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Abstract

Background
Autoimmune diseases develop when a person’s immune system starts developing immune response against its own
healthy cells, tissues, or any other cell constituents. Rheumatoid Arthritis (RA) and Systemic Lupus Erythromatosus (SLE)
are the two most common systemic in�ammatory autoimmune diseases, sharing various clinical as well as pathological
signatures. Although multiple studies have been conducted to date, very little is known about molecular pathogenesis
and overlapping molecular signatures of the two diseases. Motivated to explore the common molecular disease features,
we conducted a meta-analysis of the publicly available microarray gene expression datasets of RA and SLE.

Methods
Common and unique gene signatures of RA and SLE were identi�ed based on analysis of microarray gene-expression
datasets. Hub genes were identi�ed by performing network analysis of protein-protein interaction (PPI) networks of the
identi�ed genes. Gene ontology functional enrichment and integrative pathway analysis was also performed to
understand the underlying molecular mechanisms in the diseases.

Results
Intriguingly, out of the identi�ed signature genes, 9 are upregulated and 24 are downregulated. Many of the common
gene signatures identi�ed in this study provide clues to the shared pathological mechanisms of RA and SLE. Amongst
the identi�ed signatures, MMP8, NFIL3, B4GALT5, HIST1H1C, NMT2, PTGDS and DUSP14, are the robust gene signatures
shared by all the RA and SLE datasets. Functional analysis revealed that the common signatures are involved in the
pathways such as mTOR signaling pathways, virus infection-related pathways, bone remodeling, activation of matrix
metalloproteinase pathway, immune and in�ammatory response-related pathways.

Conclusions
The common gene signatures and related pathways identi�ed in this study substantiate the shared pathological
mechanism involved in both diseases. Furthermore, our analysis of multi-cohort and multiple microarray datasets allow
discovery of novel leads for clinical diagnosis and potential novel drug targets.

Background
Autoimmunity refers to a condition of an organism’s immune response against its own cells or tissues and the other
normal body constituents. More than 80 autoimmune diseases have been characterized; few of them are well known,
including Rheumatoid Arthritis (RA), Systemic Lupus Erythromatosus (SLE), type 1 diabetes, multiple sclerosis, and
psoriatic arthritis. In contrast, others are rare and di�cult to diagnose [1]. Two of the common systemic in�ammatory
autoimmune diseases are RA and SLE, are the focus of this study.

RA is a multisystem chronic systemic in�ammatory autoimmune disease, primarily affects the joints and can lead to
abnormality and functional limitation in the absence of suitable treatment. The patients have in�ammation, synovial
hyperplasia, autoantibody production (rheumatoid factor, RF), bone deformities, cartilage destruction, and systemic
involvement of cardiovascular, pulmonary, neurological and endocrine systems [2]. SLE is another complex,
heterogeneous, chronic autoimmune disease which affects multiple organs and tissues, including skin, joints, lungs,
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kidneys, blood and CNS. In SLE, there is an interplay between various immunological, environmental, hormonal and
genetic factors [3, 4].

The aetiology and pathophysiology of the two diseases are interconnected in genetic, immunological and environmental
aspects. Both the diseases share several common mechanisms; however, they are different in their immunological
mechanism, re�ecting in their clinical presentation and implications. Although the �rst appearances of these two
autoimmune diseases have different phenotypes, both the disorders are heterogeneous, multifactorial disorders that
share molecular mechanisms, which are further elicited by similar clinical and pathophysiological features. The two
autoimmune diseases share speci�c clinical and pathogenic features related to B and T cell hyperactivity, many
susceptibility loci, and a pathogenic array of autoantibodies [5, 6]. The treatments are very similar for the autoimmune
disorders, except in organ damage or in cases where the features of one disease dominate over the other. To design a
personalized treatment, it is crucial to discover the molecular level similarities and differences in the diseases linked with
respective patient groups, apart from clinical features.

Identifying speci�c gene expression signatures by gene expression patterns analysis can also provide pivotal information
that help to understand the molecular mechanisms that underlie the diseases. With the advancement of high-throughput
technologies like microarray and next-generation sequencing, these types of studies are becoming feasible and common.
This development of high-throughput technologies provides us with the opportunity to analyze the gene expression on a
genome-wide scale and in fact widely used in context to autoimmune diseases during the past decade [7–9].

Meta-analysis techniques offer the opportunity to integrate and combine the data from different sources, representing
multiple studies. Several conventional tools exist for meta-analysis, including MAMA [10], MetaOmics [11], INMEX [12],
Elastic-Net [13], MetaIntegrator [14] etc. We have used MetaIntegrator in this study. The MetaIntegrator package offers a
straightforward, custom framework in automatically downloading data from GEO, integrating the MetaSignature
database, and better visualization of the results. The package has demonstrated its application in various areas like
discovering diagnostics, prognostics, novel drug targets identi�cation and drug repurposing too. It uses a random effect
model for meta-analysis, embraces heterogeneity, and avoids the batch effect correction limitations by computing effect
size for each dataset.

Previous studies focused on integrated data analysis of different studies for a single disease have been successfully
conducted to gain more rational and decisive results. For example, Song et al. [15] conducted a meta-analysis by
integrating three publicly available datasets for SjS. A study was conducted to identify 37 gene signatures associated
with SLE, where Arasappan et al. [16] performed a pathway-based meta-analysis using four SLE datasets. For RA
datasets, several Interferon (IFN) related apoptotic process and cell cycle pathways were identi�ed by Olsen et al. [17, 18].
Afroz et al. [19] conducted a study to identify RA-speci�c unique gene signatures via meta-pro�ling that might provide
mechanistic insights of this disease. A recent analysis was performed on publicly available SLE datasets divided into
discovery and validation to conduct a multi-cohort meta-analysis using the MetaIntegrator framework to reveal uni�ed
signatures related to SLE [3]. Kroger et al. [20] performed a study to pick the differentially regulated genetic pathways
associated with the PBMC SLE patient compared to the unaffected healthy controls.

Apart from the analysis of single disease multiple source datasets, the meta-analysis techniques offer tremendous
opportunity to integrate data from different diseases to reveal novel common gene signatures, which may be missed in
single studies data analysis. For example, Tuller et al. [8] analyzed the publicly available data from six different
autoimmune diseases (SLE, multiple sclerosis, RA, juvenile RA, type 1 diabetes, Crohn’s disease and ulcerative colitis)
taking the PBMC samples. The study aimed to understand the intra-regulatory mechanism in PBMC, which can be
common to all autoimmune diseases or speci�c to any few of them. They found certain chemokines and interleukin
genes were differentially expressed with the analyzed autoimmune diseases. To uncover the co-expression patterns, Silva
et al. [21] integrated the SLE and RA expression datasets and pro�ling modules for speci�cally induced or repressed and
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co-modulated genes. Higgs et al. [22] conducted a study to analyze type 1 IFN related common signatures by integrating
data from SLE, myositis, RA and scleroderma. Toro-Dominguez et al. [23] uncovered the common signatures from SLE,
RA and SjS PBMC patients and conducted the gene expression meta-analysis using the publicly available gene
expression datasets. A recent study was reported by Badr and Häcker [24], to �nd the linker gene signature and pathways
of RA and TB. Their study identi�ed the co-regulated genes and pathways associated with the diseases.

With an aim to identify the robust gene signatures using meta-analysis approach, we performed a meta-analysis of
publicly available multi-cohort gene expression microarray datasets of PBMC and whole blood samples from SLE and RA
patients with respect to controls. To the best of our knowledge, this is the �rst integrative study of the two systemic
autoimmune diseases, based on large-scale gene expression datasets downloaded from GEO database to explore the
shared gene expression signatures in the patients with respect to the healthy controls for RA and SLE.

Methods

Data collection
Data collection was carried out by searching the Gene Expression Omnibus (GEO). For RA, the search terms used to
retrieve the datasets was “rheumatoid arthritis and microarray”, for SLE, the term was “Systemic lupus erythromatosus
and microarray”, with the �lter organism as Homo sapiens, study type expression pro�ling and entry type Dataset/Series.
Initially 536 records were recovered. The datasets were downloaded from the GEO database using the GEOquery R
package, integrated in the MetaIntegrator R [64]. The downloaded datasets were �ltered for making the �nal dataset
suitable for the study, as described in results section.

Data Pre-processing and Meta-analysis
We processed the selected GEO accessions using the MetaIntegrator, which downloaded and pre-processed the datasets
corresponding to the GEO accessions. Subsequently, the individual meta-analysis of each disease datasets was carried
out using the MetaIntegrator framework [14]. The framework detects the signi�cantly deregulated genes between cases
(RA or SLE) and healthy controls. It computes Hedges g effect size for each gene in each dataset and pools these effect
sizes across the datasets.

J is Hedges g correction factor, 1 and 0 are the average expression; S1 and S0 are the standard deviation deviations of
cases and controls. The n1 and n2 are the number of cases and controls. The summary effect size gs was computed
using a random effect model.

n is the no. of studies, gi is the hedges’ g of the gene within dataset i, Wi is the weight calculated by 1/(Vi + T2), Vi is the

variance of the gene within a given dataset i and T2 is the inter-dataset variation estimated by DerSimonian-laired
method.
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The random effect model usually gives more conservative results by extracting fewer differentially expressed genes
(DEGs), however with more con�dence. MetaIntegrator also calculates Cochrane's Q value for evaluating heterogeneity of
effect size estimates between studies. It also uses Fisher's method for combining p-values across studies. After meta-
analysis, the most signi�cant DEGs were selected for the downstream analysis, using the following �ltering criteria: FDR 
< 0.05, Effect size > 0.40 and expressed in at least three studies. A heatmap of DEGs for both RA and SLE was created in
R. Subsequently, we checked for the common gene signatures among the two autoimmune diseases.

Hub genes and network analysis
To generate the protein-protein interaction (PPI) network, NetworkAnalyst was used to create PPI networks for the
common gene signatures and the RA and SLE speci�c DEGs, using the option to use innateDB interactome database [65].
The common gene signatures and top 50 DEGs from individual disease meta-analysis were used to construct their
respective networks for identifying hub genes.

Gene ontology and Integrative pathway analysis
To identify the over-represented biological terms and enriched deregulated pathways, we used Enrichr, a web-based tool
[66]. The differentially expressed genes obtained from individual Meta analysis of RA and SLE, and the common gene
signatures revealed in our study were used as input in Enrichr tool. Default settings were used for the functional
annotation and the p-value was computed using Fisher’s exact test. The key biological terms were ranked based on the
signi�cance threshold of p-value < 0.05.

Results
Data download and �ltering

The gene expression datasets downloaded from the GEO were manually checked to remove duplicates and irrelevant
studies, after which 20 studies remained. Out of the 20 studies, we selected the studies that reported gene expression in
whole blood, PBMC or blood cell components, and excluded studies regarding other tissues such as synovial �uid or
other tissues to ensure comparable gene expression. This �ltering also ensured the removal of any potential bias due to
tissue-speci�c gene expression. We also excluded studies based on drug-treated samples. The �ltering, as mentioned
above, led to 14 de�nitive studies to be included for our analysis.

After a thorough search and excluding datasets as speci�ed above, seven SLE datasets (GSE11909, GSE50772,
GSE22098, GSE8650, GSE4588, GSE61635, and GSE10325) and seven RA datasets (GSE56649, GSE15573, GSE4588,
GSE17755, GSE11827, GSE57383, and GSE68689) were selected for further analysis. A total of 904 samples were
considered for downstream analysis, representing data from 366 SLE patients, 168 healthy controls for SLE, 222 RA
patients and 148 healthy controls for RA. 

Data division and meta-analysis

To achieve an extensive, unbiased study of the shared signatures underlying RA and SLE, we identi�ed and downloaded
the publicly available GEO gene expression datasets. From the initial datasets obtained from public databases, we
randomly selected 14 studies from both the diseases that matched the study inclusion criteria (see methods). The seven
datasets for RA (5 PBMC, 1 WB, 1 CD4 T cells and B cells) and 7 of SLE (5 PBMC, 1 WB and 1 CD4 T cells and B cells)
were processed for further analysis, contained samples from 222 RA patients with 148 controls, and 366 SLE patients
with 168 controls, the complete work�ow is shown in Fig. 1a and Fig. 1b. A detailed summary of the included datasets
and samples can be found in Table 1. The previous �ndings suggest that discovery datasets with a sample size of 250-
300 are enough to identify robust gene signatures for any disease using the MetaIntegrator framework. The Discovery
dataset includes samples from PBMC, whole blood and CD4 T and B cells of RA and SLE patients with the respective
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controls. Based on the meta-analysis using the MetaIntegrator R package, using Random Effect Model (REM), 160 RA
genes and 1630 SLE genes were identi�ed as signi�cantly differentially expressed in the RA and SLE datasets versus
healthy controls (FDR<0.05 in the REM). A list of 50 most signi�cantly up or downregulated genes for RA and SLE are
shown in Additional �le 1: Supplementary Table S1.

Identi�cation of common gene signatures in RA and SLE

For meta-analysis of the study dataset, the MetaIntegrator R package was used, with a selected cut-off for effect size
(ES) and false discovery rate (FDR) to determine the DEGs for both the diseases, among healthy controls vs. diseased. ES
is the ratio of the mean difference between groups to the standard deviation denoted as d, the convention values for
small, medium, and high effect size were 0.20, 0.40 and 0.60, respectively. We identi�ed 162 (56 upregulated, 106
downregulated) and 1630 (574 upregulated, 1056 downregulated) DEGs (ES>0.4, FDR<0.05) of RA and SLE,
respectively. As per our hypothesis, we identi�ed the 33 common gene signatures (9 upregulated and 24 downregulated)
in both RA and SLE with a false discovery rate (FDR<0.05), effect size >0.4 and a minimum of 3 studies should support
the same (see Additional �le 2: Supplementary Table S2). Venn diagram highlights the unique and common gene
signatures of RA and SLE (Fig. 2). In discovery datasets of RA and SLE Meta-scores distinguish patient samples from the
healthy controls with an Area Under the Receiver Operating Characteristics (AUROC) of 0.871 (95% con�dence interval
(CI): 0.70-1) and 0.935 (95% CI: 0.73-1) respectively (Fig. 3a, Fig. 3b). Amongst the 33 common gene signatures, 20 are
already reported to be associated with the diseases. However, to the best of our knowledge, 13 are not reported to be
associated with these diseases. Particularly striking was the highly signi�cant up-regulation of the genes NEXN, IRF9,
B4GALT5, MMP8, HIT1H1C, NFIL3, HIST2H2AA4, DDX60L and VMP1. Out of these, IRF9 is an interferon regulatory factor
involved in the IFN alpha signaling pathway and bone remodeling pathways [25,26]. NEXN was recently found
deregulated between RA and TB [24]. Similarly, MMP8 is a matrix metalloproteinase associated with many autoimmune
diseases, including RA [27]. Another important gene, NFIL3, is a nuclear factor interleukin 3 regulated gene involved in
many autoimmune disorders, including SLE [28]. In brief, Interferons (IFN), Interleukins (IL), lymphokine and Tumor
Necrosis Factor (TNF) are the types of cytokines that regulate the development of different cells of the immune system.
In agreement with the previous studies, we �nd that these genes play a regulatory role in the pathogenesis of both
diseases. A heatmap of the highly differentially regulated genes of RA, SLE and common gene signatures is shown in
Additional �le 3: Supplementary Figure S1. The complete description of the common signatures is listed in Additional �le
4: Supplementary Table S3. In our study, we have also evaluated the gained and lost genes, gained are those DEGs
identi�ed in the meta-analysis, not present in the individual analysis and lost are those DEGs found in any individual
study, but not in the meta-analysis, they may show low signals but show consistent expression pattern throughout the
datasets. In the case of RA, we obtained 82 gained and 1313 lost genes, whereas, for SLE, the gained genes were 903 and
1631 lost genes. A list is shown in Additional �le 5: Supplementary Table S4 for all the gained and lost genes via this
meta-analysis.

Hub genes network analysis

Based on the methodology, we generated three interaction networks as described in the methods section. The interaction
network for the identi�ed common gene signatures comprise of 33 seeds with 630 connecting nodes and of 980 edges
representing the interaction between these proteins. To arrive at more biologically relevant information, this analysis
identi�ed key hub genes among the common signatures, and the top differentially regulated genes for RA and SLE. The
protein-protein interaction network for the common gene signatures is shown in Fig. 4. We analyzed the protein-protein
interaction network for the common gene signatures and found 15 hub genes with a high degree of centrality and
betweenness. The top hub genes were RPS2 (degree: 156, betweenness: 34190), PABPC1 (degree: 152, betweenness:
63040), RPL5 (degree: 146, betweenness: 49501), RPS8 (degree: 145, betweenness: 31190), and EEF1G (degree: 122,
betweenness: 55075). 
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From the interaction network of differentially regulated genes in RA, it was found that for the upregulated genes, the hub
genes with the highest degree and betweenness are PKM (degree: 99, betweenness: 50885), IRF9 (degree: 47,
betweenness: 17423), and OS9 (degree: 42, betweenness: 15352) for downregulated genes- DHX9 (degree: 185,
betweenness: 165422), RPL5 (degree: 146, betweenness: 60548) and RPS11 (degree: 117, betweenness: 38181). 

For the SLE interaction network, the notable hub genes include STAT1 (degree: 223, betweenness: 183938), ISG15
(degree: 188, betweenness: 167205), and MYD88 (degree: 87, betweenness: 60392) were the topmost differentially
regulated hub genes. For the downregulated genes, the signi�cant hub genes are DDX5 (degree: 156, betweenness:
85071), NAP1L1 (degree: 88, betweenness: 47262), CD44 (degree: 56, betweenness: 31368). 

All the details of hub genes for the common gene signatures and disease-speci�c genes (RA and SLE) are listed in
Additional �le 6: Supplementary Table S5. The networks of RA and SLE for the top 50 DEGs are shown in Additional �le
3: Supplementary Figure S3 and Supplementary Figure S4. The common gene signatures showed expression in all the
studies, shown by forest plots in Fig. 5. The forest plots represent very similar expression for the common (upregulated
and downregulated) genes of RA and SLE across studies suggests their important role in both diseases. Many of these
genes such as NFIL3, NMT2, EIF4B, PTGDS etc. identi�ed as hub genes in our network analysis too, which further proves
their importance in underlying mechanism of RA and SLE.

Identi�cation of overrepresented biological pathways and Gene Ontology terms

Pathway enrichment analysis was performed using the Enrichr web-based tool by uploading the list of RA and SLE
differentially regulated genes obtained by meta-analysis. For RA upregulated genes, TNF signaling pathways, Interleukin
related pathways, osteoclast differentiation, bone remodeling, haemoglobin’s chaperon-related pathways, TNFR1
signaling, and virus infection-related pathways were enriched. For the top downregulated genes, legionellosis, mTOR
signaling pathway, skeletal muscular hypertrophy regulation related pathway, SODD/TNFR1 signaling related pathways
were enriched. For SLE upregulated genes, interferon-alpha/beta signaling, immune system signaling by interferons,
cytokine signaling in the immune system, cell cycle checkpoints related pathway, NOD-like receptor signaling, toll-like
receptor signaling pathways and many viral infections related signaling pathways were found enriched. For the
downregulated genes, T cell receptor signaling pathway, hematopoietic cell lineage, mTOR signaling pathway, multi-drug
resistance factor-related pathways, and skeletal muscular hypertrophy regulation related pathway and various gene
expression and transcription factors related pathways were enriched. The common gene signatures identi�ed by us
include the enriched pathways related to the mTOR signaling pathway, necroptosis, bone remodeling, Regulation of eIF4e
and p70 S6 kinase pathway, translational silencing related and virus infection-related pathways. The enriched pathways
complete information for common and disease-speci�c are listed in Additional �le 7: Supplementary Table S6. For
common genes, the enriched Gene Ontology (GO) term for GO: biological processes, nuclear-transcribed mRNA catabolic
processes (GO: 0000956), viral gene expression (GO: 0019080), viral transcription (GO: 0019083), and the regulation of
cytoskeleton organization (GO: 0051493). For GO: Molecular function, mRNA binding (GO: 0003729), ubiquitin-protein
transferase inhibitor activity (GO: 0055105), beta-N-acetyl glucosaminylglycopeptide beta-1, 4-galactosyltransferase
activity (GO: 0003831), and translation elongation factor activity (GO: 0003746). The details about the GO-terms for
common and speci�c to RA and SLE are listed in Additional �le 8: Supplementary Table S7.

Discussion
Previous RA and SLE gene expression meta-analyses have been limited to a few studies and did not focus on shared
gene signatures [23][21]. The MetaIntegrator framework used in our study leverages biological and technical
heterogeneity to discover robust gene signatures ranges from cancer to autoimmune diseases and also for other
infectious diseases [29–37]. Here we performed a multi-cohort analysis of more than 900 samples from 14 datasets
representing the real-world heterogeneity in terms of platform, age, sex, cell type and genetic background to identify the
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common gene signatures between RA and SLE. The result of our study highlights the importance of global gene
expression meta-analysis to achieve the information which cannot be discovered in the analysis of the individual
datasets. MetaIntegrator framework allows us to integrate multiple datasets from different platforms in various diseases
consistently. Using MetaIntegrator, we found 162 and 1630 differentially regulated genes in RA and SLE individual
disease meta-analysis. We have performed a meta-analysis of publicly available RA and SLE diseases datasets and
identi�ed 33 common gene signatures with 9 upregulated and 24 downregulated genes. We found signi�cantly enriched
pathways related to the shared signature genes like mTOR signaling pathways, bone remodeling, various virus infection
related pathways, PI3K-AKT signaling pathway, matrix metalloproteinase pathways, osteoclast differentiation, TNF
signaling pathways, and Jak-STAT signaling pathways.

The experimental exploration of functional role of the 33 common gene signatures in the shared pathogenesis of RA and
SLE will enhance our understanding of the molecular mechanisms of the disease. Previous studies conducted on
individual RA and SLE datasets have shown the over-expression of type-1 IFN related genes. In this study, we identi�ed
Interferon regulatory factor 9 (IRF9) as a common gene signature for RA and SLE, which is a type-I IFN related gene with
important role in interferon signaling and bone remodeling pathways. It is an integral transcription factor that mediates
the type I interferon antiviral response as part of interferon-stimulated gene factor 3 (IRGF3) [38]. Many of the previous
studies con�rm its role in rheumatoid arthritis as it affects the �broblast-like synoviocytes (FLS) in TNF induced RA via
the SIRT-1/NF-kB signaling pathway [25] and its elevated expression is also explored in SLE [39]. Among other
upregulated genes, the particularly striking gene such as MMP8 (matrix metalloproteinases 8) is a known emerging
marker for several autoimmune diseases (Rheumatoid arthritis, Dermatomyositis, In�ammatory bowel diseases, Insulin-
dependent diabetes mellitus, type 1 diabetes, Systemic lupus erythromatosus, Osteonecrosis of the femoral head
(ONFH)) [40]. MMP8 is believed to be one of the key regulators of tissue degradation and remodeling, which plays a
central role in various important processes such as morphogenesis, tissue repair, wound healing and remodeling, in
response to injury [41]. Various MMPs like MMP-2, MMP-3, and MMP-9 elevated level is reported for RA and SLE [27, 42,
43]. NFIL3 (E4BP4) is an important human transcription factor in autoimmune response, the over-expression of which
leads to the downregulation of autoimmune responses in SLE patients via inhibiting the expression of CD40L [44]
mutations in this gene can alter the immune hypothesis and sensitize for arthritis pathology [28]. Intriguingly, we have
identi�ed two histone genes, H1ST1H1C (linker histone) and HIST2H2AA4 (core histone). The Linker histones act as a
trigger in certain autoimmune diseases, as the immune system on extracellular exposure can easily target H1, resulting in
activation of mast cell or B cells and ultimately developing the disease [45, 46]. It is speculated that the linker histones
are crucial in the pathogenesis of various diseases. Also, it is known that linker histones can repress the transcriptional
activity as these binds to transcription factors and cofactors binding site on DNA. Here in this study, we report the
elevated expression of linker histone (H1ST1H1C) across RA and SLE datasets, suggesting its role in pathogenesis of the
two diseases. Linker histones play a pathophysiological role in mast cell- mediated type I hypersensitivity and help in
defense against virus replication indirectly. In general linker histones provides a promising way to regulate innate
immunity, thus providing potential target against certain infections.

Another important gene is B4GALT5, a glycosyltranferase which catalyzes the synthesis of lactosylceramide (LacCer) by
transferring galactose from UDP-galactose to glucosylceramide (GlcCer). This is a biomarker for multiple sclerosis
autoimmune disease [47]. The altered glycosylation of proteins is frequently related to the abnormal expression of
glycosyltranferase [48]. B4GALT5 is a glycosyltranferase present on the Golgi cell surface and involved in certain
functions like cell adhesion, matrix interactions, and signaling cascades. Its expression level is signi�cantly related with
the immune in�ltration level of CD4 + and macrophages cells especially [49–51]. VMP1 is another over-expressed gene, It
is an ER-associated multi-spanning membrane protein, important for autophagosome formation, in turn, found central
importance in immunity [52]. Another important identi�ed gene is NEXN, a F-actin binding protein and previously
identi�ed as a disease gene causing cardiomyopathies [53]. The gene expression level of these genes has been found
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elevated in many pathological diseases, corroborating, and validating our results. This further suggests their role in the
shared pathogenesis of RA and SLE (see Fig. 5).

This study also found the downregulation of a few genes, for example, DDX60L, an interferon-stimulated gene product
that restricts certain virus infections in many autoimmune diseases [54]. We found the downregulation of speci�c
transcription factors like EIF4B, EEF1G, and NACA, which are important genes related to autoimmune regulation [55, 56].
Other important genes including NMT2, PTGDS, DUSP1, and CLIC3. Among these, NMT (N-Myristoyltransferase) gene
has two isoforms NMT1 and NMT2 both are required for T-cell development and TCR signaling [57]. Wen et al. reported
the decreased expression of NMT1 in the CD4 + T-cells of RA patients [58]. PTGDS (prostaglandin G2 synthase) is
another important gene that might be involved in important processes like adaptive immune response, regulation of cell
adhesion molecules, leukocyte migration and chemokine signaling [59]. Interestingly we found the decreased expression
of Dual-speci�city phosphatase 14 (DUSP14 or MKP6), it is a MAPK phosphatase, which negatively regulates the T-cell
receptor signaling and immune responses via inhibiting the TAB1 activation. Thus DUSP14 mediates the inhibition of the
T-cell activation signaling process [60]. Chloride intracellular channel 3 (CLIC3) is another important gene in various
immune or in�ammatory responses, providing a novel therapeutic target for autoimmune diseases [61].

Among all the identi�ed common signatures, several genes have been reported as biomarkers for one or more
autoimmune diseases, such as MMP8, NFIL3, B4GALT5, HIST1H1C, NMT2, PTGDS, and DUSP14. The results suggested
that our �ndings are consistent with the previous discoveries; moreover, for the �rst time via our meta-analysis, we are
reporting shared genetic signatures of RA and SLE.

Summarily, the etiology and pathogenesis of RA and SLE is interconnected in several ways, including elevated production
of cytokines and other in�ammatory mediators, dysregulation of innate and adaptive immune system, clonal expansion
of autoreactive lymphocytes, and the dysregulated neutrophills activation [62][63]. The role of the identi�ed gene
signatures in this study suggests their involvement in innate as well as adaptive immune responses and other immune
regulations indicating the shared pathogenesis of the two diseases. Furthermore, many of the immune cells and system
regulated by these gene signatures are itself the major effectors of the in�ammatory response in both the diseases.

Among the novel putative biomarkers, the particularly striking genes are DDX60L, DUSP14, HIST2H2AA4, NMT2, RPS2,
RPS8, TTC3, ZMYND19, and NARS2. In these, NARS2 is a putative member of the class II family of aminoacyl-tRNA
synthetase, plays a crucial role in protein biosynthesis, TTC34 is a known marker for SLE. Here we report a new member
i.e., TTC3, shared by the two diseases. Various ribosomal protein members are known for different autoimmune diseases,
we have identi�ed RPS2 and RPS8 common in both diseases.

These gene signatures that are highly expressed across RA and SLE patients’ datasets, conclusively suggests the
involvement of these genes and associated pathways in the pathogenesis of the two diseases. However, their functional
relevance regarding gene expression and the disease outcome needs to be further explored and validated in a large
external validation dataset. Nevertheless, the shared gene signatures identi�ed in our study provide novel perspectives
and clues to understand the pathophysiological mechanism of RA and SLE. These signatures can help to determine the
novel potential drug targets for the treatment against both diseases.

Conclusions
Exploring the precise causative factors of RA and SLE remains a challenge. Our study provides alternate biological
insights regarding the common regulatory mechanism to investigate the pathological and altered gene expression
signatures related to the two diseases. Moreover, the identi�ed common signature genes may also open exploration for
new potential targets for understanding the molecular mechanism and the novel treatment options for RA and SLE. The
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shortlisted genes may provide the basis for the common mechanisms of pathogenesis and pave the way for exploration
of novel leads for clinical diagnosis, novel biomarkers and common drug targets for the two diseases.
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SLE datasets

S.No. GSE_ids   
        

Source Case Control Used

Samples

Total
Samples

PMID Centre

1 GSE11909 PBMC 63 SLE 12H 75 175 18631455

 

Baylor
University,
Texas, USA

2 GSE50772 PBMC 61 20 81 81 25861459

 

 

ITGR
Diagnostics
Discovery, South
San Francisco

3 GSE22098 Whole
blood

28
adults +
12
pediatric
SLE

42 H 83 274 20725040

 

Baylor
University,
Texas, USA

4 GSE8650 PBMC 38 21H 59 246 17724127

 

Baylor
University, TX,
Texas, USA

5 GSE4588 CD4 T
and B
cells

26 15 41 49 NA Université
catholique de
Louvain, Institut
de Recherches
Expérimentales
et Cliniques,
Brussels,
Belgium

6 GSE61635 PBMC 99 30 129 129 NA Eli Lilly and
Company, USA

 

 

7 GSE10325 PBMC 39 28 67 67 23826184

 

UT
Southwestern
Medical Center

, USA

RA datasets

1 GSE56649 peripheral
blood

13 RA  9(H) 22 22 25880754 Peking
University,
People's
Hospital,

China

2 GSE15573 PBMC 18(RA)  15(C) 33 33 19710928 CEA IG, Gene
Expression
Platform, Evry,
France

3 GSE4588 CD4 B
and T
cells

15(RA)  19 (C) 34 49 NA Université
catholique de
Louvain, Institut
de Recherches
Expérimentales
et Cliniques,

https://www.ncbi.nlm.nih.gov/pubmed/18631455
https://www.ncbi.nlm.nih.gov/pubmed/25861459
https://www.ncbi.nlm.nih.gov/pubmed/20725040
https://www.ncbi.nlm.nih.gov/pubmed/17724127
https://www.ncbi.nlm.nih.gov/pubmed/23826184
https://www.ncbi.nlm.nih.gov/pubmed/25880754
https://www.ncbi.nlm.nih.gov/pubmed/19710928
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Brussels,
Belgium

4 GSE17755 Peripheral
blood

 

RA(112)  HI (45),
HC(8)

165 165 21496236 Wakayama
Medical
University,
Laboratory of
Immune

5 GSE11827 PBMC 27(RA), 

 

22(control) 49 49 21059672 Faculty of
Medicine and
Pharmacy,
Inserm Unit 519,
ROUEN, France

6 GSE57383 Peripheral
blood

RA(27)   HC(19) 46 112 25333715 University of
Rochester
Medical Center,
School of
Medicine and
Dentistry,
Rochester, USA

7 GSE68689 whole
blood

10(RA)  
     

5 (C) (6
biological
replicates)

21 21 NA Selventa,

Cambridge, USA

Figures

https://www.ncbi.nlm.nih.gov/pubmed/21496236
https://www.ncbi.nlm.nih.gov/pubmed/21059672
https://www.ncbi.nlm.nih.gov/pubmed/25333715
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Figure 1

Meta-analysis work�ow of the study: (a) A brief outline of the study about countries or centres and the overall idea. (b)
Detailed work�ow of datasets, meta-analysis, and signatures information.
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Figure 2

A Venn diagram of DEGs obtained via individual meta-analysis for both diseases. The intersection showed the common
gene signatures of RA and SLE.

Figure 3

Receiver operating characteristic curves of RA and SLE. (a) For RA datasets and (b) for SLE datasets. A perfect classi�er
must have an AUROC of 1, while a random classi�er has an AUC of 0.5. Here the summary curve is a composite of the
individual studies from PBMC, WB, and CD4 T and B Cells samples. The precision curve for RA and SLE datasets is
shown in Figure.S2.
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Figure 4

Receiver operating characteristic curves of RA and SLE. (a) For RA datasets and (b) for SLE datasets. A perfect classi�er
must have an AUROC of 1, while a random classi�er has an AUC of 0.5. Here the summary curve is a composite of the
individual studies from PBMC, WB, and CD4 T and B Cells samples. The precision curve for RA and SLE datasets is
shown in Figure.S2.
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Figure 5

Forest plot generated from MetaIntegrator for the shared gene signatures of RA and SLE, expression in all 7 studies for
each disease. Forest plot x-axis shows the standardized mean difference (log2 scale) for genes in multiple studies. The
size of the blue box is inversely proportional to the standardarized mean difference of the gene in each study. Whiskers
represent 95 % con�dence interval. The yellow diamond represents the combined mean difference for each gene and its
width denotes the 95% con�dence interval.
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