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Background

Cuprotosis is a newly discovered form of cell death that differs from other types of cell death. The aim of this study was to investigate the functional role and a possible prognostic model for thyroid cancer.





Methods

TCGA and GEO were used to investigate the differential expression of CRGs in THCA. KEGG and GO enrichment analyses were applied to investigate the possible molecular functions. The features of CRGs were selected by LASSO regression. 20 pairs of samples were randomly collected from the hospital to compare expression between tumor and normal.





Results

Among the 19 CRGs related to thyroid cancer recurrence, 16 genes were differentially expressed in thyroid cancer. KEGG analysis showed that the 19 CRGs were mainly enriched in cell death, cell cycle and ribosomal pathways. K-M survival analysis and subsequent multiple logistic regression revealed that the expression of BUB1 and GINS2 were potential risk factors for disease-free survival (DFS) of thyroid cancer. In addition, further LASSO-regression selected the following three DFS-related CRGs: FDX1, BUB1 and RPL3. A novel prognostic prediction model was constructed by nomogram, and the prediction probability for 1-, 3- and 5-year survival approached the actual time. As for the possible mechanisms, FDX1, BUB1 and RPL3 were associated with immune infiltration. The cell model experiment illustrated that the ATM signaling pathway might be involved in thyroid cancer cell death.





Conclusion

Three CRG models (FDX1, BUB1, RPL3) could better predict the prognosis of thyroid cancer. Immune cell infiltration and the ATM pathway were the possible mechanisms.
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1 Introduction

The incidence of thyroid cancer has increased in recent years (1). The mortality rate of thyroid cancer is low, but the recurrence rate is high, which is a major challenge for patients and surgeons. Moreover, the specific molecular mechanisms of thyroid cancer (THCA) are still unclear. New efficient prognostic model using biomarker panels are required.

Cuprotosis is a newly discovered cell death that depends on the accumulation of copper ions and leads to programmed cell death (Table S1). Copper and other trace metals are essential for life. Excessive accumulation of metal ions is life-threatening. However, abnormal concentrations of copper and zinc ions have been found in the serum of thyroid cancer patients (2, 3), so we hypothesized that the disturbance of copper ion metabolism in thyroid cancer patients may be one of the risk factors for tumor development. Furthermore, there is more than one type of programmed cell death, including necrosis, apoptosis, autophagy and iron death, and all types of cell death often interact directly with each other. The potential relationships and interactions with other types of cell death in thyroid cancer may provide us with some new ideas.

The aim of this study was first to investigate the expression of Cuprotosis-related Genes (CRGs) in thyroid cancer and then to build a prognostic model to predict the prognosis of thyroid cancer. Finally, the possible molecular mechanism in the cell model is also investigated.




2 Materials and methods



2.1 Data collection

RNA sequencing expression profiles and corresponding clinical information for thyroid cancer were downloaded from TCGA (Table S2). Statistical analyses were performed using R software v4.0.3. P<0.05 was considered statistically significant (4). CRGs were downloaded from Tsvetkov’s research (5). The GSE54958 dataset is from the GEO database (6, 7).




2.2 Functional enrichment analysis

We used the GO annotation of genes in the R software as a background to assign genes to the background set. The R software package cluster Profiler was used for enrichment analysis to obtain the gene set enrichment results. For gene set enrichment function analysis by using gene annotation of the latest KEGG Pathway. The minimum gene set was set to 5, the maximum gene set was set to 5000, and the P < 0.05 and FDR < 0.25 were considered statistically significant.




2.3 Analysis of immune infiltration

We used the immune genes module of the TIMER2 web server to investigate the association between the expression of BUB1, FDX1 and RPL3 and immune infiltration in thyroid tumors. Immune cells B cells, CD8+ T cells, CD4+ T cells, macrophages, neutrophils and dendritic cells were selected. P-values and partial correlation values (cor) were determined using the purity-adjusted Spearman rank correlation test. We used the TIDE platform (http://tide.dfci.harvard.edu) to evaluate the rank of the gene set in another database.




2.4 Protein-protein interaction network analysis

STRING was used to perform the PPI network analysis for different genes. The PPI network was visualized using Cytoscape software (version 3.9.0).




2.5 Immunohistochemistry

The Human Protein Atlas database (www.proteinatlas.org) was used to obtain the immunohistochemistry of FDX1, RPL3, AURKA, CDKN2A, DERL2, NOM1, PDHA1, GINS2, GPI, RPL10, PSMA6, RAD50, RAD9A, QARS1, SLC26A6, ZNHIT2 and TTK in tumor and normal tissues. Only BUB1 and TUT1 are not found in the Atlas database.




2.6 Survival analysis

The KM survival analysis with the log-rank test was also used to compare the survival differences between the two groups mentioned above and to plot the DFS curves. Cox regression analysis was performed to find out the risk factors that may predict DFS (8, 9).. For the Kaplan-Meier curves, p-values and hazard ratio (HR) with 95% confidence interval (CI) were obtained by log-rank tests and univariate Cox proportional hazards regression. All the above analysis methods and R packages were performed using R software version v4.0.3.




2.7 Prognosis model

The Least Absolute Shrinkage and Selection Operator regression algorithm (LASSO) was used for feature selection, 10-fold cross-validation was performed, and the R package GLMNET was used for analysis (8, 10–12). Further, there are 360 samples were used for the subsequent analysis. The log-rank test was used to compare survival differences between these groups. The time analysis ROC (v 0.4) was used to compare the predictive accuracy of the BUB1, FDX1 and RPL3 genes with the risk score. Multivariate Cox regression analysis was used to build a prediction model, and the R package survival was used for the analysis.

Univariate and multivariate Cox regression analyses were performed to determine the correct terms to construct the nomogram. The R package forest plot was used to plot the P-value, HR and 95% CI for each variable. Based on the results of the multivariate Cox proportional hazards analysis, a nomogram was developed to predict X-year overall recurrence (12). The nomogram provided a graphical representation of the factors that can be used to calculate the risk of recurrence for an individual patient based on the scores associated with each risk factor using the R package “RMS”.




2.8 Sample collection

20 pairs of samples were collected from the Department of Thyroid Surgery, China-Japan Union Hospital, Jilin University (Table S3) which were selected from April 2022 to December 2022. Patients with PTC who had undergone surgery and had a pathological diagnosis were included in the study. The inclusion criteria were as follows: (1) first thyroid surgery was performed in our department; (2) postoperative paraffin pathology was diagnosed as PTC; (3) BMI:18.5-23.9. The exclusion criteria were as follows: (1) patients with other malignancies; (2) lack of required relevant information.

The study was conducted in accordance with the Declaration of Helsinki and approved by the China-Japan Union Hospital Institutional Review Board (No.20220804014). Informed consent was obtained from all patients. The study was conducted in accordance with the Declaration of Helsinki. Both tumor samples and para-carcinoma normal tissue samples were collected 30 minutes after surgery, immediately placed in sterilized vials, frozen in liquid nitrogen and stored at -80 °C.




2.9 Quantitative real-time PCR

Total RNA was extracted from tissues via TRIzol (TAKARA, Beijing, China), followed by reverse transcription into cDNA. PCR was carried out using the TB Green R Premix Ex TaqTM II kit (TAKARA, Beijing, China). The reaction procedures were as follows: 32 cycles at 94◦C lasting 15 s, 60◦C lasting 10 s, and 72°C lasting 20 s. GAPDH were served as the loading control.




2.10 Cell culture

Human thyroid cancer cell line (TPC-1) was cultured in RPMI-1640, comprising 10% fetal bovine serum (FBS) at  37 °C and 5% CO2.




2.11 Cell viability assay

Cells (3000 to 4000/well) were seeded in 96-well plates. After a 24 h culture, cells were treated with different doses of I 131 for 24 h. The Cell Counting Kit-8 assay was then carried out to assess the cell viability.




2.12 The western blot analyses

Cells were lysed using Total Protein Extraction Kit. Protein concentration was quantified using a BCA Protein Assay kit. Equal amounts of protein were subjected to sodium dodecyl sulfate polyacrylamide gel electrophoresis before electro‐transfer to a polyvinylidene difluoride membrane. After blocking with 5% skimmed milk, membranes were probed overnight at 4°C with specific primary antibodies, before incubation with corresponding secondary antibodies, and protein was detected with an enhanced chemiluminescence method. The specific proteins included P- ATM, ATM, MAPLC3, P62, PI3KC3 and γ-H2AX. GAPDH was used as a control.




2.13 Statistical analysis

Continuous variables were described as mean ± standard deviation. Categorical variables were described as frequencies and proportions. Statistical differences between 2 populations were calculated using t-tests (2-sided) including multiple t-tests, unpaired t-tests or paired t-tests. Categorical data were analyzed using the chi-square test or the chi-square test with continuous correction. P<0.05 was considered statistically significant.





3 Results



3.1 Differential expression of CRGs in THCA

To investigate the expression of CRGs in thyroid cancer, both the mRNA level and the protein level were analyzed. First, 148 previously reported significant CRGs were compiled from the literature(Elesclomol Cu and Cu-DDC) (5). We also analyzed the survival probability of thyroid cancer patients’ gene expression (2014) using the Cancer Genome Atlas (TCGA) database. As shown in the Venn diagram (Figure 1A), 19 CRGs overlapped with the recurrence-relevant genes in thyroid cancer. Therefore, we focused on these 19 CRGs associated with thyroid cancer recurrences in the following study. Based on the TCGA database, we first collected and compared the mRNA expression levels. From the heatmap (Figure 1B) and boxplot (Figure 1C), we found that of the 19 CRGs associated with thyroid cancer, 16 genes were differentially expressed in thyroid cancer. Compared with normal thyroid tissue, 7 CRGs were more highly expressed in thyroid cancer, namely BUB1 (P<0.001), RPL3 (P<0.001), TTK (P<0.001), GINS2 (P<0.001), SLC26A6 (P<0.001), CDKN2A (P<0.001) and ZNHIT2 (P<0.001). Meanwhile, 9 CRGs were less expressed, such as FDX1(P<0.001), DERL2(P<0.001), RAD50(P<0.001), RAD9A(P<0.001), NOM1(P<0.001), TUT1(P<0.001), AURKA(P<0.001), PSMA6(P<0.001) and PDHA1(P<0.001). In addition, we further compared and validated the protein level based on the human protein database ATLAS. As shown in Figure 1D, the majority of proteins were differentially expressed in thyroid cancer, which was consistent with the mRNA expression level. The above data suggest that the 19 CRGs may play an important role in thyroid cancer.




Figure 1 | Differential Expression of CRGs in THCA. (A) Venn plot of the prognosis-related genes of THCA and CRGs; (B) Heatmap of the CRGs associated with DFS; (C) The expression of 19 genes in thyroid cancer and normal tissues; (D) The expression of RPL3, FDX1, RPL10, GPI, DERL2, RAD50, RAD9A, GINS2, SLC26A6, QARS1, CDKN2A, NOM1, AURKA, ZNHIT2, PSMA6, and PDHA1 showed by immunohistochemistry in thyroid cancer and normal tissues. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.






3.2 Functional enrichment and KEGG analysis of CRGs in THCA

Analysis of the genetic variants revealed that a total of 15 genes were mutated, with the most common type of mutation being a missense mutation (Figure 2A). To investigate the correlation between the 19 genes, we created a PPI network using the STRING database and Cytoscape 3.9.0 software. The PPI network (Figure 2B) has 39 nodes and 277 edges. The interaction value > 0.15 was considered an interaction relationship with high reliability. The network showed that BUB1, RPL3 and FDX1 are the core genes. In addition, the correlation of the CRGs was examined using the ACLBI database (Figure 2C). To further investigate their potential biological functions, GO and KEGG analyses were performed within the 19 CRGs (Figures 2D–G). In the analysis of GO, the biological processes of the 19 CRGs were mainly cell death, regulation of programmed cell death, negative regulation of the mitotic cell cycle and regulation of the intrinsic apoptotic signaling pathway in response to DNA damage. However, according to KEGG analysis, they may also be involved in the cell cycle, cellular senescence, oocyte meiosis and glycolysis/gluconeogenesis. The above analysis suggests that these 19 CRGs may play an important role in the progression and development of THCA.




Figure 2 | Functional enrichment and KEGG analysis of CRGs in THCA. (A) The mutation frequency and classification of 19 CRGs in THCA; (B) The PPI network provided interactive information among the 19 CRGs; (C) The interaction relationship among 19 CRGs; (D) KEGG pathway enrichment analysis;(E–G) MF, CC, BP- Gene ontology (GO) pathway enrichment analysis.






3.3 Predictive efficacy of CRGs for survival in THCA

To uncover the relationship between prognosis and expression of CRGs and to find the best predictors for disease-free survival of thyroid cancer, K-M curve analysis and Cox regression were applied. As shown in Figure 3A, four CRGs correlated positively with disease-free survival of THCA as follows: BUB1 (HR=4.5867 (1.7368-12.1126), P=0.0021), TTK (HR=3.0436 (1.2868-7.1989), P=0.0113), CDKN2A (HR=2.3511 (1.0291-5.3712), P=0.0426), AURKA (HR=2.9729 (1.2569-7.0315), P=0.0131). Taking BUB1 as an example, patients with higher expression of BUB1 could have poorer survival. However, there were seven other CRGs that correlated negatively with DFS. These were RPL3, FDX1, RPL10, DERL2, RAD9A, TUT1 and ZNHIT2. Further multivariate regression analysis (Figure 3B) revealed that BUB1 and GINS2 were positively associated with the DFS of THCA. Of note, THCA with high BUB1 expression was 6.623 times more likely to have a worse prognosis than patients with low expression. This suggests that these CRGs are a potential risk factor for DFS in THCA.




Figure 3 | Predictive efficacy of CRGs for Survival in THCA. (A) Kaplan-Meier curves for high and low expressed groups in the two subgroups of the CRGs; (B) Multivariate Cox regression analyses established that CRGs expression exerted a critical influence on the Disease-free survival (DFS).






3.4 Building and validating a prognostic model based on CRGs in THCA

To build a CRG model to predict the prognosis of thyroid cancer patients, LASSO Cox regression analysis and nomogram were applied. Three CRGs (FDX1, RPL3, BUB1) were selected to build the prognostic model (Figure 4A) As shown in Figure 4B, the model had the optimal performance and the least number of independent variables when log λ was set to 0.0287. The risk score was calculated as follows: Risk score = (0.7896) *BUB1+(-0.0151) * RPL3+(-0.1247) * FDX1. According to the median value of all risk scores, 360 thyroid cancer patients were divided into high and low-risk score groups. (Figure 4C). A heat map visualized the expression patterns of the three CRGs between high and low-risk groups (Figure 4C). As shown by the K-M curves, the risk in the high-risk group was 4.442 times higher than in the low-risk group (P= 0.00262; Figure 4D). To further validate the diagnostic efficacy of the prognostic model, we created a ROC analysis. The result confirmed that the CRG model could predict DFS probability for 1-year [AUC = 0.789, 95%CI (0.654-0.924)], 3-year [AUC = 0.733, 95%CI (0.633-0.832)] and 5-year survival [AUC = 0.757, 95%CI (0.653-0.860)] (Figure 4E). Overall, this Cuprotosis-related three-gene model could be a robust prognostic model for thyroid cancer.




Figure 4 | Establishment of a CRGs model for predicting the prognosis of thyroid cancer patients. (A, B) Fitting processes of LASSO Cox regression model of CRGs; (C) The ranking of the risk scores among all thyroid cancer samples; (D) Kaplan-Meier disease-free survival analysis for high (red) and low (blue) risk groups; (E) ROC for 1- (red), 2- (blue) and 3-year (yellow) survival time for high and low-risk patients.



We further evaluated the performance of the three-gene model for Cuprotosis. First, the results of univariate Cox regression analysis showed that BUB1 (HR: 3.576, 95% CI: 2.14063-5.97377, P<0.001), FDX1 (HR: 0.4046, 95% CI: 0.22222-0.73668, P= 0.00308), RPL3 (HR: 0.5724, 95% CI: 0.34249-0.95663, P=0.03324), T stage (HR: 2.2366, 95% CI: 1.31427-3.80621, P=0.003) and N stage (HR: 2.65774, 95% CI: 1.13725-6.21111, P=0.02401) were significantly associated with thyroid cancer prognosis (Figure 5A). According to multivariate Cox regression analysis, BUB1 was an independent risk factor for thyroid cancer (HR: 4.21965, 95% CI: 2.10531-8.45738, P=0.00005; Figure 5B). This means that BUB1 could be an independent prognostic factor for thyroid cancer.




Figure 5 | Establishment and validation of the Prognostic Model based on CRGs in THCA. (A) The univariate Cox regression of CRGs and clinical characteristics; (B) The multivariate Cox regression of CRGs and clinical characteristics;(C) the Nomogram of 1-year, 2-year, and 3-year DFS prediction of Thyroid cancer patients. C-index: 0.81(0.721-1) P < 0.001; (D) Calibration curve for the disease-free survival nomogram model in the discovery group; (E) The validation of relative expression of BUB1 in tumor and normal tissue, N0 group and N1group by RT-qPCR.



In addition, a nomogram model for THCA was constructed based on the clinical features and the three selected CRGs. Figure 5C shows the ability to predict the 1-year, 3-year and 5-year DFS probability of THCA patients. Most importantly, by combining the T stage and BUB1, the calibration curves confirmed that the 1-, 3- and 5-year survival probability predicted by the nomogram (red, yellow, grey) is close to the actual survival (Figure 5D). To validate the expression in practice, twenty paired tissue samples were collected from clinical patients at our center. As shown in Figure 5E, BUB1 was differentially expressed in tumor tissue compared to normal thyroid tissue. This was consistent with the TCGA database. In addition, we compared the expression of BUB1 in the N0 group (without lymph node metastasis) and the N1 group (with lymph node metastasis), unfortunately, there is no significant difference between the two groups. This may be due to the small number of samples. The above analyses suggest that BUB1, FDX1 and RPL3 may be associated with THCA survival.




3.5 The three CRGs were involved in immune infiltration

To further investigate the possible mechanisms of CRGs in THCA, we first divided patients into a low-risk group and a high-risk group based on the risk score. As shown in the volcano curve (Figure 6A), 624 DEGs in the high-risk groups were significantly upregulated, while 267 DEGs were downregulated. Interestingly, further analysis at GO indicated that the biological process of these DEGs was mainly related to the immune system process, immune response and adaptive immune response (Figure 6B).




Figure 6 | The three CRGs were involved in Immune Infiltration. (A) Volcano plots showing DEGs (Fold change <1.5); (B) GO enrichment analysis of DEGs; (C) Correlation between FDX1, RPL3, BUB1 expression and immune infiltration in THCA in the TIMER database; (D) Rank(ascendingly/descendingly) of FDX1, RPL3, BUB1 based on the average score of a group with multiple cohorts.



Therefore, immune infiltration analysis was applied to investigate their possible roles and relationships (Figure 6C). The expression level of FDX1 was positively associated with the immune infiltration level of macrophages (P=1.77×10-2), but negatively correlated with CD8+T cells (P=1.6×10-11), neutrophils (P=2.74×10-3) and dendritic cells (P=1.11×10-6). However, RPL3 was positively correlated with B cells (P= 6.04×10-6), CD4+ cells (P =9.36×10-7) and negatively correlated with CD8+T cells (P =1.71×10-8). In addition, BUB1 was positively associated with the frequency of B cells (P =1.78×10-35), CD8+T cells (P=3.27×10-8), CD4+ cells (P =1.6×10-13), macrophages (P =3.31×10-27), neutrophils (P=9.95×10-45) and dendritic cells (P=5.35×10-59).

Finally, the database OASIS (13) was annotated to investigate the potential therapeutic targets in synergy with immune checkpoint blockade (ICB) (Figure 6D). Interestingly, BUB1 was among the top targets of this module, rendering the tumor microenvironment resistant to ICB. High RPL3 expression was associated with T cell dysfunction phenotypes in TCGA endometrial datasets (Figure 6D left panel). Low expression of BUB1 was also associated with poorer ICB outcomes in renal and bladder cancers and in treatment-naïve melanomas treated with ICB (Figure 6D, second panel from left). Among the cell types promoting T cell exclusion, myeloid suppressor cells had very high levels of BUB1 expression (Figure 6D, right). This module prioritizes BUB1 with the best potential for developing combination immunotherapies. These data suggest that the three CRGs may be involved in regulating immune infiltration.




3.6 ATM pathway involved in the regulation of cell death in THCA

Our previous work had confirmed that the ATM pathway mainly regulates autophagy induced by irradiation. However, I-131 treatment is the usual therapy, especially for complex and aggressive thyroid cancer. Excitingly, ATM was enriched based on a serious enrichment analysis and was present in the relative functions and pathways of CRGs (Figure 7A). This aroused our desire to further investigate the possible role of ATM in regulating cell death in THCA. First, we validated the differential expression of ATM in the paired tissue samples. The expression of ATM in tumor tissue is lower than in normal tissue (P=0.0062). in addition, we compared the expression of ATM between the N0 group and N1 group, the median of ATM expression in N1group is lower than N0 group, but there is no significant difference (Figure 7B). Then, we investigated its functional role in the thyroid cancer cell line TPC-1. As shown in Figure 7C, cell viability was inhibited by increasing I-131 dose in a dose-dependent manner. Considering the minimum effective dose, we chose 14.8 MBq/ml as the treatment dose in the following experiment. According to the Western blot in Figure 7D, phosphorylation of ATM was significantly increased after I-131 treatment, implying that the ATM signaling pathway could be activated by I-131 treatment in thyroid cancer. However, as a classic marker of autophagy, an increase in MAPLC3- II/MAPLC3-I was also detected (1.62 vs. 1.00). The common autophagy inhibitor (3- MA) was selected to further investigate the specific role of autophagy in I-131-induced cell death. As shown in Figure 7E, only treatment with I-131 could significantly inhibit cell viability, but this could be reversed by combined pre-treatment with 3- MA. Further Western blot showed that ATM is indeed involved in the regulation of autophagy. As shown in Figure 7F, I-131 induced an obvious occurrence of phosphorylation of ATM, as well as the increase of MAPLC3-II/MAPLC3-I, and the higher expression of γ-H2AX. However, when pre-treated with 3MA together with I-131, both the phosphorylation of ATM and expression of γ-H2AX was further elevated, however, the MAPLC3-II/MAPLC3-I were inhibited. That indicated that ATM might play a potential role in the I-131 induced autophagy and DNA damage. In addition, gama-H2AX, the DNA damage response marker, was also found to be affected. This suggests that autophagy may be involved in I-131-induced cell death. As there were no standard methods and markers to directly indicate Cuprotosis levels. Whether the ATM pathway specifically regulates Cuprotosis needs further validation in the future.




Figure 7 | ATM pathway involved in the regulation of cell death in THCA. (A) KEGG enrichment analysis of BUB1, FDX1, RPL3 related genes set; (B) The expression of ATM in thyroid cancer tissue and normal tissue, N0 group and N1 group; (C) Cell viability was estimated in the different doses of I-131; (D) The effect of I-131 in ATM, P-ATM and MAPLC3-I/MAPLC3-II; (E) Cell viability of control, I-131, 3-MA, I-131 + 3-MA group; (F) The expression of P-ATM, ATM, MAPLC3-I/MAPLC3-II, P62, PI3KC3, γ-H2AX, GAPDH of control, I-131, 3-MA, I-131 + 3-MA group. *p < 0.05; #p <0.05 (control vs I-131; 3-MA vs I-131+3-MA).







4 Discussion

Cuprotosis is a novel cell death mechanism in recent years, a type of copper-dependent cell death that differs from apoptosis, necroptosis and ferroptosis. Our research could provide a new diagnostic model and new insights into the mechanisms of thyroid cancer development and immunotherapy.

Current advances in the field of Cuprotosis are an exciting and growing area of research field (14–19). (Figure S1A) Much evidence suggests that CRGs are expressed in several tumors and correlate with the stage of tumor progression and poor prognosis, including renal cell carcinoma, pancreatic cancer, lung adenocarcinoma, bladder cancer, hepatocellular carcinoma and gastric cancer (Table S1). Several other studies have found that FDX1 and DLAT are associated with tumor progression. In this study, we compiled the original data and analysis of the dataset published in Tsvetkov’s research. The dataset included not only 10 genes selected by Tsvetkov, but also 148 genes that log FC>1 or <-1. We investigated signature genes for prognosis (OS, DFS, PFS, DSS) in THCA patients based on the TCGA database. Considering this information, we investigated 19 CRGs related to prognosis in THCA. Finally, 16 CRGs were found to be differentially expressed in tumor and normal tissues, which is consistent with the immunohistochemical results. In addition, the 19 genes showed close interaction in the STRING analysis. BRAF, TERT and RAS gene mutations were frequently observed in thyroid cancer. In this study, we found that GPI, QARS, TUT1 and BUB1 were predominant in CRGs. The biological process (BP) of CRGs mainly focuses on cell death. This is considered a logical next step in our ongoing research.

The mortality rate of THCA is lower and largely different from that of other tumors. Metastasis and recurrence in THCA significantly affect prognosis. Life expectancy is an important parameter reflecting the progression of THCA. In this study, we found 11 genes whose expression is indicative of prognosis in DFS. In multivariate analysis, we confirmed that two genes (BUB1 and GINS2) were of prognostic significance. Studies by Ge MQ confirmed that AKR1C1 candidates have differential expression in THCA compared to normal tissue (20).

Overexpression of BUB1 contributes to the morphological progression of clear cell renal carcinoma (21) Shen YL’s research showed that GINS2 can accelerate the growth of glioma cells (22). According to the above results, we analyzed 19 genes with LASSO regression. The three-gene model (FDX1, BUB1, RPL3) was constructed to predict DFS of 1, 3 and 5 years in thyroid cancer (AUC: 0.789, 0.733, 0.757). Some predictive models for thyroid cancer from other studies showed an AUC of OS (0.621, 0.859, 0.842) (20, 23, 24). By combining the T-stage, the calibration curves confirmed that the 1-, 3- and 5-year survival probability predicted by the nomogram (red, yellow, grey) is close to the actual survival. The difference between a Nomogram and LASSO lies in the incorporation of clinical and pathological features. By analyzing the combination of gene expression and clinical pathological features, the predictive role in thyroid cancer prognosis is assessed. After introducing clinical features, it was found that the predictive efficacy of RPL3 and FDX1 for prognosis was inferior to that of BUB1. Therefore, the final model only includes BUB1 as the important gene for predicting prognosis. The nomogram could potentially be a clinically predictive tool for THCA prognosis. Further investigation into the molecular mechanisms of the 3-gene model revealed that immune infiltration plays a role.

There are a large number of bio-informational articles on THCA, most of which focus on overall survival and ferroptosis. In our manuscript, we chose to study DFS, which is more meaningful to patients, based on our clinical experience. Cuprotosis was discovered in March 2022, there are still many doubts about the mechanism of THCA. We tried to investigate some studies on the treatment of Cuprotosis in THCA. In addition, we built a prediction model based on CRGs.

Through immune cell correlation analysis, we discovered a positive correlation between the expression of BUB1, FDX1, RPL3 and the infiltration of most immune cells. Specifically, the expression of BUB1 showed a positive correlation with B cells (p = 1.78×10−35), CD8+T cells (p =3.27×10−8), CD4+ cell (p =1.6×10−13), macrophages (p =3.31× 10−27), neutrophil (p=9.95×10−45). These immune cells, including CD8+ T cells, CD4+ T cells, macrophages, and dendritic cells, play a crucial role in inhibiting tumor growth. The slow progression of most papillary thyroid carcinomas is often associated with a substantial infiltration of immune cells. The specific mechanisms behind this observation require further experimental exploration.

Although we have verified the expression of 19 genes by immunohistochemistry using bio information, we still need to investigate the expression of patients in our area by RT -qPCR and immunohistochemistry. Further studies include the investigation of FDX1, BUB1 and RPL3 in THCA cell lines and the investigation of Cuprotosis signs in THCA. We found that the molecular mechanisms were related to autophagy by analyzing the signaling pathways of 300 genes of the 3-gene model. ATM might be the central gene of the mechanism. So we conducted an independent experiment. We found that I-131 activates the autophagy pathway via the ATM pathway. Benkafadar’s research revealed that ATM triggers apoptosis via the P53 pathway (25). Therefore, ATM can be used to inhibit cancer cells.

However, there are some limits. First, the data of our study relied mainly on the public database. Therefore, more basic experimental validation might be needed. Furthermore, we need to collect more samples to reduce statistical errors. At the same time, the mechanism of action between Cuproptosis and immune cells needs to be further explored.

In summary, as shown in Figure 8, we found different expressions of CRGs in THCA. In addition, we constructed a novel prognostic model to predict the disease-free survival of THCA. Furthermore, we collected 20 pairs of samples of THCA patients, to verify the expression of CRGs. Additionally, we investigated that CRGs might regulate cell death in THCA through the ATM pathway.




Figure 8 | The schematic workflow of the study.







Conclusion

In conclusion, as shown in Figure 8, there are different expressions of CRGs in THCA. We found A novel Prognostic Model to Predict the disease-free survival of THCA. Additionally, we investigated that CRGs might regulate cell death in THCA through the ATM pathway.





Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.





Ethics statement

The study was conducted in accordance with the Declaration of Helsinki and approved by the China-Japan Union Hospital Institutional Review Board (No.20220804014). Informed consent was obtained from all patients.





Author contributions

Conceptualization: RD, HS and NL. Data curation: RD, JL, FL and LM. Formal analysis: RD. Funding acquisition: HS and NL. Methodology: RD, JL and FL. Resources: RD. Supervision: GD, HS and NL. Writing – original draft: RD. Writing – review & editing: GD and NL. All authors contributed to the article and approved the submitted version.





Funding

This study was sponsored by the Jilin Province Science and Technology Development Project [20210402011GH; YDZJ202201ZYTS112]; the project of China-Japan Union Hospital [2023CL01]; and the Project of Jilin Provincial Finance Department [2022SCZ09; 2021SCZ23].





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/fendo.2023.1209172/full#supplementary-material




References

1. Zheng, RS, Zhang, SW, Zeng, HM, Wang, SM, Sun, KX, Chen, R, et al. Cancer incidence and mortality in China, 2016. J Natl Cancer Center (2022) 2(1):1–9. doi: 10.1016/j.jncc.2022.02.002

2. Kazi Tani, LS, Gourlan, AT, Dennouni-Medjati, N, Telouk, P, Dali-Sahi, M, Harek, Y, et al. Copper isotopes and copper to zinc ratio as possible biomarkers for thyroid cancer. Front Med (Lausanne) (2021) 8:698167. doi: 10.3389/fmed.2021.698167

3. Rezaei, M, Javadmoosavi, SY, Mansouri, B, Azadi, NA, Mehrpour, O, and Nakhaee, S. Thyroid dysfunction: how concentration of toxic and essential elements contribute to risk of hypothyroidism, hyperthyroidism, and thyroid cancer. Environ Sci pollut Res Int (2019) 26(35):35787–96. doi: 10.1007/s11356-019-06632-7

4. Zhou, T, Cai, Z, Ma, N, Xie, W, Gao, C, Huang, M, et al. A novel ten-gene signature predicting prognosis in hepatocellular carcinoma. Front Cell Dev Biol (2020) 8:629. doi: 10.3389/fcell.2020.00629

5. Tsvetkov, P, Coy, S, Petrova, B, Dreishpoon, M, Verma, A, Abdusamad, M, et al. Copper induces cell death by targeting lipoylated TCA cycle proteins. Science (2022) 375(6586):1254–61. doi: 10.1126/science.abf0529

6. Sun, J, Huang, J, Lan, J, Zhou, K, Gao, Y, Song, Z, et al. Overexpression of CENPF correlates with poor prognosis and tumor bone metastasis in breast cancer. Cancer Cell Int (2019) 19:264. doi: 10.1186/s12935-019-0986-8

7. Zhang, X, Zhang, W, Jiang, Y, Liu, K, Ran, L, and Song, F. Identification of functional lncRNAs in gastric cancer by integrative analysis of GEO and TCGA data. J Cell Biochem (2019) 120(10):17898–911. doi: 10.1002/jcb.29058

8. Zhang, Z, Lin, E, Zhuang, H, Xie, L, Feng, X, Liu, J, et al. Construction of a novel gene-based model for prognosis prediction of clear cell renal cell carcinoma. Cancer Cell Int (2020) 20:27. doi: 10.1186/s12935-020-1113-6

9. Lin, W, Wu, S, Chen, X, Ye, Y, Weng, Y, Pan, Y, et al. Characterization of hypoxia signature to evaluate the tumor immune microenvironment and predict prognosis in glioma groups. Front Oncol (2020) 10:796. doi: 10.3389/fonc.2020.00796

10. Xu, F, Huang, X, Li, Y, Chen, Y, and Lin, L. m(6)A-related lncRNAs are potential biomarkers for predicting prognoses and immune responses in patients with LUAD. Mol Ther Nucleic Acids (2021) 24:780–91. doi: 10.1016/j.omtn.2021.04.003

11. Ji, Y, and Xue, Y. Identification and clinical validation of 4-lncRNA signature for predicting survival in head and neck squamous cell carcinoma. Onco Targets Ther (2020) 13:8395–411. doi: 10.2147/OTT.S257200

12. Liu, Z, Mi, M, Li, X, Zheng, X, Wu, G, and Zhang, L. A lncRNA prognostic signature associated with immune infiltration and tumor mutation burden in breast cancer. J Cell Mol Med (2020) 24(21):12444–56. doi: 10.1111/jcmm.15762

13. Fernandez-Banet, J, Esposito, A, Coffin, S, Horvath, IB, Estrella, H, Schefzick, S, et al. OASIS: web-based platform for exploring cancer multi-omics data. Nat Methods (2016) 13(1):9–10. doi: 10.1038/nmeth.3692

14. Han, C, Zhang, K, and Mo, X. Construction of a cuprotosis-related gene-based model to improve the prognostic evaluation of patients with gastric cancer. J Immunol Res (2022) 2022:8087622. doi: 10.1155/2022/8087622

15. Liu, T, Cai, L, Hua, H, Jiang, X, Xu, X, Zhang, T, et al. Cuprotosis patterns are associated with tumor mutation burden and immune landscape in lung adenocarcinoma. J Oncol (2022) 2022:9772208. doi: 10.1155/2022/9772208

16. Xiao, J, Liu, Z, Wang, J, Zhang, S, and Zhang, Y. Identification of cuprotosis-mediated subtypes, the development of a prognosis model, and influence immune microenvironment in hepatocellular carcinoma. Front Oncol (2022) 12:941211. doi: 10.3389/fonc.2022.941211

17. Xu, Y, Li, H, Lan, A, Wu, Q, Tang, Z, Shu, D, et al. Cuprotosis-related genes: predicting prognosis and immunotherapy sensitivity in pancreatic cancer patients. J Oncol (2022) 2022:2363043. doi: 10.1155/2022/2363043

18. Zhang, F, Lin, J, Feng, D, Liang, J, Lu, Y, Liu, Z, et al. Cuprotosis-related signature predicts overall survival in clear cell renal cell carcinoma. Front Cell Dev Biol (2022) 10:922995. doi: 10.3389/fcell.2022.922995

19. Qi, X, Wang, J, Che, X, Li, Q, Li, X, Wang, Q, et al. AMJ CANCER research-The potential value of cuprotosis (copper-induced cell death) in the therapy of clear cell renal cell carcinoma (2022). 12(8):3947–66.

20. Ge, M, Niu, J, Hu, P, Tong, A, Dai, Y, Xu, F, et al. A ferroptosis-related signature robustly predicts clinical outcomes and associates with immune microenvironment for thyroid cancer. Front Med (Lausanne) (2021) 8:637743. doi: 10.3389/fmed.2021.637743

21. Pinto, M, Vieira, J, Ribeiro, FR, Soares, MJ, Henrique, R, Oliveira, J, et al. Overexpression of the mitotic checkpoint genes BUB1 and BUBR1 is associated with genomic complexity in clear cell kidney carcinomas. Cell Oncol (2008) 30(5):389–95. doi: 10.1155/2008/820256

22. Shen, YL, Li, HZ, Hu, YW, Zheng, L, and Wang, Q. Loss of GINS2 inhibits cell proliferation and tumorigenesis in human gliomas. CNS Neurosci Ther (2019) 25(2):273–87. doi: 10.1111/cns.13064

23. Qian, X, Tang, J, Li, L, Chen, Z, Chen, L, and Chu, Y. A new ferroptosis-related gene model for prognostic prediction of papillary thyroid carcinoma. Bioengineered (2021) 12(1):2341–51. doi: 10.1080/21655979.2021.1935400

24. Shi, J, Wu, P, Sheng, L, Sun, W, and Zhang, H. Ferroptosis-related gene signature predicts the prognosis of papillary thyroid carcinoma. Cancer Cell Int (2021) 21(1):669. doi: 10.1186/s12935-021-02389-7

25. Benkafadar, N, Menardo, J, Bourien, J, Nouvian, R, Francois, F, Decaudin, D, et al. Reversible p53 inhibition prevents cisplatin ototoxicity without blocking chemotherapeutic efficacy. EMBO Mol Med (2017) 9(1):7–26. doi: 10.15252/emmm.201606230




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 Du, Li, Li, Mi, Dionigi, Sun and Liang. 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/fendo-14-1209172-g005.jpg
Pvalue  Hazard Ratio(95% CI) Mult_cox pyalue  Hazard Ratio(95% CI)
BUBI <0001 3.57598(2.14063,597377) —s——— BUBI 000005 421965(2.10531,8.45738) —_—
FDXI 000308 04046(022222073668) W FDXI 080032 088005032991235237) gt
RPL3 0.03324 0.5724(0.34249,0.95663) RPL3 0.05254 0.42216(0.17654,1.00951) W
Age 064701 0.99426(0.97006,1.01906) Age 039851 0.98145(0.9397,1.0250) +
Gender 062742 123769(0.52315,2.92818) Gender 070162 08262403112.2.19366)  +e—
pT-stage 0003 2.2366(1.31427,3.80621) —— pT-stage 002348 2.06245(1.10259,3.85794) —_—
PN-st 002401 2.65774(1.13725,621111) + PN-stage 036454 1.52724(0.61148,3.8144) —_—
PTNM-stage 20013 131277(0.860442.0029) PTNM-stage  0.50126 1.298(0.60694,2.77589) »_-r_'—_q
0222 2 3 4 5 6
: 017654 2 3 4 5 6 7 8
Hazard Ratio o
rd Hazard Ratio
O 10 20 30 4 S0 6 70 8 % 100 -
Points P U A S A AR SO T
BUBI r . . . . . s | H
0 05 1 15 2 25 3 35 | 1
T i 4
pT_stage r L 1
T4 3 5
: Nomogram-pesdosd),
Total Points D ¢ Ry
0 20 40 6 8 100 120 140 160 150 200
Linear Predictor r T T T T T T 1 E
. 3 o 1 2 3 . BUB1 BUB1
L 0006
; —
1-year survival Pro e .
095 09 080706 $ 10 . s
@ s
B i
g a ]
: s H
3—year survival Pro ——rrTrTrrT y 2 &
095 09 0807009032 $2 S et 2
£ a B
3 =3
€ M "o e
5-year survival Pro ——— o ek

095 09 08070.0.9403.2

Normal  Tumor






OEBPS/Images/fendo-14-1209172-g003.jpg
< = <
=1 50| = = 50| = TCGAUtigh exp (N = 180)
Low exp ( 80) Low exp ( 50) 5 Tow exp (N =T80)
= = e | " =
3 3 3
2
g 2 2 | 2
Z3 3 s 3
2
g3z = 24 34
53 3 3 3
2]
ad a a g
s BUB1 = RPL3 = FDX1 s RPL10
log-rank P=0.002 log-rank P=0.028 log-rank P=0.002 log-rank P=0.026
HR= 459 (98%C1, 174~ 120) HR= 0395 (95%C1, 0173 - 0902) HR= 0223 (95°%C1, 0084 0.8 ) HR=0.392 (95%C1, 0172 - 0896 )
2 2 | = | 2 |
s 3 3 3
T T T T T T ™ T T T T ™ T T T T
0 5 10 15 0 5 10 15 0 5 10 15 0 5 10 15
Survival years (DFS) Survival years (DFS) Survival years (DFS) Survival years (DFS)
2] = ]
- 7 Highexp (N =180) | = 180)
o e ) Tow exp (N=180)
= | 1 = | 1
3 3
Bel 2 2 2 |
o S 3 3
% 31 3 3 =
3 « o
n 24 24 24 S
log-rank P=0.007 ;- ran| CDKN2A -rank P= 0. rank P=0.036
-2 e oatr o7y PERCE e 238 (e, 18- 537) ke 25 (v, 136 -7 "R ot (e ois-osis)
= s | s | = |
< T T T — < T T T - T T T T < T T T T
0 5 10 15 0 5 10 15 0 5 10 15 0 5 10 15
Survival years (DFS) Survival years (DFS) Survival years (DFS) Survival years (DFS)
< ] J =
- High exp (N = 180) | =
§: “— Low exp (N = 180)
= 1 - =
2 3
2
S 3 2 2
£, . .
2 S I p
=3
2]
log-rank P= 0006 9A og-rank P= 001 log-rank P00 ZNHIT2
HR= 0.2 (95%C1, .13 - 0694) HR= 304 (95%C1, 129 -7.2) HR= 0,402 (95%C1, 0176 0919 )
= | = | s |
S S S
T T T T T T T T T T T T
0 5 10 15 0 5 10 15 0 5 10 15
Survival years (DFS) Survival years (DFS) Survival years (DFS)
Mult_cox  pvalue  Hazard Ratio(95% CI) Mult_cox  pvalue  Hazard Ratio(95% CI)
AURKA 0.34349 0.4631(0.09418, PSMA6 0.45241 1.7644(0.40121,7.7593)
BUBI 0.01012 6.62287(1.56792,27.9748) QARS1 0.11421 5.1343(0.67435,39.09119)
CDKN2A 0.58326 1.16797(0.67071.2.03388) RADS0 013907  6.69234(0.53915,83.07018)
DERL2 034696 2.23193(0.41884,11.89353) RAD9A 027850 0.36392(0.05848,2.26448)
FDXI 0.24786 0.43637(0.1069,1.78118) RPL10 0.61633 0.59745(0.07967,4.4806)
GINS2 001185 2.60672(1.236,5.49757) RPL3 018762 0.37507(0.08722,1.61289)
SLC26A6 0.81587 0.85952(0.24037,3.07345
GPI 0.13760 0.24678(0.03892,1.5649) ( )
TTK 0.85984 1.18983(0.17284,8.19102)
NOMI 0.19359 0.20874(0.01967,2.21512)
TUTI 0.08396 6.87576(0.7721,61.2304)
PDHAI 0.56668  1.74309(0.26049,11.66405)
ZNHIT2 015778 0.31706(0.06441,1.56069)

o019

1S 25 30 375 4s 28 60 615 78 828

Hazard Ratio

0019 1S 225 30 315 45 525 60 675 75 828

Hazard Ratio





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Estimating disease-free survival of thyroid cancer based on novel cuprotosis-related gene model

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Data collection

          



          		

            2.2 Functional enrichment analysis

          



          		

            2.3 Analysis of immune infiltration

          



          		

            2.4 Protein-protein interaction network analysis

          



          		

            2.5 Immunohistochemistry

          



          		

            2.6 Survival analysis

          



          		

            2.7 Prognosis model

          



          		

            2.8 Sample collection

          



          		

            2.9 Quantitative real-time PCR

          



          		

            2.10 Cell culture

          



          		

            2.11 Cell viability assay

          



          		

            2.12 The western blot analyses

          



          		

            2.13 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Differential expression of CRGs in THCA

          



          		

            3.2 Functional enrichment and KEGG analysis of CRGs in THCA

          



          		

            3.3 Predictive efficacy of CRGs for survival in THCA

          



          		

            3.4 Building and validating a prognostic model based on CRGs in THCA

          



          		

            3.5 The three CRGs were involved in immune infiltration

          



          		

            3.6 ATM pathway involved in the regulation of cell death in THCA

          



        



        



        		

          4 Discussion

        



        		

          Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fendo-14-1209172-g008.jpg
Cuprotosis

elesclomol

FeS
\‘\ — > o b (esH
A T Cell death by
p 1 cuprotosis
FDX?
i DLAT m;]

t ' e T = T g
" ot Poins
Y A Cincar e
= i
\ r HH\ Il W T s
‘IHHH LT i
s T

Validation & Mechanisms

——






OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fendo-14-1209172-g006.jpg
-Log 4g (P value)

[ .
s e | ———8

SRR —

[ 8+ T Coll Co#- TGl Dondrc Coll.
= partial.cor - 0.048 partial.cor = -0.299| *partial.cor = 0.054| [ » ¥ 107] . partial.cor = 0219
p=294e01 P =1.60e-11 p=237e01 |2 "1 770-02| {8l

FDX1 Expression Level log2 TPM)

02 03 2 0
Infiliration Level

Puriy [ Goa. TCet Co4+ T ol

pagaieor
: = 9.

Macrophage | Neutrophil Denric Coll

rial.cor - 0.056 artial.cor - 0.036| rtial.cor = 0.013
P 801 P e 01 P e 3e.01

RPL3 Expression Level (log2 TPM)

" [
.- . . .
GGz W5 or Gsee @z @ 96 Go %1 o2 05 & oo C R R " T ks
Infiaton Level
woa Gow e [y [ et

‘partal.cor = 0525

25| partial.cor
P = 1786

0328 alcor 0577
.60e-13| L ) 95e-45|

oo 01 02 03 04 o oz 03 0% ors 10 125
Infiltration Level

BUB1 Expression Level (log2 TPM)






OEBPS/Images/fendo-14-1209172-g004.jpg
Coefficients

0 13 17 19 19
" o
= QARSI
GINS2
DERL2
ry PSMAG
= PDIAL
)
<
I
) Gpl
[ T T T 1
0 5 10 15 20
L1 Norm
29
RiskType [
® High risk
® Low_risk
2
o
2
Z
=
&
104
o
E
1=
o | ‘ ‘ ’ H ‘ ‘ ” ’ ’“
I ‘ ’ ’ u ‘ H ‘
BUBI{

———

=2-101 2

True positive fraction

Overall survival probability

19 19 19 19 19 17 15 12 96 6 53 1 11
gl
T o se
o
S
T
-8
1.00
0.75
050
025 Log-rank P =0.00262
- HR(High groups)=4.442]
95%CI(1.682, 11.73)
==groups=High groups
0.00 ~=groups=Low groups

groups=High groups
aroups=Low groups

180 35 8 0

180 34 S 0

0 5 10 15
Time (years)

1.00

0.754

0.504

025

0.004

Type

= 1-Years, AUC=0.789,95%CI(0.654-0.924)
— 3-Years, AUC-0.733 95%CI(0.633-0.832)
— 5-Years,AUC=0.757.95%CI(0.653-0.86)

0.00

0.25

050 075 100

False positive fraction






OEBPS/Images/logo.jpg
, frontiers ’ Frontiers in Endocrinology





OEBPS/Images/fendo-14-1209172-g001.jpg
Expression

Elesclomol Cu

144

124

104

B

I Group

\HI Il \‘\

Cu-DDC 10

i \J“\ ‘H\‘H

LAAACR St e

From TCGA

|

|

[ e
B
s

N
N

Ponar

onsz

|rom

[ vz

-
-

| wmn

Ra0sD

[ o

|| some

veee . onr P e eer .

wons .

- e

o

-2
I -4
-6

Isumn
A
2

N
T

Tissue
W THCA
' Normal






OEBPS/Images/fendo-14-1209172-g002.jpg
@ Missense_Mutation
@ splice_Site

@ Nonsense_Mutation
@ Frame_Shift_Del

““MutCount

10
MutCount 5 .
0 ———

GPI
RS -

1 [ ]
P = -
-
=
|

N2A
PDHAI -
AURKA
s
TIK =
RADIA
SLC26A6 -
DERL2 -

PNKP NOM1

o o
™ . RADS0 @ors
o @ e FBXO11 PSMAG @0

TTK

BUBI

o [ . wens 0 @ 0 on NG o

m.
e ots-a0103-00%004 02 029
3 N

QARS] @ 68 68007003 03 036 027 441 651 s
ZNHIT2 @ 02 68 635-00+0420090.15003-0050.15 e
-0

z
]
=
o
2
3
o
2
£
s o
-

3

&3
7

2

cyp2rct

Y \ . TuTI @ 655 655 045 053-0.11-038001-0050.15 001 003
X Q - N , RAD9A @ 65 031 636 031 043-0310240.16 0,14 038 031 041
- N 3 o SLC26AG @ 651 63 03 04 023 032 012012 032 023 638 0.2 035

INS2 @ 04 014 015 015 027 03 033 003 027 033 015 001 004 013

FABPS 4 \ &7 4 RAE1
. ! 7 8 . PDHAL .nlsﬂal 047 029 027 042 0.12 0.16-044-0.260.05 0.18 0.18 0.3 033

apl @ 638 011002017 023 023 652 023 623005 0 011 632 006 022 026

eri2 (@032 635 017 638 6 68 652 08) 635 041031026021 023 025 025 03

roxt @67 08 685 0.1 0.1 633 037 033 633 027 026037027009 023 0.17 031 035

N PR S N RIS PN
EEF1G & SR FEFESELE TS FSELT F S

S F CXFFF IO FINS® SO F
. Y q\’v_}»@ ‘ra‘“\o"“ NE R

CYP24AT cvp27Bt

. GPATCH3

Count
cell death (¢} .
germinal vesicle s P2
4
negative regulation of milotic cell | ° condensed nuclear chromosome aute kinctochore .
eycle 6
female germ cll nucleus o,
egultion of programmed cll death { () et targe il ubamit | —— Lo : 10
eytosolic bosome.
regulton ofcll desth-| ° og10ale)
SoglOvaine) chromosoml region [,6
cell cycle checkpoint | ® 2 ‘nuclear lumen- . 28
3 intracellular non-membrane-bounded organelle L] 30
; i 32
DNA straad longation <| L4 4 non-membrane-bounded organclle o
r:gull:u)on :{ intrinsic apoptotic nuclear part @
signaling pathway in response 0| @
e P DR damage Il
- v v v v
005 010 015 020 025 030 035 00 ol 02 Y 03 06
GeneRatio
G Count
o Flo
log1O(pualue) Cell eycle
"% 26 28 30 32 Cellular senescence °
20
GO Tems °
NF SappaB binding Oocyte meiosis L
protein serine threonine tyrosine kinase activity o
deoxyribonuclease acivity Non-homologous end-joining ol
exonuclease act .
1§ Pt by sy ranstorin) iy Ribosome
: NA uridylyltransferase activity Group
exadeoxyribonuclease Il activity
D caslate Cancamaninano trancportar activity Glycolysis / Gluconeogenesis :9"“'“‘ Processss
e s o Genetic Information Processing
Carbon metabolism ° Meleoken
@ Organismal Systems
Citrate cycle (TCA eyele)
Pentose phosphate pathway {——————=
Progesterone-mediated oocyte maturation

00 05 10 15 20 25 30
-log|O(pvalue)





OEBPS/Images/fendo.2023.1209172_cover.jpg
& frontiers | Frontiers in Endocrinology

Estimating disease-free survival of thyroid
cancer based on novel cuprotosis-related
gene model





OEBPS/Images/fendo-14-1209172-g007.jpg
Cell cycle [ ] ATM ATM

25 p=0.0062 p=0.6507
Cell death4 [ ] f

Regulation of cell death{ L]

DNA damage checkpoint-{ °

Negative regulation of autophagy of 10
mitochondrion |

Negative regulation of autophagy | ®

.
Relative expression
o a4 a9 9N
wm o©o wu o
*
X &
* 0.03% * Qe oo
by >
E‘J‘» >
>
Relative Expression
o o = = N
o o o o o

00 01 02 03 04 05 06 Normal  Tumor
GeneRatio N N
8
) N
&9

D F

o

131 -

P-ATM

ATM ATM

Cell viability(100%)
° °
-

MAPLC3- I
MAPLC3- I

02

GAPDH

o \ Y \ \
o Tl guedy W weslt e

Dose
E 14 1131 MAPLC3- I
* P<0.001
. MAPLC3- IT

PI3KC3

GAPDH

[(===F]
[ v
=l
jovanaw

Cell viability(100%)

1.00 / 1.62
MAPLC3- II/MAPLC3- I

1-13143-MA

Group





