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Editorial on the Research Topic 
Metabolic regulation under oxidative stress in cancer


Oxidative stress has emerged as a key component of cancer metabolism that impacts multiple facets of tumor biology (1). Recent studies have shed light on the complex interplay of cellular redox and its impact on molecular mechanisms that govern metabolic reprogramming under oxidative stress (2, 3). It is well established that altered glucose metabolism exhibited by tumor cells leads to an enormous oxidative burden through various metabolic routes (4, 5). What is less known but remains a great interest to the field is whether elevated oxidative stress has a causal role in the development of aggressive and resistant tumor phenotypes (6). To that end, this Research Topic explores various metabolic routes that protect tumor cells against oxidative stress in diverse cancer models. It is anticipated that the development of advanced therapeutic approaches requires an in-depth understanding of the oxidative stress-mediated metabolic processes in cancer, including its effects on aspects of the tumor milieu such as immune cells-related functions.

The study by Koc et al. in this Research Topic identified the role of oxidative phosphorylation (OXPHOS) in ovarian cancer through mitochondrial proteomic analysis. They found that increased levels of mitochondrial- and nuclear-encoded OXPHOS subunits correlated with the increased rates of mitochondrial biogenesis in ovarian cancer cell lines. Furthermore, they identified that reduced OXPHOS subunits expression and mitochondrial translation significantly increased mitochondrial reactive oxygen species (ROS) production while decreasing superoxide dismutase 2 (SOD2). This study makes an interesting case for including mitochondrial biogenesis- and redox state-targeted therapies, which may have significant therapeutic impact when combined with current treatment strategies. To explore insights into the mitochondrial nucleic acids sensing signaling pathways, Gong et al. described a specific role of Y-box binding protein (YB1) with mitochondria-derived RNAs in breast cancer cell apoptosis and ROS production. As such, it is of great importance in exploring the inter-linkage of cytoplasmic and mitochondrial factors facilitating metabolic regulation for understanding redox metabolism in cancer. In an interesting study by Yuan et al. in this Research Topic, the research team has developed a prognostic risk model based on oxygen metabolism for colorectal cancer. Although this study was only a proof of concept for future studies of similar prognostic models, development of these correlative biomarkers will be useful in clinical cancer progression monitoring and can change the current management of colorectal cancer.

Glutathione peroxidases (GPX) protect cells from oxidative insults and they have been implicated in cancer progression and metastasis (7). In this Research Topic, Hu et al. showed that GPX3 was downregulated in several tumor types and that the expression levels correlate with patient outcomes. This finding suggests that GPX3 has a specific role in regulating redox states in cancer and could regulate the progression and metastasis of the disease. In another study by Canevarolo et al., increased glutathione (GSH) levels and other cellular oxidative stress mechanisms were found to be a key resistance mechanism to the antifolate methotrexate, a drug used for acute lymphoblastic leukemia (ALL). These findings point to another critical metabolic feature that mediates drug resistance in ALL.

Another rapidly emerging field in metabolism is ferroptosis, an iron-dependent cell death mechanism characterized mainly by substantial lipid peroxidation (8). Anti-ferroptotic mechanisms have been implicated in cancer progression and accordingly, inducers of ferroptosis are being actively pursued as a novel class of cancer treatments (9). In this special edition, Yuan et al. identified that STEAP3 gene is a key regulator of ferroptosis by evaluating patient data and molecular validation. Further, Han et al. developed a prognostic model for hepatocellular carcinoma and discovered a set of genes regulating ferroptosis mediated inflammatory responses. Similarly, Zhu et al. developed a 10-gene ferroptosis prognostic model in acute myeloid leukemia which might be of interest in future therapeutic targets. A more focused study by Yi et al. described the specific role of CXCL2 gene in ferroptosis related mechanisms and its negative association with clinical malignancy features. In search of new biomarkers and drug targets of hepatocellular carcinoma, Wen et al. revealed the mechanistic role of oncoprotein-induced transcript 3 protein (OIT3) regulating ferroptosis via arachidonic metabolism. Thus, OIT3 is suggested to be a potential diagnostic marker and therapeutic target of hepatocellular carcinoma.

In the recent years, there is a considerable increase in investigations on cuproptosis, a new form of copper-dependent regulated cell death and highly regulated by cellular metabolism (10). Zhang et al. found that 14 cuproptosis and copper metabolism-related genes significantly correlated with the immune microenvironment, suggesting its involvement in cancer progression. Their investigation suggested the potential use of cuproptosis and copper metabolism–related gene signatures as prognostic biomarkers of head and neck squamous cell carcinoma for better patient outcomes. Further, Wang et al. discussed the insights into copper metabolism and cuproptosis in cancer progression and its potential as targeted therapy. Although future studies are required to validate these initial findings of biomarker-based monitoring strategies, the studies covered in this Research Topic highlight the significance and potential impact in clinical settings.

Future investigation into the foundational mechanisms underlying metabolic signatures of tumor cells under oxidative stress will provide the knowledge needed to develop novel therapeutic strategies. In many cancer types, oxidative stress is highly elevated. Strategies leveraging this increased oxidative burden can lead to novel treatments such as those augmenting ferroptosis or cuproptosis. While much work has been done in this regard, an increased understanding of the molecular mechanisms underlying aberrant cellular metabolism and, in particular, oxidative stress in cancer progression and treatment resistance will enable the inception of new treatment strategies that leverage these tumor characteristics, ultimately yielding improved patient outcomes.
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Background

The purpose of this study was to identify the prognostic value of cuproptosis and copper metabolism–related genes, to clarify their molecular and immunological characteristics, and to elucidate their benefits in head and neck squamous cell carcinoma (HNSCC).



Methods

The details of human cuproptosis and copper metabolism–related genes were searched and filtered from the msigdb database and the latest literature. To identify prognostic genes associated with cuproptosis and copper metabolism, we used least absolute shrinkage and selection operator regression, and this coefficient was used to set up a prognostic risk score model. HNSCC samples were divided into two groups according to the median risk. Afterwards, the function and immune characteristics of these genes in HNSCC were analyzed.



Results

The 14-gene signature was constructed to classify HNSCC patients into low-risk and high-risk groups according to the risk level. In the The Cancer Genome Atlas (TCGA) cohort, the overall survival (OS) rate of the high-risk group was lower than that of the low-risk group (P < 0.0001). The area under the curve of the time-dependent Receiver Operator Characteristic (ROC) curve assessed the good performance of the genetic signature in predicting OS and showed similar performance in the external validation cohort. Gene Ontology and Kyoto Encyclopedia of Genes and Genomes enrichment assays and Protein-Protein Interaction (PPI) protein networks have been used to explore signaling pathways and potential mechanisms that were markedly active in patients with HNSCC. Furthermore, the 14 cuproptosis and copper metabolism-related genes were significantly correlated with the immune microenvironment, suggesting that these genes may be linked with the immune regulation and development of HNSCC.



Conclusions

Our results emphasize the significance of cuproptosis and copper metabolism as a predictive biomarker for HNSCC, and its expression levels seem to be correlated with immune- related features; thus, they may be a possible biomarker for HNSCC prognosis.





Keywords: cuproptosis, copper metabolism-related genes, gene signature, nomogram, prognosis, head and neck squamous cell carcinoma



Introduction

Head and neck squamous cell carcinoma (HNSCC) originates from the epithelial cells of the mouth, pharynx, and larynx, which is a kind of malignant tumor with high incidence (1, 2). Smoking, alcohol consumption, viral infection, environmental pollutants, and genetics are all risk factors for HNSCC (1). Since the beginning of this century, great progress has been made in the research of immunotherapy and other targeted drugs related to HNSCC, which have been applied in clinic. However, the five-year survival rate of HNSCC is only 50% (3, 4). In addition, due to the asymptomatic character of HNSCC and the lack of early detection, the risk of recurrence and metastasis of cancer patients is still high (5). Therefore, it is particularly critical to uncover new biomarkers for HNSCC patients and to better customize the prevention, screening, and treatment of HNSCC.

Copper is a trace element that has a significant impact on human health. It exists in organisms in the form of Cu (I) and Cu (II). Existing experimental results show that copper plays an important role in being an intracellular antioxidant, cellular respiration, nerve signal transduction, and the development of extracellular matrix (6). However, at high concentrations, copper can also cause the destruction of intracellular lipids, proteins, and nucleic acids (7). Unlike the known mechanisms of cell death, copper-dependent cell death depends on mitochondrial respiration, which occurs through the direct combination of copper with the fatty acylation component of the tricarboxylic acid (TCA) cycle (8). At present, some antitumor drugs can specifically induce cancer cell death, but how to overcome drug resistance is still an important problem to be solved. Platinum-based antitumor drugs (cisplatin and carboplatin) are commonly used to treat multiple types of solid tumors, including HNSCC. However, there is sufficient evidence to suggest that the long-term use of platinum-based antitumor agents in HNSCC patients can develop drug resistance (9–11). Cuproptosis and copper metabolism may be beneficial to the treatment of drug-resistant HNSCC. Copper homeostasis imbalance can be observed in the progression of HNSCC, and copper metabolism–related genes are related to the sensitivity of HNSCC to platinum compounds (9, 12). Copper can enhance the sensitivity of HNSCC patients to cisplatin by combining with copper ionophore disulfide (13). Therefore, it is very important to explore new forms of regulatory cell death, such as cuproptosis, and to find practical and effective prognostic markers for HNSCC. Thus, Tsvetkov et al. suggest that there may be a window that allows an increased concentration of copper in cells to be used to selectively kill cancer cells (14). The activation of the copper-induced cell death pathway may surpass the current drug resistance of chemotherapeutic drugs and open a new research field for new tumor therapies. At present, researchers have great interest in the relationship between cuproptosis and tumor, and its function in HNSCC needs to be further clarified (15–18). Therefore, the role of the entire cuproptosis and copper metabolism–related gene repertoire, in the prognosis of HNSCC, needs to be investigated.

In this study, HNSCC transcripts from several patient cohorts were downloaded from the public database, and 14 genetic signatures of cuproptosis and copper metabolism were identified by bioinformatics analysis. These markers related to cuproptosis and copper metabolism may become an effective index for predicting the prognosis of HNSCC patients



Method


Data collection

Through a comprehensive analysis of the source literature, we screened 139 genes related to cuproptosis and copper metabolism from the msigdb database and added recently reported genes to integrate them for the next step. The TCGA database was used to obtain patient clinicopathological data (https://portal.gdc.cancer.gov/). The data of 546 HNSCC samples were downloaded, including 502 cancer samples and 44 precancerous samples. All 44 adjacent normal tissue specimens belong to the normal group. The phenotype information, survival data (version: 12-06-2021), and RNA sequence data (version: 12-06-2021) of HNSCC patients, cervical cancer Cervical squamous cell carcinoma andendocervical adenocarcinoma (CESC) patients and esophageal cancer (ESCA) patients were acquired from the public database UCSC Xena (https://xenabrowser.net/datapages/). Those without RNA-seq data were excluded.



Construction and validation of the cuproptosis and copper metabolism–related gene prognostic index

Univariate Cox regression analysis (P<0.05) was applied to sift prognostic-related genes; 35 genes were identified, and 14 differentially related genes were identified by least absolute shrinkage and selection operator (LASSO) regression. Complete the above steps through the glmnet package. The coefficient (β) of LASSO regression corresponding to each gene was performed to construct the risk score for predicting the prognosis. Risk score = (coefficient Gene1 × expression of Gene1) + (coefficient Gene2 × expression of Gene2) +……+ (coefficient Gene n × expression Gene n), and the intermediate value of risk score is used to distinguish high-risk groups from low-risk groups. The prognostic power of the index was assessed by Kaplan-Meier (K-M) survival curves with log-rank tests. In order to test the independent prognostic accuracy of the index, we established 1-year, 3-year and 5-year time-dependent ROC charts, analyzed them with survival ROC software, and calculated the area under the curve (AUC).



Differentially expressed gene identification and bioinformatics analysis

The Wilcoxon function in R is used to calculate differentially expressed genes (DEGs) between clustering subgroups False discovery rate (FDR<0.05 and |log2FC|>1). According to all the data of DEGs, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses were studied. Then, the function enrichment analysis of DEGs protein–protein interaction network was fulfilled through the Search tool for the retrieval of interacting genes/proteins (STRING) database  (https://string-db.org/), and the online calculation and prediction were carried out. On this basis, the visibility of PPI is analyzed by using Cytoscape. Principal component analysis (PCA) was used for realizing the dimensionality reduction and visualization of signature genes. In addition, the potential biological functions were studied by gene set enrichment analysis (GSEA 4.1.0), and P < 0.05 and FDR < 0.05 were considered statistically significant.



Tumor immune microenvironment analysis

In order to clarify the prognostic characteristics of the tumor immune microenvironment, the high-risk group and low-risk group were compared. We applied the CIBERSORTx website (https://cibersortx.stanford.edu/) to compare and reckon the abundance of 22 immune cells in the two populations. Platform xCell (xCell signature) (19) was used to calculate the proportion of immune cell infiltration in the tumor environment.



Construction of the predictive nomogram

Using the “rms” R package, a nomogram was established to predict the 1–5 year survival rate of HNSCC patients. The calibration curve is used to evaluate the prediction ability of nomogram. The closer to the 45° line, the better the prediction ability. Then, the independent prognostic factors were compared by decision curve analysis (DCA) to explore the difference of the combined nomogram in clinical benefit.



Genomic variance analysis

In order to identify the genomic variation, the distribution of all somatic mutant genes was compared. Somatic mutation data were downloaded from the Genomic data commons (GDC) database (https://portal.gdc.cancer.gov/). A comparison of tumor mutation burden (TMB) was conducted between the high-risk group and low-risk group.



Statistical analysis

All the statistical analyses of this study were performed using R software. The Wilcoxon test was used to selected DEGs of the two groups. Kaplan–Meier survival analysis and the Cox regression model were used for univariate survival analysis and multivariate survival analysis, respectively. Wilcoxon test was used to determine whether there was a difference in the proportion of somatic mutations. Bilateral P < 0.05 was considered significant.




Results


Construction the prognostic signature of cuproptosis and copper metabolism–related genes and validating its predictive performance

In this study, our bioinformatics analysis is based on the workflow shown in Figure 1. A total of 546 samples from the TCGA database were used; 44 normal samples, incomplete prognostic information, and OS less than 30 days were excluded; and 493 cancer samples were eventually included in the study. To establish a novel prognostic model, 35 genes related to prognosis were selected from 139 genes by univariate Cox analysis, and then, the appropriate genes related to cuproptosis and copper metabolism were selected by LASSO regression analysis (Figure 2A and Additional Figure 1). Finally, based on the optimal value of λ, a 14-gene signature was identified (Figures 2B, C). Figure 2D shows the K-M curve of each gene.




Figure 1 | A flowchart outlining the schematic design of a study.






Figure 2 | Construction of cuproptosis and copper metabolism–related gene prognostic signature.(A) Cuproptosis and copper metabolism–related genes of Cox analysis.(B, C) Least absolute shrinkage and selection operator analysis was performed to select the optimum genes to construct a 14-gene signature.(D) K-M curve of 14 genes.



As mentioned above, 14 gene-based prognostic signatures were used to compute the risk score for each sample (Figures 3A, B). The formula is as follows: risk score = (-0.3847 × expression of CYP2D6) + (0.1679 × expression of PRKN) + (-0.2781 × expression of ABCB1) + (-0.0177 × expression of CCL5) + (-0.0066 × expression of LOXL1) + (0.0252 × expression of MT1E) + (-0.0554 × expression of CDKN2A) + (0.1500 × expression of CXCL8) + (0.3308 × expression of COX11) + (0.0942 × expression of COX5A) + (0.0945 × expression of COX19) + (0.0222 × expression of ACLY) + (-0.0005 × expression of BCL2) + (-0.0047 × expression of DAPK2). All patients were grouped into a high-risk group (n=246) or a low-risk group (n=247) according to the median risk score. Kaplan–Meier survival analysis indicated that the OS of high-risk groups was markedly lower than that of low-risk groups (Kaplan–Meier survival analysis P < 0.0001, Figure 3D). The ROC curve showed that the risk score development in our present study had a good predictive value of 0.70, 0.69, and 0.63 for 1-year AUC, 3-year AUC, and 5-year AUC, respectively (Figure 3C). Therefore, according to the survival curve, we finally determined that 14 genes related to cuproptosis and copper metabolism were significantly correlated with prognosis: ACLY, COX5A, COX11, COX19, CXCL8, PRKN, and MTIE were negatively correlated with OS, while ABCB1, BCL2, CCL5, CDKN2A, CYP2D6, DAPK2, and LOXL1 were positively correlated with OS. Similarly, PCA confirmed that these 14 genes have implications for OS prediction (Additional Figure 1). In conclusion, the above results suggest that the model composed of cuproptosis and copper metabolism–related genes may be a credible and valuable indicator for predicting the prognosis of HNSCC.




Figure 3 | Validation of cuproptosis and copper metabolism–related gene prognostic signature.(A)Heat map representing the expression level of the prognostic genes based on the high-risk group and the low-risk group of head and neck squamous cell carcinoma (HNSCC) patients.(B, E, H) Association between the risk score and the distribution of high- (red) and low- (green) risk groups of HNSCC patients(B), esophageal cancer (ESCA) patients(E), and CESC patients(H).(C, F, I) The ROC curves for evaluating the prognostic value by the 14-gene signature in the TCGA cohort of HNSCC patients(C), ESCA patients(F), and CESC patients(I).(D, G, J) The overall survival (OS) rates of different groups of HNSCC patients(D), ESCA patients(G), and CESC patients(J).



We intended to select the available HNSCC sample cohort to verify the above results. However, the model genes were incomplete in any other HNSCC cohort of Gene expression omnibus (GEO) databases. Therefore, we selected other cohorts for validation. All three malignancies contain an epithelial origin (1, 20, 21). On one hand, ESCA and HNSCC have high homology; they have a similar metastatic behavior and have common internal resistance to conventional systemic therapy (22). On the other hand, esophagus is a high-risk site for HNSCC patients to develop secondary primary malignant tumors (23, 24). Based on these correlations, we selected the available cohorts of ESCA samples from the TCGA database for verification, including 152 patients with ESCA (Figures 3E–G). For HNSCC and CESC, studies have shown that their immune activation transcriptome has a certain correlation (25). Therefore, we also validated our model in the CESC cohort (Figures 3H–J). The results of this validation queue were consistent with the results we obtained before, which showed that it had excellent reliability and repeatability.



Differentially expressed gene identification and bioinformatics analysis

To further investigate the possible biological functions of 14 genes related to cuproptosis and copper metabolism, we used the “clusterProfiler” package for GO annotations and KEGG pathway enrichment analysis. Figure 2 lists the enriched GO terms and KEGG pathways. DEGs were significantly enriched in immunoglobulin production, the detection of chemicals, stimulus involved in sensory, olfactory pathways, T-cell receptor complexes, and plasma membrane signals (Figures 4A, B). The top three significantly enriched molecular function terms include olfactory receptor activity, antigen binding, and neurotransmitter receptor activity (Figure 4C). In addition, KEGG analysis revealed that the significant enrichment pathway of these DEGs was the olfactory transduction pathway (Figure 4D). The PPI network of DEGs was acquired through the application of the online STRING tool. The results showed that the CD19 molecule (CD19) was the most important gene (Figure 4E). The gene coding protein is a member of immunoglobulin gene superfamily. Its coding protein is cell surface protein, and its expression is limited to B-cell lymphocytes. Moreover, we used GSEA to explore the potential biological functions of 14 genes involved in cuproptosis and copper metabolism. The results of GSEA confirm these findings (Figure 4F).




Figure 4 | DEG Identification and bioinformatics analysis.(A–D) The enriched GO(A) BP,(B) CC, and(C) MF terms as well as(D) KEGG pathways. GO, gene ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; DEG, differentially expressed gene; BP, biological process; CC, cellular component; MF, molecular function.(E) The PPI network downloaded from the STRING database indicated the interactions among the candidate genes.(F) Gene set enrichment analysis.





Analysis of tumor immune microenvironment

Through DEG analysis, we found that these genes play a role in immune-related pathways. As a result, we explored the connection between the cuproptosis and copper metabolism–related signature and the tumor immune microenvironment. We used the CIBERSORTx algorithm and xCell to compare the distribution of immune cells in different groups. It was observed that M2 macrophages, naïve CD4 T cells, resting memory CD4 T cells, resting NK cells, activated mast cells, eosinophils, M0 macrophages, cancer cells, and lymph vessels were more abundant in the high-risk group, while Th17 cells, DC, naïve B cells, plasma cells, CD8 T cells, follicular helper T cells, activated NK cells, activated memory CD4 T cells, M1 macrophages, and resting mast cells were more abounding in the low-risk group (Figure 5A, Additional Figure 2). We also displayed the characteristics related to the immune landscape of the two groups (Figure 5B, Additional Figure 2). Immune-related functions such as human leukocyte antigen, immune checkpoint, and inflammation-related promotion between the two groups were usually more significant in low-risk populations (Figure 5C).




Figure 5 | Analysis of the tumor immune microenvironment.(A) Analysis of the abundance of immune cells via the CIBERSORTx algorithm based on the TCGA cohort.(B) The characteristics related to the immune landscape of two groups via the CIBERSORTx algorithm.(C) Heat map of human leukocyte antigen, immune checkpoint, and inflammation-related promotion in the low- and high-risk groups in the TCGA databases. The p-values were shown as: *p < 0.05; **p < 0.01; ***p < 0.001. ****p < 0.0001.





Establishment and evaluation of the predictive nomogram

Multivariate Cox regression was used for determining whether the risk characteristics were independent prognostic factors (Figure 6A). We analyzed the heat map of the association between the prognostic characteristics of cuproptosis and copper metabolism related genes and clinicopathological manifestations, which can be used for the clinical management of HNSCC patients (Figure 6B). To further enhance the predictive ability, a predictive nomogram ground on the integration of the risk score and pathological stage was constructed in the TCGA cohort (Figure 6C). The calibration curve of the nomogram showed that the standard curves for predicting and observing 1-year, 3-year, and 5-year results in the cohort were fairly consistent (Figures 6D–F). In addition, we used DCA analysis to evaluate the predicted values of nomogram for the TCGA cohort 1, 3, and 5 years in clinical decision-making (Figures 6G–I).




Figure 6 | Establishment and evaluation of the predictive nomogram.(A)Multivariate Cox regression analysis of the clinicopathological features in the TCGA cohort.(B) Heat map for cuproptosis and copper metabolism–related gene prognostic signature and clinicopathological manifestations.(C) A nomogram for both clinic-pathological factors and prognostic cuproptosis and copper metabolism–related genes.(D–F) Plots depict the calibration of nomograms based on the risk score in terms of the agreement between predicted and observed 1-year(D), 3-year(E), and 5-year(F) outcomes in the TCGA cohort.(G, H, I) Decision curve analyses of the nomograms based on OS in two cohorts for 1 year(G), 3 years(H), and 5 years(I).





Genomic variance analysis in the TCGA cohort

In order to explore whether the difference of the copper metabolism gene expression between the two groups is related to gene variation, we conducted genomic variance analysis. We found that CDKN2A and ABCB1 had a high mutation probability in HNSCC (Figure 7A). The results showed that TMB in high-risk patients was higher than that in low-risk groups (P < 0.05, Figure 7B). The OS of patients with low risk and low TMB is higher than that of patients with high risk and high TMB (P < 0.0001, Figure 6C).




Figure 7 | Analysis of the differences of genomics between high- and low-risk groups in the TCGA cohort.(A) Waterfall chart depicting the differential signature genes in somatic mutations of the HNSCC.(B) Boxplots displaying the TMB of the high-risk patients compared to low-risk patients.(C) OS rates in low-risk patients with low TMB were higher than those in high-risk patients with high TMB. Adjusted P-values were shown as: ns, not significant; *P < 0.05.






Discussion

In this study, we divided HNSCC into two risk subgroups with different TME characteristics based on 14 genes related to cuproptosis and copper metabolism. The characteristics of subgroup survival analysis were also well displayed according to clinical characteristics such as the tumor grade and stage. These results show the cuproptosis and copper metabolism-related genes signature can be considered as a validated dependable model for HNSCC.

All genes are involved in copper homeostasis and transport, oxidative stress, and the TCA cycle  (26–34). COX11 is a copper transfer factor, while COX19 facilitates the transfer of copper (26). It was found that among multiple MT subtypes, MT1E was significantly upregulated in transcription after copper treatment, and its expression change can be used as an indicator of intracellular copper ion variation (6). The interaction between copper chelate and ABCB1 inhibited its mediated transport and downregulated the expression of ABCB1 (27). The genetic variation of PRKN is closely related to the pathogenesis of Parkinson’s disease, mainly manifested in mitochondrial dysfunction (35–37). CYP2D6, DAPK2, BCL2, RANTES, and IL-8 are all related to the redox characteristics of copper (29, 34, 38). LOX inactivation due to copper metabolism disorders or genetic mutations leads to the dysfunction of connective tissue (39). The enzymatic activity of ACLY has important functions in the TCA cycle (40). In addition, CDKN2A is a key gene regulating cuproptosis and has a high mutation probability in HNSCC (41).

The enrichment analysis of the two groups displayed that the 14 genes related to cuproptosis and copper metabolism were significantly enriched in immunocytes, tumorigenesis, such as immune response, intermediate filament, B-cell proliferation, and so on (42–46) The correlation analysis of the tumor immune microenvironment revealed that the activation of cells in the high-risk group had the characteristics of “cold tumor”, such as naïve CD4 T cells, resting NK cells, and M0 macrophages. On the contrary, in the low-risk group, Th17 cells, DC, B cells, plasma cells, CD8 T cells, activated memory CD4 T cells, follicular helper T cells, activated NK cells, and M1 macrophage cells were more abundant and had a longer survival time. In addition, we investigated and studied the relevance between cuproptosis and copper metabolism–related genes, immune activity, and immune checkpoints. Our results show that there is a close interaction between copper metabolism and immunity. Immunity may play a crucial part in the occurrence of cuproptosis. Cuproptosis may affect the immune state of HNSCC, thus affecting the occurrence and development of tumor. Previous studies have shown that the imbalance of copper metabolism and the changes of copper protein levels are closely related to cancer (47). The dysfunction of copper metabolic proteins may be the initiation of processes such as the generation of pretransfer niche, immune defense escape, and angiogenesis. However, the potential mechanism of inducing the cuproptosis behavior of tumor cells and enhancing antitumor immune response needs to be further clarified, and our research will help to provide new ideas into the exploration of potential tumor-targeted therapies.

Interestingly, using GO, KEGG, and GSEA enrichment analyses, we found that 14 genes associated with cuproptosis and copper metabolism were significantly enriched in the olfactory transduction pathway. In mammals, copper is highly concentrated in brain regions, including the major organs of olfactory receptors (48). The destruction of copper homeostasis is the basis of neurodegenerative diseases, which can be manifested as olfactory dysfunction (49). Patients with Alzheimer’s disease show serious olfactory defects in the early stage, and olfactory dysfunction may occur in patients with Wilson’s disease with neurological symptoms (48, 50). Recent studies have shown that olfactory receptor–related genes not only act on proprioceptive nerves but also play a crucial role in promoting tissue inflammation and cancer metastasis (51). At the same time, combined with the correlation between copper metabolism and tumor in this study, we speculate that there may be a potential relationship between copper metabolism–related genes and olfactory receptors on tumors. This discovery may offer new ideas for the diagnosis and treatment of HNSCC.

In recent years, the establishment of prognostic models for HNSCC has developed rapidly. Some researchers have developed a prognostic signature of regulatory cell death–related genes in HNSCC (52–54). Compared with ferroptosis, pyroptosis, and apoptosis, cuproptosis is a new concept. In this paper, we preliminarily discussed the role of cuproptosis in HNSCC and constructed a robust correlation model to predict the prognosis of HNSCC patients. Some researchers have paid attention to the TMB, which is related to the immunotherapeutic response of HNSCC (55). Therefore, the prognostic value of TMB in HNSCC researchers has been studied (55, 56). Interestingly, we found that the difference of copper metabolism gene expression in HNSCC patients was related to TMB, and the internal relationship between them remains to be explored. As an immunogenic tumor, the establishment of immune checkpoint–related gene signature is helpful to determine which HNSCC patients can benefit from immunotherapy (57, 58). In this study, we explored the possible role of cuproptosis in the progression of HNSCC from the perspective of immunity. We found that cuproptosis may be connected with the immune status of HNSCC and may thus play a role in the occurrence and development of tumors. The in-depth study of their internal mechanism may help to provide new ideas for tumor immunotherapy.

As with all studies, our study also had limitations. Our bioinformatics analysis identified potential cancer diagnostic genes associated with cuproptosis and copper metabolism, but its accuracy remains to be verified for each HNSCC subtype. In addition, our current research results are obtained from databases, and a series of biological experiments should be conducted to further examine the molecular mechanisms involved in cuproptosis and copper metabolism–related genes that affect the prognosis of HNSCC patients.
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Since most hepatocellular carcinoma (HCC) patients are diagnosed at advanced stages, there is no effective treatment to improve patient survival. Ferroptosis, a regulated cell death driven by iron accumulation and lipid peroxidation, has been reported to play an important role in tumorigenesis. However, the detailed mechanism and biological function of ferroptosis are still incompletely understood in HCC patients. In this study, we analyzed genomic profiles of three HCC datasets, GSE6764, GSE14520, and GSE14323. Venn diagrams were implemented to visualize the overlapping genes between differentially expressed genes and ferroptosis-related gene set. Then, one up-regulated gene, ACSL4, and five down-regulated genes, STEAP3, MT1G, GCH1, HAMP, and CXCL2, were screened. Based on the survival analysis performed by Kaplan-Meier plotter database, ferroptosis-related gene CXCL2 was demonstrated positively-correlated with the patients’ prognosis. Moreover, CXCL2 overexpression significantly inhibited cell growth and improved cellular ROS, Fe2+ and MDA levels in HCC cells Huh7 and MHCC97H, suggesting the roles of CXCL2 in inducing ferroptotic cell death. In addition, aberrantly expressed CXCL2 was negatively associated with malignancy clinical features, such as nodal metastasis and higher grades. The ssGSEA enrichment analysis revealed that CXCL2 co-expressed molecules were mainly involved in inflammation and immune-related pathways, such as acute inflammatory response, humoral immune response, adaptive immune response. TISIDB algorithm indicated the positive correlation between CXCL2 expression and tumor-infiltrating immune cells, including neutrophils and macrophages. Additionally, we also found that CXCL2 was positively correlated with immune infiltration score, and HCC patients with higher score harbored better prognosis. Together, these findings suggested that CXCL2 may enhance ferroptosis sensitivity and regulate immune microenvironment in HCC, and serve as a promising prognosis biomarker for HCC patients.




Keywords: ferroptosis, hepatocellular carcinoma, CXCL2, immune infiltration, prognosis



Introduction

Liver cancer is the third leading cause of cancer-related mortality worldwide after lung cancer and colorectal cancer, and hepatocellular carcinoma (HCC) accounts for approximately 90% of all cases (1, 2). The main risk factors for HCC include chronic viral infection by hepatitis B virus (HBV) or hepatitis C virus (HCV), habitual alcohol consumption, and non-alcoholic steatohepatitis (NASH) associated with metabolic syndrome, indicating that inflammation has an important function in the development of HCC (3, 4). Patients with HCC are often diagnosed at advanced stages, which contributes to its poor prognosis. Currently, surgical resection, liver transplantation, trans-arterial chemoembolization, local ablation, and systemic therapy are the major therapeutic modalities for HCC (5). Immunotherapy is emerging as a promising and effective therapeutic approach among systemic therapy after sorafenib. Nivolumab is the first anti-programmed death-1 (PD-1) antibody approved by the United States Food and Drug Administration (FDA) as a second-line treatment for patients with advanced HCC (6). Furthermore, clinical trials evaluating PD-1 blockade as first-line treatment strategy in HCC are underway (NCT02576509). However, it is only a small subset of patients treated with immune checkpoint inhibitors that benefit from these agents (7). Therefore, it is urgently necessary to identify novel potential biomarkers to improve patient response rates and survival.

Ferroptosis is a novel form of regulated cell death driven by iron-dependent lipid peroxidation (8, 9). Accumulating evidence suggests that ferroptosis has significant implications on tumorigenesis and cancer progression (10, 11). P53, one of the most extensively studied tumor suppressor genes, promotes ferroptosis pathway by repressing the expression of solute carrier family 7 member 11 (SLC7A11), a pivotal component of the cystine/glutamate antiporter. Moreover, SLC7A11 is up-regulated in human tumors, and its upregulation inhibits reactive oxygen species (ROS)–induced ferroptosis and abrogates p533KR (an acetylation-defective mutant)-mediated tumor growth suppression (12, 13). Ferroptosis induction in combination of other cancer treatments might enhance the therapeutic response in patients by increasing drug sensitivity (14, 15). However, the possible roles and underlying mechanisms of ferroptosis in HCC remain incompletely characterized.

C-X-C motif chemokine ligand 2 (CXCL2) is a member of chemokine superfamily, which encodes secreted proteins participated in inflammatory processes and immunoregulatory (16, 17). Moreover, increasing evidence indicates that CXCL2 is also involved in tumor initiation and progression. A recent study reported that elevated CXCL2 in the tumor microenvironment promoted the recruitment of myeloid-derived suppressor cells and was correlated with poor prognosis in patients with bladder cancer (18). Intriguingly, Ding and the colleague revealed that CXCL2 expression was down-regulated in HCC and overexpression of CXCL2 inhibited tumor cell proliferation and promoted apoptosis (19). However, the underlying mechanisms of CXCL2 in inflammation and HCC progression remains to be further investigated.

In this study, we comprehensively analyzed the biological functions of CXCL2 in HCC. According to several genomic selection strategies, CXCL2, a ferroptosis-related gene, was found to be down-regulated in HCC and influence tumor progression and clinical prognosis of HCC patients. Furthermore, we explored the possible roles of CXCL2 in inducing ferroptotic cell death. These results indicated that CXCL2 harbored vast potential significance as a prognostic biomarker and therapeutic target for patients with HCC.



Materials and methods


Multi-omics data collection

Three HCC datasets, GSE6764 (20), GSE14520 (21), and GSE14323 (22), were screened according to the inclusion criteria detailed in a previous study by our research group (23). Detailed characteristics of the three GEO datasets were shown in Table 1. Differentially expressed genes (DEGs) between HCC tumor samples and normal tissues were identified based on the criteria: P < 0.01 and |Log2 FC (Fold Change)| > 1. Moreover, 259 ferroptosis-related genes were downloaded from FerrDb (http://www.zhounan.org/ferrdb/legacy/index.html) (24). Next, Venn diagrams (http://bioinformatics.psb.ugent.be/webtools/Venn/) were generated to identify the co-DEGs among three GEO datasets and ferroptosis-related gene dataset.


Table 1 | Detailed characteristics of the three GEO datasets in our study.





Genomic selection analyses

The integrative bioinformatics analysis was performed using several online bioinformatics databases (Table 2).


Table 2 | The bioinformatics databases analyzed in this study.



We employed the Kaplan-Meier plotter (25) and GEPIA2 database (26) to assess the prognostic values of co-DEGs in HCC patients, including overall survival (OS), progression-free survival (PFS) and disease-specific survival (DSS). The expression levels of CXCL2 in GSE6764, GSE14520, and GSE14323 were analyzed by using the GEO2R algorithm (https://www.ncbi.nlm.nih.gov/geo/geo2r/). Furthermore, the expression pattern of CXCL2 between HCC tumor samples and normal tissues was cross-validated by the TNMplot (27), Xiantao tool (https://www.xiantao.love/products) and UALCAN (28). Xiantao tool is a comprehensive bioinformatics toolbox to perform differential expression analysis, functional enrichment analysis, interaction networks, and clinical prognosis across different cancer types from The Cancer Genome Atlas (TCGA) database. We used Xiantao toolbox and UALCAN to assess the association between CXCL2 and clinical pathological parameters in TCGA-LIHC cohort.

LinkedOmics could be used to analyze the multi-omics data across various cancer types, with three analytical algorithms: LinkFinder, LinkInterpreter, and LinkCompare (29). The heatmaps of the top 50 genes positively and negatively correlated with CXCL2 were analyzed with the LinkFinder module. Furthermore, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis were implemented using the LinkInterpreter algorithm.

Next, we performed the single sample Gene set enrichment analysis (ssGSEA) (33) to assess the correlation between CXCL2 expression and 24 immune cell types in TCGA-LIHC. In addition, we used the TISIDB (30) to validate the roles of CXCL2 in immune-related responses, such as tumor-infiltrating immune cells, and immunomodulators. In addition, Tumor Immune Dysfunction and Exclusion (TIDE) (31, 32) was applied to predict the roles of CXCL2 in immunotherapy response of HCC patients.



Cell cultures and reagents

Human HCC cells, Huh7 and MHCC97H, and human immortalized hepatocyte, HHL-5, were kindly provided from the Cancer Research Institute of the Central South University (Changsha, China) and cultured in DMEM (C11995500, HyClone, USA) supplemented with 10% fetal bovine serum (04-001-1A, BI, Israel) and 1% penicillin and streptomycin (10378016, Gibco, USA) at 37°C with 5% CO2. The overexpression plasmid HY21177 pcDNA3.1-CXCL2 (NM_002089)-3xFlag-C plasmid was purchased from Guangzhou Dahong Biological Technology Co., Ltd. (China). The CXCL2 overexpression plasmid was extracted with a SanPrep Column Plasmid Mini-Preps kit (Sangon Biotech, Shanghai, China), and then transfected into Huh7 and MHCC97H cell lines for 24 h using Lipofectamine 3000 (L300015, Thermo Fisher Scientific, USA) following the manufacturer’s instructions.



RNA isolation and real-time PCR

Total RNA was extracted from cells with TRIzol reagent (Invitrogen, USA), and then reverse-transcribed into cDNA using a PrimeScriptTM RT reagent kit (RR047A, Takara, China) with gDNA Eraser (Perfect Real Time) according to the manufacturer’s protocol. The qPCR reaction was performed with iTaqTM Universal SYBR green Supermix (1725121, Bio-Rad, USA). Relative RNA levels were calculated using the 2-ΔΔct method with RNA levels of GAPDH used as internal controls. The sequences of gene-specific primers are listed as follows: CXCL2 forward: 5’-GCTTGTC TCAACCCCGCATC-3’ and reverse: 5’-TGGATTTGCCATTTTTCAGCATCTT-3’; GAPDH forward: 5’-ACAGCCTCAAGATCATCAGC-3’ and reverse: 5’-GGTCATGAGTCCTTCCACGAT-3’.



Western Blot

The cultured cell lines were collected and then lysed with RIPA lysis buffer (20101ES60, Yeasen Biotech, China) supplemented with proteinase inhibitors (B14012, Bimake, USA). Equal amounts of total protein (50 µg) were loaded into each lane of 15% SDS–polyacrylamide gel electrophoresis (PAGE). Subsequently, proteins were transferred to PVDF membranes (0.22 µm: ISEQ00010; 0.45 µm: IPVH00010). Next, membranes were blocked in 5% skimmed milk at RT for 1 h, and then incubated overnight at 4 °C with primary antibodies in 5% Bovine Serum Albumin (D620272, Sangon Biotech, China), followed by HRP-conjugated secondary antibody (1:3000; SA00001-2, proteintech) at RT for 1 h. Primary antibodies are described as follows: CXCL2 (1:1000; bs-1162R, Bioss); Actin (1:2000; sc-58673, Santa Cruz Biotechnology). Finally, proteins were visualized using Immobilon Western Chemiluminescent HRP Substrate (WBKLS0500, Millipore, USA).



Tissue microarray and immunohistochemistry

Tissue microarrays (TMAs) containing 80 pairs of HCC and matched paracancerous tissues were purchased from shanghai Outdo biotechnology company Ltd. (HLivH160CS02, Shanghai, China). Immunohistochemistry (IHC) staining of CXCL2 was conducted using a Histomouse SP Kit (959551, Invitrogen, USA) according to the manufacturer’s protocal. The concentration of antibody against CXCL2 was 1:100. The results of CXCL2 staining in tissues were independently evaluated by two pathologists. The evaluation of proportion score was on a scale of 1-4 (1, 0%-25%; 2, 25.1%-50%; 3, 50.1%-75%; 4, 75.1%-100%). The staining intensity score was graded as follows: 0, negative; 1, weak; 2, moderate; 3, strong. Then the histologic score for each tissue was calculated with the formula: histologic score = proportion score × intensity score.



Iron assay

The concentration of ferrous iron (Fe2+) was measured using an iron colorimetric assay kit (ab83366, Abcam, USA) according to the manufacturer’s instructions. After CXCL2 or control plasmids overexpression, Huh7 and MHCC97H cells were treated with erastin (10 μM) for 24 hours. Cells were harvested using trypsin without EDTA and homogenized in iron assay buffer on ice, then centrifuged at 4°C (14,000×g, 15 min) to remove insoluble material. Subsequently, collect the supernatant and add assay buffer, mix and incubate for 30 min at 25°C. Add 100ul iron probe into each sample and incubate at 25°C for 60 min protected from light. Detect the absorbance at 593 nm using the VICTOR X2 microplate reader (PerkinElmer, Waltham, USA).



Malondialdehyde assay

The relative MDA concentration was determined using a lipid peroxidation assay (MAK085, Sigma, USA) according to the manufacturer’s protocol. Cells were processed with CXCL2 overexpression plasmids or erastin as described previously, then collected and homogenized in MDA lysis buffer with BHT on ice. Centrifuge the samples at 13,000 × g for 10 minutes to remove insoluble material. Collect the supernatant and add thiobarbituric acid (TBA) into each sample. Then incubate the samples at 95 °C for 60 min to form the MDA-TBA adduct. Measure the absorbance at 532 nm using the VICTOR X2 microplate reader (PerkinElmer, Waltham, USA).



ROS assay

Intracellular ROS level was evaluated by CytoFLEX flow cytometry (Beckman Coulter, USA). Briefly, about 105 cells were collected after CXCL2 overexpression plasmids or erastin treatment as described previously, and then stained with the oxidation-sensitive fluorescent probe dye 2′,7′-dichlorodihydrofluorescein diacetate (DCFDA; Abcam, ab113851) according to the manufacturer’s instructions. Finally, flow cytometry analysis was performed using FlowJo software (v10.8.1, USA).



Cell counting kit 8

Huh7 and MHCC97H cells were transfected with pcDNA3.1-CXCL2 overexpression plasmid or empty pcDNA3.1 (+) plasmid as control for 24 h and then seeded in 96-well culture plates (2 × 103 cells/well). At 24h, 48h, 72h, 96h, and 120h, cell viability was assessed by performing CCK-8 assay (B34304, Bimake, USA) reading absorbance at 450 nm using a VICTOR X2 microplate reader (PerkinElmer, USA) according to the manufacturer’s protocols.



Colony formation assay

Huh7 and MHCC97H cells were transfected as previously described and then seeded in 6-well plates (103 cells/well). After incubating at 37°C for about 14 days, the cells were washed twice with PBS and then stained with 0.3% w/v crystal violet/methanol for 15-20 min at room temperature (RT).



Statistical analysis

All experiments and assays were independently repeated by at least three times and results were reported as means ± standard deviations (SD). Statistically significant differences were performed using Student’s t-test or ANOVA. Kaplan–Meier survival analysis was assessed by log-rank test. The immune score, stromal score, and ESTIMATE score of each tumor sample were estimated using the R package “ESTIMATE” based on expression data (34). Statistical analysis was carried out using GraphPad Prism 8 and P < 0.05 was considered as statistically significant difference.




RESULTS


Identification of differentially expressed genes

We analyzed the gene expression profiles of three HCC datasets (GSE6764, GSE14323, and GSE14520) and screened the DEGs between HCC and normal liver tissues according to the screening criteria: P < 0.01 and | log2 FC| > 1. We identified 826 up-regulated genes in GSE6764, 332 in GSE14323, and 505 in GSE14520, respectively. Meanwhile, 859 genes in GSE6764, 257 in GSE14323, and 583 in GSE14520 had been identified to be significantly down-regulated in HCC (Supplementary Table S1). And 259 ferroptosis-related genes were downloaded from the FerrDb database.

Recently, increasing evidence suggests that ferroptosis has significant implications on tumorigenesis and cancer progression, and ferroptosis induction might ameliorate antitumor efficacy by increasing drug sensitivity (35, 36). In order to explore the roles of ferroptosis in HCC, we employed Venn diagrams to identify co-DEGs between three GEO datasets and ferroptosis-related gene set. As shown in Figures 1A, B, one up-regulated gene, ACSL4, and five down-regulated genes, STEAP3, MT1G, GCH1, HAMP, and CXCL2, were preliminarily screened, and the gene expression heatmaps of these co-DEGs in each GEO dataset were presented in Figure 1C. These six selected genes were presumed to have potential roles in the occurrence and development of HCC.




Figure 1 | Identification of co-differentially expressed genes (co-DEG).(A, B) Venn diagrams exhibited one up-regulated gene, ACSL4, and five down-regulated genes, STEAP3, MT1G, GCH1, HAMP, and CXCL2, between three HCC GEO datasets and ferroptosis-related gene set. The number in overlapping area represents the number of genes.(C) The gene expression heatmaps of co-DEGs in GSE6764, GSE14323, GSE14520.





CXCL2 shows the promising prognostic value in HCC

Using 60 ferroptosis-related genes dataset, previous study analyzed the diagnostic and prognostic roles of STEAP3, ACSL4 and MT1G in HCC (23). In this study, the correlations between the expression levels of GCH1 (RNAseq ID: 2643), HAMP (RNAseq ID: 57817), and CXCL2 (RNAseq ID: 2920) and prognosis in HCC patients were analyzed using the Kaplan–Meier plotter database. The expression of CXCL2 was significantly associated with favorable OS (HR = 0.61, 95% CI = 0.43–0.86, P = 0.0046), PFS (HR = 0.66, 95% CI = 0.48–0.90, P = 0.0083), and DSS (HR = 0.45, 95% CI = 0.29–0.71, P = 0.00045), which was consistent with low expression of CXCL2 in HCC tissues. However, there was no obvious relationship between the expression of GCH1 or HAMP and prognosis in HCC patients (P > 0.05) (Figures 2A–I). In addition, we employed the GEPIA2 database to cross-validate the prognostic value of CXCL2, GCH1, and HAMP, and drew consistent conclusions (Supplementary Figure S1). Therefore, these results revealed that CXCL2 expression might associated with clinical outcomes in HCC and warrants further investigation.




Figure 2 | Prognostic values of CXCL2, GCH1, and HAMP in HCC.(A-I) Overall survival (OS), progression-free survival (PFS), and disease-specific survival (DSS) Kaplan-Meier curves of CXCL2, GCH1, and HAMP in patients with HCC by Kaplan–Meier plotter database.





Low expression of CXCL2 in HCC and its correlation with clinicopathologic characteristics

The expression profiles of CXCL2 were further confirmed by several independent online bioinformatics databases, such as TNMplot, Xiantao tool, and UALCAN. Firstly, TNMplot revealed that CXCL2 mRNA expression levels were significantly down-regulated in HCC samples from gene chip data and RNA-seq data (Figures 3A, B). Next, Xiantao tool also exhibited the low expression of CXCL2 in HCC tissues compared to normal liver tissues including non-cancerous patients (Figure 3C) or matched adjacent para-tumor tissues (Figure 3D). We then analyzed the correlations between CXCL2 expression level and clinicopathological characteristics in HCC patients. As shown in Figures 3E, F, CXCL2 expression levels were significantly correlated with AFP (alpha-fetoprotein) (P < 0.001) and histologic grade (P = 0.048). Other clinicopathological features of CXCL2 expression in HCC were exhibited in Supplementary Table S2. In addition, we explored the diagnostic value of CXCL2 in HCC with receiver operation characteristic (ROC) curve, and the area under the ROC curve (AUC) was 0.903 (Figure 3G). This result indicated that CXCL2 might be a potential diagnostic biomarker in HCC patients. Then, we further validated the expression of CXCL2 and its correlation with clinicopathologic characteristics with UALCAN database. Figure 3H showed the expression pattern of CXCL2 across diverse TCGA cancer types, and low expression of CXCL2 was associated with malignancy clinical features, such as tumor grade, stage, and nodal metastasis (Figures 3I–K). Finally, the low expression of CXCL2 in two HCC cell lines, Huh7 and MHCC97H, was further confirmed by real-time PCR and western blotting, compared with the normal hepatocyte cell line HHL-5 (Figures 3L, M).




Figure 3 | The expression level and clinicopathologic characteristics of CXCL2 in HCC.(A, B) Low expression of CXCL2 in HCC samples in gene chip data and RNA-seq data of TNMplot database.(C, D) The validation of low expression of CXCL2 in HCC samples in TCGA-LIHC cohort(C) or in comparison with matched adjacent para-tumor tissues(D) by Xiantao tool.(E, F) Correlation of CXCL2 expression with AFP(E) and histologic grade(F).(G) Receiver operation characteristic (ROC) curve to evaluate the diagnostic value of CXCL2 in HCC.(H) Expression pattern of CXCL2 across diverse TCGA cancer types by UALCAN database.(I-K) Correlation of CXCL2 expression with tumor grade(I), stage(J), and nodal metastasis(K).(L, M) Low expression of CXCL2 in two HCC cell lines, Huh7 and MHCC97H, was further confirmed by real-time PCR(L) and western blotting(M), compared with the normal hepatocyte cell line HHL-5. * represents P < 0.05, ** represents P < 0.01, *** represents P < 0.001.



The expression of CXCL2 was then examined with IHC staining in tissue microarrays containing 80 pairs of HCC and matched paracancerous tissues, and the results confirmed that HCC tissues harbored significantly lower levels of CXCL2 than paracancer tissues (Figures 4A, B). To further explore the role of CXCL2 in HCC, we overexpressed CXCL2 with the overexpression plasmid in Huh7 and MHCC97H cell lines (Figure 4C). CCK-8 and colony formation assay indicated that CXCL2 overexpression significantly repressed cell growth and proliferation compared with control group (Figures 4D–F). Ferroptosis is a form of regulated cell death characterized by increased intracellular Fe2+ and lipid peroxidation, and the marker of lipid peroxidation is MDA (37). After CXCL2 overexpression, the levels of intracellular Fe2+ and MDA were significantly increased in Huh7 and MHCC97H cells compared with vectors (Figures 4G–J). Similarly, flow cytometry analysis indicated that CXCL2 overexpression elevated intracellular ROS levels with or without erastin (Figures 4K–N). CCK-8 assay suggested that the combination of CXCL2 overexpression and erastin significantly inhibited cell survival in Huh7 and MHCC97H cells (Figures 4O, P). These findings suggested that CXCL2 overexpression might suppress cell survival in HCC by promoting ferroptosis.




Figure 4 | CXCL2 overexpression inhibited cell proliferation.(A) IHC images of CXCL2 in paired HCC and paracancerous tissues.(B)The histologic score of CXCL2 expression in paired HCC and paracancerous tissues.(C) Western blotting validated the overexpression of CXCL2 in two HCC cell lines, Huh7 and MHCC97H.(D-F) CCK-8 and colony formation assay revealed that CXCL2 overexpression inhibited cell growth and proliferation.(G-J) Fe2+ and MDA levels were detected in Huh7 and MHCC97H cells transfected with CXCL2 overexpression plasmids.(K-N) Intracellular ROS levels were elevated in Huh7 and MHCC97H cells with CXCL2 overexpression.(O, P) CCK-8 assay suggested that the combination of CXCL2 overexpression and erastin significantly inhibited cell survival in Huh7 and MHCC97H cells. * represents P < 0.05, ** represents P < 0.01, *** represents P < 0.001.





CXCL2 co-expression network in HCC

To explore the biological roles of CXCL2 in HCC, we performed the co-expression profile of CXCL2 in the TCGA-LIHC cohort by the LinkFinder module of LinkedOmics. As can be seen from Figure 5A, 4643 genes (red dots) were positively related with CXCL2, and 4232 genes (green dots) were negatively associated with CXCL2. Figures 5B, C exhibited the heatmaps of the top 50 genes positively and negatively correlated with CXCL2, respectively (Supplementary Tables S3, S4). Notably, the top 50 positively correlated genes owned a high probability of being low-risk markers in HCC, of which 9/50 genes harbored protective hazard ratio (HR). Contrarily, there were 33 of the top 50 negatively associated genes with unfavorable HR (Figures 5D, E).




Figure 5 | The co-expression network of CXCL2 in HCC.(A) Volcano plot for genes positively or negatively associated with CXCL2 in TCGA-LIHC cohort by LinkedOmics database. Red dots represent genes positively correlated with CXCL2, and green dots represent negative correlation(B, C) Heatmaps of the top 50 genes positively and negatively correlated with CXCL2 in HCC, respectively.(D, E) survival maps of the top 50 genes harboring positive and negative correlations with CXCL2 in HCC.(F, G) GO and KEGG pathways of CXCL2-associated network in TCGA-LIHC cohort.



In addition, we further conducted functional enrichment analysis by the LinkInterpreter module of the LinkedOmics database. GO-biological process showed that genes co-expressed with CXCL2 mainly participated in the inflammation and immune-related terms, such as acute inflammatory response, humoral immune response, adaptive immune response, response to molecule of bacterial origin (Figure 5F). KEGG pathway analysis showed that these co-expressed genes were mainly involved in complement and coagulation cascades, staphylococcus aureus infection, cell adhesion molecules, cytokine-cytokine receptor interaction, etc. (Figure 5G). In addition, we performed GO and KEGG enrichment analysis in the GSE14520, and the results were similar with the original results (Supplementary Figure S2). Taken together, these results suggested that CXCL2-associated network might have a significant impact on inflammation and immune regulation in HCC.



Role of CXCL2 in the immune microenvironment of HCC

Increasing evidence suggests that ferroptosis has great potential in regulating tumor immune microenvironment (38, 39). Hence, we explored the role of ferroptosis-related gene CXCL2 in HCC immune microenvironment through Xiantao tool. As presented in Figure 6A, CXCL2 expression was positively associated with the abundance of several tumor-infiltrating immune cells, including neutrophils, immature dendritic cell (iDC), macrophages, type 1 T helper cell (Th1), and natural killer (NK) cells. Similar lymphocyte infiltration profiles were attained by TISIDB database (Figure 6B). We continued to analyze the correlation between CXCL2 expression and immunostimulators. Figures 6C–F exhibited immunostimulators positively correlated with CXCL2, including interleukin 16 (IL-16), CD40 ligand (CD40LG), CD48, and TNF superfamily member 14 (TNFSF14). Given the clinical implications of checkpoint blockade-based immunotherapy in HCC (3), we further explored the associations between CXCL2 expression and several immune checkpoints. As shown in Figures 6G–J, CXCL2 expression was positively associated with programmed cell death ligand 1 (PD-L1), and negatively associated with indoleamine 2,3-dioxygenase 1 (IDO1), sialic acid binding Ig like lectin 15 (SIGLEC15), and B7-H3 (CD276). Additionally, Figures 6K, L exhibited positive correlations between CXCL2 and immune infiltration score in TCGA-LIHC cohort and GSE14520 dataset. Patients with high immune infiltration score had better 3-year OS in GSE14520 (Figure 6M). In addition, we employed the TIDE algorithm to predict the immunotherapy response of HCC patients based on pre-treatment expression profiles. As shown in Figure 6N, the response rate of CXCL2 high expression group predicted by the TIDE database was lower than that of CXCL2 low expression group. This inconsistency with the results of “ESTIMATE” algorithm may be that TIDE database focused on predicting the efficacy of anti-PD1 and anti-CTLA4 therapies. Together, these results suggested that ferroptosis-related gene CXCL2 might affect the prognosis of HCC patients by regulating the immune microenvironment.




Figure 6 | The role of CXCL2 in immune microenvironment of HCC.(A) Lollipop diagram exhibiting tumor-infiltrating immune cells associated with CXCL2 by Xiantao tool.(B) Scatter plots cross-validating the associations between CXCL2 expression and several TILs, including iDC, macrophage, Th1, and NK cells.(C-F) Positive correlations between CXCL2 expression and several immunostimulators, including IL-16, CD40LG, CD48, and TNFSF14.(G-J) Association between CXCL2 expression and immune checkpoints.(K, L) Association between CXCL2 expression and immune score in TCGA-LIHC cohort and GSE14520 evaluated by ESTIMATE algorithm.(M) Kaplan-Meier survival curves showing 3-year overall survival based on immune score in GSE14520 dataset.(N) The predicted response rate of the CXCL2 high expression group was lower than that of the CXCL2 low expression group.





CXCL2 relating M1 Macrophages in HCC

The above results revealed that CXCL2 was positively correlated with macrophage infiltration. We then analyzed the associations between CXCL2 expression and classical macrophage phenotype markers of M0 (undifferentiated) (AIF1), M1 (anti-tumor) (IL12A, TNF, NOS2, PTGS2) and M2 (tumor-promoting) (IL10, CD163, TGFB1, CSF1R) in TCGA-LIHC cohort with Spearman’s rank correlation test. As shown in Figures 7A–C, M1 macrophage marker PTGS2 showed the highest positive correlation with CXCL2 (r = 0.32, P < 0.001). In addition, we employed the GEPIA2 database to cross-validate the association and the results were similar to our previous finding (Supplementary Figure S3). This finding indicated that CXCL2 may regulate immune response by promoting the formation of the M1 macrophage.




Figure 7 | CXCL2 associated with M1 macrophage in HCC.(A) Heat map of correlation between CXCL2 and classical macrophage phenotype markers.(B, C) Scatter plots showing the association between CXCL2 and M1 macrophage markers (PTGS2 and TNF).






Discussion

This study aimed to explore critical and novel ferroptosis-related biomarkers for prognosis of HCC patients. Through three GEO datasets and a ferroptosis-related gene dataset, we screened six co-DEGs, including one up-regulated gene, ACSL4, and five down-regulated genes, STEAP3, MT1G, GCH1, HAMP, and CXCL2. We also found the low-expressed CXCL2 exhibited potential prognostic significance in patients with HCC, and low expression of CXCL2 was associated with malignancy clinical features, such as AFP > 400 ng/ml, nodal metastasis, and higher grades. Furthermore, in vitro experiments demonstrated that CXCL2 was down-regulated in HCC samples and the overexpression of CXCL2 inhibited cell proliferation. ssGSEA analysis revealed that enrichment of genes co-expressed with CXCL2 were mainly involved in inflammation and immune-related pathways. These findings provided a new perspective on CXCL2 as a prognostic marker in HCC.

Ferroptosis is characterized as a form of non-apoptotic regulated cell death driven by iron accumulation and lipid peroxidation (40, 41). Increasing evidence suggests that ferroptosis plays pivotal roles in tumor development and is strongly correlated with therapeutic responses in various cancer types (42, 43). Sorafenib, a multi-kinase inhibitor, remains the first-line targeted therapy for advanced HCC patients (44). Previously studies indicated that sorafenib exerted antitumor effects not only by inhibiting cell proliferation and inducing apoptosis, but also by antiangiogenic activity (45, 46). However, recent studies have shown that sorafenib may exert its antitumoral activity mainly by promoting ferroptosis by inhibiting the function of system Xc- (cystine/glutamate antiporter system) (47–49). High expression of ACSL4 (Acyl-CoA synthetase long chain family member 4), a driver of ferroptosis, was positively associated with the sensitivity of sorafenib in HCC (50). Combination of sorafenib and ferroptosis inducers may be a new and effective therapeutic strategy in HCC patients.

Chemokine CXCL2 is a small secreted protein with a Glu-Leu-Arg (ELR) motif that binds to CXC chemokine receptor 2 (CXCR2) to promote tumor angiogenesis and endothelial cell survival (51). According to a recent study by Linkermann et al. (52), the expression level of CXCL2 was significantly reduced upon the application of ferroptosis inhibitor ferrostatin-1 (Fer-1) in a mouse model of oxalate nephropathy. Ferroptosis inducer RLS3 increased the expression of CXCL2 in vascular smooth muscle cells (53). In this study, bioinformatics analysis and experimental validation confirmed the down-regulation of CXCL2 in HCC, and overexpression of CXCL2 increased intracellular ROS, Fe2+ and MDA levels. These results might provide further insights into the potential role of CXCL2 in mediating ferroptosis. The ROC curve, based on a series of cut-off points with sensitivity and specificity, is an effective method to evaluate the performance of diagnostic tests (54, 55). In our study, we found the area under the ROC curve (AUC) for CXCL2 to diagnose HCC reached 0.903, indicating a promising clinical diagnostic significance of CXCL2 which needed further clinical validation.

An accumulating body of evidence suggests that immune microenvironment affects tumor development and response to therapy (56–58). Single-cell RNA sequencing analysis revealed the immunosuppressive landscape in HCC patients (59). Checkpoint blockade immunotherapies have redefined cancer treatment paradigm (60). The combination therapy of atezolizumab (anti-PD-L1) and bevacizumab (anti-VEGF) improved overall survival in patients with HCC compared to sorafenib, leading to FDA approval of this regimen (3, 61). Consistent with previous findings, ferroptosis-related gene CXCL2 was down-regulated in HCC samples compared with adjacent normal tissues and overexpression of CXCL2 could inhibit cell proliferation (19, 62). However, previous studies mainly focused on apoptosis pathways. In this paper, ssGSEA showed that co-expression genes of CXCL2 were mainly enriched in inflammation and immune-associated pathways, such as acute inflammatory response, humoral immune response, adaptive immune response. The interaction analysis between CXCL2 and immune system further indicated that CXCL2 expression was positively correlated with lymphocytes, including neutrophils and macrophages, especially the M1 macrophages (anti-tumor). The positive correlation was also found between CXCL2 and immunostimulators, such as IL-16, CD40LG, CD48, and TNFSF14. In addition, correlation analysis between CXCL2 and immune infiltration score in GSE14520 dataset indicated that patients with high immune infiltration score had higher CXCL2 expression and better prognosis. Together, these findings suggested that ferroptosis-related gene CXCL2 may regulate tumor immune response to influence cancer development and serve as a biomarker for diagnosis and prognosis in patients with HCC.



Conclusion

Conclusively, our study provides a novel insight into the biological role of CXCL2 and its interaction with immune microenvironment in HCC patients. CXCL2 was down-regulated in HCC tissues and cell lines, and overexpression of CXCL2 could inhibit cell proliferation. High expression of CXCL2 exhibited a favorable prognostic indicator in patients with HCC. Furthermore, CXCL2 expression was obviously correlated with the immune signatures, including tumor-infiltrating immune cells and immunostimulators. Therefore, our findings suggest ferroptosis-related gene CXCL2 plays a pivotal role in the development of HCC by regulating immune response and may be a promising diagnostic and prognostic indicator in patients with HCC.
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Acute myeloid leukemia (AML) is one of the most common hematopoietic malignancies and exhibits a high rate of relapse and unfavorable outcomes. Ferroptosis, a relatively recently described type of cell death, has been reported to be involved in cancer development. However, the prognostic value of ferroptosis-related genes (FRGs) in AML remains unclear. In this study, we found 54 differentially expressed ferroptosis-related genes (DEFRGs) between AML and normal marrow tissues. 18 of 54 DEFRGs were correlated with overall survival (OS) (P<0.05). Using the least absolute shrinkage and selection operator (LASSO) Cox regression analysis, we selected 10 DEFRGs that were associated with OS to build a prognostic signature. Data from AML patients from the International Cancer Genome Consortium (ICGC) cohort as well as the First Affiliated Hospital of Wenzhou Medical University (FAHWMU) cohort were used for validation. Notably, the prognostic survival analyses of this signature passed with a significant margin, and the riskscore was identified as an independent prognostic marker using Cox regression analyses. Then we used a machine learning method (SHAP) to judge the importance of each feature in this 10-gene signature. Riskscore was shown to have the highest correlation with this 10-gene signature compared with each gene in this signature. Further studies showed that AML was significantly associated with immune cell infiltration. In addition, drug-sensitive analysis showed that 8 drugs may be beneficial for treatment of AML. Finally, the expressions of 10 genes in this signature were verified by real-time quantitative polymerase chain reaction. In conclusion, our study establishes a novel 10-gene prognostic risk signature based on ferroptosis-related genes for AML patients and FRGs may be novel therapeutic targets for AML.




Keywords: ferroptosis, TCGA database, AML, Prognosis signature, Immune infiltration, machine learning



Introduction

Acute myeloid leukemia (AML) is characterized by a heterogeneity of molecular abnormalities and the accumulation of immature myeloid progenitors in the bone marrow and peripheral blood and represents the most common type of acute leukemia in adults (1, 2). Despite novel treatment options over the last years, the 5-year survival rate of AML patient remains unsatisfactory (3). 40%~70% of AML patients relapse and become treatment-refractory, ultimately leading to treatment failure and even death. Therefore, there is an urgent need to develop novel prognostic biomarkers to monitor the prognosis of AML patients.

Ferroptosis is an iron-dependent form of regulated cell death driven by a lethal increase of lipid peroxidation (4, 5). Ferroptosis has been shown to play a key role in the suppression of tumorigenesis by removing the cells deficient in key nutrients in the environment or damaged by infection or ambient stress (6). Targeting ferroptosis is considered as a promising way for cancer patients, especially for malignancies that are resistant to traditional treatments (7, 8). Several signatures with ferroptosis-related genes have been established to predict the prognosis of patients with cancer (9). However, the role of FRGs in the prognosis of AML remains unclear.

In this study, we constructed a prognostic signature of 10 ferroptosis-related differentially expressed genes (FRDEGs) based on the transcriptomic and clinical data of AML patients from The Cancer Genome Atlas (TCGA). Then, this FRDEGs prognostic signature was validated by International Cancer Genome Consortium (ICGC) and the First Affiliated Hospital of Wenzhou Medical University (FAHWMU) cohorts. Using functional enrichment analysis and correlation analysis, we further explored the potential molecular mechanisms in our signature. Finally, we performed a drug sensitivity analysis to explore potential gene targets.



Materials and methods


Data collection

The RNA sequencing (RNA-seq) and clinical data of two AML cohorts were downloaded from public database, including 130 tumor samples (bone marrow) of AML patients from TCGA (https://portal.gdc.cancer.gov) and 92 tumor samples (bone marrow) of AML patients from ICGC (https://dcc.icgc.org/projects/LIRI-JP). Besides, RNA-seq data of 70 normal marrow samples were obtained from Genotype-Tissue Expression Project (GTEx) (https://www.genome.gov/). All the expression data from the three databases were normalized using the perl, respectively. The current research follows the TCGA and ICGC data access policies and publication guidelines. A total of 60 FRGs utilized in this study were obtained from the previous literature (Supplementary Table 1) (7).

In addition, we collected 57 tumor samples (bone marrow) of AML patients from the FAHWMU as validation data.



Construction of a prognostic 10-gene signature

The “limma” R package was used to identify the DEGs between tumor samples from TCGA and normal samples from GTEx with a false discovery rate (FDR)< 0.05 (Supplementary Table 2). Moreover, with the help of the “survival” R package, we assessed the prognostic values of 60 FRGs and calculated their FDRs using the Benjamin–Hochberg (BH) method. Protein-Protein Interaction Networks (PPI) and correlation networks of the intersecting 18 genes were generated using the STRING database (STRING: functional protein association networks (string-db.org)). Least absolute shrinkage and selection operator (LASSO) Cox regression was performed using the “glmnet” R package. The independent variable in the regression was the normalized expression matrix of candidate prognostic differentially expressed genes, and the response variables were overall survival (OS) and status of patients in the TCGA cohort. The optimum penalty parameter (λ) for the model was determined by 10-fold cross-validation following the minimum criteria (i.e. the value of λ corresponding to the lowest partial likelihood deviance). The riskscore of the patients was calculated according to the normalized expression level of each gene and its corresponding regression coefficients. The formula was established as follows:

	

Patients were stratified into the high- or low-risk groups based on the median value of their risk score. Patients in the ICGC were also stratified into the high- and low-risk groups based on the values derived from this formula.



Validation of a prognostic 10-gene signature

Based on the expression levels of genes in the signature, we carried out Principal Component Analysis (PCA) using the “prcomp” package. Besides, t-distributed Stochastic Neighbor Embedding (t-SNE) was performed to explore the clustering of different groups using the “Rtsne” R package. Univariate and multivariate Cox regression analyses were used to identify independent prognostic factors. Receiver Operating Characteristic (ROC) curve analysis was used to predict OS with the R package “pROC”. All statistical analyses were carried out using the R software, with P< 0.05 being considered statistically significant.



Machine learning method analysis for 10-gene signature

SHapley Additive explanation (SHAP) was used to explore the importance of 10 genes and riskscore for the 10-gene signature. SHAP (10) is a game theory method that interprets machine-learning model and understands the decision-making process through quantifying the contribution that each feature brings to the prediction made by the model.



Functional enrichment and correlation analysis

The “clusterProfiler” R package was utilized to conduct Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses based on DEGs (Supplementary Table 3, |log2FC| ≥ 1, FDR< 0.05) between the high- and low- groups from TCGA cohort. P values were adjusted using the BH method. Moreover, we estimated the infiltration score of 16 immune cell types and the activity of 13 immune-related pathways using single-sample gene set enrichment analysis (ssGSEA) in the “gsva” R package. Besides, based on the Expression data (ESTIMATE) algorithm, we estimated the proportion of infiltrating immune cells and stromal cells to get immune, stromal and ESTIMATE score for each AML patient. Using CIBERSOFT algorithm, the relative content score of 22 TICs in every AML patient was calculated. CIBERSOFT is a gene-based deconvolution algorithm that infers 22 human tumor immune infiltrating cell types and quantifies (11). The Cancer Stem Cell (CSC) correlation analysis and tumor microenvironment correlation analysis were conducted using the “limma” and “estimate” R packages.



Drug sensitivity analysis

The CellMiner website (https://discover.nci.nih.gov/cellminer/) was used to analyze the NCI-60 database (12, 13). The target gene expression status and z-score for cell sensitivity data were retrieved from the website and analyzed using Pearson correlation analysis to evaluate the relationship between target gene expression and drug sensitivity.



Quantitative real-time PCR analysis

The bone marrow samples of AML patients (n=20) as well as healthy donors (n=20) were collected from the FAHWMU. Total RNA was isolated from AML patients as well as healthy donors using the Tiangen RNA extraction reagent kit. Each sample was reversely transcribed into complementary DNA (cDNA) using a reverse-transcription (RT) reagent kit (Takara Biotechnology Co., Ltd., Dalian, China). Then, Real-time PCR was performed using SYBR Premix ExTaq (Takara). GAPDH was used as endogenous controls for mRNAs. The primer sequences for 10 genes were shown in Supplementary Table 4.



Statistical analysis

R software (version 4.0.3) and GraphPad prism 9 were used to complete all statistical work and plot drawing. The Spearman correlation method was employed to calculate the correlation between two variables. Survival plots were created using the Kaplan–Meier method. Two sets of data for qRT-PCR were analyzed using Student’s t-test. To examine the relationship between OS and riskscore as well as clinical feature, univariate or multivariate Cox regression analysis was performed. The hazard ratio (HR) and 95% confidence interval (CI) were calculated to identify genes associated with OS. P< 0.05 was considered statistically significant.




Results


Flow chart and clinical data

The flow chart of this study was shown in Figure 1. Data from a total of 130 AML tumor samples from the TCGA cohort and 92 ICGC tumor samples derived from AML patients were used. Detailed clinical characteristics of patients were summarized in Table 1.




Figure 1 | Flow chart of the data collection and analysis.




Table 1 | Clinical characteristics of AML patients used in this study.





Identification of prognostic 18 FRDEGs in the TCGA cohort

We found that the majority of FRGs were differentially expressed between TCGA tumor samples and GTEx normal samples (54/60, 90%). Eighteen of these FRDEGs (Figures 2B, C) were associated with OS in univariate Cox regression analysis (p<0.05, Figure 2A). Using PPI network construction, we identified the hub genes including SLC7A11, G6PD, GPX4, HMOX1, and FTH1 (Figure 2D). The correlation among 18 FRDEGs was shown in Figure 2E.




Figure 2 | Identification of prognostic FRDEGs in the TCGA cohort.(A) Heat map of the 54 DEGs (T: tumor sample; N: normal sample).(B) Forest plots showed the results of the univariate cox regression analysis between gene expression and OS (p < 0.05).(C) Venn diagram identified FRDEGs.(D) The PPI network revealed the hub genes.(E) The correlation network among the 18 DEFRGs genes. Different colors represent the correlation coefficients.





10 FRDEGs were selected and 10-gene signature was constructed in the TCGA cohort

10 of 18 prognostic FRDEGs, which were determined by LASSO Cox regression analysis, were selected for the next analysis (Supplementary Figures 1A, B). A riskscore was calculated using mRNA expression levels and relevant coefficients of 10 genes with the following formula:

	



Survival analyses of this 10-gene signature in TCGA, ICGC and FAHWMU cohorts

Patients in the TCGA, ICGC or FAHWMU cohort were then divided into the high- or low-risk groups according to the median cut-off value. The results of Kaplan-Meier curve indicated that patients in the low-risk group exhibited a significantly better OS than those in the high-risk group in TCGA (Figure 3A, P<0.001), ICGC (Figure 3C, p<0.001) and FAHWMU cohorts (Figure 3E, P<0.05). The predictive performance of this riskscore for OS was evaluated by time-dependent ROC curves. In the TCGA cohort, the area under the curve (AUC) reached 0.841 for 1st year, 0.811 for 2nd year, and 0.849 for 3rd year (Figure 3B). In the ICGC cohort, the AUC was 0.634 for 1st year, 0.680 for 2nd year, and 0.678 for 3rd year (Figure 3D). The AUC of 10-gene signature in the FAHWMU cohort was 0.772 for 1st year and 1.000 for 2nd year, respectively (Figure 3F). The t-SNE and PCA plots, mapped based on the risk score of each patient, were shown in Figures 4A–F. The red point means patient in the high-risk group, while blue point means patient in the low-risk group (Figures 4A-D). It was found that the red points clustered in one part, while the blue points clustered in another part. Results of this outcome suggest that our 10-gene signature may contribute to better prognosis prediction of AML patients.




Figure 3 | Identification of ten optimal FRGs.(A) Kaplan-Meier curves for the OS of patients in the high-risk and low-risk groups in the TCGA cohort.(B) AUC of time-dependent ROC curves verified the prognostic performance of the riskscore in the TCGA cohort(C) Kaplan-Meier curves in the ICGC cohort.(D) AUC of time-dependent ROC curves in the ICGC cohort.(E) Kaplan-Meier curves in the FAHWMU cohort.(F) AUC of time-dependent ROC curves in the FAHWMU cohort.






Figure 4 | PCA and t-SNE analysis. tSNE(A) and PCA(B) dimension reduction analysis of the high- and low-risk groups based on the riskscore in TCGA cohort. tSNE(C) and PCA(D) dimension reduction analysis of the high- and low-risk groups based on the riskscore in ICGA cohort. tSNE(E) and PCA(F) dimension reduction analysis of the high- and low-risk groups based on the riskscore in FAHWMU cohort. (high: high-risk group; low: low-risk group).





Identification of independent prognostic value

Univariate and multivariate Cox regression analyses were carried out among the available variables to determine whether the riskscore was an independent prognostic predictor for OS. In TCGA cohort, the riskscore was significantly associated with OS in both the univariate Cox regression analyses (HR = 3.563, 95% CI = 2.513-5.051, P< 0.001) (Figure 5A) and multivariate Cox regression analyses (HR = 3.517, 95% CI = 2.420-5.112, P< 0.001) (Figure 5B). Similar results including both univariate Cox regression analyses (HR = 2.136, 95% CI = 1.370-3.330, P< 0.001) (Figure 5C) and multivariate Cox regression analyses (HR = 1.969, 95% CI = 1.250-3.100, P = 0.003) (Figure 5D) were also found in the ICGC cohort. Except for the riskscore, age is another character that was identified as the independent prognostic factors (P<0.05)




Figure 5 | Independent prognostic value of the 10-gene signature. Forest plots of univariate cox regression analyses(A) and multivariate cox regression analyses(B) in TCGA cohort. Forest plots of univariate cox regression analyses(C) and multivariate cox regression analyses(D) in the ICGC cohort.





Machine learning method determines the importance of each feature

In order to judge the importance of each feature in our 10-gene signature, we used SHAP method. As shown in Figure 6A, riskscore had the highest correlation with this 10-gene signature compared with each gene in this signature. In addition, AIFM2 was found to have high contribution. Riskscore was positively correlated with our 10-gene signature and AIFM2 was shown to be negatively associated this signature (Figure 6B). As indicated by Figure 6C, our riskscore was shown to have a good predictive effect on the patient’s survival status.




Figure 6 | SHAP for 10-gene signature.(A) A score calculated by SHAP was used for each input feature.(B) The contribution of each input feature in the overall model. When the SHAP value is positive, if the Future value is mainly red, this feature is a positive correlation.(C) The performance of the riskscore in AML prognosis was assessed by SHAP. The abscissa is to sort each patient according to the riskscore from low to high, and the ordinate is the SHAP value for each patient. Blue represents patient survival and red represents patient death.





GO and KEGG analysis of DEGs in the high- and low-risk groups

GO analysis (Figure 7A) showed that DEGs were significantly involved in the biological processes of extracellular structure (matrix, external side of plasma membrane collagen, cell−cell adhesion), the cellular components that occur in cytoplasmic lumen and some immune-related function (leukocyte chemotaxis, leukocyte chemotaxis, immune receptor, cytokine). The pathways of the KEGG database (Figure 7B) indicated that DEGs were significantly involved in the immune and stromal related-pathway (phagosome, chemokine, viral protein interaction with cytokine and cytokine receptor, ECM−receptor interaction). The results of GO and KEGG revealed that DEGs may play a key role in the prognosis and immune-related response in AML patients.




Figure 7 | Functional analysis of the 10-gene signature.(A) The GSEA plot of top 10 enriched pathways.(B) GO enrichment analysis (p < 0.05, q < 0.05; BP, biological process; CC, cellular component; MF, molecular function).(C) KEGG enrichment analysis (p < 0.05, q < 0.05).





Immune infiltration was associated with the riskscore of 10-gene signature

The scatter plots were used to explore the association between the tumor microenvironment and the riskscore. As shown in Figure 8F, the immune score was positively correlated with riskscore (p<0.0001; R=0.43). GSEA analysis indicated that the top 10 pathways of DEGs between the high- and low-risk groups were involved in the biological processes of immune response (antigen processing and presentation, B cell receptor signaling pathway, chemokine signaling pathway, cytokine-cytokine receptor interaction, Fc gamma r mediated phagocytosis, natural killer cell mediated cytotoxicity, NOD-like receptor signaling pathway, T cell receptor signaling pathway, Toll like receptor signaling pathway) (Figure 7C). Therefore, we further explored the correlations between 18 immune-related cells and the riskscore via CIBERSOFT algorithm. 8 types of immune-related cells (naive B cells, Plasma cells, T cells CD4 memory, NK cells, Monocytes, Dendritic cells, Mast cells and Eosinophils) were correlated with immune score (Figure 8A, p<0.05). There were positive correlations between immune score and T cells CD4 memory as well as Monocytes and Mast cells. Subsequently, 4 types of cells (B cells memory, Monocytes, T cells CD4 memory, Mast cells, p<0.05) were selected for further correlation analysis between the high- and low-risk groups (Figures 8B–E). The expressions of Monocytes in the high-risk group were higher than that in the low-risk group. The expressions of T cells CD4 memory and Mast cells were lower than that in the low-risk group. However, no significant difference in the expressions of B cell memory between the high- and low-risk groups. Our data indicate that the immune infiltration is significantly related with the riskscore.




Figure 8 | Analysis of tumor microenvironment in 10-gene signature(A) Correlation plots of 18 immune-related cells (derived from CIBERSOFT algorithms), stromal scores and immune score (derived from ESTIMATE algorithms) in AML (red: positive correlation; blue: negative correlation; p < 0.05).(B-E) Violin diagrams of 4 immune-related cells (B cells memory, Monocytes, T cells CD4 memory and Mast cells).(F) Scatter plot of the correlation between immune score and the riskscore in the 10-gene signature.





AML patients may be sensitive to 8 drugs

Drug sensitivity analysis was used to identify potential drugs that AML patients may be sensitive. Drug sensitivity analysis was analyzed between the top 16 drugs and 10 genes. Only the results of drug sensitivity analysis with P<0.05 were shown in Figure 9. There were positive correlations between 4 drugs (ARRY-162, Cobimetinib, Mitomycin and lrofulven) and SAT1 as well as G6PD in AML patients from the TCGA cohort. In addition, there were negative correlations between 4 drugs (Tamoxifen, Oxaliplatin, Fulvestrant and lmatinib) and CD44. Combined with these, AML patients with dysregulation of SAT1, G6PD or CD44 may be sensitive to 8 drugs (ARRY-162, Cobimetinib, Mitomycin, lrofulven, Tamoxifen, Oxaliplatin, Fulvestrant and lmatinib).




Figure 9 | Drug sensitivity analysis of the 10-gene signature. (Cor > 0 means that patients with high expression of this gene may be sensitive to this drug; Cor< 0 means that patients with high expression of this gene may be resistant to this drug. P < 0.05).





Validation of expressions of 10 genes of this 10-gene signature in AML

QRT-PCR was performed to validate the mRNA expression levels of 10 genes in our signature in the FAHWMU cohort. As shown in Supplementary Figure 2, up-regulated CD44, DPP4, SAT1 and NCOA4 were found in AML patients, while CHAC1, CISD1, SLC7A11, AIFM2, G6PD, and ACSF2 were down-regulated in AML patients.




Discussion

AML patients have been reported to benefit from advances in targeted molecular and immunotherapy (14, 15), however, the 5-year survival rate of AML patients remains unsatisfactory due to high relapse rates. Stratification of patients into the high- and low-risk groups based on reliable molecular signatures may aid in selecting appropriate treatment strategies in line with precision medicine. Emerging studies have indicated the vital roles of FRGs in tumorigenesis (16–18). However, the relationship between AML prognosis and FRGs remains unclear. In this study, we established a novel ferroptosis-related prognostic gene signature for AML patients. We assessed the relationships between 60 FRGs and OS, and subsequently identified 18 FRDEGs. Using LASSO Cox regression, we selected 10 of 18 FRDEGs for construction of a prognostic gene signature. We also compared enrichment score of infiltration of immune cells and immune pathways between the high- and low-risk groups, investigated functional mechanisms via GSEA, and assessed potentially suitable drugs. This novel 10-gene signature may contribute to the improvement in the prediction of AML prognosis and patient stratification for therapeutic strategies.

The FRGs (CD44, CHAC1, CISD1, DPP4, NCOA4, SAT1, SLC7A11, AIFM2, G6PD, and ACSF2) were included in our 10-gene signature. CD44, a cell-surface glycoprotein, has been reported to be involved in cell-cell interaction, cell adhesion, and migration (19). Previously, it has been demonstrated that CD44 expression is closely related with the occurrence of tumors, including AML (20–22). Stevens et al. found that CHAC1 contributes to the inhibition of AML via atovaquone (23). Inhibition of CISD1 results in iron accumulation and oxidative injury in mitochondria, thus contributing to erastin-induced ferroptosis in hepatocellular carcinoma cells (24). In B-cell acute lymphoblastic leukemia, CHAC1 can overcome drug resistance and exert anti-leukemic activity (25). Loss of TP53 prevents nuclear accumulation of DPP4 and thus facilitates plasma-membrane-associated DPP4-dependent lipid peroxidation, resulting in ferroptosis (26). CARS1 has been included in a novel prognostic signature by Chen et al., which effectively predicts the prognosis of Clear Cell Renal Cell Carcinoma (27). Activation of SAT1 induces lipid peroxidation and sensitizes cells to undergo ferroptosis upon reactive oxygen species (ROS)-induced stress (28). Inactivation of SLC7A11 has a synergistic effect with APR-246 for the promotion of cell death (29). G6PD has previously been proposed as a biomarker for AML (30). A recent study has revealed a potential relationship between AIFM2 and EBF3, which acts as a tumor suppressor gene in AML (31). ACSF2 participates in the regulation of the lipid metabolism via peroxisome proliferator-activated receptor alpha. Recently, Wang et al. constructed a FRG signature for breast cancer patients, which included ACSF2 (32). All the 10 genes are associated with ferroptosis process and the prognosis of tumors, especially AML.

Recently, immune infiltration has been reported to be involved in the progression of AML. For example, Luca et al. found that the bone marrow immune environment of AML patients is profoundly altered (33). A previous study demonstrated that a higher level of B and T cell activation was found in AML samples than non-tumor samples (34). NK cells can trigger the anti-leukemia responses (35) and ferroptosis has been shown to exert anti-tumor immune effects by triggering dendritic cell maturation (36). Therefore, we explored the association between immune cell infiltration and the riskscore in this study. Our data revealed that higher Monocytes levels were found in the high-risk group. In addition, Mika T et al. found that high expression of Monocytes is related to the failure of the first induction therapy in AML (37), which indicated that AML patients in the high-risk group with higher expression of Monocytes may be relate to the worse OS. Besides, it has been found that differentiated monocyte-like AML cells express diverse immunomodulatory genes and suppress T cell activity in vitro (38). In this study, the high-risk group with lower level of T cells CD4 memory was associated with the higher counting of differentiated monocyte-like AML cells, which may be responsible for the bad prognosis of the high-risk group. Besides, in our tumor microenvironment correlation analysis, the riskscore was positively associated with the immune score. Our findings revealed an association between the 10-gene signature and immune cell infiltration.

In the past few decades, targeted cancer therapies have developed rapidly. However, treatment of AML remains unsatisfactory (39). In this study, we performed drug sensitivity analysis to find AML drugs that may have clinical benefits. We selected 8 drugs (ARRY-162, Cobimetinib, Mitomycin, lrofulven, Tamoxifen, Oxaliplatin, Fulvestrant and lmatinib) that AML patients with dysregulation of SAT1, G6PD or CD44 may be sensitive to. Among them, ARRY-162, Cobimetinib, Mitomycin, lrofulven, Tamoxifen and Oxaliplatin have already been reported to be applied in AML patients for clinical trials or cells (40–45). Lmatinib has been authorized to treat chronic myeloid leukemia (CML) since 2001 (46). No reported have been found in the treatment of Fulvestrant in AML. Our drug sensitivity analysis provides novel promising drugs for AML patients, and more studies are still needed for further validation in the future.

Recently, several risk signatures of AML have been established based on FRGs (47–49). However, our study still has many advantages. Firstly, we firstly reported a novel prognostic risk signature of 10 FRGs for AML based on the data from TCGA and ICGC cohort. Secondly, we validated this 10-gene signature in a local cohort (FAHWMU cohort). Thirdly, this signature revealed an association between FRGs and immune cell infiltration in AML. In addition, we used a machine learning method to validate our 10-gene signature. Finally, we found 8 potential drugs for AML clinical treatment in the future. However, there are many limitations in our research. A single hallmark (ferroptosis) was used to construct a prognostic model, which may lead to the loss of many key prognostic genes of AML. In addition, the detailed roles of FRGs in AML including in vivo and in vitro should be further explored in the future.



Conclusion

Collectively, our study establishes a novel 10-FRG prognostic risk signature for AML patients. In addition, FRGs may represent novel therapeutic targets in AML.
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Introduction

Methotrexate (MTX), a folic acid antagonist and nucleotide synthesis inhibitor, is a cornerstone drug used against acute lymphoblastic leukemia (ALL), but its mechanism of action and resistance continues to be unraveled even after decades of clinical use.



Methods

To better understand the mechanisms of this drug, we accessed the intracellular metabolic content of 13 ALL cell lines treated with MTX by 1H-NMR, and correlated metabolome data with cell proliferation and gene expression. Further, we validated these findings by inhibiting the cellular antioxidant system of the cells in vitro and in vivo in the presence of MTX.



Results

MTX altered the concentration of 31 out of 70 metabolites analyzed, suggesting inhibition of the glycine cleavage system, the pentose phosphate pathway, purine and pyrimidine synthesis, phospholipid metabolism, and bile acid uptake. We found that glutathione (GSH) levels were associated with MTX resistance in both treated and untreated cells, suggesting a new constitutive metabolic-based mechanism of resistance to the drug. Gene expression analyses showed that eight genes involved in GSH metabolism were correlated to GSH concentrations, 2 of which (gamma-glutamyltransferase 1 [GGT1] and thioredoxin reductase 3 [TXNRD3]) were also correlated to MTX resistance. Gene set enrichment analysis (GSEA) confirmed the association between GSH metabolism and MTX resistance. Pharmacological inhibition or stimulation of the main antioxidant systems of the cell, GSH and thioredoxin, confirmed their importance in MTX resistance. Arsenic trioxide (ATO), a thioredoxin inhibitor used against acute promyelocytic leukemia, potentiated MTX cytotoxicity in vitro in some of the ALL cell lines tested. Likewise, the ATO+MTX combination decreased tumor burden and extended the survival of NOD scid gamma (NSG) mice transplanted with patient-derived ALL xenograft, but only in one of four ALLs tested.



Conclusion

Altogether, our results show that the cellular antioxidant defense systems contribute to leukemia resistance to MTX, and targeting these pathways, especially the thioredoxin antioxidant system, may be a promising strategy for resensitizing ALL to MTX.
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Introduction

Acute lymphoblastic leukemia (ALL) is a subtype of leukemia that affects B- or T-cell precursor cells. It is the most common type of cancer in children, accounting for one quarter of all childhood cancer cases (1). Although the cure rates of childhood ALL have reached 85% in developed countries (2, 3), drug resistance is considered the major cause of treatment failure; as so, it is an issue of continuous and intense research (4–7).

Methotrexate (MTX), a folic acid competitor (antifolate) first synthesized in 1947, has been widely used as a chemotherapeutic agent and immune system suppressor. MTX is a cornerstone drug in ALL therapy. Once internalized by the cell through the folate receptor (RFC1), MTX undergoes sequential glutamylation by folyl-polyglutamate synthase (FPGS), thus becoming MTX polyglutamates (MTX-PG2-6). The molecule with a 2-6 glutamic residues tail is the active version of the drug; although its chemical activity is similar to the original drug, MTX-PG2-6 is preferentially kept in the intracellular environment [whereas non-glutamylated MTX is quickly exported by ABC transporters (8)], and cellular sensitivity to MTX is directly related to the intracellular pool of MTX-PGs (9). Recently, it was shown that ALL subtypes are associated with differential accumulation of MTX-PG levels: ALL harboring TCF3-PBX1 or ETV6-RUNX1 fusions presented lower MTX-PG levels, whereas hyperdiploid and BCR-ABL-like ALL had higher MTX-PG levels than other subtypes (10).

MTX primarily acts by inhibiting dihydrofolate reductase (DHFR), which catalyzes the sequential conversion of folic acid to dihydrofolate (DHF) and tetrahydrofolate (THF). Once folic acid is a precursor in de novo synthesis of thymidine, MTX imbalances nucleotide pools, ultimately leading to incorrect DNA synthesis and halting cell division. A high percentage of cells in S-phase is associated with a better clinical response to MTX (11) and is accompanied by increased expression of genes involved in nucleotide biosynthesis, such as TYMS, CPTS, and an MTX target enzyme, DHFR (11). MTX also inhibits the bifunctional purine biosynthesis protein PURH (ATIC), blocking the conversion of the aminoimidazole carboxamide ribonucleotide (AICAR) into inosine monophosphate (IMP), thus inhibiting purine synthesis and the production of adenosine. AICAR accumulation leads to decreased one-carbon metabolism gene expression, cell proliferation, and increased global bioenergetic capacity via AMPK activation (12). Alternatively, MTX’s mechanism of resistance has been attributed to decreased MTX uptake due to deficiencies in membrane transport (13–15); increased expression of MTX efflux transporters (16–18); deficient polyglutamylation of MTX by FPGS (18–20); altered levels or structures of target enzymes (21, 22); and increased hydrolysis of MTXPGs by lysosomal gamma-glutamyl hydrolases (GGH) (23–25), although the influence of GGH on MTX efficacy remains controversial (26–28).

In parallel with MTX’s most well-known targets, several NAD+-dependent enzymes were inhibited by the antifolate in vitro: 2-oxoglutarate, isocitrate, malate, pyruvate, succinate, 6-phosphogluconate and glucose-6-phosphate dehydrogenases, glutamate-cysteine ligase, glutathione reductase, and glutathione peroxidase (29). MTX was shown to inhibit methionine S-adenosyltransferase (MAT) gene expression, protein levels amounts and activity in vitro and in vivo, resulting in decreased levels of S-adenosylmethionine (SAM) (30), the main methyl donor of metabolism.

Despite the number and importance of such enzymes to cellular metabolism, few studies have been conducted to better understand the effects of MTX on cellular metabolic homeostasis or find metabolic fragilities that could be exploited clinically. For instance, the depletion of multiple genes belonging to the histidine catabolism pathway increases resistance to MTX (31). This is caused by histidine catabolism draining the cellular pool of THF, which is already low in MTX-treated cells. The same study showed that in vivo dietary supplementation of histidine increased THF consumption by the histidine degradation pathway and enhanced the sensitivity of leukemia xenografts to MTX.

The antimetabolite nature of MTX and its inhibitory effect on many important metabolic enzymes prompted us to study the consequences of MTX treatment on cellular metabolism. We aimed to discover novel metabolic vulnerabilities that could be exploited therapeutically. Using a panel of 13 ALL cell lines (6 B-cell precursors and 7 T-cell ALL precursors) and untargeted hydrogen nuclear magnetic resonance (1H-NMR)-based metabolomics, we characterized MTX-triggered metabolic disturbance in detail. Though short term (48 hours) resistance to MTX seemed to be directly related to cellular proliferation, resistance in longer exposure times (96 hours) was associated with glutathione (GSH) levels. Gene expression analysis and pharmacological modulation confirmed the relevance of the cellular antioxidant system to MTX-mediated cell death susceptibility. Finally, we showed that pharmacological inhibition of the thioredoxin system by the chemotherapeutic drug arsenic trioxide (ATO) enhanced MTX cytotoxicity in vivo against one out of four primary human ALL cells, suggesting a novel therapeutic rationale to be further explored against ALL.



Material and Methods


Cell lines

Six B-cell precursor (Nalm6, Nalm16, Nalm30, REH, RS4;11, and 697) and 7 T-ALL (ALL-SIL, CCRF-CEM, HPB-ALL, Jurkat, Molt-4, P12-ICHIKAWA and TALL-1) cell lines were used in the study. The cell lines REH, 697, and RS4;11 were kindly provided by Dr. Sheila A. Shurtleff from St. Jude Children’s Research Hospital, Memphis, TN, USA; the cell lines Nalm16 and Nalm30 were provided by Dr. Akira Harashima from Hayashibara Biochemical Lab, Fujisaki, Japan; the cell lines ALL-SIL, HPB-ALL, P12-ICHIKAWA, and TALL-1 were kindly provided by Dr. João Barata from the Instituto de Medicina Molecular, Faculdade de Medicina da Universidade de Lisboa, Lisbon, Portugal; and the cell lines Jurkat, Nalm-6, CCRF-CEM (CEM) and Molt-4 were kindly provided by Dr. Alexandre E. Nowill from the State University of Campinas, Campinas, Brazil. Cell lines were cultured in RPMI-1640 culture medium (Cultilab, Campinas, Brazil); supplemented with 10% fetal bovine serum (Cultilab), 100 IU/ml of penicillin, and 100 μg/ml of streptomycin (Sigma-Aldrich, Saint Louis, MO, USA); and maintained at 37°C with a 5% CO2 atmosphere in all experiments.



Reagents

All compounds were purchased from Sigma-Aldrich, resuspended according to the manufacturers’ instructions, and stored at –20°C. Subsequent dilutions used in the experiments were prepared at the moment of use.



Cell viability assays

Eighty microliters of cell suspension (4 × 105 cells/ml) were seeded in a 96-well cell culture plate, followed by the addition of 20 μl of drug solution in culture medium. Each dose was tested in triplicate. Negative controls received only vehicle, whereas positive (death) controls were added with 2 μl of an 18% paraformaldehyde solution immediately before viability determination. After the treatment period, the culture medium of each well was replaced by 0.2 ml of calcein AM solution (Sigma-Aldrich) at 2 μM in phosphate buffer [PBS 1X] and the culture plates were put into the incubator for 30 minutes before fluorescence reading using a Synergy H1 microplate reader (Biotek, Winooski, VT, USA; excitation/emission: 492/518 nm). To account for heterogeneous cell distribution within each well, fluorescence was measured in 25 points (a 5 × 5 matrix layout), with values then integrated (summed) at the end. Alternatively, the MTT (thiazolyl blue tetrazolium bromide; Sigma-Aldrich) reduction test was also used. In those cases, after 4 hours of incubation, 20 μl of MTT (5 mg/ml) were added to each well for cell metabolization. After overnight incubation, 0.1 ml of a dodecyl sulfate solution (10%) containing HCl (10 mM) was added to the wells. Absorbance was measured at 570 nm. Cell viability was expressed in relation to controls. Given that almost identical IC50 values for MTX were obtained by MTT and calcein AM at 48 and 96 hours, either one or the other method was used to access cell viability, depending on experimental and laboratory logistics.



Determination of the doubling time

Two hundred microliters of a 2.5 × 105 cell/ml cell suspension were seeded in a 96-well culture plate in triplicates. Fifteen microliters of the cell suspension were collected daily for cell count under the microscope (exclusion by trypan blue). The doubling time of each cell line was determined from the proliferation curves obtained.



Cell treatment and metabolites extraction for 1H-NMR

Two hundred million cells in the exponential growth phase were suspended in culture medium (200 ml) and equally divided into 2 cell culture flasks. After 12 hours of acclimatization, either MTX (25 nM) or vehicle were added to the flasks. The doses were representative of the average MTX IC50 (96 hours) across all cell lines (18.4 nM). Following 24 hours of treatment, cells were washed with phosphate buffered saline (PBS 1X) and stored at –80°C. Both conditions (treatment and control) were analyzed in 3 biological triplicates for each cell line. The intracellular polar metabolic content was obtained following the methanol/chloroform extraction protocol, adapted from La Belle (32). Briefly, cells were disrupted (Sonics Vibra Cell, Sonics & Materials Inc., Newtown, CT, USA) in an ice-cold mixture of methanol (1.66 ml) and chloroform (0.83 ml) for 3 minutes. Next, ice-cold Milli Q water (1.25 ml) and chloroform (1.25 ml) were added to the sonicated mixture, followed by rapid vortexing. After centrifugation (3.4 × 103 g for 20 minutes at 4°C), 2.6 ml of the supernatant phase (containing water, methanol, and polar metabolites) were collected and freeze-dried.



Acquisition of 1H-NMR spectra and metabolic profiling

The lyophilized metabolic extracts were suspended in 0.6 ml of deuterated water (Cambridge Isotope Laboratories Inc., Tewksbury, MA, USA) containing phosphate buffer (100 mM) and TSP (3-3-(trimethylsilyl)-2,2,3,3-tetradeuteropropionic acid or TMSP-d4, Cambridge Isotope Laboratories) (0.5 mM) and inserted into a 5 mm NMR tube for immediate acquisition. Spectra were acquired on a Varian Inova NMR spectrometer (Agilent Technologies Inc., Santa Clara, CA, USA), equipped with a triple resonance probe and operating at a resonant frequency of 1H at 500 MHz and a constant temperature of 25°C. Two hundred and fifty-six scans were performed with delays of 1.5 seconds, a reading window of 16 ppm, and an acquisition time of 4 seconds. Phase and baseline corrections, as well as metabolic identification and quantification, were performed in Chenomx NMR Suite 7.1 (Chenomx Inc., Edmonton, Canada). In total, 78 1H-NMR spectra were analyzed. Metabolite set enrichment analyses were performed with the platform MetaboAnalyst (33) (http://www.metaboanalyst.ca).



Gene expression analysis

Cell lines (5 to 10 × 106 cells) in the exponential growth phase were maintained overnight in fresh culture medium and then had their RNA extracted using the Illustra RNAspin Mini Kit (GE Healthcare Life Sciences, Pittsburgh, PA, USA). Samples were processed with the One-Cycle Target Labeling and Control Reagents Kit (Affymetrix, Santa Clara, CA, USA) and hybridized on HG-U133 Plus 2.0 Arrays (Affymetrix). Expression values were obtained with the iterPLIER+16 algorithm and expressed in a log2 scale. For additional details, please see Silveira et al. (34). Gene set enrichment analyses (GSEA) (http://www.broadinstitute.org/gsea/) were performed with 1,000 gene set permutation. Phenotypic labels (eg, GSH levels or MTX IC50) were used as continuous labels. The GSEA platform used Pearson’s correlation to determine the degree of linear relationship between gene sets and phenotypes. Only probe sets/transcript clusters annotated with a Gene Symbol were used in the analyses. Gene sets were considered significantly enriched when P ≤ 0.05 and FDR ≤ 0.05.



High-throughput in vitro drug and combination screening assay

A high-throughput in vitro drug screening assay was used to quantify the chemosensitivity of leukemia cell lines as described previously (35, 36). Briefly, leukemia cells were seeded in 384-well, black, optically clear flat-bottom PhenoPlate (PerkinElmer, Waltham, MA) with collagen I (PureCol, Advanced Biomatrix, Carlsbad, CA) to a total volume of 9 μl, containing approximately 3,000 leukemia cells in each well. After collagen polymerization (1 hour at 5% CO2 and 37°C), each well was filled with 73 μl of culture media and left overnight in the incubator for cell acclimatization. In the next day, 9 μl of the drug dilutions (BSO, Auranofin, BSO+Auranofin) were added to the wells so that every drug/combination was tested at 5 (fixed concentration ratio, for combinations) concentrations (1:3 serial dilution) in 2 replicates. Negative controls containing vehicle (DMSO, maximum concentration of 0.5%) were included. Plates were placed in a motorized stage microscope (EVOS Auto FL 2, Thermo Fisher Scientific, Waltham, MA) equipped with an on-stage incubator and maintained at 5% CO2 and 37°C. Each well was imaged every 30 minutes for a total duration of 96 hours. A digital image analysis algorithm (37) was implemented to determine changes in viability of each well longitudinally across the 96-hour interval. This algorithm computes differences in sequential brightfield images and identifies live cells with continuous membrane deformations resulting from their interaction with the surrounding extracellular matrix. These interactions cease upon cell death. By applying this operation to all images acquired for each well, we were able to quantify nondestructively the effect of the drugs and their combinations as a function of concentration and exposure time – ie, by area under the curve (AUC) and lethal dose for median effect (LD50). Cell line-specific doses were chosen based on the MTT reduction assay and on previous standardization experiments. Synergy was determined by using the method described by Sudalagunta et al (38), in which percent live cells across time and the serially diluted drug(s) concentrations are used to compute additive response using the Bliss Independence Model. The additive response serves as a reference to determine the extent of synergy observed in each cell line by comparing it with the percent live cells measured when treated with the combination (at a fixed ratio of the 2 constituent single agents). The metric used to quantify in vitro drug synergy is given by the log2 ratio of the additive LD50 (computed from the two single agent responses as described above) and the combination LD50 for each cell line. This in vitro drug sensitivity characterization and combination effect framework was developed and pioneered by Dr Ariosto S. Silva’s group (Moffitt Cancer Center), which resulted in several significant contributions in the field of hematological malignancies over the past five years (39–42).



Calcein AM for cell viability analysis by flow cytometry

Cells were seeded in 96 well plates at 3.0e5 cells/well in 100 µl of RPMI-1640 with 10% FBS. Methotrexate was added at different concentrations in triplicates. After 48 hours of incubation, a fixed dose of Arsenic Trioxide was added and 48 hours later cell viability was measured by the MTT method. To confirm the MTT results, a replicate plate run in parallel was developed by adding 5 µl of 2.5 µM Calcein-AM (ThermoFisher Scientific) to selected wells and incubated 15 min at room temperature. The number of viable cells was measured by flow cytometry after addition of 5 µl spike in fluorescently labeled bead (CountBright™ Plus Absolute Counting Beads, ThermoFisher Scientific) for normalization. The number of Calcein-positive cells per 1.0e3 beads was computed. Some of the cell lines that were more sensitive to the drug combination were assayed in 48-hour experiments instead of 96 hours. In this case, ATO was added after the first 24 hours of treatment with MTX and the number of viable cells was measured 24 hour later. In this case, cells were cultured in 24-well plates at 1.2e5 cells/well in 500 µl of RPMI-1640 with 10% FBS. At the end of the experiment (48 hours), 100 µl were transferred to a cytometer tube, 0.5 µl of 25 µM Calcein-AM were added and, after 15 min of incubation at room temperature, 5 µl of fluorescently labeled beads plus 195 µl of PBS 1X were added and cells were analyzed by flow cytometry. Flow cytometry was performed on a LSRFortessa X-20 (Becton Dickinson, Franklin Lakes, NJ) and data were analyzed using FlowJo (v7.1.6, TreeStar).



In vivo efficacy of ATO+MTX against primary ALL

Cryopreserved primary ALL cells obtained from a mouse of the IL7R<CPT> knock-in model (43) or from 4 pediatric ALL patients (2 BCP- and 2 T-ALL) were used in this study. Cells were thawed, washed in PBS 1X buffer, and injected into nonirradiated mice via the tail vein. Sick animals were killed and had their spleen macerated, and ALL cells were obtained by Ficoll gradient centrifugation. Fresh ALL cells were then transplanted into more mice for the experiments. The murine ALL was transplanted into C57BL/6 mice. Treatment started 2 days after transplantation. Mice (n = 12) were randomly distributed into 4 treatment groups: vehicle (PBS 1X with 1% NaOH), arsenic trioxide (ATO; 2.5 mg/kg), methotrexate (MTX; 1, 5, or 10 mg/kg), and ATO+MTX. Drugs were intraperitoneally administered once a day, 5× per week. When in combination, MTX was given 6 hours before ATO (based on Szymanska et al (44), who used this interval for other drug combinations). Overall survival was measured from after 2 days the date of leukemia injection to the date of animal death or when humane endpoint criteria were reached. Differences in survival were determined by Log-rank (Mantel-Cox) test using the GraphPad Prism v7.0 (GraphPad, La Jolla, CA) software. The study was approved by the Animal Experimentation Ethics Committees of University of Campinas (CEUA/UNIMCAP, protocol 4557-1(A)/2018). Experiments with the human ALLs were carried out in nonirradiated NSG (NOD.Cg-PrkdcscidIl2rgtm1Wjl/SzJ) mice (Jackson Laboratory). Leukemia progression was monitored weekly in peripheral blood post-Ficoll mononuclear cells by flow cytometry using anti-human CD45-APC (clone HI30, ImmunoTools) and anti-mouse CD45-BV605 (clone 30-F11, BD Horizon). Flow cytometry was performed on a LSRFortessa X-20 and data were analyzed using FlowJo. When hCD45+ cells reached 0.1% of total CD45+ peripheral blood cells in half of the mice (n = 24), animals were randomly distributed among the 4 treatment groups. T-ALL PDXs were treated with vehicle, ATO (2.5 mg/kg), MTX (5 mg/kg for BCP-ALL; 10 mg/kg for T-ALL) or ATO+MTX, as described above. Treatment lasted for 4 weeks and was administered in consecutive weeks for T-ALL xenografts or every other week for BCP-ALL (the BCP-ALL cells used were more sensitive to MTX than T-ALL). Death by acute toxicity was censored. Overall survival was measured from the date of leukemia engraftment to either the animal death, when the proportion of hCD45+ cells in the peripheral blood > 25% (45), or when humane endpoint criteria were reached. The study was approved by the Animal Experimentation Ethics Committees of Centro Infantil Boldrini (CEUA/BOLDRINI, protocol 0016-2020) and Human Ethics Committees of Centro Infantil Boldrini (CAAE 34601120.7.0000.5376).



Statistical analyses

Paired nonparametric Wilcoxon signed rank tests and other analyses and graphs (dose-response curves, estimates of IC50 values, correlation plots, Kaplan-Meier curves, and log-rank tests for survival analyses) were made in Prism v7.0 (GraphPad, La Jolla, CA, USA). P ≤ 0.05 was considered significant.




Results


MTX impact on cellular metabolism

Initially, cells were treated with increasing doses of MTX for 48 or 96 hours to determine their IC50. IC50 at 48 hours ranged from 10.8 to 85.5 nM in T-ALL and from 14.7 to 101.1 nM in BCP-ALL. IC50 at 96 hours ranged from 5.5 to 38.4 nM in T-ALL and from 9.1 to 31.7 n in BCP-ALL (Supplementary Figure 1).

To determine the impact of MTX on cell metabolism, cell lines underwent unsupervised global metabolic profiling by 1H-NMR in either the presence or in the absence of the drug (a representative 1H-NMR spectrum is shown in Supplementary Figure 2). All cell lines were treated with a fixed dose of MTX (25 nM) for 24 hours, as this dose was representative of MTX’s average IC50 at 96 hours across all cell lines (ie, 18.4 nM). By treating the cells with the same dose of MTX, we intended to find cell line-specific metabolic differences under the same drug challenge. We reasoned that using cell-specific IC50 doses of MTX would have overthrown any metabolic differences among cell lines. This approach is in line with previous metabolomic studies that have adopted a similar rationale (46, 47). Additionally, this condition elicited the greatest metabolic variance, compared to high-dose MTX and shorter treatment time, in a pilot study on a MTX-resistant vs. a MTX-sensitive cell line (Supplementary Figure 3).

In total, 70 metabolites were identified and quantified. Metabolites’ identifiers, concentrations, and fold changes across all samples can be found in Supplementary Tables 1–3, respectively. We found that 19 metabolites were significantly increased by MTX, whereas 12 were decreased in response to the drug treatment (Figure 1A and Supplementary Table 4). Several amino acids had their concentrations increased following MTX treatment: glycine, alanine, phenylalanine, threonine, histidine, valine, arginine, leucine, isoleucine, tyrosine, and proline. 2-oxobutyrate, a byproduct of the conversion of cystathionine into cysteine and first intermediate in threonine degradation, was also increased with drug treatment. MTX treatment produced effects consistent with alterations in the folate cycle (formate); pyrimidine (uridine and dCTP) and purine (AMP, ADP, and NAD+) nucleotide synthesis; the pentose phosphate pathway (UDP-glucuronate, UDP-glucose, and myo-inositol); phospholipid synthesis (phosphocholine, sn-glycero-3-phosphocholine, phosphoethanolamine, and trimethylamine); the citric acid cycle (2-oxoglutarate); and the uptake of bile acids (cholate and glycocholate).




Figure 1 | MTX-driven metabolic perturbations in ALL.(A) Metabolic disturbance caused by MTX treatment. Each dot is the mean of three biological replicates for each cell line. Metabolites’ concentrations fold change (in MTX-treated/untreated cells) above 1 indicate increase caused by MTX, whereas values below 1 indicate antifolate-induced decrease (P-values, Wilcoxon signed ranked test, after comparison of the distributions with the hypothetical mean value of 1).(B) Enrichment score for metabolites in(A) indicate the metabolic pathways and processes most impacted by MTX.(C) Correlation between metabolite concentration in untreated cells and MTX resistance (IC50 at 96 hours). Black and white beads represent BCP-ALL and T-ALL cell lines, respectively. P-values and r are from Pearson correlation.



A metabolite set enrichment analysis made from the 31 metabolites significantly modulated by MTX confirmed the major impact of the drug on glycine and serine metabolism, the urea cycle, alanine metabolism, and arginine and proline metabolism (Figure 1B). A scheme integrating all MTX-modulated metabolites into a single metabolic panel can be found in Supplementary Figure 4. Interestingly, a few cases of differential metabolic changes (ie, fold change of MTX treatment over basal levels) were associated with MTX resistance (at 96 hours); for example, the greatest fold changes for alanine were observed among the most sensitive cells to MTX, whereas 2-oxoglutarate (α-ketoglutarate) greatest fold changes were found among the most resistant cells to the antifolate (Figure 1C). Although a causal relationship cannot be established, this finding indicates that MTX resistance in vitro is associated with specific metabolic responses by the cells under drug action.



Metabolic levels associated with MTX resistance

In addition to the association between metabolic fold change and MTX resistance, we searched for correlations between metabolic concentration and resistance to MTX (expressed as IC50) at 48 and 96 hours in either the presence or absence of the drug (Table 1). Given that MTX is more effective against dividing cells because of its effect on the nucleotide synthesis, we also examined correlations between metabolites concentrations and cell proliferation rate, as this could be a confounding factor (proliferation curves for doubling time determination are in Supplemental Figure 5). In fact, MTX resistance at 48 hours and proliferation rate were tightly correlated (Pearson r = 0.829, P < 0.001) (Figure 2A); however, the association was lost for drug resistance at 96 hours (Pearson r = 0.111, P = 0.718) (Figure 2B), and MTX resistance at 48 hours was not associated with resistance at 96 hours (Pearson r = 0.268, P = 0.399) (Figure 2C), indicating that factors unrelated to cell proliferation were contributing to cellular resistance to MTX during longer exposure times.


Table 1 | Correlation between the concentration of selected metabolites and cell proliferation (expressed in terms of doubling time, in days) or MTX resistance (at 48 or 96 hours) in cells either treated or not with MTX.






Figure 2 | Correlation between cellular proliferation, MTX resistance and GSH levels.(A) Correlation between proliferation rate (cell doubling time) and MTX resistance (IC50) at 48 hours or(B) 96 hours, and(C) across MTX resistance over time (48 × 96 hours).(D) Correlation between constitutive GSH and MTX resistance at 48 hours or(E) 96 hours, and(F) between GSH levels in MTX-treated cells and MTX IC50 at 96 hours. Black and white beads represent BCP-ALL and T-ALL cell lines, respectively. P-values and r are from Pearson correlation.



Several metabolites were negatively associated with MTX resistance at 48 hours: acetate, carnitine, cholate, formate, hypoxanthine, malate, and succinate (Table 1). Acetate is the product of glycolysis, malate and succinate are citric acid cycle elements, carnitine is important for lipid beta-oxidation, and hypoxanthine is a purine derivative, suggesting that, at shorter exposure times (48 hours), MTX sensitivity is associated with increased cellular metabolic activity. Alternatively, MTX resistance at 96 hours was positively associated with asparagine, guanosine, and glutathione (GSH) levels (Table 1).

GSH is the main antioxidant of the cell and is important in preventing damage caused by reactive oxygen species (ROS). Interestingly, although not associated with MTX resistance at 48 hours (Pearson r = 0.287, P = 0.366) (Figure 2D), GSH was the only metabolite associated with MTX resistance in both untreated (Pearson r = 0.764, P = 0.003) (Figure 2E) and treated cells (Pearson r = 0.780, P = 0.003) (Figure 2F) at 96 hours, indicating a constitutive metabolic trait predictive of cellular resistance to the MTX insult. Its association with MTX resistance is in line with the fact that MTX is a ROS-generating drug (48, 49). Correlation coefficients between all metabolites concentrations, cell proliferation rate, and MTX resistance (at 48 and 96 hours) in treated and untreated samples are in Supplementary Table 5.



GSH levels associated with the expression of GSH metabolism genes

We then searched for genetic traits that could explain the metabolite variability among the cell lines. For this purpose, the concentration of asparagine, guanosine, and GSH was correlated to the expression of genes belonging to their respective metabolic pathways. Though no associations for asparagine or guanosine-related genes were found, 8 genes that code for enzymes that participate in the GSH metabolism were positively correlated to GSH levels: CBS, GCLC, GSTM3, GSTA4, GGT1, GGT1/GGT2/GGT3P, GGT7, and TXNRD3 (Figure 3A). The expression of all genes involved in asparagine, guanosine, and GSH metabolisms that did not correlate to their respective metabolite’s levels are in Supplementary Figure 6. Interestingly, 2 of the GSH metabolism genes that correlated with GSH levels (GGT1 and TXNRD3) were also associated with MTX resistance (Figure 3B). Moreover, a Gene Set Enrichment Analysis (GSEA) confirmed that the expression of KEGG’s “Glutathione Metabolism” gene set (Supplementary Table 6) was enriched in MTX-resistant samples (Figure 3C). These findings offer a genetic basis for the differential concentration of GSH across the samples with distinct MTX sensitivity.




Figure 3 | GSH-related transcriptome associates with metabolic levels and MTX resistance.(A) Association between glutathione (GSH) metabolism genes’ expression and GSH concentration;(B) Gene set enrichment analysis score plot showing KEGG’s Glutathione Metabolism gene set enrichment in high-GSH ALL cell lines.(C) Expression of two GSH-related genes also correlated to MTX resistance. Black and white beads represent BCP-ALL and T-ALL cell lines, respectively. P-values and r are from Pearson correlation.





Promoting GSH metabolism induces proliferation and MTX resistance

Given that both metabolic and gene expression data pointed to GSH metabolism as an important factor contributing to MTX resistance in ALL cells, we evaluated the effect of either enhancing or inhibiting GSH metabolism on cellular resistance to MTX. Initially, we treated the cell lines with increasing doses of MTX in the presence of N-acetylcysteine (NAC), a precursor of the de novo synthesis of GSH that is converted into cysteine by glutamate-cysteine ligase (GCL). We observed that NAC not only protected cells from MTX cytotoxicity but also promoted cell proliferation, including in RS4;11, 697, ALL-SIL and P12-ICHIKAWA (Figure 4A) — 4 cell lines with relatively low constitutive GSH levels — whereas cell lines with relatively high GSH (eg, HPB-ALL and Jurkat) tended to present less pronounced effects. The graphs for all cell lines are in Supplementary Figure 7.




Figure 4 | In vitro combination of GSH pathway modulators with MTX or a thioredoxin reductase inhibitor.(A) Survival curves to increasing doses of MTX in either the presence or absence of NAC in four representative cell lines, accessed by the calcein AM method after 96 hours of treatment. A.U. = arbitrary units.(B) BCP-ALL RS4;11 survival in response to auranofin (AURA), buthionine sulphoximine (BSO), BSO + AURA and vehicle (CONTROL) accessed by bright field imaging (high-throughput drug combination screening assay) over 96 hours.(C) Idem(B), for TALL-1 cell line. In the BSO + AURA plots, curve colors indicate the corresponding doses of the single agents that were combined.





Inhibiting GSH metabolism does not sensitize cells to MTX

We also treated leukemia cells with increasing doses of 4 interferents of GSH metabolism: phenethylisothiocyanate (PEITC) and piperlongumine (PL), which deplete GSH and increase ROS (50–52); hydrogen peroxide (H2O2), a ROS itself; and buthionine sulphoximine (BSO), a GCL inhibitor and, thus, a pharmacological inhibitor of GSH synthesis. The IC50 obtained for all these compounds across the cell lines are listed in Supplementary Table 7. Surprisingly, these ROS-promoting compounds did not enhance MTX cytotoxicity significantly (Supplementary Figure 8), even though we found a correlation between PL or H2O2 resistance and MTX resistance (Supplementary Figure 9). In sum, these results show that, while promoting GSH metabolism consistently increases leukemia resistance to MTX — sometimes even accompanied by simultaneous increase in proliferation — its inhibition does result in sensitization to the antifolate.



Inhibiting the thioredoxin system potentiates MTX cytotoxicity in vitro

The intriguing asymmetrical contribution of GSH metabolism on MTX resistance suggested that a compensatory mechanism could be counterbalancing GSH metabolism inhibition and, thus, protecting cells from MTX insult.

As showed previously, thioredoxin reductases 3 (TXNRD3) expression was correlated to both intracellular GSH levels and MTX resistance (Figures 3A, B). TXNRD3 is a member of the cellular antioxidant arsenal whose main role is to chemically reduce thioredoxins, antioxidant proteins that facilitate the reduction of oxidized client proteins by cysteine thiol-disulfide exchange. Oxidized thioredoxin reductases, in turn, are reduced back to their functional state by NADPH. GSH and thioredoxin, therefore, are the 2 known antioxidant systems whose co-occurrence is crucial for the maintenance of the cellular redox homeostasis. We used a high-throughput single agent and drug combination screening assay based on bright-field images to determine cell survival under treatment with auranofin (Aura), a clinically approved thioredoxin reductase inhibitor for rheumatoid arthritis, and the GSH synthesis blocker BSO (Figures 4B, C and Supplementary Figure 10). A synergistic interaction between the drugs was observed in 5 out 6 cell lines tested using the method described by Sudalagunta et al (38), in which percent live cells across time and the serially diluted drug(s) concentrations are used to compute additive response using the Bliss Independence model (Supplementary Table 8). We confirmed the co-dependence of ALL cells on these antioxidant systems in 3 cell lines by the MTT viability assay (Supplementary Figure 11).

Next, we investigated the role of the antioxidant thioredoxin system on MTX sensitivity in vitro. For this purpose, we tested the effect of MTX in combination with 2 thioredoxin reductase inhibitors, arsenic trioxide (53) (ATO), and auranofin. We observed a mild potentiation of the MTX effect by ATO (Figure 5A) and Auranofin (Supplementary Figure 12) but only for few of the cell lines tested.




Figure 5 | Combination of ATO and MTX in vitro and in PDX models of ALL. (A) Cell survival accessed by flow cytometry analysis of calcein-positive cells. The number of viable calcein+ cells per 1,000 fluorescent beads (spike in) was determined after 48 or 96 hours, as indicated. MTX was added at time zero while ATO was added at half-time. Results are the mean ± standard error (SE) of triplicate samples. P-values for Tukey’s Test following ANOVA. *P<0.05; ***P<0.001. Doses used: CCRF-CEM: ATO = 1.5 µM, MTX = 12.5 nM; P12-ICHIKAWA: ATO = 3 µM, MTX = 13 nM; Jurkat: ATO = 1.5 µM, MTX = 36 nM; RS4;11: ATO = 1.4 µM, MTX = 18 nM; 697: ATO = 0.75 µM, MTX = 6 nM.(B) Human CD45-positive (hCD45+) leukemia cells in peripheral blood of PDX-transplanted NSG mice, accessed by flow cytometry. Treatment started one week after engraftment when hCD45+ cells > 0.5% in half of the mice (Day 7) and was administered for 4 consecutive weeks against T-ALL or every other week against BCP-ALL. Doses used: MTX = 10 mg/kg daily (T-ALL) or 5 mg/kg daily (BCP-ALL); ATO = 2.5 mg/kg daily; ATO was administered 6 hours after MTX in the co-treatment cohort. L.E. = leukemia engraftment period. P-value for Log-rank test. P-value for unpaired t test between MTX and ATO+MTX. *P≤0.05; **P≤0.01; ****P≤0.0001; ns, not significant.



Altogether, our results indicate that the thioredoxin system exerts a compensatory effect over the GSH pathway that is not reciprocal and suggest that the thioredoxin system might be a potential target for MTX re-sensitization in leukemia cells.



In vivo antileukemic effects of ATO and MTX in murine and patient-derived leukemia

Although mild, the antileukemic effects of the combinations between thioredoxin reductase inhibitors and MTX in vitro motivated us to test them in vivo. Here we chose the ATO+MTX combination given ATO’s current use in the clinic as a chemotherapeutic agent against acute promyelocytic leukemia. Our first investigation was using an immunocompetent mouse model transplanted with a primary murine B-ALL obtained from our Il7r knock-in mouse model (43). We tested different doses of MTX (1, 5, and 10 mg/kg) and found a dose-response pattern, with 10 mg/kg showing best results. ATO+MTX significantly increased overall survival compared to vehicle or single agents, though the difference was modest (Supplementary Figure 13).

Next, we tested the efficacy of the drug combination in 4 patient-derived xenografts (PDXs; 2 BCP-ALL and 2 T-ALL) in vivo. The PDXs represented a diverse genetic background: T-ALL 1 carries an activating IL7R mutation that confers a particular aggressive phenotype (54), and BCP-ALL 1 expresses the TCF3-PBX1 fusion protein as a result of the t(1;19) chromosomal translocation. Mice transplanted with T-ALL PDXs were treated with the same dose (10 mg/kg) and schedule as mice transplanted with murine ALL cells, whereas BCP-ALL PDX-transplanted mice received MTX at a lower dose (5 mg/kg) and were treated every other week to minimize the contribution of MTX to disease control and thus maximize ATO’s effect. However, this approach resulted in longer treatment periods and increased gastrointestinal toxicity with some fatalities that were censored in the analysis (Supplementary Table 9). Of the 4 PDXs tested, only one T-ALL was resistant to MTX (remission lasted for 20 days compared to ≥ 50 days in the other 3 PDXs). In this case, the ATO+MTX combination significantly decreased tumor burden in the peripheral blood (Figure 5B) and extended overall survival (Supplementary Figure 14) compared to vehicle alone or either drug used as a monotherapy. Altogether, these results suggest that MTX-resistant ALL patients could benefit from therapies that include thioredoxin reductase inhibitors in combination with MTX.




Discussion

Seventy years after MTX was first synthesized, our comprehension of its mechanism of action and impact on cellular metabolism continues to expand. In this study, we explored the metabolic-wide changes caused by MTX in a panel of T- and B-cell precursors ALL cell lines, aiming to characterize the perturbations caused by the drug on the intracellular metabolome and provide new insights about metabolic vulnerabilities for future therapeutic exploitation.

We were able to identify and quantify 70 metabolites from diverse metabolic pathways; 19 were increased with drug treatment and 12 were decreased. Enrichment analyses showed that the metabolism of several amino acids was particularly impacted, highlighting the glycine and serine metabolism as the topmost altered pathway. Tedeschi et al (55) reported a 2-fold increase in glycine concentration in breast cancer cell lines treated with MTX, which is similar to what we observed in our study. We propose that glycine accumulation is the consequence of an MTX-induced halt in the glycine cleavage system (GCS). The GCS is main mechanism for glycine degradation and requires THF and NAD+ for glycine decarboxylation. MTX leads to THF shortage by inhibiting DHFR, and NAD+ was also decreased following MTX treatment (as seen in Figure 1A). Glycine can be derived from threonine, whose concentration was also increased in MTX-treated cells.

The pentose phosphate pathway (PPP) is an anabolic pathway diverted from glycolysis through glucose-6-phosphate dehydrogenase (G6PD), producing NADPH as well as ribose-5-phosphate, a precursor of purines biosynthesis. MTX was shown to inhibit G6PD in vitro (29). In our study, UDP-glucose, UDP-glucuronate, and myo-inositol, all intermediates of the PPP, were decreased after drug treatment, suggesting that G6PD inhibition in situ is also occurring and is an important feature of MTX action. Additionally, decreased levels of adenine, hypoxanthine, NAD+, AMP, ADP, and ATP also point towards ATIC inhibition — MTX’s main mechanism of action as an anti-inflammatory drug (56). Decreases in NAD+, AMP, ATP, and hypoxanthine levels were also observed in the erythroblastic cell line K562 following MTX treatment (57). Pyrimidine biosynthesis appears to be impaired by the antifolate as well. Thymidylate synthase (TS) was shown to be inhibited in vitro by MTX (58, 59); with TS inhibition, its substrate dUMP would be diverged from dTMP to dCMP synthesis, a precursor of uridine and dCTP — both of which were increased in our data set.

Decreases of several metabolites related to phospholipid metabolism (o-phosphocholine, sn-glycero-3-phosphocholine, phosphoethanolamine, and trimethylamine) indicated that MTX interferes with membrane synthesis. Lipid and membrane synthesis impairment has been reported in MTX-treated osteosarcoma cells (60, 61). In fact, cell cycle progression is a key determinant of phospholipid metabolism and membrane homeostasis: G1/S blockade by RNAi during cellular growth stimulation decreases phosphatidylcholine levels, the main component of cell membranes (62). Coupling lipid metabolism with cell cycle progression is thought to be an evolutionary strategy to coordinate proliferation with cell and organelle growth. The nucleotide shortage provoked by MTX, with the subsequent halt of cell division in the S phase of the cycle, seems to trigger a signal to restrain phospholipid metabolism, thus preventing decompensation of cellular components.

MTX also decreased 2 bile acids, cholate and glycocholate. Bile acids are produced in the liver from cholesterol and might have been interiorized by the cells from the fetal serum present in the culture medium. MRP3, MRP8, and SLC19A1 (folate receptor) are membrane transporters capable of interiorizing MTX, cholate, and glycocholate (63, 64). Polymorphisms and expression levels of these transporters have been associated with prognosis in childhood ALL (65–68) due to impairment on chemotherapy internalization by leukemia cells. In our gene expression data, SLC19A1 presented a negative correlation to MTX resistance, confirming that cellular sensitivity to the drug is related to enhanced drug uptake, whereas cholate and glycocholate concentrations were marginally associated with SLC19A1 expression (P < 0.1) (data not shown). Bile acids such as taurocholate and cholate have proved to be efficient competitors of MTX absorption in hepatocytes (69, 70). Further investigation is required to determine whether seric bile acids could predict MTX uptake by primary leukemia cells and offer therapeutic guidance in clinics.

We found a significant inverse correlation between formate levels in either MTX-treated or untreated cells and cell doubling time or MTX resistance at 48 hours. Formate is a one-carbon molecule that can be synthesized and metabolized in folate-dependent or -independent reactions (71). Metabolic formate elimination appears to occur via its oxidation to carbon dioxide. Formate, THF, and ATP are combined to form 10-formyl-THF, which is then metabolized into THF, NADPH, and CO2. We found that formate levels increased upon MTX treatment (Figure 1A), possibly due to its accumulation by the lack of sufficient THF caused by the drug treatment, as formate production was shown to be markedly reduced in folate deficiency (72). The fact that we found formate levels in both untreated and treated cells to be negatively correlated with cell proliferation and MTX IC50 at 48 hours suggests that high formate level is a constitutive trait of MTX-sensitive cells. Further investigation will detail the mechanistic relationship between formate levels and MTX resistance, as well as show its applicability as an intracellular metabolic MTX marker.

Contrary to the conspicuous associations between formate and cell proliferation and MTX resistance, S-adenosylhomocysteine (SAH) levels were negatively correlated to these parameters only in MTX-treated cells. SAH is produced from methionine S-adenosylmethionine (SAM; the main methyl donor of the metabolism) demethylation and degraded to adenosine and L-homocysteine by the enzyme L-homocysteine hydrolase (AHCY). L-homocysteine is then converted to cystathionine (a precursor of glutathione) or is salvaged to methionine in a reaction that requires 5-methyl-THF (Supplementary Figure 15). We hypothesize that the lower levels of THF and its correlates (including 5-methyl-THF) in MTX-sensitive cells after drug treatment would contribute to SAH accumulation. Our findings showed that methionine cycle intermediates in MTX-treated cells correlate to antifolate resistance, suggesting their potential use as a metabolic biomarker of MTX response that deserves further investigation.

Asparagine regulates mTORC1 activity (73) and can act as an exchange factor, influencing serine metabolism and nucleotide synthesis by regulating serine uptake (74). We speculate that constitutive higher levels of asparagine would predispose cells to resist MTX insult by conferring an extra pool of molecules to be used as exchange factors for serine uptake, leading to 5,10-methylene-THF production and, ultimately, to pyrimidine biosynthesis even in an MTX-mediated DHFR inhibition scenario.

Guanosine is a purine nucleoside and indirect precursor of GTP; it is plausible to assume that higher constitutive levels of this intermediate would confer a natural resistance to MTX, although, to the best of our knowledge, these findings (ie, a positive correlation between basal asparagine and guanosine levels and MTX resistance) have never been described in the literature.

MTX’s ability to induce the formation of ROS has already been described extensively in the literature (75–77). Our work showed that GSH levels were positively associated with MTX resistance in both untreated and treated cells, meaning that cell’s constitutive antioxidant defense is predictive of MTX resistance and remains stable even after drug insult. We found the expression of 8 genes coding for enzymes involved in the GSH metabolism to be positively associated with the metabolite’s level. Among these are the genes GSTM3 and GSTA4, which code for GSH S-transferases capable of MTX glutathionylation (78). Intriguingly, GSTM3 expression in ALL lymphoblasts was positively associated with favorable prognosis (79). Some GSH hydrolases (or gamma-glutamyltransferases [GGTs]) were also correlated with GSH levels. GGTs participate in the gamma-glutamyl cycle, a route of synthesis/degradation of GSH and detoxification of drugs and xenobiotics (80), which explains the positive association we observed between GGT1 expression with both GSH content and MTX resistance. GGT’s expression decrease during ALL treatment returns to normal levels during the chemotherapy-induced remission stage (81), though circulating enzyme levels did not show prognostic value (82).

Parallel to the GSH detox metabolism, thioredoxins are small oxidoreductase enzymes with a dithiol disulfide site that are essential for mammalian life and involved in cellular redox balance and signaling (83). When thioredoxins are oxidized, thioredoxin reductases (TrxR’s) convert them back to their reduced state at the expense of NADPH, which is oxidized to NADP+. Interestingly, among the 3 thioredoxin reductase isozymes found in mammals, only thioredoxin reductase 3 (TXNRD3) contains an additional N-terminal glutaredoxin domain, which makes it a participant of both thioredoxin and glutathione systems. In this study, we found TXNRD3 expression to be positively associated with both GSH content and MTX resistance. TrxR’s enzymes are overexpressed or constitutively expressed in various cancers, contributing to tumor growth and chemoresistance (84), so its inhibition has drawn increasing attention. There are several studies demonstrating that pharmacological inhibitors of TrxR’s can be effective as single agents or combined with chemo/radiotherapy in a variety of cancer types (85, 86). In a study of 14 cancer cell lines from diverse tissues treated with a panel of 19 chemotherapeutic agents, MTX resistance was directly related to the enzymatic activity of glutathione reductase and thioredoxin reductase but not to the intracellular concentration of GSH, which, in turn, was associated with ThioTEPA (an alkylating agent) and doxorubicin resistance (87). Recently, by using CRISPR-Cas9, Oshima et al (88) showed that TXNRD3 (and TXNRD2) knockout in REH cells resulted in increased sensitivity to MTX, confirming the role of the thioredoxin system on MTX detoxification.

In this study, the GSH synthesis promoter N-acetylcysteine was shown to increase MTX resistance and proliferation of ALL cell lines. NAC’s protective effect against diverse drugs in varied cancer types has been extensively described in the literature. However, we noticed an inverse correlation between GSH levels and NAC effect, a phenomenon that we attribute to the feedback loop that coordinates GSH synthesis, through which GSH inhibits GCL activity (89) and thus decreases metabolite synthesis when its cellular pool is already full.

If, by one hand, NAC supplementation boosts MTX resistance in ALL cell lines, co-treatment with GSH scavengers had a marginal effect on sensitizing cells to the antifolate. We hypothesized that this was due to the thioredoxin metabolism, the other antioxidant system of the cell which can compensate an impaired or blocked GSH metabolism (90, 91). We demonstrated the interplay between both antioxidant systems by treating ALL cells with auranofin, a thioredoxin reductase, and BSO, a GSH synthesis inhibitors. The remarkable combination effect observed has been previously reported in head and neck cancer (92, 93), breast cancer (94), and lymphoma and multiple myeloma (95) cells. In some cases, the thioredoxin system may be even more important than GSH to protect cells from oxidative stress. For instance, in prostate and breast cancer, the synergistic combination of 2-deoxy-glucose (2DG) with DHEA (a phosphate-pentose pathway inhibitor) was potentiated by auranofin but not BSO, whereas the cytotoxic effect was completely abrogated by the addition of NAC (96). Our metabolomic results suggest that MTX also inhibits the pentose-phosphate pathway — a theoretically similar effect to that caused by DHEA. Therefore, like the duo MTX+DHEA, the MTX+BSO+auranofin triple combination may deserve further investigation in primary ALL.

Studies in fibroblasts showing that folic acid supplementation abrogates the cytotoxic effects of arsenite have led to the suggestion that MTX could synergize with ATO (97). By causing a relative methyl insufficiency, MTX could potentiate the effects of ATO in the presence of excess folate. We investigated the effects of the thioredoxin system on MTX resistance in vitro by treating ALL cell lines with thioredoxin reductase inhibitors in the presence of the antifolate. Both auranofin and ATO — a rheumatologic and a chemotherapy agent, respectively — potentiated MTX cytotoxicity slightly in a few cell lines, indicating that the thioredoxin antioxidant system could be protecting the cells from the oxidative stress caused by MTX.

ATO has been used against acute promyelocytic leukemia (APL) for the last 2 decades (98), usually in combination with all-trans retinoic acid (ATRA) (99, 100) during both induction and consolidation phases. Prolonged maintenance with continuous low-dose chemotherapy (which includes MTX) and intermittent ATRA was beneficial for high-risk APL (101–103). Aligned with this fact and our in vitro data, we showed that ATO potentiated MTX cytotoxicity in an in vivo model of an aggressive primary murine ALL and in 1 of 4 human ALL PDXs tested, for which tumor burden in the peripheral blood was significantly decreased by the drug combination as well. Interestingly, this ATO-responsive PDX presented a particular MTX-resistant phenotype, whereas in the other 3 cases, single-agent MTX was sufficient to control leukemia progression, thus hampering any possible additive effect by ATO. Both high-dose MTX and ATO are known to cause gastrointestinal toxicity (104, 105), and although no mouse that received either MTX or ATO single-agent experienced severe gastrointestinal toxicity, this was so for 5 out of 24 animals treated with ATO+MTX, indicating that future studies are required to better evaluate the safety of the ATO+MTX combination for the treatment of ALL patients.

Although relapse/refractory ALL did not respond to single-agent ATO in a previous clinical trial (106), which is in line with our PDX results, few studies have investigated its benefits in ALL in combination with other drugs. For instance, Szymanska et al (44) tested the addition of ATO (in the same dose and regimen as ours) with vincristine, dexamethasone, and asparaginase (VXL) in 4 ALL PDXs. Although ATO, in combination with VXL, statistically improved the progression delay of 2 xenografts tested, the authors concluded that the benefit appears unlikely to be of biological significance. We believe that our study brings a new perspective by proposing the use of thioredoxin reductase inhibitors, specially ATO, in combination with MTX. Further investigation should aim to test the Auranofin+MTX combination, the benefits of a third drug inclusion (such as BSO), and the molecular features of the ALL that would most benefit from this new drug combination.

MTX’s mechanisms of action and resistance are still being rewritten even after several decades of research and therapeutic use. Our study showed that the antioxidant systems of the cell are an important component of leukemia resistance to MTX, and targeting these pathways, especially the thioredoxin antioxidant system, may contribute to re-sensitize ALL to MTX. In a broad sense, this work illustrates how metabolomics can be employed as an alternative approach to unravel unexplored mechanisms of action and/or resistance of drugs, leveraging insights about new drug combinations with translational potential for life-threatening diseases such as cancer.
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Background

An increasing number of innovations have been discovered for treating hepatocellular carcinoma (HCC or commonly called HCC) therapy, Ferroptosis and mitochondrial metabolism are essential mechanisms of cell death. These pathways may act as functional molecular biomarkers that could have important clinical significance for determining individual differences and the prognosis of HCC. The aim of this study was to construct a stable and reliable comprehensive model of genetic features and clinical factors associated with HCC prognosis.



Methods

In this study, we used RNA-sequencing (fragments per kilobase of exon model per million reads mapped value) data from the Cancer Genome Atlas (TCGA) database to establish a prognostic model. We enrolled 104 patients for further validation. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes enrichment analyses (KEGG) analysis were used for the functional study of differentially expressed genes. Pan-cancer analysis was performed to evaluate the function of the Differentially Expressed Genes (DEGs). Thirteen genes were identified by univariate and least absolute contraction and selection operation (LASSO) Cox regression analysis. The prognostic model was visualized using a nomogram.



Results

We found that eight genes, namely EZH2, GRPEL2, PIGU, PPM1G, SF3B4, TUBG1, TXNRD1 and NDRG1, were hub genes for HCC and differentially expressed in most types of cancer. EZH2, GRPEL2 and NDRG1 may indicate a poor prognosis of HCC as verified by tissue samples. Furthermore, a gene set variation analysis algorithm was created to analyze the relationship between these eight genes and oxidative phosphorylation, mitophagy, and FeS-containing proteins, and it showed that ferroptosis might affect inflammatory-related pathways in HCC.



Conclusion

EZH2, GRPEL2, NDRG1, and the clinical factor of tumor size, were included in a nomogram for visualizing a prognostic model of HCC. This nomogram based on a functional study and verification by clinical samples, shows a reliable performance of patients with HCC.
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Introduction

Liver hepatocellular carcinoma (HCC) is the third leading cause of cancer-related death worldwide (1). Most patients with HCC have a history of chronic hepatitis B virus (HBV) infection. Although HBV has been effectively controlled in China, morbidity and mortality are currently rising (2). Nevertheless, HCC is the sixth most common cancer worldwide (3). Several innovative methods have been developed for the treatment of HCC. However, the effectiveness of these treatments markedly varies between individuals. The main reason for this variation is a lack of therapeutic evaluation of efficacy. Therefore, more effective biomarkers and/or prognostic models are requied. Effective biomarkers should be able to predict the prognosis of HCC and participate in specific functions of tumor biology. In particular, biomarkers described for specific anti-tumor phenotypes may be the most meaningful (4, 5).

Intracellular iron is a crucial target for the induction of cell death because it mediates ferroptosis and mitochondrial metabolism (6). Ferroptosis is a non-apoptotic regulated form of cell death that has gradually attracted attention in cancer pathogenesis research (7). Ferroptosis induces abnormal mitochondrial metabolism and reactive oxygen species (ROS) accumulation, and it may promote anti-tumor mechanisms in the microenvironment (8, 9). These finding suggests that ferroptosis is an important mechanism contributing to the development of the tumor microenvironment. Some researchers have suggested that ferroptosis or metabolic-related gene signatures could provide relevant information on the prognosis of HCC (10, 11). The unique tumor microenvironment in HCC includes considerable immune infiltration because of chronic inflammation (12). Therefore, a prognostic model for HCC in the context of inflammation in mainland China is required.

In this study, a bioinformatics analysis method was used to analyze a data set from the Cancer Genome Atlas (TCGA) database to determine the differentially expressed genes (DEGs) in HCC compared with healthy individuals. A prognostic model based on the hub genes was constructed using least absolute contraction and selection operation (LASSO) regression. To determine the validity and stability of this model, we used clinical tissue samples to verify the hub genes. To verify the function of these critical genes in tumors, we performed a series of functional analyses. Using these results, we hoped to identify the most stable and reliable gene signatures and clinical factors that contribute to the progression of HCC.



Materials and methods


Data sources

Our analysis results are based on the omics data set generated by the TCGA (http://cancergenome.nih.gov/). A total of 33 types of cancer were enrolled from TCGA. All data sets include Count data, Transcripts Per Kilobase Million (TPM) data, RNA-seq, Copy number variation (CNV), Mutation and Clinical Information, were downloaded from UCSC XENA (https://xenabrowser.net/). We enrolled a total of 50 normal liver tissues and 374 HCC in the TCGA database. We used the limma package for R to analyze the differential expression between HCC and normal liver tissues.



Clustering differentially expressed genes for HCC

To identify the Fold Changes in gene expression in each cancer data set, we used the Deseq2 package for R software to identify the DEGs using TCGA count data. We consider adjusting P value < 0.05 and Log|FC| > 1 as DEGs. Meanwhile, to determine the DEGs related to the prognosis of HCC, we used univariate COX regression, which is analyzed in R using survival package to screen the genes that affect the prognosis of HCC. HCC-specific genes are considered meaningful to both differential expression and prognostic analysis.



GO and KEGG analysis

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes Enrichment Analyses were functional enrichment. Go analysis is a bioinformatics tool including three functional analyses, which are cellular components (CC), molecular function (MF), and biological pathways (BP) (13). KEGG stores a multigene signature pathway to which hub genes belong (14). We conducted a functional enrichment analysis to study the underlying mechanism of DEGs-based clustering at different levels. We first converted the gene names of the differential genes into ENTREZ IDs, and further, enriched using the enrichment function in the cluterprofiler. For the P value of the results of the analysis, the BH algorithm is used to correct it. Finally, we select the corrected P value of < 0.05 as the meaningful enrichment result



LASSO Cox regression analysis and visualization

We first performed COX regression on differentially expressed genes to screen genes related to the prognosis of HCC. The LASSO regression analysis model eliminates the collinearity problem between prognostic-related genes (15). Finally, we obtained the characteristic genes that affect HCC. We used a nomogram, which constructed specific models related to HCC for clinical application to show the clinical model. Lasso returns to the Glmnet package using the R language. We used the Rms package to construct the nomogram graph.



Patients and tissue samples collection

A total of 104 HCC patients were enrolled in The Cancer Hospital of the University of Chinese Academy of Sciences(Zhejiang Cancer Hospital) from 2011 to 2020. Each patient was collected one pair of normal and cancer tissue within 30 minutes after surgical resection. Normal tissue was defined as greater than 1cm beyond the tumor margin. A frozen section was identified by senior pathologists, who were more than 15 years of practitioners, to exclude tumor lesions under the microscope. HCC lesions, which senior pathologists diagnosed, were acquired about 1cm inside the tumor margin. All patients were pathologically confirmed as Hepatocellular carcinoma. The clinical stage of the tumor was determined according to the Cancer Staging Manual of the American Joint Committee on Cancer(version 8, 2017), while the Edmondson Steiner classification defined the tumor pathological differentiation stage. All 104 patients were enrolled, including 19 females and 85 males. There were 58 patients older than 60 years old and another 46, respectively. The follow-up ended in March 2021 or at death. HCV infections were excluded in our study.



Immunohistochemistry stain

All 104 pairs of lesions were paraffin-fixed tissue. All slice tissue was deparaffinized, rehydrated, and then heated in citric acid buffer (0.01M) at 105°C for 10 min. After antigen recovery, the sliced tissue was blocked with 3% hydrogen peroxide solution and bovine serum albumin. Subsequently, the slides were incubated with rabbit antibodies, including anti-EZH2, anti-GRPEL2, anti-PIGU, anti-PPM1G, anti-SF3B4, anti-TCOF1, anti-TUBG1, anti-TXNRD1, anti-MYCN, anti-NDRG1, anti-SQSTM1, anti-UCK2, at 4°C overnight, then incubated with horseradish peroxidase (HRP)-conjugated secondary antibody at room temperature for 20 min. Finally, the slides were counterstained with hematoxylin, dehydrated in graded alcohol and xylene, cleared, and mounted. The antibody or catalogue and dilutions are listed in Supplementary Table 1.



IHC quantification

All slices were measured by Pannoramic DESK II DW Digital Slide Scanner(Coherent Scientific Ltd.). After the tissue section was set on the scanner, the section gradually moved under the scanner lens. While moving, all tissue information would be scanned and recorded to form a folder containing all image details. The folder was opened by using CaseViewer2.2 software. It can be magnified at any multiple of 1x-400x for observation. Use the TMA plug-in in the Quant Center2.1 analysis software to set the diameter of the chip organization point and the number of rows and columns. The software will automatically generate the number. Use the PatternQuant module in the Quant Center2.1 analysis software to distinguish the brown area (including positive) from the blue part. The two parts of the Mask Area are used as the tissue area; add HistoQunant is merged in the next layer of the brown area. Finally, the area and grayscale of the positive part are calculated based on the optical density.



Pan-cancer analysis for DEGs

To determine the role of the above 13 DEGs, we used the genes to perform pan-cancer analysis to observe the expression, mutation frequency, and copy number change frequency of these genes in pan-cancer. All TCGA pan-carcina data can be downloaded from UCSC XENA. In gene mutation analysis, we calculated the proportion of mutations in each gene in different cancer samples to compare which gene was more likely to mutate. In copy number analysis, the proportion of each gene that increases or decreases in copy number is calculated. We observed changes in gene copy number using the increase in copy number and the decrease in ratio. Finally, we used Deseq2 to calculate the differential expression of each gene. The differential expression of core genes in multiple cancers and the effect of gene expression on the prognosis of different tumors were observed.We used TCGA+GTEx and GSE101685 to validate the core genes. TCGA+GTEx contains 369 cancers and 160 normals, while GSE101685 includes 24 cancer samples and eight normal samples.



Identification of hub genes and functional enrichment analysis

The Gene Set Variation Analysis(GSVA) algorithm is an algorithm that obtains phenotypic scores based on the amount of gene expression associated with different phenotypes. We first collected genes associated with each immune cell. Further, based on the expression of these genes, each immune cell score is obtained. First, we used the Gene Set Variation Analysis(GSVA) to calculate the impact of 24 types of immune cells on HCC. The relationship between core genes and immune cell scores was analyzed. Pearson correlation analysis was further used for the relationship between hub genes and immune cells in HCC. To investigate the relationship between risk score and immune checkpoints, we extracted the expression of 30 immune checkpoints, including the B7-CD28 family (CD274, CD276, CTLA4, HHLA2, ICOS, ICOSLG, PDCD1, PDCD1LG2, TMIGD2, VTCN1), TNF superfamily (BTLA, CD27, CD40LG, CD40, CD70, TNFRSF18, TNFRSF4, TNFRSF9, TNFSF14, TNFSF4, TNFSF9), and another immune checkpoint (HAVCR2, IDO1, LAG3, FGL1, ENTPD1, NT5E, SIGLEC15, VSIR, NCR3). Furthermore, we measured the coexpression relationship between DEGs and Ferroptosis. As all we know, cell death is affected by mitochondria dysfunction generally. Therefore, we downloaded the data from MITOCARTA 3.0 to evaluate mitochondria-related pathways. The GSEA algorithm was used to analyze the effect of DEGs on OXPHOS, Mitophagy and Fe.S containing proteins.



Identification of hub genes and drug sensitivity and regulatory mechanisms

We assessed the drug sensitivity of each patient using pRRophetic (R package, University of Minnesota System), and further used correlation analysis to relate the relationship between prognostic models and tumor drug sensitivity. pOSTAR3 is a database used to predict post-transcriptional regulation of genes, and to understand the transcriptional regulatory relationships of three iron death-associated genes, we constructed a post-transcriptional regulatory network using POSTAR3. GSE106988 is a dataset of RNA-seq performed after knockdown of NDRG1. Using this database. We analyzed the potential functions of NDRG1 and used cytoscape software for the visualization of protein pathway construction.



Statistical analysis

R (version 3.6.2, www.r-project.org) and relative packages for R were used for bioinformatics and statistical analysis. SPSS (Version 25.0) was used for statistical analysis. Visualization mainly used the R package ggplot2(version 3.3.3). The chi-square test and Fisher’s exact test were used to evaluate the statistical significance of the relationship between DEGs expression and clinicopathological parameters. The Student’s unpaired t-test is used to express customarily distributed DEGs; otherwise, the Mann-Whitney U test is used. The Wilcoxon signed-rank test was used to analyze the difference between HCC and adjacent non-HCC lesion distribution. Survival curves were assessed by the Kaplan-Meier method and Cox proportional hazards regression model, and a log-rank test analyzed the differences. Before performing the Kaplan-Meier analysis, the Best Separation method was used to cut gene expression into high and low groups. P < 0.05 was considered as statistical significance. After building the model, we evaluated our model by C-index and decision curve.




Results


Identification of DEGs from the TCGA

The entire analysis flow of the manuscript results is shown in Figure 1. DESeq2 was performed for DEG analysis using RNA-sequencing fragments per kilobase of the exon model per million mapped fragment data from the HCC TCGA database. We found a total of 7009 DEGs, of which 5156 genes were up-regulated and 1853 genes were downregulated (Figure 2A). Furthermore, to determine the genes that affect the risk and prognosis of HCC, we performed survival analysis by Cox regression for all 7009 genes. We found that 2667 genes might affect the risk of HCC and its prognosis.




Figure 1 | Workflow-process diagram of the present study.






Figure 2 | Identification of The Differentially Expressed Genes (DEGs) in HCC and normal liver tissues:(A) Volcano plot of the DEGs in TCGA dataset. Log|FC|>2 was considered as DEGs In the figure, red represents high-expression genes, and blue represents low-expression genes(B) Functional analyzing by GO and KEGG. The yellower the color indicates that the result is more meaningful, and the larger the circle, the more genes are enriched within the result.(C) LASSO Cox regression was performed to identify the DEGs related to the prognosis of HCC (λ = 0.08869376).(D) Visulization of LASSO Cox regression. These 13 genes that were DSTNP2, EZH2, GRPEL2, 227 MYCN, NDRG1, PIGU, PPM1G, SF3B4, SQSTM1, TCOF1, TUBG1, TXNRD1, and UCK2 might predict prognosis of HCC.





Function analysis of DEGs by Gene Ontology and Kyoto Encyclopedia of Genes and Genomes

To better understand the function of the 2667 DEGs, we performed Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) functional enrichment analysis. The GO enrichment analyses. The GO enrichment analysis showed 387 items were related to the DEGs, such as histone−serine phosphorylation and mitotic DNA replication checkpoint. KEGG analysis showed that the DEGs were mainly involved in the nuclear lamina prespliceosome mitotic DNA replication checkpoint. Other pathways included cellular senescence, DNA replication, and oxidation (Figure 2B). Supplementary Tables 2, 3 show more details of GO and KEGG analyses.



Risk scoring model for the application of the LASSO algorithm for HCC

We used LASSO regression to eliminate 2,667 covariates of DEGs that affect the risk of HCC and its prognosis (16). We screened the LASSO regression model using λ = 0.08869376 (Figure 2C). The LASSO regression visualization results are shown in Figure 2D. Finally, 13 hub genes that might predict the prognosis of HCC were obtained. These 13 genes that were DSTNP2, EZH2, GRPEL2, MYCN, NDRG1, PIGU, PPM1G, SF3B4, SQSTM1, TCOF1, TUBG1, TXNRD1, and UCK2. The details of these hub genes are shown in Tables 1, 2. We excluded the pseudogene DSTNP2 because we were more interested in protein expression genes. In addition, we chose eight upregulated genes in HCC and compared with healthy tissues as hub genes. These genes were TXNRD1, TUBG1, SF3B4, PPM1G, PIGU, NDRG1, GRPEL2 and EZH2.


Table 1 | Details of the Hub genes.




Table 2 | Hazard ratio of 14 hub genes.





Pan-cancer analysis of DEGs

The eight hub genes upregulated in HCC mentioned above were differentially expressed as shown by pan-cancer analysis (Figure 3A) These eight genes were differentially expressed in digestive tract tumors, such as stomach adenocarcinoma and esophageal carcinoma. GRPEL2 and EZH2 were highly expressed in most cancer types, such as HCC, esophageal carcinoma, and stomach adenocarcinoma. NDRG1 was also highly expressed in HCC, lung squamous cell carcinoma, and head and neck squamous carcinoma. Uterine corpus endometrial carcinoma was associated with genetic mutations in the analyzed samples, and there were only a few mutations in the remaining types of cancer (Figure 3B). In addition, we performed a copy number alteration analysis and showed that most cancer types, inculding HCC, had minor changes in the copy number (Figure 3C). These findings indicated that these eight hub genes were characteristic genes of HCC, and their expression may not be affected by other genomic changes. We then examined the effect of these eight genes on the prognosis of all cancers. We found that these eight genes might affect the prognosis of LGG, HCC, and LUAD. Therefore, a high expression of these genes is a risk factor for these cancers (Figure 3D).




Figure 3 | Pan-cancer results of hub genes.(A) Differential Expression of genes: eight genes were differentially expressed in most cancer types. The darker the color, the greater the fold change(B) Mutation frequency: the hub gene mutation was relative stable in all types of cancer except UCEC.(C) Copy number variation of hub genes. HCC had minor changes in the copy number of the 8 hub genes(D) Prognosis of hub genes. The red square represents a risk factor in the cancer, and the blue square represents a protective factor. Gray indicates that the prognosis of the tumor does not affect the prognosis.





Functional analysis of genes

We conducted a functional analysis of the eight genes described above. First, we used the Gene Set Variation Analysis (GSVA) to calculate the effect of 24 types of immune cells on HCC. This was performed by comparing the correlations between the eight hub genes and immune cells. We found that TUBG1 and SF3B4 could affected most immune cells, and eight of the hub genes were positively related to CD8 T cells and T helper cells. These findings indicated that these eight genes might affect the prognosis of HCC by affecting T helper cells (Figure 4A). Eight of the immune checkpoint genes were related to TNFRSF9, TNFSF9, HAVCR2, and ENTPD1 (Supplementary Table 8 and Supplementary Figure 5). We also analyzed the correlations between the eight hub genes and ferroptosis-related genes. The results showed that the eight genes are positively correlated with most of the ferroptosis-related genes (Supplementary Figure 1, Supplementary Table 5). There was a strong positive correlation between FA complementation group D2(FANCD2), and three characteristic genes, namely EZH2, TUBG1, and PPM1G (Figure 4B). These results indicated that these eight hub genes may affect ferroptosis in HCC. We used a gene set enrichment analysis (GSEA) algorithm to analyze the relationship between the eight hub genes and mitochondria-related pathways. We found that oxidative phosphorylation (OXPHOS), apoptosis, mitophagy, and Fe.S-containing proteins were positively related to these genes according to the enrichment score (Figure 4C). The enrichment scores were positively related to OXPHOS, mitophagy, and Fe.S-containing proteins. On the basis of these results, we hypothesize that ferroptosis affects the prognosis of HCC via mitochondria-related mechanisms.




Figure 4 | Functional analysis of the hub genes.(A) Immunoinfiltration analysis. Gene Set Variation Analysis were used to calculate the effect of 24 types of immune cells on HCC. Significance is presented by using *p < 0.05, **p < 0.01. The darker the red color, the higher the correlation coefficient.(B) The correlation analysis between hub genes and ferroptosis related genes FANCD2. EZH2, TUBG1, PPM1G were significantly positive effective with FANCD2.(C) The correlation analysis of three hub genes, EZH2, GRPEL2, NDRG1, and FANCD2. Gene Set Enrichment Analysis, (GSEA) the hub genes were enriched in OXPHOS, Mitophagy, Fe.S.containing proteins. It has been partially confirmed that ferroptosis and mitochondrial metabolism were related to prognosis in HCC.





Validation of gene expression differences and the clinical significance of the prognosis

We measured the expression of the 13 identified hub genes (EZH2, GRPEL2, MYCN, NDRG1, PIGU, PPM1G, DSTNP2, SF3B4, SQSTM1, TCOF1, TUBG1, TXNRD1, and UCK2) by immunohistochemistry (IHC) in tissue samples of 104 patients. We found that eight genes, EZH2, GRPEL2, PIGU, PPM1G, SF3B4, TUBG1, TXNRD1, and NDRG1, were expressed differently between HCC and adjacent non-HCC (Supplementary Table 5, Supplementary Figures 2, 3 and Figure 5A). These results were consistent with bioinformatics analysis. Moreover, the expression levels of these genes were significantly different between HCC and adjacent non-HCC lesions (Supplementary Table 5). In conclusion, these eight genes could be used as potential risk factor indicators to determine clinical indications for prognosis. To further ensure the accuracy of core genes, we used TCGA+GTEx and GSE101685 data to further analyze the differential expression of these genes. We found that the eight hub genes identified above were all differentially expressed (Figure 6 and Supplementary Table 7).




Figure 5 | Establishment of prognostic model(A) Differential expression between HCC and adjacent non-HCC lesions. IHC image for EZH2, GRPEL2, NDRG1, paired with non-LIHC tissues and LIHC tissues.(B) KM curves of EZH2, GRPEL2, NDRG1. Higher expression of hub genes meant poor prognosis of HCC.(C) Nomogram was for visulizing the prognostic model. Three factors, EZH2, GRPEL2, NDRG1, and tumor size, were enrolled in the prognostic model to predict the survival rate of 1,3 years survival in HCC(D) The nomogram calibration curves of 1-, 3-year survival probabilities. The tool bar =100μm.






Figure 6 | TCGA+GTEx and GSE101685 data to further analyze the differential expression of genes. After analysis, it was found that the eight genes verified above were all differentially expressed. In the figure, red represents cancer patients and gray represents normal samples(A–H) EZH2,GRPEL2, PIGU, PPM1G, SF3B4, TXNRD1, NDRG1, TUBG1. * stands for P value < 0.05.





HCC prognosis-related model construction

In addition to analyzing expression of the eight hub genes, we collected basic information on all 104 patients, such as sex, age, histological differentiation, vascular cancer embolus, cirrhosis, tumor size (cm), alpha-fetoprotein concentrations (ng/mL), hepatitis B surface antigen concentrations, alanine aminotransferase, underlying diseases, and total bilirubin concentrations. We excluded hepatitis C viruse infection patients in our study. These clinical factors are generally considered indicators of the prognosis of HCC. In our dataset, the one-factor survival analysis showed that a larger tumor size and positive vascular cancer embolus indicated a poor prognosis. Therefore, we incorporated these factors into the Cox regression model in the multivariate analysis. The high expression of EZH2, GRPEL2, TCOF1 and NDRG1 genes suggested a poor prognosis, as shown in the multivariate regression analysis (Table 3, Figure 5B). Furthermore, a nomogram was used for visualization to better use as a clinical prognostic model. The nomogram showed that a larger tumor size and higher EZH2, GRPEL2, and NDRG1expression predicted the higher likelihood of a worse prognosis (Figure 5C). The nomogram was able to predict the probability of 1- and 3-year survival (Figure 5D). These findings indicated a close relation to survival, which suggested that our nomogram may be a reliable prognostic model for HCC. Furthermore, we computed the C-index to evaluate our model. The C-index of this model was 0.811(0.797-0.825). A decision curve showed that this model had reliable clinical practicability (Supplementary Figure 4).


Table 3 | Survival analysis combined with clinical parameter by Immunosotochemistry.





HCC prognosis-related model functional analysis

To further understand the function of the HCC prognostic model, we analyzed the relationship between model scores and clinical parameters. We found that the prognostic model score was mainly related to alpha-fetoprotein, T stage. Among them, the model score is higher when the disease is more severe (Figure 7A). In addition, we analyzed the relationship between 3 genes and HBV infection. EZH2 was related to HBV infection, and the expression of EZH2 expression was high in patients with HBV infection (Supplementary Table 9). In addition, GSVA scores were calculated for tumor-related pathways, and the correlations between model scores and tumor-related pathways were determined. We found that the HCC model was mainly related to the inflammatory response and other pathways (Figure 7B).




Figure 7 | Functional of prognosis related model function.(A) The model score is correlated with the severe of clinical parameters Alpha-fetoprotein abnormalities, the higher the pathologic stage and the higher the T stage, the higher the prognostic model score;(B) The Model was mainly related to the inflammatory response and other pathways. GSVA scores were performed on tumor-related pathways, and the correlation between model scores and tumor-related pathways was observed through correlation analysis of pathway scores and model scores.





Prognostic models and drug resistance

Our analysis using GSE106988 showed that NDRG1 was mainly associated with functions such as RNA shearing(Figure 8A), but the other two genes need to be verified in subsequent experiments. After analyzing the targets of anti-tumor drug sensitivity action in patients with HCC, we found that the prognostic model of ferroptosis was associated with multiple chemotherapy efficacy, with the strongest correlation with axitinib (Figure 8B). We also analyzed the function of the three core genes for ferroptosis and the regulatory relationships. Finally, to understand the post-transcriptional regulatory relationships of these three genes, analysis using POSTAR3 analysis showed that these three genes were affected by multiple post-transcriptional regulatory genes, among which IGF2BP2, FIPILI, TARDBP, ELF2, ATXN2, DDx3X, AGO2, IGF2BP1, and HNRNPC regulated these three genes simultaneously (Figure 8C).




Figure 8 | Prognostic model related related functional analysis.(A) Functional enrichment analysis results of NDRG1 knockout dataset. The bluer the color in the figure, the more meaningful the result.(B) The relationship between prognostic model and drug sensitivity. Each point in the graph represents the model score of a sample as well as the drug sensitivity score.(C) Post-transcriptional regulatory network of genes associated with prognostic models. The orange circle represents the gene in the model, and the green circle represents the poor post-transcriptional regulatory protein.






Discussion

HCC is a common and highly malignant tumor. Patients with HCC have a poor prognosis (17). At present, surgery is the most effective treatment method for HCC (18). However, at diagnosis, most patients with HCC show intra- and extra-hepatic metastases, vascular tumor thrombi and inadequate future liver volume, which indicate that the opportunity for surgery has already passed. With the development of advanced therapies, various emerging treatments have achieved positive results (19, 20). However, because of the complexity of the genetic background of HCC, the benefits of these treatments remain unclear (20, 21). Therefore, in-depth studies of the pathogenesis of HCC, including machine learning, will have clinical significance for predicting the interaction of hub genes and investgating prognostic-related molecular markers for individuals. In this study, we constructed a prognostic model combined with clinical information, functional analysis, and pan-cancer analyses to verify our bioinformatic results (22).

In this study, we used the TCGA data sets to predict cancer the risk of HCC and its prognosis. We found that the DEGs were highly related to DNA replication, oxidation, and inflammatory response. According to previous studies, these mechanisms are consistent with the activity of tumor cell growth and mitochondrial metabolism (23). Therefore, we speculate that abnormal mitochondrial function is related to the occurrence and development of HCC. The LASSO regression analysis was performed to generate a prognostic signature. We found 13 hub genes that were potentially related to the prognosis of HCC. Eight upregulated genes (EZH2, GRPEL2, PIGU, PPM1G, SF3B4, TUBG1, TXNRD1, and NDRG1) were not only found to be tumorigenesis risk factors, but also factors of a poor prognosis of HCC. In addition, we analyzed 104 clinical samples to validate our predictions. These eight genes were differentially expressed between HCC and adjacent non-HCC lesions, which suggested that these genes could be used as biomarkers for risk factors. The multivariate regression analysis showed that EZH2, NDRG1 and GRPEL2, as well as the tumor size were independent factors for the prognosis of HCC. According to recent surveys, TOCF1 (11) and UCK2 (24) may also indicate the prognosis in the patients with HCC. Unfortunately, our study did not show any statistical significance for the differentiated expression of TOCF1 or UCK2. Therefore, a larger sample size and multicenter study would be useful to further validate the relationship between the expression of these two genes and the prognosis of HCC.

We also constructed a prognostic nomogram model, which included EZH2, GRPEL2, NDRG1, and the tumor size. EZH2 is a transcriptional suppressor gene (25). EZH2 combines with EED, SUZ12, and RBBP4 to generate a PRC2 subunit, which is overexpressed in multiple types of cancer (26). EZH2 has a bidirectional tumorigenic effect involving mTOR signaling, as shown in EZH2-deficient leukemia cells (27). In addition, detecting EZ gene expression by tissue puncture biopsy can be used as a molecular marker for the prognosis of patients with HCC (28). There have been several recent clinical trials of EZH2 inhibitors in various cancers being studied (29–32). Our study showed that EZH2 was involved in autophagy, which is consistent with previous studies. EZH2 may also have specific effects on mitophagy, ferroptosis, and OXPHOS. Determining the specific mechanism of EZ2H should be considered in future research. NDRG1 plays a crucial role in angiogenesis, proliferation, invasion, and prognosis of HCC (33, 34). NDRG1 may also be a molecular marker for metastasis and prognosis in HCC. NDRG1 may predict the recurrence of HCC in liver transplant patients after surgery (35). This gene plays an anti-tumor role by involving the Wnt signaling pathway and other carcinogenesis signaling pathways. We speculate that NDRG1 may be involved in metabolic processes related to ferroptosis. However, more experimental studies still need to verify the mechanism of NDRG1 in ferroptosis. Overexpression of GRPEL2 affects the stability of mitochondrial proteins, and GRPEL2 may protect protein stability under mitochondrial oxidative stress (36). GRPEL2 is responsible for maintaining mitochondrial homeostasis through the nuclear factor-kappa B pathway, which affects the cell cycle in HCC (37). In particular, the composition of Fe.S-containing proteins is related to DEGs, may have an anti-tumor effect via mitochondrial-related pathways, such as complex I, OXPHOS, and mitophagy. Our finding suggested that upregulated NDRG1 could be related to poor prognosis through mitochondrial-related proteins in HCC. On the basis of the results of available datasets, we found that NDRG1 silencing was associated with various tumor biological functions such as RNA splicing, histone modification, and peptidyl-lysine modification. We concluded that the ferroptosis-related model was associated with the prognosis of HCC. These 3 genes may be essential targets and regulatory proteins in the biological progression of HCC. Using drug sensitivity analysis, we found a significant negative association of multiple anti-cancer drugs with the model. Multiple post-transcriptional regulatory mechanisms may be involved. Among them, Axitinib is an anti-tumor agent used clinically in adult patients with progressive renal cell carcinoma (RCC) who have failed prior treatment with a tyrosine kinase inhibitor or cytokine. This study provides some theoretical reference to determine whether Axitinib can be administered to patients with HCC based on ferroptosis-related prediction models. However clinical trials are still required to validate this theory. We also included a clinical factor, tumor size, in the prognosis model. Patients with more extensive tumor volumes have a worse prognosis, because the tumor has adapted to the body’s growth or because the tumor is discovered late. Therefore, the current research results suggest that EZH2, GRPEL2, NDRG1, and tumor size are reliable prognostic indicators.

The pan-cancer analysis results suggest that the eight hub genes (TXNRD1, TUBG1, SF3B4, PPM1G, PIGU, NDRG1, GRPEL2, and EZH2) were differentially expressed in gastrointestinal tumors. These eight genes may have unique roles in the digestive tract and are relatively stable in genomics. Cirrhosis-related HCC characteristics of HBV infection have a particular tumor immune microenvironment. This microenvironment may be in a state of immunosuppression over a long period, may play a unique role in promoting HCC to escape host immune surveillance (38). Therefore, we speculate that prognosis-related genes could affect the prognosis through the tumor immune microenvironment in HCC. However, further studies are required to determine the mechanisms of interaction between hub genes and immune cells. We also wanted to determine the role of the tumor microenvironment and energy metabolism in HCC. One of our study aim was to detect an unknown mechanism that links programmed cell death, and mitochondrial metabolism in HCC. Therefore, we performed an immune infiltration analysis and a GSEA analysis. In the immune infiltration analysis, we found that expression of the eight hub genes (TXNRD1, TUBG1, SF3B4, PPM1G, PIGU, NDRG1, GRPEL2, EZH2) and the immune infiltration of T helper cells, Tcm cells, and Th2 cells were related to HCC. Studies have shown that the infiltration of multiple immune cells plays a role in HBV-related HCC (39). T cells may mediate cell death by various mechanisms. Previous studies have demonstrated that Th17 cells may activate and induce cell death by Fas-mediated apoptosis, which is consistent with our results (40, 41).

Ferroptosis is an iron-dependent regulatory form of cell death caused by excessive lipid peroxidation, which is associated with the occurrence and response to treatment of various types of tumors. Ferroptotic injury triggers inflammation-related immunosuppression in the tumor microenvironment, which favors tumor growth. Ferroptosis can also lead to the activation of the Renin-angiotensin system, TP53 and other signaling pathways, which then leads to poor survival of patients with HCC (42). We constructed a model in which EZH2, TUBG1, and PPM1G were strongly correlated with the FANCD2. FANCD2 is an intersection protein associated with multiple ferroptosis in clear cell renal cell carcinoma and bladder cancer (43, 44). According to our results, EZH2, TUBG1, and PPM1G may play a role in ferroptosis through the key gene FANCD2. Fe.S-containing proteins were also significantly correlated with the eight hub genes. Current research has shown that Fe.S proteins participate in vital pathways such as oxidative phosphorylation and iron metabolism. Fe.S proteins are involved in the critical steps of the pathway that involve the maturation of mitochondrial proteins. The vital predisposing factors for ferroptosis are iron leakage, lipid peroxidation, and increased ROS (45, 46). The suppression of ferroptosis may contribute to tumor progression and survival (47). Some scholars believe that mitochondria play a crucial role in ferroptosis caused by erastin or cystine deprivation. However, a lack of mitochondria is affected by erastin concentrations, leading to cell death, which suggests that mitochondria may participate in ferroptosis through other currently unknown mechanisms (48). Because of that, ferroptosis mediates various tumor effects. In different damage-associated molecular patterns, ferroptosis can protect cells from drug damage (42). Such mechanisms may aggravate the damage caused by immune cells (49). Therefore, we speculate that the development of HCC may be affected by ferroptosis via mitochondrial metabolism and ROS. Additional mechanistic studies are still required to confirmed this possibility.

On the basis of the above-mentioned verification results of our model’s function, ferroptosis, mitochondrial metabolism, ROS, and immune infiltration are closely related to the inflammatory background of HCC. The background of hepatitis B infection and chronic inflammation exhibits a unique immune microenvironment (50, 51). Inflammation is tightly associated with cell death (52). Functional studies have shown that clinical parameters and inflammation are positively correlated with the prognostic models. Programmed cell death is affected by chronic inflammation, which results in tissue DNA damage (53). This study showed that our model was positively correlated with inflammation and DNA damage repair. Therefore, this model can reflect the inflammation associated with cell death in HCC. mTOR complex I can regulate endoplasmic reticulum (ER) stress (54). Transcription factor families, such as Myc and E2F, target various tumorigenesis and mediate inflammatory progression (55). Therefore, our model can reflect the prognosis of HCC in the context of inflammation.

There are some limitations to our study. First, this study recruited 104 patients with HCC in East China. This sample size was limited to a specific race and a single center. To apply our findings in the clinic, multicenter studies with a larger sample size are required. In particular, whether our prognostic model can be used as a biomarker in a large sample size needs to be investigated. Second, we developed a prognostic model for cell death associated with ferroptosis. However, several mechanisms have not yet been fully determined, and more evidence is required. In particular, ferroptosis-related therapeutic regimens should be designed for these targets and validated in in vivo and in vitro studies. Finally, further experiments are still required to verify the mechanism of action of FANCD2 through ferroptosis affecting the inflammatory and immune microenvironment of HCC. The most appropriate treatment required for patients with a high risk of recurrence and the most suitable types of surgery or adjuvant treatment required to prolong patients’ overall survival are still unknown.

In conclusion, we used bioinformatics analysis methods to predict DEGs for the occurrence and development of HCC and found eight hub genes (EZH2, GRPEL2, PIGU, PPM1G, SF3B4, TUBG1, TXNRD1, and NDRG1). We further verified the clinical tissue sample results to develop a reliable nomogram, which could be used as a prognostic model for HCC. These hub genes are involved in mitophagy, OXPHOS, and Fe.S-containing proteins. EZH2, TUBG1, and PPM1G are related to the ferroptosis gene, FANCD2, and may be involved in tumor biological behaviors mediated by ferroptosis. The background of chronic hepatitis may play an essential role in the development of HCC. According to our data set, three genes, EZH2, GRPEL2, and NDRG1, and one clinical factor, tumor size, could be used as reliable indicators for evaluating the prognosis in patients with HCC.
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Backgroud

Oxygen metabolism is an important factor affecting the development of tumors, but its roles and clinical value in Colorectal cancer are not clear. We developed an oxygen metabolism (OM) based prognostic risk model for colorectal cancer and explored the role of OM genes in cancer.



Methods

Gene expression and clinical data obtained from The Cancer Genome Atlas, Clinical Proteomic Tumor Analysis Consortium databases were consider as discovery and validation cohort, respectively. The prognostic model based on differently expressed OM genes between tumor and GTEx normal colorectal tissues were constructed in discovery cohort and validated in validation cohort. The Cox proportional hazards analysis was used to test clinical independent. Upstream and downstream regulatory relationships and interaction molecules are used to clarify the roles of prognostic OM genes in colorectal cancer.



Results

A total of 72 common differently expressed OM genes were detected in the discovery and validation set. A five-OM gene prognostic model including LRT2, ATP6V0E2, ODC1, SEL1L3 and VDR was established and validated. Risk score determined by the model was an independent prognostic according to routine clinical factors. Besides, the role of prognostic OM genes involves transcriptional regulation of MYC and STAT3, and downstream cell stress and inflammatory response pathways.



Conclusions

We developed a five-OM gene prognostic model and study the unique roles of oxygen metabolism in of colorectal cancer





Keywords: oxygen metabolism, prognosis model, transcriptional regulation, colorectal cancer, hub gene 

  1 Introduction

Colorectal cancer has always been the third largest malignant tumor in the world (1). Although the treatment level has been significantly improved in recent years, the morbidity rate remains high and the 5-year survival rate is still low due to the complex and elusive mechanism of cancer formation and development (2, 3). Therefore, finding suitable prognostic markers and new therapeutic targets is still an urgent problem to be solved in the treatment of colorectal cancer

Oxygen (O2) is an important catalyst for mitochondria to produce ATP and other intracellular reactions. Hypoxia can induce adaptive responses at multiple cell and body levels to enable individuals to maintain normal metabolism and life activities in a hypoxic environment (4). When in hypoxia environment, cancer cells utilize O2-sensing pathways like HIF transcriptional regulators, mTOR and mitochondrial ROS regulation, to overcome oxygen/nutrient deprived microenvironment stresses (5, 6). HIF stabilization and activation are highly responsive to hypoxia and redox stresses, as well as genetic alterations in oncogene or tumor suppressor signaling pathways to support tumor cell survival, growth, and proliferation (5, 7). Some regulators of HIF activity like ROS and cellular ascorbate levels are associated with weaker invasive ability in colorectal cancers (8). A common feature of tumor cells is that even under the normal oxygen condition, increased rates of glycolysis (the “Warburg effect”) which is the critical step for the biosynthesis of ATP and other compounds essential for cell growth and division (6). Additionally, hypoxia has been shown to be associated with therapeutic resistance, including radiation therapy and cytotoxic drugs (9, 10). As an attractive therapeutic target in cancer (11), drugs target on HIFs often lack of specificity on inhibiting subunit (12). Thus, finding credible molecular markers and drug targets related to oxygen metabolism is still challenging.

In recent years, cancer omics research reveals several molecular markers for prognosis monitoring and target therapy of colorectal cancer (13, 14). However, as far as we know, molecular markers related to oxygen metabolism have not been studied in colorectal cancer. A previous study established an eleven gene diagnostic model, and this metadata gene signature had been developed to have an excellent ability to predict diagnosis of TCGA colon cancer patients (15). Another study (16) found that a signature based on 15 metabolites generated from energy supply, macromolecules and oxidative stress has great prognosis potential for colon cancer. The genes significantly correlated to the level of oxygen stress are GPX1, GSTP1, GSR, GSS, GGCT, ANPEP, CAT and ERCC2. Among them, the genes related to oxygen metabolism, such as GPX1, have been included in our gene set. Different from us, the author focused on metabolites, and did not study whether the expression of these genes in tumors was different from normal tissues (16). These studies suggest us that the oxygen metabolism is very likely to have high prognostic and therapeutic value in the colon cancer, but it has not been studied in colorectal cancer so far. So, our research focused on genes related to oxygen metabolism. We found more than 3000 genes related to oxygen metabolism (not just the oxygen metabolism pathway, see methods). Then we determined that the signature of five oxygen metabolism genes, such as VDR, has the highest prognostic potential through DEG analysis, modeling and evaluation of prognosis performance. In order to study the possible mechanism of these genes in colon cancer, we further conducted a detailed functional analysis of each of them to improve the reliability and reference of our research.

In this report, we investigated the expression profile of oxygen metabolism genes, developed and validated a reliable prognostic model of colorectal cancer using differentially expressed oxygen metabolism (OM, Table 1) genes. In addition, we set up a protein regulatory network of prognostic genes and explored its potential role in tumorigenesis. This study comprehensively uncovered the prognostic and therapeutic value of oxygen metabolism genes in colorectal cancer patients.

 Table 1 | List of abbreviation used in this paper. 




 2 Materials and methods

 2.1 Sample collection

The gene expression data and clinical information of Colorectal cancer patients (n=288) downloaded from TCGA database (https://portal.gdc.cancer.gov/) were used as discovery cohort. The CPTAC-2 prospective data set including gene expression and clinical data of Colorectal cancer patients (n=110) obtained from cBioPortal (https://www.cbioportal.org) were used as validation cohort. Gene expression of Colorectal tissues obtained from GTEx database (https://gtexportal.org/home/)was used as normal control in the downstream analysis (n=253).


 2.2 Identification of differentially expressed metabolic genes

We first obtained pathways and biological processes from Molecular Signatures Database (MSigDB) C2 curated gene sets on gene set enrichment analysis (GSEA) website. Then, a total of 3524 genes in these gene sets that associated with oxygen metabolism were identified as oxygen metabolism related genes in our study. Differential expressed oxygen metabolic genes (DEG) between tumor and normal samples were analyzed in discovery and validation cohort using ‘limma’ R package, respectively. Genes with FDR< 0.05 and |log2(FoldChange)| > 1 were extracted as differentially expressed genes. The “Pheatmap” and “ggplots” package was used to plot heatmaps and volcano maps for DEGs. Venn plots of up- and down-regulated DEGs between discovery and validation cohort were achieved using a Venn online tool (https://bioinformatics.psb.ugent.be/webtools/Venn/)


 2.3 Construction of the prognostic model

DEGs significantly associated with overall survival (OS) in the entire discovery cohort were identified using univariate Cox proportional hazards regression analyses. A P-value ≤.05 was considered statistically significant. Then, we performed the least absolute shrinkage and selection operator (LASSO) penalty Cox regression analysis to eliminate genes that might overfit the model (Combined-24). Finally, we calculated risk score (RS) for each patient by a linear combination of Cox coefficient and expression of optimal prognostic DEGs identified by multivariate Cox analysis. The risk score calculation formula was as following:

 

 Ei and Ci represented ith gene expression and corresponding coefficient value. N is the number of optimal prognostic DEGs. Patients with RS values greater than the median were defined as high-risk groups, otherwise as low-risk groups. Kaplan-Meier analysis was conducted using the “survival” and “survminer” R package. Receiver operating characteristic curve (ROC) and the “area under the ROC” (AUC) analysis were used to evaluate the performance of the prognostic model.


 2.4 Validation of the prognostic model

We used validation cohort (CPTAC) to verify the prognostic risk model. RS of each patient in validation cohort was calculated using formula mentioned above based prognostic DEGs and coefficient identified in discovery cohort. Survival and ROC analysis were used to validate the performance of prognostic risk model.


 2.5 Independent prognostic value of prognostic model

To assess the independent prognostic value of oxygen metabolic gene-based risk models in colorectal cancer, we performed both univariate and multivariate analyses of prognostic factors using Cox proportional hazards regression. Age, gender, pathological stage and TNM stage were treated as covariates. Factors with p value< 0.05 in both univariate and multivariate Cox analysis were defined as independent prognostic indicators.


 2.6 Protein-protein interaction network based on prognostic genes

We constructed the PPI network of prognostic oxygen-metabolic genes using the PathwayCommon (https://www.pathwaycommons.org/) PPI database. Analysis of functional interactions between proteins was performed in order to elucidate the potential roles of prognostic genes in colorectal cancer tumorigenic process. The PPI networks were visualized using the Cytoscape software.


 2.7 Hub prognostic genes and their upstream transcription factors

The hub genes were identified using DMNC, MNC, Degree, EPC, BottleNeck, EcCentricity, Closeness, Radiality, Betweenness, Stress and ClusteringCoefficient algrithms with Cytoscape’s plug-in cytoHubba in the PPI network. Then, we obtained all possible transcription factors (TFs) of hub gene from ChiIP seq experimental data of human samples in the ENCODE project, and identified upstream TFs that play a role in colon cancer by calculating the expression correlation between these TFs and hub genes in our tumor samples. The correlationship of gene expression between hub genes and their TFs was conducted using the spearman method. The most relevant TF-hub gene relationship was shown by scatter plots.



 3 Results

 3.1 Identification of differentially expressed and survival-related OM genes

The workflow of this study is shown in Figure 1. Tumor samples (n=288) obtained from the TCGA database were regarded as the discovery cohort, while tumor samples (n=102) obtained from the CPTAC project were regarded as validation cohort. We compared expression levels of 3524 oxygen metabolic genes between tumor and normal samples in discovery set and validation set, respectively. The distributions of all genes including identified DEGs according to the two dimensions of -log10(FDR) and log2(FoldChange) were displayed by volcano maps (Figures 2A, B). It was found that there were 262 up-regulated and 188 down-regulated genes in the discovery set, 175 up-regulated and 27 down-regulated genes in the validation set (Figure 2C). To obtained the more reliable prognostic gene signature, we established the prognostic model with 72 DEGs up-regulated in both the discovery set and the validation set (Figures 1, 2D). We didn't obtaied reliable down-regulated DEGs which were identified in the discovery and validation cohorts Figure 2E)

 

Figure 1 | The workflow of this study. The prognostic model based on oxygen metabolism genes was established and validated in two independent CRC cohorts, and the roles of prognostic genes in CRC was further analyzed. 



 

Figure 2 | Different expressed gene analysis between tumor and normal samples. Volcanic map showing the difference of gene levels between tumor and normal samples in the TCGA cohort(A) and CPTAC cohort(B). Genes with |Log2(FC)| >1 and adjust pvalue<0.01 were defined as different expressed genes.(C), Proportion and number of significantly up-regulated and down-regulated genes obtained from two cohort samples. Venn diagrams of up-regulated genes(D) and down-regulated genes(E) in TCGA and CPTAC samples. 



Univariate Cox regression analysis revealed that 95 OM DEGs were significantly (P<.05) associated with OS in the discovery cohort. Among them, 73 DEGs were associated with good OS, while 22 DEGs were associated with bad OS.


 3.2 Construction of a five-OM gene prognostic model

Based on the discovery cohort, we obtained eight candidate prognostic OM genes using Lasso Cox regression analysis. Then, we acquired five optimal genes, including FLRT2 (Fibronectin Leucine Rich Transmembrane Protein 2), ATP6V0E2 (ATPase H+ Transporting V0 Subunit E2), ODC1 (Ornithine Decarboxylase 1), SEL1L3 (SEL1L Family Member 3) and VDR (Vitamin D Receptor). Four of these genes were high hazard genes, and one gene (SEL1L3) was low hazard gene, and all these genes were up-regulated DE genes (Table 2). The risk score of each tumor sample was calculated as follows: risk score = (1.0232× FLRT2 exp) + (1.0046 ×  ATP6V0E2 exp) + (0.9806 ×  SEL1L3 exp) + (1.0015 × ODC1 exp) +  (1.0493 × VDR exp).

 Table 2 | Five prognostic oxygen-metabolic genes. 



Based on the optimized risk score threshold, all colorectal cancer patients of discovery cohort were divided into a high-risk group (n = 30) and a low-risk group (n = 252). The K-M survival analysis shown those OS times of high-risk patients were significantly longer than that of low-risk patients (p< 0.001) (Figure 3A). The median survival time of patients in the high-risk group was shorter than 5 years, while that of patients in the low-risk group was longer than 10 years. From the perspective of survival rate, the 1-year, 3-year and 5-year survival rates of the high-risk group were only 72%, 63% and 35% respectively, while the corresponding survival rates of the low-risk group reached 91%, 85% and 71% respectively. In addition, the AUC values of the five-OM gene prediction model were 0.753, 0.674, and 0.714 when predicting one -, three -, and five-year OS, respectively (Figure 3B). To find out whether all 5 prognosis OM genes are associated with advanced stages and therefore are associated with worse prognosis, we analyzed the OS time of patients with high- and low-RS from tumor stage I, II, III and IV. Results indicated that the OS time of patients with high RS was significantly shorter than that of patients with low RS in stage II and IV, which proved the prognostic effectiveness of our 5-OM gene signature in these two stages. But in stage I and III, there was no significant difference in the OS time of patients with high- and low-RS, suggesting the prognostic limitations of the model in these two stages (Figure S1).

 

Figure 3 | Performance of prognostic risk model in discovery and validation cohort. Kaplan-Meier curves shown the overall survive among patients classified into high- and low- RS groups in discovery(A) and validation(C) cohorts. The difference of survival time between the two groups was tested by log rank method. ROC curves and their AUC value shown the performance of the prognostic risk model in predicting the one, three and five years survive time in discovery(B) and validation(D) cohort. 




 3.3 Validation of the prognostic model

We validated the performance of the model using the validation cohort. Patients in validation cohort were divided into high- and low- risk groups based on RS threshold determined in discovery cohort. Results indicated that 12 patients and 90 patients were categorized as high- and low- risk groups, respectively. K-M survival curves were significant different between the two risk groups (p < 0.001) (Figure 3C) and the AUC values at 1- and 3-year were 0.974 and 0.958 in the validation cohort, respectively (Figure 3D). At the same time, the RSs of patients in the high-risk group were higher than those in the low-risk group, which proved that the model had a good performance in the prognosis evaluation and monitoring of colorectal cancer.


 3.4 Independent prognostic ability of prognostic model

To assess whether the RS determined by five oxygen-metabolic prognostic model is an independent prognostic indicator for patients, we carried out a univariate Cox analysis to assess the impact of risk scores and clinicopathological parameters on prognosis, such as age, gender, histological type, longest dimension, pathological stage and so on. We found that the longest dimension, lymphatic invasion, pathological stage and risk score were associated with poor outcomes of prognosis in patients (Table 3). Therefore, these characteristics were included in a multivariate Cox regression analysis, which indicated that age, pathological stage and the risk score estimated based the prognostic model was an independent prognostic factor for colorectal cancer (Table 3). This result indicates that there is significant potential for these oxygen-metabolic genes to predict the prognosis outcome of patients with the colorectal cancer.

 Table 3 | Cox regression analyses of RS and clinicopathological parameters related to prognosis in CRC patients. 




 3.5 Transcriptional regulation of prognostic oxygen-metabolic genes

We investigated the regulatory relationships between TFs and prognostic genes. Firstly, we obtained upstream TFs of each gene from the ChIP-Seq experiment in the ENCODE project (https://www.encodeproject.org). Then, we analyzed expression correlation of between TFs and genes in TCGA tumor samples to validate the TF regulation in vivo. We found that 11 cancer-related TFs including CTBP2, E2F1, EP300, ETS1, FOS, JUN, MYC, RELA, STAT1, STAT3 and TCF7L2 were significantly correlated with our prognostic genes. Among them,STAT3 and MYC were significantly correlated with all prognostic genes, in which positively correlated with FLRT2, ODC1, SEL1L3 and VDR, and negatively correlated with ATP6V0E2 (Figure 4).These results indicates that the prognostic genes we screened are important downstream molecules of classic cancer driver genes like STAT3 and MYC.

 

Figure 4 | Expression relationships between prognostic OM genes and upstream TFs. Significant correlations of gene expression between five prognostic OM genes and their common upstream TFs: STAT3(A-E) and MYC(F-J). 




 3.6 Functional analysis of prognostic oxygen-metabolic genes

In order to study the possible function and mechanism of prognostic oxygen metabolic genes in colorectal cancer, we screened KEGG cancer pathway genes that can interact with prognostic genes, and then used the metascape to analyze the gene ontology (GO) and pathway enrichment of interacting genes It was found that the interaction genes were significantly enriched in GO terms including “response to inorganic substance”, “response to xenobiotic stimulus”, “response to oxidative stress”, and the enriched pathways were “transport of small molecules”, “ion channel transport”, “mineral absorption” and so on (Figure 5A). To further capture the relationships between these enriched terms, we constructed a network diagram using Metascape analysis. Spots represented GO terms or pathways. Larger and connected points represented the presence of more similar genes between the terms or pathways. The “Transport of small molecules” pathway contained many genes participating in Ion channel transport, while the “response to oxidative stress” gene set contained many genes participating in cell stress and inflammatory response terms or pathways (Figure 5B). In addition, the PPI network showed a relationship between different genes and proteins in two sub-modules (Figure 5B). The “Fluid shear stress and atherosclerosis” sub-module seeded by the MYC included IL1B, TP53, PIP, MYC, IL2, NFKBIA. AGT, CXCL8, BLM and MMP2, which can identify the structural components of the extracellular matrix to provide tensile strength; the “extracellular matrix organization” sub-module included SPP1, IGFBP4, GAS6, MXRA8, and SPARCL1, which play a central role in vascular biology; the “Signaling by Interleukins” sub-module seeded by the F2 included KNG1, KRT6B, PARP1, TNFRSF1A. KRT2, ZBTB16. ABCB1, BCL2, KRT1. PML, C3, TXN, KRT6C, F2, PTK2, TNF, which could enable HIF-mediated inflammatory response during cancer development (Figure 5C).

 

Figure 5 | Enrichment and interact network of prognostic OM genes participating.(A) Bar graph of terms enriched across prognostic OM genes and their interacting genes.(B) Network of enriched terms colored by cluster ID, where nodes that share the same cluster ID are typically close to each other.(C), Densely connected network components identified by the Molecular Complex Detection (MCODE) algorithm. 





 4 Discussion

The colorectal cancer is the malignant tumor with the third highest incidence rate and the second highest mortality rate in the world (17). In 2020 alone, 1.9 million people were diagnosed, of which 0.9 million died (1). Several prognostic models have been established in colorectal cancer (18–20). However, there are some drawbacks in currently existing prognostic risk models of colorectal cancer. Firstly, the sample sizes are insufficient to represent the whole disease population, which makes the risk score summarized from the level of gene expression uncertain for clinical personalized prognosis. Because patients’ risk scores often depend on other samples used for normalization data (21). Secondly, most of the existing prognostic models are based on the expression of all genes. Because there is no focus on a certain biological process, it is difficult to study the relationship between prognostic genes and explain the biological mechanism behind the prognostic model. Thirdly, those prognostic models based on non-coding genes or omic modification features have the problem of high detection cost and easy to produce bias during applications (18, 19). Several studies have reported the roles of the oxygen metabolism in tumorigenesis and development of cancer (6, 7, 22). In this study, we built and validated a prognostic model using five oxygen metabolic genes higher expressed in tumor samples. The survival time of high-risk patients predicted by the model is significantly shorter than that of low-risk patients. At the same time, the model is good in predicting the survival time of patients stratified by survival time. Additionally, Multivariate cox analysis indicates that the model can predict overcome of CRC patients independently when mixed with age, stage, pathological grade and other factors. So, we demonstrate the important but long neglected clinical prognostic value of OM genes in CRC.

Five oxygen metabolic genes named FLRT2, ATP6V0E2, ODC1, SEL1L3 and VDR were prognostic genes determined by the prognostic model. The expression of these genes was all higher in tumor than in normal tissues, which might play important roles in CRC progression and contribute to the early diagnosis. The FLRT2 is highly expressed in tumor neovascularization and forms abnormal endothelial adhesion to prevent oxidative stress of cells. Its expression level is positively correlated with the short-term survival in the advanced colorectal cancer (23). The expression of FLRT2 is dependent on oxidative stress but not on VEGF (24), indicates that FLRT2 may play an important role in oxygen metabolism. The ATP6V0E2 might promote cancer cell death and tumor suppression with high levels of ROS (reactive oxygen species) through inhibition of lysosomal function (25). ODC1 activity is frequently elevated in cancer through deregulation of MYC, resulting in higher polyamine content to support rapid tumor cell proliferation (26). A study has shown that the expression of SEL1L3 is elevated in endometrial cancer. In white patients with low mutation load, the expression level of this gene is related to the patient’s recurrence free productivity and is considered as a potential driver and tumor marker of endometrial cancer (27).. SEL1L3 was also positively correlated with reactive oxygen species such as hydrogen peroxide (28). An elegant series of studies found that the VDR signaling affect tumor development by the delicate interplay with E-cadherin and the Wnt signaling pathway (29–32). All five identified prognostic genes are proved to play certain roles in tumors, which prove the reliability of our prognosis model in biological sense.

Transcriptional regulation and functional analysis gives us an in-depth understanding of the possible molecular mechanisms behind the prognostic model. An upstream regulatory factor MYC and STAT3 are constitutively activated in many cancers and plays a pivotal role in tumor growth and metastasis by regulating cell proliferation, invasion, migration, and angiogenesis (33–36). Myc promotes the transcription of STAT3 (37), then hypoxic stress markedly increased phosphorylated STAT3 level in a time-dependent fashion, and activated STAT3 was translocated into the nucleus (38). After that, the lysosomal activation was blocked by down-regulating ATP6V0E2 through the JAK2-STAT3-VEGFA singling pathway, to inhibit cell apoptosis in human colon cancer (25). SEL1L3 which is a target of transcript factor STAT3 and MYC plays important roles in oxygen metabolism related pathway “ SUNG_METASTASIS_ STROMA_UP”. Downstream interaction genes are mainly enriched in angiogenesis and inflammatory response in tumors. Angiogenesis is a critical step in cancer progression and is considered one of the hallmarks of cancer, and validated as an independent prognostic factor and the culprit of drug resistance in a variety of solid malignancies including colorectal cancer (39–42).

This study has several advantages. Firstly, we constructed a prognostic model based on DE OM genes in colorectal cancer for the first time. Secondly, the prognostic model was proved to be accurate and reliable using an independent cohort. Thirdly, the risk score determined by the model could be used as an independent prognostic index in predicting OS. Finally, we found that five prognostic OM genes regulate angiogenesis and inflammatory response in colorectal cancer. However, in our study, the RNA-seq data was used to obtain the gene expression levels in tumor and normal tissues, and determined the risk thresholds of patients with a prognosis model based on expression levels of the gene signature. Studies (21, 43, 44) have shown that RNA-seq data set-generated risk thresholds cannot be directly applied to independent microarray data sets because the gene expression levels are sensitive to systematic biases of microarray measurements owing to batch effects and platform differences. We also did not verify our prognostic risk model at the protein level in an independent cohort. So, we have started to collect patients and CRC samples so that we can obtain the protein levels by IHC and verify the risk model in an independent cohort in the future.
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Introduction

Cancer is a crucial public health problem and one of the leading causes of death worldwide. Previous studies have suggested that GPX3 may be involved in cancer metastasis and chemotherapy resistance. However, how GPX3 affects cancer patients’ outcomes and the underlying mechanism remains unclear.


 Methods

Sequencing data and clinical data from TCGA, GTEx, HPA, and CPTAC were used to explore the relationship between GPX3 expression and clinical features. Immunoinfiltration scores were used to assess the relationship between GPX3 and the tumor immune microenvironment. Functional enrichment analysis was used to predict the role of GPX3 in tumors. Gene mutation frequency, methylation level, and histone modification were used to predict the GPX3 expression regulation method. Breast, ovarian, colon, and gastric cancer cells were used to investigate the relationship between GPX3 expression and cancer cell metastasis, proliferation, and chemotherapy sensitivity.


 Results

GPX3 is down-regulated in various tumor tissues, and GPX3 expression level can be used as a marker for cancer diagnosis. However, GPX3 expression is associated with higher stage and lymph node metastasis, as well as poorer prognosis. GPX3 is closely related to thyroid function and antioxidant function, and its expression may be regulated by epigenetic inheritance such as methylation modification or histone modification. In vitro experiments, GPX3 expression is associated with cancer cell sensitivity to oxidant and platinum-based chemotherapy and is involved in tumor metastasis in oxidative environments.


 Discussion

We explored the relationship between GPX3 and clinical features, immune infiltration characteristics, migration and metastasis, and chemotherapy sensitivities of human cancers. We further investigated the potential genetic and epigenetic regulation of GPX3 in cancer. Our results suggested that GPX3 plays a complicated role in the tumor microenvironment, simultaneously promoting metastasis and chemotherapy resistance in human cancers.




 Keywords: GPX3, pan-cancer, glutathione peroxidase, chemotherapy resistance, metastasis, tumor microenvironment (TME) 

  1 Introduction

According to the latest worldwide data, crude cancer incidence is still increasing, reflecting its significant socioeconomic burden (1, 2). Lung cancer (LUAD) and breast cancer (BRCA) are the leading malignancies in men and women, respectively. Morbidity and mortality rates for colorectal cancer (COAD), breast cancer, thyroid cancer (THCA), lung cancer, and prostate cancer (PRAD) continue to rise. Cancer metastasis, recurrence, and chemotherapy resistance threaten the life of cancer patients (3). Therefore, we continue to search for new adjuvant therapy and drug combination therapy regimens to enhance the antitumor effect of chemotherapy strategies.

Reactive oxygen species (ROS) and oxidative stress are thought to play several roles in carcinogenesis. For instance, when the gene expression of important molecules governing cell proliferation, apoptosis, or the cell cycle is aberrant, oxidative stress can lead to long-lasting DNA damage and may induce cancer. ROS can promote cancer development by activating multiple signaling pathways (4–9). Therefore, Antioxidants were recommended for cancer prevention and treatment (10–13). Unfortunately, the use of antioxidants in cancer treatment produced disappointing results (14, 15). Antioxidant dietary supplementation has been associated increased incidence and mortality of lung and prostate cancers and promoted breast cancer (16–20). ROS has a dual role in cancer, particularly their contradictory ability to induce cancer cell proliferation or apoptosis (13). In early precancerous and tumor stages, where antioxidant activity was decreased, ROS contribute to cancer progression by generating mutations in oncogenes and tumor suppressor genes (such as RAS and TP53) (4–9). However, as cancer develops into more advanced stages, tumor cells produce large amounts of antioxidants like NADPH and GSH to protect themselves against apoptosis and the associated intratumoral oxidative damage (21, 22). According to previous studies, antioxidants like GSH play a significant role in promoting the emergence and progression of several cancers (23, 24).

Glutathione peroxidase (GPX) is a family of enzymes that protect cells from ROS and play an important role in regulating redox balance (25–28). Glutathione peroxidase 3 (GPX3) located in 5q23 is the only exocrine member of the GPX family and plays an important role in the detoxication of hydrogen peroxide and other oxygen-free radicals (29). GPX3 is expressed in the gastrointestinal, kidney, brain, breast, liver, heart, lung, and adipose tissues (30). Studies have found that serum GPX3 content can be used as a tumor marker (31, 32). GPX3 may be involved in cancer processes by regulating ROS levels. GPX3 is an effective inhibitor of cancer development and progression (33–35). In addition, specific downregulation of GPX3 was found in many types of cancer (36–40). However, GPX3 has also been implicated in metastasis and cancer progression in ovarian, kidney, and thyroid cancers (41–44). It has been reported that the high expression of GPX3 may be associated with abdominal metastasis of serous ovarian adenocarcinoma (41). However, the expression level of GPX3 in tumors has not been extensively studied. The role that GPX3 plays in cancer is unclear. In addition, as a secretory GPX member, the relationship between GPX3 and the tumor microenvironment has not been discussed.

In this study, we explored the role of GPX3 in human tumor diagnosis, prognosis, and sensitivity to treatment and its relationship to the tumor microenvironment.


 2 Materials and methods

 2.1 Chemicals, reagents, and antibodies

The Cisplatin (CDDP), Carboplatin (NSC 241240) were purchased from MCE Biological Corporation (CA: HY-17394, NSC 241240). The rabbit normal IgG and antibodies against GPX3 (1:1000, ab256470) was purchased from Abcam (Shanghai, China). Antibodies against GAPDH (1:2000, 60004-1-Ig), HRP-conjugated secondary antibody (1:10000, SA00001-2) were purchased from proteintech (Shanghai, China).


 2.2 Cell lines, culture conditions, and transduction

MDA-MB-231 and BT-549 are human breast cancer, Lovo and SW480 are human colorectal cancer cell lines, Ovcar-4 is human ovarian cancer, and MKN45 is human gastric cancer cell lines. They were obtained from American Type Culture Collection (ATCC). MDA-MB-231 cultured in L15 (Boster, CA) supplemented with 10% FBS in a humidified atmosphere without CO2 at 37°C. BT-549, MKN45 were cultured in RPMI 1640 medium (Gibco, Darmstadt, Germany) supplemented with 10% FBS, Lovo and SW480 was cultured in DMEM (Gibco, Darmstadt, Germany) supplemented with 10% FBS, and they were cultured in a humidified atmosphere of CO2/air (5%/95%) at 37°C. Ovcar-4 was cultured in DMEM/F12 (Gibco, Darmstadt, Germany) supplemented with 10% FBS, and cultured in a humidified atmosphere of CO2/air (5%/95%) at 37°C. We transfected GPX3 knockout adenovirus (shGPX3, 116908-1), GPX3 overexpression adenovirus (oeGPX3, 77869-1) and corresponding control (Ctrl, CON525) into breast cancer (MDA-MB-231, BT-549), colorectal cancer (Lovo, SW480), gastric cancer (MKN45), and ovarian cancer (Ovcar-4) cell lines. All adenovirus were purchased from (Genechem, Shanghai, China).


 2.3 qRT‐PCR

Total RNA was extracted from the samples with TRIzol (Vazyme, Nanjin, China). In this study, we extracted untreated ovarian cancer (Ovcar-4), breast cancer (MDA-MB-231, BT-549), colorectal cancer (Lovo, SW480) and gastric cancer (MKN45) cells’ RNA to examine the basal expression level of GPX3 in these cells. After transfected GPX3 knockout adenovirus (shGPX3), GPX3 overexpression adenovirus (oeGPX3) and corresponding control (Ctrl) into breast cancer (MDA-MB-231, BT-549), colorectal cancer (Lovo, SW480), gastric cancer (MKN45), and ovarian cancer (Ovcar-4) cells for 72h, their RNA was extracted. Later, we examined the efficiency of adenovirus transfection in regulating GPX3 expression. The complementary DNA was synthesized using a PrimeScript RT reagent Kit (Takara Bio, Otsu, Japan), messenger RNA expression was examined by real-time polymerase chain reaction (RT-PCR) using FastStart Universal SYBR Green Master Mix (Takara Bio, Otsu, Japan) and performed in ABI StepOne Plus Real-time PCR Detection System (Applied Biosystems, Foster City, CA). PCR recycling condition: 95 °C, 5min; 95 °C for 10s, 60 °C for 30s, 40 cycles.

The expression level of GAPDH was simultaneously quantified as an internal standard control. The sequences of all primers (Sangon, Shanghai, China) used were as follows:

 	 GAPDH-F: 5’- TGACATCAAGAAGGTGGTGA-3’ 

	 GAPDH-R: 5’- TCCACCACCCTGTTGCTGTA-3’ 

	 GPX3-F: 5’- GAGAAGTCGAAGATGGACTGCC-3’ 

	 GPX3-R: 5’- AGACCGAATGGTGCAAGCTC-3’ 




 2.4 Wound healing assay

The cells were seeded into 6-well-plates. When shGPX3, oeGPX3 and Ctrl cells cover the entire well, we wounded the cells with 200 μL sterile pipette tips. After washing off the floating cells with PBS, the cells were cultured in 1% FBS medium. H2O2 (5 μM) treated shGPX3, oeGPX3 and Ctrl cells for 4h. After washing off H2O2 with PBS, the cells were seeded into 6-well-plates. After cells cover the entire well, we performed wound healing procedure as above. The photos were taken under the microscope at 0, 48 hours after injury. Wound Healing size % = (width0 h – width48h)/width0h * 100%.


 2.5 Transwell assay

5 × 105 cells were seeded into the upper chambers of transwell culture plates (Corning, Shanghai, China). Medium supplemented with 20% FBS (500 μl) was put into the lower chambers. H2O2 (5 μM) treated shGPX3, oeGPX3 and Ctrl cells for 4h. After washing off H2O2 with PBS, 5 × 105 cells were seeded into the upper chambers of transwell culture plates. We performed Transwell assay as above. After incubation for 24 h for migration assays, cells penetrated to the lower surface of the membrane and fixed with 4% paraformaldehyde for 60 min and then stained with crystal violet for 30 min and counted.


 2.6 Clonogenicity assays

For traditional, 5000 cells/well were seeded per well in 6-well plates, and wete cultured for 14 days under normal culture conditions. For cisplatin treatment, cisplatin (dissolved in PBS) was added to cells at clonal density in serum free media for 1 h, cells were then washed twice, and complete growth media was added. In total, 10 - 14 days after seeding plates were fixed with 4% paraformaldehyde for 60 min and then stained with crystal violet for 30 min.


 2.7 CCK-8 viability assay

The viability of cells seeded in 96-well plates (1000 cells/well) was tested using Cell Counting Kit 8 (CCK-8, (Beyotime, Shanghai, China)). CCK-8 reagent containing serum free media (1:100, 100 µL) was added to each well, and cells were incubated for 1 h. The absorbance was measured at 450 nm using a microplate reader (BioTek, VT).


 2.8 Drug sensitivity assay

Equal number of cells were seeded into 96-well plates (3000 cells/well) and cell viability in response to different concentration of H2O2 and cisplatin was measured following 24h after treatment. Cell viability was assessed by using the Cell Counting Kit 8 (CCK-8, (Beyotime, Shanghai, China)) according to the manufacturer’s instructions. The absorbance was measured at 450 nm using a microplate reader (BioTek, VT).


 2.9 Breast cancer lung metastasis assay in nude mice

Animal experimental procedures were approved by the Ethics Committee of Tongji Medical College, Huazhong University of Science and Technology (IACUC Number: 2612). Athymic nude (nu/nu) mice (4-5 weeks old, female) were purchased from gempharmatech (Jiangsu, China) and fed in a special pathogen-free animal facility and allowed to eat and drink ad libitum. The mice were randomized into 2 groups with 10 mice per group, and then separately inoculated subcutaneously MDA-MB-231/shGPX3 and MDA-MB-231/shCtrl cell suspension. BALB/c nude mice received 2*106 cells (in 100 μL serum-free 1640), directly injected into the tail vein. At the 28 days after injection, lung tissues were harvested, imaged, embedded in 10% paraffin, and subjected to H&E staining.


 2.10 Bioinformatics analysis

RNA sequencing data and DNA methylation450 data were downloaded from the Cancer Genome Atlas Database (TCGA) (https://portal.gdc.cancer.gov/). Genome-wide GPX3 expression profiles patients were downloaded from TCGA (https://portal.gdc.cancer.gov/). And genetic alteration from TCGA was explored in cBioPortal (https://www.cbioportal.org/). Protein expression of GPX3 was collected from Clinical Proteomic Tumor Analysis Consortium (CPTAC, https://proteomics.cancer.gov/programs/cptac). GPX3 expression in tissue was collected from human protein atlas version 22.0 (HPA, http://www.proteinatlas.org/) (45). The URL links of normal tissues: normal breast tissue (https://www.proteinatlas.org/ENSG00000211445-GPX3/tissue/breast#img), ovarian tissue (https://www.proteinatlas.org/ENSG00000211445-GPX3/tissue/ovary#img), colon tissue (https://www.proteinatlas.org/ENSG00000211445-GPX3/tissue/colon#img), renal tissue (https://www.proteinatlas.org/ENSG00000211445-GPX3/tissue/kidney#img), lung tissue (https://www.proteinatlas.org/ENSG00000211445-GPX3/tissue/lung#img), and endometrium tissue (https://www.proteinatlas.org/ENSG00000211445-GPX3/tissue/endometrium#img). The URL links of cancer tissues: breast cancer (https://www.proteinatlas.org/ENSG00000211445-GPX3/pathology/breast+cancer#img), ovarian cancer (https://www.proteinatlas.org/ENSG00000211445-GPX3/pathology/ovarian+cancer#img), colon cancer (https://www.proteinatlas.org/ENSG00000211445-GPX3/pathology/colorectal+cancer#img), renal cancer (https://www.proteinatlas.org/ENSG00000211445-GPX3/pathology/renal+cancer#img), lung cancer (https://www.proteinatlas.org/ENSG00000211445-GPX3/pathology/lung+cancer#img), and endometrium cancer (https://www.proteinatlas.org/ENSG00000211445-GPX3/pathology/endometrial+cancer#img).GPX3 expression profiles in cell lines were downloaded from Broad Institute Cancer Cell Line Encyclopedia (CCLE, https://portals.broadinstitute.org/ccle/) (46), and drug sensitivity of cancer cell lines were collected from Genomics of Drug Sensitivity in Cancer (GDSC. https://www.cancerrxgene.org/) (47). Median expression was used to dichotomize expression of GPX3, the cutoff to define “high value” at or above the median and below the median define “low value”. Kaplan-Meier curve and receiver operating characteristic (ROC) curve analysis was performed by SPSS 22.0 (SPSS Inc., Chicago, IL, USA). Correlation between drug sensitivity and GPX3 was obtained from TCGA database, Pairwise Pearson correlation between the expression of GPX3 and IC50 of drugs were examined, only a significant correlation (p < 0.05) was retained. DAVID Functional Annotation Bioinformatics Microarray Analysis (https://david.ncifcrf.gov/) was used to perform Gene ontology term enrichment (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis. Immune infiltration analysis was performed using CIBERSORT (48), MCPcounter (49), TIMER (50), and xCELL (51) algorithms and online websites.


 2.11 Statistical analysis

All experiments were performed at least three times. Parametric data are shown as means ± standard deviations (SDs) and nonparametric data as medians and ranges. Two-way ANOVA or one-way ANOVA with Tukey’ s multiple comparison test was used for multiple group analysis. Unpaired Student’ s t-tests were used to compare data between two groups. Two-tailed P-values < 0.05 were considered statistically significant. Statistical analyses were performed using GraphPad prism 9 software (GraphPad software, Inc., La Jolla, CA) and SPSS.



 3 Results

 3.1 The expression and correlations of GPX3 in human cancers

We compared the expression of GPX3 in human cancers and normal tissues in several public databases. In the TCGA and GTEx databases, we found that GPX3 mRNA expression was downregulated in various types of cancers (Figure 1A), including BRCA, COAD, LUAD, ovarian cancer (OV), kidney renal clear cell carcinoma (KIRC), and endometrial cancer (EC). CPTAC analysis and the HPA database demonstrated that the protein expression of GPX3 was also downregulated in BRCA, OV, COAD, ccRCC, LUAD, and EC (Figure 1B). ROC curves were used to verify that GPX3 is a valuable diagnostic biomarker in several types of cancers, including BRCA, COAD, LUAD, stomach adenocarcinoma (STAD), head and neck squamous cell carcinoma (HNSC), kidney renal papillary cell carcinoma (KIRP), and THCA, as shown in Figure 1C (AUCs > 0.7).

 

Figure 1 | The expression of GPX3 in human cancer.(A) The expression of the GPX3 gene in pan-cancer was explored in TCGA and GTEx database.(B) Based on the CPTAC analysis and the HPA database, the expression of the GPX3 protein.(C) ROC analysis of GPX3 gene in TCGA database. 



We used the TCGA database to examine the relationship between GPX3 expression and the pathological stages of human cancer. In COAD, READ, STAD, and PAAD, GPX3 expression was positively correlated with the T stage (Figure 2A). However, in PRAD, HNSC, KIRC, BRCA, KIPA, skin cutaneous melanoma (SKCM), bladder urothelial carcinoma (BLCA), and adenoid cystic carcinoma (ACC), GPX3 expression was lower in the higher T stage (Figure 2B). In addition, we found in BRCA, COAD, and READ that high GPX3 expression was associated with a higher N stage (Figure 2C). We compared the relationship between GPX3 expression level and the presence or absence of lymph node metastasis (Figure 2D). In COAD, READ, BRCA, BLCA, KIRP, OV, and KICH, GPX3 expression was increased in the lymph node metastatic group compared with the control group. CPTAC databases showed that GPX3 expression was correlated with the pathological stages of HNSC, ccRcc, LUAD, OV, and COAD (Figure 2E).

 

Figure 2 | The expression of GPX3 was correlated with stage and lymph node metastases.(A) The GPX3 expression was positively correlated with T stage in COAD, READ, STAD, and PAAD.(B) The GPX3 expression was negatively correlated with T stage in PRAD, HNSC, KIRC, BRCA, KIPA, SKCM, BLCA, and ACC.(C) High GPX3 expression was associated with higher N stage in COAD, READ, BRCA, BLCA, KIRP, OV and KICH.(D) High GPX3 expression was associated with lymph node metastases in COAD, READ, BRCA, BLCA, KIRP, OV and KICH.(E) GPX3 protein expression was correlated with the pathological stages of HNSC, ccRcc, LUAD, OV, and COAD in CPTAC database. 



The correlations between GPX3 expression and the clinical characteristics of several human cancers, including COAD, prostate adenocarcinoma (PRAD), KIRC, LUAD, and STAD, are shown in Table 1. We collected Data from the TCGA database. Patients were divided into a high group and a low group based on the median level of GPX3 expression. Then we compared the differences between the two groups in clinical characteristics. In COAD, GPX3 expression is associated with T-, N-, M-stage, and lymph node metastasis. In PRAD, GPX3 expression is associated with T-, M-stage, lymph node metastasis, and recurrence. GPX3 expression is associated with the M stage in KIRC. In LUAD, GPX3 expression was associated with recurrence. In STAD, GPX3 expression is associated with the M stage and recurrence. Overall, patients with high GPX3 expression and low GPX3 expression in COAD, PRAD, KIRC, LUAD, and STAD showed differences in T-, N-, and M-stage, lymph node metastasis, and occurrence of recurrence. Survival analysis showed that GPX3 expression was associated with the survival of multiple human cancers. High GPX3 expression was associated with poor overall survival (OS) in COAD, READ, LUSC, STAD, and STES (Figure 3A) and was associated with poor disease-specific survival (DSS) in COAD, READ, ESCA, LUSC, PAAD, STAD, and STES (Figure 3B). The GEO database was also used to show that higher GPX3 expression was correlated with poor outcomes in patients with COAD (Figure 3C). Univariate and multivariate Cox analyses were performed to explore the association between GPX3 expression and OS in BRCA, COAD, LUAD, and STAD (Table 2). In BRCA, we used univariate analysis to find that risk factors for OS included higher GPX3 expression (p = 0.0170; HR = 1.410), M1 stage (p = 0.009; HR = 1.681), N1-3 stage (p < 0.001; HR = 2.285), T4 stage (p < 0.001; HR = 3.220), and lymph node metastasis (p < 0.001; HR = 2.208). By using multivariate analysis, we found that higher GPX3 expression (p = 0.004; HR = 1.410) and T4 stage (p < 0.001; HR = 2.665) were risk factors for OS. Similarly, in STAD, we used univariate analysis to find that higher GPX3 expression (p = 0.008; HR = 1.533), M1 stage (p = 0.014; HR = 2.052), N1-3 stage (p = 0.004; HR = 1.783), lymph node metastasis (p = 0.002; HR = 1.933) were risk factors for OS. We used multivariate analysis and found that higher GPX3 expression (p = 0.050; HR = 2.428) and the M1 stage (p = 0.037; HR = 2.033) were risk factors for OS. Specific data are shown in Table 2. Overall, higher GPX3 expression is a risk factor for OS of BRCA and STAD.

 Table 1 | Relation of GPX3 expression and the clinical characteristic of patients with cancers. 



 

Figure 3 | The correlations between GPX3 expression and the prognosis of human cancers.(A) GPX3 was negatively associated with OS of COAD, READ, LUSC, STAD, and STES.(B) GPX3 was negatively associated with DSS of COAD, READ, ESCA, LUSC, PAAD, STAD, and STES.(C) higher GPX3 expression was correlated with poor outcome of COAD patients in GEO database. 



 Table 2 | Univariate and multivariate analyses of overall survival. 




 3.2 Intracellular function and regulation of GPX3

We used the STRING online database to create a GPX3-binding PPI network (Figure 4A) and GO and KEGG analyses (Figure 4B) to explore the potential function of GPX3. The results indicated that GPX3 and GPX3-binding proteins were mainly involved in thyroid hormone synthesis and glutathione metabolism.

 

Figure 4 | The potential function of GPX3 and effects on immune inflitration in cancers.(A) The GPX3-binding PPI analysis.(B) The GO and KEGG analysis of GPX3 and GPX3-related partners.(C) Correlation analysis between GPX3 expression and immune cells in scatter plots.(D) Correlation analysis between GPX3 expression and immune cells in stem-and-leaf display.(E) The immune score and cells analysis of GPX3 in pan-cancer. 



Furthermore, we explored the relationship between GPX3 and immune invasion in the tumor microenvironment (TME). Through the CIBERSORT, MCPcounter, TIMER, and xCELL algorithms and online websites, we carefully analyzed the relationship between GPX3 expression levels in human cancers and immune score, stromal score, and various cell components in the TME (Figure 4C–E; Table S1). In most cancer types, the expression level of GPX3 was positively correlated with the stromal score and immune score. Notably, macrophages, especially M2 macrophages, had a consistently positive correlation with GPX3 in various cancers. In addition, immunosuppressive cells in the TME, including myeloid dendritic cells (MDCs) and CD4+ Th1 and Th2 T cells, also had a positive correlation with GPX3. These results suggested that higher GPX3 expression may be related to the immunosuppressive state in the TME.

Next, we analyzed the factors regulating GPX3 expression. The epigenetic modification and regulation of GPX3 expression were explored with the Illumina Infinium human methylation 450 and ChIP-Atlas (https://chip-atlas.org) platforms (52, 53). We confirmed that in several cancer types, including lung squamous cell carcinoma (LUSC), PRAD, KIRP, LUAD, BRCA, and COAD, the expression of GPX3 was significantly lower in tumor tissues (Figure 5A). Our further analysis showed a negative correlation between GPX3 expression and DNA methylation of the GPX3 promoter region (Figure 5B). Enrichment peaks of H3K4me3 and dH3K27ac upstream of GPX3 were also observed in the brain, breast, lung, liver, spleen, kidney, and prostate tissues in our analysis (Figure 5C). Taken together, these results indicated that lower expression of GPX3 may be associated with epigenetic factors, including DNA methylation and histone acetylation.

 

Figure 5 | Epigenetic regulation and genetic alteration associated to the expression and structure of GPX3.(A) Based on the TCGA database, the DNA methylation level of GPX3 was analyzed in BRCA, COAD, KIRC, LUAD, and PRAD.(B) The correlation between GPX3 gene expression and DNA methylation level was analyzed in BRCA, COAD, KIRC, LUAD, and PRAD.(C) Enrichment of H3K4me3 and H3K27ac at the upstream of GPX3 in various organs.(D) The alteration frequency and mutation type of GPX3. Parts of the mutation sites were displayed within red dotted boxes in the 3D structure of GPX3. 



Genetic alteration analysis showed that the overall alteration frequency of GPX3 was > 6%. Missense mutations were found to be the primary type of genetic alteration (Figure 5D, E). R123*/G, K147I, and R180S/H were essential alteration sites. They were detected in 1 case of bladder urothelial carcinoma (BUC) and LUAD, 1 case of ccRCC and uterine corpus endometrial carcinoma (UCEC), and 1 case of ccRCC and READ.


 3.3 GPX3 promotes cancer cell migration

We compared GPX3 expression levels in ovarian cancer, renal clear cell carcinoma, breast cancer, colorectal cancer, and gastric cancer cell lines using the CCLE database. We found that GPX3 expression levels were high in ovarian and renal clear cell carcinoma and moderate in breast, colorectal, and gastric cancers (Figure 6A). Then, we used RT-PCR (Figure 6B) and WB (Figure 6C) to test GPX3 expression levels in ovarian cancer (Ovcar-4), breast cancer (MDA-MB-231, BT-549), colorectal cancer (Lovo, SW480) and gastric cancer (MKN45) cell lines were examined. The results were consistent with CCLE, with the highest expression in ovarian cancer, followed by colorectal cancer and gastric cancer, and moderate expression in breast cancer. We transfected GPX3 knockout adenovirus (shGPX3), GPX3 overexpression adenovirus (oeGPX3), and corresponding control (Ctrl) into breast cancer (MDA-MB-231, BT-549), colorectal cancer (Lovo, SW480), gastric cancer (MKN45), and ovarian cancer (Ovcar-4) cell lines. We used RT-PCR (Figure 6D) and WB (Figure 6E) to demonstrate the regulatory efficiency of GPX3 expression.

 

Figure 6 | GPX3 expression in ovarian cancer (Ovcar-4), breast cancer (MDA-MB-231, BT-549), colorectal cancer (Lovo, SW480) and gastric cancer (MKN45) cell lines.(A) GPX3 expression levels in cancer cells analysed from CCLE database.(B) GPX3 expression in cancer cell lines examined by RT-PCR.(C) GPX3 expression in cancer cell lines examined by WB.(D) GPX3 expression regulation efficiency in cancer cells examined by RT-PCR.(E) GPX3 expression regulation efficiency in cancer cells examined by WB. *(p<0.05), **(p<0.01), ***(p<0.001), ****(p<0.0001). 



We first examined the effect of GPX3 expression on metastasis. We found that knockdown GPX3 reduced wound healing ability and transmembrane migration ratio of ovarian and colorectal cancer cells (Figure S1, S2). But there was no significant effect on the wound healing percentage between shGPX3 and Ctrl of breast and gastric cancer. We used H2O2 with low concentration to simulate oxidative stress in anoikis during the initial stage of metastasis. After treatment with low concentrations of H2O2, shGPX3 significantly inhibited the metastasis of cancer cells. In the transwell experiment, compared with the Ctrl, the number of shGPX3 cells decreased significantly under the same magnification field of vision, while the number of oeGPX3 cells did not change compared with the Ctrl (Figure 7A). The wound healing experiment was used to compare the change in wound area at the same time. In MDA-MB-231 and BT549 cells, the wound area in the Ctrl group healed 74.4% and 71.0%, respectively, after 48 hours, while that in the shGPX3 group healed only 40.3% and 26.1%, respectively. Similarly, the wound healing area of the shGPX3 group was significantly less than that of the Ctrl group in other cell lines (Figure 7B).

 

Figure 7 | GPX3 promoted human cancer cell migration under oxidation environment.(A) Cell migration was assessed 4h following treatment with H2O2 by using transwell chamber assay.(B) Cell migration was assessed 4h following treatment with H2O2 by by using wound healing assay. 



Pulmonary metastasis of breast cancer is a manifestation of poor prognosis. We compared the effect of GPX3 on lung metastasis in breast cancer in vivo. The MDA-MB-231 cell line bearing shGPX3 showed fewer pulmonary nodules than the NC group in vivo. HE staining of lung tissues showed more and larger metastatic cancer cell nests in the Ctrl group (Figure S3).


 3.4 GPX3 showed little effect on proliferation

We first used the CCK-8 assay to compare the effect of GPX3 on the proliferation rate of tumor cells (Figure S4A). In ovarian cancer, shGPX3 caused Ovcar-4 proliferation to slow down compared to Ctrl. However, no difference in proliferation rate was observed in the breast, colorectal, or gastric cancer cells. oeGPX3 had no significant effect on the proliferation of these tumor cells.

We observed a different phenomenon in the plate cloning experiment (Figure S4B). In ovarian and breast cancer, we observed that the number of clones formed in the shGPX3 group was less than that in Ctrl. However, we found no difference on the number of plate clones between shGPX3 and Ctrl in colorectal or gastric cancer. oeGPX3 also showed no significant influence on the number of clones formed in these cancer cells.


 3.5 shGPX3 increases oxidative stress damage to cancer cells

GPX3 is an important member of the cellular antioxidant system. We examined the effect of GPX3 on cellular oxidative stress resistance. We used a common oxidant, H2O2, and first compared the sensitivity of several tumor cell lines to H2O2. We found that downregulated GPX3 caused tumor cells to be more sensitive to oxidants (Figure 8A). When a certain concentration of H2O2 was used to treat tumor cells, shGPX3 resulted in more cell death than the Ctrl, while oeGPX3 partially rescued the loss of cell viability.

 

Figure 8 | Knockdown GPX3 increased oxidative stress damage in human cancer.(A) Cell viability was assessed 24h following treatment with H2O2 by using cck-8 assay.(B) ROS in shGPX3, oeGPX3 and corresponding control cells was assessed by using DCFH-DA probe.(C) ROS in cells was assessed 4h following treatment with H2O2 by using DCFH-DA probe. *(p<0.05), **(p<0.01), ***(p<0.001), ****(p<0.0001). 



We explored the effect of GPX3 on ROS production in tumor cells. We found no significant increase in ROS levels in shGPX3 cells compared with Ctrl cells (Figure 8B). We then treated the cells with a lower concentration of H2O2 and examined intracellular ROS levels. Compared with the Ctrl, oeGPX3 partially reduced intracellular ROS levels, while shGPX3 significantly increased intracellular ROS levels (Figure 8C).


 3.6 shGPX3 increases the sensitivity of tumor cells to platinum-based chemotherapy

Many chemotherapeutic drugs played antitumor effects by increasing intracellular ROS and causing oxidative stress. Platinum-based chemotherapy, for example, increases intracellular ROS levels and causes large molecules (such as nucleic acids and proteins) damage, ultimately leading to death. We explored the correlation between GPX3 expression and chemotherapy sensitivities in cancer cell lines (54, 55). GPX3 expression data in cancer cells were collected from the cancer cell line encyclopedia (CCLE, https://portals.broadinstitute.org/ccle/) (46) The IC50 drug-sensitive data of cancer cells were collected from genomics of drug sensitivity in cancer (GDSC, https://www.cancerrxgene.org/) (47) (Figure 9A). We found that GPX3 expression level was positively correlated with the IC50 of many drugs, including paclitaxel, 5-fluorouracil, carboplatin, etoposide, cisplatin, and mitomycin. Higher GPX3 expression levels were associated with increased IC50 of drugs which means a reduced cell sensitivity to drugs. We speculated that GPX3 played a role in chemotherapy drug resistance in cancers.

 

Figure 9 | Knockdown GPX3 increased human cancer cell’s sensitivity to cisplatin.(A) Expression of GPX3 was positively correlated to IC50 of chemotherapy drugs, including paclitaxel, etoposide, mitomycin, 5-fluorouracil, cisplatin, and carboplatin in pancancer.(B) Cell viability was assessed 24h following treatment with cisplatin by using cck-8 assay.(C) ROS in cells was assessed 4h following treatment with cisplatin by using DCFH-DA probe. *(p<0.05), **(p<0.01), ***(p<0.001), ****(p<0.0001). 



We compared the effect of GPX3 on platinum-based chemotherapy sensitivity in several types of cancer cells (Figure 9B), and the results showed that shGPX3 resulted in increased sensitivity to platinum-based chemotherapy in breast cancer, ovarian cancer, colorectal cancer, and gastric cancer. We also compared the relationship between ROS level changes induced by cisplatin and GPX3. After the shGPX3 group was treated with cisplatin, the intracellular ROS level increased significantly more than that of the Ctrl and oeGPX3 groups (Figure 9C).



 4 Discussion

GPX3 plays a role in cancer occurrence, progression, and treatment. Our results showed that GPX3 expression was significantly reduced in tumor tissues compared with normal tissues, including BRCA, COAD, HNSC, KIRC, KIRP, LUAD, PRAD, and STAD. The GPX3 expression level had good diagnostic accuracy (AUC>0.75, even 0.9) in BRCA, STAD, COAD, HNSC, KIRP, LUAD, and THCA. In addition, we found that the GPX3 protein expression level was related to the stage. Higher GPX3 expression is significantly associated with higher N-stage in BRCA, COAD, and READ. Compared with primary disease, the expression of GPX3 is higher in metastatic lymph node lesions. These suggested that higher GPX3 expression levels may be associated with early metastasis of human cancers, including COAD, READ, BRCA, BLCA, KIRP, OV, and KICH. For the T-stage, GPX3 played an inconsistent role in different types of cancer, possibly because of the difference in mRNA and protein data from several sources. We investigated the function of GPX3 in the prognosis of cancers. Based on the TCGA and GEO databases, we found that higher GPX3 expression was associated with poor OS in COAD, READ, LUSC, STAD, and STES patients and poor DSS in COAD, READ, ESCA, LUSC, PAAD, STAD, and STES patients. Cui et al. (56) used metabolic-related genes (MRGs) to predict the prognosis of COAD patients. They identified GPX3 as a risk factor in the COAD prognostic model (p < 0.001, HR: 1.006 - 1.023). Khan et al. (57) established the necroptosis-related genes prognostic index (NRGPI). They divided gastric cancer patients into high-risk and low-risk subgroups. The high-risk group showed higher GPX3 expression. Besides, GPX3 was associated with pathways relating to cancer progression and immunosuppression, such as Wnt and TGF-β. GPX3 acted as one of the eight NRGPI oncogenic driver genes and had been validated in gastric cancer cell lines and clinical samples.

Through enrichment analysis of GPX3 and GPX3-related genes, we found that these genes were mainly enriched in thyroid hormone metabolism, glutathione metabolism, and antioxidant activity. This result suggested that GPX3 played an essential role in antioxidant defense. Studies have shown that oxidative stress is a critical metabolic feature of TME inflammatory cell recruitment and may promote the function of tumor-associated fibroblasts (CAFs) (58–60). Malignant tumors can escape immune detection and immunological therapy owing to the development of an immunosuppressive microenvironment. For example, advanced tumors stimulate the formation of an inflammatory immune microenvironment, which inhibits immune-dependent cancer killing. Immune cells secrete cytokines and chemokines, promoting tumor growth, metastasis, and angiogenesis (61–64). Thus, we analyzed the relationship between GPX3 and the tumor immune microenvironment (TIME). The microenvironment of refractory tumors can be divided into immune and inflammatory. In this study, we found that the expression level of GPX3 was positively correlated with immune and stromal scores. We hope GPX3 expression can predict the types of TIME and help select immunotherapy strategies. We found that GPX3 was positively correlated with M2 macrophages, MDCs, CD4+ Th1 cells, Th2 cells, and HSCs. Tumor-associated macrophages (TAMs) in the TME are type M2, which promote angiogenesis and tumor invasion by secreting Th2 cytokines (65). Therefore, GPX3 may be used as a target to rescue immunosuppression in the TME. Notably, the composition of cells in the TME is related to hypoxia. The function of immune cells is impaired by hypoxia and the inflammatory environment. GPX3 plays a role in regulating redox equilibrium, which may be its mechanism in affecting the TIME. M2 macrophages and HSCs are involved in tumor invasion and metastasis (66–70). They are positively related to GPX3 expression. Subsequently, we hoped to explore the relationship between GPX3 expression and tumor metastasis.

In addition, we simply predicted the regulatory mechanism of GPX3 in cancers. We found that there was a significant negative correlation between GPX3 promoter methylation and GPX3 gene expression levels. This suggested that higher DNA methylation in the GPX3 promoter region leads to its lower expression levels in cancer. We also found enrichment peaks of H3K4me3 and H3K27ac in the upstream region of GPX3, suggesting that low GPX3 expression may also be related to histone modification. For genomic variation, the overall alteration frequency of GPX3 was > 6%. Genetic changes may impact the function of GPX3 and further induce malignant transformation and affect the clinical prognosis of cancer patients.

ROS may increase DNA instability, trigger oncogenic mutations and activate oncogenic signaling pathways. Thus, antioxidants may inhibit the initiation or progression of cancer (71). However, in clinical trials, the use of antioxidants did not reduce cancer incidence (72). In contrast, increasing dietary antioxidants increased lung and prostate cancer morbidity and mortality in some studies (16–18). Dietary supplementation with folic acid increases the progression of breast cancer (19, 20). I Antioxidants may promote melanoma metastasis and disease progression in another study (73). It has been reported that glutathione is necessary for the development of some cancers and that antioxidants can promote the development and progression of cancer (74, 75). Clinical studies have shown that compared with benign hyperplasia or precursor lesions, the expression or activity of antioxidant enzymes and GSH content in malignant tumors were increased in the thyroid, ovarian, breast, prostate, and pancreatic cancers (76–81). During carcinogenesis, cells undergo many adaptive changes, especially during metastasis. One such adaptation is that cancer cells enhance their antioxidant defenses to overcome the oxidative stress of anoikis (31). For example, breast and lung cancer cells undergo metabolic changes during metastasis in vivo and in vitro that reduce ROS production (75, 82–86). In this study, we used multiple human cancer cell lines to examine the effect of GPX3 on metastasis. We found that downregulation of GPX3 expression inhibited metastasis in breast cancer (MDA-MB-231, BT-549), colorectal cancer (Lovo, SW480), gastric cancer (MKN45), and ovarian cancer (Ovcar-4). In terms of proliferation, GPX3 appeared to play a smaller role. Downregulating GPX3 expression slowed the proliferation rate of ovarian cancer (Ovcar-4) and colorectal cancer (Lovo, SW480) cells but did not significantly affect the proliferation of breast cancer or gastric cancer cells. Downregulation of GPX3 significantly inhibited clone formation. shGPX3 significantly reduced the number of clones in ovarian cancer (Ovcar-4), colorectal cancer (Lovo, SW480), and breast cancer (MDA-MB-231). Studies have reported the relationship between the downregulation of GPX3 and tumor metastasis. GPX3 inhibited the migration and invasion of gastric cancer cells (36). However, some studies have found that GPX3 has no antitumor effect in AGS and MKN28 gastric cancer cell lines (87). GPX3 had also been reported to inhibit the progression of breast cancer (35). GPX3 was found to be expressed higher in clear cell type ovarian adenocarcinoma than in other types of ovarian cancer (88). Overall, more studies are needed to determine the role of GPX3 in cancer occurrence, progression, or metastasis. The seemingly contradictory results of GPX3 in cancer may be closely related to ROS. In early cancer and precancer, the expression of GPX3 is decreased and the production of ROS is increased to promote cancer occurrence. However, in advanced cancer, the up-regulation of GPX3 in cancer cells plays a role in eliminating excessive ROS production and protecting cells from anoikis.

GPX3 protected cells from ROS damage in the extracellular environment. We compared the effect of downregulated GPX3 on the antioxidant stress ability of cells. Downregulation of GPX3 expression impairs the antioxidant capacity of cancer cells. Ovarian, breast, colorectal, and gastric cancer cells showed significantly increased sensitivity to oxidants (H2O2) in shGPX3 compared with Ctrl. In addition, compared to Ctrl, ROS levels in shGPX3 cells were significantly increased after treatment of H2O2. Knockdown GPX3 significantly decreased the ability of cancer cells to clear ROS. Barrett et al. (34) used the reverse genetics method to study the effect of GPX3 on the occurrence of inflammatory colorectal tumors. GPX3-deficient mouse tumors showed increased inflammation, overactivity of Wnt signaling, and increased DNA damage. Subsequently, they silenced GPX3 in Caco2 making ROS production increase, DNA damage, increased apoptosis in response to H2O2, and reduced contact-independent growth. Non-contact cell growth is a hallmark of the tumorigenic type. This suggested that acute GPX3 knockdown is indeed detrimental to established cancer growth.

Chemotherapeutic drugs induced ROS accumulation and oxidative stress to produce cytotoxic effects (89). The relationship between the antioxidant capacity of cancer cells and chemotherapy resistance was also frequently reported. By investigating the CCLE and GDSC databases, we found that the expression level of GPX3 was positively correlated with the IC50 of various chemotherapeutic agents. IC50 is commonly used clinically to reflect the sensitivity of cells to drugs. The higher the IC50, the larger the dose of drugs needed to kill cancer cells, thus the lower the sensitivity of cancer cells to chemotherapy. It has been reported that GPX3 was highly expressed in ovarian cancer cells and was associated with platinum resistance (90). Similarly, Pelosof et al. (40) found that decreased GPX3 expression increased the sensitivity of colorectal cancer cell lines to oxaliplatin and cisplatin. Zhou et al. found that GPX3 was the core gene mediating both 5-FU resistance and oxaliplatin resistance in colorectal cancer. They also used tissue chip analysis to determine that patients with high GPX3 expression who received high-intensity chemotherapy regimens (oxaliplatin combination, 6 months of chemotherapy, or 8 cycles of Xeloda) had a significantly increased risk of recurrence and death (91). Platinum is a commonly used chemotherapy drug in the clinic. Pharmacological studies have shown that platinum-induced DNA damage by direct covalent binding with DNA and induced ROS production to destroy protein, DNA, and membrane. GPX3 knockdown resulted in a significant increase in cancer cell sensitivity to platinum-based drugs. In this study, we found that downregulated GPX3 significantly increased the sensitivity of cancer cells to cisplatin, while oeGPX3 promoted the resistance of cancer cells to chemotherapy. Interestingly, we also found that platinum-induced ROS accumulation was most significant in shGPX3, while oeGPX3 eliminated ROS levels.

Overall, pan-cancer analysis of GPX3 illustrated the prospect of GPX3 expression in the prognosis, chemotherapy sensitivity, and immune infiltration of several types of human cancers, providing diagnostic and prognostic biomarkers. Our study further revealed the mechanisms by which GPX3 promotes tumor metastasis, growth, and chemotherapy resistance. There are still many shortcomings in this study. We found a relationship between GPX3 and immune infiltration through bioinformatics analysis. Further experiments are needed to verify how GPX3 affects the tumor immune microenvironment. The specific mechanism by which GPX3 affects cancer susceptibility to chemotherapy also needs further study. In addition, we preliminarily found that GPX3 expression in cancer may be epigenetically regulated, which also needs further verification. In future studies, we will explore these unclear questions in depth.
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Introduction

Ovarian cancer is one of the leading causes of death for women with cancer worldwide. Energy requirements for tumor growth in epithelial high-grade serous ovarian cancer (HGSOC) are fulfilled by a combination of aerobic glycolysis and oxidative phosphorylation (OXPHOS). Although reduced OXPHOS activity has emerged as one of the significant contributors to tumor aggressiveness and chemoresistance, up-regulation of mitochondrial antioxidant capacity is required for matrix detachment and colonization into the peritoneal cavity to form malignant ascites in HGSOC patients. However, limited information is available about the mitochondrial biogenesis regulating OXPHOS capacity and generation of mitochondrial reactive oxygen species (mtROS) in HGSOC.



Methods

To evaluate the modulation of OXPHOS in HGSOC tumor samples and ovarian cancer cell lines, we performed proteomic analyses of proteins involved in mitochondrial energy metabolism and biogenesis and formation of mtROS by immunoblotting and flow cytometry, respectively.



Results and discussion

We determined that the increased steady-state expression levels of mitochondrial- and nuclear-encoded OXPHOS subunits were associated with increased mitochondrial biogenesis in HGSOC tumors and ovarian cancer cell lines. The more prominent increase in MT-COII expression was in agreement with significant increase in mitochondrial translation factors, TUFM and DARS2. On the other hand, the ovarian cancer cell lines with reduced OXPHOS subunit expression and mitochondrial translation generated the highest levels of mtROS and significantly reduced SOD2 expression. Evaluation of mitochondrial biogenesis suggested that therapies directed against mitochondrial targets, such as those involved in transcription and translation machineries, should be considered in addition to the conventional chemotherapies in HGSOC treatment.
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1 Introduction

Ovarian cancer is one of the deadliest gynecological cancers worldwide and is the fifth leading cause of death for women in the United States (1). Despite success in attaining remission in many cases, over half of the women with ovarian cancer experience resistance to chemotherapy, metastasis, and recurrence. Changes in energy and antioxidant metabolism have been highlighted as major factors in chemoresistance and peritoneal metastasis in recent epithelial high-grade serous ovarian cancer (HGSOC) studies (2–6). Determining the metabolic remodeling of energy generation for metastatic development and tumor growth has the potential to introduce pathway-specific therapies.

In recent biomarker studies, mitochondrial energy metabolism is emerging as one of the major contributors to aggressiveness and chemoresistance in HGSOC (7, 8). The mitochondrial mass and oxidative phosphorylation (OXPHOS) capacities are increased 3.3-8.4-fold in epithelial ovarian carcinoma (9). It is believed that tumors preferentially use aerobic glycolysis rather than the much more efficient OXPHOS to generate ATP, described as the Warburg effect (10–12). However, evidence suggests that tumor cells require a metabolically rich microenvironment allowing a combination of aerobic glycolysis and OXPHOS to promote growth and metastasis (13, 14). In addition to increased OXPHOS, high levels of reactive oxygen species (ROS) generated in HGSOC cause sensitivity to platinum-based chemotherapy (7, 15). However, HGSOC tumors have been shown to develop resistance to platinum-based chemotherapy over time, possibly due to remodeling of the energy metabolism and apoptotic pathways (5, 7, 16–18).

The metabolic flexibility of HGSOC tumors requires changes in the expression of both nuclear and mitochondrial genomes to encode subunits of OXPHOS complexes (complex I-V). Mitochondrial transcription supports the synthesis of 13 OXPHOS subunits encoded by the mitochondrial genome, two ribosomal RNAs (rRNAs), and 22 tRNAs (19, 20). Malignant transformation of mitochondrial function and mtDNA mutations have been observed in age-related cancer development (21, 22). A comprehensive list of mitochondrial genes and proteins causing mitochondrial dysfunction in ovarian cancer can be found in a recent review published by Shukla and Singh (23).

The significant variation in the expression of mitochondrial-specific transcription factors, such as PGC1α and TFAM, implies a highly modulated expression of mt-transcription in HGSOC (9, 24–26). Activation of PGC1α, promoted by chronic oxidative stress and aggregation of PML-nuclear bodies, results in high OXPHOS capacity and chemosensitivity in HGSOC (7). On the other hand, the knock-down of PGC1α or TFAM diminishes the generation of mitochondrial reactive oxygen species (mtROS) and cisplatin-induced apoptosis (27).

The role of mitochondrial translation in HGSOC is limited. Nuclear-encoded protein factors and mitochondrial-specific 55S ribosomes support mitochondrial translation. While the mitochondrial ribosomal proteins (MRPs) are all nuclear-encoded genes, 55S ribosomes are composed of the two mitochondrial(mt)-encoded rRNAs and 80 MRPs identified in our previous proteomics studies (28–32). For the mitochondrial translation-related genes, high transcript levels of mitochondrial ribosomal small (MRPS) and large (MRPL) subunit proteins, MRPS12, MRPS14, MRPL15, MRPL34, and MRPL49, are suggested as novel prognostic markers predicting reduced overall survival in ovarian cancer patients (33–35). Additionally, a single nucleotide polymorphism (SNP) of the mitochondrial elongation factor Tu (TUFM) gene is associated with epithelial ovarian cancer risk (36). Therefore, further evaluation of factors involved in mitochondrial biogenesis, specifically mitochondrial translation, is required to determine the mechanism(s) behind the remodeling of energy metabolism in HGSOC and resistance to chemotherapy.

Here, we provide evidence, for the first time, that changes in mitochondrial biogenesis support the metabolic flexibility in HGSOC tumor biopsies and ovarian cancer cell lines. Specifically, mitochondrial translation and transcription factors played an essential role in the modulation of OXPHOS subunit expression. Datamining analyses of mass spectrometry (MS)-based proteomics studies of HGSOC performed by the Clinical Proteomic Tumor Analysis Consortium (CPTAC) and Institute Curie cohort also supported our findings with concurrent changes in mt-encoded subunit II of the complex IV, MT-COII, and mitochondrial translation factors, TUFM and DARS2. We also observed higher mtROS generation in ovarian cancer cell lines with lower OXPHOS subunit expression and mitochondrial biogenesis. These observations suggest that the steady-state expression of mt-encoded OXPHOS subunits and components of the mitochondrial translation could be used as prognostic biomarkers to determine more targeted chemotherapy options in HGSOC.



2 Materials and methods


2.1 Ovarian tissue biopsies

Fifteen de-identified ovarian tumors and normal tissue biopsies were removed by surgical excision from patients treated at the Marshall University Edwards Comprehensive Cancer Center, Huntington, WV. Ethical review and approval were not required for the human de-identified biopsies used in this study in accordance with the local legislation and institutional requirements. Tumor characteristics of biopsies are given in Table S1. Ovarian cancer subtypes were determined by immunohistochemistry, immunofluorescence, and fluorescence in situ hybridization techniques by the Edwards Comprehensive Cancer Center. Tissue protein lysates were prepared by resuspension and sonication of biopsies in RIPA buffer containing 1% SDS and NP40. Protein concentration was determined by the bicinchoninic acid (BCA) assay (Pierce, Rockford, USA).



2.2 Cell culture and [35S]-Met pulse labeling

The NCI-ovarian cancer cell line panel (OVCAR-4, OVCAR-5, OVCAR-8, SKOV-3, and IGROV-1) was purchased from NCI. Using gene expression compositional assignment, the OVCAR-5 cell line is also reported as being gastrointestinal in origin (37); however, NCI did not confirm this report. The OVCAR-3 cell line was obtained from Dr. Sarah Miles (Marshall University). The NCI-60 panel of ovarian cancer cell lines, OVCAR-4, OVCAR-5, OVCAR-8, SKOV-3, and IGROV-1, was cultured in RPMI media (HyClone, Thermo-Scientific, Waltham, MA) as recommended by NCI. OVCAR3 cells were maintained in RPMI media containing 20% fetal bovine serum (FBS) (Rocky Mountain Biologicals, Missoula, MT), 10 mL/mL human insulin, 0.1% penicillin/streptomycin (Corning Cellgro, Manassas, VA). The cells were grown in a humidified incubator at 37°C with 5% CO2. All experiments with the cell lines were limited to passages 5-15 from frozen stocks and repeated with a minimum of nine biological replicates conducted in three separate experiments for all results.

Expression of the 13 mt-encoded subunits of OXPHOS complexes was determined by [35S]-Met pulse labeling described previously (38, 39). Pulse labeling experiments were performed with breast cancer cell lines grown to 60-70% confluency in RPMI media. After arresting cytosolic protein synthesis by emetine, cells were incubated in 0.2 mCi/mL of [35S]-EasyTag™ Protein Labeling Mix (Perkin Elmer Inc., Waltham, MA) containing media for 2 h. Cells were lysed in RIPA buffer supplemented with protease and phosphatase inhibitors (Calbiochem, Darmstadt, Germany). Whole-cell lysates (30 μg) were separated on 13% SDS-PAGE. The gels were dried on 3MM chromatography paper (Whatman) after Coomassie Blue staining, and the signal intensities of the bands were quantified by UN-Scan-It (Silk Scientific Inc, Orem, UT).



2.3 Immunoblotting analyses

Tissue lysates obtained from biopsies and cell lines were either diluted further or lysed in RIPA buffer containing 50 mM Tris-HCl (pH 7.6), 150 mM NaCl, 1 mM EDTA, 1 mM EGTA, 1% NP40, 0.1% SDS, 0.5% deoxycholate, and protease and phosphatase inhibitor cocktails (Calbiochem, Darmstadt, Germany). Protein concentrations were determined using BCA assays (Pierce, Rockford, USA). Approximately 20 µg of the protein lysate was separated on 12% SDS-PAGE, transferred to nitrocellulose membranes (Amersham, GE Healthcare, UK), and stained with Ponceau S to ensure equal protein loading (Figures S1, S2). The Ponceau S staining of nitrocellulose membranes was used to normalize total protein loading to signal intensities detected by immunoblotting analyses. Antibodies were commercially obtained as follows: the human OXPHOS antibody cocktail from Abcam (Eugene, OR); mitochondrial NDUSF2, DARS2, TUFM, and TFAM from Santa Cruz (Dallas, TX); PGC1α and SSBP1 from ProteinTech (Rosemont, IL), SOD2 from Cell Signaling Technologies (Danvers, MA), and GAPDH from Fitzgerald (Acton, MA). The secondary anti-rabbit and mouse HRP-conjugate antibodies were obtained from Pierce (Rockford, USA). The protein immunoreactivity was detected using the ECL Western blotting kit (Amersham, GE Healthcare, UK) as directed by the manufacturer. Immunoblotting signal intensities were quantified by UN-Scan-It (Silk Scientific Inc, Orem, UT) and normalized to total protein loading detected by Ponceau S staining of the membranes.



2.4 Flow cytometry analyses

Mitochondrial mass and ROS generation determinations in ovarian cancer cell lines were performed using MitoTracker-Red CMXRos (Invitrogen) and MitoSOX-Red (ThermoFisher), respectively, by flow cytometry analyses using the Agilent Novocyte 3000. Data analysis was performed using NovoExpress Software vX. Optimal concentrations of Mito-SOX-Red and Mito-Tracker-Red were 5 and 0.5 μM, respectively.



2.5 Statistical analyses

Statistical and graphical analyses were performed using Excel and GraphPad Prism 9.3. Statistical significance was determined using unpaired Welch’s t‐tests. Probability values less than 0.05 were regarded as statistically significant. All the values were in triplicates wherever possible and expressed as the mean ± SD unless otherwise described.




3 Results and discussion


3.1 Heterogeneity of mitochondrial energy metabolism in ovarian cancer

Changes in mitochondrial energy metabolism have recently been suggested as possible causes for chemoresistance and tumor recurrence in HGSOC (2, 7, 23, 40, 41). To further investigate the changes in mitochondrial function, we obtained nine surgically removed normal ovarian and ovarian tumor tissue biopsies from the Tissue Procurement Center at the Marshall University Edwards Comprehensive Cancer Center, Huntington, WV. The tumor characteristics and stages of HGSOC biopsies are given in the Supplemental Table S1.

In our earlier studies, the steady-state expression of OXPHOS subunits by immunoblotting agrees with OXPHOS complex activities and is sufficient for evaluating energy metabolism in mitochondria (7, 42–44). Therefore, we determined the steady-state expression of OXPHOS subunits in HGSOC biopsies by immunoblotting using an antibody cocktail. The antibody cocktail is a mixture of five antibodies recognizing four nuclear-encoded OXPHOS subunits, including complex V (ATP5A1), III (UQCRC2), II (SDHB), and I (NDUFB8) and a mt-encoded subunit of complex IV (MT-COII). The same OXPHOS membrane was also probed with GAPDH antibody (Figure 1A). The signal intensity detected by NDUFB8 antibody would not be quantified in most of the biopsies. Instead, an additional antibody against NDUFS2 was used to confirm changes in another nuclear-encoded subunit of complex I (Figure 1A). Signal intensities obtained for each subunit were normalized to total protein loading detected by Ponceau S staining and mean signal intensities for normal and tumor biopsies rather than a direct comparison of normal and tumor biopsies from the same patient (Figure 1B). Changes in OXPHOS subunit expressions were at least 2-3-fold higher for some of the subunits in tumor biopsies relative to the normal tissue biopsies obtained from the same patient (Figures 1A, B). Specifically, we observed an overall statistically significant increase in complex II and IV subunits, SDHB and MT-COII (P< 0.01), as well as GAPDH in tumors relative to the normal tissues (Figures 1A, B). Although GAPDH is usually used as a loading control, here we observed an increase in the glycolytic enzyme, GAPDH (P<0.05), confirming the metabolic remodeling in HGSOC (10).




Figure 1 | 
Modulation of OXPHOS subunit expression in ovarian cancer.(A) The expression of OXPHOS subunits, including ATP5A1 (CV; Complex V), UQCRC2 (CIII; Complex III), SDHB (CII, Complex II), MT-COII (CIV; Complex IV), NDUFB8 and NDUFS2 (CI; Complex I), and GAPDH were detected by immunoblotting in normal(N; blue) and ovarian tumor(T; red) biopsies. Only a tumor biopsy was available for patient 359. Approximately 20 μg of protein lysates obtained from normal and tumor tissues were separated by 12% SDS-PAGE, and the immunoblotting analyses were performed using antibodies shown on the left side. For patient 782, the normal tissue protein amount was extremely low, and it was not included in the quantitation. The red arrow shows the mt-encoded complex IV subunit, MT-COII.(B) Relative protein expression was quantified by normalizing the signal intensities of antibodies to protein loading and presented as violin graphs after conversion to log 2 values.(C) Log2 protein expression values of OXPHOS subunit expression determined by MS-based proteomics of 20 normal (N; blue) and 83 HGSOC ovarian biopsies(T) published by McDermott et al. [Log 2 values are taken from Supplemental Data in reference (45)] as part of the CPTAC.(D) Log2 OXPHOS subunit expression values for 53 low (L; blue) and 74 high (H; red) HGSOC tumors were reported by Gentric et al. [Log 2 values are taken from Supplemental Data in reference (7)] as part of the Curie cohort. For the statistical analysis, unpaired Welch’s t-test was used, and the P values ≤ 0.05 were represented as (*), ≤ 0.01 (**)  and ≤ 0.0001 (****).




Recent proteomics data published by CPTAC has provided a more comprehensive MS-based quantitation of 20 normal and 83 ovarian tumor biopsies obtained from HGSOC patients (45). The Log2 expression values for mitochondrial proteins are reported in Supplemental Data provided by McDermott et al. (45). The majority of the OXPHOS subunit expression slightly increased in tumor biopsies relative to the normal tissues; however, NDUFS2 expression is reduced in tumor biopsies (p<0.05) (Figure 1C). The HGSOC proteome analyses by CPTAC compares 83 HGSOC tumor tissues to the mean values determined from 20 normal tissues (Figure 1B). Here, the slight discrepancy in the magnitude of expression changes in our results compared to those by CPTAC is possibly due to the direct comparison of the normal and tumor tissues obtained from the same patient in our analyses rather than a comparison to a mean as performed by CPTAC. However, when Gentric et al. compared the OXPHOS subunit expression by MS-based proteomics, HGSOC biopsies were classified as low- and high- OXPHOS subunit expressing HGSOC tumors (7). The expression of nuclear-encoded subunits ATP5A1, UCQRC2, SDHB, and NDUFS2, and the mt-encoded subunits, including MT-COII, were graphed to demonstrate a significant increase in OXHOS subunits in HGSOC tumors with high mitochondrial energy metabolism (Figure 1D). The agreement observed between our immunoblotting analyses and MS-based proteomics data by McDermott et al. and Gentric et al. suggests that the modulation of mitochondrial energy metabolism is required for tumor growth and proliferation in HGSOC (7, 45).



3.2 Mitochondrial biogenesis modulates OXPHOS in HGSOC

The up-regulation of mt-encoded MT-COII protein expression shown above (Figure 1A) indicates a role for mitochondrial biogenesis in HGSOC. Due to the presence of seven mt-encoded subunits in complex I, the nuclear-encoded complex I subunit, NDUFS2, was also concurrently affected by the changes in mitochondrial biogenesis (Figure 1A). However, the overall increase in NDUFS2 expression was not statistically significant in tissue biopsies (Figure 1B). Additionally, the transcription factors involved in nuclear- and mt-encoded OXPHOS transcripts, PGC1α and TFAM, respectively, are suggested as putative markers of chemoresistance in epithelial ovarian carcinoma (7, 25, 46). Therefore, we postulated that the mitochondrial transcription and translation proteins directly related to the biogenesis of 13 mt-encoded subunits also contribute to the modulation of OXPHOS in HGSOC.

To assess the role of mitochondrial biogenesis in HGSOC biopsies, we determined PGC1α and TFAM protein expression and the single-stranded mitochondrial DNA-binding protein (SSBP1) by immunoblotting using the same HGSOC biopsies described above (Figures 2A, S2). Although the PGC1α levels were slightly decreased and a doublet observed, TFAM and SSBP1 protein expression were elevated in some of the HGSOC tumor biopsies relative to the normal values (Figure 2A). The overall mean modulation of protein expression in normal vs. tumor biopsies was not significant (P>0.05) (Figure 2B). On the other hand, TFAM and SSBP1 levels were significantly elevated in the HGSOC tumor biopsies reported by the CPTAC proteome (P<0.0001) (Figure 2C) (45). These findings supported the altered mitochondrial transcription and replication in HGSOC.




Figure 2 | 
Expression of Mitochondrial Transcription- and Replication-Related Proteins in HGSOC.(A) Expression of PGC1α, TFAM, and SSBP1 proteins were detected in normal and HGSOC biopsies by immunoblotting analyses as described in Figure1A.(B) Log 2 relative protein expression values of PGC1a, TFAM, and SSBP1 shown in(A) were presented using violin plots.(C) MS-based quantitation of TFAM and SSBP1 published by McDermott et al. (45) as part of the CPTAC data set described in Figure 1C. The normal (N; blue) and HGSOC biopsies (T; red) were compared using violin plots as described in Figure 1B legend. P values ≤ 0.0001 were represented as (****).




The modulation of OXPHOS requires cooperation between mitochondrial transcription and translation for synthesizing 13 mt-encoded subunits. We next determined the expression of two mitochondrial translation factors, elongation factor Tu (TUFM) and aspartyl-tRNA synthetase 2 (DARS2), in HGSOC biopsies by immunoblotting. Interestingly, the TUFM and DARS2 protein expressions were much higher and significant, P<0.05 and P<0.005, respectively, in tumor biopsies (Figures 3A, B). The CPTAC proteomics data mining analyses for TUFM and DARS2 were also in agreement with our observation (Figure 3C). In fact, the majority of mitochondrial translation-related proteins and factors are higher in the HGSOC tumor biopsies reported by the CPTAC (data not shown (45)).




Figure 3 | 
Expression of Mitochondrial Translation-Related Proteins in HGSOC.(A) Relative protein expression of TUFM and DARS2 were detected in normal ovarian(N) and HGSOC biopsies(T) by immunoblotting analyses. Equal protein loading was evaluated by Ponceau S staining and GAPDH probing.(B) Log 2 relative protein expression values of TUFM and DARS2 shown in panel A was presented using violin plots.(C) MS-based quantitation of TUFM and DARS2 protein expression, and(D) expression of mitochondrial ribosomal proteins, MRPS12, MRPS14, MRPL15, and MRPL49 in normal (N; blue) and HGSOC (T; red) in HGSOC published by McDermott et al. as part of the CPTAC data set [Log 2 values are taken from Supplemental Data in reference (45)]. P values ≤ 0.05 were represented as (*), ≤ 0.01 (**), and ≤ 0.0001 (****).




Higher expression of several MRP genes has been associated with reduced overall survival and tumor recurrence using the publicly available ovarian cancer transcriptomics databases (33, 34). We searched the CPTAC proteome data to determine the expression of these MRPs, including MRPS12, MRPS14, MRPL15, and MRPL49, published by McDermott et al. (45). Log2 protein expression values for MRPS12, MRP L15, and MRPL49 were graphed and shown to be significantly elevated in tumor biopsies (Figure 3D). Here, the synergy between the MRP expression and mitochondrial translation factors along with the MT-COII expression confirmed the remodeling of energy metabolism and mitochondrial biogenesis, particularly the protein synthesis, in HGSOC (Figures 1A, 3).



3.3 mtROS generation is increased in ovarian cancer cell lines with reduced OXPHOS subunit expression

Tumor-initiating cells undergo hypoxic conditions as they form spheroids and malignant ascites in the peritoneal cavity, causing changes in mitochondrial morphology and ROS levels during the progression of ovarian cancer (41, 47). mtROS produced as byproducts of OXPHOS when electrons leak from complexes I and III play a critical role in regulating a wide variety of cellular signaling pathways, including stabilization of hypoxia-inducible factor 1 alpha (HIF1α) in cancer (11, 27, 48–50). Therefore, it is critical to correlate OXPHOS status, mitochondrial biogenesis, and mtROS generation in ovarian cancer cell lines. For this purpose, we acquired the NCI-60 ovarian cancer cell line panel containing OVCAR-3, OVCAR-4, OVCAR-5, OVCAR-8, SKOV-3, and IGROV-1 cells derived from adenocarcinomas and peritoneal ascites (Table S2). Among these cell lines, OVCAR-3 and OVCAR-4 are the closest cell line models to HGSOC by comparing the genomic profiles (51, 52). The cells originated from ascites form aggressive peritoneal tumors and malignant ascites in animal models (Table S2) (53–55). In fact, the diversity of these cell lines might provide distinct mitochondrial characteristics and allow us to evaluate mitochondrial biogenesis and mtROS in these cell lines and compare it to HGSOC tumors. We first performed the immunoblotting analyses of cell lysates using the OXPHOS antibody cocktail as described in Figure 1A. The steady-state expression of OXPHOS subunits was relatively higher in OVCAR-3, OVCAR-4, and OVCAR-5 cells than that of the OVCAR-8, SKOV-3, and IGROV-1 cell lines (Figure 4A). These observations are all in agreement with high- and low-OXPHOS ovarian cancer cell line classification determined by Gentric et al. (7). Expressions of both mt-encoded, MT-COII (shown by a red arrow) and nuclear-encoded subunits, UQCRC2, NDUFB8, and COX4, were highly modulated between the two groups, confirming the high- and low-OXPHOS capacities in these cell lines (Figure 4A). Additionally, the increase in Mn-superoxide dismutase, SOD2, expression was more prominent in cells with high-OXPHOS capacity except the SKOV-3 cells (Figure 4A). The cells with higher OXPHOS subunit expression (Figure 4A) are suggested to be more sensitive to chemotherapy relative to the low OXPHOS expressing cells (7). As summarized in Table S2, some of the cell lines, specifically OVCAR-8 and SKOV-3, with reduced OXPHOS subunit expression and mitochondrial mass cause subcutaneous and intraperitoneal tumor formation in mice xenografts (54, 55).




Figure 4 | 
Altered OXPHOS subunit and SOD2 expressions and generation of reactive oxygen species in ovarian cancer cell lines.(A) The OXPHOS subunit and SOD2 expressions were detected by immunoblotting of lysates obtained from ovarian cancer cell lines, OVCAR-3 (OV3), OVCAR-4 (OV4), OVCAR-5 (OV5), OVCAR-8 (OV8), SKOV-3 (SK3), and IGROV-1 (IGR1) as described in Figure 1A. The red arrow shows the mt-encoded complex IV subunit, MT-COII. The relative quantitation of OXPHOS subunit and SOD2 expression represents the mean ± SD of at least three experiments. Signal intensity for each antibody was normalized to the mean of high (OV3, OV4, and OV5) and low (OV8, SK3, and IGR1) OXPHOS expressing cell lines and Ponceau S staining (Figures S2, S3).(B) mtROS and mitochondrial mass were determined by MitoSOX-Red (MitoSOX) and MitoTracker-Red (MitoTracker) stains, respectively, using flow cytometry of live ovarian cancer cell lines. MitoSOX/MitoTracker ratio reflects mtROS formation per functional mitochondrion for each cell line.




Above, we demonstrated that the low-OXPHOS subunit expressing cell lines, OVCAR-8 and SKOV-3, are derived from highly malignant and chemo-resistant peritoneal ascites (Figure 4A) (Table S2). Due to the varying levels of OXPHOS subunit expression, one may speculate that the different mtROS levels adapted these cell lines to hypoxic conditions and survival in the peritoneal cavity. To correlate the OXPHOS subunit expression to mtROS generation, we performed flow cytometry analyses using MitoSOX-Red as well as the MitoTracker-Red staining of live ovarian cancer cell lines. The MitoSOX-Red and MitoTracker-Red ratios allowed us to determine the generation of mtROS per functional mitochondrion in these cell lines. This ratio was higher for OVCAR-8 cells relative to the other cell lines, specifically OVCAR-3, OVCAR-4, and OVCAR-5 cells (Figure 4B). In other words, lower MitoSOX/MitoTracker ratio in these cells with higher OXPHOS subunit expression could be either due to the increased mitochondrial mass or mtROS scavenging capacity. The reduced OXPHOS subunit expression was in agreement with the increased mtROS generation, specifically for OVCAR-8 and SKOV3 cells (Figures 4A, B). Although the reduced expression of SOD2 explains the increased mtROS generation in OVCAR-8 cells, the high SOD2 protein expression was not sufficient to suppress mtROS generation in SKOV-3 cells (Figures 4A, B). These cell lines were highly proliferative and resistant to cisplatin treatments [data not shown and (7)]. Again, the OVCAR-8 and SKOV3 cell lines are known to develop subcutaneous and intraperitoneal tumors in mice (54, 55); the reduced OXPHOS subunit expression can be associated with increased mtROS generation and resistance to chemotherapy, as also suggested by Gentric et al. (6, 23). Our observations and findings from other laboratories indicate that the remodeling of OXPHOS and mtROS generation could be highly informative in explaining tumor aggressiveness, metastasis to the peritoneal cavity, and recurrence in ovarian cancer (3, 18, 34, 41, 56).



3.4 Mitochondrial biogenesis is altered in ovarian cancer cell lines

Similar to our observations with HGSOC biopsies, the substantial change in the steady-state MT-COII expression implied the modulation of mitochondrial biogenesis in some of the ovarian cancer cell lines (Figure 4A). To further investigate this phenomenon, immunoblotting analyses of ovarian cancer cell lysates were carried out using PGC1α, TFAM, SSBP1, TUFM, and DARS2 antibodies. Expression of the major mitochondrial transcription factors, PGC1α and TFAM, and SSBP1 were relatively similar in these cell lines, with some exceptions (Figure 5A). Reduced SSBP1 protein expression was noteworthy in SKOV3 cells (Figure 5A). Like TFAM expression, variation in translation elongation factor TUFM expressions was negligible in these cell lines (Figure 5B). Another translation-related protein DARS2 expression was higher in cell lines with high OXPHOS capacity (Figure 5B). The lower DARS2 expression in OVCAR-3 cell lines is noteworthy and possibly attributable to the reduced aspartate levels in HGSOC (57). In general, the lack of any significant trend in the data suggests mitochondrial biogenesis could be regulated at different stages to modulate OXPHOS subunit expression in these cell lines.




Figure 5 | 
Evaluation of Mitochondrial Biogenesis in Ovarian Cancer Cell Lines.(A) Mitochondrial transcription and replication-related proteins, PGC1a, TFAM, and SSBP1, and(B) mitochondrial translation-related proteins, TUFM and DARS2, were detected by immunoblotting analyses of ovarian cancer cell lines described in Figure 4A. Ponceau S staining ensured equal protein loading Results represent the mean ± SD of at least three experiments.(C) Mitochondrial translation is determined by 35S-Met pulse labeling of 13 mt-encoded OXPHOS subunits in ovarian cancer cell lines. The pulse-labeled protein lysates (30 μg) were separated on 13% SDS-PAGE and 13 mt-encoded subunits, ND1-ND6 (complex I), Cyt b (complex III), COI-COIII (complex IV), and ATP6 and ATP8 (complex V), were labeled on the autoradiography of the gel. Total protein loading was visualized by Coomassie Blue. The relative quantitation of de novo synthesized subunits, ND5, COI, Cyt b/ND2, ND1, COII/COIII, and ATP6, was determined from at least three experiments, with the mean ± SD displayed. The signal intensity of each protein band was normalized to the mean of high (OV3, OV4, and OV5) or low (OV8, SK3, and IGR1) OXPHOS expressing cell lines.




One of the best methods to explore the functionality of mitochondrial biogenesis in situ is to perform pulse-labeling of de novo synthesized mitochondrial proteins in the presence of [35S]-Met. For this purpose, pulse labeling of ovarian cancer cell lines was carried out using cells grown to 70% confluency in regular media, as described previously (58). The de novo synthesized thirteen mt-encoded subunits were expressed by autoradiography after adding emetine in the media containing [35S]-Met and normalized to the total protein loading stained with Coomassie Blue. (Figure 5C). The expression of [35S]-Met-labeled subunits was clearly higher in OVCAR-4, OVCAR-5, and SKOV-3 cells relative to OVCAR-3, OVCAR-8, and IGROV-1 cells. Therefore, the reduced de novo protein synthesis observed in OVCAR-8 and IGROV-1 cell lines could be caused by mitochondrial translation and transcription defects (Figure 5C).

The steady-state expression of nuclear and mt-encoded OXPHOS subunits (Figure 4A) supported the results obtained with the de novo expression of 13 mt-encoded subunits for OVCAR-4, OVCAR-5, OVCAR-8, and IGROV-1 cells, with some exceptions (Figure 5C). The discrepancies observed between the steady-state and de novo expression of subunits in OVCAR-3 and SKOV-3 cell lines was conceivably caused by a difference in their proliferation rates (data not shown). For example, although the OVCAR-3 cells had higher steady-state subunit expression levels, the de novo subunit expression of OXPHOS subunits was lower than that of OVCAR-4 and OVCAR-5 cells. On the contrary, the SKOV-3 cell line had shown relatively high de novo OXPHOS subunit expression, possibly due to the proliferation rates of these cell lines.

Among the cells with low OXPHOS subunit expression, OVCAR-8, and SKOV-3, have higher invasion and metastatic capabilities supported by glycolytic energy metabolism rather than OXPHOS compared to the cell lines with higher OXPHOS capacity and resistance to cisplatin-induced apoptosis (Figure 4A and Table S2) (7, 27). The changes in de novo protein synthesis and the expression of mitochondrial translation components in these cell lines could also be correlated to alterations observed in HGSOC tumor biopsies.




4 Conclusions and future directions

HGSOC is one of the most common ovarian cancer subtypes and remains one of the deadliest cancers due to its high metastatic capacity and development of resistance to chemotherapy. With the metabolic heterogeneity of tumors in mind, one of the controversies that need to be resolved is the contribution of OXPHOS to aggressiveness and the development of chemoresistance and recurrence in ovarian cancer. One proposed mechanism for the high metastatic capacity and chemoresistance in ovarian cancer is the formation of spheroids from primary tumors with metabolic flexibility adapted to hypoxia in an ascitic environment. The increased metabolic flexibility of spheroids caused by modulation of mitochondrial function and morphology allows them to disseminate or reattach in the peritoneal cavity (4, 41, 47, 53, 59).

In this study, we investigated the role of mitochondrial biogenesis in the modulation of mitochondrial energy metabolism in HGSOC biopsies and ovarian cancer cell lines derived from adenocarcinomas and peritoneal ascites. The mitochondrial energy metabolism is evaluated by OXPHOS subunit expression belonging to the electron transport chain complexes (complexes I-IV) and ATP synthase (complex V). The primary and significant changes were observed in complex II and IV subunits, SDHB and MT-COII, respectively, in HGSOC biopsies (Figures 1A, B). In MS-based proteomics studies performed by McDermott et al., the overall change was insignificant except for a reduction in NDUFS2 expression (Figure 1C) (45). On the other hand, the difference and increase between the low- and high-OXPHOS expressing HGSOC biopsies was significant for all the subunits (Figure 1D) (7). The heterogeneity and the increased OXPHOS subunit expression in most of the HGSOC biopsies reported by Gentric et al. (7) strongly agree with the bimodal distribution observed in our analyses, specifically for MT-COII expression (Figure 1). Interestingly, the high-OXPHOS tumors have shown an increased response to conventional chemotherapy and are associated with better prognosis in HGSOC patients (7).

Expression of the mt-encoded OXPHOS subunit quantified in our analysis, MT-COII, depends on mitochondrial biogenesis; thus, the modulation of transcription and translation machineries in mitochondria is essential. Probing normal and HGSOC biopsies for the expression of PGC1α, TFAM, SSBP1, TUFM, and DARS2 allowed us to demonstrate the correlation between the changes in OXPHOS subunit expression and mitochondrial biogenesis for the first time (Figures 1–3). The strong agreement between our findings on mitochondrial biogenesis and the data mining analyses of MS-based proteomics studies allowed us to suggest that the remodeling of energy metabolism or metabolic flexibility in HGSOC is regulated by mitochondrial biogenesis (Figures 1–3) (7, 45). Since metabolic flexibility is one of the determinants of the survival of tumor cells in the peritoneal cavity, deciphering mitochondrial biogenesis and its role in the remodeling of energy metabolism is crucial for better prognosis in HGSOC patients.

The mechanism behind the chemotherapy resistance and recurrence is still an unresolved issue in HGSOC (60, 61). The role of mitochondrial function and oxidative stress in chemoresistance and metastatic capacity is under investigation by many groups using ovarian cancer cell line models (5, 7, 27, 41, 47, 53). Here, we aimed to correlate mitochondrial biogenesis and mtROS generation to OXPHOS status in commonly used NCI-60 ovarian cancer cell line panel, including highly metastatic and chemoresistant cell lines listed in Table S2. Two of the cell lines with lower OXPHOS subunit expression, OVCAR-8, and SKOV-3 (Figure 4A), are the more aggressive cell lines forming subcutaneous and intraperitoneal tumors in mice xenografts (Table S2) (54, 55). Gentric et al. have suggested that ovarian cancer cell lines, including OVCAR-8 and SKOV-3, and HGSOC tumors with low-OXPHOS subunit expression have decreased chemosensitivity to platinum-based treatments due to reduced oxidative stress and ferroptosis (7). Modulating oxidative stress and ROS generation is proposed as one of the mechanisms behind the cis-platin induced cell death (3, 5, 27, 56, 62); however, it might not be possible to modulate mtROS generation in cells or tumors with low-OXPHOS. Although the overall cellular ROS generation is lower in low-OXPHOS cells (7), we found that the mtROS per functional mitochondrion was higher in OVCAR-8 cells, which is known for its resistance to cis-platin cell death relative to the high-OXPHOS cell lines (Figure 4B). It is conceivable that the low-OXPHOS cells or HGSOC tumors already have leaky electron transport chain generating high mtROS levels due to reduced mitochondrial biogenesis and SOD2 levels (Figure 4A). The decreased SOD2 levels or antioxidant capacity of ovarian cancer cells with low-OXPHOS, such as OVCAR-8, is not sufficient to scavenge mtROS generated in these cells (Figure 4). One possible mechanism for resistance to platinum-based treatments in OVCAR-8 cells could be due to the low SOD2 levels and increased mtROS generation. Dual role of SOD2 expression has been suggested in ovarian cancer as tumor suppressor and protumoregenic factor (53, 63–65); therefore, antioxidant capacity of HGSOC need to be critically evaluated in future studies.

As discussed above, the association between the OXPHOS subunit expression and mitochondrial biogenesis is clearly shown in HGSOC tumor biopsies (Figures 1–3). This correlation was not clear with the ovarian cancer cell lines with low-OXPHOS subunit expression; specifically, the OVCAR-8 cells had normal levels and, in some cases, higher levels of PGC1α, TFAM, TUFM, and DARS2 protein expression (Figures 5A, B). On the other hand, the de novo synthesis of mt-encoded proteins determined by the 35[S]-Met pulse labeling experiments was consistent with the MT-COII expression detected by immunoblotting analyses in some of the cell lines (Figures 4A, 5C). The de novo protein synthesis data obtained with the ovarian cancer cells suggests mitochondrial biogenesis, at both transcription and translation levels, remodels the mitochondrial energy metabolism and possibly mtROS generation in ovarian cancer.

Changes in mitochondrial mRNA and biogenesis related transcript levels are previously utilized in predicting overall survival and tumor progression and suggested as possible prognostic biomarkers in HGSOC (33–35). In this study, we validated these predictions at the protein expression levels and have shown the role of mitochondrial biogenesis in metabolic remodeling of HGSOC tumors and ovarian cancer cell lines derived from ascites. One of the major limitations of our study is the absence of normal ovarian and true HGSOC cell lines for a better comparison of changes in OXPHOS and mitochondrial biogenesis. The role of mitochondria in metabolic remodeling of HGSOC is now better-understood (2, 5, 7, 18, 66, 67); however, the role of mitochondrial biogenesis in formation of peritoneal spheroids and ascites as well as mtROS generation need to be investigated further to improve efficacy of current chemotherapy options in HGSOC treatment.
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Copper is an essential micronutrient for human body and plays a vital role in various biological processes including cellular respiration and free radical detoxification. Generally, copper metabolism in the body is in a stable state, and there are specific mechanisms to regulate copper metabolism and maintain copper homeostasis. Dysregulation of copper metabolism may have a great connection with various types of diseases, such as Wilson disease causing copper overload and Menkes disease causing copper deficiency. Cancer presents high mortality rates in the world due to the unlimited proliferation potential, apoptosis escape and immune escape properties to induce organ failure. Copper is thought to have a great connection with cancer, such as elevated levels in cancer tissue and serum. Copper also affects tumor progression by affecting angiogenesis, metastasis and other processes. Notably, cuproptosis is a novel form of cell death that may provide novel targeting strategies for developing cancer therapy. Copper chelators and copper ionophores are two copper coordinating compounds for the treatment of cancer. This review will explore the relationship between copper metabolism and cancers, and clarify copper metabolism and cuproptosis for cancer targeted therapy.
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1 Introduction

Copper (Cu) is an essential micronutrient for the human body. Copper has four oxidation states: metallic copper, Cu+, Cu2 + and Cu3+. As a transition metal, copper plays a key role in many biological processes, such as cellular respiration (1), free radical detoxification (2–5), cellular iron metabolism (6), angiogenesis (7), and neurotransmitter synthesis (8). However, excess intracellular copper ions can be toxic to cells (9). The transfer of electrons will occur in the transfer of copper ions with different valence states, resulting in the formation of reactive oxygen species (ROS).ROS can injury biological organic molecules such as proteins, nucleic acids and lipids, and also interfere with the synthesis of iron sulfur clusters to injury countless essential enzymes in cells. In addition, copper overload is seen in Wilson disease (WD), which is a manifestation of dysregulation of organismal copper homeostasis (10). Deficiency of copper ions results in the reduction of multiple enzyme activities, which is also thought to underlie the pathologies of Menkes disease (MD) (11). Therefore, no matter whether copper ions are excessive or deficient, it may be harmful to human body. Copper homeostasis is essential in organisms and dysregulation of copper metabolism leads to the occurrence of some diseases.

Copper is closely related to cancer. It is well known that copper is also involved in tumor formation and progression. Copper levels are elevated in a variety of malignancies, and high levels of copper ions affect tumor proliferation, angiogenesis, as well as metastasis (12–14). In recent years, a novel form of cell death induced by intracellular copper, discovered by Tsvetkov and co-workers (15), which is distinct from oxidative stress-related cell death, is a type of copper-dependent cell death, termed cuproptosis. This review will explore the relationship between copper metabolism, cuproptosis and cancers, providing references for cancer targeted therapy.



2 Copper metabolism and cancer



2.1 Copper metabolism

In mammals, copper is required for cellular metabolism, but its excess is toxic to cells. Therefore, copper concentration in cells is tightly regulated (16). There are many components involved in cellular copper homeostasis maintenance, including (1) transporters mediating copper absorption, such as copper transporter receptor 1 (Ctr1) (also called SCL1A1), copper transporter receptor 2 (Ctr2), divalent metal transporter 1 (DMT1); (2) enzymes guiding copper ion efflux, such as copper-transporting ATPase 1 (ATP7A) and copper-transporting ATPase 2 (ATP7B); (3) biomolecules that sequester and store copper, such as metallothionein (MT), glutathione (GSH); (4) copper chaperones, such as copper chaperone for superoxide dismutase (CCS), antioxidant protein 1 (Atox1), cytochrome c oxidase copper chaperone 17 (Cox17), which direct copper to copper dependent enzymes and transport copper to organelles that requiring copper (16).

A major contributor involved in copper uptake in mammals is Ctr1 (17). It is now generally accepted that Ctr1 transports Cu+ in a high affinity manner (18, 19), however in mammalian enterocytes the copper ion is in the form of divalent copper (Cu2+), which can be directly transported by divalent metal transporter 1 (DMT1) but cannot be directly utilized by cells (20). Thus enterocytes produced intracellular reductases such as steap2/3/4 to reduce cell surface Cu2+ to Cu+ and then Cu+ can be transported by Ctr1 (21) (Figure 1).




Figure 1 | A diagram of cellular copper transport and metabolism. Extracellularly, copper exists as Cu2+. The cellular reductases protein family Steap proteins (mainly Steap 2/3/4) reduce Cu2+ to Cu+, which is transported into the cell via Ctr1, and a fraction of Cu+ is targeted to cytosolic SOD1 by the copper chaperone CCS to scavenge free radicals. A fraction of Cu+ is delivered by the copper chaperone Cox17 to the mitochondrial Cox to generate ATP. A portion of Cu+ is delivered to ATP7A/B of the trans Golgi network by the copper chaperone Atox1, which promotes cuproproteins (CuPrs) assembly and secretion. The remaining excess Cu+ is sequestered by metallothionein (MT). There are copper sensors in the nucleus that respond to changes in copper concentration through regulating MT1 and MT2 gene transcriptions. In enterocytes, ATP7A migrates to the plasma membrane to pump Cu+ into the blood. In hepatocytes, ATP7B pumps Cu+ into the bile.



Copper ions are transported to specific locations after entering the cell via utilization or detoxification pathways, and excess copper will be sequestered by copper storage proteins such as MT and GSH (22). The intracellular trafficking of copper is mediated by copper chaperones, such as CCS, Atox1, Cox17. These copper chaperones assist copper in reaching vital destinations without inflicting damage or becoming trapped in adventitious binding sites (23) In the cytoplasm, CCS mediates Cu+ loading and activation of superoxide dismutase 1 (SOD1) (24). The chaperone Cox17 mainly functions to transfer copper to Sco1, Sco2, Cox11 (25), and Sco1/2 plays an important role for cytochrome c oxidase (Cox) formation (26). The role of Atox1 is to bind Cu+ and deliver it to P1B type ATPases (27), which includes ATP7A and ATP7B with important roles in the systemic distribution of copper ions.

Excessive copper ion accumulation in cells may generate ROS, causing oxidative damage to cells. Thus, the excess Cu+ will be bound by MT or GSH, maintaining the concentration of intracellular Cu ions within a suitable range (16). The copper ion export in mammals is dependent on large multi transmembrane proteins ATP7A and ATP7B (16). There are multiple routes for copper ions transport out of the cell. For example, copper ions in intestinal epithelial cells enter the blood directly via ATP7A, and ATP7B in hepatocytes pumps copper ions into the bile (16) (Figure 1).



2.2 Copper deficiency and copper overload

Copper metabolism is meticulously controlled in living organisms to maintain the level of copper in a reasonable range. Defects in molecules involved in copper metabolism will resultin disturbed copper homeostasis and related diseases. WD and MD are two typical copper disorders resulting from dysregulation of copper metabolism (28).

MD is a copper deficiency disease caused by mutations in ATP7A (28). The main function of ATP7A is to transport copper from enterocytes to the blood, where it plays a vital role in intestinal absorption of copper and renal copper reabsorption (29). Defective ATP7A impedes intestinal copper absorption, ultimately leading to severe systemic copper deficiency, as well as deficiency of cuproenzymes in tissues, such as brain. The symptoms exhibited by MD patients include neuropathy, hypopigmentation, seizures, and hypothermia (30, 31). In addition, copper deficiency can lead to impaired energy levels, increased oxidative damage, and changes in immune cell structure and function in living organisms (32).Studies have suggested that copper deficiency may result in a higher frequency of infections as well as a higher risk of cardiovascular disease (33, 34).

WD is a copper overload disease caused by mutations in ATP7B (28). The main functions of ATP7B is to transport copper to the trans Golgi to facilitate assembly and secretion of cuproenzymes (29). In addition to hepatocytes, ATP7B also acts as a copper ion exporter, excreting it into bile. Because of gene mutations, ATP7B dysfunction leads to copper ion accumulation in the liver. When the capacity of the liver for storage is exceeded, copper spills into the circulation and subsequently enters and deposits into other tissues (e.g. eye and brain), causing oxidative stress that damages the tissues (28). The typical pathological features of WD are neurological abnormalities and acute liver failure (35, 36).



2.3 Cancer and copper metabolism

Cancer has long been a research hotspot in the life sciences as well as in medicine. The incidence and mortality rates of cancer have been rising rapidly over the past few decades. It has now become the disease responsible for the largest number of deaths in the population worldwide (37). Among these, lung cancer is the most common and associated with the highest mortality in the population. The second highest incidence was for female breast cancer, followed by prostate and colorectal cancer. The top four cancers in order of mortality were lung, colorectal, stomach and liver cancer (37). Copper ion metabolism is also involved in the progression of these cancers (38).

In fact, copper in the human body has a great association with cancer, and there are a large number of medical studies showing that the serum copper levels in cancer patients, as well as in tumor tissues, can be higher or lower (mostly high) compared with normal individuals (Tables 1, 2). When tumor is removed, serum copper return to comparable levels with healthy individuals (13). In several serum medical detections of breast cancer patients, it was found that copper levels were significantly elevated in the serum of breast cancer patients compared with the healthy population (51). Similarly, elevated levels of copper have been reported in the serum of patients with oral cancer (47), gallbladder cancer (46), liver cancer (49), pancreatic cancer (57), and prostate cancer (61). Serum copper levels were found to be decreased in the serum of patients with certain cancers, such as colorectal cancer (56) and endometrial cancer (68). In colorectal and breast cancer, increased serum copper levels correlated with cancer staging and progression (69). And serum elevated copper levels are also associated with hematological malignancies either in relapse or in disease progression (70). Because of the variation of serum copper levels in cancer, it may be used as an indicator to diagnose certain tumors. The Cu/Zn ratio has been widely recognized as an indicator for the auxiliary diagnosis of tumors, and we summarized most up-to-date evidence of Cu/Zn ratio in the diagnosis of cancers (71, 72).


Table 1 | Copper level variation in cancer tissues among different cancers.




Table 2 | Copper level variation in the serum of different cancers.



An increasing number of existing studies have demonstrated that copper is critical for the development of cancer not only as a component to maintain cell function, but also as a central hub in cell signaling pathways involving cell proliferation, angiogenesis, and metastasis (73). Cu+ is redox active and is able to promote the production of ROS and thereby activate tumor signaling, leading to tumor proliferation (69). In part, studies of the relationship between co-binding proteins (or chaperones) and cell proliferation identified that Atox1, a copper dependent transcription factor, promoted the expression of genes encoding cell replication (74). In recent studies, copper has also been found to have a specific role in the mitotic signaling pathway of tumorigenesis. Studies using drosophila and mouse models found that copper uptake via Ctr1 activates the mitogen activated protease kinase (MAPK) (75). Among molecules of this pathway, MEK1 is a copper binding protein that, when bound to copper ions, is able to push the MEK1-ERK interaction to promote the phosphorylation of ERK1 and ERK2, ultimately leading to carcinogenesis and promoting tumor growth (76, 77).

Copper is able to induce a number of proangiogenic responses (78), and increases proangiogenic gene expression by stabilizing nuclear hypoxia inducible factor-1 (HIF-1) (79). Copper also activates some angiogenic factors such as basic fibroblast growth factor (bFGF), tumor necrosis factor alpha (TNF-α), IL-1, IL-6 and IL-8 (80). In addition, copper stimulates the proliferation and metastasis of vascular endothelial cells (81). It directly binds to the angiogenic growth factor angiopoietin, enhancing its affinity for endothelial cells (82).

Copper is implicated in epithelial to mesenchymal transition (EMT), which is necessary for cancer metastasis (83). Increasing studies have shown that copper enhances the invasive and metastatic abilities of cancer cells through the activation of metabolic and proliferative enzymes (84, 85). For example, copper is indispensable for the activity of lysine oxidase (LOX) and lysine oxidase like (LOXL) proteins, which catalyze the cross-linking of collagen and elastin in the extracellular matrix (ECM), and create preconditions for tumor development and metastasis (86). It was found that a copper dependent redox protein named memo affected metastasis of breast cancer cells by increasing intracellular ROS levels (87). Recently, the copper chaperone Atox1 has also been shown to be essential in breast cancer cell migration (88, 89).

Copper is redox active and easily interconverts between Cu+ and Cu2+. Many important enzymes utilize this property of copper to exert their functions in redox reactions in living organisms (69). Because copper is capable of generating excess ROS, copper transporters and chaperones have evolved to regulate copper uptake, efflux, and distribution within cells (33). Dysregulation of copper metabolism may lead to oxidative stress, such as decreased SOD1 activity and increased superoxide anion in different animal models (90, 91). Copper deficiency may also increase oxidative stress in mitochondria by inhibiting cytochrome c oxidase activity (92). And the dysregulation of copper metabolism may cause cancer, as copper deficiency may have effects on the oxidative system (33). Copper is a cofactor of SOD1, and the main function of SOD is to scavenge free radicals to prevent cells from oxidative stress injury, especially playing a crucial role in scavenging ROS generated from mitochondria (93, 94). SOD protein has three isoenzymes in humans. In particular, Cu/Zn SOD (SOD1) is a SOD with a bimetallic enzymatic function, which requires copper to catalyze the reaction and zinc to increase catalytic efficiency and enzyme stability (95–98). Copper deficiency leads to reduced SOD1 activity, and reduced SOD1 activity contributes to carcinogenesis (99). Copper deficiency also alters the activity of other enzymes involved in oxidative stress as well as ROS scavengers (e.g. catalase, metallothionein) (33). Alterations in these proteins may cause deregulation of oxidative stress, overproduction of ROS as well as deregulation of oxidative stress in the body may impair DNA repair machinery which is also an important mechanism in cancer development (100).

Ceruloplasmin is involved in copper metabolism, which is the main carrier of copper in the human body, and about 90% of copper in plasma is found in ceruloplasmin. In addition, ceruloplasmin is a multi-copper oxidase that plays an important role in iron homeostasis (101). When Fe2+ exported from ferroportin, the sole iron exporter, ceruloplasmin promotes cellular iron export by oxidizing iron ion from Fe2+ to Fe3+ (102). Although ceruloplasmin synthesis and secretion are not affected by copper levels, copper deficiency may result in decreased ceruloplasmin stability and activity (103). Ceruloplasmin is also closely linked to cancer, and studies have indicated that significant ceruloplasmin gene expression occurs in many tumors and that the overall incidence of cancer is positively correlated with serum ceruloplasmin levels and may be able to serve as a prognostic marker in some cancers (104–107).




3 Copper and targeted therapy in cancer

Among current treatments for cancer, targeted therapy is considered to be highly promising because its intervention can be selectively performed on molecules and pathways involved in the growth and developmental progression of tumors (108). Considering copper as a nutrient for cancer growth, angiogenesis, and metastasis, it may be an attractive target in cancer therapy (109). Copper metal binding compounds have great potential in cancer therapy. When copper binding compounds are mentioned, copper chelators and copper ionophores come to mind.Currently, copper chelators and copper ionophores have great potential value in cancer targeted therapy.

Copper chelators are able to bind to copper and reduce its bioavailability, thereby inhibiting angiogenesis and hindering cancer growth and metastasis (110). So far, some copper chelation methods have been used in clinical trials and provided some new strategies for the treatment of cancer (111, 112). Copper chelators with anticancer activity are tetrathiomolybdate (TTM), D-penicillamine (D-Pen) and others. There are studies demonstrating TTM exerts significant efficacy in the treatment of squamous cell carcinoma (113), lung (114), breast (115) and prostate cancer (116). It is important to note, however, that copper chelators are simply anticancer and are not sufficient by themselves to kill malignant cells, therefore, it needs to be combined with other drugs to achieve a therapeutic effect that is promising for cancer (117).

Copper ionophore in contrast to copper chelators,is able to increase intracellular copper bioavailability. There are various modes of action of copper ionophores, such as DNA interaction, proteasome inhibition as well as ROS generation (69). Typical copper ionophores are chloroquinol and disulfiram (DSF), and they can release coordinately available copper in the intracellular reducing environment, increasing the bioavailability of copper inside cells (118). Chloroquinol and DSF are able to cause intracellular production of ROS and inhibit the activity of proteasomes in cancer cells, which enables apoptosis (119). Chloroquinol and disulfiram have also been shown to reduce tumor growth in models of prostate and breast cancer (120–122). Copper chelators are able to inhibit cuproptosis, whereas copper ionophores induce cuproptosis. Cuproptosis, already introduced in a previous text, is a copper dependent cytotoxicity with a unique mechanism leading to cell death (123). However, the field of copper metal binding compounds to treat cancer is still in an early stage of development, and although clinical trials have been conducted and are able to give some strategies to treat cancer, they still need to be explored further to overcome their disadvantages. The lack of selectivity for targeting cancer cells is one of the challenges in this field.

In addition, inhibiting the expression of copper transporters may provide some reference for cancer therapy. We searched through the gepia database and analyzed for survival curves between the expression levels of the copper ion transporter SLC31A1 and cancer patient survival. We found that the expression level of copper importer in cancer tissue may have a close relationship with patient survival. Analysis of the survival curves between the expression levels of SLC31A1 and cancer patient survival showed that lower SLC31A1 expression significantly increased overall survival compared with individuals with higher SLC31A1 expression in Adrenocortical carcinoma (ACC), Breast invasive carcinoma (BRCA), Brain Lower Grade Glioma (LGG), Mesothelioma (MESO), Skin Cutaneous Melanoma (SKCM) (Figure 2). The inverse association between SLC31A1 expression and patient survival suggests that excessive copper ion uptake may promote cancer progression and increase patient mortality. This correlation may provide a potential mechanism for developing novel cancer therapies through inhibition SLC31A1 expression or removal of large amounts of copper ions in tumor tissues.




Figure 2 | Survival curves for overall survival of high versus low expressing SLC31A1.(A) ACC, adrenocortical carcinoma;(B) BRCA, breast invasive carcinoma;(C) LGG, brain lower grade glioma;(D) MESO, mesothelioma. The overall survival rate of low expression of SLC31A1was significantly higher than that of high expression of SLC31A1. SLC31A1, solute carrier family 31 member 1 (copper ion transporter); HR, hazard rate. (http://gepia.cancer-pku.cn/index.html; Accessed 10 October 2022).





4 Cuproptosis

Recently, a novel mode of cell death was discovered by Tsvetkov et al. (15). It is a copper-dependent, regulated, distinct from other known cell death regulatory mechanisms, and this copper-dependent manner of death has been termed “cuproptosis”. Heavy metal overload such as iron will cause deleterious effect on cells. An example is ferroptosis, an iron-dependent form of cell death caused by unrestricted lipid peroxidation (124). Cuproptosis results from mitochondrial stress. Copper can directly bind to ester acylated components of the tricarboxylic acid cycle, with subsequent aggregation of copper bound lipidated mitochondrial enzymes and loss of iron sulfur protein clusters, finally leading to the occurrence of cuproptosis (15).

The exact regulatory mechanism of copper induced cell death still needs further elucidation, although various pathways have been proposed, including induction of apoptosis, induction of reactive oxygen species, inhibition of the ubiquitin proteasome system. Currently in the study of Tsvetkov et al. (15), it was demonstrated that the mechanism of cuproptosis involves a copper ionophore named “elesclomol”, which can bind Cu2+ in the extracellular environment and transport Cu2+ into the cells. Intracellularly, several critical genes are involved in this process. FDX1 gene encodes a reductase ferredoxin 1 reducing Cu2+ to Cu+. DLAT gene encodes an enzyme called dihydrolipoyl transacetylase that is a part of pyruvate dehydrogenase involved in the tricarboxylic acid cycle and is a protein target for lipidation. FDX1 is a key regulator of cuproptosis and an upstream regulator of protein lipoylation. On the one hand, FDX1 promotes lipoylation of pyruvate dehydrogenase, and Cu2+ directly binds to lipoylated proteins (mainly DLAT), followed by aberrant oligomerization of DLAT, resulting in tricarboxylic acid cycle (TCA) inhibition, and on the other hand, FDX1 reduces Cu2+ to Cu+, leading to inhibition of iron sulfur protein clusters synthesis, disruption of iron sulfur protein clusters stability, and ultimately leads to proteotoxic stress and cell death (Figure 3).




Figure 3 | A diagram of the simple mechanism of cuproptosis. Elesclomol imports Cu2+ into the cell, and then reduced to Cu+ by FDX1. Cu+ binds to lipoylated components of the mitochondrial TCA cycle, promoting lipoylated protein aggregation followed by a decrease in iron-sulfur cluster proteins, thereby inducing proteotoxic stress, leading to cell death. ES, elesclomol; FDX1, ferredoxin 1; DLAT, dihydrolipoyl transacetylase; TCA, tricarboxylic acid cycle.



Cancer cells can evade the regulated cell death pathway, which is also one of the important hallmarks of cancer. Currently, one of the major challenges in cancer therapies is the escape of cancer cells from cell death pathways. The discovery of cuproptosis will provide a novel target to overcome the resistance of cancer cells for cell death. Existing evidence indicates that the Cu2+ carrier, elesclomol, can kill specific drug-resistant cancer cells (125). In recent studies on lower grade gliomas (LGG), arguing that copper death may serve as a potential therapeutic target for LGG (126). Researches have shown that cuproptosis related genes may play a great role in the diagnosis and prognosis of some types of cancer. In the research of pancreatic adenocarcinoma (PAAD) by Huang et al., the cuproptosis-related gene index (CRGI) was developed through machine algorithm, and its immunological characteristics were studied by exploring its impact on the expression of immune checkpoints, prospective immunotherapeutic response, etc. A new CRGI was identified and verified, and the cuproptosis-related gene was found to be a reliable diagnostic biomarker in PAAD (127). Sha et al., in a study of triple-negative breast cancer (TNBC), identified two clusters of cuproptosis related genes (CRG) with features of immune cell infiltration and demonstrated that the CRG signature may be used to assess tumor immune cell infiltration, clinical features, and prognostic status. Their study has shown the potential effect of CRG on the tumor microenvironment (TME), clinicopathological characteristics, and prognosis of TNBC which are potential tools for predicting patient outcomes (128). In the study of clear cell renal cell carcinoma (ccRCC), Wang et al. found that ccRCC samples had significantly lower FDX1 expression levels than normal tissue samples and lower FDX1 gene expression levels were strongly associated with higher cancer grades and more advanced tumor-node-metastasis stages. The results of multivariate and univariate analyses indicated that ccRCC patients with low FDX1 expression had shorter overall survival (OS) than those with high FDX1 expression. The study illustrates that in ccRCC, reduced FDX1 expression is associated with disease progression, poor prognosis and dysregulated immune cell infiltration which illustrates that the cuproptosis related gene may serve as a potential prognostic predictor for ccRCC patients and may provide new insights into cancer treatment (129, 130). Zhu et al. performed a comprehensive analysis of cuproptosis related molecular patterns in 1274 colorectal cancer specimens based on 16 cuproptosis regulators and revealed a novel cuproptosis related molecular pattern associated with TME phenotypes, and the formation of a cuproptosis score will further enhance the understanding of TME characteristics and instruct a more personalized immunotherapy schedule in colorectal cancer (131). Lv et al. explored the association of cuproptosis related genes with skin cutaneous melanoma (SKCM) prognosis by accessing and analyzing a public database, and found that 11 out 12 genes were upregulated in melanoma tissues and three genes (LIPT1, PDHA1, and SLC31A1) were of predictive value for melanoma prognosis. Further exploration found that LIPT1 expression was increased in melanoma biopsies and was an independent favorable prognostic indicator for melanoma patients (132). Zhang et al. integrated a set of bioinformatics tools to analyze the expression and prognostic significance of FDX1, a key regulator of cuproptosis. The cuproptosis related risk score (CRRS) was derived by correlation analysis. The metabolic features, mutation signatures, and immune profile of CRRS-classified hepatocellular carcinoma (HCC) patients were investigated, and the role of CRRS in treatment guidance was analyzed. FDX1 was found to be significantly downregulated in HCC and its high expression was associated with longer survival time. HCC patients in the high CRRS group had significantly worse OS and enriched in tumor related pathways. Mutational analysis revealed that several tumor suppressors such as tumor protein P53 (TP53) and Breast cancer susceptibility gene 1 (BRCA1) -associated protein 1 (BAP1) were mutated at a higher frequency in high CRRS HCC patients, illustrating that cuproptosis related signatures are helpful in predicting prognosis and guiding the treatment of HCC patients (133). There are also scientists building a liver cancer prognosis model based on cuproptosis related mRNAs and lncRNAs, which can effectively predict the potential survival of liver cancer patients as well as evaluate the infiltration of immune cells, tumor mutation burden, and sensitivity to antitumor drugs in liver cancer (134). Li et al. systematically evaluated cuproptosis patterns in bladder cancer (BLCA) patients based on 46 cuproptosis related genes and correlated these cuproptosis patterns with TME phenotypes and immunotherapy effects. For the evaluation of individual patients, a cuproptosis risk score (CRS) for prognosis and a cuproptosis signature for precise TME phenotypes and immunotherapy efficacy prediction were constructed. Finally, it was demonstrated that CRS and cuproptosis signature have potential roles in predicting prognosis and immunotherapy efficacy in BLCA (135). A pan-cancer analysis revealed that transcription and protein expression of FDX1 was significantly reduced in most cancer types, and furthermore, FDX1 expression levels were closely correlated with immune cell infiltration, immune checkpoint genes, and immune regulatory genes to some extent. Due to its important role in tumorigenesis and tumor immunity, FDX1 can serve as a potential therapeutic target and prognostic marker in various malignancies (136–138). Altogether, putting the discovery of cuproptosis may provide a new strategy for cancer prognosis as well as treatment.



5 Conclusion and perspective

Copper plays an irreplaceable role as a micronutrient in the human body, and both deficiency or overload of copper in the body can negatively affect the human body, therefore, the mechanism of copper metabolism in cells keeps copper at a stable level to achieve copper homeostasis. Copper metabolism is also closely associated with cancer development, and copper is able to affect cancer cell proliferation and metastasis. Intracellular copper has a great connection with cancer, therefore, targeting copper in cancer therapy may play a great role. Currently, using copper complexes for cancer treatment, copper chelators with copper ionophores are two good choices, but the efficacy of copper chelators alone is not significant, and copper ionophores are still in the development stage, which also lack selectivity for targeting cancer cells. Therefore, improving selectivity against cancer cells is a worthy goal of investigation in the future. In a recent study on cell death, a novel concept cuproptosis, which is a copper dependent cell death induced by copper, was proposed, and the exact regulatory mechanism of this novel regulated cell death still needs to be continued to be explored. The proposal of cuproptosis presents a new avenue for the treatment of cancer.

It has a link between copper metabolism and cuproptosis. The dysregulation of copper metabolism in the body, such as copper overload may lead to cuproptosis. In addition, cuproptosis also offer a novel strategy for targeted cancer therapy. Copper metabolism and cuproptosis is worthy of further exploration and application to conquer cancer in clinic.
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As a relic of ancient bacterial endosymbionts, mitochondria play a central role in cell metabolism, apoptosis, autophagy, and other processes. However, the function of mitochondria-derived nucleic acids in cellular signal transduction has not been fully elucidated. Here, our work has found that Y-box binding protein 1 (YB1) maintained cellular autophagy at a moderate level to inhibit mitochondrial oxidative phosphorylation. In addition, mitochondrial RNA was leaked into cytosol under starvation, accompanied by YB1 mitochondrial relocation, resulting in YB1-bound RNA replacement. The mRNAs encoded by oxidative phosphorylation (OXPHOS)-associated genes and oncogene HMGA1 (high-mobility group AT-hook 1) were competitively replaced by mitochondria-derived tRNAs. The increase of free OXPHOS mRNAs released from the YB1 complex enhanced mitochondrial activity through facilitating translation, but the stability of HMGA1 mRNA was impaired without the protection of YB1, both contributing to breast cancer cell apoptosis and reactive oxygen species production. Our finding not only provided a new potential target for breast cancer therapy but also shed new light on understanding the global landscape of cellular interactions between RNA-binding proteins and different RNA species.
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Introduction

Mitochondria own a circular 16.6-kb DNA genome encoding two ribosomal RNAs, 22 transfer RNAs, and 13 open reading frames for electron transport chain complex subunits (1). During energy production, mitochondria participate in numerous metabolic reactions, such as tricarboxylic acid cycle and oxidative phosphorylation, and some intermediate metabolites are indispensable for cell proliferation and survival (2), but some by-products, such as reactive oxygen species, are harmful for most cells (3, 4). In recent years, more and more evidence indicated that there is a close relationship between cancer occurrence and mitochondria. Various studies have shown that mitochondria play a vital role in maintaining cancer cell stemness and drug resistance because of the ability of this organelle to modify cell metabolism, allowing survival and avoiding apoptosis clearance of cancer cells (5). Additionally, cancer cells can hijack the mitochondria from immune cells via building physical nanotubes to evade immune surveillance (6). Therefore, diving into studying the mechanisms underlying mitochondria-mediated signal flux is of great significance for understanding cellular homeostasis and cancer pathogenesis.

Y box binding protein 1 (YB1) is a member of the highly conserved cold-shock domain protein family with multifunctional properties and located in the cytoplasm and nucleus (7). Because cold-shock domains always endow proteins with the RNA/DNA binding ability (8), YB1 was implicated in various cellular processes, including transcription regulation, RNA splicing, translation, and RNA stability (9). In recent years, it was found that YB1 was upregulated in many kinds of cancers and usually indicated dismal clinical outcomes for cancer patients (10). In breast cancer cells, YB1 was aberrantly upregulated in ER-positive stem-like cancer cells. Through directly interacting with ERα, YB1 promoted ERα degradation, resulting in cancer stem cell differentiation (11). Upon DNA damaging agent exposure, YB1 was phosphorylated at the serine 102 residue by ribosomal S6 kinase and transported into the nucleus from cytosol to initiate the transcription of a set of drug-resistant and DNA repair genes (12, 13). During cancer metastasis, YB1 enhances HIF1a protein expression by directly binding to and activating translation of HIF1a message RNA (14). In addition, the transcriptions of some cell adhesion and extracellular matrix interaction proteins were also directly targeted by YB1 (15). Benefiting from the development of the RNA-seq technique, it has become accessible for us to read RNA modifications at a single-nucleotide resolution. At the same time, the novel function of YB1, as an RNA modification “reader,” was also uncovered in a lot of cancer cells (16). Through interacting with other partners, m5C and m6A modifications on tRNAs or mRNAs can be recognized by YB1 (17, 18). It is believed that new YB1-targeted drugs for cancer therapy will get more attention on this research background.

According to endosymbiosis theory, mitochondria originated from procaryotic organisms, indicating that mitochondrial nucleic acid elements and gene expression mechanisms are different from those that worked in the eukaryotic nucleus (19). It has been reported that mitochondrial DNA release via the permeability transition pore can trigger cellular inflammation through activating the cGAS/STING signaling pathway (20), but the downstream effects of mitochondrial RNA accumulation in cytosol are still elusive. In our study, we have found that upregulated YB1 in breast cancer cells increased cell tolerance to environmental stress through promoting autophagy and evading apoptosis-mediated cell clearance. Serum starvation induced mitochondrial RNA leakage and initiated the transport of YB1 into mitochondria. These mitochondria-derived RNAs competitively replaced YB1 original bound transcripts and reduced their half-life time, resulting in cancer cell inhibition and mitochondrial dysfunction.





Materials and methods




Cell culture

MDA-MB-231 breast cancer cells and HEK293T cells were purchased from Shanghai Cell Collection, Chinese Academy of Sciences. The cells were cultured in Dulbecco’s modified Eagle’s medium (Gibco, USA) supplemented with 10% fetal bovine serum (Gibco, USA) at 37°C in a humidified atmosphere with 5% CO2.





Quantitative real-time PCR

Briefly, total RNAs were extracted from cells or tissues using an RNA isolation kit (Yeasen Biotech Corporation, Shanghai, China), and the complementary DNA was synthesized with a Reverse Transcription kit (Yeasen, Shanghai, China) according to the manufacturer’s instructions. Each gene RNA expression level was detected in SYBR Master Mixture with specific primers (listed in Supplemental Table 1). The relative expression levels of genes were calculated using the △△Ct method, and GAPDH (glyceraldehyde-3-phosphate dehydrogenase) was used as an internal normalization.





Western blot

Cells were harvested in Western blot/IP lysis buffer (Beyotime, Beijing, China) and subjected to sonication. Then, the protein lysate was separated in 12% SDS-PAGE and electrotransferred to a polyvinylidene fluoride (PVDF) membrane (Millipore, USA). After incubation in blocking solution (5% skim milk) for 2 h, the membrane was incubated with a primary antibody at 4°C overnight. Subsequently, the membrane was incubated with secondary antibodies conjugated with horseradish peroxidase (Yeasen, China) for 1 h at room temperature and the signal of protein bond was detected using ECL chromogenic solution (Yeasen, China).





Cell proliferation assay

Around 3,000 cells were seeded in each well of a 96-well plate and subjected to different treatments. At different times after seeding, each well was added with 10 μl MTS substrate (Promega, USA), followed by incubation at 37°C for 2 h. Then, the light absorbance of the plate at 480 nm was recorded by a microplate reader.

For cell colony formation assays, 1,000 cells were seeded into each well of a six-well plate and cells allowed to proliferate for 1 week. After fixation with 4% paraformaldehyde, the cells were stained with crystal violet solution for 20 min and the cell number was counted under a microscope.





Lentiviral transfection

The plasmids of psPAX, pMD2G, and shRNA-containing constructs (Vigene Biosciences, USA) were co-transfected into HEK293T cells simultaneously. At 48 h after transfection, the cell culture supernatants containing virus particles were collected and filtered with a 0.22-μm membrane. Then, the virus liquid was added to cancer cell culture medium, allowing virus infection for 24 h. The puromycin-resistant cancer cells were isolated through treating cells with 5 μg/ml of puromycin (MCE, USA) for 1 week. The shRNA-mediated target gene knockdown efficiency was demonstrated by Western blot and quantitative real-time PCR.





Cell cycle

Cells were fixed with 70% ethanol and stored at −20°C overnight. After being rinsed with PBS, the cells were treated with RNase A (20 µg/ml) for 40 min at 37°C, followed by incubation with propidium iodide (Sangon, Shanghai, China) at 37°C for 20 min. Then, the fluorescence intensity for each sample was analyzed by flow cytometry (BD, USA).





Cell apoptosis detection

After centrifugation, cells were collected and stained with FITC Annexin V and propidium iodide using cell apoptosis detection kit (Beyotime, China) according to the manufacturer’s instructions. After rinsing, the signals of cells were analyzed by flow cytometry (BD Biosciences, USA) immediately.





Transwell assays

Around 4 × 104 cells cultured in serum-free medium were seeded into the upper chamber (8-μm pore size, Corning, USA), and the bottom well was added with 1 ml complete culture medium. At 48 h after incubation, the cells were fixed with 4% paraformaldehyde and stained with crystal violet solution. ImageJ, an image analysis software, was used to count the cell numbers for each experiment.





Wound-healing assays

For this assay, around 2 × 105 cells/well were seeded into a 12-well plate, allowing cells to proliferate up to around 90% confluence. The cell monolayer was scratched using a tip and washed with serum-free medium to remove detached cells. Then, the cells were cultured in complete medium and photographed at indicated times.





Mitochondrial activity detection and ROS investigation

Mitochondrial activity was detected using MitoTracker dye (Beyotime, Beijing, China) according to the manufacturer’s instructions. Briefly, cells were seeded into a six-well plate 1 day before detection, and 1 µl MitoTracker dye was added into 5 ml DMEM cell culture medium to prepare cell staining solution. After mixing well, the mixture was added into each well and incubated with cells at 37°C for 90 min. Then, the cells were subjected to flow cytometry detection and fluorescence photographing. The procedure for ROS investigation was similar to the abovementioned steps, and a cellular ROS level detection kit was purchased from Beyotime Biotechnology.





Mitochondrial isolation

Mitochondria were isolated from cancer cells using a cellular mitochondria isolation kit (Beyotime, China) according to the manufacturer’s instructions with some modifications. After trypsin treatment, around 1 × 107 cells were collected and rinsed with PBS for twice. Then, the cells were resuspended with 4 ml prechilled solution I (containing 1mM PMSF) and stored on ice for 10 min. Then, the cells were homogenized in a prechilled Dounce homogenizer and centrifuged at 800g for 10 min at 4°C to remove cell debris. Mitochondria were sedimented at 13,000g for 10 min at 4°C, and the mitochondria-removed supernatant was collected. Subsequently, the rough mitochondrial fraction was washed with prechilled solution I and centrifugated at 13,000g for 10 min again. Purified mitochondria were incubated with digitonin on ice for 30 min at the indicated concentration. After resuspension in 1 ml solution I, mitoplasts were collected through centrifugation at 18,000g for 10min at 4°C.





Fluorescence in situ hybridization and immunofluorescence

RNA fluorescence in situ hybridization (FISH) was performed with an RNA FISH kit (RiboBio, Guangzhou, China) according to the manufacturer’s instructions with minor modifications. After MitoTracker staining, cells were fixed with 4% formaldehyde for 10 min at room temperature. Then, the cells were permeabilized with 70% ethanol at 4°C overnight and dehydrated through 80, 90, and 100% ethanol. After pre-hybridization at room temperature for 30 min, the cells were incubated with hybridization buffer containing a 40-nM RNA probe (Generay, Shanghai, China) at 75°C for 5 min to allow RNA denaturation. Then, the cells were subjected to hybridization overnight at room temperature. Finally, the slides were washed with 4× SSC, 2× SSC, and 1× SSC buffer successively at room temperature.

After the finishing RNA FISH process, the slides were blocked with blocking solution (PBS + 0.5% bovine serum albumin) at room temperature for 1 h and incubated with the indicated primary antibodies for 2 h. After washing with PBS, the secondary antibodies with fluorescence modifications (Thermo Fisher, USA) were added and incubated for another 2 h. Finally, the nucleus was stained with DAPI (RiboBio, China) at room temperature for 10 min for microscopic observation.





RNA-associated immunoprecipitation

After centrifugation, around 1 × 107 cells were collected and resuspended in 1 ml RNase-free RIPA lysis buffer (Beyotime, China) containing 1 U/µl RNase inhibitor (Promega, USA). After cell lysis, whole-cell lysate was subjected to centrifugation at 12,000g for 10 min and the supernatant was divided into two aliquots. One aliquot was incubated with YB1 antibodies (Abmart, Shanghai, China) overnight at 4°C, and another aliquot was added with equivalent IgG isoforms as control. After incubation, the anti-YB1–RNA complex was precipitated with Protein G Agarose beads (Beyotime, China). After washing with RIPA lysis buffer for five times, the RNA bound to YB1 proteins was purified from the sedimented Agarose beads using the TRIzol RNA isolation kit (Yeasen Biotech Co., Shanghai, China), followed by quantitative real-time PCR.





Protein stability

To measure protein stability, cells were treated with cycloheximide (CHX, final concentration 100 μg/ml, MCE, USA) to block the translation process. Cell samples were collected at indicated time points. In addition, to exclude the influence of protease-mediated protein degradation, MG132 (final concentration 50 μg/ml, MCE, USA) was added into the cell culture medium to inhibit protease activity for 8 h. The inhibitory efficiency was detected by Western blot.





Animal models

Around 5 × 106 cancer cells suspended in 800 μl PBS were mixed with Matrigel (Yeasen, China) at a volume ratio of 3:1. Then, 200 μl cell mixture was administered into each 4-week-old female BALB/c nude mouse by subcutaneous injection (n = 5). The width and length of tumor burdens were monitored weekly. When the tumor length was larger than 1 cm, all of the mice were sacrificed and the solid tumors were collected for the next investigation.





Online data mining

The evaluation of YB1 expression in breast clinical specimens and associated patient survival rate was achieved through referring to the GEPIA database (21) (http://gepia.cancer-pku.cn/), KM plotter (22) (http://kmplot.com/analysis/), TNM plotter database (23) (https://www.tnmplot.com/), GENT2 (24) (http://gent2.appex.kr/gent2/), and TIMER (http://timer.cistrome.org/) (25). A protein–RNA interaction model was established by SWISS-MODEL (https://swissmodel.expasy.org/) (26).





Statistical analysis

Software GraphPad Prism 8 was used for data processing and analysis. Samples with two groups were analyzed with Student’s t test, and samples of more than two groups were calculated with one-way ANOVA. When p < 0.05, the results were regarded as statistically significant.






Results




The upregulation of YB1 in breast cancerous tissues was associated with poor clinical outcomes

Previously, we have revealed the important role of YB1 in maintaining the stemness of melanoma stem cells, but the specific molecular mechanism whereby YB1 functions in breast cancer is still needed to be elucidated. Before exploring the function of YB1 in breast cancer, the relationship between YB1 and clinical outcomes was analyzed through referring to online databases. Compared with normal tissues, breast cancerous tissues showed higher YB1 expression, and the highest expression level of YB1 was presented in metastatic breast cancerous tissues (Figure 1A). In addition, the level of YB1 increased significantly with the aggravation of clinical staging (Figure 1B) and malignancy (Figure 1C). These data helped us build a close connection between YB1 expression and the progression of breast cancer. Benefiting from the availability of online databases, Kaplan–Meier survival rates for patients with low or high YB1 expression levels were plotted. No matter at the mRNA level or protein level, patients with lower YB1 expression usually have prolonged survival time compared with those with higher YB1 levels (Figures 1D, E), and this trend becomes more obvious especially for patients diagnosed with basal or triple-negative breast cancer (Figure 1F). Furthermore, immunohistochemical analysis showed that solid tumors have a higher YB1 expression level compared with pericancerous tissue (Figure 1G), which is consistent with the results from database. All the above mentioned data revealed YB1’s tumor-promoting nature and raised the potential of YB1 used as an indicator for breast cancer diagnosis.




Figure 1 | The upregulation of YB1 in breast cancerous tissues was associated with poor clinical outcomes.(A) Relative expression of YB1 in normal or cancerous tissues of patients with breast cancer. The expression level of YB1 in metastatic cancerous tissues was specifically elevated compared with normal or non-metastatic tissues (https://tnmplot.com).(B) Expression level of YB1 in breast cancer patients under different clinical stages (http://gent2.appex.kr/gent2/).(C) The relationship between YB1 expression and breast cancer types (http://gent2.appex.kr/gent2/).(D-F) Kaplan–Meier survival rates for patients with breast cancer stratified by YB1 expression. The survival rates for patients were plotted separately according to YB1 expression at the mRNA(D) or protein level(E) (http://kmplot.com/analysis/). The most remarkable difference emerged in patients with basal-like/triple-negative breast cancer(F).(G) Immunohistochemical analysis of YB1 in solid tumors. Paired paracarcinoma and carcinoma tissues were excised from the same patient with breast cancer.







YB1 depletion inhibited breast cancer cell proliferation and migration

In order to characterize the function of YB1 in breast cancer, breast cancer cell lines (MDA-MB-231) with stably decreased YB1 were established using lentivirus-mediated shRNA transfection. Quantitative real-time PCR and Western blot results demonstrated the good inhibitory efficiency of shRNAs on YB1 expression at the mRNA level and protein level (Figures 2A, B), respectively. Colony formation assays showed that the clonogenicity of breast cancer cells was significantly attenuated by YB1-silenced expression (Figure 2C). In addition, the role of YB1 in regulating cancer cell migration and invasion was also investigated using wound-healing and Transwell assays. The results showed that YB1 inhibition significantly impaired the invasion and migration ability of breast cancer cells (Figures 2D, E), further indicating the onco-promoting role of YB1. To further elucidate the mechanism of YB1-regulated cancer cell proliferation, cell-cycle and apoptosis levels were investigated. Flow cytometry analysis showed obvious S-stage cell-cycle arrest and increased apoptosis in cancer cells with decreased YB1 expression compared with the control groups (Figures 2F, G). All the above mentioned data indicated that YB1 functions as an oncogene in promoting breast cancer progression through regulating cell proliferation and migration.




Figure 2 | YB1 depletion inhibited breast cancer cell proliferation and migration.(A, B) Knockdown efficiency of YB1-targeted shRNAs in breast cancer cells (MDA-MB-231) at the mRNA level and protein level. β-Tubulin was used as a loading control. The experiment was repeated three times, **P < 0.01.(C) Colony formation assay was performed to investigate the influence of YB1 depletion on cancer cell proliferation. The experiment was repeated three times, **P < 0.01.(D, E) The function of YB1 on cell migration ability was investigated using wound-healing and Transwell assays. Scale bar, 100 μm.(F) YB1 expression silence induced obvious S-stage cell-cycle arrest in breast cancer cells. The cell cycle was investigated through flow cytometry.(G) The influence of YB1 knockdown on cell apoptosis detected by flow cytometry. Experiments were repeated three times.







The role of YB1 in regulating cell apoptosis and autophagy

To further explore the function of YB1 in breast cancer cells, the cellular distribution pattern of YB1 should be clarified. Here, we found that the majority of YB1 proteins was localized in cytoplasm. An obvious co-localization of YB1 with mitochondrial outer membrane marker TOM20 was also observed (Figure 3A). To figure out whether YB1 was imported into the mitochondrial matrix, the purified mitochondria were isolated from breast cancer cells using differential ultracentrifugation. Western blot results showed that YB1 existed in purified mitochondrial fraction even when the outer membrane was removed through digitonin treatment (Figure 3B), indicating that YB1 may localized to the mitochondrial matrix. The abovementioned data shed light on the potential interaction between YB1 and mitochondria; therefore, the influence of YB1 on mitochondrial activity was investigated. Quantitative real-time PCR data showed no difference in mitochondrial gene expressions in cancer cells with or without YB1 silence (Figure 3C). The status of mitochondria was investigated through loading the MitoTracker-specific probe into active cancer cells. It is surprising to find that YB1 depletion induced significantly enhanced mitochondrial membrane potential indicated by the evident fluorescence intensity shift (Figure 3D). In addition, the distribution of mitochondria was also disrupted by YB1 silence and more mitochondria were accumulated in the perinuclear region; fewer mitochondria localized to the cellular outer region compared with control cancer cells that showed randomly distributed mitochondria in cytoplasm (Figure 3D). In agreement with increased mitochondrial membrane potential, the levels of reactive oxygen species in YB1-silenced cells were also increased compared with the control group (Figure 3E). All of these data indicated the indispensable role of YB1 in regulating mitochondrial network formation in breast cancer cells.




Figure 3 | YB1 participated in balancing autophagy and cell apoptosis.(A) The co-localization of YB1 (green) with mitochondria (red) in breast cancer cells. Mitochondria were marked with TOM20 (red), and nuclei were stained with DAPI. Scale bars, 5 μm.(B) The protein level of YB1 in different mitochondrial fractions. Digitonin dose-dependently dissolved the mitochondrial outer membrane. The residual proteins were digested with protease K NDUFA9, inner membrane protein marker; LRPPRC, mitochondrial matrix localized protein.(C) Relative expressions of mitochondrial genome-encoded genes. The experiment was repeated three times. **p < 0.01.(D) The activity of mitochondria was investigated using flow cytometry. Mitochondria were labeled with MitoTracker dye; the fluorescence signal intensity was analyzed. Scale bar, 10 μm.(E) The influence of YB1 knockdown on cellular reactive oxygen species. Scale bar, 10 μm.(F) YB1 knockdown reduced the cellular basic autophagy level in breast cancer cells.(G) The mTOR signaling pathway was activated in cells with deleted YB1.(H, I) YB1-silenced expression failed to induce autophagy under starvation but significantly increased cell apoptosis.



Mitochondria are a cellular powerhouse that plays a fundamental role in energy production and cell survival, including cell apoptosis and autophagy. Here, Western blot results demonstrated that YB1 depletion significantly reduced the expression of LC3 (Figure 3F), a well-known protein marker for autophagy. By analyzing the innate signaling pathway participating in autophagy regulation, we found that the phosphorylation of mTOR was increased triggered by YB1 knockdown (Figure 3G), suggesting that YB1 might target mTOR for autophagy initiation. One of the well-established roles of mTOR is to promote anabolic cellular metabolism by suppressing autophagy. Considering that starvation can induce cell autophagy, we starved the cells through withdrawing serum from the cell culture medium for 24 h to determine if YB1 influences the homeostasis of mitochondria. Western blot results implied that starvation induced obvious autophagy in control cells, but not in cells with decreased YB1. In addition, YB1 knockdown impaired the expression of cell apoptosis inhibitors under starvation conditions (Figure 3H). Consistent with Western blot results, flow cytometry analysis demonstrated that starvation treatment induced cell apoptosis more easily in YB1-silenced cells than in control cells (Figure 3I), highlighting the important role of YB1 in balancing cell apoptosis and autophagy.





YB1 directly interacted with mitochondrial RNA

The function of YB-1 is underlain by its ability to interact with nucleic acids and proteins to form a heterocomplex. The co-localization of YB1 with mitochondria reminds us whether the RNA binding ability of YB1 was involved in regulating the activity of mitochondria. To elucidate this possibility, RNA-associated immunoprecipitation assays were performed to reveal the YB1-bound RNA library. Coomassie brilliant blue staining and Western blot results showed benign specificity of antibodies to sediment the YB1–RNA complex (Figures 4A, B). Quantitative real-time PCR revealed a strong interaction between YB1 and mitochondrial RNA, including 12S/16S rRNA, a fraction of mRNA, and transfer RNA (MT-TF) (Figure 4C). According to the data of quantitative real-time PCR, mitochondrial transfer RNA, MT-TF(phe) with the highest confidence, was picked up and focused in the next studies.




Figure 4 | YB1 interacted with mitochondrial tRNA.(A, B) RNA-associated immunoprecipitation (RIP) assays. RIP was conducted in MDA-MB-231 cells to sediment the YB1–RNA complex; rabbit IgG was used as a negative control. The contents of immunoprecipitate were analyzed by SDS-PAGE with Coomassie staining(A) or Western blot(B).(C) Detection of mitochondrial RNA in the YB1-immunoprecipitated complex. The RNAs co-immunoprecipitated with YB1 proteins were isolated and detected using quantitative real-time PCR. YB1 distribution was detected using the mitochondrial fraction(D) and immunofluorescence(E); scale bar, 10 μm.(F) Serum-free starvation treatment increased the direct interaction between mitochondrial RNA and YB1 protein. n = 3, **p < 0.01, *p < 0.05.(G) MT-TF distribution detection using FISH. After starvation treatment, more MT-TF (red) were localized in the outside of mitochondria. Scale bar, 10 μm.(H) A YB1–RNA interaction model was built using the online SWISS-MODEL.



Subsequently, in order to investigate whether starvation treatment can influence the interaction between YB1 and mitochondrial RNA, mitochondria were isolated from cancer cells cultured under normal or starvation conditions. Western blot results showed an increased amount of YB1 in the purified mitochondrial fraction that underwent starvation (Figure 4D), consistent with the results of immunofluorescence staining (Figure 4E), indicating the transfer of YB1 into mitochondria. In addition, it is interesting to find that the amount of mitochondrial RNA was significantly increased in YB1 immunoprecipitates after starvation induction (Figure 4F). Additionally, microscope analysis observed leakage of mitochondrial RNA (MT-TF) into the cytoplasm in response to starvation treatment, which was further augmented in cancer cells with decreased YB1 expression (Figure 4G). Next, the protein–RNA interaction model was predicted using an online tool (https://swissmodel.expasy.org/). According to the secondary structure of MT-TF(Phe), a YB1 recognition motif (UCACAU) was positioned to a loop, which greatly increased the RNA accessibility for YB1 binding (Figure 4H). Collectively, these data indicated that starvation triggered the release of mitochondrial RNA into cytosol and mitochondrial import of YB1, which facilitated the interaction between YB1 protein and mitochondrial RNA.





YB1 maintained the stability of HMGA1 mRNA

Previously, a model has been proposed in which stress-induced transfer RNA fragments would be actively competing with endogenous transcripts for YB1 binding, resulting in RNA displacement and posttranscriptional regulation (27). In order to demonstrate the feasibility of this model in this cellular background, we need to clarify the species of YB1-bound endogenous transcripts. Through referring to others’ YB1-CLIP results (GSE63605), some onco-promoting gene mRNAs were found in the YB1-bound RNA library (27) and the expression levels of HMGA1 and CD151 were investigated in breast cancer cells. We have found that YB1 knockdown significantly reduced the expression of HMGA1 at the mRNA level and protein level (Figures 5B, C) but have no influence on CD151 expression, even though CD151 mRNA showed higher binding ability with YB1 protein (Figure 5A). In addition, serum-starvation treatment significantly impaired the interaction between YB1 and HMGA1 mRNA in breast cancer cells (Figure 5D). Compared with the control group, the half-life time of HMGA1 mRNA was significantly reduced in cancer cells with depleted YB1 expression (Figure 5E), indicating the important role of YB1 in regulating HMGA1 mRNA stability. To clarify whether HMGA1 was implicated in YB1-mediated cancer cell apoptosis, breast cancer cells were transfected with HMGA1-targeted siRNA and the knockdown efficiency was verified (Figure 5F). Flow cytometry analysis showed that HMGA1 silence induced significant cell apoptosis in breast cancer cells compared with the control group (Figure 5G). Correlational analysis through an interrogating online database (http://timer.comp-genomics.org/) showed a strong positive correlation between YB1 expression and HMGA1 expression in breast cancer tissues (Figure 5H). An elevated expression level of HMGA1 in cancer tissues and shorter patient survival time indicated the onco-promoting role of HMGA1 in breast cancer (Figures 5I–K). In summary, the cytosol accumulation of mitochondrial RNA and increased YB1 mitochondrial relocation induced by starvation changed YB1-bound original RNA species. Lacking YB1 protection enhanced HMGA1 mRNA degradation, which potentially induced cancer cell apoptosis and proliferation inhibition.




Figure 5 | YB1 maintained the stability of HMGA1 mRNA.(A) Detection of oncogenes in the YB1-bound RNA library through RIP assays.(B, C) YB1 knockdown significantly downregulated HMGA1 expression at both mRNA level and protein level.(D) Serum-free starvation impaired YB1 binding ability with HMGA1 mRNA. n = 3,**p < 0.01.(E) Influence of YB1 knockdown on HMGA1 mRNA degradation.(F) The expression of HMGA1 was silenced using siRNA.(G) Influence of HMGA1 knockdown on cell apoptosis. n = 3, **p < 0.01.(H) Correlation analysis of YB1 expression with HMGA1 expression in breast cancer tissues. Data were downloaded from website http://timer.comp-genomics.org.(I) Immunohistochemical analysis of HMGA1 in paired breast carcinoma and paracarcinoma tissues.(J) Analysis of HMGA1 expression in breast cancer tissues and normal tissues through referring to an online database (http://gepia.cancer-pku.cn/). *p < 0.05.(K) High expression of HMGA1 in breast cancer tissues predicts adverse clinical survival outcomes (http://kmplot.com/analysis/).







YB1 inhibited OXPHOS gene translation

Except oncogene mRNAs, YB1 was reported to preferentially bind with oxidative phosphorylation (OXPHOS) mRNAs and suppressed their recruitment from inactive messenger ribonucleoprotein particles to active polysomes, leading to OXPHOS protein translation inhibition (28). Here, NDUFA9 and SDHB, as critical genes for oxidative phosphorylation, were selected for further analysis. Quantitative real-time RCR results showed that YB1 knockdown had no influence on NDUFA9 and SDHB mRNA expressions (Figure 6A) but significantly upregulated their protein levels (Figure 6B), which offered an explanation for our previous finding that YB1 knockdown increased mitochondrial membrane potential and the cellular ROS level (Figures 3D, E). Simultaneously, starvation treatment enhanced NDUFA9 and SDHB expression in cancer cells, but the total amount of YB1 showed no difference (Figure 6C). RIP assays demonstrated the direct interaction between YB1 and NDUFA9 and SDHB mRNAs, and this interaction was impaired after starvation treatment (Figures 6D, E), indicating the functional transformation of YB1. To exclude the influence of proteasome on YB1-mediated OXPHOS protein expression, breast cancer cells were treated with MG132, an inhibitor of 26S proteasome, to block protein degradation. Western blot results showed that MG132 treatment failed to block YB1-mediated NDUFA9 and SDHB upregulation (Figure 6F). In addition, protein stability assays demonstrated that YB1 silence had no influence on the degradation ratio of NDUFA9 and SDHB (Figure 6G). All of these data indicated that YB1 regulated OXPHOS-associated protein expression at the posttranscription level in a protease-independent manner, which is in accordance with others’ findings that YB1 functions as an inhibitor during OXPHOS gene translation (28).




Figure 6 | YB1 inhibited OXPHOS gene translation.(A) The influence of YB1 knockdown on mitochondrial oxidative phosphorylation gene (NDUFA9 and SDHB) expressions at the mRNA level. n = 3, **p < 0.01.(B) YB1 expression silence enhanced NDUFA9 and SDHB protein expressions through posttranscriptional regulation.(C) The influence of starvation on DNUFA9 and SDHB expressions was investigated through Western blot.(D) YB1 directly interacted with OXPHOS mRNA. The interaction between YB1 protein and OXPHOS mRNA (NDUFA9 and SDHB) was demonstrated using RIP assay. n = 3, **p < 0.01.(E) Serum-free starvation impaired YB1 binding ability with OXPHOS mRNAs. n = 3, *p < 0.05.(F) The protein levels of NDUFA9 and SDHB were investigated in breast cancer cells with or without YB1 depletion. MG132 was used to block the proteasome-mediated protein degradation pathway.(G) The protein degradation rates of NDUFA9 and SDHB were investigated. CHX was used to block the elongation phase of eukaryotic translation.(H) The influence of MT-TF overexpression (MT-TF OE) on breast cancer proliferation was detected using MTT assay.(I) The migration ability of breast cancer was inhibited after MT-TF overexpression. Scale bar, 100 μm.(J) The expressions of NDUFA9, SDHB, and HMGA1 were investigated in breast cancer cells transfected with MT-TF.



To explore whether the RNA displacement model is suitable for OXPHOS expression, MT-TF was overexpressed in breast cancer cells through RNA transfection. Compared with the control group, MT-TF overexpression significantly inhibited breast cancer cell proliferation and migration (Figures 6H, I), which is consistent with the results induced by YB1 knockdown. Moreover, Western blot results demonstrated that MT-TF overexpression modestly increased the expression of NDUFA9 and SDHB but downregulated HMGA1 expression (Figure 6J), which indicated the universality of this model. This insignificant difference may be due to the inadequacy of transfected exogenous RNAs or the lack of an RNA secondary structure or modifications.





YB1 promoted tumorigenesis of breast cancer cells

In order to explore the role of YB1 in cancer progression, breast cancer cells with stably silenced YB1 were subcutaneously injected into nude mice, followed by monitoring tumor growth every week for 7 weeks. Our results showed that YB1 knockdown significantly suppressed tumor growth in vivo compared with the control group (Figure 7A). After mouse sacrifice, the xenografts were collected and analyzed. Solid xenografted tumors with YB1 depletion showed smaller sizes and lower weights compared with the control group (Figures 7B, C), which revealed the positive role of YB1 in breast cancer progression.




Figure 7 | YB1 promoted tumorigenesis of breast cancer cells.(A) The statistics of xenograft volume in nude mice at different times. Breast cancer cells with different YB1 expression levels were subcutaneously injected into nude mice, and the volumes of tumors were monitored at different times. n = 5, *p < 0.05, **p < 0.01.(B) The representative pictures of solid tumors collected from nude mice.(C) Solid tumor weight analysis. n = 5, **p < 0.01.(D) Immunohistochemical analysis of YB-1-regulated proteins in breast cancer xenografts. Specific antibodies were used to detect each protein (brown), and nuclei were stained with hematoxylin (blue).(E) The levels of YB1-regulated proteins in xenografts were investigated through Western blot.(F) Proposed working model for the role of starvation-induced YB1-bound RNA replacement by mitochondrial RNA in regulating cell autophagy and apoptosis in breast cancer cells.



In order to evaluate whether the RNA displacement model participated in regulating YB1-mediated cancer cell inhibition in vivo, the xenografts were subjected to immunohistochemical analysis. Compared with the control group, OXPHOS-associated factors (NDUFA9 and SDHB) showed an obvious expression increase in YB1-silenced tumors, but the expression of HMGA1 was decreased significantly (Figure 7D), suggesting the existence of an RNA displacement model in YB1-mediated breast cancer progression. In addition, according to Western blot investigation, LC3 and BCL2 were significantly downregulated in tumors with decreased YB1 (Figure 7E), but not in the control group, consistent with the finding in vitro.

Taken the abovementioned results together, we concluded that YB1 maintained cellular autophagy at a moderate level through binding with a lot of mitochondrial oxidative phosphorylation (OXPHOS) gene mRNAs to inhibit mitochondrial activity. Serum removal-mediated starvation increased the leakage of mitochondrial RNA into cytoplasm and YB1 mitochondrial relocation, resulting in YB1-bound RNA displacement. More OXPHOS and oncogene mRNAs were competitively replaced by MT-tRNA and then released from the YB1 complex. The increase of free OXPHOS mRNAs enhanced mitochondrial activity through strengthening protein translation, but the half-life time of free oncogene HMGA1 mRNA was impaired without the protection of YB1. All of these effects contributed to the downstream transformation from autophagy toward apoptosis in breast cancer cells (Figure 7F).






Discussion

Our findings revealed that upregulated YB1 protein maintained cellular native autophagy at a high level through regulating the mTOR signaling pathway to enhance cancer cell tolerance for environmental stress. Loss-of-function experiments showed that YB1 deficiency alleviated cellular autophagy, enhanced mitochondrial oxidative phosphorylation complex protein translation, and thus augmented mitochondrial activity. The mechanism underlying YB1-mediated autophagy may be a result from the binding ability of YB1 with the p110β promoter to regulate its transcription (29). Additionally, it was found that loss of YB1 decreased the mRNA stability of Pink1 and Prkn in brown adipose tissue, two key regulators of mitophagy, leading to reduced protein expression, thereby alleviating autophagy (30). Owing to the uniqueness of different cells or tissues, more effects should be paid attention to elucidate the important role of YB1 in regulating autophagy.

Evidence has demonstrated that RNA-binding proteins could capture mRNA in the nucleus and form mRNPs to suppress transcript translation during nucleus–cytosol transport (31). Here, we found that a set of mitochondrial oxidative phosphorylation complex RNA transcripts, including NDUFA9 and SDHB, were present in the YB1–RNA heterocomplex and depletion of YB1 obviously increased oxidative phosphorylation complex protein translation, concomitant with others’ previous work. Through inhibiting mitochondrial functional protein production, YB1 may coordinate with mitochondrial homeostasis between autophagy and self-renewal. On whether YB1 directly interacts with these RNAs and whether other partners are indispensable during this process, some detailed issues have yet to be delineated, which defined a new direction for our next work.

An association between YB1 and transfer RNA fragments has been reported. Under serum starvation or hypoxic conditions, cells usually yield an amount of transfer RNA fragments in a short term and then suppress the stability of multiple oncogenic transcripts in breast cancer cells by displacing their 3′ untranslated regions from the RNA-binding protein YB1 (27). This kind of posttranscription regulation function mainly relied on the recognition of YB1 for the CU box motif enriched in targeted transcripts. Studies related to tRNA-mediated cellular translation suppression had also been reported in other cells and attributed to the disengagement of translational initiation factor EIF4G1 in a YB1-dependent manner (32). Here, our findings revealed that a class of distinct RNAs, mitochondria-derived RNAs, including MT-tRNA and ribosomal RNA, participated in the process of YB1-dependent transcript translation inhibition or RNA degradation regulation. Upon exposure to serum starvation, mitochondria-derived RNAs were accumulated in cytosol and this effect was reinforced especially in YB1-depleted cells. The transport of mitochondrial RNA into cytosol induced by starvation whether depending on specific mechanisms that are in charge of regulating permeabilization of mitochondrial membrane or just from fragmented mitochondrial debris is still unknown. During mitochondrial RNA release, some oncogenic transcripts were dissociated from the YB1 complex and their RNA decay rate was accelerated. However, according to our data regarding mitochondrial oxidative phosphorylation transcripts, YB1 inhibited these mRNA translations, which is contrary to the result of oncogenic transcripts, highlighting the complex and precise regulatory role of YB1 in balancing RNA translation and degradation. Given the extensive base modifications in tRNAs and the “reader” role of YB1 (17), further studies should be performed to decipher the interaction between YB1 and RNA at the single-nucleotide resolution level.

Taken together, we proposed an RNA displacement model in which YB1-bound RNAs were replaced by mitochondria-derived RNA under stress, resulting in targeted transcript release and induced different downstream effects. From a broader perspective, we speculated that a large regulatory network consisting of small ncRNAs and various RNA-binding proteins, not limited to YB1, orchestrated cellular homeostasis in a manner that is completely distinct from the traditional miRNA-mediated broad posttranscription regulation.





Data availability statement

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





Ethics statement

The studies involving human participants were reviewed and approved by The ethics committee of Shandong Cancer Hospital. The patients/participants provided their written informed consent to participate in this study. The animal study was reviewed and approved by The ethics committee of Shandong Cancer Hospital.





Author contributions

All authors contributed to the article and approved the submitted version.





Funding

This work was supported by the Natural Science Foundation of Shandong Province (ZR2021QH336).





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.2023.1145379/full#supplementary-material




References

1. Silva, J, Aivio, S, Knobel, PA, Bailey, LJ, Casali, A, Vinaixa, M, et al. EXD2 governs germ stem cell homeostasis and lifespan by promoting mitoribosome integrity and translation. Nat Cell Biol (2018) 20(2):162–74. doi: 10.1038/s41556-017-0016-9

2. Kauppila, T, Kauppila, J, and Larsson, NG. Mammalian mitochondria and aging: An update. Cell Metab (2017) 25(1):57–71. doi: 10.1016/j.cmet.2016.09.017

3. Zhao, Q, Liu, J, Deng, H, Ma, R, Liao, JY, Liang, H, et al. Targeting mitochondria-located circRNA SCAR alleviates NASH via reducing mROS output. Cell (2020) 183(1):76–93.e22. doi: 10.1016/j.cell.2020.08.009

4. Rambold, AS, and Pearce, EL. Mitochondrial dynamics at the interface of immune cell metabolism and function. Trends Immunol (2018) 39(1):6–18. doi: 10.1016/j.it.2017.08.006

5. Garcia-Heredia, JM, and Carnero, A. Role of mitochondria in cancer stem cell resistance. Cells (2020) 9(7):1693. doi: 10.3390/cells9071693

6. Saha, T, Dash, C, Jayabalan, R, Khiste, S, Kulkarni, A, Kurmi, K, et al. Intercellular nanotubes mediate mitochondrial trafficking between cancer and immune cells. Nat Nanotechnol (2022) 17(1):98–106. doi: 10.1038/s41565-021-01000-4

7. Lyabin, DN, Eliseeva, IA, and Ovchinnikov, LP. YB-1 protein: functions and regulation. Wiley Interdiscip Rev RNA (2014) 5:95–110. doi: 10.1002/wrna.1200

8. Zhang, J, Fan, JS, Li, S, Yang, Y, Sun, P, Zhu, Q, et al. Structural basis of DNA binding to human YB-1 cold shock domain regulated by phosphorylation. Nucleic Acids Res (2020) 48(16):9361–71. doi: 10.1093/nar/gkaa619

9. Alkrekshi, A, Wang, W, Rana, PS, Markovic, V, and Sossey-Alaoui, K. A comprehensive review of the functions of YB-1 in cancer stemness, metastasis and drug resistance. Cell Signal (2021) 85:110073. doi: 10.1016/j.cellsig.2021.110073

10. Zong, WX, Rabinowitz, JD, and White, E. Mitochondria and cancer. Mol Cell (2016) 61(5):667–76. doi: 10.1016/j.molcel.2016.02.011

11. Yang, F, Chen, S, He, S, Huo, Q, Hu, Y, and Xie, N. YB-1 interplays with ERalpha to regulate the stemness and differentiation of ER-positive breast cancer stem cells. Theranostics (2020) 10(8):3816–32. doi: 10.7150/thno.41014

12. Marchesini, M, Ogoti, Y, Fiorini, E, Aktas, SA, Nezi, L, D'Anca, M, et al. ILF2 is a regulator of RNA splicing and DNA damage response in 1q21-amplified multiple myeloma. Cancer Cell (2017) 32(1):88–100. doi: 10.1016/j.ccell.2017.05.011

13. Stratford, AL, Fry, CJ, Desilets, C, Davies, AH, Cho, YY, Li, Y, et al. Y-box binding protein-1 serine 102 is a downstream target of p90 ribosomal S6 kinase in basal-like breast cancer cells. Breast Cancer Res (2008) 10(6):R99. doi: 10.1186/bcr2202

14. El-Naggar, AM, Veinotte, CJ, Cheng, H, Grunewald, TG, Negri, GL, Somasekharan, SP, et al. Translational activation of HIF1alpha by YB-1 promotes sarcoma metastasis. Cancer Cell (2015) 27(5):682–97. doi: 10.1016/j.ccell.2015.04.003

15. Lim, JP, Nair, S, Shyamasundar, S, Chua, PJ, Muniasamy, U, Matsumoto, K, et al. Silencing y-box binding protein-1 inhibits triple-negative breast cancer cell invasiveness via regulation of MMP1 and beta-catenin expression. Cancer Lett (2019) 452:119–31. doi: 10.1016/j.canlet.2019.03.014

16. Feng, M, Xie, X, Han, G, Zhang, T, Li, Y, Li, Y, et al. YBX1 is required for maintaining myeloid leukemia cell survival by regulating BCL2 stability in an m6A-dependent manner. Blood (2021) 138(1):71–85. doi: 10.1182/blood.2020009676

17. Chen, X, Li, A, Sun, BF, Yang, Y, Han, YN, Yuan, X, et al. 5-methylcytosine promotes pathogenesis of bladder cancer through stabilizing mRNAs. Nat Cell Biol (2019) 21(8):978–90. doi: 10.1038/s41556-019-0361-y

18. Zou, F, Tu, R, Duan, B, Yang, Z, Ping, Z, Song, X, et al. Drosophila YBX1 homolog YPS promotes ovarian germ line stem cell development by preferentially recognizing 5-methylcytosine RNAs. Proc Natl Acad Sci U.S.A. (2020) 117(7):3603–9. doi: 10.1073/pnas.1910862117

19. Gabaldon, T. Relative timing of mitochondrial endosymbiosis and the "pre-mitochondrial symbioses" hypothesis. IUBMB Life (2018) 70(12):1188–96. doi: 10.1002/iub.1950

20. Yu, CH, Davidson, S, Harapas, CR, Hilton, JB, Mlodzianoski, MJ, Laohamonthonkul, P, et al. TDP-43 triggers mitochondrial DNA release via mPTP to activate cGAS/STING in ALS. Cell (2020) 183(3):636–649.e18. doi: 10.1016/j.cell.2020.09.020

21. Tang, Z, Li, C, Kang, B, Gao, G, Li, C, and Zhang, Z. GEPIA: a web server for cancer and normal gene expression profiling and interactive analyses. Nucleic Acids Res (2017) 45(W1):W98–W102. doi: 10.1093/nar/gkx247

22. Lanczky, A, and Gyorffy, B. Web-based survival analysis tool tailored for medical research (KMplot): Development and implementation. J Med Internet Res (2021) 23(7):e27633. doi: 10.2196/27633

23. Bartha, A, and Gyorffy, B. TNMplot.com: A web tool for the comparison of gene expression in normal, tumor and metastatic tissues. Int J Mol Sci (2021) 22(5):2622. doi: 10.3390/ijms22052622

24. Park, SJ, Yoon, BH, Kim, SK, and Kim, SY. GENT2: an updated gene expression database for normal and tumor tissues. BMC Med Genomics (2019) 12(Suppl 5):101. doi: 10.1186/s12920-019-0514-7

25. Li, T, Fu, J, Zeng, Z, Cohen, D, Li, J, Chen, Q, et al. TIMER2.0 for analysis of tumor-infiltrating immune cells. Nucleic Acids Res (2020) 48(W1):W509–14. doi: 10.1093/nar/gkaa407

26. Waterhouse, A, Bertoni, M, Bienert, S, Studer, G, Tauriello, G, Gumienny, R, et al. SWISS-MODEL: homology modelling of protein structures and complexes. Nucleic Acids Res (2018) 46(W1):W296–303. doi: 10.1093/nar/gky427

27. Goodarzi, H, Liu, X, Nguyen, HC, Zhang, S, Fish, L, and Tavazoie, SF. Endogenous tRNA-derived fragments suppress breast cancer progression via YBX1 displacement. Cell (2015) 161(4):790–802. doi: 10.1016/j.cell.2015.02.053

28. Matsumoto, S, Uchiumi, T, Tanamachi, H, Saito, T, Yagi, M, Takazaki, S, et al. Ribonucleoprotein y-box-binding protein-1 regulates mitochondrial oxidative phosphorylation (OXPHOS) protein expression after serum stimulation through binding to OXPHOS mRNA. Biochem J (2012) 443(2):573–84. doi: 10.1042/BJ20111728

29. Cui, Y, Li, F, Xie, Q, Zhao, S, Guo, T, Guo, P, et al. YBX1 mediates autophagy by targeting p110beta and decreasing the sensitivity to cisplatin in NSCLC. Cell Death Dis (2020) 11(6):476.

30. Wu, R, Cao, S, Li, F, Feng, S, Shu, G, Wang, L, et al. RNA-Binding protein YBX1 promotes brown adipogenesis and thermogenesis via PINK1/PRKN-mediated mitophagy. FASEB J (2022) 36(3):e22219. doi: 10.1096/fj.202101810RR

31. Qin, H, Ni, H, Liu, Y, Yuan, Y, Xi, T, Li, X, et al. RNA-Binding proteins in tumor progression. J Hematol Oncol (2020) 13(1):90. doi: 10.1186/s13045-020-00927-w

32. Ivanov, P, Emara, MM, Villen, J, Gygi, SP, and Anderson, P.. Angiogenin-induced tRNA fragments inhibit translation initiation. Mol Cell (2011) 43(4):613–23. doi: 10.1016/j.molcel.2011.06.022




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 Gong and Zhang. 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.




ORIGINAL RESEARCH

published: 31 March 2023

doi: 10.3389/fonc.2023.1032364

[image: image2]


Upregulation of the ferroptosis-related STEAP3 gene is a specific predictor of poor triple-negative breast cancer patient outcomes


Lifang Yuan 1,2, Jiannan Liu 3, Lei Bao 4, Huajun Qu 3, Jinyu Xiang 3 and Ping Sun 1*


1 Department of Oncology, Yantai Yuhuangding Hospital, Shandong University, Yantai, China, 2 Department of Breast Oncology, Huanxing Cancer Hospital, Beijing, China, 3 Department of Oncology, The Affiliated Yantai Yuhuangding Hospital of Qingdao University, Yantai, China, 4 Department of Pathology, The Affiliated Yantai Yuhuangding Hospital of Qingdao University, Yantai, China




Edited by: 

Cristian Scatena, University of Pisa, Italy

Reviewed by: 

Hira Lal Goel, UMass Chan Medical School, United States

Benoit Paquette, University of Sherbrooke, Canada

*Correspondence: 

Ping Sun
 sunping20039@hotmail.com

Specialty section: 
 This article was submitted to Breast Cancer, a section of the journal Frontiers in Oncology


Received: 30 August 2022

Accepted: 17 March 2023

Published: 31 March 2023

Citation:
Yuan L, Liu J, Bao L, Qu H, Xiang J and Sun P (2023) Upregulation of the ferroptosis-related STEAP3 gene is a specific predictor of poor triple-negative breast cancer patient outcomes. Front. Oncol. 13:1032364. doi: 10.3389/fonc.2023.1032364






Objective

This study was designed to assess ferroptosis regulator gene (FRG) expression patterns in patients with TNBC based on data derived from The Cancer Genome Atlas (TCGA). Further, it was utilized to establish a TNBC FRG signature, after which the association between this signature and the tumor immune microenvironment (TIME) composition was assessed, and relevant prognostic factors were explored.





Methods

The TCGA database was used to obtain RNA expression datasets and clinical information about 190 TNBC patients, after which a prognostic TNBC-related FRG signature was established using a least absolute shrinkage and selection operator (LASSO) Cox regression approach. These results were validated with separate data from the Gene Expression Omnibus (GEO). The TNBC-specific prognostic gene was identified via this method. The STEAP3 was then validated through Western immunoblotting, immunohistochemical staining, and quantitative real‐time polymerase chain reaction (RT-qPCR) analyses of clinical tissue samples and TNBC cell lines. Chemotherapy interactions and predicted drug sensitivity studies were investigated to learn more about the potential clinical relevance of these observations.





Results

These data revealed that 87 FRGs were differentially expressed when comparing TNBC tumors and healthy tissue samples (87/259, 33.59%). Seven of these genes (CA9, CISD1, STEAP3, HMOX1, DUSP1, TAZ, HBA1) are significantly related to the overall survival of TNBC patients. Kaplan-Meier analyses and established FRG signatures and nomograms identified CISD1 and STEAP3 genes of prognostic relevance. Prognostic Risk Score values were positively correlated with the infiltration of CD4+ T cells (p = 0.001) and myeloid dendritic cells (p =0.004). Further evidence showed that STEAP3 was strongly and specifically associated with TNBC patient OS (P<0.05). The results above were confirmed by additional examinations of STEAP3 expression changes in TNBC patient samples and cell lines. High STEAP3 levels were negatively correlated with half-maximal inhibitory concentration (IC50) values for GSK1904529A (IGF1R inhibitor), AS601245 (JNK inhibitor), XMD8−85 (Erk5 inhibitor), Gefitinib, Sorafenib, and 5-Fluorouracil (P < 0.05) in patients with TNBC based on information derived from the TCGA-TNBC dataset.





Conclusion

In the present study, a novel FRG model was developed and used to forecast the prognosis of TNBC patients accurately. Furthermore, it was discovered that STEAP3 was highly overexpressed in people with TNBC and associated with overall survival rates, laying the groundwork for the eventually targeted therapy of individuals with this form of cancer.





Keywords: triple-negative breast cancer (TNBC), ferroptosis, prognostic signature, overall survival, STEAP3





Introduction

With an anticipated 290,560 new diagnoses and 43,780 related deaths in the United States in 2022 alone, breast cancer is one of the most common cancers in women. Indeed, breast cancer remains the second deadliest malignancy in women (1), and the current estimated annual incidence and mortality rates for this cancer type in China are 45.29 per 100,000 and 10.50 per 100,000, respectively (2, 3). The prognosis for patients with metastatic breast cancer remains poor (4). Thus, emphasizing the disease’s continued threat to the health of women around the world despite numerous significant improvements in patient detection and treatment.

Different breast cancer subtypes have been identified based on clinical and morphological characteristics, including inflammatory breast cancer, lobular carcinoma, and ductal carcinoma. TNBC is characterized by the absence of HER-2 (Human epidermal growth factor receptor-2), progesterone receptor (PR), or estrogen receptor (ER) expression on tumor cells (5–7). TNBC tumors do not react to endocrine therapy or anti-HER2 antibody therapy because they lack these receptors, and there are no effective treatments for this breast cancer subtype. The poor prognosis of affected individuals is a result of the lack of efficient treatment choices, the highly invasive aspect of this malignancy, its high rates of recurrence, and a high potential for metastasis (8, 9). Of the different molecular subtypes of breast cancer, TNBC accounts for approximately 12% of cases on average (10), yet it accounts for 40% of breast cancer-related mortality (11, 12). The overall prognosis of TNBC is still unsatisfactory despite the use of treatments such as PARP inhibitors, immune checkpoint inhibitors (ICI), and novel antibody-drug conjugates (ADC) in clinical treatment by targeting specific mutations, proteins, and immune cell types (13–15). Clinically, approximately 70% of TNBC patients respond well to the current treatments and their prognosis is as good as that of the Luminal Breast Cancer subtype. Consequently, our efforts must be oriented to understand why the other 30% of TNBC cases do not respond well to current treatments. Therefore, new, efficient treatments for TNBC patients must be developed.

The iron-dependent cell death process known as ferroptosis is unique from necrosis, apoptosis, and autophagy on a molecular, genetic, and morphological level and is accompanied by substantial lipid peroxidation. Ferroptosis is closely related to many human malignancies (5, 16–18), and a growing understanding of the regulation of ferroptosis within tumor cells suggests that ferroptosis induction may represent an effective treatment strategy (19–22). According to a recent study, the traditional GSH/GPX4, FSP1/DHODH/CoQ10, and GCH1/BH4 pathways are not the only ones that affect ferroptosis activity. The metabolite indole-3-pyruvic acid (in3py), which is produced by the amino acid oxidase interleukin-4-induced-1 (IL4i1), was initially identified as a gene induced in B cells in response to IL-4, suppresses ferroptosis through a radical scavenging mechanism and by orchestrating a gene expression profile that attenuates ferroptosis (23). The therapeutic use of knowledge about ferroptosis may depend on the selective activation or inhibition of these genes in certain tissues, cells, and disease situations (24). Jingjing Du et al. also found that Shuganning (SGNI), a Chinese patent medicine, can selectively inhibit the proliferation of TNBC cells in vitro and in vivo by inducing ferroptosis (9). In addition, some studies have found that certain genes in TNBC cells regulate ferroptosis activity (25, 26). Moreover, the regulation of ferroptosis and the association between ferroptosis genes and prognostic effects in TNBC remains unknown.

The current work was designed to fill this knowledge gap by analyzing the patterns of ferroptosis regulator gene (FRG) expression in TNBC utilizing information from TCGA database. The LASSO Cox regression model was then used with identified DE-FRGs to establish a TNBC-related FRG signature. Furthermore, the association between this signature and the TIME was defined, and the significance of this signature was confirmed in an independent patient cohort from the GEO. The expression of core FRGs in TNBC patient clinical samples and cell lines was subsequently analyzed to validate and expand upon these results. The workflow of the study is shown in Figure 1.




Figure 1 | The schematic representation of the study workflow.







Materials and methods




Data sources

RNA-sequencing (RNA-seq) data and clinical information of 190 TNBC tissue samples (“ER- AND PE- AND HER2-”) and 572 normal tissue samples (113 in TCGA, 459 in GTEx) were retrieved from the TCGA (https://portal.gdc.com) and GTEx (https://commonfund.nih.gov/gtex) databases. Moreover, transcriptomic expression data from the external GSE65212 dataset (nTNBC=41, ncontrol=11) were downloaded from the GEO database. Table 1 compiles baseline data for TNBC patients included in the present investigation.


Table 1 | The baseline clinical characteristics of the TNBC patients from TCGA used in this study.



A total of 259 genes were defined as FRGs as per the FerrDb Version 2 (http://www.zhounan.org/ferrdb/). These FRGs were divided into drivers, suppressors, and markers. After excluding duplicate FRGs from these categories, 259 FRGs were used for the subsequent analyses.

False discovery rate (FDR)< 0.05 and |Log2 (Fold Change)| > 2 were used as a criterion for differential expression, and DE-FRGs were found using the R limma program. These analyses were carried out using R (v 4.0.3, 2020).





Survival analyses

Using the R “survival” and “survminer” packages the overall survival (OS) of TNBC patients expressing low or high levels of particular DE-FRGs of interest was evaluated using a Kaplan-Meier procedure. Univariate and multivariate Cox regression analyses were used to examine the utility of DE-FRGs as predictors of patient OS, with data being compared with hazard ratios (HRs) and 95% confidence intervals (CIs) and log-rank tests, with P< 0.05 as the significance threshold.





Nomogram development and validation

A prognostic Nomogram capable of predicting the 1-, 3-, and 5-year OS of patients in the TCGA-TNBC cohort was developed by initially identifying prognostic factors through Cox analyses. Age, pTstage, pNstage, pMstage were included into the Cox regression analyses. The other clinical variables were excluded due to their missing values. Concordance index (C-index) values ranging from 0.5 (poor) to 1.0 (perfect) were used to evaluate the performance of the resulting Nomogram. A calibration plot was further used to validate the accuracy of the Nomogram using the “rms” and “cmprsk” R packages, with P< 0.05 as the significance threshold.





Establishment of a prognostic DE-FRG signature for TNBC

The effectiveness of DE-FRGs as potential prognostic biomarkers in TNBC patients was evaluated using a LASSO Cox analysis, and an ideal predictive risk signature model was created. The penalty parameter (λ) was determined using a minimum of 10-fold cross-validation. Analyses were conducted using the R survival package. Risk Score values were calculated based on the expression of all prognostic DE-FRGs included in this signature and the corresponding coefficient values using the following formula:

	

Where ‘Expi’ corresponds to relative DE-FRG expression in this signature for patient ‘i’ and ‘Coefi’ is the Cox coefficient for DE-FRGi.

Optimal risk score cut-off values for the established DE-FRG signature were established with the “maxstat” package, with the minimum number of sample groups being > 25% and the maximum number being< 75%. Patients were divided into low- and high-risk groups based on these criteria. Log-rank tests and the “survfit” package were used to assess differences in prognostic outcomes between these groups.

The relationship between the established DE-FRG signature and levels of immune cell infiltration (B cells, CD4+ T cells, CD8+ T cells, neutrophils, macrophages, and dendritic cells) was examined with the Tumor Immune Estimation Resource database (TIMER, https://cistrome.shinyapps.io/timer/)





Identification of prognostic FRGs in TNBC

The primary prognostic FRG predictive of TNBC patient OS was discovered using the DE-FRG signature and Nomogram models used in this study as STEAP3. Because of this, STEAP3 was the main focus of later functional and validation analyses.





Prediction of chemotherapeutic drug responses

A publicly available pharmacogenomics database (GDSC, https://www.cancerrxgene.org/) was used to predict the responses of individual TNBC samples to 7 different chemotherapeutic drugs (5-Fluorouracil, Cisplatin, GSK1904529A, AS601245, XMD8-85, Gefitinib, and Sorafenib). The R “pRRophetic” package was used for all studies, and the half-maximal inhibitory concentration (IC50) values were determined using a ridge regression method. Using the GDSC training set, 10-fold cross-validation was used to evaluate the predictive accuracy. Mean values were supplied for any duplicate gene names in the used datasets. In the datasets used, mean values were presented for any occurrences of duplication gene names. The “combat” and “allSolidTumours” packages were used to remove batch effects. All analyses were carried out in R 4.0.3 and a website tool.





Cell culture and sample collection

The control MCF-10A human breast cell line, the MDA-MB-231, BT-549, and MDA-MB-468 TNBC cell lines, and the MCF-7, T-47D, BT-474 non-TNBC cell lines (Procell Life Science&Technology Co.,Ltd.Wuhan,China) were cultured in DMEM (Sparkjade, Shandong, China) containing 10% fetal bovine serum (FBS, PAN, Germany) and 1% penicillin-streptomycin in a humidified 37°C 5% CO2 incubator. Furthermore, 6 TNBC patient tissue samples were acquired from patients treated at The Department of Oncology of The Affiliated Yantai Yuhuangding Hospital of Qingdao University, China. All experiments were performed three times. Yantai Yuhuangding Hospital’s Institutional Review Board approved the trial, and all patients provided informed consent.





RT-qPCR

Following the manufacturer’s instructions, RNA was extracted from cells using Trizol (Sparkjade, Shandong, China), and 0.5 μg of RNA per sample was then used to create cDNA using the SPARK script II RT Plus Kit (Sparkjade, Shandong, China). SYBR Green qPCR Mix kit with ROX (Sparkjade, Shandong, China) was subsequently used for qPCR analyses, and relative gene expression was assessed via the 2-ΔΔCT method (27). GAPDH served as a normalization control. All samples were analyzed in triplicate, and experiments were independently repeated three times. Utilized primers were as follows: STEAP3 (Forward: 5’- CTGGCAGTCAAGCAGGTCTTG -3’; Reverse: 5’- TTGAGCGAGTTTGCAATGGA -3’); GAPDH (Forward: 5’CATGTTCGTCATGGGTGTGAA-3’; Reverse: 5’-GGCATGGACTGTGGTCATGAG-3’).





Western immunoblotting

After lysing tissue and cell samples using RIPA Lysis buffer supplemented with phosphatase inhibitors, the protein concentrations were determined using a BCA assay kit. Equal protein amounts were then separated via 12.5% SDS-PAGE, transferred onto PVDF blots, and incubated with rabbit anti-STEAP3 (#55240,1:1000, Bioss, Beijing, China) or mouse anti-GAPDH (1:3000, Affinity, Shanghai, China) overnight at 4°C. Blots were then probed for 1 h with an HRP-linked secondary antibody (1:10,000, Affinity, Shanghai, China) at room temperature, after which enhanced chemiluminescence detection of protein bands was performed. ImageJ was used for densitometric analyses. GAPDH served as a loading control.





Immunohistochemical staining

From patients who had given informed consent, a total of 35 breast tissue samples, including 23 control and TNBC, 12 control and non-TNBC (nLuminal A =3, nLuminal B =5, n Her2-enriched =4) were taken for IHC staining. The 4 mm tissue sections were mounted on glass slides, deparaffinized with xylene, rehydrated with an ethanol gradient, and then heated to a high temperature for antigen retrieval. After cooling and washing, samples were treated with 3% H2O2 to quench endogenous peroxidase activity. Following three rinses with PBS, samples were blocked for 10 min in calf serum, followed by overnight incubation with polyclonal rabbit anti-STEAP3 (#55240, 1:200, Bioss, Beijing, China) at 4°C. A suitable primary antibody was used to probe samples for 30 to 40 minutes at room temperature. Sections were then dried and photographed under a light microscope. Two pathologists blinded to sample sources analyzed all IHC staining results, and staining intensity was assessed semi-quantitatively.





Statistical analyses

Data are reported as means ± standard errors of the means  , and were compared using SPSS 25.0 via two-tailed Student’s t-tests or non-parametric tests when normally and non-normally distributed, respectively. The significance threshold for these analyses was α = 0.05.






Results




TNBC-related FRG identification

The current analysis comprised 259 previously constituted FRGs in total. When comparing TNBC tumors and healthy tissue samples (87/259, 33.59%), 87 of them were discovered to be differentially expressed (FDR< 0.05, FC > 2) (Figure 2).




Figure 2 | Identification of TNBC-related DE-FRGs in the TCGA database. DE-FRGs that were differentially expressed FRGs between TNBC tumors and healthy tissues (FDR < 0.05, |Log2 (Fold Change)| > 2) were presented in the form of Volcano plots(A), in which blue and red dots respectively correspond to up-regulated and downregulated DE-FRGs; Heat maps(B), in which each dot and its color (Red is high-expression, blue is low-expression) indicate the expression value of each DE-FRGs in different samples, the greater the expression level, the darker the color.(C) Venn diagrams were used to identify TNBC-associated FRGs.







Identification and assessment of prognostic TNBC-associated FRGs

Of the 87 identified DE-FRGs related to TNBC, 7 were significantly correlated with patient OS in Kaplan-Meier analyses (CA9, CISD1, STEAP3, HMOX1, DUSP1, TAZ, HBA1). Forest plots indicated that CISD1 and STEAP3 were associated with the highest level of risk for TNBC patients, as they exhibited HRs > 1 in univariate and multivariate Cox regression analyses (P< 0.05) (Figures 3A, B). These results were then used to establish a nomogram incorporating four factors associated with TNBC patient prognosis (CISD1, STEAP3, pTstage, pNstage). In this model, points were assigned for each risk factor and then summed to produce an overall value, with higher total points corresponding to worse patient OS. The C-index for this model was 0.87 (95% CI: 0.82-0.93; P = 5.46×10-42), and a calibration plot confirmed that this Nomogram exhibited satisfactory utility for use in clinical practice (Figures 3C, D). The R ‘maxstat’ package was next employed to calculate optimal Risk Score cut-off values as detailed in the Materials and Methods section, ultimately defining an ideal Risk Score threshold of 0.9395. The prognosis of the patients in these groups was compared using log-rank tests using OS values, which were used to stratify TNBC patients into two groups based on whether they were above or below this cut-off value. These analyses indicated that patients in the high-Risk Score cohort exhibited a shorter OS than patients in the low-Risk Score cohort (P = 4.2×10-6, Figure 3E).




Figure 3 | Identification and assessment of prognostic TNBC-associated FRGs.(A, B) Forest plot-based identification of TNBC patient risk factors identified through univariate(A) and multivariate(B) Cox regression analyses.(C) A nomogram was established based on multivariate Cox regression analysis results.(D) Calibration plot for the established Nomogram.(E) Evaluation of the developed Nomogram based on Kaplan-Meier OS curves.







Establishment of a TNBC ferroptosis-related prognostic gene signature

The expression of the 87 DE-FRGs discovered above was then used to create a prediction model using a LASSO Cox regression technique. Based on the expression of particular genes (identified by gene name), the Risk Score for this model was calculated as follows: Risk score=(-0.0863) × HELLS + (-0.0361) × CA9 + (0.4763) × CISD1 + (0.3359) × MTDH + (-0.0291) × PSAT1 + (-0.1691) × ATG5 + (-0.0738) × CEBPG + (-0.0423) × SLC2A6 + (-0.0698) × GCH1 + (0.3107) × STEAP3 + (0.0688) × HMOX1 + (-0.1375) × TFAP2C + (0.0344) × PROM2 + (-0.318) × SLC1A4 + (-0.0162) × GABARAPL1 + (0.4724) × HIC1 (λmin=0.0296) (Figures 4A, B). Patients from the TCGA-TNBC cohort were stratified into low-risk and high-risk cohorts (n=95 each) based on median Risk Score values computed with this model (Figures 4C–F). Kaplan-Meier analyses indicated that the OS of high-risk patients was significantly worse than that of low-risk patients (P = 0.00157) (Figure 4D). AUC values of 0.945, 0.900, and 0.851 at 1, 3, and 5 years, respectively, from time-dependent ROC curve assessments of the predictive utility of this model, further confirm its good utility as a predictor of TNBC patient OS (Figure 4G).




Figure 4 | Development of an 87 DE-FRG-based prognostic risk signature in the TCGA-TNBC cohort.(A) LASSO coefficient profiles for 87 DE-FRGs.(B) LASSO regression analyses with 10-fold cross-validation yielded 16 prognostic DE-FRGs based on a minimum λ value.(C, E) OS distributions, OS status, and risk scores for patients in the TCGA-TNBC cohort.(D) Kaplan-Meier curves corresponding to the OS of TCGA-TNBC patients stratified into low- and high-risk groups.(F) Z-scores corresponding to the expression of the 16 prognostic DE-FRGs included in the established risk signature.(G) AUC values for time-dependent ROC curves were employed to assess the predictive utility of prognostic signature-derived risk scores.



Additionally, the TIMER database used correlation studies of risk scores and immune cell infiltration levels to investigate the clinical significance of this signature in TNBC patients (Figure 5). The results of this analysis indicated that these prognostic Risk Score values were positively correlated with the infiltration of CD4+ T cells (P = 0.001, Figure 5B) and myeloid dendritic cells (P = 0.004, Figure 5F).




Figure 5 | Correlations between prognostic risk score values and immune cell infiltration.(A-F) Correlations between predictive risk scores and the six indicated immune cell types.







Overall survival analyses

The nomogram and risk signature models established the above-identified CISD1 and STEAP3 predictors of TNBC patient outcomes. Accordingly, Kaplan-Meier analyses were performed for these two genes in breast cancer (BRCA) and TNBC patients. While CISD1 expression was significantly associated with the OS of both BRCA and TNBC patients (P<0.05), STEAP3 expression was specifically associated with TNBC patient OS (P<0.05) (Figure 6).




Figure 6 | Analyses of the relationship between CISD1 and STEAP3 expression and the survival of BRCA and TNBC patients.(A, B) The relationship between the expression of CISD1 and the OS of BC (P<0.05) and TNBC patients (P<0.05).(C, D) The relationship between the expression of STEAP3 and the OS of BC (P>0.05) and TNBC patients (P<0.05).







Validation of STEAP3 expression in an independent TNBC patient cohort

For external validation, the GSE65212 dataset was retrieved from the GEO database to verify the differential expression of STEAP3 in TNBC in a different patient cohort. Compared to healthy control samples, this dataset’s analyses revealed that STEAP3 was significantly up-regulated in TNBC patients (P< 0.05, Figure 7).




Figure 7 | Validation of TNBC patient STEAP3 expression levels in GEO datasets.(A, B) STEAP3 expression levels were compared between TNBC and normal tissue samples in the selected TCGA (P<0.0001) and GEO (P<0.001) datasets.(C, D) AUC analyses for the TCGA and GEO datasets.







Analyses of STEAP3 expression in clinical samples and cell lines

Subsequently, STEAP3 mRNA levels were determined using RT-qPCR in the control MCF-10A human breast cell line and in the MDA-MB-231, MDA-MB-468, and BT-549 TNBC cell lines to validate the findings mentioned above (Figure 8A). These analyses revealed significantly increased STEAP3 expression in all three TNBC cell lines relative to MCF-10A cell lines, consistent with the above bioinformatics analyses. In contrast, no significant STEAP3 expression was observed in the non-TNBC MCF-7, T-47D, and BT-474 cell lines relative to MCF-10A cells (Figure S1). STEAP3 protein levels were also significantly increased in MDA-MB-468 and MDA-MB-231 cells relative to MCF-10A cells, with comparable findings in 6 pairs of matched TNBC patient tissue samples (Figures 8B, C). And no significant STEAP3 expression was observed in the non-TNBC MCF-7 and BT-474 cell lines relative to MCF-10A cells (Figure S2). IHC staining was additionally used to assess STEAP3 protein levels in Normal vs TNBC, Normal vs non-TNBC and TNBC vs non-TNBC, revealing significantly increased STEAP3 expression in 23 TNBC tumor tissue samples relative to matched paracancerous samples but no increase STEAP3 expression was observed in the non-TNBC and its control group. And STEAP3 expression in TNBC was significantly higher than non-TNBC (Figures 8D, E).These findings show that, compared to relevant control samples, TNBC tumor cells and tissue exhibit a considerable up-regulation of STEAP3 at the mRNA and protein levels.




Figure 8 | Validation of STEAP3 expression in breast cancer cell lines and tissue samples.(A) STEAP3 mRNA levels were assessed in the control MCF-10A cell line and the MDA-MB-231, BT-549, and BT-468 TNBC cell lines.(B, C) STEAP3 levels were detected via Western immunoblotting in the MCF-10A, MDA-MB-468, and MDA-MB-231 cell lines and in six pairs of TNBC (T) and adjacent normal (N) tissue samples from patients.(D) Representative IHC staining results for STEAP3 in adjacent normal tissues (Scale bar: 100 μm) and TNBC samples (Scale bars:100μm and 50 μm), and non-TNBC(Luminal A) samples (Scale bar: 50μm).(E) Quantitative data from IHC staining results for STEAP3 expression in 23 TNBC vs adjacent normal breast,12 non-TNBC vs adjacent normal breast and 23 TNBC vs 12 non-TNBC are shown. (**P<0.01, ***P< 0.001, ns P>0.05).







Correlations between TNBC patient OS, STEAP3 expression, and other clinical parameters

A multivariate logistic regression approach was next used to examine the relationship between STEAP3 and TNBC patient OS using a multivariate logistic regression approach. These analyses revealed increased STEAP3 levels as an independent risk factor associated with the OS of patients with TNBC (OR=5.410, 95%CI: 2.040-14.348). Chemotherapy and STEAP3 interacted with TNBC patient prognosis (OR=0.482, 95%CI: 0.339-0.686). These findings demonstrated that high levels of STEAP3 expression had a detrimental effect on TNBC patient OS, but chemotherapeutic therapy was sufficient to reverse this effect (Table 2).


Table 2 | Interactions between STEAP3 with chemotherapy on OS of TNBC.







STEAP3 expression levels predict TNBC patient responses to chemotherapeutic treatment

While STEAP3 expression levels were not related to cisplatin sensitivity (P=0.33), they were significantly negatively correlated with the sensitivity of patients in the TCGA-TNBC cohort to 5-Fluorouracil, GSK1904529A (IGF1R inhibitor), AS601245 (JNK inhibitor), XMD8−85 (Erk5 inhibitor), Gefitinib, and Sorafenib (P < 0.01, Figures 9A–G). The expression levels of STEAP3 and the sensitivity of Sorafenib in patient groups with low and high expression and healthy controls were also evaluated. The IC50 values between the high and low expression groups differed significantly. However, there was no discernible difference in these values between the low expression and healthy control sample groups (Figure 9H). These findings imply that STEAP3 expression in TNBC patients may be useful as a predictor of patient responses to a variety of small molecule medications and pathway inhibitors.




Figure 9 | Correlations between STEAP3 expression and drug sensitivity in patients with TNBC.(A-F) The expression of STEAP3 and IC50 values correspond to 5−Fluorouracil, GSK1904529A, AS601245, XMD8−85, and Gefitinib in TNBC patients included in the TCGA-TNBC cohort (P < 0.05).(G, H) Correlations between STEAP3 expression and Sorafenib IC50 values with further details regarding expression in the low, high, and normal groups (P<0.01). (****P< 0.0001, ns P>0.05).








Discussion

TNBC cases are account for 15-20% of all breast cancer patients yet are associated with higher recurrence and metastasis rates than other subtypes positive for these receptors, with the poorest corresponding patient prognosis in clinical settings (28, 29). However, the genetic variables that cause TNBC recurrence remain unknown. Efforts to explain the molecular aetiology of TNBC formation, progression, chemoresistance, and recurrence can potentially aid drug development efforts.

Ferroptosis is iron-dependent cell death independent of apoptosis, necroptosis, and autophagy-related cell death (16, 30). Mechanistically, ferroptosis death occurs due to severe ROS-induced lipid peroxidation within cells and iron overload (30), which is increasingly well-studied in many human diseases in recent years, including in TNBC (31, 32). However, this ferroptosis process remains extremely complex and is regulated by a diverse of biomolecular intermediaries and metabolites such that the precise mechanisms driving ferroptosis remain incompletely understood.

STEAP3 encodes a multi-pass membrane metalloreductase that serves as an iron transporter capable of reducing Fe3+ and Cu2+ cations. Mechanistically, STEAP3 may regulate downstream p53 responses and apoptotic cell death. Deficient STEAP3 expression can contribute to anaemia. Several alternative splice variants of STEAP3 exist. The findings of this study reveal that STEAP3 overexpression is associated with worse OS outcomes in TNBC patients, possibly due to reduced Fe3+ transport in these patients. STEAP3 has previously been shown to play a role in a range of malignant solid tumor types (33–36), yet its role in TNBC has yet to be established. While STEAP3 was unrelated to any improvement in overall breast cancer patient OS, other studies have found a relationship between downregulation of the related STEAP1, STEAP2, and STEAP4 proteins and improved outcomes (37). It was first discovered that TNBC had significantly higher levels of STEAP3 expression, which was associated with a bad prognosis for the patient. Importantly, independent of the examined TCGA and GEO datasets, these changes in expression were verified at the mRNA and protein levels using TNBC cell lines and clinical samples. However, STEAP3 expression in non-TNBC cell lines, non-TNBC tissue and overall breast cancer patient cohorts indicated that this gene is not up-regulated or linked to the OS of these patients (Figures S1–S3, 8D, E). As a result, STEAP3 overexpression may represent a TNBC cell-specific biomarker. These studies confirmed the proposed predictive risk signature model for TNBC while indicating that STEAP3 overexpression is related to a lower TNBC patient survival rate.

Further analyses were performed to conduct a cursory exploration of the mechanisms whereby STEAP3 may influence TNBC patient OS based on TIME composition, chemotherapy interactions, and drug sensitivity profiles. Breast cancer is generally considered a “cold tumor” with low immunogenicity compared to melanoma, renal cancer and lung cancer. Although the results of the IMpassion130 and KEYNOTE-522 studies show that immunotherapy can significantly affect TNBC patients, the overall improvement in their prognosis remains suboptimal following treatment (38, 39). Studies have shown that dentritic cell and CD4+T cell are involved in tumor progression (40, 41). In this analysis, prognostic Risk Scores were also positively correlated with CD4+ T cells and myeloid dendritic cell infiltration, suggesting that these prognostic risks are may related to tumor immune regulation.

Understanding the mechanisms that cause ferroptosis better may open up new treatment options for TNBC and other disorders without effective therapy options. A possible involvement for ferroptosis cell death in the beginning and progression of this cancer type is suggested by the differential expression of 87 FRGs in TNBC. These included 29 (33.33%) TNBC suppressors, 25 (28.74%) TNBC drivers, and 42 (48.28%) TNBC markers, suggesting that ferroptosis plays diverse roles in the regulation of TNBC and underscoring the importance of further work clarifying the particular mechanisms underlying the interplay between this form of cell death and this deadly disease. At present, reliable inducers of ferroptosis remain an active area of research and drug development interest owing to the complexity of this process. These drugs may target the transporters and enzymes necessary for iron, amino acid, and lipid metabolism, as well as redox balance (1, 32). As a result, ferroptosis holds considerable potential in treating cancer cells resistant to apoptosis in future.

STEAP3 expression and chemotherapeutic treatment affect TNBC patient outcomes, suggesting that chemotherapy can reverse the adverse impacts of high levels of STEAP3 expression on TNBC patient OS. Therefore, these TNBC patients may constitute significant high-priority candidates for chemotherapy treatment. As an alternative to standard cytotoxic chemotherapeutic treatments, there is an urgent need to develop effective drugs to treat TNBC. In this study, it was predicted that TNBC patients expressing higher levels of STEAP3 would be more sensitive to a variety of small molecule pathway inhibitor drugs targeting the IGF1R, JNK, ERK5, EGF, and EGFR pathways, with Sorafenib sensitivity being particularly pronounced as a function of STEAP3 expression. Prior in vitro work has shown that Gefitinib-based EGFR blockade may be therapeutically beneficial in TNBC patients. Combining Gefitinib with ERK pathway inhibitors is linked to reduced TNBC cell proliferation (42, 43). Here, we found numerous small-molecule pathway inhibitor drugs were anticipated to be more successful in patients with higher levels of STEAP3 expression, these findings may be useful for researchers and physicians contemplating the usage or selection of cytotoxic therapies to treat TNBC.

There are two key limitations to the present study. These analyses were primarily based on retrospectively analyzed data from public databases. As such, additional prospective multicenter verification will be essential. Accordingly, our centre’s cell-based validation studies of sorafenib sensitivity, ferroptosis sensitivity and the functional experiments of STEAP3 are currently being performed. Secondly, this study only focused on FRGs, and the relationships between these genes and other potentially relevant biomarkers were not assessed.

In conclusion, the unique FRG model developed here can be used to forecast the prognosis of TNBC patients. Future efforts to more reliably and successfully treat this lethal breast cancer subtype will be built on the realization that the altered expression of STEAP3 in these individuals may have ramifications for overall survival and therapeutic strategies.
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Cancer Copper Mechanism References

types levels

Breast Elevated Cu as an effective factor of angiogenesis (39, 40)
cancer

Colorectal Elevated Excess Cu damages DNA directly or through ROS. (41)
cancer

Esophageal  Elevated Not mentioned (42)
cancer

Ovarian Elevated Alteration of the relationship between trace elements and decreased catabolism; Increased tumor synthesis of (43)
cancer neurofibromin

Gastric Elevated Alteration of the relationship between trace elements and decreased catabolism; Increased tumor synthesis of (44, 45)
cancer neurofibromin;High concentrations of Cu damage DNA through toxic hydroxyl radicals

Gallbladder ~ Elevated Copper may be involved in the initial biological insult (46)

cancer
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GEO datasets

GSE6764
GSE14520

GSE14323

Platform

GPL570

GPL571
GPL3921

GPL96
GPL571

Sample type

tissue

tissue

tissue

Sample size (tumor/control) References

75 (35/40) (20)
43 (22/21) (1)

445 (225/220)
9 (9/0) (22)

115 (55/60)
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Database URL References
Kaplan-Meier Plotter https://kmplot.com/analysis/ (25)
GEPIA2 http://gepia2.cancer-pku.cn/#index (26)
TNMplot https://tnmplot.com/ (27)
UALCAN http://ualcan.path.uab.edu/ (28)
LinkedOmics http://linkedomics.org/login.php (29)
TISIDB http://cis.hku.hk/TISIDB (30)
TIDE http://tide.dfci.harvard.edu/ (31, 32)
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Abbreviation Definition

OM oxygen metabolism
TCGA The Cancer Genome Atlas
GTEx Genotype-Tissue Expression
DEG | Differential expressed oxygen metabolic gene
MSigDB Molecular SignaturesDatabase
GSEA gene set enrichment analysis
(N} overall survival
LASSO | Least absolute shrinkage and selection operator
RS Risk score
ROC Receiver operating characteristic curve
AUC area under the ROC
PPI protein-protein interaction
TF transcription factors
K-M Kaplan-Meier
KEGG Kyoto Encyclopedia of Genes and Genomes
GO Gene Ontology
| MCODE Molecular Complex Detection
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CI(95%) Cl(95%)

Lower Upper
FLRT2 1.0232 1.0008 1.0461 0.0424
ATP6VOE2 1.0046 1.0015 1.0076 0.0037
oDnCl1 1.0015 1.0004 1.0026 0.0059

SEL1L3 0.9806 0.9690 0.9923 0.0012

VDR 1.0493 1.0262 1.0731 0.0000
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Variables

Univariate analysis Multivariate analysis
HR (95% Cl) HR (95% Cl)

Gender(male/female) 1.160 (0.495-2.717) 733
Age (>70/<70) 1.013 (0.990-1.038) 072 2.205 (1.200-4.052) 011
Longest_dimension 2275 (1.296-3.994) 004 1.835 (1.295-3.650) 067
(>1 cm/< 1 cm)
Histological type

Adenocarcinoma 1.323 (0.526-3.328) 552

Mucinous
Lymphatic_invasion (Yes/No) 1.000 (1.081-3.281) 025 1.984 (1.043-3.601) 051
pathologic_stage ~
Q) 1.516 (1.156-1.987) 003 1.962 (1.196-3.684) 031
number_of_lymphnodes 1.017 (0.913-1.038) 242
postoperative_rx_tx 1.032 (0.826-1.328) 552

Risk score (high/low) 2.497 (1.380-4.516) 002 1.896 (1.004-3.481) 021
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Cancer type (N) aracteristics Uni-variate COX analysis Multivariate COX analysis

Hazard ratio (95%Cl) Hazard ratio (95%Cl)
BRCA (1194) GPX3 (low vs. high) 1.410 (1.063, 1.870) 0.0170 1.587 (1.162, 2.167) 0.004
M stage (MO vs. M1) 1.681 (1.164, 2.426) 0.009 0977 (0.616, 1.547) 0.920
N stage (NO vs. N1-3) 2285 (1.678, 3.110) <0.001 1788 (0.777, 4.113) 0.172
T stage (T1-3 vs. T4) 3.220 (2,019, 5.135) < 0.001 (1,546, 4.594) <0.001
Iymph node (no vs. yes) 2.208 (1.601, 3.046) < 0.001 1.162 (0.514, 2.627) 0718
COAD GPX3 (low vs. high) 1.180 (0.779, 1.786) 0.435 0.861 (0.543, 1.364) 0523
M stage (MO vs. M1) 4.626 (2.931,7.303) <0.001 3.023 (1756, 5.204) <0.001
N stage (NO vs. N1-3) 2.502 (1.639, 3.818) <0.001 1413 (0.228, 8.761) 0710
T stage (T1-3 vs. T4) 3.377 (2.029, 5.622) <0.001 2394 (1346, 4.258) 0.003
lymph node (no vs. yes) 25549 (1.650, 3.937) <0.001 1248 (0.207, 7.545) 0.809
LUAD GPX3 (low vs. high) 0.754 (0.574, 0.989) 0.041 0.823 (0.603, 1.124) 0221
M stage (MO vs. M1) 2.059 (1.244, 3.410) 0.005 | 1.665 (0.963, 2.880) 0.068
N stage (NO vs. N1-3) 2641 (2.006, 3.479) <0.001 2,649 (1933, 3.630) <0.001
T stage (T1-3 vs. T4) 1.955 (1.090, 3.507) 0.041 1181 (0.634, 2.201) 0.601
STAD GPX3 (low vs. high) 1.533 (1.117, 2.106) 0.008 2.428 (1000, 2.040) 0.050
M stage (MO vs. M1) 2,052 (1.159, 3.632) 0.014 2.033 (1043, 3.962) 0.037
N stage (NO vs. N1-3) 1.783 (1.206, 2.635) 0.004 0410 (0.048, 3.524) 0417
T stage (T1-3 vs. T4) 1.277 (0.897, 1.817) 0.175 1.320 (0.888, 1.962) 0.170
lymph node (no vs. yes) 1.933 (1.268, 2.946) 0.002 4437 (0545, 36.089) 0.164

P<0.05, showed bold values.
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Start End

Gene name Ensembl ID Transcript Biotype = Chromosome on e
P P Position  Position
DSTNP2 Destrin Pseudogene 2 ENSG00000248593 | processed_transcript 12 6884682 6885786 pl13.31
Enh: f zeste 2 pol b
EZH2 P alectio) peseie poyoon ENSG00000106462  nonsense_mediated_decay 7 148807257 | 148884321 | q36.1
repressive complex 2 subunit
GRPEL2 GrpE Like 2, Mitochondrial ENSG00000164284  protein_coding 5 149345430 | 149354583 q32
MYCN MYCN Proto-Oncogene ENSG00000134323 | protein_coding 2 15940550 15947007 p24.3
NDRG1 N-Myc Downstream Regulated 1 ENSG00000104419  protein_coding 8 133237175 | 133302022 = q24.22
PIGU Phosphatidylinositol Glycan Anchor | 200000101464 | protein_coding 20 34560542 | 34698790 | ql1.22
Biosynthesis Class U
PPMIG Protein Phosphatase, Mg2+/Mn2+ | p\e00000115241  retained_intron 3 27381195 | 27409591 | p233
Dependent 1G
SF3B4 Splicing Factor 3b Subunit 4 ENSG00000143368  protein_coding 1 149923317 | 149927803 q21.2
SQSTM1 Sequestosome 1 ENSG00000161011  processed_transcript 5 179806398 | 179838078 = q35.3
Treacle Ribo: Bi is Fact
TCOF1 ol Tbosome Bogenesis T ENSG00000070814 | protein._coding 5 150357629 | 150400308 = q32
TUBGI1 Tubulin Gamma 1 ENSG00000131462  retained_intron 17 42609641 42615238 q212
TXNRD1 Thioredoxin Reductase 1 ENSG00000198431  protein_coding 12 104215779 | 104350307 = q23.3
UCK2 Uridine-Cytidine Kinase 2 ENSG00000143179  protein_coding 1 165827614 165911618 q24.1

Obtained from National Center of Biotechnology Information (NCBI) database.
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gene 95%Cl
EZH2 1144 1.096 - 1.195 9.71E-10 <0.001

I UCK2 1.034 1.025 - 1.044 1.88E-12 <0.001
PIGU 1.078 1.048 - 1.108 1.27E-07 | <0.001
SF3B4 1.014 1.01 - 1.019 225E-10 <0.001
TCOF1 1.037 1.026 - 1.049 1.01E-10 <0.001
DSTNP2 4.334 2.892 - 6495 121E-12 <0.001
TUBGI1 1.02 1.013 - 1.028 141E-07 <0.001
GRPEL2 1.261 1179 - 1347 9.94E-12 <0.001
PPMIG 1.015 1.01 - 1.019 1.32E-10 <0001 |
MYCN 1177 1.109 - 1.248 5.87E-08 <0.001
TXNRD1 1.002 1.001 - 1.003 3.52E-12 <0.001
SQSTMI 1.103 1.001-1.003 1.53E-10 <0001 |
NDRGI 1.001 1-1.001 5.79E-07 <0.001
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One-factor cox regression model Multi-factor cox regression model

Variability
HR(CI 95%) P HR(Cl 95%) 2
Gender
Female 19
2.218(0.968, 5.086) 0.060
Male 85
Age
>60 58
0.917(0.428,1.965) 0.823
<=60 46
Histological differentiation
Poorly 29
0.606(0.229, 1.603) 0.313
Well 75
Microvascular cancer embolus
Positive 65
0.433(0.198,0.943) 0.035 1.661(0.739,3.731) 0.219
Negative 39
Cirrhosis
Positive 64
0.565(0.265,1.204) 0.139
Negative 40
Tumor size (cm)
<5 42
5 6.167(2.487,15.293) 8.60E-05 5.358(2.126,13.506) 3.73E-04
>5 62
AFP (ng/mL)
> 40 41
0.882(0.403,1.931) 0.754
<40 63
ALT (U/L)
> 40 39
1.649(0.772,3.520) 0.196
<40 65
Total bilirubin
>17.1 45
1.680(0.787,3.585) 0.180
<17.1 59
Albumin
<40 57
1.258(0.584,2.711) 0.558
> 40 40
EZH2
high 87
0.368(0.161,.843) 0.018 0.272(0.113,0.659) 0.004
low 17
GRPEL2
high 70
0.272(0.126,0.587) 0.001 0.321(0.148,0.697) 0.004
low 34
PIGU
high 74
r 0.614(0.271,1.388) 0.241 0.663(0.286,1.537) 0.338
low 30
PPMIG
high 74
0.514(0.226,1.171) 0.113 0.676(0.285,1.606) 0.375
low 30
DSTP2
high 47
1.252(0.588,2.669) 0.560 0.743(0.336,1.647) 0.465
low 57
SF3B4
high 70
0.885(0.383,2.041) 0.774 0.886(0.377,2.081) 0.780
low 34
I
TCOF1
high 52
0.683(0.319,1.465) 0.328 0.503(0.230,1.104) 0.087
low 52
TUBG1
I
high 41
1.641(0.770,3.499) 0.199 1.102(0.484,2.511) 0.817
low 63
txnRD1
high 42
1.091(.509,2.340) 0.823 0.714(0.311,1.641) 0.428
low 62
Mycn
t
high 49
r 0.577(0.266,1.254) 0.165 0.590(0.268,1.300) 0.191
low 55
NDRG1
high 70
0.420(0.197,0.894) 0.024 0.408(0.190,0.878) 0.022
low 34
t
SQSTM1
high 49
1.031(0.483,2.200) 0.938 1.078(0.501,2.321) 0.848
low 55
UCK2
high 49
0.924(0.433,1.971) 0.838 0.456(0.194,1.071) 0.072
low 55

Tumor size and Microvascular cancer embolus was considered as the clinical parameters which effect prognosis. HR, hazard ratio; CI, confidence interval. P < 0.05 considered as
statistical significance. Survival analysis combined with clinical parameter by Immunosotochemistry. We enrolled all 104 pairs of HCC and adjacent non-HCC lesions. All patients were
HBsAg positive. There are ten clinical factors were enrolled, which are Gender, Age, Histological differentiation, Microvascular cancer embolus, Cirrhosis, Tumor size (cm), Alpha-
fetoprotein (AFP) (ng/mL), Alanine aminotransferase (ALT), Total bilirubin, Albumin. EZH2, GRPEL2, NDRG1, Tumor size were independent prognostic risk factors. (P < 0.05)
Albumin test results were missing in 2 of 104 patients. HCV infection was excluded in the cohort.
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HCC or Hepatocellular carcinoma

LIHC

FPKM Fragments Per Kilobase of exon model per Million mapped
fragments

TCGA The Cancer Genome Atlas

GO Gene Ontology

KEGG Kyoto Encyclopedia of Genes and Genomes Enrichment
Analyses

LASSO least absolute contraction and selection operation

GSVA the Gene Set Variation Analysis

CcC cellular components

MF molecular function

BP biological pathways

DEGs The Differentially Expressed Genes

HRP horseradish peroxidase

AFP Alpha-fetoprotein

ALT Alanine aminotransferase

HBsAg Hepatitis B surface antigen

ALT Alanine aminotransferase

OXPHOS oxidative phosphorylation

HIAC hepatic arterial infusion chemotherapy
FLV inadequate future liver volume

oS overall survival

KIRP kidney renal papillary cell carcinoma
KICH kidney chromophobe

LGG brain lower-grade glioma

GBM glioblastoma multiforme

BRCA breast cancer

LusC lung squamous cell carcinoma

LUAD lung adenocarcinoma

READ rectum adenocarcinoma

COAD colon adenocarcinoma

UcCs uterine carcinosarcoma

UCEC uterine corpus endometrial carcinoma
ov ovarian serous cystadenocarcinoma
HNSC head and neck squamous carcinoma
THCA thyroid carcinoma

PRAD prostate adenocarcinoma

STAD stomach adenocarcinoma

SKCM skin cutaneous melanoma

BLCA bladder urothelial carcinoma

CESC cervical squamous cell carcinoma and endocervical

adenocarcinoma

ACC adrenocortical carcinoma

PCPG pheochromocytoma and paraganglioma
SARC sarcoma

LAML acute myeloid leukaemia

PAAD pancreatic adenocarcinoma

ESCA oesophageal carcinoma

TGCT testicular germ cell tumours

THYM thymoma

MESO mesothelioma

UVM uveal melanoma

DLBC lymphoid neoplasm diffuse large B-cell lymphoma

CHOL cholangiocarcinoma





OPS/images/fonc.2023.1032364/table1.jpg
Variables N(%)
Alive 165(86.84)
Survival tatus

Dead 25(13.16)

Age (Mean + SD) 55.6x12.5
Gender FEMALE 190(100.00)

AMERICAN INDIAN 1(0.53)

ASIAN 16(8.42)

Race BLACK 57(30.00)
WHITE 108(56.84)

Unknown 8(4.17)
T1-T2 166(87.37)

T T3-T4 23(12.11)

Unknown 1(0.53)
No 115(60.53)

N1 47(24.74)

N N2 16(8.42)

N3 10(5.26)

Unknown 2(1.05)
MO 166(87.37)

M Ml 1(0.53)
Unknown 23(12.10)

I 31(16.32)
I 121(63.68)

Stge

I 33(17.37)

Unknown 5(2.63)
Chemotherapy 114(60.00)

Chemotherapy

Other 76(40.00)
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TCGA cohort

No.of patients 130
Age (median,range) 56 (21-88)
Gender (%)

male 70
Female 60
Stage (%)

Mo 12 (9.2%)
M1 30 (23%)
M2 32 (24.6)
M3 14 (10.8%)
M4 27 (20.8)
M5 12 (9.2%)
Mé6 2

M7 1
Survival status (%)

Alive 52 (40%)
Dead 78 (60%)
Survival time (median) 364 days

NA, Not Applicable.

ICGC cohort

92
62 (18-88)

49
43

NA
NA
NA
NA
NA
NA
NA
NA

0
92 (100%)
303 days
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