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Rheumatoid arthritis(RA) is the most common inflammatory arthritis, and a significant cause of morbidity and mortality. RA patients’ synovial inflammation contains a variety of genes and signalling pathways that are poorly understood. It was the goal of this research to discover the major biomarkers related to the course of RA and how they connect to immune cell infiltration. The Gene Expression Omnibus was used to download gene microarray data. Differential expression analysis, weighted gene co-expression network analysis (WGCNA), and least absolute shrinkage and selection operator (LASSO) regression were used to identify hub markers for RA. Single-sample GSEA was used to examine the infiltration levels of 28 immune cells and their connection to hub gene markers. The hub genes’ expression in RA-HFLS and HFLS cells was verified by RT-PCR. The CCK-8 assay was applied to determine the roles of hub genes in RA. In this study, we identified 21 differentially expressed genes (DEGs) in RA. WGCNA yielded two co-expression modules, one of which exhibited the strongest connection with RA. Using a combination of differential genes, a total of 6 intersecting genes was discovered. Six hub genes were identified as possible biomarkers for RA after a lasso analysis was performed on the data. Three hub genes, CKS2, CSTA, and LY96, were found to have high diagnostic value using ROC curve analysis. They were shown to be closely related to the concentrations of several immune cells. RT-PCR confirmed that the expressions of CKS2, CSTA and LY96 were distinctly upregulated in RA‐HFLS cells compared with HFLS cells. More importantly, knockdown of CKS2 suppressed the proliferation of RA‐HFLS cells. Overall, to help diagnose and treat RA, it’s expected that CKS2, CSTA, and LY96 will be available, and the aforementioned infiltration of immune cells may have a significant impact on the onset and progression of the disease.
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Introduction

Rheumatoid arthritis (RA) is a common chronic inflammatory joint disease characterized by persistent synovial hyperplasia and progressive destruction of joint cartilage and bone (1, 2). It is well recognized that RA can lead to decreased functional status, disability, and increased mortality (3). Around 1% of the population suffers from RA at any given time, and females are more likely than males to be affected (4, 5). The exact pathophysiology of RA is still not well understood. Studies have shown that it may be linked to immune system variables, environmental factors, genetics, and other factors (6, 7). Key aspects of RA’s pathogenesis, including lymphocyte infiltration and development of fibroblast-like synoviocytes (FLS) in the synovial fluid, have received major study attention (8, 9). Accordingly, it is imperative to investigate the molecular pathways that underlie the disease and find diagnostic biomarkers for RA in order to improve treatment outcomes for people with RA.

As more and more publicly available high-throughput data in worldwide were developed, an unanswered question has arisen: How can we leverage these large-scale data effectively to gain a full understanding of various diseases at the molecular levels (10, 11)? Human life is enriched by machine learning (ML), which is the scientific study of algorithms and statistical models (12). ML is particularly important in the identification of the potential biomarkers for the diagnosis and prognosis of human diseases, which is why it is being studied more and more in this sector (13, 14). A number of studies have used numerous markers to develop prediction models for early diagnosis in clinical patients, with mixed results (15, 16). However, prior researches have found that the accuracy of these models, which are comprised of predictive biomarkers, as well as their application scope, are significantly limited by the sample size (17, 18). The weighted gene co-expression network analysis (WGCNA) and the least absolute shrinkage and selection operator (LASSO) algorithms are widely used in bioinformatics analysis and exhibit an important in clinical application of various fields (19, 20). However, their application in screening potential biomarkers for RA was rarely reported.

In this investigation, we aimed to discover the major biomarkers related to the course of RA and how they connect to immune cell infiltration. We used two microarray datasets of RA that were retrieved from the GEO datasets. The study of differentially expressed genes (DEGs) was carried out between the RA and the controls. To filter and discover diagnostic biomarkers of RA, machine-learning techniques were applied. As a result of this study, for the first time, the fraction of immune cells in samples of RA and normal tissues was quantified using ssGSEA (single-sample gene set enrichment analysis). Moreover, we investigated the association between the biomarkers identified and the infiltrating immune cells in order to lay the groundwork for future studies.



Materials and Methods


Data Collection

The mRNA expression profile (Number: GSE17755 and GSE93272) was obtained from the GEO database (https://www.ncbi.nlm.nih.gov/geo/). GSE17755 contained blood samples of 99 RA patients and 45 healthy controls. GSE93272 contained blood samples of 232 RA patients and 43 healthy controls. The expression analysis of mRNA profile was detected by GPL1291 and GPL570.



Cell Incubation and Transfection

HFLS and RA‐infected HFLS (RA‐HFLS) were obtained from Cell Applications, Inc. DMEM containing 10% fetal bovine serum, 1% penicillin/streptomycin, and 5% CO2 was used to keep the cells at 37°C in an incubator. Lipo 3000 transfection reagent(Thermo Fisher Scientific, MA, USA) was used to deliver the CKS2 siRNA (siCKS2) and its negative control into RAHFLS.



Quantitative Real-Time PCR (qRT-PCR)

Based on manufacturer’s instructions, we extracted total RNA from cells using the TRIZOL reagent (Invitrogen, Carlsbad, CA, USA). The Reverse Transcription Kit was used to reverse-transcribe one microgram of total RNA into cDNA for use in the qRT-PCR assay (Takara, Dalian, China). With the use of the Fast Real-time PCR 7500 System(Applied Biosystems, Foster City, CA, USA), we were able to determine gene expression. After two minutes at 50°C, the PCR reaction was subjected to 40 cycles of 95°C for 15 seconds, followed by one minute at 60°C. The GAPDH gene was amplified to serve as an internal control. The relative quantification values for CKS2 were calculated by the 2-ΔΔCt method. The primers were as follows: CKS2 sense: 5’-TTCGACGAACACTACGAGTACC-3’; CKS2 antisense: 5’- GGACACCAAGTCTCCTCCAC-3’; GAPDH sense: 5’-AGAAGGCT-GGGGCTCATTTG-3’; GAPDH antisense: 5’-AGGGGCCATCCACAGTCTTC-3’.



Cell Proliferation Assay

Cells were harvested and detachable with 0.25 percent trypsin during the logarithmic growth phase. In 96-well plates, the cells were planted at a density of 2×103 cells per well. Each well was incubated at 37°C for an additional 2 h after incubation for 0, 24, 48, 72 and 96 hours with sterile Cell Counting Kit-8 solution (15μL). Finally, an optical density (OD) value measurement at 450 nm was performed using a Thermo Multiskan MK3 reader (Thermo Fisher, Schwerte, Germany).



Identification of Differentially Expressed Genes (DEGs)

It was normalised using RMA and the DEGs were evaluated using a limma R tool for GSE17755 dataset. Raw signals from the analysis were log2 transformed after quantile normalisation. [log2FC| > 1] and a false discovery rate of 0.05 were used to identify DEGs in this study.



Construction of Gene Co-Expression Network

WGCNA is a bioinformatics analytical method that is used frequently to explore effectively the relationships between genes and phenotypes (21). The WGCNA tool in R was used to build a weighted co-expression network for the GSE17755 dataset’s expressing data before a subset of genes with absolute deviations greater than 25% from the median were selected for further investigation. The “goodSampleGenes” function was used to verify the data’s integrity. PickSoftThreshold was used to select and verify an optimum soft threshold (b). In order to find modules based on topological overlap, the matrix data were transformed into an adjacency matrix, and then clustered. Clustering dendrograms were generated after the computation of module eigengene (ME) and merging of related modules in the tree based on ME. Using phenotypic data and modules, the importance of genes and clinical data was assessed, and the relationship between models and modules was examined.



Screening of the Critical Genes

Candidate hub genes were chosen from a pool of genes with the greatest degree of connection among modules. Absolute GS values tend to be greater in genes having biological importance. The criteria (absolute values of GS > 0.20 and MM > 0.80) were used to screen potential hub genes. LASSO is a regression-based methodology permitting for a large number of covariates in the model, and importantly has the unique feature penalizing the absolute value of a regression coefficient (22). In order to identify the final hub genes, we used the ‘glmnet’ package of R software to run LASSO analysis on the candidate hub genes and DEGs. Analysis of the levels of genes in RA samples and normal samples was carried out using box plots. The levels of hub genes that identify RA samples from healthy samples were assessed using ROC curves. In addition, a different dataset (GSE93272) was used to validate the levels of hub genes and diagnostic value.



Immune Cells Infiltration Analysis

ssGSEA in the “GSVA” R package was used to analyse the immune infiltration of RA (23). Immune cells and hub gene expression were then correlated using Spearman’s correlation.



Functional Enrichment Analysis

R packages “clusterProfiler” and “enrichplot” were used to perform GO assays, KEGG assays, and GSEA of DEGs with a statistically significant difference of at least P< 0.05 (24, 25). Gene sets with P 0.05 and a FDR q-value 0.05 were considered highly enriched in the MsigDB datasets for GSEA.



Statistical Analysis

Statistical analyses and graphs were generated using GraphPad Prism version 5.0 (La Jolla, CA, USA) or R.4.1.1 (R Core Team, Massachusetts, USA). By using the Student t-test, we were able to determine the differences between groups. Hub genes’ diagnostic accuracy was tested using ROC curves. For all tests, p-values of < 0.05 were interpreted as statistically significant.




Results


Identification of DEGs in RA

To explore the possible biomarkers for RA, data from a total of 99 RA and 48 control samples from GSE17755 were retrospectively analyzed in this study. A total of 21 DEGs were discovered, and all of them showed significant increases in expressions (Figures 1A, B).




Figure 1 | The dysregulated genes in RA from GSE17755 was shown in (A) Volcanic map and (B) Heat map.





Functional Enrichment Analysis of DEGs

For a better understanding of the biological processes and signal pathways linked with RA DEGs, researchers used GO and KEGG analyses. The results of GO assays revealed that DEGs were mainly enriched in ATP synthesis coupled electron transport, mitochondrial ATP synthesis coupled electron transport, respiratory electron transport chain, cytochrome complex, mitochondrial respiratory chain complex IV, respiratory chain complex, structural constituent of ribosome, cytochrome-c oxidase activity and heme-copper terminal oxidase activity(Figures 2A, B). The outcomes of KEGG assays revealed that DEGs were mainly enriched in pathways involved in Ribosome, Chemical carcinogenesis-reactive oxygen species, Coronavirus disease- COVID-19, Oxidative phosphorylation and Huntington disease (Figures 3A, B). In addition, the results of GSEA assays were shown in Figures 4A, B.




Figure 2 | (A, B) GO term analysis of DEGs.






Figure 3 | (A, B) KEGG term analysis of DEGs.






Figure 4 | Enrichment analyses via gene set enrichment analysis. (A) Enriched in control group. (B) Enriched in treat group.





Screening and Verification of Diagnostic Markers

Using WGCNA analysis, we were able to construct four exceptional coexpression modules. Multiple modules were shown to be associated with RA, as evidenced by the module-trait correlation studies (Figure 5A). This data was represented as heat maps, with turquoise (six genes) showing the strongest link to RA of all the modules studied thus far, as well as that of healthy controls (Figures 5B-D). Then, six overlapping features (CKS2, UQCRQ, NDUFA4, EVI2A, CSTA and LY96) between the group of DGEs and the group of turquoise were ultimately selected (Figure 5E). Moreover, The LASSO regression approach was used to narrow down the six overlapping features, and six variables were identified as diagnostic biomarkers for RA (Figures 6A, B). The distinct upregulation of CKS2, UQCRQ, NDUFA4, EVI2A, CSTA and LY96 were observed in RA samples compared with normal samples (Figure 7). To further confirm the expressing pattern of the above six genes in RA, we further analyzed GSE93272, and found that only CKS2, UQCRQ, EVI2A, CSTA and LY96 were highly expressed in RA compared with normal samples (Figures 8A, B). However, the expression of NDUFA4 remained unchanged between RA samples and healthy samples (Figure 8C). Analysis of the AUC values of the six hub genes was used to evaluate their sensitivity and specificity for RA diagnosis in ROC curve analysis. The AUC values of six genes were greater than 0.85, which suggested that these genes were highly diagnostic for RA (Figure 9). Using the GSE93272 dataset, the diagnostic usefulness of the six hub genes listed above was further confirmed for clinical purposes. CKS2, CSTA and LY96 had AUC values > 0.75 (Figure 10A), whereas the UQCRQ, NDUFA4 and EVI2A had an AUC value <0.7 (Figure 10B). Our findings highlighted the potential of CKS2, CSTA and LY96 used as novel diagnostic biomarkers for RA patients.




Figure 5 | Construction of WGCNA modules. (A) He module-trait relationship heat map. RA was strongly linked to the turquoise module. (B) Distribution of average gene significance in the modules related to RA. (C, D) Associations between module membership and gene importance is depicted in a scatter plot. (E) The Overlapping genes between DEGs and the MEturquoise module.






Figure 6 | Establishment of diagnostic biomarkers by LASSO regression analysis. (A) LASSO coefficient profiles of the six genes in RA. (B) The log (lambda) sequence was used to construct a coefficient profile diagram. The LASSO model’s optimal parameter (lambda) was chosen.






Figure 7 | The expressing pattern of six genes in RA samples and normal samples from GSE17755. ***p < 0.001.






Figure 8 | (A–C) The expressing pattern of six genes in RA samples and normal samples from GSE93272. *p<0.05, ***p<0.001. ns represents no significance.






Figure 9 | ROC assays for six genes based on GSE17755.






Figure 10 | (A, B) ROC assays for six genes based on GSE93272.





Immune Cell Infiltration and Its Associations With Diagnostic Genes

The ssGSEA algorithm was used to examine the association between RA and healthy controls in terms of differences in immune cell infiltration. Figure 11A showed the GSE17755 datasets’ distribution of 28 immune cells. We observed a distinctly higher infiltration of Activated.CD4.T.cell, Activated.CD8.T.cell, Activated.dendritic.cell, Eosinophil, CD56dim.natural.killer.cell, MDSC, Macrophage, Mast.cell, Neutrophil, Regulatory.T.cell, Type.17.T.helper.cell, Type.2.T.helper.cell, Memory.B.cell, Central.memory.CD4.T.cell in RA than in normal specimens, indicating that they play a critical role in developments of RA (Figure 11B). Furthermore, correlation analysis confirmed positive correlations of many types of immune cell infiltration with the expression of CKS2, CSTA and LY96 (Figure 11C).




Figure 11 | Assays of immune landscape related to RA. Heatmap (A) and violin plot (B) exhibiting the distribution of 28 immune cells in normal samples and RA samples. (C) The associations between immune cell infiltration and six hub genes. *p < 0.05, **p < 0.01, ***p < 0.001.





Impact of CKS2 on RA‐HFLS Cell Proliferation

To further demonstrate whether CKS2, CSTA and LY96 exhibited a dysregulated level in RA, we performed RT-PCR and found that the expression of CKS2, CSTA and LY96 was distinctly upregulated in RA-HFLS cells compared with normal HFLS cells (Figures 12A-C). Next, we decreased CKS2 expression by the use of siRNA in RA‐HFLS cells. RT-PCR demonstrated the distinct down-regulation of CKS2 in RA‐HFLS cells (Figure 12D). In addition, the proliferation of RA‐HFLS upon CKS2 silence were examined by CCK-8. As displayed in Figure 12E, knockdown of CKS2 suppressed the proliferation of RA-HFLS cells.




Figure 12 | The expression of CKS2, CSTA and LY96 in RA cells and the potential functions. (A) CKS2, (B) STA, and (C) LY96 was highly expressed in RA-HFLS cells compared with normal HFLS cells. (D) RT-PCR confirmed the distinct down-regulation of CKS2 in RA-HFLS cells after the transfection of si-CKS2. (E) CCK-8 assays revealed that knockdown of CKS2 suppressed the proliferation of RA-HFLS cells.**p < 0.01.






Discussion

RA is the most commonly diagnosed systemic inflammatory arthritis (26). An untreated RA may exhibit a distinct impact on the quality of life of patients, potentially leading to disability (27). A better understanding of the molecular level of illness detection and treatment is inevitable. Biomarkers that are related with rheumatoid arthritis have been identified. However, the precise mechanism of gene regulation that leads to disease progression has not yet been fully understood (28, 29).

In this study, we analyzed GSE17755 datasets and identified 21 DEGs in RA. Interesting, all 21 DEGs were highly expressed in RA, suggesting them as positive regulator factors in progressions of RA. Then, our group carried out KEGG assays using the 21 DEGs, finding that they were mainly enriched in pathways associated with Ribosome, Chemical carcinogenesis-reactive oxygen species, Coronavirus disease – COVID-19, Oxidative phosphorylation and Huntington disease. Then, we screened 6 possible diagnostic biomarkers for RA, based on WGCNA analysis and LASSO regression algorithm, including CKS2, UQCRQ, NDUFA4, EVI2A, CSTA and LY96. As a data reduction method and an unsupervised classification method, the WGCNA is a hybrid (19). Numerous synthetic gene groups (or modules) are reduced to a handful of easily interpreted gene responses. The use of machine learning-based algorithms in clinical decision-making is widespread (30, 31). Clinical efficacy has been proven for LASSO, one of the most often utilised algorithms. The diagnostic classifier constructed by the LASSO methods and WGCNA has been frequently used in many diseases, such as esophageal cancer, acute coronary syndrome and Sepsis (32–34). However, its application in RA was rarely.

After, we screened six possible biomarkers. Then, we further confirmed their diagnostic using GSE93272 datasets, and further demonstrated CKS2, CSTA and LY96 as critical biomarkers for RA based on the results of ROC assays. Cyclin-dependent kinase regulatory subunits 1 (CKS1) and 2 (CKS2) belong to a family of highly conserved small (9 KDa) cyclin-dependent kinase (CDK)-binding proteins that are involved in the modulation of the cell cycle (35, 36). CKS2 has previously been found to have a significant role in early embryonic developments and somatic cell division (37). However, its function in RA has not been investigated. Similar, the expression and function of CSTA and LY96 in RA also remained largely unclear. In this study, we further used the ssGSEA algorithm to analyze the infiltration of 28 immune cells in RA samples. Compared with normal samples, RA samples had distinctly higher levels of Activated.CD4.T.cell, Activated.CD8.T.cell, Activated.dendritic.cell, Immature.dendritic.cell, Gamma.delta.T.cell, Eosinophil, CD56dim.natural.killer.cell, MDSC, Macrophage, Mast.cell, Neutrophil, Regulatory.T.cell, Type.17.T.helper.cell, Type.2.T.helper.cell, Memory.B.cell, Central.memory.CD4.T.cell. CD8 infiltration in synovial tissues was revealed to be a predictor of RA progression and the existence of antibodies against citrullinated peptides by one investigation (38, 39). Moreover, our group found that the expressions of CKS2, CSTA and LY96 were related to the levels of many immune cells, highlighting their potential used as therapeutic targets for RA.

Finally, we performed RT-PCR to confirm the expressions of CKS2, CSTA and LY96 in RA-HFLS cells and normal HFLS cells. Our findings were consistent with the results from GEO datasets. The levels of CKS2, CSTA and LY96 were distinctly upregulated in RA-HFLS cells compared with normal HFLS cells. Moreover, we decreased the CKS2 expressions by introducing si-CKS2 or their NC cells into RA‐HFLS. Then, the results of CCK-8 assays revealed that knockdown of CKS2 distinctly suppressed the proliferation of RA-HFLS cells. Our findings further demonstrated CKS2 as a therapeutic target for RA.

Although we integrated a number of bioinformatics approaches and statistical methodologies, and performed diverse studies to uncover the diagnostic biomarkers, significant limitations should be noted. Firstly, this was a retrospective study, and thus it lacked new clinical samples and data. Secondly, the biological activities of the identified genes and the connections between those genes and RA have not been completely researched. Finally, the analysis relies solely on GEO databases. To support our findings, we would benefit from additional data from other sources.



Conclusion

Overall, we integrated multiple bioinformatics tools and identified three critical diagnostic genes in RA. In addition, three critical diagnostic genes infiltrating the immune microenvironment were identified in this research, which could function as novel markers and immune therapeutic targets. However, Further research is needed to support our findings that they may act as therapeutic targets for RA.



Data Availability Statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found below: https://www.ncbi.nlm.nih.gov/, GSE17755, https://www.ncbi.nlm.nih.gov/, GSE93272.



Author Contributions

Conception, FJ and HS. Design and revision of the manuscript, FJ and HZ. Analysis and interpretation of data, FJ and HS. All authors contributed to the article and approved the submitted version.



Funding

This work was supported by National Natural Science Foundation of China (No. 81960302), Gansu Province Clinical Research Center for Rheumatology(21JR7RA437), Cuiying Scientific and Technological Innovation Program of Lanzhou University Second Hospital (No. CY2021-BJ-A01).



References

1. Sayah, A, and English, JC 3rd. Rheumatoid Arthritis: A Review of the Cutaneous Manifestations. J Am Acad Dermatol (2005) 53:191–209; quiz 210-2. doi: 10.1016/j.jaad.2004.07.023

2. Smolen, JS, Aletaha, D, and McInnes, IB. Rheumatoid Arthritis. Lancet (2016) 388:2023–38. doi: 10.1016/S0140-6736(16)30173-8

3. Lin, YJ, Anzaghe, M, and Schülke, S. Update on the Pathomechanism, Diagnosis, and Treatment Options for Rheumatoid Arthritis. Cells 9 (2020). doi: 10.3390/cells9040880

4. McInnes, IB, and Schett, G. The Pathogenesis of Rheumatoid Arthritis. N Engl J Med (2011) 365:2205–19. doi: 10.1056/NEJMra1004965

5. Marsal, S, and Julià, A. Rheumatoid Arthritis Pharmacogenomics. Pharmacogenomics (2010) 11:617–9. doi: 10.2217/pgs.10.53

6. Burmester, GR, and Pope, JE. Novel Treatment Strategies in Rheumatoid Arthritis. Lancet (2017) 389:2338–48. doi: 10.1016/S0140-6736(17)31491-5

7. Deane, KD, and Holers, VM. Rheumatoid Arthritis Pathogenesis, Prediction, and Prevention: An Emerging Paradigm Shift. Arthritis Rheumatol (2021) 73:181–93. doi: 10.1002/art.41417

8. Sharif, K, Sharif, A, Jumah, F, Oskouian, R, and Tubbs, RS. Rheumatoid Arthritis in Review: Clinical, Anatomical, Cellular and Molecular Points of View. Clin Anat (2018) 31:216–23. doi: 10.1002/ca.22980

9. van der Woude, D, and van der Helm-van Mil, AHM. Update on the Epidemiology, Risk Factors, and Disease Outcomes of Rheumatoid Arthritis. Best Pract Res Clin Rheumatol (2018) 32:174–87. doi: 10.1016/j.berh.2018.10.005

10. Liang, S. Artificial Intelligence on High Throughput Data for Biomedical Research. Comb Chem High Throughput Screen (2021) 24:891–2. doi: 10.2174/138620732407210504084747

11. Gao, M, Ling, M, Tang, X, Wang, S, Xiao, X, Qiao, Y, et al. Comparison of High-Throughput Single-Cell RNA Sequencing Data Processing Pipelines. Brief Bioinform 22 (2021). doi: 10.1093/bib/bbaa116

12. DeGregory, KW, Kuiper, P, DeSilvio, T, Pleuss, JD, Miller, R, Roginski, JW, et al. A Review of Machine Learning in Obesity. Obes Rev (2018) 19:668–85. doi: 10.1111/obr.12667

13. Sirsat, MS, Fermé, E, and Câmara, J. Machine Learning for Brain Stroke: A Review. J Stroke Cerebrovasc Dis (2020) 29:105162. doi: 10.1016/j.jstrokecerebrovasdis.2020.105162

14. Triantafyllidis, AK, and Tsanas, A. Applications of Machine Learning in Real-Life Digital Health Interventions: Review of the Literature. J Med Internet Res (2019) 21:e12286. doi: 10.2196/12286

15. Rauschert, S, Raubenheimer, K, Melton, PE, and Huang, RC. Machine Learning and Clinical Epigenetics: A Review of Challenges for Diagnosis and Classification. Clin Epigenet (2020) 12:51. doi: 10.1186/s13148-020-00842-4

16. Peiffer-Smadja, N, Rawson, TM, Ahmad, R, Buchard, A, Georgiou, P, Lescure, FX, et al. Machine Learning for Clinical Decision Support in Infectious Diseases: A Narrative Review of Current Applications. Clin Microbiol Infect (2020) 26:584–95. doi: 10.1016/j.cmi.2019.09.009

17. Heo, J, Yoon, JG, Park, H, Kim, YD, Nam, HS, and Heo, JH. Machine Learning-Based Model for Prediction of Outcomes in Acute Stroke. Stroke (2019) 50:1263–5. doi: 10.1161/STROKEAHA.118.024293

18. Vamathevan, J, Clark, D, Czodrowski, P, Dunham, I, Ferran, E, Lee, G, et al. Applications of Machine Learning in Drug Discovery and Development. Nat Rev Drug Discov (2019) 18:463–77. doi: 10.1038/s41573-019-0024-5

19. Zhao, W, Langfelder, P, Fuller, T, Dong, J, Li, A, and Hovarth, S. Weighted Gene Coexpression Network Analysis: State of the Art. J Biopharm Stat (2010) 20:281–300. doi: 10.1080/10543400903572753

20. Climente-González, H, Azencott, CA, Kaski, S, and Yamada, M. Block HSIC Lasso: Model-Free Biomarker Detection for Ultra-High Dimensional Data. Bioinformatics (2019) 35:i427–35. doi: 10.1093/bioinformatics/btz333

21. Langfelder, P, and Horvath, S. WGCNA: An R Package for Weighted Correlation Network Analysis. BMC Bioinf (2008) 9:559. doi: 10.1186/1471-2105-9-559

22. Maksimov, MO, Pan, SJ, and James Link, A. Lasso Peptides: Structure, Function, Biosynthesis, and Engineering. Nat Prod Rep (2012) 29:996–1006. doi: 10.1039/c2np20070h

23. Subramanian, A, Tamayo, P, Mootha, VK, Mukherjee, S, Ebert, BL, Gillette, MA, et al. Gene Set Enrichment Analysis: A Knowledge-Based Approach for Interpreting Genome-Wide Expression Profiles. Proc Natl Acad Sci U S A (2005) 102:15545–50. doi: 10.1073/pnas.0506580102

24. Yu, G, Wang, LG, Han, Y, and He, QY. Clusterprofiler: An R Package for Comparing Biological Themes Among Gene Clusters. Omics (2012) 16:284–7. doi: 10.1089/omi.2011.0118

25. Gaudet, P, and Dessimoz, C. Gene Ontology: Pitfalls, Biases, and Remedies. Methods Mol Biol (2017) 1446:189–205. doi: 10.1007/978-1-4939-3743-1_14

26. Song, X, and Lin, Q. Genomics, Transcriptomics and Proteomics to Elucidate the Pathogenesis of Rheumatoid Arthritis. Rheumatol Int (2017) 37:1257–65. doi: 10.1007/s00296-017-3732-3

27. Kumar, LD, Karthik, R, Gayathri, N, and Sivasudha, T. Advancement in Contemporary Diagnostic and Therapeutic Approaches for Rheumatoid Arthritis. BioMed Pharmacother (2016) 79:52–61. doi: 10.1016/j.biopha.2016.02.001

28. Mun, S, Lee, J, Park, M, Shin, J, Lim, MK, and Kang, HG. Serum Biomarker Panel for the Diagnosis of Rheumatoid Arthritis. Arthritis Res Ther (2021) 23:31. doi: 10.1186/s13075-020-02405-7

29. Wang, J, Yan, S, Yang, J, Lu, H, Xu, D, and Wang, Z. Non-Coding RNAs in Rheumatoid Arthritis: From Bench to Bedside. Front Immunol (2019) 10:3129. doi: 10.3389/fimmu.2019.03129

30. Reel, PS, Reel, S, Pearson, E, Trucco, E, and Jefferson, E. Using Machine Learning Approaches for Multi-Omics Data Analysis: A Review. Biotechnol Adv (2021) 49:107739. doi: 10.1016/j.biotechadv.2021.107739

31. Glaab, E, Rauschenberger, A, Banzi, R, Gerardi, C, Garcia, P, and Demotes, J. Biomarker Discovery Studies for Patient Stratification Using Machine Learning Analysis of Omics Data: A Scoping Review. BMJ Open (2021) 11:e053674. doi: 10.1136/bmjopen-2021-053674

32. Li, D, Zhang, L, Liu, Y, Sun, H, Onwuka, JU, Zhao, Z, et al. Specific DNA Methylation Markers in the Diagnosis and Prognosis of Esophageal Cancer. Aging (Albany NY) (2019) 11:11640–58. doi: 10.18632/aging.102569

33. Li, YM, Li, ZL, Chen, F, Liu, Q, Peng, Y, and Chen, M. A LASSO-Derived Risk Model for Long-Term Mortality in Chinese Patients With Acute Coronary Syndrome. J Transl Med (2020) 18:157. doi: 10.1186/s12967-020-02319-7

34. Zhang, Z, Chen, L, Xu, P, Xing, L, Hong, Y, and Chen, P. Gene Correlation Network Analysis to Identify Regulatory Factors in Sepsis. J Transl Med (2020) 18:381. doi: 10.1186/s12967-020-02561-z

35. You, H, Lin, H, and Zhang, Z. CKS2 in Human Cancers: Clinical Roles and Current Perspectives (Review). Mol Clin Oncol (2015) 3:459–63. doi: 10.3892/mco.2015.501

36. Pines, J. Cell Cycle: Reaching for a Role for the Cks Proteins. Curr Biol (1996) 6:1399–402. doi: 10.1016/S0960-9822(96)00741-5

37. Martinsson-Ahlzén, HS, Liberal, V, Grünenfelder, B, Chaves, SR, Spruck, CH, and Reed, SI. Cyclin-Dependent Kinase-Associated Proteins Cks1 and Cks2 Are Essential During Early Embryogenesis and for Cell Cycle Progression in Somatic Cells. Mol Cell Biol (2008) 28:5698–709. doi: 10.1128/MCB.01833-07

38. Liao, L, Liang, K, Lan, L, Wang, J, and Guo, J. Marker Genes Change of Synovial Fibroblasts in Rheumatoid Arthritis Patients. BioMed Res Int (2021) 2021):5544264. doi: 10.1155/2021/5544264

39. Goronzy, JJ, and Weyand, CM. T and B Cell-Dependent Pathways in Rheumatoid Arthritis. Curr Opin Rheumatol (1995) 7:214–21. doi: 10.1097/00002281-199505000-00010




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


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

Copyright © 2022 Jiang, Zhou and Shen. 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-13-925695-g009.jpg
Sensitivity

Sensitivity

1.0

0.8

0.6

0.4

0.2

0.0

1.0

0.8

0.6

0.4

0.2

0.0

UQCRQ

AUC: 0.901
95% CI: 0.840-0.951

T T 1 1T 1T 71
0.0 0.2 0.4 0.6 0.8 1.0

1 - Specificity

CKS2

AUC: 0.919
95% Cl: 0.872-0.957

T T 1 1T 1T 71
0.0 0.2 0.4 0.6 0.8 1.0

1 — Specificity

Sensitivity

Sensitivity

NDUFA4

0.0

0.2

AUC: 0.884

95% Cl: 0.816-0.939

0.4 0.6
1 - Specificity

CSTA

0.8

1.0

0.0

0.2

AUC: 0.884

95% Cl: 0.832-0.929

04 0.6
1 — Specificity

0.8

1.0

Sensitivity

Sensitivity

LY96

0.0

0.2

AUC: 0.892
95% ClI: 0.839-0.938

0.4 0.6 0.8
1 - Specificity

EVI2A

1.0

0.0

0.2

AUC: 0.887

95% Cl: 0.833-0.930

0.4 0.6 0.8
1 — Specificity

1.0





OEBPS/Images/fimmu-13-925695-g010.jpg
1.0

08

o
=

0.0

1.0

@
=

0.2

0.0

CKs2

AUC: 0.794
95% Cl: 0.712-0.869

0.0

T
0.2

T T T
04 06 08

Specificity

uQcrQ

AUC: 0.603
95% Cl: 0.508-0.701

0.0

0.2

04 06 08
Specificity

]
2
& =

=)

10

08

o
s

0.0

10

08

0.2

0.0

CSTA LY96
°
e
3
z 3
£
‘AUC: 0.758 2 ‘AUC: 0.799
95% Cl: 0.675-0.836 3« 95% Cl: 0.722-0.870
3
)
3
°
S
T T T T T T T T T T T T
0.0 02 0.4 06 08 1.0 0.0 02 04 06 08 1.0
1 - Specificity 1 - Specificity
NDUFA4 EVI2A
°
@
3

AUC: 0.543
% CI: 0.445-0.643

T T T T T T
00 02 04 06 0.8 1.0

1 - Specificity

]
2
& =

=)

0.2

0.0

AUC: 0.605
95% Cl: 0.513-0.694

0.2

T T T
04 06 08

1 - Specificity






OEBPS/Images/fimmu-13-925695-g004.jpg
Running Enrichment Score

Ranked List Metric

'
o

'
°
2

Running Enrichment Score

Ranked List Metric

Enriched in control group

°
&>

°
IS

02

00

~—— GSE10325_CD4_TCELL_VS_MYELOID_UP
—— GSE10325_LUPUS_CD4_TCELL_VS_LUPUS_BCELL_UP
== GSE10325_LUPUS_CD4_TCELL_VS_LUPUS_MYELOID_UP
== GSE11057_CD4_CENT_MEM_VS_PBMC_UP

e GSE11057_NAIVE_CD4_VS_PBMC_CD4_TCELL_UP

BRI A

5000 10000 15000 20000
Rank in Ordered Dataset

Enriched in treat group
s GOLDRATH_EFF_VS_MEMORY_CD8_TCELL_UP

== GSE10325_BCELL_VS_LUPUS_BCELL DN
== GSE10325_CD4_TCELL_VS_LUPUS_CD4_TCELL_DN
= GSE10325_MYELOID_VS_LUPUS_MYELCID_DN

= GSE13484_UNSTIM_VS_YF17D_VACCINE_STIM_PBMC_DN

) I“II “ ‘J\‘”‘:l!l::l]: ’;|||| fllllllf: I|“H \”‘I [\l l |‘|H|||H| hllll“”{llllll,:llblw !

T

5000 10000 15000 20000
Rank in Ordered Dataset





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Identification of Critical Biomarkers and Immune Infiltration in Rheumatoid Arthritis Based on WGCNA and LASSO Algorithm

      

        		

          Introduction

        



        		

          Materials and Methods

        

          		

            Data Collection

          



          		

            Cell Incubation and Transfection

          



          		

            Quantitative Real-Time PCR (qRT-PCR)

          



          		

            Cell Proliferation Assay

          



          		

            Identification of Differentially Expressed Genes (DEGs)

          



          		

            Construction of Gene Co-Expression Network

          



          		

            Screening of the Critical Genes

          



          		

            Immune Cells Infiltration Analysis

          



          		

            Functional Enrichment Analysis

          



          		

            Statistical Analysis

          



        



        



        		

          Results

        

          		

            Identification of DEGs in RA

          



          		

            Functional Enrichment Analysis of DEGs

          



          		

            Screening and Verification of Diagnostic Markers

          



          		

            Immune Cell Infiltration and Its Associations With Diagnostic Genes

          



          		

            Impact of CKS2 on RA‐HFLS Cell Proliferation

          



        



        



        		

          Discussion

        



        		

          Conclusion

        



        		

          Data Availability Statement

        



        		

          Author Contributions

        



        		

          Funding

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-13-925695-g006.jpg
Coefficients

Binomial Deviance

0.5 0.6 0.7 0.8 0.9

0.4

6 6 6 6 6 6 6 54 4 4 4 4 3 3

1






OEBPS/Images/fimmu.2022.925695_cover.jpg
’ frontiers ‘ Frontiers in Immunology

Identification of Critical Biomarkers
and Immune Infiltration in
Rheumatoid Arthritis Based on
WGCNA and LASSO Algorithm





OEBPS/Images/fimmu-13-925695-g002.jpg
ATP sy couploa |
eckon rasport

rangpor, oyocrome 610
orygen

aerctc elcton ranspart|
an

andatvo prosphoryiaton]
P ——
secton vansportchan |
2 %

wratvanscngton

cotuar rspeton

<
2 ONTOLOGY

» = Biclogical Process.

' = ColiarCamparen
! = MoloodarFuncion
®

o

Pre—p—

mitochoncraresiratry |
Enain compie 1

fospratory chaincomplex o log10(Palue)

% ©2]
r——— . ea
e

Number o Genes
o = Nombor of Seiect 8l

@ ‘ & Rich Facioro-1) ' E‘ @10
om L (10,15]
~; (15,20
o » =20
B o

aaue
rbosoms | i

Erer—

respiatry chain comple

nar miochonds martrace |
Frtein compiex

iosomal suunt |

Toosome |

r—

roma-copper trminal oodase |
iy

oxstorscctase iy
acing on s heme aroup o |
e

oxstorecciase S,
acingon s heme group of|
s’ onygen ss sccspio

)
3

aecionrarser actty
oudoredctase acty

actngon NAD{EIN, quinons |
¢ Simiar compound a3

e
cakun-dependert 5|
g
oxorscuctase ciy
S an HADNT

proton rarsmemrare
ancporerscty






OEBPS/Images/fimmu-13-925695-g011.jpg
Monocyte

'ﬂ"” }‘ 1“ “'
Ll T L R
l'us“lll ..f’* bl '|J \’|“ ‘H” ':ﬁ""f::::;f“ .
E & ,‘h ;g i 11!1'/."* | ':':. = |
'H., 01;"' '}U;

| H.W" it M\ i il i ‘ il "r'lf"l"'l'r.'l'l'l il

(1138

— I I [R—

Gentral memory OB T ell
” Activated CDA Teell

PELIAIE ?o‘oiﬁ;j&sg )iso‘?\‘a«f«o\o‘
Ry Q@» S @f@d“j‘ &

AT e‘**f Y w”’f S

& s o4

&






OEBPS/Images/fimmu-13-925695-g008.jpg
<

Non-RA® B RA

Non-RAE B RA

Non-RA®  # RA

B ~
uoissaidxe v1SO

N .
% .
H
. Lol o
. t--
.

£y &
uoissaidxe 96A1

o
o

S w e

~ - =
uoissaidxe DNION

05

RA

Non-RA

RA

Non-RA

RA

Non-RA

Non-RA& & RA

Non-RA® & RA

Non-RA & ®=RA

ns

©

£ &
uoissaudxe pyANAN

20

o

0

uoissaidxe 7Sy

Non-RA

Non-RA

RA

Non-RA





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





OEBPS/Images/fimmu-13-925695-g001.jpg





OEBPS/Images/fimmu-13-925695-g007.jpg
Non-RA 22 B RA Non-RA B2 B RA

Non-RA B B RA

uoissaldxa DHOON

RA

Non-RA

RA

Non-RA

RA

Non-RA

Non-RA 88 & RA Non-RA &2 & RA

Non-RA = =RA

o]

~ ©
uoissaldxa zsSy)

RA

Non-RA

RA

Non-RA

RA

Non-RA





OEBPS/Images/fimmu-13-925695-g012.jpg
o

o

<

1 T 1 1

© © < N

uoissaldxa 9g AT oARe|eY

]

Normal HFLS RA-HFLS

T T T
© < N

uoissaldxa V18D anieloy

-

Normal HFLS RA-HFLS

o

T T T T
© © < N

uoissaldxa gS)D dAleey

o

Normal HFLS RA-HFLS

T
v
-

[a)

1.5+

*%

- si-NC
- si-CKS2

1
96

792

48

24

T
.

-—

T
10
=}

(wupgy)eniea o

.

si-NC si-CKS2

S

-

I
0
o

0.0

uoissaidxa gSHD aAieoy

0.0





OEBPS/Images/fimmu-13-925695-g005.jpg
Module-trait relationships

Gene significance across modules, p-value=4.6e-21

§ &
MEturquoise § 4
t 8
§ s
2
2
8 |
s
8l
s
grey turquoise
>
& «&
C Module membership vs. gene significance D Module membership vs. gene significance E
cor=0.27, p=0.0018 cor=0.82, p=2.4e-20
g4 : L oo Difference WGCNA
2 — T
fe i 'l ’ A
& o ° B o> o
8 [ .
5o . d £ 31 . Bh®
5 ° 5 2 R
2 . H E
2 o1 e S
&8s o o 8 e .
8o
8 ° 5 °
s s 00 ° o
s | — . . .
4 y T 02 04 08 08 10

00

02

‘Module Membership in grey module

04

06

08

Module Membership in turquoise module





OEBPS/Images/fimmu-13-925695-g003.jpg
A B

£
% '3
Ribosome:
£
Chemical carcinogenesis - reactive oxygen species.
Coronavirus disease - COVID-19. ] @

Oxidative phosphorylation
Huntington disease-

Non-alcoholic atty fver disease-

& Pathway
oo
qualve 5 % @4

oo N . . ]

Cardiac muscle contraction
Parkinson disease
Prion disease

0w % Rich Facior0-1) = . o 015
o o @52
om o0
=8 g ' .
o .
m . %

NF-kappa B signaling pathway

Amyotrophic ateral sclerosis-

Aizheimer disease

o





