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    Background

 Osteoarthritis (OA) is a common chronic joint disease, but the association between molecular and cellular events and the pathogenic process of OA remains unclear.

 
  Objective

 The study aimed to identify key molecular and cellular events in the processes of immune infiltration of the synovium in OA and to provide potential diagnostic and therapeutic targets.

 
  Methods

 To identify the common differential expression genes and function analysis in OA, we compared the expression between normal and OA samples and analyzed the protein–protein interaction (PPI). Additionally, immune infiltration analysis was used to explore the differences in common immune cell types, and Gene Set Variation Analysis (GSVA) analysis was applied to analyze the status of pathways between OA and normal groups. Furthermore, the optimal diagnostic biomarkers for OA were identified by least absolute shrinkage and selection operator (LASSO) models. Finally, the key role of biomarkers in OA synovitis microenvironment was discussed through single cell and Scissor analysis.

 
  Results

 A total of 172 DEGs (differentially expressed genes) associated with osteoarticular synovitis were identified, and these genes mainly enriched eight functional categories. In addition, immune infiltration analysis found that four immune cell types, including Macrophage, B cell memory, B cell, and Mast cell were significantly correlated with OA, and LASSO analysis showed that Macrophage were the best diagnostic biomarkers of immune infiltration in OA. Furthermore, using scRNA-seq dataset, we also analyzed the cell communication patterns of Macrophage in the OA synovial inflammatory microenvironment and found that CCL, MIF, and TNF signaling pathways were the mainly cellular communication pathways. Finally, Scissor analysis identified a population of M2-like Macrophages with high expression of CD163 and LYVE1, which has strong anti-inflammatory ability and showed that the TNF gene may play an important role in the synovial microenvironment of OA.

 
  Conclusion

 Overall, Macrophage is the best diagnostic marker of immune infiltration in osteoarticular synovitis, and it can communicate with other cells mainly through CCL, TNF, and MIF signaling pathways in microenvironment. In addition, TNF gene may play an important role in the development of synovitis.
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   1. Introduction.

 Osteoarthritis (OA) is the most common chronic joint disease in the population, which is mainly characterized by cartilage degeneration, subchondral bone sclerosis, osteophyte formation, and synovial joint inflammation. It can significantly alter joint dysfunction in older people and lead to disability and reduced the quality of life (1, 2). Furthermore, approximately 9.6% of men and 18% of women over 60 years old experience OA; 25% of patients with OA are regarded to have disabilities according to the World Health Organization (3). In addition, OA creates a tremendous socioeconomic burden worldwide (4). Although there have been multiple studies on OA formation and progression, the pathogenic mechanism and etiology of OA remains unclear. Therefore, it is necessary to understand the molecular mechanisms of OA and find effective therapeutic strategies to combat it.

 Recently, more research has shown that the synovium plays an important role in the progression of OA (5, 6). Moreover, synovitis is associated with the pathological changes of OA, causing bone and cartilage destruction (4, 7). Molecular biology research has revealed that genes, such as long noncoding RNAs (lncRNAs) and mRNA dysregulation in the synovial tissue, are often associated with the pathogenic process of OA (8). Leukocyte infiltration, Th1/Th2-type cytokines, cellulose deposition, M2 Macrophages, and immune infiltration in the synovium were reported to play a critical role in synovitis and cartilage destruction in patients with OA (9–17). In particular, synovitis and inflammation have become research hot spots (18). The transcriptome data and integrated bioinformatics methods are widely used to study human diseases, revealing the cellular and molecular events of the diseases (19, 20). Previous integrated bioinformatical studies have revealed several hub genes, including SCRG1, ZNF160, and CCL5, that participate in the inflammation of OA, which may act as therapeutic targets for OA therapy. In addition, the cellular interaction relationships including NK cells, Macrophages, T cells, dendritic cell (DC), and key biological signaling pathways, including inflammation, immune response, osteoclast differentiation, bone development, and so on, have been clearly identified and validated (21–23). Notedly, fibroblast-like synoviocytes played an inflammatory role through TNF signaling pathway, and this pathway was considered as the key pathway involved in OA inflammatory development by targeting SELE, SERPINE1, and NFKBIA (24, 25). Overall, these findings provide a novel insight into the inflammatory factors or inflammatory signal molecules of OA. However, only few bioinformatics studies have solely focused on OA and its correlation with the molecular and cellular events of inflammation in synovial microenvironment.

 To describe the cellular and molecular events and reveal its inflammatory pathogenesis for OA, we attempted to find differentially expressed genes (DEGs) in OA by obtaining GEO datasets for integrated bioinformatics analysis. Then, we performed function enrichment analysis and PPI interaction analysis to reveal the key pathways of the DEGs. In addition, the LASSO method was used to identify the key cell immune subpopulations and key biomarkers for OA. Furthermore, single-cell dataset was performed to explore the relationship between different cells in the microenvironment and identify the possible key regulatory molecules. Thus, the study aimed to identify the key molecular and cellular events involved and the immune infiltration mechanism within the synovium of patients with OA, to provide potential novel diagnostic and therapeutic targets.

 
  2. Materials and methods.

  2.1. Data information.

 Datasets GSE1919, GSE55235, and GSE32317 are based on the Affymetrix Human Genome Array Platform. Dataset GSE46750 is based on the Illumima Genome Human Array Platform. Datasets GSE89408 and GSE143514 are based on the Illumima HiSeq RNA sequencing data, and dataset GSE152805 is based on single-cell 10× Genomics sequencing. All of the above datasets were downloaded from Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/). All selected datasets were genome-wide expression data of OA or normal synovial membrane tissues. We obtained 5, 10, 10, and 12 normal samples and 5, 10, 9, and 12 OA samples from the array datasets GSE1919, GSE55235, GSE32317, and GSE55235, respectively. In addition, 28 and 3 normal samples and 22 and 5 OA samples were obtained from the RNA-seq dataset GSE89408 and GSE143514, and obtained 3 synovial samples of OA in GSE152805 single-cell dataset. The normal samples used in the study were all synovial tissues from accidental death or post-traumatic joint surgery or traumatic joint injury, whereas the samples in the OA group were synovial samples from patients diagnosed with synovitis who underwent open synovectomy and joint replacement. In total, we obtained 37 normal healthy samples and 36 OA patient samples from Array dataset, 31 normal healthy samples and 27 OA patient samples from RNA-seq dataset, and 3 OA patient samples from 10× Genomics single-cell sequencing dataset ( Table S1 ). Due to the different sources of all datasets, we only used the Array dataset for the differential expression analysis of the most critical biomarkers in OA, used the RNA-seq dataset to verify whether the expression of biomarkers, and used the single cell sequencing dataset for further explore the conclusion based on the results.

 
  2.2. Differentially expressed and gene screening.

 The limma package (RMA algorithm) was used to identify the DEGs between OA synovial membranes and normal group in the GSE1919 and GSE55235 datasets (26). After background adjustment, normalization, and summarization preprocessing, P-values were corrected using the Benjamini and Hochberg test. GSE89408 and GSE143514 gene raw read counts were used to perform different analyses with DESeq2 (v 1.18.1), which is an R package that uses a model based on the negative binomial distribution and which is widely used for RNA-seq data differential analysis (27). All the analyses results were performed by volcano plot and heatmap plot to show the DEGs, respectively. DEGs with P < 0.05 and |Log2FC| > 1 were considered as the cutoff criterion.

 
  2.3. Gene ontology and pathway enrichment analysis.

 To investigate key mRNAs at molecular and functional levels, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway functional enrichment analyses were performed. GO analysis includes the categories of molecular function (MF), cellular component (CC), and biological processes (BPs). Pathway analysis is the process of classifying large genes by the KEGG database. In our study, GOseq uses the Wallenius non-central hypergeometric distribution model, thus taking gene length bias into account; therefore, it was used to perform GO enrichment analysis and GO terms with P < 0.05 were considered significantly enriched (28). KEGG Orthology Based Annotation System (KOBAS 3.0) (29) software was used to test statistical enrichment in KEGG pathways, and pathways with a Fisher’s exact test P < 0.05 were considered significantly enriched. Furthermore, we used the Metascape database (https://metascape.org/) to perform functional cluster enrichment analysis, which is a web-based portal designed to provide a comprehensive gene list annotation and analysis resource for experimental biologists. Enriched GO-based bp terms and pathways were considered statistically significant when the P-value was < 0.05.

 
  2.4. Protein–protein interaction network construction and module analysis.

 Search Tool for the Retrieval of Interacting Genes/Proteins (STRING) (https://string-db.org/cgi/input.pl) (30) is an online database resource search tool for the retrieval of interacting genes, which includes both physical and functional associations. In this paper, the cytoscape StringsApp package was used to construct a PPI network of candidate DEGs gene sets, with a confidence score > 0.4 defined as significant (31). Then, the cytoscape ClueGo package was used to analyze the GO and KEGG pathway networks (32). Based on the above data, Molecular Complex Detection (MCODE) (33) with default parameter was then performed to monitor PPI network modules (34), then the core module analyzed by Mcode was subset to new network, and the functionally similar network genes were retained use cytoscape software version 3.7.2.

 
  2.5. Immune infiltration analysis.

 To determine OA synovial membrane invasion from the expression data, normalized gene expression data were used to infer the relative proportions of several types of infiltrating immune cells using xcell method as previously reported (35). Briefly, gene expression datasets were prepared using standard annotation files and analyzed using the immunedeconv package, then the xcell algorithm was used and the proportion of 36 immune cells was obtained; the relative percentage of each kind of immune cell in the samples was calculated. To determine the difference in immune cell infiltration between the synovial tissue of patients with OA and that of normal controls, all immune cell proportions and ratios were compared using a non-parametric Wilcoxon rank-sum test with Benjamini–Hochberg corrections and a P-value threshold of 0.05 for statistical significance. The “ggplot2” package was used to draw box diagrams to visualize the differences in immune cell infiltration.

 
  2.6. Gene set variation enrichment analysis.

 Gene set variation analysis (GSVA) can estimate the relative enrichment of a gene set of interest over a sample population, which is used to observe the variation in the activity of a set of genes corresponding to a particular biological condition [21]. As previously described, The GSVA R package (36) was used to analyze the pathway pattern between two different groups of samples, and the defined gene set was downloaded from the Molecular Signature Database, named “h.all.v7.2.symbols.gmt” (37). In the calculation, we used “zscore” algorithm to give comprehensive score to each sample and used this enrichment score to represent the degree of absolute enrichment of a gene set pathway, while different scores also represent the activity degree of the pathway in the sample. We demonstrated the correlation between pathway GSVA score and immune cells infiltration by calculating the Person correlation coefficients, which was performed by using R software. The P-value obtained from the correlation calculations was corrected by using the BH method, and the degree of correlations was shown by heat maps, where the asterisks were used to indicate the significance.

 
  2.7. Identification of the optimal diagnostic gene biomarkers.

 To identify the optimal diagnostic gene biomarkers for OA inflammatory response, we utilized the immune infiltrating cell types as the biomarkers to distinguish and predict the OA inflammatory responses. Six differential percentages of immune infiltrating cells obtained from all the Array datasets were used as feature variables to construct the least absolute shrinkage and selection operator (LASSO) model. The LASSO algorithm analysis was performed by the “glmnet” R software package to achieve our datasets shrinkage. The optimal value of λ was determined by 10-fold cross-validation, and the significant variables were selected for risk prediction. The coefficient risk score of each sample was obtained according to the proportion of each significant difference immune-infiltrating cell types and their correlation. The coefficient risk score was calculated as follows: ∑n = n (Coef.k×Cell.Prop.k), the Cell.Prop.k was the relative infiltrating proportion of the infiltrating cell type of the patient k, and Coef.k indicated the LASSO coefficient of gene k. Then, all the samples were randomly assigned to the training set (70%) and test set (30%). To evaluate the diagnostic ability of the above models, we evaluated the receiver operating characteristic (ROC) area under the curve (AUC), sensitivity, and specificity. In addition, two OA synovial inflammation RNA-seq datasets from GEO database were used to validate the sensitivity and specificity of our model.

 
  2.8. Single-cell analysis.

 The single-cell raw matrix data from GSE152805 were downloaded and imported using the Seurat package for the R programming language (version 4.0.2) (38), and the data were filtered to include genes detected in > 5 cells. Cells with 1,000–5,000 detected genes and a unique molecular identifier of 1,000–30,000 and < 10% being mitochondrial genes. After data normalization, highly variable genes of the single cells were identified after controlling for the relationship between average expression and dispersion. Then, principal components analysis (PCA) was performed, and significant principle components (PCs) were used as input for graph-based clustering. For clustering, we used the function FindClusters that implement the shared nearest neighbor (SNN) modularity optimization-based clustering algorithm on 40 PCA components with resolutions of 0.1–0.5, leading to five to 12 clusters. To be consistent with the originally published paper, a resolution of 0.2 was chosen for further analysis. To identify DEGs in each cell cluster, we applied the FindAllMarkers function with the default parameter from Seurat set to the normalized gene expression data. Subsequently, the cell clusters were identified by the cell type–specific biomarkers and the proportions of the cell types were calculated and evaluated.

 
  2.9. Cell communications analysis and Ligand–Receptor expression.

 Cell–cell communications (CCCs) analysis assesses the expression of ligand-receptor pairs across cell types and revealed specific signaling pathways (39). CellChat analysis uses to reveal the afferent communication patterns and secreted efferent communication patterns of each cell type, to quantify the cell communication Pathway, and to calculate the information flow of each signal Pathway or the communication probability across the cells (40). In our study, CellChat was used to analyze the OA synovial arthritis single-cell samples. By performing CellChat, we calculated and analyzed the intercellular communication of cell types of each OA inflammation sample by importing the standardized scRNA-seq data after Seurat package analysis into CellChat. Among the OA inflammation cellular communication signals, we conducted in-depth analysis on Macrophage to reveal the communication strength of each signaling pathway and selected the specific communication pathways for further visualization. The default parameters of the software were used in our CellChat analyses, and P ≤ 0.05 was used as a threshold for significance, and Adjust P-value was corrected using the BH method.

 
  2.10. Scissor analysis.

 Single-Cell Identification of Subpopulations with bulk Sample phenotype correlation (Scissor) uses leveraging bulk data and phenotype information to identify biologically and clinically relevant cell subsets form single-cell RNA sequencing, with high accuracy and specificity (41). The cell types form single-cell sequencing samples typically includes normal cells and the disease associated cells. Scissor uses to identify the disease relevant subpopulations form single-cell sequencing samples by using phenotype optimization correlation matrix regression model. In our study, we used the normalized expression profile date of GSE1919 and GSE55235 combined with the clinical phenotype information of each sample in the dataset to analyze the Seurat expression profile of single-cell sequencing dataset GSE152805, and to obtain the most relevant OA synovial inflammation cell types form single-cell sequencing samples. Then, we used Scissor analysis to further explore and analyze the mechanism of disease pathogenesis and progression for Macrophage types. In Scissor analysis results, the background cells and negatively correlated with the phenotype cells were combined and labeled Scissor0; the cell types positively correlated with the phenotype were labeled Scissor1.

 
  2.11. Statistical analysis.

 All the statistical analyses were executed with R software (version 4.0.2). P values were calculated using Wilcox.test, and P < 0.05 was considered statistically significant.

 
 
  3. Results.

  3.1. Identification of DEGs and functional analysis shows OA involved in immune-related pathways.

 To identify the DEGs in OA, we downloaded the OA synovial and normal tissue gene expression profiles of GSE1919 and GSE55235 from the GEO database. Then, we performed differential analysis, a total of 563 DEGs were identified in GSE1919 dataset, including 293 upregulated and 270 downregulated DEGs, and a total of 505 DEGs were identified in GSE55235 dataset, including 287 upregulated and 218 downregulated DEGs ( Figures 1A, B ). Heatmap Cluster analysis showed the potential top 15 DEGs between the OA synovial membrane and normal tissues ( Figures 1C, D ). To identify the common DEGs of important inflammatory regulatory factors in OA synovitis, we performed an integrative analysis, a total of 172 common DEGs overlapped in GSE1919 and GSE55235 datasets ( Figure 1E ;  Table S2 ). Furthermore, we analyzed the functions by using GO and KEGG enrichment analysis with the 172 common DEGs. GO enrichment analysis results showed that the 172 common DEGs were mainly involved in the BPs of immune system, inflammatory and development, the cellular sub-localization of extracellular matrix and vesicles, and the molecular biological functions of oxidase, receptor activity, and kinase binding ( Supplementary Figures S1A–C ). KEGG enrichment analysis results showed that the 172 common DEGs were mainly involved in immune-related pathways, such as Rheumatoid arthritis, NF-kappaB signaling pathway, Osteoclast differentiation, TNF signaling pathway, MAPK signaling pathway, and T-cell receptor signaling pathway ( Figure 1F ;  Table S3 ). These results were consistent with the previous results and demonstrated the aberrant expression of these genes lead to inflammatory response in OA synovitis tissues (42, 43). On the other hands, we performed the clustering analysis of these DEGs for further clearly specific function using Metascape software ( Figure 1G ), and these genes mainly enriched and clustered eight categories, including inflammatory response, regulation of MAPK cascade, Pid Atf2 pathway, Thythmic process, response to extracellular stimulus, response to corticosteroid, multicellular organism process, and response to growth factor.

  

 Figure 1 | Differential expression genes and function analysis. (A, B) Volcano plot showed DEGs in GSE1919 and GSE55235, respectively. Blue dots represented downregulated DEGs, red dots represented upregulated DEGs, and gray dots represented the rest of the no significant differential expressed. (C, D) Heatmap showed the potential top 15 DEGs in GSE1919 and GSE55235, respectively. (E) Venn plot of the common DEGs of GSE1919 and GSE55235. (F) KEGG function analysis of the 172 DEGs. (G) Metascape function clustering analysis of the 172 DEGs. 

 

 
  3.2. Protein–protein interaction analysis of the differentially expressed genes.

 To further improve the biological understanding of the correlation between the 172 DEGs gene functions identified in our study, we next conducted the protein–protein interaction analysis. The STRING database was used to identify the PPI network analysis of 172 DEGs; the results showed that 121 nodes and 257 edges were established in the constructed PPI network and visualized by Cytoscape software ( Figure 2A ). These genes include HSPA1A (HSP70), HSPA6, MYC, IL6, MMP9, CXCL8, LCK, and VCAM1, which are most edges connections, suggesting that these genes may act as an important role in the process of inflammation. To further identify the subnetworks of involved inflammatory reaction, we firstly performed functional analysis to further identify the pathways and functions of this PPI network by using ClueGo tool. Then, MCODE tool was used for further subnetwork analysis. Finally, eight key subnetworks (subnet1-8) with independent biological functions were extracted ( Figure 2B ). Subnet-1 was mainly involved in stress-apoptotic signaling pathways such as cellular response of unfolded proteins; subnet-2 was involved in proliferation signaling pathways such as the regulation of cell cycle and kinase activity, FOXO-mediated transcription of cell cycle genes; subnet-3 was mainly involved in inflammation-related signaling pathways such as chemokine signaling pathway; subnet-4 was involved in metabolic pathways such as Tyrosine metabolism; subnet-5 was involved in immune system signaling; and subnet-6 and 7 were involved in signal translocation and inflammation during biofilm processes, whereas subnet-8 was involved in antigen presentation and T-cell differentiation, respectively. All the related genes and their functions in the above subnetworks are closely related to the occurrence of inflammatory response and the regulation of microenvironment, which may play an important role in the progression of OA disease.

  

 Figure 2 | Protein–protein interactions analysis with 172 DEGs. (A) PPI network of DEGs. Red nodes labeled subNet1 indicate the cellular response of unfolded proteins; blue nodes labeled subNet2 indicate the regulation of cell cycle and kinase activity; green nodes labeled subnet3 indicate chemokine signaling pathway; purple nodes labeled subnet4 indicate the metabolic processes; orange nodes labeled subnet5 indicate the immune system signaling; yellow nodes and brown nodes labeled subnet6 and subnet7 indicate the signal translocation and inflammation during biofilm processes; pink nodes labeled subnet8 indicate antigen the presentation and T-cell differentiation. (B) The key subnetworks screened after using MCODE tool. 

 

 
  3.3. Identification of immune cell types with OA based on immune infiltration.

 The above results indicate that immune inflammatory associated pathways played the vital roles in the pathological process of OA. It is speculated that OA specimen may induce different immune inflammatory cell infiltration under the inflammatory environment. To confirm our hypothesis, we used the xcell method to calculate the Immunes Score in GSE1919 and GSE55235 datasets, and the results showed that Immunes Score in OA samples were consistently significantly higher than those of normal tissues in these two datasets ( Figure 3A ). Then, xcell method was also used to perform the immune infiltration analysis in the two datasets, and the results showed that the proportion of immune infiltration of six immune cell types, including B cell, B cell memory, B cell naïve, B cell plasma, Macrophage, Mast cell, were consistently significantly changed and increased in OA inflammatory samples ( Figures 3B, C ).

  

 Figure 3 | Immune infiltration analysis and GSVA analysis of OA samples. (A) The immune score of GSE55235 and GSE1919 samples. (B) The immune infiltration of GSE55235 samples. (C) The immune infiltration of GSE1919 samples. (D) The immune score of GSE32317 and GSE46750 samples. (E) The immune infiltration of GSE32317 samples. (F) The immune infiltration of GSE46750 samples. (G) Heatmap of Hallmark gsva scores in GSE55235 dataset. (H) Heatmap of Hallmark gsva scores in GSE1919 dataset. (I) Heatmap showed that the spearman correlation between gsva score and immune infiltration cell types. (*p < 0.05; **p < 0.01). 

 

 To obtain optimal immune infiltration for OA, we also downloaded the GSE32317 and GSE46750 datasets from GEO database to perform the xcell method to calculate the Immune score and immuno-infiltration analysis. The results showed that the Immune score were consistently significantly increased in OA inflammatory samples with the two GEO datasets above ( Figure 3D ). Additionally, the immune infiltration of five immune cell types in GSE32317, including B cell, B cell memory, B cell plasma, Macrophage, Mast cell, were significantly increased in OA inflammatory samples ( Figure 3E ), and only three immune cell types in GSE46750, including B cell plasma, Macrophage, Mast cell were significantly increased ( Figure 3F ). Overall, the immune infiltration analysis results showed that the six immune infiltration cells were largely related to the synovial microenvironment of OA.

 In additional, the pathway activity of Hallmark gene sets in GSE55235 and GSE1919 datasets was further obtained by gsva enrichment analysis, which contains immunological, inflammatory, metabolic, anaerobic, and other related pathways, reflecting the degree of variation of each sample. The results showed that the inflammatory, metabolic, and stress-related pathways such as interferon, complement, UV, and metabolism were activated, whereas the anaerobic, apoptosis, and immune-related signaling pathways such as hypoxia, apoptosis, and TGFβ were inhibited in OA inflammatory samples ( Figures 3G, H ). All the consistently significantly changed signaling pathways were indicated that the inflammatory microenvironment may be closely associate to OA synovial inflammatory. Finally, the Spearman correlation analysis was used to evaluate the immune infiltrating cell types of microenvironment changes between immune infiltration Score and GSVA Score. The correlation results between six immune inflammatory cell types and related hallmark pathways were indicated that B cell memory, Macrophage, B cell, and Mast cell were significantly correlated with the GSEA pathway ( Figure 3I ). It is speculated that the infiltration degree of the four cell types may be related to the occurrence and development of inflammation in OA. These findings indicated that the infiltration degree of these four cell types might synergize with the occurrence and development of inflammation in OA.

 
  3.4. Identification of the optimal diagnostic immune infiltration biomarkers for OA.

 The results of immune infiltration analysis showed that the above six cell types had significant changes in OA, and we speculated that the immune infiltrative cell types could be used as biomarkers for the diagnosis and prediction for OA. To identify the optimal diagnostic cell type biomarkers for OA, we utilized the infiltration score in six immune infiltrating cells obtained from all the Array datasets to construct LASSO model ( Figure 4A ). We first conducted the LASSO regression analysis for all the samples in GSE1919, GSE55235, GSE32317, and GSE46750 datasets, which were randomly assigned to the training set (70%) and test set (30%). Then, the optimal lambda value was determined by 10-fold cross-validation. The lambda Min value was 0.1614863 ( Figure 4B ). Two significant infiltrating cell types included B cell and Macrophage cell, which were further used as a diagnostic marker, and the formula was calculated as follows: ∑n = B cell*30.8727 + Macrophage*24.1093. Additionally, the ROC curve analysis showed that the AUC value of the Lasso model of two infiltrating cells on the training set was 0.8995 (95% CI: 79.03–96.48%), and the AUC value on the test set was 0.8262 (95% CI: 60.81–92.86%), the model had high AUC values in both the training set and the test set, indicating that the model has a robust sensitivity and specificity, and could be used as an optimal biomarker of OA ( Figure 4C ). On the other hand, two OA synovial inflammation RNA-seq datasets of GSE89408 and GSE143514 from GEO database were downloaded to validate and verify the above LASSO model, and further to evaluate the specificity, sensitivity, and accuracy of our model. The finally validated AUC value was 0.7575 (95% CI: 62.13–86.88%), which also had a high accuracy in predicting OA.

  

 Figure 4 | LASSO analysis for immune infiltration cell types. (A) CV statistical graph during the construction of the LASSO regression model, which shows that the minimum lambda at model construction is 0.1614863. (B) The model regression coefficient diagram shows the change trend of the coefficient corresponding to each immune infiltrating cells variable with the change of lambda value. (C) ROC curve predicts the identification effect of the above models in different datasets. The closer AUC value is to 1, the better of prediction effect on the model. The figure is shown that the AUC in the training set is 0.8995 and that, in the test, set is 0.8262, indicating that the model has a robust prediction accuracy. In the validation datasets, the AUC is 0.7575, which shows that the models constructed by the Macrophage and B cell can also have good accuracy in different types of datasets. (D, E) The immune score of GSE89408 and GSE143514 datasets. The figure shows that immune sore is significantly increased in the two datasets. (F, G) The immune infiltration analysis of six cell types in GSE89408 and GSE143514 datasets. 

 

 Additionally, we then used the xcell tool to perform the immune scoring and immune infiltration analysis of GSE89408 and GSE143514 datasets, and we found that the immune score of the OA synovial inflammatory was significantly higher than normal synovial tissue ( Figures 4D, E ). The immune infiltration of Macrophage in the two datasets were significantly increased in OA inflammatory samples, and the immune infiltration of B cell in GSE89408 was also significantly upregulated, whereas in GSE143514 was maintained a consistent upward trend but without significant change ( Figures 4F, G ). Combined with the above results obtained in our study, it was suggested that the two immune infiltrating cells (Macrophage and B cell) of LASSO models could be used as diagnostic biomarkers of OA, especially Macrophage.

 
  3.5. Cellular communication patterns of Macrophages in OA synovitis microenvironment.

 Previous immune infiltration and GSVA analysis showed that Macrophage was significantly upregulated and largely correlated to the signal pathways of microenvironment in the four GEO datasets and two RNA-seq GEO datasets of OA, so Macrophage may play an important role in OA synovial inflammation and may serve as key therapy target. To clarify the role of Macrophage in synovial inflammation of OA, we downloaded another single-cell sequencing dataset GSE152805, which included three OA synovial samples, to detailedly investigate the function and role of Macrophage. After downloading the expression matrix, three synovial samples were processed by quality filtering, PCA reduction and UMAP clustering, and finally obtained 10 cell types by cell identification ( Supplementary Figure S2A ). These cell types were defined as synovial subintimal fibroblasts (SSF) (CXCL12+), synovial intimal fibroblasts (SIF) (PRG4+), Macrophage (CD163+, LYVE1+), DC (FCER1A+, IL1R2+), endothelial cell (EC) (PLVAP+), smooth muscle cell (SMC) (RGS5+), Mast Cell (TPSAB1+), proliferating immune cell (ProIC) (CENPF+), T cell (CXCR4+), and B cell (MZB1+) ( Supplementary Figure S2E ). Subsequently, we evaluated the proportion of each subtype cells, and found that Macrophage accounted for 5.09–31.63% in the three samples ( Supplementary Figure S2B ). Based on the cell annotation, we identified the differently DEGs by each cluster and showed by Heatmap and dotplot ( Figures S2C, D ).

 To exploring detailed regulations of Macrophage in the development of inflammation in OA synovial microenvironment, CellChat analysis was performed to infer, visualize, and analyze inter-cellular communications form scRNA-seq data. Significant connections among 10 interacting immune cell types were identified. Notably, several cell types such as SIF, SSF, and ProIC were found to have more interacting cell communication pairs in the OA synovial microenvironment ( Figure 5A ). Importantly, CellChat also predicted that Macrophage had connection with the other immune cell types, with different cell communication pairs ( Figure 5B ). On the other hand, we also identify the cell communication patterns, including outgoing patterns and incoming patterns; the results showed that five incoming communication patterns were identified, and Macrophage communicate with other cell types in incoming signaling was dominated by pattern 2, which include signaling pathway such as CCL, MIF, IL1, CSF, Complement, and NPR2 whereas, in five outgoing signaling patterns, Macrophage communicate with other cell types was characterized by pattern 2, which include signaling pathway such as CCL, IL10, IL1, TNF, VISFATIN, COMPLEMENT, NPR2, and GALECTIN ( Figure 5C ). Furthermore, we detected the significant ligand-receptor pairs between Macrophage and the other cell types, which were further categorized into two communication patterns. The outgoing communication ligand-receptor pairs were characterized by CCL and TNF signaling pathway, whereas the incoming communication ligand-receptor pairs was characterized by CCL and MIF signaling pathway of ligand-receptor pairs ( Figure 5D ). To further investigate the above three signaling pathways (CCL, TNF, and MIF) in OA synovial microenvironment, we performed chord analysis of the three signaling pathways and found that CCL signaling pathway was mainly used by SMC and Macrophage cells for incoming and outgoing communication, TNF signaling pathway was mainly used by Macrophage and DC cells for outgoing communication, and MIF signaling pathway was mainly used by DC, ProIC, and Macrophage cells for incoming communication ( Figure 5E ). Finally, the communication intensity analysis could be also found that CCL signaling pathway was consistently used in incoming and outgoing communication, whereas TNF signaling pathway was mainly used in Outgoing communication and MIF signaling pathway was mainly used in Incoming communication ( Figure 5F ). These results showed that Macrophage mainly uses CCL, TNF, and MIF signaling pathways for cell communication in the OA synovial microenvironment.

  

 Figure 5 | Cellular communication of Macrophage in OA. (A) Circle plot of the significant connections among ten interacting immune cell types (Macrophage, DC, EC, SMC, Mast cell, SIF, SSF, ProIC, T cell, and B cell). Different colors represent different cell groups. (B) Circle plot of the significant connections of Macrophage with other cells. (C) Pattern recognition of the immune cell types; the graph shows the interpretation of intercellular communication networks by incoming and outcoming communication patterns. (D) Bubble plot of the ligand-receptor pairs in Macrophage cell types. Colors in the bubble plot are the proportional of the communication probability, where the blue and red colors correspond to the smallest and largest values. (E) Circular plots of the communication among the 10 immune cell subtypes according to the three major signaling pathways (CCL, TNF, and MIF). Different colors represent different immune cell types. (F) Cellular communication strength on a two-dimensional manifold according to incoming and outcoming communication patterns; each dot represents one cell type. (G, H) Communication probability by ligand-receptor pairs according to CCL, TNF, and MIF signaling pathway, each dot represents the communication network of one immune cell types. Line size is proportional to the overall communication probability. 

 

 Based on the above three signaling pathways (CCL, TNF, and MIF), we further analyzed the communication of ligand-receptor pairs. Notably, five ligand-receptor pairs including CCL3-CCR1, CCL3-CCR5, CCL3L1-CCR1, CCL3L3-CCR1, and CCL4-CCR5, were the dominant contributors to CCL signaling pathways, which has the strongest communication between macrophage and T cells, and this result suggested that Macrophage uses this signaling pathway to recruit T cells in the microenvironment to cope with the occurrence and development of inflammation ( Figure 5G ). TNF signaling pathways mainly consist of TNF-TNFRSF1A and TNF-TNFRSF1B ligand-receptor pairs, which was mainly used in Outgoing communication between Macrophage and ProIC/T Cells, and the result suggested that Macrophage also uses this signaling pathway to recruit immune cells in response to changes in the microenvironment ( Figure 5H ). Similarly, three ligand-receptor pairs of MIF signaling pathways included MIF-CD74-CD44, MIF-CD74-CXCR2, and MIF-CD74-CXCR4, which was the strongest communication between Macrophage and ProIC/DC, and this result suggested that the proliferative immune cells are responding to changes such as microenvironment inflammation ( Figure 5H ).

 Taken together, CellChat identify key features of Macrophage communications within the microenvironment of OA synovial inflammation and predict that CCL, MIF, and TNF signaling pathways are the mainly cellular communication pathways and Macrophage may be used as the future therapeutic target.

 
  3.6. Identifying M2-like macrophage related to anti-inflammation of OA.

 To utilize phenotype information of Array datasets, we performed Scissor to identify cell subpopulations in single-cell dataset that are most highly associated with the OA progression. These results indicated that the cells, which most relevant with OA synovial inflammatory were labeled as Scissor1, mainly distributed in SIF, Macrophage, and ProIC cell clusters ( Figure 6A ;  Supplementary Figure S2A ). In contrast with Scissor0 (background cells), the proportion of Scissor1 cell which identified in the three scRNA-seq samples were 2–6.5% ( Figure 6B ). Interestingly, 9.35% of Macrophage cells were identified to be most associated with the phenotype in OA.

  

 Figure 6 | Scissor identification results on Macrophage. (A) The UMAP visualization of scRNA-seq datasets, scisoor1 represents that cell identified to be positively associated with transcriptome synovial inflammation, scissor0 were the background cells. (B) The bar plot shows the proportion of scissor cells in the three scRNA-seq samples. (C) The volcano plot of differential gene expression in scissor1 Macrophages (M_Scissor1) versus scissor0 Macrophages (M_Scissor0). (D) The violin plots show the several significant upregulated genes (RNASE1, CQB, S100A9, LYZ, and CD163) in M_Scissor1 group. (E) GSVA enrichment analysis of the hallmarker signaling pathways in Macrophage scissor group. (F) The Box plot shows the significant signaling pathways in gsva analysis. (G) The TNF gene expression in Macrophage scissor group and specific express in M_Scissor1 group. (H) The violin plot showing TNF gene expression in each cell type. (I) The cell communication number in Macrophage scissor group cells. (J) TNF signaling pathway usage in each cell clusters. (K) The ligand-receptor pairs usage of TNF signaling pathway in each cell clusters. 

 

 To further understand the function of the Macrophages labeled with Scissor1 (M_Scissor1), we performed differentially expressed analysis between these cells and other Macrophage cells (M_Scissor0). As a result, 181 upregulated genes such as CD163, LYVE1, LYZ, S100A9, CD74, CD4, SEPP1, C1QB, and RNASE1 were significantly expressed in Scissor1 Macrophage group, whereas 287 downregulated genes such as MGP, CALD1, DCN, CLU, and SOX4 were significantly expressed in Scissor0 Macrophage group (|Foldchange|≥1.5) ( Figure 6C ). Several significant differently expressional genes were visualized by violin plot, which were confirmed the accuracy of these differently expressional genes ( Figure 6D ). Interestingly, we found LYVE1 and CD163 in the upregulated genes, which are also markers of M2 Macrophages, combined with the expression of CD163 and LYVE1 ( Supplementary Figure S2E ); we suggested that the identified Macrophages, which labeled scissor1, were a group of anti-inflammatory M2-like Macrophages. Next, we performed GSVA enrichment analysis in Scissor1 Macrophages and Scissor0 Macrophages to explore the activity of inflammation-related signaling pathways; the result found that multiple inflammation-related signaling pathways associated with Scissor1 Macrophages were in a low activity state, including signaling pathways that promote inflammation, such as TNF signaling, Inflammatory response, Hypoxia, Apoptosis, and Interferon pathways ( Figures 6E, F ). These results were consistent with our suggestions that Scissor1 Macrophages is a group of M2-like Macrophages with more anti-inflammatory ability.

 Combined with the results of cell communication and Scissor analysis, we hypothesized that TNF signaling pathway is a key signaling pathway for cell communication in OA synovial inflammatory microenvironment. To prove our hypothesis, we detect the TNF gene expression in each cell type and compared the expression of TNF gene between Macrophages which labeled M_Scissor1 and M_Scissor0; we found that TNF gene was specific express in Macrophages and significantly down-expression in Scissor1 Macrophages cells ( Figures 6G, H ). Similarly, we performed CellChat analysis and compared the cell communication ability between Scissor0 Macrophages and Scissor1 Macrophages, the result showed that the Scissor1 Macrophages cell communication number was lower than Scissor0 Macrophages ( Figure 6I ). Also, we analyzed the cell communication network of TNF pathway in each cell type; the result showed that there were low communication levels of TNF pathway in Scissor1 Macrophages, whereas there was a high level of cell communication of TNF pathway in Scissor0 Macrophages ( Figure 6J ), which was consistent with our speculation. The TNF pathway is a key active signaling pathway in OA synovial arthritis microenvironment. Finally, we analyzed ligand receptor use in the TNF pathway and found that all ligand receptor communication was highly used only in Scissor0 Macrophages, whereas Scissor1 Macrophages maintained a low level of communication ( Figure 6K ).

 Collectively, these results suggests that Macrophages are an important biomarker and be a potential therapeutic target in OA synovitis, in which TNF signaling pathways may play a critical role in the pathogenesis of OA.

 
 
  4. Discussion.

 OA is a progressive joint disease that is found worldwide; it influences the whole joint, including tissue such as cartilage, subchondral bone, and the synovium (44). Recent research has shown that synovitis is one of the most common characteristics of OA from the early stage to the late stage. This results in bone and cartilage damage through the formation of the inflammatory pannus; furthermore, it plays an important role in the progression and pathogenesis of OA (45, 46). Therefore, understanding the molecular mechanism of synovitis in OA is necessary. In this study, we first comprehensively analyzed two datasets, GSE1919 and GSE55235, from the NCBI-GEO database to identify DEGs in the synovium of OA, and we successfully identified 172 DEGs that were in both datasets. Then, we performed GO enrichment analysis, KEGG pathway analysis, and clustering analysis of the DEGs to investigate their associated biological functions.

 According to the GO analysis, the DEGs were mainly enriched regarding several BPs, especially immune system and inflammatory. It has been reported that the immune system process and inflammatory both play a role in OA development and progression, which is one of the key factors in the pathogenesis of OA (47, 48). Then, the enriched KEGG pathways of DEGs mainly consisted in immune-related pathways, such as TNF signaling pathway, NF-kappaB signaling pathway, MAPK signaling pathway, T-cell receptor signaling pathway. Additionally, we performed the clustering analysis of these DEGs genes for further clearly specific function, and these genes mainly enriched eight categories, including inflammatory response, regulation of MAPK cascade, PidAtf2 pathway, Thythmic process, response to extracellular stimulus, response to corticosteroid, multicellular organism process, and response to growth factor. Overall, the above results suggested that immune system and inflammatory was mainly involved in the pathophysiological processes of OA, which were consistent with previous OA studies (49–51). Previous studies have demonstrated that inflammatory reaction mediated pathophysiological processes occurring in OA, which has been proposed that targeting inflammatory could be a promising therapy (52–54).

 In the PPI network analysis, the DEGs were mainly enriched in the process of pathogenesis in OA, which were identified about eight key subnetworks with the hub genes HSPA1A(HSP70), HSPA6, MYC, IL6, MMP9, CXCL8, LCK, VCAM1, the enriched function such as cellular response of unfolded proteins, cell cycle and kinase activity, chemokine signaling pathway, metabolic processes, signal translocation and inflammation during biofilm processes, and antigen presentation and T-cell differentiation. As reported in OA, HSPA1A protected against OA by inhibiting chondrocyte apoptosis, which were specific upregulated by RNA-binding protein ZFP36L1 (55). The similar conclusions were drawn in a related study on the MYC, OA-related key genes and were identified and clinical validated in OA (56). Previous evidence showed that MMP9 and CXCL8 were the novel targets for OA immunotherapy and diagnosis in the underlying biological mechanisms of OA pathogenesis (57–59). CXCL8 was reported to be elevated in the serum and synovial fluids of patients with OA; moreover, it plays a pro-inflammatory role in chondrocytes in OA (60).

 Then, we performed Immune infiltration analysis on GSE55235, GSE1919, GSE32317, and GSE46750 datasets; the results showed that six immune-related cell types including B cell memory, Macrophage, B cell, B cell naïve, B cell plasma, and Mast cell were significantly correlated with the OA. These different immune cell types have been indicated that the immune infiltration degree might synergize with the occurrence and development of inflammation in OA (12, 61). Next, we considered that these immune cell types may be used as the optimal biomarkers of the diagnosis and prediction for OA. We further observed the percentages of immune infiltration of six immune cell types by LASSO analysis. Finally, we found that two immune infiltrating cells with Macrophage and B cell had significant changes and could be used as diagnostic biomarkers of OA, especially Macrophage. Recent studies have reported that Macrophage infiltration in the synovial tissue of OA is relatively high (62–64). Macrophage accumulation is the common features of OA, with different roles depending on their different phenotypes (13, 17, 65). Moreover, emerging reports reveal that pro-inflammatory (M1) Macrophage infiltration exacerbates the pathological process of OA (15). Transient receptor potential vanilloid 1 (TRPV1) could inhibit the M1 Macrophage polarization to attenuate the progression of OA by Ca2+/CaMKII/Nrf2 signaling pathway (66). Ziming Chen et al. showed activated mast cells were mainly associated with high immune cell infiltration in OA. Furthermore, they speculated that anti-inflammatory (M2) Macrophages in the synovium and mast cells in the subchondral bone may play an important role in the pathogenesis of OA (12, 14). The above evidence combined with these results show that Macrophage in the synovium may be highly related to the infiltration of OA. Even though Macrophage plays significant roles in OA, the phenotypes are attractive issues, and further studies should clarify the Macrophage phenotypes and mechanisms as the biomarkers in OA patients.

 Therefore, it is necessary to explore the specific mechanisms of Macrophage in the development of inflammation in OA synovial microenvironment. We used the CellChat tool to analyze the interaction between different cell types in the OA synovial microenvironment. The results showed that Macrophages had significant interactions with SIF, SSF, and ProIC cells. Three major signaling pathways including CCL (C-C motif Chemokine ligand), TNF-α (Tumor necrosis factor α), and MIF (Macrophage migration inhibitory factor) were the mainly signal pathway of Macrophage in OA synovial microenvironment. Among these, CCL signaling pathway is reported to perform a pleiotropic effect on multiple cell type–related OA aside from chemotaxis, with the most important chemokines such as CCL2, CCL3, CCL4, and CCL5 (67, 68). Moreover, the TNF signaling pathway serves an essential role in synovial fibroblasts in OA (51). JUN, a transcription factor, plays a significant role in the TNF signaling pathway (25, 69). Ming Liu found that MIF is a procytokine that mediates pleiotropic inflammatory effects in OA patients, reducing MIF mRNA and protein expression that could play a protective role in OA (70). Thus, these results, some of which were consistent with the previous studies, further suggest that Macrophage play a critical role in OA immune regulation and responses via cellular communications by the major signaling pathways.

 At last, we performed Scissor analysis, which uses single-cell dataset, to identify associated cells consistent with the OA phenotype and function, such as identifying a population cell with greater proinflammatory capacity in M1 macrophages. The result showed that the identified cells were mainly distributed in Macrophage, SIF, and ProIC cells. Interestingly, we found that a group of cells were also identified in macrophages, and this group of cells highly expressed biomarkers of M2 macrophages, such as CD163 and LYVE1, and we also found that these cells had anti-inflammatory ability, which was consistent with the function of M2 macrophages in OA synovitis. For example, Alpha defensin-1 promotes M2 Macrophage polarization, indirectly effect on chondrocytes to attenuate the severity of OA (71). Moreover, several phenotypes of M2-like Macrophages were identified depending on the differentiation signal known markers such as CD163, CD206, Arg1, and CCL22 (72). Finally, we explored the differences cell communication ability of these cells and found that the number of identified M2-like macrophages was slightly lower than other macrophages; however, the usage of TNF signaling pathway was significantly reduced. Combined with several reports that M2 Macrophage have the functions of promoting angiogenesis and tissue repair and TNF is a pro-inflammatory gene that specifically expressed in macrophages, we have a reason to believe that M2-like macrophages may be a candidate cell for future clinical treatment in OA, and TNF gene may be one of the key molecules.

 The lack of results from own samples and the absence of experimental validation is a major limitation of this study, and the differences among individuals in biological samples may also have some influence on the results. Although four microarray data, two RNA-seq data, and one single-cell data were used in our analysis to demonstrate our point, the combination of multiple data sets only can reduce the conclusion bias generated by a single data method. Expanding the sample size and obtaining clinical sample for biological verification and exploring the specific functions of macrophages can effectively prove our conclusion.

 In summary, our study combined integrated bioinformatics and machine learning methods to identify the immune regulation and immune infiltration during OA pathogenesis. The above results show that Macrophage could be a rational candidate cells for OA, and TNF gene may be a key molecule in the development of OA; however, the concrete mechanism should be elucidated in further studies.

 
  5. Conclusions.

 In this study, a total of 172 DEGs were identified in the OA synovium, and Macrophage infiltration could be a rational biomarker. In addition, TNF may be a key molecule. However, the key genes and related mechanisms involved in immune regulation and immune infiltration in the pathogenesis of OA need to be further studied, and the function of macrophages needs to be further explored.
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  Supplementary Figure 1 | GO functional analysis 172 genes associated with OA. (A–C) The GO analysis result showed by biology process, cellular component, and molecular function. 

  Supplementary Figure 2 | Single-cell analysis with three synovial samples of OA. (A) The UMAP showing 10 cell types were identified. (B) The percentage of 10 cell types in each sample. (C) Heatmap of single-cell data based on the UMAP plot. Columns represent individual cells and rows represent genes. (D) The dot plot showing the expression of marker genes in each cell type; the size of the dot reflects the percentage of cells expressing the gene; expression levels are color coded. (E) UMAP plot showing the marker gene expression in all cells. 

 

 

 

 
  References

  1. Sinusas, K. Osteoarthritis: Diagnosis and treatment. Am Fam Physician (2012) 85(1):49–56. Available at: https://www.aafp.org/dam/brand/aafp/pubs/afp/issues/2012/0101/p49.pdf 

  2. Mathiessen, A, and Conaghan, PG. Synovitis in osteoarthritis: Current understanding with therapeutic implications. Arthritis Res Ther (2017) 19(1):18. doi: 10.1186/s13075-017-1229-9 

  3. Li, MH, Xiao, R, Li, JB, and Zhu, Q. Regenerative approaches for cartilage repair in the treatment of osteoarthritis. Osteoarthritis Cartilage (2017) 25(10):1577–87. doi: 10.1016/j.joca.2017.07.004 

  4. Bratus-Neuenschwander, A, Castro-Giner, F, Frank-Bertoncelj, M, Aluri, S, Fucentese, SF, Schlapbach, R, et al. Pain-associated transcriptome changes in synovium of knee osteoarthritis patients. Genes (Basel) (2018) 9(7):338. doi: 10.3390/genes9070338 

  5. Kubosch, EJ, Lang, G, Furst, D, Kubosch, D, Izadpanah, K, Rolauffs, B, et al. The potential for synovium-derived stem cells in cartilage repair. Curr Stem Cell Res Ther (2018) 13(3):174–84. doi: 10.2174/1574888x12666171002111026 

  6. Scanzello, CR, and Goldring, SR. The role of synovitis in osteoarthritis pathogenesis. Bone (2012) 51(2):249–57. doi: 10.1016/j.bone.2012.02.012 

  7. Sellam, J, and Berenbaum, F. The role of synovitis in pathophysiology and clinical symptoms of osteoarthritis. Nat Rev Rheumatol (2010) 6(11):625–35. doi: 10.1038/nrrheum.2010.159 

  8. Chen, Y, Lin, Y, Bai, Y, Cheng, D, and Bi, Z. A long noncoding rna (Lncrna)-associated competing endogenous rna (Cerna) network identifies eight lncrna biomarkers in patients with osteoarthritis of the knee. . Med Sci monitor: Int Med J Exp Clin Res (2019) 25:2058–65. doi: 10.12659/msm.915555 

  9. Deligne, C, Casulli, S, Pigenet, A, Bougault, C, Campillo-Gimenez, L, Nourissat, G, et al. Differential expression of interleukin-17 and interleukin-22 in inflamed and non-inflamed synovium from osteoarthritis patients. Osteoarthritis cartilage (2015) 23(11):1843–52. doi: 10.1016/j.joca.2014.12.007 

  10. Ishii, H, Tanaka, H, Katoh, K, Nakamura, H, Nagashima, M, and Yoshino, S. Characterization of infiltrating T cells and Th1/Th2-type cytokines in the synovium of patients with osteoarthritis. Osteoarthritis cartilage (2002) 10(4):277–81. doi: 10.1053/joca.2001.0509 

  11. Mapp, PI, and Walsh, DA. Mechanisms and targets of angiogenesis and nerve growth in osteoarthritis. Nat Rev Rheumatol (2012) 8(7):390–8. doi: 10.1038/nrrheum.2012.80 

  12. Chen, Z, Ma, Y, Li, X, Deng, Z, Zheng, M, and Zheng, Q. The immune cell landscape in different anatomical structures of knee in osteoarthritis: A gene expression-based study. BioMed Res Int (2020) 2020:9647072. doi: 10.1155/2020/9647072 

  13. Chen, Y, Jiang, W, Yong, H, He, M, Yang, Y, Deng, Z, et al. Macrophages in osteoarthritis: Pathophysiology and therapeutics. Am J Trans Res (2020) 12(1):261–8. Available at: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7013211/pdf/ajtr0012-0261.pdf 

  14. Liu, Y, Lu, T, Liu, Z, Ning, W, Li, S, Chen, Y, et al. Six macrophage-associated genes in synovium constitute a novel diagnostic signature for osteoarthritis. Front Immunol (2022) 13:936606. doi: 10.3389/fimmu.2022.936606 

  15. Thomson, A, and Hilkens, CMU. Synovial macrophages in osteoarthritis: The key to understanding pathogenesis? Front Immunol (2021) 12:678757. doi: 10.3389/fimmu.2021.678757 

  16. Wood, MJ, Leckenby, A, Reynolds, G, Spiering, R, Pratt, AG, Rankin, KS, et al. Macrophage proliferation distinguishes 2 subgroups of knee osteoarthritis patients. JCI Insight (2019) 4(2):e125325. doi: 10.1172/jci.insight.125325 

  17. Zhang, H, Cai, D, and Bai, X. Macrophages regulate the progression of osteoarthritis. Osteoarthritis Cartilage (2020) 28(5):555–61. doi: 10.1016/j.joca.2020.01.007 

  18. Malemud, CJ. Biologic basis of osteoarthritis: State of the evidence. Curr Opin Rheumatol (2015) 27(3):289–94. doi: 10.1097/bor.0000000000000162 

  19. Zhao, M, Liu, D, and Qu, H. Systematic review of next-generation sequencing simulators: Computational tools, features and perspectives. Briefings Funct Genomics (2017) 16(3):121–8. doi: 10.1093/bfgp/elw012 

  20. Lewallen, EA, Bonin, CA, Li, X, Smith, J, Karperien, M, Larson, AN, et al. The synovial microenvironment of osteoarthritic joints alters rna-seq expression profiles of human primary articular chondrocytes. Gene (2016) 591(2):456–64. doi: 10.1016/j.gene.2016.06.063 

  21. Wu, ZY, Du, G, and Lin, YC. Identifying hub genes and immune infiltration of osteoarthritis using comprehensive bioinformatics analysis. J Orthop Surg Res (2021) 16(1):630. doi: 10.1186/s13018-021-02796-6 

  22. Liu, G, He, G, Zhang, J, Zhang, Z, and Wang, L. Identification of Scrg1 as a potential therapeutic target for human synovial inflammation. Front Immunol (2022) 13:893301. doi: 10.3389/fimmu.2022.893301 

  23. Han, Y, Wu, J, Gong, Z, Zhou, Y, Li, H, Wang, B, et al. Identification and development of a novel 5-gene diagnostic model based on immune infiltration analysis of osteoarthritis. J Transl Med (2021) 19(1):522. doi: 10.1186/s12967-021-03183-9 

  24. Cai, P, Jiang, T, Li, B, Qin, X, Lu, Z, Le, Y, et al. Comparison of rheumatoid arthritis (Ra) and osteoarthritis (Oa) based on microarray profiles of human joint fibroblast-like synoviocytes. Cell Biochem Funct (2019) 37(1):31–41. doi: 10.1002/cbf.3370 

  25. Chisari, E, Yaghmour, KM, and Khan, WS. The effects of tnf-alpha inhibition on cartilage: A systematic review of preclinical studies. Osteoarthritis Cartilage (2020) 28(5):708–18. doi: 10.1016/j.joca.2019.09.008 

  26. Ritchie, ME, Phipson, B, Wu, D, Hu, Y, Law, CW, Shi, W, et al. Limma powers differential expression analyses for rna-sequencing and microarray studies. Nucleic Acids Res (2015) 43(7):e47. doi: 10.1093/nar/gkv007 

  27. Love, MI, Huber, W, and Anders, S. Moderated estimation of fold change and dispersion for rna-seq data with Deseq2. Genome Biol (2014) 15(12):550. doi: 10.1186/s13059-014-0550-8 

  28. Young, MD, Wakefield, MJ, Smyth, GK, and Oshlack, A. Gene ontology analysis for rna-seq: Accounting for selection bias. Genome Biol (2010) 11(2):R14. doi: 10.1186/gb-2010-11-2-r14 

  29. Xie, C, Mao, X, Huang, J, Ding, Y, Wu, J, Dong, S, et al. Kobas 2.0: A web server for annotation and identification of enriched pathways and diseases. Nucleic Acids Res (2011) 39(Web Server issue):W316–22. doi: 10.1093/nar/gkr483 

  30. Szklarczyk, D, Gable, AL, Lyon, D, Junge, A, Wyder, S, Huerta-Cepas, J, et al. String V11: Protein-protein association networks with increased coverage, supporting functional discovery in genome-wide experimental datasets. Nucleic Acids Res (2019) 47(D1):D607–d13. doi: 10.1093/nar/gky1131 

  31. Doncheva, NT, and Morris, JH. Cytoscape stringapp: Network analysis and visualization of proteomics data. J Proteome Res (2019) 18(2):623–32. doi: 10.1021/acs.jproteome.8b00702 

  32. Bindea, G, Mlecnik, B, Hackl, H, Charoentong, P, Tosolini, M, Kirilovsky, A, et al. Cluego: A cytoscape plug-in to decipher functionally grouped gene ontology and pathway annotation networks. Bioinf (Oxford England) (2009) 25(8):1091–3. doi: 10.1093/bioinformatics/btp101 

  33. Bader, GD, and Hogue, CW. An automated method for finding molecular complexes in Large protein interaction networks. BMC Bioinf (2003) 4:2. doi: 10.1186/1471-2105-4-2 

  34. Shannon, P, Markiel, A, Ozier, O, Baliga, NS, Wang, JT, Ramage, D, et al. Cytoscape: A software environment for integrated models of biomolecular interaction networks. Genome Res (2003) 13(11):2498–504. doi: 10.1101/gr.1239303 

  35. Sturm, G, Finotello, F, and List, M. Immunedeconv: An r package for unified access to computational methods for estimating immune cell fractions from bulk rna-sequencing data. Methods Mol Biol (Clifton NJ) (2020) 2120:223–32. doi: 10.1007/978-1-0716-0327-7_16 

  36. Hänzelmann, S, Castelo, R, and Guinney, J. Gsva: Gene set variation analysis for microarray and rna-seq data. BMC Bioinf (2013) 14:7. doi: 10.1186/1471-2105-14-7 

  37. Crosby, EJ, and Acharya, CR. Stimulation of oncogene-specific tumor-infiltrating T cells through combined vaccine and Apd-1 enable sustained antitumor responses against established Her2 breast cancer. Clin Cancer Res (2020) 26(17):4670–81. doi: 10.1158/1078-0432.ccr-20-0389 

  38. Butler, A, Hoffman, P, Smibert, P, Papalexi, E, and Satija, R. Integrating single-cell transcriptomic data across different conditions. Technologies Species (2018) 36(5):411–20. doi: 10.1038/nbt.4096 

  39. Armingol, E, Officer, A, Harismendy, O, and Lewis, NE. Deciphering cell-cell interactions and communication from gene expression. Nat Rev Genet (2021) 22(2):71–88. doi: 10.1038/s41576-020-00292-x 

  40. Fang, Z, Tian, Y, Sui, C, Guo, Y, Hu, X, Lai, Y, et al. Single-cell transcriptomics of proliferative phase endometrium: Systems analysis of cell-cell communication network using cellchat. Front Cell Dev Biol (2022) 10:919731. doi: 10.3389/fcell.2022.919731 

  41. Sun, D, Guan, X, Moran, AE, Wu, LY, Qian, DZ, Schedin, P, et al. Identifying phenotype-associated subpopulations by integrating bulk and single-cell sequencing data. Nat Biotechnol (2022) 40(4):527–38. doi: 10.1038/s41587-021-01091-3 

  42. Yang, Z, Ni, J, Kuang, L, Gao, Y, and Tao, S. Identification of genes and pathways associated with subchondral bone in osteoarthritis Via bioinformatic analysis. Med (Baltimore) (2020) 99(37):e22142. doi: 10.1097/md.0000000000022142 

  43. Li, Z, Zhang, R, Yang, X, Zhang, D, Li, B, Zhang, D, et al. Analysis of gene expression and methylation datasets identified Adamts9, Fkbp5, and Pfkbf3 as biomarkers for osteoarthritis. J Cell Physiol (2019) 234(6):8908–17. doi: 10.1002/jcp.27557 

  44. Martel-Pelletier, J, Barr, AJ, Cicuttini, FM, Conaghan, PG, Cooper, C, Goldring, MB, et al. Osteoarthritis. Nat Rev Dis Primers (2016) 2:16072. doi: 10.1038/nrdp.2016.72 

  45. Wang, H, Wang, Q, Yang, M, Yang, L, Wang, W, Ding, H, et al. Histomorphology and innate immunity during the progression of osteoarthritis: Does synovitis affect cartilage degradation? J Cell Physiol (2018) 233(2):1342–58. doi: 10.1002/jcp.26011 

  46. Cai, W, Li, H, Zhang, Y, and Han, G. Identification of key biomarkers and immune infiltration in the synovial tissue of osteoarthritis by bioinformatics analysis. PeerJ (2020) 8:e8390. doi: 10.7717/peerj.8390 

  47. Wojdasiewicz, P, Poniatowski, ŁA, and Szukiewicz, D. The role of inflammatory and anti-inflammatory cytokines in the pathogenesis of osteoarthritis. Mediators Inflamm (2014) 2014:561459. doi: 10.1155/2014/561459 

  48. Goldring, MB, and Otero, M. Inflammation in osteoarthritis. Curr Opin Rheumatol (2011) 23(5):471–8. doi: 10.1097/BOR.0b013e328349c2b1 

  49. Li, Z, Zhong, L, Du, Z, and Chen, G. Network analyses of differentially expressed genes in osteoarthritis to identify hub genes. Biomed Res Int (2019) 2019:8340573. doi: 10.1155/2019/8340573 

  50. Li, Z, and Wang, Q. Integration of gene expression profile data to screen and verify hub genes involved in osteoarthritis. Biomed Res Int (2018) 2018:9482726. doi: 10.1155/2018/9482726 

  51. Yu, FY, Xie, CQ, Jiang, CL, Sun, JT, and Huang, XW. Tnf−A increases inflammatory factor expression in synovial fibroblasts through the Toll−Like Receptor−3−Mediated Erk/Akt signaling pathway in a mouse model of rheumatoid arthritis. Mol Med Rep (2018) 17(6):8475–83. doi: 10.3892/mmr.2018.8897 

  52. Shen, J, Abu-Amer, Y, O'Keefe, RJ, and McAlinden, A. Inflammation and epigenetic regulation in osteoarthritis. Connect Tissue Res (2017) 58(1):49–63. doi: 10.1080/03008207.2016.1208655 

  53. Sanchez-Lopez, E, Coras, R, Torres, A, Lane, NE, and Guma, M. Synovial inflammation in osteoarthritis progression. Nat Rev Rheumatol (2022) 18(5):258–75. doi: 10.1038/s41584-022-00749-9 

  54. Hu, X, Ni, S, Zhao, K, Qian, J, and Duan, Y. Bioinformatics-led discovery of osteoarthritis biomarkers and inflammatory infiltrates. Front Immunol (2022) 13:871008. doi: 10.3389/fimmu.2022.871008 

  55. Son, YO, Kim, HE, Choi, WS, Chun, CH, and Chun, JS. Rna-binding protein Zfp36l1 regulates osteoarthritis by modulating members of the heat shock protein 70 family. Nat Commun (2019) 10(1):77. doi: 10.1038/s41467-018-08035-7 

  56. Chang, L, Yao, H, Yao, Z, Ho, KK, Ong, MT, Dai, B, et al. Comprehensive analysis of key genes, signaling pathways and mirnas in human knee osteoarthritis: Based on bioinformatics. Front Pharmacol (2021) 12:730587. doi: 10.3389/fphar.2021.730587 

  57. Huang, Z, Shi, X, Li, X, Zhang, L, Wu, P, Mao, J, et al. Network pharmacology approach to uncover the mechanism governing the effect of simiao powder on knee osteoarthritis. BioMed Res Int (2020) 2020:6971503. doi: 10.1155/2020/6971503 

  58. Chen, Z, Ge, Y, Zhou, L, Li, T, Yan, B, Chen, J, et al. Pain relief and cartilage repair by nanofat against osteoarthritis: Preclinical and clinical evidence. Stem Cell Res Ther (2021) 12(1):477. doi: 10.1186/s13287-021-02538-9 

  59. Li, S, Wang, H, Zhang, Y, Qiao, R, Xia, P, Kong, Z, et al. Col3a1 and Mmp9 serve as potential diagnostic biomarkers of osteoarthritis and are associated with immune cell infiltration. Front Genet (2021) 12:721258. doi: 10.3389/fgene.2021.721258 

  60. Yang, P, Tan, J, Yuan, Z, Meng, G, Bi, L, and Liu, J. Expression profile of cytokines and chemokines in osteoarthritis patients: Proinflammatory roles for Cxcl8 and Cxcl11 to chondrocytes. Int Immunopharmacol (2016) 40:16–23. doi: 10.1016/j.intimp.2016.08.005 

  61. Liu, Z, Liu, H, Li, D, Ma, L, Lu, T, Sun, H, et al. Evaluation of biomarkers and immune microenvironment of osteoarthritis: Evidence from omics data and machine learning. Front Genet (2022) 13:905027. doi: 10.3389/fgene.2022.905027 

  62. Yuan, WH, Xie, QQ, Wang, KP, Shen, W, Feng, XF, Liu, Z, et al. Screening of osteoarthritis diagnostic markers based on immune-related genes and immune infiltration. Sci Rep (2021) 11(1):7032. doi: 10.1038/s41598-021-86319-7 

  63. Bian, Q, Wang, YJ, Liu, SF, and Li, YP. Osteoarthritis: Genetic factors, animal models, mechanisms, and therapies. Front Biosci (Elite Ed) (2012) 4(1):74–100. doi: 10.2741/361 

  64. Wang, L, and He, C. Nrf2-mediated anti-inflammatory polarization of macrophages as therapeutic targets for osteoarthritis. Front Immunol (2022) 13:967193. doi: 10.3389/fimmu.2022.967193 

  65. Fahy, N, de Vries-van Melle, ML, Lehmann, J, Wei, W, Grotenhuis, N, Farrell, E, et al. Human osteoarthritic synovium impacts chondrogenic differentiation of mesenchymal stem cells Via macrophage polarisation state. Osteoarthritis Cartilage (2014) 22(8):1167–75. doi: 10.1016/j.joca.2014.05.021 

  66. Lv, Z, Xu, X, Sun, Z, Yang, YX, Guo, H, Li, J, et al. Trpv1 alleviates osteoarthritis by inhibiting M1 macrophage polarization Via Ca(2+)/Camkii/Nrf2 signaling pathway. Cell Death Dis (2021) 12(6):504. doi: 10.1038/s41419-021-03792-8 

  67. Molnar, V, Matišić, V, Kodvanj, I, Bjelica, R, Hudetz, D, Rod, E, et al. Cytokines and chemokines involved in osteoarthritis pathogenesis. Int J Mol Sci (2021) 22(17):9208. doi: 10.3390/ijms22179208 

  68. Scanzello, CR. Chemokines and inflammation in osteoarthritis: Insights from patients and animal models. J Orthop Res (2017) 35(4):735–9. doi: 10.1002/jor.23471 

  69. Chen, LW, Liu, FC, Hung, LF, Huang, CY, Lien, SB, Lin, LC, et al. Chondroprotective effects and mechanisms of dextromethorphan: Repurposing antitussive medication for osteoarthritis treatment. Int J Mol Sci (2018) 19(3):825. doi: 10.3390/ijms19030825 

  70. Liu, M, Xie, Z, Sun, G, Chen, L, Qi, D, Zhang, H, et al. Macrophage migration inhibitory factor may play a protective role in osteoarthritis. Arthritis Res Ther (2021) 23(1):59. doi: 10.1186/s13075-021-02442-w 

  71. Xie, JW, Wang, Y, Xiao, K, Xu, H, Luo, ZY, Li, L, et al. Alpha defensin-1 attenuates surgically induced osteoarthritis in association with promoting M1 to M2 macrophage polarization. Osteoarthritis Cartilage (2021) 29(7):1048–59. doi: 10.1016/j.joca.2021.04.006 

  72. Zhu, X, Lee, CW, Xu, H, Wang, YF, Yung, PSH, Jiang, Y, et al. Phenotypic alteration of macrophages during osteoarthritis: A systematic review. Arthritis Res Ther (2021) 23(1):110. doi: 10.1186/s13075-021-02457-3 

 
 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 © 2023 Liao, Yang, Li, Wu, Sun, Lu, Liu, Deng, Wang, Xie, Tang, Nie and Fan. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms. 

 
OEBPS/Images/fimmu.2022.1078414_cover.jpg
’ frontiers | Frontiersin Immunology

Comprehensive bulk and
single-cell transcriptome
profiling give useful insights
into the characteristics of
osteoarthritis associated
synovial macrophages





OEBPS/Images/fimmu-13-1078414-g002.jpg
HERC4

0SBPL3 SLCTAS TSC2203
IBLNK
ETS2
SPRY2 FOGRaA IGHM
\GADD45B
IL1R2
RELS ZNF135
@AGTR1 787816 et @rm1 CPVL
PTPRC LCK
.LDLR GABRB1
TAC1
A @crooisa  @Foxos
.cm K1
@AMPH CEBPD @FKaPs
SoRiT .CDKN1A MTHFD2
- MARE @ iLA-DyiE @Puzets @ouses
SERPINE1 PLAAT4
FOSL2 INDC80
ACKR1 ' - iL1B PTN @rer1R1gROOX3y @pouspr2
oXCLy .HLA DQAA /
IVEGFD TYMS
@CX3CR1 @ 'HSPMA ABCC3
INPAS2 ATF35—— MYC KEA
DUSP5
P SCSREY\ ot COL1AZ 7
.FOSB ALDHSA1
ISDC4 RPS4Y1
ADCY7 HSPAG
o .ICAM1 PLIS
INR IME2
CXCL3 TNFAIP3.
. PTHLH ‘MMPQ ’VCAM1 KIF11 GLRX
AP @KDELR3
MDK CORQJA
MNDA AKR1B10
SLC2A3,
BTC @ RM14 ® @cPA3 SEMA3A
INCF1
ITGB2 H1-10 PIGA
H1-2 (1PGDS PLXNC1
ANK3
PTX3 DOCK4
RAC2 NID1
D STMN2 SEMA3C
HMGB2
ZFP36L2 e @0
- wasi@csre2 s @AOX1
@~0H1C
sv28 @~0H1B
subNet-1 subNet-2 subNet-3
.KDELR3
s 7 DUSP2 /.CXCLS
HSP 1A .DUSP8 @Foxo3 @ cappasa A c
.AKR1 B10 > @ccLo
A3 .FKB
HSF‘A6 @rmt
KN1A el CX3CR1
.SLC2A3
1.Chemokine signaling pathway

1.cellular response to unfolded protein 1.FOXO-mediated transcription of cell cycle genes

2.cellular response to topologically incorrect protein 2.Imatinib and Chronic Myeloid Leukemia
3.negative regulation of protein serine/threonine kinase activity

2.Chemokine receptors bind chemokines

3.response to unfolded protein

subNet-5

@ TRIM14
@

.ICAM1

1.Interferon gamma signaling

subNet-4
MAOA

DH1C /

.on1

1.Tyrosine metabolism

ADH1B

2.Drug metabolism - cytochrome P450 2.Cytokine Signaling in Immune system

subNet-6,7
.LD“L‘AM PH

1.Clathrin-mediated endocytosis
2 Membrane Trafficking
3.Vesicle-mediated transport
41L-17 signaling pathway

subNet-8

@©co4

(OHLA-DQAT

©HLA-DMB

1.Antigen processing and presentation
2.Th1 and Th2 cell differentiation





OEBPS/Images/fimmu-13-1078414-g004.jpg
6 6 6 6 5 5 5 5 5 5 4 4 4 2 2 2

o
Yo} o
5 S N
w
c <
2 .0 o
= 0
o
= om
g <
2 o~
[%] (B )
3 2
=
7 .
<
n
B
] & AUC 95%CI
@ = Train AUC: 89.95% (79.03%-96.48%)
239 — Test AUC: 82.62% (60.81%-92.86%)
&« ) — Valid AUC: 75.75% (62.13%-86.88%)
o
§ 8 0 20 40 60 80 100
© 100 - Specificity (%)
o
-8 -7 -6 -5 -4 -3 -2 -
Log Lambda
D GSE89408 F Xcell of OA immune infiltration in GSE89408
p =0.0815 B cell B cell memory| | B cell naive ||B cell plasma || Macrophage || Mast cell
1 0.151 p=0.0071 p =0.061 p=07 p = 5.8e-06 p =0.001 p=0.16
0.2 5 2
o
o
o 0.10
) 5 .
3 ©
2 01/ ®
= -
= 0.05 | .
= - .. : h
0 0 FOAr i | B | e — * ey
E GSE143414 @ Xcell of OA immune infiltration in GSE143514
p=0.071 B cell B cell memory|| B cell naive ||B cell plasma || Macrophage Mast cell
0.075/ 0061 p=o. p=0.13 Pl p=054 p=0.036 p=013
o
)
& 0.0501 5 0.04
[%2] k=1
g ; 8
£0.0254 g L 0.02
- . o~
o] 0 L e || e iy ||

- Normal - Osteoarthritis






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Comprehensive bulk and single-cell transcriptome profiling give useful insights into the characteristics of osteoarthritis associated synovial macrophages

      

        		

          Background

        



        		

          Objective

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1.  Introduction.

        



        		

          2.  Materials and methods.

        

          		

            2.1.  Data information.

          



          		

            2.2.  Differentially expressed and gene screening.

          



          		

            2.3.  Gene ontology and pathway enrichment analysis.

          



          		

            2.4.  Protein–protein interaction network construction and module analysis.

          



          		

            2.5.  Immune infiltration analysis.

          



          		

            2.6.  Gene set variation enrichment analysis.

          



          		

            2.7.  Identification of the optimal diagnostic gene biomarkers.

          



          		

            2.8.  Single-cell analysis.

          



          		

            2.9.  Cell communications analysis and Ligand–Receptor expression.

          



          		

            2.10.  Scissor analysis.

          



          		

            2.11.  Statistical analysis.

          



        



        



        		

          3.  Results.

        

          		

            3.1.  Identification of DEGs and functional analysis shows OA involved in immune-related pathways.

          



          		

            3.2.  Protein–protein interaction analysis of the differentially expressed genes.

          



          		

            3.3.  Identification of immune cell types with OA based on immune infiltration.

          



          		

            3.4.  Identification of the optimal diagnostic immune infiltration biomarkers for OA.

          



          		

            3.5.  Cellular communication patterns of Macrophages in OA synovitis microenvironment.

          



          		

            3.6.  Identifying M2-like macrophage related to anti-inflammation of OA.

          



        



        



        		

          4.  Discussion.

        



        		

          5.  Conclusions.

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-13-1078414-g003.jpg
Xcell of OA immune infiltration in GSE55235

GSES55235 GSE1919
p = 0.00058 0.04 b =0.0079 B cell B cell memory B cell naive B cell plasma Macrophage Mast cell
0.025{ p=00083 p=0.018 p=0.035 p =0.0063 p =0.00081 p=0.001
0004 2 0 003 0.020
8 8 [
% ] 20015 o
@ @ 0.02 . 3
2 2 o d
é 0.02 ] i 0,010
£ . i £001{ . G008 ’
0 * : 0 * of milm ||| o i e | L -
D GSE32317 GSE46750 C Xcell of OA immune infiltration in GSE1919
o p=0.021" p =0.0072 B cell B cell memory B cell naive B cell plasma Macrophage Mast cell
05 X 015 0.025{ p=0018 p=0.021 p=037 p=042 p = 0.0095 p=00079
0.04
0 . o > 0.020
9 .
B 003 g010 S 0015 - 1
» ©
2 2 8 i
5002 € ? I 0.010
£ g £ 0.05 = b
E yo1 E 0.005 F 5 o
0 0 0 ===} . ok, .
G - Normal ' Osteoarthritis E Xcell of OA immune infiltration in GSE32317
B cell B cell memory B cell naive B cell plasma Macrophage: Mast cell
Hallmarker Pathway of GSE55235 5=0026 P=0042 5=00023 =003 5= 00054
N N RN Group 1
|| " Allograft_rejection 0.03 |
Interferon_alpha_response
Interferon_gamma_response § .
Kras_signaling_up 5 0.02
Complement ®
Coagulation w 5 .
] Mitotic_spindle o
Protein_secretion 0.01
 Peroxisome .
| | Bile_acid_metabolism b d
Uv_response_dn 0 ——— e e || e O . g ——— .
| Heme_metabolism
Apical_junction 0 f oniaih
Apical_surface F Xcell of OA immune infiltration in GSE46750
gZTstats_signaling ; B cell B cell memory B cell naive B cell plasma Macrophage Mast cell
strogen_response_early 0.025. = = = = = =
Onforod proten reporse p=026 p=0.13 p=0.17 p=0041 p=0.0062 p=0042
Androgen_response 5
~ Cholesterol_homeostasis 0.020
Hypoxia S
Mtorc1_signaling =
Myc_targets_v2 g 9,013
Myc_targets_v1 ol
Tnfa_signaling_via_nfkb 0.010 * =
253 Jlaat.hway Matrix & . :
poptosis 2 e . % .
T5f beta.signaling M1 0:005 . 5 . . .
Grotp o m ;
Normal - 04 —=eem - W (| e oPe —-—t— . e s

1
Osteoarthritis I

-2

[ T Group
] 177 Allograft_rejection
Interferon_alpha_response
Interferon_gamma_response
Kras_signaling_up
 Complement
Coagulation
" Mitotic_spindle
Protein_secretion
Peroxisome
Bile_acid_metabolism
Uv_response_dn
Heme_metabolism
Apical_junction
Apical_surface
112_stat5_signaling
Estrogen_response_early
Unfolded_protein_response
Androgen_response
Cholesterol_homeostasis
Hypoxia
| I Mtorc1_signaling
 Myc_targets_v2
Myc_targets_v1
 Tnfa_signaling_via_nfkb
P53 _pathway

Matrix

Apoptosis 4

Tgf_beta_signaling I 2
(9{’9 Group 0

Normal 2

[ Osteoarthritis

. Normal ' Osteoarthritis

Correlation (GSVAScore-vs-ImmuneFraction)

[ Mitotic_spindle

Uv_response_dn

~ I Heme_metabolism

"

[

Protein_secretion

Bile_acid_metabolism
. Allograft_rejection
Peroxisome
Kras_signaling_up
Apical_junction
Coagulation
Complement
Interferon_alpha_response
_ Interferon_gamma_response

Apical_surface
12_stat5_signaling
Tof beta_signaing 2
Androgen_response | 1
Mtorc1_signaling 0
Myc_targets_v1 -1
Unfolded_protein_respollille
Cholesterol_homeostasis
Mye_targets_v2
P53_pathway
Estrogen_response_early
Hypoxia
Tnfa_signaling_via_nfkb
Apoptosis

-

Matrix






OEBPS/Images/fimmu-13-1078414-g001.jpg
S (=2

-log10 (p.adj)

N

10

=log10 (p.adj)

8

GSE1919

ooifs

'
FASN pKC
®GAD l
HIFX TNFRSFI1A

MAF ohe
© GPD 1GHG1
XS I gy M 80C ISHOL
10016 ¢
" e
)

. Wi

cnop® SCREY
ADCY14—4' cos2 1GHM|

-25 00 25
log2(fold change)

GSE55235
|

KLFo ®
Stetok

ned et
GADD&EA I I
|GADD45B NFKB
W MgpatA iym L
)
MXEAS Tca

mvc.
N2 | j

DMB,

ATF37 P

-50 -25 0 25

log2(fold change)

multi-multicellular

GSE1919

==, Group
SLCIA3
1TPKC

Group

'=--=-& BIA
"i = ﬂ%%? s

oy
-NI

"Y1

R3

\‘J®<\'3’

StV
':’9 S
S

%99

47

Group

e orow

M Normal
M Osteoarthritis

A Matrlx

2

GSE1919

Normal
Osteoarthritis

GSE55235

KEGG PATHWAY
[

Rheumatoid arthritis

Primary immunodeficiency
NF—kapq_e B signaling pathway

NF signaling pathway

NOD-like receptor signaling pathway
Cell adhesion molecules (CAMs)
Antigen processing and presentation
Inflammatory bowel disease (IBD)
Osteoclast differentiation
Intestinal immune network for IgA
p53 signaling pathway

FoxO signaling pathway

HTLV-I infection

ECM-receptor interaction

MAPK signaling pathway
Chemokine signaling pathway
HIF-1 signaling pathway

Natural killer cell mediated cytotoxicit...
Epstein-Barr virus infection

ErbB signaling pathway
Cytokine—cytokine receptor interaction
Cell cycle

Jak-STAT signaling pathway

T cell receptor signaling pathway
Toll-like receptor signaling pathway
Systemic lupus erythematosus

Wnt signaling pathway

PI3K-Akt signaling pathway

Rap1 signaling pathway

Count
® 50
®75
@ 100
@ 125

P-value
0.020
0015
0.010

0.005
[

003 006 0.09

Rich factor

Regulation of MAPK cascade

M inflammatory response
M Interleukin-4 and Interleukin-13 signaling
M leukocyte migration
M regulation of leukocyte activation
' IL-18 signaling pathway
W Pid Apl pathway
regulation of cytokine production
[l leukocyte adhesion to vascular endothelial cell
[ negative regulation of cell population proliferation
[ Spinal Cord Injury
Fc gamma R-mediated phagocytosis

organism process g
response to drug
Fc gamma R-mediated
N » phagocytosis
response to growth factor Nuclear Receptors Meta-Pathway





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





OEBPS/Images/fimmu-13-1078414-g006.jpg
M_Scissor1-vs-M_Scisoor0

ProlC

Cell

Cell
ProlC

scissor total = 863 variables
f' . Scissor0
10 s ® scissort _
-~ 075
. g X
. © z 7
g éd
N 54 $§ L3
Q! S 050 2
< ] 5@
5 2 iz
S oA 4 2 ER
f 0} =
© 025 8
5 3
. ! : U ’ 0T svi13 svie svits
-10 -5 0 5 10 (4970) (3614) (1448)
UMAP 1 Logs, fold change
D CcD163 LYVE1 Lz S100A9 DCN E . .
M_Scissor1-vs-M_Scissor0
= = = = = P beta_cell
£, g g4 3 T4 Rt
. 4
- = E =13 23 Ot Srosphoptation
8 8 8, 8 S Nposnoss
21 2 e 29 22 Interferon_alpha_response
g e & o o Perobome| ... )
5 5 51 5 51 i Bile_acid_metabolism
I b b3 x 0 3 > Xenobiotic_metabolism
wo w wo w w g Heme_metabolism
— —— —s — 01 ¢+ £ e spindo
= [ scissor0 [IM scissort 0 e erten
o Coagulation
e x K ling_d
Tnfa_signaling_via_nfkb Inflammatory_response Hypoxia Apoptosis  Interferon_gamma_response =) C’:;—pzqr::r:"‘ﬂ- n
0.50 LIii) LIy LIis3 S 0.50 e £ Wnt_beta_catenin_signaling
g 7 ; g 5
S I
0.25
025 0.25
o 0.25
é 0 .' 0 0 - 01 (_stat3_signaling
< K 0 . 1 :\lsr"aron \_gamma_response
. 4 _ \poptosis.
%‘0’25 . 025 0251 I Hypoxia
w | T [ I
o -025 -025 & M_Sci — e i o 0
050 N |_Scissor0 = 5 _signaling_\ 1_0
b M_Scissor1 B
B -0.50 -0.501 osol 1 . | Mmsciseor t value of GSVA score
G TNF H TNF J  TNF signaling pathway network
_ p=2e-15 E
[}
3 150 4 150
— c
= S 100
S 100+ 2
2 o 50
2 501 3 | A
o 1 1 It
L>lj Ll 0 T T T T T T T T T
@ (¢} O O > O A
ol | &t & N F & ?
Q)
M_Scissor0 M_Scissor1 ro(}OQ @ﬁ
W
| K TNF - TNFRSF1A TNF - TNFRSF1B
M_Scissor1 M_Sc?ssoﬂ M SE]SSOH ()
M/ Scissor0 =T Scissor0
i s
SIF SIF —vanr-
-‘ SIF ‘ ®SIF
EC EC EcdH™) ECe
SSF SSF SSF @®SSF
\ [ 4
SMe sme sMC' sMC
¥ B
@
Mast Cell Mast Cell Mast Cell Mast Cell





OEBPS/Images/fimmu-13-1078414-g005.jpg
Number of interactions

Mast Cell

Prolc T Cell

Incoming communication patterns of target cells

Incoming patterns  Outgoing communication patterns of secreting cells

Outgoing patterns

o3ieansaie

|

"SSn

H]
28

SRR

il

3
38

i

-

=| §
Patterns Patterns SO Cellgroups Patterns Patterns S
Py \accd

Signaling Signaling

TNF - TNFRSF18
TNF - TNFRSF1A

NPPC - NPR2

MIF - ACKR3

MIF - (CD74+CXCR4)

MIF - (CD74+CXCR2)
MIF - (CD74+CD44)

IL7 - (IL7R+IL2RG)

1L34 - CSFIR

IL2 - (IL2RB+IL2RG)

1L15 - (IL15RA+IL2RB)
1L10 - (IL10RA#IL10R8)
IGF2 - IGF2R

IGF2 - IGF1R

IGF2 - (ITGAG+ITGB4)
IFNG - (IFNGR1+IFNGR2)
FLT3L - FLT3

CXCL12 - CXCR4
CXCL12 - ACKR3

CSF1 - CSFIR

CDAOLG - (ITGAM+TGB2)
CD40LG - (ITGAS+TGB1)
CCL5 - CCRS

CCL5 - CCR1

CCL4 - CCRS

CCL3L3 - CCR1

CCLaL1 - CCR1

CCL3 - CCRS

CCL3 - CCR1
ccL2-CcR2{__ @

MIF - (CD74+CXCR4)

MIF - (CD74+CXCR2)

MIF - (CD74+CD44)

IL7 - (L7R+L2RG)

1L2 - (IL2RB+IL2RG) <
IL1B - IL1R2

CCL signaling pathway network TNF signaling pathway network

IL1A - (ILIR1+ILIRAP) -
115 - (IL15RA+IL2RB)
IL13 - IL13RA2 -
IL13 - IL13RA1 -
1L13 - (ILAR+IL13RA2) -

CSF2 - (CSF2RA+CSF2RB)
CLCF1 - (CNTFRLIFR) -
CD40LG - (ITGAM+ITGB2) -
CCL8 - CCR2 -
CCL8 - CCR1 -
CCLS - CCRS

cc

CCL3L1 - CCR1
CCL3 - CCRS
CCL3 - CCR1
CCL2 - CCR2

CCL14 - CCR1 - i ma MIF signaling

;j‘,{gf efﬁ;? pathway network
A -

‘p;\sﬁ’ & é’f;d%«foﬁc.’\

TNF signaling pathway network

Macrophage

F CCL signaling pathway network
3e-04 [ ]
sMmC
Macrophage @)
2e-04 Count
@

1e-04 %:all e ©°

Incoming interaction strength

0 1e-04  2e-04  3e-04
Outgoing interaction strength

CCL3 - CCR1
G

CCL3 - CCR5

ProlC

7.5e-06

5.0e-06

Incoming interaction strength

0e+00 1e-05

2e-05
Outgoing interaction strength

CCL3L1 - CCR1

Incoming interaction strength

CCL3L3 - CCR1

B Cell T Cell
C leéSF‘e-ﬂF’
0e+004 M: SMC

0

. Macrophage

5e-05 1e-04 0.00015 00002 0.00025
Outgoing interaction strength

CCL4 - CCR5






