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Background: Triple-negative breast cancer (TNBC) features a poor prognosis, which is partially attributed to its high metastatic rate. However, there is no effective target for systemic TNBC therapy due to the absence of estrogen, progesterone, and human epidermal growth factor 2 receptors (ER, PR, and HER-2, respectively) in cancer. In the present study, we evaluated the role of sphingosine kinase 2 (SphK2) and its catalyst sphingosine-1-phosphate (S1P) in TNBC metastasis and the effect of the SphK2-specific inhibitor ABC294640 on TNBC metastasis.

Methods: The function of SphK2 and S1P in TNBC cell metastasis was evaluated using transwell migration and wound-healing assays. The molecular mechanism of SphK2/S1P mediating TNBC metastasis was investigated using Western blot, histological examination, and immunohistochemistry assays. The antitumor activity of ABC294640 was examined in an in vivo TNBC lung metastatic model.

Results: Sphingosine kinase 2 promoted TNBC cell migration through the generation of S1P. Targeting SphK2 with ABC294640 inhibited TNBC lung metastasis in vivo. p21-activated kinase 1 (PAK1), p-Lin-11/Isl-1/Mec-3 kinase 1 (LIMK1), and Cofilin1 were the downstream signaling molecules of SphK2/S1P. Inhibition of PAK1 suppressed SphK2/S1P-induced TNBC cell migration.

Conclusion: Sphingosine kinase 2/sphingosine-1-phosphate promotes TNBC metastasis through the activation of the PAK1/LIMK1/Cofilin1 signaling pathway. ABC294640 inhibits TNBC metastasis in vivo and could be developed as a novel agent for the clinical treatment of TNBC.
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INTRODUCTION

Breast cancer is the most common malignant tumor and the leading cause of cancer-related death among women worldwide (Bray et al., 2018). Triple-negative breast cancer (TNBC) is a unique subtype of breast cancer in which the estrogen receptor (ER), progesterone receptor (PR), and human epidermal growth factor receptor 2 (HER-2) are not expressed (Perou et al., 2000). Although TNBC accounts for only 15–20% of breast cancers, it is characterized by profound invasion, poor prognosis, and short survival time. Moreover, patients with TNBC cannot receive endocrine and targeted therapies due to the lack of ER, PR, and HER-2 (Hwang et al., 2019). Finding new targets for TNBC treatment is of great clinical significance for patients with TNBC.

Accumulating evidence suggests that sphingosine-1-phosphate (S1P) is a potent bioactive lipid mediator that is involved in cancer development and progression by regulating tumor proliferation, migration, and angiogenesis (Hla and Brinkmann, 2011). Sphingosine kinase (SphK) is the key regulatory enzyme, catalyzing the formation of S1P. To date, two isoforms of SphK have been identified: SphK1 and SphK2 (Hait et al., 2006). The cancer-promoting functions of SphK1/S1P in TNBC are well-defined by compelling evidence. Previous studies have reported that SphK1/S1P promotes TNBC metastasis through the Notch signaling pathway (Wang et al., 2018) and that the inhibition of SphK1 reduces TNBC cell growth through the ERK1/2 and AKT signaling pathways (Datta et al., 2014). However, the role of SphK2/S1P in these processes is not clearly recognized.

Although early studies proposed a possible proapoptotic/anticancer function of SphK2 (Liu et al., 2003), accumulating evidence suggests that SphK2/S1P has tumor-promoting activity similar to SphK1/S1P. Qiu et al. (2016) reported that SphK2 promotes cell growth, migration, and invasion in papillary thyroid carcinoma. Knockdown of SphK2 inhibits the growth of human osteosarcoma cells (Xu et al., 2017). Moreover, ABC294640, a selective inhibitor of SphK2, was shown to suppress the progression of many cancers (French et al., 2010). Importantly, ABC294640 is currently under evaluation in a phase II clinical trial as an agent for the treatment of advanced hepatocellular carcinoma. The role of SphK2 in breast cancer has also been explored in recent studies. Antoon et al. (2011) reported that the SphK2 expression is higher in TNBC cells than in human breast epithelial cells, and high level of SphK2/S1P improved TNBC cell growth. In addition, the pharmacological inhibition of SphK2 slowed TNBC cell proliferation in vitro and in vivo (Antoon et al., 2010). However, few studies have focused on the effect of SphK2 on TNBC cell migration. Only Gao and Smith (2011) reported that the ablation of SphK2 inhibited the migration of MDA-MB-231 TNBC cells, but the underlying mechanism and whether ABC294640 could reduce the metastasis of TNBC have not been well elucidated.

Sphingosine-1-phosphate can promote breast cancer metastasis by activating multiple signaling cascades. S1P has been reported to increase p21-activated kinase 1 (PAK1) activity (Egom et al., 2010, 2011) and even directly stimulate PAK1 (Maceyka et al., 2008). In the presence of active PAK1, the phosphorylation of both p-Lin-11/Isl-1/Mec-3 kinase 1 (LIMK1) and Cofilin1 is greatly enhanced, which leads to actin cytoskeleton formation and increase in cell motility (Jang et al., 2012). Given the importance of PAK1 (Shrestha et al., 2012) and LIMK1 (Li et al., 2014) in breast cancer metastasis, we examined whether the PAK1/LIMK1/Cofilin1 signaling pathway is the downstream signaling cascade of SphK2/S1P.

In the present study, we explored the role and potential molecular mechanism of SphK2/S1P in TNBC metastasis. Moreover, ABC294640 was used to examine the effect of targeting SphK2 on TNBC metastasis.



RESULTS


Knockdown of SphK2 Suppresses TNBC Cell Migration

To investigate the role of SphK2 in TNBC cell migration, SphK2 siRNAs were transfected into two TNBC cell lines: MDA-MB-231 and BT-549. The successful knockdown of SphK2 in MDA-MB-231 and BT-549 cells was verified by real-time quantitative PCR (RT-qPCR) and Western blot assays. SphK2 siRNA transfection resulted in significantly decreased expression of SphK2 at both the mRNA and protein levels in MDA-MB-231 and BT-549 cells, whereas SphK1 expression was not affected (Figures 1A,B). Wound-healing and transwell migration assays were used to observe cell migration. The cell migration in the SphK2 siRNA groups was markedly lower than that in the control groups (Figures 1C,D), indicating that SphK2 plays an important role in TNBC cell migration.
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FIGURE 1. Effects of SphK2 knockdown on TNBC cell migration. (A) SphK2 and SphK1 protein expression in TNBC cells transfected with SphK2 siRNA or control siRNA was determined by Western blot assay. (B) Relative SphK2 and SphK1 mRNA expression determined by RT-qPCR in TNBC cells transfected with SphK2 siRNA or control siRNA. (C) The migration of TNBC cells transfected with SphK2 siRNA or control siRNA was evaluated by a wound-healing assay. (D) The migration of TNBC cells transfected with SphK2 siRNA or control siRNA was evaluated by a transwell assay. The results of each assay are representative of three independent experiments. The bars represent the mean ± SD of three independent experiments. ***p < 0.001; NS, not significant.




Pharmacological Inhibition of SphK2 Decreases TNBC Cell Migration

Sphingosine kinase 2 was inhibited with ABC294640, a selective SphK2 inhibitor, to assess the effect of SphK2 on TNBC cell migration. The CCK-8 assay was used to evaluate the effect of ABC294640 on TNBC cell viability, and a concentration of 12.5 μM was selected for the SphK2 inhibition experiment because no obvious inhibition of cell viability was observed at this concentration: relative cell viability was 91.62% for MDA-MB-231 cells and 90.76% for BT-549 cells (Figure 2A). The wound-healing and transwell migration assays showed that the migratory ability of both MDA-MB-231 and BT-549 cells was decreased after exposure to 12.5 μM ABC294640 for 24 h (Figures 2B,C).
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FIGURE 2. Effects of SphK2 inhibition on TNBC cell migration. (A) The effect of ABC294640 on TNBC cell viability was evaluated by a CCK-8 assay. (B) Wound-healing assay on the migration of TNBC cells treated with the SphK2 inhibitor ABC294640 (12.5 μM). (C) Transwell assay on the migration of TNBC cells exposed to ABC294640 (12.5 μM). The results of each assay are representative of three independent experiments. The bars represent the mean ± SD of three independent experiments. **p < 0.01, ***p < 0.001.




Sphingosine Kinase 2 Overexpression Promotes TNBC Cell Migration

MDA-MB-231 and BT-549 TNBC cells were stably transfected with LV-SphK2 lentivirus to enhance SphK2 expression. SphK2 expression in MDA-MB-231 and BT-549 cells was significantly increased compared with that in control cells confirmed by Western blot and qRT-PCR assays (Figures 3A,B). The migratory ability of LV-SphK2 TNBC cells was significantly increased, further supporting the importance of SphK2 in TNBC cell migration (Figures 3C,D).
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FIGURE 3. Effects of SphK2 overexpression on TNBC cell migration. (A) SphK2 protein expression in TNBC cells transfected with LV-SphK2 lentivirus or control virus was measured by Western blot assay. (B) Relative SphK2 mRNA expression levels in TNBC cells transfected with LV-SphK2 lentivirus or control virus were measured by RT-qPCR. (C,D) The migration of TNBC cells transfected with LV-SphK2 lentivirus or control lentivirus was evaluated by wound-healing and transwell assays. The results of each assay are representative of three independent experiments. The bars represent the mean ± SD of three independent experiments. **p < 0.01, ***p < 0.001.




Sphingosine-1-Phosphate Production Positively Correlates With SphK2 Expression in TNBC Cells

Since the main biological function of SphK2 is to catalyze the generation of S1P, we further evaluated the role of S1P in SphK2-induced TNBC cell migration. The S1P level in TNBC cells after the inhibition or overexpression of SphK2 was measured by liquid chromatography-tandem mass spectrometry (LC-MS/MS). As expected, the pharmacological inhibition of SphK2 by ABC294640 decreased S1P production in MDA-MB-231 and BT-549 cells (Figure 4A; lowered by 0.49 and 0.5 compared with the control group, respectively). Meanwhile, overexpression of SphK2 increased the S1P level in these two cell lines (Figure 4B; 1.74-fold and 1.65-fold higher than control group, respectively). These data suggested that S1P production in TNBC cells was positively correlated with SphK2.
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FIGURE 4. Influence of SphK2 pharmacological inhibition and overexpression on S1P production in TNBC cells. (A) Intracellular S1P production measured via LC-MS/MS in TNBC cells exposed to ABC294640 (12.5 μM) for 24 h. (B) S1P analyses were conducted in SphK2-overexpressing and control TNBC cells via LC-MS/MS. The results of each assay are representative of three independent experiments. The bars represent the mean ± SD of three independent experiments. **p < 0.01, ***p < 0.001.




Exogenous S1P Promotes TNBC Cell Migration and Restores the Reduced Migratory Ability of SphK2-Knockdown TNBC Cells

Since the inhibition of SphK2 suppressed the S1P production, and SphK2 overexpression promoted S1P production in TNBC cells, we hypothesized that the effect of SphK2 on the migratory ability of TNBC cells was achieved by S1P. To determine whether S1P could promote the migration of TNBC cells, 4 μM exogenous S1P was added to the cell culture medium during transwell migration and wound-healing assays. Exogenous S1P stimulation markedly improved the migratory ability of TNBC cells (Figures 5A,B), suggesting that S1P promotes TNBC cell migration. Furthermore, when S1P was added to the medium of SphK2-knockdown TNBC cells, the impaired migratory ability was restored (Figures 5C,D). Collectively, the above results indicated that SphK2 promoted TNBC cell migration by catalyzing the production of S1P.
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FIGURE 5. Effects of exogenous S1P on TNBC cell migration. (A,B) TNBC cell migration was examined after treatment with 4 μM S1P by wound-healing and transwell assays. (C,D) TNBC cells transfected with SphK2 siRNA were exposed to 4 μM S1P. Cell migration was evaluated by wound-healing and transwell assays. The results of each assay are representative of three independent experiments. The bars represent the mean ± SD of three independent experiments. *p < 0.05, ***p < 0.001.




Pharmacological Inhibition of PAK1 Decreases TNBC Cell Migration and Reduces the Increased Migratory Ability of TNBC Cells Due to SphK2 Overexpression or Exogenous S1P Stimulation

Based on some research that S1P could promote cell migration through PAK1 activation, we questioned whether PAK1 was activated by SphK2/S1P in TNBC cells. To clarify the role of PAK1 in modulating TNBC metastasis, TNBC cells were exposed to the PAK1 inhibitor IPA-3, and a concentration of 5 μM was selected based on the PAK1 inhibition experiment, in which viability of cells exposed to 5 μM IPA-3 was 94.70% in MDA-MB-231 cells and 90.77% in BT-549 cells, showing no significant inhibition of cell viability (Figure 6A). After exposure to 5 μM IPA-3 for 24 h, PAK1 phosphorylation declined (Figure 6B), indicating that PAK1 activity was decreased. The results of the transwell migration and wound-healing assays showed that the inhibition of PAK1 activity by IPA-3 decreased the migration of TNBC cells (Figures 6C,D). In addition, the increased migration ability of TNBC cells due to SphK2 overexpression or exogenous S1P stimulation was reversed by IPA-3 treatment (Figures 6E–H). Therefore, PAK1 was confirmed to promote the migration of TNBC cells and could be a downstream molecule of SphK2/S1P.
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FIGURE 6. Effects of IPA-3 on TNBC cell migration. (A) The influence of IPA-3 on TNBC cell viability was evaluated by a CCK-8 assay. (B) The level of phosphorylated PAK1 protein in TNBC cells treated with 5 μM IPA-3 for 24 h was measured by Western blot assay. (C,D) TNBC cell migration was examined after treatment with 5 μM IPA-3 by wound-healing and transwell assays. (E,F) SphK2-overexpressing TNBC cells were exposed to 5 μM IPA-3, and migration was evaluated. (G,H) TNBC cells treated with S1P were exposed to 5 μM IPA-3, and migration was evaluated. The results of each assay are representative of three independent experiments. The bars represent the mean ± SD of three replications of experiments. *p < 0.05, **p < 0.01, ***p < 0.001.




Sphingosine Kinase 2/Sphingosine-1-Phosphate Regulates TNBC Cell Migration Through the Activation of PAK1/LIMK1/Cofilin1 Signaling

Currently, the molecular mechanisms of SphK2-mediated TNBC cell migration are unknown. Since PAK1 is a downstream molecule of SphK2/S1P, and PAK1 can promote cell motility through the activation of LIMK1/Cofilin1, we hypothesized that SphK2/S1P could regulate the migration of TNBC cells in a PAK1/LIMK1/Cofilin1 signaling-dependent manner. Therefore, we measured the phosphorylation level of PAK1, LIMK1, and Cofilin1 in TNBC cells subjected to different treatments. The Western blot assay results showed that the phosphorylation of PAK1, LIMK1, and Cofilin1 was decreased in TNBC cells with SphK2 knockdown or inhibition (Figures 7A,B) but increased in SphK2-overexpressed TNBC cells (Figure 7C). The exogenous S1P stimulation also increased the phosphorylation of PAK1, LIMK1, and Cofilin1 (Figure 7D). These results suggested that the PAK1/LIMK1/Cofilin1 signaling pathway participates in SphK2/S1P-mediated migration of MDA-MB-231 and BT-549 cells.
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FIGURE 7. The phosphorylation of PAK1, LIMK1, and Cofilin1 in different cell groups. Western blot assay on (A) the phosphorylation of PAK1, LIMK1, and Cofilin1 in TNBC cells transfected with SphK2 siRNA. (B) The phosphorylation of PAK1, LIMK1, and Cofilin1 in TNBC cells treated with ABC294640. (C) The phosphorylation of PAK1, LIMK1, and Cofilin1 in SphK2-overexpressing TNBC cells. (D) The phosphorylation of PAK1, LIMK1, and Cofilin1 in TNBC cells exposed to S1P. The results of each assay are representative of three independent experiments. The bars represent the mean ± SD of three replications of experiments. *p < 0.05, ***p < 0.001.




Sphingosine Kinase 2-Selective Inhibitor ABC294640 Reduces the Lung Metastasis of TNBC Cells in vivo

To determine the therapeutic potential of pharmacological inhibition of SphK2 in TNBC, the effect of ABC294640 on tumor metastasis was examined in a 4T1 xenograft mouse model. Mice with established, size-matched 4T1 tumors were divided into two groups and treated with ABC294640 or vehicle. Tumor weight showed no significant difference between groups at the end point of treatment (Figure 8A). There was also no distinct difference in the tumor volume between the two groups during 4 weeks of treatment (Figure 8A), while an obvious increase in the number and size of lung metastatic nodules was observed in the vehicle control group at the end of the treatment (Figure 8B), indicating that ABC294640 could decrease TNBC metastasis in vivo. Moreover, we performed a histological assessment on orthotopic tumors and lung metastatic nodules. No significant difference in TUNEL or Ki-67 staining was observed between tumors from ABC294640-treated mice and those from control mice, indicating that treatment with 40 mg/kg ABC294640 had minimal influence on tumor apoptosis or proliferation (Figure 8C). Similar to the results in vitro, orthotopic tumors and lung metastatic nodules from the control group exhibited stronger staining for p-PAK1, p-LIMK1, and p-Cofilin1 than that from ABC2945640-treated group (Figure 8D), further supporting the hypothesis that SphK2/S1P regulates the metastasis of TNBC through the activation of PAK1/LIMK1/Cofilin1 signaling pathway.
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FIGURE 8. Inhibition of SphK2 activity reduces TNBC metastasis and the phosphorylation of PAK1, LIMK1, and Cofilin1 in vivo. (A) Representative images of the orthotopic tumors were obtained, and the volumes and weight of tumors were recorded. (B) Representative images of the lungs were obtained, and the metastatic nodules were counted. (C) Tumor apoptosis and proliferation were evaluated by TUNEL and Ki-67 staining, respectively. (D) The levels of SphK2 and phosphorylated PAK1, LIMK1, and Cofilin1 in orthotopic tumors and lung metastatic nodules were measured. The bars represent the mean ± SD of replications of experiments. *p < 0.05, **p < 0.01, ***p < 0.001; NS, not significant.




DISCUSSION

Triple-negative breast cancer is a highly aggressive cancer that lacks targeted therapy (De Laurentiis et al., 2010); therefore, the need to identify efficient targets for TNBC therapy is important. Our research showed that SphK2, a key enzyme that converts sphingosine to S1P, is involved in TNBC cell migration. Similar to the results observed in human renal cancer cells (Gao and Smith, 2011), the ablation of SphK2 decreased TNBC cell migration. In addition, the pharmacological inhibition of SphK2 with ABC294640 diminished TNBC cell migration in the present study. Another study reported that the inhibition of SphK2 activity by other inhibitors had an inhibitory effect on the migration in HeLa cells (Lee et al., 2017). Moreover, we found that the overexpression of SphK2 led to an increased migratory ability of TNBC cells. Our results were in consistent with a previous study that reported that upregulation of SphK2 partially increased the migration of papillary thyroid carcinoma cells (Qiu et al., 2016). The results from the present study and others suggest that SphK2 is involved in tumor metastasis and that SphK2 might be a therapeutic target in TNBC.

Accumulating evidence demonstrates that S1P is a critical second messenger that regulates the migration of various cells, including cancer cells (Sekine et al., 2011; Bao et al., 2012) myofibroblasts (Li et al., 2012), dendritic cells (Eigenbrod et al., 2006), and stem cells (Ng et al., 2018). Moreover, it has been reported that S1P generated from SphK1 accelerates breast cancer cell migration (Nagahashi et al., 2018). However, whether SphK2/S1P plays the same role in TNBC cell migration is unclear. Here, we reported that SphK2/S1P promotes the migration of TNBC cells. We demonstrated that the inhibition of SphK2 with ABC294640 reduced the S1P level and that the overexpression of SphK2 increased the S1P level in TNBC cells, indicating that the expression of S1P is positively correlated with SphK2. The positive correlation between SphK2 and S1P also existed in murine adenocarcinoma cells (French et al., 2010) and colorectal cancer cells (Xun et al., 2015). However, Gao and Smith (2011) reported contrasting results in which knockdown of SphK2 led to increased S1P production in renal carcinoma cells owing to the elevated expression of SphK1. In the present study, SphK2 knockdown had minimal influence on SphK1 expression. Hait et al. (2005) also showed that SphK2 knockdown did not affect the expression and activity of SphK1 in breast cancer cells. We showed that exogenous S1P stimulation promoted TNBC cell migration and SphK2 knockdown reduced the migratory ability of TNBC cells. Collectively, these results suggest that SphK2 promotes TNBC cell migration through the production of S1P.

Based on the important roles of SphK2/S1P in TNBC cell migration, we further investigated the downstream molecular mechanisms. Our data showed that the PAK1/LIMK1/Cofilin1 cascade, an important regulator of actin cytoskeleton and cell motility (Dummler et al., 2009), was activated by SphK2/S1P in TNBC cells. S1P has been reported to increase PAK1 activity (Egom et al., 2011) and even directly stimulate PAK1 to induce cell lamellipodia formation and movement (Maceyka et al., 2008). Consistent with these studies, we found that exogenous S1P stimulation increased the phosphorylation of PAK1. In addition, the inhibition of PAK1 by IPA-3 decreased TNBC cell migration and reversed the increased migratory ability of TNBC cells due to SphK2 overexpression or S1P stimulation. These results indicate that PAK1 is the downstream target of SphK2/S1P and contributes to the migration of TNBC cells. Furthermore, the phosphorylation of PAK1, LIMK1, and Cofilin1 was increased in SphK2-overexpressed or S1P-stimulated TNBC cells and decreased in SphK2-inhibited TNBC cells, and was even decreased in vivo due to the administration of ABC294640. These results demonstrated that the PAK1/LIMK1/Cofilin1 cascade is the downstream signaling pathway of SphK2/S1P. Generally, we elucidate a novel mechanism linking SphK2/S1P to PAK1/LIMK1/Cofilin1 in TNBC cell migration.

ABC294640, the selective inhibitor of SphK2, was found to have broad antitumor activity. ABC294640 inhibited cell growth both in vitro and in vivo in various cancers such as colorectal cancer (Xun et al., 2015), non-small cell lung cancer (Dai et al., 2018), and prostate cancer (Schrecengost et al., 2015). ABC294640 also has an effective inhibitory effect on cancer cell migration in vitro (French et al., 2010). Remarkably, the present study provided the first evidence that the pharmacological inhibition of SphK2 by ABC294640 at a dose of 40 mg/kg decreased TNBC metastasis in a mouse model, indicating the clinical value of ABC294640 for the treatment of TNBC.

Several limitations of this present study should be noted. Although Antoon et al. (2011) reported that the expression of SphK2 in TNBC cell line MDA-MB-231 was significantly higher than in normal mammary epithelial cell MCF-10A, the evidence of whether SphK2 upregulation present in TNBC tissues is still lacking. Our current study also did not provide expression data of SphK2 in human TNBC tissues, which should be considered as a limitation of the study. Further investigations based on clinical specimens are warranted to provide more evidence supporting SphK2 as a therapeutic target of TNBC. Pharmacokinetics and pharmacodynamics data of ABC294640 in tumor-bearing mice and in patients with advanced solid tumors are available in previously published reports (French et al., 2010; Britten et al., 2017). Interestingly, our results showed that the oral administration of 40 mg/kg ABC294640 three times a week exhibited dramatic activity against TNBC metastasis without inhibiting primary tumor growth. Unfortunately, the plasmatic and intratumoral concentrations of ABC294640 in this metastatic model remain unknown, which is also a limitation of this study. The determination of drug concentrations at which ABC294640 demonstrates metastasis-specific activity will be of great significance in further studies to develop therapeutic strategies against TNBC metastasis.



CONCLUSION

Collectively, we reported that SphK2/S1P promotes TNBC cell migration through the activation of the PAK1/LIMK1/Cofilin1 signaling pathway. Targeting SphK2 with ABC294640 inhibits TNBC xenograft metastasis in vivo, and ABC294640 has the potential to be a novel agent for the clinical treatment of TNBC.



MATERIALS AND METHODS


Cell Culture

Human breast carcinoma cell lines MDA-MB-231 and BT-549 and the mouse breast cancer cell line 4T1 were purchased from the Cell Bank of the Chinese Academy of Sciences (Shanghai, China). MDA-MB-231 cells were cultured in Dulbecco’s modified Eagle’s medium (DMEM) supplemented with 10% (v/v) fetal bovine serum (FBS), 100 U/ml penicillin, and 100 μg/ml streptomycin (all from Wisent, St-Bruno, Canada). BT-549 and 4T1 cells were cultured in Roswell Park Memorial Institute-1640 (RPMI-1640; Wisent, St-Bruno, Canada) medium, and other components of the culture media were the same as for MDA-MB-231 cells. Cells were cultured at 37°C in a humidified 5% CO2 atmosphere.



Small Interfering RNA Transfection

Sphingosine kinase 2 was downregulated by transfection with sequence-specific siRNA (GenePharma, Shanghai, China). siRNA against human SphK2 (targeted sequence: 5′ GGGUAGUGCCUGAUCAAUGTT 3′) and control siRNA were used. A total of 4 μl of Lipofectamine 2000 (Thermo Fisher Scientific, Waltham, MA, United States) was mixed with 150 μl of Opti-MEM (Wisent, St-Bruno, Canada) and incubated for 5 min at room temperature. siRNA was diluted in 150 μl of Opti-MEM. Following 5 min of incubation, the diluted siRNA was combined with diluted Lipofectamine 2000 (total volume, 300 μl). The solution was mixed gently, incubated for 20 min at room temperature, and then added to a six-well dish containing cells and medium. RT-qPCR and Western blot assays were adopted to assess the knockdown efficiency.



Lentivirus Transfection

Lentivirus transfection was used to obtain TNBC cells with stable ectopic SphK2 expression. Lentivirus expressing SphK2 and corresponding negative control virus were purchased from GeneChem (Shanghai, China). TNBC cells were plated in the six-well plates at a density of 2 × 105 cells per well and were subsequently transfected with lentivirus at a multiplicity of infection (MOI) of 10. Following 48 h of incubation, the antibiotic-resistant transfected cells were selected by applying a culture medium containing puromycin. The SphK2 overexpression efficiency was confirmed by Western blot and RT-qPCR assays.



Cell Counting Kit-8 Assay

For the Cell Counting Kit-8 (CCK-8) assay, the IPA-3 (Selleck, Houston, TX, United States), ABC294640 (Selleck, Houston, TX, United States), and S1P (Avanti Polar Lipids, Alabaster, AL, United States) were dissolved in dimethyl sulfoxide (DMSO) to generate stock solutions at concentrations of 50, 50, and 10 mM, respectively. The final concentration of DMSO in the treatment medium was below 0.1%. TNBC cells in DMEM containing 10% FBS were seeded into 96-well plates at a concentration of 1 × 104 cells per well and incubated for 24 h. The culture medium was replaced with a fresh medium containing vehicle or testing agents at indicated concentrations. After treating cells with different agents or vehicles for 48 h, CCK-8 solution (10 μl/well) was added to the 96-well plates and incubated for 1 h to detect the viability of TNBC cells. The light absorbance values at 450 nm were measured in a microplate reader (Bio-Rad, Hercules, CA, United States), and cell viability was determined. Relative viability was normalized to the vehicle-treated control cells after background subtraction and was expressed as ODtest/ODcontrol∗100%. Each treatment was performed in triplicate wells, and three independent experiments were repeated.



Protein Isolation and Western Blot Assays

The cells were lysed with 150 μl of lysis buffer (Beyotime, Shanghai, China) containing 1% protease inhibitors (Thermo Fisher Scientific, Waltham, MA, United States) on ice for 5 min following washing two times with ice-cold phosphate-buffered saline (PBS). The cells were harvested and centrifuged at 12,000 × g for 5 min at 4°C. The protein concentrations were determined using a BCA kit (Beyotime, Shanghai, China). Equal amounts of protein (20 μg/lane) dissolved in 20 μl of loading buffer (Beyotime, Shanghai, China) were separated by sodium dodecyl sulfate polyacrylamide gel electrophoresis (SDS-PAGE, Beyotime, Shanghai, China), transferred to polyvinylidene difluoride (PVDF) membranes (Roche Applied Science, Mannheim, Germany), and blocked with 5% non-fat milk for 1 h at room temperature. Immunoblotting was performed by incubation overnight at 4°C with the indicated primary antibodies (Cell Signaling Technology, Beverly, MA, United States except as noted): anti-PAK1, anti-p-PAK1, anti-Cofilin1, anti-p-Cofilin1, anti-LIMK1 (Abcam, Burlingame, CA, United States), anti-p-LIMK1 (Abcam, Burlingame, CA, United States), anti-SphK1 (Proteintech, Wuhan, China), and anti-SphK2 (Proteintech, Wuhan, China). The dilution of primary antibodies against SphK1 and SphK2 was 1:500. Other primary antibodies were diluted at 1:1,000. After the incubation with primary antibodies, the membranes were washed and incubated with horseradish peroxidase (HRP)-linked secondary antibodies (1:5,000 dilution; Proteintech, Wuhan, China) at room temperature for 1 h. The signals were developed with an enhanced chemiluminescence reagent (Biosharp, Beijing, China) under a chemiluminescence camera (Tanon, Beijing, China). The density of each band was measured using ImageJ software (National Institutes of Health, Bethesda, MD, United States) and normalized to internal control [glyceraldehyde 3-phosphate dehydrogenase (GAPDH)] from the same sample. Three independent experiments were repeated.



Real-Time Quantitative PCR

Total RNA was extracted using the TRIzol Reagent (Takara Bio, Otsu, Japan) and reverse transcribed into cDNA using the PrimeScript RT Master Mix (Takara Bio, Otsu, Japan). The relative mRNA expression levels were determined by RT-qPCR with the SYBR Green PCR Master Mix (Takara Bio, Otsu, Japan) on an ABI PRISM 7300 Sequence Detection System (Applied Biosystems, Foster City, CA, United States). The relative mRNA levels were calculated by the 2–ΔΔ Cq method with GAPDH as the internal control. Three independent experiments were repeated.



Wound-Healing Assay

A culture insert (Ibidi, Munich, Germany) was used to generate a wound of 500 μm. The insert was placed on the 24-well plates; then, 2 × 105 cells were seeded in each culture insert and incubated for 24 h. After removing the culture insert, cells were allowed to grow in the media without FBS for 24–48 h. The original area and migration area were measured using ImageJ software, and the wound closure rates are shown according to the ratio of the migration area to the original area. Each treatment was performed in triplicate wells and three independent experiments were repeated.



Transwell Migration Assay

Transwell migration assay was performed using a 6.5-mm transwell insert with 8.0-μm pore polycarbonate membrane (Merck Millipore, Burlington, MA, United States). A total of 300 μl of cell suspension containing 2 × 105 cells without FBS was added to the upper chamber, and 800 μl of medium containing 10% FBS was added to the lower chamber. After incubation for 48 h, cells on the lower chamber were fixed with 4% paraformaldehyde for 20 min and stained with crystal violet for 20 min. Images of each chamber were captured randomly for cell counting. Three independent experiments were repeated.



Quantification of S1P by LC-MS/MS

Cells were washed two times with cold PBS, harvested, and centrifuged at 1,000 rpm for 5 min at 4°C; then, the cells were suspended in 100 μl of distilled water. The cell suspension was mixed with internal standard (1 ng/ml C17-S1P, Avanti Polar Lipids, Alabaster, AL, United States) and 65 μl of methanol and then centrifuged at 1,000 rpm for 5 min. S1P in the supernatant was quantified by LC-MS/MS as described previously at the Virginia Commonwealth University Lipidomics Core (Nagahashi et al., 2013).



Tumor Xenograft Model

Six-week-old female BALB/c mice, weighing approximately 20 g, were purchased from the Model Animal Research Center of Nanjing University (Nanjing, China). The mice were housed in sterile cages in laminar airflow hoods in a specific pathogen-free environment at 22–25°C, 40–60% relative humidity with a 12:12 h day/night light cycle. The mice had free access to autoclaved water and commercial mouse chow (Xietong Biological, Nanjing, China). The study protocol was approved by the Institutional Ethics Committee of the Affiliated Drum Tower Hospital of Nanjing University Medical School. 4T1 cells (2 × 105 cells in 100 μl of PBS) were surgically implanted into the mammary fat pads. When the tumors formed, the mice were randomly assigned into two groups. Subsequently, ABC294640 at an oral dose of 40 mg/kg body weight or vehicle was administered three times a week. ABC294640 was suspended in an oral vehicle solution containing 2% DMSO + 30% PEG300 (Selleck, Houston, TX, United States) + 5% Tween 80 (Selleck, Houston, TX, United States) + ddH2O. Tumor volume was measured three times a week using a digital caliper and calculated using the equation (length × width2)/2. The body weight of mice was also measured three times a week. All mice were sacrificed by cervical dislocation under general anesthesia with isoflurane (RWD Life Science, Shenzhen, China) after 4 weeks of treatment. The tumors and lungs were harvested, and the number of metastatic tumor nodules was recorded.



Hematoxylin & Eosin (H&E), Immunohistochemical, and TUNEL Staining

Tissues fixed with 4% paraformaldehyde were embedded in paraffin and cut into 5-μm thick slices. For H&E staining, the tissue slices were dewaxed in xylene, rehydrated with decreasing concentrations of ethanol, and washed with PBS. The slices were stained with hematoxylin for 30 s with agitation and rinsed with water. Then, the slices were stained with eosin for 10–30 s with agitation and rinsed with water. After staining, the slices were dehydrated, mounted, and covered with coverslips. Immunohistochemical (IHC) staining was performed according to a published protocol (Liu et al., 2017). Samples were incubated with antibodies (Cell Signaling Technology, Beverly, MA, United States, except as noted) against Ki-67, SphK2 (Proteintech, Wuhan, China), p-PAK1, p-LIMK1 (Abcam, Burlingame, CA, United States), and p-Cofilin1. TUNEL staining was performed according to the manufacturer’s protocol (Beyotime Biotechnology, Nantong, China). The Ki-67-positive cells, TUNEL-positive cells, and the integrated optical density (IOD) of SphK2, p-PAK1, p-LIMK1, and p-Cofilin1 staining were analyzed using ImageJ software.



Statistical Analysis

Data were analyzed using SPSS 19.0 statistical software (IBM, Chicago, IL, United States) and are expressed as the mean ± SD. Comparisons of different groups were performed using Student’s t-test or ANOVA analysis. A p-value less than 0.05 (p < 0.05) was considered to indicate a significant difference.
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Background: The coiled-coil domain containing (CCDC) family proteins have important biological functions in various diseases. However, the coiled-coil domain containing 137 (CCDC137) was rarely studied. We aim to investigate the role of CCDC137 in pan-cancer.

Methods: CCDC137 expression was evaluated in RNA sequence expression profilers of pan-cancer and normal tissues from The Cancer Genome Atlas (TCGA) and Genotype-Tissue Expression (GTEx) database. The influence of CCDC137 on the prognosis of tumor patients was analyzed using clinical survival data from TCGA. Function and pathway enrichment analysis was performed to explore the role of CCDC137 using the R package “clusterProfiler.” We further analyzed the correlation of immune cell infiltration score of TCGA samples and CCDC137 expression using TIMER2 online database.

Results: CCDC137 was over-expressed and associated with worse survival status in various tumor types. CCDC137 expression was positively correlated with tumor associated macrophages (TAMs) and cancer associated fibroblasts (CAFs) in Lower Grade Glioma (LGG) and Uveal Melanoma (UVM). In addition, high CCDC137 expression was positively correlated with most immunosuppressive genes, including TGFB1, PD-L1, and IL10RB in LGG and UVM.

Conclusions: Our study identified CCDC137 as an oncogene and predictor of worse survival in most tumor types. High CCDC137 may contribute to elevated infiltration of TAMs and CAFs and be associated with tumor immunosuppressive status.

Keywords: CCDC137, pan-cancer, tumor associated macrophages, immunosuppression status, tumor microenvironment


INTRODUCTION

Tumor microenvironment (TME) has been proved to be composed of complex components, and is crucial for tumor development and prognosis of patients (Cassim and Pouyssegur, 2019). The immune and stromal cells within TME have essential contributions to tumorigenesis and development of tumor (Lei et al., 2020). Tumor associated macrophages (TAMs) could secrete several cytokines and chemokines to alleviate tumor immunity and promote tumor progression. Moreover, the extensive heterogeneity of TAMs enables immune and stromal cells to adapt or alter their phenotypes to conform to the TME, playing an oncogene role in cancer progression and metastasis (Pathria et al., 2019). In addition, cancer associated fibroblasts (CAFs) in TME have abilities to secrete various growth factors, cytokines, and chemokines to promote tumor progression. TGFB1, which was mainly secreted by CAFs and TAMs, was one of the main inducements of tumor immunosuppressive microenvironment (Liao et al., 2019). Therefore, it is urgent to explore the potential molecular mechanism leading to the formation of CAFs and TAMs.

The coiled-coil domain containing (CCDC) family proteins have important biological functions. Many members of CCDC family are involved in the regulation of invasion and metastasis of malignant tumor cells. At present, it has been confirmed that the abnormal expression of CCDC34, CCDC67, and CCDC88A proteins can significantly affect the malignant progress of lung cancer, bladder cancer, thyroid cancer, and pancreatic cancer (Park et al., 2012; Gong et al., 2015; Tanouchi et al., 2016; Geng et al., 2018), which provides a theoretical basis for the application of new medicine in tumor targeted therapy.

CCDC137, a member of CCDC family proteins, was rarely studied in previous researches. In this study, we performed a pan-cancer analysis to explore the role of CCDC137 in tumor progression. In detail, we analyzed the expression level, methylation level, copy-number value, mutation status, and prognostic value of CCDC137 in TCGA pan-cancer. In addition, the associations between CCDC137 and tumor stromal cells, tumor-infiltrating immune cells, and immune related marker genes were investigated. This study revealed the potential role of CCDC137 in TME and its prognostic value in pan-cancer, which may help explore a new drug target.



MATERIALS AND METHODS


Data Collection

The RNA expression profiles and patient survival information of pan-cancer data of TCGA database were downloaded from UCSC-XENA1. The RNA expression profiles of The Genotype-Tissue Expression (GTEx) were downloaded from UCSC-XENA. The methylation level and copy-number value of CCDC137 in TCGA pan-cancer were downloaded from cBioportal2.



Data Analysis Tools

TIMER23 database was used to draw expression difference of CCDC137 using TCGA pan-cancer data. cBioportal database was used to show the alteration frequency of CCDC137 using TCGA data. R packages “survival,” and “survminer” were employed to perform Kaplan–Meier survival analysis. For functional enrichment analysis, R package “clusterprofiler” was used to perform Gene Set Enrichment Analysis (GSEA) analysis. Ualcan4 database was used to evaluate protein and protein phosphorylation level of CCDC137. TISIDB database5 was used to analysis CCDC137 expression in different molecular subtypes of tumor samples from TCGA.



Immune Cell Infiltration Analysis

TIMER2 database was used to analyze associations between CCDC137 and tumor stromal cells, tumor-infiltrating immune cells. The immunosuppressive gene was obtained from published paper “Pan-cancer Immunogenomic Analyses Reveal Genotype-Immunophenotype Relationships and Predictors of Response to Checkpoint Blockade” (Charoentong et al., 2017).



RESULTS


Pan-Cancer CCDC137 Expression

We first evaluated the mRNA expression of CCDC137 in pan-cancer data of TCGA using TIMER2 database. Results revealed that CCDC137 was highly expressed in 16 tumor types including Bladder Urothelial Carcinoma (BLCA), Breast invasive carcinoma (BRCA), Cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC), Cholangiocarcinoma (CHOL), Colon adenocarcinoma (COAD), Esophageal carcinoma (ESCA), Glioblastoma multiforme (GBM), Head and Neck squamous cell carcinoma (HNSC), Kidney renal clear cell carcinoma (KIRC), Kidney renal papillary cell carcinoma (KIRP), Liver hepatocellular carcinoma (LIHC), Lung adenocarcinoma (LUAD), Lung squamous cell carcinoma (LUSC), Rectum adenocarcinoma (READ), Stomach adenocarcinoma (STAD), and Uterine Corpus Endometrial Carcinoma (UECE), while only low expressed in Kidney Chromophobe (KICH) (Figure 1A). As the number of normal tissues in TCGA is limited, we further analyzed the CCDC137 expression combining normal tissue data of GTEx database with TCGA data. We found that CCDC137 was over-expressed in 24 tumor types. In addition to 16 tumor types mentioned above, there are also Lymphoid Neoplasm Diffuse Large B-cell Lymphoma (DLBC), Brain Lower Grade Glioma (LGG), Ovarian serous cystadenocarcinoma (OV), Pancreatic adenocarcinoma (PAAD), Sarcoma (SARC), Testicular Germ Cell Tumor (TGCT), Thymoma (THYM), and Uterine Carcinosarcoma (UCS). While CCDC137 was low expressed in KICH, Acute Myeloid Leukemia (LAML), Prostate adenocarcinoma (PRAD), Skin Cutaneous Melanoma (SKCM), Thyroid carcinoma (THCA) (Figure 1B).
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FIGURE 1. Pan-cancer CCDC137 expression analysis. (A) CCDC137 expression in tumor and adjacent normal tissues in pan-cancer data of TCGA cohort. (B) CCDC137 expression in tumor tissues from TCGA and normal tissues from TCGA and GTEx cohorts. Data shown as mean ± SD. *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001.


In addition, for paired tumors and adjacent normal tissues in TCGA, CCDC137 was over-expressed in tumor tissues of BLCA, BRCA, CESC, CHOL, COAD, ESCA, HNSC, KIRC, KIRP, LIHC, LUAD, LUSC, READ, STAD, and UCEC (Figures 2A–O), while low-expressed in KICH (Figure 2P). We then analyzed the CCDC137 expression in different WHO stages and molecular subtypes. We found that CCDC137 expression was higher in relative worse tumor stages in BRCA, LUSC, KIRC, KICH, and HNSC (Supplementary Figures 1A–E). We also observed that CCDC137 expression was significantly different in different molecular subtypes of BRCA, HNSC, LGG, LUSC, OV, PCPG, PRAD, STAD, and UCEC (Supplementary Figures 1A–N).


[image: image]

FIGURE 2. Pan-cancer CCDC137 expression in paired tumor and normal tissues. (A–P) CCDC137 expression in paired tumor and adjacent normal tissues in indicated tumor types in TCGA cohort. Data shown as mean ± SD. *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001.




DNA Methylation and CNA Alterations of CCDC137 in TCGA Pan-Cancer

To explore the reasons of the high CCDC137 expression in tumor, we evaluated the genetic and epigenetic changes of CCDC137 using TCGA data from cBioPortal. We found that patients with high CCDC137 expression were accompanied by high gene alterations in LIHC, UCEC, BRCA, OV, CHOL, LUSC, and LUAD (Figure 3A). For the association between DNA methylation level and mRNA expression of CCDC137, we found that DNA methylation level was significantly negatively correlated with CCDC137 expression in nine tumor types, including ACC, BRCA, ESCA, HNSC, LUSC, MESO, TGCT, UCS, and Uveal Melanoma (UVM) (Figure 3B). In addition, we further analyzed the association between relative linear copy number values and mRNA expression of CCDC137. The results revealed a significant positive correlation between CCDC137 expression and copy number variation (CNA) in BLCA, BRCA, CESC, ESCA, KIRP, SARC, SKCM, and UCS (Figure 3C).
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FIGURE 3. Pan-cancer analysis of CNA and DNA methylation of CCDC137. (A) CNA and mutation frequency of CCDC137 in TCGA pan-cancer were accessed using cBioPortal. (B) The correlation between DNA methylation and mRNA expression of CCDC137 in TCGA pan-cancer. (C) The correlation between CNA and mRNA expression of CCDC137 in TCGA pan-cancer.




Protein and Protein Phosphorylation Alterations of CCDC137 in TCGA Pan-Cancer

Since protein expression level is the key factor directly affecting molecular function, we further analyzed the protein and protein phosphorylation level of CCDC137 in TCGA pan-cancer using Ualcan database. The results revealed that the protein level of CCDC137 was higher in tumor tissues than that in normal tissues in BRCA, KIRC, COAD, LUAD, and UCEC, while no difference in OV (Figures 4A–F). In addition, we found that there was only one phosphorylation site of CCDC137. High phosphorylation level of CCDC137 was observed in BRCA, KIRC, COAD, OV, and UCEC (Figures 4G–K).
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FIGURE 4. Pan-cancer protein analysis of CCDC137. (A–F) CCDC137 protein level in indicated tumor types from TCGA cohort. (G–K) CCDC137 protein phosphorylation level in indicated tumor types from TCGA cohort. Data shown as mean ± SD. *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001.




Prognostic Value of CCDC137 in TCGA Pan-Cancer

Next, we investigated the prognostic value of CCDC137 in TCGA pan-cancer using Univariate Cox Regression analysis and Kaplan–Meier analysis. The Univariate Cox Regression analysis revealed that high expression of CCDC137 was a risk factor of overall survival (OS) in ACC, KICH, KIRC, LAML, LGG, LIHC, LUAD, MESO, and PRAD (Figure 5A). For disease free interval (DFI), higher expression of CCDC137 was associated with poorer DFI in ACC, LGG, LIHC, and PRAD (Supplementary Figure 2A). For progression free interval (PFI), higher expression of CCDC137 was associated with reduced PFI in ACC, KICH, KIRC, LGG, LIHC, LUSC, MESO, PCPG, PRAD, and UVM, while increased PFI in OV (Supplementary Figure 2B). For disease-specific survival (DSS), higher expression of CCDC137 was associated with worse DSS in ACC, KICH, KIRC, LGG, LIHC, LUAD, MESO, PCPG, PRAD, THCA, and THYM, while better DSS in OV (Supplementary Figure 2C). The Kaplan–Meier analysis suggested that high CCDC137 expression predicted poor OS in ACC, KICH, KIRC, LAML, LGG, LIHC, LUAD, and SKCM, while longer OS time in READ (Figures 5B–J).
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FIGURE 5. Prognosis value of CCDC137 in TCGA pan-cancer. (A) The forest map shows the results of Univariate Cox Regression analysis for OS. (B–J) Kaplan–Meier survival analysis of CCDC137 in indicated tumor types. Only tumor types with log rank p < 0.05 were displayed.




Immune Cell Infiltration Analysis

Tumor associated macrophages and CAFs, as prominent components of TME, were closely related to the occurrence, development, and metastasis of tumor. Thus, we further investigated the association between CCDC137 expression and infiltration level of TAMs and CAFs using TIMER2 online database. We observed a positive correlation between the infiltration of TAMs/CAFs and CCDC137 expression in the tumors of LGG and UVM based on all or most algorithms (Figure 6A). We further selected 24 immunosuppressive marker genes based on published article and performed the correlation analysis with CCDC137 (Charoentong et al., 2017). The results revealed that 17 of 24 immunosuppressive marker genes was positively correlated with CCDC137 expression in LGG and 22 of 24 immunosuppressive marker genes was positively correlated with CCDC137 expression in UVM (Figure 6B). In these immunosuppressive marker genes, TGFB1, NECTIN2, LGALS9, LAG3, and IL10RB were significantly correlated with CCDC137 expression in most tumor types. As we have known, there was a significant correlation between TGFB1 expression and TAMs/CAFs. We observed that CCDC137 was significantly correlated with TGFB1 expression in most tumor types including UVM and LGG, which may indicate the potential mechanism of CCDC137 influencing infiltration of TAMs/CAFs (Figure 6C).
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FIGURE 6. Analysis of the effect of CCDC137 on immune microenvironment. (A) The correlation between CCDC137 expression and CAFs (left) or TAMs (right) were shown. Red color represents positive correlation, blue color represents negative correlation, and the deeper the color, the stronger the correlation. (B) The heatmap shows the correlation between CCDC137 and immunosuppressive genes in TCGA pan-cancer. (C) Correlation coefficient and –log10 (p value) of CCDC137 with TGFB1 is shown. Each circle represents a different tumor type from TCGA. Red circles are marked for UVM and LGG. Gray circles mean no correlation.




Gene Set Enrichment Analysis of CCDC137

To better explore the pathways CCDC137 may participate in, we conducted GSEA using R package “clusterprofiler.” We observed that CCDC137 was mainly enriched in cell cycle related pathways in most tumor types. For example, CCDC137 was enriched in G1/S Transition in LGG, Cell Cycle, Mitotic in LIHC, Cell Cycle in LUSC, and S Phase in UVM (Figures 7A–D). These results indicated that CCDC137 was a major participant in tumor cell cycle process, which provided a potential direction for future research.
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FIGURE 7. GSEA of CCDC137 in TCGA pan-cancer. (A–D) The top 20 GSEA results of CCDC137 in indicated tumor types from TCGA.




DISCUSSION

The CCDC family proteins have important biological functions in various diseases. For example, CCDC43 was proved to accelerate proliferation and metastasis process of gastric cancer (Wang et al., 2020). In addition, CCDC25 was recently observed to promote cancer metastasis (Yang et al., 2020). However, CCDC137 was rarely studied for now.

In our study, we examined the CCDC137 mRNA and protein expression levels and prognostic value in pan-cancer using TCGA and GTEx data downloaded from UCSC Xena. Based on our results, we found that CCDC137, compared to normal tissues, was over-expressed in 16 tumor types including BLCA, BRCA, CESC, CHOL, COAD, ESCA, GBM, HNSC, KIRC, KIRP, LIHC, LUAD, LUSC, READ, STAD, and UECE. High CCDC137 expression predicts poor OS in ACC, KICH, KIRC, LAML, LGG, LIHC, LUAD, MESO, and PRAD.

Tumor microenvironment, especially tumor immune and stromal microenvironment, constitute a vital element of tumor tissue. Increasing evidence has revealed their clinicopathological significance in predicting outcomes and therapeutic efficacy (Greten and Grivennikov, 2019; Vitale et al., 2019; Suzuki et al., 2021). TAMs and CAFs in TME always accelerate tumor progression (Akins et al., 2020; Liu et al., 2021; Shan et al., 2021). Our results revealed that CCDC137 have close relationships with TAMs and CAFs infiltration in most tumor types. Moreover, the positive correlations between CCDC137 expression and immunosuppressive genes, such as TGFB1, NECTIN2, LGALS9, LAG3, and IL10RB, indicate the key role of CCDC137 in regulating tumor immunology, macrophage polarization, and CAFs formation. TAMs, which are particularly abundant in a tumor mass, contribute much to the immunosuppressive microenvironment (Zeng et al., 2021). TGFB1, mainly secreted by TAMs and CAFs in TME, play an irreplaceable role in inducing immunosuppressive microenvironment. Immunosuppressive genes, such as IL10, IL10RB, LGALS9, and LAG3, were observed to be co-overexpressed with TGFB1 in tumor tissues and predicted poor survival of tumor patients, indicating a potential mechanism by which CCDC137 regulates macrophage polarization, CAFs formation and correlates with several immunosuppressive genes (Kadowaki et al., 2016; Fan et al., 2020; Suzuki et al., 2021; Wang et al., 2021). In addition, the high expression of CCDC137 indicates the immunosuppression status in LGG and UVM, providing a potential drug target for tumor therapy.

In conclusion, CCDC137 may play an important role in macrophage polarization and CAFs formation in TME. Targeting CCDC137 may become a potential treatment for cancer.
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Gastric cancer has the second highest incidence among all the malignancies in China, just below lung cancer. Gastric cancer is likewise one of the main sources of cancer related passings. Gastric cancer therefore remains a huge threat to human health. The primary reason is absence of high sensitivity and specificity for early detection while the pathogenesis of GC is stayed muddled. During the last few decades, a lot of GC related genes have been identified. To find candidate GC related variant in these GC related genes, we conducted this case-control study. 29 tagSNPs located in 7 GC related genes were included. 228 gastric cancer patients and 299 healthy controls were enrolled. Significant differences were found between the genotype frequencies of EFNA1 rs4971066 polymorphism between gastric cancer patients and healthy controls. The result indicated that ephrin-A1 tagSNP rs4971066 GT/TT genotypes was significantly associated with reduced susceptibility of gastric cancer development.
Keywords: EFNA1, gastric cancer, SNP, case-control, biomarker
INTRODUCTION
Gastric cancer (GC) is one of the most well-known reason for cancer-related demise worldwide with the fifth incidence and third mortality (Jiang and Shen, 2019). The five-year survival rate of serious GC patients is still low. GC therefore remains a huge threat to human health. The primary explanation is absence of high sensitivity and specificity for early discovery. Therefore, to identify potential genetic markers such as polymorphisms in GC-related genes, can contribute the potential early diagnosis of GC. During the present study, we have focused on the following GC related genes: Y-box binding protein 1 (YBX1) encodes an exceptionally conserved protein that has wide nucleic acid binding properties. The encoded protein can bind both DNA and RNA then implicating in many cellular processes. Abnormal expression of YBX1 is related with malignant growth multiplication in various tissue including gastric cancer (Fang et al., 2019). ephrin A1 (EFNA1) is a member of the EFN family. For more than 30 years after researchers find this gene, a ton of proof upheld that EFNA1 assumes a basic part in tumor development (eg., Angiogenesis and progression) (Hao and Li, 2020). Gastrokine 2 (GKN2) is a secretory protein, whose expression level decrease in GC. GKN2 can increase sensitivity of GC cells to the drugs which increase ROS levels in tumors (Zhang et al., 2019). MicroRNA 143 (MIR143) has long to be proved to play a tumor suppressive role in gastric cancer. MIR143 is downregulated in GC cell lines. Ectopic expression of MIR143 resulted in inhibition of GC cell proliferation (Wu et al., 2020). Bromodomain containing 2 (BRD2) plays key role in transcription of genes required for cancer. A new report has shown that BRD2 is a direct target of MIR143–3p and increased expression level of BRD2 in gastric tumors was related with shorter survival times for GC patients (Chen et al., 2019). Leucine rich repeat containing G protein-coupled receptor 5 (LGR5) is involved in tissue development and the maintenance of adult stem cells in gastrointestinal tract. LGR5 can regulates gastric adenocarcinoma cell proliferation and invasion via activating Wnt signaling pathway (Wang et al., 2018). HOXC cluster antisense RNA3 (HOXC-AS3) is a long non-coding RNA that essentially increased in gastric cancer tissues and is corresponded with clinical results of gastric cancer (Zhang et al., 2018).
All of these genes have been reported to be associated with the GC development, and we have selected the tagSNPs in these genes and then conducted a case-control study to investigate whether these tagSNPs could contribute to the GC development.
MATERIALS AND METHODS
Subjects
The study population was composed of 228 gastric cancer patients and 299 healthy control individuals. Patients were consecutively recruited from the Jiangsu Cancer Hospital of Nanjing Medical University between Jan 2018 and Sep 2019. The diagnosis of patients was confirmed by histopathological analysis. Clinical information was obtained from hospital records, including gender, age, smoke, drink, differentiation, location, TNM status. Baseline profiles of the study participants have been summarized in Supplementary Table S1. The controls were selected from healthy volunteers who visited the Sir Run Hospital of Nanjing Medical University for medical examination. Individuals who had a history of diseases were exclude from the control group.
TagSNP Selection
Population data from 1,000 Genomes phase three were used to screen tagSNPs. A total of 208 individuals from Han Chinese populations were enrolled, including Han Chinese in Beijing, China (CHB) and Southern Han Chinese (CHS). The tagSNP were further screened by using Haploview software. The selected SNPs in the present study were summarized in Supplementary Table S2.
Genotyping
Genomic DNA was extracted from 200 μl EDTA-anticoagulated peripheral blood using a commercial extraction kit (Tiangen Biotech Corporation, Beijing, China). We performed polymerase chain reaction–ligase detection reaction (PCR-LDR) assay to detect the genotype of the SNP. The primer used were summarized in Supplementary Tables S3, S4. The final production was electrophoresed on ABI3730XL DNA Analyzer (Thermo Fisher Scientific, United States). The SNP was further genotyped by using Genemapper 4.1 (AppliedBiosystems, United States).
Statistical Analysis
All data were analyzed using SPSS 13 (SPSS Inc., Chicago, IL, United States). Genotype frequencies of the SNP were obtained by directed computing. Genotypic association analysis was performed using SNPstats. Odds ratio (OR) and respective 95% confidence intervals were reported to evaluate the effects of any differences between allele and genotype frequencies. Probability of 0.001 (0.05/29) or less was regarded as statistically significant.
RESULTS
Firstly, we conducted a logistic analysis by using plink software and picked out a significant variant EFNA1 rs4971066 (p value = 0.0003) (Figure 1).
[image: Figure 1]FIGURE 1 | Manhattan plot for the 29 SNPs.
Significant difference of EFNA1 rs4971066 allele frequencies existed between GC patients (G: 0.89 T:0.11) and controls (G: 0.80 T:0.20). Comparing to G allele, T allele carriers have 0.50-fold reduced risk to develop GC (p = 0.0001, 95% CI = 0.35–0.71). Then we performed further analysis based on different genetic models. As shown in Table 1, significant differences were found between the genotype frequencies of rs4971066 polymorphism between gastric cancer patients and healthy controls. Compared with GG genotype carriers, individuals with GT or TT genotype had 0.53 (p = 0.002) or 0.23 (p = 0.0099) fold decreased risk to develop gastric cancer in a codominant model, respectively. After adjusted by gender and age, GT genotype carriers still had a 0.36-fold decreased risk to develop gastric cancer (p = 0.0033). When compared with GG genotype carriers in a dominant model, GT/TT genotypes carriers had a 0.49- (P = 3e-04) or 0.34- (adjusted p = 0.0013) fold decreased susceptibility to develop gastric cancer. When compared with GG/TT genotypes carriers, GT genotype carriers had a 0.56- (p = 0.0044) or 0.38-fold (adjusted p = 0.0049) decreased risk to develop gastric cancer in a codominant model.
TABLE 1 | Association between the rs4971066 and risk of gastric cancer
[image: Table 1]Furthermore, we divided the patients by their T status, N status, clinical stages, and multifocality. No significant differences were found between patients with different TNM status (Table 2).
TABLE 2 | Association between the rs4971066 polymorphism and clinical features of GC patients
[image: Table 2]By enrolling the population data from 1,000 Genome Project, we then compared the frequencies of EFNA1 rs4971066 genotypes in present studied populations and different continental populations. As shown in Figure 2, dramatic differences were observed among populations from different continent. The frequency of GC risk rs4971066-GG genotype is highest in EAS population. Consistently, the highest GC incidence was in Asia and the lowest incidence in Africa (Rawla and Barsouk, 2019).
[image: Figure 2]FIGURE 2 | Distributions of EFNA1 rs4971066 genotypes in studies populations and other ethnic populations.
For the single nucleotide polymorphisms in EFNA1, there are couple papers have demonstrated that rs12904 is a gastric cancer related variant (Li et al., 2014; Lee et al., 2015; Zhu et al., 2015). As shown in Supplementary Figure S1, strong linkage was found between rs12094 and rs4971066 (D’ = 1, r2 = 0.862). This result also indicated that rs4971066 can served as a highly effective genetic marker.
DISCUSSION
The Eph family have been associated with controlling cell adhesion, migration and spatial organization of multicellular tissues (Anderton et al., 2021). There are at least 16 receptors and nine ligands recognized in various species belonging to the Eph family, which makes this family the largest family of receptor tyrosine kinases (Brantley-Sieders et al., 2006). These receptors can be partitioned into two classes dependent on homology and binding affinities for two distinct classes of ephrins. EphA-class receptors bind glycosylphosphatidylinositol-anchored ephrin-A ligands, which are bound to the cell membrane. EphB class receptors typically bind to class B ephrins, which are anchored to the cell membrane by a transmembrane spanning domain (Shi et al., 2008). Growing evidences have suggested the roles of A-class receptors and ligands in postnatal angiogenesis regulation, embryonic vascular remodeling and tumor angiogenesis (Pasquale, 2005). Expression analysis of mouse xenograft models and human breast cancer or human Kaposi’s sarcoma demonstrated that ephrin-A1 was widely expressed in tumor parenchyma and tumor endothelium (Ogawa et al., 2000). Other studies using inhibitors indicated that A-class receptors are necessary for vascular remodeling in pancreatic islet cell cancer and metastatic mammary adenocancer (Brantley et al., 2002). Scholars found out through a series of experiments in metastatic mammary tumor that membrane-tethered Ephrin-A1 can regulates angiogenic responses from initially distant host endothelium (Brantley-Sieders et al., 2006). The increased expression of ephrin-A1 accelerated the malignant progression of the intestinal adenoma to invasive tumors (Shi et al., 2008). Ephrin-A1 also regulates glutaminolysis through Eph receptor-dependent activation of RhoA GTPases (Youngblood et al., 2016). Ephrin-A1 was recently found it can be targeted by a lncRNA, GMAN, by binding competively to GMAN-AS RNA. Knockdown or knockout of GMAN or EFNA1 in gastric cancer cell lines reduces invasive activity and metastases.
Based on the previous results, it is concluded that the abnormal expression level of ephrin-A1 play a critical role in the tumor occurrence, development and metastasis. As well known, the nucleotide changes in the gene may have additive effect in the function of the specific gene. Not surprisingly, there were several studies have revealed single nucleotide variants in the ephrine-A1 gene that were associated with different diseases. For instances, a SNP rs12904 in the 3′-UTR of ephrin-A1 was found to be associated with gastric cancer susceptibility (Li et al., 2014). A GWAS research of Asian ethnicity has revealed that ephrin-A1 rs4745 and rs12904 were associated with the risk of gastric cancer (Lee et al., 2015). And a SNP rs4745 was found to be significantly associated with type 1 diabetes in a Genome-wide pathway analysis (Lee and Song, 2016). Li et al. identified that rs12904 in ephrin-A1 gene was significantly associated with risk of gastric cancer in a Chinese population. Their data indicated that the OR for carrying AG or GG genotype being 0.65 compared with AA genotype. During the present study, we got a consistent result. Since rs12904 is in strong linkage disequilibrium with rs4971066. The rs12904 AG/GG linked rs4971066 GT/TT genotypes also reduced the risk of gastric cancer. The result of present study demonstrated that rs12904 could be potential genetic marker for predicting the susceptibility of gastric cancer.
The present study has an obvious limitation. As noted in the Supplementary Table S1 that the ages of patients and controls are significantly different. The controls are younger, and they might develop GC in the future. To further validate the results, healthy independent Han Chinese individuals from 1000 G database were also compared. And the results were consistent.
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Trophoblast cell surface protein 2 (Trop2) is one of the cancer-related proteins that plays a vital role in biological aggressiveness and poor prognosis of colorectal cancer (CRC). The study of the Trop2 related network is helpful for us to understand the mechanism of tumorigenesis. However, the effects of the related proteins interacting with Trop2 in CRC remain unclear. Here, we found that coronin-like actin-binding protein 1C (CORO1C) could interact with Trop2 and the expression of CORO1C in CRC tissues was higher than that in paracarcinoma tissues. The expression of CORO1C was associated with histological type, lymph node metastasis, distant metastasis, AJCC stage, venous invasion, and perineural invasion. The correlation between CORO1C expression and clinical characteristics was analyzed demonstrating that high CORO1C expression in CRC patients were associated with poor prognosis. Furthermore, CORO1C knockdown could decrease the cell proliferation, colony formation, migration and invasion in vitro and tumor growth in vivo. The underlying mechanisms were predicted by bioinformatics analysis and verified by Western blotting. We found that PI3K/AKT signaling pathway was significantly inhibited by CORO1C knockdown and the tuomr-promoting role of CORO1C was leastwise partly mediated by PI3K/AKT signaling pathway. Thus, CORO1C may be a valuable prognostic biomarker and drug target in CRC patients.
Keywords: CORO1C, colorectal cancer, prognosis, metastasis, AKT
INTRODUCTION
Colorectal cancer (CRC) is the third most common cancer worldwide, and the incidence rate and mortality of CRC are increasing year by year (Siegel et al., 2020). Metastasis continues to be the leading cause of significant clinical problems and more than 90% cancer-related mortalities (Guan, 2015). Liver is the most common site of distant relapse in CRC patients, followed by lung, hilar/perihepatic lymph nodes, and peritoneum (Jiang et al., 2021). Approximately 25% of CRC patients present distant metastasis at initial diagnosis, and 50% of them develop metastatic disease within 3 years (Vatandoust et al., 2015). Cell migration underlies malignant tumor invasion and metastasis.
Human trophoblast cell surface protein 2 (Trop2) is a cell-surface glycoprotein highly expressed in a variety of tumors, and the high expression of Trop2 protein is associated with poor survival prognosis of cancer patients (Zhao et al., 2017; Zimmers et al., 2018; Sun et al., 2020). Trop2 plays a key role in inducing epithelial-mesenchymal transition (EMT) and regulating cell migration (Li et al., 2017; Wu et al., 2017; Gu et al., 2018). Trop2 physically interacts with β-catenin which is a vital molecule of EMT, and Trop2-induced β-catenin accumulation in the nucleus accelerates gastric tumor metastasis (Zhao et al., 2019). Due to the complicated mechanisms of Trop2, it remains necessary to investigate the interacting proteins of Trop2 in the process of exploring tumorigenesis.
When it comes to the potential function of Trop2, we found that coronin-like actin-binding protein 1C (CORO1C) has interacted with it. CORO1C belongs to the highly conserved coronin family that affects the actin cytoskeleton (Liu et al., 2016). It is enriched at the leading edge of lamellipodia, as well as folds of the invasive cell membrane (Brayford et al., 2016). CORO1C regulates F-actin, Arp2/3 complex, and ADF/cofilin proteins, inhibiting actin dynamics (Chan et al., 2011). It also selectively interferes with Rac1, which is a nexus in membrane protrusion and migration regulation (Williamson et al., 2015). Furthermore, CORO1C is differentially expressed in various solid tumors, such as glioblastoma cancer (Thal et al., 2008), hepatocellular cancer (Wu et al., 2010b), breast cancer (Wang et al., 2014) and lung cancer (Mataki et al., 2015). CORO1C has been confirmed to promote cellular proliferation and metastasis through regulating cyclin D1 and vimentin in gastric cancer (Cheng et al., 2019), but little is known about the role of CORO1C in CRC.
In this study, we investigated the proteins conjugated with Trop2 and speculated that CORO1C plays a vital role in CRC metastasis. The expression of CORO1C in CRC was detected, and the associations between CORO1C and clinicopathological features of CRC patients were investigated Also, the effects of CORO1C on CRC cells and the underlying mechanisms were explored in vitro and in vivo. Our research confirmed the biological function of CORO1C in CRC cells and provided a novel insight to CRC development and progression.
MATERIALS AND METHODS
Cell Line and Cell Culture
293T cell line and colorectal cancer cell lines SW480, SW620, COCA2, LOVO, HCT116,HT-29, and the normal colorectal epithelial cell line (NCM460) were purchased from Keygen Biotech Co., Ltd. and maintained in DMEM medium (Gibco, United States) with 10% fetal bovine serum (Gibco, United States), 50 units/ml penicillin (Gibco, United States) and 50 μg/ml streptomycin (Gibco, United States). The cell line was incubated in a moist environment with 5% CO2 at 37°C. AKT inhibitor (Miltefosine) was perchased (Selleck Chemicals LLC,S3056) and the used concentration was 50 μM.
Lentivirus-Mediated Transfection for Trop2 and CORO1C Over-Expression
The lentivirus-mediated Trop2-cDNA, CORO1C-cDNA (GeneCopoeia, Guangzhou, China) inserted in the pcDNA3.1 were used to overexpress Trop2 in 293T cells. Lipofectamine 2000 Transfection Reagent (Invitrogen, United States) was utilized to perform the transfections according to the instruction.
shRNA for CORO1C Down-Expression
The shRNA of CORO1C was designed according to the sequence of CORO1C gene (sense sequence: GGT​AGT​CAG​CTG​GGA​AAG​TCT), and BLAST test showed no homology with the coding sequence of other genes. CORO1C knockdown plasmids were synthesized by GeneCopoeia Co., Ltd. (Top strand: 5′-CAC​CGG​TAG​TCA​GCT​GGG​AAA​GTC​TCG​AAA​GAC​TTT​CCC​AGC​TGA​CTA​CC-3'. Bottom strand: 5′- AAA​AGG​TAG​TCA​GCT​GGG​AAA​GTC​TTT​CGA​GAC​TTT​CCC​AGC​TGA​CTA​CC -3′). The plasmid was transformed into Escherichia coli DH5α for amplification, and then extracted by EndoFree Maxi Plasmid Kit (TianGen, Beijing, China) according the instructions. Lipofectamine 2000 Transfection Reagent (Invitrogen, United States) was utilized to perform the transfections according to the instructions.
Quantitative Polymerase Chain Reaction (qPCR) Array
Total RNA was extracted from 293T cells using Trizol reagent (#12096028, Invitrogen, United States) and reverse transcribed into cDNA using High Capacity cDNA Reverse Transcription Kits (#4374966, Applied Biosystems, United States) according to the instruction. Quantitative real-time PCR was performed using SYBR Advantage qPCR Premix (#638321, Takara, Japan) on an ABI StepOnePlus Real-Time PCR System following the steps below: 95°C for 20 s; 40 cycles of amplification at 95°C for 15 s and 56°C for 1 min; 95°C for 15 s, 60°C for 1 min, 95°C for 15 s. Following primers were used for the reaction: human Trop2 forward, 5ʹ-ACA​ACG​ATG​GCC​TCT​ACG​AC-3ʹ, and reverse, 5ʹ- GTC​CAG​GTC​TGA​GTG​GTT​GAA-3ʹ, and GAPDH forward, 5ʹ-GGA​GCG​AGA​TCC​CTC​CAA​AAT-3ʹ, and reverse, 5ʹ-GGC​TGT​TGT​CAT​ACT​TCT​CAT​GG-3ʹ. Results were normalized to GAPDH and all experiments were repeated in triplicate.
Protein Extraction and Western Blotting
293T cells were dissolved by RIPA Lysis Buffer (#89901, Thermo, United States) in accordance with the protocol. The lysate was kept on ice for 5 min and then centrifuged at 12,000 g for 20 min. Protein samples were mixed with SDS-PAGE sample loading buffer (#P0015, Beyotime, China) and then heated to 95°C for 10 min. The protein sample was loaded onto an polyacrylamide gel for electrophoresis and then transferred to a PVDF membrane. The blots were blocked at room temperature for 2 h and then incubated with appropriate primary antibodies overnight at 4°C. After washing three times with PBST, the membrane was incubated with corresponding secondary antibodies at room temperature for 1 h. Proteins were visualized by chemiluminescent substrate (#34580, Thermo, United States) and ChemiDoc XRS + system (Bio-Rad, United States). Primary antibodies was used to detect Trop2 (1:1,000, #90540, CST, United States), CORO1C (1:500, #14749-1-AP, Proteintech, United States) and GAPDH (1:1,000, #97166, CST, United States).
Immunoprecipitation and Mass Spectrometry
10 µg anti-Trop2 IgG (#90540, CST, United States) was incubated with 50 µL dynabeads (#20423, Thermo, United States) for 10 min with rotation at room temperature. The protein sample was incubated with dynabead-IgG complex for 10 min at room temperature with rotation. The complex was washed with PBST three times and then resuspended by glycine (50 nM, pH2.8) for 2 min with rotation. The eluate obtained from the IP experiment was incubated with 1 mmol DTT and 200 μL UA buffer (8 MUrea, 150 mM TrisHCl,pH8.0) at room temperature for 1 h. The mixture was transferred into 10 kDa ultrafiltration centrifuge tube, centrifuged for 15 min (14,000 g). The tube was added with 14,000 μL IAA (50 mM), shocked for 1 min, incubated in room temperature for 30 min, and centrifugated at 14,000 g for 10 min. Ammonium bicarbonate (300 μL, 100 mmol) was added to the tube, and the tube was centrifuged in 14, 000 g for 20 min. The tube was added with 8 μL Trypsin buffer (4 μg Trypsin) and incubated in 37°C for 16 h. The filtrate was collected by centrifugation at 14, 000 g for 10 min and detected by TripleTOF 5,600 + mass spectrometer (AB SCIEX, United States). The data was analyzed by MaxQuant 1.5.2.8 software, and then the peptides and proteins were identified by Maxquant algorithm. The filtration parameters were set as: peptide FDR ≤0.01 and protein FDR ≤0.01.
Patients and Tissue Specimens
In this study, 581 patients with CRC diagnosed in the Affiliated Hospital of Nantong University during 2014–2018 were recruited. A total of 734 formalin-fixed, paraffin-embedded (FFPE) CC tissue samples were investigated, including CRC tissues (n = 581), matched paracarcinoma tissues (n = 117), and colonitis tissues (n = 36). None of the patients had been treated with radiotherapy, chemotherapy, or immunotherapy. The clinical information, including age, gender, location, histologic type, differentiation, depth of invasion, lymph node metastasis, distant metastasis, AJCC stage, venous invasion, perineural invasion, preoperative CEA, preoperative CA199, and Ki67 about the patients enrolled in this study were recorded.
Tissue Microarrays and Immunohistochemistry
The TMAs were constructed in the Department of Pathology, Affiliated Hospital of Nantong University, Nantong, Jiangsu, China, using the Quick-Ray tissue system (UNITMA, Korea). Graded alcohol was used for deparaffinage and rehydration. 3% H2O2 was utilized to block endogenous peroxidase. Antigens were retrieved by heating in 0.01 M citrate buffer (pH 6.0). CORO1C was detected by a anti-human CORO1C rabbit polyclonal antibody (dilution 1:200) (#14749-1-AP, Proteintech, United States). Hematoxylin was used for counterstain. Staining was scored independently by two pathologists unaware of clinical characteristics. CORO1C expression was quantified according to the semi-quantitative H-score method, using staining intensity scores as follow: 0 indicated negative expression; 1 indicated weakly positive staining; 2 indicated moderately positive staining; and 3 indicated strongly positive staining. Single staining intensity score = score × the percentage of cells in the corresponding intensity × 100. Final staining scores were the sum of four staining intensity scores. The minimum possible final staining score was 0 (no staining) and maximum possible score was 300 (100% of cells with 3 staining intensity) (Zhao et al., 2016).
CCK-8 Proliferation Assay
The cells in each group were seeded into 96-well plates with 5 × 103 cell/well, and cell proliferation was detected using CCK-8 kit according to the instruction. Diluted CCK-8 reagents were added into each well at 24, 48, 72 and 96 h respectively. After incubation in 37°C for 2 h, the absorbance of cells in each group at 450 nm was detected by a microplate reader.
Clone Formation Assay
The cells in each group were seeded into 6-well plates with 1 × 103 cell/well. After incubation for 2 weeks, cells were fixed with formaldehyde for 30 min, and then stained with 0.01% crystal violet for 30 min. Cell clones were counted and photographed.
Transwell Migration/Invasion Assay
Medium containing 10% serum was added in the lower chamber, cell suspension without serum was added in the upper chamber (containing matrigel glue for invasion assay). After incubation for 48 h, the membrane of the upper chamber was sucked and then fixed with formaldehyde for 30 min. Cells on the membrane were stained with 0.01% crystal violet for 30 min. Average values of 5 visual fields were randomly selected for statistical analysis.
Nude Mouse Tumorigenicity Assay
HCT116-shControl and HCT116-shCORO1C were collected in the logarithmic growth phase, respectively, and 100 μL cell suspension with a density of 1 × 108/ ml was prepared with RPMI 1640 medium and injected into the oxter of nude mice. The tumor size was measured with Vernier calipers every 3 days. Tumor volume = longest diameter × shortest diameter2/2. The protocols of animal study were approved by the laboratory animal center of Inner Mongolia Medical University.
Gene Ontology Analysis and Gene Set Enrichment Analysis
Ualcan database (http://ualcan.path.uab.edu/) was searched, and 395 genes were identified to be closely associated with CORO1C (pearson correlation coefficient ≥0.5, data not shown). Next, we performed GO analysis and GSEA of these CORO1C-related genes by DAVID database (https://david.ncifcrf.gov/). These genes were classified into three functional groups: molecular function group, biological process group, and cellular component group. Terms in each group and signaling pathways in KEGG were selected if p < 0.001 and false discovery rate <0.1. Data were visualized using Sangerbox online tool (http://sangerbox.com/).
Statistical Analysis
All statistics were analyzed by SPSS 19.0 statistical software (SPSS Inc., Chicago, IL). All the experiments were repeated three times with similar results. The correlation between CORO1C expression and clinical features was analyzed by Pearson’s χ2 test. The differences between the two groups were analyzed using an unpaired Student’s t-test. Three or more groups were compared using one-way analysis of variance (ANOVA), followed by Tukey’s multiple comparison test. Cumulative patient survival was estimated by Kaplan-Meier analysis. The survival curves were compared by log-rank test. p < 0.05 indicated statistical significance.
RESULTS
CORO1C is Related to Colorectal Cancer Cell Migration and Invasion
To identify the proteins interacting with Trop2, we first overexpressed Trop2 in 293T cells using the lentivirus-mediated Trop2-cDNA. qPCR, Western blotting, and immunofluorescence were performed to confirm Trop2 overexpression (Figures 1A–C). Coimmunoprecipitation (Co-IP) and mass spectrometry were used to define the proteins (CPD, HLA-A, PLOD2, and CORO1C) interacting with Trop2 (Figure 1D, Supplementary Table S1). Bioinformatics analysis confirmed that CORO1C is strongly associated with invasion and metastasis (Figure 1E, Supplementary Table S2).
[image: Figure 1]FIGURE 1 | Associations between CORO1C, TROP2, and CRC metastasis. Overexpression of Trop2 in 293T cells was confirmed by (A) qRT-PCR, (B) Western blotting, and (C) Immunofluorescence. (D) Trop2 immunocomplex by Co-IP; (E) Heatmap of proteins interacting with Trop2 in PC and MC. The RNA-seq data were obtained from GSE28702. Red and green colors represent high and low gene expression, respectively. PC: primary CRC; MC: metastatic CRC, **p < 0.01.
CORO1C Protein was Overexpressed in Colorectal Cancer Tissues Compared to Adjacent Tissues
The mRNA level of COR O 1C in CRC tissues was confirmed to be higher than that in normal tissues (Figure 2A). The protein subcellular localization of CORO1C, detected by IHC assay was in the cytoplasm in CRC tissues (Figure 2B). The χ-tile software program for TMA data analysis was utilized to estimate the level of CORO1C protein in CRC patients. The score between 0 and 130 was considered low or no expression, while the counts >130 were considered high expression. The CORO1C expression was classified as high or low or no. The frequency of high CORO1C expression in CRC tissues (66.61%, 387/581) was higher than that in pericarcinomatous tissue (52.14%, 61/117) (Figure 2C).
[image: Figure 2]FIGURE 2 | Expression of CORO1C in CRC patients. (A) CORO1C mRNA levels in the 35 CRC tissues. (B) Representative images of CORO1C protein expression in colorectal tissues: a. Negative expression of CORO1C in normal colorectal tissues; b. Positive expression of CORO1C in moderately differentiated tubular adenocarcinoma tissues; c. Positive expression of CORO1C in mucinous adenocarcinoma tissues; d. Positive expression of CORO1C in highly differentiated tubular adenocarcinoma tissues. (C) Positive rate of high CORO1C in CRC tissues was higher than in normal tissues, *p < 0.05.
CORO1C Overexpression was Associated With Increased Invasiveness and Metastasis in Colorectal Cancer Patients
We investigated the relationship between CORO1C expression and pathological parameters in CRC patients. The results showed that the expression of CORO1C was significantly related to the histological type (χ2 = 7.6419, p = 0.006), lymph node metastases (χ2 = 19.1615, p < 0.001), distant metastases (χ2 = 9.5623, p = 0.002), AJCC stage (χ2 = 17.7192, p = 0.001), venous invasion (χ2 = 22.1337, p < 0.001), and perineural invasion (χ2 = 21.1141, p < 0.001). However, no significant difference was detected between CORO1C expression and gender, age, location, differentiation, tumor size, preoperative CEA, preoperative CA199, and Ki67 (Table 1).
TABLE 1 | Association between CORO1C expression and clinicopathological characteristics in CRC patients.
[image: Table 1]High CORO1C Expression was Associated With Poor Prognosis in Colorectal Cancer
Univariate analysis showed that the overall survival (OS) was significantly associated with CORO1C expression, differentiation, lymph node status, distant metastasis, TNM stage, venous invasion, perineural invasion, and preoperative CEA. Multivariate analysis indicated that only CORO1C expression, distant metastases, TNM stage, and venous invasion were independent prognostic factors for OS (Table 2). Moreover, Kaplan–Meier survival curves displayed that high CORO1C expression and increased distant metastasis exerted a negative effect on OS (Figure 3).
TABLE 2 | Univariate and multivariate analysis of prognostic factors for overall survival in CRC.
[image: Table 2][image: Figure 3]FIGURE 3 | Survival curves of CRC patients using the Kaplan-Meier method and the log-rank test. (A) OS curves for patients with low CORO1C expression (blue line) and patients with high CORO1C expression (green line). (B) OS curves for distant metastases, M0 (blue line), and M1 (green line). (C) OS curves by TNM stage, TNM 0 and I (blue line), TNM II (green line), TNM III (gray line), and TNM IV (purple line).
Downregulation of CORO1C Inhibited Proliferation, Migration, and Invasion of CRC Cells in Vitro and in Vivo
We measured the levels of CORO1C expression in six CRC cell lines, namely SW480, SW620, COCA2, LOVO, HCT116, HT-29, and the normal colorectal epithelial cell line (NCM460) by western blotting. We found that CORO1C was highly expressed in COCA2 and HCT116 cells, and weakly expressed in SW620 and LOVO cells (Figure 4A). In the follow-up experiments, COCA2 and HCT116 cells were used to down-express CORO1C. SW620 and LOVO cells were used to over-express CORO1C.
[image: Figure 4]FIGURE 4 | The effects of CORO1C knockdown on CRC growth and metastasis in vitro and in vivo. (A) Levels of CORO1C1 protein expression in CRC cell lines and normal colorectal epithelial cells (NCM460) determined by western blotting. (B) COCA2 and HCT116 cells showed a significant decrease in protein level after shCORO1C transfection. (C) CORO1C downregulation significantly inhibited the proliferation of both cell lines. (D) A significant decrease in cell anchorage-dependent growth was detected after CORO1C knockdown. (E, F) Decreased CORO1C expression impaired abilities of migration (E) and invasion (F) of CRC cells (scale bar, 150 μm). All quantitative data of in vitro assays were generated from three replicates (G). The effects of CORO1C downregulation on the tumor growth in the xenograft mouse model (n = 6 mice/per group). *p < 0.05, **p < 0.01, ***p < 0.001.
To confirm the effects of CORO1C on CRC cells behaviors, shRNA against CORO1C was constructed and transfected into COCA2 and HCT116 cell lines. The significant downregulation of CORO1C after transfection was confirmed by Western blotting (Figure 4B). The knockdown of CORO1C in both cells suppressed cell proliferation (Figure 4C), clone formation (Figure 4D), migration (Figure 4E), and invasion (Figure 4F). A nude mouse xenograft model was constructed by HCT116 cells transfected with shRNA-CORO1C to confirm the role of CORO1C in CRC proliferation. The results showed that volumes (785.221 ± 134.681 mm3) and weights (0.442 ± 0.093 g) of tumors from the shCORO1C group (275.171 ± 98.854 mm3, 0.146 ± 0.057 g) were decreased than those from the control group, and CORO1C knockdown reduced the growth rate of CRC in vivo (Figure 4G).
AKT Inhibition Reversed the Effects of CORO1C on Migration and Invasion in CRC Cells
As shown in Figure 5A, in the biological process, CROR1C-related genes were mainly enriched in leukocyte migration, movement of a cell or subcellular component, and cell adhesion. In the cellular component group, CROR1C-related genes were mainly enriched in focal adhesion, cadherin binding, and cell-cell junction. Regarding the molecular function, CROR1C-related genes were enriched in protein binding, cadherin binding, and GTP binding. The findings of GSEA confirmed that CORO1C was related to focal adhesion, regulation of actin cytoskeleton, gap junction, and PI3K/AKT signaling pathway (Figure 5B). In COCA2 and HCT116 cell lines transfected with shRNA-CORO1C, the expression of fibronectin and vimentin protein was decreased, and E-cadherin expression showed an opposite trend. In addition, CORO1C knockdown inhibited the phosphorylation of the PI3K/AKT signaling pathway (Figure 5C).
[image: Figure 5]FIGURE 5 | Underlying mechanism of CORO1C in CRC. (A) GO analysis of CORO1C-related genes in CRC. (B) GSEA of CORO1C-related genes in CRC. (C) Expression changes of EMT-related proteins and PI3K/AKT signaling pathway after CORO1C knockdown. (D, E) The effects of AKT inhibitor (Miltefosine) on the abilities of migration (D) and invasion (E) of CRC cells (scale bar, 150 μm). All quantitative data were generated from three replicates. *p < 0.05, **p < 0.01, ***p < 0.001 vs. OE-Control group, #p < 0.05, ##p < 0.01 vs. OE-CORO1C group.
To further explore whether CORO1C1 facilitates migration and invasion of CRC cells via PI3K/AKT signaling pathway. CORO1C1 was overexpressed in SW620 and LOVO cell lines. We found that the effects of CORO1C1 were reversed by inhibition of AKT (Figure 5D–E). Taken together, the effects of CORO1C on migration and invasion might be mediated leastwise by PI3K/AKT signaling pathway in CRC cells.
DISCUSSION
In this study, we showed that a large number of proteins were connected with Trop2. The expression of these proteins was compared between primary CRC and secondary CRC, and CORO1C was markedly up-regulated in secondary CRC. Reportedly, CORO1C overexpression is related to poor prognosis in hepatocellular carcinoma, primary effusion lymphoma, and gastric cancer (Wu et al., 2010a; Luan et al., 2010; Cheng et al., 2019). To determine the role of CORO1C in CRC, we examined TMAs that included 734 samples of colorectal tissues and the relevant clinical data. With respect to Trop2 expression in colorectal tissues (Ohmachi et al., 2006), high CORO1C expression was detected more often in CRC tissues (66.61%) than in paracancerous tissues (52.14%). The CORO1C expression was associated with histological type, lymph node metastases, distant metastases, AJCC stage, venous invasion, and perineural invasion, indicating the aggressive characteristic of the cancer type. Furthermore, CRC patients with high CORO1C expression had a poor prognosis. Our findings suggested that CORO1C promotes CRC invasiveness and metastasis, i.e., poor disease-free survival and OS rates in patients.
In order to verify the influence of CORO1C on CRC, its expression was downregulated in COCA2 and HCT116 cells, which was inhibited clone formation, cell proliferation, migration, and invasion in vitro. The silencing also suppressed the tumor growth in vivo. As a target of several microRNAs, CORO1C promotes cell proliferation, invasion, and migration in non-small lung cancer, hepatocellular carcinoma, and triple-negative breast cancer (Wang et al., 2014; Han et al., 2020; Liao and Peng, 2020). It was demonstrated that knockdown of CORO1C dramatically suppressed cell viability, colony formation, mitosis, and metastasis and promotes apoptosis of gastric cancer cells (Cheng et al., 2019). These studies supported our findings that CORO1C plays a tumor-promoting role in CRC.
In order to elucidate the possible mechanisms, GO analysis and GSEA of CORO1C in CRC were performed. The CORO1C-related genes were classified into the biological process group, cellular component group, and molecular function group, indicating that CORO1C is associated with cell adhesion and migration. Cell invasion and metastasis require the involvement of the actin cytoskeleton, which is composed of filamentous actin (F-actin) (Jung et al., 2016). CORO1C is an actin-binding protein with three binding sites, directly regulating the activity of F-actin (Mikati et al., 2015). Several studies suggested a critical role of CORO1C in tumor metastasis. For example, it promotes gastric cancer metastasis via interaction with Arp2, MMP-9, and cathepsin K (Ren et al., 2012; Sun et al., 2014), increases matrix degradation and invasion and decreases adhesion and formation of invadopodia-like extensions in glioblastoma cells (Ziemann et al., 2013). The knockdown of CORO1C impairs cell polarity and cytoskeleton in hepatocellular carcinoma cells (Wang et al., 2013). GSEA demonstrated that CORO1C-related genes are enriched in PI3/AKT signaling pathway. Trop2 increases IGF-1R signaling-mediated AKT/β-catenin/Slug expression essential for cell survival and EMT (Shvartsur and Bonavida, 2015). As a binding protein of Trop2, CORO1C induces EMT through PI3/AKT pathway, which was confirmed by subsequent experiments. With CORO1C knockdown, the expression of EMT biomarkers such as fibronectin and vimentin was decreased, and that of E-cadherin was increased, suggesting that shCORO1C inhibits EMT in CRC cells. The downregulation of CORO1C also reduced the phosphorylation levels of the PI3K/AKT signaling pathway.
Our study nevertheless has some limitations. The other proteins besides CORO1C interacting with Trop2 on CRC were not explored. It's necessary if we want to fully understand the function of Trop2. In addition, the results will be more valuable if the detailed network around CORO1C and the downstream signaling pathways are investigated. These questions need to be researched in the future.
CONCLUSION
In summary, we demonstrated that high CORO1C expression was associated with increased metastasis and poor prognosis. CORO1C induced EMT of CRC cells via PI3K/AKT signaling pathway and then promoted CRC invasion and metastasis. Therefore, CORO1C may be a potential prognostic biomarker and a therapeutic target for CRC patients.
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Background: Transient receptor potential cation channel subfamily V member 4 (TRPV4) has been reported to regulate tumor progression in many tumor types. However, its association with the tumor immune microenvironment remains unclear.
Methods: TRPV4 expression was assessed using data from The Cancer Genome Atlas (TCGA) and the Genotype-Tissue Expression (GTEx) database. The clinical features and prognostic roles of TRPV4 were assessed using TCGA cohort. Gene set enrichment analysis (GSEA) of TRPV4 was conducted using the R package clusterProfiler. We analyzed the association between TRPV4 and immune cell infiltration scores of TCGA samples downloaded from published articles and the TIMER2 database. The IC50 values of 192 anti-cancer drugs were downloaded from the Genomics of Drug Sensitivity in Cancer (GDSC) database and the correlation analysis was performed.
Results: TRPV4 was highly expressed and associated with worse overall survival (OS), disease-specific survival (DSS), disease-free interval (DFI), and progression-free interval (PFI) in colon adenocarcinoma (COAD) and ovarian cancer. Furthermore, TRPV4 expression was closely associated with immune regulation-related pathways. Moreover, tumor-associated macrophage (TAM) infiltration levels were positively correlated with TRPV4 expression in TCGA pan-cancer samples. Immunosuppressive genes such as PD-L1, PD-1, CTLA4, LAG3, TIGIT, TGFB1, and TGFBR1 were positively correlated with TRPV4 expression in most tumors. In addition, patients with high expression of TRPV4 might be resistant to the treatment of Cisplatin and Oxaliplatin.
Conclusion: Our results suggest that TRPV4 is an oncogene and a prognostic marker in COAD and ovarian cancer. High TRPV4 expression is associated with tumor immunosuppressive status and may contribute to TAM infiltration based on TCGA data from pan-cancer samples. Patients with high expression of TRPV4 might be resistant to the treatment of Cisplatin and Oxaliplatin.
Keywords: TRPV4, tumor immune microenvironment, pan-cancer, tumor immunosuppressive status, tumor-associated macrophage
BACKGROUND
TRPV4 is a broadly expressed polymodally activated ion channel. It is reported to be involved in tumor progression in several tumor types, playing different or even opposite roles therein. For example, overexpression of TRPV4 promotes epithelial to mesenchymal transition in breast cancer cells (Huang et al., 2021). TRPV4 also promotes metastasis of endometrial cancer cells by regulating the RhoA/ROCK1 pathway (Li et al., 2020). In contrast, TRPV4 activation inhibits glioma progression (Huang et al., 2021). Despite these reports, the role of TRPV4 in most tumor types remains unclear.
A number of studies indicate that the tumor immune microenvironment (TIME) has clinicopathological significance in predicting therapeutic effect and prognosis in tumor patients (Hubert et al., 2021; Li et al., 2021; Liu et al., 2021). It has been confirmed that solid tumors are composed of malignant, non-malignant, hematopoietic, and mesenchymal cells. Among the non-malignant cells, tumor-associated macrophages (TAMs) play an essential role in promoting tumor progression (Deng et al., 2021; Gill et al., 2021). High TAM levels in tumor tissues influence the immune escape status of tumors, rendering immunotherapy ineffective (Bi et al., 2021). Thus, exploring the relationship between TRPV4 and TAM is helpful to understand the role of TRPV4 in tumor progression.
In our study, we assessed TRPV4 expression using data from The Cancer Genome Atlas (TCGA) and the Genotype-Tissue Expression (GTEx) database and found that TRPV4 was differentially expressed in 25 tumor types. Furthermore, in patients with colon adenocarcinoma (COAD) or ovarian cancer, high TRPV4 expression was associated with worse overall survival (OS), disease-specific survival (DSS), disease-free interval (DFI), and progression-free interval (PFI). TRPV4 is predicted to influence immune regulation-related pathways. We further assessed the association between TRPV4 expression and immune cell infiltration scores and immunosuppressive genes in TCGA pan-cancer samples and found that TRPV4 expression was positively correlated with TAM infiltration and immunosuppressive genes such as PD-L1, PD-1, CTLA4, LAG3, TIGIT, TGFB1, and TGFBR1 in pan-cancer samples. In addition, we further assessed the influence of TRPV4 on resistance of patients to anti-cancer drugs.
Our study explored the role of TRPV4 in TCGA pan-cancer and further highlight a potential function whereby TRPV4 may regulate TAM infiltration and tumor immunosuppressive microenvironment.
METHODS
Data Sources
TCGA and GTEx expression and clinical data were obtained from the UCSC Xena database (https://xenabrowser.net/datapages/). DNA copy number and methylation data were downloaded from the cBioPortal database (https://www.cbioportal.org/). The IC50 values of drugs and gene expression profiles in the relative cell lines were downloaded from the Genomics of Drug Sensitivity in Cancer (GDSC) database (https://www.cancerrxgene.org/). The number of samples used in this study as follows:
1. TCGA tumor samples: ACC-77; BLCA-407; BRCA-1098; CESC-306; CHOL-36; COAD-288; DLBC-47; ESCA-182; GBM-163; HNSC-520; KICH-66; KIRC-531; KIRP-289; LAML-173; LGG-522; LIHC-371; LUAD-515; LUSC-498; MESO-87; OV-427; PAAD-179; PCPG-182; PRAD-496; READ-92; SARC-262; SKCM-469; STAD-414; TGCT-137; THCA-512; UCEC-181; THYM-119; UCS-57; UVM-79.
2. TCGA normal samples: ACC-0; BLCA-19; BRCA-113; CESC-3; CHOL-9; COAD-41; DLBC-0; ESCA-13; GBM-0; HNSC-44; KICH-25; KIRC-72; KIRP-32; LAML-0; LGG-0; LIHC-50; LUAD-59; LUSC-50; MESO-0; OV-0; PAAD-4; PCPG-3; PRAD-52; READ-10; SARC-2; SKCM-1; STAD-36; TGCT-0; THCA-59; UCEC-13; THYM-0; UCS-0; UVM-0.
3. GTEx normal samples: ACC-128; BLCA-9; BRCA-179; CESC-10; CHOL-0; COAD-308; DLBC-444; ESCA-653; GBM-1152; HNSC-0; KICH-28; KIRC-28; KIRP-28; LAML-70; LGG-1152; LIHC-110; LUAD-288; LUSC-288; MESO-0; OV-88; PAAD-167; PCPG-0; PRAD-167; READ-308; SARC-0; SKCM-812; STAD-174; TGCT-165; THCA-279; UCEC-78; THYM-444; UCS-78; UVM-0.
Data Analysis Tools
Copy number alteration (CNA) and mutation status of TRPV4 in TCGA pan-cancer samples were analyzed using the cBioPortal database. The TIMER2 (http://timer.cistrome.org/) database was used to analyze the correlation between immune cell infiltration and TRPV4. R packages ggplot2, ggpubr, and gridExtra were used to draw TRPV4 expression patterns in the R software (3.6.2). R packages survival and survminer were used to perform Kaplan-Meier survival analysis and univariate Cox regression analysis, respectively. Gene set enrichment analysis (GSEA) was performed using the R package clusterProfiler.
TIME Analysis
Immune cell infiltration correlation analysis was performed using two methods: 1) the TIMER2 database was used to analyze the correlation between immune cell infiltration and TRPV4; and 2) the immune cell infiltration scores of TCGA pan-cancer samples were downloaded from the ImmuCellAI database (http://bioinfo.life.hust.edu.cn/web/ImmuCellAI/) to perform the correlation analysis. To compare levels of immune cell infiltration, tumor samples from each tumor type were divided into two groups (high-TRPV4 and low-TRPV4 groups) according to the median expression of TRPV4 in each tumor types.
Statistical Analysis
Data are presented as the mean ± SD. Differences between the groups were analyzed using Student’s t-test. Statistical analysis was performed using R 3.6.2. p < 0.05 (two-tailed) was considered statistically significant: *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001.
RESULTS
TRPV4 Expression in Pan-Cancer
We first assessed TRPV4 expression in tumor tissue samples from TCGA and normal tissue samples from TCGA and the GTEx database. We found that TRPV4 was overexpressed in 19 cancer types, namely, bladder urothelial carcinoma (BLCA), cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC), cholangiocarcinoma (CHOL), colon adenocarcinoma (COAD), lymphoid neoplasm diffuse large B-cell lymphoma (DLBCL), esophageal carcinoma (ESCA), glioblastoma multiforme (GBM), acute myeloid leukemia (LAML), brain low-grade glioma (LGG), lung adenocarcinoma (LUAD), lung squamous cell carcinoma (LUSC), ovarian serous cystadenocarcinoma, pancreatic adenocarcinoma (PAAD), rectum adenocarcinoma (READ), stomach adenocarcinoma (STAD), testicular germ cell tumors (TGCTs), thymoma (THYM), uterine corpus endometrial carcinoma (UCEC), and uterine carcinosarcoma (UCS). In contrast, low TRPV4 expression was observed in only six cancer types, namely, adrenocortical carcinoma (ACC), kidney renal papillary cell carcinoma (KIRP), liver hepatocellular carcinoma (LIHC), prostate adenocarcinoma (PRAD), skin cutaneous melanoma (SKCM), and thyroid carcinoma (THCA) (Figure 1A). For tumor tissue data mined from TCGA, TRPV4 expression was highest in kidney renal clear cell carcinoma (KIRC) and lowest in LAML (Figure 1B). For normal tissue data from the GTEx database, the highest TRPV4 expression was observed in the salivary gland and prostate, while the lowest expression was detected in bone marrow (Figure 1C).
[image: Figure 1]FIGURE 1 | Pan-cancer TRPV4 expression analysis. (A) Pan-cancer TRPV4 expression between tumor tissues from TCGA and normal tissues from TCGA and the GTEx database. (B) Radar plot shows TRPV4 expression levels in tumor tissues from TCGA. (C) Radar plot shows TRPV4 expression levels in normal tissues from the GTEx database.
For paired tumors and normal tissues in TCGA, TRPV4 was overexpressed in BLCA, CESC, CHOL, COAD, ESCA, LUSC, pheochromocytoma/paraganglioma (PCPG), and STAD (Figures 2A–H), while low TRPV4 expression was observed in LIHC, PRAD, breast invasive carcinoma (BRCA), kidney chromophobe (KICH), and KIRP (Figures 2I–M).
[image: Figure 2]FIGURE 2 | Pan-cancer TRPV4 expression in paired tumor and adjacent normal tissues. (A–M) Pan-cancer TRPV4 expression in paired tumor and adjacent normal tissues in indicated tumor types from TCGA.
TRPV4 Alteration Analysis
We further explored TRPV4 gene alterations in TCGA pan-cancer samples using cBioPortal and observed that patients with UCEC and ACC presented high gene alteration frequencies, including mutations and amplifications (Figure 3A). In addition, we downloaded copy number and methylation data for TRPV4 and performed a correlation analysis. The results revealed that copy number values were positively correlated with TRPV4 expression (Figure 3B), while methylation levels were negatively correlated with TRPV4 expression in most tumor types from TCGA (Figure 3C). These results indicate that high copy number values and low methylation levels contribute to high TRPV4 expression in pan-cancer.
[image: Figure 3]FIGURE 3 | TRPV4 gene alterations in pan-cancer. (A) CNA and mutation status of TRPV4 in TCGA pan-cancer samples. (B) The correlation between TRPV4 expression and linear copy-number value in TCGA pan-cancer samples. (C) The correlation between TRPV4 expression and methylation levels of TRPV4 as a promoter in TCGA pan-cancer samples. The pearson’s correlation coefficient was calculated using R software.
Prognostic Role of TRPV4
To further evaluate the significance of TRPV4 as a prognostic marker in tumor patients, we performed univariate Cox regression analysis and Kaplan-Meier survival analysis using TCGA pan-cancer data. Results from the univariate Cox regression analysis suggested that TRPV4 was a risk factor for OS in LGG, ovarian cancer, PAAD, THYM, and UVM patients, while it was a protective factor in CESC, KICH, KIRC, and KIRP (Figure 4A). Kaplan-Meier survival analysis revealed that high TRPV4 expression predicted poorer OS in patients with ACC, HNSC, KIRP, LIHC, LUAD, and UVM and better OS in patients with KIRC and KIRP (Figure 4B). We further conducted DFI, PFI, and DSS assessments using univariate Cox regression analysis. For DFI, TRPV4 was a risk factor in PAAD and a protective factor in UCEC and UCS (Supplementary Figure S1A). For PFI, TRPV4 was a risk factor in COAD, LGG, PAAD, and UVM and a protective factor in KICH, KIRC, KIRP, and UCEC (Supplementary Figure S1B). For DSS, TRPV4 was a risk factor in COAD, GBM, LGG, LUSC, ovarian cancer, PAAD, THYM, and UVM and a protective factor in CESC, KICH, KIRC, KIRP, and LUSC (Supplementary Figure S1C).
[image: Figure 4]FIGURE 4 | OS analysis of TRPV4 in pan-cancer. (A) Forest map shows the univariate Cox regression analysis results for TRPV4 in TCGA pan-cancer samples. Red indicates significant results. (B) Kaplan-Meier survival analysis results for TRPV4 in indicated tumor types. The median values of TRPV4 in COAD, OV, KIRC, and KIRP were respectively -0.6416, 0.9493, 3.4129, and 2.4479.
GSEA of TRPV4
GSEA based on the Reactome pathway database was used to predict pathways in which TRPV4 may be involved in pan-cancer. The GSEA results revealed that TRPV4 participates in immune regulation-related pathways in pan-cancer such as immunoregulatory interactions between lymphoid and non-lymphoid cells, the adaptive immune system, and the innate immune system (Figures 5A–F).
[image: Figure 5]FIGURE 5 | GSEA of TRPV4 in pan-cancer. (A–F) The top 20 GSEA results in indicated tumor types (NES ≥ 1.5, adjusted p-value < 0.05). Red indicates cell cycle-related or immune regulation-related terms.
TIME Analysis
Having predicted that TRPV4 is closely related to immune regulation pathways through GSEA analysis, we focused on the infiltration of immune cells in the tumor microenvironment. We found that TRPV4 expression was positively correlated with the infiltration level of TAMs and tumor associated fibroblasts (CAFs) in pan-cancer using the TIMER2 database (Figure 6A). To validate this result, we downloaded immune cell infiltration data from the ImmuCellAI database and performed a correlation analysis, obtaining the same result that TRPV4 expression was positively correlated with the level of TAMs in pan-cancer (Figure 6B).
[image: Figure 6]FIGURE 6 | Immune cell infiltration analysis. (A) The correlation between TRPV4 expression and TAM and CAF infiltration levels in TCGA pan-cancer samples using the TIMER2 database. (B) The correlation between TRPV4 expression and TAM infiltration levels in TCGA pan-cancer samples using data from the ImmuCellAI database. The pearson’s correlation coefficient was calculated using R software.
Next, we explored the correlation between TRPV4 with immune checkpoints, immunosuppressive genes, chemokines, and chemokine receptors. Immune checkpoint and immunosuppressive genes such as PD-L1, PD-1, CTLA4, LAG3, TIGIT, TGFB1, and TGFBR1 were positively correlated with TRPV4 in most tumors (Figure 7A). Chemokines and chemokine receptors such as CCL5, CCL5, CCR4, and CCR5 were also positively correlated with TRPV4 expression in most tumors (Figures 7B,C).
[image: Figure 7]FIGURE 7 | The correlation between TRPV4 and immunosuppressive genes. (A) Heatmap representing the correlation between TRPV4 expression and immunosuppressive status-related genes. (B) Heatmap representing the correlation between TRPV4 expression and chemokine genes. (C) Heatmap representing the correlation between TRPV4 expression and chemokine receptor genes. The pearson’s correlation coefficient was calculated using R software.
Drug Resistance Analysis
We downloaded the IC50 values of anti-cancer drugs and gene expression profiles in the relative cell lines from the GDSC database. To explore the influence of TRPV4 expression on the sensitivity of anti-cancer drugs, we divided the tumor cells into high- and low-TRPV4 groups and compared their IC50 values. We found that the IC50 values of several anti-cancer drugs decreased in the high-TRPV4 group, including sapitinib (an EGFR inhibitor) and selumetinib (a MEK1/2 inhibitor) (Figure 8A), indicating that patients exhibiting high TRPV4 expression levels are relatively sensitive to these anti-cancer drugs. In comparison, the IC50 values of platinum drugs such as cisplatin and oxaliplatin increased in the high-TRPV4 group (Figures 8A–C). Moreover, the IC50 values of cisplatin and oxaliplatin were positively correlated with TRPV4 expression (Figures 8D,E). These results indicate that patients exhibiting high TRPV4 expression levels may be resistant to cisplatin and oxaliplatin treatment.
[image: Figure 8]FIGURE 8 | Anti-cancer drug sensitivity analysis. (A) Volcano map representing the differences in IC50 values of anti-cancer drugs between high- and low-TRPV4 groups. (B) IC50 values of cisplatin in high- and low-TRPV4 groups. (C) IC50 values of oxaliplatin in high- and low-TRPV4 groups. (D) The correlation between TRPV4 expression and IC50 values of cisplatin. (E) The correlation between TRPV4 expression and IC50 values of oxaliplatin. The spearman’s correlation coefficient was calculated using R software.
DISCUSSION
TRPV4 is an omnipresent polymodally activated ion channel. Recent studies have shown that TRPV4 plays a role in a number of different functions in the body, including cancer. Moreover, the functions of TRPV4 are different or even opposite in different tumors. TRPV4 plays an oncogenic role in breast cancer, endometrial cancer, gastric cancer, oral squamous cell carcinoma, and COAD (Arbabian et al., 2020; Azimi et al., 2020; Fujii et al., 2020; Li et al., 2020; Wang et al., 2020) and a suppressor gene role in glioma (Huang et al., 2021). However—in many other tumor types—the function of TRPV4 remains unclear.
We first assessed TRPV4 expression using tumor tissue data from TCGA and normal tissue data from TCGA and the GTEx database. We found that TRPV4 was overexpressed in 19 cancer types, namely, BLCA, CESC, CHOL, COAD, DLBCL, ESCA, GBM, LAML, LGG, LUAD, LUSC, ovarian cancer, PAAD, READ, STAD, TGCT, THYM, UCEC, and UCS. In contrast, low TRPV4 expression was observed in only six cancer types, namely, ACC, KIRP, LIHC, PRAD, SKCM, and THCA. In COAD and ovarian cancer, TRPV4 was over-expressed; moreover, high expression levels of TRPV4 predicted worse OS in tumor patients. It has been reported that TRPV4 promotes the progression of COAD (Arbabian et al., 2020), while no reports on TRPV4 in ovarian cancer are available.
Tumor-acclimatized immune and stromal cells in the tumor microenvironment such as TAMs and CAFs play a vital role in accelerating tumor progression. The remodeling of immune cells by tumor cells can lead to immune escape (Komohara and Takeya, 2017). In our study, we predicted that TRPV4 is involved in immune regulation-related pathways using GSEA. Moreover, we proved that TRPV4 expression was positively correlated with TAMs and CAFs using two different methods: the TIMER2 and ImmuCellAI databases. Our results revealed that TRPV4 regulates the infiltration levels of TAMs and CAFs either directly or indirectly. Based on these results, we further explored the correlation between TRPV4 and immune checkpoints, immunosuppressive genes, chemokines, and chemokine receptors. Immune checkpoint and immunosuppressive genes such as PD-L1, PD-1, CTLA4, LAG3, TIGIT, TGFB1, and TGFBR1 were positively correlated with TRPV4 in most tumors. Chemokines and chemokine receptors such as CCL5, CCL5, CCR4, and CCR5 were also positively correlated with TRPV4 expression in most tumors. These results indicate that TRPV4 is closely associated with immune regulation. Patients with tumors exhibiting high TRPV4 expression levels may manifest an immunosuppressive status.
To explore the indicator function of TRPV4 in anti-cancer drug selection, we analyzed the association between TRPV4 expression and IC50 values of anti-cancer drugs using data from the GDSC database. We found that the IC50 values of several anti-cancer drugs, including sapitinib (an EGFR inhibitor) and selumetinib (a MEK1/2 inhibitor), decreased in the high-TRPV4 group, indicating that patients exhibiting high TRPV4 expression levels may be relatively sensitive to these anti-cancer drugs. In comparison, the IC50 values of platinum drugs—such as cisplatin and oxaliplatin—increased in the high-TRPV4 group. Moreover, the IC50 values of cisplatin and oxaliplatin were positively correlated with TRPV4 expression. These results indicate that patients exhibiting high TRPV4 expression levels may be resistant to cisplatin and oxaliplatin treatment.
CONCLUSION
We conducted a comprehensive assessment of TRPV4, revealing its potential cancer-promoting effect as well as its role as an indicator of patient prognosis. Importantly, high TRPV4 expression often indicates tumor immunosuppression, which may render immune checkpoint inhibitors unsuitable for treatment. Finally, we found that patients exhibiting high TRPV4 expression levels may be resistant to cisplatin and oxaliplatin treatment and sensitive to sapitinib (an EGFR inhibitor) and selumetinib (a MEK1/2 inhibitor) treatment. The impact of TRPV4 on the progression of numerous cancers requires a comprehensive understanding of its role as a biomarker for patient prognosis based on its broad influence on anti-cancer drug efficacy.
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Background: Dysregulation of lipid metabolism plays important roles in the tumorigenesis and progression of gastric cancer (GC). The present study aimed to establish a prognostic model based on the lipid metabolism–related genes in GC patients.
Materials and Methods: Two GC datasets from the Gene Expression Atlas, GSE62254 (n = 300) and GSE26942 (n = 217), were used as training and validation cohorts to establish a risk predictive scoring model. The efficacy of this model was assessed by ROC analysis. The association of the risk predictive scores with patient characteristics and immune cell subtypes was evaluated. A nomogram was constructed based on the risk predictive score model and other prognostic factors.
Results: A risk predictive score model was established based on the expression of 19 lipid metabolism–related genes (LPL, IPMK, PLCB3, CDIPT, PIK3CA, DPM2, PIGZ, GPD2, GPX3, LTC4S, CYP1A2, GALC, SGMS1, SMPD2, SMPD3, FUT6, ST3GAL1, B4GALNT1, and ACADS). The time-dependent ROC analysis revealed that the risk predictive score model was stable and robust. Patients with high risk scores had significantly unfavorable overall survival compared with those with low risk scores in both the training and validation cohorts. A higher risk score was associated with more aggressive features, including a higher tumor grade, a more advanced TNM stage, and diffuse type of Lauren classification of GC. Moreover, distinct immune cell subtypes and signaling pathways were found between the high–risk and low–risk score groups. A nomogram containing patients’ age, tumor stage, adjuvant chemotherapy, and the risk predictive score could accurately predict the survival probability of patients at 1, 3, and 5 years.
Conclusion: A novel 19-gene risk predictive score model was developed based on the lipid metabolism–related genes, which could be a potential prognostic indicator and therapeutic target of GC.
Keywords: gastric cancer, prognostic model, lipid metabolism, nomogram, gene expression omnibus dataset, gene panel
INTRODUCTION
Gastric cancer (GC) is one of the leading causes of cancer-related death worldwide, ranking the third in males and the fifth in females (Bray et al., 2018). Current treatments of GC, including surgery, chemotherapy, and targeted regimens, improve the survival of patients to some extent (Johnston and Beckman, 2019). New prognostic biomarkers remain needed to lower risk, stratify patients, and guide future research for potential new therapeutic targets.
Deregulation of lipid metabolism has a critical role in the promotion of tumorigenesis and tumor progression (Röhrig and Schulze, 2016; Yu et al., 2018; Yang et al., 2020; Esposito et al., 2019). It also participates in the regulation of T cell function, including T cell proliferation and differentiation (Lochner et al., 2015; Raud et al., 2018). Dysregulation of lipid metabolism contributes to various aspects of tumor growth (Lochner et al., 2015; Raud et al., 2018). Lipoproteins, high lipid droplets, and excessive cholesteryl ester storage are hallmarks of aggressiveness of cancers (Yue et al., 2014; Liu et al., 2017). Therefore, targeting deregulated lipid metabolism is a promising strategy for cancer treatment (Liu et al., 2017; Iannelli et al., 2018).
GC progression is closely associated with alterations of lipid metabolism. A low level of serum high-density lipoprotein predicted a high risk of GC development, a high rate of lymphatic and vascular invasion, an advanced nodal metastasis, and a poor prognosis in patients with GC (Guo et al., 2007; Tamura et al., 2012; Nam et al., 2019). Adipocytes and fatty acids fueled metastasis and conferred a poor prognosis of GC (Duan et al., 2016; Tan et al., 2018; Jiang et al., 2019). Various lipid metabolites and genes involved in lipid metabolism also shared some roles in GC tumorigenesis or progression (Abbassi-Ghadi et al., 2013; Tao et al., 2019; Huang et al., 2020; Zhang et al., 2020). For example, adipocytes promoted peritoneal metastasis of GC through reprogramming of fatty acid metabolism mediated by phosphatidylinositol transfer protein, cytoplasmic 1 (PITPNC1) (Tan et al., 2018). Enhanced fatty acid carnitinylation and oxidation mediated by carnitine palmitoyltransferase 1C (CPT1C) promoted proliferative ability of GC (Chen et al., 2020).
The mechanisms of deregulation of lipid metabolism in cancers are complicated, including alteration in pathways involved in de novo lipogenesis, lipid uptake, lipid storage, and lipolysis and generating enhanced synthesis, uptake, consumption, and storage of fatty acids (Liu et al., 2017). However, an overall view of the prognostic value of lipid metabolism–related genes in GC remained to be explored (Liu et al., 2017). Identification of genes associated with clinical outcomes is important for further research in this area. In the current study, lipid metabolism–related gene sets were extracted and analyzed for their prognostic value in patients with GC. A novel lipid metabolism–related gene panel was developed and validated for its capability of predicting patient outcomes.
MATERIALS AND METHODS
Study Subjects
Two GEO (Gene Expression Omnibus, https://www.ncbi.nlm.nih.gov/geo/) datasets, GSE62254 and GSE26942, were used for analyses. Patients eligible for analyses were as follows: 1) histologically diagnosed with gastric adenocarcinoma, 2) having available mRNA expression data, and having 3) available complete clinical and survival information. There were 300 and 217 patients in the GSE62254 and GSE26942 datasets, respectively. 17 patients were excluded from the GSE26942 dataset due to not meeting the inclusion criteria, including 12 cases of normal tissue, 3 cases of gastric stromal tumor, and 2 cases without available survival information. Finally, the 300-patient cohort from the GSE62254 dataset was used as the training cohort for our risk predictive score model development, and the 200-patient cohort from the GSE26942 dataset was used as the validation cohort. The risk predictive score was also validated in another two public GC datasets, including the TCGA dataset (n = 350) and GSE84437 dataset (n = 432).
Risk Predictive Model Development in the Training Cohort
The normalized gene expression data of the GSE62254 dataset were downloaded from GEO. Prognosis relevant genes from lipid metabolism–related gene sets were identified using the “survival” package. All the lipid metabolism–related genes were subjected to the univariate Cox regression model, and 63 genes were identified to be associated with overall survival (OS). The 63 genes were further subjected to the LASSO Cox regression model analysis using the glmnet package, and then 19 genes were selected for construction of the risk prognostic scoring system. Calculation of risk scores was performed using the generated coefficients and corresponding expression. According to the risk scores, patients were classified into low-risk and high-risk groups with a cut-off value (risk score = −3.793587), which best stratified patients with different OS.
Risk Predictive Model Validation in the Validation Cohort
The same model and coefficients in the training cohort were applied in the validation cohort (GSE26942 dataset). The normalized gene expression data of GSE26942 were downloaded. The efficacy of risk score prognostic classification was evaluated by ROC analysis with the timeROC package. The survival analysis was conducted as mentioned above and was also validated with another two gene sets (TCGA GC and GSE84437).
Risk Predictive Model Assessment
The timeROC package of R software was applied to perform the time-dependent receiver-operating characteristic curve (ROC) analysis. Survival analysis with Kaplan–Meier plots and the log-rank test, and the univariate and multivariate Cox hazard model were performed. GO and KEGG functional enrichment analyses were conducted through the R package clusterProfiler.
Evaluating the Relevance of the Risk Predictive Model With Immune Cells
The expression matrices of GSE62254 and GSE26942 datasets were uploaded to CIBERSORT to determine the tumor-infiltrating immune cell fractions, which were calculated according to the LM22 signature with 1,000 permutations, as described previously (Newman et al., 2015). The genes and the immune cell markers are listed in Supplementary File 1. The immune cell subtype fractions were compared between the low–risk and high–risk score groups.
Construction of a Nomogram
Independent prognostic factors were identified through univariate and multivariate Cox regression analysis. The independent prognostic factors were used to construct the prognostic nomogram, which assessed the OS probability at 1, 3, and 5 years with the “rms” package in R software.
Statistical Analysis
Student’s t-test, the chi-squared test, and the Mann–Whitney U test were used to examine the differences between groups. Spearman analysis was adopted to assess the correlation between gene expression levels. All calculations were performed with R 3.5.3 software (http://www.R-project.org). A two-tailed p value < 0.05 was considered statistically significant.
RESULTS
Construction of a Risk Prognostic Model Based on Lipid Metabolism–Related Genes
Human lipid metabolism–related pathways were downloaded from the KEGG (https://www.kegg.jp/) database. 13 lipid metabolism–related pathways were included for analysis (Supplementary Table S1). The characteristics of patients in the GSE62254 and GSE26942 datasets are listed in Supplementary Table S2. The study procedures are shown in Supplementary Figure S1.
The risk prognostic model was developed using the training dataset (GSE62254). The univariate Cox regression model was used to identify genes with prognostic relevance for overall survival (OS). As a result, 63 genes were found to have statistically significant relevance with OS, and their correlations with each other were validated (Supplementary Figure S2A). The LASSO algorithm was used to reduce overfitting and construct the model. The LASSO algorithm is known to have the following features: it is simple and visible, can reduce variance through reduction of coefficients, and can increase interpretability and decrease overfitting through eliminating irrelevant variables. The risk score was built using the LASSO Cox regression model (Supplementary Figures S2B,S2C). 19 genes were selected for the construction of the risk prognostic scoring system (Supplementary Table S3). The correlations between these genes are shown in Supplementary Figure 2D. The risk score was calculated as follows based on the 19 genes:
Risk score = (0.100 * LPL) + (−0.374 * IPMK) + (−0.122 * PLCB3) + (0.311 * CDIPT) + (0.146 * PIK3CA) + (−0.263 * DPM2) + (0.310 * PIGZ) + (−0.594 * GPD2) + (0.043 * GPX3) + (0.077 * LTC4S) + (−0.782 * CYP1A2) + (−0.102 * GALC) + (−0.189 * SGMS1) + (−0.061 * SMPD2) + (−0.184 * SMPD3) + (−0.081 * FUT6) + (0.130 * ST3GAL1) + (0.549 * B4GALNT1) + (−0.040 * ACADS).
Validation of the Risk Prognostic Model and Its Efficiency
The GSE26942 dataset was adopted as the validation dataset. With a cut-off value of −3.793587, which stratified patients into two groups with the largest OS difference, patients were classified into low-risk and high-risk groups. The difference between the low-risk and high-risk groups in OS was statistically significant in the training dataset, the validation dataset, and both datasets combined. Kaplan–Meier curves are displayed in Figures 1A–C. Our constructed risk score also had significant prognostic relevance when validated with another two gene sets, TCGA GC and GSE84437 (Supplementary Figure S3). Subgroup analyses of Kaplan–Meier curves stratified by adjuvant chemotherapy (no/yes) and TNM stage (I + II/III + IV) in the combined dataset are displayed in Supplementary Figure S4. Time-dependent ROC analysis for the risk prognostic model at 1, 3, and 5 years is shown in Figures 1D–F. The area under the curve (AUC) was, respectively, 0.74 (95% CI: 0.67–0.82), 0.78 (95% CI: 0.73–0.83), and 0.78 (95% CI: 0.73–0.83) at 1, 3, and 5 years in the training dataset. The AUC was, respectively, 0.61 (95% CI: 0.50–0.72), 0.60 (95% CI: 0.51–0.68), and 0.63 (95% CI: 0.53–0.73) at 1, 3, and 5 years in the validation dataset and 0.69 (95% CI: 0.63–0.75), 0.71 (95% CI: 0.67–0.76), and 0.73 (95% CI: 0.68–0.77) at 1, 3, and 5 years in the combined dataset.
[image: Figure 1]FIGURE 1 | The risk predictive score model had high efficacy of prediction in the training set, the validation set, and the combination of both datasets. Kaplan–Meier curves of overall survival stratified by risk score (low/high) in the training set (A), validation set (B), and both datasets (C). Time-dependent ROC analysis for the risk predictive model at 1, 3, and 5 years in the training set (D), validation set (E), and both datasets (F). Univariate and multivariate Cox regression analysis for overall survival in both datasets (G–H).
Univariate and multivariate Cox regression analysis in the combined dataset showed that the risk prognostic score model was an independent and significant prognostic factor for OS (Figures 1G,H). Patients with a high risk score had significantly worse OS (HR and 95% CI: 2.51 [1.93–3.28]) after being adjusted by other independent prognostic factors. The continuous patient risk score, survival state, and expression of the 19 genes of both datasets are shown in Supplementary Figure S5.
Association of Risk Score With Clinical Characteristics and Immune Cells
We compared the risk score between patients with different clinical characteristics. The results showed that the risk score between patients with different age (<60 or ≥60 years) was comparative (p = 0.11), so it was between males and females (p = 0.84). Tumors with more aggressive features generally had a higher risk score than those with less aggressive features. In particular, patients with a higher grade (G3) tumor had a higher risk score than those with a lower grade (G1/G2) tumor (p < 0.001, Figure 2A). Patients in stage Ⅲ/Ⅳ had a higher risk score than those in stage I/II (p < 0.001, Figure 2B). In terms of Lauren classification, diffused tumors had a higher risk score compared with the intestinal tumors (p < 0.001, Figure 2C). In addition, tumors located in the gastric body had a higher risk score than those located in the gastric antrum (p = 0.02, Figure 2D).
[image: Figure 2]FIGURE 2 | Association of the risk score with clinical characteristics and immune cells: tumor grade (A), stage (B), Lauren classification (C), tumor location (D), and immune cell subtypes (E).
We analyzed the percentage of 22 immune cell subtypes in the tumors of both datasets and compared their level between patients with low and high risk scores (Figure 2E). The levels of some immune cells, including plasma cells (p = 0.007), activated CD4 memory cells (p < 0.001), follicular helper T cells (p = 0.001), and resting dendritic cells, were significantly lower in the high–risk score group (p = 0.003), while some immune cells, including naïve CD4 T cells (p = 0.005), monocytes (p < 0.001), M2 macrophages (p < 0.001), and resting mast cells, were higher in the high–risk score group (p = 0.006).
Differentially Expressed Genes and Pathways Based on the Risk Prognostic Score
Functional analysis of differentially expressed genes was performed with KEGG and GO functional enrichment analyses. The top 10 GO genes were found to be associated with the biological process (BP), cellular component (CC), and molecular function (MF) (Figure 3A). These genes are associated with positive regulation of cell development, focal adhesion, cell-substrate adherens junction, extracellular matrix structural constituent, growth factor binding, etc. The top 20 enriched pathways are shown in Figure 3B, with the focal adhesion signaling pathway as the most significantly differently expressed pathway. Some other cancer-related pathways, including the Wnt signaling pathway, PI3K–Akt signaling pathway, and MAPK signaling pathway, were also significantly enriched in the high–risk score group.
[image: Figure 3]FIGURE 3 | Enriched pathways by risk score with KEGG and GO functional enrichment analyses. (A) Top 10 GO terms in the biological process (BP), cellular component (CC), and molecular function (MF). (B) Top 20 enriched pathways in KEGG.
Construction of a Nomogram Model
Factors identified by univariate and multivariate Cox regression analysis as independent and significant prognostic factors were applied in the construction of a nomogram model (Figure 4A). As shown in Figures 1G,H, those factors included patients’ age, tumor stage, adjuvant chemotherapy, and the risk prognostic score. The predictive accuracy of the nomogram at 1 year (AUC = 0.79, Figure 4B), 3 years (AUC = 0.82, Figure 4C), and 5 years (AUC = 0.81, Figure 4D) was calculated and assessed by ROC analysis. The comparisons between the 1-, 3-, and 5-year nomogram models and the ideal model are shown in Figures 4E–G that displayed consistent indices and indicated relatively high accuracy of the nomogram models. The decision curve analysis (DCA) showed high predicting efficiency of the nomogram for the 3- and 5-year overall survival in the training dataset, the validation dataset, and the combination of both datasets (Supplementary Figures S6A–S6F).
[image: Figure 4]FIGURE 4 | Construction of a nomogram based on the risk predictive score and other prognostic factors. Nomogram constructed based on the risk score and three other factors (A). ROC analysis comparing the AUCs at survival of 1 year (B), 3 years (C), and 5 years (D) among the nomogram, risk score model, age, stage, and adjuvant chemotherapy. Comparisons between the predicted overall survival of 1-year (E), 3-year (F), and 5-year (G) nomogram models and the ideal model.
DISCUSSION
GC has long been recognized as a recalcitrant cancer for its high incidence, high mortality, aggressive behavior, refractory traits, and poor prognosis (Van Cutsem et al., 2016). Identification of genetic factors that drive tumor progression and contribute to unfavorable outcomes is of key importance, for both improving patient care and developing potential therapeutics. As one of the most important basic metabolites, lipid has been demonstrated to be involved in the development and progression of malignancies in recent years, including GC (Huang et al., 2020). Although some studies have suggested important roles of lipid metabolites and lipid metabolism–related genes in GC (Huang et al., 2020), no reports have given an overall view of the prognostic value of lipid metabolism–related genes in GC.
In this study, we develop a novel prognostic scoring model based on the expression of lipid metabolism–related genes in gastric cancer. We used independent datasets from GEO to construct and validate the risk predictive scoring system containing 19 lipid metabolism–related genes. This scoring system was demonstrated to be efficient in predicting patient survival by ROC analysis. Patients had a significant and remarkable difference of OS between the high–risk and low–risk score groups. We further generated a nomogram integrating the risk predictive scoring system and three other prognostic factors (patients’ age, TNM stage, and adjuvant chemotherapy) that improved the efficiency of prognostic value of the nomogram and accurately predicted the 1-, 3-, and 5-year OS of GC patients in the GEO datasets.
The risk predictive score calculated with our scoring system was significantly associated with the aggressiveness of GC. Patients with a higher grade tumor and in an advanced stage were shown to have a higher risk score, suggesting that dysregulation of lipid metabolism not just was associated with cancer progression in GC but also served as a driving factor for the aggressiveness of GC. Some of the genes included in our risk scoring system had been found to be involved in cancers, such as lipoprotein lipase (LPL) (Zaidi et al., 2013), phosphate 3-kinase catalytic subunit alpha (PIK3CA) (Arafeh and Samuels, 2019), mitochondrial glycerol-3-phosphate dehydrogenase (GPD2) (Singh, 2014), leukotriene C4 synthase (LTC4S) (Halvorsen et al., 2014), galactosylceramidase (GALC) (Halvorsen et al., 2014), sphingomyelin phosphodiesterase 3 (SMPD3) (Singh et al., 2014), fucosyltransferase 6 (FUT6) (Singh et al., 2014), and β-galactoside α-2,3-sialyltransferase-1 (ST3Gal1) (Wu et al., 2018). Except for PIK3CA, which was found to be frequently altered in GC and was associated with unfavorable prognosis (Cancer Genome Atlas Research Network, 2014; Kim et al., 2017), although most of these genes were less studied, studies have suggested some roles of them in GC. LPL, which encodes lipoprotein lipase, a key enzyme in triglyceride metabolism, was reported to promote the progression of GC (Chang et al., 2017). Phospholipase C beta 3 (PLCB3), which encodes a member of the phosphoinositide phospholipase C beta enzyme family, was found to be one of the critical altered genes involved in aristolochic acid–induced gastric benign or malignant tumors (Wang et al., 2020). The polymorphism of cytochrome P450 family 1 subfamily A member 2 (CYP1A2) was repeatedly found to be associated with GC risk (Xue et al., 2014) and could modulate susceptibility to GC in patients with Helicobacter pylori infection (Ghoshal et al., 2014). Our study presented evidence for the prognostic value of these genes in GC, demonstrating their potential to be targets for anti-GC therapeutic research and development in the future.
Interestingly, the present study also revealed that patients with high and low risk scores had distinct features in tumor-infiltrating immune cells. Patients with high risk scores had significantly reduced number of plasma cells, activated CD4 memory cells, follicular helper T cells, and resting dendritic cells and increased number of naïve CD4 T cells, monocytes, M2 macrophages, and resting mast cells. Activated CD4 memory cells were associated with favorable outcomes in patients with cervical cancer (Ju et al., 2020) and favorable outcomes after radiotherapy in patients with multiple cancers (Ju et al., 2020; Wen et al., 2020). In gastric cancer, patients with low risk scores had increased number of activated CD4 memory cells and had superior prognosis (Zhao et al., 2020). Dendritic cells are specialized antigen-presenting cells which are key to the initiation of immune responses, including anti-tumor immune responses (Wculek et al., 2020). The increased number of dendritic cells induced by neoadjuvant chemotherapy was reported to be related to improved survival in GC (Hu et al., 2014). Naïve CD4 T cells were developed to form Treg cells in the tumor microenvironment and predicted poor prognosis in breast cancer (Su et al., 2017). M2 macrophages are a well-known tumor-promoting immunosuppressive cell type, and they have been proposed as a therapeutic target in GC (Gambardella et al., 2020). Immunotherapy has been established as a novel treatment in GC, but as monotherapy, PD-1 antibodies have limited benefit because the majority of patients do not respond (Xie et al., 2021). Novel combination options with immunotherapy are in great need in GC. Lipid metabolism not only impacts the proliferation and migration of tumor cells but also shapes the immuno-microenvironment by affecting the recruitment and function of tumor-infiltrating immune cells (He et al., 2021). In our study, patients with high risk scores had an immunosuppressive tumor microenvironment, indicating a possible role of treatments targeting lipid metabolism–related genes with immunotherapy in GC.
The major limitation of the present study was the lack of validation in larger patient cohorts from multicenter real-world clinical practice. Thus, the risk predictive score was still far from being able to be used in clinical practice. Another important limitation was that most of the genes used to construct this risk predictive score model were scarcely investigated in cancers. In addition, we did not perform the basic experiment to validate their roles and related mechanisms in GC cells. The biological mechanism was unclear and needed further experimental validation. However, as a prognostic risk score, our model was repeatedly validated and achieved consensus results, so the conclusions of our study are still convincing despite the lack of experimental validation of each gene’s role in GC.
CONCLUSION
In the present study, a novel lipid metabolism–related gene-based risk predictive score model was constructed and validated in datasets of patients with GC. This risk predictive scoring system could efficiently predict patient outcomes and had significant correlation with immune cell subtypes. A nomogram containing the risk score was generated, and it improved the prognostic predictive value of the current TNM staging system. This study will be helpful in biomarker and therapeutics development for GC patients.
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Supplementary Figure 3 | Kaplan–Meier curves of overall survival stratified by risk score (low/high) in another two datasets: TCGA GC dataset (A) and GSE84437 dataset (B).
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Supplementary Figure 5 | Expression of 19 genes (A), continuous patient risk score (B), and survival state (C) in both datasets.
Supplementary Figure 6 | Decision curve analysis (DCA) for 3-year OS and 5-year OS. DCA for 3-year OS in the training dataset (A), validation dataset (B), and both datasets (C); DCA for 5-year OS in the training dataset (D), validation dataset (E), and both datasets (F).
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Fibrosis, a major cause of morbidity and mortality, is a histopathological manifestation of many chronic inflammatory diseases affecting different systems of the human body. Two types of transforming growth factor beta (TGF-β) signaling pathways regulate fibrosis: the canonical TGF-β signaling pathway, represented by SMAD-2 and SMAD-3, and the noncanonical pathway, which functions without SMAD-2/3 participation and currently includes TGF-β/mitogen-activated protein kinases, TGF-β/SMAD-1/5, TGF-β/phosphatidylinositol-3-kinase/Akt, TGF-β/Janus kinase/signal transducer and activator of transcription protein-3, and TGF-β/rho-associated coiled-coil containing kinase signaling pathways. MicroRNA (miRNA), a type of non-coding single-stranded small RNA, comprises approximately 22 nucleotides encoded by endogenous genes, which can regulate physiological and pathological processes in fibrotic diseases, particularly affecting organs such as the liver, the kidney, the lungs, and the heart. The aim of this review is to introduce the characteristics of the canonical and non-canonical TGF-β signaling pathways and to classify miRNAs with regulatory effects on these two pathways based on the influenced organ. Further, we aim to summarize the limitations of the current research of the mechanisms of fibrosis, provide insights into possible future research directions, and propose therapeutic options for fibrosis.
Keywords: TGF-β, signaling pathway, miRNA, mechanism, fibrosis
INTRODUCTION
Fibrosis is a histopathological manifestation of many chronic inflammatory diseases (Wynn, 2007). Some fibroproliferative diseases, such as progressive kidney disease, hepatitis, pulmonary fibrosis, cardiovascular disease, scleroderma, and systemic sclerosis, eventually cause high morbidity and mortality by influencing diverse systems of the human body (Wynn, 2007). Fibrosis is characterized by the undue aggregation of extracellular interstitial constituents in and around injured or inflamed tissues, such as collagen and fibronectin (Wynn, 2008). If the causative disease continues to progress, fibrosis leads to collapse of tissue structure, loss of organ function, and finally death. Factors causing fibrotic diseases are genetic, inflammatory, environmental, etc. (Wynn, 2008) Research is underway for the molecular mechanism of fibrotic diseases and valid treatments to prevent or reverse the progression of these diseases (Wynn, 2008; Meng et al., 2016).
Transforming growth factor beta (TGF-β), a key molecule in the development of fibrosis, can regulate a series of biological processes, including the cell growth cycle, cell differentiation, immune regulation, and extracellular matrix (ECM) deposition (Ikushima and Miyazono, 2012; Meng et al., 2016). Two types of TGF-β signaling pathways regulate fibrosis: the canonical signaling pathway, represented by SMAD-2/3, and the noncanonical pathway, which does not involve SMAD-2/3 participation (Meng et al., 2016; Finnson et al., 2020). Increasing evidence confirms that the pathogenesis of fibrosis includes the canonical TGF-β signaling pathway and abnormal activation of the noncanonical TGF-β pathway (Finnson et al., 2020). Therefore, further research of the molecular mechanism of these signaling pathways regulating fibrotic diseases and potential molecular targets for treatments is warranted in the future.
MicroRNA (miRNA), a type of non-coding single-stranded small RNA, comprises approximately 22 nucleotides encoded by endogenous genes, which can regulate physiological and pathological processes in fibrotic diseases (Liu et al., 2018). Its central role in the research of fibrotic disease treatment and pathogenesis has garnered widespread attention in recent years (Banerjee et al., 2011; Liu et al., 2018; Li et al., 2019). Accumulating evidence confirms that miRNAs, such as miR-125a-5p, miR-29a-3p, miR-181a-5p, and miR-216a, can positively and negatively regulate the canonical TGF-β/SMAD pathway to affect myofibroblast transformation, collagen synthesis, and ECM deposition in fibrotic diseases (Yang et al., 2016; Henry et al., 2019; Srivastava et al., 2019). Several studies support the regulatory mechanism of miRNAs in noncanonical TGF-β signaling pathway-mediated fibrotic diseases (Yang et al., 2016). Since miRNAs are commonly involved in regulating the canonical and noncanonical TGF-β signaling pathways, they have diagnostic and therapeutic potentials in many fibroproliferative diseases (Yang et al., 2016). The aim of this review is to comprehensively generalize the regulatory role of miRNAs in canonical and noncanonical TGF-β pathway-intervened fibrosis and identify their characteristics in different organs, with focus on the most recent literature to provide the current valuable knowledge in this area.
CANONICAL TGF-Β SIGNALING PATHWAY
In the canonical TGF-β signaling pathway, active TGF-β is first isolated from the latent TGF-β complex in the extracellular space, which maintains TGF-β in the inactive form (Meng et al., 2016). The inactive molecule then binds to the TGF-β type II receptor (TGF-βRII), which in turn binds and phosphorylates the TGF-β type I receptor ALK5, leading to its activation. Subsequently, Smad2 and Smad3 proteins are continuously phosphorylated by ALK5 in the cytoplasm and then form a complex with Smad4, which finally assembles in the nucleus to further regulate fibrosis-related transcription (Hill, 2009; Wrighton et al., 2009; Thatcher, 2010). In addition, the inhibitory function of SMAD-7 competes with SMAD-2/3 to bind with phosphorylated ALK5 (Yan et al., 2009; Hu et al., 2018).
NONCANONICAL TGF-Β SIGNALING PATHWAY
During fibrotic progression, complex regulatory networks composed of multiple TGF-β-related signaling pathways work together (Yang et al., 2016; Finnson et al., 2020). Therefore, in addition to canonical pathways, we should pay attention to noncanonical TGF-β signaling pathways, including ALK1/Smad1/5, Janus kinases (JAKs)/signal transducer and activator of transcription protein-3 (STAT3), phosphatidylinositol-3-kinase (PI3K), mitogen-activated protein (MAP) kinases (ERK, p38, and JNK), and rho-like GTPases in different cell types (Finnson et al., 2020).
Unlike the canonical ALK5-SMAD-2/3 pathway, the TGF-β type I receptor ALK1 forms a complex with ALK5 under stimulation by TGF-β, leading to activation of SMAD-1/5 and suppression of ALK5-SMAD-2/3 signaling (Goumans et al., 2003; Finnson et al., 2008). Moreover, the activation of SMAD-1 and SMAD-5 are both inhibited by SMAD-6 and SMAD-7, which respond to TGF-β-related bone morphogenetic proteins (Katsuno et al., 2018). Pannu et al. showed that in systemic sclerosis, the up-regulation of extracellular interstitial components, which depend on ALK5, is not associated with SMAD-2/3 activation but reconciled by ALK1/SMAD-1 and ERK-1/2 signalings (Pannu et al., 2007).
MAPK, which includes three major classical types, i.e., ERK, JNK, and p38 MAPK, is commonly involved in the up-regulation of key molecules that sustain cell proliferation, growth, differentiation, and survival processes (Braicu et al., 2019). After TGF-β-induced phosphorylation, TβRII and ALK5 can sequentially activate Ras, Raf, and MEK-1/2 to activate ERK-1/2 by recruiting adaptor protein growth factor receptor-bound protein 2/Son of Sevenless. Fibrosis-related genes, without or in collaboration with activated SMAD complexes, are controlled by some transcription factors, which are phosphorylated by activated ERK, such as jun and fos (Zhang, 2017). Moreover, ERKs can negatively regulate SMAD protein activity by directly phosphorylating the linker region of SMAD proteins (Kretzschmar et al., 1997; Kretzschmar et al., 1999). In fibrotic processes, intramolecular polyubiquitination of TNF receptor-associated factor 6 (TRAF-6) at Lys63 is conducted by the interplay between activated TGF-β receptors and TRAF-6 (Yamashita et al., 2008). Subsequently, TAK1 is recruited by polyubiquitinated TRAF-6 to activate JNK and p38 via activations of MKK4 and MKK3/6, respectively. Finally, the activated JNK and p38 continuously activate the downstream transcription factors c-jun and ATF-2, which then regulate SMAD activity through phosphorylation (Zhang, 2009; Zhang, 2017).
The PI3K/AKT/mammalian target of rapamycin (mTOR) signaling cascade, which comprises the core units of phosphatidylinositide 3-kinases and their downstream mediators AKT and mTOR, mediate cell proliferation, survival, and metabolism and control cellular differentiation (Yu and Cui, 2016; Marquard and Jücker, 2020). TGF-β regulates PI3K/AKT signaling through two mechanisms: SMAD-dependent and SMAD-independent (Zhang, 2017). In the SMAD-dependent pathway, TGF-β-driven SMAD signaling induces the lipid phosphatase SH2-containing inositol 5′-phosphatase, which can then inhibit PI3K/AKT signaling (Valderrama-Carvajal et al., 2002). Similar to TGF-β-induced JNK/p38 activation, in the SMAD-independent mechanism, ubiquitinated TRAF6 stimulates PI3K/AKT signaling and induces ubiquitination and activation of AKT (Yang et al., 2009). Although its specific function in fibrotic diseases is unclear, increasing evidence suggests that PI3K/AKT signaling plays a critical role in profibrotic processes in organs such as the liver, the heart, the kidney, the lungs, skin, and even oral mucosa (Dai et al., 2015; Li et al., 2017; Chaigne et al., 2019; Mi et al., 2019; Wang et al., 2019a; Zhou et al., 2019; Yin et al., 2020).
ROCK is the eventful cellular regulator of rho GTPases that organizes the actin cytoskeleton and facilitates myofibroblast differentiation and ECM production in fibroblasts of diverse tissues (Akhmetshina et al., 2008; Ji et al., 2014; Manickam et al., 2014; Lai et al., 2019). RhoA (a GTPase) and ROCK can be activated by TGF-β to induce actin polymerization through SMAD-dependent or SMAD-independent mechanisms(Zhang, 2017). The rho-like GTPases Cdc42 and Rac can also be recruited by TGF-β to combinate with the TGF-β receptor complex, which is involved in cell-to-cell connection dissociation and cell migration during epithelial to mesenchymal transition (EMT) (Zhang, 2017).
JAK, which is a receptor-associated tyrosine kinase, acts as regulators of cytokine and growth factor signaling. JAK2 is a regulator of the profibrotic results of TGF-β in many fibrotic diseases (O'Shea et al., 2015; Cao et al., 2019; Zhao et al., 2019; Qin et al., 2020). STAT3, a STAT protein and a downstream regulator of JAK2 signaling, is crucial to many fibrotic diseases in a TGF-β-dependent manner (O'Shea et al., 2015; Chakraborty et al., 2017; Oh et al., 2018). In this signaling, first, JAK2 is phosphorylated when cytokines bind to cell receptors. Subsequently, the phosphorylates downstream STAT3, which participates in various biological processes, such as cell proliferation, differentiation, and apoptosis (O'Shea et al., 2015).
ROLE OF MIRNAS IN THE CANONICAL AND NONCANONICAL TGF-Β SIGNALING PATHWAYS IN FIBROTIC DISEASES AFFECTING DIFFERENT ORGANS
Kidney
In recent years, the vital role of miRNAs in renal pathophysiology has been evidenced by clinical and experimental models (Van der Hauwaert et al., 2019). During the progression of renal fibrosis mediated by SMAD-3, miR-29 and miR-200 are downregulated, and miR-21 and miR-192 are upregulated (Meng et al., 2015). The miR-29 family, including miR-29a, miR-29b, and miR-29c, acts as a negative modulator of some fibrotic diseases through canonical TGF-β-SMAD-2/3 signaling, thereby playing a protective role in the fibrotic process (He et al., 2013). Expression of disintegrin metalloproteases Adams, mainly Adam10, Adam12, Adam17, and Adam19, is significantly upregulated in vivo and in vitro through the regulation of the TGF-β-SMAD-2/3 pathway. Overexpression of miR-29 can downregulate Adam12 and Adam19 expressions, partially mitigating fibrosis (Ramdas et al., 2013). Although the function of Adam in fibrosis and its specific mechanism in the fibrotic process are clear, accumulating evidence indicates that they significantly correlate with the development of fibrosis and that multiple miR-29 binding sites are present in the 3′-UTR region of the mRNA of Adams (Ramdas et al., 2013). In addition, Sole et al. showed that patients with lupus nephritis accompanied by high renal chronicity indexes have significantly reduced miR-29c levels in urinary exosomes, suggesting the early diagnostic value of miR-29c in renal fibrosis (Solé et al., 2015). Although significant downregulation of miR-200b occurs in renal fibrosis related to TGF-β signaling (Meng et al., 2015). Tang et al. postulated that miR-200b represses TGF-β1-induced EMT by inhibiting ZEB1 and ZEB2 and ECM protein fibronectin by directly targeting the 3′UTR region of the mRNA, which is not directly associated with the TGF-β signaling pathway (Tang et al., 2013). A study showed that in paclitaxel-treated renal fibrosis animal models, inhibition of TGF-β/SMAD-2/3 signaling and mitigation of renal fibrosis, which were accompanied by downregulation of miR-192, probably implied the regulatory relationship between miR-192 and the canonical TGF-β signaling pathway (Sun et al., 2011). Diabetic nephropathy (DN) is characterized by basement membrane thickening, glomerular hypertrophy, and ECM deposition, eventually leading to renal interstitial fibrosis. Ma et al. showed that miR-130b is related to fibrosis in DN, and its overexpression can not only promote the mRNA and protein expressions of collagen types I and IV and fibronectin but also increase its downstream signal TGF-β1, t-Smad2/3, P‐SMAD-2/3, and SMAD-4 expressions, thus implying a profibrotic role of miR-130b in DN and its strong correlation with the canonical TGF-β/SMAD-2/3 signaling pathway (Ma et al., 2019). Another study verified the negative regulatory role of miR-101a in chronic kidney disease (Ding et al., 2020). KDM3A, a histone demethylase, which is a key regulator of histone modification, accelerates chronic renal fibrosis by directly regulating the YAP-TGF-β-SMAD signaling pathway or indirectly mediating TGF-β-SMAD signaling by suppressing the expression of TGIF1 (Ding et al., 2020). However, overexpressed miR-101a can alleviate chronic renal fibrosis by downregulating the protein and mRNA expressions of KDM3A. The inhibitory effect of miR-101a on this disease can also be partially reversed by overexpression of YAP/TGF-β2 or inhibition of TGIF (Ding et al., 2020). Taken together, the aforementioned miRNAs mainly affect the progression of renal fibrosis through the canonical TGF-β signaling pathway.
Several studies indicated that miR-21 is strongly associated with renal fibrosis and plays a key role in the profibrotic process (Zarjou et al., 2011; Ben-Dov et al., 2012; Glowacki et al., 2013; Chen et al., 2015; Luo et al., 2019). For example, in an in vivo study, the kidneys with unilateral ureteral obstruction presented with elevated levels of miR-21 compared to those without the obstruction in mouse models, (Glowacki et al., 2013) and blockade of miR-21 in this model alleviated fibrosis (Zarjou et al., 2011). In humans, the enhanced expression of miR-21 can be tested in renal allografts with severe interstitial fibrosis compared to those without fibrosis (Ben-Dov et al., 2012; Glowacki et al., 2013). A study by Chen et al. showed that elevated levels of miR-21 led to the upregulation of phosphorylated AKT and downregulation of PTEN, which sped up the fibrotic process during long-term nephrotoxicity induced by calcineurin inhibitors (Chen et al., 2015). In addition, Luo et al. indicated that Smilax glabra Roxb (PTFS), a traditional Chinese herb, showed powerful anti-EMT and anti-fibrosis effects both in vitro and in vivo, and the mechanism underlying them may be associated with the miR-21/PTEN/PI3K/Akt signaling pathway and their complicated upstream molecular regulatory network involving TGF-β signaling (Luo et al., 2019).
In early years, miR-132 was demonstrated to affect cell proliferation during wound healing by regulating the STAT3 and ERK pathways (Li et al., 2015a). Subsequently, Bijkerk et al. suggested that miR-132 may coordinately mediate genes involved in TGF-β signaling, STAT3/ERK pathways, and cell proliferation (Foxo3/p300) related to promoting trans-differentiation and proliferation of myofibroblasts during the formation of renal fibrosis (Bijkerk et al., 2016). A study by Wang et al. supported that p53 could physically interplay with the promoter region of miR-199a-3p by using chromatin immunoprecipitation assays (Wang et al., 2012a). Yang et al. reported a novel modulatory mechanism of promoting renal fibrosis in which miR-199a-3p suppresses the suppressors of cytokine signaling-7 (SOCS7), a SOCS family, to upregulate STAT3 activation, which is directly induced by TGF-β-driven p53 upregulation. In vitro and in vivo experiments also confirmed that the TGF-β/p53/miR-199a-3p/SOCS7/STAT3 axis may play a critical role in human renal fibrosis (Yang et al., 2017a). In addition to miR-199a-3p, miR-206 is associated with the JAK/STAT3 pathway, according to a study by Zhao et al. (2019). In that study, miR-206 attenuated EMT in chronic kidney disease by suppressing JAK/STAT signaling by directly targeting Annexin A1. Wu et al. reported that overexpression of miR-455-3p attenuates renal fibrosis by directly targeting the 3′-UTR region of ROCK2 in the DN model, providing a testimony for the protective effect of miR-455-3p in DN (Wu et al., 2018). Thus, these miRNAs affect renal fibrosis by regulating the non-canonical TGF-β signaling pathway.
Liver
In studies related to liver fibrosis, miR-193a/b, miR-942, miR-96, and miR-21 play central roles in the canonical TGF-β signaling pathway (Roderburg et al., 2013; Luo et al., 2018; Tao et al., 2018; Ju et al., 2019). In concanavalin A‐induced hepatic fibrosis mice models, miR-193a/b-3p played a protective role by alleviating concanavalin A-induced hepatic fibrosis through apoptosis and cell cycle arrest of hepatic stellate cells (HSCs) and inhibition of HSCs activation (Ju et al., 2019). During this process, the expression of TGF-β1 and phosphorylation of SMAD-2/3 are restrained, and CAPRIN1, a cell cycle-related protein, is confirmed to be the target gene of miR-193a/b-3p by the dual luciferase reporter system (Ju et al., 2019). Another study showed the prominent role of miR-942 in the progression of liver fibrosis infected by the hepatitis B virus (Tao et al., 2018). The miR-942 in activated HSCs was upregulated in cell models and liver specimens of patients with hepatitis B virus-related liver fibrosis and correlated inversely with bone morphogenic proteins and activin membrane-bound inhibitor (BAMBI), which interfered with TGF-β1 signaling by capturing TGF-β receptor I (TβRI/ALK-5) (Tao et al., 2018). Thus, with the degradation of BAMBI, the activity of the TGF-β/SMAD-2/3 signaling pathway is enhanced, which promotes the process of fibrosis (Tao et al., 2018). Schistosomiasis, a severe subtropical parasitic disease, induces liver fibrosis and results in portal hypertension, which are the main causes of host mortality. Luo et al. (2018) indicated that schistosomiasis-infected mice showed significant hepatic fibrosis, accompanied by high expressions of miR-96, TGF-β, and Smad2/3 and suppression of Smad7 (Luo et al., 2018). Subsequently, transfection of the miR-96 inhibitor through recombinant adeno-associated virus 8 could significantly alleviate liver fibrosis, and the dual luciferase reporter assay proved that Smad7 is its target gene (Luo et al., 2018). A study indicated unchanged levels of overall miR-133a in whole RNA extracted from the fibrotic murine and human livers but specifically downregulated in HSC during fibrogenesis (Roderburg et al., 2013). The addition of TGF-β in HSC downregulated the expression of miR-133 more sharply, which aggravated the rate of hepatofibrogenesis, but overexpression of miR-133 could partly reverse this (Roderburg et al., 2013). Thus, miR-133 may be a diagnostic biomarker and a target for therapeutic strategies in hepatic fibrosis (Roderburg et al., 2013).
The role of miR-21 in liver fibrosis is supported by the literature (Yang et al., 2017b; Wang et al., 2017; Huang et al., 2019). In recent years, some studies have found that some drugs used for hepatic fibrosis exert anti-fibrosis effects by acting on miR-21-related signal axes (Yang et al., 2017b; Wang et al., 2017; Huang et al., 2019). The most reported drugs are chlorogenic acid (CGA) and methyl helicterate (Yang et al., 2017b; Wang et al., 2017; Huang et al., 2019). CGA, a phenolic acid abundantly found in nature, has various pharmacological effects, including anti-inflammatory, anti-hypertensive, and anti-oxidant capacities (Yang et al., 2017b). miR-21 can enhance the activity of the TGF-β/SMAD-2/3 signaling pathway by inhibiting the expression of Smad7, which promotes the fibrotic process in the liver, which is reversible by CGA in vitro and in vivo (Yang et al., 2017b). The therapeutic mechanism of CGA in liver fibrosis caused by schistosomiasis is also consistent with the aforementioned result, whereby significant downregulation of miR-21 expression is accompanied by upregulation of Smad7, reductions of p-Smad2 and p-Smad3, and conspicuous alleviation of fibrosis (Wang et al., 2017). Methyl helicterate is the main ingredient of Helicteres angustifolia, which has been utilized as a traditional Chinese medicine to treat immune disorders and liver diseases (Huang et al., 2019). Activation of the ERK1 pathway can promote the deposition of collagen and the expression of α-SMA to accelerate the process of fibrosis, while SPRY2 can inhibit this pathway, but miR-21 can bind to the 3′UTR region of SPRY2 to reverse its effect (Huang et al., 2019). A study showed that methyl helicterate could mitigate liver fibrosis by inhibiting miR-21-mediated ERK and TGFβ/SMAD 2/3 pathways and, therefore, has potential as a therapeutic drug for liver fibrosis (Huang et al., 2019).
Compared to normal liver tissue, miR-101 is significantly downregulated in hepatitis B virus-related cirrhosis, hepatic fibrosis, and hepatocellular carcinoma (Lei et al., 2019). A study showed that the expression of miR-101 in CCL4-induced fibrotic liver tissue in mice was significantly reduced, contrary to the high expressions of TGF-β, p-PI3K, p-Akt, p-mTOR, and fibrosis-related proteins (Lei et al., 2019). However, overexpression of miR-101 completely reversed this, so downregulating the PI3K/Akt/mTOR signaling pathway may be feasible against hepatic fibrosis (Lei et al., 2019). Similar to miR-101, miR-29b could also downregulate the PI3K/Akt signal axis to inhibit the fibrotic process in the liver (Wang et al., 2015). In addition, it could cause cell cycle arrest in the G1 phase of cells by downregulating cyclinD1 and p21, thereby suppressing hepatocyte viability and colony formation (Wang et al., 2015). In contrast, miR-33a plays a reverse role in promoting hepatic fibrosis by regulating the PI3K/Akt signaling pathway (Li et al., 2014). The activity of the JAK2/STAT3 signal axis in hepatic fibrosis also cannot be underestimated. Yang et al. reported that the low expression of miR-375-3p in the mouse liver can induce the JAK2/STAT3 pathway to activate the TGF-β1/SMAD signal and promote EMT, whereas the addition of miR-375-3p mimic has an antifibrotic effect (Yang et al., 2019). Taken together, these findings indicate the active regulatory functions of miRNAs in liver fibrosis affected by the non-canonical TGF-β signaling pathway.
Lung
TGF-β receptors are important elements in the canonical TGF-β/SMAD 2/3 signaling pathway (Wrighton et al., 2009). Some studies reported that miRNAs, including miR-18a-5p, miR-153, and miR-1344, play anti-pulmonary fibrosis effects for targeting TGF-β receptors to inhibit downstream SMAD-2/3 expression (Liang et al., 2015; Stolzenburg et al., 2016; Zhang et al., 2017). Among them, miR-18a-5p and miR-153 directly target TGF-βRII, whereas miR-1344 can not only target TGF-βRII but also TGF-βRI (ALK5), which showed anti-fibrotic effects in lung fibrosis models (Liang et al., 2015; Stolzenburg et al., 2016; Zhang et al., 2017). miR-101 influences the proliferation and activation of lung fibroblasts in pulmonary fibrosis through two signaling pathways (Huang et al., 2017). Regarding the proliferation of pulmonary fibroblasts, miR-101 reverses this process by targeting frizzled receptor 4/6 (FZD4/6) to inhibit WNT5a-FZD4/6-NFATc2 signaling, which is a form of the Wnt signaling pathway (Huang et al., 2017). To activate lung fibroblasts, miR-101 reduces the degree of fibroblast activation by directly targeting TGF-βRI (ALK5) to further inhibit the phosphorylation of SMAD-2/3 (Huang et al., 2017). The expression of miR-411-3p in silicosis rats and lung fibroblasts induced by TGF-β was significantly reduced, and the overexpression of miR-411-3p reversed the phenomenon and relieved the development of pulmonary fibrosis (Gao et al., 2020). The underlying mechanism is that miR-411-3p has an inhibitory effect on the expression of SMAD ubiquitination regulator 2 (Smurf2) and reduces the ubiquitination degradation of Smad7 under control of Smurf2, which results in blocking TGF-β/Smads signaling (Gao et al., 2020). In contrast, miR-21 promotes the transduction of the TGF-β/SMAD-2/3 signaling pathway by directly targeting Smad7 to accelerate the process of pulmonary fibrosis (Wang et al., 2018). In addition, miR-21 can also sharply reduce the phosphorylation levels of ERK, p38, and JNK, which were induced by resveratrol, thereby promoting the process of fibrosis by affecting the non-canonical TGF-β/MAPK signaling pathway (Wang et al., 2018). The miR-200 family is useful in pulmonary fibrosis (Cao et al., 2018). An article reported that miR-200b/c exerts a protective effect by targeting ZEB1/2, which may be related to the inhibition of p38 MAPK and TGF-β/SMAD-3 signaling pathway (Cao et al., 2018). Autophagy, a method of fibrotic regulation, is significantly reduced during fibrosis, and a study showed that miR-449a activates autophagy by targeting Bcl2 induced by the TGF-β1/ERK/MAPK pathway, thereby alleviating the development of lung fibrosis (Han et al., 2016). In addition, miR-344a-5p plays a vital role in anti-pulmonary fibrosis through MAPK signaling pathways, including map3k11 (Liu et al., 2017). As for the mechanism, miR-344a-5p inhibits the proliferation of myofibroblasts by targeting the mRNA of map3k11 to alleviate pulmonary fibrosis (Liu et al., 2017). lncRNA PCF is upregulated, which is affected by the activation of TGF-β1, to act as the ceRNA of miR-344a-5p and reverse its effect (Liu et al., 2017).
In pulmonary fibrosis induced by the non-canonical TGF-β/PI3K-Akt signaling pathway, miR-193a, miR-542-5p, miR-31/184, and miR-301a are crucial (Yuan et al., 2018; Liu et al., 2019; Wang et al., 2020a). The upregulation of miR-193a in paraquat-induced pulmonary fibrosis leads to the downregulation of the PI3K/AKT/mTOR axis and the upregulation of its downstream autophagy-related LC3-II/LC3-I and Beclin1, which induced the autophagy of lung fibroblasts and then reduced the expression of pulmonary fibrosis marker protein α-SMA and collagen deposition (Liu et al., 2019). The decrease of miR-542-5p in silica-induced mouse pulmonary fibrosis was shown by the miRNAs microarray analysis in a study by Yuan et al. (2018) In that study, miR-542-5p was confirmed to reverse TGF-β1 or silica-induced mouse lung fibrosis by directly targeting integrin α6, which inhibited fibroblast activation and reduced the phosphorylation levels of FAK/PI3K/AKT in vitro (Yuan et al., 2018). MiR-31 and miR-184 play contradictory roles in pulmonary fibrosis, which was verified by Wang et al. (2020a). In that study, miR-31 was enhanced, and miR-184 was suppressed in vitro, accompanied by the upregulation of TGF-β-SMAD-2 and TGF-β-PI3K-AKT signaling pathways and increase of some profibrotic factors, matrix metallopeptidase 7 (MMP7) and Runt-related protein 2 (RUNX2) (Wang et al., 2020a). As for the mechanism, the 3′UTR region of SMAD 6 was confirmed to be the binding site of miR-31, which promoted SMAD 2 phosphorylation to further enhance the SMAD 2/SMAD-4 dimer formation and translocation (Wang et al., 2020a). Thus, downregulating miR-31 and upregulating miR-184 may effectively ameliorate pulmonary fibrosis (Wang et al., 2020a). In the noncanonical TGF-β/JAK2/STAT3 pathway in lung fibrosis, miR-125a-3p plays a pivotal role. In a study by Xu et al., miR-125a-3p directly targetted 3′UTR of Fyn and then lead to the inactivation of the Fyn downstream effector STAT3, which inhibited the progression of silica-induced murine pulmonary fibrosis and TGF-β1-treated fibroblast lines (Xu et al., 2019).
Heart
In cardiac fibrosis, miRNAs related to the regulation of the canonical TGF-β/Smad2/3 signaling pathway should first be miR-150-5p (Che et al., 2019). In a study by Che et al., miR-150-5p inhibited the binding of Smad7 to ALK5 by directly targeting smad7, which promoted the increase of the binding of Smad2/3 to ALK5, thereby promoting the high expression of TGF-β/Smad2/3 signal, accelerating extracellular collagen deposition, and exacerbating the process of myocardial fibrosis (Che et al., 2019). miR-328 has the same effect as miR-150-5p in cardiac fibrosis, and its inhibition can also significantly reduce the expression level of the TGF-β/Smad2/3 signaling pathway, but its specific target molecule is unclear (Du et al., 2016). The canonical effectors of the TGF-β signaling pathway, p-SMAD2 and p-SMAD3, can also control the nuclear steps of miRNA biogenesis, which promotes transcriptional activation of pri-miRNAs and regulates the subsequent post-transcriptional conversion of pri-miRNAs into pre-miRNAs by DROSHA (Siomi and Siomi, 2010). This mechanism is well reflected in the regulation of the conversion of pri-miR-21 into pre-miR-21 (Davis-Dusenbery and Hata, 2011). Moreover, p-SMAD2/3 can interact with the DICER enzyme in the cytoplasm to enhance the cleavage efficiency of DICER for pre-miR-21 in the form of a complex of p-SMAD2/3/DICER, which promotes pre-miR-21 to mature miR-21 transformation (García et al., 2015). In addition, the direct target effect of miR-21 on the 3′UTR region of SMAD7 in cardiac fibrosis was demonstrated in that article, which further clarified the pro-fibrotic mechanism of miR-21 (García et al., 2015). Unlike the aforementioned miRNAs, miR-24 has the contradictory effect of inhibiting cardiac fibrosis (Wang et al., 2012b). The overexpressed miR-24 downregulates the expression of the TGF-β/SMAD2/3 signaling pathway to slow down the fibrosis process by directly targeting furin, which is a protease that controls latent TGF-β activation processing (Wang et al., 2012b).
In the non-canonical TGF-β/MAPKs signaling pathway, a study on miR-433 characterized its crucial role in regulating cardiac fibrosis (Tao et al., 2016). In that study, miR-433 was highly expressed in fibroblasts of cardiac fibrosis tissue, and its knockdown could significantly inhibit the transdifferentiation of cardiac fibroblasts into myofibroblasts (Tao et al., 2016). As for the mechanism, miR-433 directly targets JNK1, which leads to the activation of ERK and p38 kinase, and subsequent SMADs activity, particularly SMAD3 activity (Tao et al., 2016). miR-7a/b has a contradictory effect compared to miR-433 in the progression of cardiac fibrosis (Li et al., 2015b). Although the potential target of miR-7a/b is unclear, it similarly affects TGF-β/MAPKs signaling in the dynamic of the regulation of cardiac fibrosis (Li et al., 2015b).
Other Organs
Hypertrophic scar (HS) is a pathological scar resulting from abnormal wound healing (Shen et al., 2020). A study by Shen et al. reported that miR-145-5p could remarkably ameliorate HS by directly targeting the canonical TGF-β effectors SMAD-2/3 (Shen et al., 2020). Thus, it may be an available therapeutic drug for treating HS (Shen et al., 2020). The same effect could be found in the regulated function of miR-29b in HS, but its specific target in the canonical TGF-β signaling pathway requires further research (Guo et al., 2017).
Bladder outlet obstruction (BOO) is commonly encountered in the field of urology, often accompanying fibrosis of the bladder structure (Fusco et al., 2018). Wang et al. showed that miR-101b has protective function in hypoxia-induced fibrosis coursed by BOO, which is mainly associated with the canonical TGF-β/SMAD-2/3 signaling pathway (Wang et al., 2019b). As for the mechanism, the TGF-β type 1 receptor was inhibited by direct targeting of miR-101b, subsequently affecting the phosphorylation of its downstream molecule SMAD2/3, which ultimately caused the downregulation of the canonical TGF-β/SMAD2/3 signaling pathway (Wang et al., 2019b).
Oral submucous fibrosis (OSMF) is a chronic, progressive, pre-malignant condition mainly related to the consumption of betel nuts (Singh et al., 2018). In recent years, many studies have investigated miRNAs related to OSMF, including miR-21, miR-10b, and miR-942-5p (Singh et al., 2018; Fang et al., 2020; Wang et al., 2020b). Among them, the most in-depth research is of miR-942-5p, reported by Wang et al. (2020b) In that study, miR-942-5p showed significantly low expression in oral squamous carcinoma in the background of OSMF and could directly target latent transforming growth factor beta binding protein 2 (LTBP2), which further blocked the PI3K/Akt/mTOR signaling pathway (Wang et al., 2020b). The regulatory mechanisms of miRNAs in the canonical and non-canonical TGF-β signaling pathway are summarized as shown in Figure 1. In addition, the miRNAs in canonical and non-canonical TGF-β signaling in fibrotic diseases of different organs are also listed in the Table 1.
[image: Figure 1]FIGURE 1 | Regulatory mechanisms of miRNAs in the canonical and noncanonical TGF-β signaling pathways. In the canonical TGF-β signaling pathway (blue), active TGF-β is first isolated from the latent TGF-β complex in the extracellular space and then binds to the TGF-β type II receptor (TGF-βRII), which in turn binds and phosphorylates TGF-β type I receptor (ALK5), causing its activation. ALK5 continues to phosphorylate intracellular SMAD-2 and SMAD-3 proteins, which constitute a complex with SMAD-4 and finally accumulate in the nucleus and further regulate fibrosis-related gene expression. In addition, the inhibitory function of SMAD-7 competes with SMAD 2/3 to bind with phosphorylated ALK5, thereby inhibiting the TGF-β signaling pathway. The noncanonical TGF-β signaling pathway (orange) most commonly includes the TGF-β/Smad1/5, TGF-β/PI3K/AKT/mTOR, TGF-β/MAPK (ERKs, JNKs, and p38), TGF-β/JAK2/STAT3, and TGF-β/RhoA/ROCK signaling pathways. Their functions are also listed in the figure. Numerous miRs have been implicated in the regulation of the canonical and noncanonical TGF-β signaling pathways. miRs are grouped to have the direct (solid line) or indirect (dotted line) effect as well as the promotion (arrowhead) or inhibition (flathead) effect.
TABLE 1 | MiRNAs in canonical and noncanonical TGF-β signaling in fibrotic diseases of different organs. HS, hypertrophic scar; BOO, bladder outlet obstruction; OSF, oral submucous fibrosis; TGF-β, transforming growth factor-β; Smad2/3, drosophila mothers against decapentaplegic protein 2/3; PI3K, phosphatidylinositol 3-kinase; Akt, protein kinase B; MAPK, mitogen-activated protein kinase; JAK2, Janus kinase 2; STAT3, signal transducer and activator of transcription 3; ROCK, rho-associated coiled-coil containing kinase.
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Previous studies have suggested that the TGF-β signaling pathway, which plays a major regulatory role in fibrotic diseases, is widely regulated by miRNAs. Some of these miRNAs can affect various fibrotic diseases via canonical or non-canonical TGF-β signaling, including miR-21, miR-101, miR-29, miR-200, miR-942, and miR-193. Among them, miR-21 has been widely confirmed to promote the occurrence and development of fibrosis of organs, such as the kidney (Zarjou et al., 2011; Ben-Dov et al., 2012; Glowacki et al., 2013; Chen et al., 2015; Luo et al., 2019), liver (Yang et al., 2017b; Wang et al., 2017; Huang et al., 2019), lung (Wang et al., 2018) and heart (Davis-Dusenbery and Hata, 2011; García et al., 2015), by targeting the canonical TGF-β/SMAD2/3 signaling pathway and the non-canonical TGF-β/PI3K/AKT signaling pathway. miR-101 plays an active role in inhibiting fibrotic diseases, such as renal (Ding et al., 2020), hepatic (Lei et al., 2019), or pulmonary fibrosis (Huang et al., 2017) and bladder outlet obstruction (Wang et al., 2019b), by directly targeting ALK5 in the canonical TGF-β signaling pathway. miR-29 can ameliorate renal fibrosis (Ramdas et al., 2013; Solé et al., 2015) and HS (Guo et al., 2017) by targeting the canonical TGF-β signaling-related disintegrin metalloprotease Adams but inhibit liver fibrosis (Wang et al., 2015) by regulating the non-canonical TGF-β/PI3K/AKT signaling pathway. miR-200 exerts anti-fibrosis effects on the kidney (Tang et al., 2013) and lung (Cao et al., 2018) by directly targeting ZEB1/2. miR-942 can promote liver fibrosis (Tao et al., 2018) but plays a contrary regulatory role in oral submucous fibrosis (Wang et al., 2020b). In addition, miR-193 plays a protective role in pulmonary (Liu et al., 2019) and hepatic fibrosis (Ju et al., 2019) by regulating canonical TGF-β/SMAD2/3 and non-canonical TGF-β/PI3K/AKT/mTOR signaling pathways, respectively. Thus, the aforementioned miRNAs can become therapeutic targets or molecular drugs for fibrotic diseases owing to their regulatory effects in various fibrotic diseases.
Fibrosis offers the advantage of promoting tissue repair and healing. However, excessive fibrosis can cause tissue and organ dysfunctions (Diegelmann and Evans, 2004). During tissue repair, temporary ECM deposition occurs first, followed by the recruited inflammatory cells, the proliferated fibroblasts, and angiogenesis replacing the temporary ECM deposition and, finally, capillaries and fibroblasts degenerating with epithelial regeneration (Diegelmann and Evans, 2004). In contrast, fibrosis represents a disorder of the tissue repair process, during which excessive deposition of ECM rich in fibrous collagen, induction and proliferation of myofibroblasts, and repeated inflammatory responses lead to the replacement of normal parenchymal tissues and formation of non-functioning scar tissue (Diegelmann and Evans, 2004). Canonical and non-canonical TGF-β signaling pathways are the main signal axis regulating the fibrosis process (Meng et al., 2016; Finnson et al., 2020). miRNAs can promote or inhibit the progression of fibrotic diseases by targeting the upstream or downstream signal molecules of the TGF-β signaling network (Banerjee et al., 2011; Liu et al., 2018; Li et al., 2019). Therefore, miRNAs can be used as molecular drugs or targets to diagnose and treat fibrotic diseases. The intervention of miRNAs in the early manifestations of fibrosis related to the TGF-β signaling pathway may induce tissue healing and prevent the occurrence of fibrosis.
CONCLUSION AND PROSPECTS
Fibrosis is often the final histopathological change in the development of chronic inflammatory diseases and can occur in almost all tissues and organs throughout the body. According to the current research results of fibrotic diseases of various organs, the developmental mechanisms of tissue and organ fibrosis mainly involve the canonical TGF-β/SMAD2/3 signaling pathway and the non-canonical TGF-β pathway, including the TGF-β/ALK1/Smad1/5 pathway, the TGF-β/MAPK pathway, the TGF-β/PI3K-Akt pathway, the TGF-β/JAK2/STAT3 pathway, and the TGF-β/ROCK pathway. MiRNA, which is involved in various physiological and pathological processes, with important roles in the canonical or noncanonical TGF-β signaling pathways, has received widespread attention in recent years. The regulating function of miRNAs in fibrosis is mainly to promote or ameliorate fibrosis by inhibiting the expression of effect molecules in the fibrosis signal pathway at the mRNA level. However, current research on the regulation of miRNA in fibrotic diseases mainly focuses on fibrosis of organs such as the liver, the kidneys, the lungs, and the heart, whereas the fibrosis-related research of other tissues and organs is limited and not in-depth. In addition, for the current mechanism research, the specific targets of many miRNAs and the upstream and downstream regulatory relationships are not comprehensive or sufficiently thorough.
In the future, many questions concerning the mechanisms of the pathogenesis of fibrotic diseases should be solved. For example, in addition to the few aforementioned organs, fibrosis of other tissues and organs has unique features and developmental progression, carrying research value. Therefore, more in-depth research should be performed. There may be more than five non-canonical TGF-β signaling pathways that affect the development of fibrosis. The related miRNAs are not limited to pathways, and long-term continuous exploration is required. The pathogenesis of fibrotic diseases is complex. Therefore, a single target therapy cannot have a complete effect, and combination treatment with multiple targets and signaling pathway may be more reasonable. Hence, the next step should be to explore the mechanisms of fibrotic diseases from different tissue and organs, investigating more signaling pathways related to fibrosis and more functional miRNAs in these diseases and trying combination therapeutic methods with multiple targets and multiple pathways.
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Infantile hemangioma (IH) is a common benign tumor of endothelial cells in infants. Most hemangiomas are self-limited, but a few may develop and lead to serious complications that affect the normal life of children. Therefore, finding an effective treatment strategy for IH is a pressing need. Recent studies have demonstrated that non-coding RNAs affect the progression of multiple tumors. This study aims to investigate the mechanism by which LncRNA-MCM3AP-AS1 promotes glycolysis in the pathogenesis of IH. We first documented that the expression of LncRNA MCM3AP-AS1 was significantly upregulated in IH. Furthermore, we demonstrated that MCM3AP-AS1 bound to miR-106b-3p which promotes glycolysis in IH. In addition, we found that inhibition of HIF-1α contributed to the transformation of glycolysis to normal aerobic oxidation, partially reversed the promoting effect on glycolysis by the up-regulation of LncRNA MCM3AP-AS1 in IH disease. More importantly, we demonstrated this phenomenon existed in IH patients. Taken together, we demonstrate that LncRNA-MCM3AP-AS1 promotes the progression of infantile hemangiomas by increasing the glycolysis via regulating miR-138-5p/HIF-1α axis.
Keywords: LncRNA-MCM3AP-AS1, miR-138-5p, HIF-1α, infantile hemangiomas, glycolysis
INTRODUCTION
Infantile hemangiomas (IH) is a common benign skin tumor in children with vascular endothelial cell proliferation as the main pathological characteristic (Chamli et al., 2021). The incidence of IH is about 10% in Caucasians under 1 year old, and it is most common in females, with a male to female ratio of 1:3–4 (Chang et al., 2008). Potential complications of IH include permanent disfigurement, ulcers, scarring, bleeding, visual impairment, airway obstruction, congestive heart failure and death (Baselga et al., 2016). Compared with localized IH lesions, deep lesions are at greater risk of ulceration and dysfunction, and therefore require early and aggressive clinical intervention and treatment (Cheng and Friedlander, 2016). According to the course of disease, IH can be divided into proliferating phase stage, involuting stage and involuted stage (Yoon et al., 2021). Hemangiomas can recede spontaneously, but 90% of IH patients need 9–10 years or more to recede completely (Darrow et al., 2015). Most of the subsided tumors will leave scar or fibrous fat deposition, therefore early active intervention and treatment would be preferred. The tendency of spontaneous regression is an important feature of the course of IH, and its pathological basis is the disappearance of juvenile capillary degeneration, replaced by deposition of fiber and adipose tissues (Caussé et al., 2013). Promoting the transition from early stage to regression stage is the main goal of current treatment. However, due to the unknown mechanism of progression of infantile hemangioma, especially the mechanism of spontaneous regression, no effective treatment is available.
Long non-coding RNAs (lncRNAs) are a group of RNAs over 200 bp in length that do not have complete protein coding function and lack a specific open reading frame (Ørom and Shiekhattar, 2011). Previous studies have shown that lncRNAs affect the progression of multiple tumors (Ørom and Shiekhattar, 2011). LncRNA antisense 1 to micro-chromosome maintenance protein 3-associated protein (MCM3AP-AS1) gene was located on chromosome 21. In recent years, it has been reported that MCM3AP-AS1 plays an important role in the progression of glioblastoma and liver cancer (Yang et al., 2017; Wang et al., 2019a). Reports have shown that LncRNA MCM3AP-AS1 is up-regulated in glioma endothelial cells and hepatocellular carcinoma. Interference or silencing of its expression inhibits the proliferation and invasion of glioma cells. In papillary thyroid carcinoma, MCM3AP-AS1 expression is upregulated and promotes proliferation, migration, and invasion of cancer cells. However, the role of lncRNA MCM3AP-AS1 in hemangioma remains unknown.
MicroRNAs (miRNAs) are non-coding RNA molecules with highly conserved sequences (Dong et al., 2013). MiRNAs are involved in the regulation of a series of physiological processes, including cell proliferation, differentiation, apoptosis, signal transduction and organ development (Sarkar and Kumar, 2021). In prostate cancer, miRNA-34c down-regulates Bcl-2 protein expression, thereby inhibiting cell proliferation and promoting cell apoptosis (Hagman et al., 2010). In glioblastoma, miRNA-153 promotes apoptosis by down-regulating Bcl-2 protein expression (Xu et al., 2011). However, it is not clear whether miR-138-5p plays a role in hemangioma.
Due to the infinite proliferation of malignant tumor cells, their demand for energy and biomacromolecules increases dramatically (Zhang et al., 2017). The Warburg effect is known as the preferential conversion of glucose to lactic acid (aerobic glycolysis) for energy in cancer cells, even when oxygen is available (Wan et al., 2017). Interestingly, the vascular endothelial cells produce most of their ATP through aerobic glycolysis, despite that hemangioma contains abundant oxygen (Wang et al., 2019b). A variety of genes are often altered by changing their metabolic patterns during the process of tumor cells adapting to hypoxia. Among them, the most important gene is hypoxia-inducible factor 1a (HIF-1α) (Nyga et al., 2019). Under hypoxic conditions, HIF-1α promotes the occurrence of glycolysis in tumor cells by activating the expression of key protein involved in extracellular glucose input such as glucose transporter 1 (GLUT1) and intracellular glycolytic enzymes such as phosphofructokinase 1 (PFK1) (Quiroga et al., 2021; Zhang et al., 2021). Therefore, the therapeutic value of the glycolysis pathway in the pathogenesis of IH should be investigated.
In this study, we used bioinformatics method, combined with qPCR, WB, flow cytometry and other research methods to study the regulation of LncRNA MCM3AP-AS1 and miRNA/HIF-1α signaling pathway in the occurrence and development of hemangioma to explore the molecular mechanism of hemangioma.
RESULTS
LncRNA MCM3AP-AS1 Expression was Up-Regulated in IH Clinical Samples and HemECs, and Affected the Prognosis of IH
The qPCR was used to detect the expression of common lncRNAs to investigate their differential expression in IH and normal tissues. The results showed that among a variety of lncRNAs, only LncRNA MCM3AP-AS1 was up-regulated in IH compared to normal tissue (Figure 1A). We then compared the expression of these lncRNAs in hemangioma cell lines and normal cell lines, and our experimental results demonstrated that the expression of LncRNA MCM3AP-AS1 was significantly up-regulated in HemECs compared to the HUVECs that was taken as controls (Figure 1B). Since LncRNA MCM3AP-AS1 was up-regulated in both IH tissues and HemECs, the data from the SEER database were used to analyze whether LncRNA MCM3AP-AS1 affects the prognosis of hemangioma patients. The result indicated that patients with low expression of LncRNA MCM3AP-AS1 had significantly better overall survival (Figure 1C). These results suggest that the overexpression of lncRNA MCM3AP-AS1 aggravates the progression of IH.
[image: Figure 1]FIGURE 1 | The relative mRNA expression of LncRNAs in IH clinical samples and IH cells. (A) The relative mRNA expression of LncRNAs in IH patients (***p < 0.001, compared with the Normal tissue group). (B) The relative mRNA expression of LncRNAs in HemECs and HUVECs cell lines (***p < 0.001, compared with the HUVECs group). (C) Kaplan-Meier analysis of OS compared high- and low-expression of LncRNA MCM3AP-AS1 in IH patients.
Knockdown of LncRNA MCM3AP-AS1 Inhibited the Proliferation of Hemangioma Cells
Previous research has reported the tumor-promoting effect of LncRNAs on several tumors. We explored whether LncRNA MCM3AP-AS1 has the similar effect on IH cells. CCK-8 analysis demonstrated that the cell viability of HemECs was significantly reduced by knock-down of LncRNA MCM3AP-AS1 (Figure 2A). We further analyzed whether LncRNA MCM3AP-AS1 induces apoptosis in HemECs. FACS analysis was employed to estimate the effect of silence of LncRNA MCM3AP-AS1 on the apoptosis in HemECs. The results demonstrated that the apoptotic ratio of HemECs was significantly increased after knock-down of LncRNA MCM3AP-AS1 (Figure 2B). To examine whether LncRNA MCM3AP-AS1 was linked to cell cycle arrest in HemECs, we analyzed the effects of knock-down of LncRNA MCM3AP-AS1 on cell cycle of HemECs, and found that the percentage of cells in the G1 phase was significantly increased (Figure 2C). The above results demonstrated that knockdown of LncRNA MCM3AP-AS1 inhibited proliferation, induced apoptosis of HemECs, and arrested hemangioma cells in the G1phase of cell cycle.
[image: Figure 2]FIGURE 2 | The effect of silencing LncRNA MCM3AP-AS1 on proliferation of IH cells. (A) In CCK-8 assay, cell viability was presented by OD value after HemECs cells were transfected with siNC mimics or si-MCM3AP-AS1 24, 48 and 72 h. (B) FACS analysis showing the apoptosis induced by siNC mimics or siMCM3AP-AS1 in HemECs. (C) Cell cycle analysis showing siMCM3AP-AS1 induced HemECs cell cycle arrest at the G1 phase.*p < 0.05, **p < 0.01, ***p < 0.001, compared with the si-NC group.
LncRNA MCM3AP-AS1 Directly Targeted miR-138-5p
To explore which miRNAs functioned as the sponge of LncRNA MCM3AP-AS1 to co-regulate the expression of downstream genes, we searched the starBase v3.0 (http://starbase.sysu.edu.cn/index.php) and found that LncRNA MCM3AP-AS1 harbored a putative binding site for miR-138-5p (Figure 3A). To further evaluate this conjecture, we construct the LncRNA MCM3AP-AS1-WT or LncRNA MCM3AP-AS1-Mut luciferase reporter and transfected these reporters into HemECs together with miR-138-5p mimic or its NC mimic. Dual-luciferase reporter assays showed that miR-138-5p mimic significantly reduced the luciferase activity of LncRNA MCM3AP-AS1-WT reporter, whereas exhibited modest effects on the activity of LncRNA MCM3AP-AS1-MUT reporter (Figure 3B). qPCR results showed that miR-138-5p mimics significantly reduced the expression of LncRNA MCM3AP-AS1 (Figure 3C). Then we detected the expression of miR-138-5p in HemECs and IH clinical tissues. As expected, the expression of miR-138-5p was significantly decreased in both IH cells and clinical samples compared with control groups (Figures 3D,E). These results demonstrated that LncRNA MCM3AP-AS1 directly targeted miR-138-5p.
[image: Figure 3]FIGURE 3 | LncRNA-MCM3AP-AS1 directly binds to miR-138-5p. (A) The putative LncRNA-MCM3AP-AS1 binding sequence of miR-138-5p. (B) Luciferase activity of a luciferase reporter plasmid containing MCM3AP-AS1-WT or MUT co-transfected with miR-138-5p mimics or NC mimics by the dual luciferase reporter assay (***p < 0.001, compared with the NC mimic group). (C) The expression of miR-138-5p in MCM3AP-AS1-transfected HemECs cells (***p < 0.001, compared with the pcDNA-NC group, n = 3). (D) The expression of miR-138-5p compared between HemECs cell and HUVECs (**p < 0.01, ***p < 0.001, compared with the HUVECs group, n = 3). (E) The expression of miR-138-5p compared between IH patient tissue and normal skin tissue (***p < 0.001, compared with the Normal tissues group, n = 3).
MiR-138-5p Targeted HIF-1α Directly
We then predicted the downstream target genes of miR-138-5p using the three databases and Venn analysis showed two overlapping genes (Figure 4A). Through further binding site analysis, we found that the downstream regulatory gene of miR-138-5p was the hypoxia-inducible factor-1alpha (HIF-1α) (Figure 4B). HIF-1α-WT and HIF-1α--Mut luciferase reporters were constructed and transfected into HemECs together with miR-138-5p mimic or its NC mimic. Dual-luciferase reporter assays showed that miR-138-5p mimic significantly reduced the luciferase activity of HIF-1α-WT reporter, whereas exhibited no significant effects on the activity of HIF-1α-MUT reporter (Figure 4C). qRT-PCR results showed that miR-138-5p mimics significantly reduced the expression of HIF-1α (Figure 4D). Further analysis of clinical patient information from the database demonstrated that patients with low expression of HIF-1α had significantly better overall survival (Figure 4E).
[image: Figure 4]FIGURE 4 | MiR-138-5p directly binds to HIF-1α. (A) Venn diagram of predicted genes screened from the three database (B) The putative miR-138-5p binding sequence of HIF-1α. (C) Luciferase activity of a luciferase reporter plasmid containing HIF-1α-WT or MUT co-transfected with miR-138-5p mimics or NC mimics by the dual luciferase reporter assay (***p < 0.001, compared with the NC mimic group). (D) The expression of HIF-1α in miR-138-5p-transfected HemECs cells (***p < 0.001, compared with the NC mimic group). (E) Kaplan-Meier analysis of OS compared high- and low-expression of HIF-1α in IH patients.
The Process of Glycolysis in IH was Mediated by LncRNA MCM3AP-AS1 via Regulating miR-138-5p/HIF-1α Axis
Previous studies have shown that the abnormally elevated glycolysis level of tumor cells was reversed by inhibiting the expression of HIF-1α, which forced tumor cells to return to the metabolic mode of glucose oxidative phosphorylation, increased the energy consumption of tumor cells, and induced the death of tumor cells. Therefore, we examined the effect of HIF-1α on glycolysis in IH. Our results showed that LncRNA MCM3AP-AS1 significantly increased glucose consumption of HemECs, but this effect was partially reversed by adding HIF-1α inhibitor (DPT) (Figure 5A). Since the abnormally increased glycolysis of tumor cells was mainly manifested as increased pyruvate production and lactic acid production, we also tested the effect of HIF-1α on lactic acid production in IH. Results revealed that LncRNA MCM3AP-AS1 significantly increased lactic acid production of HemECs, but this effect was partially reversed by adding HIF-1α inhibitor (DPT) (Figure 5B). We also examined the expression of several key genes involved in glycolysis. The qPCR results showed that LncRNA MCM3AP-AS1 largely increased the expression of GLUT1, LDH and HK2, while HIF-1α inhibitor (DPT) partially reverse the enhancement of these genes expression induced by LncRNA MCM3AP-AS1 on IH (Figure 5C).
[image: Figure 5]FIGURE 5 | LncRNA-MCM3AP-AS1 mediates glycolysis in IH disease by regulating HIF-1α. (A) Glucose consumption test demonstrated that LncRNA MCM3AP-AS1 significantly increased glucose consumption of HemECs, and this elevated effect was partially reversed by adding HIF-1α inhibitor (DPT) (***p < 0.001 compared with the pcDNA-NC group; ##p < 0.01 compared with the pcDNA-MCM3AP-AS1 group). (B) Lactate production test showed LncRNA MCM3AP-AS1 significantly increased lactate production of HemECs, and this elevated effect was partially reversed by adding HIF-1α inhibitor (DPT) (***p < 0.001 compared with the pcDNA-NC group; ###p < 0.001 compared with the pcDNA-MCM3AP-AS1 group). (C) The expression of key genes involved in glycolysis. LncRNA MCM3AP-AS1 significantly increased the expression of GLUT1, LDHA and HK2, and this elevated effect was partially reversed by adding HIF-1α inhibitor (DPT) (***p < 0.001 compared with the pcDNA-NC group; #p < 0.05, ##p < 0.01, ###p < 0.001 compared with the pcDNA-MCM3AP-AS1 group).
We further evaluated whether LncRNA MCM3AP-AS1 exerted regulatory roles via miR-138-5p/HIF-1α pathway in HemECs. CCK-8 analysis demonstrated that LncRNA MCM3AP-AS1 knockdown alone decreased the number of HemECs, while miR‐138-5p inhibitor alone or siHIF-1α significantly attenuated the proliferation-inhibiting effects of siLncRNA MCM3AP-AS1 on HemECs (Figure 6A). Similarly, the FACS analysis results demonstrated that the apoptotic ratio of HemECs was significantly increased after knock-down of LncRNA MCM3AP-AS1. However, miR‐138-5p inhibitor alone or siHIF-1α significantly reversed the apoptosis-inducing effects of siLncRNA MCM3AP-AS1 on HemECs (Figure 6B). The cell cycle analysis revealed that most HemECs were arrested at G0/G1phase of the cell cycle in cells with LncRNA MCM3AP-AS1 knock-down. Interestingly, miR‐138-5p inhibitor alone or siHIF-1α partially reversed the effect induced by siLncRNA MCM3AP-AS1 on HemECs (Figure 6C). Further analysis showed that knock-down of LncRNA MCM3AP-AS1 significantly decreased the glucose consumption and lactate production while miR‐138-5p inhibitor alone or siHIF-1α significantly reversed these effects of siLncRNA MCM3AP-AS1 on HemECs (Figures 6D,E).
[image: Figure 6]FIGURE 6 | The process of glycolysis in IH is mediated by LncRNA MCM3AP-AS1 via regulating miR-138-5p/HIF-1α axis. (A) In CCK-8 assay on HemECs treated with NC mimics, si-MCM3AP-AS1, miR-138-5p, or si-HIF-1α 24, 48 and 72 h. (B) FACS analysis showing the apoptosis induced by NCmimics, siMCM3AP-AS1, miR-138-5p or siHIF-1α 48 h in HemECs. (C) Cell cycle analysis indicating cell cycle arrested by NCmimics, siMCM3AP-AS1, miR-138-5p or siHIF-1α in HemECs. (D) Glucose consumption test demonstrated that the effects of NCmimics, siMCM3AP-AS1, miR-138-5p or siHIF-1α on the HemECs. (E) Lactate production test demonstrated that the effects of NCmimics, siMCM3AP-AS1, miR-138-5p or siHIF-1α on the HemECs (**p < 0.01, ***p < 0.001 compared with the si-NC + NC inhibitor + si-NC group; ##p < 0.01, ###p < 0.001 compared with the si-MCM3AP-AS1 + NC inhibitor + si-NC group; $p < 0.05, $$p < 0.01, $$$p < 0.001 compared with the si-MCM3AP-AS1 + miR-138-5p inhibitor + si-NC group).
LncRNA MCM3AP-AS1, miR‐138-5p and HIF-1α Expressed in IH Tissues
Previous results have demonstrated that LncRNA MCM3AP-AS1 and miR-138-5p played an opposite role in the progression of IH disease, and miR-138-5p negatively regulates HIF-1α expression. Therefore, we examined the expression of these three genes in clinical tissues. IHC was employed to evaluate the expression of LncRNA MCM3AP-AS1 on the same ISH which was used for the evaluation of miR-138-5p expression. We found that both of LncRNA MCM3AP-AS1 and miR-138-5p were expressed in three clinical tissues. The same analysis strategy was used to examine the expression of miR-138-5p and HIF-1α (Figures 7A-C). The above analysis demonstrated that the expression of LncRNA MCM3AP-AS1 is negatively correlated with miR‐138-5p, and miR‐138-5p negatively correlated with HIF-1α in IH tissues.
[image: Figure 7]FIGURE 7 | The expression of LncRNA MCM3AP-AS1 is negatively correlated with miR‐138-5p, and miR‐138-5p negatively correlated with HIF-1α in IH tissues. (A–C) ISH and IHC result from three IH clinical tissues. The ISH score of miR-1306-3p is negatively correlated with LncRNA MCM3AP-AS1 in the IH tissue. The ISH score of miR-1306-3p is negatively correlated with the IHC scores of HIF-1α in the IH tissues.
DISCUSSION
Infantile hemangioma is the most common childhood tumor, generally affecting the head and neck region. The tumor may grow rapidly and cause obstruction in normal anatomical structures, leading to severe damage. As a class of non-coding RNAs that has attracted a lot of attention in recent years, LncRNA plays important roles in the process of tumor development, proliferation and metastasis (Gu et al., 2018). MCM3AP-AS1 is the antisense LncRNA of MCM3AP, which is associated with the malignant progression of various tumors such as thyroid cancer and liver cancer (Liang et al., 2019; Zhang et al., 2019). Wang et al. (2019c) found that high expression of MCM3AP AS1 was positively correlated with large tumor volume, high tumor grade, advanced tumor stage and poor prognosis of HCC patients. Yang et al. (2019) indicated that silencing of MCM3AP-AS1 inhibited the proliferation of pancreatic cancer cells. In addition, previous studies have reported that LncRNAs displayed crucial roles during IH progression. Liu et al. (2019a) demonstrated that knock down of LncRNA LINC00342 inhibited the proliferation of infantile hemangioma by sponging miR-3619-5p. Zhang and Zhang (2019) and his colleagues found that LncRNA UCA1 was highly expressed in IH, and LncRNA UCA1 promoted proliferation, migration and invasion via regulating miR-200c in hemangioma cells. In this study, we found that MCM3AP-AS1 was highly expressed in IH cell lines and clinical specimens from IH patients. Moreover, IH patients with highly expressed MCM3AP-AS1 had a worse survival rate.
In this study, we confirmed that LncRNA MCM3AP-AS1 was highly expressed in IH clinical tissue samples and IH cells, and patients with high expression of LncRNA MCM3AP-AS1 had a worse survival rate. Importantly, knock down of LncRNA MCM3AP-AS1 significantly inhibited the proliferation of IH cells, and arrested the cell cycle at G1 phase. Furthermore, by bioinformatic and experimental analysis, we found that LncRNA MCM3AP-AS1 bound to miR-138-5p, and the downstream target gene of miR-138-5p was HIF-1α. In addition, we observed that the process of glycolysis in IH was mediated by LncRNA MCM3AP-AS1 via regulating miR-138-5p/HIF-1α axis, and confirmed this phenomenon through the rescue experiment. At last, we found that LncRNA MCM3AP-AS1 negatively correlated with miR‐138-5p, and miR‐138-5p negatively correlated with HIF-1α in IH patients. Based on the above results, we demonstrated that knock down of LncRNA-MCM3AP-AS1 inhibits the progression of hemangioma by decreasing glycolysis via regulating miR-138-5p/HIF-1α axis, which laid a foundation for exploring the molecular mechanism of IH treatment.
MicroRNA-138-5p is one of the important tumor suppressor regulators, and has been found in breast cancer (Xun et al., 2021), gastric cancer (Fan et al., 2021), renal cell carcinoma (Xue et al., 2021), pancreatic cancer (Han et al., 2021), and other tumors. In recent studies on breast cancer (Xun et al., 2021), it has been found that miR-138-5p mimics can be transfected to up-regulate miR-138-5p which reduced the expression of KDM6B and thus inhibited M1 polarization and promoted M2 polarization of macrophages in breast cancer. Fan et al. found that miRNA was expressed at low level in patients with gastric cancer (Fan et al., 2021), and knock down of Circ-CORO1C inhibited the proliferation of gastric cancer by sponging miR-138-5p. More importantly, the down-regulation of miR-138-5p was of special significance for lymph node metastasis and local infiltration of gastric cancer. In the study of pancreatic cancer (Han et al., 2021), it was found that miR-138-5p was down-regulated in PANC-1 cells, and silencing of miR-138-5p induced the increase of CCAT1 and HMGA1 expression. CCAT1 competitively bound to miR-138-5p to regulate downstream HMGA1 expression, and ultimately affected the progression of pancreatic cancer. However, to the best of our knowledge, there is no existing research on how miR-138-5p affected the proliferation, apoptosis of IH cells and survival rates of IH patients. In this study, by bioinformatics analysis, we found that LncRNAs MCM3AP AS1 bound to miR-138-5p, and the binding was verified by dual luciferase reporter assay and qPCR. More importantly, our results showed that miR-138-5p inhibited the proliferation of IH cells by targeting HIF-1α.
Hypoxia is one of the characteristics of most tumors. Hypoxic microenvironment exists in the vast majority of tumors, including liver cancer (Ma et al., 2021a) and IH (Wu et al., 2021). The hypoxic microenvironment promotes the metastasis of tumor cells (Yu et al., 2021), enhances the tolerance of tumor cells to radiotherapy and chemotherapy (Sun et al., 2021), and also changes the gene expression of tumor cells. HIF-1α is an important transcription factor in hypoxic microenvironment. It is strictly regulated by oxygen concentration and is abnormally overexpressed in hypoxic tissues (Chappell et al., 2019). HIF-1α plays a regulatory role of hypoxia on tumor cell genes and promotes the survival of tumor cells in hypoxic microenvironment (Gonzalez et al., 2018). In the present study, we not only found that miR-138-5p mimics reduced the expression of HIF-1α in IH disease, but also that IH patients with low expression of HIF-1α had a better survival rate, suggesting that HIF-1α promotes the progression of IH, and these findings are consistent with the results of previous studies.
Previous studies have shown that one common phenomena in the development of tumors is hypoxia (Li et al., 2021; Liu et al., 2021; Zhu et al., 2021). In the process of tumor growth, due to the active growth of tumor cells, the degree of proliferation exceeds the speed of angiogenesis, resulting in local tissue hypoxia (Liu et al., 2021). Therefore, the adaptation of cells to hypoxia is a key step in tumor pathogenesis, and its main mechanisms are glucose transportation, glycolysis, and tumor angiogenesis (Ma et al., 2021b). Under hypoxic condition, the expression of HIF-1α increase exponentially (Peng et al., 2014). HIF-1α is up-regulated in almost all types of tumors and is involved in initiating transcription of several genes involved in tumor growth adaptation to anoxic environment. There are more than 60 target genes of HIF-1α (Hepp et al., 2021; Quiroga et al., 2021), such as erythropoietin (EPO), glucose transport protein-1 (Glut-1), vascular endothelial growth factor (VEGF), tyrosine hydroxylase, glycolysis related enzymes and more. HIF-1α induces the expression of these factors and enzymes and induces a series of hypoxia adaptation responses in the body. We confirmed that upregulation of LncRNA MCM3AP AS1 leads to increased glucose consumption and lactic acid production in IH patients, which is manifested by increased glycolytic levels in IH patients. We also demonstrated that inhibition of HIF-1α in IH patients can partially reverse this elevated effect caused by upregulated LncRNAs MCM3AP AS1.
It was known that LncRNAs play important roles in tumors by targeting and regulating mRNA through competitive binding to miRNAs (Chou et al., 2016). For example, MCM3AP-AS1 promotes the progression of papillary thyroid carcinoma by regulating the miR-211-5p/SPARC axis (Liang et al., 2019). In liver cancer, LINC-RORs up-regulate the expression of FOXMI by adsorbing miR-876-5p, thereby promoting the proliferation and metastasis of tumor cells (Zhi et al., 2019). In CRC, LncRNA GAS5 inhibits the proliferation of cancer cells and promotes apoptosis by targeting miR-222-3p (Liu et al., 2019b). In this study, we proved that the process of glycolysis in IH was mediated by LncRNA MCM3AP-AS1 via regulating miR-138-5p/HIF-1α axis. Further analysis on clinical specimens demonstrated that the expression of LncRNA MCM3AP-AS1 was negatively correlated with miR‐138-5p, and miR‐138-5p negatively correlated with HIF-1α in IH patients.
In summary, this study demonstrated that LncRNA-MCM3AP-AS1 promotes the progression of hemangioma by regulating miR-138-5p/HIF-1α axis and glycolysis. This study suggested the potential value of LncRNA-MCM3AP-AS1/miR-138-5p as a treatment strategy for hemangioma.
MATERIALS AND METHODS
Clinical Samples
Twenty-two infantile hemangioma specimens including normal subcutaneous tissues and infantile hemangioma tissues in the involuting stage (four males and eight females; median age, 7 months) and proliferating stage (two males and eight females; median age, 6 months), were collected in the plastic surgery department of our hospital from October 2019 to October 2020. All the samples were immediately frozen at −80°C for further analysis. The informed consent was obtained from the parents of patients. The experiments were approved by the Ethics Committee for Experiment of Nantong University.
HemECs were isolated from IH tissues in the proliferating phase as previously described (Khan et al., 2006). HemECs were cultured in human endothelial-serum free medium (Gibco; Thermo Fisher Scientific, Inc.) containing 10% FBS (Gibco; Thermo Fisher Scientific, Inc.) with 5% CO2 at 37°C.
RNA Extraction and Quantitative Real-Time PCR
All the specimens were detached quickly and immersed in lysis solution (4305895, Thermo Scientific) at the ratio of 1:6, then the samples were homogenized using an ultrasound homogenizer. Total RNA extraction was performed as the supplier’s protocol (AM 1912, Thermo Scientific). NanoDrop ND-1000 spectrophotometer (Thermo Scientific) was used to evaluate the quantity and purity of RNA. Complementary DNAs were obtained by the reverse transcription reaction with a reverse transcription kit (RR037A, Takara) and applied as templates to determine the expression of target genes by PCR. All the primers were designed by Primer Premier 5.0 software, and synthesized by Sangon Biotech (Shanghai, China). The primers were designed and synthesized as follows: hsa-miR-138-5p, 5′-gtc​gta​tcc​agt​gca​ggg​tcc​gag​gta​ttc​gca​ctg​gat​acg​acc​ggc​ct-3′; LncRNA-MCM3AP-AS1, forward: 5′-GCT​GCT​AAT​GGC​AAC​ACT​GA-3′ and reverse: 5′-AGGTGCTGTCTG GTGGAGAT-3′. GAPDH, forward: 5′-CAG GAG​GCA​TTG​CTG​ATG​AT-3′ and reverse: 5′-GAA​GGC​TGG​GGC​TCA​TTT-3′. LncRNA H19 forward: 5′-ACC​ACT​GCA​CTA​CCT​GAC​TC-3′, and reverse: 5′-CCG​CAG​GGG​GTG​GCC​ATG​AA-3′; LncRNA AC092718.4 forward: 5′-GCA​ACT​CCT​AGA​TTC​GAT​AC-3′, and reverse: 5′-CAC​GCG​TAT​GGT​AAC​ATG​CT-3′; LncRNA NEAT1 forward: 5′-TTCCGTGCT TCCTCTTCTGT-3′ and reverse: 5′-CAG​GGT​GTC​CTC​CAC​CTT​TA-3′; LncRNA PARD6G-AS1, forward: 5′-ATG​CTG​CAA​CTT​GTA​ACT-3′ and reverse: 5′-ACT​TGC​GAC​TTG​ACA​CTT​AGA​TT-3′;
Cell Counting Kit-8 Assay
CCK-8 assay was used to assess the cell viability of HemECs and EoMA cells. Briefly, HemECs and EoMA cells (about 10,000 per well) were seeded into 96-well plates. After 24, 48, and 72 h, CCK-8 solution (10 μL) was added into each well and incubated with HemECs and EoMA cells at 37 °C for 3 h. Then the light absorbance was measured at the wavelength of 450 nm to assess the cell viability of HemECs and EoMA cells.
Flow Cytometric Analysis of Cell Cycle Distribution and Apoptosis
The cells were seeded into 6-well plates. For cell cycle analysis, the cells were transfected with the different plasmids for 48 h. Then, the cells were washed by PBS (4°C), and collected with cold 70% ethanol (4°C) followed by washing with PBS. After the above operations, the cells were incubated with 1 ml of 20 mg/ml propidium iodide (PI) which contained RNase (1 mg/ml) in PBS for 30 min followed by fluorescence-activated cell sorting (FACS) assay. For the apoptosis assay, the cells were collected after treatment with the different plasmids for 48 h. The cells were washed with cold (4°C) PBS, followed by incubation with PI and Annexin V-EGFP according to the procedures specified in the kit (KeyGen Biotech Co. Ltd., Nanjing, China). Then, the processed cells were inspected using FACS assay.
Dual‐Luciferase Reporter Assay
For the luciferase reporter assay, a dual luciferase reporter assay system (Promega corporation) was used to detect the binding between miR-138-5p and LncRNA MCM3AP-AS1 or 3′-UTR of HIF-1α according to the manufacturer’s protocols. HemECs were seeded onto a 6-well plate and cultured for 24 h, cells were co-transfected with pGL3-MCM3AP-AS1 WT, or pGL3-MCM3AP-AS1 Mut (pGL3-HIF-1α 3′UTR WT or pGL3-HIF-1α 3′UTR Mut) and miR-138-5p mimic/NC mimic. After 48 h, luciferase activity was detected using the Dual-Luciferase Reporter Assay System (Promega, Madison, WI, United States).
In situ Hybridization
The paraffin-embedded tissues were cut into 4 μm thick sections and sections heated at 56°C for 5 min. After that, xylene and ethanol were used for deparaffinization. The sections were sealed with 3% H2O2 for 10 min, hybridized with 20 μl pre hybridizing solution in 42°C incubators for 3.5 h, and hybridized with 20 μl probe (The corresponding probe for detecting genes) solution (synthesized by Sangon Biotech Co., Ltd., Shanghai, China) in 40°C incubators for 20 h. The hybridization was coated with 3% BSA for 2 h in 37°C, washed and sealed. Biotinylated secondary anti-digoxin, streptavidin-biotin peroxidase complex ABC and DAB were added in turn according to the instructions of the ISH kit. Finally, the samples were observed under a light microscope.
Immunohistochemical Analysis
As for immunohistochemical analysis, paraffin-embedded tissue sections were deparaffinized by xylene and hydrated with gradient ethanol. Then, the sections were treated with citrate buffer (pH = 6) for 20 min and immersed in 3% H2O2 for 10 min in a humidified chamber. After washing with PBS 5 min 3 times and blocked for 30 min with 10% goat serum, sections were incubated with rabbit HIF-1α antibody (1:400 Abcam, Cambridge, MA, United States) in a humidified chamber at 4°C overnight with a two-step protocol. Five randomly selected fields were captured under high-power magnification (×200) using a bright-field microscope (Olympus, Tokyo, Japan) and analyzed using Image-Pro Plus v6.2 software (Media Cybernetics, Silver Spring, MD).
Binding Sites Prediction
The ENCORI database (http://starbase.sysu.edu.cn/), miRWalk database (http://mirwalk.umm.uni-heidelberg.de/) and miRDB database (http://www.mirdb.org) are powerful databases to study non-coding RNAs, such as LncRNAs, miRNAs and circRNAs. These databases were used to predict the binding sites between LncRNA MCM3AP-AS1 and miR-138-5p or miR-138-5p and the 3′-UTR of HIF-1α.
Statistical Analysis
All the experiments were repeated at least three times independently. Data were analyzed using SPSS (SPSS 12.0, SPSS (IBM) Inc., Illinois, United States). The categorical variants were assigned a numerical value. Data were presented as mean ± standard deviation. Unpaired Student’s t tests or one-way ANOVA was used for data comparison (SPSS 12.0, SPSS (IBM) Inc., Illinois, United States). Statistical significance was determined at defined p < 0.05.
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Metabolic reprogramming has been suggested as a hallmark of cancer progression. Metabolomic analysis of various metabolic profiles represents a powerful and technically feasible method to monitor dynamic changes in tumor metabolism and response to treatment over the course of the disease. To date, numerous original studies have highlighted the application of metabolomics to various aspects of tumor metabolic reprogramming research. In this review, we summarize how metabolomics techniques can help understand the effects that changes in the metabolic profile of the tumor microenvironment on the three major metabolic pathways of tumors. Various non-invasive biofluids are available that produce accurate and useful clinical information on tumor metabolism to identify early biomarkers of tumor development. Similarly, metabolomics can predict individual metabolic differences in response to tumor drugs, assess drug efficacy, and monitor drug resistance. On this basis, we also discuss the application of stable isotope tracer technology as a method for the study of tumor metabolism, which enables the tracking of metabolite activity in the body and deep metabolic pathways. We summarize the multifaceted application of metabolomics in cancer metabolic reprogramming to reveal its important role in cancer development and treatment.
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INTRODUCTION
In recent years, metabolism, as an important link between environmental factors, metabolic small molecules, host genes and diseases, has gained increasing interest regarding its relationship with tumors. Under environmental selection pressures induced by microenvironmental and genetic factors, the inside of the tumor undergoes evolution. Simultaneously, under the control of genotypes, metabolic characteristics of the tumor undergo adaptive changes; this is termed metabolic reprogramming (Zhao et al., 2019). Studies have shown that the tumor microenvironment is often nutritionally deficient; thus, tumor cells reprogram their metabolism and that of the microenvironment to maintain their proliferative ability (Wu and Dai, 2017; Ringel et al., 2020).
Metabolic reprogramming of the tumor microenvironment is considered one of the markers of cancer and an important direction of tumor research (Hanahan and Weinberg, 2011). Continuous developments in high-throughput sequencing and bioinformatics technology have enabled wide use of the combined analysis of metabolomics (Kaushik and DeBerardinis, 2018), genomics (Horn et al., 2019), transcriptomics (Finotello and Trajanoski, 2018), and proteomics (Kim et al., 2019) to determine the etiology and pathogenesis of diseases. Metabolomics is regarded as the final node of various molecular pathways and is considered the ultimate goal of omics research. The rise of metabolomics has allowed considerable progress to be made in understanding the relationship between metabolic regulation and cancer.
Metabolomics techniques are defined as the measurement of the dynamic multiparameter metabolic response of biological systems to various stimuli and genetic changes in specified quantities (Johnson et al., 2016). They primarily involve analyses of metabolites in bodily fluids, cells, and tissues and are usually applied as a valuable means to identify biomarkers (Zampieri et al., 2017). The basic research approach involves measuring metabolites using high-throughput and high-resolution detection technology, acquiring massive datasets, obtaining different metabolites via data analysis, finding metabolic pathways, and explaining their biological significance (Toledo et al., 2017). Metabolomics techniques usually include nuclear magnetic resonance (NMR), liquid chromatography-mass spectrometry (LC-MS), and gas chromatography-mass spectrometry (GC-MS) (Fiehn, 2016; Lane et al., 2019). In addition, the accuracy of qualitative metabolite analyses depends not only on the detection and resolution ability of the mass spectrometer but also on the corresponding metabolite database (Wishart et al., 2013; Johnson et al., 2016). Figure 1 illustrates the basic workflow of metabolomics techniques.
[image: Figure 1]FIGURE 1 | (A) Analytical workflow of metabolomics studies. A typical metabolomics study includes experimental design, sample collection, sample profiling, data analysis, and functional interpretation stages. Metabolites from biological fluids, cells, and tissues that differ between tumor and control groups can be detected using metabolomics [e.g., nuclear magnetic resonance (NMR), liquid chromatography-mass spectrometry (LC-MS), and gas chromatography-mass spectrometry (GC-MS)] and data analyses. Discovery of metabolic biomarkers and pathways that are specific to certain cancers benefit cancer research.
Mass spectrometry-based technology has become the mainstream technology for the analysis of targeted metabolomics pathways. Numerous studies have revealed that differences in small molecular metabolites, such as serum, tissues, urine, and saliva, and changes in corresponding metabolic pathways are closely related to tumor risk, tumor type, and the sensitivity and efficacy of chemotherapy drugs as well as potential drug targets (Wishart 2019). Metabolomics technology could bring a new dimension to tumor metabolism. Several excellent reviews of metabolomics applications in cancer research have been published, which have focused primarily on the search for metabolic biomarkers and investigations on metabolic mechanisms underlying various tumors (Zhang et al., 2014; Xiao and Zhou, 2017). In this review, we first summarize the applications of metabolomics to the three major metabolism pathways of cancers. We then focus on biofluid markers for the early prediction of tumors, metabolomics in cancer drug treatments, and applications of resistance mechanisms. Finally, we introduce the applications of stable isotope tracer technology to the field of metabolomics and offer future directions.
METABOLOMICS ANALYSIS OF THE THREE MAJOR METABOLIC PATHWAYS OF TUMOR
During cancer development, metabolic reprogramming provides cancer cells the ability to survive and proliferate. The most famous is the Warburg effect, which suggests that the aerobic glycolysis pathway is closely related to the occurrence of cancer. In addition, deregulated anabolism/catabolism of fatty (FAs) and amino acids, especially glutamine, serine, and glycine, have been shown to function as metabolic regulators in supporting cancer cell growth. The occurrence and development of cancer cells are closely related to the three metabolic pathways. Figure 2 shows the regulation of the three pathways of cancer cells and how they crossover. Metabolomics techniques can be used to supplement tumor metabolism by analyzing the metabolic profiles of different tumors.
[image: Figure 2]FIGURE 2 | The regulation of the three pathways of cancer cells and their crossover. During cancer development, metabolic reprogramming provides cancer cells the ability to survive and proliferate. Glucose, amino acid, and lipid metabolism are inseparable. Activated glycolysis and impaired aerobic respiration shape the altered glucose metabolism. In addition, deregulated anabolism/catabolism of fatty and amino acids, especially glutamine, serine, and glycine, have been identified to function as metabolic regulators in supporting cancer cell growth. TCA, tricarboxylic acid; FA, fatty acid; acetyl-CoA, acetyl coenzyme A; FA-CoA, fatty acetyl coenzyme A.
Glucose Metabolism Reprogramming in Cancer Progression
Owing to the need for malignant proliferation, tumor cells exhibit a rapid glycolysis phenomenon in various environments called the Warburg effect. Tumor cells have a high ability to proliferate and a high demand for energy, which often leads to hypoxia in the local tissue microenvironment (Warburg, 1956; Williams et al., 2016). Although glycolysis is not as efficient as aerobic respiration in terms of energy supply, it is 100 times faster than aerobic respiration and provides the amino acids and intermediate metabolites of pentose phosphate essential for highly proliferating cancer cells (Cacciatore and Loda, 2015). Thus, cancer cells weaken or even cease using the mitochondrial aerobic oxidation pathway in favor of the glucose glycolysis pathway for energy, which produces large amounts of lactic acid (Chen et al., 2014). Aerobic glycolysis is a key metabolic feature of the Warburg phenotype and is caused by active metabolic reprogramming that is required to support sustained cancer cell proliferation and malignant progression (Kishton et al., 2016). Glucose metabolism includes not only glycolysis but also other pathways that require glucose. These pathways include pentose phosphate pathway (PPP), hexosamine pathway, glycogenesis. They are all reprogrammed in cancer cells, and this reprogramming can be used to selectively target cancer cells.
High-throughput omics screening has shown that the tumor microenvironment and various cancer-promoting signaling pathways significantly up-regulate the glycolysis process, which results in the Warburg effect. Recent investigations of renal carcinoma cells and tissues from xenografted mice and patients using metabolomics, proteomics, and transcriptomics have unambiguously confirmed that this phenomenon is a key component of metabolic reprogramming (Perroud et al., 2009). As an example of Warburg metabolism, levels of enzymes involved in glycolysis, such as hexokinase-1 pyruvate kinase, and lactate dehydrogenase A were significantly increased in renal carcinoma cells and tissues (Perroud et al., 2006). In a breast cancer study (Dai et al., 2017), researchers cultured MCF-7 and T47D breast cancer cells with different glucose concentrations and found that low glucose concentration significantly inhibited the proliferation of breast cancer cells. Moreover, signal pathway enrichment analysis showed that the Hippo-Yap cell signaling pathway in MCF-7 breast cancer cells was downregulated when the glucose concentration in the culture environment was reduced, whereas the expression of NRF2 pathway-related genes in T47D breast cancer cells was significantly increased (Maldonado et al., 2021). In a recent lung cancer study, researchers found that glucose metabolism disorders may be closely associated with the carcinogenesis of lung cancer, which suggests that glucose metabolism may be a potential therapeutic target for lung cancer (Ding et al., 2019).
Essentially, the Warburg effect in tumor cells is caused by the increased expression of metabolic enzymes related to the glycolysis pathway. In recent years, the regulation of glycolytic metabolic enzymes, especially rate-limiting enzymes, has attracted considerable attention in the field of oncology (Chen et al., 2016). Through metabolomics analysis, researchers confirmed that KRAS gene’s effect on tumor metabolism can be realized through transcriptional regulation of glucose transporters and glycolysis enzymes. And the KRAS activating mutations copy gain creates unique metabolic dependences that can be exploited to selectively target these aggressive mutant KRAS tumors (Kerr et al., 2016). Wong et al. showed that protein arginine N-methyltransferase 6 (PRMT6) regulates aerobic glycolysis in human hepatocellular carcinoma (HCC) through nuclear relocalization of pyruvate kinase M2 isoform (PKM2), a key regulator of the Warburg effect. This research provides a mechanistic link between tumorigenicity of tumors and glucose metabolism (Wong et al., 2020). The tumor microenvironment and various cancer-promoting signaling pathways have been found to significantly upregulate the glycolysis process and thus, providing a variety of potential targets for inhibiting glycolysis in tumor therapy. This has been confirmed in a variety of tumor settings and is associated with poor tumor outcomes (Li et al., 2018; Zhang et al., 2020).
Lipid Metabolic Reprogramming in Cancer Cells
Tumor cells exhibit metabolic plasticity, which provides a selective advantage for the survival and proliferation of tumor cells in harsh microenvironments, such as hypoxia, acidosis, and malnutrition (Hanahan and Weinberg, 2011). Significant characteristics of lipid metabolism in tumor cells include increased adipogenesis rate and an upregulated mitochondrial fatty acid β-oxidation level (Currie et al., 2013). A variety of tumors have shown similar trends, and various metabolites involved in lipid metabolism have exhibited typical changes. In such microenvironments, tumor cell lipid synthesis is increased (Peng et al., 2018). Lipids provide a large amount of energy for the proliferation of tumor cells to maintain membrane synthesis and other related functions during tumor cell growth. Systemic metabolic alterations associated with increased consumption of saturated fat and obesity are linked with increased risk of prostate cancer progression and mortality. Studies have shown that in primary prostate cancer, dietary saturated fat intake contributes to tumor progression by mimicking MYC over expression, setting the stage for therapeutic approaches involving changes to the diet (Labbé et al., 2019). Lipid metabolomics techniques provide information on lipid changes in various tumor cells (Poczobutt et al., 2016).
Lipid metabolism presents as a network of pathways with flexible feedback loops and crosstalk to meet the increased metabolic needs of cancer cells. Based on multi-omics data of pan-cancer, researchers have found extensive alterations in FAs, arachidonic acid, cholesterol metabolism, and peroxisome proliferator-activated receptor (PPAR)-signaling in different tumors, and lipid metabolism features are shared among tumors with similar tissue origin tumors. Moreover, possible causes of metabolic disorders have been correlated with lipids in tumors from several perspectives, which include somatic mutation, DNA methylation abnormality, and regulation of transcription factors (Hao et al., 2019). For example, hexadecenoic acid, docosahexaenoic acid, heptanoic acid, and β-hydroxybutyrate, are significantly greater in gastric cancer than they are in benign tissue (Stuart et al., 2014). Untargeted metabolomic studies of kidney cancers have shown increased use of FAs by cancer cells (Ganti et al., 2012). Consistent with this finding, FA oxidation inhibitors, such as the PPAR α antagonist GW6471, have been tested in several models of renal clear cell cancer and have been shown to inhibit the growth of related tumor cells (Abu Aboud et al., 2015).
Lipid metabolism can not only affect the growth of tumor cells by metabolic recombination of fatty acids and other molecules, but also regulate the cross-talk between tumor cells and tumor associated stromal cells to modulate the high metabolic needs of the tumor. It has been reported that the liver X receptor (LXR), a lipid activated transcription factor, plays an important role in modulating the TME. Apoptotic tumor cells containing oxysterols activate LXR in macrophages causing suppression of dendritic cell migration and recruitment of neutrophils in tumors resulting in tolerance and immunosuppression (Traversari et al., 2014). Cancer stem cells (CSCs) or tumor-initiating cells (TICs) represent a small group of cancer cells with self-renewing, tumor-initiating, and unique metabolic properties. Unlike most tumor cells, CSCs and TICs are conventionally treated refractory tumors that are the cause of recurrence in cancer patients. Recent advances in metabolomic detection have shown that lipid uptake of new fat to form lipid droplets and induce changes in lipid desaturation and FA oxidation are related to the regulation of CSCs (Brandi et al., 2017). Changes in lipid metabolism not only meet the energy requirements and biomass production of CSCs but also activate several important carcinogenic signaling pathways, including Wnt/β-catenin and Hippo/YAP signaling pathways (Wang et al., 2016; Yi et al., 2018). It has been suggested that lipid metabolism in tumor cells and its role in tumor progression and metastasis have attracted more and more attention.
Amino Acid Metabolism Reprogramming in Tumor Growth
Cancer cells’ need for amino acids increases in order to sustain their rapid proliferation. In addition to their use in protein synthesis, amino acids are increasingly being studied as metabolites and regulators that support cancer cell growth (Wen et al., 2018). Multiple amino acids have been confirmed to be valuable in the identification of potential biomarkers and understanding the pathogenesis of various malignant tumors. Among these, the study of glutamine, serine, and glycine has been a primary focus (Jung et al., 2014; Yip-Schneider et al., 2019). Amino acid uptake, steady-state levels, and catabolism are all elevated in the leukemia stem cell (LSC) population (Jones et al., 2018). Changes in the amino acid metabolic spectrum are correlated with the occurrence of gastric cancer, and the amino acid metabolic pathway is abnormal in gastric cancer patients, as shown by the significant correlation between the levels of alanine and arginine and cancer T stage (Chen et al., 2010).
Increased glutamine metabolism is a commonly observed metabolic change in cancer, and glutamine is second only to glucose in importance as a nutrient in cancer. As the most abundant free amino acid, glutamine is involved in a series of energy generation, macromolecular synthesis, and signal transmission pathways of cancer cells by providing nitrogen and carbon atoms (Coloff et al., 2016; Kappler et al., 2017). Glutamine can synthesize a variety of other amino acids to participate in the tricarboxylic acid (TCA) cycle. Moreover, glutamine-derived fumarate, malate, and citrate increase significantly when glucose is deprived, which suggests that glutamine drives the glucose-independent TCA cycle (Spinelli et al., 2017). Increasing glutamine for mitochondrial-dependent bioenergy production and cell biosynthesis is a key feature of many tumor cells (Wang et al., 2019). In a study that analyzed differences in metabolic profiles between gastric cancer (GC) and gastric ulcer (GU), researchers used LC-MS-based plasma metabolic analysis and found that plasma ornithine levels were higher, and plasma glutamine, histidine, arginine, and tryptophan levels were lower in GC patients than in GU patients (Jing et al., 2018). Several independent studies have also shown higher utilization of glutamine in renal clear cell carcinoma compared with that in normal renal tissue (Wettersten et al., 2015; Hakimi et al., 2016).
Other amino acids, such as aspartic acid and arginine, are involved in the reprogramming of amino acid metabolism in cancer. In a study that investigated significant metabolomic changes in plasma in the early and late stages of 4T1 metastatic breast cancer in mice, the plasma arginine concentration was higher during the early stage of metastasis but gradually decreased, and the urine-arginine/arginine ratio increased in the late stages (Kus et al., 2018). This is consistent with the activation of the arginine metabolic pathway in cancer. Xie et al. used a combined liquid and gas chromatography technology to compare and the plasma metabolic spectrum in breast cancer patients and found that aspartic acid concentration was significantly negatively correlated with the risk of breast cancer (Xie et al., 2015). In addition, low serum aspartic acid concentrations were found to be unique in breast cancer patients, and no significant changes were observed for the serum aspartic acid levels of other malignant tumors, such as gastric and colorectal cancer (Zhang et al., 2020). Aspartic acid is a major neurotransmitter that is known to inhibit tumor cell proliferation, and it may induce tumor cell death through the Akt pathway (Chen et al., 2020). Antimetabolites that interrupt amino acid synthesis have also been developed and are undergoing clinical trials as cancer therapeutics (Tabe et al., 2019).
METABOLOMIC MARKERS IN CANCER PROGRESSION
With the comprehensive development of modern molecular biology, many new tumor markers carry important clinical value for the early diagnosis and screening of malignant tumors; however, current routine tumor markers lack sensitivity and specificity for the early diagnosis of tumors. As an emerging omics technology, metabolomics mainly involves the study of small molecular metabolites (i.e., those less than 1,500 Da) and reflects a series of small changes in the body at the level of metabolites, which is suitable for the diagnosis of diseases. Many scholars have used a variety of detection techniques to conduct research on the early diagnosis and treatment prediction of tumors (Srivastava and Creek, 2019). Metabolomics approaches are used to identify and validate metabolic biomarkers that accurately and sensitively diagnose tumor field progression and metastasis in a clinical setting. Furthermore, such efforts can be left to clinicians with appropriate time frames to promote early and effective therapeutic interventions, which will significantly improve the 5-years survival rate of tumor patients. We summarize the major findings of previous tumor blood metabolome studies (Table 1).
TABLE 1 | Metabolites in biofluid samples of cancer and non-cancer groups.
[image: Table 1]Blood Biomarkers
Because blood is a readily available biological specimen, blood biomarker studies account for the majority of metabolomics and tumor studies. The application of metabolomics technology has led to significant breakthroughs in the discovery of biomarkers for a variety of tumors, which include pancreatic, liver, lung, and breast cancers (Ye et al., 2014; Xu et al., 2016; His et al., 2019). For instance, Lu et al. used NMR spectroscopy to screen metabolic changes in thyroid tissues and plasma from papillary thyroid microcarcinoma patients respectively. The results revealed reduced levels of fatty acids and elevated levels of several amino acids in thyroid tissues (Lu et al., 2016). This work illustrates that the metabolomics approach is capable of providing more sensitive diagnostic results and more systematic therapeutic information for all kinds of tumor.
In the case of pancreatic cancer, researchers have identified five new metabolic biomarkers (creatine, inosine, beta-sitosterol, sphinganine and glycocholic acid) that can be used for the clinical diagnosis of pancreatic cancer by comparing plasma metabolomics between patients with pancreatic cancer (n = 60) and healthy controls (n = 60) (Luo et al., 2020). Subsequently, a large prospective study comparing the lipid metabolomics of serum exosomes between pancreatic cancer patients and healthy controls showed that approximately 270 lipids were significantly dysregulated. Further analysis of the correlation between these abnormal lipids and other phosphatidylcholine (PC)-related factors showed that LysoPC 22:0, PC (14:0/22:2), and PE (16:0/18:1) were correlated with tumor stage, CA19-9, CA242, and tumor diameter. In addition, PE (16:0/18:1) was significantly associated with overall survival (Tao et al., 2019). Currently, non-invasive diagnostic tests can only distinguish pancreatic ductal adenocarcinoma (PDAC) from chronic pancreatitis (CP) in approximately two-thirds of patients. Using untargeted metabolomics techniques, Mayerle demonstrated that a biomarker signature (nine metabolites and an additional CA19-9) could be identified as differential diagnoses of PDAC and CP (Mayerle et al., 2018). In addition, inflammatory metabolites identified by serum metabolomics can also stratify tumor and improve diagnosis of patients with aggressive tumor (Cacciatore et al., 2021). The discovery of metabolomics for tumor blood biomarkers can be extended to various aspects, which include the discovery of significantly different metabolites, changes in the tumor metabolic spectrum, and direct identification of tumors and inflammation.
Urine Biomarkers
The non-invasive nature of urine biomarkers makes them particularly suitable for a wide range of screening purposes, especially for measuring urine from asymptomatic high-risk groups to distinguish between those who may and may not be carrying a disease. Accurate and effective analyses of urine metabolites offer promise for their applications to provide a deeper understanding of tumor pathology and eventually, clinical transformations (Pérez-Rambla et al., 2017; Dinges et al., 2019).
In urological tumors, Ganti used GC-MS to measure carnitine in two different laboratories (Laboratory A: 29 cancer patients and 33 controls; Laboratory B: 6 cancer patients and 6 controls) and showed that differences in urinary concentrations of several acylcarnitines were a function of cancer status and renal cancer grade. Most cancer patients and those with high-grade cancers have increased acylcarnitine in their urine (Ganti et al., 2012). In a bladder cancer study, researchers reported elevated levels of acetylcarnitine and adipate in the urine of cancer patients, which suggested dysregulation of FA metabolism. Changes in the mitochondrial TCA cycle and energy metabolism or the excessive production of acetyl-coenzyme A (acetyl-CoA) lead to changes in acetylcarnitine levels (Huang et al., 2011). Under normal physiological conditions, lipid in urine is limited; thus, the increase in lipid markers in urine is a clear indication of tumorigenesis, especially in the urinary system. Moreover, in non-urinary tumors, such as liver, stomach, cervical, and breast cancers, differential metabolites in urine distinguish cancer patients from healthy controls (Dinges, Hohm et al., 2019). Omran used GC-MS to detect urine metabolites from breast cancer patients and compared these with samples from patients with benign breast tumors and healthy women. Results suggested that 1-methyl adenosine (1-MA), 1-methylguanosine (1-MG), and 8-hydroxy-2′-deoxyguanosine (8-OHdG) levels were significantly elevated in the early stages of breast cancer; however, no significant differences were observed between the benign tumor group and the healthy group (Omran et al., 2020). Urine also plays a role in the uniqueness of biomarkers for specific cancer types (Zhang et al., 2013; Callejón-Leblic et al., 2019).
Salivary Biomarkers
In addition to blood and urine, other biological fluid biomarkers are available for the early diagnosis of specific cancers. Saliva is a biological fluid made up of more than 99% water and less than 1% of proteins, electrolytes, and other low-molecular-weight components (Soini et al., 2010). Saliva plays a key role in lubrication, chewing, swallowing, and digestion. It protects the integrity of oral tissue and also provides clues for local and systemic diseases and conditions (Abraham et al., 2012). In 2010, using capillary electrophoresis time-of-flight mass spectrometry (CE-TOFMS), Sugimoto found that saliva metabolites were embedded with cancer-specific signals. They performed a comprehensive metabolite analysis of saliva samples from patients with oral cancer and periodontal disease and healthy controls. Patients with oral cancer had significantly higher levels of salivary polyamines compared with the control group, and taurine and piperidine were identified as oral cancer-specific metabolites, which may be promising markers for oral cancer screening (Sugimoto et al., 2010). To explore applications of salivary metabolite biomarkers in oral cancer screening, hydrophilic metabolites in the saliva and tumor tissues of patients with oral cancer were analyzed using CE-TOFMS. In total, 85 metabolites in tumors and 45 metabolites in saliva were identified to be significantly different between oral cancer patients and controls, and the combination of S-adenosylmethionine and pipecolate discriminated oral cancer patients from controls (Ishikawa et al., 2016).
Since then, several studies have shown that the combination of saliva and tumor metabolomics is beneficial for the identification of salivary metabolite biomarkers and the screening of noninvasive oral cancers (Ohshima et al., 2017). In addition to salivary metabolomics of oral cancer, metabolite profiles of saliva in other cancers and diseases have been analyzed (Murata et al., 2019). Great progress has been made in the clinical application of salivary biomarkers. Several biomarkers for systematic cancer detection have been identified and validated at preclinical levels (Asai et al., 2018). The discovery of saliva biomarkers also has special significance for noninvasive identification and recognition of tumors.
Cerebrospinal Fluid Biomarkers
Cerebrospinal fluid (CSF) is a biological fluid that is most likely to be affected by central nervous system dysfunction, and its analysis can better reflect inherent neurological and biochemical changes (Crews et al., 2009). In 2012, Locasale et, al. first analyzed the metabolic profiles of 10 patients with malignant glioma and seven control patients with non-malignant glioma using a targeted mass spectrometry metabolomics platform and reported a significant association between CSF metabolites and glioma malignancy (Locasale et al., 2012). The study also provided the first global assessment of the polar metabolic composition of CSF associated with malignancies and demonstrated that data acquired using mass spectrometry technology may have sufficient predictive power for the identification of biomarkers and classification of neurological diseases.
In recent years, several studies have also confirmed that the use of untargeted metabolomics techniques to analyze metabolic characteristics of different brain tumors in clinical CSF samples enables reliable identification of significant metabolic differences between different brain tumors, which offers significant promise for diagnoses of brain tumors (Nakamizo et al., 2013; Reichl et al., 2020; Wang et al., 2020). More metabolites, including tricarboxylic acid cycle products, tryptophan and methionine, were also found in the cerebrospinal fluid of gliomas and metastatic tumors (Ballester et al., 2018). Brain tumors are often associated with ischemic necrosis and inflammatory responses. Inflammation-related markers can be detected in the cerebrospinal fluid, which may aid the diagnosis of CNS tumors. Elevated levels of inflammatory markers, such as interleukin-10 and soluble interleukin-receptor, were found in the cerebrospinal fluid of primary CNS lymphoma (Geng et al., 2021). Specific cerebrospinal fluid biomarkers could help avoid high-risk biopsy operations and unnecessary craniotomy, and even guide preoperative surgical planning.
METABOLOMICS AND ONCOLOGY DRUGS
Application of Metabolomics in the Evaluation of Tumor Drug Efficacy
The main purpose of drug therapy of tumors is to control the growth of the tumor and improve the quality of life of patients. Selecting the most effective anti-tumor drugs has become a top priority. In clinical practice, metabolomics can be used to detect body or cell metabolites that reflect the effects of anti-tumor drugs on the body or cells to improve the efficacy of drugs and reduce avoidable adverse reactions.
Kim et al. used NMR to investigate metabolic alterations following adriamycin (ADR) treatment for gastric adenocarcinoma. After human gastric adenocarcinomas were implanted into mice, ADR was intraperitoneally administered for 5 days, and urine was collected on days 2 and 5. Results showed that the levels of trimethylamine oxide, hippurate, and taurine decreased in the tumor model and increased following ADR treatment. In addition, the levels of 2-oxoglutarate, 3-indoxylsulfate, trigonelline, and citrate, which all increased in the tumor model, significantly decreased to those of normal controls following ADR treatment (Kim et al., 2013). In a plasma metabolomics study of 54 patients with colorectal cancer who received capecitabine before and after treatment, it was found that the content of low-density lipoprotein-derived lipids was positively correlated with drug toxicity during treatment (Backshall et al., 2011).
Furthermore, using untargeted lipidomics and quantitative polymerase chain reaction, Zhang et al. identified distinct features of lipid metabolism in imidazole ketone erastin (IKE)-induced ferroptosis and demonstrated that IKE slows tumor growth (Zhang et al., 2019). Once drugs act on the body, changes in genes and/or proteins can impact changes in terminal metabolites, which can be reflected at the metabolic level. Therefore, the early efficacy of drugs can be assessed using metabolomics, which enables medication regimens to be adjusted.
Application of Metabolomics in the Evaluation of Drug Resistance in Cancer
The metabolic pattern of tumor cells changes following the development of drug resistance. The same drug can produce different metabolic changes in sensitive and drug-resistant cells (Zhang et al., 2016). Therefore, metabolomics can be used to detect metabolic changes in cells and their response to drugs to determine whether tumor cells are resistant to drugs and monitor drug resistance as early as possible. As a fast, simple, and effective method, metabolomics uses a multivariable and dynamic method to evaluate metabolic results across a variety of physiological and pathological states, which allows the prediction and assessment of patients’ sensitivity and drug resistance to chemotherapy.
Metabolomics can be used to distinguish between platinum resistance and metabolite levels. Poschner et al. used LC-MS to characterize the levels of steroids, active estrogen, and sulfated or aldehyde glucose during the development of platinum resistance in ovarian cancer and found that these metabolites are highly expressed in carboplatin-sensitive cells (Poschner et al., 2020). In a study of non-small cell lung cancer (NSCLC), cisplatin-resistant cells were more sensitive to nutrient deprivation than were sensitive cells, and adding glutamine to cisplatin-resistant cells restored cell death due to nutrient deprivation by increasing the intracellular nucleotide concentration. Therefore, cisplatin-resistant patients can improve efficacy by combining drugs, such as 5-fluorocrail, that target nucleoside metabolism (Obrist et al., 2018). The metabolic pattern analysis of cancer patients can also find the metabolic differences between drug-resistant patients and drug-sensitive patients, so as to monitor the drug resistance of patients as early as possible and carry out follow-up treatment (Jiye et al., 2010). Metabolomics has made great strides in the study of drug resistance genes in tumors.
METABOLIC FLUX ANALYSIS AND FLUXOMICS IN CANCER METABOLISM EXPLORATIONS
Quantitative analysis of metabolism has improved our understanding of metabolic features including metabolite concentrations, fluxes, and free energies. With the development of nuclear magnetic resonance, mass spectrometry, and other technologies, the application of stable isotope tracer technology to the field of metabolomics has become an important aspect of biological research (Bruntz et al., 2017). Stable isotope-resolved metabolomics (SIRM) is a method that extrapolates metabolic pathways and fluxes via the analysis of changes in stable isotope tracer precursor substances to substances. SIRM works primarily by injecting isotopically-enriched precursors, such as [13C6]-Glc, into biological systems and detecting subsequent metabolic transformations. Incorporating stable isotopes, such as 2H, 13C, or 15N, into biological precursors has long been used to trace their metabolism in living systems. . Biological samples can be studied using NMR, mass spectrometry, and other detection platforms (Fan et al., 2012) (Figure 3).
[image: Figure 3]FIGURE 3 | Steps for studying cancer metabolism using stable isotope-resolved metabolomics (SIRM). Stable isotope tracers, such as uniformly 13C-labeled glucose (13C6-Glc) or uniformly 13C,15N-labeled glutamine (13C5,15N2-Gln), are administered via addition to the culture medium for cells or via intravenous injection into whole organisms. Metabolites are then extracted, labeled by tracers, and subjected to various NMR and MS analyses to probe metabolic activity.
Glucose plays a vital role in important glucose catabolic pathways, such as the glycolysis and TCA cycles; thus, 13C-labeled glucose is commonly used as a tracer. Metabolic differences derived from SIRM have shown that energy and anabolism are increased in cultured lung cancer cells and NSCLC compared with those in the normal lung (Lane et al., 2011). Moreover, a study using SIRM found that the proliferation of cancer cells can be reduced by inhibiting the glycolysis pathway in cancer cells (Gu et al., 2016). Researchers used 13C-labeled glucose to track the glycolysis pathway in lung cancer patients and animal models (Hu et al., 2019) and revealed that lactic acid contributes more to the Krebs cycle than does glucose. This result suggests that lactic acid is the end metabolic waste of the Warburg effect and provides new opportunities for the diagnosis and treatment of cancer (Hui et al., 2017). Proliferating cells shunt glucose into pathways other than the glycolysis and Krebs cycle pathways, and SIRM has confirmed that an increase of glucose flux into these pathways occurs. For example, enhanced non-oxidative and oxidative pentose phosphate pathway activity has been reported in pancreatic and renal cancers, respectively, using a (13C2-1, 2)-glucose tracer (Boros et al., 2005; Yang et al., 2013). In addition, many clinically successful drugs and promising candidates for drug targeting tumor therapy may benefit from SIRM analyses to gain insights into their molecular mechanisms. For example, SIRM and microarray experiments have demonstrated that selenium agents perturb Krebs cycle activity and attenuate lipid biosynthesis in lung cancer cells, and these alterations are related to the activation of the AMP-activated protein kinase pathway. Anti-cancer target discovery is one of the most promising translational applications for SIRM, and inhibitors of several targets have been developed and are showing promise in preclinical models (Svensson et al., 2016).
In recent years, Dynamic nuclear polarization enhanced magnetic resonance imaging based on isotope tracer have become dependable imaging tools for the diagnosis and treatment assessment in cancer. Based on preclinical studies that have demonstrated the use of hyperpolarized (1–13C] -pyruvate imaging tools for prostate cancer, Researchers have investigated the in vivo pharmacokinetics and pharmacodynamics of hyperpolarized (1–13 C)-pyruvate in order to apply as a tool for imaging liver cancer (Salamanca-Cardona and Keshari, 2015). Applications of probes other than pyruvate are still in the early stages, but molecular imaging of real-time metabolic events could be a valuable tool to elucidate hitherto undiscovered metabolic fluxes that play a role in cancer development and treatment (Perkons et al., 2021).
By gaining insights into metabolic dysfunction due to cancer development or drug interventions, Metabolic flux analysis and fluxomics can be integrated with genomic and proteomic information to achieve systems biochemical insights in both model systems and individual human patients.
SUMMARY AND FUTURE DIRECTIONS
Metabolomics has been used across many aspects of cancer research, which include cancer pathophysiology, biomarker discovery, and therapeutic response. Metabolic reprogramming is a hallmark of malignancy, and changes in metabolic profiles strongly influence cancer development, progression, and response to treatment. Metabolomics techniques can be used to monitor the dynamics of tumor metabolism and response to treatment over the course of the disease. Moreover, another area of increasing importance is the identification of biomarkers for personalized treatment strategies. At the same time, metabolomic analysis may also yield more accurate and useful clinical information about the metabolic needs of the tumor, as well as the identification of new pharmacodynamic biomarkers and the monitoring of drug resistance of the tumor. On this basis, the applications of stable isotope tracer technology to the field of metabolomics have become an important part of biological research to track the activity of metabolites in the body and trace deep metabolic pathways.
However, there are still several limitations in the study of metabolic reprogramming in tumors using metabolomics. Methodologically, absolute homogeneity across different batches of biological samples cannot be achieved, and the techniques and methods used should be optimized to establish a set of highly sensitive routine procedures that apply to metabolites of varying polarity across different samples. Secondly, most existing studies focus on the metabolomics of biological fluids or extracellular metabolites; however, it is also of importance to study the metabolic characteristics of intracellular metabolites and cancer cells. Thirdly, the mechanisms underlying metabolic changes need to be clarified. This can be achieved by integrating transcriptomic and/or proteomic analyses to identify genes or proteins that cause or are associated with metabolomic changes, which may be potential targets for tumor therapy. Analyzing metabolic changes in tumor cells in response to drugs and revealing the metabolic mechanism underlying tumor drug resistance may provide opportunities to overcome tumor chemotherapy resistance or reverse tumor sensitivity via metabolic regulation. Metabolomics provides a novel approach to study the metabolic reprogramming of tumors and will continue to be widely used in the diagnosis and treatment of different tumors in the future.
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Long non-coding RNAs (lncRNAs), which were implicated in many pathophysiological processes including cancer, were frequently dysregulated in hepatocellular carcinoma (HCC). Studies have demonstrated that ferroptosis and immunity can regulate the biological behaviors of tumors. Therefore, biomarkers that combined ferroptosis, immunity, and lncRNA can be a promising candidate bioindicator in clinical therapy of cancers. Many bioinformatics methods, including Pearson correlation analysis, univariate Cox proportional hazard regression analysis, least absolute shrinkage and selection operator (LASSO) analysis, and multivariate Cox proportional hazard regression analysis were applied to develop a prognostic risk signature of immune- and ferroptosis-related lncRNA (IFLSig). Finally, eight immune- and ferroptosis-related lncRNAs (IFLncRNA) were identified to develop and IFLSig of HCC patients. We found the prognosis of patients with high IFLSig will be worse, while the prognosis of patients with low IFLSig will be better. The results provide an efficient method of uniting critical clinical information with immunological characteristics, enabling estimation of the overall survival (OS). Such an integrative prognostic model with high predictive power would have a notable impact and utility in prognosis prediction and individualized treatment strategies.
Keywords: ferroptosis, immune, long non-coding RNA (lncRNA), hepatocellular carcinoma, prognosis
INTRODUCTION
As one of the top five leading causes of cancer-related deaths worldwide and the fifth most frequent in China, liver cancer still has an estimated number of 392,868 new cases and 368,960 cancer-related deaths in 2018 (Feng et al., 2019). The symptoms of HCC are not obvious in the early stage, but are perceptible in the late stage, which can easily lead to delayed diagnosis and poor treatment effects (Bray et al., 2018). Therefore, individual treatment and prognosis determination of liver cancer are still major challenges.
LncRNA with transcripts longer than 200 nt is initially considered to be a meaningless plate in transcription (Chew et al., 2018). With the large-scale use of massively parallel signature sequencing technology, lncRNAs instead have shown a high correlation with liver cancer, mainly in their regulatory roles during liver carcinogenesis (Wang et al., 2015; Wang et al., 2016). These cancer-related lncRNAs participate in numerous biological processes, including epigenetic regulation, signal transduction, and cell cycle control (Yuan et al., 2017; Wu et al., 2019; Xu et al., 2019).
Ferroptosis is a recently recognized cell death modality that is intimately associated with the development of tumor-immunosuppressive microenvironment, and the existence of ferroptosis-related intercourse was evidenced between tumor cells and immune cells (Jiang et al., 2021; Xu et al., 2021). A plethora of research on the relationship between ferroptosis and immunity have given a new outlook on our understanding of the pathogenesis of liver cancer, and the intervention of ferroptosis can effectively improve immunosuppression (Gao et al., 2015; Ou et al., 2016; Sun et al., 2016; Wang et al., 2021). In the tumor microenvironment, ferroptosis can be regulated by many molecular factors, and abundant protein interactions also participate in this progress. Ferroptosis can expose the antigens in tumor cells, thereby increasing the immunogenicity of the tumor immune microenvironment and improving the availability of immunotherapy (Tang et al., 2020). In addition, several factors such as the tumor microenvironment, tumor immune-infiltrating cells, and response to immunotherapy provide a certain association with the clinical outcome of cancer (Vitale et al., 2019; Zheng et al., 2020). These theories are the cornerstone of tumor immunotherapy in the future.
A novel lncRNA prognostic risk model, combining ferroptosis and immunity, was constructed for clinical practice in this study. First of all, to provide a better strategy to orchestrate the immune system in eradicating cancers, we comprehensively analyzed the lncRNA profiles, combining ferroptosis and immunity profiles, as well as determined their clinical significance to construct a prognostic algorithm. Following this, we provide evidence of the scale of immune profile and the potential effectiveness of immunotherapy use in our prognostic risk model. We conclude with suggestions for providing an opportunity to further optimize the modeling tool for the prognosis and therapy responses of HCC.
MATERIALS AND METHODS
Data Collection
The RNA sequencing (RNA-seq) data and corresponding clinical information of 421 cases in total (including 363 cancer samples and 58 normal samples) were obtained from The Cancer Genome Atlas database (TCGA, http://portal.gdc.cancer.gov/), and the missing and abnormal values were processed with multiple imputation by utilizing SPSS ver. 25.0 (IBM United States). Ferroptosis-related genes were obtained from the FerrDb database (http://www.zhounan.org/ferrdb/), and immune-related genes were obtained from the ImmPort database (https://www.immport.org).
The Construction and Validation of Prognostic Risk Model
Differential expression of lncRNA genes (DEGs) was performed between cancer samples and normal samples with R package “Dseq2,” and the cut-off was set at log2foldchange (logFC) <−2, p-value <0.05, and adjusted p-value <0.01. The relevance between DEGs and ferroptosis-related genes and immune-related genes was explored by Pearson correlation analysis. Then, univariate Cox proportional regression analysis and least absolute shrinkage and selection operator (LASSO) Cox proportional regression were performed to identify candidate immune- and ferroptosis-related lncRNAs (IFLncRNA). A total of 363 HCC patients were randomized into the training cohort or test cohort for the construction and validation of risk score at the ratio of 6:4 (218 in the training cohort and 145 in the test cohort). For the training cohort, our prognostic risk signature of immune- and ferroptosis-related lncRNA (IFLSig) was structured by applying the linear combination of the expression values of each prognostic IFLncRNA, weighted by their estimated regression coefficients through the multivariate Cox proportional hazard regression analysis as follows:
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Risk score (patients) is a latent prediction risk score for patients, and IFLSig is a prediction risk score based on IFLncRNA. The expression (lncRNA) is the expression value of IFLncRNA of HCC. The meaning of coefficient (lncRNA) is the contribution of IFLncRNA that was derived from the coefficient of multivariate Cox regression in the training cohort. The median of IFLSig in the training cohort and test cohort was used as a cut-off to sort patients into the high-risk group and the low-risk group. The Kaplan–Meier (K-M) survival curves and receiver operating characteristic (ROC) curves were used to estimate the predictive power of overall survival (OS). A principal component analysis (PCA) was applied to estimate the expression difference of IFLncRNA in HCC patients. Univariate Cox proportional hazard regression and multivariate Cox proportional hazard regression analyses for OS were performed on the independent prognostic factor of the risk score. Moreover, a nomogram was constructed with IFLSig and other clinical factors.
Functional Enrichment Analysis
Gene Set Enrichment Analysis (GSEA) (ver. 4.1.0, http://www.gsea-msigdb.org/gsea/index.jsp) was performed to identify signal pathways and functional categories associated with IFLSig in the enrichment of Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO).
Clinical Therapy Response With IFLSig for HCC Patients
To estimate the prediction accuracy of IFLSig with immunotherapy response for clinical practice, the algorithm from CIBERSORT (https://cibersort.stanford.edu/) was used to estimate the profile of immune cell subtypes in HCC patients. The correlation between IFLSig and immune checkpoints was analyzed to confirm the potential of IFLSig as a biomarker for immune checkpoint inhibitor (ICI) treatments. The sensitivity and resistance chemotherapeutic drugs were identified by using the R package “pRRophetic.”
Statistical Analysis
All statistical analyses were applied by R software ver. 3.6.3 and SPSS ver. 25.0. Pearson correlation analysis was performed with R package “stats.” Univariate Cox proportional hazard regression analysis, multivariate Cox proportional hazard regression analysis, and nomogram were performed with R package “survival” and “survminer.” A log-rank test was used for calculating the statistical difference in OS between the low-risk group and high-risk group. LASSO Cox proportional regression was performed with R package “glmnet.” ROC curve was performed with R package “survivalROC.” Harrell’s index of concordance (C-index) was performed to estimate the prognostic power of the nomogram.
RESULTS
Data Processing
A total of 15,095 lncRNA RNA-seq were obtained from the TCGA database, and 681 downregulated DEGs were preliminary screened (Figure 1A). We extracted 248 ferroptosis-related genes from the FerrDb database and 453 immune-related genes from the ImmPort database. Pearson correlation analysis was performed between the lncRNAs and ferroptosis-related genes and immune-related genes (with a Correlation coefficient >0.4 and p < 0.01). Univariate Cox proportional regression analysis was performed to estimate the prognostic power of lncRNAs. A total of 26 lncRNAs (p < 0.05) were identified in the TCGA series. The LASSO Cox regression kept 17 candidate IFLncRNAs after filtration: AC009005.1, AC016773.1, AC090164.2, AC092119.2, AC099850.3, AL021807.1, AL356234.2, AL359510.2, CASC9, DUXAP8, GDNF-AS1, LINC01224, LINC01436, LINC02202, LUCAT1, PTGES2-AS1, and ZFPM2-AS1. LASSO coefficient profiles and optimal penalty parameter lambda are shown in Supplementary Figures S1A,B. The predictive performance of candidate IFLncRNA would be determined in the training cohort to construct a prognostic risk model.
[image: Figure 1]FIGURE 1 | Flow chart of whole design thought.
Construction and Validation of Prognosis Risk Model for HCC
In the training set, the predictive performance of IFLncRNA was determined by multivariate Cox regression. As a result, the total risk score is determined by the following equation:
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Based on the median value of the risk score, all patients were categorized into the high-risk group or low-risk group in the training cohort (Figures 3A,B) and test cohort (Figures 4A,B). The expression values of eight IFLncRNAs are shown in Figure 2B. In the training cohort, the OS was significantly different between the high-risk group and the low-risk group [Figure 3C, p < 0.001, hazard ratio (HR): 2.788, 95% confidence interval (CI): 1.716–4.532]. The same significant difference with the OS was repeated in both groups of the test cohort (Figure 4C, p = 0.002, HR: 2.447, 95% CI: 1.386–4.323). As shown in the results, the patients with low risk scores had a better clinical prognosis than the patients with high risk scores, which is a consistent similar outcome for both groups of each cohort. The results of PCA verified the differential expression of IFLncRNA in HCC patients (Figures 3D, 4D). Time-dependent ROC curves of 36 months were applied for the assessment capability of IFLSig with survival time. The area under the curve (AUC) value was 0.719 in the training cohort (Figure 3E) and 0.745 in the test cohort (Figure 4E). All the results suggested that IFLSig might have an accurate predictive ability for OS.
[image: Figure 2]FIGURE 2 | (A) Volcano diagram showing the DEGs between cancer and normal samples. The red, black, and blue dots represent the upregulated genes, no difference, and downregulated genes, respectively. (B) Heatmap of the expression value of eight IFLncRNAs, differential expression of lncRNA genes; IFLncRNAs, immune- and ferroptosis-related lncRNAs.
[image: Figure 3]FIGURE 3 | Survival analysis of IFLSig in the training cohort. (A) Distribution of IFLSig of HCC cases, which were categorized into two groups based on the median of risk score. (B) Distribution of survival time of HCC cases. The positions of the dots reveal the association between the IFLSig and survival time. (C) K-M curve for IFLSig relative to the overall survival of the training cohort. (D) PCA plot of the training cohort. (E) ROC curve of the sensitivity and specificity of survival time on the risk scoreIFLSig, prognostic risk signature of immune- and ferroptosis-related lncRNA; HCC, hepatocellular carcinoma; K-M, Kaplan‐Meier; PCA, principal component analysis; ROC, receiver operating characteristic.
[image: Figure 4]FIGURE 4 | Survival analysis of IFLSig in the test cohort. (A) Distribution of IFLSig of HCC cases, which were categorized into two groups based on the median of risk score. (B) Distribution of survival time of HCC cases. The positions of the dots reveal the association between the IFLSig and survival time. (C) K-M curve for IFLSig relative to the overall survival of the test cohort. (D) PCA plot of the test cohort. (E) ROC curve of the sensitivity and specificity of survival time on the risk score.
IFLSig as an Individual Prognostic Variable
To confirm that the IFLSig was an independent prognostic factor of other clinical characteristics, univariate and multivariate Cox regression analyses were performed (Table 1). For the training set, the results of univariate Cox regression analysis (p < 0.001, HR: 2.718, 95% CI: 1.995–3.703) and multivariate Cox regression analysis (p < 0.001, HR: 2.358, 95% CI: 1.710–3.251) revealed that a high level of IFLSig was significantly associated with shorter survival, and the HR was significantly higher than other factors, whereas patients with a low level of IFLSig were associated with better clinical outcomes. With the same scoring model and risk split point method from the test set, the IFLSig was used to categorize patients into two distinct subgroups. We subjected IFLSig and other clinicopathological features to univariate Cox regression (p < 0.001, HR: 2.475, 95% CI: 1.690–3.626) and multivariate Cox regression (p < 0.001, HR: 2.590, 95% CI: 1.735–3.865), and IFLSig was still an independent prognostic element for other confounding factors in the test set.
TABLE 1 |  Univariate and multivariate Cox regression analyses in each data set.
[image: Table 1]Functional Enrichment Analysis
We further performed GO and KEGG pathway enrichment analyses using the GSEA to identify the functional categories and biological pathways of IFLSig. The KEGG pathway analysis revealed main enrichment in cell cycle, spliceosome, lysosome, and ubiquitin-mediated proteolysis (Figure 5A). The results of GO enrichment analyses are shown in Figure 5B. The enriched biological process was mainly involved in the cell cycle DNA replication, glandular epithelial cell differentiation, and columnar cuboidal epithelial cell development. The enriched cellular components were mainly in the region of cytosol, gamma-tubulin complex, and endolysosome. The molecular functions mainly included vitamin transmembrane transporter activity and glucuronosyltransferase activity. We found that most of the enriched functional categories and biological pathways are related to nucleic acid, cell growth, and cell development. This suggested that IFLncRNA may participate in nucleic acid metabolism to regulate cell proliferation, migration, and death to affect the progress of HCC.
[image: Figure 5]FIGURE 5 | GSEA functional enrichment analysis. (A) KEGG enrichment analysis of the IFLSig in the TCGA cohort. (B) GO enrichment analysis of the IFLSig in the TCGA cohort. GSEA, Gene Set Enrichment Analysis; KEGG, Kyoto Encyclopedia of Genes and Genomes; TCGA, The Cancer Genome Atlas.
The Potential of IFLSig for Immunotherapy With HCC
To better investigate the complex crosstalk between IFLSig and immune characteristics, we evaluated the immune infiltration profiles of 22 immune infiltration cells in HCC samples by using the CIBERSORT. The proportion of immune profiles and correlation heatmap are shown in Supplementary Figures S2A,B. We further compared the association between immune infiltration cells and IFLSig, and the immune infiltration of most immune cell subtypes was visibly decreased in the high-risk group. Notably, dendritic cells in resting (p < 0.05), macrophages in M0 (p < 0.05), activated CD4 memory T cells (p < 0.05), mast cells in resting (p < 0.01), monocytes (p < 0.001), and regulatory T cells (Tregs, p < 0.0001) increased significantly in HCC patients in the high-risk group (Figure 6A). It is consistent with previous observations linking higher expression of Tregs and macrophages to tumor progression and immunosuppression. Tumor immune infiltration can be adjusted by the immune checkpoints, so we compared the expression value of 12 immune checkpoints and IFLSig. As shown in Figure 6B, the difference in the expressions of CTLA-4 (p < 0.01), TIGIT (p < 0.05), NRP1 (p < 0.05), ENTPD1 (p < 0.01), NT5E (p < 0.01), HAVCR2 (p < 0.01), CD276 (p < 0.001), and HHLA2 (p < 0.001) was statistically significant. These results indicate that IFLncRNA might be a potential predictive biomarker of response to ICI immunotherapy for HCC.
[image: Figure 6]FIGURE 6 | Immunotherapy response analysis. (A) Boxplot showing the association between IFLSig and immune cell lines; ANOVA was used as the significance test, *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001. (B) Boxplot showing the association between IFLSig and immune checkpoints; ANOVA was used as the significance test, *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001. GSEA, Gene Set Enrichment Analysis; KEGG, Kyoto Encyclopedia of Genes and Genomes; TCGA, The Cancer Genome Atlas.
Heterogeneous Drug Resistance and Sensitivity With IFLSig
Drug resistance to many chemotherapeutic drugs often occurs during the process of cancer treatment, which leads to poor drug efficacy in liver cancer and worse clinical outcomes. To verify the application of IFLSig in chemotherapy, we compared the half-maximal inhibitory concentration (IC50) and IFLSig. IC50 can help to quantify the therapeutic capacity of a drug to induce cancer apoptosis, which is inversely related to the sensitivity of chemotherapeutics. We evaluated the chemotherapeutic effects of 30 anti-tumor drugs on patients with HCC, and those with p > 0.05 were removed. As shown in Figure 7, the IC50 of gefitinib (p < 0.05), mitomycin (p = 0.02), temsirolimus (p = 0.03), and erlotinib (p < 0.01) was significantly higher in the high-risk group than in the low-risk group, which means that patients with high IFLSig may not benefit from these drugs. The IC50 of bexarotene (p < 0.01), metformin (p = 0.01), sorafenib (p = 0.05), bleomycin (p < 0.01), and lapatinib (p = 0.05) was significantly lower in the high-risk group, and therefore, these chemotherapeutic drugs may have a greater effect on patients with high IFLSig. It showed that IFLSig can not only segregate individuals into different risk groups but can also assist in selecting chemotherapeutic drug pools based on the sensitivity values corresponding to the HCC patients under clinical observation.
[image: Figure 7]FIGURE 7 | Drug resistance and sensitivity analysis in the low-risk and high-risk groups.
Identification and Validation of a Nomogram
The nomogram is a reliable tool to estimate individualized risk score in cancer patients. In this study, we constructed a nomogram based on the entire TCGA set by using the multivariate Cox regression analysis of the IFLSig and other clinicopathological covariables (Figure 8A), and it was internally validated in the training cohort and test cohort by using the C-index. The C-index of the nomogram was 0.675 (95% CI: 0.623–0.727) in the entire TCGA set, 0.7108 (95% CI: 0.653–0.769) in the training cohort, and 0.633 (95% CI: 0.539–0.726) in the test cohort. The AUC of the nomogram were 0.761, 0.704, and 0.715 for 1, 3, and 5 years, respectively, showing that the nomogram had a good level of specificity and sensitivity for OS (Figure 8B). The calibration plot is in agreement with the diagonal line, and it confirmed the predictive value of the prognostic nomogram for OS at 1, 3, and 5 years (Figure 8C). All the results demonstrated that the nomogram constructed by IFLSig had good prognostic power in HCC patients.
[image: Figure 8]FIGURE 8 | Construction and verification of a nomogram. (A) Survival nomogram based on total TCGA cohort. (B) The ROC curve compared the prognostic power of the nomogram at 1, 3, and 5 years in the TCGA cohort. (C) The calibration curve for predicting HCC patient survival at 1, 3, and 5 years in the TCGA cohort.
DISCUSSION
Recently, lncRNA has been suggested to play an important role in the oncogenesis and progression of HCC (Ding et al., 2018; Guo et al., 2020). Multiple lncRNAs have been suggested to possess aberrant expression and participate in cancerous phenotypes through their binding with hereditary substances, encoding proteins or other small molecule peptides (Wong et al., 2018; Pan et al., 2019; Peng et al., 2020). Simultaneously, clinical management places emphasis on the importance of early and effective disease detection and prediction of prognosis. This requires finding the right types of components, biomarkers, and detection methods that could be applied to tumor detection and treatment. Historically, some prognostic models have been constructed for clinical practice, but the accuracy, safety, and effectiveness should be evaluated over a long period of time. Therefore, we developed a lncRNA prognostic risk model combined with ferroptosis and immunity to provide new insights into HCC pathogenesis and an effective tool for predicting the treatment efficacy of HCC, which may help bring about additional therapeutic and prognostic benefits. Research suggests that immunity is suppressed in the process of hepatocarcinogenesis, so we selected downregulated immune genes to develop the prognostic model linked to previous studies (Sun et al., 2020; Zhou et al., 2021). In this study, cancer samples were allocated into IFLSig high-risk group and low-risk group. IFLSig was the dominant factor in the prognostic risk model and nomogram. Our results achieved a satisfactory association with clinical outcomes, which suggested that IFLSig is an excellent prediction risk factor. We analyzed the resistance and sensitivity of chemotherapeutic drugs to verify the predictive potential of IFLSig to determine therapeutic efficacy. In summary, we have developed an IFLSig index that was closely associated with the prognosis of HCC, and it combines immunological characteristics to better estimate OS and can predict clinical therapy response for HCC. Our IFLSig model would hopefully provide new insights into HCC pathogenesis and novel tools to improve prognosis prediction and determination of treatment efficacy in patients with HCC.
IFLncRNA has been confirmed to exert a pivotal function in the proliferation, differentiation, invasion, and metastasis of liver tumors through different pathways in tumors progression and pathogenesis. Presently, it has been confirmed that ZFPM2-AS1, LINC01224, and LUCAT1 possess differing expression levels in liver cancer tissues and are involved in multiple processes promoting hepatocarcinogenesis, including enhancing proliferation of tumor cells, anti-apoptosis, improving the migration ability of cancer cells, and strengthening the invasiveness of cancer cells (He et al., 2020; Liu et al., 2020). LINC01224 can specifically upregulate the anti-apoptotic protein CHEK1 to influence the cancer cells (Gong et al., 2020). LUCAT1 can activate the metalloproteinase protein, regulating the expression of DLC1, and enhance the malignant phenotype of hepatoma cells (Lou et al., 2019; Wu et al., 2020). GDNF-AS1 is a natural antisense transcript that can increase the expression of site-specific gene GDNF after its knockout (Modarresi et al., 2012). GDNF can significantly activate hepatic stellate fibroblasts and promote liver fibrosis, participate in the microenvironment of liver cancer, affect the metabolism of extracellular matrix, and is closely related to the occurrence and progression of primary liver cancer (Tao et al., 2019; Barry et al., 2020).
In the tumor microenvironment, cancer cells and immune cells exert a great number of chemokines and cytokines to regulate tumor pathogenesis and progression. In this study, we found that the increase in regulatory T cells was particularly significant. The robust immunosuppressive microenvironment in cancer represents a crucial challenge for cancer treatment. Tregs and tumor-associated macrophages can directly decrease the proliferation of T cells in the immune microenvironment (Peterson et al., 2018; Ohue and Nishikawa, 2019). It can also influence tumor aggressiveness by affecting lactate metabolism (Wang et al., 2020). Our study suggested that IFLncRNA of HCC patients might be related to immune escape. However, the mechanism between IFLncRNA and Tregs remains obscure, and further research will be required to resolve this question. We further evaluated the expression level of these immunosuppressive checkpoint inhibitors, and IFLSig showed great relativity with CTLA-4, TIGIT, NRP1, ENTPD1, NT5E, HAVCR2, CD276, and HHLA2. In addition, the immunotherapy of anti-CTLA4 has been widely used in the treatment of liver cancer (Agdashian et al., 2019; Lai et al., 2021; Martini et al., 2021). Based on GSEA, we found that IFLSig was enriched in ubiquitin-mediated proteolysis, RNA degradation, lysosome, and cell cycle, which can strongly influence the metabolism of PD1 and PDL1. Although there is no significant difference between IFLSig and PD1 or PDL1, IFLSig may influence PD1 and PDL1 by affecting the above-listed molecular mechanisms (Burr et al., 2017; Gou et al., 2020; Kalbasi and Ribas, 2020; Zhong et al., 2021). In summary, we believe the results show that IFLSig has the potential in predicting the effectiveness of immunotherapy.
There are some shortcomings in this study. The prediction capacity of the motioned prognostic signature failed to be authenticated in the GEO cohort and ICGC cohort because none of the cases included the expression array of IFLncRNA. We were also concerned about whether the plain correlation test can accurately calculate the correlation between lncRNA, ferroptosis, and immunity. It should be noted that this study is a retrospective analysis based on bioinformatics data without yet the validation of a prospective analysis. Therefore, more experimental and clinical data are needed for verification.
CONCLUSION
In conclusion, we developed an IFLSig prognostic index based on eight IFLncRNAs, which are related to the clinical outcomes of HCC, by performing many bioinformatics statistical analyses. The IFLSig can be considered an independent prognostic signature that may be able to estimate the OS and clinical therapy response in HCC patients. This study provides a new understanding of IFLncRNA in the development and progression of HCC.
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The development of brain metastasis is a major cause of death in patients with breast cancer, characterized by rapid progression of the disease and poor prognosis, and lack of effective treatment has existed as an unresolved issue clinically. Extensive research has shown that a variety of metabolic changes associated with cellular metastasis exist in primary breast cancer or brain metastases, therefore to elucidate metabolic characteristics at each step of the metastasis cascade will provide important clues to the efficient treatment. In this review, we discuss the changes in metabolic patterns of breast cancer cells at every step of metastasis for exploring the potential therapeutic target based on metabolic reprogramming, and provide new insights on the design and development of drugs for breast cancer brain metastasis.
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INTRODUCTION
In the process of cancer development, about 20% patients with cancer will develop brain metastasis, whose common primary tumors are lung cancer, breast cancer, colorectal cancer and melanoma. Breast cancer is second frequently to metastasize to the brain, whose incidence is estimated to be 5–20% (Achrol et al., 2019). In fact, it’s supposed to have a higher incidence since those patients without neurological symptoms were not recommend to receive brain MRI screening (Ramakrishna et al., 2014). Multiple studies have demonstrated that the prevalence of brain metastases of breast cancer is increasing, and the patients have rapid progression of the disease and poor prognosis (Martin et al., 2017; Kuksis et al., 2021). To date, lack of effective drugs for brain metastasis has existed as a major challenge. There are two contributing factors mainly responsible for the difficulties of treatment in brain metastases: the limitation of access of systemic drugs by several barriers in the central nervous system (CNS), and the differences of molecular characteristics as well as microenvironment between brain metastases and primary lesions. Consequently, research on the pathogenesis of brain metastasis is of great significance for finding drug targets.
Metastasis establishment is a dynamic process, referred to as invasion-metastatic cascade. As a first step, cancer cells invade locally then intravasate into nearby blood and lymphatic vessels, followed by transit through the lymphatic and hematogenous systems, and finally cancer cells in the circulation manage to extravasate from vessels then grow into metastatic lesions (Chaffer and Weinberg, 2011; Valastyan and Weinberg, 2011). Actually, brain metastatic cells differ from primary breast cancer cells in a number of important ways. Brain metastatic cells need to acquire certain metastatic trails to escape from apoptosis, migrate to the brain, break through the blood-brain barrier and able to survive and grow in the brain, therefore metabolic changes have a pivotal role in metastasis formation (Bergers and Fendt, 2021). This review set out to mainly discuss metabolic traits during different step of metastatic cascade (Figure 1) and explore potential metabolism-based therapeutic strategies.
[image: Figure 1]FIGURE 1 | The metabolism adjustment of breast cancer cells migrating to brain. Diagram depicting potential mechanism of cellular metabolic reprogramming during different step of metastatic cascade. The metastatic route is simplified to be in the primary lesion, in circulation, and in the brain metastatic lesion. The possible metabolic reprogramming of breast cancer cells at various stages is outlined in the pink boxes.
METABOLIC REPROGRAMMING IN BREAST CANCER WITH BRAIN METASTASIS
Metabolic Reprogramming in Invading Breast Cancer Cells
The first step of metastatic cascade is invasion of nearby tissues by cancer cells. Cancer cells of primary lesion probably go through epithelial-mesenchymal transition (EMT) to become motile and invasive. Although no definite pattern of metabolic changes has been identified that discriminates invasive from noninvasive cancer, several studied have shown that breast cancer cells undergoing EMT display enhanced glycolysis and lipid metabolism, and this metabolic change may help tumor cells to obtain local invasion ability.
Warburg Effect May Induce EMT to Promote Tumor Metastasis
The energy metabolism of most tumor cells shows notable differences compared with normal cells. Normal cells utilize the capacity of mitochondrial oxidative phosphorylation, while most tumor cells utilize aerobic glycolysis, which has been termed the Warburg effect (Warburg et al., 1927). The change of energy pattern is linked to the metastasis of breast cancer. On the one hand, abnormal expression of glucose metabolism enzymes like hexokinase (HK) and Pyruvate kinase M2 (PKM2) was found in primary breast cancer tissues. When their expressions are down-regulated, the glycolytic activity and lactate expression will be decreased, thereby preventing tumor growth and development (Zhang et al., 2019; Yu et al., 2020). Moreover, Fructose-1,6-bisphosphatases (FBP) has been found to be inhibited by Snail-G9a-Dnmt1 complex in basal-like breast cancer (BLBC), and Snail is critical for E-cadherin promoter silencing (Dong et al., 2013).
On the other hand, there is evidence that certain metabolites of aerobic glycolysis enable cancer cells migration by participating in modulating activity of signaling pathways, for example, increased pyruvate and lactate metabolism directly stimulate the invasion and migration potential of cancer cells. The acidification of the microenvironment caused by the increased lactate, an end-product of glycolysis, entered the endothelial cells through lactate transporters such as MCT1 which activated transcription factor NF-κB to promote cancer cell migration. NF-κB is involved in the degradation of extracellular matrix (ECM) and angiogenesis, and related to the inducement of EMT (Payen et al., 2016; Payen et al., 2017). In addition, the formation of methylglyoxal, through aerobic glycolysis, resulted in elevated nuclear YAP (Nokin et al., 2016), which is a key transcriptional co-activator for regulating tumor growth and invasion (Lundo et al., 2020). Thus, presumably enhanced aerobic glycolysis directly or indirectly contribute to promote tumor invasion and migration by driving ECM degradation and EMT program.
Asparagine and Glutamine Metabolism Co-Regulate Tumor Cell Metastasis
Asparagine and glutamine are likely to work in concert to drive tumor growth and metastasis by regulating cell survival, growth, and EMT regulatory pathways (Luo et al., 2018). In a mouse model of breast cancer, the asparagine content in the protein driving the EMT is selectively increased, suggesting that the asparagine in part governs metastasis by modulating the EMT program. Of note, aspartic acid can be converted into asparagine by asparagine synthetase (ASNS), and reduction of asparagine by knockdown of ASNS or treatment with bacterial l-asparaginase reduces breast cancer invasion, circulating tumor cells (CTC), and metastasis without affecting primary tumor growth (Knott et al., 2018).
Both glutamine and glucose are crucial fuel for cancer cells and generate biosynthetic intermediates for the synthesis of macromolecules (Vander Heiden and DeBerardinis, 2017). A study has revealed that the conversion of glutamine to glutamate in invasive breast cancer cells activated up-regulation of MT1-MMP, leading to basement membrane disruption and cell invasiveness (Dornier et al., 2017). It was surprising that as extracellular glutamine levels declined, tumor cells became asparagine-dependent for proliferation and protein synthesis (Pavlova et al., 2018).
Together, the studies described above support the notion that asparagine and glutamine jointly regulate the survival, growth, and metastasis of tumor cells, but it remains elusive as to how they affect the EMT-related protein during the invasion stage.
Fatty Acid Metabolism Provides Energy for Tumor Cell Invasion
To some extent, lipid metabolic adjustment is correlated with the occurrence and metastasis of breast cancer. For example, fatty acids probably can be oxidized to fuel for tumor cell invasion. Previous studied has documented compared with the adipocytes cultured alone, the fatty acid oxidation of breast cancer cells was significantly increased when cocultured with adipocytes (Wang et al., 2017). If co-cultivated cells were injected into mice from their tail vein, the metastasis ability of these cancer cells in mice was significantly enhanced (Dirat et al., 2011). Besides, breast cancer cells down-regulated the mitochondrial protein LACTB by ZEB1, resulting in increased phospholipid metabolism, cancer cell proliferation, and EMT inducement (Keckesova et al., 2017). Intriguingly, the overexpression of human epidermal growth factor receptor 2 (HER2) was observed to indirectly activated ZEB1 to promote cell migration (Zeng et al., 2019).
Although the potential mechanistic link between fatty acid metabolism and metastasis formation has not been disclosed, studies have confirmed that CD36, which is highly expressed in a variety of metastatic cancer cells, regulates fatty acid metabolism and plays an important role in the invasion and metastasis of various types of tumors (Pascual et al., 2017). CD36 is a transmembrane protein that promotes fatty acid entry into cells. The secretion of breast-associated adipocytes induced CD36 expression, thereby enhancing the ability of breast cancer cells to uptake fatty acid and their invasiveness in vitro. In line with this, inhibition of CD36 reduced lipid droplet accumulation and weakened the aggressiveness of breast cancer cell lines (Zaoui et al., 2019). Thus, CD36 may serve as an important regulatory factor mediating reprogramming of fatty acid metabolism in breast cancer cells.
As a precursor of lipid synthesis and the end product of fatty acid β-oxidation, changes in acetyl-CoA levels can also affect lipid anabolism in tumor cells. Phenotypically, increased invasiveness of breast cancer cells was induced by the upregulation of acetyl-CoA (Schug et al., 2015). Mechanistically, leptin and TGF-β1 inhibited the lipogenic enzyme acetyl-CoA carboxylase (ACC) 1 via TAK-AMPK pathway, resulting in the accumulation of acetyl-CoA, which activated the EMT program through Smad2 transcription factor acetylation, then induced breast cancer cell invasion (Rios Garcia et al., 2017). Taken together, these findings indicated that fatty acid and acetate are used as alternative nutritional source by metastasizing cancer cells.
Metabolic Reprogramming in Circulating Breast Cancer Cells
After the tumor cells detach from the primary focus, they infiltrate into the blood vessels and migrate along with the blood circulation system. On account of exposure to various stresses in new environments, such as increased oxidative stress and attack by immune cells, most CTC undergo apoptosis or phagocytosis in circulation, and only a few cells manage to escape and develop into metastatic tumor, which referred to as anoikis (Frisch and Francis, 1994). Therefore, cancer cells need to strengthen their antioxidant defense in the circulation through certain mechanisms such as metabolic remodeling to avoid cell death result from matrix detachment. Several studies have shown that the protection of CTC from oxidative damage mainly depends on nicotinamide adenine dinucleotide phosphate (NADPH) produced by pentose phosphate pathway (PPP) to avoid the hazard of reactive oxygen species (ROS).
Upregulation of PPP Support the Survival of Detached Metastasizing Cells
Once tumor cells enter the circulatory system, they will produce reduction products NADPH and glutathione (GSH) through PPP pathway, endowing cells with stronger antioxidant capacity and eliminating ROS, thus reducing cell anoikis (Schafer et al., 2009). In the circulatory system, cells may induce metabolic changes through corresponding gene changes. For instance, a study has reported that the glucose uptake and ATP production in normal mammary epithelial cells separated from ECM were significantly reduced. Interestingly, when the ErbB2 signal was activated, it could restore glucose uptake and ATP production. Additionally, over-expression of ErbB2 also activated the PPP, which increased NADPH production to protect CTC from oxidative stress (Schafer et al., 2009).
Pyruvate and Lactate Metabolism Protect CTC Against Oxidative Damage
The metabolism of pyruvate and lactate is conducive to the resistance of matrix detachment-induced cells death. There was supporting evidence that serum pyruvate concentration in patients with advanced metastatic breast cancer was higher than that in patients with localized early breast cancer (Jobard et al., 2014). When pyruvate carboxylase (PC) transcription was down-regulated, the acetone-to-oxaloacetic acid pathway was blocked, resulted in a decreased ratio of NADPH/NADP+ and GSH/GSSG, leading to increased oxidative stress (Wilmanski et al., 2017). The high concentration of pyruvate and lactate in the blood possibly promoted the hypoxic response and maintain the activity of CTC and cell clusters through the hypoxia-inducible factor 1α (HIF-1α) (Vande Voorde et al., 2019). The studies described above suggested that pyruvate can act as an extracellular antioxidant to facilitate cells survive by enhancing the resistance of CTC to oxidative stress, and lactate drives the PPP pathway to produce NADPH(Ying et al., 2021). In conclusion, antioxidant defense is essential to avoid tumor cell death in circulation. Treatment based on metabolic reprogramming in CTC, in combination with surgical treatment of the primary tumor, may better reduce the recurrence and metastasis of cancer.
Metabolic Reprogramming in Metastatic Breast Cancer Cells During Brain Colonization
Although upregulation of expression level of the key glycolytic enzyme HK2 gene and glucose transporter 3 was found in brain metastases (Palmieri et al., 2009; Kuo et al., 2019), increased glycolytic activity does not appear to be a metabolic feature of brain metastases from breast cancer. This was exemplified in a metabolic study of breast cancer brain metastases, which has found that the metastatic cells can rely on gluconeogenesis and the oxidation of glutamine and branched chain amino acids to satisfy energy requirements, thus evolving their ability to survive and proliferate independent of glucose (Chen et al., 2015).
Enhancement of FBP-Dependent Gluconeogenesis Found in Brain Metastases
FBP is one of the key enzymes in the gluconeogenesis pathway. Expression levels of FBP and glycogen were elevated in brain metastases compared to primary breast tumors in patients. In BLBC, silencing FBP could induce glycolysis, leading to an increase in glucose uptake and a decrease in the activity of metastatic cells. It could also suppress oxygen consumption by inhibiting mitochondrial complex I to activate oxidation products (Chen et al., 2015). In contrast, FBP was inhibited in invading breast cancer cells (Dong et al., 2013). Nevertheless, FBPS and glycogen are indispensable substances for normal metabolism of the human, thereby they may be difficult to serve as drug targets in brain metastases.
Upregulation of Serine Induced by PHGDH in Brain Metastases
Serine is a kind of non-essential amino acid. In addition to food supply, serine can be produced by cells in vivo via the serine synthesis pathway. A functional genomics study revealed that SSP is essential for the development of breast cancer (Possemato et al., 2011). The Phosphoglycerate dehydrogenase-catalyzed process is the first step in the serine biosynthesis pathway. Up-regulation of phosphoglycerate dehydrogenase (PHGDH) protein expression may occur in approximately 70% of ER-negative breast cancer tissues (Possemato et al., 2011). The expression of PHGDH in breast cancer brain metastases was significantly higher than other metastatic colonization such as lung, liver, and ovary. After suppression of PHGDH by genetic silencing or inhibitor such as PH-755, metastatic capacity of cancer cells was impaired and overall survival of the mice was improved due to a decrease in serine content in the brain, yet the growth of extracranial tumors (metastases such as lung and liver) was not affected (Ngo et al., 2020).
Breast Cancer Cells Display GABAergic Properties in the Brain Microenvironment
A study in brain metastasis has shown that breast-to-brain metastatic tissue and cells displayed a GABAergic phenotype similar to that of neuronal cells. By using γ-aminobutyric acid (GABA) as an oncometabolite, brain metastases catabolize GABA into succinate to promote the tricarboxylic acid (TCA) cycle, thus indirectly increasing cell proliferation (Neman et al., 2014). What’s more, brain interstitial space contains high levels of glutamine, which is an important precursor of the neurotransmitters glutamate and GABA (Chen et al., 2015). Above evidence suggested that glutamine serve as energy substrates in the brain microenvironment, but it cannot be used as a therapeutic target due to little is known about the concrete mechanism of utilization.
Lipid Adjustment Is Important for Brain Colonization
Jin et al. pointed out that adjustment in lipid metabolism were necessary in breast cancer brain metastasis, and treatment on lipid metabolism of breast cancer cells might be beneficial to curb brain metastasis development (Jin et al., 2020). Fatty acid binding protein (FABP 7) is a brain-specific intracellular lipid-binding protein, and its overexpression was shown to coincide with the low survival rate of patients with HER2-enriched breast cancer and the increased incidence of brain metastasis. FABP7 is involved in the metabolic reprogramming of cancer cells, supporting the glycolytic phenotype and the storage of lipid droplets, thus enabling them to grow in the unique environment of the brain. What was surprising was that up-regulation of FABP7 was not detected in the primary breast cancer, which supported the potential function of FABP7 on the brain viability of breast cancer cells (Cordero et al., 2019).
Fatty acid synthase (FASN) is likely to be another potential target for inhibiting brain metastasis of breast cancer (Menendez and Lupu, 2017). FASN is the key enzyme in fatty acid biosynthesis, and its expression is necessary for lipid synthesis and maintenance of palmitate level, especially in the environment of exogenous lipid deficiency, such as the brain. Additionally, the genetic and pharmacological effects of FASN abolished the growth of brain metastases, further demonstrating that fatty acid synthesis is crucial for the growth of metastatic tumor in the brain (Ferraro et al., 2021).
Brain metastases could also use acetate as a compensatory source of carbon to support de novo lipid synthesis (Mashimo et al., 2014). Acetate oxidation has been verified in primary and metastatic mouse brain tumors and patients with brain metastases, and this process could be performed simultaneously with glucose oxidation. Of interest, glucose contributed less than 50% of the acetyl-CoA pool (Maher et al., 2012), suggesting that tumors utilized additional substrates, thus glucose may be a minor source of acetyl-CoA in the TCA cycle (Mashimo et al., 2014).
TARGETING METABOLISM TO TREAT BREAST CANCER WITH BRAIN METASTASIS
The existence of human blood-brain barrier greatly hinders the killing effect of chemotherapeutic drugs on brain tumors. Therefore, surgery and radiotherapy remain the main treatment for brain metastases. Over the past decades, molecular targeted drugs against a variety of key enzymes of glycolysis, tricarboxylic acid cycle, lipid metabolism, amino acid metabolism and other metabolic pathways are being developing, and some of the drugs have involved in clinical trials, showing good clinical application prospects. Metastatic breast cancer cells display metabolic flexibility, that is, cancer cells can use different metabolites to meet the different metabolic requirements in specific steps of the metastasis cascade, so targeting metabolism reprogramming tend to be one of the effective strategies for the treatment of brain metastases from breast cancer.
Targeting Metabolic Enzyme of Brain Metastatic Cancer Cell
The Warburg effect endows breast cancer cells with the ability to invade by inducing EMT, thereby targeting glycolysis metabolism probably is a promising therapeutic strategy. For example, the HK2 inhibitor, 2- deoxy -D- glucose (2-DG), inhibited tumor metastasis by inducing a change in the metabolic pattern of oxidative phosphorylation and reducing the production of lactate. Yet, it showed no obvious therapeutic effect on mouse xenografts and patients (Zhang et al., 2019).
Altering the acidic environment presumably is another extremely effective strategy to block metastasis. There is abundant evidence that accumulation of the metabolic byproduct lactate and extracellular acidification exacerbates tumor cell proliferation, metastasis, and angiogenesis. The acidic environment created by lactate accumulation promotes the degradation of ECM, mainly due to PH decline could stimulate the secretion and activation of hydrolases, including cathepsins and MMP-9 (Payen et al., 2016). MMP-2 and MMP-9 are also correlated with the development of breast cancer metastasis (Li et al., 2017). Furthermore, extracellular acidification mediates immunosuppression and reinforces tumor immune escape. Brown et al. observed that breast cancer cell-derived lactic acid activated G-protein-coupled receptor (GPR) 81 in dendritic cells and prevented the presentation of tumor-specific antigens to other immune cells (Brown et al., 2020). Chen et al. reported that lactate activates macrophage GPR132 and thus promotes lung metastasis of breast cancer (Chen et al., 2017).
What’s more, enzymes involved in lipid metabolism may also be suitable targets for preventing the formation of brain metastases, such as FASN, which is a promising target for the treatment of brain metastasis originated from breast cancer (Kingwell, 2021). Moreover, PHGDH inhibitors that interfere with serine synthesis in the brain may also contribute to the treatment of brain metastases (Ngo et al., 2020).
Blocking Signaling Pathways for Metabolic Regulation of Brain Metastases
Existing research recognized the critical role played by Notch signaling in regulating metabolism during brain metastasis of breast. High expression of IL-1β in brain metastases activated the expression of peripheral astrocyte JAG1, and the subsequent their interaction leaded to the activation of Notch pathway and promotes the growth of brain metastasis of breast cancer stem cell-like cells. On the contrary, the inhibition of Notch signal significantly prevents the occurrence of brain metastasis (McGowan et al., 2011; Xing et al., 2013).
PI3K/AKT/mTOR pathway is an intracellular signaling pathway significant for cell metabolism involved in cancer metastasis. EGFR signal activated PI3K/AKT/mTOR pathway, and up-regulated HIF-1α-mediated enhancement of glucose uptake and glycolysis-related gene expression, which may be driven by or in synergy with c-MYC to promote tumor proliferation (Masui et al., 2014). Several studies have documented that immune checkpoint inhibitors such as PD-1 could decrease mTOR activity and thus inhibited the Warburg effect (Chang et al., 2015). And it has been reported that the mTOR inhibitor rapamycin could reduce the expression of FASN in breast cancer cells (Yan et al., 2014).
According to these data, we can infer that Notch signaling and mTOR signaling axis are key players in modulating cellular metabolism and tumor growth during brain metastasis. But since the signaling pathways are interrelated with each other, it may be necessary to target multiple pathways simultaneously to obtain effective antitumor activity.
CONCLUSION
In recent years, attention has been drawn to the fact that energy metabolism reprogramming is crucial for primary tumor growth, invasion and metastasis, however, the metabolic interaction has not been elucidated. Molecular subtypes may be one of the factors affecting metabolic energy supply. Gene expression analysis has identified different molecular subtypes of breast cancer, including Luminal A, Luminal B, HER2-enriched and the basal-like subtype (largely overlaps with triple negative breast cancers, TNBC), and each subtype of breast cancer has a unique metastasis pattern. In particular, patients with HER2-enriched and TNBC are the most likely to develop brain metastasis (Kennecke et al., 2010; Kuksis et al., 2021). Luminal subtypes are found to exhibit reverse-Warburg/null phenotypes, in contrast, TNBC preferentially utilize the glycolysis energy (Choi et al., 2013). Nonetheless, it remains unclear whether different subtypes of cancer cells affect the selection of metastasis sites by adopting diverse metabolic strategies (Gandhi and Das, 2019). Another contributing factor of metabolic differences is tumor microenvironment. Tumor metabolism is environmentally dependent, and the availability of nutrients in the environment indirectly affects metabolic changes in cancer cells. The breast is mainly composed of breast and fat, of which fat accounts for about 90%. By contrast, the brain contains high levels of glutamine and branched chain amino acids, which can serve as alternative energy substrates to power metastasizing cells colonized in the brain.
Although tremendous progress has been made in the research on the mechanism of metabolic therapy, the main challenge faced by drug development are as followed. First, due to pharmacokinetic constraints of blood-brain barrier, most of the existing targeted drugs cannot reach the brain metastases successfully. Second, those drugs targeting metabolic pathways show significant side effects, which presumably on account of the metabolic heterogeneity in tumors and metabolic compensation pathways. Therefore, cancer metabolism research should take into consideration genetic factors, the cell interaction in the micro-environment, the influence of diet and microorganisms on tumor metabolism preference. Last but not least, there still lack of effective biomarkers for the prediction of metastatic risk and the evaluation of metabolic therapies, making it difficult to determine the optimal therapeutic window for drugs in patients. In summary, energy metabolism reprogramming is a key feature in the occurrence and development of tumors. With the deepening understanding on tumor metabolic mechanisms, it will better help people to discover metabolism-based drug to treat breast cancer with brain metastasis.
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Background: The prognosis of epithelial ovarian cancer (EOC) is poor, and the present prognostic predictors of EOC are neither sensitive nor specific.
Objective: The aim of this study was to search the prognostic biomarkers of EOC and to investigate the expression of G protein-coupled receptor kinase 5 (GRK5) and actin alpha cardiac muscle 1 (ACTC1) in EOC tissues (both paraffin-embedded and fresh-frozen tissues) and to explore their association with clinicopathological parameters and prognostic value in patients with EOC.
Methods: A total of 172 paraffin-embedded cancer tissues of EOC patients diagnosed and operated at the memorial hospital of Sun Yat-sen University between December 2009 and March 2017 and 41 paratumor tissues were collected and the expression of GRK5 and ACTC1 was examined using immunohistochemistry. Furthermore, 16 fresh-frozen EOC tissues and their matched paratumor tissues were collected from the Integrated Hospital of Traditional Chinese Medicine, Southern Medical University, between August 2013 and November 2019 and subjected to reverse-transcription quantitative PCR analysis to detect the mRNA expression of GRK5 and ACTC1.
Results: The expression of GRK5 and ACTC1 was both higher in cancer tissues than in paratumor tissues. GRK5 expression was positively correlated with ACTC1 expression. In addition, GRK5, ACTC1, and GRK5/ACTC1 expression was associated with the recurrence-free survival and overall survival of EOC patients. Furthermore, multivariate logistic regression analysis indicated that GRK5+/ACTC1+ co-expression, intestinal metastasis, postoperative chemotherapy, platinum resistance, and hyperthermic intraperitoneal chemotherapy were independent prognostic factors of EOC.
Conclusion: GRK5 and ACTC1 are both upregulated in EOC compared with those in paratumor tissues. The co-expression of GRK5+/ACTC1+ rather than GRK5 or ACTC1 is an independent prognostic biomarker of EOC.
Keywords: GRK5, ACTC1, epithelial ovarian cancer, prognosis, expression
INTRODUCTION
Ovarian cancer (OC) is the main cause of mortality in female reproductive malignant cancers in China (Chen et al., 2016), and it is the second most common cause of gynecologic cancer-related death in women worldwide (Lheureux et al., 2019). Globally, there are 239,000 new cases and 152,000 deaths every year, making OC the seventh most common cancer and the second most common cause of gynecologic cancer-related mortality (Lheureux et al., 2019). The most common type of OC is epithelial ovarian cancer (EOC). Cytoreduction and combination chemotherapies were performed to treat OC, but the prognosis remains poor (Liu et al., 2019a; Yao et al., 2019; Liu et al., 2020). Recently, tumor biomarkers have been used to monitor the progression and predict the prognosis of EOC, but these biomarkers are not very accurate (Liu et al., 2019a; Yao et al., 2019; Liu et al., 2020).
In our previous study, we found that non-muscle myosin heavy chain B (MYH10) is an independent prognostic biomarker of EOC (in print). Furthermore, we used the Biogrid website to predict the candidate interacting proteins of MYH10, and we found some candidate proteins that may closely correlate with MYH10, such as MYL9 (Deng et al., 2021), MACF1 (Liu et al., 2021), MYH9 (Liu et al., 2019b), and so on. In the further study, we found that the co-expression of GRK5 (G protein-coupled receptor kinase 5) and ACTC1 (actin alpha cardiac muscle 1) is indeed independent prognostic biomarkers, which indicates their important role in EOC. GRK5 is one of the G protein-coupled receptor kinase (GRK) family members (Gambardella et al., 2016; Jiang et al., 2018; Zhao et al., 2019a; Lagman et al., 2019; Sommer et al., 2019), which is a candidate interacting protein of MYH10. GRK5 can regulate GPCR signaling, which correlates with various diseases like cardiac dysfunction, diabetes, hypertension, Alzheimer’s disease, and cancers (Kim et al., 2012; Komolov et al., 2017; Jiang et al., 2018; Alshabi et al., 2019; Zhao et al., 2019b). GRK5 functions as oncogenes in glioblastoma (GBM) (Yang et al., 2018), prostate (Kim et al., 2012), pancreas (Tseng and Zhang, 2000), non-small-cell lung (Jiang et al., 2018), and breast (Sommer et al., 2019) cancers. However, to the best of our knowledge, the role of GRK5 in EOC has not been reported.
Similar to GRK5, ACTC1 is also a cardiac-related gene (Kondrashov et al., 2018), and both of them are the candidate interacting proteins of MYH10. ACTC1 encodes cardiac actin, and a mutation at c.G301A causes hypertrophic cardiomyopathy and, in some cases, sudden cardiac death (Frank et al., 2019). Recently, some reports (Kim et al., 2019; da Rocha et al., 2019; Wanibuchi et al., 2018; Cheung et al., 2017; Li et al., 2017; Ohtaki et al., 2017; Zaravinos et al., 2011) have demonstrated that ACTC1 plays an important role in human colon cancer, oral squamous cell carcinoma, GBM, and so on. However, the role of ACTC1 in EOC has not been reported, and the relationship of GRK5 and ACTC1 and EOC has not been explored yet.
The present study identified that GRK5 and ACTC1 were both upregulated in EOC. More importantly, GRK5+/ACTC1+ co-expression was an independent prognostic factor. The GRK5+/ACTC1+ co-expression could predict the development, metastasis, and prognosis of EOC.
MATERIALS AND METHODS
Paraffin-Embedded Tissue Sections
Between December 2009 and March 2017, a total of 172 paraffin-embedded EOC tissues and 41 matched paraffin-embedded paratumor tissues (the distance away from the margin of the cancer tissue is more than 1.0 cm) that had been pathologically confirmed at the memorial hospital of Sun Yat-sen University were collected for the present study. The survival duration was calculated from the date of surgery to November 1, 2018 (last follow-up). The approval of the present study was obtained from the Ethics Committee of the memorial hospital of Sun Yat-sen University. All of the patients provided written informed consent prior to the operation.
Fresh Tissue Specimens
Between August 2013 and June 2019, 16 fresh EOC tissues and their matched fresh paratumor tissues were collected from the Integrated Hospital of Traditional Chinese Medicine, Southern Medical University, at the time of diagnosis after surgery. All fresh samples were immediately preserved in liquid nitrogen. Approval was obtained from the Ethics Committee of the Integrated Hospital of Traditional Chinese Medicine, Southern Medical University. All of the patients provided written informed consent prior to surgery.
Immunohistochemistry
The expression of GRK5 and ACTC1 in paraffin-embedded EOC and paired paratumor tissues was detected by IHC staining. First, 4-μm paraffin-embedded sections were baked at 65°C for 2 h, deparaffinized with xylene, and rehydrated; high tension was used for antigen retrieval, and the specimens were treated with 3% hydrogen peroxide in methanol, followed by incubation with 1% bovine serum albumin to block non-specific binding. Subsequently, the samples were incubated with anti-rabbit GRK5 polyclonal (1:150 dilution; Cat. 17032-1-AP; Proteintech) or ACTC1 antibodies (1:200 dilution; Cat. 66125-1-IG; Proteintech) at 4°C overnight. Next, the samples were treated with secondary antibody (OriGene, Rockville, MD, USA) and then incubated with streptavidin horseradish peroxidase complex (OriGene, Rockville, MD, USA), immersed in 3-amino-9-ethyl carbazole. The sections were then counterstained with 10% Mayer’s hematoxylin, dehydrated, and mounted in Crystal Mount. Two pathologists evaluated the score of immunostaining for each section. The score was based on the proportion of positively stained cancer cells and the staining intensity. The percentage was scored as follows: samples with <10% positive cancer cells were scored as 0; 10–50% were scored as 1, 50–75% were scored as 2, and >75% were scored as 3. Furthermore, the tissues were classified into four grades based on staining intensity: 0 indicated no staining, 1 indicated weak staining, 2 indicated moderate staining, and 3 indicated strong staining. The staining index (0–9) was calculated as the product of the proportion of positive cells multiplied by the staining intensity score. The best cutoff value was defined as follows: a staining score of ≥6 was considered to indicate high GRK5 or ATCT1 protein expression (also called GRK5+ or ACTC1+), and a staining score of ≤5 indicated low GRK5 or ATCT1 protein expression (also called GRK5- or ACTC1-) (Fu et al., 2017; Zhen et al., 2017; Zhao et al., 2018; Liang et al., 2019; Zou et al., 2019).
Real-Time Quantitative Polymerase Chain Reaction
The total RNA was extracted from the EOC tissues and paratumor tissues by using TRIzol (Takara Bio, Inc., Shiga, Japan). GAPDH mRNA was detected as the internal control (Liu et al., 2020). The expression levels of each matched fresh paratumor tissue sample were set as the control group (the expression levels of MYL9 in all of the paratumor tissues were 1.00 ± 0.00), and the relative expression is 2-∆∆Ct. The thermocycling conditions (Zhao et al., 2016; Liu et al., 2019c; Li et al., 2019; Lin et al., 2019; Xiao et al., 2019) were 95°C for 10 min to activate DNA polymerase, followed by 45 cycles of 95°C for 15 s, 60°C for 15 s, and 72°C for 10 s. The specificity of amplification products was confirmed by melting curve analysis. Independent experiments were performed in triplicate. The specific primer sequences were as follows: GRK5 forward, 5′-CCT​CCG​AAG​GAC​CAT​AGA​CA-3′ and reverse, 5′-GAC​TGG​GGA​CTT​TGG​AGT​GA-3’; ACTC1 forward, 5′-GGT​GAT​GAA​GCC​CAG​AGC​AA-3′ and reverse, 5′-GTG​GTG​ACA​AAG​GAG​TAG​CC-3’; GAPDH forward, 5′-CCA​TCT​TCC​AGG​AGC​GAG​AT-3′ and reverse, 5′-TGC​TGA​TGA​TCT​TGA​GGC​TG-3’.
Statistical Analysis
All data analyses were performed using the statistical software package SPSS 21.0 (IBM Corp.) and GraphPad Prism 7 (GraphPad Software, Inc.). The mRNA expression of GRK5 or ACTC1 was expressed as the mean ± standard deviation. A two-tailed Student’s t-test was used for comparisons between two independent groups (the expression of GRK5 or ACTC1 in paratumor tissues as the control group). The chi-square test or Fisher’s exact test was used to analyze the association among GRK5 or ACTC1 or GRK5/ACTC1 co-expression (including GRK5+/ACTC1+, GRK5-/ACTC1+, GRK5+/ACTC1-, and GRK5-/ACTC1-) and clinicopathological parameters. Furthermore, the recurrence-free survival (RFS) and overall survival (OS) were analyzed by Kaplan–Meier analysis, and the differences were assessed using the log-rank test. Cox’s proportional hazards regression model was used for univariate and multivariate analysis. Spearman or Pearson correlation was used for the correlation between GRK5 and ACTC1 expression. p < 0.05 was considered to indicate statistical significance.
RESULTS
GRK5 and ACTC1 mRNA Were Both Upregulated in Fresh Epithelial Ovarian Cancer Tissues Compared With That in Paratumor Tissues
Reverse-transcription quantitative PCR (RT-qPCR) analysis was performed to detect the mRNA expression levels of both GRK5 and ACTC1 in 16 fresh EOC tissues and matched paratumor tissues (Figure 1). The expression of GRK5 or ACTC1 in all of the matched paratumor tissues was set as 1.00 ± 0.00, and the expression in each of the tumor tissues was compared with that in the matched paratumor tissues. The results indicated that the mean expression of GRK5 and ACTC1 in the 16 fresh EOC tissues was 21.590 and 245.600, respectively. There was a significant difference between EOC tissues and paratumor tissues (p = 0.0018; p = 0.013; Table 1 and Figure 1).
[image: Figure 1]FIGURE 1 | Both GRK5 and ACTC1 were significantly upregulated in EOC tissues compared with that in paratumor tissues using RT-qPCR analysis.
TABLE 1 | Both GRK5 and ACTC1 were significantly upregulated in EOC tissues compared with that in paratumor tissues.
[image: Table 1]GRK5 and ACTC1 Expression Were Both Assessed in Paraffin-Embedded Epithelial Ovarian Cancer Tissues and Paratumor Tissues by Immunohistochemistry
To further determine whether GRK5 or ACTC1 protein is upregulated in EOC, 172 paraffin-embedded EOC tissues and 41 matched paratumor tissues were subjected to the IHC analysis of GRK5 and ACTC1 expression. The results indicated that 54/172 (31.40%, GRK5) and 53/172 (30.81%, ACTC1) of the cancer samples had low/absent staining (rated as low expression) and 118/172 (68.60%, GRK5) and 119/172 (69.19%, ACTC1) had moderate/strong staining (rated as high expression), while the IHC analysis of the 41 paratumor tissues indicated that 29/41 (70.73%, GRK5) and 32/41 (78.05%, ACTC1) of the paratumor samples had low/absent staining and 12/41 (29.27%, GRK5) and 9/41 (21.95%, ACTC1) had moderate/strong staining. Moreover, the results indicated that 88/172 (51.16%, GRK5+/ACTC1+) of the cancer samples had moderate/strong staining and 84/172 (48.84%, others) had low/absent staining, while the IHC analysis of the 41 paratumor tissues indicated that 37/41 (90.24%, others) and low/absent staining and 4/41 (9.76%, GRK5+/ACTC1+) had moderate/strong staining. There was a significant difference on the GRK5, ACTC1, and GRK5/ACTC1 expression between the cancer and paratumor tissues (p < 0.0001, p < 0.0001, p < 0.0001; Figures 2A–C). Furthermore, it was observed that GRK5 and ACTC1 proteins were both located in the nucleus (Figures 2D–G).
[image: Figure 2]FIGURE 2 | GRK5 and ACTC1 were both upregulated in paraffin-embedded EOC. (A) GRK5 expression in EOC tissues and paratumor tissues (p < 0.0001); (B) ACTC1 expression in EOC tissues and paratumor tissues (p < 0.0001); (C) GRK5/ACTC1 co-expression in EOC tissues and paratumor tissues (p < 0.0001); (D) Comparison of EOC/paratumor tissues immunohistochemically stained for GRK5 (400X); (E) Comparison of EOC/paratumor tissues immunohistochemically stained for ACTC1 (400X); (F) the staining of GRK5 expression in EOC tissues (400X); (G) the staining of ACTC1 expression in EOC tissues (400X).
GRK5 or ACTC1 or GRK5/ACTC1 Co-expression Was Associated With Recurrence-Free Survival and Overall Survival of Epithelial Ovarian Cancer Patients
In this study, patients with GRK5+ exhibited a median OS time of 27 months, while patients with GRK5- exhibited a median OS time of 27 months (HR = 1.81, 95% CI: 1.056–3.101). Patients with GRK5+ exhibited a median RFS time of only 15 months, while patients with GRK5- exhibited a median RFS time of 17 months (HR = 1.555, 95% CI: 0.9023–2.681). Moreover, patients with ACTC1+ exhibited a median OS time of only 24 months, while patients with ACTC1- exhibited a median OS time of 47 months (HR = 2.159, 95% CI: 1.255–3.716). Patients with ACTC1+ exhibited a median RFS time of only 14 months, while patients with ACTC1- exhibited a median RFS time of 29.5 months (HR = 1.784, 95% CI: 1.024–3.11). In addition, patients with GRK5+/ACTC1+ co-expression exhibited a median OS time of only 21.0 months, while patients with others co-expression exhibited a mean OS time of 38.5 months (HR = 2.17, 95% CI: 1.22–3.858). Patients with GRK5+/ACTC1+ co-expression exhibited a median RFS time of only 12.5 months, while patients with other co-expressions exhibited a mean RFS time of 22 months (HR = 2.092, 95% CI: 1.17–3.739). Kaplan–Meier survival analysis demonstrated that there was a statistical significance on the OS and RFS between GRK5+/ACTC1+ and others co-expression (p = 0.0019 and p = 0.0028, respectively), and there was also a statistical significance on the OS and RFS between ACTC1+ and ACTC1- (p = 0.0065 and p = 0.0399, respectively). However, there was a significant difference between the GRK5+ and GRK5- on OS (p = 0.0211), but there was no significance on the RFS between GRK5+ and GRK5- (p = 0.0922) (Figure 3). A survival analysis showed that the cumulative OS and RFS rates of EOC patients increased with the increase in GRK5+/ACTC1+ co-expression (Figure 3).
[image: Figure 3]FIGURE 3 | Kaplan–Meier survival of RFS and OS among GRK5 and ACTC1 and co-expression of GRK5/ACTC1 in EOC patients: (A) Kaplan–Meier survival of OS between GRK5 expression and EOC patients; (B) Kaplan–Meier survival of RFS between GRK5 expression and EOC patients; (C) Kaplan–Meier survival of OS between ACTC1 expression and EOC patients; (D) Kaplan–Meier survival of RFS between ACTC1 expression and EOC patients; (E,G) Kaplan–Meier survival of OS between GRK5/ACTC1 co-expression and EOC patients; (F,H) Kaplan–Meier survival of RFS between GRK5/ACTC1 co-expression and EOC patients.
GRK5 and ACTC1 and GRK5/ACTC1 Co-expression Were Associated With the Clinicopathological Parameters of Epithelial Ovarian Cancer Patients
Subsequently, we evaluated their correlation with the clinicopathological parameters of EOC patients. The results of using χ2 or Fisher’s exact test showed that there were significant relationships between GRK5 expression and clinicopathological parameters of EOC, such as the following factors: FIGO (International Federation of Gynecology and Obstetrics) stage, intraperitoneal metastasis, intestinal metastasis, differentiation grade, ascites with tumor cells, and so on (Table 2). There were significant relationships between ACTC1 expression and the clinicopathological parameters of EOC, such as the following factors: FIGO stage, lymph node metastasis, intraperitoneal metastasis, intestinal metastasis, vital status, and so on (Table 2). At last, we used χ2 or Fisher’s exact test to explore the relationship between GRK5/ACTC1 co-expression and the clinicopathological parameters of EOC, and we found that there were significant differences in the following factors: histology, FIGO stage, lymph node metastasis, intraperitoneal metastasis, intestinal metastasis, vital status, differentiation grade, ascites with tumor cells, and so on (Table 2).
TABLE 2 | GRK5, ACTC1 and GRK5/ACTC1 co-expression in association with clinical parameters of EOC.
[image: Table 2]Correlation Between GRK5 and ACTC1 Expression
To explore the relationship between GRK5 and ACTC1, Spearman correlation and χ2 tests were used for analysis, and the results showed that there is a statistical significance between them (p = 0.0236) (Table 3).
TABLE 3 | Correlation between GRK5 and ACTC1 expression.
[image: Table 3]GRK5 mRNA Was Positively Correlated With ACTC1 mRNA
Further, we assessed the correlation between GRK5 and ACTC1 mRNA expression. Using Pearson correlation analysis, we found that GRK5 was positively correlated with ACTC1 (r = 0.8174, p = 0.0001) (Figure 4).
[image: Figure 4]FIGURE 4 | Pearson correlation analysis showing the positive correlation of GRK5 mRNA and ACTC1 mRNA.
Co-Expression of GRK5+/ACTC1+ Was a Useful Independent Prognostic Predictor of Epithelial Ovarian Cancer
Furthermore, we also assessed the prognostic value of GRK5, ACTC1, and GRK5/ACTC1 co-expression in EOC patients. In a univariate Cox model analysis, GRK5, ACTC1, and GRK5/ACTC1 co-expression; intestinal metastasis; postoperative chemotherapy; platinum resistance; and hyperthermic intraperitoneal chemotherapy (HIPEC) were significant prognostic factors (Table 4). Moreover, in a multivariate Cox regression model, we found that GRK5+/ACTC1+ co-expression, intestinal metastasis, postoperative chemotherapy, platinum resistance, and HIPEC were indeed independent prognostic factors of EOC (Table 4), but GRK5 expression and ACTC1 expression were no longer significant.
TABLE 4 | Cox regression univariate and multivariate analyses of prognostic factors in EOC.
[image: Table 4]DISCUSSIONS
In our previous study, we found that MYH10 is an independent prognostic biomarker of EOC (in print). Furthermore, we used the Biogrid website to predict the candidate interacting proteins of MYH10, and we found some candidate proteins that may closely correlate with MYH10, such as MYL9 (Deng et al., 2021), MACF1 (Liu et al., 2021), MYH9 (Liu et al., 2019b), and so on. In the further study, we found that the co-expression of GRK5 and ACTC1 is indeed independent prognostic biomarkers, which indicates their important role in EOC. GRK5 plays oncogenic roles in GBM, prostate, pancreas, renal cell, non-small-cell lung, and breast cancers (Kim et al., 2012; Gambardella et al., 2016; Komolov et al., 2017; Jiang et al., 2018; Yang et al., 2018; Alshabi et al., 2019; Zhao et al., 2019a; Zhao et al., 2019b; Lagman et al., 2019; Sommer et al., 2019). It is clear (Gambardella et al., 2016) that when GRK5 is localized at the plasma membrane, it often exerts an anti-tumoral effect, attenuating growth-associated signaling pathways through its ability to desensitize GPCR and non-GPCR receptors. However, when GRK5 moves to cytosol or nucleus, it often promotes tumor growth acting on nonreceptor substrates. Consistent with previous findings (Kim et al., 2012; Jiang et al., 2018; Alshabi et al., 2019; Zhao et al., 2019a), in the present study, our results showed that GRK5 was upregulated in paraffin-embedded and fresh EOC tissues, and it is located mainly at the nucleus, which suggested that GRK5 may play a candidate oncogenic role in EOC. Further, Kaplan–Meier survival analysis showed that GRK5 high expression was associated with shorter OS, but not RFS, which is consistent with the previous reports (Jiang et al., 2018; Zhao et al., 2019a) that GRK5 high-expression NSCLC or renal cell carcinoma patients had a worse OS rate than the low-expression patients. Furthermore, GRK5 expression was associated with the following clinicopathological parameters, such as: FIGO stage, intraperitoneal metastasis, intestinal metastasis, differentiation grade, and ascites with tumor cells, which showed that GRK5 high expression was closely related with the development and metastasis of EOC.
Similar to GRK5, ACTC1 is also a cardiac-related gene (Kondrashov et al., 2018), and both of them are the candidate interacting proteins of MYH10. ACTC1 encodes the cardiac form of actin (Kondrashov et al., 2018). Ohtaki et al. reported (Ohtaki et al., 2017) that ACTC1 served as a clinical marker to detect migration and poor prognosis in GBM patients. In addition, our results also demonstrated that ACTC1 was upregulated in paraffin-embedded and fresh EOC tissues compared with that in paratumor tissues, which suggested that ACTC1 played a candidate oncogenic role in EOC. This is consistent with the role of ACTC1 (Kim et al., 2019; da Rocha et al., 2019; Wanibuchi et al., 2018; Cheung et al., 2017; Li et al., 2017; Ohtaki et al., 2017; Zaravinos et al., 2011) in GBM, colon, prostate, oral squamous cell and breast cancers. Further, Kaplan–Meier survival analysis showed that ACTC1 high expression was closely associated with shorter OS and RFS, which is consistent with the previous study of ACTC1 in GBM. Furthermore, ACTC1 expression was associated with clinicopathological parameters of EOC, such as: FIGO stage, lymph node metastasis, intraperitoneal metastasis, intestinal metastasis, and vital status, which showed that ACTC1 was also closely associated with the development and metastasis of EOC.
Importantly, ACTC1 and GRK5 are both cardiac-related genes. In this study, our results showed that ACTC1 mRNA and protein expression were both positively correlated with GRK5 mRNA and protein expression, and Kaplan–Meier survival analysis showed that GRK5+/ACTC1+ was closely associated with poor OS and RFS. Multivariate Cox regression analysis showed that GRK5+/ACTC1+ co-expression was an independent prognostic factor rather than GRK5 or ACTC1 alone. Moreover, GRK5-/ACTC1+ patients had a worse survival than GRK5+/ACTC1- patients, which suggested that ACTC1 was more closely correlated with survival than GRK5. In addition, GRK5/ACTC1 co-expression was associated with the following factors: histology, FIGO stage, lymph node metastasis, intraperitoneal metastasis, intestinal metastasis, vital status, differentiation grade, and ascites with tumor cells. All of these results suggested that the combination of GRK5 and ACTC1 could predict the development, progression, metastasis, and prognosis of EOC more precisely. In future, we need more in vivo (such as the subcutaneous xenograft tumor studies and the lung xenograft tumor studies, and so on) and in vitro research to demonstrate its role and molecular mechanism in development, progression, metastasis, and prognosis of EOC.
CONCLUSION
Taken together, the results of the present study suggest that GRK5 and ACTC1 are both upregulated in EOC, and GRK5+/ACTC1+ co-expression could predict the development, metastasis, and prognosis of EOC. The co-expression of GRK5+/ACTC1+ can be recommended as prognostic-predicting biomarkers in EOC, and it may provide an important value in the clinical therapy and supervision of EOC.
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Year

2016

2016

2020

2019

2014

2019

2018

2017

2012

2011

2020

2013

2019

2010

2016

2017

2019

2018

2012

2013

2020

2020

Sample
types

plasma

plasma

plasma

plasma

plasma

plasma

plasma

Urine

Urine

Urine

Urine

Urine

Urine

Saliva

Saliva

Saliva

Saliva

Saliva

CSF

CSF

CSF

CSF

Tumor types

Papilary thyroid
microcarcinoma

Lung and liver
cancer

Pancreatic cancer

Pancreatic cancer

Oral squamous
cell carcinoma

Breast cancer

Pancreatic cancer

Prostate cancer

Kidney cancer

Bladder cancer

Breast cancer

Ovarian cancer

Lung cancer

Oral, breast and
pancreatic cancer

Oral cancer

Oral squamous
cell carcinoma

Breast cancer

Pancreatic cancer

Malignant gliomas

Glioma

Medulo-
blastoma (VB)

different types of
brain tumors

Patients/animal models

patients with cancer (1 = 26)
from healthy controls (n = 17)

lung (n = 50) and liver cancer
patients (n = 50)

patients with pancreatic
cancer (n = 60) from healthy
controls (n = 60)

patients with pancreatic
cancer (n = 22) from healthy
controls (n = 40)

Patients with locally
advanced OSCC{n = 105)

1,624 first primary incident
invasive breast cancer cases
and 1,624 matched controls

pancreatic ductal
adenocarcinoma (n = 271),
chronic pancreatits (n =
282), liver cirrhosis (n = 100)
or healthy as well as non-
pancreatic disease controls
(n=261)

64 prostate cancer patients
and 51 individuals diagnosed
with benign prostate
hyperplasia

(Group A: 29 cancer
patients, 33 controls; Group
B: 6 cancers,6 controls)

27 bladder cancer (BC)
patients and 32 healthy
controls

patients with breast cancer (n
= 56) and benign breast
tumors (n = 22), as well as
from healthy females (n = 20)

40 preoperative epithelial
ovarian cancer (EOC)
patients, 62 benign ovarian
tumor (BOT) patients, and 54
healthy controls

lung cancer (n = 32) and
healthy controls (n = 29)

69 oral, 18 pancreatic and 30
breast cancer patients, 11
periodontal disease patients
and 87 healthy controls

patients with oral cancer (n =
24) and healthy controls (n
=44)

22 patients with oral
squamous cell carcinoma
(OSCC) and 21 healthy
controls

101 patients with invasive
carcinoma of the breast, 23
patients with ductal
carcinoma in situ, and 42
healthy controls

patients with PC (n = 39),
those with chronic

pancreatitis (CP, n = 14), and
controls (C, n = 26)

10 patients presenting
malignant gliomas and seven
control patients that did not
present malignancy

32 patients with histologically
confirmed

8 patients diagnosed with
recurrent MB and 7 healthy
controls

A cohort of
163 histologically-proven
patients with brain disorders

Method

NMR

LC-MS

LC-MS

LC-MS

GC-MS

LC-MS

GC-MS

NMR

GC-MS

LC-MS

GC-MS

LC-MS

GC-Ms

CE
TOFMS

[==2
TOFMS

CE-
TOFMS

LC-MS

CE-
TOFMS

LC-MS

GC-Ms

LC-MS

LC-MS

Discriminant metabolites or
findings

Elevated levels of glucose,
mannose, pyruvate and 3-
hydroxybutyrate in plasma, are
involved in the metabolic
alterations in papillary thyroid
microcarcinoma

two values was discovered to
identify lung and liver cancer,
which were the product of the
plasma concentration of
putrescine and spermidine; and
the ratio of the urine
concentration of S-adenosyH-
methionine and
N-acetylspermidine

The top 10 ranked differential
metaboltes were precisely
aligned as glycocholic acid,
agmatine, melatonin, beta-
sitosterol, sphinganine,
hypoxanthine, spermidine,
hippuric acid, creatine and
inosine.new metabolite
biomarkers in plasma (creatine,
inosine, beta-sitosterol,
sphinganine and glycocholic acid)
can be used to readily diagnose
pancreatic cancer in a clinical
setting

About 270 lipids belonging to 20
lipid species were found
significantly dysreguiated.
LysoPC 22:0, PC (P-14:0/22:2)
and PE (16:0/18:1) are all
associated with tumor stage,
CA19-9, GA242 and tumor
diameter. What's more, PE (16:0/
18:1) is also found to be
significantly correlated with the
patient's overall survival

Chemotherapy leads to up-
reguiation of fatty acids, steroids,
and antioxidant substances.
Lactate, glucose, glutamate,
aspartate, leucine, and glycerol
are associated with efficacy of
induction chemotherapy.
Lactate, glutamate, and
aspartate can precisely predict
the suitability and efficacy of
induction chemotherapy

There were significant differences
in lysoPGs in breast cancer
patients. LysoPC aaC18:0 was
negatively associated with the
risk of breast cancer, while higher
concentrations of
phosphatidyicholine PG ae C30:0
were associated with an
increased risk of breast cancer

Proline, Sphingomyelin (d18:2,
C17:0), Phosphatidylcholine,
Isocitrate (C18:0, C22:6),
Sphinganine-1-phosphate
(d18:0), Histidine, Pyruvate,
Ceramide (d18:1, C24:0),
Sphingomyelin (d17:1, C18:0)
and CA19-9 formed a
biomarker signature. The
biomarker signature could be
identified as a differential
diagnosis between pancreatic
ductal adenocarcinoma (PDAC)
and chronic pancreatitis (CP)

Branchedchain amino acids,
glutamate, pseudouridine,
giycine, P = 0.015;
dimethyiglycine, fumarate and 4-
imidazole- acetate were able to
distinguish between prostate
cancer and benign prostate
hyperplasia (BPH)

Resuts showed differential
urinary concentrations of several
acylcarnitines as a function of
both cancer status and kidney
cancer grade, with most
acylcarnitines being increased in
the urine of cancer patients and in
those patients with high cancer
grades

Cancer patients have elevated
levels of acetyl carnitine and
adipate in their urine. Carnitine
©9:1 and component I, were
combined as a biomarker
pattern

1-methyl adenosine (1-MA), 1-
methylguanosine (1-MG) and 8-
hydroxy-2'-deoxyguanosine (8-
OHdG) levels were significantly
elevated in the early stages of
breast cancer, but no significant
differences were observed
between the benign tumor group
and the healthy group

The concentrations of some
urinary metabolites of 18
postoperative EOC patients
among the 40 EOC patients
changed significantly compared
with those of their preoperative
condition, and four of them
suggested recovery tendency
toward normal level after surgical
operation, including N4-
acetylcytidine, pseudouridine,
urate-3-ribonucleoside, and
succinic acid

Six metaboltes were altered in
urine (-glcine, phosphoric acid,
isocitic acid, inostol, palmitic acid
and stearic acid) and four
metabolites (-glycine, phosphoric
acid, isocitic acid and inostol)
were decreased from patients with
cancer,indicaling a strong, unifed
marker of lung cancer pathology

They identiied 57 principd
metabolites that can be used to
accurately predict the probabiity
of being affected by each individual
disease. Patients with oral cancer
had signficantly higher levels of
salivary polyamines compared to
the control group, and taurine and
piperidin were identified as oral
cancer-speciic metaboites,
providng promising markers for
oral cancer screenng

In total, 85 metabolites in tumor
and 45 metabolites in saliva were
identified to be significantly
different between oral cancer and
controls, and the combination of
S-adenosylmethionine and
pipecolate can discriminate oral
cancers from controls

A total of 25 metabolites were
revealed as potential markers to
discriminate between patients
with OSCC and healthy controls

Thelewels ofpobamines inthe saiva
of breast carcer patents were
significantly increased. In addton,
polyamines and their acetylated
forms were elevated invasive
carciroma of the breast only

Polyamines, such as spermine,
Ni-acetylspermiding, and Ni-
acetylspermine, showed a
significant difference between
patients with PC and those with
C, and the combination of four
metaboltes including Ni-
acetylspermidine showed high
accuracy in discriminating PC
from the other two groups

One subtype contained
metabalites rich in citric acid cycle
components that distinguished the
metaboic charadteristis of
patients with malignant gioma
from those in the contrdl group.
Newly diagnosed patients were
classfied into different subtypes
and showed low levels of
metabaiites involved in tryptophan
metabolism, which may indicate a
loss of inflammatory features

The citric and isocitric acid levels
were significantly higher in the
gioblastoma (GBM) samples
than in the grades Il and grade Il
glioma samples. In addition, the
lactic and 2-aminopimelic acid
levels were relatively higher in the
GBM samples than in the grades
-1 giora samples. The CSF
levels of the citric, isocitric, and
lactic acids were significantly
higher in grade I-Il giomas with
mutant isocitrate dehydrogenase
(IDH) than in those with wild-
type IDH.

The up-regulation of tryptophan,
methionine, serine and lysine,
which have all been described to
be induced upon hypoxia in CSF.
While cyclooxygenase products
were hardly detectable, the
epoxygenase product and beta-
oxidation promoting lipid
hormone 12,13-DHOME was
found to be strongly up-reguiated

A total of 508 ion features were
detected by the LC-Q/TOF-MS
analyss, of which 27 metabolites
were selected as diagnostic
markers to discriminate different
brain tumor types

Related metabolic
pathways

Glycolysis, amino acid

The pathways of polyamines
metabolome

purine metabolism, glycine
and serine metabolism,
arginine and proline
metabolism, steroid
biosynthesis, sphingolipid
metabolism and bile
metabolism

lipids

Glycolysis, amino acid, fatty
acid

lysoPCs

complex liids, fatty acids
and related metabolites

TCA cyce of glucose
metabolism

acylcamnitines.

Fatty acid and carnitine
metabolism

nucleoside metabolomes

nucleotide metabolism,
histidine metabolism,
tryptophan metabolism,
mucin metabolism

Fatty acid and glucose
metabolism

Polyamines and amino acid
metabolism

metabolites in the urea cycle
and one carbon cycle

Choline and metabolites of
the BCAA cycle

Polyamine metabolism

Polyamine metabolism

Metaboltes from the citric
acid cycle, gluconeogenesis,
and pyrimidine metabolism,
urea cycle

Metabolies from the aerobic
glycolysis

Lipid and amino acid
metabolism

Amino acids and citrate
metabolism
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Variables

Risk score
Gender (male/female)
Stage (VIVIV)
Age (<75/275)

Risk score
Gender (male/female)
Stage (/IVIIV)
Age (<75/275)

Univariate analysis

Multivariate analysis

HR

2718
0.822
1.979
2.067

2.475
0.851
1.254
1.749

95% Cl of HR

1.996-3.703
0.518-1.307
1.669-2.497
1.188-3.597

1.690-3.626
0.481-1.506
0.911-1.727
0.839-3.644

p-value

Training set

Test set

<0.001
0.408
<0.001
0.010

<0.001
0.580
0.164
0.136

HR

2.358
0.885
1.706
1.812

2500
0.882
1.296
1.398

95% Cl of HR

1.710-3.251
0.554-1.412
1.345-2.163
1.036-3.170

1.735-3.865
0.485-1.601
0.930-1.807
0.668-2.974

p-value

<0.001
0.608
<0.001
0.037

<0.001
0.679
0.126
0.384
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Location

Kidney

Liver

Lung

Heart

Other organs

Source

Human

Human

Human

Human

Human

Disease

Renal fibrosis

Hepatic fibrosis

Pumonary fibrosis

Cardiac fibrosis

HS

BOO
OsF

Mechanism

TGF-f/Smad2/3 signaling pathway
TGF-f/Smad2/3 signaling pathway
TGF-f/Smad2/3 signaling pathway
TGF-f/Smad2/3 signaling pathway
TGF-B/PIBK/AKt signaling pathway
TGF-B/JAK2/STATS signaling
pathway

TGF-B/JAK2/STATS signaling
pathway

TGF-B/JAK2/STATS signaling
pathway

TGF-R/ROCK signaling pathway
TGF-p/Smad2/3 signaling pathway
TGF-p/Smad2/3 signaling pathway
TGF-p/Smad2/3 signaling pathway
TGF-p/Smad2/3 signaling pathway
TGF-p/Smad2/3 signaling pathway
TGF-p/PI3K/Akt signaling pathway
TGF-P/PI3K/Akt signaling pathway
TGF-R/PI3K/AKt signaling pathwiay
TGF-B/JAK2/STAT3 signaling
pathway

TGF-B/MAPK signaling pathway
TGF-f/Smad/3 signaling pathway
TGF-f/Smad2/3 signaling pathway
TGF-f/Smad2/3 signaling pathway
TGF-f/Smad2/3 signaling pathway
TGF-f/Smad2/3 signaling pathway
TGF-f/Smad2/3 signaling pathway
TGF-R/MAPK signaling pathway
TGF-R/MAPK signaling pathway
TGF-R/MAPK signaling pathway
TGF-B/PI3K/AKt signaling pathway
TGF-B/PIBK/AKt signaling pathway
TGF-R/PI3K/AKt signaling pathway
TGF-B/JAK2/STATS signaling
pathway

TGF-p/Smad2/3 signaling pathway
TGF-p/Smad2/3 signaling pathway
TGF-p/Smad2/3 signaling pathway
TGF-p/Smad2/3 signaling pathway
TGF-R/MAPK signaling pathway
TGF-p/Smad2/3 signaling pathway
TGF-p/Smad2/3 signaling pathway
TGF-p/Smad2/3 signaling pathway
TGF-p/PI3K/Akt signaling pathway
TGF-B/PI3K/Akt signaling pathway

microRNAs

miR-29
miR-21
miR-192
miR-101a
miR-21
miR-132

miR-199a-3p
miR-206

miR-455-3p
miR-193a/b
miR-942
miR-96
miR-133
miR-21
miR-101
miR-20b
miR-33a
miR-375-3p

miR-21
miR-18a-5p
miR-153
miR-1344
miR-411-3p
miR-21
miR-200b/c
miR-21
miR-344a-5p
miR-2000/c
miR-193a
miR-542-5p
miR-31/184
miR-125a-3p

miR-150-5p
miR-328
miR-21
miR-24
miR-433
miR-145-5p.
miR-29b
miR-101b
miR-042-5p
miR-21
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Characteristic

Total
Gender

Male

Female

Age

<60

260

Location

Right
Transverse

Left

Sigmoid
Histological type
Adenocarcinoma
Mucinous/SRCC
Differentiation
Well

Moderate

Poor

Others

T stage

T

T2

T3

T4

N stage

NO

N1

N2

M stage

Mo

M1

AJCC stage

Venous invasion
Negative

Positive

Perineural invasion
Negative

Positive

Preoperative CEA, ng/ml
<5

>5

Unknown

Preoperative CA199,ng/mi
<37

>37

Unknown

Ki67

Negative

Positive

581

348
233

212
369

186
76
113

206

519
62

154
312
98
17

41
60
198
282

326
166

485
96

62
197
231
91

498
83

504
7

257
283
41

259
279
43

178
403

High
465 (63.35)

226 (64.94)
161 (69.10)

137 (64.62)
250 (67.75)

119 (63.98)
49 (64.47)
74 (65.49)
145 (70.39)

336 (64.74)
51 (82.26)

98 (63.64)
215 (68.91)
63 (64.29)
11 (64.71)

27 (65.85)
39 (65.00)
127 (64.14)
194 (68.79)

198 (69.20)
123 (74.10)
71 (79.78)

310 (63.92)
77 (80.21)

35 (66.45)
114 (57.87)
173 (74.89)
65 (71.43)

313 (62.85)
74 (89.16)

318 (63.10)
69 (89.61)

166 (64.59)
196 (69.26)
25 (60.98)

164 (63.32)
195 (69.89)
28 (65.12)

115 (64.61)
272 (67.49)

CORO1C(%)

Low or no
269 (36.65)

122 (35.56)
72 (30.90)

75 (35.38)
119 (32.25)

67 (36.02)
27 (35.53)
39 (34.51)
61(29.61)

183 (35.26)
1 (17.74)

56 (36.36)
97 (31.09)
35 (35.71)
68 (35.29)

14 (34.15)
21 (35.00)
71 (35.86)
83 (31.21)

138 (40.80)
43 (25.90)
18 (25.90)

175 (36.08)
19 (19.79)

27 (43.55)
83 (42.13)
58 (25.11)
26 (2857)

185 (37.15)
9(10.84)

186 (36.90)
8(10.39)

91 (35.41)
87 (30.74)
16 (39.02)

95 (36.68)
84 (30.11)
15 (34.88)

63 (35.39)
131 (32.51)

Pearsony2

1.0839

0.5923

2.1214

7.6419

1.6203

1.2279

19.1615

9.5623

17.7192

221337

21.1141

1.9482

2.6548

0.4627

0.208

0.442

0.548

0.008*

0.655

0.746

<0.001*

0.002%

0.001*

<0.001*

<0.001*

0.378

<0.265

0.496
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Genetic model

rs4938723

Codominant

Dominant

Recessive

Overdominant

“Adjusted for age and gender using the logistic regression model.
0.0044, multiple testing in a codominant model.
6-04, muiliple testing in a codominant model.

°p valu
D valu

Genotypes

GG
GT

GG
GI/TT
GG/GT
T
GG/TT
GT

OR odds ratio; CI confidence interval,

Boldfaced values indicate a significant difference at the 5% level.

Patients Controls Logistic regression (crude) Logistic regression (adjusted)®
n =228 (%) n =299 (%) Or (95% Cl) p Value® Or (95%Cl) p Value®
181 (79.4) 195 (65.2) 1.00 1.00
44(19.3) 90 (30.1) 0.53 (0.35-0.80) 0.002 0.36 (0.18-0.72) 0.0033
3(13 144.7) 0.23 (0.07-0.82) 0.0099 0.15 (0.02-1.50) 0094
181 (79.4) 195 (65.2) 1.00 3e-04 1.00
47 (20.6) 104 (34.8) 0.49 (0.33-0.73) 0.34 (0.17-0.67) 0.0013
225 (98.7) 285 (95.3) 1.00 0.022 1.00
3(13 44.7) 0.27 (0.08-0.96) 020 (0.02-1.89) 014
184 (80.7) 209 (69.9) 1.00 0.0044 1.00
44 (19.3) 90 (30.1) 0.56 (0.37-0.84) 0.38 (0.19-0.75) 0.0049
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Clinical features

T Status

Cinical stages
GG
GT
T
G
T
Multifocality
]
GT

™
G
T

Genotype frequency

N (%)

Ttand T2
78 (83)
14 (14.9)
2(21)
156 (89.6)
18 (10.3)
NO
83 (83)
14 (14)
309
180 (90)
20 (10)
land Il
107 (82.3)
20 (15.4)
323
224 (89.6)
26 (10.4)
No
167 (81.5)
35(17.1)
3(1.5)
369 (90)
41(10)

N (%)

T3 and T4
95 (80.5)
22(186)

108

212 89.8)
24 (10.1)
N1—N3
69 (78.4)
19 (21.6)

00

157 (89.2)
19 (10.7)
Band IV
66 (80.5)
16 (19.5)

0(0)
148 90.2)
16(9.7)
Yes
5(83.3)
1(16.7)
0(0)
11(91.6)
183

Or (95 CI)

1.00
1.21 (0.57-2.59)
025 (0.02-3.27)

1.00
0981 (0.515-1.870)

1.00
1.62 (0.75-3.47)
0.00 (0.00-NA)
1.00
1.08 (0.56-2.11)

1.00
1.25 (0.60-2.61)
0.00 (0.00-NA)
1.00
0.93 (0.48-1.79)

1.00
0.97 (0.11-8.64)
0.00 (0.00-NA)
1.00
0.81 (0.10-6.49)

0.496
0.457

0.954

0.250

0.254

0.866

0574

0.293

0.86

096

0.76

0.84
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Univariate analysis Multivariate analysis

HR p-value 95%Cl HR p-value 95%Cl
CORO1C

High vs. low or No 0.981 <0.001* 0.978-0.984 2113 <0.001* 1.642-2.721
Age

<60 vs. 260 1.151 0338 0.864-1.533 - - -
Gender

Male vs. female 1.150 0.350 0.858-1.540 - Ly N
Location

Right vs. transverse vs. left vs. sigmoid 1.001 0982 0919-1.091 - - -
Histological type

Adenocarcinoma vs. Mutinous/SRCC 0.981 0892 0.744-1.294 - - -
Differentiation

Well vs. moderate vs. poor vs. others 1.208 0.008" 1.051-1.389 - - -
TNM

0 vsIvs.Iivs.lllvs.IV. 1.249 0.007* 1.063-1.467 1.178 0007 1.045-1.327
T stage

Tivs. T2vs. T3 vs. T4 1.089 0281 0932-1.273 - - -
N stage

NO vs. N1 vs. N2 vs. N3 0711 0.001* 0.582-0.870 - - -
M stage

MO vs. M1 2.243 <0.001* 1.502-3.350 3.305 <0.001* 2529-4.320
Venous invasion

Negative vs. positive 2.720 <0.001* 2.127-3.478 3326 <0.001* 2511-4.170
Perineural invasion

Negative vs. positive 2523 <0.001* 1.678-3.794 - - -
Preoperative CEA, ng/ml

<5vs. >5 vs. unknown 1.025 0824 0.827-1.270 - - -
Preoperative CA199,ng/mi

<37 vs. >37vs. unknown 0.955 0.674 0.771-1.184 - - o
Ki67

Negative vs. positive 0.990 0.930 0.800-1.227 - - -





