. In addition, Pearson correlation analysis was performed to 
determine the correlation between the key LNDE-FRGs and the immune infiltrating cells, and the significance level was 
set at P < 0.05 with a Pearson correlation coefficient (r) > 0.35, indicating that there is a correlation between them.

Renal Tissue Section Experiments
Collection of Renal Tissue Sections
In order to ensure that LN patients were suitable, the exclusion criteria for this study were having diabetes, hepatitis, 
cirrhosis, or IgA nephropathy. Thirty patients diagnosed with LN by renal biopsy in the Department of Rheumatology of 
the Second Affiliated Hospital of Fujian Medical University from January 2023 to January 2024 were recruited with the 
consent of the patients or guardians. In addition, paraffin sections from 5 cm adjacent to the cancerous tissues of kidney 
cancer patients were collected from the Department of Pathology of the Second Affiliated Hospital of Fujian Medical 
University as control samples (NC group).

Immunohistochemical (IHC) Staining
Paraffin sections were first deparaffinized and hydrated. Next, thermal repair of antigens was performed to expose 
potential antigenic sites. Subsequently, non-specific binding sites on the surface of the sections were closed using 
a sealing solution. The specific primary antibodies (CYBB, 1:1000, 19013-1-AP, Proteintech; ACSL4, 1:500, 22401- 
1-AP, Proteintech; GPX4, 1:500, 30388-1-AP, Proteintech) were then added to bind to the target antigen, followed by the 
secondary antibody with HRP labeling. Finally, the slices were re-stained with hematoxylin and sealed with neutral gum. 
The results were observed under a microscope and photographed to record the results.

Animal Experimentation
Animal Selection
Four-week-old female C57BL/6 and MRL/lpr mice were purchased from Fuzhou Wu Laboratory Animal Co. Female 
MRL/lpr mice were selected as the spontaneous lupus mouse model, and female C57BL/6 mouse of the same age were 
used as the normal control.

Sample Acquisition
The mice were sacrificed at 16th week. Kidney and blood samples were obtained from mice under anesthesia. The kidneys 
were immediately removed, the envelope was quickly removed, one kidney was cut longitudinally, 1/2 kidney was fixed with 
4% paraformaldehyde and embedded with OCT, respectively, and the other kidney was separated from the renal cortex and 
placed in a tissue freezing tube, quick-frozen with liquid nitrogen and then stored in the refrigerator at −80°C for subsequent 
extraction of renal cortical RNA and protein. Meanwhile, spleen index and perirenal lymph node index were weighed and 
calculated for each mouse. The mice were executed by intravenous injection of amobarbital at the end of the experiment.

Detection of Urinary Protein and Anti-dsDNA Antibody
Urine protein concentration was determined according to the instructions of the Bradford Protein Concentration Assay 
Kit (Beyotime, China), and mouse 24h urine protein was calculated in conjunction with mouse 24h urine volume. Mouse 
anti-dsDNA ELISA kit (Fujifilm, Japan) was utilized to detect anti-dsDNA antibody levels.

Periodic acid-Schiff (PAS) Staining
The sections to be stained are deparaffinized with xylene for 5–10 min. Dehydrate in different concentrations of alcohol 
for 3–5 min and then rinse in distilled water for 3 min. Next, the sections were stained with 1% periodate in Schiff’s 
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solution protected from light for 20 min and washed with distilled water. The nuclei were restained by adding 
hematoxylin staining solution for 5 min, dehydrated again in ethanol and placed in xylene for 5 min. The staining was 
observed under the microscope after sealing with neutral gel.

Immunofluorescence (IF) Staining
Paraffin sections of mice kidney were deparaffinized and hydrated in ethanol and washed three times in PBS solution 
after addition of hydrogen peroxide. Subsequently antigen repair was performed and washed again with PBS solution. C3 
antibody (ab97462, Abcam) or IgG antibody (ab172730, Abcam) was added and incubated overnight at 4°C. PBS was 
washed again and secondary antibody was added and incubated for 30 min at 37°C. PBS was washed 3 times and dye 
was added and incubated at room temperature for 10 min. PBS was washed 3 times, PBS was removed and the sections 
were viewed under a microscope and anti-fluorescence quenching sealer was added.

The Detection of Malondialdehyde (MDA), ROS and Glutathione (GSH)
As mentioned earlier, lipid peroxidation generating excess ROS as well as consuming more glutathione (GSH) is an 
important biochemical feature of ferroptosis. MDA (S0131S, Bryotime, Shanghai, China), GSH (A006-2-1, Jiancheng 
Bioengineering Institute, Nanjing, China) and ROS (S0033S, Bryotime, Shanghai, China) test kits were detected MDA, 
GSH and ROS levels in tissues. Operating according to the manufacturer’s instructions.

Real-Time Quantitative Reverse Transcription Polymerase Chain Reaction (RT-qPCR)
The RNA extraction kit (R0027) was purchased from Bryotime (Shanghai, China). Reverse transcription reagents were 
purchased from Takara (Japan). Follow the appropriate instructions to extract cDNA. Finally, ABI PRISM 7500 PCR 
instrument (AppliedBiosystems, United States of America) was used to amplify the target gene. The primers for the 
genes involved in this study are shown in Table 2.

Western Blotting
Western blotting was used to detect the expression of β-actin (1:10000, 20536-1-AP, Proteintech, China), CYBB (1:5000, 
19013-1-AP, Proteintech, China), ACSL4 (1:10000, 22401-1-AP, Proteintech, China) and GPX4 (1:1000, 30388-1-AP, 
Proteintech, China) in mouse kidney. Briefly, equal amounts of renal cortical fragments and protein samples were 
separated by sodium dodecyl sulfate-polyacrylamide gel electrophoresis (SDS-PAGE). After being closed with 5% 
skimmed milk powder for 2 h, the membrane was incubated with the corresponding primary antibody overnight at 4°C in 
a refrigerator. After washing the next day, the membranes were incubated with HRP-containing IgG (H+L) (1:10,000, 
SA00001-2, Proteintech, China) for 1 h at room temperature. Finally, positive bands were developed using the BeyoECL 
Plus color development kit and analyzed using an ImageQuant LAS4000mini imager.

Ethics Statement
The study was approved by the Ethics Committee of the Second Affiliated Hospital of Fujian Medical University under 
the ethical approval number [2024 (082)] and followed the Declaration of Helsinki. The patient and their family signed 
the consent form. The animal study protocol was approved by the Institutional Animal Care and Use Committee of 
Fujian Medical University and followed the standards of the National Institutes of Health Guide for the Care and Use of 
Laboratory Animals (SYSU-IACUC-2022-001210).

Table 2 The Primers for the Genes Involved in This Study

Gene symbol Forward Primer Reverse Primer

B-actin CATTGCTGACAGGATGCAGAAGG TGCTGGAAGGTGGACAGTGAGG

CYBB TGTGGTTGGGGCTGAATGTC CTGAGAAAGGAGAGCAGATTTCG
GPX4 CCTCTGCTGCAAGAGCCTCCC CTTATCCAGGCAGACCATGTGC

ACSL4 CCTTTGGCTCATGTGCTGGAAC GCCATAAGTGTGGGTTTCAGTAC
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Statistical Analysis
All analyses were conducted using R software (version 4.3.3) and GraphPad Prism (version 10.1.2). The Student’s t-test 
was used to compare differences in gene expression between the different groups. Pearson analysis was utilized to 
explore the correlation between core genes and immune infiltrating cells, and P < 0.05 was deemed statistically 
significant. A flowchart of the study is presented in Figure 1. Supplementary Table 1 displays the abbreviations of this 
study.

Results
Preprocessing for the Training Set
The median gene expression of individual samples in the training set GSE32591 was mixed before treatment and 
remained consistent after treatment, suggesting that potential batch effects were greatly mitigated, thus facilitating 
subsequent studies (Supplementary Figure 1).

Identification and Enrichment Analysis of DEGs
A total of 377 DEGs were screened, including 257 up-regulated and 120 down-regulated genes (Figure 2A and B). DEGs 
were detailed in Supplementary Table 2. GO enrichment of DEGs displayed that DEGs were mainly participated in 
biological processes (BP) such as type I interferon signaling pathway, neutrophil activation involved in immune response, 
positive regulation of cytokine production, and so on. In terms of cellular component (CC), DEGs were mainly enriched 
in collagen-containing extracellular matrix, vesicle lumen, membrane raft. DEGs mainly play a role in molecular 
functions (MF) such as extracellular matrix structural constituent, cytokine binding, and immune receptor activity 

Figure 1 Flowchart of this study. The red font “CYBB” is the key ferroptosis-related gene in lupus nephritis in this study.
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Figure 2 Identification of DEGs in LN and enrichment analysis. (A) The volcano plot displayed the DEGs. Red represents upregulated genes, while blue represents 
downregulated genes. (B) The heatmap showed the distribution of DEGs in LN and NC groups. (C) Bar plot of GO enrichment analysis. (D) Bubble plot of GO enrichment 
analysis. (E) Bar plot of KEGG enrichment analysis. (F) Bubble plot of KEGG enrichment analysis.
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(Figure 2C and D). KEGG enrichment revealed that DEGs may be engaged in phagosome, natural killer cell mediated 
cytotoxicity, lipid and atherosclerosis, NOD-like receptor signaling pathway, chemokine signaling pathway, systemic 
lupus erythematosus (SLE) and leukocyte transendothelial migration (Figure 2E and F). The phagosome signaling 
pathway with the most significant enrichment was selected for display (Supplementary Figure 2).

Protein Interaction Network Connections and Identification of LNDE-FRGs
The PPI network constructed by uploading 377 DEGs to the STRING database was visualized using Cytoscape software. 
After removing isolated points, we got a PPI network consisting of 342 nodes and 2737 edges (Supplementary 
Figure 3A). The key module network acquired through the MCODE plug-in was an interactive network of 31 nodes 
and 284 edges (Supplementary Figure 3B), suggesting that these DEGs are closely related and their products are engaged 
in the same biological process. Then venn plot was derived for 20 LNDE-FRGs (Figure 3A). The heatmap displayed that 
there was a significant difference in the expression of the 20 LNDE-FRGs in the LN group and NC group (Figure 3B).

Identification of Candidate Key LNDE-FRGs
Three machine learning methods were implemented to select candidate key LNDE-FRGs from 20 LNDE-FRGs. The 
LASSO regression screened six genes, CD44, CYBB, MICU1, PARP12, PLTP, and TCF4 (Figure 3C and D). The top 10 
genes ranked by Random Forest in terms of importance for LNDE-FRGs were PARP12, TCF4, CD44, BID, EZH2, 
CYBB, IR7, GCH1, TIGAR, and RRM2 (Figure 3E). While the SVM-RFE algorithm yielded a total of 13 genes 
(Figure 3F). Their crossover genes (CD44, CYBB, TCF4 and PARP12) are the candidate key LNDE-FRGs 
(Figure 3G). The key genes generated by each algorithm are listed in Table 3. In addition, Supplementary Table 3 
demonstrates the functions of the candidate key genes.

Identification and Evaluation of Key LNDE-FRGs
In order to test the accuracy of the candidate key LNDE-FRGs screened by machine learning, box plots were used to 
show the distribution and expression of the candidate key genes in the training and validation sets. We found that among 
the four candidate key genes, only CYBB showed the same expression trend in the training and validation sets with P < 
0.05, so we finally identified CYBB as a key LNDE-FRG (Figure 3H–J). Interestingly, we observed that CYBB expression 
was elevated in all three LN-related datasets. ROC analysis was employed to evaluate the diagnostic value of CYBB for 
LN. The results showed that the AUC of CYBB in GSE32591 = 0.946. In GSE113342, the AUC = 1. While in 
GSE200306, the AUC = 0.688 (Figure 3K). In summary, CYBB offered a good value in predicting LN.

Immune Infiltration Cell Analysis
LN, as a typical autoimmune disease, inflammation and immune response play an essential role in its pathophysiologic 
process. In this study, immune cell infiltration in LN was analyzed through the CIBERSORT website. As shown in 
Figure 4A and B, we observed that these glomerular tissue samples had the highest levels and relative proportions of 
monocytes, followed by macrophages. And the level of monocyte infiltration was found to be significantly higher in LN 
than in NC. Then we further analyzed the correlation between immune cells in glomerular tissues of LN (Figure 5A). The 
differences in immune cell infiltration in LN and NC were also further compared by box plots. Analysis of differences 
revealed significant differences in immune cell infiltration in glomerular tissue between LN and NC groups (Figure 5B). 
Specifically, monocytes (P < 0.001), activated NK cells (P < 0.01), and M0 macrophages (P < 0.01) were significantly 
increased in LN patients; whereas in NC, naive B cells (P < 0.01), memory B cells (P < 0.05), resting CD4+ memory 
T cells (P < 0.01), follicular helper T cells (P < 0.0001), regulatory T cells (P < 0.001), resting NK cells (P < 0.0001), 
resting dendritic cells (P < 0.001), and neutrophils (P < 0.01) were significantly increased. These results suggested that 
myeloid cells, including monocytes and M0 macrophages, are the major infiltrating immune cells in the glomeruli of 
lupus nephritis. These cells may play an important function in the pathogenesis of LN.46–48

Finally, analysis of glomerular immune cell infiltration revealed an association between the CYBB and specific 
immune cells. Pearson correlation analysis showed that CYBB became positively correlated with M0 macrophages 
(P < 0.01) and monocytes (P < 0.05) and negatively correlated with resting CD4+ memory T cells (P < 0.001), resting 
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Figure 3 Acquisition of key FRGs in LN. (A) Venn plot of DEGs and FRGs. Red represents up-regulated DEGs and blue represents down-regulated DEGs. (B) Expression of 
DE-FRGs in LN and NC groups. The green box is the key ferroptosis-related genes of this study. (C) Path diagram of LASSO regression coefficients for DE-FRGs in the 
training set. (D) LASSO regression cross-validation curves. A 10-fold cross-validation was used in the training set to determine the optimal λ value. (E) The lollipop plot 
illustrates the relative importance of genes in the random forest model in the training set. (F) SVM-RFEs algorithm to screen feature genes. (G) Venn diagram shows 
candidate key genes. (H) Expression levels of candidate key genes in the training set. (I–J) Expression levels of candidate key genes in the validation sets. (K) ROC curves 
plotted based on CYBB gene expression profiles in the training and validation sets. Noted: * P<0.05, *** P<0.001, **** P<0.0001, ns P>0.05.
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dendritic cells (P < 0.05), regulatory T cells (P < 0.05) and memory B cells into (P < 0.05) negative correlation 
(Figure 5C).

Clinical Sample Validation and Clinical Traits Correlation Analysis
In the NephroSeq V5 database, we observed that the expression level of CYBB was significantly higher in LN group than 
in NC group (P < 0.0001) (Figure 6A). Further correlation analysis of clinical traits revealed that CYBB was negatively 

Table 3 The Results of Three Machine Learning Algorithms

Machine learning Count Gene symbol Intersection Genes

LASSO 6 CD44, CYBB, MICU1, PARP12, PLTP, TCF4 CD44 
CYBB 
TCF4 

PARP12

RF 10 TCF4, PARP12, BID, CD44, CYBB, IR7, EZH2, GCH1, TIGAR, ARG2
SVM-RFE 13 TCF4, PARP12, CD44, EZH2, BID, PLTP, TIGAR, CYBB, MICU1, GCH1, ARG2, RRM2, IRF7

A

B
Dendritic_cells_resting
T_cells_regulatory_(Tregs)
B_cells_naive
T_cells_follicular_helper
Neutrophils
T_cells_CD4_memory_activated
NK_cells_resting
Dendritic_cells_activated
Eosinophils
T_cells_CD4_naive
Mast_cells_resting
T_cells_gamma_delta
Macrophages_M0
NK_cells_activated
B_cells_memory
T_cells_CD4_memory_resting
T_cells_CD8
Macrophages_M1
Mast_cells_activated
Plasma_cells
Macrophages_M2
Monocytes

Group Group
LN
NC

0

0.1

0.2

0.3

0.4

0.5

Figure 4 Analysis of immune cell infiltration in LN. (A) Relative percentage of immune cell subpopulations in 46 glomerular samples. (B) Heatmap of immune cell content in 
46 samples.
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Figure 5 Analysis of immune cell infiltration in LN. (A) Correlation between immune cells in 22 in LN glomerular tissue. (B) Differential analysis of immune infiltrating cells 
between LN and NC. (C) Pearson correlation analysis of CYBB with immune infiltrating cells. Red text coloring represents P<0.05. Noted: * P<0.05, ** P<0.01, *** P<0.001, 
**** P<0.0001.
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correlated with GFR (R = −0.63, P = 0.00022) (Figure 6B), and positively correlated with proteinuria (R = 0.52, P = 
0.0048) and Scr levels (R = 0.6, P = 0.00039) (Figure 6C and D). It is further implied that CYBB may promote the 
development of LN. We found that the protein expression level of ACSL4 (a key driver gene for ferroptosis)49 was 
significantly higher in renal tissues of LN patients compared with NC group (Figure 6E and H). In contrast, the protein 
expression level of GPX4 (a key protective gene for ferroptosis)50 was significantly lower in the renal tissues of LN 
patients compared with the NC group (Figure 6F and H). As a result of our bioinformatics analysis, the expression level 
of CYBB in LN kidney tissues was significantly higher than that of the NC group (Figure 6G and H).

The Animal Experiments Verified the Overactivation of Ferroptosis in LN and the 
Expression of CYBB
We observed that 24h urine protein, splenic index, perinephric lymph node index and anti-dsDNA antibody were 
significantly higher in lpr group compared with control group (Figure 7A–D). Through PAS staining, diffuse proliferation 
of glomerular mesangial cells, infiltration of inflammatory cells, and formation of renal interstitial fibers in severe cases 
could be seen in lpr group (Figure 7E). IF stainings revealed massive deposition of glomerular C3 and IgG in the lpr 
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Figure 6 Clinical correlation analysis and clinical samples to validate the expression of CYBB and key genes for ferroptosis (ACSL4 and GPX4). (A) Expression of CYBB in the 
Nephroseq database. (B–D) Correlation analysis of CYBB with GFR, proteinuria and Scr in LN. (E–G) IHC staining of ACSL4, GPX4 and CYBB in kidney sections. (H) The 
percentage of positive area in IHC staining. Noted: **** P<0.0001.
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group (Figure 7F). These favorably illustrate the successful construction of lupus mice model. MDA and ROS levels 
were significantly higher in the lpr group compared to those in the control group, whereas the opposite was true for GSH 
levels, implying that stronger lipid peroxidation occurred in lupus mice (Figure 7G). In order to validate our bioinfor
matics analysis results, we examined the expression levels of ACSL4 and GPX4 by Western blotting and RT-qPCR. We 
found that the expression levels of ACSL4 and CYBB were significantly higher in lpr group than in control group, 
whereas the expression level of GPX4 was significantly lower than in control group (Figure 7H–J). The above results 
revealed high CYBB expression and hyperactivation of ferroptosis in lupus mice.

Discussion
Ferroptosis is a form of programmed cell death that is dependent on iron ion catalysis and is triggered by the accumulation of lipid 
peroxides.7 In recent years, iron death has been shown to play an important role in the development of a variety of diseases, 
including renal diseases and autoimmune diseases.51 LN is one of the main manifestations of the severity of the disease in SLE. 
A growing body of research suggests that ferroptosis may be involved in the pathogenesis of LN, especially playing a key role in 
pro-inflammatory responses and cellular damage.52 Therefore, in-depth exploration of ferroptosis-related genes and their 
regulatory mechanisms can help to reveal the pathological process of lupus nephritis and provide new targets for clinical 

Figure 7 Animal experiments to validate the ferroptosis and CYBB expression. (A–D) The 24h urinary proteins, spleen index and perirenal lymph node index in mice of 
both groups. (E) The PAS staining in mice of both groups. (F) IF staining of C3 and IgG, and mean fluorescence intensity in both groups of mice. (G) The MDA, ROS and GSH 
in mice of both groups. (H–J) The mRNA and protein expression levels of ACSL4, CYBB and GPX4 in both groups of mice. The grouping of blots from different gels, fields. 
Noted: ** P<0.01, *** P<0.001, **** P<0.0001.
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treatment. The results obtained in this study are highly consistent with the existing research data and further validate the important 
role of ferroptosis in lupus nephritis.

In this study, 377 DEGs of LN were screened at the transcriptome level. These DEGs were functionally annotated and 
analyzed for pathway enrichment, and PPI networks were constructed. Then four candidate key LNDE-FRGs, CD44, CYBB, 
TCF4 and PARP12, were gained by three machine learning algorithms. The expression of CYBB was subsequently validated in 
two LN-related external datasets. The ROC analysis revealed that CYBB has a good diagnostic performance for LN. The 
NephronSeq V5 database also demonstrated a significant correlation between CYBB and clinical traits of LN. Subsequently, we 
explored the immune microenvironmental changes in LN kidneys. The correlation between CYBB and immune infiltration cells 
was analyzed. Eventually, clinical kidney tissue and animal experiments were further validated.

GO functional annotation displayed that these DEGs were mainly involved in the type I interferon signaling pathway and in 
the immune response involving neutrophil activation. Loss of tolerance to nucleic acids, blood interferons, and neutrophil 
characteristics are the three main features of SLE.53 Free nucleic acids in LN patients are considered to be potent activators of type 
I interferons, and they can be recognized by intracellular nucleic acid sensors and activate the type I interferon signaling pathway 
thereby promoting the release of autoantibodies and inflammatory factors that exacerbate renal inflammation and injury.54–56 

Some studies have shown a progressive enrichment of neutrophil transcripts in SLE patients during progression to active LN, 
demonstrating that neutrophils play a key role in the immune dysregulation that triggers organ damage.53 KEGG pathway analysis 
showed the most pronounced enrichment of DEGs phagosomes and natural killer cell-mediated cytotoxicity pathways. Myeloid 
phagocytes form phagosomes when stimulated by external microorganisms, resulting in the production of excessive inflammatory 
cytokines and the initiation of respiratory bursts to generate large amounts of ROS,57 all of which may enhance renal inflammation 
and aggravate renal injury in LN. There is increasing evidence that NK cells also play a role in autoimmune diseases. NK cells 
have been found to aggregate in the glomerular region of LN and single-cell RNA sequencing of human LN renal tissues identified 
two populations of NK cells,46,58 but the specific pathogenic role of NK cells in LN has not yet been reported.

The CYBB encodes the cytochrome b-245β chain, known as NADPH oxidase 2 (NOX2). In epithelial ovarian cancer, CYBB 
generates reactive oxygen species (ROS) by proton transfer, thereby contributing to the process of ferroptosis.59 Previous studies 
have shown that inhibiting of ROS overproduction in lupus mice attenuates renal fibrosis.21,60 Xu et al found CYBB upregulation 
and GPX4 downregulation in pre-eclamptic placental tissue. Meanwhile, knockdown of CYBB in trophoblast cells revealed 
reduced levels of ROS and lipid peroxidation, and restored GPX4 expression.61 Variations in neutrophil cytoplasmic factor, an 
essential subunit of CYBB, promote auto-antibodies production and kidney injury in mice and SLE patients.62 Therefore, whether 
CYBB is involved in LN pathogenesis by activating ferroptosis through the generation of ROS? It deserves further investigation, 
and no relevant reports have been seen yet. CYBB has also been previously reported to be one of the ferroptosis-related genes in 
LN, but it has not been verified by animal experiments.63 The findings of the present study are consistent with the previous ones 
and its expression was verified in lupus mice, suggesting that regulation of CYBB expression may be a potential target for the 
treatment of LN.

Immune cell infiltration is a hallmark of LN. Researches have suggested that certain oxidative substances involved in iron 
metabolism can enhance the activation of inflammatory transcription factors induced by proteins and autoantibodies, leading to the 
production of cytokines, chemokines, and increased immune cell infiltration.64 Abnormal immune cells such as CD4+ T cells, 
macrophages, and dendritic cells play a role in the pathogenic mechanisms of systemic lupus erythematosus (SLE). These cells are 
recruited to kidney tissues where they release pro-inflammatory cytokines and chemokines, contributing to increased immune cell 
infiltration and tissue damage in patients with LN.65 CYBB expression was found to be up-regulated in LN glomerular samples in this 
study and was positively correlated with M0 macrophages. This correlation implies that CYBB may contribute to LN progression by 
increasing macrophage infiltration through ferroptosis. Studies on SLE have revealed that plasmacytoid dendritic cells (pDCs) 
activated by oxidized mitochondrial DNA induce the generation of a subset of CD4+ memory T cells. These T cells have a unique 
metabolic profile promotes ROS accumulation and of succinate secretion.66 However, in our study, the expression of CD4+ memory 
T cells in LN glomerular samples was lower than that in healthy controls. Hence, the specific relationship between CYBB, CD4+ 

memory T cells, and LN need further investigation. Furthermore, the inability of dendritic cells to effectively clear dead cells has been 
suggested a pathogenic mechanism in LN. Self-antigens carried by cells that are not cleared are part of the immune complexes 
deposited in the kidneys.67 CYBB was negatively correlated with resting dendritic cells, suggesting that the ability to clear self- 
antigens might be reduced and thus involved in the pathogenesis of LN. This suggest that CYBB is a reliable biomarker of LN.
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GPX4 specifically scavenges lipid peroxides and is an important negative regulator of ferroptosis.50 ACSL4 is a key enzyme in 
the lipid peroxidation process, which is critical for the onset of ferroptosis.49 To explore whether ferroptosis occurs in lupus mice, 
we tested both of these factors in lupus mice. As in our analysis, GPX4 expression levels were reduced, while ACSL4 and CYBB 
expression levels were increased. In addition, we detected elevated levels of the lipid peroxide indicators MDA and ROS in lupus 
mice. This strongly suggests that CYBB may be involved in the pathogenesis of LN by promoting the occurrence of ferroptosis.

Of course, our study has limitations. Firstly, our data were sourced from the GEO public database, which involves 
secondary mining and analysis of previously published data. This could have introduced bias into the results. Secondly, 
the number of samples included in our study was relatively small, which may have increased the likelihood of false 
positives. Lastly, our results are based on bioinformatic methods. Therefore, further experiments are required to explore 
the expression levels of CYBB mediated pathway proteins and the effects of regulating CYBB expression on ferroptosis.

Conclusion
In summary, CYBB expression was elevated in LN. In addition, CYBB was associated with immune cell infiltration in 
LN, suggesting its role in the immune microenvironment. In general, our study implied that CYBB may be a good 
ferroptosis-related biomarker for LN.
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