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Introduction: Cell-free DNA (cfDNA) has emerged as a promising non-invasive
biomarker in precision medicine and is increasingly recognized as relevant to
relevance in systemic lupus erythematosus (SLE), where elevated plasma cfDNA
levels have been consistently observed. However, the cfDNA methylation pattern
in SLE is unclear.

Methods: Differentially expressed genes (DEGs) and differentially methylated
probes (DMPs) related to SLE were obtained from the Gene Expression
Omnibus (GEO) database. Through multi-omics approaches, the immune
microenvironment in renal tissues, whole blood, and peripheral blood
mononuclear cells from SLE patients was integrated and analyzed. Applying
whole-genome bisul te sequencing technique, we evaluated the epigenomic
features of plasma cfDNA methylation in patients with lupus nephritis (LN). The
neural network deep-learning approach was employed to construct a cfDNA-
based lupus methylation diagnostic model, which was subsequently validated in
two independent cohorts. Finally, the hub genes of the model were screened as
potential biomarkers for clinical application in LN patients.

Results: This study found that SLE occurred in abnormal immune
microenvironments in multiple sample types, including renal tissue, whole
blood, peripheral blood mononuclear cells, and plasma cfDNA, accompanied
by abnormal activation of the interferon-related signaling pathway and antiviral
response. CIDNA methylation levels were reduced in patients with LN compared
to healthy controls, particularly at gene promoter regions. By integrating 13
datasets associated with SLE, and combining them with cfDNA methylation
sequencing data, we have screened 163 conserved dysfunctional methylated
regions that are related to SLE. The model constructed based on the identi ed
differentially methylated regions demonstrated excellent diagnostic
performance for SLE with an area under the curve (AUC) of 0.987, 0.84 in
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GSE82218 and GSE96879, respectively. Moreover, the model scores differed
signi cantly across disease activity levels (Normal vs. SLE, p<0.0001; low vs. high
activity, p<0.01), indicating its potential utility in distinguishing disease states and
assessing disease severity.

Discussion: Multi-omics analyses indicate that frequently aberrant methylation
sites are correlated with immune-related pathways, disease onset and
progression. The analysis of cfDNA methylation pro les can serve as a
diagnostic tool for distinguishing disease states and assessing disease severity

in SLE.
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1 Introduction

Systemic lupus erythematosus (SLE) is an autoimmune disorder
(1) that could be accompanied by severe complications, such as
renal function damage, lupus encephalopathy, and immune
thrombocytopenia. Early diagnosis is essential to improve the
prognosis (2).

Although several independent small-scale studies have
investigated RNA sequencing, gene expression pro ling, and
methylation microarrays in patients with SLE, these studies
demonstrate limited accuracy and reliability (3-5). Multi-omics
approaches have achieved substantial progress in oncology, while
research integrating diverse sample types and multi-omic analyses
in SLE remains limited. With technological progress, the
comprehensive analysis based on genome-wide DNA methylation
sequencing has expanded the scope of genomic research (6).
Methylation level is a dynamic variable that is potentially
reversible, which renders it a promising target for both diagnosis
and treatment (7). The release of epigenetic information concerning
abnormal cells in SLE lesions into the plasma could be detected
using liquid biopsy methods, facilitating the diagnosis and
monitoring of disease activity. With the recent in-depth study of
methylation and SLE, the related mechanism has been gradually
clari ed. Previous study revealed signi cant low methylation of
interferon (IFN) regulatory genes, including IFI44L, PARP9, and
IFITM1 in the CD4+ T cells, B cell, granulocytes and monocytes of
patients with SLE (8, 9). Therefore, DNA methylation pattern has
profound potential as a biomarker for disease screening and
monitoring. Moreover, the related research on plasma cell-free
DNA (cfDNA) provides a novel perspective.

CfDNA is the most prevalent analyte in liquid biopsies and
represents a highly promising non-invasive biomarker (10). Over
the past decade, cfDNA has emerged as a promising biomarker in
oncology due to its short half-life and dynamic quantitative
changes. A recent cohort study of 350 colorectal cancer patients
demonstrated that longitudinal assessment of cfDNA methylation
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may facilitate early detection of recurrence, thereby improving risk
strati cation and postoperative management (11). However, the
effects of cfDNA on autoimmune diseases are partially understood.
Epstein-Barr virus (EBV) has always been suspected to be related to
the pathogenesis of SLE. In 2021, Anna et al. found that EB viral
load is related to uneven cfDNA fragmentation, elevated cfDNA
levels, and kidney disease in patients with SLE (12). In addition,
research demonstrated that the plasma cfDNA concentration in
patients with SLE was signi cantly higher than that in healthy
individuals and found that the disease medical assessment
comprised Systemic Lupus Erythematosus Disease Activity Index
(SLEDAI) score, patient symptoms and laboratory parameters
showed a signi cant correlation with the change in cfDNA
concentration (13). Although most epigenome-wide studies in
SLE describe widespread hypomethylation, the impact of cfDNA
methylation levels on SLE pathogenesis remains unclear.

Our previous study con rmed that cfDNA concentrations in
active patients with SLE were signi cantly higher than those in
inactive patients (14). In this study, the methylation landscape of
cfDNA in lupus nephritis (LN) patients was analyzed for the rst
time, and a plasma cfDNA-based lupus diagnostic model was
constructed using a deep learning approach with neural networks.
The diagnostic model concurrently re ects disease activity in
patients. These ndings indicate that cfDNA methylation is
implicated in the pathogenesis of LN and provide a theoretical
basis for the development of liquid biopsy-based diagnostic
methods. A schematic of our study design is provided in Figure 1.

2 Materials and methods
2.1 Data collection
We obtained the methylome (HM450 Chip) and transcriptome

(RNA-seq or expression array) data of patients with SLE from the
Gene Expression Omnibus (GEQO) website (https://
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FIGURE 1
Schematic diagram of the study. This study compared the abnormal immune microenvironment of multiple sample types from SLE patients, including
peripheral blood mononuclear cells, plasma cfDNA and kidney tissue, and found that they all had abnormal activation of interferon-related signaling
pathways and antiviral responses to varying degrees. For the rst time, the methylation landscape of cfDNA in lupus nephritis (LN) patients was analyzed
and a multi-omics analysis-based lupus diagnostic model was constructed using neural network deep learning methods, and the model validity was
evaluated on an independent validation dataset. Finally, the key immune genes involved in SLE were further screened by using the model.
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www.nchi.nlm.nih.gov/geo/). All analyzed samples were screened
using untreated and baseline samples. These included RNA-seq for
GSE139358 (LDG/NDN, SLE = 11, Normal=11), GSE122459
(peripheral blood mononuclear cell (PBMC), SLE = 20,
Normal=6), GSE72509 (whole blood, SLE = 99, Normal=18), and
GSE112087 (whole blood, SLE = 34. Normal=32). GSE138458
(whole blood, SLE = 312, Normal=24), GSE99967 (whole blood,
SLE =42, Normal=17), GSE39088 (whole blood, SLE = 26, N = 42),
GSE72798 (whole blood, SLE = 16, Normal=10), GSE81622
(PBMC, SLE = 30, Normal=25) for the expression chip,
GSE32591 (Glomeruli/Tubulointerstitium, SLE = 64, Normal=29),
GSE112943 (kidney, SLE = 14, Normal=7). GSE82218 (PBMC, SLE
= 30, Normal=25), GSE96879 (PBMC, SLE = 57, Normal=33) for
methylation chips.

2.2 Transcriptome analysis and
identi cation of differentially expressed
genes

Expression microarray data were converted from probe 1Ds to
gene symbols using the probe annotation les provided by GEO,
and the maximum value of the repeated symbols was selected to
represent the expression of this gene. The log2PFKM matrix was
used for RNA-seq data, and limma (R package, v3.42.2) was used
for differential expression analysis of all transcriptomes. If diseases
were grouped with active and inactive LN, both were subjected to
differential expression analysis versus normal samples, respectively.
DEG screening was performed using p-value<0.05 and top 1,000 to
screen upregulated and downregulated signi cant genes, which
were required to be signi cant in three or more datasets.

2.3 Methylation chip analysis and
identi cation of differential methylation
genes

Impute (R package, v1.60) was used to pre-process the HM450
microarray data for NA values, and limma was used to evaluate the
differential methylation analyses. The differentially methylated probes
(DMPs) complied with the following criteria: (i) Absolute value of
(treat Mean — control Mean) <= 0.1; (ii) control standard deviation of
<0.2; (iii) treat standard deviation of <0.3 (Where Treat is the patient
or active group, Control is the healthy or non-active group); (iv) the
top 1,000 DMPs of hyper- and hypo-methylation were chosen from
each dataset; and (v) the DMPs were signi cant in more than three
datasets. HM450 annotation le was used to assign genes to DMPs,
and the matching gene was de ned as a DMG.

2.4 Whole-genome bisul te sequencing
data processing and analysis

All patients were enrolled according to the 2019 American
College of Rheumatology/European League Against Rheumatism
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SLE classi cation criteria (15). Patients were excluded if they were
gestational or lactating women, or had other diseases, including
other autoimmune diseases, tumors, and acute or chronic
infections. Any of the following criteria was suf cient for an LN
diagnosis (1): active urine sediments (e.g., white cell count of >5/
high-power eld and exclude urinary infection or red blood cell
count of >5/high-power eld); (2) a 24-hour quantitative urine
protein level of >0.5 g or a urine albumin/creatinine ratio >500 mg/g
(50 mg/mmol); (3) evidence of one or more lesions on a renal
biopsy based on the International Society of Nephrology/Renal
Pathology Society 2003 classi cation criteria (16). Whole blood
samples from three LN patients and three normal controls were
collected for WGBS. Following collection into Ethylene Diamine
Tetraacetic Acid (EDTA) tubes (BD Vacutainer), peripheral blood
from LN patients and healthy donors was subsequently processed
within 4 hours of venipuncture. Plasma was collected using a two-
step centrifugation method. In the rst centrifugation step,
approximately 10 mL of whole blood was centrifuged at 4°C
(1600g, 10 minutes), and the supernatant plasma was collected. In
the second centrifugation step, the plasma obtained from the
previous step was placed in a 4°C centrifuge (16,000g, 10
minutes) to collect the supernatant. The nal plasma should be
stored in a freezer at -80°C until use. CFDNA was isolated from
plasma samples (about 4-5ml) using MagMAX cell-free DNA
isolation kit (LifeTechnologies, Carlsbad, California, USA). To
further evaluate the sample quality, the extracted cfDNA was
quanti ed by Qubit dsDNA HS detection kit (Life Technology
Company of Carlshad, California, USA). All protocols were carried
out according to the manufacturer’s instructions. The normal
samples were randomly sampled seven times each, and the
disease samples were randomly sampled 20 times each. Sampling
to a depth of 20 strata resulted in 21 and 60 normal and patient sub-
samples, respectively. Raw read clean was evaluated using Fastp
(version v0.20), retaining reads of over 50 bp in length, while default
parameters were used for the remainder; Bismark (version v0.23.1)
was used for genome mapping and CpG site calling; DMP (p<0.01)
and differentially methylated region (DMR) (p<0.05) callings were
performed using Dispersion Shrinkage for Sequencing data (DSS)
(R package, v2.34) after chromosome splitting. For signi cant
differentially methylated sites, the following conditions should be
met: (i) the absolute value of the difference between the methylation
ratio of DMP in normal and SLE being >0.2; (ii) each DMR covering
more than ve DMPs. The DMP and DMR positions of WGBS
intersect HM450 by Bedtools (version v2.27.1) for gene annotation.

2.5 Biological function enrichment and
annotation

Functional enrichment analysis was performed using enrichGO
and enrichDO of clusterPro ler (R package, v3.14.3) for the DEGs,
methylated sites, and corresponding genes. Pathway expression was
analyzed using gene set enrichment analysis (GSEA) for
upregulation or downregulation of expression in SLE versus
normal. Twenty-two immune cells were annotated using
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CIBERSORT (IOBR, R package, v0.99.9), and immune-related
pathway expression levels were calculated using GSVA (R
package, v1.34) for Single-sample Gene Set Enrichment Analysis
(sSGSEA) scores. These immune-related scores were used to
perform an analysis of dynamic differences in pathway or
function during disease progression between groups. Methylation
immune annotation was performed using MethylResolver (R
package, v 0.1.0), and the empirical matrix of
kidney_v2_Signature was selected to Iter the input methylation
matrix of the corresponding locus of WGBS for deconvolution to
calculate the proportion of immune cells in the methylome data.

2.6 Model building

The steps of model input variable screening were as follows: (i)
DEG of SLE vs Normal expression microarray data, and DMG of
HM450 were taken to intersect; (ii) the loci corresponding to SLE-
speci ¢ genes screened by GEO were taken to intersect with DMRs
of WGBS data. Finally, 162 DMRs were obtained. GSE82218 and
GSE96879 were used as independent validation sets, and the input
matrix of the two independent validation sets represented the value
of this DMR at this position with the mean of the probes covered by
the DMR. The WGBS data were split into the training and the
validation sets by 0.6666. The model involved using a deep learning
neural network with three hidden layers (neuralnet, R package,
v1.44.2) and assessing model performance using the area under the
receiver operating characteristic (ROC) curve (AUC) value of the
ROC curve.

2.7 Statistical analysis

We conducted all statistical analyses with R v3.6.3 (https://
www.r-project.org). The difference in scores between the normal
and disease groups, including subgroups with varying disease
activity, was assessed using the two-sided Mann—Whitney U test.
To evaluate the association between discrete variables and clinical
groups, we examined them using Fisher’s exact test. The adjusted p-
values for DEGs and GSEA were determined by the Benjamini—
Hochberg method. Spearman correlation analysis was employed to
evaluate the correlation between model score and immunological
characteristics. A two-sided p-value of < 0.05 was set as the
signi cance level, and all calculations were based on 95%
con dence intervals.

3 Results

3.1 Changes of immune microenvironment
in SLE patients

The aberrant immune activation in SLE drives tissue damage.

Conversely, the lesion microenvironment governs the recruitment,
differentiation, survival and activation of immune cells, collectively
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forming the local immune microenvironment. Differentially
expressed genes (DEGs) in whole kidney (GSE112943),
glomerulus, renal tubule (GSE32591), and peripheral blood
mononuclear cells (PBMCs; GSE122459, GSE81622) from
patients with SLE were extracted from the Gene Expression
Omnibus (GEO) database and matched with immune-related
genes. As shown in the volcanic map (Figures 2A, 3A), most
immune-related DEGs are enriched in biological processes such
as interferon-interferon stimulated genes (I1SG), complement,
in ammatory response, etc., whether in kidney or PBMCs, and
they are important features associated with adverse clinical
outcomes in SLE (17, 18). We also found that some genes related
to hypoxia pathway also showed abnormal expression, such as
CD74, SDC4 and PSENL1. The kidney’s inherent low oxygen tension
may be partly responsible. Moreover, LN kidneys present a harsher
microenvironment than healthy kidneys (19). The “hardest hit
area” of lupus nephritis is the glomerulus. Compared with the
volcanic maps of glomerulus and renal tubules from the same
cohort, it can also be observed that the abnormal expression of
immune-related genes in glomerulus is more than that in renal
tubules (Figure 2A), but the prognosis of kidney is closely related to
the degree of in ammation and injury in renal tubulointerstitial
(20). We also noticed that there were some immune-related DEGs
in renal tubules similar to glomeruli. Renal tubular epithelial cells
can produce in ammatory cytokines (such as IL-6, CX3CL1, TNF-
a, IL-1b) (21) similar to glomerular intrinsic cells, which cannot
be ignored.

Cibersort algorithm was employed to determine the immune
characteristics of SLE. The distribution of abundances for 22
immune cell types was displayed using Vioplot. Mononuclear
macrophages were markedly in Itrated in the glomeruli (p<0.05)
and tubules (p<0.05) in patients with LN (Figure 2D). Macrophages
play a very complicated role in the pathogenesis of LN. They not
only participate in antigen presentation and immune complex
clearance, but also modulate in ammatory responses and tissue
restoration through different biological pathways (22). In addition,
the number of regulatory T cells (Treg) in LN glomeruli was
signi cantly lower than that in normal glomeruli (P < 0.01)
(Figure 2D), and Treg was essential for maintaining autoimmune
tolerance (23). The reduction in the number or function of Treg
cells is related to the pathogenesis of various autoimmune diseases
(23). On the other hand, plasma cells in Itrated obviously in LN
renal tubules (Figure 2D). Plasma cells in B cells promote
autoimmunity by producing autoantibodies, which leads to the
formation of immune complexes (24). Belimumab, an inhibitor of B
cell activating factor, and Rituximab, a monoclonal antibody
targeting Cd20 antigen, have been used to manage systemic lupus
(25). The distribution of 28 kinds of immune cells provided by
sSGSEA analysis also con rmed the above ndings (Supplementary
Figure S1B). The relationship between local tissue and immune
status was analyzed through the immune microenvironment, and
in ammatory response, complement, IFN-a, and IFN- g were
signi cantly active (Figure 4). These results suggest that LN
causes an abnormal renal immune microenvironment (whether in
the glomeruli or renal tubules), primarily characterized by the
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FIGURE 2
Gene Expression Omnibus database expression pro le microarray was used to analyze the immune characteristics of the renal tissue of patients with
lupus nephritis (LN). (A) The differentially expressed genes between patients with LN and healthy controls in different LN renal tissue-related datasets
(from left to right are GSE112943 Tissue, GSE32591 tubules, and GSE32591 glomeruli); (B) Enrichment results of Gene Ontology (GO) analysis of
upregulated genes in patients with LN (biological process, from left to right are GSE112943 Tissue, GSE32591 tubules, and GSE32591 glomeruli);
(C) The Gene set enrichment analysis (GSEA) of the tubules(up) and glomeruli{down) in the GSE32591 dataset; (D) Cibersort immune-in ltration
analysis of the glomeruli(down) and tubules(up) in the GSE32591 dataset. ns, P > 0.05; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.

abnormal activity of IFN-related signaling pathway and antiviral
response and signi cant in Itration of the mononuclear
macrophage system.

In whole blood transcriptome chips GSE39088, GSE72509,
GSE72798, GSE112087 and GSE138458, it was found that compared
with healthy people, monocytes, macrophages, activated dendritic cells
and plasma cells in SLE patients increased signi cantly, while resting
NK cells decreased (Supplementary Figure S2). Plasmacytoid dendritic
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cells (the main IFN-producing cells) accumulate in the glomerulus of
patients with active LN (26), and the secreted IFN-a further stimulates
B cells to differentiate into antibody-producing plasma cells (18).
PBMCs can better mimic the in vitro blood immune environment
than whole blood samples do because PBMCs remove multinucleated
cells and erythrocytes and primarily contain lymphocytes, monocytes,
phagocytes, dendritic cells, and a few other cell types (27). We found
that the levels of activated dendritic cells and mast cells in PBMCs of
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FIGURE 3
Immune characterization of blood from patients with LN using expression pro ling microarrays and RNA sequencing data. (A) The Volcano plot of

the DEGs between patients with LN and healthy controls. (B) Enrichment Analysis of GO and KEGG Pathways of Up-regulated Genes in SLE Patients in
the GSE122459 Dataset; (C) Immuno-in Itration analysis of peripheral blood PBMC-related dataset GSE122459 in patients with SLE; (D) Immuno-
microenvironmental analysis of peripheral blood PBMC-related dataset GSE122459 in SLE patients; (E) The expression of IFN-a and IFN-g in healthy
controls, patients with SLE, and patients with LN (Top, middle, and bottom are GSE81622, GSE99967, and GSE138458 accordingly). ns, P > 0.05;

*P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.
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