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Editorial on the Research Topic
 Novel biomarkers for clinical and molecular stratification of organ involvement in rheumatic diseases




Multiple organ involvements develop in most of the leading rheumatic diseases including rheumatoid arthritis, systemic lupus erythematosus, systemic vasculitis, etc. While progress has been made in advancing diagnosis and treatment strategies, the elusive goal of early prediction, accurate diagnosis, and precise treatment endures. This challenge persists due to the absence of robust biomarkers and practical predictive models that can reliably guide clinicians in navigating the complex and diverse manifestations of these conditions. The integration of genomics, proteomics, and high-throughput screening, holds great potential for unearthing these elusive biomarkers. In this Research Topic of Frontier in Medicine, multiple studies deciphered the intricate molecular signatures associated with rheumatic disease and organ involvement patterns, which pave the way for the development of diagnostic tests that enable early detection and prediction. Additionally, the data generated from these technologies can be harnessed to construct predictive models that account for the complex interplay of variables contributing to disease progression.

Systemic lupus erythematosus (SLE) is a typical systemic rheumatic disease affecting most organs of the body. However, there is still an unmet need of clinically useful biomarkers that can predict organ involvement for personalized treatment. Fenton and Pedersen reviewed current research progress to identify advanced methods and possible biomarkers to be utilized in the diagnosis, disease monitoring, and prediction of treatment response in SLE. The authors proposed to look for biomarkers and methods that have specificity and sensitivity for distinct organ involvement across different diseases. Combined strategies with biomarkers, multi-omics methods and novel clinical measurements such as molecular imaging might be the best strategy to explore the precision medicine of SLE (Fenton and Pedersen). In a mini review, Tsuchida et al. summarized the abnormal expression and pathogenic roles of autotaxin in patients with SLE. Autotaxin is produced by plasmacytoid dendritic cells and is associated with type I interferons, which may become a potential biomarker in SLE (Tsuchida et al.).

Hydroxychloroquine (HCQ) is another immunosuppressant commonly used in treatment of autoimmune disease such as SLE. A small fraction of patients taking HCQ may develop acute generalized exanthematous pustulosis (AGEP) as an adverse response. Luo et al. explored the clinical features and associated gene expression of AGEP induced in HCQ treated patients with rheumatic diseases including SLE, RA, or pSS, and showed that HCQ-induced AGEP might have a longer latency period and regression time than AGEP induced by other drugs. CARD14 gene mutations might contribute to the molecular basis of AGEP (Luo et al.).

Sjögren's syndrome (SS) is a systemic autoimmune disease characterized by the immune system attacking and damaging the exocrine glands, leading to a reduction in their secretory function. The existing diagnostic methodology for SS is both invasive and lacking in efficiency, necessitating the exploration of more advanced and effective approaches. In a systematic investigation by Kamounah et al., the proteomics and miRNA-expression profile were established and analyzed. It is found that upregulation of cystatin A, β2M, α-enolase, actin, E-FABP, N-GAL, Ig-κ light-chain and C3 as well as downregulation of PRPs, CA6, α-amylase, histatins, PIP, cystatin S, and cystatin SN in patients with SS. The discriminatory performance of an anti-SSA/Ro combined with TRIM29 showed a higher sensitivity than anti-SSA/Ro positivity alone.

Rheumatoid arthritis (RA) is a chronic joint destructive autoimmune disease leading to systemic involvement and disabling. First-line treatment for RA is methotrexate (MTX), but 20–40% of RA patients do not respond to MTX (Brynedal et al.). It is therefore important to identify the variable biological effect of MTX between responders and non-responders. By employing a multi-omics approach that combines the strengths of flow cytometry, RNA sequencing, and multiplex protein quantification, Brynedal et al. performed a deep molecular and cellular phenotyping of peripheral blood cells in RA patients treated with MTX. This integrated strategy enabled them to elucidate the differences between responders and non-responders and the results might be helpful to explore the mechanism of non-responsiveness to MTX in RA treatment.

With bioinformatical analysis, Sun et al. established a lncRNA–miRNA–mRNA network in circulating exosomes (cirexos) to identify potential biomarkers for systemic sclerosis (SSc). Differentially expressed mRNAs (DEmRNAs) and lncRNAs (DElncRNAs) in SSc cirexos were screened and the ENST00000313807-hsa-miR-29a-3p-COL1A1 network in plasma cirexos could perform as a combined biomarker for the clinical diagnosis and treatment of SSc.

Systemic vasculitis are composed of a series of heterogeneous autoimmune diseases characterized by blood vessel inflammation potentially involving multiple organs and systems. Umezawa et al. reported that leucine-richα-2 glycoprotein (LRG), could be a novel biomarker for CRP-negative patients to indicate disease activity.

Liu et al. investigated the correlation between FGA gene polymorphisms and coronary artery lesion in Kawasaki disease (KD). Their study showed that FGA gene polymorphisms affected coronary artery lesion in children with KD (Liu et al.). Lung involvement is one of the most severe organ damages in patients with myeloperoxidase (MPO)-anti-neutrophil cytoplasmic antibody (ANCA)-associated vasculitis (MPO-AAV). Chen et al. exploited the image features of lung involvement to predict the therapeutic response and facilitate decision making in MPO-AAV treatment. They developed and validated a radiomics nomogram model to predict treatment resistance of Chinese MPO-AAV patients based on low-dose multiple slices computed tomography (MSCT) of the involved lung with cohorts from two centers, and this model might work as a non-invasive tool for predicting treatment response and improve individualizing treatment decisions (Chen et al.).

Overall, this Research Topic focus on Novel biomarkers for clinical and molecular stratification of organ involvement in rheumatic diseases. Over the past decades, numerous advances have been made in multiple omic approaches, which enable us to screen clinical samples and combine multi-layer data to exploit useful biomarkers. Some of the innovations might become part of the routine clinical practice in the future.
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Objective: This study aimed to analyze potential biomarkers for systemic sclerosis (SSc) by constructing lncRNA–miRNA–mRNA networks in circulating exosomes (cirexos).

Materials and methods: Differentially expressed mRNAs (DEmRNAs) and lncRNAs (DElncRNAs) in SSc cirexos were screened using high-throughput sequencing and detected with real-time quantitative PCR (RT-qPCR). Differentially expressed genes (DEGs) were analyzed using the DisGeNET, GeneCards, GSEA4.2.3, Gene Ontology (GO), and Kyoto Encyclopedia of Genes and Genomes (KEGG) databases. Receiver operating characteristic (ROC) curves, correlation analyses, and a double-luciferase reporter gene detection assay were used to analyze competing endogenous RNA (ceRNA) networks and clinical data.

Results: In this study, 286 DEmRNAs and 192 DElncRNAs were screened, of which 18 DEGs were the same as the SSc-related genes. The main SSc-related pathways included extracellular matrix (ECM) receptor interaction, local adhesion, platelet activation, and IgA production by the intestinal immune network. A hub gene, COL1A1, was obtained by a protein–protein interaction (PPI) network. Four ceRNA networks were predicted through Cytoscape. The relative expression levels of COL1A1, ENST0000313807, and NON-HSAT194388.1 were significantly higher in SSc, while the relative expression levels of hsa-miR-29a-3p, hsa-miR-29b-3p, and hsa-miR-29c-3p were significantly lower in SSc (P < 0.05). The ROC curve showed that the ENST00000313807-hsa-miR-29a-3p-COL1A1 network as a combined biomarker of SSc is more valuable than independent diagnosis, and that it is correlated with high-resolution CT (HRCT), Scl-70, C-reactive protein (CRP), Ro-52, IL-10, IgM, lymphocyte percentage, neutrophil percentage, albumin divided by globulin, urea, and RDW-SD (P < 0.05). Double-luciferase reporter gene detection showed that ENST00000313807 interacts with hsa-miR-29a-3p, which interacts with COL1A1.

Conclusion: The ENST00000313807-hsa-miR-29a-3p-COL1A1 network in plasma cirexos represents a potential combined biomarker for the clinical diagnosis and treatment of SSc.

KEYWORDS
systemic sclerosis, circulating exosomes, lncRNA, bioinformatics analysis, biomarkers


1. Introduction

Systemic sclerosis (SSc) is an autoimmune disease that includes diffuse systemic sclerosis (dSSc) and localized systemic sclerosis (lSSc) (1). The clinical manifestations of SSc include skin, lung, gastrointestinal, and cardiovascular damage (1). Lung damage includes pulmonary fibrosis and pulmonary vascular disease, which are characterized by a non-expectorant cough and dyspnea (1). SSc is a rare disease that mainly occurs in women, with an annual incidence rate of 10–20 per million people and a prevalence rate of 30–300 per million people (1). Traditional therapy is a combination of immunosuppressants, such as mycophenolate mofetil or cyclophosphamide, while hematopoietic stem cell transplantation is also used to treat refractory SSc (2). In view of the limited treatment methods at present, the quality of life and prognosis of patients with SSc are poor, and the early diagnosis of SSc without skin lesions is difficult. Therefore, it is particularly important to find appropriate biomarkers to assist in diagnosis or use in targeted therapy.

At present, the pathogenesis of SSc is incompletely understood. In addition to possible genetic and environmental factors, three other major factors play a critical role in the pathogenesis of SSc: endothelial injury and fibroproliferative vasculopathy, immune system abnormalities, and fibroblast dysfunction (3). Wasson et al. (4) showed that overexpression of lncRNA HOTAIR in the dermal fibroblasts of SSc induced the expression of collagen and α-smooth muscle actin, activated the NOTCH pathway, and inhibited the expression of miRNA-34a. They also found that HOTAIR was upregulated in in vitro cultured myofibroblasts from patients with SSc and in skin biopsies from SSc patients, while miRNA-34a was downregulated in the dermal fibroblasts of SSc in vitro. Mounting evidence has suggested that exosomes (EXOs) are closely related to vascular injury, immune abnormalities, and fibrosis in SSc (3). Circulating exosomes (circexos) are membrane-bound vesicles with a diameter of 30–120 nm that are secreted from tissue cells into blood (5). Cirexos can fuse with the cell membrane and transport proteins, lipids, and nucleic acids of the recipient cell for communication between cells or between cells and the environment, thus affecting the physiological and pathological functions of both the recipient cell and parent cell (6, 7). Thus, cirexos may be a novel and disease-specific biomarker for the diagnosis of SSc (8). Several miRNAs associated with profibrosis have been found to be significantly increased in cirexos isolated from the serum of patients with SSc, and serum cirexos isolated from patients with SSc stimulated the expression of genes encoding extracellular matrix components, such as collagen type I alpha 1 (COL1A1), collagen type III alpha 1 (COL3A1), and fibronectin 1 (9). Serum exosomes from patients with dSSc and lSSc also induced dose-dependent increases in the expression of genes related to myofibroblast activation (9). Therefore, cirexos may be involved in fibrosis in SSc.

Recently, researchers have paid increasing attention to competing endogenous RNAs (ceRNAs). ceRNAs do not specifically refer to one type of RNA, but rather a novel mechanism for RNAs interacting with each other. ceRNAs are involved in various diseases, such as cancer, immune-related diseases, cardiovascular diseases, and neurological diseases (10). Wang et al. (11) identified the regulatory role of lncRNA SNHG16 in myasthenia gravis (MG), an autoimmune disease, by constructing the ceRNA network. They found that SNHG16 was upregulated in patients with MG and was involved in its pathogenesis by competitively binding let-7c-5p to increase the expression of IL-10. Based on ceRNA, Fan et al. (12) found that lncRNA LOC100912373 could upregulate the expression of pyruvate dehydrogenase kinase 1 (PDK1), accelerate the phosphorylation of protein kinase B (AKT), induce the proliferation of fibroblast-like synoviocytes by competitively binding to miR-17-5p, and promote the occurrence and development of rheumatoid arthritis (RA). Extracellular lncRNAs are mainly enriched in exosomes, and cirexos can act as a protective barrier shielding lncRNAs from extracellular degradation, thus making lncRNAs stably expressed and easily detected as a biomarker of disease (13). LncRNAs, miRNAs, and mRNAs carried by cirexos have the potential to become new biomarkers and therapeutic targets of SSc (8, 14). However, there are limited studies on lncRNAs in cirexos in SSc and other autoimmune diseases, and many lncRNAs in plasma cirexos have not been fully studied.

In this study, cirexos were extracted and identified from the plasma of healthy controls (HCs) and patients with SSc. High-throughput sequencing and bioinformatics analysis were used to screen ceRNA networks in the SSc plasma cirexos. The ceRNA networks that were correlated with the clinical data of patients with SSc were verified with real-time quantitative PCR (RT-qPCR) and a double-luciferase reporter gene test (Figure 1). The results from this study provide potential biomarkers for the diagnosis and treatment of SSc.
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FIGURE 1
Flowchart of the experimental design. SSc, systemic sclerosis; HC, healthy control; cirexos, circulating exosomes; DEmRNAs, differentially expressed mRNAs; DElncRNAs, differentially expressed lncRNAs; DEGs, differentially expressed genes; GO, gene ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; PPI, protein–protein interaction; RT-qPCR, real-time quantitative PCR; DLRTM, dual-luciferase reporter.




2. Materials and methods


2.1. Patients and samples

Whole blood samples were collected from 20 patients with SSc and 20 age- and sex-matched HCs in the Department of Rheumatology and Physical Examination at the First Affiliated Hospital of Baotou Medical College, Inner Mongolia University of Science and Technology. The inclusion criteria of patients with SSc were in accordance with the 2013 American College of Rheumatology (ACR)/European League Against Rheumatism (EULAR) classification criteria. This study protocol was approved by the Ethics Committee of the First Affiliated Hospital of Baotou Medical College, Inner Mongolia University of Science and Technology [Approval No. 2018 (017)].



2.2. Extraction and identification of cirexos

Peripheral whole blood samples (8 mL) were collected with EDTA anticoagulant-coated tubes and then centrifuged at 3,000 rpm for 10 min at 25°C. The supernatant was divided into centrifuge tubes (Eppendorf, Hamburg, Germany) and stored at −80°C. The process was completed within 2 h. Cirexos were extracted with the miRNeasy serum/plasma kit (Qiagen, Hilden, Germany) according to the manufacturer’s instructions.

Precipitated cirexos were resuspended in radioimmunoprecipitation assay (RIPA) buffer (Solarbio, Beijing, China) to extract proteins. The protein concentration was determined using a BCA kit (Thermo Fisher Scientific, Waltham, MA, USA), and the cirexo protein markers were detected by western blot (WB). The protein was transferred to a polyvinylidene fluoride (PVDF) membrane following sodium dodecyl sulfate-polyacrylamide gel electrophoresis (SDS-PAGE). After blocking with 5% skimmed milk powder at 25°C for 2 h, specific primary antibodies against CD9 (1:5000), HRS (1:500) (Invitrogen, Camarillo, CA, USA), TSG101 (1:200), and calnexin (1:500) (Santa Cruz Biotechnology, San Diego, CA, USA) were incubated at 4°C for 8 h. The primary antibody was discarded the next day, and the secondary antibody (goat anti-rabbit HRP, 1:20,000) (Santa Cruz Biotechnology, CA, USA) was added and incubated at 37°C for 1 h. After incubating with a chemiluminescent substrate, the blot was photographed with an E-Gel imager (Thermo Fisher Scientific, Waltham, MA, USA). The particle size and distribution of cirexos were determined by a nanoparticle tracking analyzer (NTA) (ZetaView, Particle Matrix, Meersbusch, Germany). Analysis was performed using ZetaView 8.04.02 and Izon Control Suite 3.3.2 (IZON Science Ltd., Oxford, UK). In addition, transmission electron microscopy (TEM) (JEOL Ltd., Tokyo, Japan) was used to observe the isolated cirexos, and 10 mL of cirexos was used for electron microscopy detection and imaging at 100 kV.



2.3. RNA isolation and sequencing of cirexos

Prefiltered plasma was mixed with 2x binding buffer (XBP) at a ratio of 1:1 and then added to the exoEasy membrane affinity column. After centrifugation, the effluent was discarded, and washing buffer (XWP) was added to the column. After centrifugation, the flow through was discarded. QIAzol kit (QIAGEN, Hilden, Germany) was used to lyse the vesicles. Following centrifugation, the lysate was collected and chloroform was added and then thoroughly mixed. After centrifugation, ethanol was added to the aqueous phase. The sample–ethanol mixture was added onto RNeasy MinElute spin columns. After centrifugation, columns were washed once with buffer RWT, then twice with RPE buffer, before eluting RNA in water (15). The total RNA extracted from cirexos was subjected to high-throughput sequencing.



2.4. High-throughput screening of DEmRNAs and DElncRNAs

According to the P-value < 0.05 and | log2 (a Fold–change) | ≥ 1 standard, the differentially expressed mRNAs (DEmRNAs) and differentially expressed lncRNAs (DElncRNAs) in cirexos were obtained by high-throughput sequencing. The expression and clustering of DEmRNAs and DElncRNAs are presented by heatmaps and volcano maps. The mRNAs associated with SSc were predicted with the GeneCards database1 and DisGeNET database,2 and then the overlapping SSc-related genes and DEmRNAs were screened out and visualized by the online website Venn2.1.3



2.5. Analysis of gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways

Gene ontology (GO) analysis of DEmRNAs was conducted by a Fisher’s exact test. The GO items with P < 0.05 were considered significantly enriched. Gene set enrichment analysis (GSEA, version 4.2.3)4 was used to perform GO analysis on all DEmRNAs obtained by sequencing. The random combination was set as 1,000 times. The gene matrix was set as c5.all.v7.5.1 symbols.gmt (GO), and GO items with a normalized enrichment score (NES) absolute value > 1 and P < 0.05 were screened. DEmRNAs were analyzed using the KEGG database with Fisher’s exact test. Pathways with a P < 0.05 were considered significantly enriched. The network of KEGG pathways was reconstructed by the ClueGO plug-in of Cytoscape3.9.1.5



2.6. Prediction of miRNAs targeted by DElncRNAs and DEmRNAs

lncRNASNP26 was used to predict the miRNAs bound to DElncRNAs. Mature miRNA sequences from miRBase (21st edition) were collected in lncRNASNP2. To reduce false positives, the same miRNAs in MiRanda, TargetScan, and Pita were selected as the final target in lncRNASNP2 (16). miRNAs that interacted with SSc-associated DEmRNAs were predicted using Starbase v2.0.7 Data in lncRNASNP2 and Starbase v2.0 were supported by purple diplomatic immunoprecipitation and high-throughput sequencing experiments (17).



2.7. Prediction of lncRNA–miRNA–mRNA ceRNA networks

lncRNA–miRNA–mRNA networks were established according to the upregulated or downregulated mRNAs and lncRNAs in SSc, as well as the miRNAs that interacted with them. The STRING online tool8 was used to construct the protein–protein interaction (PPI) network of DEmRNAs. The minimum interaction score was set to be > 0.15. The data from the STING database were visualized and analyzed via Cytoscape 3.9.1 software. Hub genes in networks were identified with the cytoHubba plugin in Cytoscape 3.9.1 (18). Hub genes were calculated with three algorithms, including Maximal Clique Centrality (MCC), Degree, and Maximum Neighborhood Component (MNC), and then presented using the Venn diagram online tool (19, 20). The pathways related to SSc were predicted by the Comparative Toxicogenomics Database.9 The corresponding genes of the pathways were found, and the same DEmRNAs were used as the hub genes of the PPI networks. The lncRNA–miRNA–mRNA networks were drawn with Cytoscape3.9.1 software.



2.8. Prediction of mRNA and lncRNA localization

LncLocator10 is the prediction database of lncRNA subcellular localization, including localization of 15 cell lines (21, 22). The mRNALocator11 is a database for predicting mRNA subcellular localization (23). In this study, lncLocator and mRNALocator were used to predict the subcellular localization of lncRNA and mRNA, respectively.



2.9. Prediction of upstream transcription factors (TFs) and downstream binding proteins of lncRNAs

The binding sites of TFs for lncRNA were predicted by the ConSite database. The CatRAPID database12 was used to predict proteins that bind with lncRNA. PubMed13 was used to search for TFs and binding proteins related to SSc (24, 25).



2.10. ceRNA networks were verified by RT-qPCR

The relative expression levels of lncRNAs, miRNAs, and mRNAs involved in ceRNA networks from the plasma cirexo samples of 20 patients with SSc and 20 HCs were verified by RT-qPCR. The PCR cycling conditions were as follows: 95°C for 1 min; 40 cycles of 95°C for 15 s and 60°C for 30 s; and dissociation at 72 and 99°C. Data were analyzed by the 2-ΔΔCt method. Three technical replicates were used for each sample. The sequences of primers used in this study are listed in Table 1.


TABLE 1    Sequences of the primers used in this study.
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2.11. Correlation analysis between ceRNA networks and clinical data and receiver operating characteristic (ROC) curve drawing

The correlation between ceRNA networks was analyzed by IBM SPSS software Version 26.0 (SPSS Inc., Chicago, IL, USA) and GraphPad Prism 9.0.0 (GraphPad, La Jolla, CA, USA). Correlations between ceRNA networks and clinical data, such as high-resolution CT (HRCT), antinuclear antibody profile (Scl-70, CENP-B, Ro-52), C-reactive protein (CRP), IL-10, lymphocyte percentage, and neutrophil percentage, were analyzed, and then the receiver operating characteristic curve (ROC) for SSc diagnosis was drawn.



2.12. Verification of ceRNA interactions by a double-luciferase reporter gene assay

We synthesized the wild-type (WT) sequences of ENST00000313807 and COL1A1 and cloned them into the pGL3 basic vector. According to the predicted interaction sites, the plasmid was used as a point-mutation template to construct a pGL3 basic vector. The pGL3 basic vector contains Firefly luciferase, and the pRL-TK plasmid contains Renilla luciferase, which was used as the control. The WT or mutation reporter plasmid was co-transfected with the hsa-miR-29a-3p mimic or negative control (NC) mimic into 293T cells. After 48 h, the luciferase activity of different groups was detected with the double-luciferase report gene detection kit (Beyotime, Shanghai, China). The relative light unit (RLU) values determined by firefly luciferase were divided by those determined by sea kidney luciferase. According to the ratio obtained, the activation degree of the target reporter gene was detected in different groups. The plasmids were divided into the following groups: NC mimics + ENST-WT; hsa-miR-29a-3p-mimics + ENST-WT; NC-mimics + ENST-mutant (MT); hsa-miR-29a-3p-mimics + ENST-MT; NC-mimics + COL1A1-WT; hsa-miR-29a-3p-mimics + COL1A1-WT; NC-mimics + COL1A1-MT; and hsa-miR-29a-3p-mimics + COL1A1-MT.



2.13. Statistical analysis

The data were analyzed by IBM SPSS software Version 26.0 (SPSS Inc., Chicago, IL, USA), GraphPad Prism 9.0.0 (GraphPad, La Jolla, CA, USA) and R Studio 4.1.0 (Boston, MA, USA). When the data of the correlation analysis were linear and conformed to normal distribution, Pearson correlation analysis was used for correlation analysis between ceRNA networks and clinical data; otherwise, Spearman’s correlation was used. When the data conformed to a normal distribution and the variance was homogeneous, an independe nt-sample t test was used; when the data conformed to a normal distribution and the variance was inhomogeneous, Welch’s t test was used; otherwise, a non-parametric test was used. Data are presented as the mean ± SEM, and tests were repeated three or five independent times. P-values < 0.05 were considered statistically significant. Binary logistic regression was also used for ROC curve analysis.




3. Results


3.1. Identification of plasma cirexos

In this study, TEM, WB, and NTA were used to identify the extracted cirexos. The results are shown in Figure 2. Clear vesicle structures were observed in plasma cirexos of SSc and HC by TEM, and the vesicle size was consistent with the detection standard of EXOs (Figure 2A). WB analysis showed the presence of the exosome markers hepatocyte growth factor-regulated tyrosine kinase substrate (HRS), CD9, and tumor susceptibility gene 101 (TSG101), but the absence of Calnexin (Figure 2B). The particle size of samples detected by NTA was consistent with the standard. The cirexo diameter of the HC sample was 123.4 nm, and the concentration was 1.2 × 1011 particles/mL. The cirexo diameter of the SSc sample was 116.4 nm, and the concentration of the sample was 9.5 × 1010 particles/mL (Figure 2C). The data indicated that cirexos were successfully extracted.
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FIGURE 2
Identification of circulating exosomes (cirexos). (A) The morphology of cirexos was detected by transmission electron microscopy (TEM) (magnification: 300,000×). (B) Identification of cirexo surface markers by western blot (WB). M, marker; L, loading buffer; PC, exosomes (EXOs) derived from mouse macrophage supernatant, which was used as the positive control. (C) Determination of cirexo concentration and particle size by nanoparticle tracking analyzer (NTA). Cirexos, circulating exosomes; EXOs, exosomes.




3.2. Analysis of DEmRNAs and DElncRNAs in plasma cirexos by high-throughput sequencing

High-throughput sequencing was used to screen DEmRNAs and DElncRNAs in the plasma cirexos of SSc. The volcano map showed the overall distribution of differentially expressed genes (DEGs). The horizontal coordinate of the volcano map was the multiple of the difference, and a fold change greater than 2 was set to identify the differential genes. The ordinate was set as the minus base-10 logarithm of the P-value, which is -log 10 (P-value). The log10 (FPKM + 1) values were normalized and then clustered. The volcano map showed 286 DEmRNAs, including 143 upregulated genes and 143 downregulated genes (Figure 3A) (P < 0.05). The volcano map showed 192 DElncRNAs, including 53 upregulated lncRNAs and 139 downregulated lncRNAs (Figure 3C) (P < 0.05). The heatmap showed the expression levels of DEmRNAs (Figure 3B) and DElncRNAs (Figure 3D) in cirexos from the SSc and HC groups. The selected 286 DEmRNAs were used for further GO and KEGG enrichment analysis to explore the potential biological functions of DEmRNAs and the corresponding enrichment pathways.
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FIGURE 3
Expression profiles of mRNA and lncRNA in cirexos in the circulating exosomes–systemic sclerosis (cirexo-SSc) and circulating exosomes–healthy control (cirexo-HC) groups (n = 6). (A,C) Volcano plots show upregulated (red) and downregulated (blue) mRNA and lncRNA. The abscissa represents the fold change of gene expression in the different samples [log2 (fold-change)], and the ordinate represents the significance level of the differential gene expression [–log10 (p-value)]. (B,D) Heatmaps showing the hierarchical clustering analysis of differentially expressed mRNAs (DEmRNAs) and differentially expressed lncRNAs (DElncRNAs). The rows represent genes, and the columns represent the expression of the same sample. Red indicates high expression, and blue indicates low expression.




3.3. GO enrichment analysis of DEmRNAs in cirexo

The number of DEmRNAs corresponding to the cell component (CC), molecular function (MF), and biological process (BP) of GO was counted and graphically displayed. In biological processes, DEmRNA mainly focuses on cellular process, metabolic process, single biological process, biological regulation, regulation of biological process, response to stimulus, cellular component organization and biogenesis, multicellular biological process, signal, and localization. In cellular components, DEmRNAs were mainly concentrated in the cell, cell part, organelle, membrane, organelle part, membrane part, extracellular region, membrane closed cavity, polymer complex, and extracellular region part. Among the molecular functions, binding and catalytic activities were mainly enriched (Figure 4A). There were 67 GO biological pathways with a P-value < 0.05, including 47 biological process pathways, 11 cellular-component pathways, and 9 molecular-function pathways. Pathways related to SSc were screened through the Comparative Toxicogenomics Database. Among the top 30 enriched pathways, the pathways related to SSc mainly included matrix adhesion-dependent cell spreading, post-Golgi vesicle-mediated transport, epithelial–mesenchymal transition (EMT), endonuclease activity, intracellular transport, cell-matrix adhesion, and other processes (Figure 4B).
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FIGURE 4
Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis of the DEmRNAs. (A) The number of differentially expressed genes (DEGs) corresponding to the three GO levels, including biological process (BP), cellular component (CC), and molecular function (MF), was counted. (B) Top 30 GO entries with enrichment degree. The ordinate is the specific GO entry name. (C) KEGG classification. The abscissa is the number of genes mapped to a pathway class by DEGs, and the ordinate is the KEGG entries enriched by DEGs. (D) Pathway enrichment of the differential mRNAs. The abscissa is the proportion of genes corresponding to a certain pathway from the corresponding genes of all pathways. The ordinate is the KEGG entry name with P < 0.05 and the DEGs corresponding to the enrichment pathway. (E) Pathways related to SSc and corresponding genes with P < 0.05. GO, gene ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; BP, biological process; CC, cellular component; MF, molecular function.




3.4. Analysis of pathway enrichment of DEmRNAs in cirexos

Pathway analysis of DEmRNAs was performed on the KEGG database using Fisher’s exact test. DEmRNAs in cirexos of patients with SSc were mainly enriched in immune system, immune diseases, signal transduction, lipid metabolism, cell growth and apoptosis, and cell movement (Figure 4C). Seventeen pathways had a P-value < 0.05 (Figure 4D). The pathways related to SSc were screened through the Comparative Toxicogenomics Database. The pathways related to SSc and corresponding DEmRNAs are shown in Figure 4E, including extracellular matrix (ECM) receptor interaction, focal adhesion, platelet activation, and intestinal immune network for IgA production (Figure 4E).

The Cytoscape plug-in ClueGO was used to analyze pathway enrichment of the DEmRNAs, and a total of 11 significantly enriched pathways were obtained. Pathways related to SSc were screened using the Comparative Toxicogenomics Database. ECM receptor interaction, focal adhesion, and platelet activation were associated with SSc. TCIRG1, ITGB7, RELN, COL4A1, LAMA5, and COL1A1 were enriched in more than three pathway terms (Figure 5A). GSEA was used to analyze the pathway enrichment of DEmRNAs. The ECM-receptor interaction gene set showed the leading subset in the enrichment score (ES) diagram, with the absolute value of NES > 1, P < 0.05, indicating that this functional gene set had significant biological significance. ITGB7, RELN, COL4A1, LAMA, and COL1A1 played core roles in the curated gene sets. The heatmap shows that the expression of these genes was upregulated in SSc (P < 0.05) (Figure 5B).
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FIGURE 5
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis of the DEmRNA and gene set enrichment analysis (GSEA) of differential gene expression profiles by c2, curated gene sets. (A) KEGG pathway analysis of DEmRNAs. The plug-in ClueGO of Cytoscape was used to map KEGG pathway interactions. Different colors represent different pathways. (B) The c2: KEGG gene set was used to conduct pathway enrichment analysis of DEmRNA profiles. In the table, “RANK IN GENE LIST” represents the position of a gene in the sorted gene set, “RANK METRIC SCORE” is the ranking score of genes, “RUNNING ES” is the dynamic enrichment score (ES) value in the analysis process, and “CORE ENRICHMENT” is the gene that mainly contributes to the ES value. NES, normalized enrichment score; Nom P-val, nominal P-value.




3.5. Prediction of miRNAs targeted by DElncRNAs and DEmRNAs

The results showed that 2,234 mRNAs were associated with SSc, as predicted by the Genecards and DisGeNET databases. We found 18 DEmRNAs that overlapped with mRNAs associated with SSc as predicted by the databases (Figure 6A). Among them, 10 were upregulated and 8 were downregulated (Figure 6B). ENCORI was used to predict the miRNAs bound to upregulated and downregulated DEmRNAs. LncRNASNP2 was used to predict the miRNAs bound to upregulated and downregulated DElncRNAs. The results showed that there were 20 miRNAs that interacted with the upregulated DEmRNAs, and 1,773 miRNAs that interacted with upregulated DElncRNAs, 15 of which were the same miRNAs (Figure 6C). Moreover, there were 47 miRNAs that interacted with downregulated DEmRNAs, and 2,404 miRNAs that interacted with downregulated DElncRNAs, 43 of which were the same miRNAs (Figure 6E). In addition, 15 upregulated lncRNAs, 15 miRNAs, and 8 upregulated mRNAs were obtained to construct ceRNA networks (Figure 6D), and 85 downregulated lncRNAs, 43 miRNAs, and 8 downregulated mRNAs were obtained to construct the ceRNA networks (Figure 6F).
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FIGURE 6
Analysis of competing endogenous RNAs (ceRNAs) networks. (A) The blue and yellow parts are Venn diagrams. The blue part shows the DEmRNAs obtained by sequencing. The yellow part is the mRNAs predicted by the DisGeNET and GeneCards databases, and the middle part represents the overlapping DEmRNAs of the two groups. (B) The table of DEmRNAs related to SSc. (C,D) Upregulated ceRNA network. Panel (C) the blue and yellow parts are Venn diagrams. The blue part shows the miRNAs that are predicted by upregulated mRNAs. The yellow part shows the miRNAs that are predicted by upregulated lncRNAs. Panel (D) green parts are upregulated lncRNA, blue parts are miRNAs that interact with lncRNA and mRNA, and red parts are upregulated mRNA. (E,F) Downregulated ceRNA network. Panel (E) the blue and yellow parts are Venn diagrams. The blue part shows the miRNAs predicted by downregulated mRNAs. The yellow part shows the miRNAs predicted by downregulated lncRNAs. Panel (F) the green parts are downregulated lncRNA, blue parts are miRNAs that interact with lncRNA and mRNA, and red parts are downregulated mRNA.




3.6. Hub genes were screened by PPI networks

To further illustrate the interactions between selected DEGs, the STRING online tool was used to form a PPI network. Protein interaction analysis of DEmRNAs was performed with the STRING online tool. PPI networks were constructed with the lowest interaction score > 0.15 and visualized in Cytoscape (Figure 7A). The top six hub genes were calculated according to MCC, Degree, and MNC algorithms (Figure 7B), and included COL1A1, CX3CL1, LOXL2, GPT, NOX4, and MX1. These genes were the most important genes in the PPI network and may contribute to the pathogenesis of SSc. COL1A1 was a hub gene in the PPI network and also in the SSc-related pathway via KEGG analysis, with a P-value < 0.05 (Figure 7C). Therefore, in the follow-up study, we will focus on the screened hub gene, namely COL1A1.
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FIGURE 7
Identification of the hub genes in the protein–protein interaction (PPI) network. (A) PPI network of differentially expressed genes (DEGs) related to systemic sclerosis (SSc). The ceRNA networks of DEG encoded proteins are composed of 18 nodes and 19 edges. Each node represents a protein, and each edge represents a protein-protein association. (B) Identification of the hub genes of DEGs associated with SSc in the PPI network. The hub genes are identified by three algorithms: Maximal Clique Centrality (MCC), Degree, and Maximum Neighborhood Component (MNC). The color density represents the score of the algorithm. (C) The blue part presents the hub genes of the PPI network. The yellow part shows the genes associated with SSc-related pathways (P < 0.05 in KEGG). The middle part represents the overlapping hub genes of the two groups. MCC, maximal clique centrality; MNC, maximum neighborhood component.




3.7. GO enrichment analysis of DEG expression profiles by the GSEA c5 gene set

Next, GO enrichment analysis of the DEG expression profile was performed by GSEA to further explore the biological function of DEGs. The DEmRNAs obtained by high-throughput sequencing were uploaded to GSEA, and the expression profiles were analyzed with c5 (GO gene sets). GO items with a NES absolute value > 1 and P < 0.05 were screened. The significantly upregulated gene sets in the BP include peptidyl amino acid modification, transmembrane transport, cell morphogenesis, regulation of cell differentiation, and ion transmembrane transport. The significantly downregulated gene sets include regulation of cellular component biogenesis. In MF, the gene sets with significantly enriched upregulated genes were transporter activity and identical protein binding. In CC, the gene sets of significantly enriched downregulated genes were catalytic complex mitochondrion and mitochondrion. Genes that played a central role in the above sets, including COL1A1, NOX4, and CX3CL1, were the same as the hub genes in the PPI network. According to our results, NOX4, which interacts with COL1A1, plays a central role in the cellular complex mitochondrion. CX3CL1, which interacts with COL1A1, plays a central role in transport, regulation of cell differentiation, and ion transport. COL1A1 is involved in the regulation of cell differentiation in BP and is associated with conspecific protein binding in MF. NOX4 is involved in protein modification and cell morphology in BP and is related to catalysis and mitochondria in CC. CX3CL1 is involved in the regulation of cell differentiation, ion transmembrane transport, and biogenesis of cellular components in BP (Figure 8). The results showed that COL1A1 plays a key role in GO enrichment. Therefore, in this study, ceRNA networks were established for further analysis of COL1A1.
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FIGURE 8
GSEA. In BP, the gene sets with significantly enriched upregulated genes include (A) peptidyl amino acid modification, (B) transmembrane transport, (C) cell morphogenesis, (D) regulation of cell differentiation, and (E) ion transmembrane transport. The gene set with significantly enriched downregulated genes includes (F) regulation of cellular component biogenesis. In MF, the gene sets with significantly enriched upregulated genes include (G) transporter activity and (H) identical protein binding. In CC, the gene sets with significant enrichment of downregulated genes include (I) catalytic complex mitochondrion and (J) mitochondrion. GSEA, gene set enrichment analysis; BP, biological process; MF, molecular function; CC, cell component.




3.8. Prediction of CeRNA networks and the lncRNA–miRNA–mRNA interaction sites

Salmena et al. (26) proposed a ceRNA hypothesis suggesting that, due to the existence of miRNA response elements (MREs) on mRNA and lncRNA, miRNAs can bind to target mRNA and lncRNA to post-transcriptionally regulate gene expression. As complementary sequences of miRNAs, mRNA and lncRNA form a large-scale regulatory network in various parts of the transcriptome (26). Based on this hypothesis, mRNA or lncRNA binds to miRNA, forming a competitive relationship. In this study, the hub gene COL1A1 was upregulated in SSc (P < 0.05). According to the ENCORI database, the predicted miRNAs that interacted with COL1A1 included hsa-miR-29a-3p, hsa-miR-29b-3p, and hsa-miR-29c-3p. The predicted lncRNAs that interacted with hsa-miR-29a-3p, hsa-miR-29b-3p, and hsa-miR-29c-3p included ENST00000313807 and NON-HSAT194388.1. Therefore, four ceRNA networks were constructed (Figure 9A), and the lncRNA–miRNA–mRNA interaction sites were predicted (Figures 9B–E).
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FIGURE 9
Prediction of the binding sites and location of the ceRNA networks. (A) Prediction of ceRNA networks. Green parts are lncRNA, blue parts are miRNAs that interact with lncRNA and mRNA, and red parts are mRNA. (B) The red text represents binding sites of the NON-HSAT194388.1-hsa-miR-29a-3p-COL1A1 interaction network. (C) The red text represents binding sites of the ENST00000313807-hsa-miR-29a-3p-COL1A1 interaction network. (D) The red text represents binding sites of the ENST00000313807-hsa-miR-29b-3p-COL1A1 interaction network. (E) The red text represents binding sites of the ENST00000313807-hsa-miR-29c-3p-COL1A1 interaction network. “:” Means that the bond is not firm, and the red font means that the bond is stable. (F) Prediction of miRNA and lncRNA localization. The “*” indicates the final predicted position on the website.




3.9. Prediction of mRNA and lncRNA localization

The subcellular localization of lncRNAs involved in ceRNA is crucial for the study of ceRNAs. As the main location of ceRNAs is the cytoplasm, lncRNAs involved in ceRNAs need to be expressed in the cytoplasm to regulate the expression of targeted mRNAs (27, 28). Cytoplasmic lncRNAs play key roles in the cell through various molecular mechanisms, including regulating the transport of cytoplasmic proteins from the cytosol to nucleus to regulate transcription (28–30). Based on the prediction score in the mRNALocater online database, COL1A1 was predicted to be located in the cytoplasm. Based on the prediction score, ENST00000313807 and NON-HSAT194388.1 were predicted to be located in the cytoplasm by the lncLocater online database (Figure 9F). The results suggested that COL1A1, ENST00000313807, and NON-HSAT194388.1 were consistent with the mechanism of ceRNA in the cytoplasm.



3.10. Prediction of upstream TFs and downstream binding proteins of lncRNAs

Transcription factors (TFs) can regulate the expression of lncRNA by binding to its promoter region (31). The upstream TFs of ENST00000313807 and NON-HSAT194388.1 were predicted by the database ConSite. The TFs that overlapped between both groups included E74A, c-FOS, Hunchback, Sox-5, FREAC-4, Snail, HFH-2, HNF-3beta, HFH-1, SOX17, and HFH-3. Among them, the TFs related to SSc were c-FOS, Snail, and SOX17, as identified from the PubMed database (32–35; Figures 10A, B). Interaction with binding proteins is an important function of lncRNAs. We predicted the downstream binding proteins of ENST00000313807 and NON-HSAT194388.1 through the online website catrapid, and selected the top 10 scores of predicted binding ability. The following five binding proteins were obtained: SLC4A1AP, L1TD1, WDR43, HTATSF1, and BAZ2B (Figures 10C, D). However, an extensive literature search involving these proteins in the PubMed database did not reveal any studies related to SSc.
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FIGURE 10
Maps of lncRNAs binding to upstream transcription factors (TFs) and downstream binding proteins. (A) A Venn diagram of TFs binding to ENST00000313807 and NON-HSAT194388.1. The blue part shows the TFs binding to ENST00000313807. The yellow part shows the TFs binding to NON-HSAT194388.1, and the middle part represents the overlapping TFs of the two groups. (B) Binding map of lncRNAs and upstream TFs. The green part shows the TFs binding to ENST00000313807 or NON-HSAT194388.1. The purple part represents the overlapping TFs of the two groups. (C) A Venn diagram of proteins binding to ENST00000313807 and NON-HSAT194388.1. The blue part shows the proteins binding to ENST00000313807. The yellow part shows the proteins binding to NON-HSAT194388.1, and the middle part represents the overlapping proteins of the two groups. (D) Binding map of lncRNAs and downstream proteins. The green part shows the proteins binding to ENST00000313807 or NON-HSAT194388.1. The purple part represents the overlapping proteins of the two groups.




3.11. Validation of RNA-Seq data by RT-qPCR and ROC curve

To detect the expression of RNA in the ceRNA networks predicted above, plasma cirexos in 20 SSc and 20 HC cases were detected by RT-qPCR. Compared to the cirexo-HC group, the expression levels of ENST00000313807 (P < 0.05), NON-HSAT194388.1 (P < 0.05), and COL1A1 (P < 0.01) in the SSc-cirexo group were significantly increased, while the expression levels of hsa-miR-29a-3p (P < 0.0001), hsa-miR-29b-3p (P < 0.01), and hsa-miR-29c-3p (P < 0.01) were significantly decreased (Figure 11A). ENST00000313807, NON-HSAT194388.1, and COL1A1 were upregulated in cirexos isolated from the plasma of patients with SSc. These results were consistent with the high-throughput sequencing data.
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FIGURE 11
(A) The relative expression of ENST00000313807, NON-HSAT194388.1, COL1A1, hsa-miR-29a-3p, hsa-miR-29b-3p, and hsa-miR-29c-3p in plasma cirexos was verified by Real-time Quantitative PCR (RT-qPCR) (n = 20). The green part shows the relative expression of RNA in healthy control; (HCs). The red part shows the relative expression of RNA in patients with SSc. *P < 0.05, **P < 0.01, ***P < 0.001, and ****P < 0.0001. (B) Correlation analysis of the ENST00000313807-hsa-miR-29a-3p-COL1A1 networks, NON-HSAT194388.1-hsa-miR-29a-3p-COL1A1 networks, ENST00000313807-hsa-miR- 29b-3p-COL1A1 networks, and ENST00000313807-hsa-miR-29c-3p-COL1A1 networks found in plasma cirexos (n = 20). The solid green line is a regression straight line, which is used to describe the relationship curve between the dependent variable y and the independent variable x with a linear relationship. The area formed by the red dotted line represents the 95% confidence interval. (C) Receiver operating characteristic (ROC) curve analysis of the independent diagnosis of ceRNA networks, ENST00000313807-hsa-miR-29a-3p-COL1A1 combined diagnosis, NON-HSAT194388.1-hsa-miR-29a- 3p-COL1A1 combined diagnosis, ENST00000313807-hsa-miR-29b-3p-COL1A1 combined diagnosis, and ENST00000313807-hsa-miR-29c-3p-COL1A1 combined diagnosis in plasma cirexos (n = 20). AUC, area under curve.


The correlation analysis of the lncRNA–miRNA–mRNA networks was analyzed. The results showed that ENST00000313807 and NON-HSAT194388.1 were negatively correlated with hsa-miR-29a-3p (P < 0.01). ENST00000313807 (P < 0.0001), and NON-HSAT194388.1 (P = 0.0001) were positively correlated with COL1A1, and hsa-miR-29a-3p was negatively correlated with COL1A1 (P < 0.01). lncRNAs involved in the ceRNA mechanism are positively correlated with mRNAs, while lncRNAs and mRNAs are negatively correlated with miRNAs (10, 36). The relationships of ENST00000313807-hsa-miR-29a-3p-COL1A1 and NON-HSAT194388.1-hsa-miR-29a-3p-COL1A1 conformed to the ceRNA mechanism. ENST00000313807 was negatively correlated with hsa-miR-29b-3p (P < 0.05), while COL1A1 was not significantly correlated with hsa-miR-29b-3p (P > 0.05). There was no significant correlation between ENST00000313807 and hsa-miR-29c-3p (P > 0.05), while COL1A1 was negatively correlated with hsa-miR-29c-3p (P < 0.05) (Figure 11B). Therefore, the relationships of ENST00000313807-hsa-miR-29b-3p-COL1A1 and ENST00000313807-hsa-miR-29c-3p-COL1A1 did not conform to the ceRNA mechanism.

The ROC curve was used for independent or combined diagnosis of SSC. The results showed that the independent diagnostic value of hsa-miR-29a-3p was higher than that of the others [area under curve (AUC): 0.8725, cutoff: 0.9115]. The top combined diagnosis ceRNA networks were as follows: ENST00000313807-hsa-miR-29a-3p-COL1A1 (AUC: 0.94, P < 0.0001), NON-HSAT194388.1-hsa-miR-29a- 3p-COL1A1 (AUC: 0.935, P < 0.0001), hsa-miR-29a-3p-COL1A1 (AUC: 0.935, P < 0.0001), ENST00000313807-hsa-miR-29b-3p-COL1A1 (AUC: 0.89, P < 0.0001), and ENST00000313807-hsa-miR-29a-3p (AUC: 0.89, P < 0.0001) (Figure 11C). Therefore, ENST00000313807, NON-HSAT194388.1, COL1A1, hsa-miR-29a-3p, hsa-miR-29b-3p, and hsa-miR-29c-3p may be used as biomarkers for the diagnosis of SSc. The combined diagnosis is more valuable than independent diagnosis.



3.12. Correlation analysis between ceRNA networks and clinical data

We further evaluated the relationship between ceRNA networks in the plasma cirexos and the clinical features of 20 patients with SSc. The results showed that ENST00000313807 was positively correlated with HRCT score (r = 0.5101, P = 0.0109), Scl-70 (r = 0.398, P = 0.0441), Ro-52 (r = 0.4229, P = 0.0314), CRP (r = 0.4205, P = 0.4205), IgM (r = 0.622, P = 0.0034), neutrophil count (NEUT) (r = 0.3819, P = 0.034), neutrophil percentage (NEUT%) (r = 0.4589, P = 0.0094), and urea (r = 0.3606, P = 0.0393). ENST00000313807 was negatively correlated with lymphocyte percentage (LYM%) (r = −0.4927, P = 0.0049), albumin (ALB) (r = −0.4168, P = 0.0197), and white sphere ratio (ALB/GLB) (r = −0.3803, P = 0.0348). The results showed that NON-HSAT194388.1 was positively correlated with NEUT% (r = 0.3666, P = 0.0425), and NON-HSAT194388.1 was negatively correlated with LYM (r = −0.3569, P = 0.0488), LYM% (r = −0.4173, P = 0.0195), ALB (r = −0.4031, P = 0.0245), and ALB/GLB (r = −0.3773, P = 0.0364). Furthermore, COL1A1 was positively correlated with HRCT score (r = 0.4129, P = 0.0449), Ro-52 (r = 0.4749, P = 0.0142), and CENP-B (r = 0.501, P = 0.0091), and COL1A1 was negatively correlated with IL-10 (r = −0.4872, P = 0.0116), ALB (r = −0.4803, P = 0.0062), and LYM (r = −0.3714, P = 0.0397). The results showed that hsa-miR-29a-3p was positively correlated with LYM% (r = 0.4044, P = 0.024), ALB (r = 0.46, P = 0.0092), and ALB/GLB (r = 0.5194, P = 0.0028), and hsa-miR-29a-3p was negatively correlated with CENP-B (r = −0.4359, P = 0.026), NEUT% (r = −0.3954, P = 0.0277), and the standard deviation of red blood cell distribution width (RDW-SD) (r = −0.3912, P = 0.0295). Moreover, hsa-miR-29b-3p was positively correlated with ALB/GLB (r = 0.4194, P = 0.0188), and hsa-miR-29b-3p was negatively correlated with IgM (r = −0.4581, P = 0.0422). The results showed that hsa-miR-29c-3p was negatively correlated with CENP-B (r = 0.4229, P = 0.0314) (Figures 12, 13). Therefore, ENST00000313807, NON-HSAT194388.1, COL1A1, hsa-miR-29a-3p, hsa-miR-29b-3p, and hsa-miR-29c-3p in ceRNA networks may be used as a diagnostic biomarker or therapeutic target for SSc in the future. It is worth noting that the greatest correlation was observed between the clinical data and the ENST00000313807-hsa-miR-29a-3p-COL1A1 network. Thus, the ENST00000313807-hsa-miR-29a-3p-COL1A1 network could have the most potential as a combined biomarker to diagnose SSc.
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FIGURE 12
Correlation analysis between RNA expression and clinical data. The solid green line is a regression straight line, which is used to describe the relationship curve between the dependent variable y and the independent variable x with a linear relationship. The area formed by the red dotted line represents the 95% confidence interval. NEUT, neutrophil; NEUT%, neutrophil percentage; LYM, lymphocytes; LYM%, lymphocytes percentage; ALB, albumin; ALB/GLB, albumin divided by globulin; RDW-SD, red cell distribution width-standard deviation; HRCT, high-resolution CT; CRP, C-reactive protein.
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FIGURE 13
Correlation between RNA expression and clinical data. The green part shows lncRNAs, the blue part shows miRNAs, and the red part shows mRNAs in the middle of the figure. The text in the rectangles on both sides of the figure is clinical data.




3.13. Verification of the ENST00000313807-hsa-miR-29a-3p-COL1A1 interaction by a double-luciferase reporter gene assay

The interaction of ENST00000313807-miR-29a-3p-COL1A1 in plasma cirexos was detected by a double-luciferase reporter gene test. The results showed that the fluorescence value of the hsa-miR-29a-3p-mimics + ENST-WT group was significantly lower than that of the NC mimics + ENST-WT group (P < 0.0001). There was no significant difference in the fluorescence value between the hsa-miR-29a-3p-mimics + ENST-MT group and the NC mimics + ENST-MT group (P > 0.05). Compared to the NC mimics + COL1A1-WT group, the fluorescence value of the hsa-miR-29a-3p-mimics + COL1A1-WT group decreased significantly (P < 0.0001). There was no significant difference in the fluorescence value between the hsa-miR-29a-3p-mimics + COL1A1-MT group and the NC mimics + COL1A1-MT group (P > 0.05) (Figure 14). The results showed an interaction between ENST00000313807 and hsa-miR-29a-3p, and COL1A1 and hsa-miR-29a-3p in plasma cirexos. Therefore, the ENST00000313807-hsa-miR-29a-3p-COL1A1 network can not only be used as a combined biomarker to diagnose SSc, but ENST00000313807 also interacts with hsa-miR-29a-3p, which interacts with COL1A1. However, whether the ENST00000313807-hsa-miR-29a-3p-COL1A1 network participates in the biological process of SSc pathogenesis through interaction, as well as the underlying mechanism, requires further study.
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FIGURE 14
Verification of the ENST00000313807-hsa-miR-29a-3p-COL1A1 interaction by a double-luciferase reporter gene assay. (A) The WT or mutation reporter plasmid of ENST00000313807 was co-transfected with the hsa-miR-29a-3p mimic or negative control (NC) mimic into 293T cells. (B) The WT or mutation reporter plasmid of COL1A1 was co-transfected with the hsa-miR-29a-3p mimic or negative control (NC) mimic into 293T cells. ****P < 0.0001, ***P < 0.001. NC, negative control; WT, wild type; MT, mutant; ns, no significance.





4. Discussion

At present, there are few specific markers for SSc, and their sensitivity is low. Most patients with SSc can be diagnosed only after they have had organ damage in the middle and late stages of disease. Biomarkers with high specificity and sensitivity are needed for the diagnosis of SSc in the early stage of disease development (37). Wu et al. (38) analyzed the differentially expressed miRNAs (DEmiRNAs) and DEmRNAs in the lung tissues of patients with SSc-ILD and HCs. The core mRNAs in the ceRNA networks included COL1A1, endothelin (EDN1) and fos proto-oncogene (FOS). The expression of COL1A1 had a negative relationship with central granulocyte. The expression of FOS was associated with increased mast cells. The expression of EDN1 had a positive relationship with the number of mast cells and natural killer cells. Yan et al. (39) analyzed the DEmRNAs and DEmiRNAs between lung tissues in SSc-ILD and HCs, and predicted lncRNAs and mRNAs binding to miRNAs using online databases. They found that ceRNA networks, such as LINC01128/has miR-21-5p/PTX3, SNHG16, LIN01128, RP11-834C11.4 (LINC02381)/hsa-let-7f-5p/IL6, and LINC00665/hsa-miR-155-5p/PLS1, could be used as potential targets and biomarkers of SSc-ILD. In this study, the role of ceRNA networks in plasma cirexos in SSc was analyzed. The lipid membrane structure of cirexos can prevent degradation of the contents. In cirexos, miRNA, mRNA, and lncRNA have higher concentrations than inside the cells, which is advantageous for diagnosing diseases (13). The main role of lipid molecules in EXOs is to maintain their external morphology, and they can also participate in the biological process of disease development as signal molecules. Several studies have demonstrated the importance of EXOs for the onset or development of SSc. Nakamura et al. (40) found that EXOs were increased in the skin fibroblasts of SSc compared with normal fibroblasts, which may induce the increased expression of type I collagen in the fibroblasts of patients with SSc. In addition, they found that EXOs isolated from the culture medium of fibroblasts from patients with SSc were able to stimulate the expression of type I collagen in normal fibroblasts. Neutrophil-derived EXOs contain many miRNAs and lncRNAs involved in the pathogenesis of SSc. Li et al. (41) found that miRNAs, lncRNAs, and mRNAs in neutrophil-derived EXOs associated with diffuse cutaneous systemic sclerosis (dcSSc) could promote fibrosis by activating the Wnt, AMPK, IL23, and NOTCH signaling pathways. This study not only provides effective biomarkers for the diagnosis of SSc, but also provides potential targets for the mechanism research and clinical treatment of SSc.

Previous studies have found that abnormal accumulation of ECM components can destroy physiological structures leading to organ fibrosis (42, 43). An important process in the development of fibrosis is the transformation of fibroblasts into myofibroblasts, which is driven by many pro-fibrotic factors (44). The activated myofibroblasts can synthesize collagen, resulting in the deposition of ECM collagen and leading to fibrosis (34). Studies have shown that the expression of focal adhesion molecules in the dermis may be important players in SSc pathophysiology (45). Cell adhesion molecules mainly mediate the bidirectional signal transduction between cells and the ECM (45, 46). The key role of cirexos in cell-to-cell communication is mainly related to their cargo, including proteins; these have the ability to activate signaling pathways, which in turn regulate host cell activity and behavior (47). In this study, we found that DEmRNAs in plasma cirexos were mainly enriched in ECM receptor interaction, focal adhesion, and platelet activation pathways. RT-qPCR showed that the hub gene COL1A1 was upregulated in SSc plasma cirexos. Increased collagen deposition in the alveolar wall leads to progressive destruction of the normal alveolar structure, resulting in increased strength of the ECM (48). In addition, COL1A1 can induce the differentiation of mesenchymal cells into myofibroblasts through different pathways, which is characterized by the increased expression of α-smooth muscle actin (49). Therefore, COL1A1 plays an important role in pulmonary fibrosis, and interstitial lung disease (ILD) is an important complication of SSc. Indeed, Velazquez-Enriquez et al. (47) showed that the expression of COL1A1 in fibroblast-derived exosomes was upregulated in idiopathic pulmonary fibrosis and correlated with the progression of idiopathic pulmonary fibrosis. However, there is a lack of relevant studies on the role of COL1A1 carried by cirexos in the development of SSc. Based on bioinformatics analysis, we further explored the significance of cirexos in clinical diagnosis. We speculated that the upregulation of COL1A1 in SSc plasma cirexos may be related to the expression of COL1A1 in SSc fibroblast-derived exosomes or in the airway ECM of SSc. The expression of COL1A1 in SSc plasma cirexos may not only be used to diagnose SSc, but may also participate in the biological process of SSc pathogenesis.

Pulmonary complications of SSc, including ILD and pulmonary hypertension (PAH), are the main causes of morbidity and mortality of SSc (50). In this case, there is a great need for biomarkers for diagnosis and prognosis to help clinicians predict the development of SSc and SSc-ILD and provide appropriate treatment for patients. Distler et al. (51) confirmed that high-resolution computed tomography (HRCT) is helpful for predicting the disease progression of SSc-ILD. Therefore, the assessment of the HRCT score is crucial for the diagnosis of fibrosis in SSc. The higher the HRCT score, the more severe the fibrosis. This study found that ENST00000313807 and COL1A1 in plasma cirexos were positively correlated with the HRCT score, while other RNAs were not statistically correlated with the HRCT score. The expression of HRCT-related genes may represent the degree of lung injury. Christmann et al. (52) confirmed via immunohistochemical tests of lung tissue that the expression of COL1A1 is increased in patients with SSc-ILD, and the high level of type I collagen is positively correlated with the deterioration of the HRCT score. In addition, studies have confirmed that cirexos in patients with SSc can stimulate the expression of genes encoding extracellular matrix components, such as COL1A1, COL3A1, and fibronectin-1 (9). Therefore, the expression of ENST00000313807 and COL1A1 in plasma cirexos may become an important indicator for the evaluation of pulmonary fibrosis, as well as a biomarker for the diagnosis of SSc-ILD.

Activated B cells in SSc promote endothelial cells and fibroblasts to secrete proinflammatory and fibrogenic factors, leading to vascular injury and fibrosis (53). Serum IgM is a soluble marker of B cell activation and one of the diagnostic markers of SSc (53). In this study, we found that ENST00000313807 and hsa-miR-29b-3p in the plasma cirexos of patients with SSc were positively correlated with IgM. Based on our results, we speculated that ENST00000313807 and hsa-miR-29b-3p may be diagnosis markers for the expression of serum IgM in SSc. To date, the most commonly used diagnostic biomarker for SSc is serum autoantibodies. More than 90% of patients with SSc have anti-nuclear antibodies (ANA) in their serum (50). Anti-topoisomerase I (anti-SCL-70) and anti-centromere (anti-CENP-B) antibodies are also highly specific for SSc and SSC-ILD (50). In addition, anti-RO-52 and anti-CENP-A have potential value in the diagnosis of SSc-ILD (54). We found that in plasma cirexos, the expression of ENST00000313807 was positively correlated with Scl-70 and Ro-52, the expression of hsa-miR-29a-3p and hsa-miR-29c-3p was negatively correlated with CENP-B, and COL1A1 was positively correlated with Ro-52 and CENP-B. Corallo et al. (55) showed that SSc-specific autoantibodies, including anti-Scl-70 and anti-CENP-B, directly induced the increased expression of COL1A1 in human dermal fibroblasts to promote fibrosis. In addition, our results showed that there is an interaction between ENST00000313807 and hsa-miR-29a-3p, and COL1A1 and hsa-miR-29a-3p in plasma cirexos. According to our study, we speculated that the ENST00000313807-hsa-miR-29a-3p-COL1A1 network in SSc plasma cirexos may interact with the high expression of Scl-70, Ro-52, CENP-B, and other specific markers in the serum of patients with SSc, thus affecting the development of SSc fibrosis. The expression of ENST00000313807-hsa-miR-29a-3p- COL1A1 in SSc plasma cirexos can also be used as a diagnosis marker for the expression of Scl-70, Ro-52, CENP-B, and other specific markers in the serum of patients with SSc. However, few studies have investigated the effect of autoantibodies on pulmonary fibrosis, and further in-depth studies are needed.

Several studies have highlighted that CRP is significantly increased in patients with SSc-ILD. Thus, CRP could be used as an independent biomarker associated with SSc and the presence and severity of ILD (56–58). In this study, we found that the expression of ENST00000313807 was upregulated in SSc plasma cirexos. In SSc plasma cirexos, ENST00000313807 was positively correlated with CRP in SSc serum. Therefore, we speculated that ENST00000313807 in SSc plasma cirexos may be a marker of high CRP expression in SSc serum. Scleroderma renal crisis is a serious and potentially life-threatening complication of scleroderma (1). Urea is an indicator used to evaluate renal function (56). We found that ENST00000313807 in SSc plasma cirexos was positively correlated with urea in SSc serum. Based on the above results, we speculated that the expression of ENST00000313807 in SSc plasma cirexos may be a diagnosis marker of renal function in SSc serum. Both T and B cells participate in abnormal activation of the immune system, which are key factors leading to vascular abnormalities and fibrosis in SSc (59, 60). In addition, several studies have highlighted that the number of lymphocytes is decreased in patients with SSc during the early stage; this is mainly due to scleroderma itself rather than immunomodulation therapy (61–63). Therefore, based on our results, the high expression of ENST00000313807, NON-HSAT194388.1, and COL1A1, as well as the low expression of hsa-miR-29a-3p, in SSc plasma cirexos may lead to a lower lymphocyte count in SSc serum and further promote the vascular abnormalities and fibrosis in SSc. The ENST00000313807-hsa-miR-29a-3p-COL1A1 network in plasma cirexos can also be used as a monitoring index for the expression of peripheral blood lymphocyte subsets in patients with SSc.

Neutrophil infiltration in diseased tissues is an important factor in fibrosis. In chronic inflammatory or autoimmune diseases, the high expression of inflammatory cytokines drives neutrophils to form neutrophil extracellular traps (NETs). The number of neutrophils in peripheral blood may reflect the infiltration of neutrophils into tissues (64). Our results showed that ENST00000313807 and NON-HSAT194388.1 in plasma cirexos were positively correlated with the absolute value and percentage of neutrophils in serum. However, hsa-miR-29a-3p in the plasma cirexos was negatively correlated with the percentage of neutrophils in serum. Tu et al. (64) found that the number of neutrophils in peripheral blood of patients with SSc increased significantly. Wareing et al. (65) observed that higher neutrophil counts predicted a worse ILD course and higher long-term mortality in patients with SSc-ILD. In addition, Chikhoune et al. (56) showed that the absolute neutrophil count was significantly increased in patients with dcSSc or ILD. Kase et al. (66) used fractional analysis of bronchoalveolar lavage (FBAL) to analyze the bronchoalveolar lavage fluid of patients with SSc-ILD. The results showed that there were more neutrophils in the FBAL-3 of SSc-ILD patients with anti-SCL-70 autoantibodies than those without anti-SCL-70 autoantibodies. A higher percentage of neutrophils in FBAL-3 is associated with the development of end-stage SSc-ILD. Cakmak et al. (67) performed FBAL, HRCT, pulmonary function tests, and dyspnea measurements in 65 patients with progressive SSc. The results suggest a correlation between NEUT% and honeycombing of the lung. Therefore, NEUT% is associated with fibrosis in SSc. In this study, ENST00000313807 and NON-SAT194388.1 were found to be positively correlated with NEUT%, and hsa-miR-29a-3p was found to be negatively correlated with NEUT%. Therefore, the results of the present study indicate that ENST00000313807, NON-HSAT194388.1, and hsa-miR-29a-3p in plasma cirexos could also be used as monitoring indicators of serum neutrophil content in regard to the occurrence and development of SSc.

The red cell distribution width (RDW) is a biomarker to quantify the abnormal size of red blood cells in peripheral blood and has value as a biomarker to assess the severity of vascular damage (68). We found that the expression of hsa-miR-29a-3p in plasma cirexos was negatively correlated with the standard deviation of RDW in serum. Farkas et al. (68) found that increased RDW was associated with dcSSc. Therefore, hsa-miR-29a-3p may have an influence on RDW in SSc, which is an indicator of the vascular damage in SSc. In this study, hsa-miR-29a-3p was found to be negatively correlated with RDW-SD, while there was a lack of references regarding RDW-SD expression in patients with SSc. Patients with SSc often suffers from gastrointestinal tract damage, characterized by atrophy of smooth muscle and decreased intestinal motility, which is mainly caused by autonomic nervous dysfunction. These changes significantly affect intestinal transport and nutrient absorption, resulting in malnutrition caused by malabsorption (69). Serum albumin, hemoglobin, and body mass index reflect nutritional status. Paolino et al. (69) found that the expression of serum hemoglobin and albumin was significantly reduced in malnourished patients with SSc. In addition, Chikhoune et al. (56) found that hypoalbuminemia was related to the skin and lung severity of SSc. However, few studies have investigated the expression of the albumin/globulin ratio in patients with SSc. Therefore, according to the results of this study, we speculated that the high expression of ENST00000313807, NON-HSAT194388.1, and COL1A1 in plasma cirexos of patients with SSc, and the low expression of I-miR-29a-3p and has-miR-29b-3p may be indices for the expression of serum albumin and albumin/white in patients with SSc.

In fibroblasts derived from scar skin and skin fibroblasts induced by lipopolysaccharides, IL-10 downregulated the expression of toll-like receptor 4 [TLR4hosphorpho-NF-κB p65 (pp65) collagen type I, collagen type III, and α-smooth muscle actin (70)]. Therefore, IL-10 can regulate the TLR4/NF-κB pathway in dermal fibroblasts through the IL-10 receptor (IL-10R)/STAT3 axis to reduce both ECM protein deposition and fibroblast transformation to myofibroblasts, thereby inhibiting the formation of skin scar induced by lipopolysaccharide. In addition, Thoreau et al. (71) found that the expression of IL-10 was reduced in mouse models and patients with SSc and was associated with ILD formation. We found that the expression of COL1A1 in SSc plasma cirexos was negatively correlated with IL-10 in the SSc serum, which is consistent with the abovementioned studies. However, the mechanism needs to be further verified.

miR-29a inhibits the expression of collagen in human fetal scleral fibroblasts by regulating the Hsp47/Smad3 signaling pathway (72). Jafarinejad-Farsangi et al. (73) found that the expression of has-miR-29a was downregulated in dermal fibroblasts of dcSSc patients and dermal fibroblasts treated with transforming growth factor (TGF)-β in vitro. In addition, hsa-miR-29a was able to effectively reduce TGF-β-induced collagen production in dermal fibroblasts. Therefore, hsa-miR-29a may serve as a therapeutic target for SSc and other fibrotic diseases with abnormal collagen expression. In this study, hsa-miR-29a-3p was downregulated and COL1A1 was upregulated in patients with SSc. hsa-miR-29a-3p-COL1A1 can be used as a therapeutic target for SSc.

Increasing studies have investigated non-invasive biomarkers to diagnose, evaluate, and treat SSc; however, few of these biomarkers are used clinically (8). Compared to circulating non-coding RNAs in the serum or plasma, the abnormal expression of non-coding RNAs carried by cirexos in SSc have the advantages of stability and practicability as novel biomarkers and therapeutic targets for the diagnosis and treatment of SSc (13, 74, 75).



5. Conclusion

In this study, the ROC curve results suggested that the combined diagnosis of the four lncRNA–miRNA–mRNA networks of plasma cirexos had more advantages than the independent diagnosis of SSc. The ENST00000313807-hsa-miR-29a-3p-COL1A1 network was correlated with the clinical data of patients with SSc. These indicators play an important role as biomarkers in the diagnosis of SSc. The ENST00000313807-hsa-miR-29a-3p-COL1A1 network exhibited the most potential as a combined diagnosis biomarker for the clinical diagnosis and treatment of SSc. It is worth noting that our results showed that ENST00000313807 interacts with hsa-miR-29a-3p, which interacts with COL1A1, although the mechanism still needs to be uncovered.
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Background: Methotrexate (MTX) is the first line treatment for rheumatoid arthritis (RA), but failure of satisfying treatment response occurs in a significant proportion of patients. Here we present a longitudinal multi-omics study aimed at detecting molecular and cellular processes in peripheral blood associated with a successful methotrexate treatment of rheumatoid arthritis.

Methods: Eighty newly diagnosed patients with RA underwent clinical assessment and donated blood before initiation of MTX, and 3 months into treatment. Flow cytometry was used to describe cell types and presence of activation markers in peripheral blood, the expression of 51 proteins was measured in serum or plasma, and RNA sequencing was performed in peripheral blood mononuclear cells (PBMC). Response to treatment after 3 months was determined using the EULAR response criteria. We assessed the changes in biological phenotypes during treatment, and whether these changes differed between responders and non-responders with regression analysis. By using measurements from baseline, we also tried to find biomarkers of future MTX response or, alternatively, to predict MTX response.

Results: Among the MTX responders, (Good or Moderate according to EULAR treatment response classification, n = 60, 75%), we observed changes in 29 partly overlapping cell types proportions, levels of 13 proteins and expression of 38 genes during treatment. These changes were in most cases suppressions that were stronger among responders compared to non-responders. Within responders to treatment, we observed a suppression of FOXP3 gene expression, reduction of immunoglobulin gene expression and suppression of genes involved in cell proliferation. The proportion of many HLA-DR expressing T-cell populations were suppressed in all patients irrespective of clinical response, and the proportion of many IL21R+ T-cells were reduced exclusively in non-responders. Using only the baseline measurements we could not detect any biomarkers or prediction models that could predict response to MTX.

Conclusion: We conclude that a deep molecular and cellular phenotyping of peripheral blood cells in RA patients treated with methotrexate can reveal previously not recognized differences between responders and non-responders during 3 months of treatment with MTX. This may contribute to the understanding of MTX mode of action and explain non-responsiveness to MTX therapy.
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 rheumatoid anhritis, treatment response, methotrexate, gene expression, flow cytometry, plasma proteins, transcriptomics


Introduction

Rheumatoid arthritis (RA) is a chronic inflammatory disease caused by genetic and environmental factors, resulting in symmetric inflammation and destruction of the joints (1). First-line treatment for RA is methotrexate (MTX). Treatment with MTX leads to suppression of immune cells, for example decreased cytokine production by T-cells (2). Tasaki et al. has shown that successful drug treatments (MTX, infliximab or tocilizumab in different individuals) alter the molecular profile closer to that of healthy controls at the transcriptome, serum proteome, and immunophenotype level (3). In their paper the effect of MTX was smaller than the effect of other treatments, but the specific effects of MTX were not elucidated and the number of patients on MTX was small (ten responders and 11 non-responders). It is still unknown which effects of MTX that specifically ameliorates RA symptoms. Between 20 and 40% of RA patients do not respond to MTX, and it is known that response to first-line treatment predicts long-term outcomes in RA patients (4). It would therefore be valuable to understand how the biological effect of MTX differs between responders and non-responders. Such knowledge may provide insights into which mechanisms that can be regulated in order to avoid disease progression.

To investigate the effect of treatment, a good classification of treatment response is needed as well as relevant biological measurements. Patients with RA are routinely examined for their level of inflammation, number of inflamed joints and overall assessment of health. From these measurements the disease activity score DAS28 is calculated (5). In this prospective project, we evaluated the EULAR response criterion after 3 month of MTX in DMARD monotherapy (6). We investigated a wide range of potential biomarkers measured in peripheral blood before treatment initiation and after 3 months of MTX treatment. Gene expression was measured by RNA sequencing; absolute cell counts, cell proportions and phenotypes was measured by flow cytometry; protein levels were measured in serum or plasma. These measurements reflect biological processes within the individual, and we hypothesized that a subset of such measurements may be suitable as biomarkers for the responsiveness to treatment. We also had information regarding several factors known to impact treatment response, such as smoking status, age, sex, and steroid treatment, in the newly diagnosed RA patients before staring MTX treatment.

Our primary aim was to investigate the biological effect of MTX among RA patients, and whether these effects differed between responders and non-responders. Secondarily, we also investigated if we could predict MTX response based on cellular, molecular and clinical features at baseline.



Materials and methods


COMBINE cohort

We utilized the COMBINE cohort, which includes 246 individuals, whereof 92 are treatment naïve early RA patients who started MTX treatment at Karolinska University Hospital with a maximum symptom duration of approximately 14 months before inclusion to the study. Demographics and clinical phenotypes at baseline are shown in Table 1. Patients donated peripheral blood at the appointment prior to MTX initiation. All patients returned for a follow up visit after approximately 3 months (full range 67–126 days, median 93 days) where they again underwent a clinical examination and donated peripheral blood (stored in −80°C). Out of the 92 patients who started MTX therapy 12 dropped out during the follow-up period, leaving a total of 80 patients for which we have biological measurements and clinical follow up data (Table 1). The majority of patients in our cohort were prescribed Prednisolone treatment (Table 1), a glucocorticoid with immune suppressive effects. Prednisolone was prescribed either before initiating MTX treatment (N:19) or along with MTX prescription (N:25).



TABLE 1 Demographics at inclusion of the 80 patients with newly diagnosed RA during 2011–2013 who consented to participation and contributed blood at both time points.
[image: Table1]

Patients were asked about their ethnicity as well as past and current smoking behavior. We detected anti-citrullinated protein autoantibodies (ACPA) using the multiplex anti-CCP2 assay (Eurodiagnostica) at Karolinska University Hospital. The presence of joint erosions or bone decalcifications was detected using X-ray and assessed by radiologists at Karolinska University Hospital.



Response outcome

The primary outcome was determined using the EULAR response criteria (7). We dichotomized response, so that those who achieved Good or Moderate EULAR response at 3 months of treatment were considered “responders” and the rest being “non-responders.”



Flow cytometry

The Clinical Chemistry laboratory of Karolinska University hospital measured the concentration of leukocytes, neutrophils, eosinophils, basophils and monocytes per liter of peripheral blood using XE Sysmex flow cytometry-based analysis.

Additionally, several immune cell phenotypes were measured by flow cytometry at the Rheumatology Laboratory at the Center for Molecular Medicine, Karolinska Institutet (for an overview of the gating strategy see Supplementary Figure S1). Peripheral blood mononuclear cells (PBMC) were isolated and whole blood lysed using Serotec Erythrolyse buffer (Bio-Rad AbD Serotec Ltd). Cells were stained freshly using the following antibodies (clones): CD45RA (B56), TcRgd (B1), HLA-DR (L43), CD4 (OKT4), CD138 (ID4 or DL-101), CD19 (HIB19), NKp44 (P44-8), CD16 (3G8), CD69 (FN50), CD28 (CD28.2), CD45 (HI30), IL21R (2G1-K12), TREM-1 (TREM-26) all from Biolegend, CD3 (UCHT1) and NGG2A (Z199.1) from Beckman Coulter, IgD (IA6-2), CD14 (Mphi 9), CD27 (M-T271), CD56 (BI59) from Beckton Dickinson, NKG2D (1D11) from eBioscience. Only the HLA-DR staining was controlled using an isotype control antibody from Biolegend, while the staining of NKG2A, NKG2D, IL21R and TREM-1 were controlled by absence of added antibody (FMO, fluorescence minus one). The stainings were performed using different antibody panels. One panel focusing on T-cell stainings of PBMC, another on B-cell stainings, a third on NK cells and monocytes, and a fourth staining performed on whole lysed blood where granulocytes were identified by size and granularity (forward and side scattering properties). All measurements were performed on Gallios flow cytometer (Beckman Coulter) and data analyzed using FlowJo (TreeStar Inc., Ashland, OR, United States). In the statistical analyses we utilized a total of 427 flow cytometry variables.



Protein measurements

We collected information of plasma protein concentrations using different multiplex platforms as described previously (8). Protein levels below detection level were re-coded as 0.001. Within the cohort the distributions of plasma protein concentrations were highly skewed with long tails, and a log transformation was therefore applied prior to association analysis. Only when at least 8 different protein levels above detection threshold within each test was available the proteins were considered for further analyses, resulting in 51 analyzed proteins, including 16 proteins measured using multiple methods.



RNA sequencing

RNA was purified from PBMCs and sequenced as previously described (8). After removing samples with insufficient quality, we obtained 60 high quality RNA seq samples from the baseline visit, and 60 RNA samples from the follow up visit. From 52 patients we obtained a high-quality RNA seq data set from both baseline and follow up. For 30 of the samples in the MTX cohort the initial sequencing produced very few reads and was therefore repeated. The read files from the two sequencing rounds were merged. We employed Trimgalore (v. 0.4.1) to remove adapter sequence and low-quality bases from reads (−-paired --phred33 --length 25), and reads were aligned to the human genome using STAR (v. 2.5.3a) and summarized across genes using the gencode (v.27) annotation. The alignments were performed on resources provided by the SNIC informatics network through Uppsala Multidisciplinary Center for Advanced Computational Science (UPPMAX).



Statistical analysis

We performed both longitudinal and cross-sectional analyses for each biological measurement. The aim of the longitudinal analyses was to identify changes between baseline and the 3 months visit for responders and non-responders separately, and to analyze whether there were any differences in changes between these two groups. The measurements at baseline were also used to investigate whether any features seen at baseline could predict response after 3 months. All analyses were performed in R (v.3.5.1), and gene expression analyses using DESeq2 (v. 1.20.0).

When analyzing the change in protein and flow cytometry measures during treatment we used a mixed linear model (lme from nlme v. 3.1–137) and assessed the different contrasts using emmeans (lsmeans v. 2.30–0). We modelled each measurement as dependent on time point (baseline or follow-up), response, an interaction between time point and response, prednisolone, and a random effect of each individual.

When modelling gene expression changes during treatment we wanted to model changes both within (treatment effect) and between (responders vs. non-responders) samples obtained at baseline and at 3 months, respectively. We used the approach outlined in edgeR user guide regarding comparisons both between and within subjects (9). Further, gene expression is known to vary greatly between and within individuals, and a major part of this variation is due to differences in proportion of different cell populations in peripheral blood. In our gene expression analyses we therefore aimed to describe changes that are not due to changes in major cell type proportions, but due to changes in gene expression within cells. Changes in cell composition, on the other hand, are better detected using flow cytometry data. We therefore chose to adjust our analysis of gene expression levels based on the proportion of major immune cell types in PBMCs: B-cells, T-cells, NK-cells, or monocytes out of total PBMC. Gene expression was thereby modelled as dependent on response, the interaction between response and patient ID, the interaction between visit and response, prednisolone, the proportion of B, T, NK-cells, and the proportion of monocytes.

In all the prospective analyses using baseline data (gene expression, protein levels, or cell type proportions) to detect biomarkers of response to MTX after 3 months, we adjusted our analyses for factors that might be associated to both response status and biomarker levels (i.e., likely confounders). All baseline analyses were accordingly adjusted for age, sex, whether the individual was of self-reported Swedish ethnicity, had erosions at baseline, was a current smoker when treatment was initiated, presence of ACPA, and treatment with Prednisolone at the time of blood donation. For flow cytometry and measurement of plasma protein concentrations, we analyzed the association between response status and cellular or protein phenotypes using logistic regression.

A few additional covariates were included in the cross-sectional analysis of gene expression data at baseline. We used principal component analysis (PCA) of variance stabilized gene expression data (rlog in DESeq2) to look for outlier RNA seq samples. PCA revealed no outlier samples, nor any separation between baseline visit and follow up visit or responders and non-responders (data not shown). PCA analysis revealed a major axis of variation that was strongly, but not completely, associated to measured RNA quality scores (r2: 0.60). We estimated a surrogate variable (using svaseq v. 3.28.0) in the baseline sample set to account for this major axis of variation, which was included as a covariate in cross-sectional gene expression modelling. Since the major cell type proportions of PBMCs are likely confounders, they were again included as covariates in the DESeq2 analysis.

We experienced that DESeq2 was sensitive to single high-count outliers in the cross-sectional analyses, and we therefore implemented a leave-one-out (LOO) approach to assess the stability of the detected gene expression biomarkers. In each iteration, one sample was excluded, and the cross-sectional analyses repeated.

In all gene expression association analyses, we chose to analyze genes where at least 20% of the samples has a normalized count of one or higher, and we did not shrink the log2 (fold changes). Significance was assessed using a Wald test.

Gene set enrichment was investigated using a non-parametric test on gene ranks (tmodCERNOtest function in tmod (v. 0.36)), using 1329 canonical pathways (8904 genes) from KEGG,1 BioCarta,2 Signal Transduction KE,3 SigmaAldrich,4 Signalling Gateway,5 SuperArray SABiosciences,6 Pathway Interaction Database,7 reactome8 and Matrisome Project,9 collected by MSigDB. We tested whether gene sets were enriched for having smaller probability values, higher fold change and lower fold change. To avoid enrichments due to lowly expressed genes with inflated fold changes we only report those gene sets that showed significant enrichment both in probability values and fold change ranking.

For all tests we defined a false discovery rate (FDR) (10) of <10% as significant. Each analysis type and biological data type was evaluated separately.



Prediction

Prediction models were built based on measurements in treatment naïve individuals and based on the difference between post-treatment and pre-treatment measurement.

Three methods were used to classify the response data: a linear method (regression with L1 and L2 regularization via the glmnet R library), a non-linear method (via the randomForest library in R), and a kernel-based method (SVM with an RBF kernel, via the smvRadial library in R). Each learning task was performed in ten repeats, with five-fold cross-validation and with 100 randomly sampled steps of hyperparameter estimation. Covariates outlined above were included as features in each run, and we built predictive models based on gene expression, flow cytometry, protein levels and clinical data, separately and in an integrated fashion. We removed all zero count genes from the expression data, and filtered ncRNAs (miRNA, piRNA, rRNA, siRNA, snoRNA, and tRNAs). In addition, pseudogenes that are lowly expressed and showed high variance were not used in the model. We used protein-coding genes and long non-coding genes in the expression matrix, which resulted in a total of 22,628 genes. The filtered gene expression matrix was normalized using transcript-per-million (TPM).

The performance of resulting models was reported using balanced accuracy and receiver operating characteristic (ROC) curves. Balanced accuracy and area under the ROC curves (AUCs) are calculated as the mean and 95% confidence intervals for each of the repeats in each task. For each ML task, we report the results from the repeat displaying the median of the mean ROC AUCs.




Results


Effects of MTX treatment


Clinical effects of MTX treatment

Out of the 80 patients, 32 experienced a good EULAR response, 28 a moderate response and 20 were non-responders according to EULAR response criteria. As expected, MTX treatment had a significant ameliorating effect across clinical parameters for responders, while the effect was lower among the non-responders (see Supplementary Table S1).



Changes in cell concentrations and phenotypes during MTX treatment

We analyzed cell concentrations and proportions of cellular phenotypes among responders and non-responders to MTX. A total of 29 flow cytometry measurements were altered during treatment in responders, and 15 in non-responders (Figure 1A), of which only three were shared in both groups (Table 2). These three all mark a similar decrease of the proportion of HLA-DR-expressing T-cells (HLA-DR+ T-cells, HLA-DR + NKG2D + CD4 + gd- T-cells, and HLA-DR+ CD28 + CD4 + gd- T-cells) among responders and non-responders. Overall, the changes in cell proportions within responders during treatment are dominated by a reduction of the proportions of different HLA-DR+ T-cell subsets. We note that the proportion of several HLA-DR+ subsets of IL21R + CD4- T-cells were strongly suppressed among the MTX-responders, while not affected among non-responders (marked by green in Figure 1A). Among the non-responders, we instead noticed a very strong reduction in the proportion of IL21R+ T-cell subsets (Figure 1A).
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FIGURE 1
 The effect of MTX treatment in non-responders (x-axes) or responders (y-axes) on cell type phenotypes (A), protein expression (B) and gene expression (C). Beta coefficients in A and B, and log2 (fold changes) in C, of variables that are significantly regulated (FDR ≤ 10%) during MTX treatment in either non-responders, responders, or both. A dotted 45° inclined line indicates the expected parity for individual effects for groups of non-responders and responders to MTX. (A) The changes in cell type phenotypes as measured by flow cytometry. Three different groups of cell phenotypes are indicated by colors: The proportions of HLA-DR+ out of different IL21R+ CD4- T-cell subsets (green), the proportion of HLA-DR+ out of different T-cell subsets (purple), and the proportion of IL21R+ out of several T-cell subsets (red). (B) The changes in protein expression. (C) The change in gene expression, where a group of immunoglobulin genes are indicated by green color.




TABLE 2 The regulation of cell proportions and within patients during MTX follow up.
[image: Table2]

We furthered investigated whether the effect that MTX had on cell concentrations and proportions of cellular phenotypes differed significantly between responders and non-responders. Here we observed a significant difference in the changes that occurred between responders and non-responders for eleven cell phenotypes. These eleven subsets all include changes in the proportions of IL21R+ cells, usually CD4+ T-cells. Notably, this change was significant in non-responders, while unaltered in responders (Table 2, marked by red in Figure 1).



Changes in protein levels during MTX treatment

Treatment with MTX significantly decreased the concentration of 17 proteins in serum of responders, while no significant changes were observed in non-responders (Table 3). The regulation in the two subsets of RA patients is highly correlated (correlation between vectors of beta coefficients; r2: 0.83, p: 5.6*10−6, Figure 1B). Our data demonstrates that MTX strongly decreases the levels of IL-6, CRP, and SAA in plasma.



TABLE 3 Protein levels significantly altered during MTX treatment. Some proteins were measured using multiple separate methods.
[image: Table3]



Gene expression changes during MTX treatment

We detected significant changes of gene expression in PBMCs during treatment within the group of responders, where three genes were upregulated and 35 suppressed by MTX (Table 4; Figure 1C). These changes include the suppression of the master regulator of regulatory T-cells, FOXP3, along with several immunoglobulin genes. Gene set enrichment analysis indicated a suppression of cell cycle among RA patients responding to MTX (Table 5). Of note, these changes are beyond the changes in major cell type proportions, which we adjusted for in the analysis.



TABLE 4 Genes significantly regulated during MTX treatment among those who responded or did not respond.
[image: Table4]



TABLE 5 Gene sets suppressed during MTX treatment among RA patients who had responded to MTX treatment (EULAR classification “Moderate” or “Good”).
[image: Table5]

Within non-responders only two genes were significantly altered by MTX treatment, none of which are overlapping with those significantly regulated among responders. We observed a strong increase in the expression of one of the T-cell receptor beta-chain genes, TRBV6-1 and relatively low decrease of expression of one of glucose transporter genes, SLC2A1. Gene set enrichment analysis indicated the suppression of chemokines, and Calcineurin-regulated NFAT-dependent transcription in lymphocytes (Table 6). We found no overlap between the gene set enrichments in responders and non-responders to MTX treatment. Genes regulated in responders or non-responders had slightly correlated log2 (fold changes) (r2: 0.35, p: 0.025).



TABLE 6 Gene sets suppressed during MTX treatment among RA patients who did not respond to MTX treatment (EULAR classification “No”).
[image: Table6]

There were no genes that differed significantly in regulation among responders compared to non-responders (the two genes that were regulated by MTX in non-responders, TRBV6-1 and SLC2A1, did however have FDR <20% for having a difference in regulation in responders compared to non-responders).




Differences between future MTX-responders and non-responders at baseline


Demographic and clinical factors at baseline associated to MTX response

We evaluated whether the vast set of demographic and clinical variables that were measured at baseline were associated to future MTX response. None of these variables were significantly associated to future treatment response in our cohort.



Cell types, cell phenotypes and protein measurements at baseline associated to later MTX response

We investigated the association between 427 immune phenotypes from flow cytometry and MTX response but did not detect any significant differences between future responders and non-responders at baseline.

We investigated the association of 51 proteins measured in MTX naïve samples (whereof 16 were investigated using multiple assays) and MTX response. No association reached an FDR below 10%.



Gene expression levels at baseline associated to future MTX response

There were 88 genes for which expression levels at baseline were significantly different between patients who would later respond to MTX, compared to those who would not (Supplementary Table S2). However, none of these 88 genes remained significant in every of the 60 LOO iteration. The maximum number of leave-one-out iterations when a gene was significant was 58 (for 8 genes). The number of significant genes across the 60 leave-one-out iterations fluctuated between zero and 1,066. We therefore concluded that no single gene expression level at baseline was consistently associated to future clinical response. Further, given the large fluctuation in analysis results depending on the exclusion of single samples in these cross-sectional analyses, we also refrained from performing gene set enrichment analysis.



Predicting MTX response

The predictive ability varied across the four data types (clinical, flow cytometry, transcriptomics, and protein), time point, and employed method. At baseline, a total of three combinations achieved ROC AUCs with a confidence interval which did not include the 0.5 level: the kernel-based prediction model utilizing clinical variables (mean AUC: 0.65, 95% CI: 0.56–0.75), the kernel-based and linear models of gene expression data (mean AUC: 0.67, 95% CI: 0.54–0.81 and mean AUC: 0.68, 95% CI: 0.57–0.79, respectively) (Figure 2). As expected, the longitudinal changes in clinical variables resulted in a very accurate prediction of response. Further, changes in measurements of gene expression, protein or flow cytometry phenotypes did not achieve successful prediction models. Further, although baseline FACS models yielded no successful predictions, the longitudinal kernel-based model resulted in more predictive models with mean AUC of 0.66, 95% CI: 0.53–0.80; in transcriptomics, the linear longitudinal model displayed a positive predictivity with a mean ROC AUC of 0.70, with a 95% CI of 0.54–0.87.
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FIGURE 2
 ROC AUC performance of ML models predicting response based on clinical, flow cytometry, protein, and RNA-seq data in MTX therapies recorded during the baseline patient visit, and a longitudinal difference between the three-month follow-up and baseline. The points in the plots showcase the mean ROC AUC values of the median repeat in each of the ML tasks, along with the corresponding 95% confidence interval of the standard error of the mean (SEM).






Discussion

Here we report insights from a clinically and biologically well-characterized cohort of newly diagnosed RA patients starting MTX treatment and followed during 3 months of treatment. The availability of information regarding important demographic, clinical and immunological confounders enabled us to conduct a thorough and robust analysis, less sensitive to bias. We detect strong effects of MTX across clinical measurements, protein expression in peripheral blood, gene expression in PBMCs and cell phenotype proportions, mainly a suppression across all tissue types. The biological effects in immune cell proportions and gene expression differed between responders and non-responders, indicating that there are indeed different biological processes occurring in those who respond clinically compared to those who do not.

At the rheumatology clinics the rheumatologist evaluates the treatment response of each patient according to their specific disease phenotype and progression, and one treatment response definition might not fit all patients. This can also be seen in the literature where different investigators use a diverse set of treatment outcomes. We chose to analyze EULAR treatment response that takes both the resulting DAS28 and the change induced by treatment into account, which is often employed in clinical trials. In this study we chose to analyze whether patients had any convincing effect of treatment, where a moderate and good EULAR treatment response were merged. We focused on the statistically most powerful analyses: the effect of treatment within individuals. In this analysis, we were particularly interested in whether different mechanisms are active in the patients that respond to MTX, compared to those who do not respond. Secondly, we also attempted to detect biomarkers that can predict whether a patient will respond to MTX treatment by using measurements from the baseline visit only.

In our flow cytometry data of PBMC we observed significant changes in many immune cell proportions during MTX treatment. MTX strongly diminished the proportion of HLA-DR+ T-cells in relation to other T cells in responders and non-responders, but more notably so within responders. As HLA-DR expression is considered a sign of activated T-cells, this indicates that across all patients MTX was able to specifically suppress the activation of T-cells, alternatively affect their abundance in peripheral blood. Additionally, the proportion of T-cells expressing IL21R were suppressed exclusively in non-responders. IL21 is a pleiotropic cytokine with context-dependent mainly pro-inflammatory effects on T cell differentiation (11), and thus a potential treatment target in RA (12). The receptor for IL21 is expressed upon cellular activation on T cells as well as on many other leukocytes. We analyzed IL21R expression on T cells as well as on NK cells, B cells and monocytes, and found suppressed proportions of only T cells expressing IL21R. The decreased proportion of IL-21-expressing T-cells in non-responding patients could indicate an altered tissue distribution of these cells, or a reduced overall expression of IL21R in T cells specifically.

The effect of MTX on protein levels in serum was similar across responders and non-responders. However, the coefficients of change were always larger for responders, indicating that the detected regulation tended to be stronger among responders. As expected we saw a drop in CRP levels. Blockage of IL-6 has been shown to be clinically beneficial in RA (reviewed in (13)), and here we observed a significant decrease in IL-6 among patients who responded to treatment. We did not observe a significant regulation of IL-6 gene expression, which might be due to limitations in power or a decreasing of IL-6 gene expression by cells other than PBMC. In addition, VEGF was significantly decreased by MTX within responders, whereas levels in non-responders increased slightly (not significant). Here the difference in regulation among responders and non-responders was nominally significant (p: 0.011). VEGF has previously been suggested to be positively correlated with disease severity (DAS28) and CRP levels (14). In our material there was a positive correlation between CRP and VEGF among treatment naïve patients (r2: 0.44, p: 2.4*10−5), but no correlation was seen after MTX treatment (r2: 0.01, p: 0.92). CCL23 has been suggested as a severity marker for RA (15), and we observed that it decreased significantly during treatment in responders. We saw a significant correlation between CCL23 and DAS28 in MTX-naïve patients (r2: 0.27, p: 0.0086), but this correlation disappeared in MTX-treated patients (r2: 0.02, p: 0.85). We also found a suppression of CXCL10 and E-selectin, in line with data in a previous reports (16, 17). Additionally, we detected the suppression of pro-inflammatory proteins Serum Amyloid A and CXCL9, and the metalloproteinase MMP-9 in responders.

MTX treatment had a large effect on gene expression levels, with some similarities between responders and non-responder, i.e., no single genes had a significantly differential regulation in responders as compared to non-responders. Among the patients that responded to MTX there was a clear suppression of the expression of cell cycle genes, indicating that MTX decreased the proliferation of the PBMC alternatively that MTX caused sequestration of proliferating cells in tissues. Also, the expression of several immunoglobulin genes were significantly suppressed by MTX among the responders. In our flow cytometry panel we measured the proportion of IgD-CD138+ CD27+ of all B cells, a staining that is considered to identify antibody-secreting plasma cells. The proportion of plasma cells measured this way was indeed suppressed by MTX, but had a FDR > 10% (beta: −033, p: 0.015). These findings could be a result of an altered distribution of immunoglobulin-expressing cells in the body induced by MTX, or a direct effect of MTX on antibody-production and B cell maturation processes. The gene expression level for the master regulator of regulatory T-cells, FOXP3, was also suppressed by treatment in those who responded to MTX. This was surprising given several earlier reports indicating that successful MTX treatment increases the proportion of regulatory T-cells in the peripheral blood of individuals with RA (18). Notably, transcripts of FOXP3 is expressed not only by regulatory T-cells, but also transiently by activated T-cells (19) and other cell lineages (20).

Among non-responders the effect of MTX on gene expression was generally weaker than in responders. The two genes that were significantly regulated among non-responders only, TRBV6-1 (log2FC:3.58) and SLC2A1 (log2FC: −0.33), were the genes with the strongest evidence for differential regulation by MTX treatment in responders compared to non-responders (FDR < 20%). Comparing the log2 (fold changes) in responders and non-responders showed only weak correlation (r2: 0.35, p: 0.025). Notably, gene set enrichment analysis indicated the suppression of inflammatory gene sets such as chemokines and chemokine receptors, IL12, NFAT and the pathway downstream the TCR of CD8+ T-cells also within clinical non-responders, gene sets which were not enriched in responders. Non-responders also experienced a decrease in the proportion of IL21R+ T-cell subsets during treatment, and an increased expression of the T-cell receptor gene TRBV6-1.

Prednisolone has a large effect on immune cells (21). In exploratory analysis, we accordingly observed that the effect of MTX and prednisolone jointly was larger than the effect of MTX alone on gene expression (results not shown). This exemplifies why adjusting for prednisolone in our analyses was essential.

We did not detect any biomarkers or prediction models with sufficient predictive value to aid in MTX therapy at baseline. Although the transcriptome models displayed positive predictivity, the ROC AUCs were relatively low which indicates that these results are fit as supplementary evidence, rather than serve as a basis of treatment choice. The set of proteins we investigated was, however, rather limited (n:51). We assayed a broad range of immune phenotypes, but the focus was to look at all major cell types and not the more functional ones. Previous reports have indicated that non-responders of MTX had a higher concentration of monocytes, and a proportion of CD14brightCD16−, CD14brightCD16+ and CD14dimCD16+ monocyte subsets before treatment initiation (22). Here neither of those signals was replicated, although we do detect a trend for higher proportion of CD14brightCD16+ among non-responders (OR: 0.86, p: 0.096). The level of IL1beta produced by PBMC has previously been suggested as a biomarker of response to MTX (23) but we detect no such pattern in serum, and when looking at gene expression by PBMC the level was slightly lower in future responders but far from significant [log2 (fold change): −0.34, p: 0.22]. Our results indicate that no major immune cell phenotypes in peripheral blood was able to predict who will later respond to MTX. Plant et al. (24) has previously demonstrated similar predictive ability of whole blood gene expression at baseline as we observe here. They additionally show that the difference in gene expression at baseline and 4 weeks into treatment is valuable to predict long-term MTX response. We are unable to interrogate this in our sample set as patients did not donate blood until their follow up clinical appointment at 3 months. Overall, we demonstrate some prediction models that are significantly better than random, yet not strong enough to warrant clinical implementation. This might be due to the heterogeneity, and limited size, of the included sample set.

In this study we are focusing on measurements done in peripheral blood due to the accessibility and low discomfort for the donors. This might however limit our possibility of detecting biomarkers or understanding the mechanisms associated to a good response to MTX. The important processes might in fact happen elsewhere in the body, as in the synovial or lymphoid tissue. Another limitation of this project is that gene expression alterations in specific cell types might be diluted and missed when total RNA is sequenced. We only investigated a subset of all cell type proportions and proteins, so important biomarkers might have been missed.



Conclusion

In summary, we herein show that MTX treatment leads to significantly different biological effects among those who respond clinically to treatment and those who do not. Within those who responded to MTX we observed a suppression of the proportions of HLA-DR+ T-cell subsets, a suppression of cell cycle genes, and a downregulation of IL-6. In non-responders we instead observed the suppression of IL21R+ T-cell subsets. These findings might represent biological processes that are involved in the clinical response, or lack of response, to MTX among RA patients.
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Systemic lupus erythematosus (SLE) is a prototypic systemic autoimmune disease characterized by the production of various autoantibodies and deposition of immune complexes. SLE is a heterogenous disease, and the pattern of organ involvement and response to treatment differs significantly among patients. Novel biological markers are necessary to assess the extent of organ involvement and predict treatment response in SLE. Lysophosphatidic acid is a lysophospholipid involved in various biological processes, and autotaxin (ATX), which catalyzes the production of lysophosphatidic acid in the extracellular space, has gained attention in various diseases as a potential biomarker. The concentration of ATX is increased in the serum and urine of patients with SLE and lupus nephritis. Recent evidence suggests that ATX produced by plasmacytoid dendritic cells may play an important role in the immune system and pathogenesis of SLE. Furthermore, the production of ATX is associated with type I interferons, a key cytokine in SLE pathogenesis, and ATX may be a potential biomarker and key molecule in SLE.
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1. Introduction

Systemic lupus erythematosus (SLE) is a systemic autoimmune disease, common in young women. SLE is characterized by the production of various autoantibodies, such as anti-nuclear and anti-dsDNA antibodies, and deposition of immune complexes. SLE can affect various organs including the skin, heart, kidneys, and central nervous system. Current treatment for SLE includes antimalarials, corticosteroids, immunosuppressants, and biologics; however, it is far from perfect, and many patients do not achieve an adequate response or experience side effects.

SLE is a heterogenous disease and the pattern of organ involvement and response to treatment differs significantly among patients. Various biological markers, such as complement levels, anti-dsDNA antibody titers, and urine tests, are used in clinical settings to assess disease activity of SLE (1). Different autoantibodies have been reported to be associated with certain clinical features of SLE, for example, the association of anti-ribosomal P antibodies with neuropsychiatric lupus and lupus hepatitis (2). Other novel markers are also being investigated (3), for example, monocyte chemoattractant protein-1 levels in urine have been reported to correlate with the activity and prognosis of lupus nephritis (4–6). Serum interferon levels have been associated with disease activity (7, 8). However, these biomarkers are not sufficient to assess the extent of disease and predict treatment response, and it is pertinent to find markers that can stratify patients to provide treatment most effective for each individual.

Recently, lysophosphatidic acid (LPA) and autotaxin (ATX), an enzyme that catalyzes the production of LPA, have recently gained attention in many fields. Many ATX inhibitors are being developed as potential therapeutic agents for cancer and idiopathic pulmonary fibrosis, and there are currently several clinical trials underway (9–11). Recently, a role for the ATX-LPA axis in SLE has also been reported. In this review, we will discuss the roles of LPA and ATX and whether they are their possible biological markers in SLE.



2. Lysophospholipids and the autotaxin–lysophosphatidic acid axis

Lysophospholipids are lipids with one carbon chain and a polar head group. They are classified into two groups, lysoglycerophospholipids and lysosphingolipids. Via signaling through G protein-coupled receptors, lysophospholipids play an important role in regulating cell function. LPA and sphingosine-1-phosphate are among the most well-studied lysophospholipids involved in cell signaling.

LPA transduces signals through LPA receptors (LPAR1–6) and is involved in various biological processes, including cell migration, proliferation, and aggregation of platelets (12). Under physiological conditions, ATX is the lysophospholipase mainly responsible for the production of LPA in blood and catalyzes the production of LPA from lysoglycerophospholipids, such as lysophosphatidylcholine (12) (Figure 1A). Five ATX isoforms have been reported, all of which exhibit lysophospholipase D activity. ATXβ and ATXγ are the isoforms mainly expressed in peripheral tissue and the central nervous system, respectively (13). ATX is abundantly expressed in adipose tissue. In mice, adipose tissue-specific knockout of ATX significantly decreased the concentration of LPA in plasma, suggesting that adipose tissue is an important source of ATX in blood (14). ATX is also highly expressed in the central nervous and reproductive systems, as well as in lymphoid tissues (13, 15). In the extracellular space, ATX binds to integrins, preventing its clearance and allowing for localized LPA production (16, 17). Tumor necrosis factor (TNF), interleukin-6 (IL-6), and lipopolysaccharide, as well as type I interferons, have been reported to induce the expression of ATX, while the expression of ATX is inhibited by LPA in a negative feedback loop (15, 18) (Figure 1B).

[image: Figure 1]

FIGURE 1
 An Overview of ATX. (A) The ATX-LPA axis: ATX is a lysophospholipase that mainly catalyzes the production of LPA from lysoglycerophospholipids, such as lysophosphatidylcholine. (LPC, lysophosphatidylcholine; ATX, autotaxin; LPA, lysophosphatidic acid; LPAR, LPA receptor). (B) Regulation of ATX expression: the expression of ATX is induced by TNF, IL-6, LPS, and type I interferons and inhibited by LPA. (TNF, tumor necrosis factor; IL-6, interleukin-6; LPS, lipopolysaccharide). (C) ATX and the pathogenesis of SLE: pDCs are activated by TLR7 and TLR9 signals, resulting in the production of type I interferons. Type I interferons induce the production of ATX and thus the production of LPA. This results in the activation of mDCs, which present autoantigens to T cells and activate them. Together, this leads to the maturation of B cells and the production of autoantibodies. Immune complexes further enhance the activation of pDCs, resulting in a positive feedback loop, contributing to the organ damage in SLE (pDC, plasmacytoid dendritic cell; TLR, toll-like receptors; mDC, myeloid dendritic cell).




3. Measuring lysophosphatidic acid and autotaxin concentrations

Many studies have investigated the concentrations of LPA and ATX in clinical specimens. Both LPA and ATX are abundant in the blood. Concentrations of LPA in the plasma of healthy individuals vary significantly among reports, ranging from 40–60 nM (19) to 120 nM (20). Concentrations as high as 0.1–6.3 μM have also been reported (21). Significant differences among these reports are thought to reflect the difficulty of accurately measuring LPA concentrations. That is, the concentration of LPA increases rapidly after blood collection due to its production in vitro. Therefore, to accurately measure the concentration of LPA in clinical specimens, samples must be handled carefully to avoid the production and degradation of LPA (19, 20). Further, its concentration is slightly higher in females (22).

The concentration of ATX in serum has been reported to be closely correlated with that of LPA and is more stable (22–24); thus, the measurement of ATX may serve as a more practical marker. The serum concentration of ATX is also higher in females than in males: 0.625–1.323 mg/L and 0.438–0.914 mg/L, respectively (9). The serum level of ATX increases during pregnancy (25) and various diseases, which will be discussed in section 4. Serum concentration of ATX may be affected by treatment with steroids (26, 27).



4. Autotaxin and human diseases

Reflecting the importance of ATX in the function of various systems, it has been implicated in many human diseases, some of which will be discussed here.


4.1. Autotaxin and malignancies

Before being identified as a phospholipase that catalyzes the production of LPA, ATX was originally reported as a substance present in the supernatant of melanoma cells that induces their migration (28). Serum ATX levels have been reported to be elevated in patients with various malignancies, including hepatocellular carcinoma (29) and follicular lymphoma (25). Serum ATX levels may also be useful in assessing disease progression. For example, in patients with hematological malignancies, ATX levels in cerebrospinal fluid is increased in patients who have malignant cells within the central nervous system (30).



4.2. Autotaxin and liver diseases

Serum ATX levels increases in various liver diseases, such as chronic hepatitis C (31) and non-alcoholic fatty liver disease (32). Serum ATX correlates with the histological staging of liver fibrosis and is approved as a marker for liver fibrosis in Japan (33, 34).



4.3. Autotaxin and cardiovascular diseases

By producing LPA and mediating platelet activation, ATX also plays an important role in atherosclerosis and cardiovascular diseases. For example, ATX is overexpressed in the cardiac tissue of patients with acute myocardial infarction (AMI) and is involved in the induction of inflammation after AMI (35). LPA is also involved in cardiac remodeling following AMI.



4.4. Autotaxin, idiopathic pulmonary fibrosis, and systemic sclerosis

ATX is also implicated in fibrosis, and ATX levels are increased in lungs of patients with idiopathic pulmonary fibrosis (IPF). The ATX-LPA axis may be a potential therapeutic target in IPF, and clinical trials of ziritaxestat, an ATX inhibitor, are being conducted (9, 36). The ATX-LPA axis is also involved in skin fibrosis in systemic sclerosis (37), and a recent clinical trial of ziritaxestat for patients with early diffuse cutaneous systemic sclerosis indicated that inhibition of ATX may improve skin symptoms (38).



4.5. Autotaxin and rheumatoid arthritis

The ATX-LPA axis is also involved in pathogenesis of autoimmune diseases, including rheumatoid arthritis (RA) (15). TNF-α, a key cytokine in the pathogenesis of RA, induces expression of ATX in synovial fibroblasts (39), and LPAR1 and ATX are highly expressed in the synovium of patients with RA (39, 40). The ATX-LPA axis has been reported to contribute to the pathogenesis of RA by inducing infiltration of immune cells to joints and may promote differentiation of Th17 cells in the synovium (15, 40).




5. Autotaxin and systemic lupus erythematosus

ATX is also expressed by cells of the immune system. In the immune system, ATX and LPA exert various effects––regulating the development, function, and migration of various immune cells––and there is growing evidence that ATX may also play a role in the pathogenesis of SLE. In the following section we will discuss the role of ATX in the immune system and in SLE.


5.1. Autotaxin, type I interferons, and plasmacytoid dendritic cells

Production of type I interferons by plasmacytoid dendritic cells (pDCs) plays a central role in the pathogenesis of SLE (41–44). Type I interferons produced by pDCs induce the differentiation of dendritic cells (DCs). It also enhances the ability of DCs to present autoantigens to T cells (44, 45). Type I interferons also promote the maturation of B cells and production of autoantibodies (46–48), and immune complexes further induce the activation of pDCs and production of type I interferons (Figure 1C). Among peripheral blood immune cells, the expression of ENPP2, which encodes ATX, is highest in pDCs (49, 50), and several lines of evidence suggest that there is an association between the ATX-LPA axis and production of type I interferons by pDCs in SLE.

First, type I interferons are involved in the production of ATX. The induction of ATX by interferons has been reported in various cell types, including THP-1 cells, human monocyte-derived DCs, and human monocytes. The production of type I interferons upon TLR stimulation plays a critical role in the induction of ATX, and blocking interferons inhibits this process (18).

In addition, the expression of ENPP2 is increased in pDCs of patients with SLE, especially those with high disease activity (49). However, this is not specific to SLE and is seen in other inflammatory diseases, including COVID-19 infection (50). In single-cell RNA-seq analysis of pDCs, clusters enriched in type I IFN transcripts expressed ENPP2, as well as SLC7A11 and MYO1E. ENPP2 and SLC7A11 were also expressed in pDCs obtained from kidney biopsies of patients with lupus nephritis. In vitro studies suggest that SLC7A11 induces the expression of MYO1E and ENPP2 during pDC activation and that ATX is necessary for production of IFN-α and TNF. Therefore, ATX may play a critical role in activated pDCs that are directly involved in SLE pathogenesis at the site of inflammation (51). LPA has been reported to modulate the activity of TCF4, a transcription factor essential for pDC development (16).

Other studies have suggested an interaction between the ATX-LPA axis and pDCs in SLE. In our recent weighted gene co-expression network analysis (52) of transcriptome data of pDCs from patients with SLE, ENPP2 belonged to a module (a group of genes with high correlation in expression patterns) enriched in genes involved with interferon signaling (49). Furthermore, this module included genes whose expression are influenced by single-nucleotide polymorphisms (SNP) associated with SLE in genome-wide association studies. For example, this module included RASGRP3, whose expression is increased in pDCs of patients with the SLE risk allele at rs13425999. Although it is not clear whether there is a direct causal relationship between the expression of those genes with ATX, it suggests that ATX may be involved in the connection between genetic risk factors of SLE and disease pathogenesis (49).

Furthermore, among patients with SLE, rs10980684, an intron SNP located in the LPAR1 gene, is associated with anti-Ro and anti-Sm antibody positivity, which are known to be associated with high serum levels of interferon α. Among patients with anti-Ro and anti-Sm antibody positivity, the T allele at rs10980684 was associated with high serum levels of interferon α (53).

Together, these studies suggest that there is an association of the ATX-LPA axis in pDCs with type I interferons and that genetic factors of SLE play a possible role in this process.



5.2. Autotaxin and other myeloid cells

Other DC subsets and macrophages are also involved in the pathogenesis of SLE (44, 54), and the ATX-LPA axis is also critical in the regulation of those cells. For example, expression of ATX in macrophages increases upon activation in both humans and mice. LPA has been reported to increase the production of proinflammatory cytokines, such as TNF. LPA enhances the ability of human macrophages to stimulate T cells (55), and knockdown of ATX expression in mouse macrophages impairs their migratory capacity and ability to activate T cells (56). It has also been reported that LPA modulates the differentiation of monocyte-derived DCs (57). The altered expression of ATX, and thus LPA, in SLE may contribute to the altered function of macrophages and DCs.



5.3. Autotaxin and lymphocytes

In lymph nodes, high endothelial venules express ATX at high levels (58). Activated T cells express receptors for ATX, and transendothelial migration of T cells is enhanced by the LPA produced by ATX on high endothelial venules (58, 59). Consistent with this, LPAR2-deficient CD4+ cells exhibit a defect in early intranodal migration (60). In lymph nodes, ATX is also expressed by stromal cells, and the ATX-LPA axis, along with other chemokines, is also involved in the regulation of T cell migration in the paracortex (61). In addition to its role in the migration of lymphocytes, the ATX-LPA axis has been reported to play a role in the formation of immune synapses in CD8+ cells (62).

The ATX-LPA axis is also important for B cells. Some in vivo studies suggest that B cells may also be involved in production of ATX during inflammation (63). Furthermore, via signaling through LPAR5, LPA has been reported to inhibit B cell receptor signaling (64).

Various abnormalities involving the ATX-LPA axis have been reported in lymphocytes of patients with SLE (65). LPAR3 has been reported to be upregulated in CD4+ and CD8+ T cells of patients with SLE (66). In addition, in a transcriptome analysis of B cells from patients with SLE and healthy controls, differentially expressed genes were enriched in “chemotaxis and lysophosphatidic acid signaling via GPCRs” (67).



5.4. Autotaxin–lysophosphatidic acid axis in other organ systems

Cardiovascular diseases are a major cause of mortality among patients with SLE in many cohorts (68, 69). Steroids used for the treatment of SLE promotes progression of atherosclerosis. SLE is often associated with anti-phospholipid syndrome that is characterized by the presence of anti-phospholipid antibodies and thrombosis (70). Consistent with the role of ATX in the activation of platelets, the proportion of ATX+ platelets were reported to be higher in patients with SLE, especially those with a history of thrombosis, compared with that in healthy controls (71). Thus, ATX might be useful as a marker for thrombosis in SLE.

The ATX-LPA axis is also involved in neuropathic pain (72, 73). Among patients with SLE, pain is often a significant burden, even among those whose disease activity is not high (74, 75). It may be possible that ATX is involved in pain in SLE.




6. Autotaxin as a biomarker for systemic lupus erythematosus

Reflecting the potential role of the ATX-LPA axis in SLE pathogenesis, various studies have addressed the potential role of ATX as a biological marker in SLE (Table 1).



TABLE 1 Studies assessing autotaxin or ENPP2 in clinical samples from patients with systemic lupus erythematosus.
[image: Table1]


6.1. Autotaxin in serum of patients with systemic lupus erythematosus

Consistent with the increase in ENPP2 mRNA expression levels observed in patients with SLE, the concentration of ATX in the serum is increased in patients with active, untreated SLE compared with that in healthy controls (49). It has also been reported that ATX levels are increased in the serum of patients with lupus nephritis compared with those in patients with other glomerulonephritis, such as diabetic nephropathy and membranous nephropathy (27). The level of ATX in the serum inversely correlates with the dosage of steroids in patients with lupus nephritis (27), and ATX serum levels may decrease upon treatment with steroids (26). Therefore, the effect of treatment must be considered based on ATX serum levels.



6.2. Autotaxin in urine of patients with systemic lupus erythematosus

The concentration of ATX in urine shows correlation with various parameters associated with kidney injury, such as the concentration of proteins, N-acetyl-β-d-glucosaminidase, and α1-microglobulin in the urine (76). Urinary ATX/Cre concentrations were higher in patients with lupus nephritis compared to those in controls (76). The concentration of urinary ATX is also increased in patients with membranous nephropathy (76) and active sarcoidosis (77). Therefore, although it may not be disease specific, urinary ATX levels may serve as a potential marker for lupus nephritis.




7. Discussion

SLE is a heterogenous disease, and to provide better care for patients with SLE, there is an eminent for biological markers to assess the pattern and extent of organ involvement and to predict treatment response. The ATX-LPA axis is involved in various biological processes, including immune responses. Recent evidence suggests that the ATX-LPA axis is associated with the abnormal production of type I interferons in pDCs that characterizes SLE (49, 51); thus, the ATX-LPA axis may play a critical role in SLE pathogenesis, and ATX may serve as a potential biomarker.

In the immune system, expression of ATX is high in pDCs and induced by type I interferons (18). ATX may be a marker of activated pDCs that are involved in the pathology of SLE, and in addition to acting as a marker for activated pDCs, ATX may directly be involved in the activation of pDCs (51). Reflecting this, expression of ENPP2 is high in pDCs of patients with SLE, especially those with high disease activity (49), and ATX concentrations increase in the serum of patients with untreated SLE (49) and lupus nephritis (27). The concentration of ATX is also increased in the urine of patients with lupus nephritis (76). Although the ATX concentration increases observed in serum and urine are not specific to SLE, it may be possible that ATX serves as a useful marker for assessing disease activity and the pattern of organ involvement. Furthermore, biologic therapies that directly inhibit type I interferon signaling, such as anifrolumab, have recently become available for the treatment of SLE (78), and novel markers to identify patients who could benefit the most from those therapies need to be identified (79). ATX may serve as a useful marker in this aspect, as it can be measured with a commercial automated immunoassay analyzer (80), which may be more convenient than measuring the expression of interferon-associated genes with quantitative polymerase chain reaction as performed in some clinical studies (78). More studies are needed to assess the potential role of ATX in predicting treatment response.

In conclusion, the ATX-LPA axis plays a critical role in the pathogenesis of SLE and is associated with the production of interferons by pDCs. ATX may serve as a potential marker for assessing disease activity, the pattern of organ involvement, and predicting treatment responses. Thus, further investigation of the role of ATX in these aspects are warranted.
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Introduction: Acute generalized exanthematous pustulosis (AGEP) is a rare condition characterized by superficial pustules following drug ingestion or infection. Currently, there is no clear link between rheumatism and AGEP. It has been described that hydroxychloroquine (HCQ) is a rare cause of acute generalized epidermal necrolysis (AGEP). Presently, there are limited studies on HCQ-induced AGEP. We aimed to explore the clinical features and associated gene expression of AGEP induced after HCQ treatment exposure in rheumatology patients.

Methods: We assessed patients with HCQ-induced AGEP diagnosed at the Second Affiliated Hospital of Guizhou University of Chinese Medicine between January 1, 2017, and May 1, 2022. We also reviewed similar cases reported in specific databases.

Results: The study included five females (mean age, 40.2 years), and the mean time from initiation of HCQ treatment to symptom onset was 12.2 d. All patients received steroids and allergy medications after HCQ discontinuation, and the rash completely resolved within an average of 25.2 d. We performed whole exome sequencing and Sanger validation in our patient sample. CARD14 gene mutations were detected in three patients. Additionally, seven mutation sites were detected.

Discussion: HCQ-induced AGEP may have a longer latency period and regression time than AGEP induced by other drugs. Our patients all experienced CARD14 gene mutations. AGEP often resolves with topical therapy and drug discontinuation, although some cases require systemic steroid therapy. In the future, patients with rheumatism should pay attention to the effectiveness of HCQ during treatment and be aware of the associated skin toxicity.
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1. Introduction

A rheumatic disease is an inflammatory disorder that affects the skin, mucous membranes, bone, joints, and surrounding soft tissues including muscles, synovium, bursa, and tendons (1). The most common symptom of acute generalized exanthematous pustulosis is the presence of numerous non-follicular, sterile pustules on top of an edematous background (2). It is usually accompanied by fever and peripheral blood leukocytosis (3). About 90% of AGEP cases are caused by drugs such as antibiotics, antifungals, diltiazem, and antimalarial agents (4, 5). Approximately 20% of patients with AGEP develop systemic involvement; mostly impaired liver, kidney, lung function and, in severe cases, multiple organ failure, diffuse intravascular coagulation, and death (6, 7). Hydroxychloroquine (HCQ) sulfate regulates immune function and can be used clinically as initial treatment for malaria, rheumatoid arthritis (RA), and systemic lupus erythematosus (SLE) (8, 9). With the widespread use of HCQ, an increasing number of adverse events are being reported in clinical practice, among which AGEP is rare. Owing to its low incidence, we have limited information on AGEP. Previous research has demonstrated that some patients with AGEP carry mutations in the IL36RN and CARD14 genes, suggesting that AGEP may have a genetic basis (10). In addition, there is evidence that AGEP is linked to mutations in the CARD14 gene, and the predicted p. (Arg430Trp) variant of heterozygous c.1288C c.1288C > T transition (11). We conducted a literature search and found only a few reported cases of Chinese clusters (12, 13). Therefore, the study aimed to describe the clinical and genetic characteristics of Chinese patients with HCQ-induced AGEP.



2. Materials and methods

We observed five patients of HCQ-induced AGEP at the Second Affiliated Hospital of Guizhou University of Chinese Medicine between January 1, 2017, and May 1, 2022. The patients were diagnosed with HCQ-induced AGEP based on EuroSCAR scores validated by (5); five patients scored 5–12 points, indicating a definite or probable diagnosis of AGEP (5). We collected the following information from the medical records of these patients: demographic characteristics, clinical features, onset date, time of symptom resolution, and laboratory test results. In addition, we used next-generation whole exome sequencing to evaluate the mutated gene, and performed Sanger verification on the mutant gene; IL36RN and CARD14 mutation sites were reported. Our gene sequencing experiments were all entrusted to the Beijing Luhe Huada Gene Technology Co., Ltd., Wuhan, China, and the specific process can be found on the company’s website.1 Furthermore, we reviewed similar cases reported in the Wanfang Data, PubMed, Embase, China National Knowledge Infrastructure (CNKI), Web of Science, and other databases from their inception to May 2022. Search terms included “acute generalized exanthematous pustulosis,” “AGEP,” “HCQ,” “hydroxychloroquine,” and “side effects.” The present study was approved by the Institutional Review Committee of the Second Affiliated Hospital of Guizhou University of Chinese Medicine and conducted in accordance with the Declaration of Helsinki. Throughout the study, all participants provided their informed consent.



3. Results

The average age at diagnosis was 40.2 years (range, 28–63 years) for all five participants. Patient history included two cases of RA, one case of RA with Sjogren’s syndrome, and two cases of SLE. None of the five patients had any skin reactions or a personal or family history of psoriasis. The details of each case are presented in Table 1.



TABLE 1 Clinical characteristics, laboratory abnormalities, and allergological findings.
[image: Table1]

Our five cases were accustomed to hospital treatment because of a poor response to the long-term use of disease-modifying antirheumatic drugs (DMARDs), such as methotrexate for rheumatism, and skin allergic reactions caused by adjusting to the use of HCQ. The dosage of HCQ among the five patients was the same: two tablets, administered twice daily at the same time. The average delay in the appearance of a rash in all five cases was 12.2 d after admission (range: 7–25 d). In all patients, the skin eruptions were non-follicular and pinhead-sized, resulting from sudden, acute onset. The rash was initially seen on the cheeks and face in two patients, on a limb joint in one patient, on the scalp in one patient, and on the hands in one patient. In all cases, a rapid spread of the rash throughout the body was observed, with facial involvement (Figures 1A–F). After the rash appeared, all patients immediately stopped HCQ treatment. No patients developed mucosal involvement or lymphatic system disease. Over the course of symptom duration, four patients developed fever and all patients had pruritis.

[image: Figure 1]

FIGURE 1
 Rash before and after treatment. (A) Rash on the face; (B) rash on the hands; (C) rash on the legs; (D) rash on the back; (E) rash on the abdomen; (F) rash on the chest; (G) improvement in the rash on the legs; and (H) improvement in the rash on the back.


Laboratory results showed that the percentage of neutrophils increased to 81.3% (normal, 40–75%) in three patients, and the percentage of eosinophils decreased to 0.3% (normal, 0.4–8.0%) in two patients. C-reactive protein levels increased to 11.21 mg/L (the norm, 0–10 mg/L) in one patient, and the erythrocyte sedimentation rate increased to 59 mm/L (normal, 0–20 mm/L) in one patient. Several routine laboratory tests were also performed, including renal and hepatic function and serologic tests to determine influenza, hepatitis B, enteroviruses, and mycoplasmas, which were unremarkable. The bacteriological and mycological findings of pustules were negative.

Skin tissue biopsy showed histopathological changes in the skin, where the epidermis showed mild vacuolar degeneration and varying numbers of neutrophil infiltrates just beneath the surface of the deep dermis—primarily the superficial dermis—as well as cavernous pustules under the epidermis; an example of these changes is presented in Figure 2. We performed whole exome sequencing and Sanger validation on all five patients and identified CARD14 gene mutations in three patients. Seven mutation sites were detected: c.1641G > C (p.Arg547Ser) heterozygous mutation, c.2422A > G (p.Thr808Ala) heterozygous/homozygous mutation, c.2458C > T (p.Arg820Trp) heterozygous mutation, c.1323C > T (p.Asp441Asp) heterozygous mutation, c.633G > A (p.Glu211Glu) heterozygous mutation, c.1753G > A (p.Val585Ile) heterozygous mutation, and c.2481C > T (p.Pro827Pro) heterozygous mutation (Figure 3). No mutations were identified in the IL-36RN gene.

[image: Figure 2]

FIGURE 2
 Histopathological examination of a skin biopsy from the left chest showed mild vacuolar degeneration of epidermal basal cells, varying numbers of neutrophil infiltrates in the superficial-deep dermis (mainly in the superficial dermis), and epidermal cavernous pustule formation (hematoxylin and eosin staining; original magnification, ×400).


[image: Figure 3]

FIGURE 3
 Mutation sites detected in the samples.


One patient was treated with topical steroids plus antihistamines, three patients received systemic steroids plus antihistamines, and one patient was treated with steroids plus antihistamines, mycophenolate mofetil, and thalidomide. All patients achieved good results after treatment, the rash completely resolved within 15–45 d after HCQ discontinuation, and diffuse superficial desquamation was observed during treatment. All patients were followed-up for 6 months to 1 year, without rash recurrence (Figures 1G,H).

From our literature search strategy, 221 relevant articles were retrieved. After screening, 33 valid articles were obtained, including 46 similar cases. Table 2 shows the clinical features of these cases. The cases we reported were similar to those reported in the literature. These similarities concerned the greater proportion of females, average age of onset and mean delay to diagnosis, treatment with topical or systemic steroids, and complete rash resolution within 7–119 d.



TABLE 2 Previous reports on cases of acute generalized exanthematous pustulosis induced by HCQ.
[image: Table2]



4. Discussion

AGEP is an acute-onset non-follicular aseptic impetigo that typically presents with sudden high fever and a rash characterized by a dense distribution of needle tip to soybean-sized pustules based on diffuse flushing, usually without mucosal and general organ damage (29). The incidence of AGEP is approximately 1–5/1,000,000/year. Approximately 90% of patients are on medication prior to disease onset, mainly in the form of antibiotics, with β-lactam medications being the most common (45). In a small number of patients, AGEP is caused by an infection or other factors (46) including other drugs that rheumatological patients may take to fight biologics-related infections, e.g., doxycycline or new anticoagulants (dabigatran) (47, 48). The specific pathogenesis of AGEP remains incompletely understood (49). HCQ has immunosuppressive, anti-inflammatory, and possibly antiviral properties, and common adverse effects include headache, various types of rashes, pruritus, and gastrointestinal dysfunctions, such as nausea, vomiting, and diarrhea (50). Several dermatological side-effects have been associated with the use of HCQ, including dryness, pigmentation, itching, alopecia, urticaria, measles, contact dermatitis, and worsening psoriasis, of which AGEP is one of the more serious but rare types (51). With the wide application of HCQ in clinical practice, HCQ-induced AGEP should be seriously considered.

The incubation time of AGEP is generally 3–30 d, and the median time of occurrence is 15 d after starting drug treatment. The time from drug exposure to the appearance of a rash depends on the causative drug; primitive mycin and amoxicillin can cause AGEP rash onset 1 d after the first dose, whereas other drugs trigger a reaction only after 1–2 weeks (52). For instance, carbamazepine-induced AGEP may take 5–35 d to manifest symptoms (53); when diltiazem induces AGEP, symptom onset occurs within 1–3 weeks (54). Previous cases of HCQ-induced AGEP ranged from 2 to 30 d between the initiation of HCQ treatment and rash onset (15, 52). Rash onset in the cases we reported ranged from 7 to 25 d, which is similar to results reported in the literature. In addition, studies have found that blood drug levels peak after 5–6 weeks of HCQ trial treatment, which may be the reason for the slow appearance of AGEP symptoms (55). This indicates that HCQ-related AGEP may be associated with its metabolic properties.

In the cases we studied, there were no mutations in the IL-36RN gene; however, we identified novel mutations in the CARD14 gene in three cases at seven mutation sites. Of the three patients, one had SLE, one had RA, and one had RA with Sjogren’s syndrome. None of the three patients was in an active disease state, and there were no obvious symptoms of joint pain, swelling, skin allergies, or mouth ulcers. To date, CARD14 gene mutations have been associated with various diseases that produce widespread pustular rashes, such as generalized pustular psoriasis (GPP), psoriatic arthritis, and pityriasis rosea (10, 56). In addition, mutations in other CARD genes are known to cause pustular skin disorders, similar to Burau syndrome (CARD15/NOD2 mutations) (57). Owing to the limited number of reported cases, further research is needed to determine whether CARD14 mutations form the molecular basis of AGEP.

The typical manifestations of AGEP include tens to hundreds of non-follicular pinhead-sized sterile pustules that appear rapidly as edematous erythema, generally originating on the face or intertriginous areas of the body, and rapidly spreading to the trunk and limbs. Histopathology on sub-corneal pustules located in the superficial layer of the epidermis reveals the presence of immune cells—mainly neutrophils and occasionally eosinophils—and an almost unchanged epidermis below the pustules, showing only infiltrated neutrophils and mild intercellular edema (2). In the five patients we reported, the rash initially appeared on the cheeks and facial area, joints of the extremities, scalp, and hands. Afterward, the rash spread rapidly to other parts of the body. All cases had facial involvement, which is consistent with the clinical presentation of AGEP. HCQ-related AGEP can be clearly distinguished from GPP—which recurs often—and there may be typical psoriasis lesions before the appearance of pustules; these appear on the original plaque or rash and can expand and fuse to form “pus lakes.” In addition, some patients with GPP have a family history, and the histopathological manifestations are psoriasis-like hyperplasia of the epidermis with keratosis, Kogoj micro-abscesses in the upper part of the spinous layer, and superficial dermal telangiectasia and tortuous vessels (58). In this sample, there was no family history of psoriasis, the rash appeared after HCQ treatment, and pustule formation was observed on histopathology, which is not the case in patients with GPP. Therefore, patients with suspected HCQ-induced AGEP may benefit from histopathology and skin biopsy.

AGEP is self-limiting and has a short disease course, and lesions generally disappear within 15 d of stopping the causative drug. However, HCQ-induced AGEP is prolonged and recurrent, ranging from 7–81 d (18, 37). As HCQ has a longer half-life, HCQ-associated AGEP lesions may last for longer, i.e., 1–2 months (19). All five patients in our sample were discharged within 15–45 d, similar to the results reported in the literature. The first principles and priorities of AGEP treatment are cessation of exposure to suspected triggers and symptomatic supportive care, avoiding antibiotics as much as possible, except in cases where co-infection is suspected; in such cases, antibiotics should be cautiously used (59). The use of topical emollients may aid the treatment of mild symptoms, whereas patients with severe symptoms require systemic steroids to relieve itching, inhibit telangiectasia and inflammation, and shorten the course of the disease; for recalcitrant disease, systemic therapy is recommended with dapsone and cyclosporine (60). Our patients received topical or systemic steroids and antihistamines, and the most severely ill patient also received mycophenolate and thalidomide, which rarely present with serious complications and sequelae. The mortality rate of AGEP is less than 5% and is often due to multi-organ dysfunction. Patients at high mortality risk typically have comorbidities or extensive skin lesions with mucosal involvement (4). The condition rarely recurs after treatment, but exposure to the same trigger may lead to recurrence. None of the patients we reported on had any recurrence after a 1–2 year-follow-up period.

Herein, we reported five cases of HCQ-induced AGEP. The need to distinguish HCQ-induced AGEP from GPP is of clinical concern. Compared to AGEP induced by other drugs, the latency and regression time of AGEP caused by HCQ are longer. AGEP often resolves with topical therapy and with drug discontinuation, although systemic steroid therapy may be necessary in some cases. In addition, a new CARD14 mutation was identified in our study and was validated using Sanger sequencing.
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Objectives: Serum levels of C-reactive protein (CRP) and erythrocyte sedimentation rate (ESR) have been used as useful biomarkers for reflecting the activity of large vessel vasculitides (LVV). However, a novel biomarker that could have a complementary role to these markers is still required. In this retrospective observational study, we investigated whether leucine-rich α-2 glycoprotein (LRG), a known biomarker in several inflammatory diseases, could be a novel biomarker for LVVs.

Methods: 49 eligible patients with Takayasu arteritis (TAK) or giant cell arteritis (GCA) whose serum was preserved in our laboratory were enrolled. The concentrations of LRG were measured with an enzyme-linked immunosorbent assay. The clinical course was reviewed retrospectively from their medical records. The disease activity was determined according to the current consensus definition.

Results: The serum LRG levels were higher in patients with active disease than those in remission, and decreased after the treatments. While LRG levels were positively correlated with both CRP and erythrocyte sedimentation rate, LRG exhibited inferior performance as an indicator of disease activity compared to CRP and ESR. Of 35 CRP-negative patients, 11 had positive LRG. Among the 11 patients, two had active disease.

Conclusion: This preliminary study indicated that LRG could be a novel biomarker for LVV. Further large studies should be required to promise the significance of LRG in LVV.

KEYWORDS
 leucine-rich α-2 glycoprotein, Takayasu arteritis, giant cell arteritis, large vessel vasculitides, biomarkers


1. Introduction

Large vessel vasculitides (LVV) are systemic inflammatory diseases, which mainly affect the aorta and its first branches. The disease activity over time could result in vascular stenosis, occlusion, and dilatation. Serum levels of C-reactive protein (CRP) and erythrocyte sedimentation rate (ESR) are reliable biomarkers for assessing vascular inflammation in large vasculitis and are employed in the current criteria to evaluate disease activity. Meanwhile, they do not necessarily correspond to histopathologically-proved vascular inflammation (1). To predict a possible relapse or progression of the vascular lesions, a novel biomarker is required.

Leucine-rich α-2 glycoprotein (LRG) is a 50-kDa protein, which is produced by hepatocytes, neutrophils, macrophages, and epithelial cells. It promotes angiogenesis, cellular proliferation, and tissue repair through modulating TGF-β signaling (2, 3). As its production is induced by multiple cytokines including interleukin-6 (IL-6), tumor necrosis factor-α (TNF-α), and IL-1α, LRG could be elevated even in patients with active inflammatory diseases with low serum CRP. This is the case with patients suffering from active inflammatory bowel syndrome (IBD) (4) and from active rheumatoid arthritis treated with IL-6 blockade (5).

To investigate whether LRG could be an additional biomarker for LVVs, we evaluated the serum levels of LRG in patients with LVVs.



2. Methods


2.1. Participants and data collection

This study is a retrospective observational study. Patients with Takayasu arteritis (TAK) or giant cell arteritis (GCA) who visited the Tokyo Medical and Dental University (TMDU) hospital between April 2017 and March 2019 were screened. Among them, patients whose serum samples at their visits were preserved with written informed consent for research use were enrolled. The serum samples were collected at any time point regardless of their disease activity. Eligible cases fulfilled the American College of Rheumatology (ACR) criteria 1990 of TAK or GCA (6, 7). Clinical information and laboratory test values including CRP and ESR were obtained from medical records.

Disease activity states, such as active, major/minor relapse, remission, sustained remission, and glucocorticoid-free remission, were defined according to the European Alliance of Associations for Rheumatology (EULAR) consensus definition of disease activity (8). More detailed definitions are as follows; “active disease” was defined as the presence of typical signs or symptoms of active LVV with at least one of the following: current activity on imaging or biopsy/ischemic complications/elevated inflammatory markers, “major relapse” was defined as recurrence of active disease with either of the following: clinical features of ischemia/evidence of active aortic inflammation resulting in progressive aortic or large vessel dilatation, stenosis or dissection, “minor relapse” was defined as recurrence of active disease but not fulfilling the criteria for a major relapse, “remission” was defined as the absence of all clinical signs and symptoms attributable to active LVV and normalization of ESR and CRP, “sustained remission” was defined as remission for at least 6 months with the achievement of the individual target GC dose, and “glucocorticoid-free remission” was defined as sustained remission with discontinued GC therapy.

The baseline characteristics of the participants were evaluated at the time when their serum was obtained initially. Their clinical courses were reviewed retrospectively until October 2022.



2.2. Measurement of LRG

The serum concentrations of LRG were measured with enzyme-linked immunosorbent assay (ELISA) (5) at Kochi University.



2.3. Statistics

For comparisons among the two groups, the values were analyzed by Welch’s t-test. Correlation between two parameters was assessed by Spearman’s correlation analysis. A value of p of 0.05 was employed as a threshold for statistical significance. Receiver operating characteristic (ROC) curves analysis was employed to determine a cut-off value and evaluate the diagnostic performance of a biomarker.




3. Results


3.1. Serum LRG was elevated in active LVVs

Forty patients with TAK and nine with GCA were included in this study (Table 1). All patients had aortic involvement. Treatments with glucocorticoids (n = 33) in combination with methotrexate (n = 3), azathioprine (n = 2), or tocilizumab (n = 5) were given to 33 patients when the serum samples were collected. Nineteen patients had active disease and the other 30 were in remission at the baseline evaluation. Eight out of the 19 active patients were active having minor relapses and the rest 11 patients had newly-onset diseases. Sixteen out of the 30 remission patients were in sustained remission, who were in remission for at least 6 months and achieved the target glucocorticoid dose, and eight patients were in glucocorticoid-free remission. The median age of the patients was 55 (range: 16–81) and 60 (range: 21–79) years old, the median disease duration was 0.1 (range: 0.1–47) and 33 (0.1–51) years, and the median dose of glucocorticoids was 25 (range: 0–70) and 2.9 (range: 0–12.5) mg/day in active and remission patients, respectively. Since the elevated inflammatory markers of CRP and ESR are included in the EULAR consensus definition but not indispensable to active diseases, five patients with negative CRP or ESR were categorized into active disease depending on their concurrent ischemic complications or imaging studies. Besides four patients with IBD, neither of them had intestinal symptoms at the evaluation. There was no coexistence of other inflammatory diseases. The rates of complication-associated arteriosclerotic lesions including hypertension, dyslipidemia, and diabetes were comparable between active disease and remission.



TABLE 1 Baseline characteristics of patients.
[image: Table1]

Serum LRG levels in the patients with active disease were elevated significantly compared to those in remission [mean values: 30.5 (+ − 17.5) vs. 19.3 (+ − 6.28) μg/mL, p < 0.05; Figure 1A]. As alternative reference variables, the levels of CRP [mean values: 4.58(+ − 4.44) vs. 0.067 (+ − 0.058) mg/mL, p < 0.05; Figure 1B], and ESR [mean values: 62.58 (+ − 41.92) vs. 15.6 (+ − 11.4) mm/h, p < 0.05; Figure 1C] were also elevated significantly in the active disease as well. ROC curve analysis revealed that a cut-off value of LRG to distinguish the active disease from remission was 21.5 μg/mL (sensitivity 66%, specificity 73%, AUC 0.71, Figure 1A). ROC curve with CRP and ESR (Figures 1B,C) showed higher AUC (0.83 and 0.80, respectively) than that with LRG. The sensitivity and specificity were 73 and 96% with CRP (cut-off value 0.3 mg/dL) and 84 and 42% with ESR (cut-off value 10 mm/h). LRG levels were correlated positively with CRP (p < 0.0001, r = 0.61) and ESR (p < 0.0001, r = 0.55; Figure 2).

[image: Figure 1]

FIGURE 1
 Serum levels and ROC curve of the markers in patients with LVV. Serum levels and ROC curve of LRG (A), CRP (B), and ESR (C). Bars show mean and 2SD values. Asterisks represent statistically significant differences (p < 0.05). LRG, leucine-rich α-2 glycoprotein; LVV, large vessel vasculitides; and ROC, receiver operating characteristic.


[image: Figure 2]

FIGURE 2
 Correlations between LRG and inflammatory markers. Serum LRG levels were positively correlated with CRP (A) and ESR (B).




3.2. LRG was a complementary maker to CRP for active LVVs except for patients treated with IL-6 inhibitors

Using the calculated cut-off value of LRG, we divided the patients into four groups according to their serum LRG and CRP levels (Table 2). Eleven out of 35 CRP-negative patients had positive LRG. Among them, two had active disease depending on their ischemic complications. In both of the two CRP-negative/LRG-positive cases with disease activity, ESR was increased to 26 and 58 mm/h, respectively. Radiological studies were not performed at that time.



TABLE 2 Number of the patients grouped according to the levels of CRP/LRG.
[image: Table2]

On the other hand, three LRG-negative patients among 14 CRP-positive ones had active disease. They were all newly diagnosed with GCA.

All five patients under the treatments with anti-IL-6 receptor antibodies, tocilizumab (TCZ), had neither positive value of CRP, LRG, nor ESR, regardless of their disease activities.



3.3. LRG decreased after achieving remission

Clinical courses of the patients were observed up to 4 years after the baseline evaluation. Among nine patients whose serum samples were obtained repeatedly at some points apart, five patients who had formerly active disease turned out to be in remission at a subsequent point. They achieved remission after the treatments with prednisolone (PSL; n = 5) in combination with methotrexate (n = 2), TCZ (n = 2), or infliximab (n = 1). The median interval time between baseline and subsequent evaluations was 24 months. The levels of LRG in all of the five patients dropped below the cut-off value after the treatment as well as CRP and ESR (Supplementary Figure 1).




4. Discussion

In this study, we reported for the first time that the LRG levels were elevated in patients with active LVV. LRG levels in LVV patients were higher than those in healthy subjects reported previously (5, 9). In addition, LRG levels decreased after achieving remission by treatment with immune-suppressive agents including biologics. These findings suggested that LRG could be a novel biomarker for evaluating the activity of LVVs.

Meanwhile, the value of AUC in ROC analysis with LRG was lower than that with CRP or ESR. As it would be attributed partially to the current definition of active disease which includes CRP and ESR themselves, LRG might not be as responsive as CRP or ESR. It is noteworthy, however, that some cases had discrepant results between LRG and CRP levels despite the positive correlation between the two biomarkers. Since two active cases with elevated LRG were identified among the CRP-negative cases, the measurement of LRG would be beneficial to evaluate the disease activity in some CRP-negative cases. Unlike CRP, LRG is induced not only in the liver but also in the peripheral tissues (10) in response to local cytokines other than circulating IL-6. Comprehensive assessments of multiple biomarkers would reinforce the evaluation.

In cases under treatment with TCZ, special consideration should be required in evaluating disease activity of LVVs. All biomarkers of CRP, ESR, and LRG could turn out to be negative with TCZ treatments.

There are some limitations in our study. First, the number of patients is too small to evaluate the covariates including treatments or comorbidities which might affect the LRG levels. We could not analyze patients with TAK and GCA separately due to the small sample size. Second, imaging studies which evaluate the vascular lesions concurrently with the evaluation of the serum markers could not be available in most cases.

With those limitations above, an additional benefit of measuring LRG, such as detecting latent activity or predicting the prognosis of LVVs, would remain to be evaluated. To address this point, a larger study with sequential measurements of biomarkers with radiological studies should be required to promise the significance of LRG in LVVs.
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Introduction

Sjögren’s syndrome (SS) is a systemic autoimmune disease, which affects the exocrine glands leading to glandular dysfunction and, particularly, symptoms of oral and ocular dryness. The aetiology of SS remains unclear, and the disease lacks distinctive clinical features. The current diagnostic work-up is complex, invasive and often time-consuming. Thus, there is an emerging need for identifying disease-specific and, ideally, non-invasive immunological and molecular biomarkers that can simplify the diagnostic process, allow stratification of patients, and assist in monitoring the disease course and outcome of therapeutic intervention in SS.





Methods

This systematic review addresses the use of proteomics and miRNA-expression profile analyses in this regard.





Results and discussion

Out of 272 papers that were identified and 108 reviewed, a total of 42 papers on proteomics and 23 papers on miRNA analyses in saliva, blood and salivary gland tissue were included in this review. Overall, the proteomic and miRNA studies revealed considerable variations with regard to candidate biomarker proteins and miRNAs, most likely due to variation in sample size, processing and analytical methods, but also reflecting the complexity of SS and patient heterogeneity. However, interesting novel knowledge has emerged and further validation is needed to confirm their potential role as biomarkers in SS.
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1 Introduction

Sjögren’s syndrome (SS) is an autoimmune disease characterised by chronic lymphocytic infiltration of exocrine glands, particularly the salivary and lacrimal glands, leading to tissue destruction and, subsequently, glandular dysfunction. The predominant symptoms are oral and ocular dryness occurring due to hyposalivation and keratoconjunctivitis sicca, respectively, accompanied by arthralgia and fatigue (1, 2). The disease may occur alone and is then designated primary SS (pSS), or together with another autoimmune connective tissue disease, most often rheumatoid arthritis (RA), systemic lupus erythematosus (SLE) or systemic sclerosis (SSc), in which case it is designated secondary SS (sSS) (1, 2). SS can affect people of any age, but symptoms usually appear between the ages of 45 and 55. It affects ten times as many women as men (3).

The aetiology and pathogenesis of SS are not fully understood. It has been suggested that exposure to specific environmental factors (e.g. virus) in susceptible individuals results in dysregulation of the innate immune system involving the interferon (IFN) pathway (2, 4). Current evidence suggest that activated T cells are involved in the pathogenesis of SS by producing pro-inflammatory cytokines and by mediating B-cell-hyperactivity (5). The lymphocytic infiltrates observed in the salivary gland tissue mainly comprise CD4+ effector T cells, including IFN-γ-producing Th1 cells, IL-17-producing Th17 cells and IL-21-producing T follicular helper cells. Furthermore, CD4+ T-cell lymphopenia and increased number of circulating follicular helper T cells are often observed in the blood from patients with pSS (6). B-cell hyperactivity leads to autoantibody production, and in some cases, development of lymphoproliferative malignancy (2, 7). Anti-SSA/Ro and/or anti-SSB/La are found in about 70% of patients with pSS, often together with ANA (anti-nuclear antibodies) positivity. Hypergammaglobulinaemia is also prevalent as well as a positive rheumatoid factor (RF) (8). There is evidence to suggest that the salivary gland epithelial cells play a central role in regulation of the local autoimmune responses by inducing B-cell activation and survival of B cells within the target tissue (9, 10).

SS is associated with the human leukocyte antigen (HLA) class II types DR3 and DR2, particularly the DRB1*03/DQB1*02 and DRB1*15/DQB1*01 haplotypes, but only in patients having serum autoantibodies against SSA/Ro and SSB/La antigens (11–13). A recent, large study confirmed the absence of HLA association in patients with pSS negative for SSA and/SSB antibodies (14). On the basis of HLA association, presence of SSA and/or SSB autoantibodies, age of onset and clinical manifestations, it has been suggested that patients with pSS may be divided in two distinct subgroups (14).

Classification of pSS is currently based on the American College of Rheumatology-European League Against Rheumatism (ACR-EULAR) classification criteria utilizing the weighted sum of 5 objective aspects of pSS. These include anti-SSA/Ro antibody positivity, presence of focal lymphocytic sialadenitis with a focus score ≥1 in a labial salivary gland biopsy, an abnormal ocular staining score ≥5 (or van Bijsterveld score ≥4), a Schirmer’s test ≤5 mm/5 min and/or an unstimulated salivary flow rate ≤0.1 mL/min (15). None of the paraclinical findings, symptoms or disease manifestations are pathognomonic for SS, but may be observed in other autoimmune connective tissue diseases like RA and SLE (16). Furthermore, the highly variable symptomatology, autoantibody reactivity, histological features and gland functionality encompassed by the diagnosis of pSS suggest the existence of several different aetiopathogenic disease subtypes that may benefit from different treatment regimes. In order to characterize such subtypes, reliable biomarkers need to be identified. Moreover, due to the lack of distinctive clinical features and biomarkers, pSS may be diagnosed at a late stage where irreversible tissue damage has occurred. The diagnostic procedures currently in use are complicated, invasive and often time-consuming. This underlines the need for identification of new, ideally non-invasive, immunological and molecular biomarkers that can simplify the diagnostic work-up and stratification of patients and assist in monitoring the disease course and outcome of therapeutic interventions.

Recent and emerging advances within omics technologies offer opportunities to detect novel and reliable molecular diagnostic biomarkers, which can provide a higher sensitivity and specificity than the simple biomarkers and measures used today, and at the same time improve our insight into the aetiopathogenesis of SS and its subtypes. This systematic review provides an overview of current findings on proteomics and miRNA-expression profile analyses in SS, and presents the methods and biological materials used, such as saliva, blood and salivary gland tissue, for characterization of the proteomic and miRNA profiles.




2 Methods

A literature search was conducted through the PubMed, Medline and Embase databases up to January 2021 according to the standards of the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines (Figure 1). Human studies that were published in English, without any restriction on publication date, and that examined proteomics and miRNAs in patients with SS (with and without comparison to healthy control subjects, or patients with other connective tissue diseases) using various methods and biological material (saliva, salivary gland tissue and blood) were included. Only primary publication types were included. Studies including less than 5 patients with SS were excluded. The following terms were used in combination to identify studies on proteomics in patients with SS: (“Sjögren’s syndrome”[MeSH]) AND “Proteomics”[MeSH]) OR Sjögren’s* proteomic* OR Sjögren’s proteomics OR primary Sjögren’s syndrome proteomic* OR primary Sjögren’s syndrome proteomics). The following terms were used in combination in the search of studies on miRNA expression-profile in patients with SS: “Sjögren’s syndrome”[MeSH]) AND “MicroRNAs” [MeSH]) OR primary Sjögren’s syndrome miRNA OR primary Sjögren’s syndrome microRNA.




Figure 1 | PRISMA diagram showing the number of records identified through database search, and the number of records screened and excluded.



Titles and abstracts were screened by two reviewers (SK and AMLP). If eligible based on the title and abstract, full-text articles were obtained when possible.



2.1 Saliva as a source of biomarkers

Saliva is an attractive source of biomarkers for diagnostic purposes, as salivary glands are the very organs affected by the disease, and saliva may reflect local and, possibly, systemic pathological changes of the disease (17–22). Furthermore, saliva samples can easily be obtained using a non-invasive, simple and safe procedure, and collection of saliva is thus ideal for monitoring of disease progression. Studies on the proteome in SS have mainly been performed on saliva, and stimulated whole saliva has proven more suitable for studying the salivary proteome than gland-specific saliva (23). There is also evidence suggesting that stimulated whole saliva contains a lower proteome variability than unstimulated whole saliva (24). In addition, the unstimulated whole saliva flow rate is often significantly reduced in patients with SS, which makes chewing-stimulated whole saliva more applicable. As the lacrimal glands are major target organs of SS, tear fluid represents another relevant biological material for identification of disease biomarkers. However, it may be challenging to obtain sufficient amount for analysis, and it is more complicated to collect than saliva (25).




2.2 Methods used for proteomic and miRNA profiling

Proteomic analysis provides insight to understand the function of proteins in health and disease. Most studies use mass spectrometry-based proteomics to obtain information on the proteome composition (e.g. shortgun gel-free proteomics) or protein interactions and structure by means of e.g. high-performance liquid chromatography-mass spectrometry (HPLC-MS), tandem mass-spectrometry (MS/MS) and matrix-assisted laser/ionization time-of-flight MS/MS (MALDI-TOF MS/MS). The methods most commonly applied for purification of proteins include absorbance colorimetry, liquid chromatography (LC), native and denaturing one-dimensional and two-dimensional gel-eletrophoresis (2-DGE), and Western blotting. LC separates proteins according to various properties and thus complements subsequent electrophoretic separation.

The method most commonly used for quantification of miRNA is real time (RT)-PCR.





3 Results and discussion

Figure 1 summarizes the number of records identified through database search, and after removal, as well as the number of records screened and excluded. A total of 42 and 23 articles on proteomic profile and miRNA expression profile, respectively, were eligible for inclusion. After screening, a total of 65 full-text articles could be included for further review. These articles were published between 2006 and 2020.



3.1 Proteomic analysis

All studies except 4 used a cross-sectional design, including two experimental studies (26, 27), one case-control study (28) and one longitudinal study (29).

In 22 studies, proteomic analysis was performed on whole saliva (unstimulated or stimulated) or saliva collected from individual glands (19, 21–23, 25, 26, 28, 30–43).

Four studies included proteomic analysis of salivary gland tissue (22, 39, 44, 45) and 19 studies included proteomic analyses of plasma, serum or peripheral mononuclear blood cells (PMBC) (22, 27, 29, 46–63). Two studies included proteomic analysis of both stimulated whole saliva and tear fluid and of extracellular vesicles of both saliva and tear fluid from patients with pSS, healthy controls and non-pSS, sicca controls (21, 25). One study simultaneously characterized the proteome in three different types of biological materials (whole saliva, plasma, and salivary gland tissue) from the same patients and non-pSS, sicca controls (22).

Based on their aim, study design and findings, the papers on proteomics could be divided into the following categories:

	Comparative proteomic analysis of saliva, salivary gland tissue and/or blood from patients with pSS and healthy control subjects and/or non-pSS, sicca control subjects (21–23, 25, 30, 31, 33–35, 37, 38, 40, 43, 45, 52, 54, 57, 58, 60–62)

	Comparative proteomic analysis of saliva, salivary gland tissue and/or blood from patients with pSS and patients with RA, SLE, systemic sclerosis (SSc), mixed connective tissue disease (MCTD), polymyositis and dermatomyositis (26, 28, 36, 39, 50, 53, 59, 63).

	Proteomic analysis of saliva and/or serum specifically related to autoantibodies in patients with SS (pSS or sSS) and control subjects (27, 29, 32, 46–49, 51, 55, 56).

	Proteomic analysis of saliva in SS patients with and without non-Hodgkin MALT (mucosa-associated lymphoid tissue) lymphoma (41, 42, 44).






3.2 Comparative proteomic analysis of saliva, salivary gland tissue and/or blood from patients with pSS, healthy control subjects and/or non-pSS, sicca control subjects



3.2.1 Proteomic analysis of saliva

Table 1 presents an overview of studies on the salivary proteome of patients with pSS compared to healthy controls and patients with non-pSS sicca. The number and type of differentially expressed salivary proteins identified vary between studies. This most likely reflects the heterogeneity of SS and the underlying complexity of the inflammatory immune responses leading to varying degrees of organ damage. Overall, the studies report upregulation of inflammatory mediators and downregulation of proteins of salivary acinar cell origin in SS patients compared to non-SS patients and healthy controls.


Table 1 | Proteomic analysis of saliva, salivary gland tissue and/or blood from patients with pSS and healthy control (HC) subjects and/or non-pSS, sicca control subjects.



Hu et al. (23) compared different types of saliva from patients with pSS and healthy controls, including whole saliva, parotid saliva and saliva from the sublingual/submandibular glands by means of LC-MS/MS analysis. They found that whole saliva yielded more informative peptides and proteins than specific glandular saliva. On average, 53 MALDI peaks were detected in whole saliva from patients with pSS, in contrast to only 24 peaks and 26 peaks in parotid saliva and saliva from the submandibular/sublingual glands, respectively (23). Thus, stimulated whole saliva appears to be more suitable for detection of biomarkers than glandular specific secretions. In whole saliva, 25 proteins were upregulated while 16 proteins were downregulated in patients with pSS patients compared to healthy controls, all reflecting salivary gland damage and oral inflammation in pSS (23). Furthermore, 10 peptides were upregulated and six were downregulated in pSS, while 27 salivary mRNA transcripts were upregulated (≥3-fold) in pSS. Among the 27 genes that were highly overexpressed in pSS, 13 were validated by RT-quantitative PCR, substantiating upregulation of particularly IFN-inducible protein G1P2 in pSS patients. In addition, genes related to lymphocyte infiltration and antigen presentation were found overexpressed (23).

A number of studies report upregulation of β2-microglobulin in parotid saliva (23, 30, 40), unstimulated whole saliva (28, 44), stimulated whole saliva (21–23, 32) and sublingual/submandibular saliva (23) in patients with pSS versus non-pSS patients and/or healthy controls. This supports earlier findings based on different techniques, e.g. sandwich enzyme immunoassay (64). A study found that the combination of upregulated β2-microglobulin, cathepsin D and α-enolase yielded a receiver-operating characteristic (ROC) value of 0.99 in distinguishing patients with pSS from healthy subjects (65). However, this finding has not been further validated. β-2 microglobulin is a non-glycosylated protein, and constitutes the light-chain component of major histocompatibility (MHC) class I molecules. Interestingly, salivary levels of β2-microglobulin have been found associated with the extent of lymphocytic infiltration of the salivary glands in patients with pSS (40, 66) as well as with the presence of anti-SSA/Ro serum antibodies (28).

Alpha-enolase, also known as enolase 1 (ENO1), has also been found upregulated in patients with pSS compared to healthy controls and to patients with non-SS sicca in unstimulated whole saliva (28, 41). Of note, the levels of α-enolase are elevated in serum from pSS patients with fatigue compared to the levels in serum from non-fatigued pSS patients and healthy control subjects (57). Alpha-enolase is a glycolytic enzyme that is expressed in most tissues and has been identified as an autoantigen in Hashimoto encephalopathy (67) and cancer (68). It has been suggested that α-enolase is an autoantigen in pSS, as patients with pSS had higher levels of anti-citrullinated α-enolase IgG antibodies in serum than healthy controls and patients with RA (69). However, the presence of IgA and IgG antibodies against citrullinated and native α-enolase was not associated with any clinical manifestations (69).

A number of other salivary proteins have been found upregulated in pSS, including neutrophil gelatinase-associated lipocalin (NGAL/lipocalin-2) (21, 31), calgranulin A (S100A8) (35), calgranulin B (S100A9) (28), psoriasin (S100A7) (28, 35), epidermal fatty acid binding protein (E-FABP) (21, 23, 28), ACTB protein (actin) and b-Actin fragment (23, 31) as well as immunoglobulin kappa light chain (23, 28, 30, 35). Neutrophil gelatinase-associated lipocalin (NGAL), a glycoprotein belonging to the lipocalin family, is expressed in several normal tissues, where it provides protection against bacterial infection and modulates oxidative stress through anti-apoptotic effects. Levels of NGAL increase in response to inflammation, infection, intoxication, ischemia, acute kidney injury and neoplastic transformation (70). Interestingly, levels of acinar NGAL have been found elevated in minor salivary glands from patients with pSS compared to glands from non-SS patients (71). Calgranulin B (S100A9) and psoriasin (S100A7) are calcium-binding proteins involved in regulation of cellular growth. Both calgranulin-B and psoriasin have been found highly upregulated in ductal carcinoma in situ of the breast and in psoriasis (72). Cecchettini et al. (43) also demonstrated upregulation of S100A proteins in patients with pSS compared to healthy controls, especially in patients with a high focus score and low salivary flow rates, indicating that these proteins play a central role in the progression of glandular dysfunction. Jazaar et al. (42) found salivary S100A8/A9 associated with MALT lymphoma in pSS (see below 1.4.). Calgranulin A (S100A8) has been found upregulated in unstimulated whole saliva and parotid saliva from patients with pSS (35, 42). However, S100A8 was absent in whole saliva samples from patients with pSS in the study by Hu et al. (17). Sembler-Møller et al. (22) combined the analysis of stimulated whole saliva, plasma and salivary gland tissue. They found that salivary proteome of patients with pSS differed from that of non-pSS patients, but no significant difference in protein expression in plasma and labial salivary gland tissue was found between the groups. Several proteins were upregulated in stimulated whole saliva including neutrophil elastase, calreticulin, tripartite motif-containing protein 29 (TRIM29), clusterin and vitronectin. The combination of neutrophil elastase, calreticulin and TRIM-29 had the best performance in distinguishing pSS from non-pSS with an AUC of 0.97 (22).

Aqrawi et al. (25) identified additional upregulated proteins including calmodulin (CALM), calmodulin-like protein 5 (CALML5), granulins (GRN) and epididymal secretory protein-1 (ESP1) in whole saliva from patients with pSS. CALM and CALML5 are both calcium-binding proteins that play a role intracellular signalling and differentiation of keratinocytes, respectively. GRN are involved in wound repair and tissue remodelling, and ESP1 is involved in cholesterol homeostasis within the endosome and/or lysosome.

The most frequently identified downregulated proteins include prolactin-inducible protein (PIP) (21, 28, 34), carbon anhydrase VI (CA6) (23, 28, 30, 31, 40); salivary α-amylases (26, 28), most of the cystatins and a number of other secretory proteins (23, 28, 30, 31). PIP is a secretory protein, which is present in glycosylated and non-glycosylated forms in human saliva. Gross cystic disease fluid protein-15 (GCDFP-15)/PIP, which binds to aquaporin 5, a water channel critical to saliva formation, has been found downregulated in pSS, and the GCDFP-15/PIP expression correlated with both the salivary flow rate and focus score of minor salivary gland biopsies (34). Salivary PIP also binds to dental enamel (hydroxyapatite) and presumably participates in the formation of the enamel pellicle (73). It has been demonstrated that PIP-deficient mice (Pip −/− mice) develop impaired T-helper type 1 response and cell-mediated immunity (74). The role of PIP in the pathogenesis of SS requires further investigation.

CA6 is a zinc-containing metalloenzyme secreted in the salivary glands. CA6 catalyzes the conversion of salivary bicarbonate and hydrogen ions to carbon dioxide and water. The process is essential for the maintenance of salivary pH homeostasis and prevention of demineralization of the dental enamel (75). Reduced CA6 expression could imply impairment of the salivary bicarbonate buffer capacity and may explain the occurrence of increased caries activity in patients with SS.

Cystatins are cysteine protease inhibitors, which provide protecting against proteases by regulating uncontrolled proteolysis and tissue damages (76). The family of cystatins includes cystatin S, cystatin SN, cystatin C, and cystatin D. Cystatins may differ with respect to phosphorylation and/or glycosylation. Giusti et al. (31) found reduction of cystatin SN precursor in patients with pSS compared to control subjects, whereas the other cystatins were scarcely represented or totally absent. Ryu et al. (30) found an increase in salivary levels of cystatin C (about 1.3-fold) compared to the levels in saliva from controls. The diverging results may reflect variation in the levels of cystatins in the different types of saliva, i.e. whole saliva versus parotid saliva. Cystatin C levels have been reported increased in whole saliva of patients with periodontitis, and this may also contribute to explain the conflicting results. The reported decrease in salivary α-amylases (23, 28, 30, 31) may be a result of fragmentation caused by protease endogenous truncation or to the acinar cell damage.

Hall et al. (40) confirmed upregulation of β2-microglobulin in parotid saliva and downregulation of CA6 in whole saliva based on isobaric mass tagging (iTRAQ) and lectin affinity capture mass spectrometry (MS)-based approach, but also detected downregulation of parotid saliva BPIFB2 (bactericidal/permeability increasing fold containing family B2), and increased N-glycosylation of numerous salivary glycoproteins in both parotid and whole saliva from patients with pSS compared to control subjects (40).

Finally, Table 1 includes studies that have reported upregulated or downregulated MALDI peaks (m/z) (peptides or fragments derived from proteolytic activity in parotid or whole saliva from patients with pSS compared to healthy controls) (33).




3.2.2 Proteomic analysis of salivary gland tissue

In a study by Hjelmervik et al. (45), using LC-ESI-MS/MS and 2-D PAGE, six proteins were exclusively detected in labial salivary gland tissue from patients with pSS, including α-defensin-1 and calmodulin. Alpha-defensin-1 plays a central role in virus defence and upregulates the type I IFN response genes (77) and had previously been suggested as a salivary biomarker for oral inflammation in pSS (26). Calmodulin regulates inflammatory processes, and elevated levels of calmodulin-binding proteins in the salivary glands from pSS patients have also been reported (78).




3.2.3 Proteomic analysis of plasma, serum or PBMC

While Sembler-Møller et al. found no difference in the protein expression profile in plasma between patients with pSS and non-pSS sicca controls, other studies on serum, plasma and PBMC found multiple proteins to be upregulated and downregulated in patients with pSS compared to controls, which may reflect different control group designs (22). Bodewes et al. (57) identified a set of proteins that could not only discriminate pSS from healthy controls, but also distinguish fatigued-pSS patients from non-fatigued pSS patients. IFN-positive pSS patients had higher levels of IgG and anti-SSA and -SSB and lower levels of C3 complement than IFN-negative pSS patients. Several serum proteins, including neuroactive synaptosomal-associated protein 25 (SNAP-25), α-enolase, ubiquitin carboxyl-terminal hydrolase isozyme L1 (UCHL1) and IL36a as well as several complement factors were upregulated in fatigued pSS patients compared to non-fatigued pSS (57).

Another study by Qiao et al. (58) found upregulation of clusterin and complement factor H in pSS patients with neuromyelitis optica spectrum disorder (NMOSD) compared to pSS patients without this disorder. These findings suggest that serum clusterin and factor H could be potential biomarkers for pSS patients with NMOSD and play a role in the pathogenesis of the disease, but further verification is needed.

Nishikawa et al. (52) identified five proteins as disease activity-associated biomarkers, including CXCL13, TNF-R2, CD48, B-cell activating factor (BAFF), and PD-L2. CXCL13 significantly correlated to the lymphadenopathy, glandular, and pulmonary domains of the EULAR Sjögren’s syndrome disease activity index (ESSDAI). CXCL13, TNF-R2 and CD48 correlated positively with the biological domains of the ESSDAI, while TNF-R2 exhibited the most negative correlation with uptake in the submandibular gland.

In a study on PBMC (60), 787 proteins were identified as differentially expressed, and 175 phosphosites on 123 proteins were identified as differentially phosphorylated proteins. The study identified 16 modules for the proteins, two clusters for the phosphoproteins and selected the top 10 hub proteins (UBA52, MAPK1, HSPA8, ACTB, ACLY, APP, ACTN1, ACTN4, VWF, and TGFB1). Finally, 22 motifs were identified using motif analysis of the phosphosites, and the authors found 17 novel motifs, while 6 motifs were experimentally verified for known protein kinases. The differentially expressed proteins enabled discrimination of patients with pSS from healthy controls and were suggested as candidate biomarkers in the diagnosis of pSS.





3.3 Comparative proteomic analysis of saliva, salivary gland tissue and/or blood from patients with pSS and other inflammatory connective tissue diseases

Table 2 shows the proteomic analysis of saliva, salivary gland tissue and/or blood from patients with pSS and other inflammatory connective tissue diseases. An experimental study with peroral pilocarpine treatment on patients with pSS, sSS and healthy controls showed that the levels of almost all of the 60% salivary proteins, which was not present or present at low levels prior to treatment in pSS, reached similar levels in unstimulated whole saliva in all groups 30-60 minutes after treatment with pilocarpine. Patients with pSS also had β-defensin-2 in their saliva and higher levels of α-defensin-1 than patients with sSS and healthy controls, indicating that α-defensin-1 and β-defensin-2 may be used as biomarkers of oral inflammation in patients with pSS (26).


Table 2 | Comparative proteomic analysis of saliva, salivary gland tissue and/or blood from patients with pSS patients with RA, SLE, systemic sclerosis, mixed connective tissue disease (MCTD) and poly- and dermatomyositis (1.2).



Baldini et al. (28) identified 15 differently expressed proteins in patients with pSS compared to healthy controls, non-pSS sicca, patients with RA-sSS and SSc-sSS. S100A9, β-2 microglobulin, epidermal fatty acid binding protein (E-FABP), psoriasin (S100A7), immunoglobulin k light chain (IGKC) and α-enolase were upregulated in patients with pSS compared to healthy controls, whereas AMY1A, carbonic anhydrase VI (CA6), glyceraldehydes-3-phosphate dehydrogenase (G3PDH), cystatin SN precursor protein (CST1), prolactin-inducible protein precursor (PIP), short palate, lung and nasal epithelium carcinoma associated protein 2 (SPLUNC-2) were downregulated in patients with pSS. PIP, SPLUNC-2 G3PDH, AMY1A, CA6 were upregulated in patients with pSS compared to non-pSS, sicca patients. Lipocalin was upregulated, while rheumatoid factor D5 light chain was downregulated in patients with pSS compared to patients with RA-sSS. Lastly, a comparison with patients with SSc-sSS revealed an upregulation of cystatin in patients with pSS (28).

One hundred differential m/z peaks associated with pSS were identified by Li Y al (13)., and the m/z (mass-to-charge) peaks at 8,133.85, 11,972.8, 2,220.81, and 4,837.66 were used to establish a diagnostic model for pSS. The proteomic model could distinguish pSS from non-pSS controls (SLE, RA and healthy controls) with a sensitivity of 77.1% and a specificity of 85.5%. The efficacy was confirmed by a blinded validation study.

Two studies detected differently expressed proteins using multiplexed antibody-assay in unstimulated whole saliva and serum (36, 59). Based on a 187-plex-antibody assay, 61 and 55 proteins were differently expressed in unstimulated whole saliva in pSS and RA, respectively, compared to healthy controls (36). A 4-plex and 6-plex biomarker signature was then developed, including IL-4, IL-5 and clusterin, which achieved accurate prediction of an individual group in at least 94% of the cases (36). Ohlsson et al., 2020 (59) used a 393-plex antibody microarray to test the discriminatory performance in distinguishing between different inflammatory rheumatic diseases (i.e., pSS, SLE, RA and antineutrophil cytoplasmic antibody-associated systemic vasculitis (ANCA-SV) from healthy controls in serum. An analysis including all 393 antibodies could discriminate the patient groups from the healthy controls (HC vs. SLE+RA+SS+SV) with an AUC of 0.94. Serum samples from patients with pSS could be distinguished from the other patient samples (SS vs. SLE+RA+SV) with an AUC of 0.80. A total of 207 antibodies targeting 127 analytes were found to be differentially expressed in patients with pSS compared to healthy controls.

Bosello S. et al. (39) investigated the salivary levels of Tβ4, Tβ10, and Tβ4 sulfoxide in patients with pSS, SLE, RA, SSc, sicca syndrome + SSc (ss/SSc), sicca syndrome + SLE (ss/SLE), sicca syndrome + RA (ss/RA) and healthy controls. Tβ10 and Tβ4 sulfoxide were not detectable in healthy controls and patients without sicca syndrome. Patients with pSS had higher levels of Tβ4 than the other patient groups. Tβ10 and Tβ4 sulfoxide were detectable in 66.7% and 44.4% of the patients with pSS, respectively. Overall, the patients with pSS displayed highest expression of salivary Tβ, whereas Tβ4 immunoreactivity in minor salivary glands was completely absent in patients with pSS.




3.4 Autoantibodies in patients with SS

Ten studies eligible for inclusion focused on proteomic analysis of serum or salivary autoantibodies in patients with SS (27, 29, 32, 46–51, 55, 56) (Table 3). Anti‐SSA and ‐SSB antibodies are clinically important antinuclear antibodies in patients with SS. However, these antibodies may not be present in all patients with SS, and they may also be found in other inflammatory rheumatic diseases, including SLE, polymyositis and SSc, as well as in patients with primary biliary cirrhosis (PBC) and hepatitis C viral infection (79). Anti-SSA/Ro autoantibodies are the most frequently identified antinuclear antibodies directed against Ro antigens, consisting of two different proteins, Ro60 and Ro52. The Ro 60 kDa autoantigen is an RNA-binding protein, associated with one of several human Y RNAs (small non-coding RNAs, required for DNA replication). Ro52/TRIM21 is an IFN-inducible protein, which is also induced by viral infection (80). Anti‐SSB/La also recognizes the Ro‐ribonucleoprotein. Anti-Ro52 and anti-Ro60 autoantibodies are closely linked but also display different clinical associations (81). Thus, anti-SSA/Ro52/TRIM21 antibodies show a wider spectrum of disease-associations than anti-SSA/Ro60 antibodies (82). Both Ro antigens have been found expressed in the surface of ductal epithelial salivary gland cells during apoptosis indicating that the initiation of anti-SSA/Ro60 and anti-Ro52/TRIM21 responses play a role of in the pathogenesis of SS (83). In addition, anti-SSA/Ro60- and anti-SSA/Ro52/TRIM21-specific B cells compatible with plasmablasts or plasma cells have been detected in salivary glands of patients with pSS (84). Autoantibodies may be present years before the clinical symptoms of SS, and anti-SSA and anti-SSB antibodies are therefore central biomarker targets that are useful in the diagnosis of SS (85).


Table 3 | Proteomic analysis of saliva and/or serum specifically related to autoantibodies in patients with SS and control subjects (1.3).



Patients having circulating serum autoantibodies often present more symptoms and clinical disease manifestations than patients without presence of circulating antibodies (14). It has been shown that anti-SSA/-SSB negative patients with SS have a lower prevalence of lymphoproliferative lesions and lower risk of developing lymphoma than those who are SSA and/or SSB autoantibody positive (86). Proteomic analyses of serum from patients with pSS have revealed expression of public clonotypic autoantibodies against Ro52/TRIM21 and Ro60 antigens as well as public clonotypic autoantibodies directed against an immunodominant epitope on La (47–49). The findings of shared amino acid replacement mutations within heavy and light chain complementarity-determining regions imply a common breach of B-cell tolerance checkpoints that is followed by an antigen-driven clonal selection (48, 49). Accordingly, the findings support that the humoral immune responses against protein-RNA complexes are mediated by public sets of autoreactive B-cell clonotypes leading to systemic autoimmunity. Moreover, anti-Ro52 serum autoantibodies from patients with pSS, SLE, systemic sclerosis and polymyositis were restricted to two IgG1/kappa clonotypes, and targeted mass spectrometry detected anti-SSA/Ro52 serum autoantibodies with high sensitivity and specificity compared with conventional ELISA-technique (48). Further analysis using high-resolution mass spectrometry to sequence precipitating anti-Ro60 proteomes revealed that specific immunoglobulin variable-region peptide signatures stratified anti-Ro60 from anti-Ro60/La responses, indicating that different forms of Ro60 antigen drive the humoral Ro60 immune responses (55).

An earlier study including an immunologic analysis of the stable protein regions in sera from patients with SS showed that immunodominant epitopes predominantly are localized in the structurally stable parts of Ro52 (27). Apparently, the findings have not been substantiated by further functional studies at the proteome level.

A more recent study reported a high percentage of autoantibodies against Ro52, Ro60, and La in SS, whereas only a few patients with immune checkpoint inhibitor-induced sicca (ICIS) presented with these autoantibodies. Further testing of the salivary panel did not reveal autoantibodies against any of the salivary-enriched proteins in patients with SS and ICIS (56).

Another recent study identified antibodies against heterogeneous nuclear ribonucleoprotein H1 (hnRNP H1) in serum from about 43% patients with SS (2 primary and 5 secondary) and in about 8% patients with various autoimmune connective tissues diseases, all being ANA-positive (titer >1:160). Interestingly, 45% (5/11) of the anti-SSA/anti-SSB sero-negative patients had anti-hnRNP H1 antibodies. Thus, anti-hnRNP H1 antibody represents a potential novel diagnostic marker that can be helpful in discriminating patients with pSS from patients with SLE (potentially with sSS) (46).

Hu et al. (32) identified 24 potential salivary autoantibody biomarkers that can discriminate patients with pSS from both patients with SLE and healthy subjects. Four of them, including anti-transglutaminase, anti-histone, anti-SSA and anti-SSB antibodies, were successfully validated by means of ELISA, and on independent groups of patients with pSS, SLE, and healthy control subjects (32).

A study on molecular profiling and clonal tracking of secreted rheumatoid factors (RF) in pSS found that cryoprecipitable RF clonotypes linked to vasculitis in pSS display different molecular profiles than non-precipitating RFs. Interestingly, potentially pathogenic RF clonotypes were detected in serum by multiple reaction monitoring years before patients presented with mixed cryoglobulinemia. Furthermore, levels of Ig VH4-34 IgM-RF diminished after immunosuppression and remission of cryoglobulinemia (29).

Liao et al. (53) found serum autoantibodies against the citrullinated-inter-alpha-trypsin inhibitor heavy chain (ITIH3)542-556 peptide in serum in patients with pSS, RA and RA-sSS. IHIT3 is one of five chains that comprises the family of inter-alpha-trypsin inhibitors (ITI), which have the ability to bind to hyaluronic acid (HA) to interact with inflammatory cells (87). Thus, the ITIH3-HA complex is potentially involved in inflammatory diseases such as RA and pSS (88). Previous studies have reported PTM (post-translational modification)-modified proteins in patients with pSS such as citrullinated Ro60 and histone 1 (89). Furthermore, salivary antibodies against cyclic citrullinated peptide (anti-CCP), a proxy for anti-citrullinated protein antibodies (ACPA), have been identified in patients with pSS (90), suggesting that citrullinated proteins can be a utilized as diagnostic biomarkers. Liao et al. (53) found that Concanavalin A (Con A)-bound ITIH3 in serum was a robust diagnostic biomarker enabling discriminating RA-sSS from both healthy controls and from pSS and RA alone. The performance of antibodies against citrullinated peptides was generally better than antibodies against their non-citrullinated/native counterparts in discriminating between pSS, RA and RA-sSS and healthy controls. In addition, we have previously found that anti-SSA alone can differentiate pSS from non-pSS with an AUC of 0.9, while combining the presence of anti-SSA positivity with the upregulation of TRIM29 protein marker raised the AUC to 0.995 with both sensitivity and specificity between 91%-100% (91).




3.5 Proteomic analysis of saliva and salivary gland tissue in SS patients with and without non-Hodgkin MALT lymphoma

Patients with SS, and particularly with pSS, have an increased risk of developing lymphoproliferative malignancy. About 5-10% of the patients develop non-Hodgkin lymphoma (NHL), most commonly the mucosa-associated lymphoid tissue (MALT) B-cell lymphoma type (92–94). Risk factors include swelling of the parotid gland, vasculitis, hypergammaglobulinemia, CD4+ T lymphocytopenia, low CD4+/CD8+ T-cell ratio, low complement protein levels, cryoglobulinemia and high focus score and ectopic germinal center formation in the salivary gland tissue (92, 94). The mechanisms underlying malignant transformation of a lymphoproliferative process remain elusive.

Three studies on proteomic analysis of saliva and salivary gland tissue were eligible for inclusion in this review (41, 42, 44) (Table 4). Hu et al. (44) aimed at clarifying differences in gene expression and proteomic profile in parotid gland tissue from patients with pSS, patients with pSS and MALT lymphoma and non-pSS control subjects (patients with oral or oro-pharyngeal squamous cell carcinoma). Six highly associated hub genes (i.e., genes involved in proteasome degradation, apoptosis, signal peptides, complement activation, cell growth and death and integrin-mediated cell adhesion, and major histocompatibility (MHC) genes) distinguished patients with pSS from non-pSS control subjects. Eight hub genes (i.e., genes involved in translation, ribosome, protease degradation, signal peptides (MHC) class I, G13 signaling pathway, complement activation, and integrin-mediated cell adhesion) distinguished pSS patients with MALT from pSS patients. A total of 115 proteins were upregulated in patients with pSS and pSS/MALT lymphoma. Twenty-five proteins were upregulated in both pSS groups compared to non-pSS control patients, 20 proteins were upregulated in pSS compared to pSS/MALT and non-pSS control patients, and 70 proteins were upregulated in pSS/MALT compared to pSS and non-pSS control patients. The identified disease hub genes represent promising targets for therapeutic intervention, diagnosis, and prognosis (44).


Table 4 | Proteomic analysis of saliva and salivary gland tissue in SS patients with and without non-Hodgkin MALT lymphoma.



Cui et al. (41) found α-enolase, cofilin-1, annexin A2 and Rho GDP-dissociation inhibitor 2 (RGI2) overexpressed in parotid gland tissue from patients with pSS and in patients pSS and MALT (41). Moreover, the levels of anti-α-enolase, anti-coffilin-1, and anti-RGI2 antibodies were higher in patients with pSS/MALT than in patients with pSS and healthy subjects, and significantly higher in pSS patients than in healthy subjects (41). The combination of the three antibodies yielded an AUC of 0.94 with an 86% sensitivity and 93% specificity in distinguishing patients with pSS from healthy controls, an AUC of 0.99 with a 95% sensitivity and 94% specificity in distinguishing patients with pSS and MALT lymphoma from healthy controls, and an AUC of 0.86 with a 75% sensitivity and 94% specificity in distinguishing patients with pSS and MALT from patients with pSS (41) (Table 4). The combination of these autoantibodies may be helpful in the diagnosis of pSS and prediction of development into MALT lymphoma.

Another study investigated the potential of S100A8 (Calgranulin A) and S100A9 (Calgranulin B) as biomarkers to discriminate patients with pSS from healthy subjects and patients with pSS from patients with pSS and MALT lymphoma (42). The levels of S100A8 and S100A9 were upregulated in parotid saliva from patients with pSS compared to healthy controls. In addition, the levels of S100A8 and S100A9 were upregulated in unstimulated whole saliva of patients with pSS, pSS/MALT compared to healthy controls and disease controls (patients with non-specified sialadenitis). Furthermore, the levels were higher in pSS patients with MALT lymphoma and pSS patients with high lymphoma risk than in pSS patients with low risk of lymphoma, healthy subjects and disease controls. Interestingly, S100A8 and S100A9 levels were 20-fold higher in unstimulated whole saliva than in parotid saliva. These findings suggest that S100A8 and S100A9 can assist in distinguishing pSS patients from healthy subjects and pSS patients with MALT lymphoma from pSS without lymphoma (42) (Table 4). S100A8 and S100A9 are proinflammatory proteins that play a central role in the acute and chronic inflammation. They have been found associated with autoimmune diseases and upregulated in various human cancers (117, 118).




3.6 MiRNA analysis of blood, PBMC, saliva and salivary gland tissue

MicroRNAs (miRNAs) are short non-coding RNA molecules, which main function is to regulate gene expression posttranscriptionally by messenger (mRNA) degradation or translational repression (119). Previous findings indicate aberrant miRNA expression in PBMC (96, 98, 99, 102, 104, 109, 120) and salivary gland tissue of patients with pSS (95, 97, 121). However, the number of publications within the field of miRNA expression profiling is increasing, revealing novel biomarkers of interest.

All studies except one used a cross-sectional design, which was a longitudinal study (108) (Table 5). In 16 studies, the miRNA analysis was performed on plasma, serum or peripheral mononuclear blood cells (PMBC). Six studies included miRNA analysis on salivary gland tissue. We have previously performed combined miRNA analyses on whole saliva, plasma and minor salivary gland tissue (114), and Gourzi et al. (101) combined miRNA analyses on PBMC, minor salivary gland tissue and salivary gland epithelial cells.


Table 5 | miRNA analysis of plasma, serum, PBMC, saliva and salivary gland tissue.



As with the proteomics studies, the findings in the 23 studies were very heterogeneous in terms of number and type of differentially expressed miRNAs. Nevertheless, several studies identified similar miRNAs to be differentially expressed such as miR-146, miR-155 and miR-188.

A study by Zilahi et al. (96) found both miR-146a and miR-146b to be significantly overexpressed in patients with pSS compared to healthy controls inPBMC. Two additional studies (99, 108) supported these findings displaying a higher expression of miRNA-146a in patients with than in healthy controls in PBMC. Wang-Reanult et al. (109) found miR-146a to be differentially expressed in CD4+ T cells. Moreover, miR-146a has been found upregulated in saliva in patients with pSS and in addition, miR-146b levels correlated with ESSPRI scores, while being downregulated in patients with high salivary gland ultrasound scores (113).

MiR-155 is a central modulator of T-cell responses, and SOCS1 is its functional linked gene (100). Shi H et al. (99) reported a lower expression of miR-155 in patients with pSS. Furthermore, miR-155 correlated with VAS score for dry eyes. On the other hand, Chen et al. (100) reported higher expression of both miR-155 and SOCS1 gene in PBMC in patients with pSS. In another study, miR-155 was higher expressed in patients with SLE, but unchanged in patients with pSS (104). In a recent study, the expression levels of miR-155 and miR-125b-5p in CD4+ T cells were found associated with disease activity (116). These findings may provide insight in the pathogenesis and disease course of SS and suggest a novel target for treatment.

We identified a downregulation of several miR-17 family members (i.e. miR-17-5p, miR-106a, miR-106b, and miR-20b-5p) in patients with pSS compared to non-pSS subjects (114), which confirms the results of previous studies (109, 119, 121). The miR-17-family takes part in the miR-17-92 cluster, previously shown to be related to carcinogenesis and autoimmunity (122). In addition, we previously found upregulation of let-7i-5p in patients with pSS that was inversely correlated with salivary flow rates and positively correlated with higher focus score, suggesting that let-7i-5p canbe used as a marker for disease activity/advanced disease state (114).

Gourzi et al. (101) determined the levels of miR-181a among other miRNAs in minor salivary gland tissue and epithelial cells and PBMC in patients with pSS and non-pSS, sicca. The levels of miR-181a, let7b, miR-16 and miR-483-5p in minor salivary gland tissue correlated with Ro52/TRIM21-mRNA. On the contrary, riR181a and miR-200b-3p correlated negatively with Ro52/TRIM21 and Ro60/TROVE2-mRNA in salivary gland epithelial cells, respectively. Let7b, miR-200b-5p and miR-233 correlated with La/SSB-mRNA. In PMBCs, miR181a, miR-16 and let7b correlated with both Ro/52-TRIM21- and La/SSB-mRNA expression (101). It has previously been shown that miR-200b-5p correlate inversely with ESSDAI and focus score in labial salivary gland biopsies, and positively with serum C4 levels (107). Furthermore, Kaspsogeorgou et al. (107) found lower expression of miR-200b-5p in pSS patients with NHL or with a high risk of developing NHL compared to patients with pSS without lymphoma and patients with non-pSS sialadenitis. In fact, the levels of miR200b-5p were lower long before clinical onset of lymphoma and were proved to be strong independent predictor of patients who will develop Non-Hodgkin’s lymphoma (NHL). These findings suggest that levels of miR-200b-5p in minor salivary gland tissue may represent a predictive biomarker for development of SS-associated NHL.

Lopes et al. (106) investigated serum levels of 758 small non-coding RNAs (snRNA) including miRNAs in patients with pSS, non-pSS sicca and healthy controls. Three and nine sncRNAs were differentially expressed in the pSS-group and non-pSS sicca-group, respectively, compared to healthy controls. Two of the sncRNAs, including, U6-snRNA and miR-29c-3p, were differently expressed in both patient groups. Interestingly, the abundance of several of the differentially expressed snRNAs correlated with laboratory parameters and disease activity (i.e., low C3/C4, decreased leukocyte count, high focus score and anti-SSA/Ro and/or anti-SSB/La).

Furthermore, the specific pattern of snRNA expression could identify different disease phenotypes within the pSS group. Hierarchical clustering was performed to subgroup the pSS patients into 3 clusters based on their expression of the nine sncRNAs. One group (cluster 3) presented with an increased disease activity, including increased IgG levels, autoantibody positivity and IFN-score in their serum, decreased leukocyte count and furthermore, an overall decreased in the expression of all nine sncRNAs compared to the two other groups. It was concluded that no snRNAs could discriminate pSS from non-pSS sicca. However, the snRNA levels may reflect the disease activity and can be used to identify pSS patients with increased B cell hyperactivity. Hillen et al. (111) supported the findings of differentially expressed miR-29c as they reported miR-29a and miR-29c to be significantly downregulated in plasmacytoid dentritic cells (pDC) from patients with pSS compared to healthy controls.

Gallo et al. (112) found a higher expression of miR-18b, miR-20a, miR-106 and miR-146b in minor salivary gland tissue from patients with pSS than in those of healthy controls. These miRNAs correlated inversely with salivary flow rates. MiR-635 and miR-372 were downregulated and correlated positively with salivary flow rates. The most significant pathways that could be targeted by the 100 most regulated miRNA (>2 fold change) in minor salivary gland biopsies from the patients with pSS included the KEGG and mucin type O-glycan biosynthesis pathways. It is well-known that mucins are important for the rheological properties in saliva (123, 124). Interestingly, a glycosylation profiling analysis on salivary samples from pSS and healthy controls revealed deregulation of some glycosyltransferases and glycosidases suggesting that an alteration of miRNA-target genes in the mucin type O-glycan biosynthesis may influence the glycosylation of salivary mucins and salivary functions in pSS (112).

Two TRIM21-targeting miRNAs, miR-1207-5p and miR-4695-3p, have previously been identified (115), and their role in the development of pSS has been investigated using human submandibular gland cells. Transfection of miRNA mimics into human submandibular gland cells revealed downregulation of mRNA to 53% and 42% for miR-1207-5p and miR-4695-3p, respectively. The expression of TRIM21 was also downregulated to 18% and 33% for miR-1207-5p and miR-4695-3p, respectively. Additionally, upregulation of TRIM21 was seen after transfection of miRNA inhibitor. Findings indicate that miR-1207-5p and miR-4695-3p are anti-apoptotic in human submandibular glands cells and regulate the expression of TRIM21 and multiple pro-apoptotic genes in salivary glands (115). In pSS, an upregulated expression of TRIM21 due to decreased miR-1207-5p and miR-4695-3p may lead to upregulation of the CASP-8 and ultimately facilitates the minor salivary glands cells to undergo apoptosis (115).

Peng et al. (98) found 180 miRNAs upregulated and 202 miRNAs were downregulated in PBMC from patients with pSS. Eleven of these (miRNA-let-7b, miRNA-142-3p, MiRNA-142-5p, miRNA-146a, miRNA-148b, miRNA-155, miRNA-18b, miRNA-181a, miRNA-223, miRNA-23a and miRNA-574-3p) are involved immune regulatory mechanisms. MiR-181a was the most significant differentially expressed miRNA in patients with pSS compared to healthy controls. MiRNA-181a only correlated with ANA, suggesting that PBMC miRNA-181a is a potential biomarker to distinguish pSS from healthy controls, but cannot be used to discriminate between different disease phenotypes.





4 Conclusion

Overall, the proteomic and miRNA studies revealed considerable variations with regard to candidate biomarker proteins and miRNAs, most likely due to variation in collection method, sample size, processing and analytical methods, but also reflecting the complexity of SS and patient heterogeneity. Furthermore, the high rate of salivary posttranslational modifications such as glycosylation, phosphorylation, sulfation, transglutaminase and proteolytic cleavages adds structural and functional diversity to the proteome, which may challenge interpretation of the data. It should also be noted that while serum-derived proteins in saliva are mainly involved in cell cycle, signal transduction etc., salivary proteins and peptides are involved in antibacterial activity, lubrication, digestion, oral homeostasis and more likely express local changes and thus better reflect changes/diseases in the oral cavity.

Nevertheless, interesting novel knowledge has emerged and several studies support the findings of differential expression of certain proteins such as upregulation of cystatin A, β2M, α-enolase, actin, E-FABP, N-GAL, Ig-κ light-chain and C3 as well as downregulation of PRPs, CA6, α-amylase, histatins, PIP, cystatin S and cystatin SN. Another novel finding was the discriminatory performance of an anti-SSA/Ro combined with TRIM29, which showed a higher sensitivity than anti-SSA/Ro positivity alone. However, further validation with larger multicenter studies is needed to confirm their potential role as biomarkers in SS.
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There are several autoimmune and rheumatic diseases affecting different organs of the human body. Multiple sclerosis (MS) mainly affects brain, rheumatoid arthritis (RA) mainly affects joints, Type 1 diabetes (T1D) mainly affects pancreas, Sjogren’s syndrome (SS) mainly affects salivary glands, while systemic lupus erythematosus (SLE) affects almost every organ of the body. Autoimmune diseases are characterized by production of autoantibodies, activation of immune cells, increased expression of pro-inflammatory cytokines, and activation of type I interferons. Despite improvements in treatments and diagnostic tools, the time it takes for the patients to be diagnosed is too long, and the main treatment for these diseases is still non-specific anti-inflammatory drugs. Thus, there is an urgent need for better biomarkers, as well as tailored, personalized treatment. This review focus on SLE and the organs affected in this disease. We have used the results from various rheumatic and autoimmune diseases and the organs involved with an aim to identify advanced methods and possible biomarkers to be utilized in the diagnosis of SLE, disease monitoring, and response to treatment.
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Introduction

Systemic chronic inflammation (SCI) is the presence of a slow low-grade inflammation lasting for longer periods from several months to years (1). It is caused by the constant activation and infiltration of immune cells into the affected organs. SCI may advance into autoimmune diseases with the characteristic development of autoantigen-specific lymphocytes and autoantibodies that may progress into clinical disease manifestations (2). However, because the preclinical phase often is silent, it is difficult to predict the progression from harmless inflammation to activation of autoantigen-specific T and B cells leading to production of autoantibodies and activation of effector cells, the hallmarks of autoimmune diseases. There is still a lack of detailed clinical and molecular knowledge that can lead to a better understanding of the pathogenesis behind such diseases, and there is a need for suitable predictive biomarkers that can identify patients that are at risk to develop autoimmune diseases (2).

Systemic lupus erythematosus (SLE) is a chronic inflammatory autoimmune disease disposed to inflammation in nearly all organs. The production of autoantibodies (specifically anti-double stranded (ds) DNA) and the formation of immune complexes is a hallmark of SLE (3), but there is still a lack of clinically useful diagnostic markers and markers that can predict organ involvement.

Biomarkers are as the word imply, biological markers. There are different kinds of biomarkers such as diagnostic, mechanistic, clinical, therapeutic. These markers can identify gene variants, gene or protein expression, disease monitoring, and therapeutic response. Common for all, is that they objectively predict biological characteristics that is difficult to observe. Perhaps the biggest advantage of implementing good, clinical biomarkers could be the implementation of precision medicine. In a review article by Giacomelli et al. (4) regarding biomarkers in autoimmune rheumatic diseases, they concluded that biomarkers and personalized medicine (e.g., precision medicine that target treatment to individual patients based on precise and specific information of the patients disease) would be future central points in management of patients affected by rheumatic and autoimmune diseases.

Transcriptomics is the study of expression profiling of levels of mRNA in an organism at a given time. RNA sequencing (RNAseq) allows the characterization of different states of cells or tissue by expression patterns. Utilizing these methods, the molecular mechanisms underlying a phenotype and identifying differential expressed biomarkers in diseases compared to healthy individuals, can be investigated. The use of transcriptomics in autoimmune diseases have increased our knowledge of the pathophysiology of such diseases. In particular, the immune cells, signaling pathways, and the genes involved have been in focus (5). Monocytes and macrophages, including tissue specific resident macrophages, are key cells commonly expressed across different inflammatory and autoimmune diseases. However, the biggest challenge still lies in linking the results from RNA-seq into clinical application.

One of the newest techniques in transcriptomic analyses, single cell RNA sequencing (scRNAseq), was developed in 2009 by Tang et al. and has been one of the most used transcriptomic methods the last decade (6). In autoimmune diseases, the use of scRNAseq has opened for the identification of cell and molecular biomarkers that may predict disease progression, disease outcome, and individualized therapy (7). The use of scRNAseq in autoimmune inflammatory rheumatic disease has recently been reviewed and highlight the current challenges to overcome before we can utilize novel findings in new advanced diagnostic tools (8). The single cell multiomics data complexity require interdisciplinary collaborations, the high cost of reagents and equipment prevents the profiling of large patients cohorts, and in the end, few user-friendly, easy accessible interface linking the results with the whole research field makes the transition into the clinics difficult (8).

Molecular imaging allows for the detection of cellular and molecular changes within living species. It can characterize and measure biological processes in vivo and allows for visualization of the whole body down to cellular resolution level (9). Positron emission tomography (PET) together with computed tomography (CT) (PET/CT) or magnetic resonance imaging (MRI) (PET/MRI) take advantage of tracers with radioactive isotopes that can measure metabolic activity in cells and organs. Carbohydrate metabolism [glucose, 18F fluorodeoxyglucose (FDG) and mannose receptor (18F-fluoro-D-mannose; 18F-FDM)], chemokine receptors (C-X-C Motif Chemokine Receptor 4 (CXCR4), 68Ga-pentixafor), somatostatin receptors (68Ga-labeled DOTA-peptides), cell adhesion molecules (CAMs, 18F-galacto-RGD, 68Ga-PRGD2, and 18F-fluciclatide), fibroblast Activation Protein-α (FAP, 68Ga-FAPI), folate receptor (FR, 18F-fluoro-PEG-folate), and mitochondrial translocator protein (TSPO, 11C-PK11195 or 18F-flutriciclamide) are some of the targets of tracers developed to detect inflammation in different diseases (10).

Given the fast development of new, sophisticated techniques generating vast amount of data in combination with machine learning and artificial intelligence (AI), there are tremendous opportunities ahead of us. The results should lead to new advancements in disease diagnosis, monitoring and response to therapy. Despite good research on animal models, there is a knowledge gap when it comes to new biomarkers, methods, and treatment regarding SLE. Previous work has mostly focused on cutaneous SLE and lupus nephritis (LN), but since SLE is a systemic disease, we wanted to review what is known about SLE and organs such as joint, liver, pancreas, brain, salivary gland (SG), and lung to look for organ specific markers of inflammation. Here, we give an overview of research involving SLE and organ specific research on biomarkers, transcriptomics/scRNAseq, and molecular imaging.



Inclusion and exclusion criteria

While SLE is defined as an autoantibody and immune complex disease, most of its organ manifestations are inflammatory. That is why we in this review have focused on the inflammatory milieu in the different organs included in our investigation. Thus, we used inflammation and human as a prerequisite in most of our PubMed searches. We included research on other autoimmune diseases to compare the findings in SLE, especially where there is a lack of research on SLE. To limit the results and focus on human research we excluded paper containing virus, animal, and cancer research (Supplementary Table S1). We have also focused on the articles published the last 5–10 years.



Inflammation in different organs of autoimmune and rheumatic diseases

Doing a PubMed search on inflammation, different diseases, and organ, revealed that a vast amount of research has been performed on joint compared to other organs like brain, skin, kidney, SG, lung, and pancreas, respectively (Figure 1; Supplementary Table S1). Organ affection in SLE include all the above-mentioned organs, in addition to circulating immune cells in peripheral blood. Other autoimmune and rheumatic diseases are more organ specific, like multiple sclerosis (MS) and brain, and Type 1 Diabetes (T1D) and pancreas, while others like Rheumatic arthritis (RA) and Sjogren’s syndrome (SS) can be both organ specific and systemic. The search confirmed the typical organ manifestation of the different diseases as most of the papers in rheumatoid arthritis (RA) were found in joint, in MS the brain had more publications, SG in Sjogren’s syndrome (SS), pancreas in Type 1 diabetes (T1D), and the kidney in SLE patient (Figure 1). The results revealed that, despite being a systemic disease affecting multiple organs, most of the published articles on SLE involved kidney, skin, and joint, and fewer papers on the other organs, especially SG, and pancreas (Supplementary Table S1; Figure 1).
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FIGURE 1
 Overview of the number of publications on disease, inflammation, and organ involvement (A). In (B) the individual results of each disease related to organs and number of publications are shown. RA, rheumatoid arthritis; MS, multiple sclerosis; SLE, systemic lupus erythematosus; SS, Sjogren’s syndrome; T1D: type 1 diabetes.




Disease and organ specific biomarkers and advanced methods

To get an overview of different organ specific biomarkers in the field of autoimmune and rheumatic diseases, we did several defined PubMed searches on the diseases SLE, RA, MS, SS, and T1D. These searches revealed that there are more studies performed on MS and RA compared to SLE, SS, and T1D on every search we did, respectively (Figure 2A). We did searches on advanced methods such as transcriptomics, single-cell sequencing, imaging, molecular imaging, and biomarkers (Supplementary Table S2; Figure 2A). When we included inflammation, the number of papers decreased, but the overall results showed the same trend (Supplementary Table S3; Figure 2B). These results were also supported when we added the different organs to the search terms (Supplementary Table S4; Figure 2C). Biomarker and imaging got the most hits, and after including specific organs, the findings even increased the disparities in number of works done between RA and MS compared to the other diseases (Figure 2C).
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FIGURE 2
 Overview of the number of publications on diseases (A) diseases and inflammation (B) and diseases, inflammation and organs (C) with the topics biomarker, transcriptomics, single cell sequencing, imaging, and molecular imaging. RA, rheumatoid arthritis; MS, multiple sclerosis; SLE, systemic lupus erythematosus; SS, Sjogren´s syndrome; T1D: type 1 diabetes; SG, salivary gland.




Biomarkers in SLE

Autoantibodies have been widely used as biomarkers for rheumatic [reviewed in (11)] and autoimmune diseases [reviewed in (12)] such as SLE [reviewed in (13)]. Anti-nuclear antibody (ANA), anti-dsDNA, anti-Sm, antiphospholipid, and low C3 and/or low C4 are used in clinical practice today as diagnostic biomarkers of SLE [reviewed in (14)]. Although there are several publications available on novel biomarkers for use in diagnosis [(15) and references therein], and monitoring [reviewed in (14, 16)] of SLE, few of them are in use in clinical practice. The heterogeneity of SLE makes it difficult to diagnose and monitor the disease progression. Performing a PubMed search on inflammation, SLE and biomarker, gave 689 results, of which 488 articles were published the last ten years (Supplementary Table S3; Figure 2B). Of these, 91 publications were reviews, compared to 121 in total.

Since a primary goal for developing new biomarkers is to identify non-invasive markers most of the works utilized blood or urine from patients with SLE. Searching PubMed for human SLE, peripheral blood and biomarker, excluding virus and cancer, gave 71 results, including five review papers, while the same search with urine instead of blood revealed 66 results, including eight review papers. Several studies have taken advantage of proteomics in the identification of new biomarkers. Adding proteomics to our PubMed searches revealed 31 original articles and 8 reviews, and only 6 articles when inflammation was included. The last five years revealed few experimentally work on serological and urinary biomarkers for the detection of inflammatory human SLE (Table 1), nearly all of them detecting active LN. Most of the identified biomarkers included in this table are part of molecular pathways involved in the pathogenesis of SLE. However, some of the markers such as albumin, ceruloplasmin, transferrin, lipocalin-type prostaglandin D2 synthase (LPGDS), and different collagen types are most likely a response to or caused by the inflammatory process. A recent review by Fasano et al. covers different tissue, serological, urinary, and cellular biomarkers related to molecular pathways in SLE (48). Since late 1980s, work has been published on double-negative T cells. These cells are implicated in inflammation, immune disorders, cancer, and kidney as reviewed in (49, 50). These cells have been observed in SLE, RA, and SS where they are described to have a worsening role, and in T1D where they are described to be protective [(51) and references therein]. In SLE, double-negative T cells have been suggested as potential serum biomarkers for SLE patients, possibly with kidney involvement (52). Exosomes are spherical lipid bilayer vesicles consisting of lipids, proteins, nucleic acids, and other bioactive compounds. Exosomes have been implied to be involved in immune responses and regulating the development of autoimmune disease through the transfer of signaling molecules as reviewed in (53). Studies have investigated exosomes and its components, both in serum and urine, and suggested them as potential biomarkers in SLE (54, 55), reviewed in (56, 57).



TABLE 1 Summary of the proposed serological and urinary markers in inflammatory, human SLE revealed in this review.
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Plasma cytokines are also potential biomarkers in patients with SLE. Multiplex studies performed by Idborg et al. (22), showed that TNF-α and p-albumin worked as potential biomarkers to differentiate between SLE patients and controls, as well as indicators of disease activity. In addition, they showed that for SLE patients with joint involvement/active arthritis, IP-10, IL-1α, IL-6, TNF-α, and ESR were significantly increased compared with patients without these manifestations. They also investigated whether organ specific, active disease was associated to selected cytokines. P-albumin and TNF-α showed the highest association to kidney involvement, while IL-16, anti-dsDNA and IL-10 were elevated in active nephritis. Previously, Pentraxin 3 (PTX3) has been suggested as a biomarker of tubulointerstitial damage. Indeed, in a large, multicenter cross-sectional study, ELISA showed that higher PTX3 levels were found both in serum and urine of active phase LN patients (58). Peripheral blood mononuclear cells (PBMC) are also an easily accessible source of potential biomarkers. In a recent study by Fu et al. cyclic GMP-AMP synthase (cGAS) and interferon-I-inducible protein 16 (IFI16) were found to correlate with SLE disease activity (23). An interferon (IFN) signature with an increased expression of type I IFN-regulated genes, are well-known in patients with SLE. Jiang and colleagues (59) utilized bioinformatics and machine learning to identify biomarkers for use in SLE diagnosis. They identified ten potential diagnostic biomarkers and found one, IFI44, a type I IFN signature gene, that had the best potential of being an optimal diagnostic biomarker for SLE. However, the process of validating these findings experimentally and clinically remains to be done.



SLE organ specific biomarkers

Monitoring disease activity and organ damage in SLE is challenging due to the lack of dependable biomarkers and disease heterogeneity. Both permanent organ damage and ongoing systemic and organ-specific inflammation can be hard to differentiate. Thus, organ-specific biomarkers would be precious for systemic diseases such as SLE. A search on SLE and organs and biomarkers demonstrated that most of the research has been performed on kidney, and peripheral blood, followed by skin, joint, brain, lung, and liver, while very few articles on biomarkers in SGs and and pancreas exist (Supplementary Table S5; Figure 3A). Here we searched PubMed for articles comprising SLE, inflammation and different organs such as kidney, skin, joint, lung, brain, liver, pancreas, and SG looking for SLE biomarkers specific for the different organs (Figure 3B). From this search, we did not find any experimental papers on joint, liver, and pancreas.
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FIGURE 3
 Overview of the number of publications on systemic lupus erythematosus (SLE), organ involvement and biomarker, transcriptomics, scRNAseq, imaging, and molecular imaging (A) and number of publications on biomarker in SLE with inflammation and organ involvement (B). scRNAseq, single cell RNA sequencing.




SLE biomarkers in skin, lungs, brain, and salivary glands

Xie et al. identified L-alpha-aminobutyric acid, dehydroascorbic acid, glycine, and L-tyrosine as serum metabolites with diagnostic potential for SLE patients with skin lesions (24). Cutaneous lupus erythematosus has been found to be associated with an increase of invariant natural killer T (iNKT) cells expressing CCR4 at the site of active dermal cutaneous lesions, with a subsequent deficiency in circulating iNKT cells (60). One study also showed serum DNase I activity and apoptotic index evaluated by immunohistochemistry to be possible biomarkers of cutaneous lupus erythematosus (61). Nitric oxide (NO) in exhaled air has been shown to be significantly increased and correlated with disease activity and might be used as a marker for lung involvement in patients with SLE (62). In one study from Tumurkhuu et al. (25), SLE subjects showed highly significant increases in blood NAMPT mRNA expression and eNAMPT protein levels compared to healthy controls. In mice, this is shown to be associated with increased alveolar hemorrhage and lung inflammation. Going through publications on brain and SLE, we excluded publications on SLE and pregnancy. However, one publication on childhood-onset systemic lupus erythematosus (cSLE) showed that serum levels of S100A8/9, S100B, NGAL, aNR2-AB and aP-AB and combinations of those, could detect neurocognitive deficits in cSLE (sensitivity: 100%; specificity 76%) in exploratory analysis (63). Another work showed that Progranulin (PGRN) was moderately increased in cerebrospinal fluid (CSF) of SLE patients (64). Many SLE patients are diagnosed with secondary Sjogren’s syndrome. In one study, two of 34 patients were diagnosed with SLE and secondary SS. The authors showed that with higher pathologic grade, the presence of Sjogren’s-syndrome-related antigen A (SSA) or a higher titer of ANA were significantly associated with the overexpression of TRAIL, MMP-3, or ICAM-1 in the SG mononuclear cells in patients with SS (65).



Kidney specific biomarkers in SLE

Kidney is definitively the organ that has been most extensively researched in SLE. LN is also one of the most serious manifestations of SLE. A retrospective study by Mao et al. where they did proteomics on kidney biopsies, revealed renal mTORC1 activation as a possible biomarker for disease activity and prediction of clinical prognosis in LN patients (66). Another study showed urinary C3M, and serum derived PRO-C6, Collagen Type III and VI, to correlate with kidney fibrosis in SLE patients (19). Studies on serum Interleukin-35 (IL-35), and mucosa-associated lymphoid tissue lymphoma translocation protein 1 (MALT1) propose low IL-35, and high MALT1, respectively, to be potential biomarkers for renal involvement in SLE patients (20, 21). Biomarkers that can be indicative of response to treatment are useful. Indeed, Shipa et al. did a study where they identified serum IgA2 anti-dsDNA antibody concentrations that could predict a clinical response to belimumab after rituximab treatment (31). The presence of anti-ribosomal P antibody (anti-P) was in a study with 79 patients shown to be associated with better histological findings. In addition, at a median follow-up time of 47 months, anti-P-positive patients shown better renal outcomes than those without anti-P (58). A study by Sun et al. showed that urine tumor necrosis factor-related weak inducer of apoptosis (TWEAK) may be utilized as a biomarker of LN activity (42). The same was shown in a study on urinary DNase I, showing that its expression and activity declined with disease progression (67). A marker of podocyte injury was investigated by Bouachi et al. (68). Here they found that CMIP induction in LN appears constrained to non-proliferative glomerulopathies and may define a specific pattern of injury to these cells (68).

Due to the heterogeneity of SLE, there exist few biomarkers with the potential to capture the complexity of disease monitoring. Therefore, we need a combination of biomarkers and/or organ-specific biomarkers to follow disease progression. This review reveals that kidney, skin, and joint, respectively, have traditionally received the most attention in SLE because they are the most affected organs with frequent complications, but little progress has been achieved on organ-specific diagnostic or therapeutic markers.



SLE transcriptomics

Transcriptomic data analyses offer a unique insight into processes involved in different autoimmune disease. Since 2005, transcriptional analyses on human SLE and inflammation have been published in 85 research papers and 10 review papers (Supplementary Table S3). As for biomarkers, most of the transcriptomic research has been performed on peripheral blood followed by kidney, skin and joint (Supplementary Table S6; Figure 4A). PBMC analyses have revealed increased differences in the composition of immune cells (B, T, and myeloid cells), type 1 IFN signature, chemokines, and different transcriptional levels of cytosolic RNA and DNA sensors (69–76). Especially, it seems to be a correlation between reduced circular levels of naïve T cells and increased T cells in the different organs affected. A dysregulation of T regulatory cells vs. T helper cells (Th1, Th2 and Th17) is known to be important for the pathogenesis of SLE, and the involvement of Th1, Th2 and Th17 in SLE has recently been thoroughly reviewed (77). Transcriptomic analyses of circulating immune cells found upregulation of Th17 related genes CXCL1, ICAM1, IL10, IL5, IL8, ISG20, JAK2, and down regulation of CD28, CD40LG, S1PR1, IL17RE, IL23R, RORC genes (78).
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FIGURE 4
 Overview of number of publications on transcriptomics, transcriptomics + inflammation, scRNAseq, and scRNAseq + inflammation in systemic lupus erythematosus (SLE) (A), number of publications on scRNAseq, scRNAseq + inflammation, and spatial transcriptomics in rheumatoid arthritis (RA), multiple sclerosis (MS), Sjogren’s syndrome (SS) and Type 1 diabetes (T1D) (B), and number of publications on imaging, imaging + inflammation, molecular imaging, magnetic resonance imaging (MRI) and positron emmission tomography (PET) in SLE (C). scRNAseq, single cell RNA sequencing.


The IFN signature in SLE can divide the patients into two groups: SLE1 with low levels IFN induced gene expression and SLE2 with high levels of IFN induced gene expression (79). In SLE2 patients a subset of cytotoxic CD4+ T cells has been identified (72). Buang et al. found a downregulation of mitochondria-derived genes and metabolic pathways T cells of IFN high SLE patients (80). A transcriptome-wide association study (TWAS) was performed using a model on blood B cells, T cells, monocytes, NK cells and PBMC. Here they identified BANK1, IRF5, BLK, NCOA2, WDFY4, SLC15A4 and RASGRP1 as differential expressed genes and potential biomarkers (81).

In the kidney, the early articles on transcriptomic data identified specific cellular expression of glomerular cells and selected inflammatory markers of infiltrating cells using qPCR analyses (82, 83). The newly published research includes transcriptional profiling of kidney tubular cells and immune cell infiltration in patients with LN (84–89). The main findings identify, like in peripheral blood samples, inflammatory markers such as type I IFNs, IL-18, TNF, immune cells including myeloid cells, T cells, natural killer cells and B cells, plasma cells and chemokines and chemokine receptors. Especially chemokine receptors CXCR4 and CX3CR1 expression by kidney immune cells seems to be candidates for use as biomarkers (85). In the skin of SLE and cutaneous lupus erythematosus (CLE) a hypersensitive response to IFNs was observed in keratinocytes (90).

Biopsies are only taken from patients with suspected kidney disease, but many SLE patients may have changes within the kidney long before they develop clinical detectable inflammation. Several studies have analyzed the transcriptomic profile of cells and cellular casts in urine from patients with SLE and LN (33, 83, 85, 91). Urinary transcriptomics reviled both a podocyte cell specific signature and an enrichment of immune cell types reflecting the inflammation of the kidney (83). Arazi et al. compared immune cells from urine samples with the kidney samples and found that the main fraction of urine cell was phagocytic CD16+ macrophages followed by M2-line CD16+ macrophages, CD56dim CD16+ NK cells, inflammatory CD16+ macrophages, tissue resident macrophages, and conventional DCs (85). A study analyzing both proteomics on urine samples and transcriptomics on kidney biopsies found increased urine levels of IL-16, CD163 and TGFB1 and an increased expression of IL16 in most of the infiltrating immune cells, CD163 in a subset of myeloid cells, and TGFB1 was mostly expressed by NK cells (33). In a recent article addressing the proteomics in paired urine and biopsy from SLE and LN patients, they identified over 112 urine analytes and especially found proteins involved in granulocyte-associated and macrophage-associated pathways, including CD163 (92).



SLE single cell sequencing (scRNAseq)

ScRNAseq has mostly been performed on peripheral blood, with fewer studies on kidney, skin, and joint samples from SLE patients (Figure 4A). ScRNAseq performed on kidney (84, 85), skin (84, 93), and PBMC (94) revealed common factors including different immune cell types and type I IFN signature. The chemokines and chemokine receptors expression were linked to tubular cells (kidney) or keratinocytes (skin) and immune cells (84). Guo et al. identified a reduction of CXCR5+ T cells in SLE patients and found an exhausted regulatory CD4+ T cell subset in PBMC from SLE patients induced by type 1 IFN signaling (95).

In the skin, the same types of T cells including CD4+ and CD8+ memory T cells, Tregs, cytotoxic T cells, Th cells, and others were found to express increased levels of IFN-genes, but appeared less activated and cytotoxic and did not show an exhausted phenotype as T/NK cells from the kidney of LN patients (87). Zheng et al. analyzed cells from different cutaneous lesions of SLE patients and found both similar and differences in cell compositions of skin biopsies from patient with discoid lupus erythematosus (DLE) and SLE (96). Similarities included the proportion of macrophages and dendritic cells in both epidermis and dermis, while differences in T, NK and B cells were prominent in dermis as DLE patients had more T, NK, and B cells. DLE skin biopsies showed a more organized accumulation of immune cells (96).

Li et al. (97) performed both proteomics and scRNAseq on PBMC from SLE patients. They identified, by using machine learning, combinations of biomarkers that could diagnose SLE and the cellular source of these proteins was determined using scRNAseq (97). The six-protein combination included IFN inducible genes (IFIT3, MX1, TOMM40, STAT1, STAT2, and OAS3) and the nine- protein combinations included mitochondrial enzymes, adhesion molecule, kinases and other proteins (PHACTR2, GOT2, L-selectin, CMC4, MAP2K1, CMPK2, ECPAS, SRA1, and STAT2) (97). Genes in the six-protein combinations were shown to be mostly upregulated in memory B cells, while the nine-protein combination genes were upregulated in CD14 monocyte clusters. Tang et al. performed scRNAseq on PBMC from SLE patients to analyze the expression of acetyl transferases that can regulate cyclic GMP-AMP synthase (cGAS) a cytoplasmic DNA sensor (75). They identified an upregulation of histone acetyltransferase KAT2A in SLE patients and showed that the pathway was increased in specific subtypes of myeloid dendritic cells (DC), monocytes, T and B cells observed in SLE patients with a high SLEDAI score (75).

Itotagawa et al. used existing scRNAseq data to identify the BAFF producing cells in the kidney of SLE patients and linking the urinary BAFF levels to LN (98). The usage of available scRNAseq data together with advanced proteomics and the development of AI pipelines offers a deeper understanding of the complexity of disease progression. Wang et al. used a combination of machine learning algorithm and scRNAseq analysis to find possible biomarkers and identified both protein and gene expression of TNFSF13B and OAS1 (29). As mentioned under the section on biomarkers, a study using scRNAseq data from SLE patients (99) identified IFI44 as possible biomarker for SLE (59). However, linking these findings to the existing clinical parameters and developing new and better disease biomarkers is a challenge.



Transcriptomics and scRNAseq in other autoimmune diseases

Transcriptomics and scRNAseq data from other autoimmune diseases may fill in the lack of data in SLE. A PubMed search on RA, MS, SS, T1D and scRNAseq and scRNAseq + inflammation, including only original articles with new scRNAseq data gave 24 and 13 results on RA, 14 and 4 results on MS, 6 and 1 results on SS and 10 and 1 results on T1D, respectively (Figure 4B). In RA, CD4+ T cell clones in peripheral blood and synovial tissue were shown to be under constant activation and had a senescent phenotype (100). Some studies have analyzed and compared the gene expression profiles between autoimmune diseases. Tuller et al. analyzed gene expression profiles of PBMC from MS, SLE, juvenile (J)RA, crohn’s disease (CD), ulcerative colitis (UC) and T1D patients compared to healthy controls (101). A common trend was observed for the chemokines CXCL1-3, 5, 6, and IL8 in addition to differentially expressed genes involved in cell proliferation, inflammatory response, general signaling cascades, and apoptosis. The authors suggest that despite the similarities, the results indicate an activation through different sub-signaling pathways (101). In another study, distinct DC clusters characterized by up-regulation of TAP1, IRF7, and IFNAR1, were identified in systemic autoimmune diseases and PTPN6, TGFB, and TYROBP were shown to be downregulated in DCs in T1D (73). Liao et al. used existing scRNA data on fibroblasts from RA and osteoarthritis from synovial tissue (102). They identified CCL2 and MMP13 as possible diagnostic and therapeutic markers. Another study focusing on transcription factors revealed five regulators BATF, POU2AF1, STAT1, LEF1 and IRF4 specific for RA fibroblast-like synoviocytes (103).

Stephenson et al. used a low-cost microfluidic instrumentation to perform scRNAseq analyses and identified synovial fibroblast (SF) subtypes in addition to well-known immune cell clusters (104). The fibroblast subtype (THY1(CD90)+HLA-DRAhi) was verified and linked to L1B+ pro-inflammatory monocytes, ITGAX+TBX21+ autoimmune-associated B cells and PDCD1+ T peripheral helper (Tph) and T follicular helper (Tfh) (105). In synovial macrophages isolated from RA patients, the expression of signaling lymphocytic activation molecule F7 (SLAMF7) was identified as a marker for super activated macrophages (106), and upregulation of CD86 and CD206 was observed in cells from the synovium lining layer (107). Yamada et al. analyzed synovial scRNAseq data identifying a subset of pre-dendritic cells possibly predicting resistant to treatment (108). Another study analyzing the CD4+ T cell subsets in RA identified two Tph states (CXCL13 high and low) and a cytotoxic CD4+ T cell subset where all expressed GPR56 (ADGRG1) (109). Moon et al. used scRNAseq and TCR sequencing on CD8+ T cells from blood and found seven distinct clusters of CD8+ T cells (Naïve, Memory, TCRgd+, GZMK+, GZMB+ GNLY+, GZMB+ KIR+ and CCR6+ CD161+) where cluster GZMB+ KIR+, TCRgd+, and memory were increased, and cluster CCR6+ CD161+ were decreased in RA patients compared to healthy controls (110). Two groups have studied different classes of monocytes and macrophages isolated from blood of RA patients to analyze response to treatment and the function of macrophages, respectively (111, 112). Several studies have used existing and/or own scRNAseq data to identify RA mechanisms or disease markers. An article by Orange et al. showed increased expansion of preinflammatory mesenchymal cells (113), while Micheroli et al. identified four distinct SF clusters (114). Yang et al. studied scRNAseq datasets for SFs revealing Fibronectin-1 as an important gene in relation to RA disease progression (115). A recent review discusses the development of residential memory T cells in synovial tissue in RA patients and indicate a role for these cells in the transition from acute to chronic inflammation (116).

ScRNAseq on cells from CSF and blood in MS patients demonstrate a strong immune cell profile like the signatures seen in other autoimmune diseases. Especially B cells are increased in CSF in addition to CD4+ and CD8+ T cells (117). Several studies have also analyzed microglial cells using scRNAseq [reviewed in (118)]. In SS scRNAseq analyses on PBMC, monocytes were the abundant cell type and the expression of transcription factor CEBPD and tumor necrosis factor (ligand) superfamily, member 10 TNFSF10 (TRAIL) in CD14+ monocytes were increased (119, 120). Hou et al. showed an increased percentage of Tregs while CD8+ T cells, mucosal associated invariant T cells (MAIT) and double positive CD4+ CD8+ T cells were reduced in SS compared to healthy donors (121). However, a recent publication from Xu et al. showed increased expression of CD8+ T cells in patients with SS (122). These granzyme K+ (GZMK+) CXCR6+ CD8+ T cells from blood were similar to a distinct group of tissue-resident memory T cells. The same study showed an increased expression of circulatory IL-15, possibly promoting this specific differentiation of the CD8+ T cells (122). Hong et al. identified an increased cytotoxic CD4+ T cell population in addition to increased IL1b in macrophages, TCL1A in B cells, and like in SLE an increased expression of IFN responsive genes in most of the immune cells analyzed (123).

A recent review paper gives an overview of the existing sequencing platforms and especially on how scRNAseq has been used in over 41 autoimmune diseases (7). The results from scRNAseq identifies both common and disease specific subtypes of cells triggered by common and different signaling pathways. Here they conclude that the identification of specific disease-causing cells using scRNAseq in combination with other methods is a prerequisite for developing more effective targeting treatments with less side effects (7). Ma et al. used scRNAseq data from SLE patients (124), and compared it to RNA bulk sequencing on PBMC from SLE, RA and MS patients and healthy donors by using machine learning to develop a method to identify characteristic of SLE and to distinguish SLE patients from healthy donors (125). Their mathematical model could also identify patients with RA and MS and proves that the usage of existing scRNAseq and the development of machine learning models could be used to develop efficient tools for diagnosis of chronic autoimmune diseases.



Spatial transcriptomics

Spatial transcriptomics is a new technique applying scRNAseq on tissue samples allowing visualization and quantitative analyses of spatial gene expression patterns in individual tissue sections at near single-cell resolution (126). We found 8 papers on spatial transcriptomics and RA, 6 on MS and 2 on SS (Figure 4B). However, many of these were review papers. Most of the research involving spatial transcriptomics has been published on synovial tissue from RA patients (127–129) and brain tissue from MS patients (130, 131). So far, no spatial transcriptomics analyses have been published on tissue from SLE or LN patients. However, research have been published on normal kidneys (132), transplanted kidneys (133), and some review papers have given an overview of the use of spatial transcriptomics and analyzing kidney diseases (134–138). Spatial transcriptomics on normal tissue may offer a new understanding of tissue cells and residential immune cells. Madissoon et al. used multi-omics single cell/nuclei and spatial transcriptomics to define the tissue architecture of lungs and airways (139). The results reviled a new specific niche for immune cells in the lungs and may be used further in analyzing molecular and cellular changes during different lung diseases.

Several review papers have addressed the advantage of spatial transcriptomics in different autoimmune diseases (116, 136, 138, 140). The development of disease pathology Atlases based on bulk RNAseq, scRNAseq, and spatial transcriptomics, machine learning models, and the use of AI to combine clinical and multiomics data, will be crucial in the future research on chronic autoimmune diseases including SLE. Especially, to identify clinically relevant patterns in the abundance of information available.



SLE and organ imaging

Imaging, inflammation and SLE reviled 357 papers and 26 of them included kidney (Supplementary Table S7). Papers involving imaging and brain (81), joint (70) and skin (62) were prominent with lung (57) at the same level as kidney (Figure 4C). The imaging methods used included mostly histological or immunohistology assessment of biopsies. Gallium-67 scintigraphy was previously performed on LN patients before and after biopsy to predict response to therapy (141). Recently, a new study analyzed over 250 biopsies from LN patients that underwent renal gallium scans before or after biopsy (142). They found an association of renal gallium uptake and active inflammation measured by hypercellularity, neutrophil infiltration and changes in the activity index.

Research on SLE and molecular imaging consist of 20 articles where 3 are review papers. Including inflammation in the search reduced the papers to 4 (2 reviews). The reviews cover the use of non-invasive imaging of LN and neuropsychiatric SLE and especially the use of PET (143, 144). A more specific search on inflammation, SLE and MRI found 139 papers involving MRI on brain (74), joint (52), skin (10), kidney (6), SG (1) (Supplementary Table S8; Figure 4C). Most of the MRI has been conducted on brain and the association of inflammation and functional and structural brain changes in neuropsychiatric SLE (143, 145). A broader search on SLE, MRI and kidney reviled several research papers on the use of multiparametric MRI including blood oxygen level-dependent (BOLD) imaging by T2* mapping, magnetic resonance elastography (MRE) by tomoelastography, diffusion tensor imaging (DTI) and diffusion-weighted imaging (DWI) for detecting nephropathy in LN patients (145–151). Here BOLD, DTI, and DWI imaging may determine the disease severity, effect of treatment, and outcome of the disease (151).

PET/CT and PET/MRI has been used to image brain (144, 152), kidney (153), and lung (152) of SLE patients [reviewed in (143, 154)]. Most of the research used 18FFDG, but in brain 2 studies used TSPO targeted PET/MRI to image hippocampal neuroinflammation and were able to detect signal alterations [reviewed in (155)]. However, Nwaubani et al. reviled a lack of research to examine hippocampal subfield separatley, and suggests new methods with higher resolution acquisition or post-processing teckniques (155). Despite some preclinical studies using PET/CT or PET/MRI in kidneys, none has been performed on SLE or LN patients. However, Carlucci et al. performed PET/CT with 18F-FDG to quantify vascular inflammation and significant increased aortic inflammation in SLE patients compared to healthy controls (156).

The lung involvement in SLE has recently been reviewed by Shin et al. revealing several imaging methods (157). Chest X-ray (CXR), CT, technetium-99 m hexamethylprophylene amine oxime perfusion scan, and 18FFDG PET are used to diagnose pleuropulmonary involvement in SLE. The involvement includes lupus pleuritis, pleural effusion, acute lupus pneumonitis, shrinking lung syndrome, interstitial lung disease, diffuse alveolar hemorrhage (DAH), pulmonary arterial hypertension, and pulmonary embolism (157).

This review reviled many imaging methods that have been performed on SLE patients with brain and lung involvement. However, despite being a systemic disease, only few imaging methods tested have focused on the detection of systemic inflammation in SLE. One of the reasons is the lack of specific markers for systemic inflammation. Another issue is the filtration of tracers by the kidney, making imaging of this organ difficult. The development of new specific long-lived isotopes (89Zr, 68Cu) (158, 159) conjugated to different immunobiologicals (ligands, antibodies, Fabs) may generate tracers that can detect changes within the kidney and detect early inflammatory events (160). In vivo imaging using PET/MRI with specific tracers to detect tissue damage or immune cell involvement may be used as a diagnostic tool to detect inflammatory kidney diseases at an early stage, as a non-invasive method to follow disease progression, and to more specific, tailored/personalized treatment. A tracer that detects systemic inflammation will be beneficial for other autoimmune diseases.



Conclusion

Publications comprising advanced methods and biomarkers that can be used for various diseases, but with a focus on SLE, have been reviewed. Is it possible to find common methods and biomarkers across different diseases, and is it possible to find organ specific biomarkers to monitor organ inflammation? A similar approach has been used in the Taxonomy, Treatment, Targets and Remission (3TR) study where they aim to investigate the mechanisms of response and non-response to treatment in chronic autoimmune diseases (MS, SLE and RA), inflammatory bowel diseases (Ulcerative Colitis and Crohn’s Disease), and respiratory diseases (Asthma and Chronic Obstructive Pulmonary Disease).1 Since SLE is a systemic disease, it could fit as a model disease to use in such studies. A recent review from the 3TR study on LN gives an overview of biomarkers that is suitable for diagnostics, determine disease activity and organ damage, determine the response to therapy, and biomarkers to be used to determine the prognosis (161).

As heterogenous as SLE is, one ideal biomarker or method does probably not exist for disease diagnosis and monitoring. Instead, we ought to look for biomarkers and methods that have specificity and sensitivity for distinct organ involvement. We suggest that utilizing results from other autoimmune diseases with different organ manifestations would be of interest in SLE. Probably organ-specific biomarkers can be exploited across different diseases. Indeed, Johnson et al. showed that there are selected biomarkers that are more valid for diabetic kidney disease compared to LN, but none of them could distinguish between these two diseases (30). Zhang and Lee used a combined strategy utilizing multi-omics data analysis and computational methods and identified specific variable (V) and joining (J) genes in both T cell receptor and B cell receptor in SLE and RA groups (162). In addition, looking for a combination of biomarkers, composite biomarkers, and combined strategies with biomarkers, new methods and clinical measurements is perhaps the best strategy ahead. Using transcriptomics combined with principal component analyses (PCA)/AI to search for inflammatory markers in blood and urine can substitute for invasive kidney biopsy and allows physicians to monitor treatment and disease progression. Liquid biomarkers enable non-invasive, real-time detection of circulating markers in blood or urine. By its nature, urinary biomarkers are by far the best alternative when it comes to noninvasive biomarkers. Especially for the monitoring of kidney affection, urine is probably the best source for easy follow-ups. However, multiomics studies generate a lot of data, but there are still few, specific studies on autoimmune diseases. Also, there is a need to combine, compare, and extract the results before verifying their importance in the clinic. These issues must be addressed before we can develop tailored treatment strategies for SLE patients, as addressed in a review by Fasano et al. (48).

The use of non-invasive molecular imaging methods with specific markers will provide a more comprehensive picture of organ inflammation and enable serial assessments as patients are treated. The development of multimodality MRI scanners opens for high-resolution functional and molecular imaging research. Molecular imaging biomarkers will improve treatment to individual patients, and the capacity to evaluate the usefulness of new treatments in LN and other autoimmune diseases. Chronic inflammatory diseases like SLE are both debilitating and hard to diagnose. Future studies combining precise biomarkers, bioinformatical profiles and non-invasive imaging may lead to the development of procedures used for precise and early diagnosis, targeted treatment, as well as treatment and disease monitoring. This will increase the quality of life and life-expectancy for the patients.
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Background

Previous studies from our group and other investigators have shown that lung involvement is one of the independent predictors for treatment resistance in patients with myeloperoxidase (MPO)–anti-neutrophil cytoplasmic antibody (ANCA)-associated vasculitis (MPO-AAV). However, it is unclear which image features of lung involvement can predict the therapeutic response in MPO-AAV patients, which is vital in decision-making for these patients. Our aim was to develop and validate a radiomics nomogram to predict treatment resistance of Chinese MPO-AAV patients based on low-dose multiple slices computed tomography (MSCT) of the involved lung with cohorts from two centers.





Methods

A total of 151 MPO-AAV patients with lung involvement (MPO-AAV-LI) from two centers were enrolled. Two different models (Model 1: radiomics signature; Model 2: radiomics nomogram) were built based on the clinical and MSCT data to predict the treatment resistance of MPO-AAV with lung involvement in training and test cohorts. The performance of the models was assessed using the area under the curve (AUC). The better model was further validated. A nomogram was constructed and evaluated by DCA and calibration curves, which further tested in all enrolled data and compared with the other model.





Results

Model 2 had a higher predicting ability than Model 1 both in training (AUC: 0.948 vs. 0.824; p = 0.039) and test cohorts (AUC: 0.913 vs. 0.898; p = 0.043). As a better model, Model 2 obtained an excellent predictive performance (AUC: 0.929; 95% CI: 0.827–1.000) in the validation cohort. The DCA curve demonstrated that Model 2 was clinically feasible. The calibration curves of Model 2 closely aligned with the true treatment resistance rate in the training (p = 0.28) and test sets (p = 0.70). In addition, the predictive performance of Model 2 (AUC: 0.929; 95% CI: 0.875–0.964) was superior to Model 1 (AUC: 0.862; 95% CI: 0.796–0.913) and serum creatinine (AUC: 0.867; 95% CI: 0.802–0.917) in all patients (all p< 0.05).





Conclusion

The radiomics nomogram (Model 2) is a useful, non-invasive tool for predicting the treatment resistance of MPO-AAV patients with lung involvement, which might aid in individualizing treatment decisions.
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Introduction

Antineutrophil cytoplasmic antibody (ANCA)-associated vasculitis (AAV) is a serious autoimmune disease with multisystem involvement (1), which has a preference for affecting the kidney and lung (2) and is life threatening without treatment (3). AAV is commonly associated with the presence of ANCA against proteinase 3 (PR3) and myeloperoxidase (MPO) (1). MPO-AAV is the dominant form of AAV in China (4) with more than 90% MPO-AAV patients exhibiting kidney involvement and over 60% with pulmonary involvement. Initial renal function and pulmonary involvement are independent predictors of all-cause mortality in AAV (5, 6).

Currently, the outcome of AAV patients has dramatically improved with the introduction of steroids together with cyclophosphamide (CTX) or rituximab for induction therapy. However, 10%–30% of AAV patients remain resistant to this treatment (7). An increase in glucocorticoid dose and switching from cyclophosphamide to rituximab could be considered in AAV patients with treatment resistance (2). However, 96.9% of patients who were resistant to therapy progressed to end-stage renal disease (ESRD), and 50% of them died (8). Thus, the prediction of treatment resistance is crucial to personalize therapy for those AAV patients before therapy commencement, especially for MPO-AAV patients in China.

At present, there are some studies to forecast treatment resistance. Previous studies suggested that being female, black ethnicity, older age, and having elevated serum creatinine levels may be independent predictors of treatment resistance in patients with AAV (7–9). In addition, our previous study has shown that lung involvement is one of the independent predictors of treatment resistance in Chinese patients with MPO-AAV (8). Lung involvement in MPO-AAV was considered likely in the presence of hemoptysis, pulmonary hemorrhage, respiratory failure, and radiographic proof of infiltrates, nodules, or cavities without evidence of infection (10). However, it remains unclear which specific image features of lung involvement can predict a response to treatment in MPO-AAV patients, which is vital in decision-making for these patients.

Radiomics is a newly emerging form of imaging analysis that automatically extracts potentially unrecognizable information from medical images (11). Some reports suggest that radiomics could predict the therapeutic response and prognosis of interstitial lung disease (12, 13). Feng et al. (12) found that radiomics had a good predictive performance for interstitial lung disease treated by glucocorticoids. Yang et al. (13) proposed that radiomics could predict the response of antifibrotic treatment to idiopathic pulmonary fibrosis. These studies suggest that radiomics might be an effective tool to potentially predict the treatment resistance for MPO-AAV patients.

However, to the best of our knowledge, the use of radiomics analysis to forecast the treatment resistance for MPO-AAV patients with lung involvement has not been reported. Therefore, in this retrospective study, our aim is to develop a radiomics nomogram to predict the treatment resistance of MPO-AAV patients with lung involvement in a two-center study of Chinese patients.





Methods




Patient enrollments

This retrospective study was conducted by the Hunan Vasculitis Study Group (HuVas) in China. The study protocol followed the provisions of the Declaration of Helsinki and was approved by the Ethics Committee of each participating institution. Informed consent was obtained from all individual participants or their legally acceptable representatives.

We searched the database of two institutions to retrieve the radiological and clinical data of patients with confirmed MPO-AAV between August 2011 and September 2021. Consecutive patients with confirmed MPO-AAV were identified and enrolled as the following inclusion criteria: (1) a positive test for MPO-ANCA with the criteria of Chapel Hill Consensus Conferences Nomenclature of Vasculitis proposed in 2012 (14); (2) detailed clinical data; (3) multiple slices computed tomography (MSCT) imaging performed within 1 month before treatment; (4) sufficient image quality to allow accurate interpretation of radiological features; and (5) lung involvement on MSCT. Exclusion criteria were as follows: (1) eosinophilic granulomatosis with polyangiitis (EGPA), secondary vasculitis, or any other systemic autoimmune disease; (2) patients who died within 4 weeks after the beginning of induction therapy; (3) patients without a low-dose MSCT scan before treatment; (4) suboptimal image quality making the evaluation of imaging characteristics difficult; and (5) CT changes caused by other reason [such as pulmonary infection [clinical signs including fever, cough, and purulent secretions, with the presence of interstitial infiltrates, masses, cavitations, and abscesses in CT (15)], heart failure [cardiomegaly, ground glass opacification, different stages of pulmonary edema, pleural effusion, and increased peripheral vascular diameter in CT (16)], and connective tissue disease associated interstitial pneumonia (CTD-ILD)]. A total of 151 patients out of the 563 subjects were enrolled. The development cohort consisted of 124 patients who were diagnosed at institution 1 (The Xiangya Hospital of Central South University, Changsha, China). The validation cohort consisted of 27 patients who were diagnosed and treated at institution 2 (The Third Xiangya Hospital of Central South University, Changsha, China). Patient enrollment details are listed in Figure 1.




Figure 1 | Workflow of patient enrollment.







MPO-AAV and therapy resistance

Birmingham Vasculitis Activity Score (BVAS) was used to measure disease activity (17). Organ system involvement was considered only if the manifestations were due to AAV (17). Particularly, lung involvement was considered likely in the presence of hemoptysis, pulmonary hemorrhage, respiratory failure, or radiographic proof of infiltrates, nodules, or cavities without evidence of infection (9, 18, 19). The estimated glomerular filtration rate (eGFR) was determined as described previously (20).

Serum ANCA was detected by both antigen-specific ELISA (Inova Diagnostics, San Diego, USA) and indirect immunofluorescence (IIF) (Euroimmun, Lübeck, Germany).

Treatment resistance was defined as unchanged or increased disease activity in patients with acute AAV after 4 weeks of treatment with standard therapy or a reduction of <50% in the disease activity score after 6 weeks of treatment or chronic, persistent disease defined as the presence of at least one major item or three minor items on the BVAS list after 12 weeks of treatment (21).





Treatment process and therapy resistance

MPO-AAV patients received therapy, as previously described (22). In brief, oral glucocorticoids (prednisolone, starting at a dosage of 1 mg/kg daily for 4–6 weeks, tapered over 3–6 months to 12.5–15 mg/day) and cyclophosphamide (CTX) were administered intravenously at 0.5–0.75 g/m2 every month. For those over 65 years old or those with severe renal insufficiency, a 25% dose reduction of CTX was used, and CTX was temporarily stopped for those who developed leukocytopenia or thrombocytopenia. Some patients with rapidly progressive glomerulonephritis or pulmonary hemorrhage received an intravenous methylprednisolone pulse before the standard induction therapy and/or plasma exchange. Patients were followed up via phone and medical records to determine their status.





The collection of clinical data

All patient demographic data and laboratory parameters were collected retrospectively from the electronic medical record system, including age (years), gender, white blood cells (109/L), hemoglobin (g/L), platelet (109/L), serum albumin (g/L), serum globulin (g/L), serum creatinine (μmol/L), erythrocyte sedimentation rate (ESR) (mm/h), C-reactive protein (CRP) (mg/L), C3 (mg/L), C4 (mg/L), IgA (mg/L), IgG (g/L), IgM (mg/L), alanine aminotransferase (ALT) (U/L), aspartate aminotransferase (AST) (U/L), total bilirubin (TBIL) (μmol/L), direct bilirubin (DBIL) (μmol/L), blood urea nitrogen (BUN) (mmol/L), neutrophil (109/L), lymphocyte (109/L), and eosinophil (109/L) (Table 1). These laboratory data were obtained within 4 weeks before treatment.


Table 1 | The clinical characteristics between treatment-resistant and treatment-responsive group.







Evaluation of lung involvement on MSCT

The MSCT images with lung involvement were collected for those MPO-AAV patients from the picture archiving and communication system (PACS). The image acquisition parameters are shown in detail in Appendix E1 and Supplementary Table S1. Two radiologists, reader 1 and reader 2, with 5 and 15 years of thoracic radiology experience, respectively, reviewed all MSCT images and assigned the following qualitative features for each patient: (a) alveolar hemorrhage (AH), the appearance of diffuse pulmonary infiltrates with bilateral opacities, ground-glass, and crazy-paving pattern (2) (Figure 2A); (b) interstitial lung diseases (ILD) including ground glass (Figure 2B), reticular opacities (Figure 2C), interlobular septal thickening (Figure 2D), parenchymal consolidations (Figure 2E) and honeycombing (Figure 2F) (23); (c) pulmonary granuloma, manifested as a nodule, mass, or cavity and ranged from a few millimeters to more than 10 cm in diameter (24) (Figure 2G); and (d) pleural effusion (Figure 2H). The two radiologists were blinded to the clinical and pathological information for evaluating lung involvement of MPO-AAV patients. Any disagreement was resolved through consultation.




Figure 2 | The various imaging features of MPO-AAV patients with lung involvement in MSCT. Alveolar hemorrhage was the appearance of diffuse pulmonary infiltrates with bilateral opacities, ground-glass, and crazy-paving pattern (A); interstitial lung disease including the five imaging features (B–F); pulmonary granuloma surrounded with halo sign, manifested as a nodule, mass, or cavity and ranged from a few millimeters to more than 10 cm in diameter (G); bilateral pleural effusion (H).







Independent predictors acquisition

Univariate analysis was used to compare the differences in clinical factors and qualitative MSCT features between treatment-resistant and treatment-responsive groups. A p-value< 0.05 indicates a significant difference. The significant factors were entered into a multivariate analysis to select the independent predictors. Odds ratio (OR) and 95% confidence intervals (CIs) for each independent predictor were computed.





Building of Model 1 (radiomics signature)




Region of interest segmentation

3D segmentation of the primary lung lesions was performed by two readers (reader 1 and reader 2, with 5 and 15 years of experience in thoracic imaging, respectively) for the regions of interest (ROIs) that were manually or semi-automatically delineated on the MSCT images based on the threshold method and edge-based method by using 3D-slicer software (version 4.8.1; http://www.slicer.org) (2).

For those lesions with unclear borders, such as alveolar hemorrhage and interstitial lung disease, the threshold method was applied to sketch them with the Hounsfield unit (HU) values (−700 to −150 HU). Manual corrections were carried out when the automatically registered borders did not correspond to the actual lesion’s margin (25, 26). The criteria of manual modification were as follows: 1) for those lesions that were not covered completely in ROI, including patch and nodules, manual delineation was applied; 2) for those lung lesions that were not included in the ROI automatically, manual delineation was applied; 3) the main and leaf bronchi were not contained in the ROI, such as when the segmental and inferior bronchi were connected to pixels that were distinguishable by the naked eye, meaning that they would not be sketched into the ROI. The small scattered bronchus of the lungs was contained in the ROI; 4) the hilar vessels were carefully excluded (27).

For the distinct boundary-pulmonary granuloma, ROI was manually contoured along the boundary of the lesion in every slice (28). The vascular or bronchial structure were included within the segmentation when they were surrounded by the lesion and excluded when they were close to the lesion’s edge (29). The lesion in the last slices was not included to avoid volume averaging with adjacent structures. Initially, both readers independently segmented 30 randomly selected patients (including 18 treatment-resistant and 12 treatment-responsive subjects). After that, a reader (*BLINDED*) repeated the same segmentation a week later to obtain intra- and inter-rater intra-class correlation coefficients (ICC) as described by (30). Texture features with ICC > 0.75 were considered to have a good agreement. Reader 1 continued with the remaining image segmentation.





Radiomic feature extraction

The ROIs and original images were transferred into the radiomics platform AK software 3.3.0 (Analysis kit, GE Healthcare, China) for image preprocessing. All MSCT images and segmented ROIs were resampled to 1.0×1.0×1.0 mm3 voxel size to standardize the voxel spacing. A Gaussian filter of 0.5 mm bandwidth was used to filter noise from the images. Radiomics features including shape (n=14), first-order (n=18), second-order [glcm(n=24), glrlm (n=16), glszm (n=16), ngtdm (n=5), gldm (n=14)] and higher-order (wavelet transform) (n=744) features, which were confirmed to reflect heterogeneity of lesions and potentially reflected changes in image structure, were extracted from MSCT images (31). Wavelet transform (sigma = 2.0, 3.0) filters (n=8) were selected to transform features. A total of 851 features were extracted for each patient (Supplementary Table S2).

To select robust radiomics features, the features with outliers (under the first quartile or above the third quartile of the feature distribution) and missing values were replaced by the feature’s median value in the dataset. Finally, all features were standardized using zero-mean normalization to remove pixels that fall outside a specified range of gray levels.






Construction of Model 1

The development cohort (patients from institution 1) was randomly split into training and test cohorts at a ratio of 7:3. First, the radiomics features with ICC > 0.75 from the MSCT images in the training cohort were selected to train the predictive model. Subsequently, the variance threshold method was used to remove variance with a value<0.8. Thereafter, the features were entered into the multivariate logistic regression to select the robust features. The radiomics score (Rad-score) for each patient was calculated based on the robust features with a calculation formula (Appendix E2). Model 1 (radiomics signature) was thus built based on Rad-score and further tested in the test cohort. Odds ratio (OR) and 95% confidence intervals (CIs) for the Rad-score were evaluated.





Construction of Model 2

A combined radiomics model (Model 2) was built by the independent clinical predictors combined with the Rad-score, whose predictive performance was analyzed in the training and test cohorts (institution 1). A better model was chosen with the maximum area under the curve (AUC) between Model 1 and Model 2. The workflow of model construction is shown in Figure 3.




Figure 3 | Workflow of the radiomics signature building and model construction.







The clinical utility of the better model

The better model was further validated in the validation cohort (institution 2). A decision curve analysis (DCA) was used to estimate the clinical utility of the better models by calculating the net benefits for a range of threshold probabilities (percentage risk threshold of detecting the subtype). For each decision curve, the net clinical benefit was computed using the formula (32):

	

where pt is the threshold probability for detecting a positive patient.

The decision curve plots net clinical benefit (y-axis) against threshold probability (x-axis). The clinical utility of the curve is indicated by the highest net clinical benefit at the lowest threshold probability.

A nomogram for the better clinically applicable model was also constructed based on the AUC performance and clinical utility at the lower threshold probability. The process of graphical presentation of the nomogram is described in Appendix E3.

The predictive performance of the better model was also compared with the other model and the previous independent predictors in all enrolled patients (institutions 1 and 2), respectively.





Statistical analysis

All data were analyzed using the statistical software SPSS (version 22, IBM SPSS Inc., Chicago) and R statistical software (Version 3.4.1, http://www.Rproject.org). Baseline characteristics were presented as means and standard deviations (SDs) or median with interquartile range for continuous variables and percentages for categorical variables. It was considered statistically significant when the p-value was < 0.05. Univariate analyses were used to compare differences between the treatment-resistant and treatment-responsive groups regarding clinical–radiological characteristics using chi-squared or Fisher’s exact tests for categorical variables and Mann–Whitney U test for continuous variables. The diagnostic performance of the models in differentiating treatment-resistant patients from treatment-responsive patients was assessed by the AUC (with 95% CI), accuracy (ACC), sensitivity (SEN), and specificity (SPE), in training, test, and validation cohorts. A model is considered to have excellent, good, or poor performance when it has an AUC of 0.85–1.0, 0.7–0.85, or<0.7, respectively (33). The curves of the models were compared using the Delong test. Decision curve analysis (DCA) compared the net benefits under different threshold probabilities given by the better model. Calibration curves of the better model were drawn to evaluate the consistency between the predicted results and the real results.






Results




Basic clinical–radiological characteristics

A total of 151 patients (mean age 60 ± 11 years; 70 men and 81 women) were enrolled, including 55 patients (mean age 60 ± 12 years; 26 men and 29 women) with treatment resistance and 96 subjects (mean age 61 ± 11 years; 44 men and 52 women) showing a response to treatment. They were divided into a training cohort (86 patients of mean age 60 ± 13 years; 38 men and 48 women; 33 patients with treatment resistance and 53 subjects with treatment response), a test cohort (38 patients of mean age 61 ± 14 years; 21 men and 17 women; 15 patients with treatment resistance and 23 patients with treatment response), and validation cohort (27 patients of median age, 63 ± 8 years; 16 men and 11 women; 7 treatment-resistant and 20 treatment-responsive), respectively (Figure 1). For clinical data, the levels of serum platelets, creatinine, C3, IgM, ALT, AST, TBIL, and BUN were higher in the treatment resistance group than in the treatment response cohort (p<0.05) (Table 1). For example, the value of serum creatinine in the treatment resistance cohort was much higher compared to the treatment response group (p< 0.001). The total CTX dose was 2.40 g (1.80,3.60) in treatment-resistant group and 4.80 g (3.60,4.80) in treatment-responsive group. The cumulative dose of CTX were significant lower in treatment-resistant group than in treatment-responsive group (p<0.001) (Table 1). Since 21 of the 55 patients in the treatment-resistant group were on dialysis at onset and remain dialysis-dependent after 3 months of induction therapy. According to KDIGO Guideline (34, 35), the immunosuppressive medication therapy was discontinued in these dialysis-dependent patients. For radiological features, interlobular septal thickening, honeycombing, and pleural effusion were significantly different in the treatment-resistant group compared with the treatment-responsive set (p<0.05) (Table 2). Finally, the serum creatinine (OR: 1.004; 95% CI: 1.002–1.006, p < 0.001) remained as an independent predictor of treatment resistance with multivariate analysis (Table 3).


Table 2 | The imaging features of patients between treatment-resistant and treatment-responsive group.




Table 3 | Multivariable predictors of treatment resistance.







Performance of Model 1 (radiomics signature)

A total of 355 features with ICC > 0.75 were selected from 851 texture features. Features with variance > 0.8 were screened for further analysis. After multivariate logistic analysis, nine optimal features (original_shapeSurfaceVolumeRatio, wavelet-LLH_firstorder_Energy, wavelet-HLH_firstorder_Range, wavelet-HHH_firstorder_Median, wavelet-HLH_firstorder_Skewness,wavelet-HHL _glszm_GrayLevelNonUniformity, wavelet-LHL_glcm_Idmn, wavelet-LLL_glszm_GrayLevelNonUniformity, and wavelet-HLL_glcm_Idmn) were shown to be distinctly associated with the treatment-resistant cohort (Supplementary Table S3). Rad-scores based on the above nine features are presented in (Appendix E4, Supplementary Figure S1) and used to build Model 1. Model 1 presented an excellent predictive performance in the training cohort (AUC: 0.824; 95% CI: 0.757–0.883; ACC: 0.717; SEN: 0.585; SPE: 0.849) and test cohort (AUC: 0.898; 95% CI: 0.816-0.962; ACC: 0.804; SEN: 0.826; SPE: 0.783) (Table 4, Figure 4). The OR value was 2.995, and 95% CI was 1.877–4.780 for the Rad-score with multivariate analysis (p < 0.01).


Table 4 | ROC curve analysis of Models 1 and 2.






Figure 4 | The predicting efficiency of Model 1 in the training cohort (A) and test cohort (B).







Performance of Model 2 (radiomics nomogram)

Model 2 showed an excellent predictive performance in the training (AUC: 0.948; 95% CI: 0.908–0.979; ACC: 0.849; SEN: 0.939; SPE: 0.792) and test cohort (AUC: 0.913; 95% CI: 0.835–0.975; ACC: 0.816; SEN: 0.867; SPE: 0.783), which was better than Model 1 in the training (p = 0.039) and validation set (p = 0.043), respectively (Table 4, Figure 5). Furthermore, Model 2 (better model) also obtained an outstanding predictive efficiency (AUC: 0.929; 95% CI: 0.827–1.000; ACC: 0.889; SEN: 0.714, SPE: 0.950) in the validation cohort (Table 4, Figure 5). The DCA curve of Model 2 showed that if the threshold probability of a patient was >5%, using Model 2 to predict treatment resistance of MPO-ANCA patients with lung involvement added more benefit than either the treat-none scheme or the treat-all-patients scheme in the three cohorts (Figure 5). A nomogram was constructed for Model 2, as it was easier to implement in routine clinical practice (Figure 6A). Its predicted probabilities closely aligned with the true treatment resistance rates in both training (p = 0.28) and test (p = 0.70) cohorts (Figures 6B, C).




Figure 5 | ROC curves of radiomics nomogram and decision curve analysis to detect the presence of treatment resistance in the training (A), test (B), and validation (C) cohorts, respectively.






Figure 6 | Radiomics nomogram and calibration curves. (A) The radiomics nomogram was developed in the training cohort with the Rad-score and serum creatinine. The calibration curve of the radiomics nomogram for treatment resistance in the training cohort (B) and test cohort (C), respectively.



In all patients, the predictive efficiency of Model 2 (AUC: 0.929; 95% CI: 0.875–0.964) was superior to that of Model 1 (AUC: 0.862; 95% CI: 0.796–0.913) (p<0.01) and serum creatinine (AUC: 0.867; 95%CI: 0.802–0.917) (p = 0.02), respectively (Figure 7).




Figure 7 | ROC curves for nomogram, the radiomics signature, and serum creatinine for predicting treatment resistance in all 151 patients.








Discussion

At present, 10%–30% of AVV patients suffer from treatment resistance after 4 weeks of standard therapy (7, 36). Predicting treatment resistance is significant to monitor strategies and weigh up the relative benefits of different treatment strategies for MPO-AAV patients with lung involvement. Thus, we developed and validated various predictive models based on MSCT and clinical data to predict the treatment resistance for MPO-AAV patients with lung involvement before therapy.

In our study, the elevated serum creatinine level was the independent predictor of treatment resistance for MPO-AAV patients with lung involvement, which was in keeping with the findings of previous studies (7, 37). Li et al. (7) proposed that the poor response to treatment was associated with reduced renal function. The worse the renal function, the higher the level of serum creatinine, which causes a greater incidence of treatment resistance. Patients with a high level of serum creatinine had already sustained chronic, irreversible renal damage and interstitial scarring, which results in resistance to immunosuppressive therapy (9). Our results indicated that serum creatinine level can be a biomarker for predicting the treatment resistance of MPO-AAV patients with lung involvement.

In our study, we observed that interstitial lung disease (interlobular septal thickening, honeycombing) and pleural effusion performed a significant difference between the treatment-resistant group and the treatment-responsive set. The emergence of interstitial lung disease is a favorable factor for treatment response in our study. It is plausible that certain agents, such as rituximab, may have a beneficial effect as seen in CTD-ILD (38). It was observed that pleural effusion was more frequent in treatment-resistant patients, which might relate to MPO-ANCA activity (39). However, qualitative radiological features were not an independent predictor of treatment resistance for MPO-AAV patients with lung involvement, which was different to the findings that lung involvement is an independent predictor of treatment resistance in MPO-AAV patients (8). The most plausible explanation for this discrepancy might be that lung involvement includes various radiological features, including alveolar hemorrhage and interstitial lung disease. The lung involvement can be an independent factor of MPO-AAV patients, but their specific imaging features might not be. In addition, the enrollment of patients included some MPO-AAV patients without lung involvement in our previous report (8), which was different from the present study and led to selection bias.

Nine vital radiomics features (original_shapeSurfaceVolumeRatio, wavelet-LLH_firstorder_Energy, wavelet-HLH_firstorder_Range, wavelet-HHH_firstorder_Median, wavelet-HLH_firstorder_Skewness, wavelet-HHL _glszm_GrayLevelNonUniformity, wavelet-LHL_glcm_Idmn, wavelet-LLL_glszm_GrayLevelNonUniformity, and wavelet-HLL_glcm_Idmn) were associated with treatment resistance for those MPO-AAV patients with lung involvement, including one shape feature (shapeSurfaceVolumeRatio) (SVR), eight wavelet features {four features from first-order features (Energy, Range, Median, Skewness) and four features from textural features [Gray-Level Size Zone Matrix (GLSZM), Gray-Level Co-occurrence Matrix (GLCM)]}. A greater SVR indicates more spiculated and irregular lesions (40), which indicated a poor response to treatment. Energy refers to the magnitude of voxel values in the image, which could predict the earlier treatment response (41). In our study, it relates to the treatment resistance of patients with 12 weeks standard treatment. Lesion volume and maximum diameter had the highest predictive performance in response to treatment with Gefitinib for non-small-cell lung carcinoma patients (41), which indicated that the range and median of the lesion can predict treatment resistance for those MPO-AAV patients with lung involvement. Higher skewness occurs when a lesion contains regions of different intensities, implying greater lesion heterogeneity in the treatment-resistant group. Hötker et al. (42) found that the skewness could identify nephroblastoma patients at risk of poor response to treatment early. Our results implied that skewness could forecast the treatment resistance for the MPO-AAV patients with lung involvement early.

GLCM analyzed the spatial distribution of image texture features through different spatial positions and angles with 0°, 45°, 90°, and 135° as the angles generally used (43). The GLCM features can clearly predict the degree of lung injury (none/mild/severe) after stereotactic body radiotherapy at three various time points (3, 6, and 9 months) (44), which is in accordance with the finding that it can forecast the treatment resistance in our study. GLSZM quantifies gray-level zones in an image, and GLN (GrayLevelNonUniformity) from GLSZM measures the variability of gray-level intensity values in the image (45), which indicates the heterogeneity in the lung involvement lesion and reflects the resistance to treatment for those MPO-AAV patients.Model 2 has a higher predictive performance than Model 1 in both training and test cohorts. It is in keeping with several previous studies. Ligero et al. (46) reported that the radiomics clinical model improved the predictive performance to immune checkpoint inhibitors in advanced solid tumors compared with only radiomics model (AUC: 0.74 vs. 0.70; p< 0.001]. Another study found that the radiomics nomogram established by integrating the radiomics signature with clinical data outperformed the clinical nomogram alone in predicting induction chemotherapy response of nasopharyngeal carcinoma patients. (C-index in validation cohort: 0.863 vs. 0.549; p< 0.01) (47). This study has demonstrated the combined model (Model 2) benefit MPO-AAV patients with lung involvement by adding a prediction of treatment resistance.

As a better model, Model 2 was beneficial in detecting treatment resistance at a lower threshold probability of 5%, which is a lower threshold than the reported prevalence in predicting therapeutic effect according to the clinical utility analysis (48). This indicates its value in assisting clinicians in improving pretherapeutic decision-making. In addition, the predictive performance of Model 2 is superior to Model 1 and serum creatinine in all patients, respectively. This has further confirmed that the radiomics nomogram is a reliable and feasible model for predicting the treatment resistance of MPO-AAV patients with lung involvement, which is suitable to use in routine clinical practice and provides an important quantitative indicator and reference for the management of MPO-AAV patients.

This study has several limitations. First, the texture features were extracted from each MPO-AAV patient with lung involvement but not from four different kinds of lesions (alveolar hemorrhage, interstitial lung disease, pulmonary granuloma, and pleural effusion) due to them being difficult to distinguish from the sum of various lesions in fused lesions. Second, the lung involvement may be caused by other diseases rather than MPO-AAV because they were not confirmed by the percutaneous pulmonary biopsy, although patients with other lung disease such as tuberculosis and connective tissue disease-associated interstitial pneumonia were excluded. Finally, the included population was relatively small despite there being 563 MPO-AAV patients in our study. A larger sample size is necessary to further investigate the potential radiomics features to predict the treatment response of MPO-AAV patients.

In conclusion, our results indicate the feasibility of radiomics analysis in predicting treatment resistance in MPO-AAV patients with lung involvement. The radiomics nomogram constructed from a Rad-score combined with serum creatinine level is a useful, non-invasive tool for predicting the treatment resistance of MPO-AAV patients with lung involvement, which is helpful for clinicians in pretherapeutic decision-making for these MPO-AAV patients.
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Objective: To investigate the correlation between FGA gene polymorphisms and coronary artery lesion in Kawasaki disease.

Methods: Two hundred and thirty four children with Kawasaki disease (KD group), 200 healthy children (normal group) and 208 children with non-KD fever (fever group) were enrolled. General clinical indicators, the concentration of serum MMPs, TIMP-1, FG-α,fibrinogen level, molecular function (FMPV/ODmax) and FGA Thr312Ala polymorphism were detected individually by testing peripheral venous blood after fasting in the morning.

Results: There was no significant difference in average age among the three groups, which were 3.03 ± 1.22 years, 3.17 ± 1.30 years, and 3.21 ± 1.31 years, respectively. Compared with those in the fever group, the levels of white blood cell count (WBC), platelet count (PLT), procalcitonin (PCT), C-reactive protein (CRP), erythrocyte sedimentation rate (ESR), interleukin-6 (IL-6), monocyte chemoattractant protein-1 (MCP-1), and fibrinogen (Fg) levels were significantly increased in the KD group. Red blood cell count (RBC) and hemoglobin (Hb) levels were significantly decreased (p < 0.05).The concentration of serum MMPs, TIMP-1, and FG-α in the KD and fever groups were significantly higher than those in the normal group (p < 0.05). The concentration of MMP-2, MMP-3, MMP-9, MMP-13, TIMP-1, and FG-α in the KD group were significantly higher than those in the fever group (p < 0.05).The KD group was divided into two subgroups,55 patients with combined CAL and 179 patients without combined CAL. The plasma fibrinogen concentration in the combined CAL group was significantly higher than that in the non-combined CAL and normal groups (p < 0.01). There was no statistically significant difference in FMPV/ODmax among the three groups (p > 0.05). Compared with normal group, the FGA GG, GA, and AA genotype and G, A allele frequency of the FGA gene polymorphism in the KD group showed no significant difference (p > 0.05). In the KD group, the most common type in children with CAL was GA, while the most common type in children without CAL was GG.

Conclusion: MMPs and FG-α were significantly upregulated in KD patients. The proportion of FGA genotype GA in children with CAL was significantly higher than that in children without CAL, suggesting that FGA gene polymorphisms affect coronary artery lesion in children with KD.
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Introduction

Kawasaki disease (KD) is a common systemic vasculitis disease prone to occur in children aged 6 months to 5 years. The main pathological changes of KD are systemic small–and medium-sized vasculitis, especially coronary arteritis. In severe cases, coronary artery lesion (CAL) and coronary artery aneurysm (CAA) may occur, which may lead to irreversible destruction of the vascular wall (1). Even after standardized treatment (high-dose gamma globulin + high-dose aspirin), 20% of children with KD still present with coronary artery disease, which can progress to ischemic heart disease (2, 3).

Plasma fibrinogen (FG) is an important protein involved in the process of coagulation and hemostasis, and its elevation is an independent risk factor for cardiovascular disease. In a prospective meta-analysis, it was found that every 1 g/L increase in FGB (β-148C/T-455G/A genotype)would double the mortality associated with coronary heart disease and stroke (4). FG consists of three polypeptide chains (α, β, γ), and their corresponding coding genes are FGA, FGB, and FGG (5). Previous studies have found that the FGB genotype affects FG levels and is a risk factor affecting intimal artery thickness (IMT) (6, 7); however, there are few reports on whether the FGA Thr312Ala genotype participates in the pathophysiological process of KD. In this study, we examined the levels of fibrinogen α (FGα) and total fibrinogen level in the peripheral venous blood and FGA genotype and analyzed the correlation between FGA Thr312Ala genetic polymorphism and coronary artery disease in KD to provide a theoretical basis for exploring a new treatment plan for KD.


Data and methods


Subjects

This study included 234 children with KD, who were admitted to our hospital between January 2020 and October 2022 (KD group), 200 healthy children (normal group), and 208 non-KD children with fever (fever group) as the control group.



Inclusion and exclusion criteria

KD was confirmed according to the 2017 American Heart Association criteria (8). The study was approved by the medical ethics committee of our hospital. Written and signed informed consent was obtained from the parents/guardians of the children. The exclusion criteria included the use of glucocorticoids, immunosuppressants, and gamma globulin in the past 2 weeks; complicated with cardiovascular and respiratory diseases; incomplete clinical data or history of transfer during treatment; and unwillingness to cooperate with treatment.

The diagnostic criteria for coronary artery disease were as follows: Z-score was used as the diagnostic criteria for coronary artery disease. (1) Normal: Z-value <2; (2) Coronary artery dilation: 2 ≤ Z-value <2.5; (3) Small coronary aneurysm: 2.5 ≤ Z-value <5; (4) Medium coronary aneurysm: 5 ≤ Z-value <10, absolute diameter < 8 mm; (5) Giant coronary artery aneurysm: Z-value ≥10, or internal diameter > 8 mm. A Z-value ≥2.0 was considered CAL+.




Research methods and indicators


Specimen collection

Five mL of peripheral venous blood was collected from each participant in the KD, normal, and fever groups after fasting in the morning on day 2 and day 10 after admission. Blood samples were centrifuged at 3000 rpm for 30 min. The supernatant was collected and placed in a PC box at −75°C. Each sample was split into two, one to test for general clinical indicators {MMPs, TIMP-1, FGα expression, and fibrinogen level and molecular function [fibrinogen monomer polymerization velocity (FMPV)/maximum optical density (ODmax)]μL} and the other for determining the FGA genotype.



DNA extraction

Take the PureGene DNA extraction kit and follow the instructions in the kit to extract the DNA of blood genosets. The specific steps are as follows: (1) 900uL blood cell lysate was added into Eppendorf tube; (2) Add 300uL of whole blood into the upper tube and mix it upside down. Incubate it at room temperature for about 10 min to make the red blood cells crack. During incubating, mix it upside down at least once; (3) Centrifuge at 12000xg at room temperature for 60s, then absorb and discard most of the supernatant with the suction head; (4) Oscillate the upper tube on the vortex to make the cells suspended in the residual fluid, so as to facilitate the next step of leukocyte lysis: (5) Add 450pL leukocyte lysis fluid into the hand tube and pump it repeatedly with the suction head to make the cell lysis: (6) At room temperature, 150uL of protein precipitating liquid was added into the upper tube, and then the solution was mixed by high speed oscillation with a vortex for 30s-60s; (7) Centrifuged at 4°C 12000xg for 3 min, the precipitated protein was a dense, dark brown substance; (8) Put the supernatant containing DNA into a new Eppendorf tube, and then add 600uL 100% isopropyl alcohol, and gently pour 50 times to make the solution mixed; (9) After centrifugation at 4°C 12000xg for 1 min, white DNA precipitates can be seen; (10) Run to the superclear liquid, on the drying paper short dry suction pipe in the remaining liquid, then add 70% ethanol 450uL, and gently up and down frequency countdown, to wash the DNA precipitation: (11) at 12000xg high heart 2 min, carefully pour away the ethanol; (12) Place the centrifugal tube upside down on the drying paper and dry it in air for 10 min to 15 min; (13) The DNA bath solution wave was added into the upper tube, incubated at 65°C for 1 h, and the Eppendorf tube was flipped to promote DNA dissolution.




Research methods


FMPV/ODmax

10 μL reaction mixture and 50 μL plasma were fully mixed in a 0.5 cm optical path colorimetric cup and immediately placed into the spectrophotometer color chamber. The fibrinogen monomer polymerization process was detected at 340 nm, and FMPV and ODmax were determined. Then, the FMPV/ODmax was calculated to reflect the molecular function of fibrinogen.



ELISA

ELISA kits of MMP-2, MMP-3, MMP-9, MMP-13, TIMP-1, and FG-α were used. Samples were added according to the layout of the plate. A total of 50 μL sample (10 μL sample and 40 μL sample diluent; a 5-fold dilution) or 50 μL standard was added per well. Then, 100 μL horseradish peroxidase labeled detection antibody was added to each well, and the plate was sealed with a plate membrane and incubated at 30°C for 60 min. After which, the liquid was discarded, 200 μL detergent was added per well, and the plate was left to stand for 1 min on an absorbent paper. Then, the detergent was discarded, the plate was pat dry on the absorbent paper, and this process was repeated five times. Next, 50 μL of soybean substrate A and B were added to each well and the plate was incubated for 15 min at 30°C in the dark. Lastly, 50 μL of termination solution was added to each well and the absorbance value of each well was measured at a wavelength of 450 nm.

DNA extraction and polymorphism detection: White blood cells were separated from venous blood using the 2% EDTA hypotonic method. DNA was extracted with phenol:chloroform:isoamyl alcohol (25,24:1) and precipitated with ethanol. The target DNA was amplified by polymerase chain reaction (PCR). The upstream primer was 5 ‘- GGAGTGGAAGGCATTAACAGA-3’, and the downstream primer was 5 ‘- GGGTTTTGGTTTTTCCAGTACTTC-3’. The total reaction volume was 30 μL. The reaction mixture contained DNA 0.3 μg, 0.2 mM dNTPs, 10 pM primers, 1.5 mM MgCl2, and 1 U Taq DNA polymerase. The PCR conditions were as follows: 95°C for 3 min predegeneration, (95°C for 20 s, 63°C for 30 s, 72°C for 1 min) × 28 cycles, and 72°C for 7 min. Then, 10 μL of the PCR product was added to 10 U of endo Rse I, incubated at 37°C overnight, and subjected to electrophoresis with 2% agarose.



Statistical methods

SPSS 22.0 was used for statistical analysis, and the Mann–Whitney U test was used for comparison of differences between groups. One-way analysis of variance (ANOVA) and the Tukey test were used for comparison of multiple groups, followed by the LSD method for comparison between two groups. p < 0.05 was considered statistically significant.





Results

Comparison of general clinical indicators: There was no significant difference in average age among the three groups, which were 3.03 ± 1.22 years, 3.17 ± 1.30 years, and 3.21 ± 1.31 years, respectively. Compared with the normal group, the fever time in Kawasaki disease group and fever group was significantly prolonged. The levels of white blood cell count (WBC), red blood cell count (RBC), hemoglobin, platelet, procalcitonin (PCT), C-reactive protein (CRP), erythrocyte sedimentation rate (ESR), interleukin-6 (IL-6), monocyte chemotactic protein-1 (MCP-1) and fibrinogen (Fg) were significantly increased. The level of above indexes in Kawasaki disease group was higher than that in fever group, and the difference was statistically significant (p < 0.05; Table 1).



TABLE 1 Comparison of general clinical indicators.
[image: Table1]

The concentration of serum MMPs, TIMP-1, and FG-α: The concentration of serum MMPs, TIMP-1, and FG-α in the KD and fever groups were significantly higher than those in the normal group (p < 0.05). The concentration of MMP-2, MMP-3, MMP-9, MMP-13, TIMP-1, and FG-α in the KD group were significantly higher than those in the fever group (p < 0.05; Table 2).



TABLE 2 The expression levels of serum MMPs, TIMP-1, and FG-α.
[image: Table2]

Comparison of fibrinogen and its function: The KD group was further divided into two subgroups; 55 patients with combined CAL and 179 patients without combined CAL. The results showed that the plasma fibrinogen concentration in the combined CAL group was significantly higher than that in the non-combined CAL and normal groups (p < 0.01). There was no statistically significant difference in FMPV/ODmax among the three groups (p > 0.05; Table 3).



TABLE 3 Comparison of fibrinogen and its function.
[image: Table3]

FGA gene polymorphism: Compared with normal group, the FGA GG, GA, and AA genotype and G, A allele frequency of the FGA gene polymorphism in the KD group showed no significant difference (p > 0.05). In the KD group, the most common genotype in children with CAL was GA, while the most common genotype in children without CAL was GG.There was a statistical difference between the two groups(p < 0.05; Table 4).



TABLE 4 FGA gene polymorphism and the allele distribution frequency.
[image: Table4]



Discussion

KD is characterized by the abnormal activation of the immune system and extensive damage to the endothelial system. In the acute phase of KD, the abnormal activation of the immune system leads to the production of inflammatory mediators (proteases and reactive oxygen species), which is believed to induce pathological changes in the vascular system (9). Children with KD that do not undergo standardized treatment are prone to CALs (10), which can lead to myocardial infarction, coronary artery dilation, and coronary artery aneurysm (CAA). Although clinical treatment of KD has made progress, 20% of children with KD children still progress to CAL. An autopsy study found that the coronary artery was the most severely damaged part of the intima; other parts included the aorta, abdominal aorta, carotid artery, subclavian artery, and pulmonary artery (11). Pathological changes are similar to those of nodular polyarteritis in infants, including thickening of the arterial intima, invasion of granulocytes and monocytes, rupture of the inner elastic fiber layer and medial membrane, necrosis of the vascular wall, and formation of aneurysms (12, 13).

This study found that the serum levels of MMPs in children with KD were significantly increased. It is worth noting that MMPs are markers of inflammation. Therefore, the elevated concentration of matrix metalloproteinases in circulation may be a manifestation of coronary artery inflammation. For example, elevated levels of circulating MMPs have also been observed in other inflammatory diseases (such as pneumonia or septicemia), and these diseases do not cause CAL (14); therefore, it is suggested that significantly elevated levels of MMPs play an important role in the destruction of the coronary artery wall, resulting in aneurysms (15). Several studies have compared the MMP levels in KD with other febrile or inflammatory diseases, including bronchitis, pneumonia, sepsis, gastroenteritis, and encephalitis. Previous studies have consistently shown that although CRP shows similar levels of inflammation, the level of MMPs in KD, especially MMP-9, is much higher than that in other inflammatory diseases (about 4–8 times) (16, 17). In addition, MMP levels in pneumonia are positively correlated with CRP levels, but this correlation is not as clear in KD because MMP levels in patients with CALs are significantly higher than in non-CAL patients (18). In another study, the levels of MMPs and TIMPs in febrile non-KD patients were significantly higher than those in the non-febrile healthy control group;however, there was no significant difference in the MMP/TIMP ratio between febrile patients and the non-febrile control group, showing that the normal MMP/TIMP ratio was maintained in inflammatory diseases that did not cause CAAs (19). Only patients with KD showed an imbalance between MMPs and TIMPs, which tended to increase the activation of MMPs. In addition, the interaction between MMPs, MMPs and TIMPs and MMPs and fibrinogen may affect their activity and regulate the pathophysiological process of arterial wall destruction. Existing evidence shows that genetic factors contribute to the formation of adult aneurysms (20). MMP-9 gene promoter polymorphism has been found in patients with intracranial aneurysm or myocardial infarction. The variation in this polymorphism leads to variation in transcription levels. It has been reported that the polymorphisms of MMP-3 promoter and TIMP-1 gene are related to abdominal aortic aneurysm (21). Therefore, in addition to MMPs and TIMPs, we speculate that genetic factors may be involved in the formation of KD aneurysms.

This study found that blood hypercoagulability continues to exist in children with KD from the acute phase until the next few months or years, and there is a possible correlation with the occurrence of CALs (22). Wu MH，S study findings (23) estimated the overall prevalence of KD (≈1/2940) in a population < 40 years. They, particularly the males, carry long-term coronary risks from a young age. Risk stratification for a timely coronary intervention and risk modification are mandatory.Lee JJY，S study (24) evaluated the risk of hypertension, major adverse cardiac events (MACE), and all-cause mortality in patients with KD until young adulthood.KD patients with coronary artery aneurysms have a higher risk of developing cardiovascular disease.Blood hypercoagulability is related to abnormal vascular endothelial function, hemorheology, and blood components (including platelets, coagulation, and fibrinolysis). Both the acute and recovery phases of KD are accompanied by abnormalities in vascular endothelial function. Abnormalities in platelet activation and fibrinolysis continue to exist in the acute phase of KD and can persist for a long time after the disease. The polymorphism of Thr312Ala of fibrinogen Aα chain may be associated with PTE, in which GG genotype significantly increases the risk of PTE, and G allele may be the genetic factor associated with PTE pathogenesis. TIMPs-MMPs complex is widely involved in vascular wall inflammation. Children with immune vascular injury, endothelial cell damage, subendothelial matrix exposure, platelet adhesion, aggregation, activation, and release of various inflammatory mediators, thus activating the coagulation pathway and affecting the inflammatory process (25). Vascular inflammation can promote the occurrence of blood hypercoagulability, and the activation factors produced in the coagulation process can also affect the inflammatory process. Fibrinogen is an important cofactor involved in platelet activation, inducing platelet aggregation, increasing blood viscosity, and promoting thrombosis (26). Abnormal blood flow exists in the coronary arteries of children with KD and CALs, which becomes slow or even stagnant owing to the reduction of shear stress. These findings suggest that the occurrence of CALs in children with KD is related to an increase of fibrinogen (27).

The gene encoding fibrinogen is located on the long arm of chromosome 4, and the three polypeptide chains are encoded by the FGA, FGB, and FGG genes. Gene transcription of fibrinogen is coordinated; any kind of mRNA transcription can promote the transcription of other mRNA, thus increasing the synthesis and secretion of molecular fibrinogen (28). Previous studies have found that multiple sites of the FGB gene may be related to fibrinogen expression (3), which are also genetic risk factors related to coronary heart disease. However, the relationship between the FGA gene of the polypeptide chain and the occurrence of CALs is still unclear, but it was found that expression levels of FGA in children with KD complicated with CALs were significantly higher than in the normal and fever groups. This suggests that it might participate in the development of CALs. Further exploration found that FGA can affect the interaction between nuclear protein and IL-6 inflammatory factor components, thus affecting the expression level of fibrinogen (29). The change in FGA polymorphism may increase the affinity of nuclear transcription factors with corresponding regulatory sites, thus further enhancing gene transcription and affecting the development of thrombosis tendency (30).

FGA polymorphisms are closely associated with adult coronary artery disease, and CAL is the most serious complication of KD. However, there are few studies on the relationship between FGA gene polymorphisms and CAL in KD. This study observed the FGA genotype and allele frequency, fibrinogen level, and molecular function changes in children with KD and CAL, children without CAL, and normal children. It was found that the KD with CAL GA genotype was significantly higher than in normal children, and fibrinogen levels were significantly higher than those in the children without CAL and normal groups. Therefore, it was speculated that FGA gene polymorphisms might be related to the pathogenesis of KD, and individuals carrying the GA genotype may have an increased risk of CAL by affecting fibrinogen levels; therefore, it is important to detect fibrinogen levels and determine the FGA genotype in clinical practice for early prediction of the risk of CAL in children with KD.



Conclusion

In summary, MMPs and FG-α were significantly upregulated in KD patients. The proportion of FGA genotype GA in children with CAL was significantly higher than that in children without CAL, suggesting that FGA gene polymorphisms affect coronary artery disease in children with KD.
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Sequence of primers (5’-3')
Forward: GTGCTGGGTCGGGCTTCC

Reverse: GTCGGGCGGCGGTCTTC

NONHSAT194388.1

Forward: TTAGCCAACATCACACTACTCCAAG

Reverse: CCCACCTCAACCTCTCAAATAGC

COLI1A1

Forward: AGGGCTGGGCGGGAGAG

Reverse: ACACATCAAGACAAGAACGAGGTAG

hsa-miR-29a-3p

Stem-loop RT-primer: CTCAACTGGTGTCGTGGAGTCGGCAATTCAGTTGAGTAACCGAT

Forward: ACACTCCAGCTGGGTAGCACCATCTGAAAT

hsa-miR-29b-3p

hsa-miR-29¢-3p

Stem-loop RT-primer: CTCAACTGGTGTCGTGGAGTCGGCAATTCAGTTGAGAACACTGA

Forward: ACACTCCAGCTGGGTAGCACCATTTGAAATC

Stem-loop RT-primer: CTCAACTGGTGTCGTGGAGTCGGCAATTCAGTTGAGTAACCGAT

Forward: ACACTCCAGCTGGGTAGCACCATTTGAAAT






OPS/images/fmed-10-1146353/crossmark.jpg
(®) Check for updates






OPS/images/fmed-10-1111812/fmed-10-1111812-g010.jpg
A ENST00000313807 NONHSAT194388. 1

u‘f.lﬂo: SAT"

C  ENST00000313807 NONHSAT194388. 1





OPS/images/fmed-10-1111812/fmed-10-1111812-g011.jpg
A ENST00000313807 NONHSAT194388.1
* * %k
4 10
L ] @
[ ]
= | & c 8-
S 34 . ® S
@ H @
@ °® ° ® g-
o o ® Q °
5 24 e® % o LX)
2 . 2 4 .
- e =
«© °, =
- R {'_ H € 24 o3 o iy
e g0 -EF— 08‘:0
- o®30 0 ° o %080, 0 e
0 T T -—A—l-l_l_
HC SSc HC SSc
CcoL1A1 hsa-miR-29a-3p
8- 2.5 kK kk
ok okok
c ° S 2.04
S 6- 2
o 7]
3 . ® 4154
s ® g
5 4 s
-4 2 1.04
2 *e®* 2 °
- [+
= o
-— ol Q
& 2 % s %' @ 0.5
[ ]
$ %2 -
0 0.0
HC SSc
hsa-miR-29b-3p
5-.
KoKk e
£ 4
.é § 201
w
2 3 8
S o0y £ 1.5+
o . %
2 2 - ot 2 1.04
£ ;&= v &
© ® @
X 1  Foeeds® _gom®. X 0.5
3 234
0 T T 0.0 T T
HC SSc HC SSc
C Independent predicted factor
100
80 2 ENST00000313807 ( AUC=0.72, P=0.0173)
® " —NONHSAT194388.1 ( AUC=0.7425, P=0.0087)
-‘E' 60 —COL1A1 ( AUC=0.855, P=0.0001)
. — hsa-miR-29a-3p ( AUC=0.8725, P<0.0001)
g — hsa-miR-29b-3p ( AUC=0.8075, P=0.0009)
20— — hsa-miR-29¢-3p ( AUC=0.79, P=0.0017)
c I 1 1 1
4 60 80 100
100% - Specificity %
ENST00000313807-hsa-miR-29b-3p-COL1A1
100~ -
“—— IncRNA combine miRNA
80 ( AUC=0.805, P=0.001)
o\ﬂ RNA hi BPNA
2 60+ (AUC osss p<o 0001)
= e Siia
B 40- (AUC 084 P=0. 0002)
[
3 _ s
20~ (AUC o 89, P<0. 0001)

T
20

T
40

T
60

T
80 100

100% - Specificity %

Sensitivity %

Sensitivity %

ENST00000313807-hsa-miR-29a-3p-COL1A1

3

r=-0.4043
P=0.0097

COL1A1
T

r=-0.4715 2.5+
P=0.0021 %
& 204
©
(=2}
(* o
4
g o
«
[72]
2 o
1
4

1 2 3
ENST00000313807

4
COL1A1

P<0.0001

r=0.6794

ENST00000313807

NONHSAT194388.1-hsa-miR-29a-3p-COL1A1

r=-0.4428
P=0.0042
L]

J

hsa-miR-29b-3p
T Y

-
1

P=0.0421
- *

r=-0.4043

P=0.0097

2 4 6 8
NONHSAT194388.1

4
COL1A1

r=0.5726
P=0.0001

8
NONHSAT194388.1

ENST00000313807-hsa-miR-29b-3p-COL1A1

r=-0.3229 54

hsa-miR-29b-3p

=-0.2914

| P=q.0681

COL1A1

P<0.0001
6

r=0.6794

P=0.8424

ENST00000313807

COL1A1

ENST00000313807-hsa-miR-29¢-3p-COL1A1

r=0.03246 2.5

hsa-miR-29¢c-3p

r=-0.3126

|*P=0.0495
0 o, ®

8-

COL1A1
@

P<0.0001

> . .'. ‘. T 1
1 2 3 4
ENST00000313807
r=0.6794

ENST00000313807

20U &Jdd=-op

( AUC-O 8625 P<0.0001)
miRNA RNA
(AUC—0.935. P<0.0001)
—IncRNA combine mRNA
(AUC =0.84, P=0. 0002)

COL1A1

hoa miR-29a-3p Co 1A1

RNA

(AUC =0.94, P<0. 0001)

40
100% - Specificity %

T T 1
60 80 100

ENST00000313807-hsa-miR-29¢c-3p-COL1A1

( AUC-D 89, P<0. ooo1)

( AUC-O 8675, P<0.0001)

— IncRNA combine mRNA

( AUC=0.84, P=0.0002)

—— IncRNA combine miRNA combine mRNA

( AUC=0.8875, P<0.0001)

T T
20 40 60 80

1
100

100% - Specificity %

Sensitivity %

1 2 3
ENST00000313807

NONHSAT194388.1-hsa-miR-29a-3p-COL1A1

IncR|

(AUC 0 905, P<0. 0001)

(AUC =0.935, P<0. 0001)
1InecRNA DAA

( AUC=0.83, P=0.0004)

IncRNA

BN A hi

RNA

( AUC-0.935, P<0.0001)

T
60 80

1
100

100% - Specnfcuty %





OPS/images/fmed-10-1111812/fmed-10-1111812-g012.jpg
ST Seaa - " ~a» ot B~
Pe00109 Peo0314 b
=24 (22 10 0] ne26 W n=27
.. .
£ o 2 0s. g .
3 2 - 2 e
e i - s T
o 2 3 . v 2 3 . = | 2 3 .
- ENST00000313807 25 ENST00000313807 25 ENST00000313807 .y ENST00000313807
o o820 ) wo  ro4sss w) oo
p~ Pisusio PG oo
°=0.0034 . 31 ot s n=31 e
n oo &
2 ] .
g IS
I T
- ENST00000313807 [ENST00000313807 ENST00000313807 ENST00000313807
o roates 149 moaa0s 1y roasoe w038
2], Fosier s Pooss s Feo03s eogizs
3 oo . wofd 5 s
! el 5 .
n Sl g g
e . H
P 2 .
.o . os{®
T T L R T T R I
EnsToooaos13807 ensTaoooo3tasor ensToooons1aser [r——
o o o mosm a1 modon 27 mosmms
oy o = Ml s
v
gt sest
= 2. g .
EES Frefere .
. £} Al
L
3 o e * - 3 & o X L ° H . . . o L H . . ] o
o) ownsartessss o) NonHsATIscee NoNHSATISA388.1 NonsATisies 1
0 roanze oy modsr2 19 rosoto 19 rmoazis
Feoos e Frocosn Peogia
o 0] g2t * o n26 10] e e 10] %o o .
e 2 g
T e g &
£ i o
T ] H 3 H
e COL1A1 COL1AT 05- COL1A1 05- COL1A1
oas0s e P——
00062 0200 PO
0] e e w01 o el -
2 o] e,
g R MR
H F
B oo - 2
» 05 Yy 15
i L B
coiat colit 0 heamiR 28035
o) oo Wy ootz 0 ros0 ) rostes
P=0.0240 P=0.0205 P=0.0002 P=0.0028
ne3 e et w1 n=te o] 031 ' g
" P a:
L B . s )
£ et Gel pdattes E
S, 2 - e .
s » .
W e W S 3 e G o 75 d B Men & do 15 @ & en w5 o 5 & 2
hsamin 2983 heamR2823p heamiR2%a3p nsamiR29a3p
o modset P 1 o
P=0.0422 P L P=00314
o w20 P R, ] amos e
: g o] popete” B -
. ) i gyt g
3 ; s
s, .
b - » * §or 05 1 15
os 10 20 25 T T T 1 - hsa-miR-29¢-3p
- ‘hsa-miR-29b-3p hsa-miR-29b-3p 1.0-






OPS/images/fmed-10-1111812/fmed-10-1111812-g013.jpg
Negative correlation -(

[HRCT, Scl-70, Ro-52. CRP.1gM | _Positive correlation

< %. ALB.ALB
NEUT, NEUT%, Urea | LXMie AT DATD/GED ]

Negative correlation L(

] Positive correlation
< vL LYM. LYM%. ALB. ALB/GLB

[ NEUT%

Positive correlation

[ LYM%. ALB. ALB/GLB NEUT%, RDW-SD

—

Negative correlation ‘( CENP-B }

Positive correlation Negative cornelation‘(

N

Negative correlation J CENP-B ]

[ ALB/GLB

—_———/
A

[ HRCT. Ro-52. CENP-B 1‘ Positive correlation Negative correlation _f IL-10 ]

l LYM., ALB






OPS/images/fmed-10-1111812/fmed-10-1111812-g007.jpg
A ADAMTSL4

CDK5

Hub mRNAs Genes associated with pathways in SSc

c.





OPS/images/fmed-10-1111812/fmed-10-1111812-g008.jpg
[ —
GoBP_PEPTIOTL_AMING. ACo_MGDFICATION

fo Nes174
7 NomP.4at0.006
"

cnment po: 8. ceuL. worpmocaESs
NESH67

NomPak0.021

Suaplaisme

OBP REGULATION OF CELLULAR COMPONENT 850

NEs:159

N1 80
Nom P-al0.007

michment it G05¢_WToCHONBRION

NES:163
NomPv

A

onrment ot Goce_CATALYTIC_coupLEx

NS 174
Wu






OPS/images/fmed-10-1111812/fmed-10-1111812-g009.jpg
B NONHSAT194388. 1
hsa-miR-29a-3p
COL1A1

C ENST00000313807
hsa-miR-29a-3p
COL1A1

D ENST00000313807

hsa-miR-29b-3p
COL1A1

E ENST00000313807
hsa-miR-29¢-3p
COL1A1

Prediction of mRNAs and IncRNAs location

o

O W O

w O,
-

TAACAAATATCAGCCATGGTGCTG 3’

" AUUGGCUAAAGUC--UACCACGAU 5’
" GUGAAUUUUUCUA--AAGGUGCUA 3’

* GTACTGGAGTTC--GTGGTGCTG 3’
’ AUUGG-CUAAAGUCUACCACGAU 5’

GUGAA-UUUUUCUAAAGGUGCUA 3’

AGTACTGGAGTTC--GTGGTGCTG 3’

' UUGUGA-CUAAAGUUUACCACGAU 5’

UGUGAA-UUUUUCUAAAGGUGCUA 3’

" GTACTGGAGTTC--GTGGTGCTG 3’

AUUGG-CUAAAGUUUACCACGAU 5’

" GUGAA-UUUUUCUAAAGGUGCUA 3’

RNA Locator

Gene Type

COL1A1  ENST00000313807  NONHSAT194388.1
(mRNA) (1ncRNA) (1ncRNA)

Cvtoplasm
Endoplasmic reticulum
Extracellular region

Mitochondria
Nucleus
Ribosome
Cytosol
Exosome

0.5678%  0.0123350291164  0.910248439134x*

0.2892 / /

0.0508 / /

0.0159 / /

0.0764 0.00799019307016 0.0280167008948
/ 0. 432523961377 0.0140893938309
/ 0. 528091899256% 0. 045957640087

/ 0.0190589171804 0.00168782605333






OPS/xhtml/Nav.xhtml




Contents





		Cover



		Novel biomarkers for clinical and molecular stratification of organ involvement in rheumatic diseases



		Editorial: Novel biomarkers for clinical and molecular stratification of organ involvement in rheumatic diseases



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Publisher's note









		Identification of lncRNA–miRNA–mRNA networks in circulating exosomes as potential biomarkers for systemic sclerosis



		1. Introduction



		2. Materials and methods



		2.1. Patients and samples



		2.2. Extraction and identification of cirexos



		2.3. RNA isolation and sequencing of cirexos



		2.4. High-throughput screening of DEmRNAs and DElncRNAs



		2.5. Analysis of gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways



		2.6. Prediction of miRNAs targeted by DElncRNAs and DEmRNAs



		2.7. Prediction of lncRNA–miRNA–mRNA ceRNA networks



		2.8. Prediction of mRNA and lncRNA localization



		2.9. Prediction of upstream transcription factors (TFs) and downstream binding proteins of lncRNAs



		2.10. ceRNA networks were verified by RT-qPCR



		2.11. Correlation analysis between ceRNA networks and clinical data and receiver operating characteristic (ROC) curve drawing



		2.12. Verification of ceRNA interactions by a double-luciferase reporter gene assay



		2.13. Statistical analysis









		3. Results



		3.1. Identification of plasma cirexos



		3.2. Analysis of DEmRNAs and DElncRNAs in plasma cirexos by high-throughput sequencing



		3.3. GO enrichment analysis of DEmRNAs in cirexo



		3.4. Analysis of pathway enrichment of DEmRNAs in cirexos



		3.5. Prediction of miRNAs targeted by DElncRNAs and DEmRNAs



		3.6. Hub genes were screened by PPI networks



		3.7. GO enrichment analysis of DEG expression profiles by the GSEA c5 gene set



		3.8. Prediction of CeRNA networks and the lncRNA–miRNA–mRNA interaction sites



		3.9. Prediction of mRNA and lncRNA localization



		3.10. Prediction of upstream TFs and downstream binding proteins of lncRNAs



		3.11. Validation of RNA-Seq data by RT-qPCR and ROC curve



		3.12. Correlation analysis between ceRNA networks and clinical data



		3.13. Verification of the ENST00000313807-hsa-miR-29a-3p-COL1A1 interaction by a double-luciferase reporter gene assay









		4. Discussion



		5. Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Publisher’s note



		Footnotes



		References









		Molecular signature of methotrexate response among rheumatoid arthritis patients



		Introduction



		Materials and methods



		COMBINE cohort



		Response outcome



		Flow cytometry



		Protein measurements



		RNA sequencing



		Statistical analysis



		Prediction









		Results



		Effects of MTX treatment



		Clinical effects of MTX treatment



		Changes in cell concentrations and phenotypes during MTX treatment



		Changes in protein levels during MTX treatment



		Gene expression changes during MTX treatment









		Differences between future MTX-responders and non-responders at baseline



		Demographic and clinical factors at baseline associated to MTX response



		Cell types, cell phenotypes and protein measurements at baseline associated to later MTX response



		Gene expression levels at baseline associated to future MTX response



		Predicting MTX response















		Discussion



		Conclusion



		Data availability statement



		Ethics statement



		Funding



		Author contributions



		Acknowledgments



		Conflict of interest



		Publisher’s note



		Supplementary Material



		Abbreviations



		Footnotes



		References









		Role of autotaxin in systemic lupus erythematosus



		1. Introduction



		2. Lysophospholipids and the autotaxin–lysophosphatidic acid axis



		3. Measuring lysophosphatidic acid and autotaxin concentrations



		4. Autotaxin and human diseases



		4.1. Autotaxin and malignancies



		4.2. Autotaxin and liver diseases



		4.3. Autotaxin and cardiovascular diseases



		4.4. Autotaxin, idiopathic pulmonary fibrosis, and systemic sclerosis



		4.5. Autotaxin and rheumatoid arthritis









		5. Autotaxin and systemic lupus erythematosus



		5.1. Autotaxin, type I interferons, and plasmacytoid dendritic cells



		5.2. Autotaxin and other myeloid cells



		5.3. Autotaxin and lymphocytes



		5.4. Autotaxin–lysophosphatidic acid axis in other organ systems









		6. Autotaxin as a biomarker for systemic lupus erythematosus



		6.1. Autotaxin in serum of patients with systemic lupus erythematosus



		6.2. Autotaxin in urine of patients with systemic lupus erythematosus









		7. Discussion



		Author contributions



		Conflict of interest



		Publisher’s note



		References









		Clinical features of acute generalized exanthematous pustulosis caused by hydroxychloroquine in rheumatology patients and exploration of CARD14 gene mutations



		1. Introduction



		2. Materials and methods



		3. Results



		4. Discussion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Publisher’s note



		Footnotes



		References









		Leucine-rich alpha-2 glycoprotein as a potential biomarker for large vessel vasculitides



		1. Introduction



		2. Methods



		2.1. Participants and data collection



		2.2. Measurement of LRG



		2.3. Statistics









		3. Results



		3.1. Serum LRG was elevated in active LVVs



		3.2. LRG was a complementary maker to CRP for active LVVs except for patients treated with IL-6 inhibitors



		3.3. LRG decreased after achieving remission









		4. Discussion



		Data availability statement



		Ethics statement



		Author contributions



		Conflict of interest



		Publisher’s note



		Supplementary Material



		References









		Sjögren’s syndrome: novel insights from proteomics and miRNA expression analysis



		Introduction



		Methods



		Results and discussion



		1 Introduction



		2 Methods



		2.1 Saliva as a source of biomarkers



		2.2 Methods used for proteomic and miRNA profiling









		3 Results and discussion



		3.1 Proteomic analysis



		3.2 Comparative proteomic analysis of saliva, salivary gland tissue and/or blood from patients with pSS, healthy control subjects and/or non-pSS, sicca control subjects



		3.2.1 Proteomic analysis of saliva



		3.2.2 Proteomic analysis of salivary gland tissue



		3.2.3 Proteomic analysis of plasma, serum or PBMC









		3.3 Comparative proteomic analysis of saliva, salivary gland tissue and/or blood from patients with pSS and other inflammatory connective tissue diseases



		3.4 Autoantibodies in patients with SS



		3.5 Proteomic analysis of saliva and salivary gland tissue in SS patients with and without non-Hodgkin MALT lymphoma



		3.6 MiRNA analysis of blood, PBMC, saliva and salivary gland tissue









		4 Conclusion



		Data availability statement



		Author contributions



		Conflict of interest



		References









		Advanced methods and novel biomarkers in autoimmune diseases ‑ a review of the recent years progress in systemic lupus erythematosus



		Introduction



		Inclusion and exclusion criteria



		Inflammation in different organs of autoimmune and rheumatic diseases



		Disease and organ specific biomarkers and advanced methods



		Biomarkers in SLE



		SLE organ specific biomarkers



		SLE biomarkers in skin, lungs, brain, and salivary glands



		Kidney specific biomarkers in SLE



		SLE transcriptomics



		SLE single cell sequencing (scRNAseq)



		Transcriptomics and scRNAseq in other autoimmune diseases



		Spatial transcriptomics



		SLE and organ imaging



		Conclusion



		Author contributions



		Funding



		Conflict of interest



		Publisher’s note



		Supplementary Material



		Footnotes



		References









		Development of a radiomics nomogram to predict the treatment resistance of Chinese MPO-AAV patients with lung involvement: a two-center study



		Background



		Methods



		Results



		Conclusion



		Introduction



		Methods



		Patient enrollments



		MPO-AAV and therapy resistance



		Treatment process and therapy resistance



		The collection of clinical data



		Evaluation of lung involvement on MSCT



		Independent predictors acquisition



		Building of Model 1 (radiomics signature)



		Region of interest segmentation



		Radiomic feature extraction









		Construction of Model 1



		Construction of Model 2



		The clinical utility of the better model



		Statistical analysis









		Results



		Basic clinical–radiological characteristics



		Performance of Model 1 (radiomics signature)



		Performance of Model 2 (radiomics nomogram)









		Discussion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Supplementary material



		References









		Association between FGA gene polymorphisms and coronary artery lesion in Kawasaki disease



		Introduction



		Data and methods



		Subjects



		Inclusion and exclusion criteria









		Research methods and indicators



		Specimen collection



		DNA extraction









		Research methods



		FMPV/ODmax



		ELISA



		Statistical methods















		Results



		Discussion



		Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Publisher’s note



		References























OPS/images/fmed-10-1111812/fmed-10-1111812-g001.jpg





OPS/images/fmed-10-1193303/crossmark.jpg
(®) Check for updates






OPS/images/fmed-10-1111812/fmed-10-1111812-g002.jpg
cirexo-HC

M L cirexo-HC cirexo-S5c L PC

cirexo-S5¢

M L drexoHCcrexoSSsc L PC
25kDa 140 kDa —=— — -
—— . 100 kDa — T |
75 kDa —s— =
15kDa ——.
CD9, 25 kDa HRS, 100 kDa
ML crexoHC crexoSSc L PC
60 kDa ——» B ] 180 kDa M L cirexoHC cirexo-sse L PC
45kDa —| - 140 kDa —>|
35kDa ——> | 00k0a |
TSG101, 44 kDa Calnexin, 90 kDa
cirexo-HC cirexo-SSc
C = s -
sz ot
o Lo
o 123.4nm L 116.4nm
= =
= I
ieo i
L2 e
ks o
L0E47- o
1.546- 2E
s
AR 2064-
2z reie
e | (LT —
§ G e e TR





OPS/images/fmed-10-1193303/fmed-10-1193303-t001.jpg
Normal group (n =200) KD group (n = 234) Fever group (n = 208) P
Age(y) 3032122 3174130 3214131 0227
Gender(male) 89(44.50) 107(45.73) 92(44.23) 0558
Fever time(d) 0.00 £0.00 4254133 1934079 <0.001
WBC(1074L) 8412265 17.2245.44 115343356 <0.001
RBC(10%/mm3) 4792064 3664039 4264049 <0.001
Hb(g/dL) 11834132 981+ 119* 1147 £126 <0001
PLT(0%4L) 31066 + 108.18 41153+ 139.22% 344922 117.84 <0001
CRP(mg/dL) 10114592 58.29 £ 29.48* 26431344 <0001
PCT(ng/L) 043022 1.21£0.88* 0684026 <0001
ESR(mm/h) 3035122 6597+ 3052 303122 <0001
IL-6(pg/ml) 13254622 47.03£ 2022 35441985 <0001
MCP-1(pg/ml) 10455+ 37.22 222,47+ 67.30% 149.36 + 48.36 <0001
Fy(g/L) 3142068 883+ 122% 5.26+096 <0001

WABC, white blood cell count; RBC, red blood cell count; Hb, hemoglobin; PLT, platelet count; CR, C-reactive protein; PCT, procalcitonin ESR, erythrocyte sedimentation rate; 1L-6,
interleukin-6; MCP-1, monocyte chemoattractant protein-1; Fg, fibrinogen.
cally significant (p-values <0.05)compared with those in the fever group.






OPS/images/fmed-10-1111812/cross.jpg
@ Check for updates.





OPS/images/fmed-10-1111812/email.jpg





OPS/images/fmed-10-1111812/fmed-10-1111812-g005.jpg
ZNF208

ZNFA566 7zNF823

ZNF713
ZNF8 F226
TRAK2 ZNF682
ZNF222
- r DE
ZNF41 simniex BID i i
PLCL1  GABAergic virus 1
synapse ZNF606 infection ey
. ZNF813
usiisg ZNF552

) e . pathway
- i FGB
® LILRA4
b |- Platelet
APAM1 " activation
Fd % "i A |
y RASGRP2
ARSG  AP1G2 l (N2
Hidman b\ Eiosrat
MX1 papillomavirus L1A\K AP i SHE3
infection \ /PL/(.:E1
ISG15 — ’
NOX4 AGE-RAGE
ECM-receptor signaling
interaction pathway in
diabetic

complications

Enrichment plot: KEGG_ECM_RECEPTOR_INTERACTION

0.6

NES:1.63
Nom P-val:0.044

0.5
0.4
0.3
0.2
0.1
0.0

Enrichment score (ES)

-0.1

'SSc' (positively comnelated)

Zero cross at 143

'HC' (negatively conelated)

80 100 120 140 160 180 200 220 240 260 280
Rank in Ordered Dataset

0 20 40 60

Ranked list metric (Signal2Noise)

— Enrichment profile — Hits Ranking metric scores

Details of genes enriched in ECM-receptor interaction

SYMBOL RANK IN GENE LIST RANK METRIC SCORE

RUNNINGES COREENRICHMENT

ITGB7 26 0.835

RELN 41 0.77
COL4A1 81 0.626
LAMAS 89 0.608
COL1A1 115 0.505

0.1572 Yes
0.3376 Yes
0.3861 Yes
0.5429 Yes
0.6050 Yes






OPS/images/fimmu.2023.1084299/table1.jpg
Treatment-resista Treatment-responsive p
Age (years) 61+ 12 61+ 11 0.771
White blood cells (10°/L) 9.02 + 430 10.26 £ 4.16 0.083
Hemoglobin (g/L) 77.36 + 18.30 86.60 + 19.81 0.005
Platelet (10°/L) 238.42 + 101.08 298.19 + 109.50 0.001
Serum albumin (g/L) 32.10(28.30-37.30) 31.45(26.75-36.33) 0574
Serum globulin (g/L) 3067 + 7.77 3307 +8.13 0.078
Serum creatinine (mol/L) 643.28 + 295.19 258.71 + 242.61 <0.001
ESR (mm/h) 66.73 + 36.59 71.36 + 40.30 0.484
CRP (mg/L) 18.40(7.25-68.20) 38.14(5.77-95.85) 0.188
C3 (mg/L) 693.40 + 261.76 802.48 + 342.59 0.030
C4 (mg/L) 214.33 £ 105.50 218.97 + 105.86 0.796
IgA (mg/L) 2413.93 + 143534 2635.28 + 1572.43 0392
1gG (g/L) 14.04 + 596 15,61 +5.54 0.104
IgM (mg/L) 860.00 + 456.19 1054.42 + 630.60 0.047
ALT (U/L) 9.90(5.40-14.30) 14.90(8.90-24.13) 0.001
AST (U/L) 16.00(12.60-25.90) 1 18.60(14.90-31.88) 1 0.046
TBIL (utmol/L) 5.30(4.20-7.00) 6.60(4.70-8.70) 0.024
DBIL (umol/L) 2.50(1.90-3.80) 2.90(1.90-4.08) 0393
BUN (mmol/L) 21.04 + 10.54 11.62 £ 8.53 0.001
Neutrophil (10°/L) 7.10 + 392 8.10 + 4385 0.197
Lymphocyte (10°/L) 1.00(0.60-1.40) 1.10(0.70-1.60) 0519
Eosinophil (10°/L) 0.12(0.03-0.20) 0.10(0.00-0.30) 0451
Total Prednisolone, g Median(Q1,Q3) 4.69(3.60,5.00) 4.96(4.95,6.30) <0.001
Total CTX, g Median(Q1,Q3) 2.40(1.80,3.60) 4.80(3.60,4.80) <0.001
MP, n (%) 14 (25.5%) 12 (12.5%) 0043
PE, n (%) 25 (45.5%) 22 (22.9%) 0.004

ESR, erythrocyte sedimentation rate; CRP, C-reactive protein; ALT, alanine aminotransferase; AST, aspartate aminotransferase; TBIL, total bilirubin; DBIL, direct bilirubin; BUN, blood urea
nitrogen; CTX, cyclophosphamide; MP, methylprednisone pulse; PE, plasma exchange.
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Predict p OR (95%Cl)
Serum creatinine 0.000 ‘ 1.004(1.002-1.006)
Rad-score 0.000 ‘ 2.995(1.877-4.780)

OR, odds ratio; CI, confidence interval.
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E The corresponding genes of the pathways related to SSc

Passway DEmRNAs P-value

ECM-receptor interaction COL1A1, COL4A1, ITGB7, LAMAS, RELN 0.000743

Focal adhesion TLN2, SHC3, RELN, LAMAS, ITGB7, COL4A1, COL1A1  0.00465

Platelet activation COL1A1, FGB, RASGRP2, TLN2 0.024495

mune network for IgA production ITGB7, TNFRSF13B 0.031078
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Training cohort Test cohort Validation cohort

AUC (95%Cl) SEN | SPE | ACC AUC (95%Cl) SEN = SPE SEN SPE ACC

Model 1 0.824 (0.757-0.883) 0.585 0.859 0.717 0.898 (0.816-0.962) 0.826 0.783 0.804 = = = =

Model 2 0.948 (0.908-0.979) 0939 = 0.792 = 0.849 0.913 (0.835-0.975) 0867 | 0.783 0.816 0.929 (0.827-1.000) 0714 | 0950  0.889

ROC, receiver operating characteristic; CI, confidence interval; SEN, sensitivity; SPE, specificity; ACC, accuracy.





OPS/images/fimmu.2023.1084299/fimmu-14-1084299-g005.jpg
A ROC of logistic model in training samples

00 02 04 06 08 10
1-Specificity

Y 02 04 06 [ 10
probability thresholds

10

08

02

Net_benifit

ROC of logistic model in testing samples

ROC of logistic model in validation samples

0.0

0.2

04 06
1-Specificity

08

10

probability thresholds.

06

o0s

049

Net_benifit

02

04 06
1specificity

— AUC = 0.929

08 10
—— ocA

— Treatall

- Treat None

10





OPS/images/fimmu.2023.1084299/fimmu-14-1084299-g006.jpg
Actual Probability

10

08

06

04

02

Points S S S TS S TS S S S S S|
RS r T T T T T T T T T T 1
-14 12 10 -8 -6 -4 -2 0 2 4 6 8
Scr [ e e e e e e e e e |
0 200 500 800 1100
Total Points [BAAsd BAMES LoLED RARRI RERLE ARGAS BAGES BELES ERARE RARES RRAGS RAAGE EASAE Basns
0 10 20 30 40 50 60 70 80 90 100 110 120 130 140
Risk T T
0.1 0.20.9.7 09

Calibration figure of logistic model in training samples Calibration figure of logistic model in test samples

T T T T A T T T T T T e T T TTT T T T T T TR
< J
| o
Z o
4 £ 384
3
8
[
g =
i o
<
N 4
| o
— Bias-corrected
g 4
Hosmer-Lemeshow test Chi-square:9.73,P=0.28 : Hosn:er-Lemesl:ow test Chll-squm:S.‘SS.P=0.70
T T T T T T
00 02 04 06 08 10 00 02 04 06 08

Perdicted Probability Perdicted Probability





OPS/images/fimmu.2023.1084299/fimmu-14-1084299-g007.jpg
sensitivity

100

80

60

40

20

20

40 60
100-specificity

80

100

| — Nomogram AUC=0.929

—— Rad_score AUC=0.862

— Scr AUC=0.867





OPS/images/fimmu.2023.1084299/M1.jpg
True positives _ False positives
N N

Net benefit






OPS/images/fmed-10-1274950/crossmark.jpg
(®) Check for updates





OPS/images/fmed-10-1193303/fmed-10-1193303-t003.jpg
Fibrinogen

(g /L)
Normal group. 200 314068 354063
KD group 234
CAL subgroup 55 9.5241.06* 391£0.46
No CAL subgroup 179 6.2310.83 3.70£0.54
F 9.773 0779
» <001 5005

“The statsticall significant (p-values <0.05)compared with those in the normal group and
10 CAL subgroup.





OPS/images/fmed-10-1193303/fmed-10-1193303-t004.jpg
Gene polymorphism (%)

The allele distribution frequency (%)

AA
KD group 24 127 (54.3) 2(94)
Normal group 200 102 (51.0) 20(10.0)
x 1221 0885
P 5005 5005
KD group
CAL subgroup 55 23(41.8) 6(10.9)
No CAL subgroup 179 127 (70.9) 30(1638)
x 8771 0886
P <005 0,05

tically significant (p-values <0.05)compared with those in the no CAL subgror
ly sig; (p-

‘The statistically

(] A
85(36.3) 339.(72.4) 12927.6)
78 (39.0) 282(70.5) 118 (295)
26 (47.3) 7 (67.3) 18(327)
2(123) 138(77.1) 41229

nificant (p-values < 0.05)compared with those in the CAL subgroup.





OPS/images/fmed-10-1193303/fmed-10-1193303-t002.jpg
Normal group (ng/m

KD group (ng/mL)

TIMP-1 105,699 £ 6,525 188476 + 14.064*
MMP-2 3087 +0.483 4494+ 0.27%
MMP-3 38.65+5.596 65,302+ 4.576%
MMP-9 75124 £ 6439 115262 £ 10,844
MMP-13 38,576+ 19.621 91.793 + 33.871%°
FG-a 754,585 + 184,877 981,017 +347.37%

“The statsticall significant (p-values <0.05)compared with those in the normal groups
#The statistically significant (p-values < 0.05)compared with those in the fever group.

Fever group (ng/m
136842 £ 12.573*
3877+ 0.574%
49.161 + 4.684%
94.482 + 3.804%
66.84 £ 6.935%

835.64 + 265.378%

463

36.94

6964

4941

P
<0.0001
0.0004
<0.0001
<0.0001
0.0062

0.037





OPS/images/fimmu.2023.1183195/table3.jpg
ey
P

peing
P

oo

Jroey
pry
)

iz

s
jreog
i

omans
Ko,
5o

i
)

g,

g,

Swen

ety

o

i
et
oot

s

s

s

[

Prssamissn
o
gy
iy
T
ey

s
vew

S

s

2o

1R pnine

ey
i

Nibrorss

Wi

Tirretin
e 085

g ieisen

g D
i
prseeey
-
s

igh et

o 1

T s o R e s s ondog o e RIXG B d he c < e
ot e bt oy St A i 7t st s
i e b et RING e o O f o ot
e vt oo ek bt oty It it e s ed
gy e The g e Rt e st e e .

ot bt o s ) RS M) cied i 5o 55
et 533 4 1 et 0 e ot e 1 15t b
o 52 S5 b s D 11 o R s s ol

e g e 5.

it of 4 sl sty o ot o Tt ot O S o o
gl tar el
e S5, s 6. e ot ekt ek g 15 S5 s
oy et it s e ey bt o L

o s e R e e 1 e s sty O i st
R o o i b VO3 By h P i 3 8030 bbb T
Lt - o s e e by et i by s COR
oo cpicmay dacmeing . Tt o o s o oo 1 6 ey
e st o de T i o 6 s Pl B3 o .8t f bt
S 2 i Ik e i oy s o o
s s

D epin o i e dsty 1V g s of s st
et TR, AR b o i 5 S S o ol
‘e a1 g evts g S 00 ek g
oo i (K330 e o of e oy s ey s (VI V1,3 e
b i il Tt oty i b vy sl 10 e
g st 5 st o kWS i 541 0y 29

oty f et e s Rk s g X0 i) o et
AR i e 0 Rl Al ompts ¢ e et s
oy s et s ey o 61 g pe ot e e ok
i () s et s e s e GV e i it
AR IGRVS 1 I . s b b 2 S G 3 i S s

s e e e s et e e o

408 ot 1€ bt e v dncn o e, ot e de
e s o o 7 st e, oLt e kG 100
ettt v el i i 105 1 i ey e
st st e ety o ¢ 1 55t e Tty o
i e e o 9. el s e e 0
- ———

Ta i, O b I e v el 3 bt gt o ki
o KA o bt s 5 200 R s T o e e
ot ol e ey et i i At O
o e 55 KA by ot

oot i 08 I e oo ol snd s et o 1 b s ks
e e s gt o, S 5 i et o 0 Rl o L s
opo g st G o Rl dcmieat e o i ot st
ok e e b o, e ke o B s i

it d e i i o s e g o 3 ot VS SIGKVS30
i) ooyt i et 6 o s, e s R Y perde e
e ot oy e e e e

Rbapcc by <hn e ompcncaty g o CORN et v b
Lcn g HE e b 7t s ot oendgGH R e B -
D CORS e e et s A s i g e
e WA pl e T )
e oo VI 11554 b, e X ot i
g e dighe o e i A by s by o i s
aens o ool o oy s COR) R, Py b X
oty e el b i on e i e s el v
g, e VTR st ot st o i
it

10 et of bty oty s st S, Rt d L 5, e o
G e gt o APECED s hd st o bt ey
b i e il wh it ACED st i s e 0
ey 53 G et st o et - i e s
G s o ALCED s iy denssed gy o B ot
Gy N e RPE. B 0 oo iy e EAS Pt by Pt
(TSP gt 3 by el e e Ngh o e s g
BHEA sdRFASIS e 30 6 o APCED st . rp s
bl v e e ot . T g g e ooy o e
o e s dns g g4 oo APICED it s






OPS/images/fimmu.2023.1183195/table4.jpg
Author  No.of  Materials Findings
(vean)  subjects and
methods

9pSS | Paroid gnd  Six ighly asociated hub genes invlved n prtessome degradaion, apoptosis, signal pepides (MH) lass 1,
6psy. tisue

<omplement acivation,cll growth an dsth, and intin-medisted <eladhesion) distinguished PSS from oSS
MALT 2DGE

e subject. Eigh hub gencs(involed i translton,ribosome,procase degradaton,signal pepides (MHC) clss 1
Snonpss  Weighted gene  GI3 signaling pathway, complement activaton, and integinmediated cel adhesion) dstinguished PSSMALT from S

conwcls | cocxpresson
network snaysis
waeNA)
il opss sws 1 cenolse <offn-1, anncxin A2 and Rho GDP-disociton iibitor 2 (RGI) in pSS and pSSMALT.
el 63SY | 2DGEAS. 1 cenolae,colin-l and RGI2 in pSSIMALT compared o pSS. The combination ofthe later 3 antibodics yielded AUC
w7y | MALT ELISA 094 (86% sensitity, 3% spciicty n PSS vs HC) and AUC 036 (75% seniivity, 9% specfcy in pSS vs pSSIMALT)
sHC
Jaenae Lapss uws 1 evesof S100ABcalgranulin A) and SI00A9 (calganulin ) in protid slivs of SS-HR and $5:M patients compaed o
Meal, MAIT | proidsiiva | HC
W) SM) | LCMSMS

1 leves of SIO0AS/AD in UWS in S8 subgroups compared to HC snd SNOX.
18pss ELISA The median concentration i S5-M were higher than in HC, SNOX and non-isk psS paticnts
higheisk SI00AR and -A9 were 20-6ld higher in UWS than parotd slivs.
of MALT
(ssHR)
19555
lowriskof
MALT
195
nonrisk
145N0X,
1sHC






OPS/images/fimmu.2023.1183195/table5.jpg





OPS/images/fmed-10-1183535/crossmark.jpg
(®) Check for updates






OPS/images/fimmu.2023.1183195/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2023.1183195/fimmu-14-1183195-g001.jpg
e gy






OPS/images/fimmu.2023.1183195/table1.jpg





OPS/images/fimmu.2023.1183195/table2.jpg
Author

(year)

Pwo G,
ewal, 2007
o

LiY,eal,
2014 0)

Dosleu .
el 205
6o

Bosclo,
el 2006
o9

Obisson M
sl 200
9

Thisgarsin
e,
2020 (63

No. of
subjects

9
3RASS
sscsss
3stEss
oHC

s
ey
aHc
20 non-
PSS, scca

opss
soste
E
sime

asps
2Ra
e

ANCASY
7He

2pss
S SLE
351 RA
77 MeTD
6 pans
ns
e,
s
S5 HC

preeram—]
iems fu gl

Materials
and
methods

s
HPLCESL-MS

s

Serum
MALDLTOF-
s

s,

187-plx capture

antbody bised
ssay

Uws, MSGB
HPLCESI-MS
wws).
immunostining
(visGB)

Serum
393 plex
anibody
microreay

Serum, PRMC.
ELISALCMS

Findings

T 6 of the S patents,siva was coleted at 30 inutcs, 60 minuts, and 24 houes afler taking 5 g of pllocapine.
Before piloarpine, 60% of slivary protins i sampls rom PSS patints were ot dertifiable o showed lower levels
than those in controls, Afce 30-60 minutes flling piloarpinetrstment /3 of the ks rpresened proeins wis
found in 3 similar percentge n pSS and controls. Almostall of the protens that were detectabl at lower el n pSS
compared to conros resched leels similr 10 thos i contels at 30-60 minutes fcr pilocapine. The parotid gand
protins had thebest response o pilcarpine. PSS patents were haracerzed by highe a-defensin 1 levels nd
presenceoffdefesin 2. 55 patents showed an itermodiate protin profie beween tha o the pSS patints and HC.

15 diflrenly expresed protens were detifid n PSS samples with respect 0 HC, non-$ s, 545 and RA'SS,
5545 HC: 1 S100A9, B2V, cpdermal fty acid binding protin (E-FABP),psoiasin (S100A7), immunoglobuli k
lightchain (IGKC) and a-enolase. | AMY1A, carbonic anhydrase V1 (CAG),gyceraldehydes-3 phosphate
dehydrogenase (G3PDH),cysain SN precursor procin (CSTA), prolactin-inducible protin precursor (PIP),short
paltc lung and masalepithclium (SPLUNC-2). pS vs. non-ySS sica: 1 PIP, SPLUNC-2 G3PDH, AMYIA, CAG.pSS
v RALSS: 1 lipocalin. | theumatoidfctor D3 ight chin. pSSvs. SS5: | ysttn.

100 diflecntial W pesks asocited with pSS were identified (18 wre 1 in pS). The vz pesks at 813355, 119725,
222081, and 48376 were wsd o ctabiih a disgnosic modelfor pSS which could distingaish pSS from non-pSS
contrls with  snsitvty of 771 % and a specificy of 85.5 . Iseficacy was confrmed in 3 Dinded testng st with
a sensiity and spciictty of 95.5% and 8%, rspecively.

Based on a 187-plx anibody-based asay, 61 and 53 protens were iferentilly expresed n pSS and RA, compared
10 HC. Al proteins were uprgulated in pSS ptints, except FGF-4. Based on -ple and 6-plx blomarker signaures,
‘whic both inludod 14,15 and cstein,achieved ccurate prdiction of an individual's roup menmbership for st
st 94% of ases,

1 leels o T in S compared to other subgroups. TBIO detectable in 667% of SS subjects and 429% of sS85
patents. TB1 sulfxide detectable in 4,4% of S patients and 42.9% of $S/SSc patients. T and TBI0 no detectable
i non-s associsted patients and HC. Al pstients hd immunoresciiy for TBI0. TB4 immunorcactivty s absent
in S and sSY/RA-patients, bt prsent i sSS/S5 and sSSISLE-paiets. In S, slivary T8 expression wasgenerally
overexpresed.

A 395 antbodie coud discriminate between IRD's fom HC with 3n AUC of 094, Based on a panel consisting o the
0 bestepeforming anibodies IRD could be discriminated from HC with an AUC of 093. The IRD could alo be
discriminated from exch oher with AUC leels ranging from 0.79 0 096, 7 analytes, areted by 114 antbdies were
ifecentislyexpresod in IRD compared to HC: 326 antibodics targetin 160 nalytes for SV, 207 antibodis tageting
127 anlyts for S5, 127 snibodics targeting 5 ansytes for SLE and 114 antibodics targeing $1 snaltes fo RA. 1
immunoregultory aalytes inluded apolipoprotin, AL L, L-12, TNF-alfs, IL-1, ostcopontin. Antbodies
targeting C3, 1L, VEGF, SPDLY.-1 et wre 1. Among the top 25 antbodic, most ofthe anlyts were 1 in SLE, RA|
and S5 (1. 21 and 25, espctively). The mjorty of analytes (n = 23) wee | in ANCASV.

Signicantly lower Ight ant-PC bt ot ant: MDA was sce in MCTD compared 0 HC. No signifiant difrence in
evels of ni-PC nor ant-MDA was identifed btween discse groups, but s levels of g were more prevlentin
MCTD, SLE, 55, S5 and UCTD, more for ant-PC than ant-MDA.
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Active Remission

disease (n=30)
(n=19)
Activity state, n Major | 0 Susained 16
relapse” remission”
Minor 8  Glucocorticoid- 8
relapse” free remission”
TAK/GCA, n /8 11
Age, years 55(16-81]" 60 [21-79]"
Female, n (%) 13 (68.4) 30 (100)
Disease duration, years 0.1(0.1-47)" 33(0.0-51]"
Onset within 1 year, 1 n 0
Current treatments
Glucocorticoids use, 1 15 18
dose of prednisolone, mg/day 25 [0-70) 29 (0-125)"
Immunosuppressants, 1 4 5
MTX 2 1
AZA 0 2
TCZn 2 3
Complications
IBD, n (%) 2(105) 2(66)
HTN, 1 (%) 6(31.5) 11(36.6)
DLR 1 (%) 8(42.1) 10(333)
Diabetes, 1 (%) 2(105) 1(33)

"Active cases other than major or minor relapses were newly-diagnosed ones. *Remission
cases other than sustained or glucocorticoid-free remission were simply in remission since
the dose of glucocorticoid did not achieved the target. Two cases with elevated ESR.
(>30mm/h) due to renal anemia, who had negative CRP, no signs or symptoms of active
vasculits, and no relapses over 10 years, were categorized into sustained remission. *median
[range], AZA, azathioprine; DLP, dyslipidemia; GCA, giant cell arteritis; TN, hypertension:
IBD, inflammatory bowel disease; MTX, methotrexate; TAK, Takayasu arteritis; and TCZ,
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Change in non-responders Change in responders

Beta FDR Beta FDR

116 038 099 17410
CRP 075 -088 764107
CRP 075 ~0.88 76107
SAA ~046 053 -078 764107
CXCLI0 -023 038 -0.26 7.5%107
CXCLY -0.17 070 -034 867107
CCL23 (MPIF-1) -023 038 -0.25 877107
MMP-9 082 -0.26 0012
E-Selectin -1 055 -017 0012
MCP-2 ~036 036 -0.28 0012
VEGF 008 071 -0.16 0016
VEGF 008 071 -0.16 0016
MMP-3 ~001 093 -024 0018
MMP-3 004 092 -0.29 0018
MMP-3 ~001 093 -023 0019
ICAM-1 087 ~0.07 0033
VCAM-1 054 ~0.06 0.068
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Regulation among non-responders Regulation among responders

Ensembl ID log2FC FDR log2FC FDR
ENSGO0000211896 IGHGI ~051 100 -155 45410
ENSGO0000211895 IGHAL ~0.65 100 -148 66710
ENSGO0000010319 SEMA3G -0.83 074 -075 14%107
ENSGO0000178445 GLDC -021 100 -1.66 14%10°
ENSGO0000049768 FOXP3 -021 100 -041 17#10°
ENSGO0000211893 IGHG2 -054 100 -110 29%10°
ENSGO0000099250 NRP1 043 100 070 487107
ENSGO0000132465 JCHAIN -042 100 -125 5.9%107
ENSGO0000117399 cDpC20 -0.62 100 -116 L1F107
ENSGO0000157168 NRGI 020 100 -054 13%107
ENSGO0000155962 cLIC2 023 100 043 175107
ENSGO0000211679 IGLC3 012 100 ~099 0017
ENSGO0000088325 TPX2 -024 100 -082 0021
ENSGO0000136235 GPNMB 011 100 066 0024
ENSG00000148773 MKI67 ~0.16 100 ~089 0024
ENSGO0000211662 IGLV3-21 -075 100 -110 0024
ENSGO0000211669 IGLV3-10 ~046 100 -125 0024
ENSGO0000211941 IGHV3-11 ~092 100 -1.03 0024
ENSGO0000211663 IGLV3-19 ~0.62 100 ~L11 0028
ENSGO0000011590 ZBTB32 ~0.28 100 ~048 0028
ENSG00000211592 IGKC ~021 100 ~099 0030
ENSGO0000115884 SDCI -0.82 100 -176 0036
ENSG00000126787 DLGAPS -033 100 -1.04 0038
ENSGO0000211648 IGLV1-47 ~0.40 100 -1.02 0.047
ENSGO0000266088 -0.28 100 -041 0.060
ENSG00000211673 IGLV3-1 ~0.56 100 ~094 0.060
ENSGO0000170476. MZB1 ~0.14 100 ~065 0.060
ENSGO0000163599 CTLA4 -0.10 100 -033 0.061
ENSGO0000211892 IGHG4 041 100 -1.24 0062
ENSGO0000239951 IGKV3-20 -0.26 100 ~087 0.064
ENSG00000282122 IGHV7-4-1 -0.19 100 -1.23 0.064
ENSGO0000211677 IGLC2 -0.36 100 ~090 0076
ENSGO0000211934 IGHV1-2 -017 100 -1.03 0082
ENSGO0000211966. IGHV5-51 ~042 100 ~091 0082
ENSGO0000211644 IGLV1-51 -043 100 -081 0082
ENSGO0000211653 IGLV1-40 ~0.60 100 -1.03 0.083
ENSGO0000211955 IGHV3-33 -0.14 100 -088 0.096
ENSGO0000211660 IGLV2-23 -043 100 ~096 0.10
ENSGO0000211706. TRBV6-1 358 007 —0.44 099

ENSG00000117394 SLC2A1 -0.33 008 004 0.99





OPS/images/fmed-10-1146353/fmed-10-1146353-t005.jpg
By fold change By value of p

Gene set Source AUC FDR AUC FDR
PLKI pathway PID 3 062 554107 0.68 89410
Cyelin A Bl associated events during G2 M transition Reactome 15 075 0012 074 0028
Kinesins Reactome 2 071 0012 071 0.028
Cell cycle mitotic Reactome 297 057 0017 055 0035
Foxm pathway PID 36 065 0017 0.63 0.040
G1S specific transcription Reactome 17 070 0017 0.67 0.061
Aurora B Pathway PID 38 061 0.045 0.61 0.061

Aurora A Pathway PID 2 062 0072 062 0028
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Female (%) 60(75.0)
Age, median years (range) 62(22-88)
HLA-DR shared epitope positive (%) 54(67.5)
Self-reported Swedish ethnicity (%) 66 (82.5)
Current smoker (%) 27(346)
Symptom duration in days, median (range) 168 (46-428)
Erosions/osteopenia (%) 20(25)
ACPA positive (%) 49(61.3)
DAS28, median (range) 5.0 (0.84-7.6)
Patient global health assessment, median (range) 47 (1-100)
Health professional global health assessment, median 45 (2-84)
(range)

Physical function (HAQ), median (range) 1.06 (0-2.5)
CRP, median (range) 6(05-146)

Prednisolone treatment (%) 44(55.0)
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Change in non- Change in Difference
responders responders

Flow cytometry measure Beta FDR Beta FDR Beta FDR

% HLA-DR+ cells of IL21R+ CD45RA— CD4-gd- T-cells 0.88 —8.67 4.2E-03 =741 037
% HLA-DR+ cells of IL21R+ CD28~ CD4-gd- T-cells 075 0.94 =724 0.023 =799 035
9 HLA-DR+ cell of IL21R+ CD4-gd- T-cells 028 099 -7.00 0013 -728 033
9 HLA-DR# cell of IL21R+ CD28+ CD4-gd- T-cells ~021 099 -695 0020 -674 042
MEINKG2A of NKpd4+ CD16- NK cells -227 060 —141 0020 -215 038
% HLA-DR+ cells of NKG2D+ CD45RA~ CD4-gd- T-cells 033 3.9E-03 -154 0.88
% HLA-DR+ cells of NKG2D#+ CD45RA~ CD4+ ga- T-cells 01 -358 | 39E-03 ~004 099
% HLA-DR+ cells of CD45RA— CD4~ gd- T-cells -294 027 =340 0.010 =047 0.99
% HLA-DR+ cells of NKG2D#+ CD28+ CDd-gd- T-cells -202 033 -318 | 39E-03 -116 038
% HLA-DR+ cels of CD28+ CDA- gd- T-cells -252 027 -308 | 75603 056 098
% HLA-DR+ cells of NKG2D+ CD28~ CD4-gd- T-cells —248 0.20 -297 4.5E-03 =049 098
% HLA-DR+ cells of NKG2D#+ CD4-gd- T-cells -208 027 -276 | 45E-03 ~067 095
9 HLA-DR+ cells of NKG2D+ CD28+ CDd+ gd- T-cells 335 0034 272 39E03 063 095
9 HLA-DR+ cells of gd+ T-cells 076 267 0,094 -128 091
% HLA-DR+ cells of NKG2D+ gd- T-cells 208 026 260 | 57E-03 —051 097
9 HLA-DR+ cells of NKG2D+ gd + T-cells 202 038 255 0046 053 098
9% HLA-DR+ cells of CD28~ CD4— gd- T-cells. -2.60 0.20 -252 0.021 0.09 0.99
9% HLA-DR+ cells of CD4— gd- T-cells -242 0.20 -249 0.013 =0.07 0.99
% HLA-DR+ cells of T-cells 0.079 -237 3.9E-03 033 0.98
% HLA-DR+ cells of NKG2D+ CD4 + gd- T-cells -342 0.025 -220 0.016 123 0.85
9% HLA-DR+ cells of NKG2D+ CD45RA+ CD4-gd- T-cells =159 0.13 —149 0.013 0.10 0.99
% HLA-DR+ cells of CD45RA-CD4+ gd- T-cells —161 0.13 —1.49 7.5E-03 0.12 0.99
% HLA-DR+ cells of gd- T-cells -1.85 0.13 —147 0.020 038 097
% HLA-DR+ cells of CD45RA + CD4- gd- T-cells -172 0.13 -1.38 0.032 034 097
% HLA-DR+ cells of NKG2D+ CD28- CD4 + gd- T-cells —4.62 0.082 -1.20 0.59 342 039
% HLA-DR+ cells of CD28 + CD4+ gd- T-cells -132 0.12 -114 7.5E-03 0.18 0.98
% HLA-DR+ cells of CD4+ gd- T-cells .44 0.12 -1.09 0.020 035 093
% CD16+ of NK cells -0.76 049 -1.07 0.068 =030 097
% IL21R+ cells of DR- CD4+ gd- T-cells ~14.56 0.018 043 0.97 14.99 0.050
% IL21R+ cells of CD28-CD4+ gd- T-cells =16.00 0.025 104 0.90 17.03 0.050
% IL21R+ cells of CD4+ T-cells. ~14.15 0.018 1.08 0.84 1523 0.046
% CD16- cells of NK cells. 075 0.50 108 0.062 033 097
% IL21R+ cells of CD45RA— CD4+ gd- T-cells —14.14 0.018 109 0.84 15.22 0.046
% IL21R+ cells of D4+ ga- T-cells -1433 0018 L 084 1546 0046
9 IL21R+ cells of CD28+ CD4+ gd- T-cells -14.28 0018 L5 084 1543 0046
% IL21R+ cell of total T-cells -1357 002 121 084 1478 0050
% IL21R+ cells of gd- T-cells -1375 0025 127 084 1502 0050
% IL21R+ cells of Lymphocyte —1442 0019 129 084 1571 0046
% IL21R+ cells of CD45RA+ CD4+ gd- T-cells —-15.13 0.018 164 0.81 16.77 0.046
9% HLA-DR- cells of CD4-— gd- T-cells 229 0.23 225 0.024 =0.04 0.99

% IL2IR+ cells of HLA-DR+ CD4+ gd- T-cells ~1L14 012 443 0.40 1557 0050
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Age/  Primary  Delay to Co- Fever  Cutaneous Neutrophilia ~ Eosinophilia ~ Treatment  Resolution  Specific mutation

sex disease  onset of medication involvement

symptoms
32/F SLE 15d Low dose steroid/ Yes Initially affecting the = No No Systemic 41d No
calcium carbonate limbs, an itching steroids/
and vitamin D3/ pustular rash with antihistamine/
pantoprazole an erythematous mycophenolate
sodium enteric- base that spread to mofetil/
coated (long-term other parts thalidomide
use)
33/F RA 7d Methotrexate/folic |~ No Pustules with an No No Topical steroid/ 15d No
acid (long-term erythematous base. antihistamine
use) that started on the

scalp and spread

throughout the
body
6/F SLE 9d Low dose steroid/ | Yes Itchy pustular rash | Yes No Systemic 194 NM_001366385.1(CARD14).1641G > C
calcium withan steroids/ (pArg547Ser);
carbonate/ erythematous base, antihistamine NM_001366385.1(CARD14):c.2458C> T
pantoprazole beginning on the (p-Ag820Trp);
sodium enteric- face and spreading NM_001366385.1(CARD14)¢24224 > G
coated to the body (p:Thrs08Ala);
NM_001366385.1(CARDI14):c.1323C>T
(pAspa41Asp).
28/F RA 204 Leflunomide Yes Iiching pustular Yes No Systemic 2ud NM_001366385.1(CARD14):c.2458C>T
(long-term use) rash with an steroids/ (p-Arg820Trp);
erythematous base antihistamine NM_001366385.1(CARD14)¢. 24224 >G
that started on the (pThr808AL).
hand and spread to
other parts
A5/F RA/pSS 254d Low dose steroid/ | Yes Itchy pustular rash | Yes No Systemic 36d NM_001366385.1(CARD14)¢.1753G > A
pantoprazole withan steroids/ (pValssslle);
sodium enteric- erythematous base, antihistamine NM_001366385.1(CARD14):c.633G > Alp.
coated/iguratimod beginning on the Glu211Glu);
face and spreading NM_001366385.1(CARD14):c.2481C> T
10 the body (p-Pro827Pro)

F, female; pSS, primary dryness syndrome; RA, theumatoid arthritis; SLE, systemic lupus erythematosus.
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Numberof ~ Age/Sex  Primary disease ~ Delay to onset Treatment Resolution after

cases of symptoms HCQ-withdrawal
Di Lernia etal. (14) 1 63/F RA 30d Systemic steroids/ 55d
cyclosporine
Liccioli etal. (. 1 9 Juvenile Sjogren’s 30d No treatment 7d
syndrome
Di Maso etal. (16) 1 34/F Undifferentiated 24 Systemic steroids/ CPEA Not reported
connective tissue
disease
Soria etal. (17) 6 48/23/45/F Erythematous 3-18d Not reported 7-18d
9/52/M facialdermatitis/
Photosensitivity/SLE/
RA/Cutaneous lupus
erythematosus
Pearson etal. (18) 1 S0/F RA 14d “Topical steroid 81d
Islamoglu et al. (19) 1 64/F PSS 204 Systemic steroids/ 37d
cyclosporine
Matsuda-Hirose 1 31F SLE 15d Systemic steroids 119d
etal (20)
Bailey etal. (21) 1 48/F SLE 14d Systemic steroids 18d
Assier-Bonnet et al. 1 36/F Seronegative 12d No treatment 13d
@) polyarthritis
Evans etal. (23) 1 28/F SLE 15d No treatment 21d
Martins etal. (24) 1 S1/F RA 14d Systemic steroids 21d
Paradisi et al. (25) 3 36/F 70/79M RA and pSS/RA/ 21/20120d Systemic steroids 8d/12d/15d
polymyalgia rheumatica
Avram etal. (26) 1 79/F RA 14d No treatment 14d
Parkeetal. (27) 1 38/F Dermatomyositis. 20d Systemic steroids Not reported
Charfi etal. (28) 1 33/F SLE 17d No treatment 7d
Zhangetal. (29) 1 60/F PSS 25d Systemic steroids 14d
Yalcin et al. (30) 1 67/F Seronegative 15d Systemic steroids/ 21d
polyarthritis cyclosporine
Castner etal. (31) 1 S6/F PSS 21d Systemic steroids/ 17d
cyclosporine
Duman et al. (32) 1 42/F RA 204 Systemic steroids 35d
Mohaghegh et al. 1 44/F Distal joint pain 5d Topical steroids 68d
©3)
Chaabouni et al. 7 47 (range: 35 pSS (three cases)/lichen 40 d (range: 15-122d)  Topical steroids (seven 39d (range: 15-91 d)
(34) 64)/7F planus (one case)/ cases)
recurrent aphthous
stomatits (one case)/
systemic scleroderma
(one case)/Melkersson-
Rosenthal syndrome
(one case)
Mofarrah etal. (35) 1 49F RA 17d “Topical steroids 7d
Munshi et al. (36) 1 76M Calcium pyrophosphate 18d Ixekizumab 1d
dihydrate crystal
deposition disease
Otake-Irie et al. 1 61M SLE 7d Systemic steroids 70d
(€]
Enos etal. (35) 1 29F Stevens-Johnson 1d Systemic steroids 38d
syndrome
Mercogliano et al. 1 7UF RA 14d No treatment 13d
(39)
Robustelli et al. (40) 1 70/F SARS-CoV-2 10d “Topical steroids 30d
pneumonia
Litaiem etal. (41) 1 39/E SARS-CoV-2 18d Died of pulmonary 5
preumonia embolism
Sinchez-Velzquez 1 3UF COVID-19 9d Cyclosporine 40d
etal. (12)
Lateef etal. (43) 1 67/F SLE 21d Systemic steroids 14d
Coleman etal. (44) 1 68/ Stevens-Johnson 204 Systemic steroids/ 10d
syndrome intravenous
immunoglobulin
Liuetal. (13) 1 69/F pSS/hypertension/ 20d Systemic steroids 16d
pulmonary fibrosis
‘Tian etal. (12) 1 35/F Undifferentiated 10d Systemic steroids/ 29d
connective tissue cyclosporine

diseases

COVID-19, coronavirus disease 2019; CPFA, coupled plasma filtration adsorption; F female; HCQ, hydroxychloroquine; M, male; pSS, primary dryness syndrome; RA, theumatoid arthritis;
SLE chtinl inas sy temitisis.
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Sample Results References

1 Serum ATX concentrations ‘The concentration of ATX was higher in patients with untreated SLE compared to that (19
of HC in both females and males.

2 mMRNA expression level of ENPP2

mune cells | ENPP2 expression was higher in pDCs of patients with SLE compared to that in HC. (49)

3 Serum ATX concentrations ATX levels were higher in patients with lupus nephritis compared to those with other ©7)

‘glomerulonephritis, such as diabetic nephropathy.

4 Urinary ATX/Cre concentrations Urinary ATX/Cre concentrations were higher in patients with lupus nephritis 6)
compared to those with HC.

ATX, autotaxin; HC, healthy controls; pDCs, plasmacytoid dendritic cells; SLE, systemic lupus erythematosus.





