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Background

The incidence of thyroid cancer, whose local recurrence and metastasis lead to death, has always been high and the pathogenesis of papillary thyroid carcinoma (PTC) has not been clearly elucidated. Therefore, the research for more accurate prognosis-related predictive biomarkers is imminent, and a key gene can often be a prognostic marker for multiple tumors.



Methods

Gene expression profiles of various cancers in the TCGA and GTEx databases were downloaded, and genes significantly associated with the prognosis of THCA were identified by combining differential analysis with survival analysis. Then, a series of bioinformatics tools and methods were used to analyze the expression of the gene in each cancer and the correlation of each expression with prognosis, tumor immune microenvironment, immune neoantigens, immune checkpoints, DNA repair genes, and methyltransferases respectively. The possible biological mechanisms were also investigated by GSEA enrichment analysis.



Results

656 differentially expressed genes were identified from two datasets and 960 DEGs that were associated with disease-free survival in THCA patients were screened via survival analysis. The former and the latter were crossed to obtain 7 key genes, and the gene with the highest risk factor, ASF1B, was selected for this study. Differential analysis of multiple databases showed that ASF1B was commonly and highly expressed in pan-cancer. Survival analysis showed that high ASF1B expression was significantly associated with poor patient prognosis in multiple cancers. In addition, ASF1B expression levels were found to be associated with tumor immune infiltration in THCA, KIRC, LGG, and LIHC, and with tumor microenvironment in BRCA, LUSC, STAD, UCEC, and KIRC. Further analysis of the relationship between ASF1B expression and immune checker gene expression suggested that ASF1B may regulate tumor immune patterns in most tumors by regulating the expression levels of specific immune checker genes. Finally, GSEA enrichment analysis showed that ASF1B high expression was mainly enriched in cell cycle, MTORC1 signaling system, E2F targets, and G2M checkpoints pathways.



Conclusions

ASF1B may be an independent prognostic marker for predicting the prognosis of THCA patients. The pan-cancer analysis suggested that ASF1B may play an important role in the tumor micro-environment and tumor immunity and it has the potential of serving as a predictive biomarker for multiple cancers.
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Introduction

According to the American Cancer Society, 52,890 new cases of thyroid cancer were diagnosed in the United States in 2020, including 40,170 cases in women, which makes the thyroid cancer the fifth most common cancer among women in the United States (1). Papillary thyroid cancer (PTC) is a subtype of thyroid cancer and accounts for approximately 90% of all thyroid cancers (2). Although the incidence of PTC has been on the rise in recent years (2), PTC tends to be more differentiated and less malignant compared with other malignant tumors. Therefore, the majority of patients with highly differentiated PTC have a better overall prognosis with a 10-year survival rate greater than 90% (3, 4). However, a high rate of local recurrence is also a clinical feature of PTC, and studies have shown that high rates of lymph node metastasis and recurrence are important factors affecting the quality and duration of survival of PTC patients (5, 6). Therefore, further clarifying the molecular mechanisms of thyroid cancer and finding its key target molecules help the prediction of tumor prognosis.

Earlier studies have showed that despite its clinical heterogeneity, PTC has undergone consistent and specific molecular changes, and this finding may provide biomarkers for clinical applications (7). For example, Wreesmann et al. (8) found that abnormal MUC1 regulation was associated with aggressive behavior of PTC and may serve as a prognostic marker and potential therapeutic target for this disease. Min et al. (9) found that RARA, MAFF, miRNA-93, and their associated target gene SOX4, miRNA-342, and its target gene BCL2 were associated with the progression of TPC, and they may become prognostic markers and potential therapeutic targets for the disease. Xie et al (10) found that AHNAK2 could be used as a diagnostic and prognostic biomarker for PTC. With the advent of the Human Genome Project, high-throughput transcriptome data from cancer patients have become accessible because technologies have been developed to analyze large amounts of transcriptome data (11). Employing bioinformatics analysis with multiple databases to analyze gene expression, prognosis, mutation patterns, and function in different tumors is referred to as pan-cancer analysis. Thus, we can further use pan-cancer analysis to study the role of genes in different tumors and their association with different tumors.

In this study, we integrated THCA tumor samples from TCGA with normal samples from the GTEx database. Differential expression of mRNA was investigated using the Limma package of R software. One-way COX analysis was then used to screen genes associated with both THCA disease-free survival and DEGs: they were screened for overlapping genes in order to identify key genes. The expressions of these key genes were then analyzed in 33 cancers using pan-cancer analysis, and the correlation of the gene expressions with prognosis, immune microenvironment, immune checkpoint genes, and immune neo antigens were investigated.



Material and Method


Data Collection

All gene expression datasets and clinical information were obtained from the TCGA database (https://portal.gdc.cancer.gov/) and the GTEx database (https://gtexportal.org/) combined. mRNA expression profiles of 33 tumor cancer and normal tissue samples were downloaded from TCGA and GTEx, respectively. Removing batch effects from normalized data and corresponding to the corresponding clinical samples, removing duplicates and deleted samples from the downloaded data, and cases with missing clinical outcomes. There were 10201 tumor cases and 16571 controls in TCGA and GTEx datasets, details presented in Supplementary Table 1.Statistical analysis was performed using R software v4.0.3.



Analysis of Differentially Expressed Genes (DEGs)

Differential expression of mRNA was studied using the Limma package of R software (version: 3.40.2). Adjusted P values were analyzed in TCGA or GTEx to correct for false-positive results. DEGs were obtained by screening with |log2(FC)| > 2, P< 0.05. The heat and volcano plots were plotted using the R package ggplot2.



GO and KEGG Enrichment

To further explore the potential functions of potential targets, the data were analyzed by functional enrichment. Gene ontology (GO) is a widely used tool for annotating genes with functions, especially molecular functions (MF), biological pathways (BP), and cellular components (CC). To better understand the oncogenic role of target genes, the ClusterProfiler package in R was used to analyze the GO function of potential mRNAs and to enrich the KEGG pathway.



Key Gene Screening

In addition to DEGs, the patient population was also screened for potential prognostic genes that affect DFS (disease-free survival) in THCA by dividing the patient population into two groups based on a median expression (high expression vs. low expression). After DEGs analysis and KM analysis, several significantly expressed genes in THCA were obtained and potential key genes were searched for through the “VennDiagram” in the R package.



Survival Analysis

One-way COX was used to analyze the correlation between ASF1B expression and patient survival. The Kaplan-Meier(KM) method was used to compare the relationship between different ASF1B expression levels and the survival of patients. The expression levels of ASF1B in cancer tissues, paracancerous tissues, and non-cancerous tissues were divided into ASF1B high expression group and ASF1B low expression group. The One-way Cox survival analysis was performed using survival software, and the results were visualized by the “Forest plot” R package using forest plots.



Immunological Correlation Analysis

Data on the scores of six immune infiltrating cells from 33 cancers were downloaded from the TIMER database, and the correlation between gene expression and these immune cell scores were analyzed separately. The immune scores and stromal scores of each individual tumor sample were analyzed using the R package ESTIMATE in order to observe gene expressions versus immune scores in 33 tumors.



DNA Repair Genes and Methyltransferase Correlation Analysis

The correlation of five mis-match repair(MMRs) genes (MLH1, MSH2, MSH6, PMS2, EPCAM) with ASF1B expression was evaluated using expression profile data from TCGA. The correlation of the four methyltransferases’ expressions with ASF1B expression was analyzed. Visual analysis was performed using ggplot. The correlation was significant and positive when p < 0.05 and R> 0.20.



Gene Set Enrichment Analysis (GSEA)

To observe the effect of gene expression on tumors, the samples were divided into two groups of high and low expression based on gene expression levels, and the enrichment of KEGG and HALLMARK pathways in the high and low expression group was analyzed using GSEA respectively.




Results


Results of Differentially Expressed Gene Screening in THCA

A total of 3331 up-regulated genes and 5695 down-regulated genes were obtained via the Limma package analysis of R software(|log2(FC)| > 0.3785, P< 0.05). Volcano plots were drawn using Fold change and corrected p-value values (Supplementary Figure 1). After screening with |log2(FC)| > 2, P< 0.05,160 up-regulated genes and 496 down-regulated genes were obtained (Figure 1A). The grey dots in the graph indicated significantly differentially up-regulated genes and the orange dots indicated significantly differentially down-regulated genes. Due to a large number of differential genes, only the top 50 up-regulated and down-regulated genes with the largest differential changes were shown here as heat maps, respectively (Figure 1B).




Figure 1 | Differentially expressed genes and functional enrichment analysis; (A) volcano plot: grey dots indicate significantly differentially up-regulated genes and orange dots indicate significantly differentially down-regulated genes; (B) Heatmap plot of the DEGs; (C) KEGG enrichment analysis; (D) GO enrichment analysis



Next, KEGG pathway analysis was performed on differentially upregulated genes, which were involved in a total of 20 pathways that were mainly enriched for Ferroptosis(Figure 1C). GO enrichment analysis of differentially upregulated genes showed that they were mainly enriched in Neutrophil degranulation and Neutrophil activation that was involved in an immune response (Figure 1D).



Screening of Prognosis-Related Genes in THCA

One-way COX analysis of genes in THCA yielded 960 genes associated with disease-free survival prognosis, The top 20 genes of statistically significance level were shown in Figure 2A. Seven key genes were obtained by crossing the 656 differentially expressed genes with the top 205 prognosis-associated genes (Figure 2B). Displaying the disease-free survival curves of these 7 genes yielded the gene with the highest risk factor: ASF1B, which was selected for subsequent correlation studies (Figures 2C–F). The gene lists of DEGs and Genes about DFS, their “Fold change” and P-values were included in Supplementary Table 2.




Figure 2 | Overlap of differentially expressed genes and prognostic genes; (A) top 20 genes associated with DFS (disease-free survival) are shown; (B) overlap of DEGs and prognostic genes; (C) DFS survival curve of ASF1B; (D) DFS survival curve of SEZ6L2; (E) DFS survival curve of GALNT15; (F) DFS survival curve of ITGA2.





Expression of ASF1B in THCA and Other Cancers

First, the expression of ASF1B in THCA was observed, and the results showed that ASF1B expression levels were high in cancerous tissues (Figure 3A), the expression of ASF1B in different stage of THCA were shown in Figure 3B. Second, data from normal tissues in the GTEx database and data from TCGA tumor tissues were integrated to analyze the differences in ASF1B expression in 27 tumors. The results showed that ASF1B was highly expressed in all 26 tumors except TGCT, where the differences in ASF1B expression levels were not statistically significant compared with those in normal tissues (Figure 3C).




Figure 3 | Expression of ASF1B in tumors; (A) Expression level of ASF1B in THCA; (B) Expression level of ASF1B in different TNM stages of THCA; (C) Expression level of ASF1B in 27 cancer type. In (A) *** is P < 0.0001.





Prognostic Analysis of ASF1B Expression in THCA and Other Cancers

First, the association of ASF1B expression with overall survival and with disease-free survival in 33 TCGA tumors were calculated respectively by using univariate survival analysis. As shown in Figure 4A, ASF1B expression significantly affected the overall survival of ACC, CESC, HNSC, KICH, KIRC, KIRP, LAML, LGG, LIHC, LUAD, MESO, PAAD, PRAD, STAD, THYM, and UVM. The Kaplan-Meier curves were demonstrated in Figure 4C, and the results suggested that except for CESC, STAD, and THYM, high ASF1B expression was associated with poor patient prognosis. The association of ASF1B expression with disease-free survival was shown in Figures 4B, D and the results suggested that high ASF1B expression patient’ disease-free survival time was significantly lower than low ASF1B expression patient in KIRP, LIHC, LUSC, PAAD, SARC and THCA. Overall, the results suggested that ASF1B may be a potential prognostic predictor in THCA and other cancers.




Figure 4 | Univariate survival analysis was used to analyze the relationship between ASF1B expression and survival time in 33 tumors; (A) forest plot showing the relationship between ASF1B expression and OS; (B) forest plot showing the relationship between ASF1B expression and DFS; (C) KM curves of high and low ASF1B expression in 16 tumors significantly associated with OS survival; (D) KM curves of high and low ASF1B expression in 7 tumors significantly associated with DFS.





Correlation of ASF1B in THCA and Other Cancers With Tumor Immune Infiltration and Tumor Microenvironment

Whether ASF1B expression was correlated with the level of immune infiltration in THCA, or other different types of cancers has been investigated. Immune infiltration analysis showed that ASF1B expression was correlated with the level of immune infiltration in different types of tumors. In particular, in THCA, KIRC, LGG, and LIHC, ASF1B expression was significantly and positively correlated with the level of infiltration of B cells, CD4+ T cells, CD8+ T cells, Neutrophils, Macrophage, and Dendritic cells (Figures 5A–D). Via the R package for immune scoring and stromal scoring of individual tumor sample, as shown in Figure 5E, the top three tumors where ASF1B expression was significantly correlated with immune scoring were BRCA (R=-0.314, P<0.001), LUSC (R=-0.325, P<0.001), and STAD (R=-0.332, P<0.001); the top three tumors with stromal scoring (R=0.127, P<0.005), UCEC (R=-0.257, P<0.001), and LUSC (R=-0.325, P<0.001); the top three tumors significantly associated with stromal score were KIRC (R=0.127, P<0.005), UCEC (R=- 0.257, P<0.001) and LUSC (R=-0.325, P<0.001); the top three tumors significantly correlated with the composite score were LUSC, KIRC, and UCEC. Based on above results, it’s suggested that in terms of the tumor immune microenvironment, ASF1B expression levels were significantly negatively correlated with the immune score in BRCA, LUSC, STAD, UCEC while significantly positively correlated with the immune score in KIRC.




Figure 5 | Correlation of ASF1B with tumor immune infiltration and the tumor microenvironment in THCA and other cancers; (A) Correlation of ASF1B expression with immune cell infiltration in THCA; (B) Correlation of ASF1B expression with immune cell infiltration in KIRC; (C) Correlation of ASF1B expression with immune cell infiltration in LGG; (D) Correlation of ASF1B expression with immune cell infiltration in LIHC; (E) Correlation of ASF1B with the immune score, stromal score, and ESTIMATE score in pan-cancer.





Relationship Between ASF1B Expression and Immune Checkpoints and Immune Neoantigens

More than 40 common immune checkpoint genes were collected and the relationship between ASF1B expression and immune checkpoint gene expression was analyzed. The results were shown in Figure 6A. In a variety of tumors such as HNSC, KIRC, and LIHC, ASF1B expression was positively correlated with the expression levels of several immune checkpoint genes. It’s suggested that in these tumors, ASF1B may regulate the tumor immune pattern by regulating the expression levels of specific immune checkpoint genes. Figure 6B demonstrated the relationship between ASF1B expression and the number of neoantigens. The results found that ASF1B expression was significantly positively correlated with the number of neoantigens in LUAD, BRCA, UCEC, STAD, PRAD, and LGG.




Figure 6 | Correlation analysis of ASF1B expression in pan-cancer with immune neoantigens and immune checkpoint genes; (A) Correlation analysis of ASF1B expression in pan-cancer with immune checkpoint gene expression; (B) Correlation analysis of ASF1B expression in 19 tumors with the number of tumor neoantigens. In (A) * is P < 0.05, ** is P < 0.01 and *** is P < 0.001.





Relationship Between ASF1B Expression and DNA Repair Genes and Methyltransferase Expression

As shown in Figure 7A, ASF1B expression was significantly positively correlated with DNA repair genes in all cancers except CHOL, LAML, UCS, and UVM. DNA methylation can cause changes in stain structure, DNA conformation, DNA stability, and DNA-protein interactions and thus control gene expression. As shown in Figure 7B, it’s found that ASF1B expression was significantly and positively correlated with methyltransferase in all cancer species except CHOL and UCS. It is suggested that ASF1B may indirectly influence cancer development and progression by regulating epigenetic status.




Figure 7 | ASF1B expression in relation to DNA repair genes and methyltransferases; (A) correlation between ASF1B expression and gene expression levels of five MMRs; (B) correlation between ASF1B expression and expression of four methyltransferases; red: DNMT1, blue: DNMT2, green: DNMT3A, purple: DNMT3B. In (A) * is P < 0.05,** is P < 0.01, *** is P < 0.001.





GSEA Analysis of High and Low Expression of ASF1B in Pan-Cancer

The GSEA enrichment analysis revealed that ASF1B was involved in the regulation of many cancer metabolics and cancer immune signaling pathways. The three KEGG signaling pathways most significantly associated with ASF1B high expression were shown in Figure 8A, where ASF1B high expression was significantly enriched in cell cycle, pyrimidine metabolism, and oocyte meiosis-related pathways. The three HALLMARK pathways most significantly associated with ASF1B high expression were shown in Figure 8B, where ASF1B high expression was positive in MTORC1 signaling system, E2F target, and G2M checkpoint-related pathways.




Figure 8 | GSEA analysis of ASF1B; (A) enrichment analysis of ASF1B in KEGG signaling pathway; (B) enrichment analysis of ASF1B in HALLMARK signaling pathway.






Discussion

The identification of cancer prognostic biomarkers can aid the prediction of the prognostic status of each patient, which may help to achieve personalized cancer treatment (12). It has been partially demonstrated that some key genes can influence development of PTC. For example, mutations in BRAF and RAS loci are closely associated with development of PTC; rearrangements involving RET and NTRK1 can activate the MARK signaling pathway, accelerating the progression of PTC. With the development of bioinformatics, extensive studies of microarrays and RNA-seq have made it possible to discover new biomarkers for PTC (13). He et al. (14) reported that the discovery of CDH3, CTGF, CYR61, FGF13, CHRDL1, and OGN was not possible without comprehensive bioinformatics analysis and multiple datasets in immune related pathways that were closely involved in PTC tumorigenesis and prognosis. In a whole, there is a need to find more biomarkers that can more accurately predict cancer and its prognosis. To focus on the role and value of the biomarker in other cancers is to provide ideas for cancer therapeutic targets, in addition to fully understand the mechanism of PTC progression.

In this study, a total of 12 key genes were obtained by a crossover of differentially upregulated genes in THCA and the genes associated with disease-free survival in THCA. ASF1B gene with the highest risk coefficient was selected to observe its expression and predictive value in THCA prognosis as well as in a variety of other cancers. ASF1B, preferentially involved in cell proliferation, is an isoform of the histone chaperone protein ASF1, which mainly affects DNA replication, DNA damage repair, and transcriptional processes via chromatin function regulation. This study showed that ASF1B was highly expressed in the majority of cancers. It supported previous studies that ASF1B expression was elevated in cervical and breast cancers (15, 16). Moreover, elevated ASF1B expression was associated with not only poor prognosis in human lung adenocarcinoma but also the diagnosis and prognosis of breast, renal cell, and cervical cancers (16, 17); In this study, Kaplan-Meier curve demonstrated that high ASF1B expression was associated with poor cancer prognosis in 13 types of cancer, which suggested that ASF1B may serve as a prognostic predictive marker for THCA and a potential predictor of other cancers.

In addition, this study found that ASF1B expressions in THCA, KIRC, LGG, and LIHC were significantly positively correlated with the infiltration levels of B cells, CD4+ T cells, CD8+ T cells, Neutrophils, Macrophage, and Dendritic cells. It’s suggested that ASF1B may alter the tumor microenvironment or the degree of tumor immune cell infiltration. In general, the process of immunity is mainly regulated through T cells, which can recognize tumor antigens in the tumor microenvironment and deliver tumor antigens to T cell receptors via antigen-presenting cells. Impaired T-cell function in most cancer patients is the main reason why cancer cells can evade protective anti-tumor immunity. Based on our findings, the mechanism of ASF1B regulation of immunity, although not yet confirmed experimentally, is theoretically feasible with ASF1B inhibitors. Some studies have reported that ASF1B may induce differentiation of sarcomatoid phenotype as a prognostic indicator by regulating the microenvironment and epithelial-mesenchymal transition in malignant mesothelioma (18). In further analysis it’s also found that ASF1B may regulate tumor immune patterns in various tumors by regulating the expression of specific immune checkpoint genes. Thanks to immune checkpoints, immunization is increasingly being used in the field of tumor immunotherapy with some significant breakthroughs. In many cancers such as non-small cell lung cancer (19), melanoma (20), renal cell carcinoma (21), and hepatocellular carcinoma (22), immune checkpoint inhibitors such as CTLA4 inhibitors and PD-1 inhibitors have been shown to have significantly positive effects on patient survival.

Previously study found that ASF1B may change the tumor microenvironment and changes the percentage of the macrophage and some other immune cells such as dendritic cell, monocyte and T cells regulatory (Tregs) (19). ASF1B was found to be associated with immune cell infiltration in HCC (23). ASF1B plays a key role in modifying the chromatin nucleosome structure by maintaining continuous supply of the histones at nucleosome assembly sites as well. Packaging of nucleosomal DNA into distinct structures relies on complex interplays between modifications of histones and DNA, histone variants, chromatin-binding proteins, and noncoding RNAs (24).

The DNA mismatch repair system is a type of safety and security systems that can repair DNA base mismatches in human cells. It has an important role in maintaining the integrity and stability of genetic material and avoiding the generation of genetic mutations (25). In this study, five DNA repair genes MLH1, MSH2, MSH6, PMS2, and EPCAM were evaluated in detail. It’s found that ASF1B expression was significantly positively correlated with DNA repair genes in most cancers. In addition, ASF1B expression was significantly and positively correlated with methyltransferases in many cancer species. However, up till now rare studies have been reported on mechanisms between ASF1B expression and DNA methylation, and this study sheds lights on ASF1B expression and DNA methylation for future investigations.

Finally, GSEA enrichment was used to analyze the biological functions of ASF1B in tumors and it was found that the highly expressed ASF1B was mainly enriched in cell cycle, oocyte meiosis, pyrimidine metabolism, and other related pathways, and was positive in MTORC1 signaling system, E2F targets, and G2M checkpoint related pathways. E2F transcription factor family is one of the most important cytokines involved in cell cycle G1-S phase. E2F transcription factors not only regulate the expression level of target genes but also ensure target genes are largely transcribed in a cell cycle-dependent manner. Therefore, abnormalities in E2F transcription factors play a role in tumorigenesis. Also, E2F transcription factors have been found to regulate ASF1B (26). The ASF1B protein is a substrate for the regulation of cell cycle kinase class (27, 28). The cell cycle kinase plays a key role in regulating chromatin nucleosome structure by ensuring a constant supply of histones at the nucleosome assembly site while interacting directly with transcriptional regulators (29, 30). In addition, it has also been reported that H3K56ac is a key regulator of chromatin assembly/disassembly responses mediated by the histone chaperone Asf1, which is regulated by mTORC1 signaling (31, 32). Our pan-cancer analysis similarly supported the function of ASF1B in the regulatory mechanism.



Conclusion

In summary, we analyzed the transcriptomic data of cancers in public databases, and found some new information from differentially expressed genes, especially the upregulated expression of ASF1B gene correlated to the prognosis of thyroid cancer (THCA), and ASF1B is associated with disease prognosis in THCA and can be used as a biomarker for THCA prognosis. In the pan-cancer analysis, ASF1B expression is related with immune cell infiltration level and the tumor microenvironment and affects cancer development by interrupting cell cycle, interfering with DNA mismatch repair, promoting DNA methylation, etc. Future study should work on providing a bioinformatics basis for the mechanism of ASF1B in tumor immunity and tumor microenvironment. However, some limitations should be acknowledged in this study. The above conclusions are obtained via bioinformatics analysis merely, further biological experiments are required to confirm the function and molecular mechanisms of ASF1B and its signal pathways in THCA.
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Supplementary Figure 1 | Differentially expressed genes and functional enrichment analysis; (A) volcano plot: black dots indicate significantly differentially up-regulated genes and yellow dots indicate significantly differentially down-regulated genes; (B) heat map: differential gene expression heat map, where different colors represent expression trends in different tissues.

Supplementary Table 1 | List of datasets.

Supplementary Table 2 | The gene lists of DEGs and Genes about DFS.
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References

1. Siegel, RL, Miller, KD, and Jemal, A. Cancer Statistics, 2020. CA Cancer J Clin (2020) 70(1):7–30. doi: 10.3322/caac.21590

2. Bray, F, Ferlay, J, Soerjomataram, I, Siegel, RL, Torre, LA, and Jemal, A. Global Cancer Statistics 2018: GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA Cancer J Clin (2018) 68(6):394–424. doi: 10.3322/caac.21492

3. Schneider, DF, and Chen, H. New Developments in the Diagnosis and Treatment of Thyroid Cancer. CA: Cancer J Clin (2013) 63(6):373–94. doi: 10.3322/caac.21195

4. Amin, MB, Greene, FL, Edge, SB, Compton, CC, Gershenwald, JE, Brookland, RK, et al. The Eighth Edition AJCC Cancer Staging Manual: Continuing to Build a Bridge From a Population-Based to a More “Personalized” Approach to Cancer Staging. CA: Cancer J Clin (2017) 67(2):93–9. doi: 10.3322/caac.21388

5. Li, R, Liu, J, Li, Q, Chen, G, and Yu, X. miR-29a Suppresses Growth and Metastasis in Papillary Thyroid Carcinoma by Targeting AKT3. Tumor Biol (2016) 37(3):3987–96. doi: 10.1007/s13277-015-4165-9

6. Dong, S, Jin, M, Li, Y, Ren, P, and Liu, J. MiR-137 Acts as a Tumor Suppressor in Papillary Thyroid Carcinoma by Targeting CXCL12. Oncol Rep (2016) 35(4):2151–8. doi: 10.3892/or.2016.4604

7. Grogan, RH, Kaplan, SP, Cao, H, Weiss, RE, DeGroot, LJ, Simon, CA, et al. A Study of Recurrence and Death From Papillary Thyroid Cancer With 27 Years of Median Follow-Up. Surgery (2013) 154(6):1436–47. doi: 10.1016/j.surg.2013.07.008

8. Wreesmann, VB, Sieczka, EM, Socci, ND, Hezel, M, Belbin, TJ, Childs, G, et al. Genome-Wide Profiling of Papillary Thyroid Cancer Identifies MUC1 as an Independent Prognostic Marker. Cancer Res (2004) 64(11):3780–9. doi: 10.1158/0008-5472.CAN-03-1460

9. Min, X-S, Huang, P, Liu, X, Dong, C, Jiang, X-L, Yuan, Z-T, et al. Bioinformatics Analyses of Significant Prognostic Risk Markers for Thyroid Papillary Carcinoma. Tumor Biol (2015) 36(10):7457–63. doi: 10.1007/s13277-015-3410-6

10. Xie, Z, Lun, Y, Li, X, He, Y, Wu, S, Wang, S, et al. Bioinformatics Analysis of the Clinical Value and Potential Mechanisms of AHNAK2 in Papillary Thyroid Carcinoma. Aging (Albany NY) (2020) 12(18):18163. doi: 10.18632/aging.103645

11. Venter, JC, Adams, MD, Myers, EW, Li, PW, Mural, RJ, Sutton, GG, et al. The Sequence of the Human Genome. science (2001) 291(5507):1304–51. doi: 10.1126/science.1058040

12. Shen, Y, Dong, S, Liu, J, Zhang, L, Zhang, J, Zhou, H, et al. Identification of Potential Biomarkers for Thyroid Cancer Using Bioinformatics Strategy: A Study Based on GEO Datasets. BioMed Res Int (2020) 2020:9710421. doi: 10.1155/2020/9710421

13. Grant, CS. Papillary Thyroid Cancer: Strategies for Optimal Individualized Surgical Management. Clin Ther (2014) 36(7):1117–26. doi: 10.1016/j.clinthera.2014.03.016

14. Ren, H, Liu, X, Li, F, He, X, and Zhao, N. Identification of a Six Gene Prognosis Signature for Papillary Thyroid Cancer Using Multi-Omics Methods and Bioinformatics Analysis. Front Oncol (2021) 11:838. doi: 10.3389/fonc.2021.624421

15. Corpet, A, De Koning, L, Toedling, J, Savignoni, A, Berger, F, Lemaître, C, et al. Asf1b, the Necessary Asf1 Isoform for Proliferation, is Predictive of Outcome in Breast Cancer. EMBO J (2011) 30(3):480–93. doi: 10.1038/emboj.2010.335

16. Liu, X, Song, J, Zhang, Y, Wang, H, Sun, H, Feng, X, et al. ASF1B Promotes Cervical Cancer Progression Through Stabilization of CDK9. Cell Death Dis (2020) 11(8):1–15. doi: 10.1038/s41419-020-02872-5

17. Jiangqiao, Z, Tao, Q, Zhongbao, C, Xiaoxiong, M, Long, Z, Jilin, Z, et al. Anti-Silencing Function 1B Histone Chaperone Promotes Cell Proliferation and Migration via Activation of the AKT Pathway in Clear Cell Renal Cell Carcinoma. Biochem Biophys Res Commun (2019) 511(1):165–72. doi: 10.1016/j.bbrc.2019.02.060

18. Schulz, M, Salamero-Boix, A, Niesel, K, Alekseeva, T, and Sevenich, L. Microenvironmental Regulation of Tumor Progression and Therapeutic Response in Brain Metastasis. Front Immunol (2019) 10:1713. doi: 10.3389/fimmu.2019.01713

19. Chen, T, Jia, Y, Li, X, Kong, F, Yin, Y, and Guo, S. ASF1B May Regulate the Tumor Microenvironment and Epithelial-Mesenchymal Transition in Malignant Mesothelioma to Induce the Differentiation of Sarcomatoid Phenotype as a Prognosis Target. Res Sq (2021). doi: 10.21203/rs.3.rs-146040/v1

20. Borghaei, H, Paz-Ares, L, Horn, L, Spigel, DR, Steins, M, Ready, NE, et al. Nivolumab Versus Docetaxel in Advanced Nonsquamous non–Small-Cell Lung Cancer. New Engl J Med (2015) 373(17):1627–39. doi: 10.1056/NEJMoa1507643

21. Pasquali, S, Hadjinicolaou, AV, Sileni, VC, Rossi, CR, and Mocellin, S. Systemic Treatments for Metastatic Cutaneous Melanoma. Cochrane Database Systematic Rev (2018) 2(2):CD011123. doi: 10.1002/14651858.CD011123.pub2

22. Xu, F, Jin, T, Zhu, Y, and Dai, C. Immune Checkpoint Therapy in Liver Cancer. J Exp Clin Cancer Res (2018) 37(1):1–12. doi: 10.1186/s13046-018-0777-4

23. Saleembhasha, A, and Mishra, S. Long Non-Coding RNAs as Pan-Cancer Master Gene Regulators of Associated Protein-Coding Genes: A Systems Biology Approach. PeerJ (2019) 7:e6388. doi: 10.7717/peerj.6388

24. Probst, AV, Dunleavy, E, and Almouzni, G. Epigenetic Inheritance During the Cell Cycle. Nat Rev Mol Cell Biol (2009) 10(3):192–206. doi: 10.1038/nrm2640

25. Huang, Y, and Li, G-M. DNA Mismatch Repair in the Context of Chromatin. Cell biosci (2020) 10(1):1–8. doi: 10.1186/s13578-020-00447-7

26. Mello, JA, Silljé, HH, Roche, DM, Kirschner, DB, Nigg, EA, and Almouzni, G. Human Asf1 and CAF-1 Interact and Synergize in a Repair-Coupled Nucleosome Assembly Pathway. EMBO Rep (2002) 3(4):329–34. doi: 10.1093/embo-reports/kvf068

27. Hayashi, R, Goto, Y, Tanaka, R, Oonogi, K, Hisasue, M, and Yoshida, K. Transcriptional Regulation of Human Chromatin Assembly Factor ASF1. DNA Cell Biol (2007) 26(2):91–9. doi: 10.1089/dna.2006.0515

28. Pilyugin, M, Demmers, J, Verrijzer, CP, Karch, F, and Moshkin, YM. Phosphorylation-Mediated Control of Histone Chaperone ASF1 Levels by Tousled-Like Kinases. PloS One (2009) 4(12):e8328. doi: 10.1371/journal.pone.0008328

29. Chimura, T, Kuzuhara, T, and Horikoshi, M. Identification and Characterization of CIA/ASF1 as an Interactor of Bromodomains Associated With TFIID. Proc Natl Acad Sci (2002) 99(14):9334–9. doi: 10.1073/pnas.142627899

30. Papadopoulos, P, Kafasi, A, De Cuyper, IM, Barroca, V, Lewandowski, D, Kadri, Z, et al. Mild Dyserythropoiesis and β-Like Globin Gene Expression Imbalance Due to the Loss of Histone Chaperone ASF1B. Hum Genomics (2020) 14(1):1–12. doi: 10.1186/s40246-020-00283-3

31. Chen, H, Fan, M, Pfeffer, LM, and Laribee, RN. The Histone H3 Lysine 56 Acetylation Pathway is Regulated by Target of Rapamycin (TOR) Signaling and Functions Directly in Ribosomal RNA Biogenesis. Nucleic Acids Res (2012) 40(14):6534–46. doi: 10.1093/nar/gks345

32. Recht, J, Tsubota, T, Tanny, J, Diaz, R, Berger, JM, Zhang, X, et al. Histone Chaperone Asf1 is Required for Histone H3 Lysine 56 Acetylation, a Modification Associated With S Phase in Mitosis and Meiosis. Proc Natl Acad Sci (2006) 103(18):6988–93. doi: 10.1073/pnas.0601676103




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 © 2021 Ma, Han and Lu. 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/fonc-11-711756-g002.jpg
m

survival rae
o

.

0 w0 02 0 os

o

0

o

DEGs  DEGs sboutOFS

3
-STEE s
s
. s » L o * i 15
iy (DFS ) suial yeas (DFS )
GaLNTIs 3 L
S ]
[y
H
i3
3
]
o [ o
]

H

" s

swrvival yoars (DFS )

“ H " i
survival years ( DFS )





OEBPS/Images/fonc-11-711756-g007.jpg





OEBPS/Images/fonc-11-711756-g004.jpg





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Comprehensive Pan-Cancer Analysis and the Regulatory Mechanism of ASF1B, a Gene Associated With Thyroid Cancer Prognosis in the Tumor Micro-Environment

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          Introduction

        



        		

          Material and Method

        

          		

            Data Collection

          



          		

            Analysis of Differentially Expressed Genes (DEGs)

          



          		

            GO and KEGG Enrichment

          



          		

            Key Gene Screening

          



          		

            Survival Analysis

          



          		

            Immunological Correlation Analysis

          



          		

            DNA Repair Genes and Methyltransferase Correlation Analysis

          



          		

            Gene Set Enrichment Analysis (GSEA)

          



        



        



        		

          Results

        

          		

            Results of Differentially Expressed Gene Screening in THCA

          



          		

            Screening of Prognosis-Related Genes in THCA

          



          		

            Expression of ASF1B in THCA and Other Cancers

          



          		

            Prognostic Analysis of ASF1B Expression in THCA and Other Cancers

          



          		

            Correlation of ASF1B in THCA and Other Cancers With Tumor Immune Infiltration and Tumor Microenvironment

          



          		

            Relationship Between ASF1B Expression and Immune Checkpoints and Immune Neoantigens

          



          		

            Relationship Between ASF1B Expression and DNA Repair Genes and Methyltransferase Expression

          



          		

            GSEA Analysis of High and Low Expression of ASF1B in Pan-Cancer

          



        



        



        		

          Discussion

        



        		

          Conclusion

        



        		

          Data Availability Statement

        



        		

          Author Contributions

        



        		

          Supplementary Material

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc.2021.711756_cover.jpg
’ frontiers
in Oncology

Comprehensive Pan-Cancer Analysis
and the Regulatory Mechanism of
ASF 1B, a Gene Associated With
Thyroid Cancer Prognosis in the

Tumor Micro-Environment





OEBPS/Images/fonc-11-711756-g008.jpg





OEBPS/Images/fonc-11-711756-g001.jpg





OEBPS/Images/logo.jpg
’ frontiers
in Oncology





OEBPS/Images/fonc-11-711756-g003.jpg
»
B
[
Z,
. ¥
- )

Sgel  Sagell Stagell StagelV
Stages

P

I”"i}

I,






OEBPS/Images/fonc-11-711756-g006.jpg





OEBPS/Images/fonc-11-711756-g005.jpg





