

[image: Deciphering the molecular landscape of rheumatoid arthritis offers new insights into the stratified treatment for the condition]
Deciphering the molecular landscape of rheumatoid arthritis offers new insights into the stratified treatment for the condition





ORIGINAL RESEARCH

published: 25 June 2024

doi: 10.3389/fimmu.2024.1391848

[image: image2]


Deciphering the molecular landscape of rheumatoid arthritis offers new insights into the stratified treatment for the condition


Min-Jing Chang 1,2,3†, Qi-Fan Feng 1,2†, Jia-Wei Hao 3†, Ya-Jing Zhang 3†, Rong Zhao 1,2, Nan Li 3, Yu-Hui Zhao 3, Zi-Yi Han 3, Pei-Feng He 3* and Cai-Hong Wang 1,2*


1 Department of Rheumatology, Second Hospital of Shanxi Medical University, Taiyuan, China, 2 Shanxi Key Laboratory of Immunomicroecology, Taiyuan, China, 3 Shanxi Key Laboratory of Big Data for Clinical Decision, Shanxi Medical University, Taiyuan, China




Edited by: 

Marisa Mariel Fernandez, Universidad de Buenos Aires (UBA-CONICET), Argentina

Reviewed by: 

Changrong Ge, Karolinska Institutet (KI), Sweden

Samir Lababidi, United States Food and Drug Administration, United States

*Correspondence: 
Cai-Hong Wang
 snwch@sina.com 

Pei-Feng He
 Hepeifeng2006@126.com











†These authors have contributed equally to this work and share first authorship



Received: 26 February 2024

Accepted: 31 May 2024

Published: 25 June 2024

Citation:
Chang M-J, Feng Q-F, Hao J-W, Zhang Y-J, Zhao R, Li N, Zhao Y-H, Han Z-Y, He P-F and Wang C-H (2024) Deciphering the molecular landscape of rheumatoid arthritis offers new insights into the stratified treatment for the condition. Front. Immunol. 15:1391848. doi: 10.3389/fimmu.2024.1391848






Background

For Rheumatoid Arthritis (RA), a long-term chronic illness, it is essential to identify and describe patient subtypes with comparable goal status and molecular biomarkers. This study aims to develop and validate a new subtyping scheme that integrates genome-scale transcriptomic profiles of RA peripheral blood genes, providing a fresh perspective for stratified treatments.





Methods

We utilized independent microarray datasets of RA peripheral blood mononuclear cells (PBMCs). Up-regulated differentially expressed genes (DEGs) were subjected to functional enrichment analysis. Unsupervised cluster analysis was then employed to identify RA peripheral blood gene expression-driven subtypes. We defined three distinct clustering subtypes based on the identified 404 up-regulated DEGs.





Results

Subtype A, named NE-driving, was enriched in pathways related to neutrophil activation and responses to bacteria. Subtype B, termed interferon-driving (IFN-driving), exhibited abundant B cells and showed increased expression of transcripts involved in IFN signaling and defense responses to viruses. In Subtype C, an enrichment of CD8+ T-cells was found, ultimately defining it as CD8+ T-cells-driving. The RA subtyping scheme was validated using the XGBoost machine learning algorithm. We also evaluated the therapeutic outcomes of biological disease-modifying anti-rheumatic drugs. 





Conclusions

The findings provide valuable insights for deep stratification, enabling the design of molecular diagnosis and serving as a reference for stratified therapy in RA patients in the future.
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1 Introduction

Rheumatoid arthritis (RA) is a chronic autoimmune disease characterized by inflammatory polyarthritis, systemic inflammation, and autoantibody production. Uncontrolled RA results in progressive joint destruction and impaired functioning. Early and effective treatment using immunomodulatory medications is critical due to the potential for long-term chronic disease complications.

Nonsteroidal anti-inflammatory drugs, disease-modifying anti-rheumatic drugs (DMARDs), and glucocorticoids are commonly used conventional drugs for RA treatment. In recent years, DMARDs have assumed a more prominent role in managing RA and have been further categorized into conventional synthetic DMARDs (csDMARDs), biological DMARDs (bDMARDs), and target synthetic DMARDs according to the 2016 EULAR guideline (1). The 2021 ACR guidelines recommend starting treatment with csDMARDs in DMARD-naive patients. As second-line therapies, bDMARDs such as Rituximab and Infliximab are commonly utilized (2). Despite various available treatments, managing RA remains complex due to variations in practice based on the latest EULAR and ACR guidelines and challenges in predicting treatment outcomes and choosing the most effective medications (2). This underscores the necessity to identify and characterize patient subtypes that share similar goals and biological markers.

Currently, the widely utilized rapid assessment of disease activity in RA patients is the Disease Activity Score 28 (DAS28) (3, 4). However, DAS28 may not be suitable for all patients across different stages of RA and cannot precisely guide treatment decisions. Consequently, there is growing interest in developing more specific evaluation criteria and identifying predictors of response to biologics in RA. Recent studies have focused on the stratification of RA patients to predict prognosis and drug response more accurately. For example, a study by Lewis et al. utilized deep phenotypic profiling of RA synovial tissue, identifying transcriptional subtypes linked to three distinct cell-specific pathobiological modules (5). Their integration of ultrasonographic and radiographic data revealed that the plasma cell-infiltrated synovial module was associated with antibodies against citrullinated proteins (ACPA) positivity and a poorer prognosis in terms of radiographic damage at 12 months. Additionally, Jung et al. categorized RA synovial tissue gene expression into one inflammatory and two fibroblast subtypes, validating treatment responses in patients treated with a triple DMARD regimen (Methotrexate [MTX], Sulfasalazine, and Hydroxychloroquine) and Infliximab (6). These subgroups exhibited significant differences in ACPA positivity and treatment response. Moreover, Kraan et al. performed gene set enrichment analysis on peripheral blood data, identifying a high or low subtype based on the type I interferon (IFN) signature, and investigated the response to MTX treatment in this subtype (7). They found that IFN expression signature was a persistent trait in RA patients irrespective of MTX treatment. While these studies highlight the potential of stratifying RA patients for understanding disease pathogenesis and tailoring treatment more precisely, there remains a notable gap in research using large, publicly available peripheral blood databases, particularly concerning the response of stratified patients to bDMARDs. Therefore, it is imperative to leverage such publicly accessible data for RA stratification to refine individualized therapeutic strategies.

In the present study, we have constructed the largest genome-scale transcriptomic profiles of RA to identify patient subtypes sharing various pathways and signaling signatures. Additionally, we have evaluated the therapeutic outcomes of bDMARDs, providing a novel perspective for treating RA patients.




2 Methods



2.1 Data selection and processing

The whole workflow of our study is presented in Figure 1. We selected four recently compiled, independent microarray datasets (GSE97810, GSE110169, GSE74143, GSE45291) (8–11) of RA peripheral blood mononuclear cells (PBMCs) from the Gene Expression Omnibus (GEO) database as the training sets. These datasets consisted of a total of 1,138 RA patients and 97 HCs. Additionally, three RNA sequencing (RNA-seq) datasets (GSE138746, GSE129705, GSE120178) (12–14) from the GEO database were collected as test sets, comprising a total of 268 RA patients and 20 HCs. Given that our study focused on investigating RA patients, more RA patients were enrolled to align well with real-world conditions and enhance its clinical relevance (15, 16).




Figure 1 | The workflow of data processing procedures in the study. Four microarray datasets containing 1,138 RA patients and three RNA-seq datasets including 268 RA patients were selected as training sets and test sets respectively from the public database. DEGs were filtered after the normalization, and unsupervised clustering was performed with enrichment analysis followed. Then, the XGBoost algorithm was contrived to predict the responses of stratified subtypes to commonly used five treatments. Finally, in search for more novel therapeutic targets of RA patients, drug prediction was carried out by utilizing SMR and the Open Targets platform. DEGs, differentially expressed genes; SMR, Summary data-based Mendelian randomization analysis.



We included several DMARDs in the analysis to study the association between RA peripheral blood subtypes and therapeutic response. Specifically, MTX (GSE93272), Infliximab (GSE93272, GSE78068 and GSE58795), Tocilizumab (GSE93272, and GSE78068), Abatacept (GSE78068), and Rituximab (GSE54629) (17–19). Supplementary Table S1 provides more details on the study design and pre-processing of the microarray datasets.

The therapeutic response to conventional DMARDs such as MTX or biologic DMARDs (Infliximab, Tocilizumab [TCZ], Abatacept, and Rituximab) was evaluated by DAS28. Patients’ response was defined according to the EULAR response criteria (20, 21). For example, patients with a DAS28 score below 2.6 were considered responders, while those with higher scores were classified as non-responders.

To process the raw microarray data files from Affymetrix®, the robust multi-array average approach was used. It involved background correction, quantile normalization, and probe-set summarization using the ‘affy’ and ‘Simpleaffy’ R packages (22). The normalized matrix files for raw microarray data from Illumina were directly downloaded.

The expression profile of the RNA-seq data was converted to transcripts per kilobase millions format to allow for comparisons with the microarray datasets. To mitigate systematic, dataset-specific biases, the ‘ComBat’ function in the ‘sva’ R package was employed to adjust for residual technical batch effects resulting from integrating heterogeneous data (23). The ‘ComBat’ algorithm also showed its robustness when dealing with datasets from heterogeneous platforms, even the ones lacking HCs. Detailed validation information was presented in Supplementary Tables S2, S3 and Supplementary Figures S4, S5.

To ensure quality assurance and assess distribution bias, principal component analysis (PCA) was conducted on the identical datasets before and after normalization and batch correction.




2.2 Differentially expressed genes obtaining and functional enrichment analysis

We performed differential gene expression analysis between RA patients and healthy controls using the “limma” R package, incorporating a linear model and a modified t-test (24). We adjusted the p-values using the false discovery rate (FDR) correction to account for multiple hypothesis testing. The Benjamin-Hochberg method was used to control the proportion of false-positive results (25). A threshold of adjusted p-value < 0.05 and log fold change (log FC) > 0.32 was set to determine the significance of DEGs.

To gain insights into the biological functions of the up-regulated DEGs, we conducted functional enrichment analysis using Metascape. This analysis included Gene Ontology (GO) annotation, Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment, and Reactome. Enrichment terms with an adjusted p-value < 0.05 were considered significantly enriched (26).




2.3 Gene-set enrichment analysis

To investigate the potential biological processes or signaling pathways associated with the up-regulated DEGs between RA patients and healthy controls, we performed gene-set enrichment analysis (GSEA) using the GSEA software developed by UC San Diego and the Broad Institute (27–29). We obtained gene-set information on signaling pathways and biological processes from the KEGG and Reactome databases. Gene sets that were enriched among the up-regulated DEGs and had an FDR of less than 0.05 were identified.




2.4 Unsupervised clustering for gene expression-driven subtypes in RA patients

We utilized the R software “Consensus Cluster Plus” to perform hierarchical agglomerative clustering to subtype RA patients based on transcriptome signatures of PBMCs (30). The Partitioning Around Medoids algorithm, employing the Euclidean distance and Ward-D2 linkage, was applied for clustering the data. The core of Consensus clustering is to utilize resampling to generate subsamples from the original sample. These subsamples are then divided into a maximum of k groups and finally evaluated by analyzing the results obtained from multiple resampling returns. To ensure a robust stratification of subtypes and the consistency of the clustering results, we repeated the procedure across 1,000 reruns for k clusters. The number of clusters was determined using the cumulative distribution function (CDF). Unsupervised clustering results were also validated using PCA.




2.5 Molecular characterization by pathway and cell subset-driven enrichment analysis

In order to determine the activity levels of specific biological pathways within the three categorized subtypes, we employed single-sample gene-set enrichment analysis (ssGSEA) (31). This method utilizes an enrichment score to quantify the degree of enrichment in each sample for a given gene set within a dataset. We utilized publicly available resources, namely KEGG and Reactome databases, to identify RA-associated pathways. We also employed the “xCell” algorithm to calculate immune cell-type signature enrichment scores and determine cellular composition for the three subtypes (32). We utilized the Wilcoxon test to compare the enrichment scores, which represent pathway activity and cell-type signature, between any two of the three subtypes. Meanwhile, we employed the Kruskal-Wallis test for the comparison of all three subtypes. A p-value < 0.05 was considered statistically significant. Additionally, FDR correction was also applied to control the Type 1 error rate. Finally, the comparison of enrichment involving cell types and signaling pathways among subtypes would be considered significant at FDR < 0.05.




2.6 Development of an XGBoost classification model for subtype prediction

We constructed a decision tree using the XGBoost-tree approach in a multi-classification context with a softmax objective function to predict subtypes based on 404 gene characteristics (33). The receiver operating characteristic curve (ROC)’s area under the curve (AUC) was used to assess how well the prediction models performed. To train the classifier, 1,138 RA peripheral blood samples were divided into training (n = 799) and testing (n = 339) sets, with a respective ratio of 70% and 30%, utilizing the ‘caret’ R package. The subtype labels and expression values of the up-regulated DEGs were derived from the results of the unsupervised clustering approach. To mitigate overfitting, we used 10-fold cross-validation during the training process, and the fitted model was then utilized to assign subtypes to the testing sets using the 404-gene classifier.




2.7 SMR revealing the effects of plasma proteome on the risk of RA

To facilitate the discovery of RA drug targets, we used summary-data-based Mendelian randomization (SMR) and colocalization analysis for in-depth studies. Briefly, For the GWAS summary statistics for RA, we used the largest meta-analysis to date, comprising 22,350 cases and 74,823 controls of European origin (34). Quality control compared the RA GWAS data to the 1,000 Genomes Project Phase 3 European reference for the hg19 genome construction, excluded non-autosomal single nucleotide polymorphisms (SNPs), filtered out SNPs without rsID or with duplicated rsID and only kept biallelic SNPs with minor allele frequency (MAF) > 0.01. Summary-level statistics of genetic associations with levels of 1,881 plasma cis-protein quantitative trait loci (cis-pQTL) were extracted from 4,907 plasma proteins in 35,559 Icelanders (35). For each protein, we contained cis-acting SNPs (i.e. SNPs located within ±1 Mb of the gene body of the target gene). We used the cis-pQTLs as genetic instruments to evaluate the causal association between plasma proteins and the risk of RA.

SMR is a Mendelian randomization method that tests for shared causal variation between exposures and outcomes using summary-level data (36). In addition, we assessed whether the associations were in the presence of linkage disequilibrium using the heterogeneity in dependent instruments (HEIDI) test and removed single-nucleotide variants with p < 0.01. Based on the Benjamini–Hochberg method, FDR < 0.05 was considered statistically significant.

We performed further analyses using colocalization methods to determine whether there are potential shared causal variants between causal proteins and RA (37). A total of five posterior probabilities (PP) for mutually exclusive hypotheses were computationally generated (1). No genetic correlation for either trait (H0); (2) only trait 1 has a causal genetic variant (H1); (3) only trait 2 has a causal genetic variant (H2); (4) both traits have their own causal genetic variant, independent and different (H3); (5) both traits have the same shared causal genetic variation (H4). A colocalized locus was declared when the posterior probability of H4 (PP.H4) was greater than 0.7.

Finally, we searched the plasma proteins (PP.H4 > 0.7) using the Open Targets database to determine the potential druggability of the identified proteins (38).




2.8 Statistical analyses

For categorical variables, two groups were compared using the Wilcoxon test, and the Kruskal-Wallis test for comparisons involving more than two groups. To control the overall Type 1 error rate, FDR correction was also applied and FDR less than 0.05 was considered significant. As the variables for RA subtypes and clinical measures are numerical, we used the chi-square test or Fisher’s exact test to analyze the correlation between the two. Statistical significance was defined as p <0.05 for a two-tailed test. All statistical analyses were performed using R software (version 4.0.3).





3 Results



3.1 Screening and functional enrichment analysis of DEGs

Upon comparing the gene expression profiles of peripheral blood samples from RA patients and HCs, we identified 404 up-regulated DEGs. These DEGs were visualized using volcanic and heat maps (Figures 2A, B). Functional enrichment analysis of the DEGs revealed gene ontology biological process terms that align with the current understanding of RA pathophysiology. Specifically, GO analysis indicated significant enrichment of biological processes such as response to viruses and bacteria, inflammatory response, organelle inheritance, and cellular macromolecule biosynthetic process (Figure 2C).




Figure 2 | Identification of differentially expressed genes (DEGs) between patients with rheumatoid arthritis (RA) and healthy controls (HCs). (A, B) The heatmap and volcano plot of DEGs in RA patients versus HCs. (C–E) GO enrichment, KEGG and Reactome analyses of 163 up-regulated DEGs.



Additional KEGG analysis indicated that these elevated DEGs mostly enriched the TNF signaling, RIG-I-like receptor signaling, and NOD-like receptor signaling pathways (Figure 2D). Additionally, Reactome analysis demonstrated significant enrichment of the Interferon alpha/beta signaling pathways and Respiratory electron transport (Figure 2E).




3.2 Unsupervised cluster analysis identifies RA peripheral blood gene expression-driven subtypes

We employed unsupervised cluster analysis to classify RA patients with different peripheral blood phenotypes based on the expression patterns of DEGs. This analysis was repeated 1,000 times to determine the optimal number of clusters, ranging from k = 2 to 6, using the CDF value and delta area as evaluation criteria. Our results indicated that k = 3 was the optimal number of subtypes (Figures 3A–C).




Figure 3 | Identification and gene expression characterization of rheumatoid arthritis (RA) subtypes. (A) The consensus score matrix for RA samples when k = 3. A higher consensus score between the two samples indicated they were more likely to be assigned to the same cluster in different iterations. (B) Consensus clustering for the cumulative distribution function for k = 2–6. (C) Relative changes in the area under the cumulative distribution function curve for k = 2–6. (D–F) Molecular pattern distribution of three subtypes of RA in different biological processes and pathways. The top 20 most significantly enriched biological processes in each subtype of GO BP database and the top 5 most important signaling pathways in the Reactome database. (G) A Venn diagram showing up-regulated DEGs in subtype A, subtype B and subtype C compared with HCs.






3.3 Molecular processes and biological functions of three subtypes in RA

To elucidate the potential pathological mechanisms underlying RA subtypes, we examined the molecular processes and their biological functions within each subtype (Figures 3D–F). By comparing, with HCs, the specific up-regulated DEGs signatures in the three subtypes, we identified 161 significantly up-regulated DEGs in subtype A, 109 in subtype B, and 166 in subtype C (Figure 3G). Next, using the GO Biological Process (GO-BP) and Reactome databases in Metascape, we explored the signaling pathways and most notably dysregulated biological processes in each subtype.

Subtype A was mainly enriched in biological processes related to response to bacteria, neutrophil-mediated immunity, and inflammatory response (Figure 3D). Subtype B exhibited significant activation of pathways involved in viral processes, including antiviral innate immune response, response to viruses, and interferon signaling (Figure 3E). Notably, subtype C was associated with protein synthesis processes, such as peptide chain lengthening, cytoplasmic translation, and transcription of DNA-templated genes (Figure 3F).




3.4 Molecular and cellular characterization of three RA subtypes

The three clustered subtypes were labeled as subtype A (n = 399), subtype B (n = 356), and subtype C (n = 383). By comparing the enrichment scores of cell subsets and key RA-related pathways, we observed distinct immune-inflammatory characteristics among the three subtypes. The enrichment scores of 12 RA-related signaling pathways from literature, KEGG, and Reactome databases exhibited significant differences among the three subtypes after FDR correction (Figure 4A).




Figure 4 | Pathway and cell subset-driven characterization in RA subtypes. (A, B) Enrichment scores for pathways and cell subsets for each RA subtype. Box plots for the enrichment scores of pathways and cell subsets for each RA subtype. Wilcoxon test was used to analyze the differences across three subtypes. ns, not significant; *P<0.05; **P<0.01; ***P<0.001; **** P<0.0001. FDR, false discovery rate.



Specifically, subtype A was characterized by neutrophil activation, including pathways such as NOD-like receptor, Toll-like receptor, Interleukin (IL)-17, and various Interleukins (ILs) signaling pathways. On the other hand, subtype B exhibited prominent enrichment in IFN activation, including IFN-α/β and IFN-γ pathways. Subtype C did not show significant molecular characterization differences compared to the other two subtypes, however, subtype B and subtype C demonstrated greater significance than subtype A in the B cell receptor (BCR) and T cell receptor (TCR) signaling pathway.

Furthermore, using the xCell software and a machine learning framework, we estimated the enrichment of different cell types and validated differential activation across the three subtypes (Figure 4B). Subtype A displayed substantial infiltration of neutrophils, macrophages M2, and eosinophils. In contrast, B-cells, plasma cells, dendritic cells (DC), and macrophages M1 were more prominent in subtype B. Subtype C exhibited moderate enrichment in most cell types but had high expression of CD8+ T-cells.




3.5 Clinical implication of gene-driven subtypes in RA

To delve deeper into the association between molecular subtypes of RA and clinical attributes, we scrutinized the variations across the three subtypes concerning autoantibodies and disease activity. Autoantibodies serve as a distinctive feature of RA, notably rheumatoid factor (RF) and ACPA. Seropositive patients with the three subtypes of RA exhibited positivity for RF (A: 87.0%; B: 94.0%; C: 94.6%) and ACPA (A: 88.3%; B: 88.0%; C: 80.4%) (Figure 5A).




Figure 5 | Distribution of gene-driven subtypes and multiple biologics treatments respond to the RA subtypes. (A–C) The variations across the three subtypes concerning autoantibodies, disease activity and four immune cells. The box plots show the disease activity scores of the three subtypes and the enrichment scores of immune cells. Responder: responded to the biologics; non-responder: did not respond to the biologics. (D) Responder/non-responder to infliximab: 29.5%/70.5% in subtype A, 40.9%/59.1% in subtype B and 46.7%/53.3% in subtype C. (E) Responder/non-responder to Tocilizumab: 22.2%/77.8% in subtype A, 35.3%/64.7% in subtype B and 36.4%/63.6% (0/5) in subtype C. (F) Responder/non-responder Rituximab: 59.1%/40.9% in subtype A, 63.6%/36.4% in subtype B and 72.0%/28.0% in subtype C. (G) Responder/non-responder to Abatacept 14.3%/85.7% in subtype A, 21.4%/78.6% in subtype B and 30.0%/70.0% in subtype C. (H) Responder/non-responder MTX: 40.0%/60.0% in subtype A, 62.5%/37.5% in subtype B and 37.5%/62.5% in subtype C. Wilcoxon test was used to analyze the differences across three subtypes. ns, not significant; *P<0.05; **P<0.01; ***P<0.001; **** P<0.0001.



Moreover, we discovered that the levels of C-reactive protein (CRP) and erythrocyte sedimentation rate (ESR) in subtype A and subtype B were typically higher than in subtype C. Notably, CRP, commonly utilized as an indicator of systemic inflammation in RA, was abundantly expressed in subtype A (Figure 5B). Tools such as the Health Assessment Questionnaire (HAQ), DAS28, and Simplified Disease Activity Index (SDAI) are widely employed to evaluate disease activity. These tools corroborated that the disease activity index was notably higher in the subtype A of RA. However, these differences lacked statistical significance, possibly due to the constrained sample size.

Subsequently, we observed an elevated expression of neutrophils and lymphocytes in subtype A and subtype C, respectively, while the expression of basophils and eosinophils in subtype B showed a decrease (Figure 5C). These findings further corroborate the variances in clinical characteristics across the three subtypes.




3.6 Verification of classification results using RNA-seq datasets

We integrated three RNA-seq datasets from PBMCs, all comprehensively adjusted for batch effects and biases (Supplementary Figures S1A–D). To validate our classification results, these datasets encompassed 288 individuals, including 268 RA patients and 20 HCs. Using the gene expression profiles of 213 up-regulated DEGs, we segregated the patients into three subtypes: subtype A (n = 95), subtype B (n = 95), and subtype C (n = 80) (Supplementary Figures S2A–E).

We further examined the enrichment scores of RA-related pathways and cell subsets across the three subtypes (Supplementary Figures S3A, B). The consensus from our observations indicated that subtype A was principally enriched in neutrophil activation-related pathways and responses to bacteria. In contrast, subtype B exhibited an abundance of transcripts in IFN signaling and defense responses to viruses. Meanwhile, subtype C was notably associated with CD8+ T-cells.




3.7 Construction of a RA gene classifier and treatment responses of gene-driven subtypes

We devised a 404-gene classifier using an XGBoost machine learning algorithm to validate our RA subtyping scheme. We applied this classifier to a training set of 799 RA samples and a testing set of 339 RA samples. Our results attest to the practicality and robustness of this classifier, which successfully categorized the training set with an average area under the curve (AUC) value of 100%. Moreover, testing set validation achieved an accuracy of 89.68%, with an average AUC value of 90.99%. Hence, we concluded that the classifier serves as a viable and potent strategy for assessing RA subtypes in clinical trials.

Assessing the response to biological agents across different RA patients is crucial for elucidating the disease’s pathological specificity. Next, the 404-gene classifier was applied to predict the treatment response. We evaluated the response of Infliximab, TCZ, Rituximab, Abatacept, and MTX across the three RA subtypes (Figures 5D–H). Our findings indicated that subtype B (62.5%) exhibited a superior response to MTX compared to subtype A (40%) and C (37.5%). The three RA subtypes showed favorable responses to Rituximab, a B-lymphocyte-depleting agent, with subtype C achieving a response rate as high as 72%.

However, the response rates to Infliximab (a TNF inhibitor), TCZ (a humanized IL-6 receptor-inhibiting monoclonal antibody), and Abatacept (a T-cell co-stimulation modulator) across the different subtypes were comparatively low. In particular, subtype C consistently showed higher proportions of positive responses to Infliximab (46.7%), TCZ (36.4%), and Abatacept (30.0%) compared to subtypes A and B. In summary, the efficacy of certain targeted biological agents is intimately linked to RA patients with specific subtypes.




3.8 Causal proteins determined by SMR and colocalization analysis

We performed an in-depth study of MR associations between 1,881 proteins with cis-pQTL and the risk of RA outcome using the SMR approach. We identified 197 unique proteins (SMR p < 0.05), of which 26 passed the HEIDI Test and FDR correction. Further colocalization analysis identified 9 proteins that may have significant roles in RA disease progression (PP.H4 > 0.7), including FCRL3, IL1RN, CCN4, NMB, MAPK3, HAPLN4, CILP2, ICOSLG, and TMEM9 (Figure 6). Among them, MAPK3 was identified as the highest-risk protein (FDR adjusted P = 2.56 × 10–4).




Figure 6 | Manhattan plot for the 9 proteins identified in RA. Each point in the plot indicates a single association test between a plasma protein and RA as the -log10 (P) of a z-score test result which is ordered by genomic position on the x-axis and the association strength on the y-axis. The red horizontal line represents the significant threshold for the P value of FDR less than 0.05 under Bonferroni correction.






3.9 Druggability of the causal proteins

To further determine the potential new therapeutic targets of RA patients, we investigated the druggability of nine plasma proteins highlighted by colocalization analysis. Specifically, we identified six drugs targeting MAPK3 and ICOSLG proteins. For instance, AMG-557, an inducible co-stimulator (ICOS) ligand inhibitor, attenuates inflammation by inhibiting the accumulation of polyfunctional T helper 1 and T helper 17 cells. Ravoxertinib, Ulixertinib and MK-8353 serve as MAP kinase ERK1 inhibitors, and Temuterkib and KO-947, are ERK1/ERK2 inhibitors. They are all involved in the inflammatory response and tissue destruction in RA through mitogen-activated protein kinase (MAPK) and play a crucial role in the pathogenesis of RA. Therefore, whether the drugs that regulate these proteins can be reused for the treatment of RA requires further clinical experimental research.





4 Discussion

In this study, we explored differential expression patterns, significant pathways, and cellular components utilizing the most comprehensive microarray and RNA-seq datasets for RA to date. Employing an unsupervised cluster analysis, we identified three distinct subtype clusters. Subtype A was found to be enriched in neutrophil activation-related pathways and responses to bacteria. Subtype B, abundant in B cells, demonstrated an increased number of transcripts involved in IFN signaling and defense responses to viruses. Subtype C was discovered associating with CD8+T cells. These subtypes exhibited distinct clinical characteristics, including RF, ACPA positivity, and clinical assessments such as DAS28 scores.

Many preceding studies employing the stratification method have illustrated RA subtypes that can help predict potential prognoses for RA patients. Kraan et al. conducted a large-scale expression profiling by cDNA microarrays on peripheral blood, highlighting the identification of subtypes using complex IFN markers. They demonstrated that RA patients had much higher levels of IFN type I-regulated gene expression than healthy people. IFN-response genes showed increased expression in approximately half of the patients (IFN high patients). The IFN high group significantly varied from the IFN low group, according to pathway analysis, showing elevated pathways related to fatty acid metabolism, complement cascades, and coagulation (7). Our findings showed that subtype B aligns with the IFN cluster from the previous study. Furthermore, the enrichment of IFN signaling was also noted in other autoimmune disorders akin to subtype B of RA. For instance, Lanata et al. utilized an unsupervised clustering approach to stratify patients with systemic lupus erythematosus (SLE) and identified significant enrichment of genes associated with IFN signaling, antiviral responses, and inflammatory pathways (39). Mi et al. also identified two distinct IFN-1 subtypes in SLE patients. Surprisingly, they pointed out that IFN-1 might be a critical susceptibility factor for SS, potentially elucidating the pathogenesis of SLE patients who also develop SS (40). These findings strongly supported that identical signaling pathways exist in autoimmune diseases however they could also be clues for investigating the possible mechanism of the comorbidity of autoimmune diseases such as RA and SLE, proving the salience of investigating the stratification of patients.

Our study unveils that subtype A is associated with the inflammatory response, particularly the response to bacteria. The pathway of neutrophil degranulation, likely related to innate immunes such as the NOD-like receptor signaling pathway and ILs signaling pathway, is enriched in subtype A. We postulate that the delayed apoptosis, incited by NF-κB signaling activated by RA neutrophils, could exacerbate inflammation (41). With external pathogen irritation, the abnormal activation of the innate immune system and NOD-like receptor signaling may promote the secretion of ILs, which could trigger autoinflammatory and autoimmune responses. Subtype B contrasts with type A patients by displaying an abundance of interferon signaling, including both type-I and type-II interferon, CD+4 T cells, and B cells (42, 43). Naive CD4+ T cells become activated and differentiate into diverse T helper cell subsets that produce interferons in response to antigenic stimulation and cytokine signaling (44). IFN and IFN-related signaling pathways partly promote the inflammatory and adaptive response in RA patients. We also observed that both ACPA and RF show a relatively high positivity in subtype B patients. IL-21 produced by follicular helper CD4 T cells acts directly on B cells via their IL-21 receptors (IL21R), leading to the production of autoantibodies, including ACPA and RF (45–47). B cells are capable of producing both proinflammatory and anti-inflammatory cytokines, which might make the inflammatory state in peripheral blood for RA worse (48).

In addition to the above neutrophil activation and IFN signaling subtypes, CD+8 T cell factors also contribute to RA development. Due to ACPA+ RA being associated with major histocompatibility complex class II (MHC class II) HLA-DRB1 alleles, T cell studies in RA have focused primarily on CD4+ T cells. However, RA also exhibits genetic associations with alleles in the MHC class I HLA-B locus, highlighting the probable importance of CD8+ T cells (49, 50). It has been demonstrated that IL21R signaling in CD8+ T cells controls CD8+ T cell development and affects cellular metabolism, especially under conditions of persistent antigen presentation (46, 51, 52). In patients with subtype C, the abundant IL-21 produced by CD4+T cells plays a crucial role in RA development by acting on the IL-21R of CD8+T cells. Prior research and our results suggest that joint inflammation and destruction in RA are not exclusively antibody-driven and that IL-21/IL21R signaling may further drive autoimmune pathogenesis through autoreactive CD8+T cells (46).

To unravel and understand the disease heterogeneity of RA, we researched the response of biological agents to different RA subtypes by analyzing the notable therapeutic effect of Infliximab, TCZ, Rituximab, Abatacept, and MTX on patients of different subtypes. Treatment responses of gene-driven subtypes indicate that patients with specific subtypes may benefit more from some targeted biological agents than patients with other subtypes. Humby et al. has compared three non-tumor necrosis factor (TNF) α inhibitors drugs, including Rituximab, a B-lymphocyte depleter, Abatacept, which targets T-cell co-stimulation, and TCZ, an IL-6 receptor inhibitor. It was found that among adults with refractory rheumatoid arthritis, the results of Rituximab and TCZ were superior to those of Abatacept two years later, which aligns with our findings (53, 54). Furthermore, Rituximab, directed against CD20, affects the B cell population and reduces antibody production, therefore, demonstrating high therapeutic efficacy for the three subtypes. Infliximab exerts therapeutic effects on RA patients by inhibiting TNF-α binding to its target receptors and preventing the production of other proinflammatory cytokines, including IL and GCSF (55). Gerlach et al. observed that many CD8+T cells upregulate CX3CR1 upon pathogen challenge (56). Moreover, a study concluded that the CX3CL1-CX3CR1 system in patients with active RA might be sensitive to anti-tumor necrosis factor-alpha therapy and confirmed that CX3CL1 plays a critical role in the pathogenesis of RA, which may validate better therapeutic effects of Infliximab on C-type patients characterized by CD8+T cells compared to other types (57). MTX remains a cornerstone in treating rheumatoid arthritis and other rheumatic diseases. Previous studies showed that T cells isolated and activated ex vivo from RA patients treated with MTX have a diminished capacity to produce IFNγ, IL-4, IL-3, TNF, and granulocyte-macrophage colony-stimulating factor (58, 59). Over-activation of the interferon pathway, a characteristic pattern of mRNA expression, has been demonstrated in RA patients, and the same results have been observed in subtype B. Our work demonstrates great efficacy in some patient subtypes and indicates a potentially important result in efficacy that is now buried in unstratified analysis.

Furthermore, our SMR analysis based on cis-pQTL identified a total of six drugs including AMG-557, Ravoxertinib, Ulixertinib, MK-8353, Temuterkib and KO-947. Of these, AMG-557 as a class of autoimmune disease drugs has already completed the phase II clinical trial of Sjogren’s syndrome (NCT02334306) and phase I clinical trial of systemic lupus erythematosus (NCT02391259, NCT00774943 and NCT01683695) (60). Whereas Ravoxertinib, Ulixertinib, MK-8353, Temuterkib and KO-947 are currently used primarily to treat tumors. It is notable that both MAPK3 and ICOLSG, the protein targets of the above drugs, have now been shown to play a vital role in rheumatoid arthritis disease progression (61, 62). In the future, further in-depth studies are needed on the application of these drugs in RA subtyping therapy. Therefore, for this aspect, the pQTL analysis proposed in this study to identify drug targets as a more precise and personalized drug selection contributes to the new concept of precision medicine.

This study does have some limitations. First, additional meta-data would have been ideal, albeit this may be difficult given that this study was carried out in several clinical settings with various characteristics. Secondly, the Consensus clustering mainly relied on the subsampling which could lead to a reduction in data size and may result in potential clustering bias. Thirdly, the stability and potential changes in the proposed subtypes over time remain unknown due to the absence of longitudinal assessments within the descriptions of the subtypes in this review. Finally, a critical objective is to establish the correlation between clinically defined subtypes and biomarkers that reflect the underlying disease biology.




5 Conclusions

This endeavor holds significant potential for guiding the advancement of therapies tailored to specific subtypes. RA is a major medical challenge that requires more precise treatment. It is crucial to concentrate on the use of cutting-edge machine learning tools, as demonstrated in this study, in order to promote a better understanding of RA at a system level. We extensively analyzed the largest transcriptomic compendium for RA, utilizing the most comprehensive microarray and RNA-seq dataset available to date. These findings can serve as valuable guidance for developing molecular diagnostic approaches and as a future reference for tailored therapy in RA patients.





Data availability statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.





Ethics statement

Ethical approval for this study was not required in accordance with the local legislation and institutional requirements. Written informed consent for participation in the original study was provided by the participants.





Author contributions

MC: Conceptualization, Data curation, Formal analysis, Investigation, Methodology, Project administration, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. QF: Writing – original draft, Conceptualization. JH: Conceptualization, Data curation, Investigation, Methodology, Software, Validation, Writing – review & editing. YJZ: Conceptualization, Writing – original draft. RZ: Conceptualization, Investigation, Visualization, Writing – original draft. NL: Writing – original draft. YHZ: Data curation, Methodology, Writing – original draft. ZH: Investigation, Writing – original draft. PH: Funding acquisition, Project administration, Resources, Validation, Writing – review & editing. CW: Funding acquisition, Project administration, Resources, Validation, Writing – review & editing.





Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This work was supported by the National Natural Science Foundation of China (No.81971543), Four “Batches” Innovation Project of Invigorating Medical through Science and Technology of Shanxi Province (NO 2022XM05) and The Central Guidance Special Funds for Local Science and Technology Development (YDZJSX20231A061) for Caihong Wang and the National Social Science Fund of China (21BTQ050), the Key R&D Project of Shanxi Province (202102130501003) for PH.





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2024.1391848/full#supplementary-material



Abbreviations

RA, rheumatoid arthritis; PBMCs, peripheral blood mononuclear cells; GEO, Gene Expression Omnibus; HCs, healthy controls; DEGs, differentially expressed genes; RNA-seq, RNA sequencing; DMARDs, Disease-modifying anti-rheumatic drugs; MTX, Methotrexate; TCZ, Tocilizumab; DAS28, Disease Activity Score 28; PCA, Principal components analysis; KEGG, Kyoto Encyclopedia of Genes and Genomes; CDF, cumulative distribution function; FDR, False discovery rate; log FC, Log fold change; GSEA, Gene-set enrichment analysis; ssGSEA, Single-sample gene-set enrichment analysis; ROC, receiver operating curve; AUC, area under the curve; MAF, minor allele frequency; cis-pQTL, cis-protein quantitative trait loci; HEIDI, heterogeneity in dependent instruments; PP, Posterior probabilities; GO-BP, Gene Ontology Biological Process; IFN, Type I interferon; IL, Interleukin; BCR, B cell receptor; TCR, T cell receptor; DC, Dendritic cells; RF, Rheumatoid factor; ACPA, Antibodies against citrullinated proteins; CRP, C-reactive protein; ESR, Erythrocyte sedimentation rate; HAQ, Health Assessment Questionnaire; SDAI, Simplified Disease Activity Index; TNF, Tumor necrosis factor.




References

1. Combe, B, Landewe, R, Daien, CI, Hua, C, Aletaha, D, Alvaro-Gracia, JM, et al. 2016 update of the EULAR recommendations for the management of early arthritis. Ann RHEUM Dis. (2017) 76:948–59. doi: 10.1136/annrheumdis-2016-210602

2. Fraenkel, L, Bathon, JM, England, BR, St, CE, Arayssi, T, Carandang, K, et al. American college of rheumatology guideline for the treatment of rheumatoid arthritis. Arthritis Care Res (Hoboken). (2021) 73:924–39. doi: 10.1002/acr.24596

3. Takanashi, S, Kaneko, Y, and Takeuchi, T. CDAI and DAS28 in the management of rheumatoid arthritis in clinical practice. Ann RHEUM Dis. (2020) 79:671–4. doi: 10.1136/annrheumdis-2019-216607

4. Evnouchidou, I, Birtley, J, Seregin, S, Papakyriakou, A, Zervoudi, E, Samiotaki, M, et al. A common single nucleotide polymorphism in endoplasmic reticulum aminopeptidase 2 induces a specificity switch that leads to altered antigen processing. J Immunol. (2012) 189:2383–92. doi: 10.4049/jimmunol.1200918

5. Lewis, MJ, Barnes, MR, Blighe, K, Goldmann, K, Rana, S, Hackney, JA, et al. Molecular portraits of early rheumatoid arthritis identify clinical and treatment response phenotypes. Cell Rep. (2019) 28:2455–70. doi: 10.1016/j.celrep.2019.07.091

6. Jung, SM, Park, KS, and Kim, KJ. Deep phenotyping of synovial molecular signatures by integrative systems analysis in rheumatoid arthritis. Rheumatol (Oxford). (2021) 60:3420–31. doi: 10.1093/rheumatology/keaa751

7. van der Pouw, KT, Wijbrandts, CA, van Baarsen, LG, Voskuyl, AE, Rustenburg, F, Baggen, JM, et al. Rheumatoid arthritis subtypes identified by genomic profiling of peripheral blood cells: assignment of a type I interferon signature in a subpopulation of patients. Ann RHEUM Dis. (2007) 66:1008–14. doi: 10.1136/ard.2006.063412

8. Isaacs, JD, Brockbank, S, Pedersen, AW, Hilkens, C, Anderson, A, Stocks, P, et al. RA-MAP, molecular immunological landscapes in early rheumatoid arthritis and healthy vaccine recipients. Sci Data. (2022) 9:196. doi: 10.1038/s41597-022-01264-y

9. Hu, Y, Carman, JA, Holloway, D, Kansal, S, Fan, L, Goldstine, C, et al. Development of a molecular signature to monitor pharmacodynamic responses mediated by in vivo administration of glucocorticoids. Arthritis Rheumatol. (2018) 70:1331–42. doi: 10.1002/art.40476

10. Walsh, AM, Whitaker, JW, Huang, CC, Cherkas, Y, Lamberth, SL, Brodmerkel, C, et al. Integrative genomic deconvolution of rheumatoid arthritis GWAS loci into gene and cell type associations. Genome Biol. (2016) 17:79. doi: 10.1186/s13059-016-0948-6

11. Bienkowska, J, Allaire, N, Thai, A, Goyal, J, Plavina, T, Nirula, A, et al. Lymphotoxin-LIGHT pathway regulates the interferon signature in rheumatoid arthritis. PloS One. (2014) 9:e112545. doi: 10.1371/journal.pone.0112545

12. Tao, W, Concepcion, AN, Vianen, M, Marijnissen, A, Lafeber, F, Radstake, T, et al. Multiomics and machine learning accurately predict clinical response to adalimumab and etanercept therapy in patients with rheumatoid arthritis. Arthritis Rheumatol. (2021) 73:212–22. doi: 10.1002/art.41516

13. Farutin, V, Prod'Homme, T, McConnell, K, Washburn, N, Halvey, P, Etzel, CJ, et al. Molecular profiling of rheumatoid arthritis patients reveals an association between innate and adaptive cell populations and response to anti-tumor necrosis factor. Arthritis Res Ther. (2019) 21:216. doi: 10.1186/s13075-019-1999-3

14. Guo, X, Wang, S, Godwood, A, Close, D, Ryan, PC, Roskos, LK, et al. Pharmacodynamic biomarkers and differential effects of TNF- and GM-CSF-targeting biologics in rheumatoid arthritis. Int J RHEUM Dis. (2019) 22:646–53. doi: 10.1111/1756-185X.13395

15. Wacholder, S, McLaughlin, JK, Silverman, DT, and Mandel, JS. Selection of controls in case-control studies. I Principles Am J EPIDEMIOL. (1992) 135:1019–28. doi: 10.1093/oxfordjournals.aje.a116396

16. Wacholder, S, Silverman, DT, McLaughlin, JK, and Mandel, JS. Selection of controls in case-control studies. III. Design options. Am J EPIDEMIOL. (1992) 135:1042–50. doi: 10.1093/oxfordjournals.aje.a116398

17. Tasaki, S, Suzuki, K, Kassai, Y, Takeshita, M, Murota, A, Kondo, Y, et al. Multi-omics monitoring of drug response in rheumatoid arthritis in pursuit of molecular remission. Nat Commun. (2018) 9:2755. doi: 10.1038/s41467-018-05044-4

18. Nakamura, S, Suzuki, K, Iijima, H, Hata, Y, Lim, CR, Ishizawa, Y, et al. Identification of baseline gene expression signatures predicting therapeutic responses to three biologic agents in rheumatoid arthritis: a retrospective observational study. Arthritis Res Ther. (2016) 18:159. doi: 10.1186/s13075-016-1052-8

19. MacIsaac, KD, Baumgartner, R, Kang, J, Loboda, A, Peterfy, C, DiCarlo, J, et al. Pre-treatment whole blood gene expression is associated with 14-week response assessed by dynamic contrast enhanced magnetic resonance imaging in infliximab-treated rheumatoid arthritis patients. PloS One. (2014) 9:e113937. doi: 10.1371/journal.pone.0113937

20. van Gestel, AM, Prevoo, ML, van T, HM, van Rijswijk, MH, van de Putte, LB, and van Riel, PL. Development and validation of the European League Against Rheumatism response criteria for rheumatoid arthritis. Comparison with the preliminary American College of Rheumatology and the World Health Organization/International League Against Rheumatism Criteria. Arthritis Rheum. (1996) 39:34–40. doi: 10.1002/art.1780390105

21. Gaujoux-Viala, C, Mouterde, G, Baillet, A, Claudepierre, P, Fautrel, B, Le Loet, X, et al. Evaluating disease activity in rheumatoid arthritis: which composite index is best? A systematic literature analysis of studies comparing the psychometric properties of the DAS, DAS28, SDAI and CDAI. Joint Bone Spine. (2012) 79:149–55. doi: 10.1016/j.jbspin.2011.04.008

22. Gautier, L, Cope, L, Bolstad, BM, and Irizarry, RA. affy–analysis of Affymetrix GeneChip data at the probe level. BIOINFORMATICS. (2004) 20:307–15. doi: 10.1093/bioinformatics/btg405

23. Leek, JT, Johnson, WE, Parker, HS, Jaffe, AE, and Storey, JD. The sva package for removing batch effects and other unwanted variation in high-throughput experiments. BIOINFORMATICS. (2012) 28:882–3. doi: 10.1093/bioinformatics/bts034

24. Ritchie, ME, Phipson, B, Wu, D, Hu, Y, Law, CW, Shi, W, et al. limma powers differential expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Res. (2015) 43:e47. doi: 10.1093/nar/gkv007

25. Hochberg, Y, and Benjamini, Y. More powerful procedures for multiple significance testing. Stat Med. (1990) 9:811–8. doi: 10.1002/sim.4780090710

26. Zhou, Y, Zhou, B, Pache, L, Chang, M, Khodabakhshi, AH, Tanaseichuk, O, et al. Metascape provides a biologist-oriented resource for the analysis of systems-level datasets. Nat Commun. (2019) 10:1523. doi: 10.1038/s41467-019-09234-6

27. Subramanian, A, Tamayo, P, Mootha, VK, Mukherjee, S, Ebert, BL, Gillette, MA, et al. Gene set enrichment analysis: a knowledge-based approach for interpreting genome-wide expression profiles. Proc Natl Acad Sci U S A. (2005) 102:15545–50. doi: 10.1073/pnas.0506580102

28. Mootha, VK, Lindgren, CM, Eriksson, KF, Subramanian, A, Sihag, S, Lehar, J, et al. PGC-1alpha-responsive genes involved in oxidative phosphorylation are coordinately downregulated in human diabetes. Nat Genet. (2003) 34:267–73. doi: 10.1038/ng1180

29. Canzler, S, and Hackermuller, J. multiGSEA: a GSEA-based pathway enrichment analysis for multi-omics data. BMC Bioinf. (2020) 21:561. doi: 10.1186/s12859-020-03910-x

30. Wilkerson, MD, and Hayes, DN. ConsensusClusterPlus: a class discovery tool with confidence assessments and item tracking. BIOINFORMATICS. (2010) 26:1572–3. doi: 10.1093/bioinformatics/btq170

31. Hanzelmann, S, Castelo, R, and Guinney, J. GSVA: gene set variation analysis for microarray and RNA-seq data. BMC Bioinf. (2013) 14:7. doi: 10.1186/1471-2105-14-7

32. Aran, D, Hu, Z, and Butte, AJ. xCell: digitally portraying the tissue cellular heterogeneity landscape. Genome Biol. (2017) 18:220. doi: 10.1186/s13059-017-1349-1

33. T Chen, and C Guestrin. “Xgboost: A Scalable Tree Boosting System”. In: Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining; 2016 (2016.08.13-2016.08.17); San Francisco, California, USA.

34. Ishigaki, K, Sakaue, S, Terao, C, Luo, Y, Sonehara, K, Yamaguchi, K, et al. Multi-ancestry genome-wide association analyses identify novel genetic mechanisms in rheumatoid arthritis. Nat Genet. (2022) 54:1640–51. doi: 10.1038/s41588-022-01213-w

35. Ferkingstad, E, Sulem, P, Atlason, BA, Sveinbjornsson, G, Magnusson, MI, Styrmisdottir, EL, et al. Large-scale integration of the plasma proteome with genetics and disease. Nat Genet. (2021) 53:1712–21. doi: 10.1038/s41588-021-00978-w

36. Zhu, Z, Zhang, F, Hu, H, Bakshi, A, Robinson, MR, Powell, JE, et al. Integration of summary data from GWAS and eQTL studies predicts complex trait gene targets. Nat Genet. (2016) 48:481–7. doi: 10.1038/ng.3538

37. Giambartolomei, C, Vukcevic, D, SChadt, EE, Franke, L, Hingorani, AD, Wallace, C, et al. Bayesian test for colocalisation between pairs of genetic association studies using summary statistics. PloS Genet. (2014) 10:e1004383. doi: 10.1371/journal.pgen.1004383

38. Ochoa, D, Hercules, A, Carmona, M, Suveges, D, Gonzalez-Uriarte, A, Malangone, C, et al. Open Targets Platform: supporting systematic drug-target identification and prioritisation. Nucleic Acids Res. (2021) 49:D1302–10. doi: 10.1093/nar/gkaa1027

39. Lanata, CM, Paranjpe, I, Nititham, J, Taylor, KE, GianFrancesco, M, Paranjpe, M, et al. A phenotypic and genomics approach in a multi-ethnic cohort to subtype systemic lupus erythematosus. Nat Commun. (2019) 10:3902. doi: 10.1038/s41467-019-11845-y

40. Mi, X, Lai, K, Yan, L, Wu, H, and Wei, S. A comprehensive analysis of type 1 interferon gene signatures in systematic lupus erythematosus and prediction of the crucial susceptible factor for Sjogren syndrome. Clin Exp Med. (2023) 23:4731–43. doi: 10.1007/s10238-023-01154-6

41. Wright, HL, Lyon, M, Chapman, EA, Moots, RJ, and Edwards, SW. Rheumatoid arthritis synovial fluid neutrophils drive inflammation through production of chemokines, reactive oxygen species, and neutrophil extracellular traps. Front Immunol. (2020) 11:584116. doi: 10.3389/fimmu.2020.584116

42. Zhang, Y, Yang, W, Li, W, and Zhao, Y. NLRP3 inflammasome: checkpoint connecting innate and adaptive immunity in autoimmune diseases. Front Immunol. (2021) 12:732933. doi: 10.3389/fimmu.2021.732933

43. Davidson, A, and Diamond, B. Autoimmune diseases. N Engl J Med. (2001) 345:340–50. doi: 10.1056/NEJM200108023450506

44. Kondo, Y, Yokosawa, M, Kaneko, S, Furuyama, K, Segawa, S, Tsuboi, H, et al. Review: transcriptional regulation of CD4+ T cell differentiation in experimentally induced arthritis and rheumatoid arthritis. Arthritis Rheumatol. (2018) 70:653–61. doi: 10.1002/art.40398

45. Muskardin, T, and Niewold, TB. Type I interferon in rheumatic diseases. Nat Rev RHEUMATOL. (2018) 14:214–28. doi: 10.1038/nrrheum.2018.31

46. Ren, HM, Lukacher, AE, Rahman, Z, and Olsen, NJ. New developments implicating IL-21 in autoimmune disease. J Autoimmun. (2021) 122:102689. doi: 10.1016/j.jaut.2021.102689

47. Holers, VM, Kuhn, KA, Demoruelle, MK, Norris, JM, Firestein, GS, James, EA, et al. Mechanism-driven strategies for prevention of rheumatoid arthritis. Rheumatol Autoimmun. (2022) 2:109–19. doi: 10.1002/rai2.12043

48. Han, L, Tu, S, Shen, P, Yan, J, Huang, Y, Ba, X, et al. A comprehensive transcriptomic analysis of alternate interferon signaling pathways in peripheral blood mononuclear cells in rheumatoid arthritis. Aging (Albany NY). (2021) 13:20511–33. doi: 10.18632/aging.203432

49. Viatte, S, and Barton, A. Genetics of rheumatoid arthritis susceptibility, severity, and treatment response. Semin Immunopathol. (2017) 39:395–408. doi: 10.1007/s00281-017-0630-4

50. Chang, MH, Levescot, A, Nelson-Maney, N, Blaustein, RB, Winden, KD, Morris, A, et al. Arthritis flares mediated by tissue-resident memory T cells in the joint. Cell Rep. (2021) 37:109902. doi: 10.1016/j.celrep.2021.109902

51. Ren, HM, Kolawole, EM, Ren, M, Jin, G, Netherby-Winslow, CS, Wade, Q, et al. IL-21 from high-affinity CD4 T cells drives differentiation of brain-resident CD8 T cells during persistent viral infection. Sci Immunol. (2020) 5:eabb5590. doi: 10.1126/sciimmunol.abb5590

52. Moretto, MM, Hwang, S, and Khan, IA. Downregulated IL-21 response and T follicular helper cell exhaustion correlate with compromised CD8 T cell immunity during chronic toxoplasmosis. Front Immunol. (2017) 8:1436. doi: 10.3389/fimmu.2017.01436

53. Scott, LJ. Tocilizumab: A review in rheumatoid arthritis. DRUGS. (2017) 77:1865–79. doi: 10.1007/s40265-017-0829-7

54. Humby, F, Durez, P, Buch, MH, Lewis, MJ, Rizvi, H, Rivellese, F, et al. Rituximab versus tocilizumab in anti-TNF inadequate responder patients with rheumatoid arthritis (R4RA): 16-week outcomes of a stratified, biopsy-driven, multicentre, open-label, phase 4 randomised controlled trial. LANCET. (2021) 397:305–17. doi: 10.1016/S0140-6736(20)32341-2

55. Gholami, A, Azizpoor, J, Aflaki, E, Rezaee, M, and Keshavarz, K. Cost-effectiveness analysis of biopharmaceuticals for treating rheumatoid arthritis: infliximab, adalimumab, and etanercept. BioMed Res Int. (2021) 2021:4450162. doi: 10.1155/2021/4450162

56. Gerlach, C, Moseman, EA, Loughhead, SM, Alvarez, D, Zwijnenburg, AJ, Waanders, L, et al. The chemokine receptor CX3CR1 defines three antigen-experienced CD8 T cell subsets with distinct roles in immune surveillance and homeostasis. IMMUNITY. (2016) 45:1270–84. doi: 10.1016/j.immuni.2016.10.018

57. Odai, T, Matsunawa, M, Takahashi, R, Wakabayashi, K, Isozaki, T, Yajima, N, et al. Correlation of CX3CL1 and CX3CR1 levels with response to infliximab therapy in patients with rheumatoid arthritis. J Rheumatol. (2009) 36:1158–65. doi: 10.3899/jrheum.081074

58. Meyer, O. Interferons and autoimmune disorders. Joint Bone SPINE. (2009) 76:464–73. doi: 10.1016/j.jbspin.2009.03.012

59. Friedman, B, and Cronstein, B. Methotrexate mechanism in treatment of rheumatoid arthritis. Joint Bone SPINE. (2019) 86:301–7. doi: 10.1016/j.jbspin.2018.07.004

60. Cheng, LE, Amoura, Z, Cheah, B, Hiepe, F, Sullivan, BA, Zhou, L, et al. Brief report: A randomized, double-blind, parallel-group, placebo-controlled, multiple-dose study to evaluate AMG 557 in patients with systemic lupus erythematosus and active lupus arthritis. Arthritis Rheumatol. (2018) 70:1071–6. doi: 10.1002/art.40479

61. Frey, O, Meisel, J, Hutloff, A, Bonhagen, K, Bruns, L, Kroczek, RA, et al. Inducible costimulator (ICOS) blockade inhibits accumulation of polyfunctional T helper 1/T helper 17 cells and mitigates autoimmune arthritis. Ann RHEUM Dis. (2010) 69:1495–501. doi: 10.1136/ard.2009.119164

62. Han, Z, Boyle, DL, Chang, L, Bennett, B, Karin, M, Yang, L, et al. c-Jun N-terminal kinase is required for metalloproteinase expression and joint destruction in inflammatory arthritis. J Clin Invest. (2001) 108:73–81. doi: 10.1172/JCI12466




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2024 Chang, Feng, Hao, Zhang, Zhao, Li, Zhao, Han, He and Wang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fimmu-15-1391848-g004.jpg
06

05

04

11

10

0.9.

08.

07.

06:

0.8:

0.7

0.6

04-

0.2

0.0-

0.08.

0.06.

0.04.

0.02.

0.00.

0.2-

0.1

0.0-

'NOD-Tie receptor signaling pathviay 553 signaling pathway RIG-FTke eceplor Sgraimg patay_| Tol-fike receptor signaing pathway
o e o or
er ar i aen ann
aane 03 - " o
04,
02:
0.2:
03,
01
01
02
00;
A B C A B C A B C A B C
Tnterferon [IFNJ-o/p signaling pathway Tnferferon (IFN-y signaling pathway Tnterferon (IFN) signaling patfway Tnterleukin [IL]-17 signaling pathway
= T - sy o5 — iy . - iy
—_—— 09, —_—— —_— ———
ae arr arr ar
0.8
0.8:
05
o7, 07.
08 04,
08:
05
A B (03 A B C A B Cc A B Cc
Tnterieukin [1L]-23 signaling pathway Tnterleukin (1Ls) signaling pathway 5 cell recepior (BCR) signaiing pathviay T cell receplor (TCR) signaling pathway
13 75, 0 0 i
sien ha i i rian
wan N warn - an
0.95.
0.45
095
0.90-
0904
0.40. 055
085
0.80-
A B C A B [} A B C A B C
B-cells T4+ T-cels CDB+ T-cells N cells
o s 3 T
o i aa o ae e
han aer wkkn iE ik
03, 03,
02
0.2: 0.2:
01
01 01
00, 00. 00:
A B C A B (o} A B C A B [}
oC Eosnophis Newtrophis Wast cals
£33 T 2 T
saan i 03 i 05 ns
raen . rarn hrn «
02 0.02.
0.6:
03; Lo 001
=== 00 00 0.00, - *
A B (o} A B (o} A B Cc A B (¢}
Wacrophages Macrophages M1 Macrophages N2 Plasma cells
e 08— w0 | [
0.20
ek ns e 0.20 ns
—— — —— —
aer ar war hnr
0.06 0.5
0.15
0.04 0.10
0.10.
002 * 005 s
0.00. 0.00 0.00
A B C A B C A B C A B C





OEBPS/Images/fimmu.2024.1391848_cover.jpg
& frontiers | Frontiers in Immunology

Deciphering the molecular landscape of
rheumatoid arthritis offers new insights into
the stratified treatment for the condition





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Deciphering the molecular landscape of rheumatoid arthritis offers new insights into the stratified treatment for the condition

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          1 Introduction

        



        		

          2 Methods

        

          		

            2.1 Data selection and processing

          



          		

            2.2 Differentially expressed genes obtaining and functional enrichment analysis

          



          		

            2.3 Gene-set enrichment analysis

          



          		

            2.4 Unsupervised clustering for gene expression-driven subtypes in RA patients

          



          		

            2.5 Molecular characterization by pathway and cell subset-driven enrichment analysis

          



          		

            2.6 Development of an XGBoost classification model for subtype prediction

          



          		

            2.7 SMR revealing the effects of plasma proteome on the risk of RA

          



          		

            2.8 Statistical analyses

          



        



        



        		

          3 Results

        

          		

            3.1 Screening and functional enrichment analysis of DEGs

          



          		

            3.2 Unsupervised cluster analysis identifies RA peripheral blood gene expression-driven subtypes

          



          		

            3.3 Molecular processes and biological functions of three subtypes in RA

          



          		

            3.4 Molecular and cellular characterization of three RA subtypes

          



          		

            3.5 Clinical implication of gene-driven subtypes in RA

          



          		

            3.6 Verification of classification results using RNA-seq datasets

          



          		

            3.7 Construction of a RA gene classifier and treatment responses of gene-driven subtypes

          



          		

            3.8 Causal proteins determined by SMR and colocalization analysis

          



          		

            3.9 Druggability of the causal proteins

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusions

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-15-1391848-g002.jpg
Group
« down-regulated
« not-significant
« up-regulated

40

8

-log10(Agjust P-value)
N

10

log2FoldChange

response to virus
regulation of response to biotic stimulus.

cellular macromolecule biosyntheic process
cellular response to cytokine stimulus

negative regulation of innate immune response
response to lipopolysaccharide

inflammatory response

celular response to chemical stress

negative regulation of transport

protein modification by small protein removal
regulation of protein-containing complex assembly
negative regulation of lipid storage

amide biosynthetic process

lipid biosynthetic process

response to wounding
regulation of cytokine production involved in
immune response

organelle inheritance

negative regulation of catalytic activity
membrane lipid biosynthetic process
energy derivation by oxidation of organic compounds

E

Group

HC
RA

X1

X2

Herpes simplex virus 1 infection
Transcriptional misregulation in cancer
NOD-ike receptor signaling pathway
Non-alcoholic fatty liver disease

Mucin type O-glycan biosynthesis
Ribosome

RIG--ike receptor signaling pathway
TNF signaling pattway

o 1 2 3 4 6
-log10(P)
T T T T
0 2 4 6 10
og10(P)

Neutrophil degranulation
Cytokine Signaling in Immune system
Interferon Signaling

O-linked glycosylation of mucins
Neddylation

Respiratory electron transport
Interferon alphalbeta signaling

RA biosynthesis pathway





OEBPS/Images/fimmu-15-1391848-g006.jpg
-log10 (p_SMR)

15

10

MA.PK3 HAPLN4
ICO‘SLG
& N%B CILP2
_________ s SR

RN PRI i .:°;°-'-'.°s-,‘$. 5
Adain sad dbak it

9 10 11

12

13 14 15 16 17 18 20





OEBPS/Images/fimmu-15-1391848-g003.jpg
-

consensus matrix k =3

2 4 6 8 10
-og10(P

)
- - - pt ‘
15 20 25

5 10
-log10(P)

0

—_———

o 1 2 3 4 5 & 71
-log10(P)

0 2 4 6 8

log10(P)

Consensus CDF

Delta area

1.0

06
[T
a
o

0.4

02

00

00 02 04 06 08
consensus index
E

response to bacterium

inflammatory response

positive regulation of cytokine production
regulation of defense response

negative regulation of cytokine production
cytokine-mediated signaling pathway

negative regulation of fatty acid transport
positive regulation of protein phosphorylation
glycoprotein biosynthetic process

immune system development

negative regulation of immune system process
V(D)J recombination

response to oxidative stress

pattern recognition receptor signaling pathway
regulation of leukocyte activation

neutrophil mediated immunity

positive regulation of secretion

response to xenobiotic stimulus

bicarbonate transport

negative regulation of protein processing

10

relative change in area under CDF curve

Neutrophil degranulation

Signaling by Interleukins

Antimicrobial peptides

Activation of Matrix Metalloproteinases
O-linked glycosylation

T
10

—
15 20
-10g10(P)

cytoplasmic translation

mitochondrial electron transport, cytochrome ¢ to oxygen
positive regulation of apoptotic signaling pathway
signal transduction by p53 class mediator

regulation of endothelial cell apoptotic process
response to steroid hormone

hippocampus development

negative regulation of cellular component organization
positive regulation of neuron differentiation
homeostasis of number of cells

protein modification by small protein removal
secondary metabolic process

chordate embryonic development

regulation of protein import into nucleus

regulation of chromosome segregation

transcription, DNA-templated

cellular response to ionizing radiation

Peptide chain elongation

Respiratory electron transport

Retrograde transport at the Trans-Golgi-Network
Diseases of signal transduction by growth factor
receptors and second messengers

10

DEGs: Avs HC

75
og0(P)

defense response to virus

regulation of response to biotic stimulus

cellular response to cytokine stimulus.
interleukin-27-mediated signaling pathway
response to bacterium

antiviral innate immune response

modulation by symbiont of entry into host

viral process

response to interferon-alpha

signal transduction in absence of ligand

protein modification by small protein conjugation
positive regulation of pattern recognition receptor signaling pathway
inflammatory response

Fc receptor signaling pathway

metaphase plate congression

response to ionizing radiation

negative regulation of cell differentiation

cellular response to tumor necrosis factor
positive regulation of neuron differentiation
regulation of cellular localization

Interferon Signaling
Interferon gamma signaling

DDX58/IFIH1-mediated induction of interferon-alpha/beta
Cytoprotection by HMOX1

Adaptive Immune System

DEGs: B vs HC

DEGs: Cvs HC





OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/fimmu-15-1391848-g001.jpg
Dataset (training):
¢ Sequencing: Microarray
o Samples: 1,138 RAVS 97 HC
o Batch: 4 datasets, 7 batches

it

RA patients  Healthy controls

Dataset (testing):
o Sequencing: RNA-seq
* Samples: 268 RA VS 20 HC

Dataset (treatment):

¢ Sequencing: Microarray
Treatment1: Infliximab
52 Response vs 103 Non-response
Treatment2: Tocilizumab
16 Response vs 32 Non-response
Treatment3: Rituximab
45 Response vs 24 Non-response
Treatment4: Abatacept
7 Response vs 24 Non-response
Treatment5: Methotrexate
10 Response vs 11 Non-response

Data preprocessing
* Data Selection and Processing
¢ Quantile normalization
* Batch correction by sva package

Up-regulated DEGs filtering
o Linear Models by limma package

Unsupervised clustering

o Consensus Clustering
(by ConsensusClusterPlus package)

404-gene classifier using Xghoost

¢ RA Subtype prediction
o Treatment response prediction

¢—l_¥

i Mt i
S

Yoo 600 000

Enrichment analysis
* Functional enrichment analysis

(based on up-regulated DEGs)
o Gene-set enrichment analysis

Clinical implication
o Available clinical information

Molecular characterization
* Pathway-driven (by ssgsea package)
o Cell subset-driven (by xCell package)

Dataset (drug target)

1. Summary data-based Mendelian
randomization analysis
Exposure: RA
e 22,350 cases and 74,823 controls
Outcome: deCODE Genetics
* 4907 plasma proteins
¢ 35559 Icelanders
2. Colocalization analysis
o 9 of 26 plasma proteins causally
associated with the development
of RA.






OEBPS/Images/fimmu-15-1391848-g005.jpg
A B
RE W Posiive___ Negative ACPA I Posiive ___Negative, CRP. ESR
100%] 100% —_— —
e -
—— ——
1504 e 1504 ns
5% 75%
1004
80.4%
87.0% [ 94.0% 88.0% i [
50% 50%
50{
25% 25% 501
128N ==
o
PR 13.0% I 6.0° W o) =t o
v x .
A B A A B C
o
DAS28 SDAI HAQ 5 Lymphocytes
—— 100] —— —— —
104 . . - e
—_— — —
ns ns 34 ns 4 ns
—E— —— ——
754
84
sl 3
8l 50]
24
14
44 254
14
2 1 T - 01 | g + 0.[ T | - +
A B A B C A B A B C
Basophils Eosinophils Monocytes Neutrophils
— | T — - —
sl 3 = 3
ns ns e e
—_— —_— —_— il —_—
e ns ke a5 Sekkk
—— —— —— ——
0754 10]
2
104
0.50
054 "
0.25{ 54
o] 1 = HE | ,
A B C A B (o} A B A B C
D E F
Infliximab M Responder  Non-Responder Tocilizumab M Responder  Non-Responder Rituximab W Responder  Non-Responder
100% 100%{ 100%
sz 6(35.3%)
75% 75%1 e 75%
50% 50%1 50%
7(40.9%)
25% 25%1 25%
EAUT0 8(36.4%)
0% 0% 0%
A B Cc A B C A B C
G H
Abatacept M Responder  Non-Responder Methotrexate M Responder  Non-Responder
100%4 100%
1{14.3%) 3(21.4%)
3(30.0%)
2(40.0%) 3(37.5%)
(A ") B 562 5%)
o%d 50%{
ul ECI 5(62.5%)
3(37.5%)
0%
1 &






