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Background

Dermatomyositis (DM) is a rare autoimmune disease characterized by severe muscle dysfunction, and the immune response of the muscles plays an important role in the development of DM. Currently, the diagnosis of DM relies on symptoms, physical examination, and biopsy techniques. Therefore, we used machine learning algorithm to screen key genes, and constructed and verified a diagnostic model composed of 5 key genes. In terms of immunity, The relationship between 5 genes and immune cell infiltration in muscle samples was analyzed. These diagnostic and immune-cell-related genes may contribute to the diagnosis and treatment of DM.



Methods

GSE5370 and GSE128470 datasets were utilised from the Gene Expression Omnibus database as DM test sets. And we also used R software to merge two datasets and to analyze the results of differentially expressed genes (DEGs) and functional correlation analysis. Then, we could detect diagnostic genes adopting least absolute shrinkage and selection operator (LASSO) logistic regression and support vector machine recursive feature elimination (SVM-RFE) analyses. The validity of putative biomarkers was assessed using the GSE1551 dataset, and we confirmed the area under the receiver operating characteristic curve (AUC) values. Finally, CIBERSORT was used to evaluate immune cell infiltration in DM muscles and the correlations between disease-related biomarkers and immune cells.



Results

In this study, a total of 414 DEGs were screened. ISG15, TNFRSF1A, GUSBP11, SERPINB1 and PTMA were identified as potential DM diagnostic biomarkers(AUC > 0.85),and the expressions of 5 genes in DM group were higher than that in healthy group (p < 0.05). Immune cell infiltration analyses indicated that identified DM diagnostic biomarkers may be associated with M1 macrophages, activated NK cells, Tfh cells, resting NK cells and Treg cells.



Conclusion

The study identified that ISG15, TNFRSF1A, GUSBP11, SERPINB1 and PTMA as potential diagnostic biomarkers of DM and these genes were closely correlated with immune cell infiltration.This will contribute to future studies in diagnosis and treatment of DM.
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1 Introduction

Dermatomyositis is classified as a multifactorial rare autoimmune disorder. DM is most common in children aged 4 to 14 and adults aged 40 to 60 (1). As a rare idiopathic inflammatory disease, the prevalence is estimated at 6-7 per 100,000 adults per year, with women affected twice as often as men (2). DM is characterized by characteristic specific changes, muscle weakness and it could also develop to various complications including interstitial lung disease, cardiac abnormalities, joint disorder (3). Therefore, the early diagnosis of DM was emphasized in previous clinical guidelines (4). Currently, precise diagnosis of DM is difficult because of the absence of characteristic skin lesions or myopathy (5). Myositis-Specific Antibodies, serologic antibodies exclusively associated with IIM diagnosis, have limitations. A considerable proportion of DM patients do not express MSAs and estimated diagnositic positive rates in DM range from 20% to 50% (6–9). Thus, it is crucial to find potential biomarkers that would provide the early diagnosis for DM patients.

The combination of microarray techniques and bioinformatics has facilitated the link between differentially expressed genes(DEGs) and the pathogenesis of disease. Substantial evidence, with microarray technologies, has demonstrated that IFN signatures were present in skin, muscle, and blood samples from DM patients (10). In additon, least absolute shrinkage and selection operator (LASSO) logistic regression screen significant variables via providing a penalty function to make the coefficients of less significant variables to 0, while support vector machine-recursive feature elimination produces the best variables through eliminating eigenvectors generated by SVM-RFE.The above methods are both of machine learning algorithms, which are already used to identify diagnostic biomarkers and offer precise models (11). Therefore, with machine learning methods screening, DEGs would be accurately identified as potential diagnostic biomarkers.

Based on current studies, immune cells play a significant role in the pathogenesis of DM. The inflammatory infiltrates of perimysial and perivascular in DM are mediated by humoral immunity and are mainly composed by CD4+ T cells and B cells (12). CIBERSORT, an immune cell infiltration algorithm, is used to analyse the content of immune cells from sample expression profiles. However, this strategy has rarely been used to explore the connection between immune cells and diagnostic biomarkers of DM.

In this study, We used the Gene Expression Omnibus database (GEO) to obtain DM-related microarray datasets and found DEGs between patients and healthy donors. We adopted machine learning techniques, namely the LASSO and SVM-RFE algorithms, to evaluate the DEGs to find potential diagnostic biomakers. we also used CIBERSORT to study the differential in immune cell infiltration in DM muscles. And by extension,we also examined the relationships between DM-related biomarkers and immune cells in order to better comprehend the immune mechanism of DM.



2 Materials and methods


2.1 Data processing and identification of DEGs

There Datasets GSE128470, GSE5370 and GSE1551 were downloaded from GEO database. Table 1. showed the sample information of the three datasets. GSE1551 was selected as the validation set, while GSE128470 and GSE5370 were merged as the test set via using “limma” package (16). The effect of removing inter-batch difference was visualized by PCA cluster plot. The “limma”package was used to filter DEGs between DM muscles and healthy samples with the screening criteria of p < 0.05 and |log2FC|>1. The expression difference of DEGs was visualized by the volcano map with running “ggplot2” package (17). The overall process of this study is shown in Figure 1.


Table 1 | Basic information on DM muscle datasets.






Figure 1 | Flowchart of this study.





2.2 Functional enrichment analyses of DEGs

We used the “clusterProfiler” package (18) to analyse KEGG pathway and GO enrichment analyses of DEGs. The results with p.adjust value < 0.05 (Benjamini-Hochberg) were considered as statistically significant and were visualized by using “ggplot2” package.



2.3 Machine learning-based biomakers screening

The LASSO algorithm and SVM-RFE algorithm were used to select characteristic features to screen DM diagnostic biomakers, and we used “glmnet” (19) and “caret” packages to perform machine learning algorithms. These genes overlapping between LASSO and SVM-RFE algorithms were extracted and used for subsequent analyses.



2.4 CIBERSORT-based immune cell infiltration analysis

CIBERSORT was used to analyze 22 types of different immune cell infiltration in DM muscles with the condition of p < 0.05. The correlation of immune cells was visualized by a heatmap with running “corrplot” package (20), and “ggpubr” package was used to draw a box plot to show the difference of immune cells between DM muscles and healthy samples. The GSE1551 dataset was used to verify the difference in expression of diagnostic genes between the DM group and the healthy group and the results were visualized by using “ggplot2” package.



2.5 Correlation analysis between immune cell infiltration and diagnostic biomarkers

Correlations between diagnostic biomakers and immune cells infiltration were evaluated via spearman correlation analysis and the results were visualized by using “ggpubr” package.




3 Results


3.1 Data processing and DEGs identification

GSE128470 and GSE5370 were combined and the two-dimensional PCA cluster diagrams (Figures 2A–D) were used to present the effect of eliminating the inter-batch difference of the merged dataset. Then a total of 414 DEGs were obtained from the merged gene expression matrix, and the results were shown in the volcano plot (Figure 2E).




Figure 2 | (A, B) Before and after normalization, two-dimensional PCA cluster diagrams of the GSE128470 and GSE5370 datasets. (C, D) Before and after normalization, two-dimensional PCA cluster diagrams of normal and DM samples. (E) In the combined dataset, a volcano map shows differentially expressed genes.





3.2 Functional enrichment analysis of DEGs

Based on GO enrichment analysis, with respect to biological process, DEGs were primarily enriched in the type I interferon signaling pathway, response to interferon-gamma, and response to virus. With respect to cellular components, DEGs were mainly enriched in collagen-containing extracellular matrix, secretory granule lumen and MHC protein complex. In terms of Molecular function, DEGs were significantly related to double-strand RNA binding, amide binding and purine ribonucleoside binding (Figure 3A). KEGG analysis results showed that DEGs were primarily enriched in pathways about innate immunity and response to virus (Figure 3B).




Figure 3 | Analyses of functional enrichment. (A) GO enrichment analysis by DEGs. (B) KEGG pathways enriched by DEGs.





3.3 Diagnostic biomarkers identification and validation

The LASSO algorithm identified 10 genes as potential DM diagnostic biomarkers from 414 DEGs (Figure 4A), and SVM-RFE algorithm also identified 10 genes (Figure 4B). 5 genes selected by two machine learning algorithms were overlapped (Figure 4C), including ISG15, TNFRSF1A, GUSBP11, SERPINB1 and PTMA. They were fitted into one variable, and its diagnostic efficiency presented a extremely high level (AUC = 0.946) in validation set (GSE1551). In addition, 5 genes respectively had high diagnostic value (AUC > 0.85, Figure 4D), demonstrating that the diagnostic model of ISG15, GUSBP11, TNFRSF1A, SERPINB1 and PTMA had reliable diagnostic value in DM. The expressions of 5 genes in DM group were higher than that in healthy group(p < 0.05, Figures 5A–E).




Figure 4 | Machine learning-based screening biomarkers and verification with ROC curves. (A) Ten genes screened by LASSO logistic regression algorithm. (B) Ten genes screened by SVM-RFE algorithm. (C) The five overlapping genes obtained by both the LASSO and SVM-RFE algorithms. (D) ROC curves for the diagnostic biomarkers in the validation dataset GSE1551.






Figure 5 | (A‐E) The expression of GUSBP11,ISG15, PTMA, SERPINB1 and TNFRSF1A in DM group and healthy group.





3.4 Evaluation and correlations analysis of immune cell infiltration

With correlations heatmap demonstrating (Figure 6A), B memory cells and Monocytes cells had strong positive correlations(r = 0.71). activated NK cells and resting NK cells had significant negative correlations(r = -0.66). The differences of immune cell infiltration were shown by the box plot. Compared to healthy samples, activated NK cells, M1 and M2 Macrophages(p < 0.05) infiltrated more in DM muscles, while T follicular helper cells, regulatory T cells, resting NK cells, M0 Macrophages, and resting Dendritic cells (p < 0.05) infiltrated less in DM muscles (Figure 6B).




Figure 6 | (A) Correlation heatmap among 22 types of infiltrating immune cells. (B) Box plot of differences of 22 immune infiltrating cells. Normal and DM groups are represented by blue and red, respectively.



The threshold of significant positive correlation was r > 0.4 and p < 0.05, while that of negative correlation was r < -0.4 and p < 0.05. Correlations analysis found that the expression of ISG15 positively correlated with activated NK cells, M1 and M2 Macrophages, and negatively correlated with T follicular helper cells, regulatory T cells, resting NK cells and resting dendritic cells (Figure 7A); SERPINB1 positively correlated with M1 and M2 Macrophages and negatively correlated with T follicular helper cells, regulatory T cells, resting NK cells and M0 Macrophages (Figure 7B); GUSBP11 negatively correlated with T follicular helper cells, regulatory T cells, resting NK cells and M0 Macrophages, while positively correlated with M1 and M2 Macrophages and Eosinophils cells (Figure 7C); TNFRSF1A positively correlated with M1 Macrophages and activated NK cells, and negatively correlated with T follicular helper cells, regulatory T cells and resting NK cells (Figure 7D); PTMA positively correlated with M1 Macrophages and activated NK cells, and negatively correlated with T follicular helper cells (Figure 7E).




Figure 7 | (A–E) Correlation between ISG15, SERPINB1,GUSBP11, TNFRSF1A, PTMA and infiltrating immune cells.






4 Discussion

Dermatomyositis is an autoimmune disease that causes muscle weakness, skin lesion and multiple organs complications. Present studies show that IFN-1 inducible immune response play important roles in the pathogenesis of DM (21, 22). Bioinformatics technology and microarray expression have been utilized for exploring diagnostic markers. However, there was less research analyzing the relationship between diagnostic markers and infiltrating immune cells in DM muscle samples. Our research applies machine learning algorithms and ROC curves to screen biomarkers with great diagnostic efficacy, as well as the CIBERSORT algorithm to explore associations between immune cell infiltration and these biomarkers.


4.1 The importance of immune responses in DM

We found 414 DEGs after downloading and merging two DM-related datasets from the GEO database. According to function enrichment analyses, response to viral infection and innate immunity has essential roles in the pathogenesis of DM. A number of studies has proved that virus infection is linked to DM, such as COVID-19 virus (23). As for the enrichment of immune-related functions, significant IFN-1 signature has been found in the muscle, blood, and skin in DM patients (21). The production of IFN-1 is mainly mediated by toll-like receptor (TLR) signaling pathway (24). TLR4 in the TLR pathway is a pivotal receptor in the immune system in the pathogenesis of DM. By activating the MyD88 signaling pathway and its downstream NF-κB pathway, TLR4 ultimately upregulates the strong pro-inflammatory factor IFN-γ and forms a pro-inflammatory myopathy environment (25). Our enrichment results are consistent with the above studies and we further stress the importance of immune response and inflammatory in DM muscles.



4.2 The value of the identified diagnostic genes for DM

We identified and validated ISG15, GUSBP11, TNFRSF1A, SERPINB1 and PTMA as potential diagnostic biomarkers using mechine learing algorithms and ROC curves. Interferon-stimulated gene 15(ISG15), a kind of ubiquitin-like protein, is induced by Interferon-α/β(IFN-α/β) and acts as a key negative regulator in type 1 IFN pathway for autoinflammatory response caused by overreaction of IFN-α/β signaling pathway (26). Among inflammatory mypathies, the upregulation of ISG15 transcript is unique to DM, which is one of the most strongly up-regulated genes (27). The IFN-1 score composed of thirteen genes can be utilized to reliably assess type 1 IFN pathway activation in DM, while ISG15 expression level alone could be used to assess it perfectly, showing potential diagnostic ability of ISG15 in DM (28). In this study, ISG15 is regarded as a good diagnostic biomarker, which is consistent with previous studies. Tumor Necrosis Factor Receptor-1(TNFRSF1A, also known as TNFR1), as a transmembrane glycoproteins with 55kDa molecular, is characterized by death domain on intracellular region (29). Studies have indicated that TNF-TNFR1 signaling mainly shows effects on pro-inflammatory and cell death, which related to many diseases including autoimmune syndromes, COVID-19, and cancer (30, 31). Thus, selective inhibitors for TNFR1 are considered as next-generation anti-TNF treatment in autoimmune diseases (32). Moreover, the serum level of sTNFR1 in active DM patients is significantly higher than patients with inactive DM, which suggested TNFR1 is related to activation of inflammatory during acute phase of DM (33). The above research has proved that TNFRSF1A has great significance in both disease diagnosis and treatment.

But there is no research about the role of GUSBP11, PTMA and SERPINB1 in DM. Glucuronidase, b pseudogene 11(GUSBP11), a long non-coding RNA, has been proved that might affect the development of tumor in recent research, but its molecular mechanism has not been explored clearly enough (34–36). Prothymosin-α(PTMA) belongs to the α-thymosin family (37). As a kind of acidic nuclear protein with localization signal, PTMA plays an important role in various aspects including immunological functions, cell proliferation and apoptosis (38). The expression of PTMA has been used to predict poor prognosis in several tumor diseases (39, 40). Serine protease inhibitor, clade B, member1(SERPINB1, also known as LEI), a member of the SERPINB family of proteins, protects cells from their own proteases during stress. SERPINB1 shows two special enzyme activities, one is antiprotease activity relaying on its site loop and the other is endonuclease activity dependent on the cleavage of the reactive site loop (41). In a SERPINB1-deficient mice model study, SERPINB1 plays an important role in protecting lung antimicro proteins from proteases during infection (42). Moreover, SERPINB1 maintains the survival of neutrophils and also is related to IL-17-expressing T cells (43). In our study, GUSBP11, PTMA and SERPINB1 show high expression and great diagnostic efficacy in DM(AUC = 0.892, 0.854 and 0.938). However, the role and molecular regulatory mechanism of these genes in DM remain unclear, which suggests that its potential therapeutic value requests further studies.



4.3 Associated immune cell infiltration in DM muscles

We used the CIBERSORT algorithm to explore the difference of 22 type of immune cell infiltration between DM muscles and normal samples, and conducted the association analysis between 5 genes with diagnostic value and CIBERSORT results for the first time. To our surprise, ISG15, GUSBP11, TNFRSF1A, SERPINB1 and PTMA all significantly positively correlated with M1 macrophages, while significantly negatively correlated with Tfh cells. In addition, 4 genes of them (except PTMA) positively correlated with Actived NK cells, while negatively correlated with Resting NK cells and Treg cells. The above immune cells significantly correlated with diagnostic genes and also showed significant differences in CIBERSORT results. Therefore, further study on the up-regulation of M1 macrophages, activated NK cells, and down-regulation of Tfh cells, Resting NK cells and Treg cells in DM will be of value for the diagnosis and treatment of DM.

In previous studies, M1 macrophages, a type of macrophage activated by specific factors, can produce pro-inflammatory cytokines and easily lead to tissue damage (44). Shogo Matsuda et al. (45) who studied the role of M1 macrophages in the pathology of DM-ILD, speculated that activated monocytes and Th1 cells promoted the expression of IL-2 and CXCL11, inducing the differentiation of M1 macrophages, and then M1 macrophages promoted the expression of IL-8 and IL-18 to activate neutrophils and produced pro-inflammatory cytokines such as IL-6 and TNF-α. T follicular helper (Tfh) cells, a subset of CD4+ T cells, play an important role in orchestrating B cells to maintain humoral immune response (46). Xiaoyu Hou et al. have used flow cytometry to found that the proportion of circulating Tfh cells declined in DM patients compared with that of healthy samples (47). However, previous studies found that overexpanded Tfh cells, especially peripheral Tfh cells, were observed in other autoimmune diseases (48), which suggests that the special role of Tfh cells in DM deserves further studies. Treg cells, a subset of CD4 + T cells, play a significant role in the anti-inflammatory effects of skeletal muscle and skin, and the Th17/Treg imbalance is linked to the incidence and progression of DM (49–51). The levels of peripheral Treg cells in DM patients are also lower than that in normal persons, possibly due to the regulation of RUNX3-Foxp3 by HAGLR (52, 53). Nature killer (NK) cells, a subset of innate lymphoid cells, play an important role in inflammation and autoimmune responses via cell migration, cytotoxicity, and cytokine production (54). However, the specific mechanism of NK cells remains unclear in IIMs (54). According to our CIBERSORT results, there were only resting NK cells in normal muscle tissue. But in DM muscle, the resting NK cells significantly decreased and the activated NK cells significantly increased. In previous studies, the levels of periphery NK cells in DM patients were decreased, which may be related to NK cells migration into muscle (54, 55). Therefore, we speculated that the up-regulation of activating NK cells infiltration in DM muscle was related to the migration of peripheral cells and the activation of resting NK cells in muscle.



4.4 Limitations

There are some limitations to our study. For example, although the diagnostic model has clinical significance, it needs to recruit patients to provide muscle samples for further verification. Only the correlations between immune cell infiltration and diagnostic genes was proposed, and the mechanism of these genes affecting immune cells still needs to be explored by designing experiments.




5 Conclusion

In conclusion, we identified ISG15, TNFRSF1A, GUSBP11, SERPINB1 and PTMA as potential diagnostic biomarkers of DM and we also found that these genes were significantly related to M1 macrophages, activated NK cells, Tfh cells, resting NK cells and Treg cells. Further exploring these immune-related biomarkers and immune cells will be of value to confirm mechanism of immune cell infiltration in DM.



Data availability statement

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



Author contributions

XZ confirmed the initial idea, wrote the manuscript and operated the software. SS was responsible for data collection. XZ reviewed and edited the manuscript. All authors contributed to the article and approved the submitted version.



Conflict of interest

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



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2023.1053099/full#supplementary-material

Supplementary Table 2 | Information about the sample on the chip(GSE128470).

Supplementary Table 3 | Information about the sample on the chip(GSE5370).



References

1. Aussy, A, Boyer, O, and Cordel, N. Dermatomyositis and immune-mediated necrotizing myopathies: A window on autoimmunity and cancer. Front Immunol (2017) 8:992. doi: 10.3389/fimmu.2017.00992

2. Meyer, A, Meyer, N, Schaeffer, M, Gottenberg, JE, Geny, B, and Sibilia, J. Incidence and prevalence of inflammatory myopathies: a systematic review. Rheumatol (Oxford) (2015) 54(1):50–63. doi: 10.1093/rheumatology/keu289

3. Kamperman, RG, van der Kooi, AJ, de Visser, M, Aronica, E, and Raaphorst, J. Pathophysiological mechanisms and treatment of dermatomyositis and immune mediated necrotizing myopathies: A focused review. Int J Mol Sci (2022) 23(8):4301. doi: 10.3390/ijms23084301

4. Ouyang, X, Zeng, Y, Jiang, X, Xu, H, and Ning, Y. Identification of vital hub genes and potential molecular pathways of dermatomyositis by bioinformatics analysis. BioMed Res Int (2021) 2021:9991726. doi: 10.1155/2021/9991726

5. DeWane, ME, Waldman, R, and Lu, J. Dermatomyositis: Clinical features and pathogenesis. J Am Acad Dermatol (2020) 82(2):267–81. doi: 10.1016/j.jaad.2019.06.1309

6. Gunawardena, H. The clinical features of myositis-associated autoantibodies: a review. Clin Rev Allergy Immunol (2017) 52(1):45–57. doi: 10.1007/s12016-015-8513-8

7. Betteridge, Z, and McHugh, N. Myositis-specific autoantibodies: an important tool to support diagnosis of myositis. J Intern Med (2016) 280(1):8–23. doi: 10.1111/joim.12451

8. O’Connor, A, Mulhall, J, Harney, SMJ, Ryan, JG, Murphy, G, Henry, MT, et al. Investigating idiopathic inflammatory myopathy; initial cross speciality experience with use of the extended myositis antibody panel. Clin Pract (2017) 7(2):922. doi: 10.4081/cp.2017.922

9. Gandiga, PC, Zhang, J, Sangani, S, Thomas, P, Werth, VP, and George, MD. Utilization patterns and performance of commercial myositis autoantibody panels in routine clinical practice. Br J Dermatol (2019) 181(5):1090–2. doi: 10.1111/bjd.18133

10. Bolko, L, Jiang, W, Tawara, N, Landon-Cardinal, O, Anquetil, C, Benveniste, O, et al. The role of interferons type I, II and III in myositis: A review. Brain Pathol (2021) 31(3):e12955. doi: 10.1111/bpa.12955

11. Chen, Y, Liao, R, Yao, Y, Wang, Q, and Fu, L. Machine learning to identify immune-related biomarkers of rheumatoid arthritis based on WGCNA network. Clin Rheumatol (2022) 41(4):1057–68. doi: 10.1007/s10067-021-05960-9

12. Sasaki, H, and Kohsaka, H. Current diagnosis and treatment of polymyositis and dermatomyositis. Mod Rheumatol (2018) 28(6):913–21. doi: 10.1080/14397595.2018.1467257

13. Hoogendijk, JE, Amato, AA, Lecky, BR, Choy, EH, Lundberg, IE, Rose, MR, et al. 119th ENMC international workshop: trial design in adult idiopathic inflammatory myopathies, with the exception of inclusion body myositis, 10-12 October 2003, naarden, the Netherlands. Neuromuscul Disord (2004) 14(5):337–45. doi: 10.1016/j.nmd.2004.02.006

14. Greenberg, SA, Pinkus, JL, Kong, SW, Baecher-Allan, C, Amato, AA, and Dorfman, DM. Highly differentiated cytotoxic T cells in inclusion body myositis. Brain (2019) 142(9):2590–604. doi: 10.1093/brain/awz207

15. Greenberg, SA, Pinkus, JL, Pinkus, GS, Burleson, T, Sanoudou, D, Tawil, R, et al. Interferon-alpha/beta-mediated innate immune mechanisms in dermatomyositis. Ann Neurol (2005) 57(5):664–78. doi: 10.1002/ana.20464

16. 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

17. Ginestet, C. ggplot2: Elegant graphics for data analysis. J R Stat Soc Ser A Stat Soc (2011) 174:245. doi: 10.1111/j.1467-985X.2010.00676_9.x

18. Wu, T, Hu, E, Xu, S, Chen, M, Guo, P, Dai, Z, et al. clusterProfiler 4.0: A universal enrichment tool for interpreting omics data. Innovation (N Y) (2021) 2(3):100141. doi: 10.1016/j.xinn.2021.100141

19. Simon, N, Friedman, J, Hastie, T, and Tibshirani, R. Regularization paths for cox’s proportional hazards model via coordinate descent. J Stat Software (2011) 39(5):1–13. doi: 10.18637/jss.v039.i05

20. Friendly, M. Corrgrams: Exploratory displays for correlation matrices. Am Stat (2002) 56:316–24. doi: 10.2307/3087354

21. Fernandez-Ruiz, R, and Niewold, TB. Type I interferons in autoimmunity. J Invest Dermatol (2022) 142(3 Pt B):793–803. doi: 10.1016/j.jid.2021.11.031

22. Jiang, J, Zhao, M, Chang, C, Wu, H, and Lu, Q. Type I interferons in the pathogenesis and treatment of autoimmune diseases. Clin Rev Allergy Immunol (2020) 59(2):248–72. doi: 10.1007/s12016-020-08798-2

23. Borges, NH, Godoy, TM, and Kahlow, BS. Onset of dermatomyositis in close association with COVID-19-a first case reported. Rheumatol (Oxford) (2021) 60(SI):SI96. doi: 10.1093/rheumatology/keab290

24. Baccala, R, Hoebe, K, Kono, DH, Beutler, B, and Theofilopoulos, AN. TLR-dependent and TLR-independent pathways of type I interferon induction in systemic autoimmunity. Nat Med (2007) 13(5):543–51. doi: 10.1038/nm1590

25. Brunn, A, Zornbach, K, Hans, VH, Haupt, WF, and Deckert, M. Toll-like receptors promote inflammation in idiopathic inflammatory myopathies. J Neuropathol Exp Neurol (2012) 71(10):855–67. doi: 10.1097/NEN.0b013e31826bf7f3

26. Zhang, X, Bogunovic, D, Payelle-Brogard, B, Francois-Newton, V, Speer, SD, Yuan, C, et al. Human intracellular ISG15 prevents interferon-α/β over-amplification and auto-inflammation. Nature (2015) 517(7532):89–93. doi: 10.1038/nature13801

27. Hou, C, Durrleman, C, Periou, B, Barnerias, C, Bodemer, C, Desguerre, I, et al. From diagnosis to prognosis: Revisiting the meaning of muscle ISG15 overexpression in juvenile inflammatory myopathies. Arthritis Rheumatol (2021) 73(6):1044–52. doi: 10.1002/art.41625

28. Pinal-Fernandez, I, Casal-Dominguez, M, Derfoul, A, Pak, K, Plotz, P, Miller, FW, et al. Identification of distinctive interferon gene signatures in different types of myositis. Neurology (2019) 93(12):e1193–204. doi: 10.1212/WNL.0000000000008128

29. Speeckaert, MM, Speeckaert, R, Laute, M, Vanholder, R, and Delanghe, JR. Tumor necrosis factor receptors: biology and therapeutic potential in kidney diseases. Am J Nephrol (2012) 36(3):261–70. doi: 10.1159/000342333

30. Richter, F, Williams, SK, John, K, Huber, C, Vaslin, C, Zanker, H, et al. The TNFR1 antagonist atrosimab is therapeutic in mouse models of acute and chronic inflammation. Front Immunol (2021) 12:705485. doi: 10.3389/fimmu.2021.705485

31. Palacios, Y, Ruiz, A, Ramón-Luing, LA, Ocaña-Guzman, R, Barreto-Rodriguez, O, Sánchez-Monciváis, A, et al. Severe COVID-19 patients show an increase in soluble TNFR1 and ADAM17, with a relationship to mortality. Int J Mol Sci (2021) 22(16):8423. doi: 10.3390/ijms22168423

32. Zhang, N, Wang, Z, and Zhao, Y. Selective inhibition of tumor necrosis factor receptor-1 (TNFR1) for the treatment of autoimmune diseases. Cytokine Growth Factor Rev (2020) 55:80–5. doi: 10.1016/j.cytogfr.2020.03.002

33. Mielnik, P, Chwalinska-Sadowska, H, Wiesik-Szewczyk, E, Maslinski, W, and Olesinska, M. Serum concentration of interleukin 15, interleukin 2 receptor and TNF receptor in patients with polymyositis and dermatomyositis: correlation to disease activity. Rheumatol Int (2012) 32(3):639–43. doi: 10.1007/s00296-010-1692-y

34. Jia, Q, Liao, X, Zhang, Y, Xu, B, Song, Y, Bian, G, et al. Anti-tumor role of CAMK2B in remodeling the stromal microenvironment and inhibiting proliferation in papillary renal cell carcinoma. Front Oncol (2022) 12:740051. doi: 10.3389/fonc.2022.740051

35. Zheng, R, Liang, J, Lu, J, Li, S, Zhang, G, Wang, X, et al. Genome-wide long non-coding RNAs identified a panel of novel plasma biomarkers for gastric cancer diagnosis. Gastric Cancer (2019) 22(4):731–41. doi: 10.1007/s10120-018-00915-7

36. Li, K, Fan, J, Qin, X, and Wei, Q. Novel therapeutic compounds for prostate adenocarcinoma treatment: An analysis using bioinformatic approaches and the CMap database. Med (Baltimore) (2020) 99(51):e23768. doi: 10.1097/MD.0000000000023768

37. Jin, L, Zhu, LY, Pan, YL, Fu, HQ, and Zhang, J. Prothymosin α promotes colorectal carcinoma chemoresistance through inducing lipid droplet accumulation. Mitochondrion (2021) 59:123–34. doi: 10.1016/j.mito.2021.04.001

38. Tsai, YS, Jou, YC, Tsai, HT, Shiau, AL, Wu, CL, and Tzai, TS. Prothymosin-α enhances phosphatase and tensin homolog expression and binds with tripartite motif-containing protein 21 to regulate kelch-like ECH-associated protein 1/nuclear factor erythroid 2-related factor 2 signaling in human bladder cancer. Cancer Sci (2019) 110(4):1208–19. doi: 10.1111/cas.13963

39. Chen, K, Xiong, L, Yang, Z, Huang, S, Zeng, R, and Miao, X. Prothymosin-α and parathymosin expression predicts poor prognosis in squamous and adenosquamous carcinomas of the gallbladder. Oncol Lett (2018) 15(4):4485–94. doi: 10.3892/ol.2018.7824

40. Kumar, A, Kumar, V, Arora, M, Kumar, M, Ammalli, P, Thakur, B, et al. Overexpression of prothymosin-α in glioma is associated with tumor aggressiveness and poor prognosis. Biosci Rep (2022) 42(4):BSR20212685. doi: 10.1042/BSR20212685

41. Torriglia, A, Martin, E, and Jaadane, I. The hidden side of SERPINB1/Leukocyte elastase inhibitor. Semin Cell Dev Biol (2017) 62:178–86. doi: 10.1016/j.semcdb.2016.07.010

42. Benarafa, C, LeCuyer, TE, Baumann, M, Stolley, JM, Cremona, TP, and Remold-O’Donnell, E. SerpinB1 protects the mature neutrophil reserve in the bone marrow. J Leukoc Biol (2011) 90(1):21–9. doi: 10.1189/jlb.0810461

43. Hou, L, and Yuki, K. SerpinB1 expression in Th17 cells depends on hypoxia-inducible factor 1-alpha. Int Immunopharmacol (2020) 87:106826. doi: 10.1016/j.intimp.2020.106826

44. Chávez-Galán, L, Olleros, ML, Vesin, D, and Garcia, I. Much more than M1 and M2 macrophages, there are also CD169(+) and TCR(+) macrophages. Front Immunol (2015) 6:263. doi: 10.3389/fimmu.2015.00263

45. Matsuda, S, Kotani, T, Ishida, T, Fukui, K, Fujiki, Y, Suzuka, T, et al. Exploration of pathomechanism using comprehensive analysis of serum cytokines in polymyositis/dermatomyositis-interstitial lung disease. Rheumatol (Oxford) (2020) 59(2):310–8. doi: 10.1093/rheumatology/kez301

46. Song, W, and Craft, J. T Follicular helper cell heterogeneity: Time, space, and function. Immunol Rev (2019) 288(1):85–96. doi: 10.1111/imr.12740

47. Hou, X, Yang, C, Lin, M, Tian, B, Zhao, S, Liu, X, et al. Altered peripheral helper T cells in peripheral blood and muscle tissue of the patients with dermatomyositis. Clin Exp Med (2021) 21(4):655–61. doi: 10.1007/s10238-021-00713-z

48. Lu, J, Wu, J, Xia, X, Peng, H, and Wang, S. Follicular helper T cells: potential therapeutic targets in rheumatoid arthritis. Cell Mol Life Sci (2021) 78(12):5095–106. doi: 10.1007/s00018-021-03839-1

49. Waschbisch, A, Schwab, N, Ruck, T, Stenner, MP, and Wiendl, H. FOXP3+ T regulatory cells in idiopathic inflammatory myopathies. J Neuroimmunol (2010) 225(1-2):137–42. doi: 10.1016/j.jneuroim.2010.03.013

50. Ali, N, and Rosenblum, MD. Regulatory T cells in skin. Immunology (2017) 152(3):372–81. doi: 10.1111/imm.12791

51. Wang, D, and Lei, L. Interleukin-35 regulates the balance of Th17 and treg responses during the pathogenesis of connective tissue diseases. Int J Rheum Dis (2021) 24(1):21–7. doi: 10.1111/1756-185X.13962

52. Feng, M, Guo, H, Zhang, C, Wang, Y, Liang, Z, Zhao, X, et al. Absolute reduction of regulatory T cells and regulatory effect of short-term and low-dose IL-2 in polymyositis or dermatomyositis. Int Immunopharmacol (2019) 77:105912. doi: 10.1016/j.intimp.2019.105912

53. Yan, W, Wang, L, Chen, Z, Gu, C, Chen, C, Liu, X, et al. Knockdown of lncRNA HAGLR promotes treg cell differentiation through increasing the RUNX3 level in dermatomyositis. J Mol Histol (2022) 53(2):413–21. doi: 10.1007/s10735-021-10051-9

54. Yang, Y, Day, J, Souza-Fonseca Guimaraes, F, Wicks, IP, and Louis, C. Natural killer cells in inflammatory autoimmune diseases. Clin Transl Immunol (2021) 10(2):e1250. doi: 10.1002/cti2.1250

55. Pawlitzki, M, Nelke, C, Rolfes, L, Hasseli, R, Tomaras, S, Feist, E, et al. NK cell patterns in idiopathic inflammatory myopathies with pulmonary affection. Cells (2021) 10(10):2551. doi: 10.3390/cells10102551


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 Zhao and Si. 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-14-1053099-g003.jpg
A" type I interferon signaling pathway | IR
cellular response to type | interferon [N
response to type | interferon- NN
response to interferon-gamma | NN o
response to virus| [
defense response to virus 1 [N
efense respon iont1 I
R |
signaling pathway
echoga Ak L :
xtracellular matrix p.adjust
secrefory granule lumen 1 [N
cytoplasmic vesicle lumen+ [N P
vesicle lumen+ NN o
secretory granule membrane { |GGG ® 0.010
MHC protein complex- [N 0015
membrane raft| |G 0.020
membrane microdomain+ [N
double-stranded RNA binding{ [INNEG_G__
peptide antigen binding{ [N
chemokine activity+ [N
amide binding | NI =z
peptide binding | [ INEG_—— E
cargo receptor activity- [
GTPase activity NG
purine ribonucleoside binding [INEGGG_l
0 10 20 30 40
B
Epstein-Barr virus infection .
Coronavirus disease - COVID-19+ . p.adjust
1e-04
Phagosome - . 2e-04
3e-04
Influenza A+ . 4e-04
5e-04
Kaposi sarcoma-associated | .
herpesvirus infection
Count
Hepatitis C- () ® 125
@ 150
Pertussis{ @ @ s
Antigen processing and presentation1 @ . 25
NF-kappa B signaling pathway{ @ . 0
Viral protein interaction with cytokine and cytokine receptor{®

0.050.060.070.080.090.100.11
GeneRatio





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Five genes as diagnostic biomarkers of dermatomyositis and their correlation with immune cell infiltration

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Data processing and identification of DEGs

          



          		

            2.2 Functional enrichment analyses of DEGs

          



          		

            2.3 Machine learning-based biomakers screening

          



          		

            2.4 CIBERSORT-based immune cell infiltration analysis

          



          		

            2.5 Correlation analysis between immune cell infiltration and diagnostic biomarkers

          



        



        



        		

          3 Results

        

          		

            3.1 Data processing and DEGs identification

          



          		

            3.2 Functional enrichment analysis of DEGs

          



          		

            3.3 Diagnostic biomarkers identification and validation

          



          		

            3.4 Evaluation and correlations analysis of immune cell infiltration

          



        



        



        		

          4 Discussion

        

          		

            4.1 The importance of immune responses in DM

          



          		

            4.2 The value of the identified diagnostic genes for DM

          



          		

            4.3 Associated immune cell infiltration in DM muscles

          



          		

            4.4 Limitations

          



        



        



        		

          5 Conclusion

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-14-1053099-g001.jpg
GSE128470 GSE5370

Merging datasets
and normalization

Evaluation of Identification
immune cell of DEGs

infiltration baed on
CIBERSORT

Diagnostic
markers screening
based on machine

learning

Exploring the correlation
between biomarkers and
infiltrating immune cells

Functional correlation
analysis(GO,KEGQG)

Verifing
diagnostic
value of
biomarkers
with ROC
curves
(validation set
GSEI1551)






OEBPS/Images/fimmu.2023.1053099_cover.jpg
’ frontiers l Frontiers in Immunology

Five genes as diagnostic
biomarkers of dermatomyositis
and their correlation with
immune cell infiltration





OEBPS/Images/fimmu-14-1053099-g007.jpg
1SG15 SERPINB1
A Macrophages M1 — e B Macrophages M2 ®
NK cols actvated | o Macrophages M1 ®
S —e NK et actvaed °
Plasma cells ° Eosinophis- °
T cels CO4 memory resting{ e Mast celsresting °
Eosinophils- e T cetls gamma detta. Y
8 cells naive | —. Monocytes: °
Mast cells resting: - T cels CD4 memory activated °
Dendritic cells actvated P_vale T cells CD8- -
S —] " o N .
Menocytes- o  celis CD4 memory restng .
T cets gamma deta . Plasma cels- .
- d L S .
Teols CO84 o @ o5 B cets naive: °
8 celis memory| o Neutrophis. °
T cells CD4 naive: & Dendritic cels resting L
Macrophages MO: o T cells CD4 naive: 3
Mast cols actvated | [ Mastcels actvated °
NK s rostng o  cells foliular helper- [
T cots olcular helper{ @ NKeelsrestng] @
Dendrivc ces restng | @)t Macrophogesmo{ @
T cots roguntory Trogs | @t Tt reguatay e | @
%0 025 000 B3 0% En o0 s
Corelation Correlation
GUSBP11 TNFRSF1A
o —— ° D Macrophoges M1 °
Macrophages M2 o NK cells activated [}
NK cells activated | ™Y Macrophages M2 °
Eosinophis | : ] T celis CD4 memory resting )
Monocytes o Piasma cels. )
 cells gamma delta | L J Eosinophis- @
Pasma cefs. ) Mast cellsresting .
8 cells memary | ° P_value T cells gamma deta .
Mast cellsresting { ] © <008 Dendritc cels actvated .
T cells CD4 memory resting: . oo Monocytes .
T cets COB - Correlation 8 cells memory: .
Neutophis { - ® o1 Neutrophis: .
S . 4 —— .
B cells naive: . @ o4 B cells naive: L3
Dendritc cels actvated | . @ os T celis CD4 memory activated .
T celts CD4 naive- ° T cells CO4 naive: °
Dendriic cels resting o Macrophages MO L2
Mast cels actvated: o Dendritc cellsresting °
Macrophages MO < o Mast cells actvated ®
T cells reguiatory Tregs < [ ] T cells reguiatory Tregs. o
T cotsoticular heber | @ T cots olicuarheper| @)
N cets resting | @) N cets resting | @)
ED ER o3 E ES o0 o3 3
Correlation
PTMA
| J—— °
K cells actveted ®
Eosinophis: L ]
Manocytes: L]
T cells CD4 memory resting: (]
Macrophages M2 °
Plasma cels. °
B cells memory- . P_value
T cels gamma deta. * <005
« 2005
Neutrophis
B cets naive Correlation
Dendriti cells actvated . ® o1
Mastcels resting - : o
T cets OB ® o
Mast cellsacthated s @ s
T celis CD4 memory activated: °
T cells CO4 naive: °
Macrophages M0 ®
Dendritc ceils resting [ 2
 cells regulatory Tregs 3
Ncotsrestng] @
T cels folicular heiper | (@)
050 025 000 23 ok

« <005
+ 2005

Correlation
® 02
@ o4
® s

o <005
« 2005

Counelation
® 02
® o
@0





OEBPS/Images/fimmu-14-1053099-g005.jpg
GUSBP11
A P=0.0032

= Group
o5 =
8 B3 Normal

6

oM o

PTMA
Cc P=0.021

M o

Group

=
B3 Normal

P o

PM

ormt

SERPINBI1

=

pM

P=0.014

Norme!

Group

B3 pv
B3 Normal

Group

B3 DM

B3 Normal





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





OEBPS/Images/fimmu-14-1053099-g006.jpg
&

<

xf‘ff

d*’ f

&

3
2 -
3 @ k
e 3 5 8 o8
A s 2 g & F o £ 7
3 o - 3o 3 ) 2 23
> © S35 g8 5 & -§§gaa.§9§
2 E 8828 25 2o S ¢ 58 3T 2E
§ 8« E S5 8224532053833 88«
s 08 s g8 &8 0 8 Q TZ Q8 2= Do Ja}
E 0% & £S5 23 0L S5 0508 35980
2 ©» 8w 2 oo geFeg woy oo oF 0
8 85§ 82388 «v8 8858388y 3883%8538
® -3 F W32 ZZ20F002ZFZ22ZFF 20K
1
B cells memory -0.01 =01 0.04 0.05 0.15 ~0.25 -0.1 0.02 ~0.12f -0.33-0.23-0.04-0.05 0.01 0.09 0.13 0.17 0.06
T cells CD8 ~0.01-0.18-0.( 07-02.—0 09-0.16-0.
Monooyles 0.15 0.16 0.13 ~0.06-0.09-0.02-0.09, 1-0.21-0. =0.2 -0.12-0.13-0.02 0.09 -0.02 08
T cells gamma delta 0 -0.24-0.15-0.04 0.03
Eosinophils ~0.18-0.22-0.16 0.15 ~0.01 0.6
Macrophages M2 0.04 024 0.15 027
Macrophages M1 0.05 -0.01 016 0.1 0.1 0.4
NK cells activated 0.15 -0.18 0.13 026 0.15
Mast cells resting -0.25-0.07-0.06 0.05 0.23 0.06 0.17 0.09 02
Plasma cells 0.1 -0.24-0.09-0.07 0.09 ~0.07-0.07 0.28 -0.
T cells CD4 memory resting a.oz. .02-0.13-0.24-0.26 o,u.-o.n 03 0.17 -0.12-0.19-0.07 0.2 -0.17-0.14 0.09 0.04 ~0.11;
0
Dendritic cells activated -0.12-0.09-0.03 0.05 -0.04-0.23 0.04 0.27 -0.06-0.11 0.17 001 048 0 021 -0. z. -04 -o.u- 01
B cells naive 031 -0.09 0.05 -0.1 -012-025 0
Neutrophils 0.04 0.16 -a.m-ongxz -0.2 -0.01 -02
T cells CD4 naive 018 M;I-m—om-o.u 0.04 0.01
Macrophages MO -0.4
NK cells resting
T cells follicular helper 007 04 -0.02 -0.6
T cells regulatory Tregs  0.09 -0.05-0.13-0.24-0. 02 018 -0.21
” 3 | 1
Mast cells activated 0.13 0.26 -0.02-0.15-0.16-0.13-0.18-0.1; -0.08 0.04 ~0.16-0.12-0.29-0.14 0.03 031 0.07 0.2 -08
Dendritic cells resting a.11. 0.09 -0.04 0.15 ~0.23 34 —o.os—o.ﬂ-o.n.-ozs -02 0.04 -0.19 0.32 0.1 0.19 033
T cells CD4 memory activated 0.06 02 -0.02 0.03 -0.010.09 0 0.04 - 01 0 -001001-022 ~0.02-0.21-0.09 0.13
-1
B Immune infitration
SampleType B3 DM E3 Normal
04
03 ‘
p=0.002
g% p=0307
= s " p=0012 .
p=0817 p=0730 ® pERD2 p=0028
' p=0364 . p=0387 .
p=0719
o1 . p=0889 ¢ p=0.041 pross
=0352
p=0759 p=0597 p=o024 P=0¥
. =002
N p=0067
. i pr0o2
- o= _ 88
& & &
&,@" # R Ay 4 < 7 a'“ & f‘ Ray4 f«*"
ES Q¢ @0“ & & & & &
& o

A





OEBPS/Images/fimmu-14-1053099-g002.jpg
PCA Scores Plot PCA Scores Plot

A B - .
30 50
s Condition =
o & o
g o b g
&
50
30
~100
-601
300 200 100 [ 180 260 300 T [ 160
PCA(79.59%) PC1(21.66%)
c PCA Scores Plot D PCA Scores Plot
1004
100
504
= L]
8 f Condition =
¥ 0 ° ® GSE128470 S o
i ; ® GSE5370 b
&
-50
~100
-100
—T00 [ 200 ) 260
PC1(79.59%) PC1(21.66%)

§ 4

<

> © Down
a “  Nosignifi
2 * Up

=

o

T

N

o 2
log2 (FoldChange)

Condition

® N
® bm

Condition

® GSE128470
© GSE5370





OEBPS/Images/table1.jpg
Datasets
(Platform)

GSE5370
(GPL96)

GSE128470
(GPLY6)

GSE1551
(GPL96)

Country

Organism

Human skeletal
muscle

Human skeletal
muscle

Human skeletal
muscle

Number of

Treated/
samples =
(DM/NQ)

5/4 0/5 Adult | 0/5
12/12 0/15 Adult  Not described
14/10 10/4 Adult | 7/7

Diagnostic crite-

ra

Not described

Hoogendijk et al. (13)

Hoogendijk et al. (13)

REEE e

Citation missing

Greenberg et al.
(14)

Greenberget al. (

)





OEBPS/Images/fimmu-14-1053099-g004.jpg
Binomial Deviance

06 08 10 12 14

0.4

0.2

1 10 12 13 11

9 9 4

H““WH“NIH\Wm||||||nnm

I

-4

)i

Log(%)

Sensitivity

0.4

1.0

0.8

0.6

0.2

0.0

12

-1

1.0

0.8

0.210

0.205

),

0.200

Cross-Validation

=}
©
[

(

RMSE
14
°
=}

0.185

[} 100 200

Variables

Validation ROC curve

0.6 0.4
Specificity

ISG15_AUC: 0.938
GUSBP11_AUC: 0.892
TNFRSF1A_AUC: 0.938
SERPINB1_AUC: 0.938
PTMA_AUC: 0.854
Together_AUC: 0.946

0.2 0.0 -0.2






