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 Background

 Ewing’s sarcoma (ES) is one of the most prevalent malignant bone tumors worldwide. However, the molecular mechanisms of the genes and signaling pathways of ES are still not well sufficiently comprehended. To identify candidate genes involved in the development and progression of ES, the study screened for key genes and biological pathways related to ES using bioinformatics methods.

 
  Methods

 The GSE45544 and GSE17618 microarray datasets were downloaded from the Gene Expression Omnibus (GEO) database. Differentially expressed genes (DEGs) were identified, and functional enrichment analysis was performed. A protein–protein interaction (PPI) network was built, and key module analysis was performed using STRING and Cytoscape. A core-gene was gained and was validated by the validation dataset GSE67886 and immunohistochemistry (IHC). The diagnostic value and prognosis evaluation of ES were executed using, respectively, the ROC approach and Cox Regression.

 
  Results

 A total of 187 DEGs, consisting of 56 downregulated genes and 131 upregulated genes, were identified by comparing the tumor samples to normal samples. The enriched functions and pathways of the DEGs, including cell division, mitotic nuclear division, cell proliferation, cell cycle, oocyte meiosis, and progesterone-mediated oocyte maturation, were analyzed. There were 149 nodes and 1246 edges in the PPI network, and 15 hub genes were identified according to the degree levels. The core gene (UBE2T) showed high expression in ES, validated by using GSE67886 and IHC. The ROC analysis revealed UBE2T had outstanding diagnostic value in ES (AUC = 0.75 in the training set, AUC = 0.90 in the validation set). Kaplan-Meier (analysis of survival rate) and Cox Regression analyses indicated that UBE2T was a sign of adverse results for sufferers with ES.

 
  Conlusion

  UBE2T was a significant value biomarker for diagnosis and treatment of ES, thereby presenting a novel potential therapeutic target for ES as well as a new perspective for assessing the effect of treatment and prognostic prediction.
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   Highlights

  	 Ewing’s sarcoma (ES)-related DGEs were verified ground on the GEO database and TCGA database. 

 	 In all 187 DEGs and 15 hub genes were closely associated with the progression of ES. 

 	 One key alteration gene (UBE2T) was differently expressed between tumor specimens and normal specimens, suggesting that this gene may be a latent prognosis predictor for ES stufferers. 

 	 Validation set and IHC confirmed that the UBE2T was overexpressed in ES but not in normal tissues. 

 	 In patients with ES, UBE2T can be used as a biomarker with important diagnostic value as well as an independent prognosis. The discovery of UBE2T will provide a new perspective for ES research. 

 

 
  1 Introduction

 Ewing sarcoma (ES), an invasive ossature and soft-tissue cancer, is a frequent malignant bone tumor, ranking second among the pediatric population, and it also affects adolescents (1, 2). Presently, the standard of treatment for ES involves multimodal therapy, including surgical resection, local radiation therapy, and intensive multiagent chemotherapy (3). Despite tremendous advances in diagnosis, treatment, and prognosis of this illness with the advancement of medicine, nonspecific clinical features of ES give rise to symptoms that are unremarkable in the early stages, and high metastasis and recurrence rates have become the main poor outcomes of treatment(2, 4, 5). Furthermore, as the complete mechanisms of the molecular pathology for ES tumorigenesis and progression are unknown, there are few efficacious ways available to early diagnose the disease, resulting in a high mortality rate and death rate. As a result, successfully implementing diagnosis and treatment approaches requires a thorough insight into the mechanisms of the molecular biology underlying tumorigenesis, multiplication, and recurrence of ES.

 Affymetrix techniques and bioinformatics research have been increasingly employed to monitor gene expression levels in recent decades, allowing for the efficiently identification of DEGs and functional pathways related to the tumorigenesis and development of ES. There are many microarray data sets shared and kept in accessible web databases. In order to the screening of additional molecular markers, many microarray data information for identifying ES genes can be available from the database. To evaluate DEGs between tumor specimens and nontumor specimens, two microarray datasets collected from the GEO (Gene Expression Omnibus) (6) data bank were obtained and processed in this study. And to research the latent functions of these DEGs, we applied GO (Gene Ontology) (7, 8), KEGG (Kyoto Encyclopedia of Genes and Genomes) (9) pathway enrichment study, and PPI (protein–protein interaction) network research. Finally, the current investigation discovered a total of 187 DEGs, 15 hub genes and 1core DEGs, and further validation experiments, diagnostic value and prognosis analysis were carried out on core-DEGs, which discovered a valuable latent biomarker for the diagnosis, remedy, and prognosis evaluation of ES ( Figure 1 ).

  

 Figure 1 | This study’s flow diagram. GEO, Gene Expression Omnibus database; ES, Ewing’s sarcoma; DEGs, Differentially expressed genes; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; PPI, protein-protein interaction; IHC, Immunohistochemical. 

 

 
  2 Materials and methods

  2.1 Microarray data

 This currently study obtained two training datasets, the GSE17618 (10) and GSE45544 (11) from the GEO data bank (http://www.ncbi.nlm.nih.gov/geo) (6), which is a publicly accessible functional genetic and genomic data repository for high-throughput gene expression information, chips, and microarrays. The GSE45544 dataset (including 20 ES and 22 noncancerous tissue specimens) is dependent on Affymetrix GPL6244 platform data (Affymetrix Human Gene 1.0 ST Array), whereas the GSE17618 dataset (73 specimens, ES n = 55 and normal n = 18) is built on Affymetrix GPL570 platform data (Affymetrix Human Genome U133 Plus 2.0 Array). Furthermore, the GSE68776 (12) from the GPL570 platform (Affymetrix Human Exon 1.0 ST Array) was extracted as a validation dataset (ES specimens n = 32; normal n = 33) to be used later.

 
  2.2 Identification of DEGs

 The GEO2R (http://www.ncbi.nlm.nih.gov/geo/geo2r) was executed to pick out the DEGs between ES and noncancerous specimens. GEO2R is a web-based interactive tool that allows clients to gain data by comparing two or more GEO series datasets to discover DEGs from experimental results, to analyze DEGs, and to determine highly expressed and negatively regulated DEGs between ES samples and normal specimens. And, the adjusted P values (adj. P) and Benjamini and Hochberg false discovering rates were employed to provide a balance between the excavation of statistically meaningful genes and the restrictions of false-positives. Probe sets with no associated gene symbols were eliminated, as were genes with multiple probe sets. |logFC (fold change)| ≥ 2 and adj. P values < 0.01 were deemed statistically meaningful.

 
  2.3 DEG enrichment research using GO and KEGG

 The Databank for Annotation, Visualization, and Integrated Discovery (DAVID; http://david.ncifcrf.gov) (6.8 version)(13) is a publicly viewable laboratory biological information data bank that incorporates analytical and statistical tools based on biological analysis and offers a wide range with a suite of integrated functional annotation data of proteins and genes to continue investigating biological data information. GO is a computer-based bioinformatics software that is mostly used to annotate genes and research their biological processes (7). KEGG is a computer statistical resource database that evaluates high-standard biological processes and function systems from a wide range of molecular datasets and discovers pathways in which DEGs may play a major role (14). The DAVID online information system was implemented for the functional study of DEG biology. P < 0.05 was accepted as statistical significance.

 
  2.4 Building and analyzing of the PPI network and module

 The PPI network was built utilizing the STRING (Search Tool for the Retrieval of Interacting Genes, http://string-db.org) (11.0 version) (15) online database. Assessing and analyzing protein-protein interactions may critically reveal the mechanisms of the generation or progression of illnesses. An interaction with a combined score > 0.4 was considered statistically significant. Cytoscape (3.8.2 version) is an available open-source bioinformatics software tool utilized to visualize network systems of molecular interaction (16). And, the MCODE (Molecular Complex Detection) (2.0 version) plugin of Cytoscape is an application (APP) software used to search densely connected regions in large PPI networks (17) and to verify the most major module section (MCODE-DEGs). the following conditions for filtering were used: MCODE scores are greater than 5, the degree cutoff is 2, the node score cutoff is 0.2, the maximum depth is 100, and the k-score is 2,. and the biological process investigation was carried out with Cytoscape ClueGO (18) (version 2.5.8). Next, a hierarchical clustering (using R the pheatmap package) of MCODE-DEGs was implemented based on the expression profiling of training datasets.

 
  2.5 Core-DEG choice and verification set detection

 The degree levels in the cytoHubba (19) Cytoscape plugin were implemented to define the hub genes. Cytoscape ClueGO (18) (version 2.5.8) was used to depict the biological process investigation of core genes. Furthermore, mutant survival, including overall survival and illness-free survival, was assessed to further screen the hub gene core-DEG employing Kaplan-Meier methods in the cBioPortal web tool (http://www.cbioportal.Org) (20). Then, GSE68776 (ES n = 32, control n = 33) was used to validate the expression of the core-DEG, which was depicted in the volcano plot by the “ggplot2” software.

 
  2.6 Immunohistochemistry experiment

 A total of 11 paraffin-embedded Ewing’s sarcoma tissues (8 males (72.73%) and 3 females (27.27%)) were provided by Daping Hospital (Chongqing, China). All patients signed a written informed consent form. 3mm tumor paraffin sections were blocked for 1 hour at room temperature with sheep serum blocking solution (Zhongshan Jinqiao, China), then diluted 1/100 with anti-UBE2T antibody and anti-CD99 antibody(Cohesion Biosciences, UK) at 4 °C overnight. Then, for 2 hours at room temperature, goat anti rabbit secondary antibody (1:200 dilution; Biyuntian, China) was administered for color development (Zhongshan Jinqiao, China), and the nucleus was stained with hematoxylin. The results were then examined under an optical microscope (Ningbo Konfoong, China). Besides, to assess the area and density of stained regions, as well as the internal grating optical density (IOD) values of IHC sections, Image Pro Plus version 6.0 software (Media Cybernetics, Rockville, MD, USA) was employed. The signal density of a tissue region chosen at random from five locations was counted and statistically assessed using a blind approach.

 
  2.7 Diagnostic value analysis of UBE2T in the ES

 The receiver operating characteristic curve (ROC) technique in the Python package was executed to analyze core gene diagnostic effectiveness according to the training set and validation set.

 
  2.8 Identification of DEGs subgroups in ES

 To better understand the biological phenotype of MCODE-DEGs regulation in the tissue of ES patients, the MCODE-DEGs based on gene expression profiles in the training dataset were grouped using Consensus Cluster Plus (21). UMAP (version 0.2.7.0; a R software tool) was used to do dimension reduction analysis. Following that, the Python R package was used to do a visual analysis of the heat map and boxplot of the differential expression of MCODE module genes. Finally, Kaplan Meier method was used for survival analysis to obtain the most significantly different subgroups.

 
  2.9 The Cox regression analyses of core-DEG

 Based on expression profiles, using the R language Python module, a raincloud diagram (22) is utilized to graphically assess core-DEG expression differences in C3 and C4 subgroups. Then, the Cox regression analysis was used to further evaluate the relationship between the core-DEG expression and prognosis using the R software package survival and Maxstatat, and the best cutoff risk score was calculated. In addition, the Python package was used to investigate the association between various risk scores, patients’ survival time, status, and gene expression changes.

 
  2.10 Statistical analysis

 For statistical analysis, R package (version 4.0.2), IBM SPSS 26.0 software and graphpad prism 8 (graphpad Software Inc, CA, USA) were utilized. All data is provided as the means ± standard deviation(SD). The Student’s t test and Wilcoxon rank sum test were conducted to see if there were any differences between the sample groups. For survival analysis, the Kaplan-Meier technique was applied. Furthermore, ROC technology was adopted to assess the diagnostic effectiveness of core gene, which was represented by the Area Under Curve (AUC). The sensitivity and specificity of the gene were calculated. When the Youden’s index was adjusted to its maximum value, the optimum gene cut-off value was attained. Later, the prognosis analysis was examined using Cox regression. P<0.05 was considered statistically significant.

 
 
  3 Results

  3.1 Identification of DEGs in ES

 After standardizing the microarray findings, DEGs (595 in GSE45544 and 3343 in GSE17618) were discovered. According to the Venn diagram, the overlapping section of the two datasets included 187 genes ( Figure 2A ). There were 56 downregulated genes and 131 upregulated genes in the comparison of Ewing sarcoma tissues and noncancerous tissues ( Table 1 ).

  

 Figure 2 | DEG Venn diagram; Bubble Plot of the GO and KEGG enrichment study for DEGs. (A) DEGs in the GSE17618 and GSE45544 mRNA expression profiling datasets were filtered with a fold change > 2 and a P value < 0.01. 187 genes overlapped between the two datasets. (B–E) The P value is shown by the progressively shifting hue, and the quantity of genes is denoted by the size of the black dots. 

 

  Table 1 | Analyzation of the datasets identified 187 DEGs, including 131 upregulated and 56 downregulated genes, in tumor samples. 

 

 
  3.2 DEG enrichment analysis utilising GO and KEGG

 DAVID was carried out to accomplish function and passage enrichment research to ascertain the biology classification of DEGs. The results were visualized using the R language pack 4.1.3 version. The DEGs were considerably enriched in the cell cycle and Staphylococcus aureus infection, according to analyzation of the KEGG pathway ( Figure 2B ). According to GO analysis, alterations to BPs (biological processes) in DEGs were primarily enriched in cell division, cell proliferation, cell adhesion, mitotic nuclear division, positive regulatory process of apoptosis, and drug response ( Figure 2C ). ATP bound, protein bound, chromatin bound, and protein kinase bound were considerably enriched in the DEGs’ molecular functions (MFs) ( Figure 2D ). DEGs’ CC (cell component) alterations were primarily enriched in the spindle pole, membrane, cytoplasm, focal adhesion, cytosol, nucleoplasm, extracellular exosome, and nucleus ( Figure 2E ).

 
  3.3 Building and analyzing of the PPI network and module

 Then, MCODE, a Cytoscape plugin tool, was executed to establish the most meaningful module of the DEG PPI network. The PPI network ( Figure 3A ) included 149 nodes and 1246 edges, with 36 genes down-regulated and 113 genes up-regulated, whereas the MCODE network ( Figure 3B ) was composed of 43 nodes and 857 edges. Furthermore, the biological process analysis of MCODE-DEGs was visualized by Cytoscape ClueGO ( Figure 3C ), which was concentrated on regulation of cyclin-dependent proteins, serine/threonine kinase activity, cytokinesis, nuclear chromosome segregation, regulation of mitotic metaphase/anaphase transition, and spindle organization. Besides, Hierarchical clustering discovered that the genes expression level of the most important module significantly distinguished the ES samples from the nontumorous samples according to the expression profiles of training sets ( Figure 3D ).

  

 Figure 3 | Construction of the PPI network, and MCODE module; Biology process analyzation and hierarchical clustering of MCODE-DEGs. (A) The Cytoscape program was built to obtain the DEGs PPI network. Genes upregulated were highlighted in light red, whereas genes downregulated were highlighted in light yellow. (B) The PPI network yielded the most significant module (MCODE-DEGs), having 43 nodes and 857 edges. (C) ClueGO was employed to evaluate the biological processes of the MCODE-DEGs P < 0.01 was judged statistically meaningful. The node’s dark hue represented the rectified P value of ontologies. The quantity of genes participating in ontologies was represented by node’s size. (D) The heat map demonstrated significantly different in expression levels of MCODE-DEGs between the ES and control group. Red represented upregulation of genes; Blue represented downregulation. 

 

 
  3.4 Core-DEG choice and evaluation

 The first fifteen hub genes, which included CCNB2, CCT2, CD44, ECT2, FOXM1, HLA-DPA1, ITGA6, KIF20A, LYZ, MKI67, PLK1, RFC4, TGFBR2, TYMS, and UBE2T, were defined with the degree levels in the cytoHubba Cytoscape plugin, and an interaction network of the hub genes was constructed, resulting in 15 nodes and 43 edges ( Figure 4A ). Meanwhile,  Table 2  lists the names, descriptions, and roles of these hub genes. Then, the Cytoscape ClueGO software was employed to investigate the biological processes of hub genes, which were primarily concentrated on Mitosis cytokinesis, the dTMP biological process, and the positive regulation of self-antigen tolerance induction; these data imply that hub genes have a significant function in regulating the cell cycle and homeostasis in the internal environment ( Figure 4B ). Furthermore, the mutated survival analyses of the hub genes was accomplished in cBioPortal online using Kaplan-Meier method. Among the 15 hub genes, only the survival analysis of UBE2T with and without alteration by the log-rank test demonstrated a statistically meaningful (P < 0.05) UBE2T alteration showed a significant lower overall and illness-free survival ( Figure 4C ), and had a poorer outcome. These data suggest that UBE2T may be an important biomarker in the progression of ES. As a result, UBE2T was defined as the “core-DEG,” which will be studied later.

  

 Figure 4 | The hub genes’ connection network and biological process research; Core-DEG obtained by the cBioPortal web and verified by the GSE68776 and IHC. (A) The hub genes were obtained by CytoHubba with 15 nodes and 43 edges. (B) ClueGO was utilized to examine the biological processes of hub genes. The node’s dark hue represents the rectified P value of ontologies. The quantity of genes participating in ontologies is represented by node’s size. P < 0.01 was judged statistically meaningful. (C) The cBioPortal official website was employed to complete overall surviving and illness-free surviving studies of core-DEG, P < 0.05. (D) The volcanic plot showed expression of UBE2T in validation set GSE68776, with |log2FC|≥1.5, adjusted P<0.05. (E–H) The IHC findings revealed that the UBE2T protein (E, F) and CD99 (G, H) were overexpressed in ES but not in normal tissues, and the Student’s t test showed significant differences. (**P<0.01, ****P<0.0001). 

 

  Table 2 | Functional annotation of 15 hub genes selected by cytoHubba. 

 

 
  3.5 Expression change of UBE2T and CD99 in the validation data set and IHC of ES samples

 The expression of core-DEG was validated using GSE68776. The volcanic plot displayed that 15,440 DEGs were found (up = 939, down = 6,435; |log2FC|≥1.5; adjusted P<0.05). UBE2T was significantly upregulated in validation data sets ( Figure 4D ). Besides, IHC was used to identify the expression of UBE2T protein in Ewing’s sarcoma and normal tissues. The findings revealed that the UBE2T protein was overexpressed in ES but not in normal tissues ( Figure 4E ). There was a statistically significant difference between the groups (P<0.01) ( Figure 4F ). Obviously, the research data supported our prediction. Furthermore, CD99 has a high specific diagnostic value in IHC of ES tissue, so it is necessary to observe the difference between the ES sample and the control group. IHC results showed that CD99 was diffusely positive on the cell membrane of ES tissue ( Figure 4G, H ).

 
  3.6 Diagnostic performance of UBE2T in the ES training set and verification set

   Figure 5  depicted diagnostic value of UBE2T in ES. UBE2T was significantly overexpressed in ES in the training set (GES 17618 and GSE 45544) compared to the control group (P<0.001,  Figure 5A ). The Area Under Curve (AUC) of the ROC of UBE2T in diagnosing ES was 0.75, with sensitivity and specificity of 0.85 and 0.62, respectively ( Figures 5B, C ). Interestingly, the core gene is also excellent in the diagnostic evaluation of ES in the validation set (GSE68776). UBE2T expression was considerably increased in ES (P<0.0001,  Figure 5D ). The AUC of ROC was 0.90, its sensitivity was 0.94, and its specificity was 0.79 ( Figures 5E, F ). Obviously, these findings suggest that UBE2T had excellent value for ES diagnosis.

  

 Figure 5 | Performance of the core gene diagnostic ES in the training and verification sets. Based on the training set expression profiles (GSE17618 and GSE45544): (A) The difference in UBE2T expression between the ES and control groups. (B) The ROC curve of patients with ES based on the UBE2T gene. (C) The diagnostic value of the Core gene in distinguishing the ES group from the control group. According to the validation set expression profile (GSE68776): (D) The difference in UBE2T expression between the ES and control groups. (E) The ROC curve of people with ES based on the UBE2T gene. (F) The diagnostic value of the Core gene in distinguishing the ES group from the control group. AUC stands for Area Under the Curve; TPR stands for True Positive Rate; and FPR stands for False Positive Rate. 

 

 
  3.7 Analysis of MCODE-DEGs subgroups in ES

 55 samples of ES with patients (after removing non-conformance from inclusion criteria) were divided into 4 subgroups based on the expression levels of MCODE module genes: C1(N=17), C3(N=12), C4(N=13) and C2(N=13) ( Figure 6A ). Among the k = 2 to k = 10 clusters, K = 2 has the highest consistency, and k = 4 was the second ( Figure 6B  and  Supplement figure 1 ). UMAP analysis indicated significant variations among the clusters ( Figure 6C ). Besides, The heat map revealed that the expression pattern of the MCODE-DEGs differed between the four subgroups ( Figure 6D ). In addition, Kaplan-Meier survival analysis showed significant differences in the subgroups ( Figure 6E ), especially C3 and C4, while ES patients with C3 experienced faster disease development than C4 patients. And, expression level of 34 genes in C3 (UBE2T, PBK, CKAP2, CKS1B, WDHD1, CHEK1, CKS2, CCNB2, NCAPG, CENPF, SMC4, SMC2, BUB1, ECT2, MCM7, FANCI, ANLN, DTL, EXO1, CDC6, FBXO5, TYMS, FOXM1, MKI67, CCNB1, TPX2, ATAD2, PCLAF, NUSAP1, KIF23, TICRR, BUB1B, TOP2A and ASPM) were considerably elevated compared to C4 ( Figure 6F ).

  

 Figure 6 | Prognosis identification of ES patients by clustering analysis based on MCODE-DEGs expression profifile. (A) Consensus clustering divided into 4 subgroups. (B) The CDF curve showed the consistency of clustering (K=2 the highest consistency, followed by K4). (C) UMAP dimension reduction analysis testified the classification. (D) The heat map displayed the different expression patterns of the MCODE-DEGs in 4 clusters. (E) The survival analysis of ES patients found significant differences among the four subgroups, P<0.05. (F) Boxplot revealed difference expression status of the MCODE-DEGs between C3 and C4 (*P<0.05, **P<0.01, ***P<0.001, ****P<0.0001). 

 

 
  3.8 The correlation analysis between high expression of UBE2T and poor prognosis in ES patients

 Based on training sets, a univariate Cox regression analysis was conducted to investigate the prognosis risk of core-DEGs in ES, and the results suggested that UBE2T was an independent risk factor (P <0.05, Hazard Ratio = 1.52, 95% CI) ( Figure 7A ). Besides, the Kaplan Meier survival curve demonstrated a connection between UBE2T expression and survival. The overall survival time of patients with high UBE2T expression was considerably shorter than low UBE2T expression (P<0.0001) ( Figure 7B ). In addition, the raincloud diagram showed that UBE2T in C3 was significantly higher than C4 (P<0.001) ( Figure 7C ), and the survival time was significantly shorter than that of C4 (P<0.005) ( Figure 7D ). These results suggest that the upregulation of UBE2T expression is associated with a worse outcome in ES patients. Furthermore, the study of risk score and survival time revealed that patients in the high-risk score group had considerably lower survival time than the low-risk group (P<0.0001) ( Figure 7E ). The findings indicated that the high-risk score group resulted in fast progression of disease.  Figure 7F  (including upper, middle, and lower parts) depicts the association between various risk scores, survival events, and gene expression changes. It can be shown that when UBE2T expression is up-regulated ( Figure 7F  lower part) and the risk score is increased ( Figure 7F  upper part), patients’ survival rates decline dramatically ( Figure 7F  middle part). As predicted, UBE2T was regarded as a risk independent factor, and risk scores increased as its expression rise.

  

 Figure 7 | Correlation analysis between expression of UBE2T and prognosis in ES patients of the training cohorts. (A) HR and 95% CI of the core DEGs based on a unitvariable Cox regression analysis. (B) The Kaplan Meier survival curve demonstrated that the overall survival time of patients with UBE2T high expression was evidently shorter than low expression (P<0.0001). (C) The raincloud diagram showed the expression of UBE2T in C3 was significantly higher than C4 (P<0.001). (D) The K-M survival curve indicated that the survival time of C3 was significantly shorter than C4 (P<0.005). (E) The K-M survival curve displayed that patients in the high-risk score group had considerably lower survival time than the low-risk group (P<0.0001). (F) The distribution of risk score, survival status, and UBE2T expression level revealed that risk score increased as UBE2T expression increased, while survival rate decreased dramatically. 

 

 
 
  4 Discussion

 Ewing sarcoma, the second commonest malignant bony neoplasm and soft-tissue malignance neoplasm in kids and teenagers, is a serious threat to human life and health (1, 2), ES is and a highly aggressive tumor with nonspecific clinical features (2). Patients with standard risk and localized disease have a 70~80% survival, and patients with metastatic disease have an approximate 30% survival (23). Previously findings have suggested that the ES family of tumors is related to immunophenotypic characteristics, chromosomal translocation (such as extraosseous ES, peripheral primitive neuroectodermal neoplasm, Askin neoplasm (24), and FET-ETS gene fusion (25, 26). Although there has been improvement in the diagnosis of ES based on these preliminary studies, the specific pathogenesis remains largely unknown. Thus, it is urgent to ascertain novel biomarkers for this disease to enhance the efficiency of diagnosis and treatment. Microarray technology is beneficial for investigating genetic abnormalities for ES, which may be of benefit for the corroboration of novelty biomarkers to contribute to the improvement of early diagnosing and prediction prognosis for ES.

 In the current investigation, two microarray datasets were selected from GEO, and bioinformatics analyzation was run to discover DEGs between ES tissues and nontumorous tissues. In all 187 DEGs were identified through analysis and comparison of those two datasets, including 56 downregulation genes and 131 upregulation. GO and KEGG enrichment analyzation were used to investigate interrelations in the DEGs. The up-regulation genes were majorly concentrated in cell dividing, mitosis nucleus dividing, proliferation, apoptotic process, response to drug, and positive regulation of apoptotic process, whereas this downregulation genes were primarily enriched in cell adhesion ( Table 3 ). Life involves constant changes, and the cell cycle is required to maintain cell growth and DNA duplication, followed by cell division (mitosis), proliferation, and apoptosis. Remarkably, the cell cycle has an important effect on maintaining the normal process of life. Thus, dysregulation of the cell cycle process is closely related to the carcinogenesis or progression of tumors (27–29). In addition, recent reports have shown that the molecular mechanism of cell adhesion has a significant effect on collective cancer cell migrating, and mutations and changes in cell adhesion protein expression are frequently related to tumorous progression (30, 31). Whats more, changes in the tumor microenvironment may affect immune cell regulation (32). Our research findings revealed that, according to the Cytoscape ClueGO analysis, the biological processes of hub genes gathered in Mitosis cytokinesis, the dTMP biological process, and the positive regulation of self-antigen tolerance induction, which maintained stability of the cell cycle and the internal environment.

  Table 3 | Enrichment investigation of positive-regulation and negative-gulation genes with DEGs in ES specimens employing GO and KEGG Pathway. 

 

 Beside, In total, 15 hub genes were extracted relied on the most significant module with the degree rank ( Figure 4A ). One of these hub genes, ubiquitin-conjugating enzyme E2 T (UBE2T), catalyzes monoubiquitination, which is a significant posttranslational modification that affects a variety of biological activities, for instance, immune reactions, inflammation, cell proliferation, and cell differentiation (33–36). Interestingly, UBE2T plays an essential part in the DNA damage pathway, and it has been demonstrated to be correlated intimately with the development and poor prognosis of several cancers, such as gastric cancer, hepatocellular cancer, prostate cancer, and gallbladder cancer (37–40). Upregulation of UBE2T levels has been disclosed to enhance gastric cancer development through RACK1 ubiquitination, and a novel powerful UBE2T inhibitor has been identified to suppress gastric cancer progression by blocking RACK1 ubiquitination after aberrant Wnt/β-catenin signaling (40). Moreover, Sun et al. (38) discovered that UBE2T was increased in HCC tissues, and that HCC sufferers with greater UBE2T quantities have a worse prognosis, demonstrating that UBE2T-regulated H2AX mono-ubiquitination may induce hepatocellular carcinoma radiation resistance by boosting CHK1 activation. In addition, previous studies showed that the vulnerability of anticancer drugs is based on the involvement of proteins in ubiquitination and degradation, which provides a theoretical basis for the development of therapeutic drugs with genome modification (41, 42). As a result, UBE2T may be regarded as a therapeutic potential target for ES sufferers’ therapy.

 However, there are few reports on the relationship between UBE2T and ES. Therefore, the present study analyzed several ES datasets in the GEO data bank and discovered that UBE2T expression was observed to be considerably greater in tumor samples than in nontumor samples. Furthermore, validation set and IHC findings displayed that the expression level of UBE2T was significantly higher in the sick tissues of Ewing’s sarcoma patients than the control group, and IHC analysis revealed that UBE2T was mostly expressed in the cytoplasm of Ewing’s sarcoma cells ( Figures 4E, F ). These results are consistent with our predictions. In addition, the investigation on the diagnostic value of core genes in ES observed that the AUC of UBE2T had excellent performance in both the training group and the verification group ( Figure 5 ). Following that, we explored the relationship between the expression level of the UBE2T and prognosis by Cox regression and K-M survival analasis in ES patients according to the expression profiles of training sets. The findings revealed that UBE2T was an independent risk factor ( Figure 7A ), and patients with high expression of the UBE2T and the high-risk score, which led to a poor prognosis, had a negatively correlated survival time ( Figures 7B–E ). As a result, based on the above findings, this study demonstrated that UBE2T can be seen as an important value biomarker for diagnosis and treatment of ES, thereby providing a new potential therapeutic target for ES as well as an important new perspective for evaluating the effect of treatment and prognostic prediction.

 
  5 Conclusion

 In summary, the current examination found that UBE2T expression was greater in tumor tissues from ES patients than in non-tumor tissues and that UBE2T had an important value as a biomarker for the diagnosis of ES. Furthermore, increased UBE2T expression is associated with a terrible prognosis. As a result, UBE2T can be exploited as an independent prognostic biomarker in patients with ES. However, the existing research has drawbacks. First, consider the patient sample size constraints. As a consequence, UBE2T research should be added to the wider ES queue. Second, this study only investigated at UBE2T expression level in tumor tissues and did not researched UBE2T functionality in vivo or in vitro. As a result, further tests and investigations are required to uncover the potential mechanism of UBE2T in ES.

 
  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 in the article/ Supplementary Material .

 
  Author contributions

 GQ: Collection, organizing, and review of the literature, preparing the manuscript, manuscript review and modification. YX and YQ: Samples collection, immunohistochemistry, bioinformatics analysis and revision of the manuscript. JQ and GC: Data processing and pictures arrangement. NZ and JD: Data analysis, editing of manuscript and revision. All authors read and approved the final manuscript. All authors contributed to the article and approved the submitted version.

 
   Acknowledgments

 This study was supported by the projects of the State Key Laboratory of Trauma, Burns and Combined Injury of China (SKLKF201802, SKLYQ201901), the National Natural Science Foundation of China (81971830 and 82260372), applied research on the construction and clinical promotion of the trauma grading treatment system in Guizhou Province in China (Qian Science Cooperation SY word [2015] No. 3041), Science and Technology Innovation Talent Team of Critical Care and Green Channel of Guizhou Province (No: [2017] 5654), and the Health Industry Research Project of Hainan Province in China (20A200347). All authors thank the contributors of the GEO database (http://www.ncbi.nlm.nih.gov/geo/) and TCGA database (https://tcga-data.nci.nih.gov/) for sharing their data on open access, and the Sangerbox (http://sangerbox.com) and Micro-bioinformatic (http://www.bioinformatics.com) for offering visualization analysis.

 
  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/fonc.2023.1000949/full#supplementary-material 

 
  References

  1. Balamuth, NJ, and Womer, RB. Ewing's sarcoma. Lancet Oncol (2010) 11:184–92. doi: 10.1016/S1470-2045(09)70286-4 

  2. Riggi, N, Suvà, ML, and Stamenkovic, I. Ewing's sarcoma. New Engl J Med (2021) 384:154–64. doi: 10.1056/NEJMra2028910 

  3. Pappo, AS, and Dirksen, U. Rhabdomyosarcoma, Ewing sarcoma, and other round cell sarcomas. J Clin Oncol (2018) 36:168–79. doi: 10.1200/JCO.2017.74.7402 

  4. Brasme, JF, Morfouace, M, Grill, J, Martinot, A, Amalberti, R, Bons-Letouzey, C, et al. Delays in diagnosis of paediatric cancers: A systematic review and comparison with expert testimony in lawsuits. Lancet Oncol (2012) 13:e445–459. doi: 10.1016/S1470-2045(12)70361-3 

  5. Gaspar, N, Hawkins, DS, Dirksen, U, Lewis, IJ, Ferrari, S, Le Deley, MC, et al. Ewing Sarcoma: Current management and future approaches through collaboration. J Clin Oncol (2015) 33:3036–46. doi: 10.1200/JCO.2014.59.5256 

  6. Edgar, R, Domrachev, M, and Lash, AE. Gene expression omnibus: NCBI gene expression and hybridization array data repository. Nucleic Acids Res (2002) 30:207–10. doi: 10.1093/nar/30.1.207 

  7. Ashburner, M, Ball, CA, Blake, JA, Botstein, D, Butler, H, Cherry, JM, et al. Gene ontology: Tool for the unification of biology. the gene ontology consortium. Nat Genet (2000) 25:25–9. doi: 10.1038/75556 

  8. Consortium, TGO. The gene ontology resource: Enriching a GOld mine. Nucleic Acids Res (2021) 49:D325–34. doi: 10.1093/nar/gkaa1113 

  9. Kanehisa, M, and Goto, S. KEGG: kyoto encyclopedia of genes and genomes. Nucleic Acids Res (2000) 28:27–30. doi: 10.1093/nar/28.1.27 

  10. Savola, S, Klami, A, Myllykangas, S, Manara, C, Scotlandi, K, Picci, P, et al. High expression of complement component 5 (C5) at tumor site associates with superior survival in ewing's sarcoma family of tumour patients. ISRN Oncol (2011) 2011:168712. doi: 10.5402/2011/168712 

  11. Specht, K, Sung, YS, Zhang, L, Richter, GH, Fletcher, CD, and Antonescu, CR. Distinct transcriptional signature and immunoprofile of CIC-DUX4 fusion-positive round cell tumors compared to EWSR1-rearranged Ewing sarcomas: Further evidence toward distinct pathologic entities. Genes Chromosomes Cancer (2014) 53:622–33. doi: 10.1002/gcc.22172 

  12. Svoboda, LK, Harris, A, Bailey, NJ, Schwentner, R, Tomazou, E, von Levetzow, C, et al. Overexpression of HOX genes is prevalent in Ewing sarcoma and is associated with altered epigenetic regulation of developmental transcription programs. Epigenetics (2014) 9:1613–25. doi: 10.4161/15592294.2014.988048 

  13. Huang da, W, Sherman, BT, and Lempicki, RA. Bioinformatics enrichment tools: Paths toward the comprehensive functional analysis of large gene lists. Nucleic Acids Res (2009) 37:1–13. doi: 10.1093/nar/gkn923 

  14. Kanehisa, M, Furumichi, M, Tanabe, M, Sato, Y, and Morishima, K. KEGG: New perspectives on genomes, pathways, diseases and drugs. Nucleic Acids Res (2017) 45:D353–61. doi: 10.1093/nar/gkw1092 

  15. Szklarczyk, D, Gable, AL, Nastou, KC, Lyon, D, Kirsch, R, Pyysalo, S, et al. The STRING database in 2021: Customizable protein-protein networks, and functional characterization of user-uploaded gene/measurement sets. Nucleic Acids Res (2021) 49:D605–12. doi: 10.1093/nar/gkaa1074 

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

  17. Bandettini, WP, Kellman, P, Mancini, C, Booker, OJ, Vasu, S, Leung, SW, et al. MultiContrast delayed enhancement (MCODE) improves detection of subendocardial myocardial infarction by late gadolinium enhancement cardiovascular magnetic resonance: A clinical validation study. J Cardiovasc Magnetic Resonance (2012) 14:83. doi: 10.1186/1532-429X-14-83 

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

  19. Chin, CH, Chen, SH, Wu, HH, Ho, CW, Ko, MT, and Lin, CY. cytoHubba: Identifying hub objects and sub-networks from complex interactome. BMC Syst Biol (2014) 8 Suppl 4:S11. doi: 10.1186/1752-0509-8-S4-S11 

  20. Cerami, E, Gao, J, Dogrusoz, U, Gross, BE, Sumer, SO, Aksoy, BA, et al. The cBio cancer genomics portal: An open platform for exploring multidimensional cancer genomics data. Cancer Discovery (2012) 2:401–4. doi: 10.1158/2159-8290.CD-12-0095 

  21. Wilkerson, MD, and Hayes, DN. ConsensusClusterPlus: A class discovery tool with confidence assessments and item tracking. Bioinformatics (2010) 26:1572–3. doi: 10.1093/bioinformatics/btq170 

  22. Allen, M, Poggiali, D, Whitaker, K, Marshall, TR, and Kievit, RA. Raincloud plots: A multi-platform tool for robust data visualization. Wellcome Open Res (2019) 4:63. doi: 10.12688/wellcomeopenres.15191.1 

  23. Grünewald, T, Cidre-Aranaz, F, Surdez, D, Tomazou, EM, de Álava, E, Kovar, H, et al. Ewing Sarcoma. Nat Rev Dis Primers (2018) 4:5. doi: 10.1038/s41572-018-0003-x 

  24. Kovar, H. Ewing's sarcoma and peripheral primitive neuroectodermal tumors after their genetic union. Curr Opin Oncol (1998) 10:334–42. doi: 10.1097/00001622-199807000-00010 

  25. Watson, S, Perrin, V, Guillemot, D, Reynaud, S, Coindre, JM, Karanian, M, et al. Transcriptomic definition of molecular subgroups of small round cell sarcomas. J Pathol (2018) 245:29–40. doi: 10.1002/path.5053 

  26. Parcesepe, P, Giordano, G, Zanella, C, Giuliani, J, Greco, F, Bonetti, A, et al. Colonic Ewing Sarcoma/PNET associated with liver metastases: A systematic review and case report. Pathol Res Pract (2019) 215:387–91. doi: 10.1016/j.prp.2018.11.021 

  27. Tripathi, V, Shen, Z, Chakraborty, A, Giri, S, Freier, SM, Wu, X, et al. Long noncoding RNA MALAT1 controls cell cycle progression by regulating the expression of oncogenic transcription factor b-MYB. PloS Genet (2013) 9:e1003368. doi: 10.1371/journal.pgen.1003368 

  28. Shostak, A. Circadian clock, cell division, and cancer: From molecules to organism. Int J Mol Sci (2017) 18(4):873. doi: 10.3390/ijms18040873 

  29. Venuto, S, and Merla, G. E3 ubiquitin ligase TRIM proteins, cell cycle and mitosis. Cells (2019) 8(5):510. doi: 10.3390/cells8050510 

  30. Läubli, H, and Borsig, L. Altered cell adhesion and glycosylation promote cancer immune suppression and metastasis. Front Immunol (2019) 10(2120). doi: 10.3389/fimmu.2019.02120 

  31. Janiszewska, M, Primi, MC, and Izard, T. Cell adhesion in cancer: Beyond the migration of single cells. J Biol Chem (2020) 295:2495–505. doi: 10.1074/jbc.REV119.007759 

  32. Yang, L, Liu, Y, Zhang, BK, Yu, MS, Huang, F, Wen, Y, et al. Prognostic tumor microenvironment gene and the relationship with immune infiltration characteristics in metastatic breast cancer. Biocell (2022) 46(5):1215–43. doi: 10.32604/biocell.2022.018221 

  33. Alpi, AF, Chaugule, V, and Walden, H. Mechanism and disease association of E2-conjugating enzymes: Lessons from UBE2T and UBE2L3. Biochem J (2016) 473:3401–19. doi: 10.1042/BCJ20160028 

  34. Qiu, J, Sheedlo, MJ, Yu, K, Tan, Y, Nakayasu, ES, Das, C, et al. Ubiquitination independent of E1 and E2 enzymes by bacterial effectors. Nature (2016) 533:120–4. doi: 10.1038/nature17657 

  35. Kao, SH, Wu, HT, and Wu, KJ. Ubiquitination by HUWE1 in tumorigenesis and beyond. J Biomed Sci (2018) 25:67. doi: 10.1186/s12929-018-0470-0 

  36. Yang, L, Guo, W, Zhang, S, and Wang, G. Ubiquitination-proteasome system: A new player in the pathogenesis of psoriasis and clinical implications. J Dermatol Sci (2018) 89:219–25. doi: 10.1016/j.jdermsci.2017.12.002 

  37. Wen, M, Kwon, Y, Wang, Y, Mao, JH, and Wei, G. Elevated expression of UBE2T exhibits oncogenic properties in human prostate cancer. Oncotarget (2015) 6:25226–39. doi: 10.18632/oncotarget.4712 

  38. Sun, J, Zhu, Z, Li, W, Shen, M, Cao, C, Sun, Q, et al. UBE2T-regulated H2AX monoubiquitination induces hepatocellular carcinoma radioresistance by facilitating CHK1 activation. J Exp Clin Cancer Res (2020) 39:222. doi: 10.1186/s13046-020-01734-4 

  39. Zhu, X, Li, T, Niu, X, Chen, L, and Ge, C. Identification of UBE2T as an independent prognostic biomarker for gallbladder cancer. Oncol Lett (2020) 20:44. doi: 10.3892/ol.2020.12230 

  40. Yu, Z, Jiang, X, Qin, L, Deng, H, Wang, J, Ren, W, et al. A novel UBE2T inhibitor suppresses wnt/β-catenin signaling hyperactivation and gastric cancer progression by blocking RACK1 ubiquitination. Oncogene (2021) 40:1027–42. doi: 10.1038/s41388-020-01572-w 

  41. Garraway, LA, Verweij, J, and Ballman, KV. Precision oncology: An overview. J Clin Oncol (2013) 31:1803–5. doi: 10.1200/JCO.2013.49.4799 

  42. Pagliarini, R, Shao, W, and Sellers, WR. Oncogene addiction: Pathways of therapeutic response, resistance, and road maps toward a cure. EMBO Rep (2015) 16:280–96. doi: 10.15252/embr.201439949 


 
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 Qu, Xu, Qu, Qiu, Chen, Zhao and Deng. 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-13-1000949-g006.jpg
m

10

Expression
®

iy % D

T eo_9 Group
Clucs:ler 205 4 LY ‘ ° ‘ ®c
£ ]
e < s 3 0% ° oc
® 50s ] 21 @ & ®c
@cH g 119 o@® ) °
o 2 -0 8% o L4 e
El 1
Distance 5044 S L 4 ‘ °
1.0 g E 3 °s 8
= ==
502 ] 3
H
05 < ]
2o 5
]
= -6 ‘ L]
£ 00 74 ?. [
0.0 T - T T T T T T T
2 4 lg 8 10 15 10 05 00 05 10 15
UMAP_1
Cluster E
c
z - CLUSTER mimCi W C2 mwc3 mec4
[ X 1.00
o
2 .
e
£ o075 P=0.012
Z
2
E
E
5 Zos0
Z
£
H
& 025
2
0.00
0 50 100 150 200
Months

Cluster
K
e

NI

T ¥ R & & &
T S S PP O S P P IS EEFE





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Identification and validation of a novel ubiquitination-related gene UBE2T in Ewing’s sarcoma

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conlusion

        



        		

          Highlights

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Microarray data

          



          		

            2.2 Identification of DEGs

          



          		

            2.3 DEG enrichment research using GO and KEGG

          



          		

            2.4 Building and analyzing of the PPI network and module

          



          		

            2.5 Core-DEG choice and verification set detection

          



          		

            2.6 Immunohistochemistry experiment

          



          		

            2.7 Diagnostic value analysis of UBE2T in the ES

          



          		

            2.8 Identification of DEGs subgroups in ES

          



          		

            2.9 The Cox regression analyses of core-DEG

          



          		

            2.10 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Identification of DEGs in ES

          



          		

            3.2 DEG enrichment analysis utilising GO and KEGG

          



          		

            3.3 Building and analyzing of the PPI network and module

          



          		

            3.4 Core-DEG choice and evaluation

          



          		

            3.5 Expression change of UBE2T and CD99 in the validation data set and IHC of ES samples

          



          		

            3.6 Diagnostic performance of UBE2T in the ES training set and verification set

          



          		

            3.7 Analysis of MCODE-DEGs subgroups in ES

          



          		

            3.8 The correlation analysis between high expression of UBE2T and poor prognosis in ES patients

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusion

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fonc-13-1000949-g005.jpg
B
P <0.001 1.0
0.81
al v — ——on z
S0
iy
£
Z 0.4
£
%
0.24
4 —— UBE2T{AUC = 0.75)
0.04 - basaline
2 4 6 8 0.0 0.2 04 0.6 0.8 1.0
UBE2T expression 1-Specificity (FPR)
Cc
Marker AUC Sensitivity Specificity Youden's index Cutoff
UBE2T 0.75 0.85 0.62 0.46 3.97
D E
I P <0.0001 10
0.8
«n —
= [~
A
206
g
z
Z04
= %
3
£ 0.2
S
o
0.0 o — UBE2T (UG = 0.90)
X ——— bessline
00 02 04 06 08 10
UBE2T expression 1-Specificity (FPR)
F
Marker AUC Sensitivity Specificity Youden's index Cutoff

UBE2T 0.90 0.94 0.79 0.73 5.72





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-13-1000949-g003.jpg
roguiation of
cyclin-dapondent

protein
serinefthreonine

kinase activty

sogrogation”

[ GSE45544
10

2
2
g
7
4
|

ATHN
1eddn

1]
AdNAD)
NdSV
LD
TANDD

o O
aseastqy NEMARRRIN





OEBPS/Images/table2.jpg
10

11

12

13

14

15

CCNB2

CCT2

CD44

ECT2

FOXM1

HLA-
DPA1

ITGA6

KIF20A

LYZ

MKI67

PLK1

RFC4

TGFBR2

TYMS

UBE2T

Whole name

G2/mitotic-specific
cyclin-B2

T-complex protein 1
sub-unit beta

CD44 antigen

Protein ECT2

Forkhead box
protein M1

HLA class IT
histocompatibility
antigen, DP alpha 1
chain

Integrin alpha-6
Kinesin-like protein
KIF20A

Lysozyme C
Proliferation marker

protein Ki-67

Serine/threonine-
protein kinase PLK1;

Replication Factor C
subunit 4

TGF-beta receptor
type-2

Thymidylate
synthase

Ubiquitin-

conjugating enzyme
E2T

Function

Member of the cell cycle family and is needed for cyclin regulation during the G2/M (mitosis) transition. Sub-family of cell cycle
AB

Molecularly chaperone; aids in protein folding after ATP hydrolysis. As a component of the BBS/CCT complex, it may have a
function in the formation of BBSome, a compound related to ciliogenesis that regulates vesicle transport to the cilia.

hyaluronic acid receptor (HA). Its affinity for HA, as well as its affinity for other ligands including osteopontin, collagens, and
matrix metalloproteases, mediates cell-cell and cell-matrix interactions (MMPs).

guanine nucleotide exchange factor (GEF) that catalyzes the conversion of GDP to GTP. boosts guanine nucleotide swap on Rho
family small GTPase members such as RHOA, RHOC, RACI, and CDC42.

Transcriptional factor that regulates the expression of cyclin genes that are needed for DNA replication and mitosis.

Bounds peptides produced from antigens and displays them on the cell face for identification by CD4 T-cells via the endocytic
pathway of antigen presentation cells (APC).

Platelets have an alpha-6/beta-1 integrin receptor for laminin. Integrin alpha-6/beta-4 is a laminin receptor in epithelium cells
and performs an important structural function in the hemidesmosome (By similarity).

Mitosis kinesin is needed for cytokinesis regulated by the chromosomal passenger complex (CPC). Following PLK1
phosphorylation, implicated in PLK1 recruitment to the central spindle.

Lysozymes are principally bacteriolysis enzymes.

After nucleal envelope destruction, this protein is needed to maintain individual mitosis chromosomes disseminated in the
cytoplasm.

Serine/threonine protein kinase that regulates spindle assembly and centrosome maturity, the remove of cohesins from
chromosomal arms, the deactivation of anaphase-promoting complex/cyclosome (APC/C) regulators, and the control of mitosis
and cytokinesis.

‘The auxiliary proteins proliferation cell nucleal antigen (PCNA) and activator 1 are needed for the elongation of primed DNA
examples by DNA polymerase delta and epsilon.

a transmembrane serine/threonine kinase that interacts with TGFBR1, the nonpromiscuous receptor for the TGF-beta cytokines
TGFB1, TGFB2, and TGFB3.

Adds to the route of de novo mitochondrion thymidylate biosynthesizing,

1t receives E1 compound ubiquitin and catalyzes its covalently binding with other proteins. Monoubiquitination is catalyzed.
Mitomycin-C (MMC)-induced DNA restore. Through interaction with the E3 ubiquitin-ligase FANCL and catalytic mono-
ubiquitination of FANCD2, it acts as a particular E2 ubiquitin-ligase for the Fanconi anemia complex.






OEBPS/Images/fonc-13-1000949-g001.jpg
GEO database
¥ ¥
GSE17618 GSE45544

¥ ¥

3343 DEGs obtained in 55 ES and || 595 DEGs obtained in 20 ES and
18 normal human tissue specimens || 22 normal human tissue specimens

187 DEGs overlaped, 56 downregulated
genes and 131 upregulated

187 DEGs enrichment research by GO
and KEGG

building the PPI network and Core-DEG
choice and prediction

Verification set GSE68776 and THC
detection Core-DEG

Diagnostic value analysis and prognosis
evaluation of Core-DEG






OEBPS/Images/fonc-13-1000949-g007.jpg
p-value |

UBE2T 0.02 N o

Hazard Ratio(95%CI)

1.52(1.06-2.18)

0.10,20.30/40.50,60.70.80.01,01.1
log2(Hazard Ratio(95%CI))

B

1.00 UBE2T expression
z m= High
= 025 m= Low
2 P <0.0001
2
F 0.50
L
5
2

025

0.00

0 50 100 150 200
Months

D

1.00 CLUSTER

- C3

i C4

P <0.005

-
B
P

H
g
2
H
2
=
z
H
7

0.00

0 25 50 75 100 125
Months

1.00

=
o
5

Risk score

Survival probal
S
&
2

m— High
ma Low
025 P <0.0001
0.00
0 50 100 150 200

Months

Cluster
c

Cc4

2 3 3
S & S

Survival time (months)

o

UBE2T

P <0.001

6 7 8
UBE2T expression

Risk group
o Low

o High

Status
o Alive
e Dead

Risk group
Low
High

Expression
2

| B
0

-






OEBPS/Images/table3.jpg
Term
Upregulation
G0:0051301
GO:0007067
GO:0008283
GO:0006915
GO:0042493
GO:0043065
Hsa04110
Hsa05166
Downregulation
GO:0007155

Hsa04514

cell division

mitotic nuclear division

cell proliferation

apoptotic process

response to drug

positive regulation of apoptotic process
cell cycle

HTLV-I infection

cell adhesion

cell adhesion molecules (CAMs)

Count

21

16

14

11

10

P value

8.53E-13
3.43E-10
2.61E-06
8.67E-04
7.52E-05
3.44E-04
1.50E-05

0.008161847

7.67E-05

0.015820009






OEBPS/Images/logo.jpg
& frontiers | Frontiers in Oncology





OEBPS/Images/fonc-13-1000949-g004.jpg
ectodermal cell
Hifferentiation

structural
constituent of
o postsynaptic
density

(9]
o

M Down-regulated M Up-regulated

100 s\ Logrank Test P-Value:6.960¢-5 1007 Logrank Test P-Value: 8.231¢-3 2l T
q Flag
% ~ ‘._\ B UBE2T unaltered group S0 B UBE2T unaltered group E zoj
£ \ 7
2 <. M UBE2T altered group < % M UBE2T altered group £
z 60 EONOSE Se0l | T 167
= 1 = 2 Jee
@ ° 2 12
= 2 =
F 4w - 3 40 E
2 al
g Number of Patients: 103 ’ a Number of Patients: 81 s B-
20 L 20 4
. oL O i |
0 20 40 60 80 100 120 140 160 180 200 0 20 40 60 80 100 120 140 160 180 4
Time (months) Time (months) log2 (FoldChang)
F %k
E m
£ 0.100
2
£
S
2 0.075
9
=]
« 0.050
S
P
4
= 0.025
s
>
=)
© 0.000
Ewing's sarcoma Control ES  Control
*kokk
G LI
v s, £ 0.15
" 2
£ y e
=3 @ g
X L a 2
B L d < 010
E s R E
< 2 3
. 4 2
A & £ 005
& s g
CTEETE 2
= 0.00

Ewing's sarcoma Control S Control





OEBPS/Images/fonc.2023.1000949_cover.jpg
’ frontiers ‘ Frontiers in Oncology

Identification and validation of a
novel ubiquitination-related gene
UBEZ2T in Ewing’s sarcoma





OEBPS/Images/table1.jpg
Status

Upregulated

Downregulated

Gs

CD44 TPX2 CCNBI TTC37 FRY GINSI A2M SLCO2B1 ANLN LYZ BCLAF1 FOXM1 CHST15 PLIN2 CDC6 CST3 HOXD13 IFI16 ZNF146 RDX BDP1
SPDL1 CDK4 TYMS MELK ECT2 SNCA CDH11 NUF2 PDK4 STMN1 UBE2T CKS2 FAM84B KIF23 C1S PDLIM1 DKK3 ANKH NDRG1 MYLK CCNB2
MCM7 PRC1 CENPI JPH1 EPAS1 PMP22 KIAA0101 HLA-DPBI BHLHE40 CELF2 NUP107 DLGAP5 MKI67 TM4SF1 PLPP3 PTPRM TOP2 EXO1 PDGFRA
BHLHE41 IGK///IGKC SAT1 YPEL2 HSPA1B///HSPA1A MEF2C OAT CHPT1 VAMP8 FGL2 SQRDL ZNF704 CCT2 PAPPA SMC4 GUCY1B3 CKS1B
TEAD2 GSN RHOB HLA-DPA1 EBF3 FBXO5 ZNF644 TICRR PBK PRR11 TXNIP HEATRI ITGB3BP PRPF40A SKA3 DPT TYROBP SMC2 ASPM ATAD2
WDHDI1 METTL7A BUB1B DTL TGFBR2 JAK1 LAPTM5 FAM114A1 KIF20A KCTD12 CDC5L NCAPG PLK1 RFTN1 ATP1B1 TNFSF10 CHEKI CRYAB
KIF11 SLC40A1 CD9 RFC4 TPR BUBI BRIP1 CAD CKAP2 CXCL12 AMICAL2 FANCI CENPF NUSAPI1 IGF2BP1

ABHD2 CD53 SORBS2 ALDH6A1 SUSD6 ITGA6 TPPP3 S100A16 SLC22A3 ADGRG1 MAN1A1 CECR1 RHOU SELPLG MGST2 TNFRSF21 SRPX IL10RA
ENTPDI PRELP SATBI SYNPO2 DNAJA4 TSC22D3 RCAN2 NUPRI TAPBP PLXNCI TOBI MYH11 C100rf10 LRP10 DOCK9 TLEI MGLL CD59 PTGDS
PXDCI PEA15 SERPINBI SERPINB6 WIPI1 RNF144B ENDOD1 ATP8A1 CA2 PPFIBP2 HLA-DMA GAS7 NEDD9 ITGA9 CTSZ CSFIR APBB1IP FRMD4B
PIK3IP1





OEBPS/Images/fonc-13-1000949-g002.jpg
hsa05200:Pathways in cancer-
hsa05186:HTLV- | infection

hsa04110:Cell cycle-

hsa04514.Cell adhesion molecules (CAMs)
hsa05145 Toxoplasmosis

hsa05169-Epstein- Barr virus infection
hsa05150:Staphylococcus aureus infection
hsa04640:Hematopoietic cell lineage
hsa04114:Occyte meiosis:

hsa04068:FoxO signaling pathway
hsa05222:Small celllung cancer-
hsa05140:Leishmaniasis

n5a04672:Intestinal immune network for IgA production
hsa04612:Antigen processing and presentation
hsa04115:p53 signaling pathway
hsa05332:Graft- versus- host disease-
hsa05330:Allograft rejection

hsa05310:Asthma.

GSE45544

GSE17618

50

75

100

GO.0005515~protein binding

G0:0005524~ATP binding

G0:0003682-~chromatin binding .

30:0018801~protein kinase binding .

0:0008017~microtubule binding{  ®

GO:0043426~MRF binding

"y

ry

50

KEGG

count
L)
L
o
[ X
[ N4

- log10(pvalue)
38
30
25
20
15

MF

~log10(pvalue)
s
w0
35
30
25

G0:0051301~celldivision O
G0:0007155~cell adhesion . BP
G0:0007067~mitotic nuclear division .
G0:0008915~apoptotic process .
G0:0008283~cell prolieration .
GO:0043085~posttive regulation of apoptotic process . ~log10(pvalue)
G0:0042493~response 1o drug .
G0:0042127~regulation of cell poliferation ° 8
G0:0007062-sister chromatid cohesion . &
G0:0006260~DNA replication .
G0:0051726~regulation of cel cycle . £
GO:0001666~response 1o hypoxia .
G0:0000281~mitotic cytokinesis. [ ]
G0:0000088~G2/M transition of mitotic cell cycle- . count
G0:0044267~cellular protein metabolic process . o &
GO10000910~cytokinesis ° ® i
G0:0000082~G1/S transition of mifotic cell cycle: .
GO:0031100~0rgan regeneration ®
G0.0007094-mittic spince assembly checkpoint| @ o
GO:0007077~mitotic nuclear envelope disassembly- ° [ E3
GO:0007059~chromosome segregation{ @
GO:0007346~regulation of mitotic cell cycle{ @
G0:0007076~mitotic chromosome condensation{ ()
G0:0001578~microtubule bundle formation
GO:0001775~cell activation
0 15 20
G0:0005737~cytopiasm: .
GO:0005634~nucleus- . cc
G0:0005829~cytosol- .
GO:0005854~nucleopiasm .
GO:0016020~membrane- . count
G0:0070062~extracelllar exosome: . o
GO:0005025~focal adhesion{ & @«
GO.0000822-spindle pole | @ o
G0:0005810-spindle| ®
o -log10(palue)
G0:0030496~midbody{ ©
GO.0000776~kinetochore | ® &
5
GO.0030027~1amelipodium{ ® "
G0:0015630~microtubule cytoskeleton{ ® g
GO:0005876~spindle microtubule | &
50:0000840~condensed chromosome outer kinetochore | @
G0:0000942~condensed nuclear chromosome outer kinetochore
G0:0000786~condensin complex
GO:0000307~cyclin- dependent protein kinase holoenzyme complex @
0 20 40 60 80





