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Abstract
Background

The discovery of biomarkers has become an attractive field in studying autoimmune diseases. For example, in the study of systemic lupus erythematosus
(SLE), various biomarkers such as genes and miRNAs have been identified for the diagnosis of SLE and its organ involvement.

Results

The expression data of gene microarray GSE50772 was downloaded from the GEO, and 257 differentially expressed genes (DEGs) were obtained by using
limma plug-in for R software. The tissue-specific gene expression analyses were performed in BioGPS database. Then, a protein-protein interaction (PP!I)
network was constructed with STRING and visualized in Cytoscape. Whereafter, top twenty hub genes derived from the PPI network, could basically
differentiate the SLE samples from the non-SLE samples, were ascertained through CytoHubba. What is noticeable is that the five novel hub genes (ORM1,
SLPI, OLFM4, TCN1 and CRISP3) and a related miRNA (hsa-let-7e-5p) may be considered as candidate biomarkers of SLE.

Conclusions

Five genes (ORMT1, SLPI, OLFM4, TCN1 and CRISP3) and a miRNA(hsa-let-7e-5p) in this discovery-driven study may become potential biomarkers for
diagnosing SLE and assessing its organ damage, and they also will provide valuable information on the pathogenesis of SLE.

Background

SLE is one of the most prevalent autoimmune diseases and often causes tremendous sufferings to patients. The risk of morbidity and mortality of SLE
patients is still significantly high[1, 2]. Thus, making a confirmed diagnosis early of SLE has always been essential for initiating the appropriate therapy, but
there is no single clinical symptoms or lab abnormality for diagnosing lupus definitely[3], even if plenty of biomarkers for diagnostic use have been found,
such as antinuclear antibodies (ANAs), in particular anti-dsDNA antibodies, anti-Sm antibodies, as well as SLE-associated loci and genes, miRNAs, and other
molecules[4-6]. As we all know, SLE is characterized by the protean clinical course and a broad spectrum of organ or system manifestations(7, 8], which has
an important impact on prognosis of patients[9]. But the manifestations are usually non-specific at onset, making it easy to confuse lupus with a variety of
other diseases [10]. Therefore, discovering more biomarkers with relatively high specificity and sensitivity is one of the most crucial and urgent problems for
auxiliary diagnosis of SLE.

Over the years, with the wide application of DNA microarray technology and bioinformatics analysis, genetics and epigenetics have attracted extensive
attention in SLE researches, especially the expression levels of genes and miRNAs acting as biomarkers [11, 12]. Previous studies have declared that some
genes are susceptible to SLE, such as IRF7, STAT4, BLK, etc [13, 14], and many genes even have been regarded as good biomarkers for diagnosing SLE, like
OASL, ISG15 MX1, etc [15]. Most expression products of SLE-associated gene participate in immune response [16], and many genes are also related with
damaged target organs. In addition, as critical regulators in regulating post-transcriptional target gene expression, miRNAs can interrupt intercellular signal
pathways, perturb immune homeostasis and produce autoantibodies, and eventually trigger the occurrence of autoimmune responses [17-20]. Strong
evidences for the correlation between dysregulated miRNAs and the pathogenesis and adverse complications of SLE have been provided by published
literatures [21-25].

Bioinformatics faces huge-volume heterogeneous biological data [26], including fundamental biology and the biology that underlies disease [27]. During
identifying biomarkers for SLE diagnosis, large datasets, through bioinformatic analysis, can be obtained to screen out virtual genetic or epigenetic
alternations. In this paper, data quality analysis was performed on the GSE50772, which was downloaded from the GEO public database. In order to identify
DEGs, gene expression data of SLE patients and normal controls were extracted by the limma package of R software. Furthermore, DEGs were analyzed for
tissue-specific gene expression and the identification of hub genes by respectively using BioGPS and CytoHubba. Subsequently, the functional enrichment of
DEGs was analyzed by DAVID, the PPI network of DEGs was constructed through STRING. Moreover, by means of starBase v2.0, the genes, which were
involved in the top 10 biological processes with statistical significance, were selected to make miRNAs prediction and gene-miRNA interaction network
analysis. Our results will provide new biological information to improve the understanding of the pathogenesis of SLE, and novel biomarkers may be helpful
for diagnosiof the disease in early time.

Materials And Methods
Microarray data

The Gene Expression Omnibus Database (GEO, https://www.ncbi.nlm.nih.gov/geo/) is an international public repository for the collection and distribution of
high-throughput microarrays and next-generation sequenced functional genomic data sets [28]. The microarray expression dataset GSE50772, uploaded by
Kennedy and Maciuca et al., was retrieved and downloaded from the GEO. The selected species was Homo sapiens, the type of data was microarray
expression profiles, and the dataset was based on the GPL570 [HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array platform. This research
contains 81 samples consisting of 61 subjects with SLE and 20 healthy controls. In addition, the annotation file for GPL570 was also obtained from the GEO.

Estimation of the RNA quality of samples and preprocessing

RNA degradation, proceeding from the 5' end to the 3' end, plays an crucial role in modulating gene expression and correcting systematic biases [29, 30]. RNA
degradation measurement presents the best correlation of the RNA integrity number (RIN) and an independent RNA integrity measurement, and therefore is

Page 2/15



able to be a valuable tool for quality control [31]. We used Affy package and affyPLM package of R software (R Foundation for Statistical Computing, Vienna,
Austria) to estimate the quality of GSE50772 dataset, and the RNA degradation plot was to display the results of the analysis. RMA and KNN methods were
used to preprocess the data of each sample in the dataset.

Differential expression analysis

R software was used to normalize and process the original expression matrix, and DEGs were screened via the limma package. The P- values were calculated
by adopting the T- test methods, and the adjusted P- values were computed by applying the Benjamini and Hochberg's method. The DEGs were screened out
by the following selection criteria: 1) | log2 (fold-change) | >1, and 2) the adjusted P-values < 0.05. The heatmap and volcano map for the DEGs were created
by SangerBox software (http://sangerbox.com/).

Tissue-specific gene expression analysis

We analyzed the tissue specific expression of the DEGs by the online resource BioGPS (http://biogps.org). If two following criteria were satisified, transcripts
mapped to the single tissue would be identified as highly tissue specific: 1) The tissue-specific expression of the transcripts was 10 times higher than its
median level, 2) The second highest expression level was lower than 1/3 of the highest expression level [32].

Functional enrichment analysis of DEGs

We used Database for annotation, visualization and integrated discovery (DAVID) v6.8 (https://david.ncifcrf.gov/tools.jsp) to conduct the functional
enrichment analyses of DEGs, including Gene Ontology (GO) terms and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways. The GO, which are
used to predict protein functions, includes cell composition (CC), molecular function (MF) and biological process (BP) [33]. The KEGG pathway analysis, which
is used to allot a series of DEGs on specific pathways, constructs the molecular reaction, interaction and relationship [34]. Thus, we conducted pathway
analysis to identify which key pathways might be associated with DEGs. In addition, P- values < 0.05 and enriched gene count > 5 were chosen as the criteria
for significance.

Protein-protein interaction (PPI) network analysis and hub genes identification.

The DEGs were uploaded to STRING(https://string-db.org/) to produce the PPI network diagram. These protein-protein interactions involve both functional and
physical connections, with data derived primarily from high-throughput experiments, computational predictions, co-expression networks and automated text
mining. In addition, the PPI network constructed from STRING analysis was imported into Cytoscape v.3.8.0 software, thereby to make a visual design of PPI
network. And CytoHubba was used to process the network data to identify the top 20 hub genes. Subsequently, immune-related hub genes were identified by
intersection between top 20 hub genes and immune genes, which were downloaded from the Immport immune database (https://www.immport.org/). The GO
analyses for these hub genes were performed on Metascape (https://metascape.org/).

Prediction of pivotal miRNAs and identification of hub genes

Based on the results of functional enrichment analysis of DEGs, genes enriched in top 10 statistically significant biological processes were selected and then
performed with miRWalk 2.0 software (http://mirwalk.umm.uni-heidelberg.de/), then their targeted miRNAs were further predicted [35]. Parallelly, in order to
verify the accuracy of the results, we used miRWalk, miRDB and TargetScan for the intersection. Therefore, miRNAs targeting at more than two genes were
screened out [36]. Furthermore, the GeneCards database (https://www.genecards.org/) was used to identify hub genes which were found to serve as candidate
biomarkers in our study.

Results
Study resign

The workflow chart of our study design is shown in Fig. 1. Our original goal is to identify more useful biomarkers involved in SLE pathogenesis. Above all, RNA
quality analysis was performed on the GSE50772 dataset, which was downloaded from the GEO public database. Extracted from the limma package of R
software, gene expression datas of SLE patients and normal controls were used to filter DEGs. Then, the selected DEGs were analyzed for tissue-specific gene
expression and the functional enrichment. The PPl network of DEGs was constructed followed, and through which, the top 20 hub genes were identified. In
addition, miRNAs prediction and gene-miRNA interaction network analysis were performed on the genes which involved in the top 10 biological processes with
statistical significance. Finally, the GeneCards database was used to verify SLE - related hub genes.

Assessment of the RNA quality of samples

To assess the quality of the available data of GSE50772 in SLE, We applied Affy package and affyPLM package of R software to draw the RNA degradation
plot for all sample arrays. In Fig. 2, the analysis result demonstrates that 81 nearly parallel curves representing 81 samples have appropriate slopes, which
doesn't display the bias of probe-positional intensity associated with RNA integrity, indicating that the RNA quality of samples is relatively ideal.

Differentially expressed genes

|Log,FC| greater than 1 and adjusted P-values less than 0.05 were considered as criteria to screen the DEGs out. A total of 257 DEGs are obtained, among
which 227 are down-regulated and 30 up-regulated. As shown in Table 1, the RPS4Y1, EIF1AY and KDM5D are the most up-regulated. Similarly, the three most
down-regulated genes are CXCL8, ANXA3 and IFI27, whose logllFC values are - 3.675,-3.186 and - 3.173 respectively (Additional file 1). The volcano plot and
heatmap of the DEGs are seen in Fig. 3.
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Table 1
Top 10 up-regulated and down-regulated genes.

Gene loglFC t Adjusted P-value
Up-regulated

RPS4Y1 2.539 2.09E-07
EIF1AY 2.179 5.96E-07
KDMSD 1.800 3.07E-09
USPOY 1.711 6.81E-08
KLRC4 1.543 6.22E-14
GCSAML 1.542 5.68E-16
ZNF850 1.476 7.35E-31
PDCD4 1.365 3.27E-19
ZNF566 1.325 7.51E-17
FAM169A 1.315 1.31E-19

Down-regulated

CXCL8 -3.675 3.99E-13
ANXA3 -3.186 1.85E-12
IFI27 -3.173 5.71E-08
OLFM4 -2.922 8.10E-06
ILTR2 -2.886 6.19E-09
CXCL1 -2.841 1.32E-19
MMP9 -2.789 2.70E-12
EGR1 -2.689 1.30E-13
G0S2 -2.635 3.06E-10
S100P -2.628 1.62E-12

T logllFC: logi-transformed fold change of gene expression.

Tissue-specific expression of genes

We used the BioGPS database, an online tool, to identify 57 genes expressed in specific tissues or organ systems. As shown in Table 2, the system with the
most highly tissue-specific expression is the hematologic/immune system (59.6%, 34/57), followed by the digestive system (15.8%, 9/57). The respiratory and
skin/skeletal muscle systems have similar levels of enrichment (about 8.8%, 5/57), while the urinary and reproductive systems have the lowest enrichment
levels (about 3.5%, 2/57).

Table 2
Tissue-specific expressed genes identified by BioGPS.

System Genes

Hematologic/immune = CAMPELANE,MMP8,DEFA4,CEACAM8,RSAD2,IFIT1, FFAR2,CXCR2, RETN,SLC25A37,CXCR1, SELENBP1,
MZB1,FPR2,SUCNR1,SLC22A4, CMPK2,IFIT2,FOSB,
HBM,AQP9,FPR1,PPPT1R15AMXD1, CCL4,NFE2, AZU1,
KCNJ2,MGAM,RNASE2,RNASE3,SH2D1B,EIFTAY

Skin/skeletal muscle CXCL1,IL1B,CCL2,TNNT1,CXCL3

Respiratory TCN1,ANXA3,C1QC,AREG,COL17A1

Digestive OLFM4,HRORM1,LRG1,ARG1,CYP4F3,ANG,C150rf48,
KRT23

Urinary TCN2,ALOX15B

Reproductive ADM,S100P

Functional and pathway enrichment of DEGs
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To investigate the biological function of the DEGs, we performed functional enrichment analyses of 257 DEGs, GO annotation and KEGG pathway analyses
were conducted by using the DAVID online tool. The top 10 GO items, including BPs, CCs and MFs, and the top 10 KEGG pathways, are listed in Fig. 4A-4D.
Moreover, the top 10 biological processes of DEGs and their related details are shown in Table 3, among which biological pathways with P-value <0.05 are
statistically significant. The results suggest that the biological pathways with DEGs significantly enriching are immune system-related pathways.
Furthermore, the extracellular exosome, cytosol and extracellular space, and integral component of plasma membrane account for the majority of CC. And the
most abundant MFs are protein binding. KEGG pathway analysis reveals that the DEGs mainly enrich in Cytokine-cytokine receptor interaction, TNF signaling
pathway and Chemokine signaling pathway (Fig. 4D).

Table 3
The top10 biological process (BP) of DEGs.
Term Count P-Value Genes
inflammatory 32 1.38E-16 OLR1,C3AR1,PROK2,CXCL8,TNFAIP6,CXCL1,CXCL3,PTGS2,HCK,IL1B,CHI3L1,PTX3,SIGLECT,TLR2, TNFCXCL
response
immune response 25 9.87E-10 IFITM3,CXCL8,AQP9,CXCL1,CXCL3,CXCL2,FCGR3B,CXCL10,NFIL3,CCL4,CCL2,PGLYRP1,FCGR1B,CCR1,CCL2
innate immune 22 1.64E-07 C1QB,DEFA4,CRISP3,MX2,MX1,SH2D1B,BMX,HERC5,TLR2,IGLL5,CLEC4D,SLPI,GPER1,LCN2,S100A12,PTX3,
response
G-protein coupled 18 0.070008171 CXCL8,CCL20,FPR1,FPR2,CXCL3,CXCL2,AREG,CCL4,CCL2,CXCL10,HCAR3,CXCR1,GPER1,C3AR1,PROK2,FFA
receptor
SUCNRT1
signaling pathway
Type | interferon 15 5.67E-14 IFITM3,EGR1,RSAD2,MX2,MX1,IF16,1ISG15,IFI35,IFIT1,IFIT3,IFIT2,0ASL,IFI27,0AST1,
signaling
OAS3
pathway
chemotaxis 15 5.27E-10 CCR1,CXCL8,CCL20,FPR1,CXCL1,FPR2,RNASE2,CXCL2,CXCL10,CXCR1,CXCR2,C3AR1,PROK2,CCL2,CMTM2
defense response 15 2.75E-08 IFITM3,RSAD2,MX2,MX1,ISG15,AZU1,IFIT1,IFIT3,0ASL,IFIT2,HERC5,CXCL10,0AS1,0AS3,IFI44L
to virus
positive regulation 15 0.002819349  IRS2,ADM,AREG,CDC20,CXCL10,HCK,HLX,CEACAM6,NAMPT,CXCR2,MZB1,PROK2,PRTN3,CAMRGPER1
of cell

proliferation
response to virus 14 1.54E-09 IFITM3,RSAD2,MX2,MX1,IFI44,IFIT1,TNFIFIT3,IFIT2,0ASL,0AS1,0AS3,CCL4,LCN2

response to 13 1.36E-06 JUN,CXCL1,FOS,CXCL3,PTGS2,S0D2,MPO,CXCL2,CXCL10,SLPI,ELANE, TLR2,ADM
lipopolysaccharide

PPI network construction, hub genes selection and analysis

The 257 DEGs were inputted to the STRING tool for further analysis, and a PPI network with 224 nodes and 1485 edges were visualized with Cytoscape. The
interaction score of PPl network is greater than 0.4. The nodes correspond to genes, and the edges represent the links between genes. Green nodes represent
down-regulated genes, red nodes represent up-regulated genes. The local clustering coefficient is 0.532 and PPI enrichment P-value is less than 1.0e-16. Then,
the data file was processed with Cytoscape ( Fig. 5A). CytoHubba was used to process the network data, and then to identify hub genes, the top 20 hub genes
(CXCL1, CAMP, HP, PTX3, ARG1, ELANE, LCN2, RETN, MMP8, SLPI, PGLYRP1, LTF, OLFM4, ORM1, TCN1, LRG1, CRISP3, CHI3L1, MMP9 and DEFA4 ) were
identified ( Fig. 5B). The color of a node in the network reflects the rank of hub genes. Clustering shows that the hub genes could basically differentiate the
SLE samples from the non-SLE samples. Most hub genes are highly expressed in SLE samples, while relatively low in non-SLE samples (Fig. 5C). In addition,
functional enrichment analysis indicates that these hub genes mainly enrich in immune system process as shown in Fig. 5D. In order to further explore and
confirm the nature of hub genes, as shown in the supplementary materials for this study, 2482 immune genes downloaded from the Immport immune
database were used to intersect with the top 20 hub genes. As expected, we found that 13 hub genes, including CXCL1, CAMP, PTX3, ARG1, ELANE, LCN2,
RETN, SLPI, PGLYRP1, LTF, ORM1, MMP9 and DEFA4, were immune-related genes (Additional file 2).

Further miRNA mining and identification of key genes

Among the top 10 biological processes, eighty-six genes, associated with statistically significant biological processes, were selected, and the gene-miRNA
analysis was conducted with miRWalk 2.0 software. The intersection of miRNA results predicted by miRWalk, TargetScan and miRDB databases was
considered as the result. The selection condition was set as P-value < 0.05, the target gene binding region was 3'UTR. Therefore, hsa-let-7e-5p with high
number of gene cross-links (= 2) is identified, it targets at OLR1 and IRS2 as shown in Fig. 6. The score of it is 1, which means that it has high reliability.

In addition, using the GeneCards database, SLE - related genes were manually identified (Additional file 3), and three of our novel hub genes (ORM1, SLPI and
TCNT1) were verified to be potentially involved in the pathogenesis of SLE (Fig. 7).
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Table 4
Fifteen hub genes that have been reported in previous SLE studies.

Gene Full name Rolein SLE References
symbol
HP haptoglobin display immunosuppressive abilities to consist in the host defence responses to inflammation  [73-75]
and infection
RETN, Resistin, associate with the presence of coronary artery calcium and increase vulnerability to [76,77]
atherosclerotic plaque
MMP8 Matrix metalloprotein-ase-8
ARG1, arginase 1, manipulate type 17 T helper cells (Th17) pathway [78,79]
CXCL1 chemokine with C-X-C motif
ligand 1
CAMP, Cathelicidin antimicrobial estrogen exerts powerful effects on the immune response by affecting the expression of [80]
peptide, CAMP and LTF in B cells
LTF
Lactotransferr-in
DEFA4 Defensin alpha 4 strongly link to immune function and numerous autoimmune diseases [80]
PTX3 Pentraxin 3 a biomarker or therapeutic target of SLE [81]
ELANE Elastase participate into end-organ damage [82]
LCN2 Lipocalin 2 a nephritis-associated inflammatory mediator [83]
LRG1 Leucine-rich alpha-2- reflect specific pathologic lesions in kidney and activity of lupus nephritis [84]
glycoprotein 1
PGLYRP1  Peptidoglycan recognition might perturb the cytotoxic effect of autoantibodies, reduce tissue injury by competitively [85]
protein 1 binding with autoantibodies
CHI3L1 Chitinase 3 like 1 evaluate the activity of lupus [86]
MMP9 Matrix metallopeptid-ase 9 participate in pathways and immune system responses associated with SLE [87,88]
Discussion

SLE is one of the most common systemic autoimmune diseases that seriously endangers human health. There are many factors causing the pathogenesis of
SLE, among which the abnormal expression of important genes may contribute to lupus pathogenesis by participating in critical pathways, including immune
complex processing, type | interferon producing, toll-like receptor signaling, and so on [37]. However, the accurate mechanism of SLE caused these
microenvironmental factors has not been completely elucidated, so more attention should be paid to the detection and evaluation of the expression level of
lupus - related genes in lupus researches. In present study, we are committed to discover possible SLE - causing molecules, and 257 DEGs (30 up-regulated
genes and 227 down-regulated genes) are screened out from GSE50772 expression dataset. They certainly has laid a foundation for our subsequent analyses,
and that may be able to illuminate the initiation and progression of SLE.

Considering that multiple organs or systems involvement caused by autoantibodies is the feature of SLE, we performed tissue - specific expression analysis
on DEGs. As revealed by the result, the most highly enriched system is the hematologic/immune system, which is in line with the pathogenesis and clinical
manifestations of SLE, and this seems to explain the underlying molecular mechanisms of a self-aimed immune response in SLE patients. Besides,
skin/skeletal muscle system, respiratory system, digestive system, urinary and reproductive systems are also enriched by DEGs. Some studies have also
suggested that ANXA3 [38, 39], TCN1 [40], C1QC [41], AREG [42] and COL17A1 [43] are associated with respiratory injury. ALOX15B [44] may be related to
kidney diseases as reported in the literature. ADM [45] and S100P [46] possibly play important roles in lesions of the reproductive system. And changes in
expression of OLFM4 [47], CYP4F3 [48], HP [49], ORM1 [50], ANG [51], LRG1 [52], C150rf48 [53], KRT23 [54] and ARG1 [55] are involved with digestive system
diseases. Even some of them have been thought to be classic markers of a particular tissue injury. While whether those tissue - specific DEGs above-
mentioned are essential for the development of complications of SLE remains inconclusive, and we postulate that the abnormal expression of those genes
probably can indicate organ involvement in SLE patients. However, in our results, there are other relatively common organs and tissues that are not
significantly enriched by DEGs, such as the central nervous system, cardiovascular and circulatory systems. Limited gene expression microarray data with
insufficient samples may be a by-no-means negligible cause.

In order to understand disease machinery more deeply and to visualize the overview of the functional connections between all DEGs, we constructed PPI
networks, the vital tools for analysis by identifying subnetworks or modules that display specific topology and/or functional characteristics [56]. Afterwards,
on the basis of DEGs’ PPI networks, the top 20 hub genes (CXCL1, CAMP, HR, PTX3, ARG1, ELANE, LCN2, RETN, MMPS8, SLPI, PGLYRP1, LTF, OLFM4, ORM1,
TCNT, LRG1, CRISP3, CHI3L1, MMP9 and DEFA4) were selected. According to cluster analysis results on them, it is obvious that most hub genes are up-
expressed in SLE patients, while relatively low-expressed in normal subjects, which highlights the importance and representativeness of these hub genes in
SLE disease. And further functional enrichment analysis on them manifests that immune system processes are dominant. Furthermore, 13 hub genes verified
by Immport database are thought to be immune-related genes as expected, namely CXCL1, CAMP, PTX3, ARG1, ELANE, LCN2, RETN, SLPI, PGLYRP1, LTF,
ORM1, MMP9 and DEFA4. The result exactly supports the idea that these 20 hub genes probably play essential roles in immune-related pathways which can
trigger autoimmune dysfunction in patients, and resulting in the pathogenesis and development of SLE.
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In prior studies on 20 hub genes mentioned above, the aberrant expression levels of 15 genes have been investigated that they may have various and crucial
influences for different processes of SLE development. Given the roles of five novel genes in SLE as shown in Table 4, several novel genes, including ORMT,
SLPI, OLFM4, TCN1 and CRISP3 may also have diagnostic value in the condition. ORM1 (orosomucoid 1) is an acute phase plasma protein known to activate
NFkB, p38 and JNK pathways in macrophages, and it has been reported in rheumatoid arthritis (RA) [57], sarcoidosis and other immune diseases [58]. In
experimental autoimmune encephalomyelitis, SLPI (secretory leukocyte peptidase inhibitor) exerted potent pro-inflammatory actions by regulating T cell
activity, a process that might benefit the patient [59]. OLFM4(olfactomedin 4) could mediate the autoimmune inflammatory responses of generalized pustular
psoriasis, a severe inflammatory skin disease [60]. Low expression of TCNI (transcobalamin I) involved in innate immunity might be partly responsible for the
pathogenesis of IgG4-related disease, due to impairments in the innate immune system [61]. Since CRISP3 (cysteine-rich secretory protein 3) was detected to
be significantly elevated in RA, the researchers hypothesized that it was implicated in the development of RA [62]. In addition, using the GeneCards database,
three novel hub genes (ORM1, SLPI, and TCN1) were confirmed to be potentially involved in the pathogenesis of SLE. Almost all of these genes, either high or
low expression, are associated in the development of immune diseases. Consequently, chances are that the five hub genes play pivotal roles in the molecular
mechanism of SLE pathogenesis, and we reasonably confer that these novel hub genes may be used as biomarkers to help improve the diagnostic rate of SLE
and to provide valuable information for the evaluation of organ or system involvement.It is well known that miRNAs can interfere with the transcription and
regulate gene expression [63]. Altered miRNA expression has been regarded as another important factor to the pathogenesis of immune-related diseases, such
as SLE. And because of the nature of stability of miRNA, measuring effective miRNA levels may be conducive to disease detectionin [64]. In immune cells,
aberrant miRNAs can disturb immune homeostasis, produce massive autoantibodies and induce autoimmunity [65]. Following GO terms, we performed
miRNA mining and interaction network analysis. MiRNA hsa-let-7e-5p targeting at OLR1(oxidized low- density lipoprotein receptor 1) and IRS2 (iinsulin
receptor substrate 2) was identified. The miRNA let-7e is a member of the let-7 family, and it plays a key role in inhibiting or promoting inflammatory response
by regulating cytokine expression in various inflammatory and autoimmune diseases [66]. In an animal experiment, down-regulating the expression of hsa-let-
7e-5p and other two miRNAs, 17B-estradiol could amplify the activation of IFN-a signaling in B cells to contribute to the sex bias in SLE [67-69]. Moreover, as
target genes of has-let-7e-5p in this study, OLR1 and IRS2 are down-regulated in SLE patients compared with non-SLE subjects. When it comes to biological
processes, OLRT1 is associated with inflammatory response, while ISR2 is related to positive regulation of cell proliferation. Regarding molecular function,
OLRT1 and IRS2 both participate in exerting protein binding. Recent studies show that OLR1 is an inflammation-induced receptor. Together with a host of other
reactions, an increase in OLR1 can trigger the formation of neutrophil extracellular traps, which can promote systemic inflammation, vascular damage and
lung injury. Elevated expression level of OLR1 has been recognized as a possible indicator of high risk of SLE - related cardiovascular disease [70, 71].
Targeted by MiR-203a, IRS2 regulates the proliferation and apoptosis of pancreatic B cell [72], which implies the expression of IRS2 is closely related to type 1
diabetes mellitus (T1DM), an autoimmune disease. These results rend us to speculate that has-let-7e-5p may be a potential molecule to induce and deteriorate
the SLE even though there have been rare relevant studies are published on this subject. Thus, we propose that hsa-let-7e-5p probably acts as another novel
latent biomarker of SLE, and we hope it could provide new insights into molecular mechanism underlying the development and progression SLE.

Additionally, since the GSE50772 is a public dataset, patient consent or ethics committee approval is not required, but the information on individuals’ age,
gender and health status, as well as medication use, is absent, which appears to be an underlying limitation.

Conclusions

In conclusion, some DEGs specifically expressed in a tissue or system might be a signal to estimate organ involvement in SLE, and novel candidate
biomarkers including hub genes (ORM1, SLPI, OLFM4, TCN1 and CRISP3) and has-let-7e-5p were identified to assist in diagnosing SLE through
comprehensive bioinformatic analyses. Our point will provide new and meaningful reference for later SLE studies. Since the current finding is limited by the
lack of experimental validation in vivo and in vitro, it is necessary to conduct multiple in-depth studies to detect and verify those potential biomarkers.
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SLE-related dataset
downloaded in GEO
GSES50772

|

Analyzing the quality of
GSES0772 and preprocessing
the data of samples

Identifying DEGs between SLE
patients and normal subjects

|

Analyzing the tissue-specific
expression of the DEGs

Functional enrichment analysis

of the DEGs
\ |
PPI network construction Predicting miRNAs and
of DEGs constructing gene-miRNA
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Identification and
verification of hub genes

Figure 1

Flow chart of data preparation, processing, analysis, and validation. The gene expression profiles of GSE50772 were downloaded from the GEO database.
Tissue-specific expression of genes, the functional enrichment and PPI networks were used to investigate potential biomarkers associated with the
pathogenesis and clinical manifestation of SLE. In addition, key miRNA and hub genes were were further identified, and some SLE-related hub genes were
validated based on data from the GeneCards database.
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DEGs in 61 SLE patients and 20 normal individuals. (A) The heatmap: the potential DEGs between SLE samples and normal samples in GSE50772. (B) The

volcano plot: blue dots represent significantly down-regulated genes, and red dots represent significantly up-regulated genes.
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Figure 4

A bar chart of top 10 GO and KEGG terms of DEGs based on the count of genes. (A)BP: biological process; (B) CC: cellular component; (C) MF: molecular

function; (D) KEGG: kyoto encyclopedia of genes and genomes.

b

extraceliular exosome [N 0
cytosol [N 53
extracellular space 50
extracellular region [N 48
integral component of plasma... [N 25
extracellular matrix [ 8

proteinaceous extracellular... [ 8
blood microparticle [ 8

anchored componentof... [l 7
mitochondrial outer membrane ] 6

Cytokine-cytoking receplor interaction ..
TNF signaling pathway { @
Count
. 8
Chemokine signaling pathway . ®
®
Inilucnza A { @ ®
T
Chagas discase (American trypanosomiasis) 4 @ . 1%
@ -
heaOS 168 Horpes simplex infection
Eene ratio
0050
Toll-like secepror signaling pathway { @
0045
i 0,040
hsaf)3 166:HTLY-1 infection ® I—'
g 0035
. L 0030
Legioncliosis =
Leishmaniasis { »
0.00 0N 002 00
PValue

Page 13/15



Rank Name
CXCL1L
CAMP
HP

PTX3
ARG1
ELANE
LCN2
RETN
MMP8
SLPI

PGLYRP1
LTF

OLFM4
14| ORM1
5| TCN1
LRG1
CRISP3
CHI3LL
MMP9
DEFA4

SLE sample

non-SLE samples

high

G0:0002376: immune system process

G0:0051179: localization

G0:0051704: multi-organism process

GO:0001906: cell killing

G0:0048519: negative regulation of biological process
GO:0050896: response to stimulus

G0:0071840: cellular component organization or biogenesis
G0:0008152: metabolic process

G0:0032501: multicellular organismal process
G0:0065007: biological regulation

G0:0050789: regulation of biological process
G0:0048518: positive regulation of biological process
G0:0032502: developmental process

G0:0040011: locomotion

d
=
— |
—]
]
—
—

-]

=

—

w
&
w
&

15 20 25
-log10(P)

«
S

Figure 5

The PPI networks and the most significant module of DEGs. (A) The PPI network of DEGs was constructed using Cytoscape. The red dot represents up-
regulated gene and the green dot represents down-regulated gene. (B) Top 20 hub genes in network ranked by MCC method, and the color of a node in the
network reflects the rank of hub genes. (C) Hierarchical clustering of hub genes was constructed using Excel. The samples under the pink bar are non-SLE
samples and the samples under the glue bar are SLE samples. High expression of genes is marked in red; lower expression of genes is marked in blue. (D) The

top-level Gene Ontology biological processes of hub genes were performed using Metascape.
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Figure 6

Interaction network between genes involved in top 10 biological processes and its targeted miRNAs. Genes are coloured in blue, and node size is adjusted
according to number of targeted miRNAs; miRNAs are coloured in red; miRNAs targeting more than two genes simultaneously are coloured in green.

GeneCards novel hub genes

Figure 7

Venn diagram of key genes between five novel hub genes in our study and SLE-related genes in GeneCards. ORM1,SPLI and TCN1 are identified.
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