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Editorial on the Research Topic 


The role of omics characteristics in the diagnosis, treatment, and prognosis of autoimmune diseases


Autoimmune diseases (ADs) represent a type of disease that causes damage to the body due to the disorder of autoantigen immune tolerance and host immune responses to autoantigens. Such defects could affect any part of the body, i.e. weakening bodily function and even turning life-threatening consequences. The incidence of ADs has increased over the past decade, affecting 5% to 8% of the world population and posing great challenge to the healthcare system. Up to now, more than eighty types of autoimmune diseases have been clinically identified. In addition to protect the host against infections, cancers and other diseases, the immune system also produces elevated levels of inflammatory cytokines and auto-antibodies that could induce complex autoimmune disorders (AIDs), such as Type I diabetes (T1D), primary biliary cirrhosis (PBC), rheumatoid arthritis (RA), multiple sclerosis (MS), autoimmune liver disease (ALD), systemic lupus erythematosus (SLE), ankylosing spondylitis (AS), Sjogren syndrome (SS), and polymyositis/dermatomyositis, etc. However, the pathogenesis of ADs and many other diseases, especially certain types of cancers, still remains elusive and needs to be illuminated systematically.

This current Research Topic brings nine articles together presenting and summarizing the most recent research updates, which give us a better understanding of new potential diagnostics and therapeutics for some ADs.

With the increasing attention to the disease and the improvement of diagnostic techniques, the perception of ADs has been gradually improved. The IgG4-RD is an immune-mediated disorder with diverse autoimmune features. Wu et al. identified four major cell types and twenty-one subtypes in IgG4-RD peripheral blood monocytes (PBMCs) by using single-cell RNA-sequencing.Such findings are of great relevance for clinical characterization of IgG4-RD patients. SLE is a chronic systemic inflammatory disease that can affect many organs including kidney, lung, and skin. The CDC27 gene was uniquely found in 24 lupus lineages by using whole-exome sequencing (WES) in combination with multiple analytical methods. This work by Shang et al. revealed that CDC27 gene may serve as a biomarker for the diagnosis of SLE. Of note, WES analytics showed as a useful methodology that might screen causative genes for other diseases through small pedigrees, especially among non-close relatives. RA is an ADs characterized by chronic erosive arthritis. Using comprehensive proteomic analysis, Hu et al. discovered that Orosomucoid 1 (ORM1) in the serum is differentially expressed between healthy subjects and RA patients. ORM1 is correlated with disease activity, CD56dim natural killer cell, effector memory CD8 T cell and natural killer cell in the pathological mechanism, highlighting future research on its role in RA pathogenesis. Psoriatic arthritis (PsA) is a chronic ADs characterized by both joint inflammation and skin psoriasis. Wang et al. identified differential metabolites among PsA patients, RA patients and healthy subjects by using ultra-high-performance liquid chromatography coupled with hybrid triple quadrupole time-of-flight mass spectrometry (UHPLC-Q-TOF-MS). Potential biomarkers including α/β-turmerone, glycerol 1-hexadecanoate, dihydrosphingosine, pantothenic acid and glutamine differentiate PsA from both HC and RA. Given the fact that joint inflammation occurrs in both PsA and RA patients, this study demonstrated the utility of metabolomics for early diagnosis of PsA and even for monitoring host response during treatment. Existing evidence suggests that both dysregulated innate and adaptive immune pathways contribute to the aberrant intestinal inflammatory response in patients with inflammatory bowel disease (IBD), while the exact etiology remains unclear. Using the Transcriptome and Metatranscriptome Meta-Analysis (TaMMA) framework and Cell-type Identification By Estimating Relative Subsets Of RNA Transcripts (CIBERSORT) method, Bai et al. identified and enumerated the composition of twenty-two immune cell types, demonstrating disease-specific (ulcerative colitis vs. Crohn’s disease) and lesion-specific immune cell features in IBD. These results would advance further development of precision immunotherapies for IBD.

Blood and serum circulating miRNAs have been explored as important biomarkers for early diagnosis, prognosis and prediction of drug response. Sun et al. profiled exosome miRNAs for early determination of the sensitivity of intravenous glucocorticoid therapy (ivGCs) in graves ophthalmopathy (GO) patients. Mir-885-3p was identified as a biomarker of ivGCs sensitive circulation through miRNA sequencing. This finding provides a scientific basis for the choice of treatment for GO patients and is of great clinical importance for ensuring a good prognosis in patients. Recently, accumulating studies have demonstrated that miRNAs play a key role in various cancers and ADs including RA, LSE, SS and systemic sclerosis. Chang et al. emphasized the important role of miRNA in RA susceptibility, pathogenesis and efficacy evaluation, providing a comprehensive summary to support precision medicine research in RA. Apart from conventional therapeutics, greater attention has also been focused on fecal microbiota transplantation in treating T1DM. He et al. conducted a 1-year follow-up study in two independent pediatric cohorts of T1DM disease, and found that patients in both cohorts showed better glycemic control, improved insulin resistance and no adverse effects post fecal transplantation. This study provides strong evidence for exploring fecal microbiota transplantation to treat T1DM. However, the clinical effectiveness of fecal microbiota transplantation relies on the input microbiota composition from the screened healthy donors. Interestingly, Cheng et al. found long-term travelling significantly changed the enterotype of individuals, i.e. great shifts in gut microbiota composition. Such shifts have been linked to the changes in the environment and diets that would likely account for switching their enterotypes. These results opened new avenues for probing the effects of diet and environment on human gut microbiota composition, as well as the implications of different human gut enterotypes in modelling host immunity and for treating patients with microbiota transplantation procedure.

Overall, this Research Topic provides readers with new ideas for the diagnosis and treatment of ADs. We could already understand from these works that the advancement of researches have promoted the understanding of pathogenesis of ADs. We believe the translation of these findings into clinics could largely improve the diagnosis and treatment of ADs. However, this Research Topic mainly focuses on RA, while less on other ADs. We look forward to more new studies to illustrate the disease-related mechanisms and the application of novel treatments to ADs for the health and wellness of ADs patients.
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Graves ophthalmopathy (GO), a manifestation of Graves’ disease, is an organ-specific autoimmune disease. Intravenous glucocorticoid therapy (ivGCs) is the first-line treatment for moderate-to-severe and active GO. However, ivGCs is only effective in 70%–80% of GO patients. Insensitive patients who choose 12-week ivGCs not only were delayed in treatment but also took the risk of adverse reactions of glucocorticoids. At present, there is still a lack of effective indicators to predict the therapeutic effect of ivGCs. Therefore, the purpose of this study is to find biomarkers that can determine the sensitivity of ivGCs before the formulation of treatment, and to clarify the mechanism of its regulation of ivGCs sensitivity. This study first characterized the miRNA profiles of plasma exosomes by miRNA sequencing to identify miRNAs differentially expressed between GO patients with significant improvement (SI) and non-significant improvement (NSI) after ivGCs treatment. Subsequently, we analyzed the function of the predicted target genes of differential miRNAs. According to the function of the target genes, we screened 10 differentially expressed miRNAs. An expanded cohort verification showed that compared with NSI patients, mir-885-3p was upregulated and mir-4474-3p and mir-615-3p were downregulated in the exosomes of SI patients. Based on statistical difference and miRNA function, mir-885-3p was selected for follow-up study. The in vitro functional analysis of exosomes mir-885-3p showed that exosomes from SI patients (SI-exo) could transfer mir-885-3p to orbital fibroblasts (OFs), upregulate the GRE luciferase reporter gene plasmid activity and the level of glucocorticoid receptor (GR), downregulate the level of inflammatory factors, and improve the glucocorticoid sensitivity of OFs. Moreover, these effects can be inhibited by the corresponding miR inhibitor. In addition, we found that high levels of mir-885-3p could inhibit the AKT/NFκB signaling pathway, upregulate the GRE plasmid activity and GR level, and downregulate the level of inflammatory factors of OFs. Moreover, the improvement of glucocorticoid sensitivity by mir-885-3p transmitted by SI-exo can also be inhibited by the AKT/NFκB agonist. Finally, through the in vivo experiment of the GO mouse model, we further determined the relationship between exosomes’ mir-885-3p sequence, AKT/NFκB signaling pathway, and glucocorticoid sensitivity. As a conclusion, plasma exosomes deliver mir-885-3p and inhibit the AKT/NFκB signaling pathway to improve the glucocorticoid sensitivity of OFs. Exosome mir-885-3p can be used as a biomarker to determine the sensitivity of ivGCs in GO patients.




Keywords: Graves ophthalmopathy, glucocorticoid sensitivity, plasma exosomes, miR-885-3p, AKT/NFκB signaling pathway



Introduction

Graves ophthalmopathy (GO) is an organ-specific autoimmune disease associated with Graves’ disease (1). 25%–50% of Graves’ disease is accompanied by varying degrees of GO. GO significantly affects the appearance of patients. In severe cases, the patient’s eyeball is fixed, resulting in corneal ulcer, total ophthalmia, and even blindness. Even mild GO will also lead to a significant decline in the psychological state and quality of life (2).

IvGCs is the first-line treatment for moderate-to-severe active GO. For mild GO, ivGCs is also recommended when the quality of life is seriously affected (3). In other words, most of active GO needs ivGCs treatment. However, ivGCs is only effective in 70%–80% of GO patients (3, 4), which means that at least one GO patient is insensitive to ivGCs in five patients. Insensitive patients who choose 12-week ivGCs not only delay treatment but also bear the risk of adverse reactions of glucocorticoids, such as cortical hyperfunction, severe infection, and organ dysfunction. Therefore, it is very important to find an appropriate method to determine the ivGCs sensitivity of GO patients.

Studies found that the clinical signs of GO patients (5), the duration of eye symptoms and restoration of euthyroidism (6), the response to ivGCs during treatment (7), ocular MRI alone (8, 9), or combined with clinical activity score (CAS) (10) may be helpful to determine the sensitivity of ivGCs. However, some of these methods are subjective and cannot be quantified, and some are expensive and difficult to popularize. Moreover, the time of judging sensitivity by these methods is relatively lagging. Therefore, there is still a lack of effective biomarkers that are convenient to detect and determine the sensitivity of ivGCs before making treatment plans.

The biomarkers that can predict the sensitivity of ivGCs in GO patients mainly include proteins, nucleic acids, and lipids. It is generally believed that the nucleotide sequence change of GR can change the sensitivity of glucocorticoid sensitivity. However, this phenomenon seems not to be found in GO patients treated with ivGCs. A study of 58 GO patients treated with ivGCs found that the 3 GR gene polymorphisms, ER22/23EK, N363s, and BCL1 do not influence the therapeutic effect of steroids (11). Li found that patients with high IgG4 levels responded better to ivGCs treatment (12). However, this does not mean that patients with normal or low IgG4 levels are less sensitive to ivGCs. It has also been confirmed that patients with baseline LDL >193.6 mg/dl may have poor response to ivGCs treatment (13). However, this phenomenon can be ameliorated by lipid-lowering therapy. Studies have shown that serum miR-224-5p may predict whether GO patients are sensitive to ivGCs (14).

Exosomes are 30–150-nm membrane vesicles secreted by almost all types of human cells. In 1983, exosomes were first found in sheep reticulocytes. After nearly 40 years of research, exosome detection technologies are becoming more and more mature, and independent databases of exosomes such as exoRBase (http://www.exorbase.org/exoRBaseV2/toIndex) and exocorta (http://exocarta.org/index.html) were established. However, serum miRNAs are fragile and very sensitive to RNA enzymes in the air, and its level will fluctuate with physical factors. Under the protection of the double-layer membrane structure, plasma exosome miRNAs remain stable without degradation. More importantly, exosome miRNAs can be easily and stably extracted even in long-term frozen samples. Plasma exosome miRNAs may be helpful to determine the sensitivity of ivGCs.

Therefore, the purpose of this study is to search for exosome miRNAs that can early determine the sensitivity of ivGCs in GO patients and to clarify the mechanism of exosome miRNAs regulating glucocorticoid sensitivity. In order to solve this problem, miRNA sequencing was performed on plasma exosomes of SI and NSI patients, and differential expression of exosome miRNAs was analyzed. Candidate miRNAs were screened according to the function of target genes and validated by PCR of the extended cohort. We found that plasma exosome mir-885-3p levels were upregulated in ivGCs-sensitive GO patients. Finally, through in vitro and in vivo functional analyses of exosome mir-885-3p, we confirmed that SI-exo delivered mir-885-3p into OFs and upregulated the level of mir-885-3p. The upregulated mir-885-3p targeted the inhibition AKT/NFκB signaling pathway and improved the glucocorticoid sensitivity of OFs.



Materials and Methods


Patients

A total of 17 patients diagnosed as moderate-to-severe activity GO according to NOSPECS score (Table S1) and CAS score (Table S2) were included. The above patients were from the Department of Endocrinology and Metabolic Diseases of the Second and Fourth Affiliated Hospitals of Harbin Medical University. According to EUGOGO (3), ivGCs was their first choice of treatment. The exclusion criteria included the following: 1) inactive or mildly active GO; 2) patients who received orbital radiation therapy, orbital decompression, or other immunosuppressive therapy within the last 3 months; and 3) contraindications of glucocorticoid therapy.

Baseline plasma was obtained before treatment. After 12 weeks of treatment, according to the grouping criteria of enrolled patients (Table 1), the patients were divided into SI (n = 11) and NSI (n = 6) groups. This experiment was reviewed by the Ethics Committee of the Second Affiliated Hospital of Harbin Medical University, China (no. KY2016-046).


Table 1 | Grouping criteria of enrolled patients.





Exosome Isolation and Identification

Exosomes were isolated from plasma according to the instructions for the Plasma Exosome Extraction Kit (Invitrogen, Carlsbad, CA, USA). The particle size distribution and concentration of exosomes were detected by a NOT analyzer (Zeta View PMX 110, Particle Metrix, Meerbusch, Germany). Exosome morphology was observed by transmission electron microscopy (Hitachi, Tokyo, Japan). Exosome protein concentrations were determined by BCA protein quantification (Beyotime, Shanghai, China). Finally, exosome-specific marker proteins CD9, CD81, and TSG101 were detected by Western blot.



Screening Differentially Expressed Exosome miRNAs

Three patients in both SI and NSI groups were randomly selected for exosome miRNA sequencing. Sequencing data were analyzed, and the differentially expressed exosome miRNAs were defined as miRNAs with p value <0.05 and log2(fold change) ≠ 0.

The target genes of miRNA identified in differential exosomes were predicted by miRanda (15)and RNAhybrid (16), and the intersection of target genes was obtained by the two methods for subsequent analysis. The target gene was enriched and analyzed by Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (Go) to predict the function of the target gene. One KEGG pathway and two Go function target genes related to glucocorticoid pharmacological action were selected, and the intersection was taken to obtain the candidate miRNA target genes. Corresponding miRNAs were screened according to target genes. Finally, expanded cohort verification of differential miRNA was performed on the remaining 11 secrete samples.



Plasmid Construction

The possible sites of mir-885-3p predicting AKT intervention were queried in the miRNA database. Two pairs of DNA single strands (Table S3) were designed according to the sequence around the miRNA-binding prediction site gctgcca. After annealing, the DNA single strand was linked to pmirglo (Promega, Madison, WI, USA) plasmid digested with sac I and Xho I, and AKT2 3-UTR and mut-AKT2 3-UTR plasmids were constructed.



Establishment and Treatment of the GO Animal Model

The GO animal model was established by Balb/c female mice aged 8–10 weeks. The establishment method of the model group was the same as our previous study (17), and the control group was given the same amount of PDF. After modeling, 3 mice in the model group and control group were randomly sacrificed. The left orbital tissue of each mouse was used for histological analysis, and the right orbital tissue was resected under aseptic conditions for primary culture OFs.

Other mice in the model group were randomly divided into 6-week treatment group, 9-week treatment group, 12-week treatment group, and corresponding control group. In the first 6 weeks of treatment, mice in the treatment group were given methylprednisolone 1 mg/kg intraperitoneal injection once a week. From the 7th week, the dose of methylprednisolone was adjusted to 0.5 mg/kg. The control group was given the same amount of normal saline. The mice were sacrificed at the 6th, 9th, and 12th weeks of treatment, and their plasma and orbital tissue were collected for analysis. All mice were provided by the Experimental Animal Center of the Second Affiliated Hospital of Harbin Medical University, raised in an environment free of specific pathogens and operated in accordance with the humane animal care standards stipulated by Harbin Medical University. Animal experiment was reviewed by the Ethics Committee of the Second Affiliated Hospital of Harbin Medical University, China (no. KY2017-110).



Primary Cell Culture and Identification

GO mouse extraocular muscle was obtained under aseptic conditions, and primary OFs were cultured. The OFs were cultured in Dulbecco’s modified Eagle medium (Corning, Tewksbury, MA, USA) with 10% fetal bovine serum (ExCell Bio, Montevideo, Uruguay) and incubated in a constant 37°C, 5% CO2-humidified environment. The cells were identified by immunofluorescence.



Immunofluorescence Staining of Exosomes and Cells

500 μg purified exosome suspension was taken and diluted to a volume of 500 μl with sterile 1× PBS. According to the instructions, exosomes were labeled with PKH26 staining kit (Maokangbio, Shanghai, China). After staining, the concentration of the stained exosome suspension was quantified by the BCA method (Beyotime, Shanghai, China), and then aseptic 1× PBS adjusted the exosomes to the appropriate concentration.

5 × 104 OFs were spread to a 24-well plate containing sterile slides. Cells were adjusted to a bottling rate of 50%, and a complete culture medium containing 25 μg/ml PKH26-labeled exosomes was added for 24 h. After PBS cleaning, fixation was performed with 4% formaldehyde solution, room temperature peroxidation with 0.5% Triton X-100 solution (Solarbio, Beijing, China), cytoskeleton staining with FITC working solution (Sigma, San Francisco, CA, USA), and nucleus staining with DAPI (Solarbio, China). Finally, they were observed and photographed by a fluorescence microscope.



miRNA Transfection

The day before transfection, OFs were inoculated into T-25 culture vials in a quantity of 5 × 105 per vial. 10-μl miRNA plasmids (Table S3) and Lipofectamine 3000 (Invitrogen, USA) were diluted in the medium and mixed. Each mixed medium was added to OFs for incubation, and the culture was continued for 8 h in the incubator. Complete medium was replaced and expanded to the number required for the experiment.



Western Blotting

The proteins of suspensions OFs, exosomes, and tissues were obtained and quantified by the BCA method (Beyotime, Shanghai, China). Protein lysates were transferred to the PVDF membrane by 8% SDS-PAGE (Beyotime Biotechnology, China). The PVDF membrane was cleaned with TBST and sealed with 5% skim milk powder for 2 h. The cut film was incubated overnight in the primary antibody dilution solution and 2 h in the secondary antibody dilution solution. Finally, the film was scanned. The main antibodies used included HRP-binding GAPDH monoclonal antibody (ProteinTech, Wuhan, China), AKT polyclonal antibody (ProteinTech, China), NFκB P65 polyclonal antibody (ProteinTech, China), Rabbit Anti-phosphorylated NFκB P65 (Ser276) Antibody (Bioss, Beijing, China), Rabbit Anti-phosphorylated AKT (Ser473) antibody (Bioss, China), IL-1α polyclonal antibody (ProteinTech, China), ICAM1 polyclonal antibody (ProteinTech, China), CD9 monoclonal antibody (ProteinTech, China), TSG101 polyclonal antibody (ProteinTech, China), CD81 monoclonal antibody (ProteinTech, China), Goat Anti-mouse IgG (H+L) (ProteinTech, China), Goat anti-rabbit IgG (H+L) (ProteinTech, China), and glucocorticoid receptor polyclonal antibody (ProteinTech, China).



Real-Time Quantitative PCR

TRIzol (Thermo Fisher Scientific, Waltham, MA, USA) extracted total RNA from OFs, exosomes, and tissues. 1 µg RNA was reversed transcribed using the transcript first-strand cDNA synthesis Kit (Roche Diagnostics GmbH, Mannheim, Germany). Thermal cycling conditions were as follows: pre-denaturation at 95°C for 3 min, 95°C for 20 s, and 60°C for 45 s for 40 cycles. Fluorescence was measured at the end of each cycle. Primers were synthesized by Shanghai Tianhao Biotechnology Co., Ltd., China. Detailed sequences information of primers are shown in Table S4.



Double Luciferase Activity Detection

The OFs transfected with pGRE-luc (Beyotime, Shanghai, China) and pRL-TK (Beyotime, Shanghai, China) were incubated with lysate, and 300-μl samples were taken into the chemiluminescence detection tube. 500 μl 1× firefly luciferase reaction solution (Solebo Technology Co., Ltd., China) was added to the reaction tube. The Junior LB 9509 chemiluminescence detector detected the luminescence value for 10 s. 500 μl 1× Aquin luciferase reaction solution (Sobibor Technology Co., Ltd., China) was added and gently blown and mixed. The luminescence value was detected by a Junior LB 9509 chemiluminescence detector for 10 s. Relative luciferase activity was calculated based on the two luminescence obtained in each group.




Results


Compared With NSI, Plasma Exosome mir-885-3p Was Upregulated, and mir-4474-3p and mir-615-3p Were Downregulated in SI Patients

In this study, three patients in the SI and NSI groups were randomly selected to extract plasma exosomes (hereinafter referred to as SI-exo, NSI-exo). Transmission electron microscopy, Western blot, and nanoparticle tracking analysis (NTA) were used to verify that the extract was plasma exosome. Transmission electron microscopy showed that there was no significant difference in the morphology of plasma exosomes between SI and NSI, with a diameter of about 100 nm and a typical concave disc-like structure (Figure 1A). Western blot showed a positive expression of plasma exosome-specific marker proteins CD9, CD81, and TSG101 (Figure 1B). NTA analysis showed that the vesicles at about 100 nm in the SI and NSI groups accounted for more than 95% (Figure S1). These results indicated that exosomes were extracted successfully from plasma exosomes. In addition, the BCA quantification of plasma exosome protein in SI and NSI groups was 1.51 ± 0.02 and 1.52 ± 0.01 mg/ml, respectively. There was no statistical difference between the two groups, indicating that there was no significant difference in the concentration of exosome between the two groups.




Figure 1 | Screening differentially expressed exosome miRNAs. (A) Transmission electron microscopy of plasma exosomes of the SI and NSI groups. (B) Western blot detected exosome-labeled proteins CD9, CD81, and TSG101. (C) Heat map of the cluster analysis of differentially expressed miRNAs among 6 random samples from the SI and NSI groups. (D) Volcano map of differentially expressed miRNAs among 6 random samples from the SI and NSI groups. (E) Scatter plot of KEGG enrichment in differential exosome miRNA target genes. (F) Bar chart of Go enrichment analysis of differential exosome miRNA target genes. (G) Veen analysis of differential exosome miRNA target genes. (H) PCR results of candidate exosome miRNAs among the remaining samples.



Subsequently, miRNA expression profiles of 6 plasma exosomes were analyzed by miRNA-seq. A total of 50 differentially expressed exosome miRNAs were screened. Compared with the NSI group, there were 26 upregulated miRNAs and 24 downregulated miRNAs in the SI group (Figures 1C, D). The scatter plot of KEGG enrichment (Figure 1E) showed the 10 most significant KEGG enrichment signaling pathways, including the cytokine–cytokine receptor interaction, chemokine signaling pathway, ribosome signaling pathway, amino sugar and nucleotide sugar metabolism, etc. 35 target genes enriched in chemokine signaling pathways related to GC pharmacological action were selected for the follow-up study. Bar chart of Go enrichment analysis is shown in Figure 1F. A total of 83 Go target genes enriched in cytokine receptor activity and reaction to lipopolysaccharide were selected. The 83 miRNAs and 35 target genes screened from KEGG were intersected, and 12 differentially expressed exosome miRNAs target genes were obtained: CCR7/CX3CR1/CXCR2/CXCR3/CXCR5/AKT1/CCL5/CXCL1/CXCL2/CXCL3/MAPK3/NFκB1 (Figure 1G).

The above 12 target genes correspond to 10 candidate miRNAs. Compared with the NSI group, there were 6 miRNAs upregulated (miR-6721-5p/miR-5096/miR-4446-3p/miR-885-3p/miR-4433b-3p/miR-671-3p) and 4 miRNAs downregulated (miR-615-3p/miR-4474-3p/miR-143-5p/miR-5581-3p) in the SI group. The levels of the above miRNA in plasma exosomes of the remaining 11 patients were detected by PCR. Compared with the NSI group, the expression of mir-885-3p was highly expressed (p = 0.001), and mir-4474-3p (p < 0.05) and mir-615-3p (p < 0.05) were low expressed (Figure 1H) in exosomes of the SI group. KEGG functional enrichment results showed that AKT, the predicted target gene of mir-885-3p, was a classic molecule of the chemokine signaling pathway. NFκB was a downstream protein of the chemokine signaling pathway, and it could regulate the expression of GR to some extent. Meanwhile, the difference of mir-885-3p between the two groups was the most significant (p = 0.001). Thus, mir-885-3p was selected for follow-up mechanism research.



SI-exo Improves the GC Sensitivity of OFs

In the above experiments, we observed that patients with upregulation of plasma exosome mir-885-3p at baseline were sensitive to ivGCs. However, it was still unclear whether there was a clear causal relationship and intrinsic association between them. To explore the exact mechanism, it was necessary to confirm that the increased glucocorticoid sensitivity was caused by exosomes.

At first, we cultured primary OFs from GO mice and identified them and then screened the optimal DEX, exosome intervention concentration, and time of OFs. The GO mice used in this project were derived from our recently reported study (17). It could be seen that the eyes of the mice in the model group are obviously prominent, bulbar conjunctival edema, tears, and increased periocular secretions (Figure 2A). Pathological results showed the fat infiltration between the optic nerve and muscles and the extraocular myositis cell infiltration of the model mice (Figure 2B). The primary culture of OFs was performed on GO mouse extraocular muscle. The immunofluorescence results showed that vimentin staining was positive, confirming that the extracted cells were OFs (Figure 2C). We treated with OFs at 0.1, 1, and 10 μM DEX conditions for 1, 12, and 24 h, respectively. It could be seen that the OFs under 24-h treatment with 0.1 μM DEX and the GR expression level were the highest (Figure 2D), and GRE luciferase reporter plasmid activity was the highest (Figure 2E). Therefore, the intervention concentration and time point of DEX were selected as 0.1 μM for 24 h. Subsequently, we used exosomes with protein concentrations of 0, 1.5, 3, 6.25, 12.5, and 25 μg/ml to intervene OFs 24 h. CCK8 found that exosomes had the greatest influence on cells under the condition of 25 μg/ml acting on OFs for 24 h. Therefore, 25 μg/ml for 24 h was selected as the intervention concentration and time point of exosomes (Figure 2F).




Figure 2 | SI-exo improves the glucocorticoid sensitivity of OFs. (A) Eye pictures of GO mice. (B) HE staining of retrobulbar tissue of GO mice (SP*200); “♦”: fat infiltration; “★”: inflammatory cell infiltration. (C) Results of primary OFs immunofluorescence identification; DAPI: labeling the OF nucleus with blue fluorescence; Vimentin: labeling vimentin with red fluorescence. (D) The Western blot result of the GR protein expression level when OFs in DEX at 0.1, 1, and 10 μM for 1, 12, and 24 h, respectively. Compared with the control group: *p < 0.05; **p < 0.01; ***p < 0.001. (E) The GRE luciferase reporter plasmid activity result when OFs in DEX at 0.1, 1, and 10 μM for 1, 12, and 24 h. Compared with the 0-μM group: *p < 0.05; **p < 0.01; ***p < 0.001. (F) CCK8 results of OFs in exosomes at 1, 1.5, 3, 6.25, 12.5, and 25 μg/ml for 24 h. Compared with the 0-μg/ml group: *p < 0.05; ***p < 0.001. (G) Immunofluorescence results of coculture of plasma exosomes and OFs. DAPI: labeling the OF nucleus with blue fluorescence; PKH26: labeling plasma exosomes with red fluorescence; FITC: labeling cytoskeleton with green fluorescence. (H) Plasmid activity of GRE luciferase reporter gene results in each group. DEX: 0.1 μm DEX-treated OFs for 24 h; SI-exo/NSI-exo: 25 μg/ml SI-exo/NSI-exo-treated OFs for 24 h; *p < 0.05; **p < 0.01; ***p < 0.001. (I) Statistical chart of PCR detection of GR, IL-1, and ICAM-1 mRNA levels in each group. Grouping and statistical methods are the same as (I). (J) Western blot detection of GR, IL-1, and ICAM-1 protein levels and statistical chart in each group. Grouping and statistical methods are the same as (I).



In order to explore the effect of exosome miRNAs on OFs, it was necessary to confirm that exosomes could enter into OFs. We cocultured 25 μg/ml plasma exosomes labeled with PKH26 (red fluorescence under the microscope) with OFs for 24 h. The merged image of immunofluorescence showed that the plasma exosomes were endocytosed by OFs (Figure 2G). Subsequently, we explored the effect of exosomes on the glucocorticoid sensitivity of OFs. We treated OFs with 25 μg/ml SI-exo and NSI-exo at 0.1 μM DEX for 24 h. It was found that SI-exo significantly upregulated the GRE luciferase reporter plasmid activity of OFs compared with NSI-exo (p < 0.001) (Figure 2H). At the same time, after SI-exo treatment, GR protein and mRNA levels were significantly upregulated (p < 0.01), and the protein (p < 0.01) and mRNA (p < 0.001) levels of inflammatory factors interleukin-1 (IL-1) and intercellular cell adhesion molecule-1 (ICAM-1) were significantly downregulated (Figures 2I, J). It could be seen that SI-exo can improve the glucocorticoid sensitivity of OFs.



SI-exo Improves the Glucocorticoid Sensitivity of OFs by Transferring mir-885-3p

Previous experiments had confirmed that SI-exo could improve the glucocorticoid sensitivity of OFs, but it still cannot prove that the regulation of SI-exo on glucocorticoid sensitivity was achieved by changing the level of miR-885-3p in OFs. In the following experiments, we confirmed the above hypothesis. We treated OFs with 25 μg/ml SI-exo and NSI-exo, respectively, under 0.1 μM DEX for 24 h. We found that both SI-exo and NSI-exo could upregulate the level of mir-885-3p of OFs. Compared with NSI-exo, SI-exo had a stronger upregulation effect on the level of mir-885-3p of OFs (p < 0.001) (Figure 3A). Subsequently, we added the miR-inhibitor and inhibitor NC respectively on the basis of the above grouping. It was observed that when the SI-exo and miR-inhibitors intervened in cells at the same time, the level of mir-885-3p was significantly lower than that of SI-exo alone under the condition of 0.1 μM DEX (p < 0.001). The same trend results also appeared in the NSI-exo group. This indicates that the miR inhibitor can inhibit well the upregulation of miR-885-3p by exosomes (Figure 3B). We also observed the GRE luciferase reporter gene plasmid activity and GR, IL-1, ICAM-1 protein, and mRNA levels in each group. It was found that under the condition of 0.1 μM DEX, compared with that treated with SI-exo alone, the GRE luciferase reporter gene plasmid activity of OFs treated with SI-exo and miR inhibitor was significantly decreased (p < 0.001) (Figure 3C), the GR protein and mRNA levels were significantly downregulated (p < 0.001), and inflammatory factor IL-1 and ICAM-1 protein levels (p < 0.001) and mRNA levels (p < 0.01) were significantly upregulated (Figures 3D, E). In other words, when the upregulation of SI-exo on miR-885-3p was blocked by the miR inhibitor, the effect of SI-exo on improving OF glucocorticoid sensitivity was weakened. That is, SI-exo enhances the glucocorticoid sensitivity of OFs by transferring miR-885-3p.




Figure 3 | SI-exo improves the glucocorticoid sensitivity of OFs by transmitting mir-885-3p. (A, B) Statistical chart of PCR detection of mir-885-3p in each group. DEX: 0.1 μm DEX-treated OFs for 24 h; SI-exo/NSI-exo: 25 μg/ml SI-exo/NSI-exo-treated OFs for 24 h; miR-885-3p: miR-885-mic-treated OFs for 24 h; miR-nc: NC miRNA-treated OFs for 24 h; **p < 0.01; ***p < 0.001. (C) Plasmid activity of GRE luciferase reporter gene results in each group; grouping and statistical methods are the same as in (B); (D) Western blot detection of GR, IL-1, and ICAM-1 protein levels in each group; grouping and statistical methods are the same as in (B). (E) Statistical chart of PCR detection of GR, IL-1, and ICAM-1 mRNA levels in each group; grouping and statistical methods are the same as in (B).





Mir-885-3p Upregulates Glucocorticoid Sensitivity of OFs

We attempted to explore the relationship between miR-885-3p and glucocorticoid sensitivity. For this purpose, mir-885-mimics and mir-NC were used to treat OFs under 0.1 μM DEX for 24 h. It was found that mir-885-3p levels were upregulated after the addition of mir-885-3p mimics, which confirmed the good upregulation effect of mir-885-mimics on mir-885-3p (Figure 4A). Then, we detected the GRE luciferase reporter gene plasmid activity and GR, IL-1, ICAM-1 protein, and mRNA levels of each group of OFs. It was found that when mir-885-3p was upregulated, GRE gene plasmid activity increased (p < 0.001) (Figure 4B), the GR level was significantly upregulated (p<0.001), and inflammatory factors were significantly downregulated (Figures 4C, D). The above results suggested that mir-885-3p upregulates the glucocorticoid sensitivity of OFs.




Figure 4 | Mir-885-3p regulated the glucocorticoid sensitivity of OFs by targeting AKT/NFκB. (A) Statistical chart of PCR detection of mir-885-3p in each group. DEX: 0.1 μm DEX-treated OFs for 24 h; miR-885-3p: miR-885-mic-treated OFs for 24 h; miR-NC: NC miRNA-treated OFs for 24 h; *p < 0.05; **p < 0.01; ***p < 0.001. (B) Plasmid activity of GRE luciferase reporter gene results in each group; grouping and statistical methods are the same as in (A). (C) Western blot detection of GR, IL-1, and ICAM-1 protein levels in each group; grouping and statistical methods are the same as in (A). (D) Statistical chart of PCR detection of GR, IL-1, and ICAM-1 mRNA levels in each group; grouping and statistical methods are the same as in (A). (E) The results of double luciferase in 293T cells; miRNA-885: miRNA-885-3p mimics co-transfected with plasmid; miRNA NC: corresponding NC miRNA co-transfected with plasmid; empty: co-transfected plasmid was empty; AKT: co-transfected plasmid was AKT2 3′-UTR recombinant plasmid; mut: co-transfected plasmid was mut-AKT2 3′-UTR recombinant plasmid; ns, no statistical significance; ***p < 0.001. (F) Western blot detection of AKT protein levels in each group; grouping and statistical methods are the same as in (A). (G) Western blot detection of AKT, pAKT, NFκB, and pNFκB protein levels in each group; grouping and statistical methods are the same as in (A). (H) Statistical chart of PCR detection of AKT and NFκB mRNA levels in each group; grouping and statistical methods are the same as in (A). (I) Statistical chart of PCR detection of mir-885-3p in each group. DEX: 0.1 μm DEX-treated OFs for 24 h; miR-885-3p: miR-885-mic-treated OFs for 24 h; miR-NC: NC miRNA-treated OFs for 24 h; SC79: AKT agonist-treated OFs for 24 h; *p < 0.05; **p < 0.01; ***p < 0.001. (J) Plasmid activity of GRE luciferase reporter gene results in each group; grouping and statistical methods are the same as in (I). (K) Statistical chart of PCR detection of GR, IL-1, and ICAM-1 mRNA levels in each group; grouping and statistical methods are the same as in (I). (L) Western blot detection of GR, IL-1, and ICAM-1 protein levels in each group; grouping and statistical methods are the same as in (I).





Mir-885-3p Upregulates Glucocorticoid Sensitivity of OFs by Regulating AKT/NFκB

In the following experiments, we explored the endogenous association between mir-885-3p upregulation and increased the glucocorticoid sensitivity. In the previous target gene prediction of differentially expressed exosome miRNAs, we predicted that mir-885-3p might be able to target the regulation of AKT. At the same time, AKT was also one of the 12 target genes of differential exosome miRNA. Therefore, we constructed AKT2 3′-UTR and mut-AKT2 3′-UTR plasmids by using AKT as the downstream target gene of mir-885-3p. 293T cells and OFs were co-transfected with miRNA mimics, miR-NC, recombinant plasmid, and empty plasmid. Compared with the control group, the luciferase activity of the 293T cells co-transfected with mir-885-mimics and AKT2 3-UTR recombinant plasmid was significantly decreased after transfection 48 h (p < 0.001) (Figure 4E). Western blot results showed that the AKT level of OFs significantly decreased after transfection of mir-885-mimics (p < 0.001) (Figure 4F). The targeted regulation of AKT by mir-885-3p was confirmed.

Subsequently, we transfected mir-885-mimic and mir-NC under 0.1-μM DEX conditions and treated OFs for 24 h. Western results showed that the AKT, pAKT, NFκB, and pNFκB protein levels of OFs were changed, especially pAKT (p < 0.001) and pNFκB (p < 0.001) levels which were significantly downregulated (Figure 4G) after transfection with mir-885-mimic compared with that of mir-NC. The trend of AKT and NFκB mRNA levels in each group was consistent with Western blot results (Figure 4H). It was confirmed that upregulated mir-885-3p regulates the AKT/NFκB signaling pathway.

On the basis of the above grouping, we added AKT agonist SC79 as mir-885-SC79 group and mir-NC-SC79 group, respectively. We found that the mir-885-3p level in the mir-885-SC79 group was significantly higher than that in the mir-NC-SC79 group after the addition of SC79, indicating that SC79 did not affect the upregulation of mir-885-3p by the mir-885-mimic (Figure 4I). Analysis of GRE luciferase reporter gene plasmid activity showed that the GRE gene plasmid activity in the mir-885-3p group was significantly higher than that in the DEX group and the mir-NC group (p < 0.001), but the GRE gene plasmid activity was significantly decreased after the addition of SC79 (p < 0.001) (Figure 4J). Similarly, the protein and mRNA levels of GR in the mir-885 group were significantly higher than those in the mir-NC group (p < 0.001), and the protein and mRNA levels of inflammatory factors IL-1 and ICAM-1 were lower than those in the Mir-NC group (p < 0.001). After the addition of SC79, the protein and mRNA levels of GR, IL-1, and ICAM1 showed an opposite trend compared with the mir-885-3p group (Figures 4K, L). These results suggested that mir-885-3p regulates glucocorticoid sensitivity through the AKT/NFκB pathway.



SI-exo Transmits mir-885-3p to Target AKT/NFκB Upregulates the Glucocorticoid Sensitivity of OFs

In the above experiment, we confirmed that mir-885-3p delivery by SI-exo increases the glucocorticoid sensitivity of OFs and upregulated mir-885-3p targeting regulates AKT/NFκB and improves the glucocorticoid sensitivity of OFs. Next, we attempted to link the two conclusions together, confirming that mir-885-3p delivered by SI-exo also improved the glucocorticoid sensitivity of OFs by regulating AKT/NFκB. Under 0.1-μM DEX conditions, SC79 was added into OFs treated with SI-exo and NSI-exo. Compared with OFs treated with SI-exo alone, the plasmid activity of the GRE luciferase reporter gene in the OFs treated with both SI-exo and SC79 decreased significantly (p < 0.001) (Figure 5A), the levels of GR protein and mRNA decreased significantly (p < 0.001), and the levels of protein and mRNA of inflammatory factors IL-1 and ICAM-1 increased significantly (p < 0.001). The same trend results also appeared in the NSI-exo group (Figures 5B, C). In other words, when the AKT/NFκB signaling pathway was activated, the effect of exosomes on OF glucocorticoid sensitivity weakened. In conclusion, SI-exo delivered mir-885-3p into OFs, upregulated the OF mir-885-3p level, targeted the inhibition AKT/NFκB signaling pathway, and improved the glucocorticoid sensitivity of OFs (Figure 6).




Figure 5 | SI-exo transfer miR-885-3p targeting AKT/NFκB improving the glucocorticoid sensitivity of OFs. (A) Plasmid activity of GRE luciferase reporter gene results in each group. DEX: 0.1 μm DEX-treated OFs for 24 h; SI-exo/NSI-exo: 25 μg/ml SI-exo/NSI-exo-treated OFs for 24 h; SC79: AKT agonist-treated OFs for 24 h; ***p < 0.001. (B) Statistical chart of PCR detection of GR, IL-1, and ICAM-1 mRNA levels in each group; grouping and statistical methods are the same as in (A). (C) Western blot detection of GR, IL-1, and ICAM-1 protein levels in each group; grouping and statistical methods are the same as in (A).






Figure 6 | Mechanism pattern of exosome mir-885-3p improving the glucocorticoid sensitivity of OFs.





The Relationship Between Exosome mir-885-3p Sequence, AKT/NFκB, and Glucocorticoid Sensitivity Exists In Vivo

In previous studies, we elucidated the intrinsic association between plasma exosomes with high mir-885-3p levels and glucocorticoid sensitivity. However, the results of in vitro experiments could not fully represent the mechanism in vivo. Therefore, GO mice were treated with glucocorticoid and sacrificed at the 6th, 9th, and 12th weeks of the treatment course, respectively, to observe whether the relationship between mir-885-3p sequence and AKT/NFκB and glucocorticoid sensitivity existed in vivo.

The mice sacrificed at each time point were divided into glucocorticoid-sensitive group and insensitive group by orbital tissue histopathology. At the 6th week of treatment, nearly half of the mice had poor response, and at weeks 9 and 12, the proportion of mice with poor response decreased (Table 2). HE staining results of the orbital tissues in different groups of mice at each time point showed infiltration of inflammatory cells and connective tissue in the control group and the insensitive group. In contrast, muscle fibers in the sensitive group were smooth, and no such changes were observed in the interfascicles (Figure 7A). The sequence levels of plasma exosome mir-883-3p in each group of mice in Table 2 were detected, and it was found that compared with the glucocorticoid-insensitive group, the sequence levels of plasma exosome mir-883-3p in the glucocorticoid-sensitive group were upregulated at week 6 (p < 0.01), week 9 (p < 0.01), and week 12 (p < 0.001) of the treatment course (Figure 7B). Finally, we detected the protein levels of GR, AKT, and NFκB in the orbital tissues of the two groups at 12 weeks after treatment. Compared with the insensitive mice, GR expression in the orbital tissues of the sensitive group was upregulated (p < 0.001), while AKT (p < 0.001) and NFκB (p < 0.001) were downregulated (Figure 7C). These results suggested that the relationship between the level of mir-885-3p sequence in exosome, AKT/NFκB, and glucocorticoid sensitivity still existed in vivo.


Table 2 | Statistical table of mouse grouping.






Figure 7 | The relationship between exosomes’ mir-885-3p sequence, AKT/NFκB, and glucocorticoid sensitivity exists in vivo. (A) HE staining results of GO mice in the 6th, 9th, and 12th weeks of treatment. (B) The level of mir-885-3p sequence in plasma exosomes of mice in the 6th, 9th, and 12th weeks of treatment; **p < 0.01; ***p < 0.001. (C) Western blot detection of GR, AKT, and NFκB protein levels; ***p < 0.001.






Discussion

As the first-line treatment for GO, ivGCs has a sensitivity rate of only 70%–80%. At present, there is still a lack of biomarkers to effectively predict the curative effect of ivGCs. In this study, biomarkers that can predict the sensitivity of ivGCs before the formulation of diagnosis and treatment were explored by clinical sample sequencing, cell functional experiments, and in vivo validation of animal models, and the mechanism of their regulation of ivGCs sensitivity was elucidated.

Exosomes maintain normal physiological processes by acting on target cells and play an important role in the occurrence and development of diseases (18, 19). It has long been established that plasma exosomes are closely related to pathophysiological processes in the body. However, since Salomon et al. found in 2016 that the plasma exosome concentration changes with gestation age and status (20), the discussion on whether the relationship between exosomes and body is caused by the change in the concentration of exosome itself or the change of its contents has been continuing (20–22). In this study, we quantified the protein concentration of exosomes in SI and NSI patients, and the results showed that there was no significant difference in plasma exosomes concentration between the two groups. This suggested that the differences in miRNA levels detected in subsequent sequencing and validation results were caused by changes in corresponding miRNA content in exosomes, rather than changes in exosome concentration per unit volume of plasma.

MiRNAs are known to be associated with many diseases (23–25). In this study, miRNA sequencing technology was used to comprehensively analyze the miRNA expression profiles of ivGCs sensitive and insensitive patients. 50 differentially expressed exosome miRNAs were obtained by bioinformatics. In order to further explore the functions of these exosome miRNAs and screen target miRNAs related to glucocorticoids, we performed KEGG and Go enrichment analyses of different miRNA target genes. The chemokine signaling pathway enriched by KEGG is closely related to the pharmacological action of glucocorticoids (26, 27). The downstream protein of the chemokine signaling pathway is NFκB, and the anti-inflammatory effect of glucocorticoids is mainly achieved through the transcriptional inhibition of NFκB by GR (14, 28). At the same time, NFκB can regulate the expression of GR to some extent (29). Studies have shown that chemokines can affect the central nervous system response to reactive glucocorticoids by mediating T cell directional migration (30), and GR signal transduction caused by endogenous glucocorticoid rhythm changes can also lead to rhythmic fluctuations in chemokine receptor levels (31). Based on the above evidence, 35 differential exosome miRNA target genes enriched by KEGG into the chemokine signaling pathway were selected for follow-up analysis in this study. Go enrichment analysis results showed that differential exosome miRNA target genes were significantly enriched in cytokine receptor activity and response to lipopolysaccharide, which were closely related to the mechanism of glucocorticoids (32–36). Studies have found that increased stress of lipopolysaccharide can lead to GR exon variation (35), and the increase in ITS content is positively correlated with the expression of GR-β (36). GR itself acts as a cytokine receptor, and its ability to respond to glucocorticoids is closely related to cytokine receptor activity. Therefore, 83 target genes enriched in the above two Go functions were selected in this study, and the intersection with the above 35 target genes was obtained to obtain 12 differentially expressed exosome miRNA target genes, which correspond to 10 candidate miRNAs. According to Go and KEGG functional enrichment results, miRNA target genes differentially expressed in SI and NSI groups were mostly enriched in glucocorticoid-related pathways. Thus, the differential exosome miRNAs screened in this study are closely related to ivGCs sensitivity.

To further clarify miRNAs associated with ivGCs sensitivity, 10 candidate exosome miRNAs were verified by qRT-PCR in the extended cohort. Mir-885-3p, mir-4474-3p, and mir-615-3p showed significant differences between the two groups, which can be used as potential biomarkers to determine the sensitivity of ivGCs in GO patients. Based on statistical differences and miRNA functions, mir-885-3p was selected for follow-up study. To sum up, we only observed that patients with upregulation of plasma exosome mir-885-3p at baseline were sensitive to ivGCs. However, whether there is a clear causal relationship between them and the exact mechanism are still unclear. To explore the relationship between them, we performed cytological function analysis of SI-exo.

Studies have shown that specific miRNAs delivered by exosomes can affect the function of cocultured cells (19, 37). These results indicate that miRNAs in plasma exosomes can be transported to recipient cells through exosomes and then regulate functions of cells, although the parental cells of plasma exosomes selected in this study are not clear. However, exosome miRNA transmission is not a random process; exosomes play a role by binding with target cells through specific mechanisms (38). Therefore, at first, we confirmed that exosomes can be successfully ingested by OFs and upregulated mir-885-3p levels of OFs. These results suggest that plasma exosomes deliver mir-885-3p into OFs.

Next, we investigated the effect of plasma exosomes which transported mir-885-3p on the glucocorticoid sensitivity of OFs. For this purpose, four indicators were selected in this study to reflect the glucocorticoid sensitivity of cells. The IvGCs treatment of Graves ophthalmopathy is mainly because of its anti-inflammatory effects. The mechanism of its receptor GR is in the form of the inactive OF cytoplasm. After the glucocorticoid enters the cells, the cells within the passive diffusion combined with GR form the receptor and the ligand complexes to nuclear transfer, combined with the target gene promoter sequences of GRE, inhibiting inflammatory cytokine gene transcription (39). Therefore, the sensitivity of cells to glucocorticoid can be reflected by the transcriptional activation level of GRE, GR expression level, and inflammatory factor level. In this study, we found that when SI-exo was ingested by OFs, the GRE luciferase reporter gene plasmid activity, GR protein, and mRNA levels were significantly increased, and the levels of inflammatory factors decreased correspondingly. In other words, the glucocorticoid sensitivity of OFs increased. However, when mir-885-3p delivered by SI-exo was inhibited by the mir inhibitor, the effect of SI-exo on the glucocorticoid sensitivity of OFs was weakened. These results confirm that SI-exo enhances the glucocorticoid sensitivity of OFs by delivering mir-885-3p.

Subsequently, we attempted to find the internal relationship between mir-885-3p and OF glucocorticoid sensitivity. Prior to this, we first need to confirm that changes in mir-885-3p levels affect OF glucocorticoid sensitivity. In this study, it was found that when mir-885-3p was upregulated in OFs, the plasmid activity of GRE luciferase reporter gene and the GR protein and mRNA levels were significantly increased. The levels of IL-1 and ICAM-1 protein and mRNA decreased correspondingly. These results confirmed that the high level of mir-885-3p can increase the glucocorticoid sensitivity of OFs.

Therefore, what is the pathway through which mir-885-3p regulates glucocorticoid sensitivity? Exosome miRNAs can downregulate target protein levels by regulating posttranscriptional translation (40). Current studies have found that mir-885-3p can regulate the functions of multiple target genes such as HOXB2 (41), TLR4 (42), and Aurora A (43). Among the 12 differential exosome miRNAs target genes obtained by KEGG and Go (CCR7/CX3CR1/CXCR2/CXCR3/CXCR5/AKT1/CCL5/CXCL1/CXCL2/CXCL3/MAPK3/NFκB1), we predicted that mir-885-3p targeted the regulation of AKT. As a classical molecule of the chemokine signaling pathway, AKT regulates the expression of downstream protein NFκB (44), which is consistent with KEGG functional enrichment results. Therefore, we hypothesized that the mir-885-3p-targeted regulation of the AKT/NFκB signaling pathway enhances the glucocorticoid sensitivity of OFs.

The luciferase activity of mir-885-3p mimics and the AKT2 3′-UTR recombinant plasmid group was significantly reduced by dual luciferase reporter gene assay, confirming that mir-885-3p can target the 3′-UTR of AKT. In addition, to further verify the regulatory relationship, Western blot analysis showed that the AKT protein level of OFs was significantly downregulated after transfection with mir-885-3p. These results jointly confirmed that mir-885-3p can target and inhibit AKT expression. Subsequently, we found that when the AKT/NFκB pathway was excited by SC79, the promoting effect of mir-885-3p on glucocorticoid sensitivity disappeared. In other words, mir-885-3p enhances the glucocorticoid sensitivity of OFs by target regulation of AKT/NFκB.

For the sake of rigor, we further investigated whether mir-885-3p delivered by SI-exo also plays a role through AKT/NFκB. The results showed that when the AKT/NFκB pathway was activated by SC79, the promoting effect of mir-885-3p delivered by SI-exo on glucocorticoid sensitivity was also weakened. That is, mir-885-3p delivered by SI-exo improved the glucocorticoid sensitivity of OFs via AKT/NFκB.

It is worth mentioning that we found that the NSI-exo group also showed the same trend as SI-exo. NSI-exo can also upregulate the level of mir-885-3p in OFs and affect the levels of GR, IL-1, and ICAM-1. This effect can also be inhibited by the miR-inhibitor. This is because NSI-exo also contains a small amount of miR-885-3p. This also confirmed the effect of exosome mir-885-3p on the glucocorticoid sensitivity of OFs to some extent. However, since miR-885-3p in NSI-exo is not as high as in SI-exo, the effect of NSI-exo on OFs is limited. Similar phenomena have been seen in clinical cases. After ivGCs treatment, NSI group patients also showed a slight improvement. In other words, NSI group patients also have little response to ivGCs. We speculate that these responses are related to the small amount of mir-885-3p in plasma exosomes of NSI group patients. However, these slight improvements do not mean that ivGCs treatment completely alleviates the condition of NSI patients. It also does not mean that NSI patients are sensitive to ivGCs. This may be related to the insufficient amount of mir-885-3p in plasma exosomes of patients with NSI. It can also confirm our conclusion to some extent.

However, the mechanism described above was found in vitro. It remains unclear whether the mechanism holds true in vivo. In the patients we collected in this study, neither the SI group nor the NSI group received surgical treatment. Therefore, we have no way to obtain the patients’ posterior tissue to verify the above mechanism. We solve this problem through animal experiments. We treated GO mice with glucocorticoid and observed the relationship between mir-885-3p sequence level in plasma exosomes, AKT/NFκB level in orbital tissues, and glucocorticoid sensitivity in mice, confirming that our conclusions still hold in vivo.

We treated GO mice with glucocorticoid, and the mice were sacrificed at the 6th, 9th, and 12th weeks of the course, respectively. The mice were divided into glucocorticoid-sensitive group and insensitive group according to the pathological manifestations of orbital tissues histopathology. At the 6th week of treatment, about half (6/13) of mice were insensitive to glucocorticoid, while at the 9th and 12th weeks, the proportion of insensitive mice decreased to 3/14 and 3/12, respectively. The proportion of glucocorticoid-insensitive mice was similar at weeks 9 and 12. This result is consistent with the report by Guia that the sensitivity of ivGCs can be judged according to the response of GO patients during 6–8 weeks of treatment (5), which also confirms the accuracy of the results of this study. This suggests that glucocorticoid sensitivity in GO mice may be determined by performance at week 9 of treatment.

Due to the large amount of plasma required for extraction of exosomes and the small body weight of mice, it cannot ensure that mice can still survive when enough plasma is collected. Therefore, the existing technique in this study was unable to detect baseline plasma exosome mir-883-3p sequence levels in mice. We supported the conclusion of this study by detecting the level of plasma exosome mir-883-3p sequence in mice at the 6th, 9th, and 12th weeks of treatment. It was found that compared with the insensitive group, plasma exosome mir-885-3p sequence and GR level were upregulated, and AKT and NFκB levels were downregulated in the sensitive group after glucocorticoid treatment, which was consistent with the results in vitro experiment. We confirm that the changes of exosome mir-885-3p sequence, AKT/NFκB, and glucocorticoid sensitivity still existed in vivo.



Conclusion

In conclusion, this study provided the effective plasma exosome miRNA expression profile of GO patients by miRNA sequencing and searched stable and easily detected circulating biomarkers of ivGCs sensitivity. Meanwhile, the mechanism of exosome mir-885-3p regulating the sensitivity of ivGCs was elucidated: SI-Exo transfer mir-885-3p targeting the AKT/NFκB signaling pathway improves the ivGCs sensitivity of GO patients. Plasma exosome mir-885-3p is expected to become a reliable and feasible biomarker to predict GO patients’ sensitivity of ivGCs. It provides a scientific basis for the selection of treatment methods for GO patients and is of great significance to ensure the good prognosis of patients.



Data Availability Statement

The original contributions presented in the study are publicly available. These data can be found here: https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE190515 using the token yrsbcoaathsdnqj.



Ethics Statement

The studies involving human participants were reviewed and approved by the Ethics Committee of the Second Affiliated Hospital of Harbin Medical University, China (no. KY2016-046). The patients/participants provided their written informed consent to participate in this study. The animal study was reviewed and approved by the Ethics Committee of the Second Affiliated Hospital of Harbin Medical University, China (no. KY2017-110).



Author Contributions

HQ conceived the idea of this manuscript. JS performed the experiment. JW, YZ, JjL, JL, JY, MG, and JH collected the data and performed the data analysis. JS wrote the manuscript. All authors contributed to the article and approved the submitted version.



Funding

This work was supported by the National Natural Science Fund of China (grant nos. 81872560 and 82073491).



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2022.819680/full#supplementary-material

Supplementary Figure 1 | NTA analysis of plasma exosomes. Percentage: the proportion of vesicles with different sizes.



References

1. Sadeghi, Y, Oberic, A, Theintz, G, and Hamedani, M. Graves' Ophthalmopathy in a Paediatric Population. Klin Monbl Augenheilkd (2017) 234:591–4. doi: 10.1055/s-0043-100566

2. Wiersinga, WM. Quality of Life in Graves' Ophthalmopathy. Best Pract Res Clin Endocrinol Metab (2012) 26:359–70. doi: 10.1016/j.beem.2011.11.001

3. Bartalena, L, Baldeschi, L, Boboridis, K, Eckstein, A, Kahaly, GJ, Marcocci, C, et al. The 2016 European Thyroid Association/European Group on Graves' Orbitopathy Guidelines for the Management of Graves' Orbitopathy. Eur Thyroid J (2016) 5:9–26. doi: 10.1159/000443828

4. Zang, S, Ponto, KA, and Kahaly, GJ. Clinical Review: Intravenous Glucocorticoids for Graves' Orbitopathy: Efficacy and Morbidity. J Clin Endocrinol Metab (2011) 96:320–32. doi: 10.1210/jc.2010-1962

5. Ahn, HY, and Lee, JK. Intravenous Glucocorticoid Treatment for Korean Graves' Ophthalmopathy Patients. J Korean Med Sci (2020) 35:e177. doi: 10.3346/jkms.2020.35.e177

6. Wang, Y, Zhang, S, Zhang, Y, Liu, X, Gu, H, Zhong, S, et al. A Single-Center Retrospective Study of Factors Related to the Effects of Intravenous Glucocorticoid Therapy in Moderate-to-Severe and Active Thyroid-Associated Ophthalmopathy. BMC Endocr Disord (2018) 18:13. doi: 10.1186/s12902-018-0240-8

7. Bartalena, L, Veronesi, G, Krassas, GE, Wiersinga, WM, Marcocci, C, Marinò, M, et al. Does Early Response to Intravenous Glucocorticoids Predict the Final Outcome in Patients With Moderate-to-Severe and Active Graves' Orbitopathy? J Endocrinol Invest (2017) 40:547–53. doi: 10.1007/s40618-017-0608-z

8. Hu, H, Chen, HH, Chen, W, Wu, Q, Chen, L, Zhu, H, et al. T2 Mapping Histogram at Extraocular Muscles for Predicting the Response to Glucocorticoid Therapy in Patients With Thyroid-Associated Ophthalmopathy. Clin Radiol (2021) 76:159.e151–159.e158. doi: 10.1016/j.crad.2020.09.005

9. Zhai, L, Luo, B, Wu, H, Wang, Q, Yuan, G, Liu, P, et al. Prediction of Treatment Response to Intravenous Glucocorticoid in Patients With Thyroid-Associated Ophthalmopathy Using T2 Mapping and T2 IDEAL. Eur J Radiol (2021) 142:109839. doi: 10.1016/j.ejrad.2021.109839

10. Xu, L, Li, L, Xie, C, Guan, M, and Xue, Y. Thickness of Extraocular Muscle and Orbital Fat in MRI Predicts Response to Glucocorticoid Therapy in Graves' Ophthalmopathy. Int J Endocrinol (2017) 2017:3196059. doi: 10.1155/2017/3196059

11. Vannucchi, G, Covelli, D, Campi, I, Origo, D, Currò, N, Cirello, V, et al. The Therapeutic Outcome to Intravenous Steroid Therapy for Active Graves' Orbitopathy is Influenced by the Time of Response But Not Polymorphisms of the Glucocorticoid Receptor. Eur J Endocrinol (2014) 170:55–61. doi: 10.1530/EJE-13-0611

12. Li, Y, Luo, B, Zhang, J, Zhou, X, Shao, S, Xu, W, et al. Clinical Relevance of Serum Immunoglobulin G4 in Glucocorticoid Therapy of Graves' Ophthalmopathy. Clin Endocrinol (Oxf) (2021) 95:657–67. doi: 10.1111/cen.14493

13. Naselli, A, Moretti, D, Regalbuto, C, Arpi, ML, Lo Giudice, F, Frasca, F, et al. Evidence That Baseline Levels of Low-Density Lipoproteins Cholesterol Affect the Clinical Response of Graves' Ophthalmopathy to Parenteral Corticosteroids. Front Endocrinol (Lausanne) (2020) 11:609895. doi: 10.3389/fendo.2020.609895

14. Shen, L, Huang, F, Ye, L, Zhu, W, Zhang, X, Wang, S, et al. Circulating microRNA Predicts Insensitivity to Glucocorticoid Therapy in Graves' Ophthalmopathy. Endocrine (2015) 49:445–56. doi: 10.1007/s12020-014-0487-4

15. Betel, D, Wilson, M, Gabow, A, Marks, DS, and Sander, C. The microRNA.Org Resource: Targets and Expression. Nucleic Acids Res (2008) 36:D149–153 doi: 10.1093/nar/gkm995

16. Rehmsmeier, M, Steffen, P, Hochsmann, M, and Giegerich, R. Fast and Effective Prediction of microRNA/Target Duplexes. RNA (2004) 10:1507–17. doi: 10.1261/rna.5248604

17. Hao, M, Sun, J, Zhang, Y, Zhang, D, Han, J, Zhang, J, et al. Exploring the Role of SRC in Extraocular Muscle Fibrosis of the Graves' Ophthalmopathy. Front Bioeng Biotechnol (2020) 8:392. doi: 10.3389/fbioe.2020.00392

18. Jin, T, Gu, J, Li, Z, Xu, Z, and Gui, Y. Recent Advances on Extracellular Vesicles in Central Nervous System Diseases. Clin Interv Aging (2021) 16:257–74. doi: 10.2147/CIA.S288415

19. Yang, J, Hagen, J, Guntur, KV, Allette, K, Schuyler, S, Ranjan, J, et al. A Next Generation Sequencing Based Approach to Identify Extracellular Vesicle Mediated mRNA Transfers Between Cells. BMC Genomics (2017) 18:987. doi: 10.1186/s12864-017-4359-1

20. Salomon, C, Scholz-Romero, K, Sarker, S, Sweeney, E, Kobayashi, M, Correa, P, et al. Gestational Diabetes Mellitus Is Associated With Changes in the Concentration and Bioactivity of Placenta-Derived Exosomes in Maternal Circulation Across Gestation. Diabetes (2016) 65:598–609. doi: 10.2337/db15-0966

21. Salomon, C, Scholz-Romero, K, Sarker, S, Sweeney, E, Kobayashi, M, Correa, P, et al. Gestational Diabetes Mellitus Is Associated With Changes in the Concentration and Bioactivity of Placenta-Derived Exosomes in Maternal Circulation Across Gestation. Diabetes (2016) 65:598–609. doi: 10.2337/db15-0966

22. Liu, J, Wang, SZ, Wang, QL, Du, JG, and Wang, BB. Gestational Diabetes Mellitus is Associated With Changes in the Concentration and Bioactivity of Placental Exosomes in the Maternal Circulation Across Gestation. Eur Rev Med Pharmacol Sci (2018) 22:2036–43. doi: 10.26355/eurrev_201804_14733

23. Xu, J, Zhu, W, Cai, L, Liao, B, Meng, Y, Xiang, J, et al. LRMCMDA: Predicting miRNA-Disease Association by Integrating Low-Rank Matrix Completion With miRNA and Disease Similarity Information. IEEE Access (2020) 8:80728–38. doi: 10.1109/ACCESS.2020.2990533

24. Xu, J, Cai, L, Liao, B, Zhu, W, Wang, P, Meng, Y, et al. Identifying Potential miRNAs-Disease Associations With Probability Matrix Factorization. Front Genet (2019) 10:1234. doi: 10.3389/fgene.2019.01234

25. Yao, Y, Ji, B, Shi, S, Xu, J, Xiao, X, Yu, E, et al. IMDAILM: Inferring miRNA-Disease Association by Integrating lncRNA and miRNA Data. IEEE Access (2019) 8:16517–27. doi: 10.1109/ACCESS.2019.2958055

26. Hosoya, T, Shukla, NM, Fujita, Y, Yao, S, Lao, FS, Baba, H, et al. Identification of Compounds With Glucocorticoid Sparing Effects on Suppression of Chemokine and Cytokine Production by Rheumatoid Arthritis Fibroblast-Like Synoviocytes. Front Pharmacol (2020) 11:607713. doi: 10.3389/fphar.2020.607713

27. Yang, J, Peng, S, Zhang, B, Houten, S, Schadt, E, Zhu, J, et al. Human Geroprotector Discovery by Targeting the Converging Subnetworks of Aging and Age-Related Diseases. Geroscience (2020) 42:353–72. doi: 10.1007/s11357-019-00106-x

28. Liu, C, Wei, D, Xiang, J, Ren, F, Huang, L, Lang, J, et al. An Improved Anticancer Drug-Response Prediction Based on an Ensemble Method Integrating Matrix Completion and Ridge Regression. Mol Ther Nucleic Acids (2020) 21:676–86. doi: 10.1016/j.omtn.2020.07.003

29. Shang, L, Smith, AJ, Reilly, CS, Duan, L, Perkey, KE, Wietgrefe, S, et al. Vaccine-Modified NF-kB and GR Signaling in Cervicovaginal Epithelium Correlates With Protection. Mucosal Immunol (2018) 11:512–22. doi: 10.1038/mi.2017.69

30. Schweingruber, N, Fischer, HJ, Fischer, L, van den Brandt, J, Karabinskaya, A, Labi, V, et al. Chemokine-Mediated Redirection of T Cells Constitutes a Critical Mechanism of Glucocorticoid Therapy in Autoimmune CNS Responses. Acta Neuropathol (2014) 127:713–29. doi: 10.1007/s00401-014-1248-4

31. Besedovsky, L, Born, J, and Lange, T. Endogenous Glucocorticoid Receptor Signaling Drives Rhythmic Changes in Human T-Cell Subset Numbers and the Expression of the Chemokine Receptor CXCR4. FASEB J (2014) 28:67–75. doi: 10.1096/fj.13-237958

32. Yalinbas, EE, Sezgin Evim, M, Bor, O, and Gulbas, Z. Cytokine Profile, Apoptosis, Glucocorticoid Receptor, and P-Glycoprotein Expression Before and After Megadose Methylprednisolone Treatment in Children With Acute Immune Thrombocytopenia. J Pediatr Hematol Oncol (2019) 41:574–8. doi: 10.1097/MPH.0000000000001366

33. Pap, R, Ugor, E, Litvai, T, Prenek, L, Najbauer, J, Nemeth, P, et al. Glucocorticoid Hormone Differentially Modulates the In Vitro Expansion and Cytokine Profile of Thymic and Splenic Treg Cells. Immunobiology (2019) 224:285–95. doi: 10.1016/j.imbio.2018.12.002

34. Yuan, M, Hu, M, Lou, Y, Wang, Q, Mao, L, Zhan, Q, et al. Environmentally Relevant Levels of Bisphenol A Affect Uterine Decidualization and Embryo Implantation Through the Estrogen Receptor/Serum and Glucocorticoid-Regulated Kinase 1/Epithelial Sodium Ion Channel Alpha-Subunit Pathway in a Mouse Model. Fertil Steril (2018) 109:735–744 e731. doi: 10.1016/j.fertnstert.2017.12.003

35. Green, TL, Leventhal, SM, Lim, D, Cho, K, and Greenhalgh, DG. Lipopolysaccharide Stress Induces Cryptic Exon Splice Variants of the Human Glucocorticoid Receptor. Shock (2019) 52:590–7. doi: 10.1097/SHK.0000000000001318

36. Wang, SB, Chen, SM, Zhu, KS, Zhou, B, Chen, L, and Zou, XY. Increased Lipopolysaccharide Content Is Positively Correlated With Glucocorticoid Receptor-Beta Expression in Chronic Rhinosinusitis With Nasal Polyps. Immun Inflamm Dis (2020) 8:605–14. doi: 10.1002/iid3.346

37. Fu, C, Zhang, Q, Wang, A, Yang, S, Jiang, Y, Bai, L, et al. EWI-2 Controls Nucleocytoplasmic Shuttling of EGFR Signaling Molecules and miRNA Sorting in Exosomes to Inhibit Prostate Cancer Cell Metastasis. Mol Oncol (2021) 15:1543–65. doi: 10.1002/1878-0261.12930

38. Zou, J, Shi, M, Liu, X, Jin, C, Xing, X, Qiu, L, et al. Aptamer-Functionalized Exosomes: Elucidating the Cellular Uptake Mechanism and the Potential for Cancer-Targeted Chemotherapy. Anal Chem (2019) 91:2425–30. doi: 10.1021/acs.analchem.8b05204

39. Ji, JY, Jing, H, and Diamond, SL. Shear Stress Causes Nuclear Localization of Endothelial Glucocorticoid Receptor and Expression From the GRE Promoter. Circ Res (2003) 92:279–85. doi: 10.1161/01.RES.0000057753.57106.0B

40. Gou, L, Xue, C, Tang, X, and Fang, Z. Inhibition of Exo-miR-19a-3p Derived From Cardiomyocytes Promotes Angiogenesis and Improves Heart Function in Mice With Myocardial Infarction via Targeting HIF-1alpha. Aging (Albany NY) (2020) 12:23609–18. doi: 10.18632/aging.103563

41. Chen, X, Li, LQ, Qiu, X, and Wu, H. Long Non-Coding RNA HOXB-AS1 Promotes Proliferation, Migration and Invasion of Glioblastoma Cells via HOXB-AS1/miR-885-3p/HOXB2 Axis. Neoplasma (2019) 66:386–96. doi: 10.4149/neo_2018_180606N377

42. Zhang, X, Gu, H, Wang, L, Huang, F, and Cai, J. MiR-885-3p Is Down-Regulated in Peripheral Blood Mononuclear Cells From T1D Patients and Regulates the Inflammatory Response via Targeting TLR4/NF-kappaB Signaling. J Gene Med (2020) 22:e3145. doi: 10.1002/jgm.3145

43. Cao, J, Geng, J, Chu, X, Wang, R, Huang, G, and Chen, L. MiRNA8853p Inhibits Docetaxel Chemoresistance in Lung Adenocarcinoma by Downregulating Aurora A. Oncol Rep (2019) 41:1218–30. doi: 10.3892/or.2018.6858

44. Ranjani, S, Kowshik, J, Sophia, J, Nivetha, R, Baba, AB, Veeravarmal, V, et al. Activation of PI3K/Akt/NF-kB Signaling Mediates Swedish Snus Induced Proliferation and Apoptosis Evasion in the Rat Forestomach: Modulation by Blueberry. Anticancer Agents Med Chem (2020) 20:59–69. doi: 10.2174/1871520619666191024115738




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


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

Copyright © 2022 Sun, Wei, Zhang, Li, Li, Yan, Guo, Han and Qiao. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




ORIGINAL RESEARCH

published: 24 February 2022

doi: 10.3389/fimmu.2022.848994

[image: image2]


Microbiome Resilience and Health Implications for People in Half-Year Travel


Mingyue Cheng 1†, Hong Liu 1,2†, Maozhen Han 1†, Shuai Cheng Li 3, Dongbo Bu 4,5, Shiwei Sun 4,5, Zhiqiang Hu 2, Pengshuo Yang 1, Rui Wang 2, Yawen Liu 2, Feng Chen 2, Jianjun Peng 2, Hong Peng 2, Hongxing Song 2, Yang Xia 2, Liqun Chu 2, Quan Zhou 2, Feng Guan 2, Jing Wu 2*, Guangming Tan 4,5* and Kang Ning 1*


1 Key Laboratory of Molecular Biophysics of the Ministry of Education, Hubei Key Laboratory of Bioinformatics and Molecular-Imaging, Center of AI Biology, Department of Bioinformatics and Systems Biology, College of Life Science and Technology, Huazhong University of Science and Technology, Wuhan, China, 2 Beijing Shijitan Hospital, Capital Medical University, Beijing, China, 3 Department of Computer Science, City University of Hong Kong, Hong Kong, Hong Kong SAR, China, 4 Key Lab of Intelligent Information Processing, State Lab of Computer Architecture, Institute of Computing Technology, Chinese Academy of Sciences,  Beijing, China, 5 School of Computer and Control, University of Chinese Academy of Sciences, Beijing, China




Edited by: 

Li-Tung Huang, Kaohsiung Chang Gung Memorial Hospital, Taiwan

Reviewed by: 

Jialiang Yang, Geneis (Beijing) Co. Ltd., China

Lei Zhang, Shandong University, China

*Correspondence: 

Jing Wu
 wujingsjt@gmail.com 

Guangming Tan
 tgm@ict.ac.cn 

Kang Ning
 ningkang@hust.edu.cn

†These authors have contributed equally to this work

Specialty section: 
 This article was submitted to Autoimmune and Autoinflammatory Disorders, a section of the journal Frontiers in Immunology


Received: 05 January 2022

Accepted: 07 February 2022

Published: 24 February 2022

Citation:
Cheng M, Liu H, Han M, Li SC, Bu D, Sun S, Hu Z, Yang P, Wang R, Liu Y, Chen F, Peng J, Peng H, Song H, Xia Y, Chu L, Zhou Q, Guan F, Wu J, Tan G and Ning K (2022) Microbiome Resilience and Health Implications for People in Half-Year Travel. Front. Immunol. 13:848994. doi: 10.3389/fimmu.2022.848994



Travel entail change in geography and diet, both of which are known as determinant factors in shaping the human gut microbiome. Additionally, altered gut microbiome modulates immunity, bringing about health implications in humans. To explore the effects of the mid-term travel on the gut microbiome, we generated 16S rRNA gene and metagenomic sequencing data from longitudinal samples collected over six months. We monitored dynamic trajectories of the gut microbiome variation of a Chinese volunteer team (VT) in their whole journey to Trinidad and Tobago (TAT). We found gut microbiome resilience that VT’s gut microbial compositions gradually transformed to the local TAT’s enterotypes during their six-month stay in TAT, and then reverted to their original enterotypes after VT’s return to Beijing in one month. Moreover, we identified driven species in this bi-directional plasticity that could play a role in immunity modulation, as exemplified by Bacteroides dorei that attenuated atherosclerotic lesion formation and effectively suppressed proinflammatory immune response. Another driven species P. copri could play a crucial role in rheumatoid arthritis pathogenesis, a chronic autoimmune disease. Carbohydrate-active enzymes are often implicated in immune and host-pathogen interactions, of which glycoside hydrolases were found decreased but glycosyltransferases and carbohydrate esterases increased during the travel; these functions were then restored after VT’ returning to Beijing. Furthermore, we discovered these microbial changes and restoration were mediated by VT people’s dietary changes. These findings indicate that half-year travel leads to change in enterotype and functional patterns, exerting effects on human health. Microbial intervention by dietary guidance in half-year travel would be conducive to immunity modulation for maintaining health.
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Introduction

Human gut microbes form dynamic and interweaved communities (1, 2), shaped by environmental factors such as geography and diet (3, 4). Previous studies have indicated that the human gut microbiome can respond rapidly to short-term environmental changes (5–7). In comparison, during long-term (> 1 year) environmental changes, the composition of an individual’s gut microbial community is predominantly determined by dietary habits (8, 9); such dynamics of the gut microbial community are highly variable among individuals (10, 11).

Immigration brings about long-term changes in geography and diet, leading to variation of the human gut microbiome (12). Vangay et al. investigated the dynamics of the gut microbiome during migration from a non-Western country to the United States of America (USA), demonstrating a westernization of an immigrated individual’s gut microbiome whose diversity was greatly decreased and that the USA-associated strains became dominated in the gut microbiome (12). Moreover, a study conducted on Irish Traveller revealed that the gut microbiome of Irish Traveler has gradually shifted from the non-industrialized pattern to an industrialized pattern, correlated with the degree to which Travellers have adopted the new non-nomadic lifestyle (13). Furthermore, the westernized or industrialized gut microbiome might increase the risk of obesity (12), and the risk of auto-immune disorders and chronic diseases via increasing in the generation of secondary bile acids, LPS biosynthesis, and the ratio of trimethylamine-producing to trimethylamine-consuming bacteria (13).

Traveling abroad, as one of the common activities, entails changes in geography and diet for days or months, whose influences in gut microbiome remain poorly understood. Our previous study investigated gut microbial communities of a Chinese volunteer team (VT) consisting of 10 people who departed from Beijing, stayed for six months in Trinidad and Tobago (TAT) and returned to Beijing. We found the gut microbial communities of VT members switched to the patterns of gut microbial communities of TAT people during their time in TAT and restored to their original patterns after they returned to Beijing in one month (14). However, the 16S rRNA gene sequencing limited the detection of the microbiome at the species and functional level, and their potential health implications for people during this six-month travel.

In this study, we conducted a high-density longitudinal sampling and integrated 16S rRNA gene and metagenomic sequencing data, and dietary records to depict the microbiome variation of VT people in their whole half-year travel to TAT. We tracked the dynamic trajectories of gut microbiome variation in the form of enterotypes. We recognized the driven microbial species and functional changes beneath the switching and restoring of enterotypes in the travel, which were mediated by the change and restoring of the diet. Furthermore, the health implications resulted from the microbiome variation warranted dietary guidance for microbial intervention during half-year travel.



Materials and Methods


Collection of Human Fecal Samples and Dietary Information

Fecal samples were collected from each individual of the Chinese VT with a high sampling frequency (Supplementary Figure S1A). The collection locations of these samples included Beijing and TAT. Accordingly, these samples were subdivided into three groups, including the Chinese VT (10 individuals) that stayed in Beijing before leaving for TAT (VTC, 15–22 December 2015, 20 samples), the Chinese VT that stayed in TAT (VTT, from 31 December 2015 to June 2016, 109 samples), and the Chinese VT that returned to Beijing after a long stay (VTB, July 2016, 55 samples). These samples were grouped into six phases (Supplementary Figure S1A) along the time series, including T1 (20 samples), T2 (28 samples), T3 (60 samples), T4 (21 samples), T5 (35 samples), and T6 (20 samples). T1 represented the pre-travel time; T2, T3, and T4 represented three times during the stay of the VT in TAT; and T5 and T6 represented two times after the VT returned to Beijing, China. T1 belonged to the VTC group; T2, T3, and T4 belonged to the VTT group; and T5 and T6 belonged to the VTB group.

Fecal samples from TTNs (14 individuals, 28 samples; Supplementary Figure S1B), TTPs (3 individuals, 6 samples; Supplementary Figure S1C), TTCs staying in TAT for more than 1 year (4 individuals, 8 samples; Supplementary Figure S1C), and BJNs (10 individuals, 57 samples; Supplementary Figure S1D) were used as controls. These fecal samples were kept at -20°C for less than 1 week before transfer to the laboratory of the Beijing Genomics Institute and then stored at -80°C until DNA extraction. Dietary information was collected and recorded for each individual during the long stay.



DNA Extraction and Sequencing

DNA extraction from fecal samples was performed using a PowerSoil DNA Isolation Kit (MoBio, USA) following the manufacturer’s instructions. Extracted DNA was dissolved in TE buffer and stored at -20°C until further use. To characterize the taxonomic profile of the gut microbial community, the V4 hypervariable region of the microbial 16S rRNA gene was amplified using the universal bacterial/archaeal primers 515F (5′-GTGCCAGCMGCCGCGGTAA-3′) and 806R (5′-GGACTACHVGGGTWTCTAAT-3′). Fusion primers with dual indexes and adapters were used for a polymerase chain reaction, and the jagged ends of the DNA fragments were converted into blunt ends using T4 DNA polymerase, Klenow fragment, and T4 Polynucleotide Kinase. Then, an ‘A’ base was appended to each 3′ end to facilitate the addition of adapters. Next, short fragments were removed using Ampure beads. Finally, the qualified libraries were used for sequencing on the Illumina MiSeq platform using paired-end sequencing technology (2 × 250 bp).

To characterize gut microbiome functional profiles, 62 fecal samples were selected for shotgun metagenome sequencing (Supplementary Figure S1), including the fecal samples of three individuals: VT3, VT6, and VT10. Metagenomic DNA of samples was extracted, fragmented randomly to the desired size using a Covaris S/E210 or Bioruptor, and electrophoresed to yield the required lengths of DNA fragments. Subsequently, adapters were ligated to DNA fragments, and these fragments were evaluated for cluster preparation. Sequencing was performed with an insert size of 350 bp on an Illumina Xten platform.



16S rRNA Gene Sequencing Data Processing

All 16S rRNA raw data were preprocessed to obtain clean data, and two paired-end reads were generated using Fast Length Adjustment of Short reads (v1.2.11) (15). Specifically, the threshold of the minimal overlapping length was set to 15 bp, and the mismatch ratio of the overlapped region was no more than 0.1. High-quality paired-end reads were combined into tags based on the overlaps. Putative chimeras were identified using the SILVA database (16) (Release 123) and removed using the ‘chimera.uchime’ and ‘remove.seqs’ commands in Mothur (17). Existing tools for analyzing the microbial community include Quantitative Insights Into Microbial Ecology (QIIME) (18), DADA2 (19), and Deblur (20). In this study, QIIME was applied to analyze the 16S amplicon data. All high-quality sequences of human fecal samples (287 samples) were aligned using PyNAST (21) and dereplicated using UCLUST in QIIME (v1.9.1) (18). Finally, the Greengenes database (22) (version 13_8) was applied as the reference database for OTU classification of de novo OTUs that were clustered at 97% nucleotide identity threshold. To remove singleton OTUs, the minimum reads per OTU threshold was set to 2. The returned reads per sample varied from 51,837 to 335,665 (average = 124,944 reads per sample). The resulting OTU table containing 287 samples was rarefied to 51,837 reads to remove biases from variations in sample read numbers.



Microbial Diversity Assessment

Microbial alpha- and beta-diversity values were determined using the QIIME (18) pipeline. For alpha-diversity, rarefaction curves were drawn based on the richness metrics, observed OTUs, Chao1 index, the Shannon evenness metric, and the Simpson evenness metric. For beta-diversity analysis, the final OTU table was rarefied to contain 51,837 reads per sample. Pearson correlation, Spearman correlation, and weighted UniFrac distance metrics (23) were adopted to measure community similarity between samples. Microbial community clustering was arrayed by PCoA, visualized using ggplot packages in R, and modified with Adobe Illustrator.



Analysis of Microbial CAGs

The top 109 genera were selected based on the average abundance of the genus, and the associations between individual genera were determined using Kendall’s correlation coefficient. The full set of associations was calculated in R with the ‘cor’ package. The function pheatmap in the ‘pheatmap’ package was used to visualize and cluster these associations in R, whereby the hierarchical clustering was grouped based on the Spearman correlation coefficient, and Ward clustering was applied to capture CAGs at the genus level. All p values of these associations were corrected for multiple testing using the Benjamini and Hochberg false discovery rate (FDR)-controlling procedure (24). The cutoff of the FDR-corrected p-value was set at 0.05, and significant associations were imported to Cytoscape (25), which was employed to visualize the resulting networks. The nodes (genera) were grouped based on the results of clustering in pheatmap.

To evaluate the dynamic process of the microbial community, to quantitatively measure the plasticity of the gut microbiome, we proposed the adaptation index. The index was calculated based on Equation (1).



In this equation, D1, 2 is the distance between control (TTN) and the Chinese volunteer team in the different phases (or groups) based on the compositional data of the microbial community. Specifically, x1 represents the average abundance of the certain genus in top n (109 in this study) genera of the gut microbial community for the volunteer team in one specific phase (out of T1 to T6), and x2 represents the average abundance of certain genus in top n (109 in this study) genera of the gut microbial community of TTN.



Enterotype Analysis

The enterotype of each fecal sample was analyzed using the PAM method, which analyzes the Jensen-Shannon (JS) distance among samples based on the relative abundance of genera in each community (26). Specifically, before calculating, more abundant genera were selected by setting the threshold of average relative abundance to 10-4 (27). JS distances among samples based on the selected genus-level relative abundance were calculated. CH indexes, as previously described, were applied to choose the optimal number of clusters (27, 28).



Functional Profiling Based on the 16S rRNA Datasets

In this study, 62 fecal samples were selected for shotgun metagenomic sequencing. For association studies, we also performed functional predictions for all samples with coarse granularity. We used PICRUSt (29) (version 1.0.0-dev) to make functional predictions based on the 16S rDNA dataset from each sample. In this work, PICRUSt was applied to predict the functional composition of each fecal sample according to the manufacturer’s instructions. Specifically, the ‘pick_closed_reference_otus.py’ command in QIIME was performed on all quality-filtered sequence data to pick OTUs. For clustering the OTUs, 97% nucleotide identity against the Greengenes database (22) (version 13_8) was set as the threshold. The OTU table was normalized using the ‘normalize_by_copy_number.py’ command. The normalized OTU table was used for functional prediction with the ‘predict_metagenomes.py’ script, and functional trait abundances were determined for each sample using the KEGG database (30) (version 66.1, May 1, 2013). Finally, the predicted functional content collapsed to level three of the KEGG hierarchy using the ‘categorize_by_function.py’ script.



Analysis of the Associations Between Diet and Microbial Community Composition

The associations between diet and microbial community composition were calculated based on (i) compositional data, which includes taxonomic composition (relative taxonomic abundances) and functional composition at KEGG module-level three; (ii) dietary information. To preprocess compositional data, the original relative abundance [plus a very small value (1E-20) as suggested by (31)] for each OTU was filtered, and log-transformation was then applied to generate the relative abundances. Similarly, for dietary information, the values of each variable were transformed to z-scores. Based on Euclidean distances, the Mantel correlations between compositional data and dietary information (9,999 permutations) were calculated, and the results were obtained in R (version 3.3.1) and visualized in Adobe Illustrator (version 16.0.0). Correlations between taxonomic composition data and functional composition data were determined for each diet using Mantel’s tests (31).



Metagenomic Sequence Data Processing

In this study, 62 fecal samples (Supplementary Figure S1), obtained from VT3, VT6, and VT10, were selected for metagenomic sequencing. The generated reads were quality filtered and trimmed by removing reads containing 10% or more ambiguous bases (N base), adapter sequences, and 50% or more low-quality (Q < 20) bases. In addition, reads that could be perfectly aligned to the human genome were removed. Finally, 53.23 Gb of high-quality sequences on average for each sample (fastq document) was acquired, producing a total of 3.3 TB of sequence data (fastq document; Supplementary Table 1).



Genome Assembly

De novo metagenome assembly was performed for 62 metagenome datasets using MEGAHIT v1.1.1-2-g02102e1 (32), with option –meta-large and with a k-mer list of 27, 37, 47, 57, 67, 77, 87, 97, 107, 117, and 127. Contigs larger than 500 bp were kept for further analysis. These contigs exhibited an average N50 length of 6,303 bp and ranged from 910 to 10,685 bp (Supplementary Table 1).



Non-Redundant Gene Catalogue Construction

To predict microbial genes and proteins for each of the 62 fecal samples, Prodigal v2.6 (33) in “Meta” mode was applied to recognize open reading frames (ORFs) and proteins in assembled contigs. The program reported an average of 499,729 proteins for each sample (ranging from 207,485 to 1,049,111; Supplementary Table 1). Among these proteins, 358,116 were complete proteins for each sample, whereas 141,613 proteins were incomplete (Supplementary Table 1). These complete proteins were selected as the nonredundant protein set for each sample, which was built by pairwise comparisons of all predicted proteins of each sample using CD-HIT (34). The redundant proteins were removed using the following criteria: 90% identity over 90% of the short protein length and over 90% of the long protein length. On average, 333,881 unique proteins (ranging from 143,391 to 677,756) for these samples were obtained.



Gene Functional Classification and Ortholog Group Profiling

To identify CAZymes in each sample, CAZyme screening of these nonredundant proteins was performed. According to the manual of dbCAN CAZyme annotation, all completed and putative proteins were annotated by searching against entries in the local CAZy database, which was downloaded from dbCAN (35) (http://csbl.bmb.uga.edu/dbCAN/). The proportion of each component of CAZyme in each sample was computed by dividing the number of each component of the CAZyme by the total number of identified CAZyme components in that sample. Based on the components of CAZyme in each sample, PCA was applied to show the trajectory of each sample, which was colored according to the group information. By using Euclidean distances based on samples’ functions, PERMANOVA tests with 9,999 permutations were applied to compare differences among samples grouped by enterotype. Additionally, linear discriminant analysis was used to utilize a linear combination of CAZyme features (top 19 components of CAZyme) to maximize the separation of the groups. Furthermore, based on the top 19 components of CAZyme, heatmap analysis was performed to illustrate the clustering results of CAZyme features and the discernibility of these CAZyme features in different groups.



Shotgun Metagenomics Analysis for Species Composition and Functional Composition

Shotgun metagenomics sequence data of 62 fecal samples were identified at the species level via MetaPhlAn2 with default settings (36). Taxonomical information at the species level for these 62 fecal samples was obtained. Functional annotations were identified using the HuMAnN2 (37) pipeline with UniRef50 (38). The functional pathways were annotated by mapping reads to MetaCyc databases (39). Significantly enriched pathways were identified among enterotypes 1 and 2 compared with enterotype 3 with 2-fold changes.



Data Accession

All sequencing data (including 287 16S rRNA data and 62 metagenomic data) for fecal samples were deposited in NCBI’s Sequence Read Archive database under Bioproject number PRJNA393237 and can also be viewed in NODE (http://www.biosino.org/node) by pasting the accession (OEP000187) into the text search box or at the URL http://www.biosino.org/node/project/detail/OEP000187.




Results


Study Design and Population

In this work, we collected 287 fecal samples from 41 individuals, including a Chinese VT (10 individuals, 188 samples), Beijing healthy natives (BJNs, 10 individuals, 57 samples), TAT healthy natives (TTNs, 14 individuals, 28 samples), TAT patients (TTPs, 3 individuals, 6 samples), and TAT Chinese individuals (TTCs, 4 individuals, 8 samples), reflecting high-density longitudinal sampling. We followed individuals for their entire journeys of more than 8 months (including 1 month before and 1 month after travel) and partitioned their journeys into six phases (T1–T6). Specifically, T1 represented the pretravel time; T2, T3, and T4 represented three times during the stay of the VT in TAT; and T5 and T6 represented two times after the VTs returned to Beijing (Supplementary Figure S1). Finally, we sequenced the V4 hypervariable region of the microbial 16S rRNA genes and clustered these fecal samples into enterotypes to investigate the relationships between resilience and enterotype. We sequenced 62 of the samples, mostly from VT3, VT6, and VT10, to obtain shotgun metagenomics data for exploring strain-level variations and metabolic differences.



Enterotype-Dependent Resilience Pattern of Taxonomical Structure for Gut Microbial Communities

Microbial communities of the samples collected in Beijing before and after the long stays were indistinguishable (P = 0.18 and P = 0.71, Wilcoxon test; Figure 1A). However, samples collected in Beijing were both distinguishable from their respective samples collected during their stay in TAT (P = 5.5 × 10-10 and P = 2.7 × 10-10, Wilcoxon test; Figure 1A).




Figure 1 | The resilience of human gut microbial communities was bidirectional and was associated with enterotype during the long stay. (A) The microbial community compositions of the volunteer team individuals during the study (T1–T6 phases) and those of the control group (BJNs, TTCs, TTNs, and TTPs) plotted in a weighted UniFrac PCoA (left panel). The density curve, which was plotted based on the PCo2 value of each group, showed the distributions of each group of the human gut microbial community (middle panel). The boxplots showed sample distributions against PCo2 of each group (right panel). Statistical significance is tested using Wilcoxon test, ***P < 0.001, **P < 0.01, *P < 0.05, and NS., not significant. (B) In total, 287 samples were clustered into three enterotypes based on PCA at the genus level. The majority of samples collected after the VT members returned to Beijing and before departure belonged to clusters of enterotype 1 (pink) and enterotype 2 (green). Together with control fecal samples collected from hosts in Trinidad and Tobago (TTCs, TTNs, and TTPs), the majority of fecal samples collected from TAT (T2–T4) belonged to the cluster of enterotype 3 (blue). (C) The major contributors in these three enterotypes were Prevotella, Bacteroides, Ruminococcaceae_unclassified, and Bifidobacterium. (D) The distribution of three enterotypes in each group/phase during the stay.



We also found that the gut microbial communities of VT1, VT2, VT3, VT4, VT6, and VT8 formed one cluster, and the gut microbial communities of VT5, VT7, VT9, and VT10 formed another cluster before they departed from Beijing. The gut microbial communities of VT members gradually transformed to those similar to the natives during their stay in TAT and then reverted to their respective original community structures after returning to Beijing. The dynamic trajectories of VT1, VT2, VT3, VT4, VT6, and VT8 could be regarded as path 1, whereas those of VT5, VT7, VT9, and VT10 could be regarded as path 2. The results revealed that the dynamic changes of resilience had two paths across the PCoA axis for VT members (Figure 1A).

To investigate the characteristics of resilience, we performed enterotype analysis on 287 fecal samples and clustered these samples into three enterotypes (Figure 1B). The dominant genera in enterotype 1 and enterotype 2 were Prevotella and Bacteroides, respectively, whereas the enriched genera in enterotype 3 were Ruminococcaceae_unclassified and Bifidobacterium (Figure 1C). We observed the bidirectional plastic pattern and resilience in the enterotypes of VT members. Specifically, the results of the enterotype analysis revealed that the fecal samples of most of BJNs and all VT members at the T1 phase exhibited two different gut microbial communities, i.e., enterotype 1 and enterotype 2 (26), whereas the fecal samples of most of TTNs belonged to enterotype 3 (Figure 1D). During the long stay at TAT, most samples from VT members had enterotypes that evolved towards that of the TAT natives, despite significant differences among their original enterotypes (Figures 1B, D). Notably, their enterotypes quickly returned to their respective original enterotypes after the VT members returned to Beijing (Figures 1B, D). The results revealed that the bidirectional resilience of human gut microbial communities was specific to enterotype. Based on the grouping strategy in this study, we observed that these alterations in gut microbial communities were triggered immediately after airplane travel, lasting for 1 month, after which the taxonomical structures of microbial communities resemble those of the natives and showed significant stability.



Microbial Drivers at the Genus Level for the Enterotype-Dependent Resilience of Human Microbial Communities

To elucidate the drivers of bidirectional resilience of human gut communities for hosts with different enterotypes, we compared dynamic changes in four representative genera in enterotypes, including their relative abundances (Figures 2A–D) and the operational taxonomic units (OTUs) that were maintained in these genera (Figures 2E–H). We found that the taxonomical structures of the gut microbial community shifted considerably during the stay. The relative abundances of Prevotella, Bacteroides, Ruminococcaceae_unclassified, and Bifidobacterium showed dramatic changes. The average relative abundances of Prevotella and Bacteroides decreased when VT members reached TAT and increased when VT members returned to Beijing (Figures 2A, B), whereas the average relative abundances of Ruminococcaceae_unclassified and Bifidobacterium first increased and then decreased (Figures 2C, D). Moreover, by tracing and comparing common OTUs that were present in at least 10% of VT members, we found that individual OTUs within Prevotella, Bacteroides, Ruminococcaceae_unclassified, and Bifidobacterium exhibited distinguished temporal dynamics and showed a plastic pattern during the long stay (Figures 2E–H). Many of the OTUs belonging to Prevotella displayed plasticity; 71.73% of the OTUs disappeared between the T3 phase and T1 phase, and 39.55% recurred after the VT members returned to Beijing (Figure 2E). In contrast, 72.18% of Bacteroides OTUs disappeared after arrival to TAT, and 47.75% of Bacteroides OTUs recurred after return to Beijing (Figure 2F). This plastic pattern was also observable for certain OTUs in Ruminococcaceae_unclassified and Bifidobacterium (Figures 2G, H). Many Ruminococcaceae_unclassified OTUs (1,101, 56.17%) and Bifidobacterium OTUs (79, 75.24%) appeared at the T2 phase and a large proportion of these OTUs (43.05% and 79.75%) still existed in the T3 phase (Figures 2E–H).




Figure 2 | The dynamics of four dominant genera and the bidirectional resilience of the gut microbial community were associated with enterotype. (A–D) Dynamics of the average relative abundances of Prevotella, Bacteroides, Ruminococcaceae_unclassified, and Bifidobacterium along the temporal axis. OTUs that were shared by at least 10% of fecal samples during the same phase (green bars) were tracked using Sankey plots for (E) Prevotella, (F) Bacteroides, (G) Ruminococcaceae_unclassified, and (H) Bifidobacterium. The heights of bars are proportional to the number of OTUs, and phases are arranged in chronological order. The newly introduced OTUs of each phase are differently colored. The lines represent the transfer of OTUs between phases and are colored by the first phase of appearance. (I) Dynamic changes in Prevotella, Bacteroides, Ruminococcaceae_unclassified, and Bifidobacterium for VT members along the temporal axis. (J) Co-occurrence patterns between the four dominant genera with other genera across the 287 samples, as determined by Spearman’s rank correlation analysis.



To gain more insights into the resilience of gut microbial communities, we divided the fecal samples from VTs into two groups according to their enterotypes in Beijing and explored the dynamic changes in these four genera during the long stay. We found that although changes in Prevotella and Bacteroides differed between enterotype 1 and enterotype 2, the dynamic changes observed in Ruminococcaceae_unclassified and Bifidobacterium were similar (Figure 2I). Furthermore, we found correlations among the four genera (Figure 2J), such as between Sutterella and Bacteroides (rho = 0.516, P = 3.34 × 10−14) and between Clostridium and Ruminococcaceae_unclassified (rho = 0.676, P = 1.88 × 10−26).

We further investigated the bi-directional plasticity of the gut microbial communities from the aspect of the genera in the ecological network to gain insights into the plasticity. A total of 109 most abundant genera were clustered into 10 co-abundance groups (CAGs) (Supplementary Figures S2A, B). These CAGs were annotated according to the dominant genera, including Prevotella, Bacteroides, Ruminococcaceae_unclassified, Lanchnospiraceae_unclassified, Bacillaceae_unclassified, Bifidobacterium, and Enterobacteriaceae_unclassified. The Wiggum plot (6) showed the co-abundance association networks of genera for each phase and each group and revealed unique patterns of abundances for these 10 CAGs from T1 to T6 phases (Supplementary Figure S3). Specifically, during the T1 to T6 phases, the relative abundances of six CAGs showed profound changes, including Prevotella, Bacteroides, Ruminococcaceae_unclassified, Lanchnospiraceae_unclassified, Bacillaceae_unclassified, and Enterobacteriaceae_unclassified CAGs. The relative abundances of Prevotella and Bacteroides CAGs were suppressed when the VT members stayed in TAT and reverted after returning to Beijing. In contrast, the relative abundances of Ruminococcaceae_unclassified, Lanchnospiraceae_unclassified, Bacillaceae_unclassified, and Enterobacteriaceae_unclassified CAGs showed a reversed pattern, i.e., the relative abundances were amplified first and then suppressed. To quantitatively measure the plasticity of gut microbial communities, we designed an index, namely the adaptation index, which was calculated by comparing communities of volunteer team members with that of the TTN (Supplementary Figure S3). The adaptation index first decreased and then increased. More importantly, the index could serve to better understand the response time of gut microbial communities to alternations of environments. When we monitored the differences of adaptation indices between two neighboring phases, we observed that the adaptation index showed a sharp decrease from T1 to T2 (1.18 × 10−3) and a sharp increase from T4 to T5 (0.88 × 10−3), with these differences being significantly higher than the difference between T1 and T5 (0.50 × 10−3). This indicates a quick response time (within one month) and also a quick recovery time (within one month).

These findings suggested that the bidirectional plastic pattern of the human gut microbial communities was largely driven by the bidirectional quantitative alterations in CAGs. Moreover, the changes in the relative abundances of the genera were the underlying reasons for the bidirectional resilience of enterotypes.



Microbial Drivers at the Species Level for the Enterotype-Dependent Resilience of Human Microbial Communities

To examine differences at the species level and functional differences in the enterotype-dependent resilience of human microbial communities, we selected 62 representative fecal samples for whole-metagenomic sequencing. These samples consisted of time series data for three members of the VT (VT3, VT6, and VT10; 47 samples), two BJNs (9 samples), and three TTNs (3 samples; Supplementary Figure S1 and Supplementary Table 1). These samples can well represent most conditions of each group. For instance, VT3, VT6, and VT10, present non-symptom, abdominal distension, and a condition of an early return, respectively, in a half-year travel. The other selected individuals including BJNs and TTNs were used for comparisons with the VTs. Two BJNs were randomly selected, and three TTNs were selected from three different families. We found that the gut microbial communities in BJNs and VT members at phage T1 who belonged to enterotype 2 varied in Bacteroides strain profiles, including Bacteroides dorei, Bacteroides ovatus, Bacteroides plebeius, and Bacteroides massiliensis, whereas those with Prevotella enriched in enterotype 1 consisted of only a single strain of Prevotella copri (Figure 3A).




Figure 3 | Linking dynamic changes in species and subspecies to the bidirectional resilience of the gut microbial community. (A) Dynamic changes in the taxonomic composition of gut microbial communities at the species level. The order of species was sorted by the importance of random forests for identifying the enterotype. (B) Dynamic changes in the number of subspecies (left panel) and the average number of subspecies (right panel) during the time series.



In contrast to the enriched genera profiled by 16S amplicon analysis, we found that the dominant genera in enterotype 3 were Faecalibacterium, Eubacterium, Ruminococcus, and Bifidobacterium (Figure 3A, Supplementary Table 2). The dominant species in enterotype 3 were Faecalibacterium prausnitzii and Eubacterium rectale (Figure 3A, Supplementary Table 3). During the long stay, we found that the relative abundances of Bacteroides dorei, Bacteroides plebeius, and Prevotella copri decreased first when the VT members stayed in TAT and then increased after their return. Conversely, the relative abundances of Faecalibacterium prausnitzii and Eubacterium rectale increased first and then decreased (Figure 3A). The transformation of enterotype was caused by changes in these species.

Next, we identified the subspecies in the metagenomic samples and found a series of species with varying subspecies during the study. Importantly, we observed that the average number of subspecies varied considerably when the VT members changed their spatial position (Figure 3B). For example, the average number of subspecies of Bacteroides ovatus and Faecalibacterium prausnitzii immediately decreased from 2.66 and 3.0 subspecies/sample to 1.25 and 2.0 subspecies/sample, respectively when VT members arrived at TAT and increased from 2.0 and 2.5 subspecies/sample to 2.42 and 3.0 subspecies/sample, respectively, after their return (Figure 3B, Supplementary Table 4). In contrast, Dorea formicigenerans, Ruminococcus sp. S_1_39BFAA, Coprococcus comes, Dorea longicatena, and Streptococcus salivarius showed an opposite trend (Figure 3B, Supplementary Table 4). These results suggested that the bidirectional resilience of gut microbial communities was associated with species composition, particularly for the dominant species and their subspecies.



Functional Plasticity in the Gut Microbial Communities

Based on the aforementioned findings, we hypothesized that the bidirectional resilience of the gut microbial community may be associated with dynamic functional changes. To test this hypothesis, we first annotated the predicted genes using the CAZyme database and then divided fecal samples of BJNs and VT members into three groups- BJN-T1 (fecal samples collected in Beijing before departure), T2–T4 (fecal samples collected in TAT), and T5–T6 (fecal samples collected after returning to Beijing). By comparing inverse Simpson indices, we found that the diversity of enzymes for utilizing carbohydrates was significantly different between samples in TAT and samples collected in Beijing (p < 0.05, Wilcoxon test, Figure 4A). Similarly, by principal component analysis (PCA) of CAZyme profiles generated from microbiome samples, we found that the functional composition of the gut microbial community—which shifted from those similar to BJNs to those similar to TTNs and then reverted after the return—was resilient during the long stay (Figure 4B). Additionally, the similarities of functional compositions among these samples were also consistent with the enterotypes (PERMANOVA test based on Euclidean distances with 9,999 permutations: P = 0.0897 for enterotype 1 versus 2, p < 0.0005 for enterotype 1 versus 3, p < 0.0005 for enterotype 2 versus 3) and followed a bidirectional plastic pattern (Figure 4C).




Figure 4 | Compositions of carbohydrate metabolism pathways in the human gut microbiome were resilient during the long stay. (A) Inverse Simpson index for CAZyme components for microbiome samples from the individuals selected from the cohort of Chinese VT members, TTNs, TTCs, and TTPs. Statistical significance is tested using Wilcoxon test, ***P < 0.001, **P < 0.01, *P < 0.05, and NS, not significant. (B) PCA results showing the trajectory of samples, which were colored according to the predefined groups (four groups: BJN-T1, T2–T4, T5–T6, TTN+TTC+TTP), based on the CAZyme component. (C) In total, 62 samples were projected to the two-dimensional plane by PCA based on their CAZyme components, and each was then color-labeled and grouped according to their respective enterotype. (D–F) Dynamics of the average relative abundance of GHs, GTs, and CEs across the time series. (G) Linear discriminant analysis was used to utilize a linear combination of CAZyme components to maximize the separation of the groups. The ellipses represent different groups, and the lengths and directions of the arrows show the normalized scales for each component scaling (for 19 components of CAZyme). (H–J) Differences in the average relative abundances of GHs, GTs, and CEs among the three enterotypes. (K) Linear discriminant analysis was used to utilize a linear combination of CAZyme components to maximize the separation of the enterotypes. The ellipses represent different groups, and the lengths and directions of the arrows show the normalized scales for each component scaling (for 19 components of CAZyme). (L) Heatmap showing the clustering results for CAZyme features and the discernibility of how these CAZyme features differed among groups.





Possible Functional Drivers of the Plasticity of the Human Microbial Communities

We observed that the abundances of glycoside hydrolases (GHs) decreased during the T2–T4 and then increased after the VT member returned to Beijing (Figure 4D). In contrast, glycosyltransferases (GTs) and carbohydrate esterases (CEs) increased during phases T2–T4 and then decreased after the VT members returned (Figures 4E, F).

We extended our analysis to distinguish groups by a supervised learning approach that integrated a linear combination of the top 19 components of CAZyme (Figure 4G). The combination of these 19 components of CAZyme showed considerable power to distinguish fecal samples of VT members collected in Beijing from those of VT members collected in TAT (PERMANOVA, Bray-Curtis distance, permutation = 9,999, p < 0.001) and to distinguish fecal samples of VT members collected in Beijing with those from TTNs, TTCs, and TTPs (PERMANOVA, Bray-Curtis distance, permutation = 9,999, p < 0.001). However, this combination failed to clearly distinguish T1 samples from T5–T6 samples (PERMANOVA, Bray-Curtis distance, permutation = 9,999, p > 0.05; Figure 4G).

In addition, no significant differences were observed in the compositions of GHs (Figure 4H) and GTs (Figure 4I) among three enterotypes, whereas CEs showed significant differences between enterotypes 1 and 3 (t-test, P = 2.5 × 10−5) and between enterotypes 2 and 3 (t-test, P = 1.95 × 10−6; Figure 4J).

Similarly, the combinations of these 19 components of CAZymes exhibited considerable power for distinguishing fecal samples of enterotype 1 from those of enterotype 3 (PERMANOVA, Bray-Curtis distance, permutation = 9,999, P = 0.001; Figure 4K) and those of enterotype 2 from those of enterotype 3 (PERMANOVA, Bray-Curtis distance, permutation = 9,999, P = 0.001; Figure 4L). These representative enterotype-dependent guilds (40) highlighted the resilience pattern.

Based on these dynamic patterns observed for GHs, GTs, and CEs during the long stay and for different enterotypes, we speculated that the bidirectional resilience of the microbial community may be associated with the metabolism of carbohydrates from different diets.

Accordingly, we performed the PCAs to trace the dynamics of metabolic pathways according to the different groups (Figure 5A) and three enterotypes (Figure 5B). We found that the metabolic compositions of the VT members during T1 differed slightly from that of samples in T5–T6 phase (PERMANOVA, Bray-Curtis distance, permutation = 9,999, P = 0.4639). In contrast, there was a significant difference between the metabolic composition of the VT members at T1 and that of samples at T2–T4 (PERMANOVA, Bray-Curtis distance, permutation = 9,999, P = 0.0054; Figure 5A). Moreover, we found that there were significant differences among the compositions of the three enterotypes (PERMANOVA, Bray-Curtis distance, permutation = 9,999, P < 0.005; Figure 5B). Among the functional pathways, we observed that unintegrated pathways of Prevotella copri, Bacteroides sp. (e.g., Bacteroides dorei and Bacteroides plebeius), and Faecalibacterium prausnitzii corresponded to enterotypes 1, 2, and 3, respectively (Figure 5B). For other known pathways, we found dynamic changes in coenzyme A biosynthesis II, thiamin formation from pyrithiamine and oxythiamine, and glucose metabolism, including glycolysis IV and pyruvate fermentation to acetate and lactate II, also exhibited a plastic pattern (Figure 5C). The relative abundances of these pathways increased when VT members arrived at TAT, remained stable during the stay at TAT, and decreased after return to Beijing.




Figure 5 | Functional pathways contributed to the bidirectional resilience of human gut microbial communities. (A) PCA results showing the trajectory of samples, which were colored according to their defined groups (four groups: T1, T2– T4, T5– T6, TTN+ TTC+ TTP), based on the component of stratified functional pathways. (B) PCA results showing the trajectory of samples, which were colored according to the three enterotypes, based on the component of stratified functional pathways. (C) Heatmap showing the compositions of enriched and significant functional pathways, which contributed to the bidirectional resilience of the human gut microbial community, across all metagenomics samples.





Dietary Shifts Were Correlated With the Plastic Pattern of the Human Microbial Communities

The VT members exhibited dietary habits considerably different from those in Beijing during their stay in TAT. Among their diets, the increased consumption of foods such as fish, seafood, dairy products, and refined grains was significantly correlated with changes in gut microbial community structures (p < 0.05, Figure 6A). However, in contrast to VT members, the composition of gut microbial communities in TAT natives was tightly associated with the consumption of bananas, mangos, papayas, cheese, and carrot potatoes (p < 0.05, Figure 6B). These findings are consistent with previous studies demonstrating that changes in diet affect the composition of the human gut microbial communities (7, 41–43). Therefore, the diet in TAT, which was different from that in Beijing, may have led to changes in the gut microbial communities of VT members during this study.




Figure 6 | Association between diet and the structural and functional compositions of the microbial communities for VT members and TAT natives. The associations between dietary variables and the taxonomic and functional compositions for (A) VT members staying in TAT and (B) TAT natives. Circle sizes in the matrices represent the absolute values of Pearson correlation coefficients for the two corresponding factors, whereas circle colors represent either positive or negative correlations. The edge widths represent the Mantel’s r statistic for distance correlations, and the edge color denotes the statistical significance based on 9,999 permutations. ***P < 0.001, **P < 0.01, and *P < 0.05.






Discussion

This longitudinal study was based on high-density sampling (average of more than 20 per individual) of volunteers with multiple dietary shifts, and reported the dynamic variation of the human gut microbiome in a whole half-year travel, which was reflected by the switching and restoring of enterotypes.

The enterotypes switch and alterations in specific driven species might exert effects on human immunity. We found that the resilience of taxonomical and functional compositions of the human gut microbiome was highly enterotype-specific. The identified genera and species that may drive the observed plasticity included variations in Prevotella, Bacteroides, Ruminococcaceae_unclassified, and Bifidobacterium at the genus level and Bacteroides dorei, Bacteroides ovatus, Bacteroides plebeius, Bacteroides massiliensis, Prevotella copri, Faecalibacterium prausnitzii, and Eubacterium rectale at the species level. Many of these microbial species were reported to be correlated with immunity modulation. For instance, Bacteroides dorei was reported to be depleted in patients with coronary artery disease (CAD), and the gavage of B. dorei could attenuate atherosclerotic lesion formation in atherosclerosis-prone mice, notably ameliorating endotoxemia followed by decreasing gut microbial lipopolysaccharide production, effectively suppressing pro-inflammatory immune responses (44). In addition, B. ovatus was reported to produce indole-3-acetic acid that promoted IL-22 production by immune cells, yielding beneficial effects on colitis (45). Moreover, P. copri was reported to play a crucial role in rheumatoid arthritis (RA) pathogenesis, a chronic autoimmune disease (46). P. copri were found expanded in patients with new-onset RA (47), and the HLA-DR-presented peptide identified from the 27-kDa protein of P. copri was capable of stimulating a TH1 cell response in 42% of patients with new-onset RA (48). Other species have also been linked to immune diseases, such as B. massiliensis related to the severity of COVID-19 (49), and E. rectale related to the pathogenesis of ulcerative colitis and inflammatory bowel disease (50). Therefore, if people traveled to a place where dominated enterotypes differed from theirs, the change in environment such as diet would render it possible for people to switch their enterotype, bringing about the potential risk of immunity disorders.

From a functional perspective, the bidirectional resilience of gut microbial communities was primarily driven by a few functional groups (guilds) related to carbohydrate metabolism, e.g., GHs, GTs, and CEs, and a series of glucose metabolic pathways. We found GHs were decreased but GTs and CEs increased during the travel, and these functions were then restored after VTs returned to Beijing. Carbohydrate metabolism can modulate innate immunity (51), thus the change in the ability of carbohydrate metabolism during the travel, together with the taxonomic composition, warranted a microbial intervention to maintain health.

The taxonomic and functional changes in the gut microbiome were found mediated by dietary change. For instance, VT people had increased consumption of seafood, dairy products, and refined grains during their stay in TAT, which were significantly correlated with their microbiome variation. Accordingly, prior prediction of one’s microbial resilience patterns could facilitate the preparation of travelers. Proper dietary guidance, designed according to an individual’s original enterotype and the dominated enterotype in the destination, would be beneficial for the individual to maintain the enterotype stability in travel for months.

More efforts are needed to improve our understanding of the plastic patterns of the human gut microbiome after a half-year travel and their health implications. First, many confounding factors, including living conditions and disruption of the circadian rhythm, may influence the dynamics of the human gut microbiome, however, the mechanisms remained unknown. Second, the effects of genetic factors in shaping the enterotype-dependent plastic patterns of the gut microbiome should be examined. Third, the relationships between enterotype-dependent plastic patterns in the gut microbiome and the health status of the host needs further experiments and detailed clinical records. These issues should be addressed in future studies.

Collectively, this study has profiled the longitudinal dynamics of human gut microbial communities in a travel for months, and opened new avenues for probing the effects of diet and environments on human gut microbial communities, as well as the implications of human gut microbial communities on immunity and other health indicators.
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Psoriatic arthritis (PsA) is a chronic inflammatory joint disease, and the diagnosis is quite difficult due to the unavailability of reliable clinical markers. This study aimed to investigate the fecal metabolites in PsA by comparison with rheumatoid arthritis (RA), and to identify potential diagnostic biomarkers for PsA. The metabolic profiles of the fecal samples from 27 PsA and 29 RA patients and also 36 healthy controls (HCs) were performed on ultra-high-performance liquid chromatography coupled with hybrid triple quadrupole time-of-flight mass spectrometry (UHPLC-Q-TOF-MS). And differentially altered metabolites were screened and assessed using multivariate analysis for exploring the potential biomarkers of PsA. The results showed that 154 fecal metabolites were significantly altered in PsA patients when compared with HCs, and 45 metabolites were different when compared with RA patients. A total of 14 common differential metabolites could be defined as candidate biomarkers. Furthermore, a support vector machines (SVM) model was performed to distinguish PsA from RA patients and HCs, and 5 fecal metabolites, namely, α/β-turmerone, glycerol 1-hexadecanoate, dihydrosphingosine, pantothenic acid and glutamine, were determined as biomarkers for PsA. Through the metabolic pathways analysis, we found that the abnormality of amino acid metabolism, bile acid metabolism and lipid metabolism might contribute to the occurrence and development of PsA. In summary, our research provided ideas for the early diagnosis and treatment of PsA by identifying fecal biomarkers and analyzing metabolic pathways.




Keywords: feces, metabolomics, biomarker, psoriatic arthritis, UHPLC-Q-TOF-MS



Introduction

Psoriatic arthritis (PsA) is a chronic autoimmune disease characterized by joint inflammation and skin psoriasis (1). Its effects on men and women are almost the same, with peak onset ages of 40 and 50 years, respectively (1, 2). It is a heterogeneous disease that affects multiple organ systems, namely, peripheral joints, axial joints, attachment points, skin, and nails (3, 4), which tend to be associated with obesity, metabolic syndrome, uveitis, atherosclerosis, chronic liver disease, cardiovascular disease and mental disorders (4–7). PsA is known to be affected by many aspects, namely, genetic, immune, and environmental factors, which play key roles in the development of PsA (1, 8). At present, the pathogenesis of PsA is not fully clear and its early diagnosis, and its treatment is still challenging.

Clinically, PsA is difficult to distinguish from other inflammatory joint diseases, especially rheumatoid arthritis (RA) in the early stages of onset, because their clinical presentation and manifestations have many similarities (9–12). PsA and RA are both characterized by joint pain and swelling, and have the same organ systems affected, namely, the skin, joints, eyes, vascular system, and even the immune system (12). The diagnosis of RA is mainly based on clinical symptoms and seropositivity of specific antibodies such as rheumatoid factor (RF) and anti-cyclic citrullinated peptide antibodies (anti-CCPs), while for PsA, only clinical and imaging features are helpful for the diagnosis of the disease (13). Although most patients with PsA can be differentiated from patients with RA by specific non-articular clinical features being present, and also the infrequent seropositivity for RF and anti-CCPs (13, 14). However, in clinical practice, the differential diagnosis between PsA and RA can be challenging, especially if there is a peripheral phenotype and RF or anti-CCPs are negative in about 15–20% of cases (14, 15). Therefore, new tools are needed to discover biomarkers that can be used to reliably diagnose PsA.

With the rise of new technologies for the analysis of genome, transcription, protein, metabolomics, and others, new approaches have been provided for the study of pathogenesis (16). The intestinal microbiome may affect distant sites except the intestine through immunomodulation, such as the joints (17). Recent studies have shown that metabolites in the gut play a fundamental role in the evolutionary relationship between symbiotic microorganisms and their hosts (16, 18). Metabolite profiles provide functional readings of microbial activity and can be used as intermediate phenotypes to mediate interactions between human and microorganism (19). Although studies have found that the intestinal flora has a certain influence on the occurrence and development of PsA, such as a significant increase of the Firmicutes and Actinobacteria phyla in patients with psoriatic (20), there is little evidence on the connection between the gut microbiota and psoriatic arthritis, especially their metabolites.

Metabolomics can provide information of high-throughput quantification of metabolites. It is extensively used in the research of intestinal microbiota to explore the variation of gut microbiota derived metabolites, which are closely related to the physiological and pathological processes of the host (21, 22). Nowadays, metabolomics has been widely used to discover biomarkers and key pathways related to many diseases and explain the pathological mechanisms, due to the high throughput, high sensitivity, wide coverage, and relatively low cost (21, 23, 24). Previous metabolomic studies have detected potential biomarkers of some autoimmune diseases through plasma (25), serum (26), urine (27), and synovial fluid samples (28). Previous studies have also compared the serum metabolic profiles of patients with PsA and other autoimmune diseases by a global metabolomic approach using gas chromatography time-of-flight mass spectrometry or proton nuclear magnetic resonance (14, 29). Many research groups have also focused on analyzing possible differential biomarkers between PsA and RA in synovium and serum (14, 15). However, studies on the fecal metabolism profile of PsA patients are relatively rare.

In this study, a total of 91 human fecal samples were enrolled, namely, 36 HCs, 27 PsA and 29 RA. An untargeted fecal metabolomic approach based on UHPLC-Q-TOF-MS was used to identify the differential metabolites. First, the differential metabolites between PsA and HCs, and also PsA and RA were determined. Moreover, disordered metabolic pathways in PsA patients were predicted according to differential metabolites. Finally, potential biomarkers were screened for distinguishing PsA from HCs and RA, and the biomarkers in this study showed satisfactory performance in identifying PsA.



Materials and Methods


Chemicals and Reagents

Analytical grade methanol and methyl tert-butyl ether (MTBE) were obtained from the Tianjin Damao chemical reagent factory. Ultrapure water was prepared using a Milli-Q water purification system (Millipore, USA). Acetonitrile (ACN), isopropanol (IPA), formic acid and ammonium acetate (LC-MS grade) were from Thermo (USA).



Patients and Sample Collection

Between January 2019 and January 2021, 27 PsA patients, 29 RA patients (disease control) and 36 healthy controls (HCs) with matched age and gender were enrolled from the Second Hospital of Shanxi Medical University. All patients were in accord with the American College of Rheumatology (ACR) classification criteria for PsA and RA, and without the history of other autoimmune diseases. HCs also had no history of autoimmune diseases. All participants did not use probiotic diet and antibiotics in the past month, so the additional effects of gut microorganisms on intestinal metabolites were avoided. Fresh stool samples were collected from each subject within the first to two days of the hospitalization of the patient, frozen immediately, and stored at −80°C until use.



Clinical Data Collection

Clinical data of all participants had been collected during routine laboratory assessments, namely, blood routine examination, biochemical indicators, erythrocyte sedimentation rate (ESR), C-reactive protein (CRP), rheumatoid factor (RF), anti-cyclic citrullinated peptide (anti-CCP), cytokine levels, peripheral lymphocytes and CD4+ T cell subset data. Blood routine examination, namely, white blood cell (WBC), hemoglobin (HGB), platelets (PLT), lymphocytes (LYM), monocytes (MON), and neutrophiles (NEU), were evaluated using the Sysmex XN-9000 automated hematology analyzer. Biochemical indicators, namely, alanine amiotransferase (ALT), aspartate aminotransferase (AST), alkaline phosphatase (ALP), glucose (GLU), urea, and creatinine (Cr), were measured using the Beckman Coulter AU680 biochemical analyzer. The levels of CRP were evaluated using the Beckman Coulter IMMAGE800 automatic protein analyzer. The quantitative detection of RF was evaluated by an enzyme-linked immunosorbent assay (ELISA), and anti-CCP was detected by an automatic chemiluminescence analyzer (KEASER 6600). Peripheral lymphocytes and CD4+ T cell subset were analyzed by monoclonal antibodies on a BD-FACS-CANTO II flow cytometer (Becton Dickinson, USA). The serum concentrations of IL-2, IL-4, IL-6, IL-10, IL-17, TNF-α, and IFN-γ were detected using magnetic bead-based multiplex assays (Human Th1/Th2/Th17 subpopulation test kit: Jiangxi Cellgene Biotech Co., Ltd.) following the manufacturer’s instructions.



Sample Preparation

Polar extracts: The fecal samples were subjected to sequential solvent extraction by water and methanol according to the previous study (30). Briefly, 20 mg of lyophilized feces were weighed, and dissolved in 1 ml of ice-cold water, then vortexed and extracted by ultrasonicating in an ice bath for 20 min. The extracts were centrifuged, and the supernatant was immediately transferred. The feces were further extracted with 1 ml of ice-cold methanol for 20 min. The extracts were centrifuged, and the supernatant was immediately transferred. Then 500 μl of each supernatant was combined, and 1 ml of ice-cold methanol was added, vortexed to precipitate protein and centrifuged at 13,000 rpm for 15 min. The supernatant was evaporated to dryness using the speed vacuum concentrator. The residue was redissolved in 100 μl of methanol-water (80:20, v/v) and centrifuged at 13,000 rpm for 15 min to obtain the supernatant for metabolomic analysis.

Non-polar extracts: The fecal residue was further extracted with 1 ml of ice-cold MTBE, and then 500 μl of the supernatant was dried under a nitrogen stream. The residue was redissolved in 100 μl of isopropanol–water (70:30, v/v) and centrifuged at 13,000 rpm for 15 min, then the supernatant were transferred the for lipidomic analysis.

To ensure the stability and repeatability of the experiments, 10 μl each supernatant was pooled together as a quality control (QC) sample for both the polar and non-polar extracts, respectively.



LC–MS Analysis

Briefly, the metabolic profiles of the fecal samples were performed on a UHPLC (ExionLCTM AD) coupled with Triple TOF 5600+ mass spectrometer (American, AB Sciex). Chromatographic separation was acquired on a Waters Acquity UPLC HSS T3 (1.8 μm, 2.1 × 100 mm). The column temperature was set at 40°C and the injected volume was 5 µl. Date acquisition was performed in full scan mode both in the positive and negative ion modes, and also coupled with information-dependent acquisition (IDA) trigger product ion scan modes. The parameters of the MS acquisition of electron spray ionization (ESI) source were listed as follows: ion spray voltage, 4,500 V in the negative ion mode and 5,500 V in the positive mode; nebulizer gas of 55 psi; heater gas of 55 psi; curtain gas of 30 psi; decluttering potential of 60 V (positive) and −60V (negative); collision energy of 35 eV (positive) and −35 eV (negative); turbo spray temperature of 550°C; the full scan range of 100–1,500 m/z and the ion scan range of 50–1,250 m/z with high sensitivity.

Polar extracts analysis: The mobile phase was consisted of 0.1% formic acid aqueous solution (A) and ACN (B) with the optimized gradient elution program as follows: 0–2 min, 2% B; 2–3.5 min, 15% B; 3.5–5 min, 15% B; 5–18 min, 60% B; 18–27 min, 60% B; 27–29 min, 95% B; 29–36 min, 95% B; 36–36.5 min, 2% B; 36.5–39 min, 2% B. The flow rate was set at 0.3 ml/min.

Non-polar extracts analysis: The mobile phase A was ACN/H2O (6:4) with 0.1% formic acid and the mobile phase B was IPA/ACN (9:1) mixed with 10 mM ammonium acetate. The gradient elution program was optimized as follows: 0–3 min, 32% B; 3–6 min, 45% B; 6–8 min, 52% B; 8–12 min, 58% B; 12–14 min, 66% B; 14–20 min, 70% B; 20–25 min, 75% B; 25–28 min, 99% B; 28–31 min, 99% B; 31–31.5 min, 32% B; 31.5–34 min, 32% B. The flow rate was set at 0.25 ml/min.



Determination of Differential Metabolites by Multivariate Analysis

The raw data was imported to XCMS (version 3.6.3) for automatic data prepossessing, namely, peak picking and retention time correction. Then the resulting data matrix were imported into SIMCA 14.0 software (Umetrics, Sweden) for multivariate data analysis, namely, principal component analysis (PCA), partial least square discriminant analysis (PLS-DA), and orthogonal partial least square discriminant analysis (OPLS-DA). The variable importance in the projection (VIP) values from OPLS-DA models, fold change (FC), t-test (GraphPad prism 8.0) and false discovery rate (FDR, R-Studio software, version 3.6.3) correction were performed to screen the differential metabolites. The metabolites with VIP >1, FC >1.2 or FC <0.8, p <0.05 and FDR <0.05 were considered to be the differential metabolites, which were identified by OSI/SMMS software (Dalian ChemData Solution Information Technology Co., Ltd., PR China) and other online databases, namely, Human Metabolome Database (http://www.hmdb.ca/), Lipidmaps (https://lipidmaps.org/) and LipidBlast (https://fiehnlab.ucdavis.edu/projects/lipidblast). The differential metabolites were further presented in a heatmap with hierarchical cluster analysis (HCA) using MetaboAnalyst 5.0.



Statistical Analysis

Statistical analysis of clinical data and differential metabolites was performed using the SPSS 22.0, Graphpad Prism 8.0 and MetaboAnalyst 5.0. Categorical and quantitative variables were described as frequencies, percentage, mean ± standard deviation or median (Q25, Q75). Data of demographic and clinical features were compared between groups by the non-parametric Mann–Whitney U test or Independent Sample t-test, as appropriate. Correlation analysis was performed using the Pearson correlation test. Receiver operating characteristic (ROC) curve analysis was used to evaluate the diagnostic performance of potential biomarkers. The support vector machines (SVM) classification model and ROC analysis for multiple biomarkers were performed by Biomarker analysis module in MetaboAnalyst 5.0.




Results


Demographical and Clinical Characteristics of PsA Patients

All 27 PsA patients (12 men and 15 women) were Han Chinese population (100%). Their mean age was 46.56 ± 15.04 years old. The median disease duration of PsA was 41 months (range 1–180 months). The median age at onset of PsA was 43.22 years (range 11–64 years). In 81.5% of patients with PsA, the onset began with skin manifestations, followed by joint inflammation. Among the 27 patients with PsA, 18 cases showed peripheral arthritis, 1 case showed axial arthritis, and 8 cases showed mixed peripheral spine. In terms of skin manifestations, 3 cases of PsA had no skin damage, and the remaining 24 cases had psoriatic rashes of varying degrees; In addition, 3 patients with PsA had nail lesions. All patients of PsA were newly diagnosed, with no current treatment with disease-modifying antirheumatic drugs (DMARDs) and corticosteroid for joint symptoms.

The demographics and clinical characteristics of PsA and RA patients are tabulated in Table 1 (Additional clinical data were listed in Supplementary Tables S1, S2). There were no significant differences in age (p = 0.1589) and BMI (p = 0.6114) between the PsA and RA group by two-tailed unpaired Student’s t-test, and also PsA group and HC group (age p = 0.4750).


Table 1 | Demographics and clinical characteristics of PsA and RA patients and health controla.





Metabolic Profiling of UHPLC-Q-TOF-MS

The polar and non-polar extracts of all the fecal samples (HC, PsA, and RA groups) were analyzed by UHPLC-Q-TOF-MS. After data processing, namely, peak picking, retention time correction, and missing value filling, 12,457 and 7,622 metabolic features were detected in the positive and negative ion modes for the polar extracts, and 11,749 and 9,513 metabolic features were detected in the positive and negative ion modes for the non-polar extracts. The typical total ion chromatograms of the polar and non-polar extracts of the fecal samples are shown in Supplementary Figure S1.



UHPLC-Q-TOF-MS Method Validation

Polar extracts: In order to evaluate the data quality of the metabolic profiles, a PCA model was constructed, and the repeatability of metabolic profiling was evaluated using QC samples. For the positive ion mode (Supplementary Figure S2A), all QC samples were tightly clustered together in the center of the PCA score plot, and fell within the 2 SD’s region and 95% confidence interval, which indicated that the analytical methods were reliable and acceptable (Supplementary Figure S2C). For the negative ion mode, the PCA model also showed good reliability of metabolomic platform in this study (Supplementary Figures S2B, D).

Non-polar extracts: In the positive and negative ion modes (Supplementary Figure S3), 14 QC samples were clustered closely in the PCA model and all fell within the 2 SD’s region and 95% confidence interval, which also indicated that the analytical platform provided excellent reliability required for a large-scale metabolomic study.



Multivariate Statistical Analysis

Polar extracts: As shown in the PCA score plot of the positive ion mode (Supplementary Figure S2A), the PsA and RA groups showed obvious separation from HC group, whereas PsA group and RA group were overlapped. Then 3D PLS-DA was applied to further maximize their difference, in which both PsA and RA groups were separated from the HC group, and PsA and RA groups could be further separated (Figure 1A). In the negative ion mode, the PsA, RA, and HC groups were overlapped in the unsupervised PCA model (Supplementary Figure S2B), and the supervised 3D PLS-DA model could distinguish them with good separations (Figure 1B).




Figure 1 | 3D PLS-DA score scatter plots of polar extracts in positive ion mode (A) and negative ion mode (B). 3D PLS-DA score scatter plots of non-polar extracts in positive ion mode (C) and negative ion mode (D). HC group (green circle), PsA group (blue circle), and RA group (red circle).



Non-polar extracts: For the PCA model, the PsA, RA, and HC groups were overlapped both in the negative and positive ion modes (Supplementary Figures S3A, B). While the 3D PLS-DA models could totally distinguish them in the positive ion mode, and partially distinguish them in the negative ion mode (Figures 1C, D).



Differential Metabolites Between HC Group and PsA Group

Polar extracts: The OPLS-DA model was further constructed to determine the differential fecal metabolites between PsA and HC groups (Figure 2). The model parameters showed the goodness of fit and prediction ability of the OPLS-DA model both in the positive and negative ion mode (Table 2). Based on the criteria of VIP-values (VIP >1), p-value (p <0.05), FDR (FDR <0.05) and fold change (FC >1.2 or FC <0.8), a total of 93 differential metabolites were determined between the PsA and HC groups. Among them, 14 fecal metabolites were increased, and 79 fecal metabolites were decreased in the PsA group (Supplementary Table S3).




Figure 2 | OPLS-DA score scatter plots of polar extracts between HC group and PsA group in positive (A) and negative ion mode (B). The result of permutation test in positive ion mode (C) and negative ion mode (D). The R2 and Q2 values were R2X (cum) = 0.317, R2Y (cum) = 0.968, Q2 (cum) = 0.918 in positive mode. The R2 and Q2 values were R2X (cum) = 0.362, R2Y (cum) = 0.997, Q2 (cum) = 0.748 in negative mode. The intercept of Q2 of positive and negative ion modes on the y-axis was <0, indicating a valid model.




Table 2 | The parameters of OPLS-DA model.



Non-polar extracts: The OPLS-DA model between PsA group and HC group was also constructed for the non-polar extracts with good model parameters (Supplementary Figure S4 and Table 2). Based on the same criteria as described above, 61 differential metabolites were screened out. Among them, 13 fecal metabolites were increased, and 48 metabolites were decreased in the PsA patients when compared with the HCs (Supplementary Table S3).



Comparison Between RA Group and PsA Group

Polar extracts: Further, the OPLS-DA model was constructed between RA group and PsA group, and model parameters also indicated the goodness of fit and prediction ability of the model for the positive ion mode (Supplementary Figure S5 and Table 2). With the same criteria, 25 fecal metabolites were found higher in PsA patients, and 7 fecal metabolites were higher in RA patients (Supplementary Table S4). However, the model was invalid for the negative ion mode, thus no further analysis was performed (Supplementary Figure S5).

Non-polar extracts: Both the OPLS-DA modes in the positive and negative ion modes were valid (Supplementary Figure S6 and Table 2). Thus, a total of 13 metabolites were found to express differently in PsA group compared to RA group (Supplementary Table S4). Among them, 8 fecal metabolites were higher in PsA patients, and 5 fecal metabolites were higher in RA patients.



The Heatmap Analysis of RA, PsA and HC Groups

A heatmap was generated to provide an intuitive visualization of the content variation of the differential metabolites among 3 groups (Figure 3 and Supplementary Table S5). The result was consistent with the multivariate analysis, and the HC group was obviously separated from the other groups, as most of the differential metabolites showed the highest contents in the HC group (Figure 3). In addition, the difference between the PsA and RA groups were also evident.




Figure 3 | The heatmap of differential metabolites in HC, PsA and RA groups. Red color indicates high level of metabolites and blue color indicates low level of metabolites. (A) Metabolites distinguishing HC from PsA groups; (B) Metabolites distinguishing PsA from all other groups; (C) Metabolites distinguishing PsA from RA groups.





Potential Biomarkers for PsA

A total of 154 differential metabolites were screened out between PsA and HC groups, and 45 differential metabolites were found to express differently between PsA and RA groups. There were 14 common metabolites among these differential metabolites, which were defined as candidate biomarkers (Figure 4), namely, dihydrosphingosine, hexadecasphinganine, α/β-turmerone, ϵ-caprolactam, serine, glutamine, 4-cholesten-3-one, pantothenic acid, methylimidazoleacetic acid, vaccenic acid, deoxycholic acid, 4α-formyl-4-methylzymosterol, glycerol 1-hexadecanoate, and 1-linoleoyl-rac-glycerol. The potential discriminant biomarkers for PsA diagnosis were evaluated by ROC curve analysis to evaluate their diagnostic efficacy preliminarily (Figure 5A and Supplementary Table S6).




Figure 4 | Box plots of biomarker candidates. *, **, *** denoted p <0.05, p <0.01, and p <0.001 in the PsA and other two groups comparison, respectively.






Figure 5 | Diagnostic performance of the biomarker model for PsA diagnosis. (A) ROC curve analysis of 7 fecal metabolites with AUC >0.7; (B) The selected frequency of 13 significant features in SVM model; (C) SVM classifier performance for classifying PsA versus non-PsA metabolites; (D) ROC curve for 5 fecal microbial markers.



The areas under the ROC curve (AUCs) of 4α-formyl-4-methylzymosterol (M45), methylimidazoleacetic acid (M66), pantothenic acid (M88), 4-cholesten-3-one (M99), glycerol 1-hexadecanoate (M133), ϵ-caprolactam (M150), α/β-turmerone (M154) were 0.734, 0.704, 0.737, 0.715, 0.755, 0.996, and 0.959, respectively, for discrimination of PsA versus non-PsA (namely, HC and RA). To improve the diagnostic performance of PsA, we constructed a classifier established by Support vector machines (SVM) model in MetaboAnalyst. Since ϵ-caprolactam is an exogenous compound and cannot be synthesized in the body, it cannot be used as a biomarker and was excluded from the model. Thus, we included the 13 common differential metabolites into the SVM model. Based on the SVM classification method, the importance of the variables was ranked according to the sample weighting coefficient of the SVM analysis (Figure 5B). The top 2, 3, 5, 10, and 13 important features were respectively selected to build the classification/regression model, and ROC analysis on the joint model were performed (Figure 5C). It was found that when the top 5 metabolites in importance, namely, glycerol 1-hexadecanoate, dihydrosphingosine, pantothenic acid and glutamine, were combined for ROC analysis, the AUC reached 0.971, which had high sensitivity and specificity (Figure 5D). Therefore, these five metabolites have been identified as potential biomarkers that distinguish PsA patients from non-PsA.



Differential Metabolic Pathway Analysis

To further explore the pathway that was possibly related with PsA, 154 different metabolites between the HCs and PsA, and 45 different metabolites between PsA and RA, respectively, were used to perform metabolic pathway analysis (Figure 6). As shown in Figure 6A, most disease-associated metabolites were decreased in PsA when compared with HCs, such as amino acid, bile acid, fatty acid, involving a variety of metabolic pathways such as amino acid metabolism, bile acid metabolism and fatty acid synthesis. When compared with RA (Figure 6B), the metabolic processes associated with inflammatory rheumatic diseases were altered in PsA even when clinical features were similar. The difference metabolites between PsA and RA were involved metabolic pathways, namely, sphingolipid metabolism, secondary bile acid biosynthesis, biosynthesis of unsaturated fatty acids and biosynthesis of amino acids. In addition, it was interesting that significant enrichment of ϵ-caprolactam in PsA patients, whether it is compared with HC or RA, implied the weakening of the degradation pathway of ϵ-caprolactam in PsA.




Figure 6 | Enrichment map of metabolic pathways involved in differential metabolites. (A) Metabolic pathways involved in differential metabolites between PsA and HC. (B) Metabolic pathways involved in differential metabolites between PsA and RA. Yellow nodes represent metabolic pathways involved. Circular node represents the change in metabolite, where blue indicates a decrease in PsA, and red indicates an increase in PsA; the size of the circle indicates the fold change of metabolites in PsA compared with HC or RA.





Correlations of Metabolites With Clinical Phenotype

Compared with HCs, the ESR and neutrophils (NEU) in PsA increased (p <0.05). We investigated the correlations between the differentially altered metabolites and immunological parameters in patients with PsA. As indicated in Table 3, geranylgeraniol, lysophosphatidylethanolamine and hexadecasphinganine positively correlated with ESR and CRP. We also observed positive correlations between organic acid (namely, homovanillic acid, trans-cinnamic acid and 2-hydroxy cinnamic acid) and white blood cells (WBCs).


Table 3 | Pearson’s correlation analysis between differentially altered metabolites and immunological parameters.



It was proved that T cells are heavily involved in PsA. Studies have shown that the immune system, in particular lymphocytes, has an important influence on the pathogenesis of PsA (1, 2). The correlation between the differential metabolites (PsA vs HC) and immune cell subsets was analyzed in 27 PsA patients (Figure 7A). Our results showed that increased glycerol 1-hexadecanoate were positively correlated with the absolute numbers of Th2 and Treg, while many decreased metabolites (such as geranylgeraniol, homovanillic acid, glycerol 1-hexadecanoate, lysophosphatidylethanolamine, malic acid and docosahexaenoic acid) were negatively correlated with the absolute numbers of B cells, Treg and T cell effector subsets Th1, Th2, and Th17. In addition, some lipids (namely, hexadecasphinganine, docosahexaenoic acid, heneicosanoic acid, and hexadecan-1-ol) exhibited negative association with Treg, and lower levels of homovanillic acid and lysophosphatidylethanolamine accompanied with increased Th2 (Figure 7A). The imbalance between Tregs and T cell effector subsets Th1, Th2, and Th17 might result in chronic inflammation of gut, skin or joints.




Figure 7 | Correlation of differential metabolites and clinical features. (A) Integrative network of associations reflecting the interactions of differential metabolites (PsA vs HC) and lymphocyte subpopulation via Cytoscape (3.8.2). Network revealed both significant (p <0.01) and suggestive associations (0.01< p <0.05) between differentially abundant metabolites and lymphocyte subpopulation in PsA. Yellow oval nodes represent immune cells, red and blue diamond nodes represent the increase and decrease of metabolites in PsA, respectively. Lines connecting nodes indicate positive (red) or negative (blue) correlations. The full lines and dotted lines indicate significant correlation and suggestive correlation respectively. (B) Correlation of differential metabolites (PsA vs HC) and cytokines in PsA; (C) Correlation of differential metabolites (PsA vs RA) and Cytokines in PsA.



Furthermore, correlation between differential metabolites and cytokines were also calculated using Pearson correlation (Figure 7B). The results indicated that fecal metabolites differentially depleted in PsA showed higher correlation with cytokines of IL-6, IL-10, IL-17 and IFN-γ. For example, lysophosphatidylethanolamine in PsA was positively linked to IL-10 and IFN-γ (p < 0.01).

Even when symptoms of joint involvement are similar between PsA and RA, their cytokines and the metabolic processes associated with inflammatory rheumatic diseases are different. Compared with RA, the cytokines (namely, IL-2, IL-4, IL-10, IL-17, IFN-γ, and TNF-α) in PsA were significantly lower (Supplementary Table S2). To further understand whether characteristic metabolites of PsA contribute to disease severity, we tested for their correlations with cytokines using Pearson correlation (Figure 7C). We observed that the fecal metabolites differentially abundant in PsA, such as palmitic acid, abscisic acid, cholesteryl laurate, glutamine and serine, exhibited positive association with IL-2, IL-4, IL-10, IL-17, IFN-γ, and TNF-α. For example, increased abscisic acid in PsA was positively linked to IL-2 and IL-4 (p < 0.01).

Due to the small sample size of the PsA group, many correlations were not strong enough, the data still suggested a potential link between the fecal metabolites and clinical features of disease.




Discussion

PsA is a chronic autoimmune disease, and its clinical features are variable and may be similar to other rheumatic diseases. It is difficult to diagnose and treat this disease early due to the lack of specificity markers. In the recent years, there has been an increasing interest to the alteration of gut microbiota in the PsA research, which has been proved to have important significance in the pathogenesis of diseases (1, 7, 20, 31). This study is the first published report on fecal metabolome of PsA to explore the potential diagnostic markers. The metabolic profiles of fecal samples might allow differentiation of PsA patients from RA patients and HCs.

A total of 154 fecal metabolites were significantly altered in PsA patients compared with the healthy controls. Interestingly, there were 45 fecal metabolites also different between PsA and RA patients. Furthermore, 14 common metabolites among these differential metabolites could be defined as candidate biomarkers. It was noteworthy that some disease-associated metabolites were altered in PsA when both compared with HCs and RA, such as amino acid, bile acid, fatty acid, vitamins and so on, involving a variety of metabolic pathways, namely, amino acid metabolism, bile acid metabolism and lipid metabolism.


Amino Acid Metabolism

In the present study, several amino acids were altered in PsA patients compared with the HCs and RA. The levels of fecal kynurenic acid and indole-3-lactic acid were reduced in PsA patients, which are catabolites of tryptophan through the kynurenine pathway. In addition, the content of serine, glutamic acid, glutamine, and oxyproline in PsA decreased, and the content of degradation products of phenylalanine metabolism, such as 2-hydroxy cinnamic acid and 3-(3-hydroxyphenyl) propanoic acid, also decreased. The reduced glutamine was consistent with previous results found in serum of PsA (29). Differences in protein synthesis rate, immune cell consumption of glutamine and transglutaminase levels may be the reasons for the variation of glutamine levels in PsA patients (29). Other work has reported that altered amino acid concentrations may affect changes in energy metabolism (32, 33). Therefore, the data reported in this study indicated that the energy metabolism in PsA was significantly inhibited.



Bile Acid Metabolism

The fecal primary and secondary bile acids, namely, cholic acid, nutriacholic acid, glycocholate, deoxycholic acid and 7-ketodeoxycholic acid, were depleted in PsA when compared with HCs, whereas deoxycholic acid was lower in RA. It is well known that bile acids, such as cholic acid and deoxycholic acid, are signal molecules produced by the decomposition of cholesterol through the interaction between the host and the intestinal flora, which activate bile acid activated receptors (BARs) to regulate liver lipid and glucose metabolic homeostasis and energy metabolism (34–37). Furthermore, in intestinal macrophages, G protein-coupled bile acid receptor 1 (GPBAR1) and Farnesoid-X-receptor (FXR) are highly expressed, which also occurs in innate immunity such as dendritic cells and natural killer cells (16, 35). Additionally, secondary bile acids, namely, lithocholic acid and deoxycholic acid, have been reported to protect the intestinal barrier (38, 39). Taken together, the data reported in our study indicated that alteration of bile acid homeostasis may be related to the occurrence and development of PsA.



Lipid Metabolism

In addition to changes of amino acid and bile acid metabolism, the alteration of lipid metabolism was also highlighted in our study. Interestingly, the PsA group was characterized by altered polyunsaturated fatty acid (PUFAs) compared with non-PsA. In particular, a decrease of docosahexaenoic acid in PsA was observed. The impaired balance of PUFAs contributes to the development of some autoimmune diseases, for example, n−6/n−3 PUFAs have a major impact on the homeostasis of the immune system (40–42). Previous studies have proposed that serum PUFAs levels in patients with rheumatic diseases were usually lower (42, 43). ω-3 Fatty acids have potential immunomodulatory and anti-inflammatory effects, which could inhibit inflammation by reducing the expression of cell surface molecules and adhesion molecules, inhibiting inflammatory factors, and affecting immune cell function (44, 45). Furthermore, studies have reported that in mouse models, dietary ω-3 fatty acids had been successfully used to reduce the severity of arthritis and atopic dermatitis by promoting the differentiation of CD4+ T cells into Tregs (41, 46, 47).

We noticed that many metabolites (N-palmitoyl-sphinganine, phytosphingosine, dihydrosphingosine and serine) in sphingolipid metabolism pathway were altered in PsA. Sphingolipids, produced by both the host and specific bacteria, participate in specific signaling pathways of physiologic cellular functions by acting as signaling molecules or regulating the function of downstream signal molecules (16, 48). In the intestine, host sphingolipids have been thought to act directly or indirectly as inflammatory mediators (49). Sphingolipids have recently been identified as the most variable metabolite in the stool of patients with inflammatory bowel disease (IBD) (50), which was reported to be consistent with patients with PsA (51–53). Studies have shown that sphingolipid levels can regulate host immunity, and sphingolipid deficiency strains can trigger intestinal inflammation, which accompanied with an increase of IL-6 and monocyte chemoattractant protein-1 (MCP-1) in the colon (50).

In conclusion, these observations hinted that there was a potential connection between altered lipid metabolism and the pathology of PsA, which involved with sphingolipid metabolism and fatty acid metabolism at the pathway level.



Vitamins

In addition to the metabolic changes reported above, we also found a decrease in nicotinic acid (VB3) and pantothenic acid (VB5), both of which belong to the B vitamins. These vitamins were both produced and secreted by intestinal microbes and exhibited anti-inflammatory and antioxidant activities (33, 54). Nicotinic acid is the precursor of nicotinamide adenine dinucleotide (NAD), which plays an important role in various biological processes, namely, cell metabolism, inflammatory response, aging regulation, and cell death (16). VB3 directly activates G Protein-Coupled Receptor 109A (GPCR109A), which is one of the receptor for short chain fatty acid (SCFA). In a preclinical model of colon inflammation, the activation of GPCR109A appeared to be related with the abundance of Treg in the intestinal lamina propria and the production of IL-10 (55). Moreover, VB3 reduced the secretion of inflammatory cytokines such as IL-6, TNF-α and MCP-1 when treated with lipopolysaccharide (LPS) in human monocytes (54). Pantothenic acid (VB5) is the precursor of the coenzyme A (CoA), and also an activator of fatty acid metabolism and oxidation reaction mediated by the tricarboxylic acid cycle, which is related to inflammatory homeostasis (16). In addition to the decrease in B vitamins found in PsA feces, a change in α-tocopherol (vitamin E) was also found. Vitamin E is one of the important antioxidants in the human, which can inhibit the peroxidation of lipids in cell membranes and circulate lipoproteins. It has also been reported to play an important role in the prevention and adjuvant treatment of certain chronic diseases (56).

Interestingly, we observed that ϵ-caprolactam and α/β-turmerone were uniquely increased in PsA patients. An increase of ϵ-caprolactam indicated the accumulation of xenobiotics and attenuated pathways for caprolactam degradation (ko00930) in the body. ϵ-Caprolactam is used as the raw material of nylon to produce a great deal of interior products, such as synthetic leather, synthetic fiber, plastifier and resin (57). The ubiquitous xenobiotic substances can be maintained and accumulated in the intestine due to continuous exposure to urban environment (58, 59), which might create the appropriate conditions for microbial communities in host to functionally adapt to the degradation of xenobiotic substances, including caprolactam (59–61). It was reported that oral exposure to titanium dioxide nanoparticles led to the increase of fecal caprolactam (62). In addition, deceased plasma caprolactam was also observed in the pregnant women with methylenetetrahydrofolate reductase (MTHFR) polymorphisms (63). A recent upper respiratory microbiome study found that compared with asthma patients, the abundance of caprolactam degradation pathway was significantly higher in the non-asthmatic group (61). In another recent work, the authors also found an increase in caprolactam degradation pathways in the gut microbiome of centenarians and semi-supercentenarians (59). Thus, the unique aggregation of caprolactam, which can irritate respiratory tract, eye, skin and mucous membrane (64), implied that it may have a certain effect on the occurrence of PsA, however, the exact mechanism need to be further clarified.

As regards turmerone, it is a class of polyphenolic compounds abundant in plant-based diets, obtained from turmeric (65). They are categorized as α-turmerone, ar-turmerone, and β-turmerone, and exhibit immunomodulatory effects (66). Research has shown that ar-turmerone can increase the expression level of differentiation clusters (CD40, CD80, CD83, and CD86), and subsequently induced the phenotypic and functional maturation of dendritic cells (DC). Further, the treatment with ar-turmerone can reduce the activity of acid phosphatase (ACP) in DC and promote the production of interleukin (IL-12) and TNF-α (65, 67). The human intestinal flora can metabolize polyphenols to form active substances with different functions, and polyphenols can also be transformed to affect their bioavailability (68). Therefore, the analysis of metabolic pathways is crucial for understanding these processes. However, the mechanism of how turmerone is transformed and metabolized in the intestine after entering the body to act on immune cells is still unclear. In our study, significant increase of α/β-turmerone in PsA indicated that the intestinal flora of PsA patients might lack bacteria that can metabolize polyphenols. All in all, our results indicated that the gut microbiome of PsA might be less equipped for the degradation of xenobiotics.

Actually, the fecal metabolites included the compounds from the host, microbiota and food residues, thus, not all the fecal compounds could reflect the biochemical status of the gut microbiota under the disease condition. In our study, tryptophan related metabolites, secondary bile acids, vitamins, dietary polyphenols and the degradation of xenobiotic substances were related with gut microbiota (16, 69), and thus, these metabolites implied the function of intestinal bacteria. However, the amino acids, unsaturated fatty acids and sphingomyelin were both produced by intestinal microbes and host (16), and the change of these metabolites might come from the metabolic status of the gut microbe or host.

In conclusion, we observed dysregulation of metabolic pathways in fecal samples from patients with PsA, which can be used for PsA diagnosis in a non-invasive manner. However, some limitations must be recognized in our research. First, the sample size of this study was relatively small, which may lead to missing of some differential metabolites and further limiting the generalization of the results. In the future, it is necessary to study a larger patient cohort to confirm these findings. Second, it is unclear how the intestinal microbiota affects blood characteristics due to the lack of blood samples. Further research integrating the metabolic characteristics of feces and blood is of great significance for further understanding the microbial functions in PsA. Finally, this study only conducted non-targeted metabolomics on fecal samples of PsA, and the selected candidate biomarkers lack accurate quantitative verification. Therefore, samples from multicenter cohort should be used to verify the discriminant power of biomarker panel.

In summary, this is the first metabolomic study applied to the feces of PsA and RA patients. We discovered that fecal metabolites were significantly different between these patients and HCs, and also between PsA and RA. The results might bring about the identification of new candidate biomarkers or targets for PsA diagnosis or treatment. In addition, our data emphasized that even if the clinical features were similar, the metabolic processes associated with inflammatory rheumatism differed greatly between PsA and RA. Further functional studies are necessary to explore the impact of these metabolic changes on the underlying pathogenesis mechanisms of PsA.
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Determining how the profile of immune cells varies with their disease subtypes and across lesion locations is critical for understanding the pathogenesis in inflammatory bowel disease (IBD), including Crohn’s disease (CD) and ulcerative colitis (UC). To that end, we herein combined the IBD TaMMA framework and the CIBERSORT pipeline to deconvolute the large amount of RNA-seq data from patients with IBD (both CD and UC were included) and healthy human controls across 28 cohorts (a total of 3,852 samples) while accommodating data heterogeneity across cohorts, to define the immune cell landscape of IBD. Our study uncovered that both absolute quantities of innate and adaptive immune cell populations were elevated in most intestinal regions of IBD patients, yet disease-specific (CD versus UC) and intestinal location (ileum, colon, and rectum)-specific features. In the ileum, the increase in innate immune cells was more pronounced in CD than UC. In contrast, innate and adaptive immune cells were elevated more drastically in the UC than CD in the rectum. Such revelation of immune signatures across the highly variable IBD phenotypes (in both disease subtypes and intestinal regions) underpins differential immune-pathophysiological mechanisms in IBD pathogenesis and therefore serves as a resource for the development of future targeted studies.
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Introduction

The incidence of inflammatory bowel disease (IBD) is rising in the twenty-first century (1). The exact etiology of IBD remains unclear. It is primarily thought to arise from an aggravated immune response towards the gut microbiota in genetically susceptible individuals (2). Initial activation of innate immunity provokes non-specific responses, and then, the continued stimulation of inflammation will activate adaptive immunity, which could lead to sustained chronic inflammation. Available evidence suggests that both dysregulated innate and adaptive immune pathways contribute to the aberrant intestinal inflammatory response in patients with IBD. Subtypes of IBD include ulcerative colitis (UC), which contiguously affects the colon, and Crohn’s disease (CD), which can present anywhere in the gastrointestinal tract. Different macroscopic patterns of inflammation may result from different patterns of immune response between CD and UC (3).

In the past decades, a large number of omics studies were deployed to understand the pathogenesis of IBD, particularly via the RNA-sequencing (RNA-seq) technology to pinpoint genes and cell compartments contributing to the disease course and phenotypes. However, due to the individual nature and small/modest sample sizes in each RNA-seq study (some studies only centered on a specific cell fraction), it hinders the power to find population-robust genes and cell types that are generic culprit to the pathogenesis and progression of IBD. Therefore, integrating the current existing RNA-seq datasets from publicly available studies, while minimizing batch effect with proper data harmonization, would largely facilitate this goal. Recently, multiple frameworks and pipelines were developed to integrate IBD datasets and to aid in cross-dataset RNA-seq analysis, including the IBD Transcriptome and Metatranscriptome Meta-Analysis (TaMMA) framework (4). The IBD TaMMA framework comprehensively collated the publicly available IBD RNA-seq (both Transcriptome and Metatranscriptome) datasets from IBD-derived and control samples across different tissues (4). In addition, CIBERSORT (Cell-type Identification By Estimating Relative Subsets Of RNA Transcripts) was recently developed to characterize immune cell compositions (including B cells, T cells, and innate immune cell subsets) in complex tissues by computing gene expression profiles (GEPs), which has a strong agreement with flow cytometry assessment of immune subsets in bulk tissues (5, 6). CIBERSORT was widely utilized in different complex tissues to analyze immune signatures (7, 8).

Here, we combined the IBD TaMMA framework and CIBERSORT to deconvolute the large amount of RNA-seq data from patients with IBD (both CD and UC—two IBD subtypes—were included) and healthy human controls across 28 cohorts (a total of 3,852 samples), to define the immune cell landscape of IBD. We identified and enumerated the composition of 22 immune cell types, which could be statistically more robust than individual studies alone. Our study uncovers both disease-specific (CD versus UC) and lesion location-specific immune cell features in IBD. Such large-scale analysis of immune signatures of IBD provides a comprehensive understanding of differential immune responses in IBD, therefore guiding precision immunotherapies for IBD in the future.



Methods


RNA-Sequencing Data Acquisition

The Inflammatory Bowel Disease Transcriptome and Metatranscriptome Meta-Analysis (IBD TaMMA) framework contains publicly available gene expression files from 28 datasets of 26 independent studies before March 6, 2021 (4). All GEO/SRA numbers are given in Figure 1. GEPs of the 3,852 samples were batch corrected and merged to produce a mixture file by IBD TaMMA. We downloaded GEPs through OSFHOME (https://osf.io/yrxa7/).




Figure 1 | The analytic framework of immune cells profiling in patients with IBD and healthy individuals. Schematic depicting shows that CIBERSORT is applied to a multiple-cohort (n=28) gene expression profiles from bulk tissue transcriptomic data (a total of 3,852 subjects), comprising both patients with IBD and healthy individuals. Once immune cell fractions are determined, comparisons among different disease subtypes (CD and UC versus healthy individuals) across intestinal locations (ileum, colon, and rectum) are calculated with statistics. ***p < 0.001.





Identification of Immune Cells and Their Estimated Fractions

GEPs were prepared and formatted into one input file (also known as mixture file) according to the instructions in the manual on the website (http://cibersort.stanford.edu/tutorial.php). LM22 gene signature was downloaded through CIBERSORT website (https://cibersortx.stanford.edu/download.php). R version 4.1.1 was required to run CIBERSORT R script v1.04 (https://rdrr.io/github/zy26/SSMD/src/R/CIBERSORT_modified.R). The number of statistical permutations was set to 100 and quantile normalization was disabled. The absolute and relative modes of CIBERSORT were used to analyze data, respectively. The relative output was set so that the sum of all estimated immune-cell-type fractions for each sample equaled 1. Immune cell absolute estimates were calculated using their corresponding relative fractions. In CIBERSORT, the absolute mode converts estimated relative cellular fractions into a score that reflects the sample’s absolute proportion of each cell type. The median expression level of all genes in the signature matrix (LM22) divided by the median expression level of all genes in the sample yields the absolute immune score. Total innate immune cells score was calculated as a sum of NK cells (resting and activated), monocytes, macrophages (M0, M1, and M2), dendritic cells (resting and activated), mast cells (resting and activated), eosinophils, and neutrophils. Total B cells were calculated as a sum of naive B cells, memory B cells, and plasma cells. Total T cells were calculated as a sum of CD8+ T cells, naive CD4+ T cells, memory resting CD4+ T cells, memory-activated CD4+ T cells, follicular helper T cells, regulatory T (Treg) cells, and gamma delta (γδ) T cells.



Statistical Analysis

Data are presented as mean ± standard error of the mean (SEM). Differences among the three groups were compared using Kruskal–Wallis non-parametric test, and multiple comparisons testing was performed by Dunn’s multiple comparisons test. All differences were considered statistically significant if p < 0.05. GraphPad Prism 8.0 and open-source R software (version 4.1.1) were used to perform statistical analysis.



Data Availability

The immune profile datasets generated by CIBERSORT for each sample during the current study are available from the corresponding author on reasonable request.




Results


Overview of the Analytic Framework

A total of 28 source RNA-seq datasets from 26 independent studies were included from IBD TaMMA (consisting of 3,852 subjects, including 1,848 ileum, 448 colon, 480 rectum, and others). By CIBERSORT analysis, the relative fractions and absolute quantities of 22 immune cell types were calculated from all samples. We then characterized the immune cell landscape and signatures in patients with IBD (across disease subtypes and intestinal lesion locations) compared to that in healthy individuals (Figure 1).



Landscape of Relative Fractions of Immune Cell Populations in IBD

First, we compared the relative fractions of 22 immune cell types in different disease subtypes (CD and UC versus controls) and across different intestinal locations (ileum, colon, or rectum) (Figure 2A). Overall, the proportion of adaptive immune cells was decreased across the three intestinal locations (ileum, colon, and rectum) of CD and UC as compared to those of healthy controls, while the proportion of innate immune cells was correspondingly increased (Figure 2A). This alteration indicated the imbalance of immune system across different intestinal locations in CD and UC. The cumulative abundance (relative abundance) of innate immune cells (ileum, colon, and rectum combined) was significantly higher in both CD and UC, compared with that in healthy controls (both p < 0.001, Figure 2B). In contrast, the cumulative abundance (relative abundance) of adaptive immune cells was decreased in both CD and UC, compared with healthy controls (both p < 0.001, Figure 2B). Then, we particularly investigated the proportion of the adaptive immune cell subtypes, namely, B and T cells, in patients with IBD versus healthy controls. The relative fractions of the B- and T-cell populations were both decreased in CD and UC, compared with those in healthy controls (all p < 0.001, Figure 2C). These data together suggest a decrease in the relative fraction of adaptive immune cells (including B and T cells) concomitant with an increase in the relative fraction of innate immune cells in both CD and UC, compared to healthy individuals.




Figure 2 | Relative fraction of immune cells profiling in patients with IBD and healthy individuals. (A) Relative fractions of immune cells profiling across three intestinal locations (ileum, colon, and rectum). The left of red dashed line represents innate immune cells and the right of the dashed line represents adaptive immune cells. (B) Comparisons of the total innate immune cells and adaptive immune cells (ileum, colon, and rectum combined) among three disease subtypes. (C) Comparisons of the total B and T cells (ileum, colon, and rectum combined) among three disease subtypes. Statistical significance was determined by Kruskal–Wallis non-parametric test and Dunn’s multiple comparisons test. **p < 0.01, ***p < 0.001.





Elevated Absolute Quantities of Innate and Adaptive Immune Cell Populations in IBD Patients

To gain a fine-scale insight into the alterations in the immune cell populations in IBD versus healthy controls, we additionally analyzed the absolute quantities of 22 immune cell types, as measured by CIBERSORT in absolute score for each immune cell population. We found that the absolute quantities of B cells, T cells, and innate immune cells were all significantly increased in UC (ileum, colon, and rectum combined) compared to healthy controls (p < 0.05, p < 0.001, and p < 0.001, respectively, Figure 3A), while only the absolute quantities of T cells and innate immune cells (ileum, colon, and rectum combined) were observed to be significantly increased in CD compared to healthy controls (both p < 0.001, Figure 3A). Moreover, the absolute quantity of T cells (ileum, colon, and rectum combined) was significantly higher in UC than CD (p < 0.05, Figure 3A). These data suggest that IBD has disease-specific immune features between CD and UC.




Figure 3 | Absolute quantity of immune cells profiling in patients with IBD and healthy individuals. (A) Comparisons of the total B cells, T cells, and innate immune cells (ileum, colon, and rectum combined) among three disease subtypes (healthy controls, n=461; CD, n=1663; UC, n=652). (B) Comparisons of the total B cells among three disease subtypes in the ileum, colon, and rectum respectively. (C) Comparisons of the total T cells among three disease subtypes in the ileum, colon, and rectum respectively. (D) Comparisons of the total innate immune cells among three disease subtypes in the ileum, colon, and rectum, respectively. Statistical significance was determined by Kruskal–Wallis non-parametric test and Dunn’s multiple comparisons test. *p < 0.05, **p < 0.01, ***p < 0.001.



Next, we specifically assessed the absolute quantity variations in B cells, T cells, and innate immune cells across different intestinal lesion locations (ileum, colon, and rectum) in patients with CD or UC as compared to healthy controls.

The quantity of B cells was significantly increased in the rectum but decreased in the ileum of patients with UC, compared to healthy controls and patients with CD (all p < 0.01, Figure 3B). In comparison, the quantity of T cells was significantly increased in the ileum of CD than that of healthy controls and UC (p < 0.001 and 0.05, respectively, Figure 3C). Moreover, the quantity of T cells was significantly increased in the rectum of both CD and UC than that in healthy controls (p < 0.05 and 0.001, respectively, Figure 3C), while it was significantly higher in the UC rectum than that in the CD rectum (p < 0.001, Figure 3C).

We subsequently compared the quantity of innate immune cells across different intestinal lesion locations between CD, UC, and healthy controls. We found that the quantities of innate immune cells were all significantly increased in the ileum, colon, and rectum of both CD and UC patients, as compared to healthy controls (all p < 0.001, Figure 3D). The quantity of innate immune cells was significantly higher in the ileum of CD than that of UC (p < 0.001, Figure 3D), while this change was contrary to that observed in the rectum (p < 0.001, Figure 3D), hinting at intestinal location-specific alterations in the immune cell profile between CD and UC. Altogether, these data suggest that innate immune cells, B cells, and T cells are all elevated in most intestinal regions of CD and UC, yet they vary in a disease subtype and intestinal location-dependent manner.



Immune Cell Profile Alterations in the Ileum of IBD Patients

Given that the immune cell landscape exhibits location-specific features along the intestine axis (ileum, colon, and rectum), we then individually interrogated the alteration in each immune cell populations of the ileum (Figure 4), colon (Figure 5), and rectum (Figure 6), respectively, in IBD patients versus healthy controls.




Figure 4 | Absolute quantity of immune cells profiling in the ileum of patients with IBD and healthy individuals. (A) Comparisons of the B-cell subpopulations among three disease subtypes in the ileum. (B) Comparisons of the T-cell subpopulations among three disease subtypes in the ileum. (C) Comparisons of the innate immune cell subpopulations among three disease subtypes in the ileum. Statistical significance was determined by Kruskal–Wallis non-parametric test and Dunn’s multiple comparisons test. *p < 0.05; **p < 0.01, ***p < 0.001.






Figure 5 | Absolute quantity of immune cells profiling in the colon of patients with IBD and healthy individuals. (A) Comparisons of the B-cell subpopulations among three disease subtypes in the colon. (B) Comparisons of the T-cell subpopulations among three disease subtypes in the colon. (C) Comparisons of the innate immune cell subpopulations among three disease subtypes in the colon. Statistical significance was determined by Kruskal–Wallis non-parametric test and Dunn’s multiple comparisons test. *p < 0.05; **p < 0.01, ***p < 0.001.






Figure 6 | Absolute quantity of immune cells profiling in the rectum of patients with IBD and healthy individuals. (A) Comparisons of the B-cell subpopulations among three disease subtypes in the rectum. (B) Comparisons of the T-cell subpopulations among three disease subtypes in the rectum. (C) Comparisons of the innate immune cell subpopulations among three disease subtypes in the rectum. Statistical significance was determined by Kruskal–Wallis non-parametric test and Dunn’s multiple comparisons test. *p < 0.05, **p < 0.01, ***p < 0.001.



First, we compared the immune cell profile of the ileum in CD, UC, and healthy controls (Figure 4). Although the absolute quantity of B cells in the ileum of UC was significantly decreased compared with healthy controls and CD (as shown in Figure 3B), different compartments of B cells (naive B cells, memory B cells, and plasma cells) showed discrepant alterations across the three groups (Figure 4A). The quantity of naive B cells was significantly decreased in UC compared with healthy controls and CD (p < 0.01 and 0.001, respectively, Figure 4A). The quantity of memory B cells was significantly decreased in both CD and UC, compared with healthy controls (p < 0.001 and 0.05, respectively, Figure 4A). In contrast, the quantity of plasma cells, as main antibody-secreting B cells, was increased significantly in both CD and UC, compared to healthy controls (both p < 0.001, Figure 4A). The development trajectory of B cells originates from naive B cells, which later differentiate into plasma cells and memory B cells upon antigen recognition (9–12). These data indicate that more naive and memory B cells may transform to effector B cells in the ileum during IBD.

Next, we compared different T-cell populations [CD8+ T cells, naive CD4+ T cells, memory resting CD4+ T cells, memory activated CD4+ T cells, follicular helper T cells, Treg cells, gamma delta (γδ) T cells] in the ileum of CD and UC compared to healthy controls (Figure 4B). The quantity of CD8+ T cells was decreased significantly in CD and UC, compared with healthy controls (both p < 0.01, Figure 4B). The quantity of naive CD4+ T cells was significantly decreased, whereas that of memory resting CD4+ T cells was significantly increased in CD and UC, compared with healthy controls (all p < 0.01, Figure 4B). The quantity of memory-activated CD4+ T cells was increased significantly in CD, compared with healthy controls and UC (both p < 0.001, Figure 4B). The quantities of follicular helper T cells and Treg cells were both decreased significantly in UC, compared with healthy controls and CD (all p < 0.01, Figure 4B). Among these T-cell subpopulations, Treg cells are a specialized population acting to suppress immune response. The decrease in Tregs population in the ileum of UC patients versus healthy subjects indicates a lack of anti-inflammation mechanism in the ileum of UC, a disease mainly arising from colon and rectum inflammation (colon and rectum are the major inflicted intestinal region in UC). These data imply that the immune dysfunction may extend from distal intestine to proximal intestine. Overall, the largely heterogeneous alteration patterns in different ileal T-cell subpopulations between CD and UC compared to healthy controls are suggestive of a complicated, disease-specific T-cell dysfunction underlying disease pathogenesis, which warrants in-depth investigations.

We then investigated alterations in innate immune cells in the ileum of CD and UC patients versus healthy controls (Figure 4C). Among innate immune cells, resting NK cells, monocytes, macrophages M0, M1/M2 ratio, resting dendritic cells, and resting mast cells were all significantly increased in CD, compared with healthy controls and UC (all p < 0.01, Figure 4C). The quantity of activated mast cells was significantly increased in CD, compared with healthy controls (p < 0.01, Figure 4C). The quantity of neutrophils was increased significantly in CD and UC, compared with healthy controls (both p < 0.001, Figure 4C). The quantities of macrophages M0 and eosinophils were both increased significantly in UC, compared with healthy controls (both p < 0.01, Figure 4C). The quantity of activated NK cells was increased significantly in UC, compared with CD (p < 0.01, Figure 4C). These results together indicate that hyperactivation of ileal innate immune cells was more pronounced in CD than UC.



Immune Cell Profile Alterations in the Colon of IBD Patients

Next, we analyzed the alterations of immune cells in the colon of patients with CD and UC compared to healthy controls (Figure 5). Among the studied subjects (CD, UC, and healthy controls), UC patients showed the most significant alterations in the colonic adaptive immune cell populations (including T- and B-cell subpopulations) (Figures 5A, B). Among the adaptive immune cells, colonic memory-activated CD4+ T cells and follicular helper T cells were significantly increased, whereas Treg cells were significantly decreased in UC, compared with healthy controls and CD (all p < 0.01, Figure 5B). Among the innate immune cells, activated NK cells were increased in the colon of CD, compared to healthy controls (p < 0.05, Figure 5C). Meanwhile, monocytes, macrophages M0, M1/M2 ratio, and resting dendritic cells were also increased significantly in the colon of CD and UC, compared to healthy controls (all p < 0.01, Figure 5C). Eosinophils and neutrophils were increased in the colon of CD, compared with healthy controls and UC (all p < 0.05, Figure 5C). Overall, compared to the immune cell profile alterations in the ileum in IBD versus healthy controls, the alterations in colonic immune cell profile were rather modest in IBD versus healthy controls.



Immune Cell Profile Alterations in the Rectum of IBD Patients

Lastly, we analyzed the alterations of immune cells in the colon of patients with CD and UC compared to healthy controls (Figure 6). Among the B-cell subpopulations, the naive and memory B-cell populations were both increased significantly in the rectum of UC, compared with healthy controls and CD (all p < 0.001, Figure 6A). Incidentally, the plasma cell population was increased significantly in the rectum of both CD and UC, compared with healthy controls (both p < 0.001, Figure 6A). These data together suggest a concordant expansion of B-cell subpopulations in the rectum of IBD patients, different from the mere expansion of the plasma B-cell subpopulation in the ileum of IBD patients (Figure 4A). Among the T-cell subpopulations, the memory resting CD4+ T cell and memory-activated CD4+ T cell populations were both increased significantly in the rectum of CD and UC, compared with healthy controls (all p < 0.05, Figure 6B). Moreover, CD8+ T cells and memory resting CD4+ T cells and memory activated CD4+ T cells were all increased significantly in the rectum of UC, compared with CD (p < 0.05 and p < 0.001, p < 0.001, respectively, Figure 6B). In contrast, Tregs were decreased significantly in the UC, compared with CD (p < 0.01, Figure 6B). Taken together, these results indicate that adaptive immune cell populations in the rectum were elevated in both CD and UC, yet more drastically in UC than CD.

With regard to innate immune cells, resting NK cells, monocytes, macrophages M0, activated dendritic cells, activated mast cells, and neutrophils were all increased significantly in the rectum of CD and UC, compared with healthy controls (all p < 0.05, Figure 6C). Resting dendritic cells and macrophages M1/M2 ratio were both significantly increased in the rectum of UC, compared with healthy controls and CD (all p < 0.01, Figure 6C). In comparison, eosinophils were increased significantly in the rectum of CD, compared with healthy controls and UC (p < 0.001 and 0.01, respectively, Figure 6C). These data suggest that different innate immune cell populations were upregulated in CD and UC, potentially playing critical roles in the disease phenotype and disease course. In addition, resting NK cells, monocytes, activated dendritic cells, and resting mast cells were all increased in the rectum of UC, compared with CD (all p < 0.05, Figure 6C). However, macrophages M1/M2 ratio were decreased in the rectum of CD, compared with healthy controls (p < 0.05, Figure 6C). Overall, similar to the alteration pattern in adaptive immune cells in the rectum of IBD patients versus healthy controls, elevated innate immune cells in the rectum were observed in both CD and UC, which was more pronounced in UC than CD.




Discussion

IBD is postulated to result from immune dysregulation to environmental and microbial triggers in genetically susceptible individuals. However, the exact alterations in the immune landscape across the intestinal axis (particularly different intestinal segments) have been unclear in IBD, neither were the differences between CD and UC. Improved understanding of immune cell landscapes in intestinal tissues may shed light on new therapeutic targets in IBD that can be tailored to disease type (CD versus UC), location (ileum, colon, or rectum lesions), and even individual patients.

Here, we conducted to date the largest sample sized, across-cohort study profiling the enteric immune cells composition (in both relative fraction and absolute quantity) of patients with IBD in comparison to healthy individuals. The adaptive immune responses have previously been believed to play a dominant role in the pathogenesis of IBD. However, due to recent advances in immunology and genetics, the innate immune responses are posited to be equally as important (if not more than that of adaptive immune responses) in inducing gut inflammation in IBD patients (13). Our findings confirmed this conception that both innate and adaptive immune cell populations were elevated in most intestinal regions of IBD patients. However, the elevation of innate immune cells seems higher than that of adaptive immune cells, resulting in that the relative fractions of adaptive immune cells (both B and T cells) decreased in the patients with IBD than healthy controls. Moreover, we identified both disease- and lesion location-specific immune signatures in IBD. For example, in the ileum, the increase in innate immune cells was more pronounced in CD than UC. In contrast, innate and adaptive immune cells were elevated more drastically in the UC than CD in the rectum. The rationale for our speculation is that it is somewhat related to illness characteristics and partially related to organ structure and function in various regions. For example, UC affects mainly the colon, but CD can affect any part of the GI tract, from the mouth to the anus, but is typically limited to the small intestine, particularly the terminal ileum. The main purpose of the small intestinal is to digest and absorb food, whereas the colon’s main purpose is to hold stool.

Moreover, previous studies reported that B cells were enriched in IBD (3, 14–16). Our discovery of IBD-associated B cells adds to and expands on this understanding. Plasma cells expanded both in the ileum and rectum of CD and UC, while expansion of memory B cells existed only in the rectum of UC and naive B cells increased in the rectum of UC and decreased in the ileum of UC. This suggests that, basically, B cells were hyperactivated in IBD, but we should distinguish phenotypes of their subsets carefully and explore its underlying mechanism in the future.

As regards to CD4+ T cells, resting memory CD4+ T cells increased both in the rectum and ileum of CD and UC, while activated memory CD4+ T cells increased in the rectum of both CD and UC, in the ileum of CD, and in the colon of UC, respectively, when compared to healthy controls. In addition, follicular helper T cells were increased in the ileum of CD and in the colon of UC conversely. These data suggest the disparate immune cell alterations between CD and UC across intestinal regions (17), which can be due to CD and UC both belonging to IBD but showing different behaviors. UC is limited to the colon. By contrast, CD can involve inflammation at any point of the GI tract from the mouth to the anus but is usually limited to the small intestinal, especially the terminal ileum.

The innate immune response represents our first line of defense against pathogens. It is non-specific and does not offer long-term immunity (memory), unlike the adaptive response (18–23). Innate immune cells, such as dendritic cells (DCs) and macrophages, can initiate rapid and effective inflammatory responses against microbial invasion. Our analysis suggest that many innate immune subsets were hyperactivated in tissues of CD and UC. For example, activated DCs were increased in the rectum of CD and UC, and resting DCs increased in the ileum of CD, in the rectum of UC, and in the colon of both CD and UC. Macrophage polarization occurs when macrophages respond to cues from their surroundings by adopting distinct functional programs. M1 and M2 are the two most prominent groups. Proinflammatory activity is performed by M1 macrophages. The M2, on the other hand, refers to macrophages that participate in constructive processes like wound healing and tissue repair, and those that produce anti-inflammatory cytokines like IL-10 to turn off damaging immune system activation. Our results demonstrated that the macrophage M1/M2 ratio was increased in the ileum of CD, in the rectum of UC, and in the colon of both CD and UC, which was consistent with previous studies (24, 25).

Understanding the distinct immune signatures across lesion locations in IBD is very helpful to design specific treatment strategies, especially when using biologics. For example, in ileal Crohn’s disease, the therapeutic benefits of cytokine blocking are confined to a minority of individuals. The reason for this is that a subset of patients had a distinct cellular module in inflamed tissues that included IgG plasma cells, inflammatory mononuclear phagocytes, activated T cells, and stromal cells, and its presence was linked to failure to achieve long-term corticosteroid-free remission after anti-TNF therapy (26). In the future, as a result of the rapid development and different specific functions of biologics, the majority of them should be used appropriately based on the immunological signatures of individual patients. Hence, our results provide the foundation of the development of precise biological therapies in IBD.

There are several limitations to our study, which necessitate a cautious interpretation of our findings. There is the issue of missing information regarding the severity of disease, which prevents us from distinguishing the characteristic of immune cells between inactive and active lesions. In addition, common treatments for IBD include biologics can affect the immune signatures of the intestinal in IBD. In addition, our model analyzed signatures of almost all subsets of immune cells but could not analyze specific subset deeply. Lastly, additional functional research is needed to determine whether our findings contribute to the disease development and severity.

In conclusion, we demonstrated that using CIBERSORT to deconvolve whole-tissue gene expression data yields refined information on the immune cell landscape of IBD. We showed that both innate and adaptive immunity hyperactivated in most intestinal regions of patients with IBD, yet disease-specific (CD versus UC) and intestinal location (ileum, colon, and rectum)-specific features. Such revelation of immune signatures across the highly variable IBD phenotypes (in both disease subtypes and intestinal regions) underpins differential immune-pathophysiological mechanisms in IBD pathogenesis and therefore serves as a resource for development of future targeted studies.
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MicroRNAs (miRNAs) play crucial roles in regulating the transcriptome and development of rheumatoid arthritis (RA). Currently, a comprehensive map illustrating how miRNAs regulate transcripts, pathways, immune system differentiation, and their interactions with terminal cells such as fibroblast-like synoviocytes (FLS), immune-cells, osteoblasts, and osteoclasts are still laking. In this review, we summarize the roles of miRNAs in the susceptibility, pathogenesis, diagnosis, therapeutic intervention, and prognosis of RA. Numerous miRNAs are abnormally expressed in cells involved in RA and regulate target genes and pathways, including NF-κB, Fas-FasL, JAK-STAT, and mTOR pathways. We outline how functional genetic variants of miR-499 and miR-146a partly explain susceptibility to RA. By regulating gene expression, miRNAs affect T cell differentiation into diverse cell types, including Th17 and Treg cells, thus constituting promising gene therapy targets to modulate the immune system in RA. We summarize the diagnostic and prognostic potential of blood-circulating and cell-free miRNAs, highlighting the opportunity to combine these miRNAs with antibodies to cyclic citrullinated peptide (ACCP) to allow accurate diagnosis and prognosis, particularly for seronegative patients. Furthermore, we review the evidence implicating miRNAs as promising biomarkers of efficiency and response of, and resistance to, disease-modifying anti-rheumatic drugs and immunotherapy. Finally, we discuss the autotherapeutic effect of miRNA intervention as a step toward the development of miRNA-based anti-RA drugs. Collectively, the current evidence supports miRNAs as interesting targets to better understand the pathogenetic mechanisms of RA and design more efficient therapeutic interventions.
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Introduction

Rheumatoid arthritis (RA) is an autoimmune disease characterized by chronic joint inflammation and structural damage, accompanied by extra-articular manifestations such as rheumatoid nodules, interstitial pneumonia, vasculitis, and systemic complications. RA is typically progressive and insidious, with an incidence rate of 0.5–1% in Europe and North America (1). However, the precise mechanisms underlying the pathogenesis, disease activity, and severity of RA as well as the causes of different response to treatment are not fully understood. In view of current therapy strategies and treatment frames, early accurate diagnosis, effective and personalized treatment, and precision medicine have become increasingly urgent for patients with RA. A comprehensive understanding of RA is required from the perspectives of both genetics (2) [human leukocyte antigen (HLA) and non-HLA variants] and epigenetics [DNA methylation (3–5), microRNA (6), long non-coding RNA (7, 8), and histone modifications (9)].

MicroRNAs (miRNAs) are small endogenous non-coding RNAs with a length of around 22 nucleotides, and are involved in the post-transcriptional regulation of gene expression. In recent years, accumulating studies have demonstrated that miRNAs play a key role in various cancers (10–14) and autoimmune diseases, including RA, systemic lupus erythematosus (15, 16), Sjögren’s syndrome (17), and systemic sclerosis (18). In this review, we systematically summarize recent advances in understanding the role of miRNAs in RA. Emphasize the important role of miRNA in RA susceptibility, pathogenesis, and efficacy evaluation. Provide evidence supporting precision medicine research in RA.



Genetic Variations in miRNAs Explains Susceptibility of RA

Genome-wide association studies have identified >100 genetic factors for RA. However, these genetic variants only explain < 40% of the overall heritability of RA, and thus most of the heritability has not been explained, suggesting the need for more studies using different approaches and populations to identify the missing causes. Association studies of miRNA loci can reveal RA-associated functional or causal variants within different populations, such as Chinese (19, 20), Egyptian (21–23), Polish (24), Mexican (25), and Iranian (26) subjects. Gene expression and genetic polymorphisms of miR-146a and miR-499 showed diagnostic potential for RA (23). Consistently, the polymorphism rs3027898 in IRAK1, the target gene of miR-146a, is linked to RA in the Greek population (27). In contrast, miR-146a rs2431697 is associated with RA susceptibility in Chinese population (28). The rs3746444 (20q11.22, A>G) polymorphism of miR-499, which is encoded by the intron of MYH7B, is significantly linked to RA risk, disease activity, and methotrexate (MTX) toxicity. Interestingly, the AA genotype shows higher disease activity and MTX toxicity than the AG/GG genotypes (29). The AA and AG genotypes in the miRNA binding site rs3135500 of NOD2 are significantly associated with the risk of RA, with rs3135500 (A allele) showing a significant relationship with increased erythrocyte sedimentation rates (ESR) and C-reactive protein (CRP) concentrations (30). However, some studies showed inconsistent results in Polish (24), Mexican (25), and Chinese (19, 20, 31, 32) populations, suggesting that genetic polymorphisms of miR-146a and miR-499 are not significantly associated with RA susceptibility. For example, miR-499 rs3746444 A/G are not significantly associated with RA in Mexican people (25). miR-146a rs2910164 (20, 32) and miR-499 rs3746444 (20, 31) do not significantly correlate with RA in Chinese people. However, in addition to race, factors of individual heterogeneity and sample size should also be considered while evaluating inconsistent results. Moreover, the sample size of the above studies was not large. We recently demonstrated that meta-analysis could identify more significant single-nucleotide polymorphisms in a large sample size, and found that the interaction between HLA alleles and miRNA single-nucleotide polymorphisms (such as rs5997893 in miR-3928 and rs4947332 in HLA-DRB1) should be considered to explain susceptibility (33). In summary, genetic variations in miRNAs can help to explain the susceptibility to RA.



Regulatory Roles of miRNAs in Cells and Their Secretions Involved in RA Pathogenesis

Fibroblast-like synoviocytes (FLS) and immune cells are the main cell types involved in the pathogenesis of RA. These cells can secrete exosomes and other substances to affect the occurrence and development of RA. Current researches have mainly focused on understanding miRNA-mediated transcriptional regulation of FAF1 (34), TNF-α (35), STAT1 (36), STAT3 (37), and mTOR (38, 39). miRNAs regulate inflammation, immune response, proliferation, and differentiation. Meanwhile, miRNA influence the micro-environment within synovial joints by targeting target genes and their related pathways, including Fas-FasL (34) and the NF-κB (40, 41) pathways. In this section, we summarize the regulatory roles of miRNAs in the main RA-associated cell entities, focusing on FLS, immune cells, and exosomes to highlight the importance of miRNAs in the pathogenesis of RA.


Effects of miRNAs on FLS in RA

FLS in RA (RA-FLS) are key regulators of inflammation and bone destruction in RA. The aberrantly expression of miRNAs in RA-FLS play an important role in the pathogenesis of RA. For example, miR-625 is down-regulated in RA-FLS, which negatively impacts the expression of CTSC, KLF8, and EBF3. In contrast, miR-551b is up-regulated in RA-FLS, inhibiting the expression of ITGBL1 (42).

Dysregulation of miRNAs in RA-FLS affects biological functions such as cell proliferation, invasion, migration and apoptosis. Up-regulation of miR-145 affects all biological functions of RA-FLS by targeting SEMA3A (43). The expression of miR-29c-3p and miR-132-3p are decreased while miR-31-5p was increased in RA- FLS, and their dysregulation are associated with proliferation, invasion and migration of RA-FLS. Down-regulated miR-29c-3p promoted proliferation, invasion and migration of RA-FLS through up-regulation of COLA1 expression. Interestingly, up-regulated miR-31-5p and down-regulated miR-132-3p inhibited the proliferation, invasion and migration of RA-FLS by negatively regulating WASF3 and RB1, respectively, suggested that miR-31-5p and miR-132-3p are protective factors in RA (44). Down-regulation of miR-199a-3p (45), miR-449 (46), miR-431-5p (47), and up-regulation of miR-483-3p (48) can promote the proliferation and suppressed apoptosis by targeting RB1, HDAC1, XIAP, IGF-1, respectively. miR-124a is down-regulated and targets CDK2 and MCP-1 which only enhanced the proliferation of RA-FLS (49).

Dysregulation of miRNAs in RA-FLS can also affects the level of inflammation. Down-regulation of miR-126 (35), miR-23 (50) and up-regulation of miR-143 (43) can increase the release of inflammatory factors such as TNF-α, IL-1β, IL-6 through up-regulation of IL-23R, CXCL12 and down-regulation of IGFBP5 and thus affect the course of RA. What’s more, some miRNAs not only affects the level of inflammation, but also associated with biological functions of RA-FLS. For example, down-regulation of miR-137 (51) and miR-23a-5p (52) targeting LSD and TLR4 promotes proliferation, invasion, migration and inhibits apoptosis of RA-FLS and inhibits the release of inflammatory factors IL-1β and IL-6. Down-regulation of miR-29a (37) and miR-27a-3p (53) are associated with proliferation, apoptosis, and promoting secretion of TNF-α, IL-1, IL-6 and IL-8. Then, down-regulation of miR-22 (54), miR-124 (55) and miR-34a-5p (56) can enhanced proliferation of RA-FLS and the level of IL-6.

Additionally, the biological functions of RA-FLS and the level of inflammation are correlated with matrix metalloproteinases (MMPs) (57). Down-regulation of miR-203 (41, 42) and miR-147b-3p (58) increased the expression of MMP-1, MMP3 and MMP9, respectively, which in turn enhanced the expression of some inflammatory factors, such as IL-6 and TNF-α. Down-regulation of miR-27a (59) can contribute to MMPs gene expression by targeting the IL-17 pathways, thereby affecting the proliferation and invasion of RA-FLS. Conversely, up-regulated miR-155 could be a protective factor by inhibiting proliferation and invasion while attenuating the expression of MMP3 and IKBKE (60, 61).

In addition, dysregulation of miRNAs in RA-FLS affects joint bone erosion through the release of inflammatory cytokines, chemokines and MMPs, which may be an option for RA treatment (62, 63). For example, up-regulated miR-145-5p (40) and down-regulated miR-17-5p (64) affect bone and cartilage destruction through the release of IL-1β, IL-6, IL-8, MMP-1, MMP-3 and MMP-9. In vitro, overexpression of miR-221-3p inhibits osteoblast differentiation (65). Instead, miR-218 overexpression promotes osteogenic differentiation of RA-FLS by suppressing the Roundabout-1/Dickkopf-1 axis (66). miR-20a (67) and miR-21 (68) are targets of the TLR4/p38 and JAK/STAT3 signaling pathways respectively, affecting the proliferation and osteogenic differentiation of RA-FLS.

In summary, studies of miRNAs in RA-FLS have improved the understanding of the pathogenesis of RA. miRNAs are widely involved in the functions of FLS, and therefore are promising targets for drug development (Figure 1).




Figure 1 | Effects of dysregulation of the miRNA-mRNA network on RA-FLS. The dysregulation of miRNAs and their target mRNAs in RA-FLS affects the biological function (such as proliferation, invasion, migration, and apoptosis), inflammatory levels, and joint bone destruction. Inflammatory levels are mainly related to the release of inflammatory factors such as IL-8, IL-6, and joint bone destruction is mainly related to the release of MMPs. Dysregulation of different miRNA-mRNA combinations affects different processes in RA-FLS. Rounded rectangles represent miRNAs; rectangles represent target mRNAs; pink represents upregulation; blue represents downregulation.





Effects of miRNAs on Immune Cells in RA

miRNAs have recently emerged as key regulators of the immune system, being involved in lymphocyte selection and proliferation, in T(reg) cells differentiation. In peripheral blood mononuclear cells (PBMCs), decreased expression of miR-671 and miR-7 may correlate with the expression of CDR1 and mTOR (38). And miR-29b enhances the anti-apoptotic effect by inhibiting the high-mobility group box-containing protein 1 (HBP1) (69).

In T cells sub-population derived from PBMCs, miR-99b-5p down-regulates mTOR and RASSF4, thereby inhibiting T cell apoptosis and promoting T cell proliferation and inflammatory response (39). Besides, miR-146a, miR-26, miR-let-7a, miR-146b, miR-150, miR-155 are increased and miR-363, miR-498 are decreased in the CD4+ T cell sub-type in PBMCs, Among these miRNAs, miR-146a may affect the apoptosis of T cell and RA progression by targeting IL-17 and Fas associated factor 1 (FAF1) (34, 70). Interestingly, miR-233 is highly expressed only in naive CD4+ lymphocytes but not in T(h)-17 cells, suggesting the importance to investigate the impact of miRNA on the pathogenesis of RA at the single-cell level (71).

There are numerous of miRNAs are also associated with other T cells sub-types, such as Treg cells and Th17 cells. The balance of Th17/Treg cells plays a crucial role in RA. IL-17 released by Th17 up-regulates the expression of RANKL on synovial fibroblasts stimulating the production of inflammatory cytokines such as TNF-α, IL-1, and IL-6 (72). Decreased levels of miR-20a (73) and miR-21 (74, 75) exacerbate the RA process by stimulating the NLRP3 inflammasome pathway and increasing STAT3 expression, respectively, while decreasing STAT5 expression, all of which are associated with the imbalance of Th17/Treg cells. Although miR-210-mediated negative regulation of HIF-1 also affects the dynamic equilibrium of Th17/Treg cells. Regrettably, the levels of miR-210 between RA and healthy controls have no significant difference (76). Interestingly, the expression of miR-146a is decreased in Treg cells during high RA activity, leading to a proinflammatory phenotype in these cells caused by concomitant up-regulation of its target STAT1 (36). For instance, miR-21 and miR-155 are related to the memory phenotype, and miR-92a relative to the naïve phenotype (77).

Besides, in macrophages, binding of miR-6089 and lncRNA-HIX003209 enhances the expression of TLR4 and exacerbates inflammation via the TLR4/NF-κB pathway (78). Up-regulation of miR-33 induces the expression of NLRP3 and 73 (79). Overall, miRNAs cooperate with other non-coding RNAs to alter the DNA methylation and/or expression of their targets, thus regulating innate and adaptive immune cells differentiation and apoptosis, ultimately influencing the inflammatory and autoimmune response in RA (Table 1).


Table 1 | Effects of microRNAs on immune cells in rheumatoid arthritis.





Effects of miRNAs on Cell Secretions in RA

Exosomes are secreted from cells and contain signal molecules such as miRNA, protein, and DNA, which have biological functions. Exosomal miRNA derived from bone marrow-derived mesenchymal stem cells has been shown to be closely related to the occurrence and development of RA. Among these exosomes, MSCs-drived miR-124a over-expression exosomes inhibit the proliferation and migration and promote the apoptosis of RA-FLS (80). Over-expression of miR-23b (83) and miR-34a (81) can inhibit the differentiation of Th17 cells, by reducing IL-17 secretion and targeting the cyclin I/ATM/ATR/p53 signaling pathway, respectively. Up-regulated of miR-21 (82) which targets TET1, reduce RA inflammation. Macrophage-derived exosomes miR-506-3p (84) and miR-103a (85) regulate the progression of RA by inhibiting the RANKL/NFATc1 signaling pathway and activating the JAK/STAT3 signaling pathway. miR-132 secreted by aryl hydrocarbon receptor activation Th17 in extracellular vesicles acts as a pro-inflammatory mediator to reduce the production of COX2, to increase the production of osteoclast (86). In addition, cell-derived small extracellular vesicles of miR-574-5p induces osteoclast differentiation by targeting TLR 7/8 (87), whereas miR-150-5p exosomes alleviates RA-FLS proliferation and angiogenesis and reduces RA joint destruction by targeting MMP14 and VEGF (88). Based on these results, miRNAs play an important role in the pathogenesis of RA and may represent promising outcome biomarkers and novel drug targets to decrease disease severity.




Blood and Serum-Circulating miRNAs Provide Novel Opportunities for Precision Medicine of RA


miRNAs as Potential Biomarkers for Early Prevention and Precision Diagnosis

Emerging evidence indicates the potential of blood-circulating miRNAs associated with RA as biomarkers for early prevention. The levels of miR-371b, miR-483, and miR-642b are significantly up-regulated, whereas miR-25 and miR-378d are down-regulated in PBMCs in individuals who eventually develop RA from early undifferentiated arthritis (89). Additionally, miR-22 (90), miR-361-5p (91), and miR-223-3p (91) are significantly up-regulated in high-risk or CCP-positive populations. All these miRNAs may therefore be useful biomarkers for the early diagnosis of RA. Expression of miR-103a-3p is significantly increased in autoantibody-positive, symptomatic first-degree relatives and patients with RA, suggesting it as a potential biomarker for predicting imminent disease in individuals at risk for developing RA (92). Additionally, higher level of miR-99b-5p is found in the plasma of patients with early RA who progress to bone erosion after 12 months, indicating that miR-99b-5 can be monitored for bone erosion surveillance in RA patients (93).

In addition to playing a role in the early prevention of RA, the expression of some miRNAs can aid in improving the accuracy of RA diagnosis (94). The expression of miR-146a and miR-155 are significantly increased in RA PBMCs and whole blood (95). The levels of miR-24 and miR-125a are significantly higher in the serum of patients with RA regardless of the CCP status (96). Interestingly, analysis of miR-24-3p, miR-26a-5p, and miR-125a-5p levels in combination are a better diagnostic tool for RA, even though these miRNAs are not related to disease activity (97). Furthermore, miR-122-3p, miR-3925-3p, miR-342-3p, and miR-4764-5p show differential expression not only between healthy individuals and RA patients, but also between patients with RA and patients with osteoarthritis, systemic lupus erythematosus, or Graves, which show great potential as biomarkers to distinguish RA patients from HC or other diseases (98). The serum levels of miR-146a (99, 100), miR-22-3p (101), miR-5571-3p (102), and miR-135b-5p (102) are significantly higher in RA patients than in healthy controls and osteoarthritis patients. Other differentially expressed miRNAs in patients with RA serum include miR-4634, miR-181d, miR-3926, miR-9-5p, miR-219-2-3p6, miR-221, miR-222, miR-532, miR-106a, and miR-98 highlighting their potential as RA-specific diagnostic markers (98, 103). Nevertheless, the above miRNAs should be selected as biomarkers with caution. Their sensitivity and specificity need to be taken into consideration because they were only compared with patients with osteoarthritis (OA) or healthy control, and rarely analyzed with patients with other inflammatory autoimmune diseases, such as ankylosing spondylitis. In addition, it should be determined if the miRNA as diagnostic markers are expressed differently in patients before the onset of clinical symptoms. The above studies were conducted after patients were confirmed with RA diagnosis. Thus, more robust sample studies are needed to validate these markers in early RA.



miRNAs as Potential Biomarkers for Disease Activity and Treatment Response

The expression of miR-451 in T cells is significantly increased, which is positively correlated with the levels of disease activity score 28 (DAS-28), ESR, and serum IL-6 in RA (77). The level of miR-146a is positively correlated with the level of ESR and DAS-28 (99), whereas miR-5571-3p (102) correlates with the level of ESR and CRP, and miR-135b-5p only correlate with CRP (102). These miRNAs may therefore be suitable markers of disease activity in patients with RA. Increased serum miR-194-5p level is associated with disease recurrence (104). Concentration of circulating miR-23b, which positively correlates with ESR, CRP, and DAS-28, is significantly up-regulated after appropriate treatment, indicating that miR-23b is a dual marker for disease activity and prognosis (105). Similarly, miR-96-5p, miR-134-5p, miR-140-3p, miR-627-5p, miR-224, miR-760, miR-483-5p, miR-378, and miR-375 are not only diagnostic markers for RA, but also mirror disease activity (106, 107). However, these studies are still descriptive. Therefore, the underlying pathophysiology needs to be validated using other techniques.

Common and widely used anti-rheumatic drugs include cDMARDs (MTX, sulfasalazine, and hydroxychloroquine), bDMARDs (TNF-α inhibitors, rituximab, and tocilizumab), tsDMARDs (tofacitinib, barretinib, and filgotinib). Several studies have explored the relationship between serum miRNA levels and drug response. Evidence shows that high serum levels of miR-10 in patients with RA is correlated with good response to MTX (108). After 3 months of adalimumab/MTX combined treatment, the level of miR-27a-3p significantly decreased and clinical symptoms significantly improved (109). The reduced serum level of miR-5196 is positively correlated with the delta DAS28 after anti-TNF-α therapy (110). The level of miR-146a is increased in RA patients who respond well to anti-TNF therapy and, interestingly, can be considered as predictors of the response to anti-TNFα therapy together with CRP (24, 111, 112). In contrast, the serum levels of miR-23 and miR-223 are increased in patients with RA who respond well to anti-TNF-α/DMARD combination therapy, but correlate negatively with the response to anti-TNF drugs (111). High serum level of miR-125b is an indicator for good clinical response to rituximab therapy (113). Notably, miR-432-5p is significantly down-regulated in RA patients who are responsive to tofacitinib therapy but up-regulated in patients showing RA relapse (104). In RA, treatment with rituximab increases the levels of miR-16-5p and miR-23a-3p in the peripheral blood (114). The expression of miR-550b-2-5p, miR-4797-5p, miR-6509-5p, miR-378g, miR-4720-5p, miR-374b-5p, and miR-185-3p are different between individuals who show good vs poor responses to treatment with tripterygium glycosides (115, 116). Finally, the expression of miR-124a in FLS is increased following geniposide treatment; however, the relevance of this finding has not been assessed in clinical response studies (117).

In addition to DMARD treatment, alternative and complementary medicine preparations and mesenchymal stem cell treatments are also used in clinical practice. The auto-therapeutic effect of miRNAs has been demonstrated in mouse models of RA-FLS and autoimmune arthritis. For example, miR-449a mimics also inhibit the proliferation, migration, and IL-6 production of RA-FLS by regulating HMGB1 and YY1 expression (118). In the rat model with collagen-induced arthritis, miR-708-5p mimic improved pathological changes by inhibiting inflammatory cell infiltration, synovial hyperplasia, and cartilage destruction (119). An miR-126 agonist inhibits the expression of IL-23R, TNF-α, and IFN-γ in FLS (35). Furthermore, miR-26b-5p, miR-487b-3p, and miR-495-3p are significantly up-regulated in responders to adipose-derived mesenchymal stem cell treatment (120).

In summary, the changes of circulation miRNA in RA provide a promising opportunity for standard treatment, as well as indicate disease activity and predict RA outcomes.




miRNAs Research in RA: Remaining Challenges and Future Opportunities

In conclusion, miRNAs play multiple roles in the development of RA, from susceptibility to pathogenesis. Blood and serum-circulating miRNAs have been explored as important biomarkers for early diagnosis, prognosis, and drug response prediction. Furthermore, miRNAs have been proposed for autotherapeutic approaches and as novel drug targets for the treatment of RA. Genetic variants in specific miRNAs can increase or decrease the risk and disease activity of RA in various racial. Meanwhile they are associated with methotrexate toxicity and responses to other treatments. Moreover, changes in miRNAs in various cells are related to the pathogenesis of RA, such as the proliferation and differentiation of immune cells, proliferation and apoptosis of synovial cells, and synovial inflammation and cartilage destruction. Research has remarkably progressed towards the development of miRNAs as biomarkers in the diagnosis, prognosis, disease activity, and response to therapeutic drugs with RA, providing a direction for early diagnosis and accurate treatment of RA, to achieve better treatment efficiency and precision medicine. Numerous miRNAs have been shown to act as therapeutic targets in RA-FLS and collagen-induced arthritis rat models. Furthermore, miRNAs show potential for identifying the subtypes of RA. For example, the levels of miR-7 and miR-214-5p are significantly increased in the serum of patients with RA associated-interstitial lung disease (121), and miR-9-5p targets the REST/miR-132 pathway to protect Schwann cells from inflammatory damage in RA-induced peripheral neuropathy (122). Although we have reached exciting milestones in the research on the multiple roles of miRNA in RA, further studies should be performed to translate this knowledge for clinical applications and resolve the current inconsistent results among different studies employing different methods or populations. For example, studies of miR-99, miR-143, and miR-197 as landmark miRNAs for predicting the response to anti-TNF-α therapy have failed to yield consistent results (123). Finally, future development of miRNA-based baseline RA polygenetic risk score models, particularly in conjunction with HLA, is needed. miRNA-based early diagnosis, prognosis, and drug response prediction models can be applied in the clinic. With the identification of additional miRNAs-based drug targets in clinical research, miRNA-based autotherapeutic treatments may show more promising results.
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Background

As genetic genetic factors are important in SLE, so screening causative genes is of great significance for the prediction and early prevention in people who may develop SLE. At present, it is very difficult to screen causative genes through pedigrees. The analytical method described herein can be used to screen causative genes for SLE and other complex diseases through pedigrees.



Methods

For the first time, 24 lupus pedigrees were analyzed by combining whole exon sequencing and a variety of biological information tools including common-specific analysis, pVAAST (pedigree variant annotation, analysis and search tool), Exomiser (Combining phenotype and PPI associated analysis), and FARVAT (family based gene burden), and the causative genes of these families with lupus identified. Selected causative genes in peripheral-blood mononuclear cells (PBMCs) were evaluated by quantitative polymerase chain reaction (qPCR).



Results

Cell division cycle 27 (CDC27) was screened out by common-specific analysis and Exomiser causative gene screening. FARVAT analysis on these families detected only CDC27 at the extremely significant level (false discovery rate <0.05) by three family-based burden analyses (BURDEN, CALPHA, and SKATO). QPCR was performed to detect for CDC27 in the PBMCs of the SLE family patients, sporadic lupus patients, and healthy people. Compared with the healthy control group, CDC27 expression was low in lupus patients (familial and sporadic patients) (P<0.05) and correlated with lupus activity indicators: negatively with C-reactive protein (CRP) (P<0.05) and erythrocyte sedimentation rate (P<0.05) and positively with complement C3 and C4 (P<0.05). The CDC27 expression was upregulated in PBMCs from SLE patients with reduced lupus activity after immunotherapy (P<0.05). Based on Receiver operating characteristic (ROC) curve analysis, the sensitivity and specificity of CDC27 in diagnosing SLE were 82.30% and 94.40%.



Conclusion

The CDC27 gene, as found through WES combined with multiple analytical method may be a causative gene of lupus. CDC27 may serve as a marker for the diagnosis of SLE and is closely related to the lupus activity. We hope that the analytical method in this study will be used to screen causative genes for other diseases through small pedigrees, especially among non-close relatives.





Keywords: lupus family, multiple bioinformatics analysis, CDC27, whole exone sequencing, marker



1 Background

Systemic lupus erythematosus (SLE) is a chronic systemic inflammatory disease that can affect many organs, such as the kidneys, lungs, and skin (1, 2). Prediction and early prevention are of great significance for people who are likely to develop SLE (1). Although the etiology of SLE remains unclear, genetic factors are thought to be important for its occurrence (3). More than 5% of cases of lupus are familial, and the agreement rate between identical twins is 40% (4). Moreover, onset of lupus shows a familial aggregation, and the heritability rate is estimated to be 44-66% (5–7). The risk of SLE increases significantly in individuals with first-degree relatives with SLE (3). SLE has obvious genetic clustering and genetic predisposition, which strongly suggests the important role of genetic factors in its pathogenesis (7, 8).

Compared with traditional research methods for single-gene diseases, whole-exome sequencing (WES) has the advantages of being less time-consuming and having high throughput, low sample requirements, high sensitivity, and low cost (9). WES improves the efficiency of causative gene discovery at lowcost (10), which is important for the diagnosis, treatment, and prevention of many diseases (11–15).

In this study many lupus families (24 families) were for the first time evaluated by combining WES with multiple analytical methods, and possible causative genes of SLE were identified,enriching our knowledge on the causative mechanism of SLE. This study identified cell division cycle 27 (CDC27) as a possible causative gene for SLE. Quantitative polymerase chain reaction (qPCR) showed that compared with healthy individuals, the expression trend of CDC27 in patients with sporadic lupus was the same as that in familial patients, indicating that CDC27 might serve as a marker for the diagnosis of SLE. CDC27 is a component of the anaphase-promoting complex (APC), is an E3 ubiquitin ligase that catalyzes ubiquitin-mediated proteasomal degradation of type B cell cycle proteins and stimulates the cell cycle transition from the middle stage to the later stage (16, 17). Abnormal CDC27 expression is associated with autoimmune diseases (18) and cancer (19), and it can help significantly in predicting breast cancer recurrence (20). No study to date has reported familial aggregation of CDC27 in specific diseases, nor has the direct relationship between abnormal CDC27 expression and the pathogenesis of SLE been investigated. We hope that this study will improve the utility of CDC27 in the diagnosis of SLE.



2 Experimental Materials and Methods


2.1 Family Ascertainment

The subjects involved in this study met the research classification criteria of the 2012 Systemic Lupus Collaborating Clinics for SLE. On the one hand, familial lupus patients were included. Familial SLE was defined as SLE confirmed in at least two relatives. The family members of the lupus patients were all nonconsanguineous members, and the healthy members of the family were studied as the familial control group. Patients with sporadic lupus were also included. The above patients were all admitted to the People’s Liberation Army General Hospital between December 2016 and December 2020. The healthy control group for sporadic patients were volunteers from the same hospital with normal physical examination at the same time. Voluntary, written, fully informed consent was obtained from all participants.



2.2 DNA Extraction, Library Preparation, and Whole-Exome Sequencing


2.2.1 DNA Extraction

Peripheral-blood samples were collected from participating subjects, and genomic DNA was obtained using the TIANamp genomic DNA kit (Catalog no. DP304; TIANGEN) according to the manufacturer's protocol.



2.2.2 Exon Library Preparation

The genomic DNA template was used for library preparation (small fragments) according to the method and procedure of SureSelectXT Target Enrichment System (G7530-90000), and followed by hybridization and capture.



2.2.3 Sequencing

For qualified libraries, paired-end sequencing (PE150) was performed on the HiSeq sequencing platform to obtain 150-bp sequence reads. Exon data of each sample (25-30 Gbp) were sequenced at a depth of 200X.




2.3 Bioinformatic Analysis

The families with lupus were divided according to whether male family members had the disease, into class 1 (families with both male and female members having the disease) and class 2 (families with female members having the disease, but without it being clear whether male members would develop have the disease in the future). The bioinformatic analysis scheme of this study is shown in Figure 1.




Figure 1 | Diagram of bioinformatic analysis.




2.3.1 Data Quality Control

Sequencing data were quality-controlled with adapter and aligned to human reference genome build hg19 (ftp://hgdownload.soe.ucsc.edu/goldenPath/hg19/) with Burrows–Wheeler Aligner (bwa) software version 0.7.12-r1039. The aligned reads were sorted and indexed using SAMtools version 1.2.1, and the Genome Analysis Toolkit (GATK, version 3.8) was used to realign reads to the genome and eliminate PCR duplicates. The GATK4.0 best practice haplotype caller pipeline was used for SNP and indel calling. All SNPs were annotated using ANNOVAR and related database download at Feb. 20.2020 Several genomic databases, including 1,000 Genomes (1000G), ExAC (Exome Aggregation Consortium), Exome Sequencing Project (ESP), gnomAD (both WES and WGS databases) (v2.1.1), and CG46, were used to assess the variant frequency in the population. MCAP(v1.3), SIFT, Polyphen2-HDIV, Polyphen2-HVAR, MutationTaster, MutationAssessor, and Clinvar (version 20200316) were used to annotate the effect of missense variants. GERPs were used to evaluate the conservation of the variant locus.



2.3.2 Data Analysis

Considering the importance of sexfor onset (21–27), lupus families were divided into two types: class 1 and class 2. Preliminary screening of causative genes and related loci was performed using three methods based on variant loci (common-specific analysis; Pedigree Variant Annotation, Analysis, and Search Tool (pVAAST) multiline linkage and correlation analysis; Exomiser causative gene screening). As a method in pedigree studies, gene-based FARVAT was also used to perform gene burden analysis, which directly considers some genes with weak single-locus effect values and low single-locus mutation frequencies, in order to supplement the above three methods. The candidate genes screened by the above methods were annotated in the DisGenet database.


2.3.2.1 Pedigree Screening for Common-Specific Analysis in Affected Members

We screened the families with multiple affected individuals as well as healthy family members and there is procedure of common-specific analysis in Figure 2 (28).




Figure 2 | Procedure of common-specific analysis.





2.3.2.2 pVAAST Multiline Linkage and Correlation Analysis

pVAAST combines two different statistical methods used for identifying disease-causing gene mutations (29). This combination approach outperforms individual familial analytical methods by increasing the power or speed with which mutations are identified and reducing complications through study design and analysis. pVAAST is robust with regard to incomplete penetrance and locus heterogeneity and is applicable to a variety of genetic traits. pVAAST performs well in research on a single gene or a highly permeable phenotype in a single lineage or in research on a highly polygenic and common phenotype involving hundreds of lineages.



2.3.2.3 Human Phenotype Ontology tTerm Conversion and Exomiser CausativeGene Screening in Diseased Samples

Exomiser uses random-walk analysis of protein interaction networks, clinical correlation and cross-species phenotype comparison, and various other computational filters (for variable frequency, pathogenicity prediction, and lineage analysis) to prioritize exon sequences (30). Exomiser can detect potential disease-causing variants in one exon or a whole genome. It mines causative genes and variant loci based on mutation frequency, pathogenicity, mutation quality, genetic pattern, and HPO phenotype data. Based on the Exomiser screening results, the genes with an Exomiser score, Phenotype score, and Variant score all of 0 were filtered out and combined with the annotation results of the variant loci by Exomiser. Nonpathogenic loci were filtered out (definition of causative locus: any one of CADD, POLYPHEN, MUTATIONTASTER, and SIFT identified it as pathogenic, or it had not been annotated).



2.3.2.4 FARVAT: Family Based Correlation Analysis

FARVAT, a family-based rare variant association test, can be used to study extended families (31). The software combines the burden test and the variant component test and employs three types of parameters to perform the correlation test. When all the loci in a certain region are pathogenic, the BURDEN parameters perform the best; when some of the loci in a certain region are causative, the CALPHA parameters perform the best; SKATO combines the statistical strategies of the former two to achieve very robust performance. FARVAT uses only SNPs for analysis. If a sample contains only one parent and the other parent is missing, then this sample is excluded from analysis. Note: The software can obtain the p values of three parameters, and any one parameter with P<0.05 is a candidate.



2.3.2.5 Annotation of Candidate Genes in the DisGenet Database

DisGeNET (Janet Piñero, Núria Queralt-Rosinach, Àlex Bravo, Jordi Deu-Pons, Anna Bauer-Mehren, Martin Baron, Ferran Sanz, Laura I. Furlong, DisGeNET: a discovery platform for the dynamical exploration of human diseases and their genes Database, Volume 2015, 2015, bav028,https://doi.org/10.1093/database/bav028) integrates expert-curated databases with text-mined data, covers information on Mendelian and complex diseases, and includes data from animal disease models. It is a good choice for complex disease research, and it contains many important lupus studies based on the supporting evidenceto prioritize gene-and lupus associations.





2.4 RNA Extraction and PCR

RNA extraction: Fasting ethylenediaminetetraacetic acid (EDTA)-anticoagulated peripheral blood (2 mL) was collected from SLE patients and controls and was tested within 3 h. Ficoll separating solution was used to extract peripheral-blood mononuclear cells (PBMCs), lysis buffer was added to the extracted human PBMCs, the solution was placed at room temperature for 5 min, and 0.2 mL chloroform was added (2). Complementary DNA (cDNA) synthesis: The mixture was prepared in RNase-free microfuge tubes using a cDNA reverse transcription kit (Shanghai Yisheng Biotechnology Co., Ltd.), and the reverse transcription reaction system was prepared (20 μL) (3). PCR: According to the qPCR SYBR Green reagent kit, 2× real-time quantitative PCR amplification premixed solution, upstream and downstream primers, template DNA, and sterile ultrapure water were added. The reaction was performed in a fluorescence quantitative PCR machine (Thermo Scientific). The fluorescence quantitative PCR primer sequences are listed in Supplementary Table 1. According to the Ct value of the samples, the relative quantitative method was used to analyze the results of RT-PCR, and 2-ΔCt was calculated (32).




3 Statistical analysis

SPSS 17.0 software was used to analyze the data. Measurement data with a normal distribution are expressed as the mean ± standard deviation (x ± S). The t test was used for intergroup comparison, and the paired t test was used for intragroup comparison. Measurement data with a nonnormal distribution are represented by the median (interquartile range), and the rank test was used for their intergroup and intragroup comparisons. Correlations between two variables were calculated using linear correlation analysis. Receiver operating characteristic (ROC) curve analysis was done to evaluate the sensitivity and specificity of CDC27 expression in PBMCs for SLE diagnosis. P<0.05 was considered statistically significant.



4 Results


4.1 Included Lupus Families

There were 9 families in class 1, and 15 families in class 2 (Figure 3). CDC27 was involved in 10 families (see the family10-20 in Figure 3 for details). Gray refers to people with uncertain lupus disease; open refers to healthy controls; filled refers to lupus patients in Figure 3.




Figure 3 | (A) Class 1-SLE families. (B) Class 2-SLE families.





4.2 Selected Candidate Genes

The two types of families, class 1 and class 2, were analyzed by three methods (common-specific analysis, pVAAST multiline linkage and correlation analysis, and Exomiser). The screening results are shown in Supplementary Table 2.



4.3 FARVAT Results

In addition to the above three analytical methods, FARVAT was used to analyze all the families. The results showed that only CDC27 was detected at the extremely significant level (P<0.05) in three burden analyses (BURDEN, CALPHA, and SKATO), as shown in Table 1.


Table 1 | Results of family-based analysis using three types of burden (BURDEN, CALPHA, SKATO).





4.4 Annotation of Candidate Genes in the DisGenet Database

The candidate genes obtained from common-specific analysis, pVAAST multiline linkage and correlation analysis, FARVAT, and Exomiser pathogenic gene screening were annotated in the DisGenet database. Some genes in the database are reportedly related to lupus, as shown in Supplementary Tables 3-6.



4.5 Relationship Between the CDC27 Expression in PBMCs and Clinical Manifestations in SLE Patients

There were no significant differences in sex, age, or body mass index between the two groups (sporadic lupus and healthy control group), nor between the familial lupus patients and the familial control group. QPCR was performed to detect for CDC27 in the PBMCs of the SLE familial patients, sporadic lupus patients, and healthy people. In the lupus family study of 15 patients with lupus and 14 healthy controls, CDC27 expression was lower in the patients than in the healthy controls, as depicted in Figure 4A. In the sporadic lupus analysis involving 92 patients and 48 healthy controls, CDC27 expression was also lower in the patients than in the healthy controls, as shown in Figure 4B.




Figure 4 | Comparison of CDC27 expression levels between healthy controls and lupus patients. (A) Comparison of healthy controls and family patients with lupus; (B) comparison of healthy controls and sporadic lupus patients.



The clinical manifestations and laboratory tests of 107 SLE patients including 92 sporadic and 15 familial patients were collected in detail, and the SLE disease activity index (SLEDAI) was calculated (33). Clinical manifestations and laboratory indicators, such as erythrocyte sedimentation rate, C-reactive protein (CRP), complement C3, complement C4, antinuclear antibodies, double-stranded DNA, proteinuria, and hematuria, were examined to analyze the relationship between these indicators and the CDC27 expression in SLE patient PBMCs. The results showed that the CDC27 expression in PBMCs correlated negatively with CRP (r=-0.919, P<0.01), erythrocyte sedimentation rate (r=–0.804, P<0.001), C3 (r=0.927, P<0.001) and C4 (r=0.962, P<0.001), but not with the remaining indicators. Details are provided in Figure 5.




Figure 5 | Correlations between the SLE disease activity index and CDC27 expression were calculated using linear correlation analysis (A) CRP, (B) ESR, (C) C3, (D) C4.





4.6 Relationship Between the CDC27 Expression in PBMCs of SLE Patients and Immunosuppressive Therapy

Among the 100 sporadic SLE patients enrolled, 18 exhibited decreased disease activity after immunosuppressive therapy (P<0.05), and samples before and after the activity changes were collected for CDC27 detection in PBMCs. CDC27 expression was upregulated after treatment, a difference that was statistically significant (P < 0.05), as shown in Table 2.


Table 2 | The relationship between the expression of CDC27 in PBMC of SLE patients and immunosuppressive therapy.





4.7 Evaluation of the Diagnostic Value of CDC27 Expression in PBMCs for the SLE Patients

The CDC27 expression in PBMCs from107 SLE patients and 48 controls was analyzed by ROC analysis. The area under the ROC curve (AUC) was 0.880 (95% CI: 0. 814 <0. 946; P ~0. 001), the sensitivity was 82.30%, the specificity was 94.40% and the Youden index was 0.767. The positive predictive value is 90.09% and the negative predictive value is 89.47%.Details are shown in Figure 6.




Figure 6 | ROC curve analysis for sporadic lupus patients and healthy controls.






5 Discussion

To date, a variety of genetic abnormalities have been found to be closely related to the occurrence and progression of SLE (34). However, there are few studies on causative genes obtained through pedigrees (35), especially on nonconsanguineous pedigrees through sequencing techniques.

In pedigree studies, WES is not limited to small pedigrees, multiple generations of inherited pedigrees, or core pedigrees with polygenic complex diseases, and it can create conditions to find causative genes (36). In this study, for the first time, many Chinese familial SLE patients (a total of 24 families) were sequenced using WES, and common-specific analysis, pVAAST multiple-line linkage and correlation analysis, FARVAT, and Exomiser were used to screen the causative genes of lupus families in order to screen for SLE causative genes through a pedigree study, especially SLE pedigrees of nonclose relatives. Common-specific analysis, pVAAST multiline linkage and correlation analysis, and Exomiser were used to screen genes and their corresponding loci. Common-specific analysis is a widely used strategy for patients with familial diseases. As the pathogenic loci of the corresponding disease may be enriched in the family, pVAAST was used. Exomiser considers the correlation between the phenotypes and genes found in humans and animal models and combines protein–protein interactions and other information, giving it an advantagefor locus the screening. When a certain gene is screened out by multiple methods, the reliability and scientific support for its causative role is high. FARVAT can be used for multiple pedigrees; it analyzes gene burden using the gene as a unit, and directly considers some genes with weak single-locus effect values. Thus, it is a supplement to the above three methods. In this study, the four analytical methods were combined to improve the reference value for screening causative genes of SLE through pedigrees.

Genetic factors play a significant role in the occurrence and progression of many diseases, such as coronary heart disease (37, 38), diabetes (39) and diabetes insipidus (40). However, it is very difficult to screen causative genes through pedigrees, and there is no unified and standardized method. Various methods have shortcomings, i.e., some can only perform enrichment (41), some can only find regions of causative genes, it is difficult to clearly identify specific genes in studies from small pedigrees (42) some pedigrees are difficult to screen due to incomplete data (43), and many related studies have been conducted on the consanguineous pedigrees. This study also provides a method for screening other diseases through pedigrees, especially consanguineous pedigrees (Figure 1).

We annotated the candidate genes in the DisGenet database. Much of the information we found is related to lupus, which indicates that the candidate genes in this study are important in the pathogenesis of lupus and have a certain degree of credibility. Among the four bioinformatic analyses, CDC27 was obtained using three methods. Therefore, we focused on this gene.

The major functional isomers of CDC27 are encoded by 19 exons, and CDC27 has two tetratricopeptide repeat (TPR) domains, five TPR motifs at the N-terminal domain and nine TPR motifs in the C-terminal domain (44). The protein encoded by CDC27 is a component of APC, which had a TPR sequence of its own that is necessary for interaction with certain proteins (45). CDC27 expression is abnormal in several tumors and autoimmune diseases (19), and their pathogenesis may be related to APC/C activation. Phosphorylation of CDC27 is the key for APC/C activation, which is achieved through the action of transforming growth factor β (TGF-β) (46). The TGF-β signaling pathway plays an important role in many biological processes, including cell growth, differentiation, apoptosis, and migration, and the occurrence and progression of autoimmune diseases (47). The activation of the TGF-β pathway is involved in the pathogenesis of SLE (48). Vanarsa et al. found that expression of TGF-β1 in the urine was increased in patients with active lupus (49).

To date, there had been no direct study on the relationship between CDC27 and lupus. In the present study, peripheral blood of familial SLE patients and healthy controls was submitted to qPCR to detect CDC27, and the results showed low CDC27 expression in lupus patients. We speculate that the downregulation of CDC27 in lupus may lead to immune disorders. Because CDC27 is a downstream molecule of the TGF-β pathway, it activates APC/C (ubiquitin ligase) under the action of TGF-β through phosphorylation, thereby activating the ubiquitin-proteasome system, which may affect the cell cycle process, hinder protein degradation, and cause immune abnormalities. The mechanism of abnormal CDC27 expression in lupus still needs to be further explored.

Diagnosis of SLE is mainly based on clinical symptoms, signs, and laboratory tests. However, the clinical manifestations of SLE are complex, and the severity of the disease varies; hence, clinicians often misdiagnose SLE as other diseases. The diagnostic sensitivity of commonly used autoantibodies (such as antinuclear antibodies, double-stranded DNA, and anti-Smith antibody) against SLE is not perfectat only 20-60% (50). Thus, there is no ideal diagnostic marker for SLE. This study used ROC curve analysis to assess the diagnostic value of CDC27 and found a sensitivity of 82.30%,and specificity of 94.40%,indicating that CDC27 has high value in the diagnosis of SLE (51). In addition, the expression level of CDC27 correlated with the activity of lupus and had certain value in predicting the condition.

Although we screened for abnormal expression of CDC27 in SLE patients through pedigrees, this gene’s role is not limited to familial SLE. To further investigate the general role of abnormal CDC27 expression in the pathogenesis of SLE, we detected CDC27 expression in patients with sporadic SLE and compared it with that in the healthy control. As expected, CDC27 expression in sporadic SLE patients was reduced, indicating that family-based causative gene exploration is not be limited to familial diseases, and that decreased expression of CDC27 has significance for the diagnosis of both familial and sporadic SLE. This study has reference value for research methods that study diseases through pedigrees to find patterns and apply them to the whole population.



6 Conclusion

For the first time, WES combined with a variety of analytical methods showed that the CDC27 gene plays an important role in the occurrence and progression of SLE and may be a causative gene and a marker of the disease. This study performed a preliminary verification, but further verification is still needed. We hope that the analytical method described herein provide new ideas for screening causative genes of other diseases through small pedigrees.
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Rheumatoid arthritis (RA) causes serious disability and productivity loss, and there is an urgent need for appropriate biomarkers for diagnosis, treatment assessment, and prognosis evaluation. To identify serum markers of RA, we performed mass spectrometry (MS)-based proteomics, and we obtained 24 important markers in normal and RA patient samples using a random forest machine learning model and 11 protein–protein interaction (PPI) network topological analysis methods. Markers were reanalyzed using additional proteomics datasets, immune infiltration status, tissue specificity, subcellular localization, correlation analysis with disease activity-based diagnostic indications, and diagnostic receiver-operating characteristic analysis. We discovered that ORM1 in serum is significantly differentially expressed in normal and RA patient samples, which is positively correlated with disease activity, and is closely related to CD56dim natural killer cell, effector memory CD8+T cell, and natural killer cell in the pathological mechanism, which can be better utilized for future research on RA. This study supplies a comprehensive strategy for discovering potential serum biomarkers of RA and provides a different perspective for comprehending the pathological mechanism of RA, identifying potential therapeutic targets, and disease management.
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Introduction

Rheumatoid arthritis (RA) is an autoimmune disease characterized by chronic erosive arthritis, which affects 1% of the world’s population and usually occurs in middle-aged and elderly women (1). The clinical manifestations are symmetrical and persistent polyarticular swelling and pain and can also involve extra-articular tissues, such as skin and mucosal lesions, cardiovascular diseases, and lung diseases, which seriously affect work and daily life (2, 3).

Current common laboratory indicators are rheumatoid factor (RF), anti-cyclic citrullinated peptide antibody (ACPA), erythrocyte sedimentation rate (ESR), and C-reactive protein (CRP) (4). However, the RF-positive rate and ACPA specificity of RA are only 60%–70% and 60%–75%, respectively, suggesting low diagnostic efficacy (5, 6). Furthermore, the RF-positive rate and ACPA specificity are difficult to distinguish between high and low disease activity. ESR or CRP can reflect the inflammatory activity of the disease but is not a characteristic diagnosis of RA (7). The situation largely limits the timely and efficient treatment and analysis of patients, Thus, the diagnosis of the disease can still be much improved. Biomarkers specifically and powerfully related to RA disease have been increasing; it can be helpful especially in patients who are seronegative for RF and ACPA.

It is known that proteins have an important role in RA pathogenesis with the formation of a new epitope; compared with other techniques such as transcription, proteomics can study the posttranscriptional modification of proteins and their interactions in cells and tissues (8). Previous proteomic studies according to quantitative analyses using clinical serum samples between RA patients and healthy controls identified a lot of differentially expressed proteins. Cheng et al. set up protein profiles of serum through high-resolution mass spectrometry using the Orbitrap Q Exactive mass spectrometer and identified 18 overexpressed proteins, among which FCN-2 was found to be elevated in RA and correlated with disease activity (9). Sora et al. using a nano-LC-MS/MS-based proteomics approach speculated that SAA might be a biomarker of AA amyloidosis in rheumatoid arthritis; gelsolin and VDBP might be potent biomarker candidates for the early diagnosis of RA (10). Lee et al. suggested that protein S100-A9 is involved in joint destruction by matrix metalloproteinases and the pro-inflammatory response, showing potential for use as a diagnostic biomarker that reflects the mechanism of inflammation in RA (10). However, these studies only aimed at identifying the protein difference between normal and RA patients, rarely combined with disease activity, and noticed differences in protein expression after drug intervention.

In this study, our comprehensive analysis of serum proteins in RA from multiple perspectives is shown (Figure 1). We obtained differential proteins based on serum proteomics by LC-MS/MS, and we referred to the results of other proteomics datasets. Analysis of immune infiltration, tissue and subcellular localization, and the correlation between differential proteins and RA laboratory diagnostic indicators and diagnostic receiver-operating characteristic analysis from the perspective of disease activity were performed. These results provide a worthy reference for future proteomic and multi-angle analysis studies on RA serum protein biomarkers.




Figure 1 | Schematic diagram about the analysis of RA potential proteins based on LC-MS proteomics. (A) Identification of differentially expressed proteins. (B) Multiple-analysis methods to assess the importance of differentially expressed proteins.





Methods and Materials


Patients

Human serum specimens were collected from the First Affiliated Hospital of Guangzhou University of Chinese Medicine (Guangzhou, China). The study was approved by the Chinese Clinical Trial Registry (ChiCTR), and the registration number is ChiCTR2100043294. This study was approved by the local research ethics committee; the approval document number of the ethics committee is NO. JY[2020]264. All subjects in this study were asked for consent. Human serum samples included 8 healthy control and 7 patients at different time points of 0 and 6 after administration. All samples were frozen and stored at −80°C in aliquots of polyethylene tubes until use.



Protein Preparation

Bicinchoninic acid (BCA) assay was used for protein quantification, taking 500 μg of protein and using High Select™ Top14 Abundant Protein Depletion Resin to remove high-abundance proteins. After adding the supernatant obtained in the previous step to dithiothreitol (DTT) at a final concentration of 10 mM, polypeptide samples were prepared using the filter-aided sample preparation (FASP) method from previous literatures (11, 12). In brief, proteins were added onto a 30-kDa cutoff filter and centrifuged at 11,000 rpm at 20°C for 15 min. 50 mM iodoacetamide (IAA) in urea buffer was used to alkylate proteins at 20°C for 15 min. After a few washes with urea and 50 mM ABC buffer, 100 ng of trypsin in 50 mM ABC buffer was used to digest proteins in a wet chamber overnight at 37°C. Peptides were extracted with 50 mM ABC buffer and acidified by trifluoroacetic acid (TFA). After the FASP protocol as described above, the peptides were desalted and concentrated using C18 stage tips. Each of these samples was measured in a 1-h gradient of LC-MS/MS.



Protein Quantification and Analysis

Tryptic peptides were separated using a 60-min total data collection for peptide separation, with the Easy-nLC 1200 system connected online to an Orbitrap Eclipse mass spectrometer equipped with FAIMS Pro (Thermo). Scans were collected in data-dependent top-speed mode with dynamic exclusion at 90 s. Raw data were analyzed using MaxQuant version 1.6.17.0 search against the Human Fasta database, with label-free quantification and match-between-run functions enabled. The identification of proteins that were differentially expressed between patients with RA and HCs was conducted based on the empirical Bayes method using the limma R package. The p-values were obtained by using the t-test, and the p-values of comparisons were adjusted for multiple comparisons to preserve an error rate of 5%. To identify the significant pair(s), we used multiple comparisons. The Benjamini–Hochberg method was used for the multiple comparisons.



Identification of Differentially Expressed Proteins


Key Protein Screening

Machine learning was combined with PPI network analysis to screen differential proteins. The random forest classifier (RFC) was used to perform feature extraction on protein sample expression data, screen out the top 30 key proteins based on classification features, and use MeanDecreaseGini to plot. 11 topological analysis methods, including Degree, Edge Percolated Component (EPC), Maximum Neighborhood Component (MNC), Density of Maximum Neighborhood Component (DMNC), Maximal Clique Centrality (MCC), and six centralities (Bottleneck, EcCentricity, Closeness, Radiality, Betweenness, and Stress) based on shortest paths were used to measure the true efficiency of nodes in the PPI network to evaluate their importance.



Enrichment Analysis

R (version 3.6.3)’s ggplot2 package and clusterProfiler package were used to analyze the enrichment analysis of 24 differential proteins, including KEGG pathway, biological process (BP), cell component (CC), and molecular function (MF).




Compilation of Other Proteomic Datasets

“rheumatoid arthritis” and “proteomics” were used as keywords, PubMed (https://pubmed.ncbi.nlm.nih.gov/) was used to search, and clinical samples with healthy people were selected as the control group. A total of 5 datasets were collected, including 155 healthy controls and 183 RA patients. The differentially expressed proteins were summarized in each dataset, and candidate proteins with the number of repetitions greater than 2 were selected. An NCBI gene ID was assigned to each protein based on gene symbol, and we kept proteins with the NCBI gene IDs for subsequent analysis.



Multi-Angle Analysis of Differentially Expressed Proteins


Immune Infiltration

The R (version 3.6.3) ssGSEA method was used for immune cell infiltration analysis, the degree of infiltration of 28 immune cells was calculated, and p < 0.05 was considered statistically significant. The following 28 types of immune cells were obtained: activated B cells, activated CD4+T cells, activated CD8+T cells, activated dendritic cells, CD56bright natural killer cells, CD56dim natural killer cells, central memory CD4+T cells, central memory CD8+T cells, effector memory CD4+T cells, effector memory CD8+T cells, eosinophils, follicular helper T cells, gamma delta T cells, immature B cells, immature dendritic cells, macrophages, mast cells, memory B cells, monocytes, myeloid-derived suppressor cells, natural killer cells, natural killer T cells, neutrophils, plasmacytoid dendritic cells, regulatory T cells, type 1 T helper cells, type 17 T helper cells, and type 2 T helper cells. We used the Spearman correlation analysis method to compare the obtained immune cells and correlation analysis of key proteins to further discover RA disease proteins closely related to immune infiltration.



Tissue Specificity and Subcellular Localization

Tissue specificity data were obtained from GTEx (https://gtexportal.org/). GTEx is a tissue-specific database of gene expression and regulation derived from simultaneous transcriptome sequencing and genetic analysis of samples from multiple human tissues and organs.

Subcellular localization was performed through COMPARTMENTS (https://compartments.jensenlab.org/). COMPARTMENTS is a powerful website for predicting the subcellular localization of proteins, helping us to better understand candidate proteins.




Analyze Differential Proteins in Combination With Disease Activity


Diagnostic Correlation Analysis

R (version 3.6.3) was used for statistical analysis and visualization, the ggplot2 package (version 3.3.3) was used for visualization, and the statistical method used was Spearman. A heatmap was used to display the pairwise correlation (spearman correlation) of all elements between the two tables (protein expression table and diagnostic index change table). Statistical significance was marked on the heatmap.



Diagnostic ROC Analysis

We used the pROC package for diagnostic ROC analysis and used the ggplot2 package for visualization. The value of the area under the curve (AUC) is between 0.5 and 1. The closer the AUC is to 1, the better the diagnostic effect. The AUC has a low accuracy when it is 0.5–0.7, it has a certain accuracy when it is 0.7–0.9, and it has a high accuracy when it is above 0.9; key proteins were further screened based on an AUC greater than 0.7.



Statistical Analysis and Network Visualization

The statistical analysis in this study was performed by the differential enrichment test of R platforms (version3.6.3, http://www.r-project.org/). Data visualization was generated by the clusterProfiler package (version3.14.3) of R and Microsoft Office 2019.





Results


Identification of Proteins by LC-MS/MS

Raw counts of proteomics data and corresponding clinical information from healthy control and RA patients were obtained from the First Affiliated Hospital of Guangzhou University of Chinese Medicine (Guangzhou, China). The differential enrichment test of R software was used to study the differential expression of proteins. Test-diff was used to perform a differential enrichment test based on protein-wise linear models and empirical Bayes statistics using limma. False discovery rates were estimated using the fdrtool package (version 1.2.17). p-value < 0.05 was defined as the threshold for the screening of differential expression. A total of 2,051 proteins and peptides were identified by LC-MS/MS. There were a total of 262 candidate proteins that are statistically significant between healthy control cases and RA patients, and a total of 93 candidate proteins during the active and inactive phases of the disease.



Identify Candidates Proteins for RA


Key Protein Screening

Analyzing 262 candidate proteins, according to the RFC machine learning method and 11 topological analysis methods (Figure 2A), the top 30 key proteins under each method are obtained. Proteins present in more than 8 of the 12 analytical methods were defined as key proteins for follow-up research, and 24 proteins obtained were CP, APOA4, FGB, TTR, GC, HRG, FN1, C4A, ORM1, APOA2, FGA, HP, APOC3, C4B, CRP, SAA1, APOA1, FGG, LPA, SERPINA1, APOB, APOE, VWF, and A2M.




Figure 2 | Identification of differentially expressed proteins. (A) Random forest machine learning method combined with the PPI network importance analysis algorithm to screen differential proteins. (B) Enrichment results of 24 differential proteins. The blue size represents the number of counts corresponding to the result.





Enrichment Analysis

To further confirm the underlying function of potential targets, we use Fisher’s exact test to calculate the enrichment significance of each term in KEGG, biological process (BP), cell composition (CC), and molecular function (MF) and arrange them in ascending order of p-value. Figure 2B visually displays the relationship between the proteins and KEGG, BP, CC, and MF.

24 proteins overlapping the reference datasets were analyzed. The first 3 KEGG pathways with the smallest p-value were “Complement and coagulation cascades (TermID: hsa04610, p-value<0.001); Cholesterol metabolism (TermID: hsa04979, p-value<0.001); Vitamin digestion and absorption (TermID: hsa04977, p-value<0.001).” The first 3 BPs with the smallest p-value were extracellular structure organization “(TermID: GO:0043062, p-value<0.001); platelet degranulation (TermID: GO:0002576, p-value<0.001); chylomicron assembly (TermID: GO:0034378, p-value<0.001).” The first 3 CCs with the smallest p-value were “blood microparticle (TermID: GO:0072562, p-value<0.001); cytoplasmic vesicle lumen (TermID: GO:0060205, p-value<0.001); vesicle lumen (TermID: GO:0031983, p-value<0.001).” The first 3 MFs with the smallest p-value were “lipoprotein particle receptor binding (TermID: GO:0070325, p-value<0.001); cholesterol transporter activity (TermID: GO:0017127, p-value<0.001); intermembrane cholesterol transfer activity (TermID: GO:0120020, p-value<0.001)”.



Identify Proteins from Other Proteomics Datasets

In order to systematically investigate the biomarkers related to the pathogenesis of RA, we conducted a comprehensive analysis of 5 independent RA proteomic datasets. These datasets cover 5 ultra-deep reference datasets from FLS and serum. The five in-depth reference datasets were as shown in Table 1. We collected 450 DEPs from 183 RA patients and 155 healthy control cases and established a relatively comprehensive RA proteomic dataset.


Table 1 | Literature summary of differential proteins.



The DEPs of 5 reference datasets were statistically sorted, and the number of overlaps greater than 2 was used as the screening condition; 30 proteins were obtained as potential biomarker proteins. We used the upset diagram (Figure 3A) to visually show the overlap of each dataset. Figure 3B shows the 30 overlapping proteins and their respective datasets.




Figure 3 | Combine other proteomics datasets to analyze differential proteins. (A) Crossover situation in 5 proteomics datasets. (B) Visually display differential proteins co-expressed (greater than 2) in multiple proteomics datasets. Different shapes and colors represent different datasets. (C, D) Enrichment results of 30 differential proteins in 5 proteomics datasets. The green size represents the number of counts corresponding to the result.



To further confirm the underlying function of potential targets, we used Fisher’s exact test to calculate the enrichment significance of each term in KEGG, biological process (BP), cell composition (CC), and molecular function (MF) and arrange them in ascending order of p-value. The bar chart in Figures 3C, D visually displays Log10 (p-adjust), and Figure 3C, D visually display the relationship between the proteins and KEGG, BP, CC, and MF.

The 30 proteins overlapping the reference datasets were analyzed. The first 3 KEGG pathways with the smallest p-value were “Complement and coagulation cascades (TermID: hsa04610, p-value<0.001); Staphylococcus aureus infection (TermID: hsa05150, p-value:0.000); ECM-receptor interaction (TermID: hsa04512, p-value:0.001).” The first 3 BPs with the smallest p-value were “acute inflammatory response (TermID: GO:0002526, p-value<0.001); complement activation (TermID: GO:0006956, p-value<0.001); regulation of protein processing (TermID: GO:0070613, p-value<0.001).” The first 3 CCs with the smallest p-value were “blood microparticle (TermID: GO:0072562, p-value<0.001); cytoplasmic vesicle lumen (TermID: GO:0060205, p-value<0.001); vesicle lumen (TermID: GO:0031983, p-value<0.001)”. The first 3 MF with the smallest p-value were “lipoprotein particle binding (TermID: GO:0071813, p-value:0.000); protein-lipid complex binding (TermID: GO:0071814, p-value:0.000); antioxidant activity (TermID: GO:0016209, p-value:0.000)”.




Multi-Angle Analysis of Candidate Proteins


Immune Infiltration

We found that the degree of immune cell infiltration in RA patients is generally lower than that in normal people. We analyzed 28 types of immune cells and obtained data on 23 types of immune cells, which are activated B cell, activated CD4+T cell, activated dendritic cell, CD56bright natural killer cell, CD56dim natural killer cell, central memory CD4+T cell, central memory CD8+T cell, effector memory CD8+T cell, eosinophil, gamma delta T cell, immature B cell, macrophage, mast cell, myeloid-derived suppressor cell, monocyte, natural killer cell, natural killer T cell, plasmacytoid dendritic cell, regulatory T cell, follicular helper cell, type 1 T helper cell, type 17 T helper cell, and type 2 T helper cell. As shown in Figure 4A, among 23 immune cells, the degree of immune infiltration of CD56dim natural killer cell, effector memory CD8+T cell, and natural killer cell was significantly different between HC and RA (p < 0.05, p < 0.05, p < 0.01). Through Spearman correlation analysis, we found that 13 of the 24 differential genes were significantly related to the degree of immune cell infiltration, which are ORM1, HP, TTR, CRP, FGB, FN1, APOA2, APOC3, SAA1, FGG, FGA, APOB, and VWF; we believe that these 13 genes are potential biomarkers for the treatment of RA and related to immune cell infiltration, as shown in Figure 4B.




Figure 4 | Multi-angle analysis of 24 differentially expressed proteins. (A) Immune infiltration analysis protein expression in 23 immune cells in healthy controls and RA patient. (B) Correlation analysis of 24 proteins with statistically significant immune cells. (C) Tissue specificity of 24 differential proteins. (D) Subcellular localization of 24 differential proteins. *p < 0.05, **p < 0.01, ***p < 0.001. ns, no significance.





Tissue Specificity and Subcellular Localization

As shown in Figure 4C, we studied the tissue specificity of 24 key proteins and found that 21 differential proteins are abundant in the liver (VWF, A2M, CP, FGB, TTR, GC, HRG, C4A, ORM1, APOA2, FGA, HP, APOC3, CRP, SAA1, APOA1, FGG, LPA, SERPINA1, APOB, APOE), FN1 and C4B are abundant in the adrenal gland, VWF and A2M are abundant in lung tissue, and APOA4 is the most abundant in small intestine T1, and these proteins are in whole blood; skeletal muscle protein abundance was relatively low.

As shown in Figure 4D, we have studied the subcellular localization of 24 key proteins. Here we focus on their expression on the nucleus, plasma membrane, and mitochondrion and found that 10 proteins (APOA4, FGB, TTR, GC, FGA, APOC3, CRP, SAA1, FGG, SERPINA1) are contained in the nucleus and 13 proteins (HRG, FN1, C4A, ORM1, APOA2, HP, C4B, APOA1, LPA, APOB, APOE, VWF, A2M) are contained in plasma membranes. CP is more abundant in the mitochondrion.




Analyze Candidate Proteins from Disease Activity


Diagnostic Correlation Analysis

Table 2 shows that changes in diagnostic indicators in patient 13 correlated with disease activity before and after treatment. The judging index of disease activity is DAS28-ESR. It can be seen from Table 2 that the DAS28-ESR of DAP patients is 5.5, and the DAS28-ESR of DIP after treatment is 2.33 (Wilcoxon test p<0.001). After using Spearman correlation analysis between 24 proteins and 13 diagnostic indicators (SJC, TJC, PGA, MDGA, GH, ESR, CRP, CDAI, SDAI, DAS28-ESR, DAS28-CRP, VAS, HAQ), the correlation analysis between CP and 11 diagnostic indicators except CRP and GH was statistically significant, as shown in Figure 5. The correlation analysis between CP and 9 diagnostic indicators (CRP, SJC, TJC, CDAI, SDAI, DAS28-ESR, DAS28-CRP, MDGA, ESR) was statistically significant. The correlation analysis between CRP and 7 diagnostic indicators (CRP, SJC, SDAI, DAS28-ESR, DAS28-CRP, MDGA, ESR) was statistically significant. The correlation analysis between ORM1 and 6 diagnostic indicators (CRP, DAS28-ESR, DAS28-CRP, MDGA, ESR, HAQ) was statistically significant. The correlation analysis between HP and 4 diagnostic indicators (SJC, SDAI, DAS28-ESR, DAS28-CRP) was statistically significant. The correlation analysis between SERPINA1 and ESR and HAQ was statistically significant. The correlation analysis between FGB and ESR was statistically significant. The correlation analysis between HRG and HAQ was statistically significant. The correlation analysis between APOA1 and CRP was statistically significant. We chose proteins that were statistically significant in the correlation analysis with more than 3 diagnostic indicators as key proteins. We believe that among the 24 proteins, the five proteins TTR, CP, CRP, ORM1, and HP are more closely related to diagnostic indicators and have the potential to become markers for the diagnosis and treatment of RA.


Table 2 | Clinical indicator information.






Figure 5 | Correlation analysis between RA laboratory diagnostic indicators and disease activity. Positive and negative signs indicate the direction of the correlation. A positive sign indicates a positive correlation (red), and a negative sign indicates a negative correlation (blue). *p < 0.05, **p < 0.01.





Diagnostic ROC analysis

In terms of predicting disease activity, CP (AUC=0.837), TTR (AUC=0.776), ORM1 (AUC=0.796), HP (AUC=0.816), SERPINA1 (AUC=0.796). They have a certain accuracy in the diagnosis and prediction of disease activity, but they are not statistically significant compared with other diagnosis results.




Analysis of Differentially Expressed Proteins

As shown in Figure 6, we combined other proteomics verification conditions, immune infiltration conditions, disease activity, correlation analysis, and diagnostic ROC analysis to comprehensively analyze the 24 differential proteins. The results show that ORM1 and HP were differentially expressed and diagnosed in the disease activity and inactive phases. An ROC value greater than 0.7 has good diagnostic ability for the analysis of the active and inactive stages of the disease, is significantly related to more diagnostic indicators of RA, and has a good performance in terms of immune infiltration. ORM1 and HP show good distinguishing ability in the diagnosis and treatment of RA.




Figure 6 | Summarize a variety of analysis methods to select the most meaningful protein as the key protein of RA.






Discussion

Through diverse-perspective analysis, our study provides novel insights into RA-related proteomics research. Using random forest machine learning methods and analysis of 11 other topological analysis methods, our proteomics data selected 24 potential differential proteins in normal and RA patient samples. When searching the PubMed database for 24 potential proteins, at least 19 (79.17%) were found in RA-related reports (Table 3). Meanwhile, 5 of the 24 differential protein species, including CRP, FN1, APOA2, SAA1, and APOE, have been verified in additional proteomics datasets. Separately, CRP, a diagnostic marker of RA in clinical practice, is significantly elevated in plasma levels in response to infection, inflammatory stimuli, or other tissue damage in the acute phase. Additionally, we found that our DEP list is significantly enriched in the other two DEP lists (Table 1) from proteomics in a gene background of 20,462 human protein-coding genes from the NCBI database, for example, dataset iv (p = 3.25 * 10-32, Fisher test) and dataset iii (p = 4.56 * 10-31, Fisher test). Collectively, we showed the reliability and accuracy of our protein list, and it is in accordance with previous publication. We will upload this information together. The above evidence demonstrates the reliability and accuracy of our analysis.


Table 3 | Summary of human proteome datasets for biomarker analysis.



FN1, a multidomain extracellular matrix (ECM) protein, binds to multiple compounds on the cell surface, including collagen (13), fibrin (14), growth factors (15), and cell surface integrins (16), and prominently participates in several fundamental biological processes, such as tissue repair (17), fibrosis (18), tumorigenesis (2016), cell adhesion (19), cell motility (20), and cell shape maintenance (21). Apolipoprotein A2 (APOA2) is the second most abundant protein of the high-density lipoprotein particles. The related pathway peroxisome proliferator-activated receptor (PPAR)-α regulates metabolism (22). SAA1 (serum amyloid A1) is a major acute-phase protein that is highly expressed in response to inflammation and tissue injury. Studies show that tumor necrosis factor α (TNF-α) and interleukin 1β (IL-1β) induce activation of the IL-6-STAT3 pathway to increase SAA1 expression (23). High levels of this protein are connected with chronic inflammatory diseases including rheumatoid arthritis (24), atherosclerosis (25), and Alzheimer’s disease (26). Apolipoprotein E (APOE) is a multifunctional cholesterol carrier that plays a central role in lipid metabolism in the peripheral and central nervous systems. Related pathways include the mTOR signaling pathway (27) and the AMPK signaling pathway (28), which are essential for the normal catabolism of triglyceride-rich lipoprotein components. These results not only verify the accuracy of our experiment but also provide a new direction for the research of RA fundamental research. At the same time, we found that lipid metabolism is closely related to the occurrence and development of RA according to our proteomics research and other proteomics verifications. Lipid levels are dynamic and can fluctuate along with changes in inflammation or as a result of disease-modifying antirheumatic drug (DMARD) therapy, which needs further study.

In addition, our research reevaluated the importance of 24 candidate proteins in terms of immune infiltration, disease activity, experimental diagnosis correlation analysis, and diagnostic ROC analysis. After a comprehensive analysis, both HP and ORM1 exceled in this aspect.

HP has many physiological functions. It can combine with free hemoglobin to prevent oxidative damage to various organs (29) and activate local and systemic levels of innate and adaptive immune cells, as an acute-phase reactant protein; plasma concentration greatly increases during inflammation (30). HP is mainly synthesized in the liver and rarely expressed in other inflamed tissues. It is synthesized at the injured site during acute-phase reactions such as inflammation and tissue damage. There are few reports about HP in RA, and it can be determined that the level in RA synovial fluid and arthritis tissue is related to disease activity (31). Previous studies have shown that serum haptoglobin levels increase during arthritis (32). Studies have shown that locally expressed HP promotes cell migration in cartilage and therefore may play a role in the progression of arthritis (31). Studies have determined that haptoglobin is an important factor in cell migration (33). Haptoglobin knockout cells exhibit impaired migration, which can be restored by supplementing the cells with exogenous haptoglobin. Our research once again verified the importance of HP and confirmed that the immunomodulatory effect of HP is related to CD56dim natural killer cells, effector memory CD8+T cells, and natural killer cells.

Orosomucoid 1 (ORM1) is different from HP in that it has less research. When we searched in PubMed, there were only 3,555 related articles (Table 3), which is more meaningful and valuable from the perspective of innovation. ORM1 is a key acute-phase plasma protein, which is related to acute inflammation. Its specific function has not yet been determined, which may involve immunosuppressive aspects. ORM1 is rich in liver tissue, secreted into the blood. Subcellular locations of ORM1 are mainly in the extracellular space; the plasma membrane is more abundant than the mitochondrion and nucleus. The immunomodulatory effect of ORM1 is related to CD56dim natural killer cells, effector memory CD8+T cells, and natural killer cells. ORM has many activities including, but not limited to, acting as an acute-phase reactant and disease marker, modulating immunity, binding and carrying drugs, maintaining the barrier function of the capillary, and mediating the sphingolipid metabolism (34). In RA patients, a study of the combination of transcriptome and proteome in human urine showed that urinary ORM1 levels in RA patients had a positive correlation with the status of the disease activity (35). Although the literature in RA is limited, ORM has been shown to have anti-inflammatory protective effects in other diseases. Exogenous ORM can significantly reduce the infarct size and neurological deficit score of ischemic stroke. The specific mechanism is to inhibit the production of IL-1β, IL-6, and TNF-α, significantly reduce inflammation, improve malondialdehyde (MDA) and superoxide dismutase (SOD) balance to reduce oxidative stress, and reduce the activity of caspase-3 to inhibit apoptosis (36). Based on data obtained from the Gene Expression Omnibus (GEO) database, previous research revealed that ORM1 was highly expressed and positively correlated with the expression of inflammatory factors (MAPK1, MAPK3, IL1B, and CASP9) (37). In general, ORM1 is a protein related to disease activity and is expected to become a marker for the treatment and diagnosis of RA. Our research group will study in depth the specific mechanism of ORM1 in future research.

However, one of the disadvantages in this experiment design is that proteins are the performers of functions; it is necessary to consider combining the results of transcriptome and metabolomics for multidimensional research. Also, the serum proteome has its limitations, and the perspective of synovial proteomics is worth further studying. If possible, the systematic research on the differentially expressed proteins should be screened out, combined with animal experiments, clinical trials, etc., using molecular biology techniques to verify and enrich the rationality of high-throughput screening results.

The innovation of this study is that we refer to the results of other RA proteomic studies to make our findings more convincing. Our analysis of differential proteins, combined with disease activity, is more clinically meaningful and valuable. In general, these rich data are expected to stimulate subsequent hypothesis-driven research, deepen our understanding of the pathogenesis of RA, provide potential biomarkers, and provide new strategies to facilitate the diagnosis and treatment of this harmful disease.
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Background

The IgG4-related disease (IgG4-RD) is an immune-mediated disorder with fibrotic manifestations. However, the transcriptional profiles of immune cell subsets at single-cell level are unknown. Herein, single-cell sequencing was used to assess the specific cell subpopulations and pathways in peripheral blood mononuclear cells (PBMCs) of IgG4-RD.



Methods

Single-cell sequencing was performed using the PBMCs from four patients with IgG4-RD and three healthy controls (HCs). Functional enrichment and cell analysis were performed through re-clustering of PBMCs to assess functional pathways and intercellular communication networks in IgG4-RD. Western blot and flow cytometry were used to verify sequencing and functional enrichment results.



Results

Four major cell types and 21 subtypes were identified. Further subclustering demonstrated that plasma B-cell proportions increased with increasing glycolysis/gluconeogenesis activity in IgG4-RD. Re-clustering of myeloid cells showed that EGR1 and CD36 expressions were significantly increased in CD14+ monocytes of IgG4-RD, as validated by Western blot analysis. Moreover, tumor necrosis factor (TNF) production pathways were positively regulated in CD14+ monocytes of IgG4-RD. In vitro stimulation showed that CD14+ monocytes of IgG4-RD could secrete higher levels of TNF-α . Notably, the proportions of CD8 central memory T (TCM) and TIGIT+ CD8 cytotoxic T (CTL) increased in patients with IgG4-RD compared with HCs. Further interaction analysis showed that B cell activation factor (BAFF) signaling pathways were enriched from myeloid cells subsets to B cells.



Conclusion

This study enhances the understanding of the cellular heterogeneity and transcriptional features involved in the pathogenesis of IgG4-RD, providing key clinical implications.
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Background

IgG4-related disease (IgG4-RD) is characterized by high IgG4 concentrations in serum or infiltration of IgG4+ plasma cells in affected tissues (1). IgG4-RD can affect any organ, causing immune-mediated fibrotic manifestations (1, 2). Currently, glucocorticoids are considered the first-line treatment for IgG4-RD (3). However, new therapeutic strategies are needed due to the potential toxicity and side effects of long-term glucocorticoid treatment.

The pathogenesis of IgG4-RD has been thoroughly assessed in recent years. The IgG4-RD is an immune-mediated disorder with diverse autoimmune features. Moreover, anti-galectin-3 autoantibodies have been identified in some patients with IgG4-RD (4). Lanzillotta et al. showed that peripheral plasmablast and plasma B cells are increased in patients with active untreated IgG4-RD. However, they showed that glucocorticoid treatment could alleviate the effect (5, 6). Rituximab can deplete B cells, thus substantially improving symptom, further validating the pathogenicity of B cells in IgG4-RD (7, 8). Self-reactive cytotoxic CD4 T cells, T follicular helper cells, and regulatory T cells can promote fibrosis and IgG4 production by B cells in patients with IgG4-RD (9–12). However, the role of dysregulated immune cells in the pathogenesis of IgG4-RD is unclear. Furthermore, the phenotype, function, and pathogenic heterogeneity of immune cells in IgG4-RD are unknown.

Single-cell sequencing (scRNA-seq) is a novel tool that can assess the heterogeneity of different immune subpopulations. Moreover, the transcriptome analysis at a single-cell or a cell-type level can be used to assess the expression of key genes and intracellular signaling pathways involved in the disease progression. Herein, scRNA-seq analysis of PBMCs from patients with IgG4-RD was used to assess specific cell subpopulations and pathways involved in IgG4 and chronic inflammation.



Materials and Methods


Recruitment and Ethics

This study included patients diagnosed with IgG4-RD based on the 2019 American College of Rheumatology/European League Against Rheumatism (ACR/EULAR) Classification Criteria for IgG4-RD (13) and healthy controls (HCs) at Peking Union Medical College Hospital (PUMCH). All the enrolled patients were treatment-naïve and they have not received any treatment before. This study was approved by the ethics committee of PUMCH (approval number: JS-3389), and informed consent was obtained from each patient. The detailed information on the procedure is provided in Supplementary Table 1.



Single-Cell Suspension Preparation and Single-Cell Sequencing

PBMCs were obtained via Ficoll gradients (Human Lymphocyte Separation Medium, Dakewe, China), then centrifuged at 1,800 rpm and room temperature for 20 min. The cells were washed using 1× phosphate buffered saline (PBS) containing 0.5% fetal bovine serum (FBS) and then resuspended in 1× PBS containing 0.5% FBS. An Automated Cell Counter (Bio-Rad, TC20) was used to determine cell count and viability. Briefly, complementary DNA (cDNA) was synthesized from the cells and amplified using the v2 single-cell reagent kit (10X Genomics) following the manufacturer’s instructions. The sequencing library was constructed using simplified cDNA and then sequenced on Illumina (NovaSeq, Novogene).



Raw Data Processing and Combination

The cellranger v2.1.0 pipeline was used to generate and align the raw gene expression matrix of each sample to the hg19 genome and transcriptome. The samples were combined using the Seurat package (v.3.0.0) based on the integration methods described at https://satijalab.org/seurat/v3.0/integration.html (14).



Single-Cell RNA-Seq Data Processing

Single-cell RNA-seq data processing was conducted using R software (v.3.5.3) via the Seurat package (v.3.0.0). The following cells were filtered out: (1) cells with >10% transcripts mapping to the mitochondrial genes; (2) cells with fewer than 500 total unique transcripts; and (3) cells with a unique gene count of more than 3,500 genes. NormalizeData function was used to normalize the data. FindVariableFeatures function was used to calculate 2,000 features with high cell-to-cell variation. The RunPCA function was used to reduce the dimensionality of the datasets at default parameters on linear-transformation scaled data generated by the ScaleData function. FindNeighbors and FindClusters functions were used to perform nonlinear dimensional reduction via the RunUMAP function (dims = 1:30, resolution = 0.3). The details of the Seurat analyses performed in this work can be found in the website tutorial (https://satijalab.org/seurat/v3.0/pbmc3k_tutorial.html). Cell identity was annotated using the markers shown in Figures 1B, C. The uniform manifold approximation and projection (UMAP) were used for visualization.




Figure 1 | Overview of the clustering and annotation of the sc-RNA sequencing data for IgG4-RD. (A) UMAP representation of 47,219 single cells from HCs (n = 3) and IgG4-RD (n = 4), showing the formation of 21 clusters. (B) Canonical cell markers used to label major cell types represented in the UMAP plot. The legend is labeled in log scale. (C) Bar plot showing cluster abundance of major cell types across all samples. (D) Bubble heatmap showing the selected markers annotating specific cell types. The size of the dot indicates the fraction of expressing cells, colored according to z-score–normalized expression levels.





Subclustering of B Cells, Myeloid Cells, and T Cells

Subclustering analysis was conducted using B cells, myeloid cells (monocytes and dendritic cells), and T cells from PBMCs. The genes were scaled to unit variance after integration. Scaling, principal component analysis (PCA), and clustering were conducted as described above. Doublet clusters were removed under the following criteria: (1) B subclusters with the mean expression of CD3D, CD14, or PPBP > 0.1; (2) myeloid subclusters with the mean expression of CD3D, CD79A, or PPBP > 0.1; and (3) T subclusters with the mean expression of CD79A, CD14, or PPBP > 0.1.



Identification of Differentially Expressed Genes

The differentially expressed genes (DEGs) were identified via FindMarkers function in Seurat using the parameters “test.use = wilcox” by default. The false discovery rate (FDR) was estimated using the Benjamini–Hochberg method. DEGs were filtered using a minimum log2 (fold change) of 0 and a maximum adjusted p-value of 0.05 and then ranked based on the average log2 (fold change) and FDR.



Gene Function Enrichment Analysis

Gene Set Enrichment Analysis (GSEA) (version 3.0) was used to analyze the enriched signaling pathways of plasma B and Mem-unsw B-cell subtypes. Signaling pathways with a threshold of p-value < 0.05 were considered significantly enriched (15). For myeloid or T/Natural killer (NK) cells cells, enrichment analysis for the functions of the DEGs was conducted using the clusterProfiler (v3.12.0) package. Moreover, gene sets were based on Gene Ontology (GO) terms (16).



Cell and Cell Interaction

CellChat was used to comprehensively assess the global communications among cells and quantitatively analyze intercellular communication networks (17). Briefly, the official workflow was followed, and the normalized data were loaded into CellChat. CellChat objects were created, and CellchatDB.human was used to set the secreted signaling pathways as the database.



Purification of Monocytes and In Vitro Stimulation

Peripheral blood from patients and HCs were collected in ethylene diamine tetraacetic acid tubes. The blood was then diluted with 1× PBS at a ratio of 1:1, put on the Ficoll density gradient (Dakewe, China) and then centrifuged at 1,800 rpm and 24°C for 20 min. The peripheral blood mononuclear cells (PBMCs) were collected at the interface layer, washed with PBS (300g for 10 min, 4°C), and then counted using cellmeter Auto T4 (Nexcelom Bioscience, USA). CD14 microbeads (Miltenyi Biotec, USA) were used to purify CD14+ monocytes following the manufacturer’s instructions. The purified CD14+ monocytes were counted through cellmeter Auto T4 (Nexcelom Bioscience, USA) and were resuspended in dulbecco’s modified eagle medium (DMEM) (Gibco, USA) containing 10% FBS (Gibco, USA) then seeded into 24-well plates (5 × 105 per well) with recombinant interferon-γ (IFN-γ) (PeproTech, USA) at 37°C for 6 h. The supernatants were then collected for further analysis.



TNF-α Detection

A human tumor necrosis factor–α (TNF-α) pre-coated ELISA kit (Dakewe, China) was used to detect TNF-α in supernatants following the manufacturer’s instructions. Briefly, diluted cytokine standards (100 µl), undiluted samples (100 µl), and biotinylated antibody (50 µl) were added to 96-well plates and incubated at room temperature for 3 h. The plates were washed thrice using wash buffer, and then, streptavidin–horseradish peroxidase (HRP) working solution was added to each well and incubated at room temperature for 20 min. The plates were washed again thrice, then 100 µl of Tetramethylbenzidine (TMB) was added to each well and incubated at room temperature for 20 min away from light. A stopping solution was also added. Thermo Scientific Multiskan FC (Thermo Fisher Scientific, USA) was used to measure absorbance at 450 nm.




Western Blotting

Purified CD14+ monocytes were lysed with RIPA buffer (High, Solarbio Life Sciences, China) on ice for 30 min and then centrifuged at 12,000g for 10 min. A BCA protein assay kit (Thermo Scientific, USA) was used to detect protein concentration. Protein samples [5 µg per lane for CD36 and 10 µg per lane for early growth response-1 (EGR1)] were separated via sodium dodecylsulphate (SDS)–polyacrylamide gel electrophoresis and electrophoretically transferred to Immobilon™-P polyvinylidene difluoride membranes (MilliporeSigma, Germany). The membranes were blocked with QuickBlock™ Blocking Buffer (Beyotime, China) at room temperature for 1 h and then incubated with primary antibodies [EGR1 Rabbit mAb (Cell Signaling Technology, USA, 1:1,000), CD36 Rabbit mAb (Cell Signaling Technology, USA, 1:1,000), and β-Actin Mouse mAb (EASYBIO, China, 1:5,000)] at 4°C overnight. The membranes were washed and incubated with secondary antibody [HRP-conjugated (EASYBIO, China, 1:5,000)]. Chemiluminescent HRP Substrate (Millipore Sigma, Germany) were detected using immunoreactive bands. Images were obtained through Tanon 3000M. The relative expression of EGR1 and CD36 were analyzed using ImageJ software (US National Institutes of Health, Bethesda, MA, USA).


Data Availability

The raw sequence data were deposited in the Genome Sequence Archive of the Beijing Institute of Genomics (BIG) Data Center, BIG, Chinese Academy of Sciences (accession code, HRA001555) and are publicly accessible at http://bigd.big.ac.cn/gsa-human. Other supporting raw data are available from the corresponding author upon reasonable request.




Results


An Overview of PBMC Composition in Patients with IgG4-RD

The scRNA-seq was used to analyze peripheral blood samples of three healthy individuals and four patients with IgG4-RD (Supplementary Table 1). A total of 47,219 cells were retained for subsequent analysis after filtering doublets and poor-quality cells (dead or dying cells). Un-supervised clustering followed by a two-dimensional UMAP identified 21 distinct subsets (Figure 1A). Four major populations, including T cells, NK cells, B cells, myeloid cells, were identified on the basis of canonical markers (CD3D, CD8A, NKG7, CD79A, CD14, FCGR3A, FCER1A, MZB1, and PPBP) (Figure 1B). Overall, patients with IgG4-RD had decreased B cells and increased CD14 monocytes and plasma B proportions (Figure 1C). Additional cluster-defining genes of each cluster are shown in Figure 1D.



Transcriptional and Pathway Analysis of B-Cell Subsets in IgG4-RD

Subclustering of three major populations (B cells, myeloid cells, and T/NK cells) was further conducted. IgG4-RD is characterized by increased IgG4-secreting B cells. This is the first study to report B-cell subpopulations in patients with IgG4-RD. B cells were subclustered into five major populations based on CD79A, IGHD, CD27, MZB1, GPR183, IGHM, SOX4, IGHG3, and IGHM: naïve B (cluster 1, IGHD+CD27−), Mem-unsw B (cluster 2, memory-unswitched B cells, IGHD+CD27+GPR183+), Mem-sw B (cluster 3, memory-switched B cells, IGHD+CD27+ GPR183+), plasma B (cluster 4, MZB1+IGHG3+IGHG4+), and SOX4+ naïve B (cluster 5, IGHD+CD27−SOX4+) (Figures 2A, B). Patients with IgG4-RD had increased plasma B levels (Figures 2C, D). The molecular differences of various B-cell subsets between HCs and patients with IgG4-RD were assessed using volcano plots (Figure 2E, Supplementary Figure 1A). There was only one differential gene, IGHG3, in SOX4+ naïve B-cell subsets between HCs and patients with IgG4-RD (Supplementary Figures 1A, B). Functional difference was assessed using GSEA. The top enriched GSEA items for the Mem_unsw B cells included “PI3K-Akt signaling pathway”, “Th1 and Th2 cell differentiation,” and “Th17 cell differentiation”, indicating the enhanced proliferation and ability to activate T-cell responses in patients with IgG4-RD (Figure 2F). The top enriched GSEA items for plasma B cells in patients with IgG4-RD included “glycolysis/gluconeogenesis”, “IL-17 signaling pathway”, “protein export”, and “protein processing in endoplasmic reticulum”, indicating that abnormal metabolism can promote antibody processing and secretion (Figure 2F).




Figure 2 | The heterogeneity and transcriptional features of B-cell subsets in IgG4-RD. (A) UMAP representation of 2,449 B cells, showing the formation of five clusters. (B) Violin plots showing expression distribution of canonical cell markers. (C) Bar plot showing cluster abundance of each B-cell type across all samples. (D) Percentages of four types of B-cell between HCs and patients with IgG4-RD. The y-axis shows the average percentage of B-cell subtypes in total B cells. Error bars are shown in mean ± SEM. Student t-test was used for the analysis, and P < 0.05 is considered as a significant difference, ns stands for nonsignificant. (E) Volcano plot showing the DEGs of B-cell subtypes between HCs and patients with IgG4-RD. (F) GSEA results showing the significantly enriched pathways in Memory-unswitched (Mem-unsw) B cells and Plasma B cells of patients with IgG4-RD.





Pro-Inflammatory Gene Patterns of Myeloid Cells in IgG4-RD

Subclustering showed that myeloid cells are monocytes (mono) and dendritic cells (DCs). The monocytes were re-classified into seven subsets based on CD14, FCGR3A, EGR1, IGHG4, ISG15, IFI6, IFI44, and CCL15: CD14 Mono (CD14), CD14+CD16+ Mono (CD14 and FCGR3A), EGR1hi CD14 Mono (EGR1 and CD14), CD16 Mono (FCGR3A), IFN-act CD14 Mono (CD14, ISG15, IFI6, and IFI44), CCL5+ CD14 Mono (CCL5 and CD14), and IGHG4hi CD14 Mono (IGHG4 and CD14) (Figures 3A–C). The DC and CD14 Mono proportions were lower in myeloid cells of patients with IgG4-RD (Figures 3C, D). Similarly, the molecular differences of various myeloid subsets between HCs and patients with IgG4-RD were assessed using volcano plots (Figure 3E). The expressions of EGR1 and CD36 were significantly higher in CD14 Mono, CD14+CD16+ Mono, EGR1hi CD14 Mono, and IFN-act CD14 Mono than in other subsets (Figure 4A). Western blot of purified CD14+ monocytes from HCs and patients with IgG4-RD showed that EGR1 and CD36 expressions were significantly increased in proteins of IgG4-RD–derived CD14+ classical monocytes (Figures 4B, C).




Figure 3 | The heterogeneity and transcriptional features of myeloid cells in IgG4-RD. (A) UMAP representation of 6324 myeloid cells, showing the formation of 8 clusters. (B) Violin plots showing expression distribution of canonical cell markers. (C) Bar plot showing cluster abundance of each myeloid cell type across all samples. (D) Percentages of DC and CD14+ Mono between HCs and IgG4-RD. The y-axis shows the average percentage. Error bars are shown in mean ± SEM. Student t-test was used for the analysis, and P < 0.05 is considered a significant difference. (E) Volcano plot showing the DEGs of myeloid cell subtypes between HCs and patients with IgG4-RD. Data are expressed as mean ± SD.






Figure 4 | Functional analysis of myeloid cells in IgG4-RD. (A) Violin plots showing expression of EGR1 and CD36 in different CD14+ mono subtypes. (B, C) The comparison of EGR1 and CD36 expressions in purified CD14+ monocytes from HCs and patients with IgG4-RD. (D) GO analysis showing the biological process enriched in different CD14+ monocytes of patients with IgG4-RD. (E) CD14+ monocytes purified from PBMCs of HCs and patients with IgG4-RD and cultured for 12 h in vitro. The TNF-α in the supernatant was measured using ELISA. Data are expressed as mean ± SD, *P < 0.05, **P < 0.01, ***P < 0.001, and ****P < 0.0001.



GO pathway analysis of DEGs between different myeloid subsets showed that TNF was uniformly and significantly upregulated in CD14+ Mono, IFN-act CD14+ Mono, and CD16+ Mono of patients with IgG4-RD (Figure 4D). In vitro stimulation analysis indicated that CD14+ monocytes of IgG4-RD secreted higher levels of TNF-α  (Figure 4E). In addition, DEGs in EGR1hi CD14 Mono and CD14+CD16+ Mono from patients with IgG4-RD were positively enriched in neutrophil activation and neutrophil degranulation-related pathways (Figure 4D).



Transcriptional Features of NK/T-Cell Subsets in Patients With IgG4-RD

Subclustering of NK/T cells obtained 12 subsets based on the canonical NK/T-cell markers: two subtypes of NK cells, six subtypes of CD4+ T cells, and four subtypes of CD8+ T cells (Supplementary Figure 2). Further subclustering of NK cells identified four NK/NKT-cell clusters: PTGDS+ NK (PTGDS and NKG7), NKT (NKG7 and CD3D), GZMK+IGFBP4+ NK (GZMK, IGFBP4, and NKG7), and TIGIT+ NKT (TIGIT, NKG7, and CD3D) (Supplementary Figures 3A, B). The proportions of each NK/NKT subsets were similar between HCs and patients with IgG4-RD (Supplementary Figure 3C). Moreover, GO analysis indicated that natural killer cell-mediated cytotoxicity and immunity were decreased in NK or NKT cells of patients with IgG4-RD (Supplementary Figure 3D).

Subclustering of CD8+ T cells obtained seven subtypes: CD8 CTL (cytotoxic lymphocytes, CD8A, and GZMB), CD8 TCM (central memory T, CD8A, CCR7, and GRP183), GZMK+ Effector CD8 T (CD8A and GZMK), naïve CD8 T (CD8A and CCR7), NCR3+ CD8 effector memory T (TEM, NCR3, CD8A, and GPR183), TIGIT+ CD8 CTL (TIGIT, CD8A, and GZMB), and TIGIT+ CD8 TCM (TIGIT, CD8A, CCR7, and GPR183) (Figures 5A–C). Notably, CD8 TCM and TIGIT+ CD8 CTL proportions were increased in patients with IgG4-RD compared with HCs (Figures 5C, D). The DEGs of various CD8+ T subsets were assessed, and then, GO analysis was conducted based on the DEGs (Figure 5E). The CD8 CTL, CD8 TCM, and GZMK+ effector CD8 T-cell subsets of patients with IgG4-RD were associated with significantly enhanced responses to IFN-γ, antigen processing and presentation, and lymphocyte differentiation (Figure 5F). Cell killing and leukocyte-mediated cytotoxicity were significantly positively regulated in CD8 CTL of patients with IgG4-RD (Figure 5F). Similarly, the levels of cytotoxicity-related markers, including GZMA, PFN1, GZMB, and GZMH, were significantly higher in CD8 CTL of patients with IgG4-RD than in HCs (Figure 5G). Moreover, B-cell and neutrophil activation was enhanced in NCR3+ CD8 TEM and TIGIT+ CD8 TCM of patients with IgG4-RD, respectively (Figure 5F).




Figure 5 | The heterogeneity and transcriptional features of CD8 T-cell subsets in IgG4-RD. (A) UMAP representation of 11,864 CD8 T cells, showing the formation of seven clusters. (B) Violin plots showing expression distribution of canonical cell markers. (C) Bar plot showing cluster abundance of each CD8 T-cell type across all samples. (D) Percentages of two types of CD8 T-cell between HCs and IgG4-RD. The y-axis shows the average percentage of CD8 T-cell subtypes in total CD8 T cells. Error bars are shown in mean ± SEM. Student t-test was used for the analysis, and P < 0.05 is considered as a significant difference. (E) Volcano plot showing the DEGs of CD8 T-cell subtypes between HCs and patients with IgG4-RD. (F) Violin plots showing expression of GZMA, PFN1, GZMB, and GZMH in CD8 CTL. (G) GO analysis showing the biological process enriched in different CD8 T-cell subtypes of patients with IgG4-RD, ****P < 0.0001.



CD4+ T cells were further subclustered into nine subtypes: CD4 CTL (GZMB), CD4 TCM (CCR7 and GPR183), CD4 TEM (IL7R and GPR183), GZMK+ CD4 CTL (GZMK and GZMB), HLA-DRB1+ CD4 TEM (HLA-DRB1, IL7R, and GPR183), IFN-act CD4 TCM (ISG15, IFI6, IFI44, CCR7, and GPR183), naïve CD4 T (CCR7), TIGIT+ CD4 TCM (TIGIT, CCR7, and GPR183), and Treg (FOXP3) (Figure 6A–C). The abundance of CD4+ T subtypes was similar between HCs and patients with IgG4-RD (Figure 6C). The functional differences between various CD4 T subtypes were evaluated via GO analysis. Cellular response to IL-12 and B-cell activation were increased in Tregs of patients with IgG4-RD (Figure 6D). Moreover, CD4 CTL and GZMK+ CD4 CTL from patients with IgG4-RD were more likely to respond to IFN-γ and IL-1 (Figure 6D).




Figure 6 |  The heterogeneity and transcriptional features of CD4 T-cell subsets in IgG4-RD. (A) UMAP representation of 19,629 CD4 T cells, showing the formation of nine clusters. (B) Violin plots showing expression distribution of canonical cell markers. (C) Bar plot showing cluster abundance of each CD4 T-cell type across all samples. (D) GO analysis showing the biological process enriched in Treg, CD4 CTL, and GZMK+ CD4 CTL of patients with IgG4-RD.





Global Analysis of Immune Cell Communications in Patients With IgG4-RD

The cellular interactions between immune cells play critical roles in cell activation, eventually leading to disease symptoms in patients with IgG4-RD. Herein, CellChat was used to investigate the putative interactions between immune cells in patients with IgG4-RD.

Interaction events were used to calculate the interaction times for each immune cell type. Interaction between myeloid cells and B cells was higher than in T cells subset (Figure 7A). CellChat was also used to identify significant pathways among the immune cells group. However, this study focused on the CXCL, TNF, B-cell–activating factor (BAFF), and CD40 pathways (Figure 7B). BAFF signaling pathways were enriched in myeloid cell subsets to B cells (Figure 7B). CD40 signaling pathway was the most enriched from CD4+ T cells to CD14+ monocytes (Figure 7B). Notably, CellChat also predicted that myeloid cells were key sources and mediators for CXCL and TNF signaling pathways (Figure 7B). CellChat was also used to analyze the communication patterns in different cell groups. Several outgoing effector T/NK cells were characterized by pattern #1, representing multiple pathways, including MIF, ANNEXIN, and CCL signaling pathways (Figure 7C). The outgoing of myeloid cells was characterized by pattern #2, representing mainly GALECTIN, RESISTIN, BAFF, and BAG signaling pathways (Figure 7C). Moreover, the communication patterns of target cells showed that the incoming effector T/NK cells signaling was dominated by pattern #1, #3, and #5, mainly representing GALECTIN, RESISTIN, IL16, FLT3, and BAG signaling pathways (Figure 7D). Most incoming CD14 Mono signaling were dominated by pattern #2, representing ANNEXIN, CCL, TNF, and CD40 signaling pathways (Figure 7D). Notably, the incoming B and plasma B signaling were characterized by pattern #4, representing BAFF and CXCL signaling pathways (Figure 7D). Together, the interaction analysis highlights the role of myeloid cells in promoting B-cell over-activation through BAFF signaling pathway in patients with IgG4-RD.




Figure 7 | CellChat analysis of the communications among immune cells. (A) Heatmap showing the number of interactions of different cell subsets in PBMCs. (B) Circle plot showing the inferred intercellular communication network for CXCL, TNF, BAFF, and CD40 signaling among different cell subsets. The number of cells in each cluster is proportional to the circle size, and the line thickness represents the strength of signaling. (C) The inferred outgoing communication patterns of secreting cells, which shows the correspondence between the inferred latent patterns and cell groups, and signaling pathways. The thickness of the flow indicates the contribution of the cell group or signaling pathway to each latent pattern. (D) The inferred incoming communication patterns of target cells.






Discussion

IgG4-RD is an immune-mediated fibrotic disease. Previous studies have reported the characteristics of immune responses in IgG4-RD disease, enhancing the understanding of potential immune pathogenesis of IgG4-RD disease. However, the cellular and molecular immune responses in IgG4-RD are unclear. Herein, the immunological landscape profiles in patients with IgG4-RD at single-cell resolution were assessed to reveal the critical factors and pathways involved in immune pathogenesis.

We observed reduced B-cell proportions at the single cell level. Our observation was in consistent with our recent published study in which we observed decreased percentage of CD19+ B cells in patients with IgG4-RD by flow cytometry (18). In addition, a previous study by Lanzillotta et al. (19) addressed decreased B cells absolute counts in patients with IgG4-RD compared with HCs. Plasma B-cell levels were increased in patients with IgG4-RD, consistent with previous findings (5, 20). Interestingly, “glycolysis/gluconeogenesis”, “protein export”, and “protein processing in endoplasmic reticulum” pathways were enriched in plasma B cells from patients with IgG4-RD. A previous study showed that glycolysis activity is correlated with plasmablast differentiation and disease activity (21). However, another study performed by Alvise Berti et al. (22) performed positron emission tomography (PET)/computerized tomography (CT) to measure [18F] Fluorodeoxyglucose (18F-FDG) uptake and found that circulating plasmablasts were inversely correlated with the total lesion glycolysis. Therefore, whether increased glycolysis or gluconeogenesis activity can induce class-switching and differentiation of plasma B cells, promoting antibody processing and production in patients with IgG4-RD needs further investigation.

Notably, the analysis of the incoming signaling via CellChat predicted that BAFF signaling pathway, mediated by myeloid cells, was dominant in B and plasma B subsets. BAFF is a key B-cell survival factor. BAFF overexpression is associated with autoantibody-related autoimmune diseases, such as systemic lupus erythematosus (SLE), primary sjogren’s syndrome (pSS) patients, IgA nephropathy, and rheumatoid arthritis (23–25). Clinical trials have used therapeutic monoclonal antibody neutralizing BAFF, belimumab, in recent years. Belimumab can be used as a targeted therapy for SLE (26–28). A previous study showed that the serum levels of BAFF and APRIL are significantly higher in IgG4-RD and pSS than in HCs (29). A recent study also demonstrated that BAFF produced by neutrophils and dendritic cells enhances antibody responses (30). Herein, myeloid cells from BAFF promoted class-switching and differentiation of B cells to IgG4-producing plasma B cells in patients with IgG4-RD. Similarly, a previous study found that IgG4-RD–derived monocytes can induce IgG4 production of HC-derived B cells in a BAFF-dependent and T cell-independent manner (31). Therefore, monoclonal antibody neutralizing BAFF can be used for the clinical treatment of IgG4-RD.

Macrophages play a role in IgG4-RD initiation. Previous studies have shown that CD163+ M2 macrophages are activated by TLR7, accumulated in multiple organs of patients with IgG4-RD, thus promoting fibrotic phenotype by producing CCL18 and IL-10 or activating T helper type 2 (Th2) immune response via IL-33 (32–34). Herein, increased TNF production in CD14+ monocytes promoted activation of NK cells and also acted as an autocrine to activate themselves. Moreover, EGR1 and CD36 expressions were significantly higher in CD14+ monocytes from IgG4-RD than those from HCs. A previous study showed that Egr-1 is significantly upregulated in the skin lesions of psoriasis patients and promotes TNF-α production (35). CD36 is a scavenger receptor. Macrophage CD36 can interact with oxidized low-density lipoprotein (oxLDL), trigger signaling cascades for inflammatory response, and is involved in atherosclerosis (36, 37). However, future studies should assess the mechanisms underlying the role of EGR1 and CD36 in promoting TNF production in patients with IgG4-RD.

Moreover, Th2 cells and Tregs play crucial roles in IgG4-RD. The number of Th2 cells is correlated with elevated serum IgG4 levels, IL-4, plasmablast counts, and disease activity (38, 39). PD-1+CXCR5- circulating Tfh cell populations are significantly increased in patients with IgG4-RD than those in healthy volunteers and are correlated with IgG4 class switching and clinical manifestations of IgG4-RD (40–43). A previous study also found that the frequency of circulating Tfh is increased in the peripheral blood and involved tissue of IgG4-RD. An in vitro co-culture study showed that cTfh cells from IgG4-RD can facilitate B-cell proliferation and enhance the differentiation of naïve B cells into switched memory B cells and plasmablast/plasma cells (44). Expanded cytotoxic CD4+ T cells have been detected in patients with IgG4-RD. Moreover, SLAM7+granzyme A+IL-1β+TGF-β1+CD4 CTLs secreting IFN-γ  are the dominant T cells infiltrating inflamed IgG4-RD tissue site (45, 46). Herein, response to IFN-γ was enhanced in both effector CD4 and CD8 T subsets. Moreover, some T-cell subsets in IgG4-RD activated B cells and neutrophils. Therefore, the role of IFN-γ and the interaction of T cells with neutrophils in patients with IgG4-RD should be assessed.

However, this study had a limited sample size, which may result in low resolution of further subclustering. Therefore, further studies with large samples and fibrotic tissues are needed to explore how immune cells promote fibrotic lesions of patients with IgG4-RD. Moreover, not all mechanistic studies were performed to validate the findings at the single cell level in our present study. Therefore, further efforts are still needed to validate the phenomenon that we observed at present study, e.g., whether enhanced glycolysis ability promote abnormal B-cell class-switching and antibody production, the role of increased EGR1 expression in monocytes, whether the involved pathways are actually enriched and their role in T/NK cells functions of patients with IgG4-RD.

In summary, this study enhances the understanding of the role of immune cells, thus providing new potential therapeutic targets for the treatment of patients with IgG4-RD.
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Type 1 diabetes mellitus (T1DM) is an autoimmune-mediated disease characterized by a reduced or absolute lack of insulin secretion and often associated with a range of vascular and neurological complications for which there is a lack of effective treatment other than lifestyle interventions and pharmacological treatments such as insulin injections. Studies have shown that the gut microbiota is involved in mediating the onset and development of many fecal and extrafecal diseases, including autoimmune T1DM. In recent years, many cases of gut microbiota transplantation for diseases of the bowel and beyond have been reported worldwide, and this approach has been shown to be safe and effective. Here, we conducted an experimental treatment study in two adolescent patients diagnosed with autoimmune T1DM for one year. Patients received one to three rounds of normal fecal microbiota transplants (FMT) and were followed for up to 30 weeks. Clinical outcomes were measured, including biochemical indices, medication regimen, and dosage adjustment. Fecal microbiota metagenomic sequencing after transplantation provides a reference for more reasonable and effective microbiota transplantation protocols to treat autoimmune T1DM. Our results suggest that FMT is an effective treatment for autoimmune T1DM.


Clinical Trial Registration

http://www.chictr.org.cn, identifier ChiCTR2100045789.
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Introduction

The development of T1DM is not only associated with genetic factors but also non-genetic factors, and rapidly changing external environmental factors especially play an important role in the pathogenesis of T1DM (1). The incidence of diabetes and impaired glucose tolerance in adults has been increasing worldwide, associated with changes in dietary habits and lifestyle, the use of antibiotics, changes in childbirth practices, and external environmental pollution (2–5). There is an estimated annual growth rate of 3%–4% of newly diagnosed diabetics (4, 6) and the International Diabetes Federation Atlas (IDF) estimates the global prevalence of diabetes to be 10.5% (536.6 million people) among people aged 20–79 years in 2021, rising to 12.2% (783.2 million) in 2045 (7), and 108,300 children under 15 years of age will be diagnosed in 2021, a number that rises to 149,500 if the age range is extended to under 20 years (8). T1DM is currently treated with lifestyle interventions, local insulin injections, and oral hypoglycemic agents. However, the main groups of T1DM sufferers are adolescents and children, and their blood glucose, which is often poorly controlled through diet and exercise, fluctuates. Additionally, long-term insulin use can cause a series of side effects such as obesity, hypoglycemia, hyperinsulinemia, and injection site pain. Importantly, it will also lead to unhealthy psychology in juvenile patients (9). Unhealthy psychology may also be involved in the developmental process of T1DM (10, 11). The diagnosis and management of diabetes also imposes a huge economic burden on the country and families (12). Therefore, novel treatment modalities for autoimmune type 1 diabetes have become an immediate social need, and gut microbiota transplantation is a global research hotspot.

Early in life, the gut microbiota shape the immune system and regulates metabolism, whereas imbalances in the gut microbiota later in life can cause several autoimmune and metabolic disorders (1, 8). Social and lifestyle changes, including the mode of delivery of newborns, dietary structure, and the use of antibiotics in the latter stages of life, have aggravated the imbalance in the type and quantity of fecal microbiota (13). These alterations have stimulated the exploration of the relationship between various internal and external fecal diseases and the change in the structure of fecal microbiota, the incidence of which is gradually increasing worldwide (2). The number of fecal microbiota, the types of dominant microbiota, and the proportion of microbiota were found to change in type 1 diabetic patients compared with normal people (9). Qi et al. (2) studied changes in the microbiota of children with T1D and healthy children (control group) and found that the fecal bacterial content was significantly lower in the T1D group than in the control group; it was also found that Clostridial microbiota IV and XIVa also play an important role in the homeostasis of the immune fecal environment and that their products, short-chain fatty acids, regulate the expression of Foxp3 in CD4+ T cells (3).

At least two mechanisms may explain the fecal microbiota involvement in the occurrence and development of T1DM. By one mechanism, fecal microbiota affect the permeability of fecal mucosa. Fecal microbiota secrete mucus to constitute the fecal mechanical barrier, and the breakdown products of fecal microbiota, short-chain fatty acids, promote the metabolism and repair of fecal epithelial cells and maintain the barrier function of fecal epithelium. Alternatively, fecal microbiota affect autoimmunity. Studies on NOD mice revealed that the interaction between fecal microbiota and the natural immune system is an important factor in the development of type 1 diabetes (4). When the fecal microbiota are dysregulated and the fecal barrier function is reduced, pathogenic microorganisms can invade the mesenteric lymph nodes, causing excessive activation of T and B lymphocytes in the intestine and intestine-associated lymphoid tissues. Since these tissues are connected to the pancreas through the pancreatic lymph nodes and mesenteric lymph nodes, the activated T and B lymphocytes trigger immune- and inflammation-mediated pancreatic β-cell injury (5), which further decreases insulin secretion.

The modulation of the gut microbiota through probiotics, prebiotics, interventions with dietary factors, and fecal microbial transplants all allows beneficial microorganisms to modulate early host–microbiota interactions by exerting their protective potential in patients with T1DM or those at high risk of T1DM (6). Among these therapeutic modifications, the main one is fecal microbiota transplantation (FMT). FMT is a method for regulating or rebuilding fecal microbiota and treating gastrofecal and non-gastrofecal diseases by fabricating a suspension of fecal microbiota from a healthy donor through an intelligent enterobacteria processing system and transplanting it into the gastrofecal tract of the patient by capsule preparation, nasal-fecal tube infusion, gastroscopy, enteroscopy, or intubation. The application of fecal microbiota transplantation has brought hope for the cure of many diseases, including irritable bowel syndrome (7), ulcerative colitis (10), and other fecal diseases, and depression, anxiety disorders (11), and many other diseases outside the fecal tract. Several examples of improved glycemic control in mice by gut microbiota transplantation have been described in rodent models (9–11). Transplantation of gut microbiota from MyD88-deficient non-obese diabetic (MyD88−/−NOD) mice into non-obese diabetic mice reduced the incidence of isletitis and significantly delayed the onset of diabetes (12). Administration of Lactococcus lactis expressing GAD65 and IL-10, combined with a short course of low-dose anti-CD3, stabilized isletitis, preserved functional beta-cell populations, and restored blood glucose to normal levels in recently developed NOD mice (14). Additionally, Dolpady et al. (11) found experimentally that alterations in the fecal microbiota induced by oral administration of the lactic acid bacteria-rich probiotic VSL#3, alone or along with retinoic acid (RA), protected NOD mice from T1D by affecting the inflammasome at the fecal level. Thus, FMT can adjust the fecal microbiota of transplanted patients and slow down T1MD disease progression.

FMT was found to be safe and effective in several human clinical studies. FMT has significantly altered the composition of the gut microbiota and to affect glycemic control and insulin resistance in subjects with metabolic syndrome based on baseline microbiota (15); therefore, in recent years, greater research attention has been focused on fecal microbiota transplantation for T1DM. Mocanu et al. (16), studied the change in insulin sensitivity (Homa-IR) from baseline to 6 weeks after fecal microbiota transplantation supplemented with high and low fermentable fiber in patients with obesity and metabolic syndrome, and found that FMT combined with low fermentable fiber significantly improved insulin resistance in transplant recipients. The difference was statistically significant, with no cases of adverse effects throughout the transplantation process. In performing lean body donor (allogeneic) versus self (autologous) fecal microbiota transplantation in male subjects with metabolic syndrome, Kootte (17) found a significant improvement in insulin sensitivity after 6 weeks of allogenic fecal microbiota transplantation, accompanied by changes in microbiota composition and changes in plasma metabolites, with no cases of adverse effects during this experiment. In a randomized controlled trial of patients with new-onset T1DM within 6 months, de Groot and colleagues (16) found that fecal microbiota transplantation stabilized residual beta-cell function and optimized glycemic control in patients. These clinical trials show that fecal microbiota have a great biological driving effect in T1DM patients, and FMT is a safe and feasible treatment of T1DM. Microbiota transplantation has also been reported in obese people with type 2 diabetes (18).

To understand clinical strategies to treat T1DM, we initiated an experimental treatment study in two adolescent pediatric patients with autoimmune T1DM. Ianiro et al. (19) conducted a meta-analysis that showed that the overall response rate of capsule FMT was over 90% and was minimally invasive, and Ng et al. (18) found that repeat FMT is safe and facilitates the implantation of the transplanted microbiota. Therefore, we chose to perform multiple clinical nodes of fecal microbiota transplantation, most as oral liquid capsules, in our patients. The number of performed microbiota transplants and the specific clinical pathways differed between the two patients, resulting in different clinical outcomes, as will be discussed.



Materials and methods

At the onset, we took stool specimens from the subjects and mated them with healthy donors who met the criteria. Both patients had signed informed consent for microbiota capsule preparation when they were enrolled. The mated fecal microbiota was introduced into the patients in oral capsules or by nasal-fecal tube infusion, and serum and stool specimens were collected for observation and laboratory analysis before and after each microbiota transplantation was completed. Current research on diabetes has focused on the collection and analysis of serum samples from patients, but it is also important to collect stool samples and correlate a multi-omics approach with the gut microbiota because only then can we reconstruct the bridge from disease parameters to etiology (6]. Therefore, our observational indices are divided into two types: 1) primary observation indices, i.e., changes in insulin and oral hypoglycemic drug use compared with those before microbiota transplantation, glycemic control, insulin resistance, and whether autoantibodies associated with autoimmune T1DM turn negative; and 2) secondary observation indices, by metagenomic analysis of the fecal microecological changes of the patients, fluctuations in inflammatory factors (blood routine, white blood cells, sedimentation, C-reactive protein, calcitoninogen), and linking the serological changes and fecal microbiota changes of the patients to each other. The study procedure is described below.

Note: Research ethics number: LHLL2021001, Ethics Committee of Longhu People’s Hospital Shantou, China.

Clinical Registration Number: ChiCTR2100045789, Chinese Clinical Trail Registry: http://www.chictr.org.cn/showprojen.aspx?proj=125179.


Recruitment criteria for study subjects

Recruitment parameters for patients followed the 2019 World Health Organization (WHO) diagnostic criteria for type 1 glucose (T1DM). The inclusion and exclusion criteria are shown in Table 1.


Table 1 | Inclusion and Exclusion criteria for subjects.



Based on the above recruitment criteria, two patients, designated patient 1 (P1) and patient 2 (P2), were included in this study.

Patient 1 was a 15-year-old male, with a height of 1.55 m, a weight of 37 kg, and a body mass index (BMI) of 15.4 kg/m2, who had been diagnosed with T1DM for more than 1 year. Prior to FMT, the patient required insulin in combination with oral hypoglycemic agents for glycemic control. Under pharmacological treatment, FBG and 2HPG were moderately controlled with a small fluctuation range. The first FMT for this patient was performed by transnasal fecal tube injection of 200 ml of precisely matched bacteriological solution provided by the South China Bacterial Bank, while the second and third FMTs were subsequently performed at the sixth and eighth week after the first transplantation by oral administration of bacteriological solution capsules. Several serum and fecal samples were collected, and a 30-week clinical follow-up was performed.

Patient 2 was a 12-year-old male patient diagnosed with T1DM for 1 year. He was 1.51 m tall, weighed 31 kg, and had a BMI of 13.8 kg/m2. We performed two fecal microbiota transplants in the form of oral liquid capsules on 29 July 29 and 2 August 2021, during which multiple serum and stool samples were collected from the patient and a 10-week clinical follow-up was performed. Prior to the microbiota transplantation, the blood glucose of the patient was controlled with insulin and oral hypoglycemic agents, with FBG fluctuating from 7 to 8 mmol/L and 2 HPG fluctuating from 12 to 21 mmol/L. The usual self-life management of the patient was poor, with a wide range of blood glucose fluctuations.



Fecal donor recruitment, randomization, and FMT procedures

Healthy individuals after a comprehensive screening (20) were accepted as donors for fecal microbiota transplantation, and patients meeting the inclusion criteria were designated as recipients. Subjects received the same diet and exercise controls. The dietary principles of both diabetic patients were low salt, low fat, and light during the transplantation period. The two patients followed the guidelines of waiting for 1 h to exercise after meals, with an exercise time of 30 min a day and regular exercise and daily activities for five days a week. Diabetes-related indicators and inflammatory factors were recorded and evaluated before starting treatment (see Table 1). In a study of FMT for intestinal inflammatory diseases (10, 21, 22), it was found that FMT at weeks 1, 6, and 8 could significantly improve the composition of intestinal microbiota, endoscopic disease severity index, and inflammatory index, and frequent intensive regimens were effective (23, 24). Therefore, we chose to give patients three rounds of transplantation at the time points of day 1, week 6, and week 8. Among the two patients included in our study, one patient completed the transplantation at all-time points, and the other patient only completed one round of flora transplantation because of the problem of compatibility. Patient 1 received three fecal microbiota transplants on day 1, week 6, and week 8 of the experiment by one nasal fecal tube injection and two oral capsules, respectively. Patient 2 received two fecal microbiota transplants by oral capsules on days 1 and 4 of the experiment. Both patients were evaluated by collecting stool specimens after each microbiota transplant.



Clinical indicators and relevant laboratory methods applied

Blood (5 ml) was drawn from the elbow vein of the subject before treatment and at the corresponding clinical node after each fecal microbiota transplant treatment in the early morning on an empty stomach, and the samples were collected and centrifuged at 3,000 rpm, and the serum was separated. Fasting glucose (FBG), 2-hour postprandial glucose (2HPG), 2-hour postprandial insulin (2INS), fasting insulin (FINS), fasting C-peptide (FCP), 2-hour postprandial C-peptide (2HCP), white blood cell (WBC), blood sedimentation (ESR), C-reactive protein (CRP), calcitoninogen (PCT), biochemical index, and steady-state model, which included insulin resistance index (Homa IR) and islet cell function index (HOMA-HBCI), where Homa IR = (FINS × FPG)/22.5 and HOMA-HBCI = 20 × FINS/(FPG − 3.5)), glycated hemoglobin was measured by ELISA. Data are expressed as mean values ± standard deviation. Unpaired Student’s t-test for categorical variables was applied for comparison between before and after FMT. Results with a two-tailed p-value of <0.05 were considered significant. IBM SPSS Statistics 25 was used for clinical index analyses.

Simultaneously, stool specimens were collected at different time points after each microbiota transplantation treatment. Then the stool specimens were stored in a microbiota stabilizer, EffcGut (25) until DNA extraction. Fecal genomic DNA was extracted using the QIAamp Fast DNA Stool Mini Kit (Qiagen, CA, USA). DNA samples were fragmented to an insert size of 400 bp for library preparation and sequenced by Illumina Nova seq with PE 150 reagents. Raw reads were detected as having good sequencing quality by FastQC (http://www.bioinformatics.bbsrc.ac.uk/projects/fastqc/) with default parameters. Then reads were trimmed to filter the sequencing adapter, low-quality reads, and the human genome (based on reference hg18) using Trimmomatic and Bowtie2 with default parameters (26, 27).The microbial taxonomic composition at genus, species, and strain levels was processed using default parameters (25). The metagenome sequencing was used to: 1) compare and analyze the alpha diversity (including the abundance (ACE, Chao1, and observed species), diversity (Shannon index and Simpson index), homogeneity (J), and beta diversity of the fecal microbiota of each patient before and after transplantation, the latter transplantation compared with the previous transplantation, and the later long clinical follow-up; 2) compare and analyze the microbiota with the same trend at the species and genus levels for both patients after fecal microbiota transplantation; and 3) make an analysis of blood glucose related indexes and fecal microbiota correlation at the species and genus levels. These analyses were performed using R v3.4.1 (28) and the main R packages were ggplot2 (v3.3.5) (29) and vegan (2.5–7) (30).




Results


Adjustment of drug regimen and changes in serum indices before and after transplantation in two patients

Patient 1: During the transplantation process and the later clinical follow-up, our observation indicators were annotated as follows:

Adjustment of medication regimen. Within one week after the completion of the first FMT, the patient had stopped taking insulin as well as oral hypoglycemic drugs, and no additional hypoglycemic drugs were added during the subsequent FMT and clinical follow-up. Until the end of the follow-up period, the FBG and 2HPG of the patient did not fluctuate significantly and were not significantly different from those under insulin control before transplantation, so FMT brought beneficial changes to the patient (Figure 1).




Figure 1 | Changes in blood glucose before and after transplantation in Patients 1 (A) and 2 (B). FBG, fasting blood glucose; 2HPG, 2-hour postprandial blood glucose; HbA1c, glycated hemoglobin; FCP, fasting C-peptide; 2HCP, 2-hour postprandial C-peptide; FINS, fasting insulin; 2INS, 2-hour postprandial insulin; Homa-IR, insulin resistance index; HOMA, islet cell function index. The horizontal coordinates in the figure indicate the different time points before and after transplantation. The vertical coordinates are the corresponding values of glucose-related clinical indicators at different time points.



Blood glucose-related indices. As shown in Figure 1, the FBG and 2HPG of the patient had a large decrease after the first FMT and after each subsequent FMT. After each FMT, FBG and 2HPG decreased, though the decrease was smaller than the first one. Three days after each transplant, the trend of blood glucose fluctuation gradually stabilized, and based on the discontinuation of hypoglycemic drugs, the overall blood glucose of the patient showed a trend of first decrease and then stable change. As shown in Table 2 (Patient 1 blood glucose index), the FBG of the patient after treatment (6.77 ± 0.44 mmol/L) was lower than that before treatment (7.01 ± 1.08 mmol/L), p = 0.056, though this was not statistically significant. However, the 2HPG of the patient was significantly lower after treatment (7.82 ± 0.65 mmol/L after compared to 10.77 ± 1.35 mmol/L before), p = 0.076, though this was not statistically significant. Given that the patient discontinued all hypoglycemic agents, including insulin, after the fecal microbiota transplants, FMT was beneficial to the patient. The glycosylated hemoglobin of the patient decreased to a certain extent after each transplantation, and after about 2 weeks after the completion of all transplants, the glycosylated hemoglobin increased slightly and then stabilized, but the overall level still showed a decreasing trend (Table 2). The mean glycated hemoglobin was significantly better controlled in the patient after transplantation (Table 2). As seen in Figure 1, the C-peptide and insulin secretion levels of the patients showed a decreasing trend after each transplantation, while C-peptide and insulin levels showed an increasing trend about 3 months after the completion of transplantation. Homa-β had a substantial decrease after the first transplantation, which was mainly caused by the discontinuation of exogenous insulin. In the later clinical follow-up, there was a small increase in Homa-β, indicating an upward trend in the own islet secretion function of the patient. Homa-IR decreased substantially to normal (<1) after the first transplantation, and then fluctuated within a small range, but at the follow-up of the 30th week, Homa-IR had increased again to >1. The C-peptide, insulin secretion index, and Homa-IR in the patient were reduced after transplantation compared with those before transplantation (Table 2). This was mainly due to the presence of a large amount of exogenous insulin in the body of the patient before FMT interfered with the before-and-after comparison of these clinical indicators. There is no washout period in this study because insulin withdrawal in type 1 diabetes will lead to a significant increase in blood glucose and may lead to diabetic ketosis or even diabetic ketoacidosis. The patient was observed after FMT and discontinuation of exogenous insulin treatment. The Homa-IR, the index of insulin resistance, was calculated. We found that the value of Homa-IR fluctuated within the normal range (0.75 ± 0.24, <1) after transplantation, and that the insulin resistance of this patient improved obviously, though this was not statistically significant.


Table 2 | Mean values of blood glucose and insulin indexes plus or minus standard deviation at each time point before and after treatment of Patients 1 and 2.



Inflammatory indexes. Before FMT, the inflammatory indices such as CRP, WBC, and ESR of the patient were within the normal range, while calcitonin indices were outside the normal range (Figure 2). Some studies have found that inflammatory responses unrelated to infection exist in type 1 diabetic patients, which may be due to an autoimmune disorder (15). After the initial transplantation, the leukocytes in the patient showed an acute increase to 21.2 × 109/L on the first day after transplantation (Table 2), and then decreased to normal after 2 days, while the rest of the inflammatory indices did not change. We considered that the rise of leukocyte indices might be related to the immune response triggered by the initial exposure to the transplanted microbiota in the body of the patient. Likely, the immune system of the patient had already adapted to the implantation of foreign microbiota, and this finding was beneficial for the progress of microbiota transplantation treatment. In the biochemical indices of the patient, these values always fluctuated within the normal range (Figure 3). The biochemical indices of the patient were normal before and after the treatment. These findings suggest that fecal microbiota transplants will not adversely affect the liver and kidneys of the patient.




Figure 2 | Changes in inflammatory indexes in patients before and after transplantation in Patients 1 (A) and 2 (B). hs-CRP, C-reactive protein; leukocyte, white blood cells; sedimentation, blood sedimentation; Procalcitonin, calcitonin.






Figure 3 | Changes in biochemical parameters before and after transplantation in Patients 1 (A) and 2 (B). The horizontal coordinates in the graph indicate the different time points before and after the transplantation of the patient. The verticalcoordinates are the corresponding values of biochemical related indexes at different time points.



Patient 2: Our observation indices were as follows:

Adjustment of medication. After the first FMT, the patient stopped the use of insulin and only took the oral hypoglycemic drug Repaglinide ligliptin. In the later clinical follow-up, the patient did not use insulin again, and the use of hypoglycemic drugs was as before.

Glycemic indices. The FBG of the patient fluctuated from 8 to 8 mmol/L and 2HPG fluctuated from 12 to 21 mmol/L (Figure 1). The FBG of the patient decreased after each transplant, with a larger decrease after the first transplant, and it rose again 1–2 weeks after completing the transplant, and then maintained at the impaired fasting glucose level (6–7 mmol/L) fluctuation, compared with the better improvement of the 2HPG of the patient (Figure 1). In contrast, the 2HPG of this patient improved, with some decrease in 2HPG after each transplantation and small fluctuations in 2HPG within the normal range after completion of transplantation and during the later clinical follow-up. As shown in Table 2, the post-treatment fasting glucose value (6.08 ± 1.08 mmol/L) of the patient was significantly lower than the pre-treatment fasting glucose value (7.47 ± 0.31 mmol/L) (p = 0.16). The post-treatment 2-hour postprandial glucose (7.90 ± 1.71 mmol/L) of the patient was also significantly lower than the pre-treatment 2-hour postprandial glucose (16.89 ± 3.96 mmol/L). As shown in Figure 1, the glycosylated hemoglobin of the patient decreased slightly after each transplantation and remained stable after the completion of transplantation. The glycosylated hemoglobin level after fecal microbiota transplants (6.55 ± 0.07%) of the patient was not significantly different from before fecal microbiota transplants (6.63 ± 0.04%). The C-peptide of the patient decreased after both transplants, and after a large increase, FCP remained basically stable, while 2HCP fluctuated in a wide range. The insulin index of the patient had a large decrease after the first fecal microbiota transplant. The change was related to the discontinuation of insulin, and then fluctuated at a lower level. In the later clinical follow-up, FINS and 2IS had a small upward trend. Homa-β decreased significantly after the first microbiota transplantation and remained stable afterwards. Homa-IR also decreased after the first microbiota transplantation and remained normal afterwards (0.97 ± 0.26), suggesting that the insulin resistance of this patient was greatly improved (Table 2).

Inflammatory indices: the inflammatory indices of the patient, such as C-reactive protein, blood leukocytes, and sedimentation, were within normal limits (Figure 2). As in the previous experimental cases, on the first day after the first transplantation, the patient showed an abnormal increase in leukocytes that was not accompanied by an increase in other inflammatory indices, and after 2 days the leukocyte index decreased to normal, and after the second fecal microbiota transplantation there was no abnormal increase in leukocytes. This phenomenon is consistent with our previous conjecture that the initial input of transplanted microbiota induces a transient inflammatory reaction in the patient, who will adapt to the transplanted microbiota and the inflammatory index will gradually decrease to normal. The subsequent transplantation of microbiota did increase the inflammatory index of the patient.

Biochemical indices: The biochemical indices of the patient before and after treatment were both normal (Figure 3), which suggested that the microbiota transplantation did not have adverse effects on the liver, kidneys, and other organs of the patient. In addition to this, both patients had no adverse effects after FMT.

The clinical outcomes of the two patients after transplantation showed that both patients had fair glycemic control during transplantation and later clinical follow-up based on discontinuation of all hypoglycemic agents and discontinuation of insulin, respectively, which indicates the effectiveness of FMT on glycemic control in T1DM and that this effectiveness can be maintained, which is consistent with the study by Mokhtari et al. (18); patients with T1DM who underwent fecal microbiota transplants effectively prolonged the function of residual beta cells. FMT significantly improved insulin resistance in both patients, which provides strong evidence for us to conduct more fecal microbiota transplants for T1DM in the future. The postprandial glucose fluctuation range of Patient 1 was smaller, and the improvement of insulin resistance was more obvious, which may be caused by the following reasons: 1) Patient 1 had more transplants than Patient 2, and the interval was longer, so the multiple transplants with a slightly longer interval may have a “strengthening” effect in improving blood glucose; 2) Patient 1 usually had better personal dietary management than Patient 2.



Analysis of gut microbiota in two patients after transplantation

The altered microbial diversity of patients 1 and 2 is shown in Figure 4. Then, alpha-diversity analysis was used to analyze the complexity of microbial community composition within the samples, including the richness (ACE, Chao1, and observed species), diversity (Shannon and Simpson), and evenness (J) of the microbial community within the sample. The ACE, Chao1, observed species, Shannon and Simpson, and J indices of the fecal microbiota of Patient 2 showed an increasing trend after both transplants and stabilized at 16 days after transplantation, as shown in Figure 4.




Figure 4 | Changes in microbial diversity after transplantation in Patient 1 (A) and 2 (B), including: Observe, Shannon, and Evenness index.



The change in microbial diversity in patient 1 and patient 2 is shown in Figure 4. The ACE, Chao1, and observed species indices showed increasing and stabilizing trends. The Shannon and Simpson and J indices fluctuated after the first transplant, but also showed an increasing and stabilizing trend after the second and third transplant. The overall microbial structure changed after FMT and tended to stabilize over time (Figure 5 and Figure S1). Diversity improved with the first, second, and third transplants.




Figure 5 | Changes in overall microbial composition of Patient 1 (A) and Patient 2 (B) after each transplant, measured by Bray–Curtis distance.



By high-throughput sequencing, we identified microbes that changed consistently after the transplantation of Patients 1 and 2. Both species level and genus level were included. At the species level (Figure 6), the bacteria that increased in both patients after transplantation were Alistipes sp. Marseille-P5997, Bacteroides cellulosilyticus, A. finegoldii, A. shahii, B. caccae, B. thetaiotaomicron, Blautia sp. SC05B48, and Lachnospiraceae bacterium GAM79. The genera (Figure 7) that both increased after transplantation were Butyricimonas, Alistipes, and Parabacteroides, and those that both decreased were Escherichia and Odoribacter.




Figure 6 | Patients 1 (A) and 2 (B) transplanted with consistent changes in microbial species level.






Figure 7 | Patients with consistent changes in genus level after transplantation in Patient 1 (A) and Patient 2 (B).



Additionally, we performed correlation analysis between characteristic bacteria and clinical indicators at the genus level and species level. The correlation analysis of blood glucose related indicators and fecal microbiota at the genus level is shown in Figure 8-1. It can be found that the genera with a significant negative correlation with HOMA-beta are Faecalibacterium and Butyricimonas. Homa-IR was significantly negatively correlated with Butyricimonas and Phascolarctobacterium. 2HCP is significantly positively correlated with Streptococcus and Blautia. 2HCP was significantly negatively correlated with Phascolarctobacterium and Paraprevotella. Fasting C-peptide and Streptococcus were significantly positively correlated.




Figure 8-1 | Correlation analysis of clinical indicators and genus level difference bacteria after transplantation in Patients 1 and 2 *P-value <0.05.



The correlation analysis of blood glucose related indexes and fecal microbiota at the species level is shown in Figure 8-2, and it can be found that HOMA-beta and L. bacterium GAM79 and B. caeccae were positively correlated, while B. salanitronis and F. prausnitzii were negatively correlated. The bacteria that showed a significant positive correlation with Homa-IR were B. ovatus. L. bacterium GAM79 and 2INS showed a significant positive correlation. L. bacterium GAM79, Ruminococcus. gnavus, L. bacterium Choco8, A. shahii, and B. ovatus were significantly positively correlated with 2HCP. P. succinatutens, P. faecium, and 2HCP were significantly negatively correlated. L. bacterium GAM79, Clostridium boleae, and B. caccae were significantly and negatively correlated with FBG. The correlation analysis between other clinical indicators and fecal microbiota was positive for A. finegoldii and ALP, total bile acid, and cystatin.




Figure 8-2 | Correlation analysis of clinical indicators and species level difference bacteria after transplantation in Patients 1 and 2 *P-value <0.05, **P-value <0.01.



The correlation analysis of clinical indicators and microbiota at genus and species levels indicates that improvement of clinical indicators is associated with altered microbiota diversity.




Discussion

T1DM is a metabolic disease characterized by insulin deficiency and disorders of glucose metabolism caused by autoimmune-mediated selective islet beta cell damage (34). The association between gut microbiota and autoimmune diseases is well known. Disruption of the microbiome microbiota balance can induce autoimmune diseases in people with certain genetic backgrounds and environmental factors (31). Many studies have found that dysbiosis is also involved in the pathogenesis of T1DM. In a Chinese study, children with T1 diabetes had a lower abundance of microbiota in stool samples compared to healthy controls, particularly the newly isolated gram-positive and butyric acid-producing anaerobic bacterium Inestinimonas (3). In contrast, increased glaucoma was found in these patients. In addition, early supplementation with probiotics has been shown to reduce the risk of islet autoimmunity in children at higher genetic risk for T1DM in a multicenter prospective cohort study (32). This means that the pathogenesis and development of T1D is driven by a combination of genetic susceptibility and environmental factors. The gut microbiota is one of the potential environmental influences involved in the pathophysiological processes of T1DM. Gut microbes mediate the development of diabetes by altering fecal permeability and modulating fecal immunity and molecular mimicry. Compared to healthy individuals, T1DM patients have significantly altered gut microbial diversity, taxonomic profile, and functional potential (33). In this study, two patients with T1DM received FMT, and after transplantation, both patients showed significant improvement in diabetes-related clinical indicators. Moreover, the diversity and abundance of fecal microbiota increased relative to pre-transplantation. Our study also found a correlation between the improvement of some clinical indicators of diabetes and the change of fecal microbiota and identified the genus and species of bacteria that increased and decreased in both patients after transplantation. Identification of the role of related bacteria in the development and progression of T1DM can help guide early screening and diagnosis of T1DM and the development of new target therapies for T1DM based on microecological reconstruction.

The bacteria that were reduced at the species level in both patients after transplantation were A. caccae, B. thetaiotaomicron, Blautia sp. SC05B48, and L. bacterium GAM79. A. caccae is a ubiquitous anaerobic bacterium. Patients with diabetes are at an increased risk of anaerobic infections. It has been shown that L. bacterium is a fecal conditionally pathogenic bacterium. It can invade the fecal mucosa and cause various abdominal septic infections (35). This study shows that the abundance of A. caccae can be reduced by microbiota transplantation, which also reduces the risk of A. caccae infection in diabetic patients. B. thetaiotaomicron has two key aspects in the human fecal symbiotic lifestyle: extensive digestion of dietary fiber and host polysaccharides, and dynamic cell surface structures that promote interaction and evasion with the host immune system. Like other fermentative gut microbes, polymorphic bacilli produce host-absorbable short chains and organic acids, both of which can be absorbed by the host as energy sources. The L. bacterium GAM79 decreased after transplantation in the two patients. The presence of lipopolysaccharide (LPS) in the intestine is necessary but insufficient for developing diabetes. The investigators hypothesized that Trichophyton spp. AJ110941 may help translocate LPS from the intestine to the bloodstream. It has been proposed that colonization by AJ110941 may promote pancreatic β-cell dysfunction. Trichoderma spp. AJ110941 may be one of the important pathogenic bacteria of T2DM (36). Our study concluded that the abundance of L. bacterium GAM79 could be reduced by fecal microbiota transplants, which may be beneficial for diabetic patients.

The genera with increased levels in both patients after transplantation were Vibrio butyricus, Vibrio aliens, and Vibrio parapsilosis. V. butyric acid generates butyric acid by fermenting glucose, which in turn synthesizes short-chain fatty acids that protect the structural and functional stability of the fecal epithelium and act to inhibit inflammation. The presence of V. butyricus spp. enhances fecal immunity, broad-spectrum antibacterial, and inhibits inflammatory responses. Children with T1DM have dysbiosis of the fecal microbiota and small numbers of P. aeruginosa and V. butyricus spp (37). In the case report of this study, both type 1 diabetic patients had an increase in V. butyricus spp. after microbiota transplantation, which is beneficial for type 1 diabetic patients. Both patients also had an increase in V. paraquaternus spp. after transplantation. Previously, the metabolic benefit of Dictyostelium paraquaternum was observed in reducing hyperglycemia in T1DM rats (38, 39). Treatment with Dictyostelium parapsilosis significantly altered the bile acid profile with elevated lithodeoxycholic acid and ursodeoxycholic acid and increased fecal succinic acid levels. In vitro cultures of D. parapsilosis have demonstrated its ability to convert bile acids and produce succinate. Supplementation with succinate in the diet reduced hyperglycemia in obese mice by activating fecal gluconeogenesis. This means that the bacterium reduces obesity and metabolic disorders by producing succinate and secondary bile acids (40). The genera in which the levels in both patients decreased after transplantation are Ehrlichia spp. and Bacillus odoratum spp. Ehrlichia spp. are pathogenic under normal microbiota conditions and can also cause many diseases, with urinary tract infections being common (12). It has been shown that butyric acid producing bacteria and Streptococcus spp. are reduced and Escherichia spp. are increased in diabetic patients compared with healthy individuals (14). Ehrlichia spp. can be reduced by microbiota transplantation. This is beneficial for patients with T1DM.

After transplantation, changes were found in common between the microbiota of both patients. Both showed an increase in B. cellulosilyticus, which plays an important role in the degradation of cellulose in the human microbiota. Cellulose is a polysaccharide found in plant cell walls and is an important source of dietary fiber. Most bacteria in the human gut are unable to break down plant polysaccharides, and B. cellulosilyticus is the star strain for studying the molecular mechanisms of metabolism of complex plant polysaccharides in fecal microbes (41). Of note, the risk of diabetes is two times higher in people who eat high-fat, low-fiber foods than in people who eat low-fat, high-fiber foods, which shows that dietary fiber has a significant effect on reducing the risk of diabetes (42). The abundance of A. shahil also increased in both patients after transplantation. In patients with compensated and decompensated cirrhosis, fresh fecal metagenome sequences from healthy volunteers and patients with various types of cirrhosis showed a reduction in A. shahil compared to healthy controls (43). In addition, a study conducted in mice with liver cancer showed the potential anti-inflammatory effects of healthy probiotics. Alistipes increased in abundance in the group of mice receiving probiotics. At the species level, A. shahil was shown to be significantly increased in the probiotic group. Some investigators speculate that A. shahil plays a role in tumor suppression like that seen in cancer immunotherapy (44). D. parapsilosis was elevated in both patients after transplantation, the correlation analysis (11) showed that Parabacteroides distasonis is one of the core species in the human microbiota, and its level significantly negatively correlates with disease states such as obesity, NAFLD, and diabetes, suggesting that it may play a positive regulatory role in glucolipid metabolism. This is consistent with our study, in which D. parapsilosis was elevated in both patients with improved glycemic control after transplantation.

We found a significant negative correlation between the genus Faecalibacterium and HOMA-beta. A. muciniphila and Prevotella faecalis have also been shown to be highly abundant human fecal microorganisms in healthy individuals, and reduced levels are associated with inflammation and altered metabolic processes involved in the development of type 2 diabetes (45). Studies have shown that impaired fecal barrier structure and function has been shown to be an important pathogenic process in type 2 diabetes mellitus (T2DM). Dysbiosis of the fecal microbiota is a key factor in the pathogenesis of the diabetic gut. As the most abundant commensal bacterium, Pseudomonas putida plays an important role in fecal homeostasis. One metabolite of P. procumbens has anti-inflammatory potential in inflammatory bowel disease (46). Butyricimonas and Phascolarctobacterium were significantly negatively correlated with Homa-IR. Children with multiple islet autoantibodies (≥−2IA) or T1DM had dysbiosis of the fecal microbiota with lower amounts of Prevotella and Butyricimonas (39). Although this is an interesting finding, studies and trials with more patients are needed to verify the results and to further understand the correlation and potential mechanism for the improvement of insulin resistance by gut microbes.

2HCP was significantly and positively correlated with Streptococcus and Blautia and was significantly and negatively correlated with Phascolarctobacterium. Fasting C-peptide and Streptococcus were significantly positively correlated. A randomized, placebo-controlled trial of T1DM children aged 8 to 17 years treated with placebo or oligofructose-enriched probiotic inulin for 12 weeks revealed a significant increase in C-peptide levels in the group receiving probiotics at 3 months, accompanied by a mild improvement in fecal permeability. The relative abundance of Bifidobacteria in the probiotic group was significantly increased at 3 months but was no longer present after 3 months of washing. At 3 months, the relative abundance of Streptococcus, Roseburia inulinivorans, Terrisporobacter, and Faecalitalea in the placebo group compared to the probiotic group was significantly higher (47). This is in agreement with our study that the 2-hour postprandial C-peptide (2HCP) is significantly and positively correlated with Streptococcus.

One study reported a significant reduction of Blautia in colorectal cancer patients, with potential probiotic properties such as preventing inflammation and promoting SCFA production and other activities to maintain fecal homeostasis (34). Blautia spp. may optimize glycemic control by increasing tolerance to metformin in diabetic patients (48). AMC showed better results in improving homeostatic model assessment of HOMA-IR and plasma triglycerides and had a greater effect on the gut microbiota, and growing evidence suggests that the composition of the gut microbiota is highly correlated with the outcome of T2DM treatment (49).

It has been demonstrated that ferulose oligosaccharides (FOs) and ferulic acid (FA) reduced symptoms in diabetic rats, and that oligofructose reduced the abundance of Lactobacillus, Rumex, Oscillibacter, and Desulfovibrio, while increasing the abundance of Acinetobacter, Phascolarctobacterium, and Turicibacter (50). A. muciniphila and F. prausnitzii are highly abundant human fecal microorganisms in healthy individuals, and their reduced levels are associated with inflammation and altered metabolic processes, which are involved in the development of type 2 diabetes. A. muciniphila and F. prausnitzii are human fecal microorganisms highly abundant in healthy individuals, and their reduced levels are associated with inflammation and alterations in metabolic processes (45).

Metformin can alter the fecal microbiota in type 2 diabetic patients, and gastrofecal tolerance to metformin may be mediated by fecal microbiota. It was found that the early tolerant group had higher abundance of Subdoligranulum, while the intolerant group had higher levels of Subdoligranulum. The tolerant group exhibited an enrichment of Megalomonas and Streptococcus shortum, with lower levels of ruminal cocci in the longitudinal analysis. At the endpoint, the relative abundance of Megamonas, Megamonas rupellensis, and Phascolarctobacterium spp. R. gnavus was higher in the tolerant group than in the non-tolerant group. The numbers of Megamonas, M. rupellensis, Phascolarctobacterium spp., and R. gnavus were higher in the non-tolerant group. PICRUST analysis showed that the activity of the amino acid biosynthesis pathway was lower, and the sugar degradation pathway was higher in the non-tolerant group (48).

It has also been shown that anthocyanin extracts can modulate fecal microbiota in diabetic patients with a decreased abundance of R. torques and L. bacterium 4_1_37FAA and increased oxidative phosphorylation (51).

There has been a dramatic increase in the incidence of the autoimmune disease T1DM. In addition to genetic susceptibility, environmental factors are thought to play a key role in this increase. As with other autoimmune diseases, the gut microbiome is thought to play a potential role in controlling the progression to T1DM in children at a high genetic risk. It has been shown that a high abundance group consisting of two closely related species (B. dorei and B. vulgatus) was significantly higher in the T1DM group than in the control group. Metagenomic sequencing of samples with higher abundance in the B. dorei/Common Bacteroides group prior to seroconversion and longer 16S rRNA sequencing identified this group as B. dorei. The abundance of B. dorei peaked at 7.6 months, 8 months before the appearance of the first islet autoantibodies, suggesting that early changes in the microbiome may help predict T1D autoimmunity in genetically susceptible infants. The reason for the increased abundance of B. dorei in these cases is unclear, but its timing seems to coincide with the introduction of solid foods (52). This is consistent with the results obtained in our study. B. dorei showed a significant positive correlation with FBG.

In conclusion, we found some characteristic bacteria related to clinical indicators of diabetes. More in-depth studies will need to be performed.



Prospect

Current research on FMT has allowed us to recognize the important role of fecal microbiota in the development of the disease, providing new hope and research basis for the treatment of autoimmune T1DM mellitus by this modality. Many selective and divergent issues still need to be resolved.


About microbiota donor

Whether the microbiota donor should be selected from healthy allogeneic or autologous donors. autoimmune T1DM mellitus by this modality. Many selective and divergent issues still need to be resolved:



	Whether the microbiota donor should be selected fromhealthy allogeneic or autologous donors.

	Whether the duration of stool storage affects the therapeutic efficacy of microbiota transplantation.

	Whether the stool should be stored frozen or freeze-dried.

	Whether patients need to adjust their own fecal microbiota by adjusting their diet, taking probiotics, prebiotics, or antibiotics before the treatment.

	Which part of the intestine should be selected for microbiota injection in order to cause less immune rejection and other side effects and better adjust the autoimmune status of the patient. This is necessary because, compared with the small intestine, the large intestine has a larger variety and number of microbes, and the metabolic and immune reactions that occur are more frequent.

	Whether the length of the treatment period, the number of treatments, and the interval between treatments are closely related to the clinical cure rate of patients.




At present, when patients receive fecal microbiota, the donors are mostly randomized, and the transplantation process is not precise, resulting in low efficiency of microbiota transplantation therapy. Moreover, some microbiota that are not in the demand range of the patient also enter the intestine of the transplanted person, and these microbes may be harmful. The input of harmful bacteria also increases the permeability of the intestine, which requires us to combine the detection of fecal microbiota of patients, analyze the differences in the composition of their fecal microbiota and normal human fecal microbiota, as well as their fecal specific microbiota, beneficial bacteria, harmful bacteria, and other factors.

In addition, there are still many technical problems that need to be solved in FMT. During the process of microbiota transplantation, accidental infections and the input of harmful bacteria will instead reduce the permeability of the fecal mucosa, trigger autoimmune reactions, and accelerate the progress of autoimmune T1DM. It is necessary to improve the development of microbiota injection technology.




Conclusion

Additionally, although the pre-transplant baseline glycemia was not identical between the two patients, we showed that the number of transplants and the time interval between transplants impacted clinical outcomes; multiple transplants at slightly longer intervals may have an “enhancing” effect in terms of glycemic improvement.
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Indicator

Exophthalmos decreased by at least 2 mm.

The width of palpebral fissure is reduced by at least 3 mm.

Gorman diplopia score decreased by at least one grade.

Any two items in the NOSPECS score reduced by two grades.

Visual acuity improved, and visual acuity chart improved by at least one line.

a s~ 0N =

Sl: patients whose CAS score is reduced by at least two points and finally less than 3
points, and who have more than two of the above indicators at the same time; NSI:
patients with CAS reduced by less than 2 points or still in active stage; patients with no
more than 2 improvements in the above indicators.
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Group 6 week(n) 9 week(n) 12 week(n)

Control 2 2 3
Sensitive 6 3 3
Insensitive 7 1 9
Total 15 16 15
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Group FBG 2HPG HbAlc ECP 2HCP FINS 2INS Homa-IR Homa-§

mmol/L mmol/L (%) ng/ml ng/ml mU/L mU/L
Patientl 7.01 £ 1.08 10.77 £ 1.35 7.53 £0.08 0.49 +0.04 0.91 +0.07 579 £0.26 11.22 £ 0.33 1.81 £0.35 35.03 + 8.5
Before fmt
Patientl 6.77 £ 0.44 7.82 £ 0.65 6.89 +0.29 0.40 + 0.07 0.79 £ 0.13 248 £0.71 6.62 + 1.58 0.75 £ 0.24 1522 + 4.11
After fmt
P value 0.056 0.076 0.126 0.173 0.118 0.137 0.006 0.49 0.115
Patient2 747 £0.31 16.89 + 3.96 6.63 +0.04 0.56 +0.03 115 + 0.04 1233 £0.31 21.64 £ 0.71 4.09 £ 0.2 62.45 + 4.77
Before fmt
Patient2 6.08 + 1.08 7.90 £ 1.71 6.55 £ 0.07 0.43 £0.13 0.99 +0.27 3.39 £1.88 8.27 £2.70 0.97 £ 0.26 44.02 + 64.24
After fmt
P-value 0.16 0.026 0.72 0.052 0.047 0.246 0.184 0.619 0.195

FBG, Fasting glucose; 2HPG, 2-hour postprandial glucose; HbAlc, glycated hemoglobin; FCP, fasting C-peptide; 2HCP, 2-hour postprandial C-peptide; FINS, fasting insulin; 2INS, 2-hour
postprandial insulin; pre-treatment and post-treatment values were given as mean plus or minus standard deviation; statistical analysis was performed using independent sample t-test with
a significance level of p <0.05.
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CHR GENE NSAMP NVARIANT MAC NIMP START END P-CALPHA P-BURDEN P-SKATO

17 CDc27 74 138 1969 8168 45198086 45266730 0.011191 0.007543 0.007507

NSAMP, Number of samples; “NVARIANT”, variance.
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Progect Before immunotherapy After immunotherapy P

SLE Activity Score 10.944+2.127 4.778+1.833 P<0.001
CDC27 expression 0.3081+0.217 0.8966+0.981 0.023
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miRNA miRNA trends Targets Targets trends Location Functions Reference

miR-671 1 CDR1 1 PBMC / (40)

miR-7 s mTOR 1

miR-29b 1 HBP1 1 (73)

miR-99b-5p 1 mTOR 1 T cell inhibiting T cell apoptosis, promoting T (41)

RASSF4 cell proliferation, inflammatory response

miR-146a 7 FAF1 1 inhibiting apoptosis of T cell and RA progression (35)
IL-17 1 (74)

miR-26 1 / / 7 (35, 74)

miR-let-7a ili

miR-146b 1

miR-150 i

miR-155 T

miR-363 1

miR-498 1

miR-233 1 (75)

miR-20a ¥ NLRP3 1 Treg/Th17 the imbalance of Th17/Treg cells (77)

miR-21 1 STAT3 T (78, 79)

STATS 1

miR-210 1 HIF-1 1 (80)

miR-146a 1 STAT1 1 Treg cells / (38)

miR-6089 1 TLR4 T macrophages exacerbates inflammation via the @81)

TLR4/NF-xB pathway
miR-33 1l NLRP3 1 / (82)

caspase-1
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Official Full Name

Orosomucoid 1
Haptoglobin

Transthyretin

C-Reactive Protein
Ceruloplasmin

Fibrinogen Beta Chain
Fibronectin 1
Apolipoprotein A2
Apolipoprotein C3

Serum Amyloid A1
Fibrinogen Gamma Chain
Fibrinogen Alpha Chain
Serpin Family A Member 1
Apolipoprotein B
Apolipoprotein E

Von Willebrand Factor
Alpha-2-Macroglobulin
Apolipoprotein A4

GC Vitamin D Binding Protein
Histidine Rich Glycoprotein
Complement C4A
Complement C4B
Apolipoprotein A1
Lipoprotein A

Symbol

ORM1
HP
TTR
CRP
cP
FGB
FN1
APOA2
APOC3
SAA1
FGG
FGA
SERPINA1
APOB
APOE
VWF
A2M
APOA4
GC
HRG
C4A
C4B
APOA1
LPA

Total articles

3,701
96,237
13,127
108,764
139,242

1,920
25,482

3,263

1,230

986
2,003
3,606

909

20,164
33,596
24,468

5,871

1,212
158,417

1,662

1,813

3,242
15,810
16,481

RA related articles

5
996
61
6,602
649
15
14

52
1
10

93
53
129
113

727

44
79
60
114

PMID

26915672
4029960
30308029
33385862
26001728
26059223
34764682
12027302
31966382
17985847
32408093
22267327
34712268
29997113
32253242
25973092
10343526
2547867
3874814
29246875
22076784
22076784
31694752
19369465

Level Change

Up
Up
Down
Up
Up
Up
Down
Down
Down
Up
Up
Up
Up
Down
Up
Up
Up
Up
Down
Up
Down
Up
Down
Up
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Characteristic DAP DIP P Method
n 4 it

SJC, n (%) 0.051 Chisq.test
0 0 (0%) 3(21.4%)

1 0 (0%) 2 (14.3%)

3 2 (14.3%) 0(0%)

4 2 (14.3%) 0 (0%)

5 0 (0%) 2 (14.3%)

T 1(7.1%) 0(0%)

13 1(7.1%) 0(0%)

28 1(7.1%) 0(0%)

TJC, n (%) 0.051 Chisq.test
0 0 (0%) 5 (35.7%)

1 0(0%) 1(7.1%)

3 0 (0%) 1(7.1%)

5 3(21.4%) 0(0%)

6 1(7.1%) 0(0%)

7 1(7.1%) 0(0%)

10 1(7.1%) 0(0%)

28 1(7.1%) 0(0%)

PGA, n (%) 0.051 Chisg.test
0.5 0 (0%) 1(7.1%)

1 0 (0%) 3 (21.4%)

3 0 (0%) 2(14.3%)

4 0 (0%) 1(7.1%)

5 4(28.6%) 0(0%)

6 1(7.1%) 0(0%)

7 1(7.1%) 0(0%)

9 1(7.1%) 0(0%)

MDGA, n (%) 0.215 Chisq.test
0.5 0 (0%) 1(7.1%)

1 0(0%) 2 (14.3%)

3 1(7.1%) 3(21.4%)

4 2 (14.3%) 1(7.1%)

5 1(7.1%) 0(0%)

6 2 (14.3%) 0 (0%)

9 1(7.1%) 0(0%)

GH, n (%) 0.101 Chisg.test
5 0 (0%) 1(7.1%)

10 0 (0%) 3(21.4%)

30 0 (0%) 2(14.3%)

40 1(7.1%) 1(7.1%)

50 3 (21.4%) 0 (0%)

60 1(7.1%) 0(0%)

70 1(7.1%) 0(0%)

90 1(7.1%) 0(0%)

ESR, mean + SD 46.57 + 15.87 25.71 £ 1258 0.018 T test
CRP, median (IQR) 9.32 (6.47, 46.8) 3.53 (2,01, 13.59) 0.097 Wilcoxon
CDAI, median (IQR) 22 (18.5, 28.5) 7(25,9.5) 0.002 Wilcoxon
SDAI, median (IQR) 22.93 (18.97, 34.95) 7.14 (2,76, 11.36) 0.002 Wilcoxon
DAS28-ESR, median (IQR) 5.5 (5.16, 5.88) 2.33 (2.27, 3.66) < 0.001 Wilcoxon
DAS28-CRP, mean + SD 516+ 1.41 24 +1 0.001 T test
VAS, median (IQR) 5(4.5,5.5) 0.5(0.5, 1.5) 0.004 Wilcoxon
HAQ, median (IQR) 0.5 (0.32, 3.56) 0(0, 1.13 0.195 Wilcoxon

According to different data types, different analysis methods are selected.
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Official full name Symbol Total articles RA-related articles PMID Level change
Orosomucoid 1 ORM1 3,555 1 26915672 Up
Haptoglobin HP 10,621 80 4029960 Up
Transthyretin TTR 10,864 13 30308029 Down
C-reactive protein CRP 91,372 3,271 33385862 Up
Ceruloplasmin CcP 9,192 55 26001728 Up
Fibrinogen beta chain FGB 1,453 6 26059223 Up
Fibronectin 1 FN1 24,248 2 34764682 Down
Apolipoprotein A2 APOA2 3,112 NA NA Down
Apolipoprotein C3 APOC3 734 NA NA Down
Serum amyloid A1 SAA1 444 2 17985847 Up
Fibrinogen gamma chain FGG 441 NA NA Up
Fibrinogen alpha chain FGA 2,059 NA NA Up
Serpin family A member 1 SERPINA1 4 2 34712268 Up
Apolipoprotein B APOB 15,507 36 29997113 Down
Apolipoprotein E APOE 27,281 15 32253242 Up
Von Willebrand factor VWF 22,539 43 25973092 Up
Alpha-2-macroglobulin A2M 5,061 43 10343526 Up
Apolipoprotein A4 APOA4 1,046 NA NA Up
GC vitamin D-binding protein GC 849 1 3874814 Down
Histidine-rich glycoprotein HRG 876 1 29246875 Up
Complement C4A C4A 1,224 3 22076784 Down
Complement C4B C4B 2,889 1 22076784 Up
Apolipoprotein A1 APOA1 14,603 15 31694752 Down
Lipoprotein A LPA 9,068 37 19369465 Up

NA, not available.
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