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Background

Rheumatoid arthritis (RA) is the most common inflammatory arthropathy. Immune dysregulation was implicated in the pathogenesis of RA. Thus, the aim of the research was to determine the immune related biomarkers in RA.



Methods

We downloaded the gene expression data of RA in GSE89408 and GSE45291 from Gene Expression Omnibus public database (GEO). Differentially expressed genes (DEGs) were identified between RA and control groups. Infiltrating immune cells related genes were obtained by ssGSEA and weighted gene co-expression network analysis (WGCNA). We performed functional enrichment analysis of differentially expressed immunity-related genes (DEIRGs) by “clusterProfiler” R package, key genes screening by protein-protein interaction (PPI) network of DEIRGs. And mice collagen-induced arthritis (CIA) model was employed to verify these key genes.



Results

A total of 1,885 up-regulated and 1,899 down-regulated DEGs were identified in RA samples. The ssGSEA analysis showed that the infiltration of 25 cells was significantly different. 603 immune related genes were obtained by WGCNA, and 270 DEIRGs were obtained by taking the intersection of DEGs and immune related genes. Enrichment analyses indicated that DEIRGs were associated with immunity related biological processes. 4 candidate biomarkers (CCR7, KLRK1, TIGIT and SLAMF1) were identified from the PPI network of DEIRGs and literature research.

In mice CIA model, the immunohistochemical stain showed SLAMF1 has a significantly high expression in diseased joints. And flow cytometry analysis shows the expression of SLAMF1 on CIA mice-derived CTL cells, Th, NK cells, NKT cells, classical dendritic cell (cDCs) and monocytes/macrophages was also significantly higher than corresponding immune cells from HC mice.



Conclusion

Our study identified SMLAF1 as a key biomarker in the development and progression of RA, which might provide new insight for exploring the pathogenesis of RA.





Keywords: SLAMF1, rheumatoid arthritis, collagen-induced arthritis, bioinformatics, animal model, key gene



Introduction

Rheumatoid arthritis (RA) is a systemic autoimmune disease characterized by inflammatory changes in the synovial tissue of joints. The estimated global RA prevalence was 0.46%, accounting for 36 million people worldwide (1, 2). RA primarily during the productive years of adulthood, between the ages of 20 and 40 years, and it is more prevalent among women in developed countries (3). Eventually, RA causes irreversible damage to the joint, and it is an enormous burden on patients and society. The complications associated with RA, like respiratory problems and heart diseases and, can predispose to increased mortality (4).

Serological autoantibodies are crucial indicators in the diagnosis and prognosis of RA, the anti-immunoglobulin G (IgG) antibodies, including rheumatoid factor (RF) and anti-cyclic citrullinated peptide antibody (anti-CCP), have been used as preferred RA diagnostic criteria for decades (5). Whereas, when serum RF is negative in early onset of RA and can also be found in other autoimmune and inflammatory diseases, And anti-CCP is a highly specific but moderate sensitivity indicator for RA (6–8). Therefore, a multi-dimensional diagnosis system including more novel and effective auxiliary biomarkers is urgently needed for more accurate prediction and treatment of RA.

Studies have reported that some biomarkers, including cytokines, microRNA, and autoantibodies, may effectively diagnose early RA (9–12). Also, some works proved microbiota and metabolites maybe potential ways for RA prognosis and diagnosis (13–15). Moreover, with the clinical applications of flow cytometry, some membrane proteins have been considered to have potential as a diagnostic marker such as CD146, CD64 and CD154 (16–18).However, most biomarkers are not validated in prospective cohorts, or their clinical relevance is unclear.

RA has been recognized as a chronic immune-mediated disease resulting from combined genetic and environmental factors. Further, the malfunction of multiple immune cell types and signaling networks elicit a maladaptive tissue repair process, leading to tissue damage predominantly in the joints. RA is closely associated with various immune cells either residing in the synovium or circulating in peripheral blood, and each cell type contributes differently to the disease pathogenesis (19–21). RA runs through a relatively prolonged immune disorder stage, and the molecular characterization of this stage has the potential to identify upstream molecular targets. So, the immune system could be re-engineered to halt the disease process prior to irreversible tissue damage.

Recently, transcriptomic and analyses have been widely used to identify novel biomarkers in the diagnosis and treatment of RA. With high-throughput sequencing and bioinformatics analyses, it is possible to explore potential vital genes and signal pathways closely related to disease development. In this study, we initially selected some new hub genes in RA by downloading and re-analyzing datasets GSE45291 and GSE89408. Then we employed collagen-induced arthritis (CIA) mice as a RA model and verified signaling lymphocytic activation molecule family 1 (SLAMF1, CD150) as an immune-related key gene in RA using Flow Cytometry, immunohistochemistry, and real-time PCR. This work may shed light on the mechanisms of RA development at the transcriptome level and provide a new target for diagnosing, preventing, and treating RA.



Materials and methods


Data source

Two gene expression profiles of RA, GSE89408 and GSE45291, were identified after searching GEO. The GSE89408 data file including 152 RA samples and 28 normal samples was used as a training set. And GSE45291 including 493 RA samples and 20 normal samples was used as an external validation set.



Identification of DEGs

R software was used to process data using the “limma-voom” package (PMID: 34616422). The log transformation was applied to the original data. statistical methods p-value and false discovery rate (FDR) were initially used and results with adj.p value < 0.05 and |log2FC| > 1.5 were regarded as significant. The analysis results were presented by volcano plot and heatmap.



Functional and pathway enrichment analysis

The “clusterProfiler” R package (PMID: 22455463) was utilized to understand the functional and pathway enrichment information on the gene of interest. Gene Ontology (GO) analysis is a commonly used approach for annotating genes and gene products with functions including biological pathways (BP), cellular components (CC) and molecular function (MF). Kyoto Encyclopedia of Genes and Genomes (KEGG) is a database resource for understanding gene functions and utilities of the biological system. GO terms or KEGG pathways with adj.p value < 0.05 were considered statistically significant.



Analysis of immune cell characteristics

The composition of 28 immune cell (activated B cell, activated CD4 T cell, activated CD8 T cell, activated dendritic cell, CD56bright natural killer cell, CD56dim natural killer cell, central memory CD4 T cell, central memory CD8 T cell, effector memory CD4 T cell, effector memory CD8 T cell, eosinophil, gamma delta T cell, immature B cell, immature dendritic cell, macrophage, mast cell, MDSC, memory B cell, monocyte, natural killer cell, natural killer T cell, neutrophil, plasmacytoid dendritic cell, regulatory T cell, T follicular helper cell, Type 1 T helper cell, Type 17 T helper cell and Type 2 T helper cell) types in GSE89408 cohort was determined by the ssGSEA (Single-sample gene set enrichment analysis) method. ssGSEA was performed by “GSVA” R package (PMID: 23323831). The difference in the immune cell infiltration between the RA and normal groups was carried out using the Wilcoxon rank-sum test (p value < 0.05).



Weighted gene co-expression network construction and analysis

The WGCNA was used to determine the relationship between co-expression gene modules and differentially infiltrating immune cells in the R package “WGCNA” (PMID: 19114008). The WGCNA network and the co-expressed gene modules were established and detected using the soft threshold power of β = 12. The genes in the core module were selected for further analyses.



Construction of PPI network and identification of hub genes

The protein-protein interaction (PPI) of DEIRGs was obtained using the Search Tool for the Retrieval of Interacting Genes database (STRING, PMID: 12519996) and visualized by Cytoscape software (PMID: 14597658). The Core module in the PPI network was extracted by Molecular Complex Detection (MCODE, PMID: 32684073) plug-in. The parameters were set as: degree cutoff = 2, K-Core = 2, and Node Score Cutoff = 0.2. The genes in the core module were regarded as the potential hub genes.



Validation of SLAMF1 by ROC curve

Receiver operating characteristic (ROC) was used to evaluate the ability of SLAMF1 to discriminate between RA and control samples. And the expression and discriminating ability of SLAMF1 were also tested in the external validation set. “PRROC” R package was used to calculate the precision and recall, and draw the PR curve of SLAMF1.



Induction of collagen-induced arthritis (CIA) in mice

For CIA induction, Female DBA/1 mice were injected subcutaneously at the base of the tail with 100 µg of Chick type II collagen (Condrex, Seattle, WA, USA) emulsified in Freund’s complete adjuvant (CFA) (Chondrex, Seattle, WA, USA), followed 14 days later by a booster injection of the same Chick type II collagen (100 µg) emulsified in Freund’s incomplete adjuvant (Chondrex, Seattle, WA, USA), and mice injected with CFA/IFA only as a negative control. Which via the same route and following the protocol described by David et al (22). To assess the severity of arthritis, clinical symptoms were evaluated by means of a five-point scale: grade 0 = no swelling; grade 1 = paw with detectable swelling in a single digit; grade 2 = paw with swelling in more than one digit; grade 3 = paw with swelling of all digits and instep; and grade 4 = severe swelling of the paw and ankle.



Flow cytometry

Single-cell suspensions were prepared from the peripheral blood of mice using standard procedures. Following red blood cell lysis, Fc receptors were blocked with anti-CD16/32 Ab (2.4G2), and cells were incubated with antibody in 0.5% FBS in PBS for 30 min, and then washed in FACS buffer before analysis. Data were collected on a FACSCanto™ II (BD Biosciences San Jose, CA, USA) instrument and analyzed using FlowJo software (Tree Star, Ashland, OR, USA). The Antibodies used for staining are as follows. FITC-conjugated anti-mouse CD4 (GK1.5), NKp46 (29A1.4), Siglec-F (S17007L), F4/80 (BM8), PE-conjugated anti-mouse T cell receptor γ/δ (GL3), CXCR5 (L138D7), α-GalCer : CD1d complex (L363), Gr-1 (RB6-8C5), 317 (927), PE/Cy7-conjugated anti-mouse CD8a (53-6.7), CD25 (3C7), B220 (RA3-6B2), CD11b (M1/70), CD11c (N418), APC-conjugated anti-mouse Slamf1 (W19132B) were purchased from BioLegend (San Diego, CA, USA).



RNA extraction and real‐time PCR analysis

RNA of peripheral blood mononuclear cells was extracted by EZ-10 Total RNA Mini-Preps Kit (Sangon Biotech, Shanghai, China) and subjected to reverse transcription using HiFiScript cDNA Synthesis Kit (CoWin Biosciences, Beijing, China). The messenger RNA levels were assessed by quantitative real‐time PCR using UltraSYBR Mixture (CoWin Biosciences, Beijing, China). β-actin was used as the internal control. The primers used in the study were as follows: β-actin, 5′‐AGA GGG AAA TCG TGC GTG AC‐3′ (sense) and 5′‐CAA TAG TGA TGA CCT GGC CGT‐3′ (antisense); CCR7, 5′‐TGT ACG AGT CGG TGT GCT TC ‐3′ (sense) and 5′‐GGT AGG TAT CCG TCA TGG TCT TG‐3′ (antisense); KLRK1, 5′‐ACT CAG AGA TGA GCA AAT GCC‐3′ (sense) and 5′‐CAG GTT GAC TGG TAG TTA GTG C‐3′ (antisense); TIGIT, 5′‐ CCA CAG CAG GCA CGA TAG ATA ‐3′ (sense) and 5′‐CCA CCA CGA TGA CTG CTG T‐3′ (antisense); Slamf1, 5′‐CAG AAA TCA GGG CCT CAA GAG‐3′ (sense) and 5′‐ CAT GCC ACC CCA GGT CAA C ‐3′(antisense).



Statistical analyses

Data are presented as mean ± SD. The Wilcoxon rank-sum test was used for all statistical analyses between two conditions. A P value < 0.05 was considered statistically significant (*P < 0.05; **P < 0.01; ***P < 0.001).




Results


Identification DEGs and the immune infiltration in RA

First, GSE89408 was analyzed using the “limma-voom” package to identify DEGs. After standardization analysis, 3,784 DEGs were identified, including 1,885 up-regulated DEGs and 1,899 down-regulated DEGs (Figures 1A, B) in RA samples compared to normal samples.




Figure 1 | Identification DEGs and the immune infiltration in RA. (A) The volcano plot and (B) heatmap to show significant DEGs between RA and HC samples (C) Heatmap of the immune infiltration profiles of RA and HC samples analyzed by ssGSEA score-based method. (D) Comparison of immune cell infiltration between RA and HC samples. **p < 0.01, ***p < 0.001 and ****p < 0.0001.



Further, We analyzed whether RA and healthy control (HC) had different immune cell infiltration profiles using ssGSEA. Figure 1C shows the distribution of 28 infiltrating immune cells in the RA and normal samples. The Wilcoxon rank-sum test result showed that there were significant differences in the content of the 25 immune cells between RA and normal groups (Figure 1D), specifically, activated dendritic cell, monocyte, central memory CD4 T cell, MDSC, activated CD4 T cell, effector memory CD8 T cell, regulatory T cell, type 1 T helper cell, CD56dim natural killer cell, eosinophil, CD56bright natural killer cell, natural killer cell, natural killer T cell, activated CD8 T cell, gamma delta T cell, macrophage, T follicular helper cell, central memory CD8 T cell, mast cell, immature dendritic cell, type 2 T helper cell, immature B cell, effector memory CD4 T cell, activated B cell and plasmacytoid dendritic cell.



WGCNA and identification of the key module associated with immune infiltration in RA

We performed WGCNA to screen genes associated with differentially infiltrating immune cells. Supplementary Figure 1A shows that the GSM2371137 sample was an outlier removed from the subsequent WGCNA. The clustering of the remaining samples is shown in Supplementary Figure 1B. β value 12 was chosen as the appropriate soft-thresholding value (Supplementary Figure 1C). The WGCNA detected 19 co-expression modules, and the cluster dendrogram was established (Figure 2A). Then, their correlations with differentially infiltrating immune cells were analyzed. The yellow module was mainly associated with immune cells such as lymphocytes, including activated B cells, activated CD4 T cells, and activated CD8 T cells (|Cor| > 0.8, p-value < 0.05, Figure 2B). We defined the yellow module as an immune-related module, and a total of 603 genes in this module were extracted for subsequent studies.




Figure 2 | WGCNA and identification of the key module associated with immune infiltration in RA. (A) Clustering dendrograms for the 3,784 DEGs with dissimilarity based on the topological overlap together with the assigned module colors; 19 co-expression modules were constructed with various colors. (B) Heatmap of the correlation between module eigengene and differentially infiltrated immune cells. Each row represents a color-coded module eigengene, each column represents a type of infiltrated immune cells. The number in each cell means the correlation coefficient and p-value.





Enrichment and identification analysis of hub genes

A total of 270 DEIRGs were obtained by intersecting 603 module genes with 3,784 DEGs (Figure 3A). The most enriched KEGG pathways were “cytokine-cytokine receptor interaction,” “T cell receptor signaling pathway,” “cell adhesion molecules”, “natural killer cell-mediated cytotoxicity”, “chemokine signaling pathway”, “primary immunodeficiency” (Figure 3B). According to GO enrichment analysis, the most significantly enriched terms were “lymphocyte differentiation,” “T cell activation,” “immunological synapse”, “T cell receptor complex”, “immune receptor activity” “cytokine receptor activity” (Figure 3C).




Figure 3 | DEIRGs screening and enrichment analysis. (A) Venn diagram of 270 overlapped candidate genes shared by DEGs and Immune-related genes (MEyellow module). KEGG (B) and GO (C) enrichment analysis showed the most significantly enriched pathways. (D) Protein-protein interaction (PPI) analysis by STRING database for 270 DEIRGs. (E) PPI diagram of all the genes in cluster 1. (F) Expression levels of 4 potential biomarkers between RA and HC samples.



The PPI was analyzed with 270 DEIRGs using the STRING database (Figure 3D). The interactive relationships between the key genes in the whole network were determined using the Cytoscape plugin MCODE. There were 6 clusters: 45 nodes and 744 edges in cluster 1 (Figure 3E), 17 nodes and 36 edges in cluster 2, 4 nodes and 6 edges in cluster 3, 4 nodes and 5 edges in cluster 4, 3 nodes and 3 edges in cluster 5, and 3 nodes and 3 edges in cluster 6 (Supplementary Figure 2). Then, 27 hub TOP genes degree score≥30 in cluster 1 was used to identify hub genes.

We conducted literature research to find novel immune-related RA diagnostic biomarkers. We eliminated the genes encoding classical immune cell markers and genes with a clear function in or associated with RA. We identified 4 genes as candidate RA biomarkers for further validation, including CCR7, KLRK1, TIGIT, and SLAMF1 (Supplementary Table 1). Figure 3F shows the expression levels of the above genes in the RA samples, and they were significantly higher than those in the control group.



Validation of candidate biomarkers in mice model

To verify the role of candidate genes in RA, we employed classical collagen-induced arthritis (CIA) model in DBA/1 mice using subcutaneous injection of chick type II collagen. We observed a perfect joint pathological damage in this animal model (Figure 4A). To dynamically detect the expression of candidate genes in the pathological process, we isolated PBMCs from Healthy Control mice (HC), Freund’s Complete Adjuvant injected mice (CFA Control) and CIA mice every week. We detected the mRNA expression level of CCR7, KLRK1, TIGIT, and SLAMF1 and found that SLAMF1 has the most consistent trend of significance with the pathological progression of CIA (Figure 4B). Further, the immunohistochemical stain of joint tissue showed SLAMF1 has a significantly high expression in diseased joints (Figure 4C), suggesting that SLAMF1 might be involved in the immune response caused by multiple immune cell infiltration.




Figure 4 | Construction collagen-induced arthritis and validation of candidate gene in the model. (A) Photographs, X-ray, H&E and Safranin O-fast green staining images of the hind limbs of CIA and HC 5 weeks after the first CII injection. (B) Realtime-PCR analysis for gene expression of CCR7, KLRK1, TIGIT and SLAMF1 in the PBMC of CIA, CFA control and healthy control (HC) mice every week. (C) Immunohistochemical detection of SLAMF1 expression in joint synovial samples from CIA and CFA mice. Data shown are the mean ± SEM with 6 mice per group and are from one experiment, representative of two performed. *p < 0.05 and **p < 0.01 (Wilcoxon rank-sum test).



Since SLAMF1 is a typical membrane protein and is also known as CD150, we used flow cytometry to investigate the role of SLAMF1 in the RA-related immune responses and detected the expression of SLAMF1 on the surface of immune cells of CIA and HC mice using ssGSEA as mentioned above. To simplify the detection, we grouped 23 immune cells into 11 categories according to surface markers and gate strategy (Supplementary Table 2). We excluded plasmacytoid dendritic cell (pDCs) and mast cells from grouping as they cannot be detected in PBMCs. The results showed significantly elevated expressions of SLAMF1 in the Cytotoxic T Cell (CTL), T helper cells (Th), Natural killer cells (NK), Natural killer T cells (NKT), classical dendritic cell (cDCs), Monocytes/Macrophages (Mφ) (Figure 5), But not in Tfh cells, Treg cells, B cells, Eosinophils, and MDSC (Data not shown).




Figure 5 | Expression level of slamf1 on different immune cell subsets PBMC from CIA and CFA mice were stained with respective surface markers and grouped into different immune cell subsets, the expression of SLAMF1 were detected by flow cytometry and analysis by mean fluorescence intensity (MFI). Data shown are the mean ± SEM with 6 mice per group and are from one experiment, representative of two performed. *p <0.05, **p < 0.01 and ***p < 0.001 (Wilcoxon rank-sum test).





Evaluation and verification of the diagnostic effect of SLAMF1 on RA

We used the ROC curves to assess SLAMF1 diagnostic efficiency and determine whether it has an excellent diagnostic value in RA patients. As showed in Figures 6A, B, the AUCROC and AUCPR  of Slamf1 were 0.899 and 0.981, also which indicated that SLAMF1 has a particular reference value in diagnosing RA patients.




Figure 6 | Diagnostic effect of SLAMF1 on RA. (A) ROC curve and (B) Precision-recall evaluation of the diagnostic effectiveness of SLAMF1 biomarkers in Train Dataset (GSE89408) and Validation Dataset (GSE45291). (C) The expressions of SLAMF1 in Train Dataset (GSE89408) and Validation Dataset (GSE45291).



We further verified the expressions and diagnostic values of SLAMF1 using the GSE45291 as a validation dataset. We found that the expression trends (Figure 6C) and the AUCs (Figures 6A, B) were consistent with those in the training set GSE89408.




Discussion

Rheumatoid arthritis (RA), characterized by joint inflammation leading to progressive tissue damage and joint disability, is among the most frequent chronic inflammatory diseases (23). In the last decade, from a microscopic to a macroscopic level, we have seen unprecedented significant insight into the cellular function and molecular mechanisms involved with RA. However, the pathogenesis of RA remains incompletely understood, and researching the key genes underlying RA development remains a priority. Our previous studies found that Thymocyte-expressed positive selection-associated 1 (Tespa1) plays a critical role in the pathogenesis of human rheumatoid arthritis and mice collagen-induced arthritis, thus defining Tespa1 as a key gene in the pathogenesis of RA (24, 25). With the development of high-throughput sequencing and bioinformatic analytical techniques, DNA microarray has become an important method to obtain gene expression data of multiple diseases on a large scale and efficiently. Through integrated analysis of multiple sequencing databases, several studies have identified key genes and biomarkers that contribute to the occurrence and progression of RA (26–29). However, most results obtained in these studies were not physiologically validated. Therefore, further studies are required to screen and verify biomarkers involved in the pathogenesis of RA more precisely and reliably.

The present study aimed to identify and verify novel biomarkers highly expressed in RA compared to normal controls and reveal their potential mechanisms. We extracted the gene expression profiles of GSE89408, and GSE45291 downloaded from the GEO database and identified 1,885 up-regulated and 1,899 down-regulated overlap DEGs. According to the GO functional enrichment analysis, the RA-related DEGs were primarily enriched in the chemokine-mediated signaling pathway, T cell activation and regulation of T cell activation in BP; external side of the plasma membrane, collagen-containing extracellular matrix, and collagen trimer in CC; and immune receptor activity, chemokine activity and cytokine activity in MF. KEGG pathway analysis showed that the DEGs were enriched in cytokine-cytokine receptor interaction and chemokine signaling pathway viral protein interaction with cytokines. These functional enrichment analyses indicated that the DEGs were enriched in immune response and inflammation, which play an essential role in the pathogenesis of RA (20).

Increasing evidence shows that various immune cells play pathogenic roles in RA (19, 30). This study mapped the roles of various immune cells in the pathological process of RA. We analyzed the infiltration profiles of 28 infiltrating immune cells using ssGSEA and found that 23 of them have a significant increase compared to healthy controls. Next, we performed WGCNA to screen genes associated with differentially infiltrating immune cells and obtained 603 immune-related genes in one module. By intersecting DEGs and immune-related modules, we screened 270 DEIRGs and finally identified CCR7, KLRK1, TIGIT, and SLAMF1 as candidate RA biomarkers using literature research.

To verify the role of these genes in RA, we employed a mice CIA model to dynamically detect the expression of candidate genes in both peripheral blood mononuclear cells and pathological joint tissue. We proved that SLAMF1 has a perfect fitting curve with the CIA disease process. We detected the expression of SLAMF1 on different immune cells using flow cytometry. We demonstrated a significantly elevated expression of SLAMF1 on CTLs, Th cells, NK cells, NKT cells, cDC, and Mφ. Therefore, SLAMF1 may be involved in the inflammatory response mediated by these infiltration immune cells in the pathogenesis of RA. Finally, the ROC curves indicated that SLAMF1 had a particular reference value in the diagnosis of RA patients, prompting that SLAMF1 may be an essential biomarker for RA.

Nevertheless, there are several limitations to this study. Firstly, the samples in datasets GSE89408 and GSE45291 were from joint synovial biopsies and peripheral blood mononuclear cells respectively. Different specimen sources may have some impact on the subsequent analysis results. Secondly, the relationships between the biomarkers and immune activation in rheumatoid arthritis were only verified by the expression. Moreover, although the datasets we analyzed were from clinical samples, our validation work was carried out only in mouse models, we will validate these findings in clinical patient samples in future work. Finally, additional in vitro and in vivo experiments are necessary for exploring the in-depth mechanisms of how the SLAMF1 regulates inflammatory responses in RA.

In summary, the present study revealed that SLAMF1 might play a key role in the development and progression of RA, which might provide new insight for exploring the pathogenesis of RA, a basis for finding auxiliary diagnostic biomarker and potential therapeutic targets for RA.
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